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A B S T R A C T

Promoting green and low-carbon innovation (GCI) with digitalization is important to achieve carbon peaking and 
neutrality goals and would accelerate low-carbon transformation. Digital technology embeddedness (DTE) dis-
rupts traditional business innovation patterns, but its ability to steer innovation toward low-carbon-biased 
technologies is debated. Based on enterprises’ innovation motivation from passive response to active change, 
this study explores the impact mechanism and network spillover effect of DTE on GCI by combining data of green 
and low-carbon patent and technical knowledge complexity in China. The study finds that (1) DTE positively 
impacts GCI and increases its technical knowledge complexity. This effect is particularly evident in enterprises 
with weak technology accumulation, large-scale, better ESG performance and heavily polluted enterprises. (2) 
Through the moderating effect of passive response channels, DTE forces enterprises to choose GCI under external 
environmental pressure from government environmental regulation, public environmental awareness and mar-
ket innovation transformation ability. (3) Active innovation mechanisms show DTE stimulates enterprises to seek 
low-carbon-biased technologies by improving their market information acquisition, knowledge-sharing and 
absorption, and collaborative innovation abilities, thus improving GCI. (4) Peer spillover and supply chain 
spillovers strengthen the positive impact of DTE on GCI, resulting in green and low-carbon transformation via 
improved GCI scale and quality within the industry and supply chain. Hence, a novel governance pattern could 
be established by using digital technology as a core strategy, with participation of multiple agents (government, 
enterprises and the public) and creation of a green and intelligent innovative supply chain system.

Introduction

Amidst the global energy crisis and the exacerbation of climate and 
environmental challenges, the transition toward green and low-carbon 
solutions has garnered substantial international attention. Since the 
1990s, both theoretical and empirical investigations into the application 
of clean technologies to the mitigation of climate and environmental 
issues have intensified in numerous nations. This progressively led to the 
recognition of green and low-carbon innovation (GCI) as being pivotal 
for effectively addressing such challenges (Xie & Wang, 2025a). As the 
largest developing nation, China actively endorses global climate ini-
tiatives, and underscores accelerating the green transformation of its 
development models to achieve carbon peaking and carbon neutrality 
objectives. Consequently, in alignment with the scientific and techno-
logical revolution and industrial transformation within the dual-carbon 
framework, China aspires to attain net-zero carbon dioxide emissions by 
2050. To realize this ambition, industrial enterprises, as primary agents 

of social innovation and greenhouse gas emissions, must substantially 
invest in low-carbon technologies and energy efficiency measures to 
facilitate a green and low-carbon transition (Haas et al., 2025; Yin et al., 
2020).

During the 31st session of the Committee on Development and In-
tellectual Property (CDIP), the China National Intellectual Property 
Administration (CNIPA) released the Report on Statistical Analysis of 
Green and Low-carbon Patents Worldwide (2023), defining GCI as novel 
technologies or products that effectively reduce energy consumption, 
decrease greenhouse gas emissions, and mitigate climate warming. GCI 
encompasses five primary fields of technology: carbon reduction of 
traditional fossil energy; energy saving, recycling, and utilization; clean 
energy; energy storage; and greenhouse gas capture, utilization, and 
storage. Many studies have predominantly focused on green innovation 
using the international green patent classification system such as the IPC 
Green Inventory (Afum et al., 2023; Du & Li, 2019). GCI represents a 
departure from this trend by emphasizing key core technologies in 
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carbon reduction, thus establishing a source-process-end carbon reduc-
tion technology innovation system. This system is crucial for enterprises 
to optimize the deployment of low-carbon frontier technologies. How-
ever, enterprise-level GCI efforts encounter multiple uncertainties, and 
the pressure to undergo a low-carbon transition in various contexts 
presents considerable challenges. Specifically, GCI is a strategic imper-
ative that necessitates not only a conducive market environment (Fowlie 
et al., 2016) but also tax incentives (Groote & Verboven, 2019) and 
industrial and technological policy support (Xu et al., 2023). In practice, 
GCI, unlike ordinary innovation, requires substantial investment and 
entails extended cycles and high risk, leading to challenges such as a lack 
of proactive innovation motivation and difficulties integrating GCI into 
enterprise operations (Lian et al., 2022). External constraints such as 
environmental regulations can compel enterprises to invest in GCI 
(Zhang et al., 2024a), yet government regulation may suppress the spirit 
of innovation and exacerbate speculative tendencies in the innovation 
process, thereby increasing the instability of enterprise GCI develop-
ment and hindering the expansion of knowledge boundaries and inno-
vation motivation (Lian et al., 2022; Haas et al., 2025). Consequently, 
exploring core motivations for GCI and its driving mechanisms is 
imperative, while continuously invigorating enterprises’ innovation vi-
tality (Dong et al., 2023; Gu, 2025).

In recent years, the advent of a new generation of digital technolo-
gies including big data, cloud computing, and artificial intelligence has 
led to the profound integration of the digital economy into all facets of 
economic and social development. This integration has emerged as a 
pivotal force in reorganizing global factor resources, reshaping the 
global economic structure, and altering the global competition pattern. 
The advancement of the digital economy is contingent upon the deep 
integration of digital technology with the real economy (Xiong et al., 
2025). At the enterprise level, digital technology has not only trans-
formed the traditional production and operational modes of industrial 
enterprises but has also revolutionized the creation process of new 
product and process research and development (R&D), resulting in a 
convergence of economic and environmental benefits (Wang et al., 
2025b; Yin & Zhao, 2024). As a characteristic feature and develop-
mental trend of digital–real integration, digital technology embedded-
ness (DTE) in enterprise production and business models has garnered 
considerable attention from academia and governmental bodies. The 
extant literature presents the impacts of digital technology applications 
from the perspectives of artificial intelligence (Acemoglu & Restrepo, 
2018), big data technology (Ghasemaghaei & Calic, 2020), and enter-
prise digital transformation (Fang & Liu, 2024), affirming the contri-
butions of digital technologies to business model innovation (Wu et al., 
2023), production performance, and sustainable development (Wang 
et al., 2025b). However, given the complexity of the embedding mech-
anisms of digital technologies and the diversity of measurements, their 
impact on green innovation and performance remains contentious, and 
there exists a paucity of research that focuses specifically on key core 
technologies in the domain of carbon reduction. Some scholars posit that 
digital technology positively contributes to green innovation. Such 
scholars discuss mechanisms related to human capital, knowledge 
sharing, and other factor resource inputs. Nonetheless, research on the 
importance of knowledge boundaries and innovation spillovers in this 
specific framework is notably lacking (Huang et al., 2023; Sun, 2024). 
Other scholars contend that this positive benefit is applicable only to 
large enterprises. In the initial stages, enterprises with high management 
and operational costs do not benefit from it and continue to face the dual 
challenges of high innovation costs and limited capacity (Ghasemaghaei 
& Calic, 2020; Xiong et al., 2025). Additionally, drawing upon stake-
holder theory and signaling theory, the willingness of enterprises to 
invest in GCI may be influenced by various stakeholder constraints 
(Zhang et al., 2024b). Nevertheless, under the combined effect of the 
external environment and digital technology, whether micro-enterprises 
can truly benefit from the digital economy and realize the motivational 
shift from passive response to the active pursuit of innovative change 

drivers is uncertain. This issue has not been adequately addressed in 
existing research. Therefore, in the context of the booming digital 
economy, exploring how enterprises can foster positive motivation to 
innovate and facilitate the transformation and application of scientific 
and technological achievements is crucial. Such an exploration offers 
theoretical and practical insights for promoting the dual synergistic 
transformation of digitization and decarbonization.

To address these gaps, this study empirically analyzes the impact and 
network spillover effect of DTE on GCI via passive response and active 
innovation mechanisms using the data of A-share industrial enterprises 
in China for the period 2010–2021. The study makes three primary 
contributions. First, it categorizes DTE into six dimensions: digital 
strategy leadership, digital technology drive, digital organization 
empowerment, digital environment support, digital technology 
achievement, and digital technology application. It then examines low- 
carbon technologies and their knowledge complexity in the dual-carbon 
context with a focus on the field of carbon emission reduction rather 
than on green innovation generally. Specifically, GCI achieves low- 
carbon transformation in energy and industry through carbon reduc-
tion at source, carbon control in the process, and carbon removal at the 
end (Gu, 2025; Wang et al., 2024). Whereas existing research focuses 
primarily on the impact of digital transformation on green innovation 
(Luo et al., 2024), comprehensive studies on the impact of DTE on GCI in 
carbon reduction are lacking, and this paper addresses this research gap. 
Second, the study proposes an evolutionary mechanism for enterprises 
transitioning from passive response to active pursuit of innovative 
change, with the aim of deepening understanding of the role of DTE in 
empowering GCI. On one hand, for passive response channels, the study 
draws upon stakeholder theory to incorporate external environmental 
pressures into the research framework, exploring the impact of DTE on 
GCI among enterprises that are under pressures from government, 
public, and market sources. On the other hand, as a disruptive tech-
nology, DTE reshapes traditional enterprises’ innovation process and 
breaks through the subject boundary of GCI (Xue & Wang, 2025). 
Therefore, drawing upon the resource-based view (RBV) and dynamic 
capabilities theory, this study explores how DTE can lead enterprises to 
actively improve GCI R&D willingness from three aspects: the 
demand-side market information acquisition ability, the supply-side 
knowledge-sharing and absorption ability, and the multi-subject 
collaborative innovation ability. Finally, the study addresses the over-
looked network spillover effects of DTE (Luo et al., 2024; Zhao & Qian, 
2024), particularly knowledge spillovers to peer and supply chain firms. 
By analyzing the network spillover effects of DTE, the research broadens 
the field of digital technology application and development from the 
perspective of a supply chain network and provides empirical evidence 
that may be useful to enterprises engaging in collective innovation 
decision-making and to policymakers formulating collaborative emis-
sion reduction policies.

Literature review

GCI

The concept of GCI derives from the broader definition of green 
innovation. Within the frameworks of innovation theory and environ-
mental economics, green innovation is recognized as an internally 
motivated and externally responsive concept that encompasses all 
pertinent innovations in the development of new technologies, pro-
duction processes, consumption patterns, and waste recycling (Yin et al., 
2020). Green innovation prioritizes sustainable development with the 
aim of achieving environmentally friendly objectives through pollution 
control, energy conservation, and emission reduction (Lian et al., 2022). 
Unlike green innovation, GCI specifically concentrates on mitigating the 
emission of greenhouse gases, including carbon dioxide, methane, 
nitrous oxide, and hydrofluorocarbons. Thus, GCI aligns with the urgent 
demands of current emission reduction policies and advances the 
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existing research. Given the limited studies on GCI, this section will 
focus on the literature and theoretical foundations related to green 
innovation.

The existing literature encompasses predominantly studies that have 
investigated the level of green innovation in regions or enterprises by 
examining green innovation capacity and efficiency alongside patent 
achievements, with the simultaneous exploration the core driving forces 
influencing green innovation (Mubarak et al., 2021; Yu & Chen, 2023; 
Zhao & Li, 2025). Several scholars have utilized the input-output anal-
ysis framework to assess green innovation capability using methods such 
as data envelopment analysis, the entropy method, principal component 
analysis, and questionnaire surveys (Bai & Lin, 2024; Chang et al., 2023; 
Xie & Wang, 2025a). Bai and Lin (2024)) analyzed the spatial network of 
green innovation efficiency in China from a regional perspective using 
the dynamic network SBM model and highlighted the pivotal role of 
cluster efficiency. Yin et al. (2021) proposed an analytical framework 
and evaluation system for the efficacy of multi-subjective cooperation 
and investigated the dynamic synergistic evolution mechanism of the 
green innovation system among manufacturing enterprises using an 
evolutionary model.Meanwhile, indicators related to green patents are 
frequently employed to characterize green innovation at the enterprise 
level (Conti et al., 2018). Patents represent the embodiment of new 
technologies and products within enterprises. Patent text data contains 
rich innovation and knowledge information and thus offer reliable and 
stable advantages for measuring innovation levels among enterprises 
(Gu, 2025). The mainstream literature discusses enterprises’ green 
innovation level across different patent categories based on green lists 
according to patent classifications established by the World Intellectual 
Property Organization (WIPO), the European Patent Office (EPO), and 
other organizations (Conti et al., 2018; Huang et al., 2023). Studies have 
applied institutional and market theories to the analysis of the concur-
rent impacts of external institutions, social environments, and internal 
organizational elements on green innovation (Cheng et al., 2024; Fowlie 
et al., 2016; Lian et al., 2022), yet the conclusions have not reached a 
consensus. For instance, Xie and Wang (2025b) have reported that green 
subsidies to focal firms negatively impact green innovation among their 
peers from an attention-allocation perspective. Regrettably, the main-
stream literature continues to reflect researchers’ utilization of in-
dicators related to green patents to analyze low-carbon fields such as 
carbon footprints and carbon emission reductions. Some literature re-
flects the progressive adoption of novel metrics to measure renewable 
energy innovation or low-carbon innovation at the macro level, but it 
overlooks the fact that low-carbon innovation within firms still lacks a 
scientific and standardized basis for categorization (Conti et al., 2018; 
Gu, 2025; Han et al., 2023).

DTE and GCI

The extant literature can be categorized into three primary areas 
based on an integration of measurement methods for digital technology 
application. In the first category, the real-world application scenarios of 
key technologies are examined, and artificial intelligence is used to 
assess the extent of digital technology application, with a focus on its 
impacts on carbon emission reduction performance (Li et al., 2023), 
green innovation (Xue & Wang, 2025), and green economic growth 
(Chang et al., 2023). Specifically, in the context of enterprise production 
and product manufacturing enhancement, artificial intelligence, 
through data mining, algorithm design, and deep learning, not only 
shortens the product development cycle (Tian et al., 2023) but also re-
duces energy consumption during the production process (Zhao & Li, 
2025). This facilitates sustainable enterprise development while 
enhancing the propensity to innovate green products (Bouschery et al., 
2023; Wang et al., 2025b; Xue & Wang, 2025). However, the current 
artificial intelligence technology is insufficiently mature, resulting in an 
inconspicuous positive impact of its adoption by enterprises on green 
technological progress (Tian et al., 2023). In the second category, 

textual analysis of annual reports prepared by listed companies is 
employed to construct an enterprise digital transformation index to 
investigate the impact of digital technology on product innovation (Fang 
& Liu, 2024) and sustainable energy innovation (Gu, 2025), with a focus 
on the specific information exchange pathways (Sun, 2024). In the third 
category, the transformation capability of digital technology achieve-
ments is assessed through the number of digital patents and academic 
papers, which serve as indicators of digital innovation activity, and the 
impact of digital technology on regional energy efficiency is analyzed 
(Xiao et al., 2025). However, issues such as calculation errors and 
technical delays in patent classification persist, leading to research 
outcomes that may deviate from reality (Aghion et al., 2019; Bryn-
jolfsson & Hitt, 2000). Additionally, based on the theory of planned 
behavior (TPB) and dynamic equilibrium theory, Zhang et al., (2024b)
have affirmed the contribution of synergies between digital technology 
and environmental regulation to the promotion of urban green devel-
opment. However, there exists a relative paucity of studies that incor-
porate these elements into a unified micro-analytical framework to 
elucidate how firms contribute to the GCI after deeply embedding digital 
technology.

In conclusion, the theoretical frameworks and literature pertaining 
to DTE and GCI form the foundational basis for this study. However, 
numerous research gaps persist, warranting further exploration. 
Consequently, this paper concentrates on the influence of DTE on 
innovation in the domain of carbon emission reduction and also de-
velops DTE indicators. These focuses align with the pressing demands of 
the dual-carbon objective while advancing the frontier of knowledge. 
Additionally, drawing upon stakeholder theory and the RBV, we 
construct a mechanism illustrating the transition of enterprises from 
passive compliance to proactive innovation. We also investigate the 
underlying motivations driving enterprises’ willingness to enhance GCI. 
Finally, considering the capacity of digital technology to transcend 
innovation boundaries, we analyze the peer and supply chain spillover 
effects of DTE from a network spillover perspective, with the aim of 
comprehensively depicting the impact of DTE on GCI and offering policy 
recommendations for achieving multi-party synergy.

Theoretical analysis and research hypothesis

Theoretical foundations and research framework

Stakeholder theory suggests that an enterprise’s decision to adopt 
GCI is influenced not solely by its own interests and strategic objectives 
but also by the collective interests of stakeholders, including the gov-
ernment and the public (Chen et al., 2022). Given that enterprise is the 
primary entity in GCI, related behavior and decision-making processes 
of innovation are driven by the rational pursuit of maximizing the in-
terests of the enterprise while being subject to the pressures of external 
environmental oversight. When determining a strategic course of action 
regarding GCI, enterprises should consider not only the imperative to 
maximize their interests but also the environmental regulatory policies 
set by the government (Pan et al., 2021), the environmental awareness 
and consumption preferences of the public (Khan et al., 2021), and the 
extent to which the market has adopted and applied innovative prod-
ucts. Fig. 1 illustrates the distinct interests of the government, enter-
prises, and the public under the influence of external environmental 
monitoring.

The embedding of digital technologies into the production, man-
agement, and operation of enterprises enhances the innovation process 
and facilitates widespread access to carbon reduction technological 
knowledge (Cheng et al., 2024). Theoretically, DTE not only enables 
supply-demand matching and data sharing but also strengthens the re-
lationships among stakeholders, including the government, enterprises, 
and the public, by enhancing the capacity of enterprises to acquire in-
formation, knowledge, and resources. This, in turn, serves as a core 
driving force for achieving low-carbon technology-biased innovation 
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(Jiao et al., 2022; Xie & Wang, 2025a). With the deep application of 
digital technology in enterprises, DTE has become a breakthrough for 
enhancing sectoral cooperation and enterprise linkage, facilitating 
in-depth collaborative innovation aimed at pollution and carbon 
reduction (Quttainah & Ayadi, 2024).

