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Abstract

:

The rapid development of digital technology has injected new vitality into green technological innovation within manufacturing enterprises. Proper application of digital technology during the innovation process can propel global sustainable development. Using Chinese publicly traded manufacturing firms as a sample, this study employed a constructed digital technology innovation network and OLS models to unveil the mechanisms through which digital technology application affects green technological innovation. This research reveals a significant positive impact of the breadth and depth of digital technology applications on companies’ green technological innovation performance. Green human resource allocation serves as an intermediary in this relationship. Furthermore, the embeddedness and structural embeddedness of the digital technology innovation network play a significantly positive moderating role in the relationship between digital technology applications and green human resource allocation. This discovery provides a theoretical foundation for how companies can harness digital technology to promote green innovation within China’s digital strategy. It aids manufacturing enterprises in optimizing digital technology applications, improving green human resource allocation, and facilitating the development of digital technology innovation networks, advancing more sustainable development and contributing to global environmental goals.
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1. Introduction


Green technology innovation (GTI) has become a central concern for sustainable development in enterprises globally [1,2]. The peak carbon emissions and “carbon neutrality” goals, in particular, are intrinsic requirements for China’s green development and set higher environmental standards for manufacturing companies. This implies that enterprises must proactively reduce carbon emissions, enhance energy efficiency, and make remarkable strides in green innovation [3]. However, worryingly, existing research results indicate that many manufacturing companies exhibit noticeable “compliance” characteristics in their green innovation efforts [4]. Currently, many enterprises only follow the minimum environmental standards and practice passive green innovation inadvertently, which are called “shallow green” green innovation behaviors [5]. These behaviors represent a passive response to local government environmental regulations and fall far short of the high-quality green development required to meet the “dual carbon” goals [6,7]. Therefore, upgrading green innovation strategies and improving GTI performance in enterprises are urgent issues on the path to high-quality green development.



China has proposed the “Digital China” strategy in response to these urgent calls for green innovation. This strategy aims to fully utilize the advantages of digital technology. It comprehensively integrates digital technology applications into various sectors such as the economy, politics, culture, society, and ecological civilization construction, thereby driving industries towards digital transformation [8,9]. The application of digital technology has shown remarkable capabilities and provided strong support for addressing environmental issues, reducing carbon emissions, and achieving sustainable green development in specific domains. This is especially evident in green innovation [10]. It has become a critical lever for attaining the “dual carbon” goals [11,12]. Digitization can help address the issue of the low level of green technology in most manufacturing enterprises. It achieves this by improving the R&D capacity of businesses in green technology. Additionally, it encourages companies to transform from the traditional high-input, high-output, and high-energy consumption to the low-carbon, energy-saving, high-efficiency, and pollution-prevention production [1,2]. Additonally, digital technology, such as big data and AI, can be employed to explore consumer green demands, optimize enterprise resource allocation, reduce costs, and enhance the operational efficiency of enterprises. This can help to resolve the “cost and benefit” of enterprises’ green innovation dilemma and encourage upgrading the enterprise’s green innovation strategies [13,14,15] and the enhancement of innovation performance [16]. Scholars have extensively explored the impact of digital transformation [17,18], digitization [19,20], and the digital economy [1,21] on enterprise GTI. However, the mechanisms through which digital technology applications affect GTI in enterprises remain a “black box”. In implementing the “Digital China” strategy, we must fully recognize the importance of digital technology applications. This is because the widespread use of digital technology provides businesses with more opportunities for innovation and creates critical conditions for enhancing green innovation performance. The implementation of digital technology accelerates data collection, analysis, and sharing, improving efficiency, reducing costs, and aiding in more precise monitoring and control of environmental indicators. This enhances a company’s competitiveness in meeting environmental regulations and offers a new lever for innovation, encouraging the development of greener products and processes. Through digital technology, companies can respond more flexibly to ecological challenges, providing robust support for sustainable development while creating opportunities to stand out in the market. Therefore, delving into and actively adopting digital technology applications to enhance GTI performance have become an inevitable choice for businesses to succeed in the digital age and play a vital role in sustainable development.