We present a comprehensive theoretical framework to examine how 
DTE incentivizes companies to engage in GCI in response to external 
environmental pressures (Fig. 2). Initially, this study assesses the DTE of 
enterprises in six dimensions: digital strategy leadership, digital tech-
nology drive, digital organization empowerment, digital environment 
support, digital technology achievement, and digital technology appli-
cation. It identifies two types of GCI, namely independent application 
quantity and technical knowledge complexity, that is, the scale (quan-
tity) and quality, respectively, of independent innovation among en-
terprises. Specifically, this paper posits that DTE not only expands the 
scale of GCI but also enhances its technical knowledge complexity, 
facilitating the green and low-carbon transformation of innovation (H1). 
Furthermore, we posits that passive coping mechanisms under external 
environmental pressure are the primary drivers that compel enterprises 
to adopt GCI (Chen et al., 2022). Therefore, we investigate the channel 
effect (H2) of external environmental pressure on the relationship be-
tween DTE and GCI at three levels: government environmental regula-
tion (H2a), public environmental awareness (H2b), and market 
innovation transformation ability (H2c). Finally, based on the RBV and 
dynamic capabilities theory, we assert that DTE reshapes the innovation 
process of traditional enterprises and breaks through the subject 
boundary of GCI. Therefore, from the perspective of an active innovation 
incentive mechanism (H3), DTE, as an active enabling mechanism, can 
motivate enterprises to proactively pursue innovative green and 

low-carbon changes by enhancing their market information acquisition 
ability (H3a), knowledge-sharing and absorption (H3b), and collabora-
tive innovation abilities (H3c), thereby improving GCI capabilities.

Relationship between DTE and GCI

Schumpeter’s innovation theory posits that the core of innovation 
lies in the reconfiguration of production input factors to generate new 
value, whereas GCI associates this value creation process with emission 
reduction benefits. Innovative activity that simultaneously generates 
new value and reduces carbon emissions, is termed GCI (Han et al., 
2023). The developmental momentum that GCI engenders aligns with 
the principles of green production and facilitates the decoupling of 
economic growth from resource and environmental constraints (Cheng 
& Yao, 2021). In a competitive market environment, the profit-driven 
nature of capital incentivizes enterprises to pursue technological in-
novations that enhance profitability (Krass et al., 2013). Although GCI 
theoretically accommodates both economic and environmental advan-
tages, a paradox exists in practice concerning the decoupling of supply 
and demand. Compared with mainstream innovation, GCI exhibits 
greater behavioral uncertainty, characterized by high costs, elevated 
risks, and low returns (Gu, 2025; Lian et al., 2022). According to 
information-processing theory, firms confronted with highly uncertain 
innovation choices must enhance their information collection, process-
ing, and analytical capabilities to navigate various risk challenges 
(Galbraith, 1974; Xue & Wang, 2025). DTE leverages the multifaceted 
benefits of the development of the digital economy to offer opportunities 
to enterprises to adopt GCI and mitigate uncertainty risks. From a 
motivational perspective, as digital technology matures and 

Fig. 1. Stakeholder analysis.

Fig. 2. Theoretical analytical framework diagram.
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industrialization accelerates, enterprises can utilize platform economies 
and big data technologies to obtain and accurately discern consumer 
preferences in real time, thereby reducing information acquisition costs 
and facilitating market environment analysis and demand research. This 
provides data support and technological assurance for formulating GCI 
strategies (Li et al., 2023; Xie & Wang, 2025a). From a process assurance 
perspective, the transition from identifying green product demand in-
formation to formally determining an innovation plan is complex and 
involves numerous simulation calculations and the high costs associated 
with traditional communication methods. The advent of industrial 
Internet platforms enhances the aggregation and sharing of knowledge 
and information, reduces organizational communication costs, and es-
tablishes a collaborative and efficient innovation practice platform in 
the green product production and research process (Zhao et al., 2023a). 
More importantly, DTE can accommodate extensive data simulation 
operations and storage, shorten the product innovation cycle in product 
and process design and in commercial production (Yu & Chen, 2023), 
and ultimately enhance the quality and advancement of GCI capabilities. 
Therefore, the following hypothesis is formulated:

H1a: DTE positively impacts the amount of enterprises’ GCI.
H1b: DTE positively impacts the technical knowledge complexity of 

GCI in enterprises.

Passive response channels (moderating effect)

Stakeholder analysis suggests that the motivation of DTE-driven 
enterprises to adopt GCI is closely linked to external environmental 
constraints. This implies that the relationship between DTE and GCI is 
influenced by government environmental regulations, public environ-
mental awareness and the market innovation transformation ability, 
which compel enterprises to opt for GCI.

In a highly competitive environment, the profit-driven behavior of 
capital and technological path dependence may result in diminished 
demand motivation among enterprises to select GCI. Consequently, the 
transition from innovation to a low-carbon direction can not be effec-
tively facilitated solely through internal enterprise mechanisms (Bergek 
& Mignon, 2017). At this juncture, incentives for GCI supply are often 
lacking. The Porter hypothesis posits that appropriate environmental 
regulation can stimulate enterprises to innovate in clean technology, 
thereby enhancing their competitiveness through innovation compen-
sation and the first-mover advantage (Porter, 1991). Therefore, passive 
innovation, driven by regulatory pressure, is considered the primary 
catalyst of enterprise innovation toward a low-carbon trajectory (Shao 
et al., 2020). Government environmental regulation and public envi-
ronmental concern are crucial tools that various market actors use to 
engage deeply in environmental governance, thus contributing to 
environmental improvement in both current and past contexts (Dong 
et al., 2024; Tan, 2014).

Implementation experiences of corporate environmental information 
disclosure systems in Europe, the United States, and China regarding the 
environmental regulation practices of these countries have demon-
strated that stringent environmental enforcement has curtailed specu-
lative opportunities for enterprises in environmental protection, 
compelling polluting enterprises to choose GCI (Fabrizi et al., 2018). The 
advancement of digital technology has enhanced enterprises’ degree of 
environmental information disclosure and their ability to meet market 
demand (Quttainah & Ayadi, 2024). On one hand, when enterprises 
disclose high-quality environmental information, government environ-
mental regulatory tools can be more effectively employed to regulate 
emissions and oversee pollution (Tan, 2014). Specifically, laws, regu-
lations, administrative penalties, and other measures compel enterprises 
to engage in GCI, effectively reducing greenhouse gas emissions (Dong 
et al., 2024). On the other hand, from the perspective of the public, the 
deep integration of digital technology into social production and life, 
coupled with heightened public awareness of environmental protection 
(Cheng et al., 2024), enables enhanced perception and intervention in 

enterprise pollution emissions. This is conducive to increasing public 
environmental concern and reducing information asymmetry between 
the public and enterprises (Popp et al., 2011). As the public gains access 
to relevant pollution information, consumer demand for green products 
is communicated to enterprises in the form of data (Dong et al., 2024), 
prompting enterprises to favor GCI over traditional innovation.

According to technology market theory, considering innovation cost 
and success probability of different enterprises, the technology market 
transaction environment can affect the innovation mode selection of 
enterprises. Correspondingly, independent innovation and technology 
introduction, as distinct channels through which market participants 
can acquire new technology (Hu et al., 2024), are also a part of the 
process by which enterprises obtain GCI technology. According to China 
Science and Technology Statistical Yearbook data on technology 
acquisition and technological transformation among enterprises, and in 
conjunction with the Porter hypothesis, when the cost of innovation 
exceeds that of pollution control, enterprises may opt to purchase 
existing low-carbon technologies through the technology trading mar-
ket, in addition to engaging in low-carbon-biased innovation using 
relevant knowledge. In this context, the market transformation capa-
bility of technology R&D achievements becomes an external constraint 
on enterprises regarding the selection of GCI (Sun et al., 2025). From the 
perspective of the pushback effect, the robust information acquisition 
capability embedded in digital technology helps enterprises determine 
whether they can introduce suitable low-carbon technologies promptly. 
If the market innovation transformation capability is strong, enterprises 
are more likely to introduce applicable low-carbon technologies, 
thereby reducing their compulsion to undertake GCI. From the spillover 
effect perspective, DTE facilitates enterprises’ acquisition of advanced 
technical knowledge of existing GCI from technology market trans-
actions, thus promoting the transformation of low-carbon technology 
from breadth to depth and subsequently expanding the complexity of 
technical knowledge in GCI. Therefore, the following hypotheses are 
formulated:

H2: By strengthening external environmental constraints, DTE forces 
enterprises to innovate in the direction of low-carbon technologies, 
which, in turn, promotes GCI.

H2a: Government environmental regulation plays a moderating role 
in the relationship between DTE and GCI.

H2b: Public environmental awareness has a moderating effect on the 
relationship between DTE and GCI.

H2c: Market innovation transformation ability has a moderating 
effect on the relationship between DTE and GCI.

Active innovation mechanisms

The active innovation incentive mechanism provides a rational 
impetus for enterprises to adopt GCI in alignment with their profit 
maximization objectives. The RBV suggests that a firm’s resources and 
capabilities can assist with its maintenance of a competitive advantage 
in innovation (Wu et al., 2023). Digital technology, as a disruptive 
technology, strengthens firms’ dynamic ability to continuously integrate 
internal and external subjects and key resources of the innovation value 
chain to adapt to changes and form new competitive advantages (Xue & 
Wang, 2025). Consequently, this study draws upon the RBV and dy-
namic capabilities theory to explore how DTE can lead enterprises to 
actively improve GCI R&D willingness from three aspects: the 
demand-side market information acquisition ability, the supply-side 
knowledge-sharing and absorption ability, and the multi-subject 
collaborative innovation ability.

From the demand-side perspective, DTE facilitates enterprises’ 

acquisition and identification of market preference information at 
reduced costs, thereby incentivizing them to raise their GCI level from 
the demand side (Bhatti et al., 2021; Sun, 2024). Porter and Heppel-
mann (2014) have suggested that cost control and differentiated infor-
mation are the main strategies that firms use to gain competitiveness. 
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Therefore, firms are motivated to actively pursue GCI through two 
sources: cost leadership and green product information acquisition. On 
one hand, the rapid emergence of the platform economy, exemplified by 
business-to-business and business-to-consumer models, alongside the 
swift penetration of digital technology in production and daily life, has 
transformed enterprise business models. The comprehensive integration 
of digital technology into the entire production process––encompassing 
design, procurement, production, sales, and management––has facili-
tated the transition of business operations from a purely offline mode to 
a hybrid “offline + online” model. This transition has expanded market 
channels, enabling enterprises to increase revenue sources and reduce 
operating costs (Gu, 2025; Liu et al., 2021). On the other hand, ac-
cording to dynamic capabilities theory, enterprises can use digital 
technology to access timely information about consumers preference for 
green products, thus improving the information acquisition and identi-
fication ability of enterprises (Xue & Wang, 2025). In the digital era, 
digital technology allows market consumers to participate invisibly in 
the enterprise innovation process. Through the pathway of market in-
formation acquisition–potentially advantageous product information 
identification–development of new low-carbon-biased technology, en-
terprises can expand the scale of GCI output while transforming green 
information into marketable products (Lenka et al., 2017; Sun, 2024). 
Regarding market information acquisition, target consumers may lack 
specialized knowledge and need not be actively involved since their 
online behaviors alone generate substantial consumption preference 
information. Enterprises can collect and process this information using 
digital technology or by purchasing services from digital platforms 
(Lobschat et al., 2021). As DTE continues to deepen, the range of target 
consumers within the perception scope is continually expanding, 
thereby enhancing enterprises’ ability to obtain market information 
(Lenka et al., 2017). Enterprises utilize data mining and other technol-
ogies to identify potentially advantageous product information and 
accurately obtain target customers’ green preference information from 
the product marketing market at a lower cost (Kiel et al., 2017). En-
terprises subsequently tract valuable information based on the 
low-carbon preference orientation. They use this information to improve 
the success rate of their GCI in competition.

If DTE incentivizes enterprises to actively select GCI on the demand 
side, it substantially enhances the knowledge integration capabilities of 
enterprises on the supply side (Tian et al., 2023). According to the 
knowledge-based view, a firm is a knowledge-processing system that 
captures and integrates knowledge to meet the needs of GCI (Tian et al., 
2023). Unlike conventional innovation, GCI not only necessitates the 
integration of factor inputs and production information from various 
segments within the enterprise but also requires the incorporation of 
relevant knowledge from diverse low-carbon technology fields external 
to the enterprise (Mubarak et al., 2021; Sahoo et al., 2023). From the 
knowledge perspective, GCI is essentially an interdisciplinary innova-
tion activity; it relies heavily on heterogeneous knowledge resources and 
multi-level R&D investment, thus challenging enterprises’ knowledge 
acquisition and integration abilities (Yu & Chen, 2023). DTE can 
enhance the knowledge integration effect in enterprises’ internal pro-
duction processes and facilitate a knowledge-sharing (diffusion) effect 
that extends beyond individual enterprises, thereby advancing the 
overall industrial innovation chain toward low-carbon technology 
transformation. Specifically, enterprises can utilize big data to 
comprehensively analyze the energy consumption of various products 
and their peak and valley electricity usage, enabling the improvement of 
production flexibility through technical process enhancements and 
rational load distribution (Khan et al., 2020). Concurrently, cloud 
platform technologies, which underpin digital platforms such as the 
industrial Internet, enable interdisciplinary knowledge-sharing and 
integration (Biondi et al., 2002). Accompanied by a positive 
knowledge-sharing effect, DTE fosters the unconscious diffusion and 
penetration of knowledge among enterprises (Yu & Chen, 2023). Not 
only does this allow knowledge-receiving enterprises to acquire 

heterogeneous information resources, but it also incentivizes 
knowledge-holding enterprises to invest in new R&D cycles and in 
knowledge innovation, further augmenting GCI.

From the acquisition and identification of information on the de-
mand side to the sharing of knowledge on the supply side, these pro-
cesses are outcomes of the influence of DTE on enterprises’ independent 
innovation capabilities. Unlike traditional enabling elements, DTE can 
transcend the subjective innovation boundaries of GCI and enhance 
collaborative innovation capabilities (Xie & Wang, 2025a). In contrast 
to traditional innovation, GCI exhibits distinct double externality char-
acteristics, particularly in heavily polluting sectors, where free-rider 
behavior is more prevalent, leading to a lack of incentives for enter-
prises to proactively adopt low-carbon-biased technologies (Dong et al., 
2024; Gu, 2025). Consequently, seeking external cooperation opportu-
nities has emerged as a strategic approach for enterprises to reduce R&D 
costs and bolster active innovation. However, unlike interdepartmental 
cooperation, corporate cooperation applications for GCI are constrained 
by various factors such as search, contract, and trust costs (Hong et al., 
2019). DTE can mitigate these costs and dismantle cooperation barriers 
imposed by geographical distance, thus facilitating cross-regional and 
even cross-border collaboration. For example, Goldfarb and Tucker 
(2019) have shown that interconnection technologies can enhance the 
efficiency of information sharing among user enterprises, increase sup-
ply chain collaboration, and render low-carbon innovation more 
adaptable and less restricted by physical space. Further, leveraging 
digital technologies such as blockchain and cloud platforms can render 
the information-sharing and interaction mechanisms of R&D entities 
more transparent and convenient, enabling the sharing of encrypted 
data resources with innovation organizations and ultimately enhancing 
the cooperative innovation capacity of enterprise GCI (Xie & Wang, 
2025a; Yu & Chen, 2023). In summary, based on the comprehensive 
process and outcomes of the impact of DTE on enterprise GCI, the 
following assumptions are proposed:

H3: digital technology embeddedness can increase GCI by improving 
active innovation incentives for enterprises to seek out low-carbon- 
biased technologies.

H3a: DTE can indirectly affect GCI by improving enterprises’ market 
information acquisition ability from the demand side.

H3b: DTE can indirectly affect GCI by increasing enterprises’ 

knowledge-sharing and absorption ability from the supply side.
H3c: DTE can break down traditional innovation boundaries, 

thereby promoting GCI by increasing enterprises’ collaborative inno-
vation ability.

Research methodology and data

Sample and data sources

This study uses A-shares of listed industrial companies in China from 
2010 to 2021 as research samples for empirical analysis. Data collection 
excluded companies categorized as ST or PT, companies that ceased or 
suspended listing, and those with less than one year of continuous 
observation, based on information provided by the China Economic and 
Financial Research Database (CSMAR). Further, considering that the 
division of labor within enterprises is determined by the specialized 
knowledge, resources, and capabilities of individual companies, a firm’s 
position in the supply chain is relatively stable. Consequently, when 
collecting datasets of upstream and downstream enterprises in the 
supply chain and determining whether a core enterprise corresponds to 
multiple suppliers and customers over several years (Chu et al., 2019), a 
supplier (or customer) is considered an upstream (downstream) enter-
prise if it maintains at least one supply chain linkage with the core en-
terprise. This approach facilitates the exploration of the supply chain 
spillover effect of DTE.

The data utilized in this study are sourced primarily from the 
CSMAR, CNIPA, and EPS data platforms. Regarding enterprise data, 
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Chinese patent details are obtained from CNIPA, and other enterprise- 
level raw data are sourced from the CSMAR. Among these, DTE- 
related indicators originate from the enterprise digital transformation 
sub-library, jointly developed by the CSMAR and East China Normal 
University. At the macro data level, the EPS database is employed to 
collect relevant indicators from statistical sources such as the China 
Statistical Yearbook, the China Urban Statistical Yearbook, and pro-
vincial statistical yearbooks of corresponding years. Some data were 
extracted by the author using Python software from related corporate 
websites.

Measurement

Explained variable: GCI
With reference to the definition of GCI and the classification numbers 

recorded in the Patent Classification System of Green and Low Carbon 
Technology, this study manually compiled from CNIPA the green and 
low-carbon patent application data of five technological branches 
including fossil energy carbon reduction technologies in China from 
2010 to 2022. Fig. 3 illustrates the green low-carbon patent application 
data, which are categorized by application subject and technical char-
acteristics. Regarding absolute numbers, the volume of green low- 
carbon patent applications submitted by enterprises has surged, with 
these applications constituting approximately 80 % of all such patents 
applications (including independent and joint applications submitted by 
enterprises). Hence, these represent the core of GCI applications in 
China. The proportion of applications from universities has increased 
steadily, resulting in higher education institutions becoming a signifi-
cant component of the innovation landscape. Regarding patent types, 
the proportion of applications for fossil energy carbon reduction and 
greenhouse gas capture, utilization, and storage technologies has 
remained low, whereas that for energy-saving, energy-recycling, and 
clean energy technologies has exceeded 60 % and shows a trend toward 
further expansion in the future.

The preceding analysis underscores the significance of examining 
GCI with enterprises as the primary focus. To represent the scale and 
quality of enterprise-level GCI, we employ the number of patent appli-
cations and their technical knowledge complexity across five techno-
logical domains, such as fossil energy carbon reduction technologies. 
Regarding the number of independent green low-carbon patent appli-
cations (GCI_amount), we follow the work of Xie and Wang (2025b) and 
extract the number of GCI-related patents that enterprises applied for 
independently in a given year using the enterprise application identifi-
cation code as the criterion based on green low-carbon patent applica-
tion data collected from China. Additionally, to obtain the collaborative 
innovation capability index, we determine the number of green 
low-carbon patents that enterprises applied for jointly (coll_amount) by 
examining applicant details. Further, we use the list of universities and 
research institutes in China to identify industry-university-research 
collaborative patents in joint innovation subjects through keyword 
recognition. This yields the number of green low-carbon patents 
industry-university-research collaborations applied for jointly (icap_a-
mount). Green low-carbon patents that were co-developed by enterprises 
and universities or by enterprises and research institutions are classified 
as industry-university-research collaborative innovations.1

To obtain the technical knowledge complexity indicator of GCI 
(GCI_border), we employ the distribution of patented technology fields to 
assess the quality of GCI using the types of subdivided patent 

classification numbers as the identification criterion. The more diverse 
the patent classification numbers of an enterprise, the more complex the 
knowledge content, indicating higher technical content of enterprise 
GCI and an enhanced ability to develop new technologies. The formula is 
as follows: 

GCI borderit = 1 −
∑

(amountijt
amountit

)2
(1) 

where amountijt denotes the number of green low-carbon patents under 
major group j (IPC classification) filed by enterprise i in year t, and 
amountit denotes the number of low-carbon patents under all major 
groups filed by enterprise i in year t. Upon acquiring the technical 
knowledge complexity of a green low-carbon patent, we use the annual 
average method to aggregate the technical knowledge complexity data 
of each patent at the enterprise level. We then use Eq. (1) to compute the 
technical knowledge complexity of GCI in patents jointly applied for by 
enterprises (coll_border) and in industry-university-research collabora-
tive innovation (icap_border) to represent the quality of collaborative 
innovation within enterprises.

Explanatory variable: DTE
Differentiating between DTE and enterprise digital transformation is 

imperative. Digital technology encompasses a suite of technologies, 
including big data, cloud computing, artificial intelligence, blockchain, 
and the Internet, which collectively facilitate the generation of digital 
resources, the construction of modern information networks, and the 
enhancement of production efficiency and organizational structure 
optimization (Fang & Liu, 2024; Yuan & Pan, 2023). At the enterprise 
level, DTE is embodied as digital technology environment, output, and 
application and is thus embedded in the production process encom-
passing design, procurement, production, sales, and management. In 
contrast to the traditional digital transformation of enterprises, DTE 
encompasses areas such as management structure, production processes 
and product processes, which are challenging to evaluate using a single, 
common term frequency indicator of digital transformation.

Consequently, we use CSMAR data related to the digital development 
of enterprises to categorize DTE (digtech) into six dimensions: digital 
strategy leadership, digital technology drive, digital organization 
empowerment, digital environment support, digital technology 
achievement, and digital technology application. As Table 1 shows, the 
digital strategy leadership dimension refers to the enterprise’s digital 
innovation-oriented strategy at the management level, which entails 
assessing strategic thinking and leadership in digitalization (Zhang 
et al., 2023). The digital technology drive dimension evaluates the 
emphasis and importance that an enterprise places on annual reports on 
four key digital technologies: artificial intelligence, blockchain, cloud 
computing, and big data (Yuan & Pan, 2023). Digital organizational 
empowerment assesses whether a company possesses the infrastructure 
and data-processing and analysis capabilities necessary for digital 
technology development (Xie & Wang, 2025a). This study, therefore, 
measures enterprises’ digital organizational capability from the per-
spectives of digital talent, capital investment, and digital infrastructure 
construction. Digital environment support refers to the external inno-
vation environment that enhances enterprises’ DTE capabilities (Ding 
et al., 2023). We assess enterprises’ digital environment support capa-
bilities based on their overall digital input and innovation output in their 
industries and cities. Finally, to evaluate enterprises’ digital technology 
application and achievement transformation capabilities, we examine 
their digital innovation output and their application of and trans-
formation in technological, process, and business innovation from the 
perspectives of digital technology achievements and applications (Xiao 
et al., 2025).

Control variables
To address the estimation bias arising from the issue of missing 

1 The identification keywords of “industry” are “company/firm/enterprise” 

and “factory.” The identification keywords of “university” are “university/col-
lege/school.” The identification keywords of “research institution” comprise 
mainly 18 keywords, including “research institute/room/institute,” “labora-
tory/station,” “R&D/research/innovation/testing/development/experimental 
center,” “design institute,” and “testing institute.”
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variables in the empirical model, this research draws upon Lian et al. 
(2022) and Luo et al. (2024) and selects as control variables nine 
pertinent indicators related to enterprises and regions.

Enterprise control variables. First, business performance and finan-
cial constraints form the foundation of enterprises’ innovation 

investment. This study selects the net profit margin on total assets (roa) 
and firm operating profitability (profit) as indicators of corporate prof-
itability (Luo et al., 2024). Specifically, roa is quantified as the net profit 
relative to total assets, whereas profit is taken as the ratio of operating 
profit to the difference between operating revenues and operating costs. 
The gearing ratio (lev) and the fixed asset ratio (fixed) are employed to 
assess the financial constraints on firms (Zhao et al., 2023b). lev is 
expressed as the ratio of total liabilities to total assets, reflecting the 
strength of a firm’s long-term solvency. The fixed asset ratio is the 
proportion of fixed assets in total assets; a high level may lead to illi-
quidity and increase the need for innovative financing. Second, 
regarding the organizational structure of a firm, the shareholding 
structure influences firms’ innovation strategies and motivations. Power 
checks and balances distributed among different shareholders can 
enhance regulatory quality and drive investment in innovation, 
although they may also dampen the appetite for innovation risk (Han & 
Jiang, 2025). Additionally, institutional investors can, on the basis of 
varying regulatory motives and governance capabilities, deter firms 
from engaging in short-sighted innovative behaviors to enhance the 
long-term returns of low-carbon technologies (Zhao et al., 2023b). 
Consequently, the degree of equity balance (balance) is expressed as the 
proportion of the difference between the shareholding ratio of the 
largest and smallest shareholders to the sum of their shareholding ratios. 
The proportion of shares held by institutional investors (inst) is 
expressed as institutional investor shareholding as a percentage of total 
share capital. Finally, regarding firm age, Laforet (2013) has reported 
that younger firms are more inclined to adopt radical and innovative 
products to penetrate new markets; for this reason, they demonstrate 
greater innovativeness than older firms. Therefore, this study uses the 
logarithm of firm age (firmage) as a control variable.

Urban control variables. Wang et al. (2023) have posited that in-
dustrial upgrading signifies the transformation of industrial structures 
toward high value-added and knowledge-intensive activities, consider-
ably influencing the achievement of green and low-carbon industrial 
development. Consequently, this study employs the ratio of the value 
added by the tertiary industry to that added by the secondary industry as 
a proxy variable for industrial structure (structure). Further, the pro-
ductivity of the productive service industry has a pronounced effect on 
promoting technological innovation and upgrading the manufacturing 
process (Xie & Guo, 2024). This study uses the ratio of employment in 
the productive service industry to industrial employment to represent 
the development level of the productive service industry (service) in 
urban areas. To mitigate the influence of extreme values on model 

Fig. 3. Percentage of the number of green and low-carbon patent applications in China by applicant subject and patent type.

Table 1 
Measurement of explanatory variables (DTE).

Subsystem Specific indicators
Digital strategy 

leadership
Whether management has created digital positions
Management: Digital innovation oriented forward- 
looking
Management: Digital Innovation Oriented 
Sustainability
Management: Digital Innovation Oriented Breadth
Management: Digital Innovation Oriented Intensity

Digital technology drive Word frequency: Artificial Intelligence Technology
Word frequency: Blockchain technology
Word frequency: Cloud Computing Technology
Word frequency: Big data technology

Digital organization 
empowerment

Amount of digital capital investment
Digital workforce input program (DWIP)
Word frequency: Digital infrastructure development
Number of participation in the construction of state- 
level science and technology innovation bases

Digital environment 
support

Intensity of digitization technology in the industry 
where the enterprise is located
Amount of digital capital invested in the industry where 
the enterprise is located
Intensity of human capital investment in the industry 
where the enterprise is located
Number of invention patents in the industry in which 
the company is located
R&D activities in the industry in which the enterprise is 
located
Development and sales of new products in the industry 
where the enterprise is located
Internet development in the city where the enterprise is 
located

Digital technology 
achievement

Number of participants in digital innovation standards
Number of digital innovation papers
Number of digital invention patents
Number of digital innovation qualifications
Number of national digital awards

Digital technology 
achievement

Word frequency: Technological innovation
Word frequency: Process innovation
Word frequency: Business innovation

Notes: Detailed calculation procedures are shown in Appendix A.
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estimation, we apply a winsorization technique at the 1 % and 99 % 
levels. The descriptive statistics of the variables of interest are presented 
in Table 2.

Econometrics modeling

Benchmark regression model
According to the RBV theory, DTE facilitates the integration of 

various factor resources and fosters innovation toward achieving green 
and low-carbon objectives. To evaluate the impact of DTE on GCI, the 
benchmark estimation equation is formulated as follows (Cheng et al., 
2024): 
ln(1+GCIit) = α0 + β1digtechit + β2X1

it + β3X2
jt + μi + δt + εit (2) 

where subscripts i and t denote firms and years, respectively, and j de-
notes cities. The explained variable is GCI, which denotes the number of 
independently filed green and low-carbon patents (GCI_amount) and 
their technological knowledge complexity (GCI_border). The explanatory 
variable is DTE (digtech). β1 indicates the semi-elasticity of the impact of 
DTE on GCI. X1 refers to firm-level control variables and X2 refers to city- 
level control variables. μi is the firm fixed effect, δt is the year fixed ef-
fect, and εit is the random error term.

Moderated effects model
In accordance with stakeholder theory, this study theoretically an-

alyzes the moderating effect of external environmental constraints on 
the relationship between DTE and GCI in three dimensions: government 
environmental regulation, public environmental awareness, and market 
innovation transformation ability. To substantiate this passive response 
channel, this study introduces, with reference to Wang et al. (2025a), a 
moderating effect model as follows: 
ln(1+GCIit) = α0 + β1digtechit + β4modit + β5digtechit × modit + β2X1

it
+ β3X2

jt + μi + δt + εit
(3) 

where modit represents the moderating variables of government 
environmental regulation, public environmental awareness, and the 
market innovation transformation ability, respectively, and digtechit ×
moditdenotes the interaction term between DTE and the moderator 
variable, with a focus on the coefficients of the interaction term β5. 
Other variables retain the same meaning as in the benchmark regression 
model.

Mechanism effects model
According to the RBV and dynamic capabilities theory, DTE trans-

forms the low-carbon innovation process, enabling firms to integrate 
market demand for green products with heterogeneous knowledge re-
sources on the supply side. This integration allows firms to transcend 
traditional innovation boundaries and actively engage in GCI. To verify 

the effect of the active innovation mechanism that operates between 
DTE and GCI, we introduce an intermediate effect model for testing (Wu 
et al., 2023). The basic formula is as follows: 
mechit = φ0 + φ1digtechit + φ2X1

it + φ3X2
jt + μi + δt + εit (4) 

where mechit denotes the active innovation channel variable, measured 
in terms of market information acquisition, knowledge-sharing and 
absorption, and collaborative innovation abilities. Additionally, 
regarding the market information acquisition ability, we further intro-
duce interaction terms for channel role analysis to ensure the reliability 
of the findings.

Results

Benchmark regression results

The results of the benchmark regressions are presented in Table 3. 
Columns (1) and (2) show estimation results obtained without incor-
porating control variables, and Columns (3) and (4) present results ob-
tained with the inclusion of firm and city control variables, respectively. 
Columns (5) and (6) show results obtained from incorporating province 
and industry fixed effects, respectively, in addition to the control vari-
ables. Columns (1)–(4) show minor fluctuations in the estimated co-
efficients of DTE (digtech). However, the absolute values of the number 
of patents (GCI_amount) and the technological knowledge complexity of 
GCI (GCI_border) remain stable at approximately 0.4 and 0.13, respec-
tively, and are significantly positive at the 1 % level at least. Regarding 
economic significance, for each standard deviation increase in DTE on 
average, GCI_amount and GCI_border increase by 5.516 % (0.470×0.098/ 
0.835) and 6.860 % (0.126×0.098/0.180), respectively, relative to the 
sample mean. These results indicate that the positive effect of DTE on 
GCI is significant in terms of both patent scale and technology quality. 
Hence, H1a and H1b are supported by our sample. Unlike the scale effect 
alone, DTE significantly enhances the technological knowledge 
complexity of GCI, facilitating enterprises’ acceleration of green trans-
formation through low-carbon technological change.

Endogenous discussions and robustness testing

Endogenous problem handling
In the context of industrial firms, our analysis does not reveal a 

significant bidirectional causality issue in the relationship between DTE 
and GCI. Nevertheless, beyond the bidirectional causality concern, the 
empirical model may also be subject to endogeneity issues, such as 
omitted variable bias. Consequently, we use two constructed instru-
mental variables in two-stage least squares (2SLS) to estimate the net 
effect of DTE on GCI. Given that Lewbel (1997) introduced a method for 
constructing valid internal instrumental variables without relying on 
external factors, we build on the concept of constructing a 
high-dimensional variable and employ as an instrumental variable (IV1) 
the third power of the difference between DTE and the mean value of 
DTE, categorized by broad industry code and province. The estimates 
derived from this construct exhibit a high correlation with the values of 
the explanatory variables but remain uncorrelated with other residual 
terms. We subsequently construct a second instrumental variable using 
the share shift method. In accordance with Goldsmith-Pinkham et al. 
(2020), we use the Bartik instrumental variable as the second instru-
mental variable (IV2) for DTE. The calculation is as follows: 

IV2it =
∑

n

k=1
ω2004

ik int growtht (5) 

where ω denotes the initial share, using 2004 as the base period to 
obtain the national share of computer use in the city’s second-quartile 
industry, and int growth is the national growth rate of Internet access. 
The Bartik instrumental variable is constructed by utilizing the initial 

Table 2 
Descriptive statistics.

Variables Obs Mean SD Minimum Maximum
GCI_amount 21,178 0.835 1.062 0.000 4.263
GCI_border 21,178 0.180 0.248 0.000 0.815
digtech 20,097 0.352 0.098 0.231 0.630
roa 20,496 0.050 0.064 −0.197 0.234
profit 20,712 4.988 13.920 −14.000 99.120
lev 20,496 0.393 0.199 0.049 0.904
fixed 20,496 0.236 0.146 0.016 0.682
balance 20,496 0.371 0.286 0.010 0.999
inst 20,496 0.359 0.243 0.000 0.884
firmage 20,496 2.842 0.338 1.792 3.497
structure 21,178 1.395 0.873 0.398 5.168
service 21,178 0.692 0.764 0.087 4.191
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weight (i.e., exogenous share) composition of the unit of analysis in 
conjunction with the national growth rate to generate annual estimates. 
Consequently, the instrumental variables derived through this method-
ology effectively satisfy the correlation and exclusion criteria (Borusyak 
et al., 2022). We subsequently evaluate the exogeneity of these instru-
mental variables via a semi-simplified regression. The resulting esti-
mates are presented in Table 4.

In columns (1) and (2), the instrumental variables IV1 and IV2 are 
incorporated into Eq. (2). The results indicate that these instrumental 
variables significantly impact neither the number of patents nor the 
complexity of technical knowledge in GCI. These findings suggest that 
the instrumental variables do not directly influence the explained vari-
ables; hence, the exclusivity constraint of the instrumental variables is 
upheld. The subsequently obtained first-stage regression results of the 
2SLS method reveal that IV1 and IV2 significantly affect DTE, confirm-
ing the correlation of the instrumental variables. Further, columns (3) 
and (4) present the second-stage regression results, which show that the 
F-value, KP-LM statistic, and KP-F statistic of the instrumental variables 
significantly pass the tests, indicating the absence of over-identification 
and weak identification issues within the model. Having addressed 
endogeneity, we find that DTE continues to significantly enhance both 
the scale and quality of GCI.