Initially, GTI requires companies to possess a strong sense of environmental responsibility and sustainability awareness, both of which rely on the support and participation of employees [22]. Green human resource management (GHRM) includes recruitment, training, and performance evaluation, assisting the company in attracting, nurturing, and motivating employees essential to green innovation [23]. Under the “Digital China” strategy and the digital economy, companies are actively exploring digital technology to address challenges in human resource management activities during the green innovation process. They are redefining and redesigning business scenarios and management processes related to human resource management, leveraging data to enhance connectivity between internal systems and the external environment, thus supporting continuous transformation, innovation, and growth [24]. It is crucial to look into whether GHRM acts as a bridge between the application of digital technology and the innovation of green technology in businesses to better understand how digital technology influences employee behavior and internal green cultures. This will help us understand the practical effects of digital technology applications on GTI.



Furthermore, the embeddedness of digital technology innovation networks (DTINs) may influence the relationship between digital technology applications and GHRM. Digital innovation network embeddedness refers to the extent of connections and cooperation between companies and external participants during digital technology innovation [25]. Digital innovation networks provide companies with a global pool of talent and skills, enabling them to match the specific skills required in green technology flexibly and optimize the efficiency and quality of GHRM [26]. In addition, digital innovation networks can facilitate the organic integration of digital technology with green human resources through cross-industry collaboration and knowledge sharing, thereby promoting sustainable development and environmental protection goals [27]. Hence, understanding how the embeddedness of a digital innovation network moderates the impact of digital technology applications on GHRM is another crucial aspect of this study. The research questions are listed as follows:




	(1)

	
How can companies improve their GTI performance and upgrade their green innovation strategies through digital technology applications?




	(2)

	
What role does GHRM play in the relationship between digital technology applications and GTI performance in companies?




	(3)

	
How does the embeddedness of the DTIN moderate the impact of digital technology applications on GHRM in companies?









To delve deeper into these questions, this paper first presents a theoretical literature review and feasibility design based on digital innovation, resource-based, and social network theories. Subsequently, it focuses on Chinese publicly listed manufacturing companies. Relevant patent data were obtained from the Himmpat database and the SIPO. Financial data for these companies was collected from the Wind database. Python was used to calculate indicators such as the breadth and depth of digital technology applications (DTABDs) and measure the structural and relational embeddedness of the DTIN. Finally, empirical research was conducted using an OLS model. The primary objective was to explore how the application of digital technology directly influences the performance of GTI. The study also aimed to investigate the mediating effects between digital technology applications and the allocation of green human resources. Additionally, it aimed to explore how the embedding of DTIN moderates this relationship. Through these analyses, the study aimed to elucidate further the intricate connections between the mechanisms and influencing factors of digital technology application on the performance of GTI within enterprises. This approach provides a more comprehensive understanding of this critical topic.



The contributions of this study are as follows: (1) This study has constructed a theoretical framework based on the rigid constraints of the “dual carbon” goals and the inevitable requirements of upgrading the green innovation strategy. The framework revolves around “digital technology application (features)—green human resource allocation (capabilities)—GTI performance (outcomes)”. It reveals the impact mechanism of digital technology application on the performance of green technological innovation within businesses. It comprehensively explains the relationship between the scope and depth of digital technology applications and the performance of green technological innovation by examining publicly traded companies’ patent and financial data in China’s manufacturing sector. These research findings will assist businesses in gaining a better understanding of how digital technology can play a proactive role in driving green innovation, offering crucial guidance for developing more effective green innovation strategies and driving the upgrading of green innovation strategies for enterprises.



(2) This study delves into the mediating role of green human resource allocation in the relationship between digital technology applications and green technological innovation. By analyzing employee participation in green technological innovation, a more comprehensive understanding of how businesses can support the successful implementation of digital technology applications through the reasonable allocation of human resources is gained. Specifically, it offers a more refined approach to optimizing employee recruitment, training, and incentive strategies to better meet the needs of green innovation. Managers can have a more comprehensive understanding of employee participation in green technological innovation, aligning their skills and interests to ensure they effectively support the successful implementation of digital technology. Moreover, these research findings aid in enhancing employee job satisfaction and engagement, as employees recognize the significance of their work in achieving green innovation and sustainable development goals, thereby attracting and retaining high-quality employees and further enhancing the competitiveness of enterprises.