Replacing the explanatory variable
In conjunction with the recognition of the advancement of digital 

technology among various international organizations and in pertinent 
Chinese policy documents, a global consensus has been reached on the 
status of four technologies—artificial intelligence (A), blockchain (B), 
cloud computing (C), and big data (D)—as emblematic of digital tech-
nologies. We employ Tian and Li’s (2022) text mining methodology and 
use terms associated with these four core (ABCD) technologies and terms 
representative of digital technology at the enterprise level in Python to 
extract comprehensive index keywords from the annual reports of 
A-share listed companies in China. The keyword frequency synthesis 
index serves as the proxy index for DTE. The regression results are 

presented in column (1) of Table 5. The estimated coefficient of the 
impact of DTE (digtech_MDA) on GCI remains significant at the 1 % level, 
indicating that the baseline estimate is robust and reliable.

Replacing the explained variable
Various patent types exhibit marked differences in inventiveness, 

R&D cycles, and application and authorization processes. This study 
uses the number of green and low-carbon inventions (greena) and utility 
models (greenb) for which enterprises independently apply as the 
explained variable for re-regression analysis. The number of green low- 
carbon patents for which enterprises apply independently (GCI_grant) 
concurrently serves as an alternative indicator for the explained variable 
in testing. The test results are presented in columns (2)–(4). Upon 
altering the explained variable, we observe that DTE continues to 
significantly enhance GCI. Notably, the positive influence of DTE is 
evident in the increased number of utility model patents rather than in 
invention patents, which entail greater R&D challenges.

Replacing the estimation method
The prevalence of zeros in the explained variables indicates that 

certain enterprises do not secure green and low-carbon patents in some 
years, potentially leading to biased estimates when using ordinary least 
squares. Modifying the estimation method to assess methodological 
robustness is therefore imperative. We employ Tobit regression for re- 
estimation and present the results in column (5). We also conduct a 
Poisson pseudo maximum likelihood (PPML) regression re-estimation, 
which provides unbiased and consistent estimators even in the pres-
ence of numerous zeros in the sample. The results are displayed in col-
umn (6). The regression results obtained from altering the estimation 
method indicate that the estimated coefficient of DTE remains signifi-
cantly positive, suggesting that the presence of zeros does not substan-
tially affect the estimation outcomes.

Additional robustness tests
Given the potential correlation between regions and enterprises, 

Table 3 
Benchmark regression results.

Variables GCI_amount GCI_border GCI_amount GCI_border GCI_amount GCI_amount
(1) (2) (3) (4) (5) (6)

digtech 0.480*** 0.133*** 0.470*** 0.126*** 0.477*** 0.489***
​ (0.134) (0.040) (0.137) (0.041) (0.137) (0.138)
roa ​ ​ −0.127 −0.013 −0.127 −0.118
​ ​ ​ (0.125) (0.040) (0.125) (0.125)
profit ​ ​ 0.004*** 0.001*** 0.004*** 0.004***
​ ​ ​ (0.001) (0.000) (0.001) (0.001)
lev ​ ​ 0.021 0.009 0.015 0.002
​ ​ ​ (0.055) (0.018) (0.056) (0.055)
fixed ​ ​ 0.078 0.009 0.076 0.063
​ ​ ​ (0.074) (0.023) (0.074) (0.076)
balance ​ ​ −0.089** −0.008 −0.088** −0.089**
​ ​ ​ (0.039) (0.012) (0.039) (0.039)
inst ​ ​ 0.071** 0.031*** 0.070** 0.079**
​ ​ ​ (0.036) (0.011) (0.036) (0.036)
firmage ​ ​ −0.161 −0.034 −0.149 −0.131
​ ​ ​ (0.105) (0.033) (0.106) (0.106)
structure ​ ​ −0.034 0.005 −0.037 −0.042
​ ​ ​ (0.036) (0.010) (0.035) (0.035)
service ​ ​ −0.073** −0.020** −0.076** −0.079**
​ ​ ​ (0.034) (0.010) (0.035) (0.035)
Constant 0.683*** 0.136*** 1.216*** 0.225** 1.188*** 1.145***
​ (0.048) (0.014) (0.308) (0.097) (0.308) (0.309)
Province FE NO NO NO NO YES YES
Industry FE NO NO NO NO NO YES
Firm FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Obs 19,811 19,811 19,085 19,085 19,085 19,084
R-squared 0.666 0.386 0.670 0.384 0.671 0.672

Note: ***, **, and * represent significant at the 1 %, 5 %, and 10 % significance levels, respectively. Heteroskedasticity robust standard errors are in parentheses, as in 
the table below.
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standard errors are clustered at the regional (city/province) level for 
testing purposes. Further, despite the incorporation of firm- and 
regional-level control variables, there exists the possibility of the 
omission of relevant influencing variables of GCI. To mitigate estimation 
bias arising from dynamic factors such as region and industry, city 
(province)-year interaction fixed effects and industry-year interaction 
fixed effects are controlled. The estimation results are presented in 
columns (7)–(9). These results indicate that changing the clustering 
level and incorporating high-dimensional fixed effects and interaction 
fixed effects do not alter the core finding that DTE exerts a significant 
positive effect on GCI. In conclusion, a series of robustness tests confirm 
the reliability of the previous benchmark regression results.

Discussion of underlying mechanisms

Channels of passive response (moderating effect)
According to theoretical analysis, DTE and external environmental 

constraints can be integrated into a multi-agent cooperative system 
through the collaboration and complementarity of the government, the 
public, the market, and enterprises (Zhang et al., 2024b). Within this 
framework, government environmental regulation, public environ-
mental awareness, and market innovation transformation capacity 
illustrate the iterative interaction process between DTE and stake-
holders. This section empirically investigates the moderating effects of 
the passive response channel on GCI, based on the respective interaction 
terms of each effect with DTE.

Government environmental regulation is the initial force that drives 
enterprises to innovate toward low carbon among the passive response 
channels through which external environmental pressure compels en-
terprises to adopt GCI (Shao et al., 2020). Given the marked variations in 
the effects of heterogeneous environmental regulation on firms’ inno-
vation behavior, as documented in existing literature (Lian et al., 2022), 
the present study examines this moderating mechanism using two 

environmental regulation tools: command-type and incentive-type. The 
measurements are as follows. First, regarding the enforcement efforts of 
local environmental protection, data on the number of environmental 
protection penalty cases in each locality are sourced from the Judicial 
Cases database of PKULAW (https://www.pkulaw.com/). These data 
are logarithmically transformed into a proxy variable for command-type 
environmental regulation (er1). We then construct an interaction term 
between DTE and command-type environmental regulation is con-
structed (digtech × er1). According to Pigouvian tax theory, imposing 
taxes on polluters can align the private and social costs of business 
production and motivate businesses to implement innovative 
pollution-reducing initiatives. Therefore, with reference to Shao et al. 
(2020), we use green tax as a proxy for incentive-type environmental 
regulation (er2), represented by the ratio of environmental protection 
tax to business revenue. We construct an interaction term between DTE 
and incentive-type environmental regulation (digtech × er2). Table 6
(Panel A) presents the moderating effect of government environmental 
regulation on the relationship between DTE and GCI. The interaction 
terms of DTE with command-type environmental regulation (digtech ×
er1, β =0.056**) and incentive-type environmental regulation (digtech ×
er2, β =1.187***) significantly contribute to the number of patents in 
GCI, indicating that both government regulatory tools enhance the scale 
effect of DTE on GCI. Further, regression results with the technical 
knowledge complexity of GCI as the dependent variable reveal that the 
interaction term (digtech × er1, β =0.003) between DTE and 
command-type environmental regulation is positive but not significant, 
whereas the interaction term (digtech × er2, β =0.195*) between DTE 
and incentive-type environmental regulation is significantly positive. 
Unlike command-type environmental regulation, incentive-type envi-
ronmental regulation exerts a significant positive moderating effect on 
the relationship between DTE and the technical knowledge complexity 
of GCI. This finding suggests that DTE not only compels enterprises to 
adopt GCI but also enhances the technical knowledge content of 

Table 4 
Instrumental variable regression results.

Variables GCI_amount GCI_border digtech GCI_amount GCI_border
(1) (2) first-stage (3) (4)

digtech 0.364** 0.095** ​ 0.854*** 0.227***
​ (0.164) (0.047) ​ (0.297) (0.076)
IV1 7.474 1.802 13.471*** ​ ​
​ (4.709) (1.159) (0.709) ​ ​
IV2 0.209** 0.005 −0.026*** ​ ​
​ (0.105) (0.032) (0.006) ​ ​
KP-LM statistic – – – 1081.549*** 1081.549***
KP-F statistic – – – 198.979 198.979
F-value – – – 198.98*** 198.98***
Obs 18,901 18,901 18,901 18,901 18,901

Table 5 
Regression results of robustness tests.

Variables GCI_amount greena greenb GCI_grant Tobit PPML GCI_amount
(1) (2) (3) (4) (5) (6) (7) (8) (9)

digtech_MDA 0.033*** ​ ​ ​ ​ ​ ​ ​ ​
​ (0.009) ​ ​ ​ ​ ​ ​ ​ ​
digtech ​ 0.249** 0.504*** 0.170*** 1.243*** 1.305*** 0.470*** 0.479*** 0.469***
​ ​ (0.116) (0.123) (0.045) (0.196) (0.354) (0.168) (0.135) (0.122)
Control variables YES YES YES YES YES YES YES YES YES
Firm FE YES YES YES YES NO YES YES YES YES
Year FE YES YES YES YES YES YES YES YES YES
Cluster City NO NO NO NO NO NO YES NO NO
Province-year FE NO NO NO NO NO NO NO YES NO
Industry-year FE NO NO NO NO NO NO NO NO YES
Obs 20,038 19,085 19,085 19,085 19,449 17,511 19,085 19,085 19,085
R-squared 0.662 0.679 0.702 0.378 – – 0.670 0.654 0.616

Note: The results of the robustness test with GCI’s technical knowledge complexity (GCI_border) as the explanatory variable are presented in Appendix B.
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enterprise innovation, thereby contributing to the overall quality of GCI. 
Thus, H2a is supported by our sample. Our results indicate that the 
integration of digital technology and environmental regulation fosters 
strategic innovation behavior at the enterprise level, which supports 
existing conclusions (Lian et al., 2022; Zhang et al., 2024b). In addition, 
we observe that command-type environmental regulation does not 
enhance the knowledge breadth of GCI. This finding underscores the 
need for governments to introduce more market-based regulatory tools 
when formulating regulatory policies.

Second, environmental concern is a useful indicator of public envi-
ronmental awareness. Ren and Ren (2024) have contended that public 
environmental concern reflects public willingness and behavior to pro-
tect the environment and thus is a measure of public environmental 
awareness. Consequently, we use the search function of the Baidu Index 
online platform, the search indexes for the keywords “environmental 
pollution” and “carbon dioxide” in the keyword search function of the 
Baidu Index online platform to characterize public environmental 
concern (focus). We manually organize the overall daily average values 
of the Baidu Index from 2011 to 2021 and construct an interaction term 
between DTE and public environmental concern (digtech × focus). 
Table 6 (Panel B) reports the moderating effect of public environmental 
awareness on the relationship between DTE and GCI. The interaction 
term (digtech × focus, β =0.005*) between DTE and public environ-
mental awareness significantly positively affects the number of patents 
in GCI but (digtech × focus, β =0.001) insignificantly positively affects 
the complexity of technical knowledge in GCI. The economies of scale 
associated with DTE for GCI increase significantly with rising public 
environmental awareness. However, reconciling the relationship be-
tween the technical knowledge complexity of DTE with GCI remains 
challenging. Although this finding diverges from those of existing 
studies, it is not inherently contradictory. Theoretical analysis indicates 
that as digital technology becomes more deeply integrated into enter-
prises, both the degree of environmental information disclosure and the 
capacity to meet green product demand are progressively enhanced 
(Dong et al., 2024). Increasing public concern regarding environmental 
pollution has compelled enterprises, particularly those in heavily 
polluting industries, to respond to public pressure by augmenting the 
use of DTE in GCI (Zhao & Li, 2025), thereby fostering a conscientious 
interaction between the public and enterprises. Nevertheless, firms that 
invest in low-carbon-biased technologies while aligning with public 

environmental preferences do not necessarily make strategic choices 
that maximize benefits, potentially leading to resource expansion and 
subsequent efficiency declines (Cheng et al., 2024; Zhao & Li, 2025). 
Enhancing GCI quality is contingent upon additional knowledge re-
sources and capital investment, which prompt enterprises to pursue 
strategic innovation behavior rather than improving innovation quality 
to satisfy market demand and establish an environmental image. Thus, 
H2b is supported in our sample.

Finally, we examine the moderating influence of market innovation 
transformation ability. Technology diffusion is an important driver 
affecting GCI (Yin et al., 2021). The technology trading market provides 
an intellectual property trading platform for technology transactions, 
facilitating technology transfer and the transformation of results. 
Therefore, the extent of development within the technology trading 
market dictates the ease with which enterprises can acquire necessary 
low-carbon technologies from this market. Among them, the output of 
technology contracts, given that these contracts are an important means 
of promoting and applying relevant technological achievements in the 
market, reflects the degree of technological activity in the market in 
which the enterprise is located. The ability of enterprises to obtain 
relevant low-carbon technologies at a reasonable cost determines their 
GCI choices. Consequently, this study utilizes the ratio of technology 
contract output to the number of invention and utility model patents in 
an enterprise’s location as a measure of the market innovation trans-
formation ability (transform). A lower ratio indicates that new increased 
patents have not been promptly transformed and applied. Table 6 (Panel 
C) presents results on the moderating effect of the market innovation 
transformation ability on the relationship between DTE and GCI. The 
interaction term (digtech × transform, β =0.145) between DTE and 
market innovation transformation ability insignificantly positively af-
fects the number of patents in GCI but (digtech × transform, β =0.098***) 
significantly positively affects the complexity of technical knowledge in 
GCI. These results indicate a minimal influence of the market innovation 
transformation ability on enterprises’ adoption of GCI. This limited 
impact may be attributed to the relatively small proportion of green and 
low-carbon technologies in China’s technology market. Nevertheless, as 
the market innovation transformation ability improves, DTE can sub-
stantially enhance the technical knowledge complexity of GCI by 
assimilating advanced technical knowledge, thereby facilitating a pro-
found green and low-carbon transformation of enterprise innovation. 

Table 6 
Passive response channel test results.

Variables Panel A: government environmental regulation
(1) (2) (3) (4) (5) (6)
er1 GCI_amount GCI_border er2 GCI_amount GCI_border

digtech 1.246*** 0.087 0.107* −0.047 −0.534* −0.137
​ (0.193) (0.213) (0.060) (0.061) (0.308) (0.103)
er1 ​ −0.004 −0.001 ​ ​ ​
​ ​ (0.010) (0.003) ​ ​ ​
digtech × er1 ​ 0.056** 0.003 ​ ​ ​
​ ​ (0.024) (0.007) ​ ​ ​
er2 ​ ​ ​ ​ −0.464*** −0.120***
​ ​ ​ ​ ​ (0.118) (0.041)
digtech × er2 ​ ​ ​ ​ 1.187*** 0.195*
​ ​ ​ ​ ​ (0.314) (0.109)
Variables Panel B: public environmental awareness Panel C: market innovation transformation ability

focus GCI_amount GCI_border transform GCI_amount GCI_border
digtech 20.157*** 0.319* 0.090 −0.190*** −0.940 −0.841***
​ (2.169) (0.192) (0.055) (0.048) (0.937) (0.259)
focus ​ −0.002 −0.001 ​ ​ ​
​ ​ (0.001) (0.000) ​ ​ ​
digtech × focus ​ 0.005* 0.001 ​ ​ ​
​ ​ (0.003) (0.001) ​ ​ ​
transform ​ ​ ​ ​ −0.019 −0.031***
​ ​ ​ ​ ​ (0.035) (0.011)
digtech × transform ​ ​ ​ ​ 0.145 0.098***
​ ​ ​ ​ ​ (0.094) (0.026)
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Thus, H2c is supported by our sample.
Overall, by reinforcing external environmental constraints such as 

governmental environmental regulations, public environmental aware-
ness, and market innovation transformation ability, DTE compels en-
terprises to innovate toward low-carbon technologies, thereby 
promoting GCI. Consequently, the passive response channels (H2) are 
assumed to be valid within the study sample.

Active innovation mechanisms
Initially, we examine the market information acquisition ability 

within active innovation mechanisms. Theoretical analysis suggests that 
GCI requires enterprises to integrate information regarding internal 
resource consumption and various stages of product manufacturing to 
enhance their overall management capabilities. Additionally, it chal-
lenges enterprises’ market information acquisition and identification 
ability (Sahoo et al., 2023). In the context of the digital economy, en-
terprises can leverage digital technology to acquire information about 
target customers’ preferences from product marketing at a reduced cost, 
and they can use that information to determine the technological di-
rection of product innovation and ultimately enhance their core 
competitiveness (Wu et al., 2023). On one hand, DTE enables enterprises 
to acquire more market information, which facilitates market expansion. 
Column (1) of Table 7 presents the regression results with main business 
income (income) as the explained variable. These results reveal that DTE 
significantly positively impacts enterprises’ sales scale. Further, DTE 
helps enterprises acquire and identify market information while effec-
tively reducing external transaction and internal management costs. 
Column (2) displays regression results with the sales expense ratio 
(sale_cost) as the explanatory variable. These results indicate that DTE 
significantly reduces enterprises’ external transaction costs. With the 
widespread adoption of digital technology, knowledge resources are 
predominantly disseminated as data. Data elements can transcend 
temporal and spatial limitations, reduce information asymmetry be-
tween enterprises and markets, and lower coordination and sharing 
costs between enterprises and suppliers (customers), manifesting in 
reduced external transaction costs and decreased costs for enterprises in 
terms of acquiring knowledge across broad domains.

Columns (3) and (4) present estimation results with administrative 
expense ratio (admin_cost) and financial expense ratio (fin_cost) as the 
explained variables. These results indicate that the digitalization process 
significantly reduces internal management costs and enhances cash flow 
efficiency. However, enterprises’ preference for low-carbon technology 
innovation is closely linked to the market’s green demand (Sun, 2024). 
In markets with a higher prevalence of green products, DTE is more 
conducive to enterprises’ quest to comprehend changes in market de-
mand from the active green product market and swiftly capitalize on 
business opportunities following further analysis, thereby accelerating 
the development of products that meet environmental standards. To 
assess the demand trend for green products in the market, we manually 
compile data from China Environmental Label certified2 enterprises, 
published by the China Environmental United Certification Center 
(CEC). We use these data to determine the annual number of certified 

enterprises in the region.3 The interaction term (digtech × lnproduct) 
between DTE and the green product trend significantly positively affects 
the number of patents (β =0.035**) and the complexity of technical 
knowledge (β =0.018***) in GCI, indicating that DT strengthens the 
perception of green product demand, thereby encouraging firms to 
actively choose GCI over conventional innovation strategies to gain 
market share. With the pervasive integration of digital technology into 
enterprises, organizations can more effectively identify and analyze 
market demand information. This capability facilitates the discovery 
and identification of market opportunities and enhances the influence of 
demand-side factors in guiding enterprises toward selecting GCI. This 
study, therefore, examines the role of market information acquisition 
and identification capabilities, with a focus on market size and internal 
and external costs, supporting those of Wu et al. (2023). H3a is sup-
ported by our sample.

Then, the study considers the effects of knowledge-sharing and ab-
sorption in active innovation mechanisms. Theoretical analysis suggests 
that GCI exhibits notable dual externalities, fostering knowledge- 
sharing and absorption both within and outside enterprises and thus 
providing diverse knowledge resources for enterprises to select GCI. Kim 
and Steensma (2017) have posited that patent citations can characterize 
these knowledge-sharing and absorption effects. Other enterprises’ 

citation of a patent indicates that the knowledge and information in the 
patent have been acquired and assimilated by these entities. Conse-
quently, the enhancement of DTE in promoting enterprise 
knowledge-sharing and spillover is regarded as a knowledge-sharing and 
absorption effect. Hence, the frequency at which green low-carbon 
patents are cited by other enterprises (GCI_cites) is the explained vari-
able for the regression analysis. The estimated results, presented in 
column (1) of Table 8, show that DTE significantly enhances the 
knowledge spillover effect, facilitating the sharing and diffusion of data 
resources among enterprises. This supports the integration of hetero-
geneous knowledge resources, enabling enterprises to actively engage in 
GCI activities. H3b is validated within our sample.

Finally, we examine the role of collaborative innovation capability in 
active innovation mechanisms. In the context of the influence of DTE on 
enterprise-wide innovation, the acquisition and identification of market 
information underscore enterprises’ independent innovation capacity, 
whereas the organizational structure emphasizes collaborative innova-
tion to transcend traditional innovation paradigms. Initially, we perform 
regression analysis on the number of green low-carbon patents for which 
enterprises jointly apply (coll_amount) and their technical knowledge 
complexity (coll_border) as explained variables. The estimation results 
are presented in columns (2) and (3) of Table 8. These results indicate 
that DTE significantly enhances the number of green and low-carbon 
patents for which enterprises jointly apply; however, the complexity 
of technical knowledge in cooperative patents is not significant. This 
raises the question of whether the positive impact of DTE on collabo-
rative low-carbon innovation is primarily quantitative with limited in-
fluence on breakthrough innovation (innovation quality) in 
collaborative low-carbon technologies. To further investigate this issue, 
we incorporate into the regression model the number of green low- 
carbon patents (icap_amount) for which industry-university-research 
collaborations apply jointly and the index of technical knowledge 
complexity (icap_border) in industry-university-research collaborative 
innovation. The results in columns (4) and (5) show that DTE not only 
significantly fosters industry-university-research collaborative innova-
tion but also enhances the degree of GCI within these collaborations. 
Consequently, H3c is supported in our sample. Our findings suggest that 
in the current domain of collaborative innovation, particularly in the 
critical area of carbon emission reduction, strengthening the deep 

2 The China environmental label is an official certification mark signifying 
that the products bearing this label not only meet quality standards, but also 
adhere to environmental protection requirements during their process of pro-
duction, usage, and disposal. Compared with similar products, those with this 
certification mark exhibit environmental advantages such as low carbon, 
absence of pollution, and resource conservation. This certification mark enables 
consumers to easily identify products that are environmentally beneficial and 
pose no harm to their health, thereby facilitating informed green purchasing 
decisions.

3 The 2011–2017 data are sourced from the CNRDS database, and the 
2018–2021 data have been manually collected and organized from the CEC 
website (http://www.meecec.cn/).
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integration of industry-university-research, led by enterprises, is 
necessary to transcend traditional innovation boundaries. Worthy of 
further exploration is whether DTE has a more pronounced effect on 
enhancing GCI in enterprises’ independent innovation than on their 
collaborative innovation capabilities. We follow Li et al.’s (2023)
methodology and use the ratio of the number of green low-carbon pat-
ents for which enterprises apply independently (GCI_amount) to the 
number of green low-carbon patents for which enterprises apply jointly 
(coll_border) as the explained variable (dl), with the logarithm also 
included. The regression result is presented in column (6), which reveals 
that DTE more effectively enhances the independent GCI capability than 
it does collaborative innovation. This provides further reflection on 
existing conclusions.

In summary, DTE can stimulate enterprises to actively pursue low- 
carbon biased technologies by enhancing their market information 
acquisition, knowledge-sharing and absorption, and collaborative 
innovation abilities, thereby improving GCI. Therefore, the active 
innovation mechanisms (H3) are assumed to hold true within the study 
sample.

Heterogeneity analysis

Heterogeneity of technology accumulation within enterprises
Among enterprises that possess a robust foundation in technological 

innovation, DTE may significantly enhance their propensity to adopt 
low-carbon technologies and improve their capacity to integrate diverse 
knowledge (Wang et al., 2022). This is because the extent of techno-
logical accumulation is crucial for enterprises’ innovation decisions and 
for the application of digital technology. Consequently, we utilize the 
sum of enterprises’ invention and utility model patents from the three 
years preceding a firm’s inclusion in the study sample as a proxy vari-
able (skill) for enterprise technology accumulation. We then divide the 
study sample into two subsamples based on the median, with the sub-
sample above or below the median representing stronger and weaker 
technological accumulation, respectively. The estimation results are 
presented in columns (1) and (2) of Table 9. Our findings are contrary to 
general findings. We observe that both the magnitude and quality effects 
of DTE on GCI are more pronounced for firms with weaker technological 
accumulation in terms of both the amount of GCI and the complexity of 
technological knowledge. However, for enterprises with strong techno-
logical accumulation, the positive effect of DTE is insignificant. This may 
be because to the fact that enterprises with strong technological accu-
mulation are often in industries characterized by rapid technological 
turnover and change. This is particularly applicable to those that pro-
vide digital technology in cases where their original technological 
innovation frontiers are still being explored. These enterprises must 
concentrate on exploring and deepening existing technological fields, 
resulting in insufficient motivation for spontaneous innovation and 

Table 7 
Results of the mechanistic test of market information transmission.

Variables income sale_cost admin_cost fin_cost lnproduct GCI_amount GCI_border
(1) (2) (3) (4) (5) (6) (7)

digtech 1.278*** −0.040*** −0.463* −0.051** 2.363*** 0.292* 0.034
​ (0.097) (0.013) (0.271) (0.023) (0.398) (0.166) (0.049)
lnproduct ​ ​ ​ ​ ​ −0.014* −0.009***
​ ​ ​ ​ ​ ​ (0.008) (0.003)
digtech × lnproduct ​ ​ ​ ​ ​ 0.035** 0.018***
​ ​ ​ ​ ​ ​ (0.018) (0.005)
Control variables YES YES YES YES YES YES YES
Province FE NO NO NO NO YES YES YES
Firm FE YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES
Obs 19,085 19,085 19,085 19,085 19,085 19,085 19,085
R-squared 0.934 0.506 0.421 0.328 0.881 0.671 0.386

Table 8 
Results of the mechanistic test of knowledge-sharing and collaborative innovation capabilities.

Variables GCI_cites coll_amount coll_border icap_amount icap_border dl
(1) (2) (3) (4) (5) (6)

digtech 1.255*** 2.331** 0.522 2.832*** 1.766* 0.481***
​ (0.154) (1.062) (0.534) (0.837) (1.073) (0.133)
Control variables YES YES YES YES YES YES
Firm FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Obs 15,812 7115 6074 3490 2849 19,085
R-squared 0.813 0.937 0.118 0.325 0.115 0.651

Table 9 
Regression results from heterogeneity analysis.

Explained variables skill=1 skill=0 scale=1 scale=0 score=1 score=0 key=1 key=0
(1) (2) (3) (4) (5) (6) (7) (8)

GCI_amount 0.356 0.504*** 0.558*** 0.283 0.497** 0.206 0.523** 0.345*
​ (0.217) (0.179) (0.187) (0.202) (0.216) (0.200) (0.226) (0.193)
GCI_border 0.073 0.160*** 0.198*** 0.005 0.117* 0.042 0.063 0.149**
​ (0.059) (0.057) (0.053) (0.065) (0.060) (0.064) (0.060) (0.067)
Control variables YES YES YES YES YES YES YES YES
Firm FE YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES
Obs 8913 10,004 11,953 6964 9421 8992 9599 9185

Note: “1″ indicates high sample set, “0” indicates low sample set.
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change, which makes achieving new breakthroughs in low-carbon 
technology with the assistance of DTE challenging. Conversely, enter-
prises with weak technological accumulation attempt to compensate for 
their disadvantages stemming from a lack of technological accumulation 
and are thus more capable of leveraging new technological fields to 
expand their knowledge base as DTE deepens. Consequently, they 
become more proactive about their GCI activities.

Heterogeneity of firm wealth
Several studies have indicated that wealth exhibits distinct prefer-

ences for low-carbon technology selection, characterized by self- 
reinforcing effects (Nguyen et al., 2020). This study investigates 
whether the positive impact of DTE is amplified for larger enterprises. 
Firm wealth is quantified by total asset size (scale), and heterogeneity in 
this context is examined. The wealth effect is assessed by categorizing 
the study sample into two groups based on the median. The estimated 
results, presented in columns (3) and (4), reveal that as DTE improves, 
wealthier enterprises are more likely to increase patent quantity and the 
complexity of technical knowledge related to GCI. Further, these en-
terprises demonstrate a greater propensity to actively select GCI. This 
study substantiates the significant preference for green technology at the 
enterprise level, thereby extending the existing literature.

Heterogeneity of ESG performance
Environmental, Social, and Governance (ESG) considerations not 

only influence the external reputation of enterprises but also comprise a 
critical reference for investor decision-making (Gallucci et al., 2022). 
ESG emphasizes an enterprise’s capacity for carbon emission reduction 
and sustainable development in environmental terms. This can compel 
enterprises to opt for GCI. Numerous ESG rating agencies exist; however, 
this study utilizes CSI ESG ratings (scores) as a representation of external 
ESG performance because of their extensive temporal coverage. The 
study sample is categorized into two subsamples, namely firms with 
strong ESG performance and those with poor ESG performance, based on 
the median. The estimation results are presented in columns (5) and (6). 
Firms with superior ESG performance are more likely to convey positive 
social responsibility signals externally, thereby facilitating their access 
to external support including but not limited to tax benefits, subsidies, 
and financing in the pursuit of GCI activities. Consequently, the stronger 
a company’s ESG performance, the more pronounced the positive 
impact of DTE on GCI, which subsequently drives companies toward 
both quantitative growth and the qualitative enhancement of GCI.

Heterogeneity of heavily polluted enterprises
The Ministry of Ecology and Environment implemented the Pro-

visions on the Management of Key Emission Units List in 2017 to 
enhance the oversight and management of environmental protection for 
enterprises with concerning pollution levels. Consequently, the study 
sample is categorized into two subsamples based on whether enterprises 
are heavily polluting (key). The estimation results are presented in col-
umns (7) and (8). GCI patent growth indicates that heavily polluted 
enterprises may encounter more stringent environmental constraints 
than other enterprises, resulting in a substantial reduction in their 
speculative capacity for environmental protection and making the scale 
effect of DTE more pronounced. This observation aligns with existing 
research conclusions (Tian et al., 2023). However, regarding the tech-
nical knowledge complexity of GCI, the conclusion that DTE serves as a 
greater facilitator for non-heavy polluters is not inconsistent with the 
real situation. A plausible explanation is that enterprises in heavily 
polluted sectors are more inclined to select GCI involving lower tech-
nical knowledge to reduce costs given the high-pressure external envi-
ronment. Contrastingly, other enterprises are motivated to choose GCI 
spontaneously to pursue breakthrough technology in the low-carbon 
field and enhance and upgrade GCI.

Further analysis: spillover effects

The preceding analysis confirms the beneficial impact of DTE on GCI 
and elucidates its underlying mechanism. Nonetheless, the extant 
research predominantly focuses on the influence of DTE on individual 
enterprises while often neglecting the inter-enterprise spillover effects 
(Luo et al., 2024; Zhao & Qian, 2024). Digital technology disrupts the 
innovation process, breaks through geographic and industry constraints, 
enables enterprises to cross traditional innovation boundaries, and 
promotes network overflow of enterprise innovation (Wang et al., 
2023). This study further investigates the network spillover effect of 
DTE from the peer and supply chain spillover perspectives. This 
approach aims to furnish a more comprehensive and detailed scientific 
foundation to help enterprises achieve collective innovation 
decision-making across upstream and downstream processes and to 
support the development of collaborative emission reduction policies.

Analysis of the peer spillover effect
Classical theory posits that social learning, competitive imitation, 

and normative pressures in industry groups can lead to similar innova-
tion management decision-making tendencies among enterprises––a 
phenomenon known as the peer effect (Seo, 2021). Leary and Roberts 
(2014) has termed enterprises in the same industry “peer enterprises.” 

This study takes the average number of green low-carbon patents 
(amountpeer) and the technical knowledge complexity (borderpeer) 
applied independently by other enterprises in the same industry as the 
core enterprise as GCI measurement indicators for peer enterprises. 
Columns (1) and (3) of Table 10 present regression results using the 
average number of green and low-carbon patents and the technical 
knowledge complexity of peer enterprises as explanatory variables. 
These results indicate that peer enterprises positively influence both the 
scale and quality of GCI, demonstrating a significant peer effect. Col-
umns (2) and (4) present results obtained after incorporating interaction 
terms of DTE with the GCI of peer enterprises. The interaction terms 
between DTE and the low-carbon patent mean (digtech × amountpeer) 
and technical knowledge complexity (digtech × borderpeer) of peer en-
terprises exert positive effects, indicating that DTE affects the core de-
mands and information judgments of the innovation decisions of 
enterprises in the same industry, strengthening the peer spillover effect 
of GCI. Notably, the extensive application of digital technology results in 
a positive peer effect on GCI. Enterprises may be motivated to maximize 
profits based on the competitive status of their peers. However, if the 
degree of internal monopoly in an industry is relatively high, does this 
incentive effect diminish? To address this question, we divide the sample 
into two subsamples based on the median of industry competition in-
tensity (competition). Regression results are presented in (5)–(8). These 
results indicate that as industry competition intensifies, the peer spill-
over effect becomes more pronounced, enhancing the positive impact of 
DTE on GCI. DTE can generally enable enterprises to improve GCI 
through the peer spillover effect, and this effect is amplified under 
intense industry competition.

Analysis of the supply chain spillover effect
In the context of supply chain relationships, upstream suppliers and 

downstream customers establish a network structure among enterprises 
that is predicated on supply and marketing relationships and business 
capital transactions. Enterprises in these cooperative supply chain re-
lationships are inclined toward follower behavior and imitation de-
cisions, exhibit significant interest linkages, and are more susceptible to 
generating supply chain network spillover effects (Freeman, 2025; Sol-
aimani & Veen, 2022). Given that enterprises are the primary agents of 
the supply chain spillover effect, their low-carbon technology prefer-
ences are influenced by the spillover effects of the behaviors of other 
enterprises in the associated group. To further investigate the supply 
chain spillover effect, this study identifies the upstream suppliers and 
downstream customers of the supply chain by examining the supply 
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chain network structure (Freeman, 2025). This is achieved by con-
structing a core enterprise-supplier (customer)-yearly dataset (specific 
steps are described in the data note), wherein the customer group is 
identified as the downstream enterprise of the core enterprise, and the 
supplier is identified as the upstream enterprise of the core enterprise. 
The number of green low-carbon patents (chain_amount) generated by 
the customer and supplier groups is then matched. Additionally, the 
annual average technical knowledge complexity (chain_border) of the 
enterprises is calculated.