(3) This study introduces the concept of embeddedness in the DTIN. It explores its moderating role in the relationship between digital technology applications and green human resource allocation. By studying how digital innovation networks impact the influence of digital technology applications on green human resource allocation, a more comprehensive understanding of the complex relationship between digital technology applications and green innovation is achieved. This discovery provides businesses with a broader range of strategic choices. It encourages them to engage in DTIN actively, fostering collaborative relationships to obtain valuable knowledge and resources. This contributes to developing digital innovation networks, promotes cross-sector collaboration, and facilitates knowledge sharing. Furthermore, businesses can better identify key partners and resources within the DTIN, ensuring that the relationship between digital technology applications and green innovation is mutually beneficial. Ultimately, this helps businesses advance sustainable development and environmental goals while enhancing their competitiveness in the digital age.



This paper is structured as follows: Section 2 summarizes existing research, outlining the research hypotheses. Section 3 covers research design, encompassing data sources, indicator selection, and the modeling process. In Section 4, we delve into the mechanisms through theoretical and empirical lenses, exploring the impacts of digital technology application, green human resource allocation, digital innovation network embedding, and green innovation performance. Section 5 discusses the research findings and presents the limitations. Finally, Section 6 concludes the main findings of this research.




2. Theoretical Foundation and Research Hypotheses


2.1. Digital Technology Application and Green Innovation Performance


Digital technology includes computer programming, big data, cloud computing, AI, the Internet of Things, virtual reality, and blockchain [28]. Digital technology enables data to be managed, analyzed, and utilized more efficiently, promoting innovation, automation, and intelligence [29]. The rise and application of digital technology have brought about significant transformations in a company’s production, services, and business models [30]. Companies create competitive advantages by acquiring and adopting advanced digital technology to navigate the unpredictable market environment. Some technologies may disrupt a company’s activities, such as research, development, and production [31,32]. Therefore, scholars have extensively researched digital technology applications from various perspectives. For instance, Mackert et al. (2016) [33] defined digital technology application from a legal perspective as using digital technology in manufacturing for product and service innovation. Shen (2021) [34] considered digital technology applications as the avenue for enterprises to develop digital technology and transform the potential of digital technology applications into technological breadth and depth. Shi (2023) [35] viewed digital technology applications as using digital components, infrastructure, and platforms to provide new business development. Although scholars have diverse definitions of digital technology application, they generally agree that “enterprise digital technology application refers to the process of applying various digital technologies, tools, and methods to improve operational efficiency, innovate products and services, optimize business processes, enhance customer experiences, thereby achieving corporate objectives and enhancing competitiveness”.



As scholars deepen their understanding of the concept of digital technology application, they have extensively explored the consequences of digital technology application. Yoo (2012) [36] believed that digital technology innovation is self-generating, continuously improving, and changing through digital technology. New technological resources are continually acquired and created. Usai (2021) [37] argued that the most commonly used digital technologies have a minimal impact on a company’s innovation performance because innovation results from creativity and sustained R&D efforts. Blichfeldt (2021) [38], when exploring the impact of digital technology applications on a company’s product and service innovation performance, divided digital technology applications into two dimensions—breadth and depth—and separately explained the impact of these two dimensions on innovation performance. While scholars have widely explored how digital technology applications affect innovation, few have focused on how digital technology applications affect green innovation performance. In the era of the digital economy, digital technology applications are increasingly becoming critical factors for companies to achieve GTI performance [1]. Increasingly, more companies are incorporating digital technology into their green innovation strategies to achieve goals related to resource efficiency, environmental technology innovation, and sustainability [39,40]. Companies using digital technology can better optimize resource allocation, reduce waste, increase production efficiency, and thus achieve both economic and environmental benefits.