Table 11 presents regression results concerning the spillover effects 
within supply chains. The total sample estimation results, as shown in 
columns (1) and (4), reveal that the DTE of core enterprises not only 
significantly enhances the number of green and low-carbon patents 
among supply chain enterprises but also contributes to the technological 
knowledge complexity of these enterprises. This finding suggests that 
DTE exerts a substantial supply chain spillover effect that facilitates the 
green and low-carbon transformation of corporate innovation by 
enhancing both the scale and quality effects of overall GCI in the supply 
chain in which the core enterprises operate. Further subsample regres-
sion results, categorized by upstream and downstream enterprises, are 
detailed in columns (2)–(3) and (5)–(6). From the perspective of scale 
spillover effects, the DTE of core enterprises significantly increases the 
number of green and low-carbon patents among downstream customers, 
indicating that the scale effect of DTE has a supply chain transmission 
effect, primarily generating a supply chain network spillover effect 
through downstream customers and thus augmenting the overall patent 
scale of GCI. However, regarding the quality spillover effect, the dif-
ferentiation between upstream and downstream enterprises does not 
significantly impact the technical knowledge complexity of GCI. This 
finding aligns with empirical observations. According to CSMAR data on 
the top five supplier and customer companies among Chinese listed 
companies, the customer concentration of core companies averages over 

35 %. Consequently, with the advancement of digital technology, 
demand-oriented product innovation has become pivotal in enhancing 
the core competitiveness of enterprises. Specifically, customers’ green 
preferences and needs dictate the direction of enterprises’ low-carbon 
innovation strategies. DTE exhibits a linkage effect with downstream 
customers to the relative exclusion of upstream suppliers, enabling 
strategic interaction between core and downstream enterprises and thus 
improving the overall GCI level of the supply chain.

Discussion and conclusion

Discussion

Achieving substantial emission reduction in traditional industries 
and facilitating a transition to sustainable energy are among the fore-
most priorities for emerging markets. GCI not only enhances efficient 
energy conversion and storage but also achieves near-zero emissions 
both at the source and at the conclusion of the process. In this regard, 
GCI is a fundamental element for industrial enterprises aiming to attain 
the double-carbon objective and bolster core competitiveness. However, 
the propensity of enterprises to adopt GCI is influenced by innovation 
costs and economic benefits (Wu et al., 2023). Externalities associated 
with low-carbon technologies and information asymmetry in knowledge 
acquisition contribute to enterprises’ limited willingness to actively 
pursue GCI. The results of our analysis underscore the urgent need for 
enterprises to integrate digital technologies deeply to enhance their GCI 
willingness.

Initially, the study demonstrates the positive role of DTE in pro-
moting GCI. This finding aligns with those reported in the existing 
literature on green innovation, which suggests that DTE is a central 
driving force for the green and low-carbon transformation of enterprises 
(Tian et al., 2023; Wang et al., 2023; Zhao & Qian, 2024). Most extant 

Table 10 
Test results of peer spillover effect.

Variables GCI_amount GCI_border GCI_amount GCI_border
competition=1 competition=0 competition=1 competition=0

(1) (2) (3) (4) (5) (6) (7) (8)
amountpeer 0.138*** ​ ​ ​ ​ ​ ​ ​
​ (0.025) ​ ​ ​ ​ ​ ​ ​
digtech × amountpeer ​ 0.358** ​ ​ 0.389** 0.208 ​ ​
​ ​ (0.142) ​ ​ (0.189) (0.276) ​ ​
boderpeer ​ ​ 0.936*** ​ ​ ​ ​ ​
​ ​ ​ (0.046) ​ ​ ​ ​ ​
digtech × borderpeer ​ ​ ​ 0.660** ​ ​ 0.926** 0.359
​ ​ ​ ​ (0.314) ​ ​ (0.431) (0.651)
Control variables YES YES YES YES YES YES YES YES
Firm FE YES YES YES YES YES YES YES YES
Year FE YES YES YES YES YES YES YES YES
Obs 19,085 19,085 19,085 19,085 9151 9354 9151 9354
R-squared 0.671 0.671 0.401 0.401 0.725 0.653 0.443 0.416

Note: “1″ indicates high sample set, “0” indicates low sample set. The corresponding explanatory variables (digtech) and adjusting variables (amountpeer/boderpeer) 
are included in the regression as control variables.

Table 11 
Test results of supply chain spillover effect.

Variables chain_amount chain_border
total sample customer supplier total sample customer supplier
(1) (2) (3) (4) (5) (6)

digtech 0.351* 0.510* −0.026 0.383* 0.363 0.418
​ (0.212) (0.285) (0.251) (0.205) (0.250) (0.342)
Control variables YES YES YES YES YES YES
Core-firm FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Supplier/customer FE YES YES YES YES YES YES
Obs 10,790 6226 4560 10,250 5883 4365
R-squared 0.958 0.954 0.965 0.076 0.077 0.076
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studies consider innovation to be a unidimensional variable and neglect 
the knowledge content embedded in GCI (Huang et al., 2023; Sun, 
2024). This study introduces the complexity of technical knowledge in 
GCI and further reveals that the qualitative effect of DTE is more sig-
nificant than mere scale innovation activity. Hence, this study broadens 
the research dimension of the existing literature. Additionally, tradi-
tional research posits that technology accumulation is foundational for 
enterprises to develop new products and processes and enhance their 
GCI (Wang et al., 2022). However, the results of our heterogeneity 
analysis indicate that enterprises with limited technology accumulation 
are more inclined to increase GCI in R&D following the deep integration 
of digital technology. This finding not only highlights the importance of 
DTE but also suggests that digital technology may be pivotal for weaker 
firms and less-developed economies to overcome technological mo-
nopolies, bridge technological gaps, and expedite the achievement of 
carbon peaking and carbon neutrality.

Second, to investigate the mechanism of the impact of DTE on GCI 
and analyze the motivational differences between the two GCI behav-
iors, this study integrates stakeholder theory, the RBV, dynamic capa-
bilities theory and incorporates environmental pressure and the 
innovation process into the theoretical framework of the influence of 
DTE on GCI. This approach facilitates an in-depth analysis of enter-
prises’ innovation motivation and their transition from passive response 
to active change. On one hand, there remain gaps in the impact pathway 
of DTE on GCI due to insufficient research on GCI. Existing studies on the 
impact of DTE on green innovation or development suggest that DTE 
and environmental regulation have interactive and coordinated effects 
(Zhang et al., 2024b). From the passive response perspective, it is 
evident that the combination of external environmental constraints and 
DTE demonstrates an evident significant advantage, supporting this 
view. The distinction of our study lies in its analysis of the moderating 
effects of government environmental regulation, public environmental 
awareness, and the capacity of the market to transform innovations. This 
has led to some intriguing conclusions. Specifically, some studies have 
posited that government environmental regulation enhances strategic 
and aggressive green innovation behavior (Lian et al., 2022; Xue & 
Wang, 2025). Our research further dissects environmental regulation 
tools and reveals that with the deep integration of digital technologies 
within firms, incentive-type environmental regulation and the market 
innovation transformation ability are more conducive to compelling 
enterprises to enhance GCI quality. This suggests that government 
market tools and a fair technology trading environment are crucial 
factors for stimulating enterprises’ motivation for independent innova-
tion. However, the incentive effect of command-type environmental 
regulation and public environmental awareness on enterprises’ endog-
enous innovation drive requires further strengthening. These findings 
supplement the boundary conditions of the likelihood of DTE to enhance 
GCI and provide empirical evidence for establishing a 
market-dominated external innovation environment that is supervised 
by the government and the public, thereby stimulating enterprises’ 

passive innovation motivation.
Conversely, extant research investigating the mechanisms through 

which artificial intelligence and enterprise digital transformation in-
fluence green innovation with a focus on innovation resources, digital 
elasticity, and information interaction has yielded inconsistent conclu-
sions (Ghasemaghaei & Calic, 2020; Luo et al., 2024; Xiong et al., 2025; 
Xue & Wang, 2025). This study uses precise measurements of the DTE 
index to underscore the demand-side guidance and supply-side acqui-
sition capabilities of enterprises and examine the intermediary role of 
active innovation mechanisms between DTE and GCI. We initially 
observe that DTE enhances enterprises’ capacity to acquire and assim-
ilate market information, reduces external transaction and internal 
management costs by mitigating information asymmetry between en-
terprises and various market entities, strengthens the ability to perceive 
demand for green products, and facilitates the positive influence of the 
demand side regarding steering enterprises toward GCI. 

Knowledge-sharing and absorption subsequently emerge as critical 
variables (Kim & Steensma, 2017). DTE augments enterprises’ adapt-
ability to the introduction and assimilation of new technologies by 
facilitating the leveraging of leveraging of low-carbon technology pat-
ents from other enterprises, thereby aiding in the acquisition of het-
erogeneous knowledge resources on the supply side. This study 
reconciles conflicting findings in the existing literature and empirically 
examines from the demand and supply perspectives the mechanism by 
which DTE promotes GCI rather than general innovation (Wu et al., 
2023). Additionally, DTE not only transcends traditional innovation 
paradigms and enhances the collaborative innovation capacity of en-
terprise GCI but also bolsters the enterprise-led collaborative innovation 
capacity of industry-university-research partnerships, thereby driving 
enterprises to actively pursue GCI. Our findings suggest that in the 
current domain of collaborative innovation, particularly in the critical 
area of carbon emission reduction, the in-depth integration of 
industry-university-research led by enterprises should be intensified to 
transcend traditional innovation boundaries.

Finally, considering the network spillover effects of DTE, we 
emphasize the peer and supply chain spillover effects of innovation and 
provide empirical support for their synergistic development (Freeman, 
2025; Leary & Roberts, 2014). Regarding the spillover effect of green 
innovation, most existing studies have addressed it from the perspective 
of regional or urban agglomeration spillovers (Gu, 2025; Wang et al., 
2023). This study concentrates on the enterprise level, thereby 
advancing the knowledge frontier in related fields. Our results indicate 
that the stronger the peer spillover effect, the more pronounced the 
positive impact of DTE on GCI amidst intense industry competition. 
Additionally, DTE exhibits a significant supply chain spillover effect, 
facilitating the green and low-carbon transformation of enterprise 
innovation by enhancing the scale and quality effect of overall GCI in the 
supply chain in which the core enterprise is situated. Hence, this study 
expands existing research. Further, the conclusions highlight the 
customer-driven network spillover effect and thus provide a more 
comprehensive and detailed scientific basis for enterprises to realize 
upstream and downstream collective innovation decisions and formu-
late collaborative emission reduction policies.

Conclusion

In alignment with the objectives of achieving carbon peak and car-
bon neutrality, the integration of digitalization with green and low- 
carbon development has emerged as a pivotal catalyst for expediting 
the transformation of enterprises toward sustainability. Presently, 
ecological and environmental challenges exhibit both common and 
regional characteristics while the innovation and industrial chains of 
green low-carbon technology remain relatively intricate. Collaborative 
innovation among multiple stakeholders, facilitated by digital technol-
ogy, has become essential for advancing low-carbon innovation and 
enhancing quality. This study uses data from A-share listed industrial 
enterprises in China spanning 2010–2021 to construct DTE indicators 
across various dimensions. The research incorporates green low-carbon 
patent data from micro-enterprises to empirically investigate the evo-
lution mechanism and spillover effects as enterprises transition from 
passive response to active innovation in their selection of GCI activities. 
Corroborated by a series of endogeneity and robustness tests, the find-
ings indicate that DTE exerts a significant positive influence on GCI 
activities. Heterogeneity analysis reveals that the positive effects of DTE 
are more pronounced among firms with weak technology accumulation, 
larger firms, those with superior ESG performance, and firms with heavy 
pollution levels. The moderating effect of passive response suggests that 
DTE amplifies external constraints such as government environmental 
regulations, public environmental awareness, and market innovation 
transformation capabilities, compelling enterprises to address external 
environmental pressures through GCI. However, these external con-
straints do not substantially enhance the technical knowledge 
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complexity of GCI, nor do they improve its quality and efficiency. The 
incentive mechanism of active innovation demonstrates that DTE facil-
itates knowledge absorption and diffusion on the supply side while 
augmenting enterprises’ market information acquisition capabilities on 
the demand side, thereby enhancing the collaborative innovation ca-
pacity of industry-university-research partnerships led by enterprises 
and ultimately boosting the R&D propensity for GCI. Spillover analysis 
indicates that both peer and supply chain spillovers significantly rein-
force the positive relationship between DTE and GCI, thereby achieving 
the green and low-carbon transformation of enterprise innovation by 
elevating the scale and quality of GCI across the industry and the entire 
supply chain.

Practical significance

These findings provide novel insights and guidance for stakeholders. 
Firstly, enhancing the governance policy framework through diversified 
participation and effective collaboration between the government, en-
terprises, and the public is imperative. Our results suggest that 
combining DTE with external environmental constraints can signifi-
cantly promote GCI when firms lack sufficient willingness to innovate. 
From the perspective of the governmental environmental protection 
department, maintaining a stringent environmental law enforcement 
atmosphere is essential to minimize opportunities for enterprises to 
engage in speculative environmental practices. This can be achieved by 
extensively gathering information on environmental violations and 
publicizing exemplary cases of environmental law enforcement via the 
Internet and social media to establish rigorous constraints on enterprise 
environmental protection activities at minimal cost. Regarding refining 
the environmental law enforcement system, both the enforcement costs 
and environmental benefits must be considered to avoid a singular focus 
on revenue from fines. Further, to enhance incentive-type environ-
mental regulation, pollutants of contemporary concern, such as carbon 
dioxide and soil pollutants, should be incorporated into the secondary 
tax categories of the environmental protection tax, and the taxation 
scope should be expanded gradually. From the perspective of enhancing 
public environmental awareness, there exists the potential for increased 
speculative behavior among listed companies during the disclosure of 
environmental information. Stock exchanges should collaborate with 
environmental protection departments to conduct information ex-
changes and random field verifications to prevent false corporate envi-
ronmental information disclosures and thus promote public 
environmental awareness in an open, transparent atmosphere. From the 
perspective of market-driven innovation, focusing on the industrializa-
tion and application of patents is important while actively engaging in 
GCI activities. Digital technology should be utilized to emphasize 
application-oriented practical assistance efforts, and enterprises should 
be encouraged to adopt more rational approaches to acquiring diverse 
low-carbon technologies in the technology trading market or through 
technological transformation, thereby gradually enhancing the quality 
of GCI.

Second, regarding the role of DTE in guiding businesses toward 
actively selecting GCI, the government should spearhead initiatives on 
digital platforms such as the industrial Internet. This involves collabo-
ratively establishing intelligent cloud platforms that attract diverse en-
terprises and dismantle regional access barriers. The digitization and 
networking of small and medium-sized enterprises (SMEs) at the fore-
front of the industrial supply chain should be expedited. On one hand, 
efforts have been made to cultivate a potential consumer market for 
green products by comprehensively disseminating promotional infor-
mation to associations, enterprises, and the public using digital tech-
nology. The parallel establishment of a public intellectual property 
service system that is accessible to the populace is crucial. Digital 
technology should serve as a vital medium to extensively popularize 
intellectual property services at various levels, expand knowledge- 
sharing channels for GCI, ensure technology accessibility for 

enterprises with limited technological resources, stimulate potential 
innovative behaviors, and reduce unnecessary duplication of R&D in-
vestments. On the other hand, further promoting the deep integration of 
enterprise-led industry-university-research collaborations is essential to 
continuously reinforce the central role of enterprise innovation. In the 
context of strengthening industry-university-research cooperation 
through digital technology, scientific research talent from innovative 
enterprises, universities, and research institutes should be encouraged to 
move fluidly between different units to dismantle the information silos 
of innovation. Simultaneously, enterprises should use digital technology 
to continuously integrate domestic technology trading platform re-
sources in low-carbon fields, establish cooperative networks for tech-
nology transactions, and harness the innovation potential of academic 
institutions and research institutes.

Finally, for peer enterprises, the promotion of the industrial Internet 
should be prioritized, with financial subsidies and tax incentives 
implemented as supplementary measures. This approach aims to 
enhance the transmission channels within the same industry and expe-
dite the dissemination of low-carbon technology information among 
enterprises. For supply chain enterprises, the application of digital 
technology by chain-owner enterprises should take precedence to create 
a low-carbon, intelligent, and innovative production supply chain sys-
tem. Specifically, thoroughly exploring the common demands of the 
upstream and downstream segments of the supply chain, vigorously 
implementing new energy-saving technologies, products, and equip-
ment with key commonalities, and eliminating outdated production 
capacities from the supply chain are crucial to enhance overall green and 
low-carbon development efficiency.

Limitations and research prospects

Given the nascency of research on the relationship between DTE and 
GCI, this study has some limitations. First, DTE indicator data con-
straints confined our research sample to listed companies. Consequently, 
the impact of DTE on other entities such as unicorns and small to 
medium-sized enterprises may have been overlooked. Our findings and 
those of related studies demonstrate that digital technology can signif-
icantly reduce global carbon emissions through resource integration, 
process control, and decision optimization, resulting in mutually bene-
ficial economic and environmental outcomes. Future research could 
develop DTE indicators from the perspectives of data element and asset 
embedding and investigate the effect of DTE on micro-enterprises by 
integrating industrial and commercial enterprise registration data with 
tax survey data. Second, this study assesses the GCI level of enterprises 
based on the number of patents and the complexity of technical 
knowledge as derived from patent information data; however, it does 
not address the transformation and application of GCI achievements. 
With access to more detailed enterprise data, other researchers could 
further evaluate GCI through elements such as technology transfer and 
low-carbon product revenue to overcome the limitations of the existing 
research. Finally, the micro-level spillover effect is not only a focal point 
of this study but also a worthwhile direction for future research. This 
study addresses it from the supply chain perspective, but network 
spillovers among peers could also be examined based on the basis of 
input-output relationships. Future research could explore the spillover 
impact and its internal mechanisms from diverse perspectives to fill the 
gaps in the current literature.
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Appendix A. Measurement method of digital technology embeddedness

Measurement method of digital technology embeddedness
Measuring DTE is a multidimensional and complex process involving multiple aspects such as an enterprise’s digital strategy, digital environment, 

and application scenarios. Therefore, combined with the above analysis, entropy method is adopted to measure DTE index. Firstly, dimensionless 
treatment is carried out on single index data. Then, the weight of each evaluation index is calculated according to the information entropy, and finally 
the weight is substituted into the enterprise evaluation index value to obtain the DTE of China listed industrial enterprises from 2010 to 2021. The 
specific calculation steps are as follows:

(1) Data dimensionless processing.
Considering the dimensional difference of each evaluation index, the range method is adopted for standardization: 

xʹijt =
xijt − min(xijt

)

max(xijt
)

− min(xijt
) (i=1, ...,m; j=1, ..., n) (A1) 

xʹijt =
max(xijt

)

− xijt
max(xijt

)

− min(xijt
) (i=1, ...,m; j=1, ..., n) (A2) 

where Eq. (A2) applies when a is a positive indicator. Conversely, Eq. (A3) is used.
(2) Calculate the weight of each indicatorgijt. 

gijt =
xʹijt

∑m
i=1xʹijt

(i=1, ...,m; j=1, ..., n) (A3) 

(3) Calculate the information entropy as the weight of each dimension index. 

ωjt =
1 − hjt

∑n
j=1
(1 − hjt

)

(

hjt = −
1

lnm
∑m

i=1

(

gijt × lngijt
)

)

(A4) 

(4) Finally, the DTE index score is calculated as follows: 
DTEi =

∑n
j=1
(xʹijt × lnωjt

) (A5) 

Appendix B. Robustness test results

Table A1

Table A1 
Robustness test results.

Variables GCI_border Tobit PPML GCI_border
(1) (2) (3) (4) (5) (6)

digtech_MDA 0.010*** ​ ​ ​ ​ ​
​ (0.003) ​ ​ ​ ​ ​
digtech ​ 0.154** 0.770*** 0.126*** 0.130*** 0.126***
​ ​ (0.065) (0.225) (0.041) (0.042) (0.039)
Control variables YES YES YES YES YES YES
Firm FE YES NO YES YES YES YES
Year FE YES YES YES YES YES YES
Cluster City NO NO NO YES NO NO
Province-year FE NO NO NO NO YES NO
Industry-year FE NO NO NO NO NO YES
Obs 20,038 19,449 16,319 19,085 19,085 19,085
R-squared 0.378 – – 0.384 – –

N. Chen et al.                                                                                                                                                                                                                                    Journal of Innovation & Knowledge 10 (2025) 100801 

19 



References
Acemoglu, D., & Restrepo, P. (2018). The race between man and machine: Implications 

of technology for growth, factor shares, and employment. American Economic Review, 
108(6), 1488–1542. https://doi.org/10.1257/aer.20160696

Afum, E., Sun, Z., Agyabeng, M. Y., & Baah, C. (2023). Lean production systems, social 
sustainability performance and green competitiveness: The mediating roles of green 
technology adoption and green product innovation. Journal of Engineering, Design and 
Technology, 21(1), 206–227. https://doi.org/10.1108/JEDT-02-2021-0099

Aghion, P., Jones, B. F., & Jones, C. I. (2019). Artificial intelligence and economic 
growth. The economics of artificial intelligence: an agenda (pp. 237–290). University of 
Chicago Press. https://doi.org/10.7208/chicago/9780226613475.003.0009

Bai, R., & Lin, B. (2024). An in-depth analysis of green innovation efficiency: New 
evidence based on club convergence and spatial correlation network. Energy 
Economics, 132, Article 107424. https://doi.org/10.1016/j.eneco.2024.107424

Bergek, A., & Mignon, I. (2017). Motives to adopt renewable electricity technologies: 
Evidence from Sweden. Energy Policy, 106, 547–559. https://doi.org/10.1016/j. 
enpol.2017.04.016

Bhatti, S. H., Santoro, G., Khan, J., & Rizzato, F. (2021). Antecedents and consequences 
of business model innovation in the IT industry. Journal of Business Research, 123, 
389–400. https://doi.org/10.1016/j.jbusres.2020.10.003

Biondi, V., Iraldo, F., & Meredith, S. (2002). Achieving sustainability through 
environmental innovation: the role of SMEs. International Journal of Technology 
Management, 24(1), 612–626. https://doi.org/10.1504/IJTM.2002.003074

Borusyak, K., Hull, P., & Jaravel, X. (2022). Quasi-experimental shift-share research 
designs. The Review of Economic Studies, 89(1), 181–213. https://doi.org/10.1093/ 
restud/rdab030

Bouschery, S. G., Blazevic, V., & Piller, F. T. (2023). Augmenting human innovation 
teams with artificial intelligence: Exploring transformer-based language models. 
Journal of Product Innovation Management, 40(2), 139–153. https://doi.org/10.1111/ 
jpim.12656

Brynjolfsson, E., & Hitt, L. M. (2000). Beyond computation: information technology, 
organizational transformation and business performance. Journal of Economic 
Perspectives, 14(4), 23–48. https://doi.org/10.1257/jep.14.4.23

Chang, L., Taghizadeh-Hesary, F., & Mohsin, M. (2023). Role of artificial intelligence on 
green economic development: Joint determinates of natural resources and green 
total factor productivity. Resources Policy, 82, Article 103508. https://doi.org/ 
10.1016/j.resourpol.2023.103508

Chen, L., Bai, X., Chen, B., & Wang, J. (2022). Incentives for green and low-carbon 
technological innovation of enterprises under environmental regulation: from the 
perspective of evolutionary game. Frontiers in Energy Research, 9, Article 793667. 
https://doi.org/10.3389/fenrg.2021.793667

Cheng, P., Zhang, J., Chen, J., Zheng, Y., & Li, Z. (2024). Stakeholder attention and 
ambidextrous green innovation: Evidence from China. Business Strategy and the 
Environment, 31(4), 1358–1368. https://doi.org/10.1002/bse.2959

Cheng, Y., & Yao, X. (2021). Carbon intensity reduction assessment of renewable energy 
technology innovation in China: A panel data model with cross-section dependence 
and slope heterogeneity. Renewable and Sustainable Energy Reviews, 135, Article 
110157. https://doi.org/10.1016/j.rser.2020.110157

Chu, Y., Tian, X., & Wang, W. (2019). Corporate innovation along the supply chain. 
Management Science, 65(6), 2445–2466. https://doi.org/10.1287/mnsc.2017.2924

Conti, C., Mancusi, M. L., Sanna-Randaccio, F., Sestini, R., & Verdolini, E. (2018). 
Transition towards a green economy in Europe: Innovation and knowledge 
integration in the renewable energy sector. Research Policy, 47(10), 1996–2009. 
https://doi.org/10.1016/j.respol.2018.07.007

Ding, J., Liu, B., Wang, J., Qiao, P., & Zhu, Z. (2023). Digitalization of the business 
environment and innovation efficiency of Chinese ICT firms. Journal of 
Organizational and End User Computing, 35(3), 1–25. https://doi.org/10.4018/ 
JOEUC.327365

Dong, T., Yin, S., & Zhang, N. (2023). The interaction mechanism and dynamic evolution 
of digital green innovation in the integrated green building supply chain. Systems, 11 
(3), 122. https://doi.org/10.3390/systems11030122

Dong, Z., Liu, H., & Zhang, W. (2024). The effect of information disclosure on low-carbon 
innovation. Energy, 288, Article 129819. https://doi.org/10.1016/j. 
energy.2023.129819

Du, K., & Li, J. (2019). Towards a green world: How do green technology innovations 
affect total-factor carbon productivity. Energy Policy, 131, 240–250. https://doi.org/ 
10.1016/j.enpol.2019.04.033

Fabrizi, A., Guarini, G., & Meliciani, V. (2018). Green patents, regulatory policies and 
research network policies. Research Policy, 47(6), 1018–1031. https://doi.org/ 
10.1016/j.respol.2018.03.005

Fang, X., & Liu, M. (2024). How does the digital transformation drive digital technology 
innovation of enterprises? Evidence from enterprise’s digital patents. Technological 
Forecasting and Social Change, 204, Article 123428. https://doi.org/10.1016/j. 
techfore.2024.123428

Fowlie, M., Reguant, M., & Ryan, S. P. (2016). Market-based emissions regulation and 
industry dynamics. Journal of Political Economy, 124(1), 249–302. https://doi.org/ 
10.1086/684484

Freeman, K. M. (2025). Overlapping ownership along the supply chain. Journal of 
Financial and Quantitative Analysis, 60(1), 105–134. https://doi.org/10.1017/ 
S0022109023001266

Galbraith, J. (1974). Organization design: An information processing view. Interfaces, 4 
(3), 28–36. https://doi.org/10.1287/inte.4.3.28

Gallucci, C., Santulli, R., & Lagasio, V. (2022). The conceptualization of environmental, 
social and governance risks in portfolio studies A systematic literature review. Socio- 

Economic Planning Sciences, 84, Article 101382. https://doi.org/10.1016/j. 
seps.2022.101382

Ghasemaghaei, M., & Calic, G. (2020). Assessing the impact of big data on firm 
innovation performance: Big data is not always better data. Journal of Business 
Research, 108, 147–162. https://doi.org/10.1016/j.jbusres.2019.09.062

Goldfarb, A., & Tucker, C. (2019). Digital economics. Journal of Economic Literature, 57 
(1), 3–43. https://doi.org/10.1257/jel.20171452

Goldsmith-Pinkham, P., Sorkin, I., & Swift, H. (2020). Bartik instruments: What, when, 
why, and how. American Economic Review, 110(8), 2586–2624. https://doi.org/ 
10.1257/aer.20181047

Groote, D. O., & Verboven, F. (2019). Subsidies and time discounting in new technology 
adoption: Evidence from solar photovoltaic systems. American Economic Review, 109 
(6), 2137–2172. https://doi.org/10.1257/aer.20161343

Gu, J. (2025). Did supply chain digitization contribute to corporate green energy 
innovation? The mediating role of asset receivable management and policy 
spillovers. Energy Economics, 143, Article 108274. https://doi.org/10.1016/j. 
eneco.2025.108274

Haas, R., Martin, R., Muûls, M., & Schweiger, S. (2025). Managerial and financial 
barriers to the green transition. Management Science, 71(4), 2751–3636. https://doi. 
org/10.1287/mnsc.2023.00772

Han, H., & Jiang, T. (2025). Ownership structure dynamics and corporate innovation 
capacity. Finance Research Letters, 80, Article 107422. https://doi.org/10.1016/j. 
frl.2025.107422

Han, L., Xie, C., Jin, J., & Zhao, Y. (2023). Effect of low-carbon innovation on carbon risk: 
International firm-level investigation. International Review of Financial Analysis, 90, 
Article 102912. https://doi.org/10.1016/j.irfa.2023.102912

Hong, J., Zheng, R., Deng, H., & Zhou, Y. (2019). Green supply chain collaborative 
innovation, absorptive capacity and innovation performance: Evidence from China. 
Journal of Cleaner Production, 241, Article 118377. https://doi.org/10.1016/j. 
jclepro.2019.118377

Hu, R., Cai, T., & Xu, W. (2024). An evolutionary view on China’s markets for 
technology: Evidence from patent trades. Sage Open, 10. https://doi.org/10.1177/ 
21582440241305203

Huang, X., Liu, W., Zhang, Z., Zou, X., & Li, P. (2023). Quantity or quality: 
Environmental legislation and corporate green innovations. Ecological Economics, 
204, Article 107684. https://doi.org/10.1016/j.ecolecon.2022.107684

Jiao, H., Yang, J., & Cui, Y. (2022). Institutional pressure and open innovation: the 
moderating effect of digital knowledge and experience-based knowledge. Journal of 
Knowledge Management, 26(10), 2499–2527. https://doi.org/10.1108/JKM-01- 
2021-0046

Khan, S. A. R., Yu, Z., & Umar, M. (2021). How environmental awareness and corporate 
social responsibility practices benefit the enterprise? An empirical study in the 
context of emerging economy. Management of Environmental Quality: An International 
Journal, 32(5), 863–885. https://doi.org/10.1108/MEQ-08-2020-0178

Khan, W. Z., Rehman, M. H., Zangoti, H. M., Afzal, M. K., Armi, N., & Salah, K. (2020). 
Industrial internet of things: Recent advances, enabling technologies and open 
challenges. Computers & Electrical Engineering, 81, Article 106522. https://doi.org/ 
10.1016/j.compeleceng.2019.106522

Kiel, D., Arnold, C., & Voigt, K. (2017). The influence of the Industrial Internet of Things 
on business models of established manufacturing companies – A business level 
perspective. Technovation, 68, 4–19. https://doi.org/10.1016/j. 
technovation.2017.09.003

Kim, J. Y., & Steensma, H. K. (2017). Employee mobility, spin-outs, and knowledge spill- 
in: How incumbent firms can learn from new ventures. Strategic Management Journal, 
38(8), 1626–1645. https://doi.org/10.1002/smj.2625

Krass, D., Nedorezov, T., & Ovchinnikov, A. (2013). Environmental taxes and the choice 
of green technology. Production and Operations Management, 22(5), 1035–1055. 
https://doi.org/10.1111/poms.12023

Laforet, S. (2013). Organizational innovation outcomes in SMEs: Effects of age, size, and 
sector. Journal of World Business, 48(4), 490–502. https://doi.org/10.1016/j. 
jwb.2012.09.005

Leary, M. T., & Roberts, M. R. (2014). Do peer firms affect corporate financial policy? The 
Journal of Finance, 69(1), 139–178. https://doi.org/10.1111/jofi.12094

Lenka, S., Parida, V., & Wincent, J. (2017). Digitalization capabilities as enablers of value 
co-creation in servitizing firms. Psychology and Marketing, 34(1), 92–100. https:// 
doi.org/10.1002/mar.20975

Lewbel, A. (1997). Constructing instruments for regressions with measurement error 
when no additional data are available, with an application to patents and R&D. 
Econometrica: journal of the econometric society, 65(5), 1201–1213. https://doi.org/ 
10.2307/2171884

Li, Y., Li, N., & Li, Z. (2023). Evolution of carbon emissions in China’s digital economy: 
An empirical analysis from an entire industry chain perspective. Journal of Cleaner 
Production, 414, Article 137419. https://doi.org/10.1016/j.jclepro.2023.137419

Lian, G., Xu, A., & Zhu, Y. (2022). Substantive green innovation or symbolic green 
innovation? The impact of ER on enterprise green innovation based on the dual 
moderating effects. Journal of Innovation & Knowledge, 7(3), Article 100203. https:// 
doi.org/10.1016/j.jik.2022.100203

Liu, C., Fang, J., & Xie, R. (2021). Energy policy and corporate financial performance: 
Evidence from China’s 11th five-year plan. Energy Economics, 93, Article 105030. 
https://doi.org/10.1016/j.eneco.2020.105030

Lobschat, L., Mueller, B., Eggers, F., Brandimarte, L., Diefenbach, S., Kroschke, M., & 
Wirtz, J. (2021). Corporate digital responsibility. Journal of Business Research, 122, 
875–888. https://doi.org/10.1016/j.jbusres.2019.10.006

Luo, S., Xiong, Z., & Liu, J. (2024). How does supply chain digitization affect green 
innovation? Evidence from a quasi-natural experiment in China. Energy Economics, 
136, Article 107745. https://doi.org/10.1016/j.eneco.2024.107745

N. Chen et al.                                                                                                                                                                                                                                    Journal of Innovation & Knowledge 10 (2025) 100801 

20 

https://doi.org/10.1257/aer.20160696
https://doi.org/10.1108/JEDT-02-2021-0099
https://doi.org/10.7208/chicago/9780226613475.003.0009
https://doi.org/10.1016/j.eneco.2024.107424
https://doi.org/10.1016/j.enpol.2017.04.016
https://doi.org/10.1016/j.enpol.2017.04.016
https://doi.org/10.1016/j.jbusres.2020.10.003
https://doi.org/10.1504/IJTM.2002.003074
https://doi.org/10.1093/restud/rdab030
https://doi.org/10.1093/restud/rdab030
https://doi.org/10.1111/jpim.12656
https://doi.org/10.1111/jpim.12656
https://doi.org/10.1257/jep.14.4.23
https://doi.org/10.1016/j.resourpol.2023.103508
https://doi.org/10.1016/j.resourpol.2023.103508
https://doi.org/10.3389/fenrg.2021.793667
https://doi.org/10.1002/bse.2959
https://doi.org/10.1016/j.rser.2020.110157
https://doi.org/10.1287/mnsc.2017.2924
https://doi.org/10.1016/j.respol.2018.07.007
https://doi.org/10.4018/JOEUC.327365
https://doi.org/10.4018/JOEUC.327365
https://doi.org/10.3390/systems11030122
https://doi.org/10.1016/j.energy.2023.129819
https://doi.org/10.1016/j.energy.2023.129819
https://doi.org/10.1016/j.enpol.2019.04.033
https://doi.org/10.1016/j.enpol.2019.04.033
https://doi.org/10.1016/j.respol.2018.03.005
https://doi.org/10.1016/j.respol.2018.03.005
https://doi.org/10.1016/j.techfore.2024.123428
https://doi.org/10.1016/j.techfore.2024.123428
https://doi.org/10.1086/684484
https://doi.org/10.1086/684484
https://doi.org/10.1017/S0022109023001266
https://doi.org/10.1017/S0022109023001266
https://doi.org/10.1287/inte.4.3.28
https://doi.org/10.1016/j.seps.2022.101382
https://doi.org/10.1016/j.seps.2022.101382
https://doi.org/10.1016/j.jbusres.2019.09.062
https://doi.org/10.1257/jel.20171452
https://doi.org/10.1257/aer.20181047
https://doi.org/10.1257/aer.20181047
https://doi.org/10.1257/aer.20161343
https://doi.org/10.1016/j.eneco.2025.108274
https://doi.org/10.1016/j.eneco.2025.108274
https://doi.org/10.1287/mnsc.2023.00772
https://doi.org/10.1287/mnsc.2023.00772
https://doi.org/10.1016/j.frl.2025.107422
https://doi.org/10.1016/j.frl.2025.107422
https://doi.org/10.1016/j.irfa.2023.102912
https://doi.org/10.1016/j.jclepro.2019.118377
https://doi.org/10.1016/j.jclepro.2019.118377
https://doi.org/10.1177/21582440241305203
https://doi.org/10.1177/21582440241305203
https://doi.org/10.1016/j.ecolecon.2022.107684
https://doi.org/10.1108/JKM-01-2021-0046
https://doi.org/10.1108/JKM-01-2021-0046
https://doi.org/10.1108/MEQ-08-2020-0178
https://doi.org/10.1016/j.compeleceng.2019.106522
https://doi.org/10.1016/j.compeleceng.2019.106522
https://doi.org/10.1016/j.technovation.2017.09.003
https://doi.org/10.1016/j.technovation.2017.09.003
https://doi.org/10.1002/smj.2625
https://doi.org/10.1111/poms.12023
https://doi.org/10.1016/j.jwb.2012.09.005
https://doi.org/10.1016/j.jwb.2012.09.005
https://doi.org/10.1111/jofi.12094
https://doi.org/10.1002/mar.20975
https://doi.org/10.1002/mar.20975
https://doi.org/10.2307/2171884
https://doi.org/10.2307/2171884
https://doi.org/10.1016/j.jclepro.2023.137419
https://doi.org/10.1016/j.jik.2022.100203
https://doi.org/10.1016/j.jik.2022.100203
https://doi.org/10.1016/j.eneco.2020.105030
https://doi.org/10.1016/j.jbusres.2019.10.006
https://doi.org/10.1016/j.eneco.2024.107745