Regarding the breadth of digital technology applications, extensive applications allow companies to comprehensively examine and optimize their resource utilization, helping them adjust their strategies and actions quickly, reduce environmental risks, and enhance green performance [41]. For example, by using digital technology to construct a visual resource management system, companies can accurately understand the utilization of resources [42], identify waste and inefficiencies, reduce resource consumption, and improve green efficiency by improving processes and implementing environmental measures [43]. Furthermore, the breadth of digital technology applications promotes collaboration and innovation across departments and fields [44]. Information and data from different domains can be integrated, facilitating new insights and innovative thinking. Therefore, this study proposes the following hypothesis:



Hypothesis H1a.

The breadth of digital technology applications positively impacts a company’s green innovation performance.





In terms of the depth of digital technology application, the deep application allows companies to conduct more detailed data analysis, identify opportunities and challenges for green innovation more accurately [45], and formulate and adjust green innovation strategies more precisely. In addition, digital simulation and simulation technology enable companies to test and validate green innovation ideas at a lower cost, reducing resource waste during experimentation [46]. Deep digital technology applications also promote intelligent optimization of internal processes within companies, improving resource utilization efficiency and energy conservation [47]. These deep digital technology applications provide more entry points and opportunities for green innovation and strengthen a company’s competitiveness in the green sector and its potential for sustainable development. Therefore, this study proposes the following hypothesis:



Hypothesis H1b.

The depth of digital technology application positively impacts a company’s green innovation performance.






2.2. The Mediating Role of Green Human Resource Allocation in the Relationship between Corporate Digital Technology Application and Green Innovation Performance


Green human resource allocation is crucial in today’s corporate sustainable development strategies [23]. As global environmental issues escalate and society’s focus on sustainability intensifies, companies are no longer solely concerned with short-term economic benefits. Instead, they emphasize long-term sustainability. In this context, green human resource allocation has become a prominent issue. It involves possessing, nurturing, and managing a workforce with environmental awareness and professional skills to drive companies toward green innovation and sustainable development goals [48]. Previous research has shown that green human resource allocation plays a significant role in a company’s sustainable development, market competitiveness, reputation and brand building, cost control, and efficiency improvement [48,49,50]. It is significant in green innovation and environmental protection. Additionally, it is an indispensable part of achieving sustainable development goals. Therefore, to support sustainable development, companies should highly prioritize green human resource allocation, formulate corresponding strategies and policies to ensure that employees’ expertise and skills in the green domain are fully developed and applied [49], promote technological innovation, assist companies in reducing their dependence on finite resources, and facilitate the implementation of a circular economy model [51].



Green human resource allocation profoundly affects a company’s green innovation performance. Firstly, green human resource allocation enhances the efficiency and quality of green innovation [49,50]. Employees with green expertise and skills are better equipped to understand and apply environmental standards and regulations, enabling them to adapt more quickly to the development of ecological technologies [48,52]. They can actively participate in the R&D of green products and services, drive the emergence of new environmental solutions, and improve the quality of green innovation to ensure that a company’s green products and services meet high eco-friendly standards. Secondly, green human resource allocation helps reduce the risks associated with green innovation. In the process of green innovation, challenges such as technological uncertainty, market risks, and regulatory changes may be faced [10]. Employees with green expertise can better identify and manage these risks, develop effective response strategies, and reduce the risk of failure in green innovation projects [53]. They are aware of the latest developments in environmental technology. They can better adapt to changes in market demand, thereby enhancing a company’s flexibility and adaptability in green innovation.



Additionally, green human resource allocation encourages employees to participate and innovate more actively [49]. Employees with environmental expertise are inclined to actively engage in green innovation projects, propose new ecological ideas and solutions, and drive the development of green innovation [54]. They take pride in the company’s green mission. They are more motivated to contribute their wisdom and creativity to green innovation, accelerating its progress.



The DTABD has significant effects on green human resource allocation. With the continuous acceleration of implementing the Digital China strategy and the enterprise’s digital transformation advancement, companies increasingly rely on the DTABD for green innovation and environmental protection [55]. Firstly, the increase in the breadth of digital technology may expand the demand for green human resource allocation. With the widespread application of digital technology in production, supply chains, and environmental monitoring, companies need more employees with knowledge and skills in digital technology [56]. These employees can better understand and apply digital tools to support the development and application of environmental technologies. Secondly, the increase in the depth of digital technology places higher demands on green human resource allocation. Deep digital technology applications typically involve advanced technologies such as data analysis, AI, and the Internet of Things, which have enormous potential for green innovation [57]. However, this requires employees to possess advanced digital technology knowledge and skills to address complex environmental issues. Companies must train and attract employees with these advanced technical skills to ensure that deep digital technology applications are fully realized in green innovation [23]. Furthermore, the increase in the breadth and depth of digital technology also accelerates the transformation of green human resource allocation [58]. Traditional green human resource allocation methods may no longer meet the demands of the digital age [49]. It is suggested that companies re-examine their employees’ skill requirements, redefine training plans, and attract new employees with digital backgrounds to adapt to the changes brought about by digital transformation. Therefore, the DTABD impacts green human resource allocation and prompts companies to rethink their GHRM strategies. Consequently, this study proposes the following hypotheses:



Hypothesis H2.

Green human resources in enterprises play a positive intermediary role in the relationship between digital technology applications and the performance of GTI in enterprises.





Hypothesis H2a.

Green human resources in enterprises play a positive intermediary role in the relationship between the breadth of digital technology applications and the performance of GTI.





Hypothesis H2b.

Green human resources in enterprises play a positive intermediary role in the relationship between the depth of digital technology applications and the performance of GTI.






2.3. The Moderating Effect of Corporate DTIN Embeddedness on the Relationship between Digital Technology Application and Corporate Green Human Resource Configuration


Digital technology innovation network (DTIN) embeddedness refers to the degree of connection and cooperation between enterprises and external stakeholders. It can be divided into two key dimensions: relational and structural embeddedness [25]. Relational embeddedness emphasizes the interaction, trust, and cooperation between enterprises and external partners, including collaborators, suppliers, and digital technology innovation communities [59]. Structural embeddedness focuses on the complexity and density of the DTIN, including the number of nodes, connection strength, and efficiency of information flow within the network [60,61]. These two dimensions interact with each other, jointly influencing the relationship between corporate digital technology applications and green human resource configuration.



On the one hand, relational embeddedness in the digital DTIN strengthens the collaborative relationships between enterprises and external partners, providing a broader range of digital technology support and resources [62]. As the DTABD increases within the enterprise, relational embeddedness helps expand the external resource pool for green innovation, further promoting the enhancement of corporate green human resource configuration [63]. This external collaboration accelerates the attraction of talent with expertise in green knowledge and skills. It facilitates cooperation and knowledge sharing in green innovation projects. On the other hand, structural embeddedness reflects the complexity and tightness of the DTIN. A more complex and tightly embedded network structure provides enterprises with a broader range of digital technology support and resources [64]. This structural embeddedness accelerates the attraction of talent with expertise in green knowledge and skills. It promotes cooperation and knowledge sharing in green innovation projects [65,66]. As the range and depth of digital technology applications continue to expand, enterprises are more likely to attain higher levels of green human resource configuration in such situations.



In summary, DTIN embeddedness is crucial in the relationship between digital technology applications and corporate green human resource configuration. This role helps strengthen the connection between digital technology applications and green innovation, driving enterprises toward sustainable development goals. Therefore, this study proposes the following hypotheses:



Hypothesis H3.

Corporate DTIN embeddedness positively moderates the relationship between digital technology applications and corporate green human resource configuration.





Hypothesis H3a.

Corporate DTIN relational embeddedness positively moderates the relationship between the DTABD and green human resource configuration. The main benefits stem from the network’s facilitation of integration, knowledge sharing, strategic consistency, and resource consolidation. This embedding fosters greater collaboration among different departments, aiding the seamless integration of digital technology and green human resource configuration. By facilitating the exchange of experiences and knowledge, the network enhances the internal agility of the enterprise, enabling it to address digital technology innovation and green initiatives more effectively. Simultaneously, network embedding helps ensure that the enterprise maintains consistent strategic goals in applying digital technology and green human resource configuration, driving resource integration, and enhancing the relationship between DTABD and green human resource configuration.