Mubarak, M. F., Tiwari, S., Petraite, M., Mubarik, M., & Rasi, Z. R. (2021). How Industry 
4.0 technologies and open innovation can improve green innovation performance? 
Management of Environmental Quality, 32(5), 1007–1022. https://doi.org/10.1108/ 
MEQ-11-2020-0266

Nguyen, H., Onofrei, G., Truong, D., & Lockrey, S. (2020). Customer green orientation 
and process innovation alignment: a configuration approach in the global 
manufacturing industry. Business Strategy and the Environment, 29, 2498–2513. 
https://doi.org/10.1002/bse.2516

Pan, X., Cao, Y., Pan, X., & Uddin, M. K. (2021). The cleaner production technology 
innovation effect of environmental regulation policy: evidence from China. 
Management of Environmental Quality: An International Journal, 32(4), 737–751. 
https://doi.org/10.1108/MEQ-10-2020-0227

Popp, D., Hafner, T., & Johnstone, N. (2011). Environmental policy vs. public pressure: 
Innovation and diffusion of alternative bleaching technologies in the pulp industry. 
Research Policy, 40(9), 1253–1268. https://doi.org/10.1016/j.respol.2011.05.018

Porter, M. (1991). America’s green strategy. Scientific American, 264(4), 168. https://doi. 
org/10.1038/scientificamerican0491-168

Porter, M. E., & Heppelmann, J. E. (2014). How smart, connected products are 
transforming competition. Harvard Business Review, 92(11), 64–88.

Quttainah, M. A., & Ayadi, I. (2024). The impact of digital integration on corporate 
sustainability: Emissions reduction, environmental innovation, and resource 
efficiency in the European. Journal of Innovation & Knowledge, 9(3), Article 100525. 
https://doi.org/10.1016/j.jik.2024.100525

Ren, X., & Ren, Y. (2024). Public environmental concern and corporate ESG 
performance. Finance Research Letters, 61, Article 104991. https://doi.org/10.1016/ 
j.frl.2024.104991

Sahoo, S., Kumar, A., & Upadhyay, A. (2023). How do green knowledge management and 
green technology innovation impact corporate environmental performance? 
Understanding the role of green knowledge acquisition. Business Strategy and the 
Environment, 32(1), 551–569. https://doi.org/10.1002/bse.3160

Seo, H. (2021). Peer effects in corporate disclosure decisions. Journal of Accounting and 
Economics, 71(1), Article 101364. https://doi.org/10.1016/j.jacceco.2020.101364

Shao, S., Hu, Z., Cao, J., Yang, L., & Guan, D. (2020). Environmental regulation and 
enterprise innovation: A review. Business Strategy and the Environment, 29(3), 
1465–1478. https://doi.org/10.1002/bse.2446

Solaimani, S., & Veen, J. (2022). Open supply chain innovation: an extended view on 
supply chain collaboration. Supply Chain Management: An International Journal, 27 
(5), 597–610. https://doi.org/10.1108/SCM-09-2020-0433

Sun, Y. (2024). Digital transformation and corporates’ green technology innovation 
performance–The mediating role of knowledge sharing. Finance Research Letters, 62, 
Article 105105. https://doi.org/10.1016/j.frl.2024.105105

Sun, Z., Sun, X., Wang, L., & Wang, W. (2025). Substantive transformation or strategic 
response? The impact of a negative social responsibility performance gap on green 
merger and acquisition of heavily polluting firms. Journal of Environmental Planning 
and Management, 68(6), 1238–1262. http://doi.org/10.1080/09640568.2023.22 
85727.

Tan, Y. (2014). Transparency without democracy: The unexpected effects of China’s 
environmental disclosure policy. Governance, 27, 37–62. https://doi.org/10.1111/ 
gove.12018

Tian, H., Zhao, L., Li, Y., & Wang, W. (2023). Can enterprise green technology innovation 
performance achieve “corner overtaking” by using artificial intelligence?—Evidence 
from Chinese manufacturing enterprises. Technological Forecasting and Social Change, 
194, Article 122732. https://doi.org/10.1016/j.techfore.2023.122732

Tian, X., & Li, R. (2022). Digital technology empowers the transformation and 
development of real economy–an analytical framework based on Schumpeter’s 
endogenous growth theory. Journal of Management World, 38(05), 56–74. https:// 
doi.org/10.19744/j.cnki.11-1235/f.2022.0076

Wang, K., Wen, C., Xu, B., & Li, X. (2024). Receiver or transmitter? Unlocking the role of 
green technology innovation in sustainable development, energy, and carbon 
markets. Technology in Society, 79, Article 102703. https://doi.org/10.1016/j. 
techsoc.2024.102703

Wang, N., Hong, Y., & Guo, Z. (2025a). Research on the nonlinear effects of technological 
progress on output of manufacturing firms. Journal of Innovation & Knowledge, 10(3), 
Article 100692. https://doi.org/10.1016/j.jik.2025.100692

Wang, S., Liu, Q., & Chen, Y. (2022). Independent research and development, technology 
accumulation and innovation performance: Evidence from China’s pharmaceutical 
manufacturing industry. Plos One, 17(4), Article 266768. https://doi.org/10.1371/ 
journal.pone.0266768

Wang, X., Qin, C., Liu, Y., Tanasescu, C., & Bao, J. (2023). Emerging enablers of green 
low-carbon development: Do digital economy and open innovation matter? Energy 
Economics, 127, Article 107065. https://doi.org/10.1016/j.eneco.2023.107065

Wang, X., Wang, K., Xu, B., & Jin, W. (2025b). Digitalisation and technological 
innovation: panaceas for sustainability? International Journal of Production Research, 
63(16), 6071–6088. https://doi.org/10.1080/00207543.2025.2468883

Wu, Q., Qalati, S. A., Hussain, R. Y., Irshad, H., Tajeddini, K., Siddique, F., & 
Gamage, T. C. (2023). The effects of enterprises’ attention to digital economy on 
innovation and cost control: Evidence from A-stock market of China. Journal of 
Innovation & Knowledge, 8(4), Article 100415. https://doi.org/10.1016/j. 
jik.2023.100415

Xiao, Y., Duan, Y., Zhou, H., & Han, X. (2025). Has digital technology innovation 
improved urban total factor energy efficiency? — Evidence from 282 prefecture- 
level cities in China. Journal of Environmental Management, 378, Article 124784. 
https://doi.org/10.1016/j.jenvman.2025.124784

Xie, X., & Guo, K. (2024). How does productive service agglomeration promote 
manufacturing servitisation from an innovation perspective? International Review of 
Financial Analysis, 92, Article 103091. https://doi.org/10.1016/j.irfa.2024.103091

Xie, X., & Wang, M. (2025a). Firms’ digital capabilities and green collaborative 
innovation: The role of green relationship learning. Journal of Innovation & 
Knowledge, 10(2), Article 100663. https://doi.org/10.1016/j.jik.2025.100663

Xie, X., & Wang, M. (2025b). Dark side of green subsidies: Do green subsidies to a focal 
firm crowd out peers’ green innovation? Technovation, 143, Article 103221. https:// 
doi.org/10.1016/j.technovation.2025.103221

Xiong, Q., Yang, J., Zhang, X., Deng, Y., Gui, Y., & Guo, X. (2025). The influence of 
digital transformation on the total factor productivity of enterprises: the 
intermediate role of human-machine cooperation. Journal of Innovation & Knowledge, 
10(4), Article 100736. https://doi.org/10.1016/j.jik.2025.100736

Xu, A., Zhu, Y., & Wang, W. (2023). Micro green technology innovation effects of green 
finance pilot policy—From the perspectives of action points and green value. Journal 
of Business Research, 159, Article 113724. https://doi.org/10.1016/j. 
jbusres.2023.113724

Xue, C., & Wang, J. (2025). Artificial intelligence adoption and radical green innovation: 
exploring the role of digital resilience and command-and-control environmental 
regulation. Journal of Enterprise Information Management. https://doi.org/10.1108/ 
JEIM-07-2024-0383

Yin, S., Zhang, N., & Li, B. (2020). Enhancing the competitiveness of multi-agent 
cooperation for green manufacturing in China: An empirical study of the measure of 
green technology innovation capabilities and their influencing factors. Sustainable 
Production and Consumption, 23, 63–76. https://doi.org/10.1016/j.spc.2020.05.003

Yin, S., Zhang, N., Li, B., & Dong, H. (2021). Enhancing the effectiveness of multi-agent 
cooperation for green manufacturing: Dynamic co-evolution mechanism of a green 
technology innovation system based on the innovation value chain. Environmental 
Impact Assessment Review, 86, Article 106475. https://doi.org/10.1016/j. 
eiar.2020.106475

Yin, S., & Zhao, Y. (2024). Digital green value co-creation behavior, digital green 
network embedding and digital green innovation performance: moderating effects of 
digital green network fragmentation. Humanities and Social Sciences Communications, 
11(1), 228. https://doi.org/10.1057/s41599-024-02691-5

Yu, F., & Chen, J. (2023). The impact of industrial internet platform on green innovation: 
Evidence from a quasi-natural experiment. Journal of Cleaner Production, 414, Article 
137645. https://doi.org/10.1016/j.jclepro.2023.137645

Yuan, S., & Pan, X. (2023). Inherent mechanism of digital technology application 
empowered corporate green innovation: Based on resource allocation perspective. 
Journal of Environmental Management, 345, Article 118841. https://doi.org/10.1016/ 
j.jenvman.2023.118841

Zhang, J., Yang, S., & Wang, Y. (2024a). How does the level of enterprise digitalization 
affect value creation and realization? Testing of the dual path of "based on 
breakthrough" and "tending to compliance". Plos One, 19(6), Article 0305078. 
https://doi.org/10.1371/journal.pone.0305078

Zhang, X., Shi, Y., & Meng, L. (2024b). Research on the mechanism and path of the 
coupling of digital technology and environmental regulation to promote urban green 
efficiency. Sustainable Cities and Society, 116, Article 105906. https://doi.org/ 
10.1016/j.scs.2024.105906

Zhang, X., Xu, Y., & Ma, L. (2023). Information technology investment and digital 
transformation: the roles of digital transformation strategy and top management. 
Business Process Management Journal, 29(2), 528–549. https://doi.org/10.1108/ 
BPMJ-06-2022-0254

Zhao, H., Xu, G., Liu, L., Shi, C., & Zhao, H. (2023a). Low-carbon technology innovation 
decision making of manufacturing companies in the industrial internet platform 
ecosystem. Sustainability, 15(4), 3555. https://doi.org/10.3390/su15043555

Zhao, J., Qu, J., Jiang, W., & Yin, H. (2023b). The effects of institutional investors on 
firms’ green innovation. Journal of Product Innovation Management, 40(2), 195–230. 
https://doi.org/10.1111/jpim.12652

Zhao, X., & Li, S. (2025). Artificial intelligence and public environmental concern: 
Impacts on green innovation transformation in energy-intensive enterprises. Energy 
Policy, 198, Article 114469. https://doi.org/10.1016/j.enpol.2024.114469

Zhao, X., & Qian, Y. (2024). Does digital technology promote green innovation 
performance? Journal of the Knowledge Economy, 15(2), 7568–7587. https://doi.org/ 
10.1007/s13132-023-01410-w

N. Chen et al.                                                                                                                                                                                                                                    Journal of Innovation & Knowledge 10 (2025) 100801 

21 

https://doi.org/10.1108/MEQ-11-2020-0266
https://doi.org/10.1108/MEQ-11-2020-0266
https://doi.org/10.1002/bse.2516
https://doi.org/10.1108/MEQ-10-2020-0227
https://doi.org/10.1016/j.respol.2011.05.018
https://doi.org/10.1038/scientificamerican0491-168
https://doi.org/10.1038/scientificamerican0491-168
http://refhub.elsevier.com/S2444-569X(25)00146-5/sbref0058
http://refhub.elsevier.com/S2444-569X(25)00146-5/sbref0058
https://doi.org/10.1016/j.jik.2024.100525
https://doi.org/10.1016/j.frl.2024.104991
https://doi.org/10.1016/j.frl.2024.104991
https://doi.org/10.1002/bse.3160
https://doi.org/10.1016/j.jacceco.2020.101364
https://doi.org/10.1002/bse.2446
https://doi.org/10.1108/SCM-09-2020-0433
https://doi.org/10.1016/j.frl.2024.105105
http://doi.org/10.1080/09640568.2023.2285727
http://doi.org/10.1080/09640568.2023.2285727
https://doi.org/10.1111/gove.12018
https://doi.org/10.1111/gove.12018
https://doi.org/10.1016/j.techfore.2023.122732
https://doi.org/10.19744/j.cnki.11-1235/f.2022.0076
https://doi.org/10.19744/j.cnki.11-1235/f.2022.0076
https://doi.org/10.1016/j.techsoc.2024.102703
https://doi.org/10.1016/j.techsoc.2024.102703
https://doi.org/10.1016/j.jik.2025.100692
https://doi.org/10.1371/journal.pone.0266768
https://doi.org/10.1371/journal.pone.0266768
https://doi.org/10.1016/j.eneco.2023.107065
https://doi.org/10.1080/00207543.2025.2468883
https://doi.org/10.1016/j.jik.2023.100415
https://doi.org/10.1016/j.jik.2023.100415
https://doi.org/10.1016/j.jenvman.2025.124784
https://doi.org/10.1016/j.irfa.2024.103091
https://doi.org/10.1016/j.jik.2025.100663
https://doi.org/10.1016/j.technovation.2025.103221
https://doi.org/10.1016/j.technovation.2025.103221
https://doi.org/10.1016/j.jik.2025.100736
https://doi.org/10.1016/j.jbusres.2023.113724
https://doi.org/10.1016/j.jbusres.2023.113724
https://doi.org/10.1108/JEIM-07-2024-0383
https://doi.org/10.1108/JEIM-07-2024-0383
https://doi.org/10.1016/j.spc.2020.05.003
https://doi.org/10.1016/j.eiar.2020.106475
https://doi.org/10.1016/j.eiar.2020.106475
https://doi.org/10.1057/s41599-024-02691-5
https://doi.org/10.1016/j.jclepro.2023.137645
https://doi.org/10.1016/j.jenvman.2023.118841
https://doi.org/10.1016/j.jenvman.2023.118841
https://doi.org/10.1371/journal.pone.0305078
https://doi.org/10.1016/j.scs.2024.105906
https://doi.org/10.1016/j.scs.2024.105906
https://doi.org/10.1108/BPMJ-06-2022-0254
https://doi.org/10.1108/BPMJ-06-2022-0254
https://doi.org/10.3390/su15043555
https://doi.org/10.1111/jpim.12652
https://doi.org/10.1016/j.enpol.2024.114469
https://doi.org/10.1007/s13132-023-01410-w
https://doi.org/10.1007/s13132-023-01410-w

	Enhancing enterprises’ green and low-carbon innovation through digital technology embeddedness: From passive response to ac ...
	Introduction
	Literature review
	GCI
	DTE and GCI

	Theoretical analysis and research hypothesis
	Theoretical foundations and research framework
	Relationship between DTE and GCI
	Passive response channels (moderating effect)
	Active innovation mechanisms

	Research methodology and data
	Sample and data sources
	Measurement
	Explained variable: GCI
	Explanatory variable: DTE
	Control variables

	Econometrics modeling
	Benchmark regression model
	Moderated effects model
	Mechanism effects model


	Results
	Benchmark regression results
	Endogenous discussions and robustness testing
	Endogenous problem handling
	Replacing the explanatory variable
	Replacing the explained variable
	Replacing the estimation method
	Additional robustness tests

	Discussion of underlying mechanisms
	Channels of passive response (moderating effect)
	Active innovation mechanisms

	Heterogeneity analysis
	Heterogeneity of technology accumulation within enterprises
	Heterogeneity of firm wealth
	Heterogeneity of ESG performance
	Heterogeneity of heavily polluted enterprises

	Further analysis: spillover effects
	Analysis of the peer spillover effect
	Analysis of the supply chain spillover effect


	Discussion and conclusion
	Discussion
	Conclusion
	Practical significance
	Limitations and research prospects

	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgments
	Appendix A Measurement method of digital technology embeddedness
	Appendix B Robustness test results
	References