Hypothesis H3b.

Corporate DTIN structural embeddedness positively moderates the relationship between the DTABD and green human resource configuration (Figure 1). The reason for this lies in its promotion of interdepartmental collaboration and information sharing. This embedding results in a tighter interconnection among business units, reinforcing the coordination between digital technology applications and green human resource configuration. Through internal communication and resource integration facilitated by the network structure, companies find achieving comprehensive digital technology adoption easier and adjust green human resource configuration more flexibly to adapt to environmental changes. This close structural embedding provides companies with an organic framework, fostering a more intimate and coordinated relationship between digital technology applications and green human resource configuration, ultimately enhancing the overall performance of the company’s green innovation.







3. Research Design


3.1. Sample Selection and Data Sources


This empirical study focuses on Chinese publicly listed manufacturing companies from 2011 to 2020. We selected these companies as our sample for two reasons. Firstly, China, one of the biggest developing countries in the world, has a diverse industrial structure that includes manufacturing, services, and high-tech sectors, providing a wide range of samples for in-depth exploration of the relationship between digital technology adoption and green human resource allocation. Secondly, the Chinese government actively promotes green sustainable development and digital transformation, introducing a series of specific policies and targets that impose higher requirements on listed manufacturing companies. This unique policy environment and practical foundation make China an ideal setting for this research. Moreover, Chinese publicly listed manufacturing companies have enormous market share and international influence, making their experiences and development paths beneficial for other countries and regions in advancing sustainable development goals. Therefore, selecting Chinese publicly listed manufacturing companies for empirical research is reasonable and contributes to a profound understanding and practical application.



Chinese publicly listed manufacturing companies and their financial data are obtained from the Wind database. Wind is a leading financial data service provider that delivers comprehensive financial market data to users, covering various asset classes such as stocks, bonds, futures, and funds. The database provides real-time market data and includes rich historical data, enabling users to conduct comprehensive market analyses and reviews. In addition, Wind offers financial statement data for listed companies, supporting users in conducting company financial analysis. With powerful data analysis tools, users can engage in sophisticated market research and quantitative analysis. Moreover, Wind provides macroeconomic indicators and industry data, offering economic information at the macro level. Through professional services and diverse data offerings, Wind provides reliable decision support for investment institutions and financial practitioners, empowering them to make informed investment strategies.



Corporate social responsibility (CSR) data were taken from Hexun.com. Hexun.com, as one of China’s leading financial information service providers, is committed to delivering comprehensive and timely financial information, market data, and analytical reports to a broad audience of investors and professionals. The content on Hexun.com covers various financial markets, including stocks, funds, bonds, foreign exchange, macroeconomic indicators, industry dynamics, and financial commentary. The website offers real-time market quotes, financial news, insights from professional analysts, and an interactive user community, providing users with a comprehensive financial information platform. Notably, Hexun.com has gained recognition for releasing comprehensive social responsibility scores for Chinese-listed companies, serving as a metric for evaluating corporate social responsibility performance. We utilized Python software to extract annual social responsibility data from Hexun.com for each listed company. The patent data were collected from the Chinese National Intellectual Property Administration and the Himmpat database.



The steps used were as follows: Firstly, in the stock module of the Wind Database, choose the “Multidimensional Data for Stocks” option. Select all listed companies in the “Market Type” option within the available range. Choose indicators such as enterprise type to identify the Chinese-listed manufacturing companies. Next, within the database indicators, select data for enterprise finance, enterprise age, enterprise size, ownership nature, pollution attributes, debt-to-equity ratio, enterprise growth, and industry classification, exporting them to Excel. Subsequently, perform calculations on the exported Excel data based on different indicator formulas and transform them into panel data.



Secondly, based on the list of specific names of Chinese manufacturing companies obtained from the Wind database, we retrieved patent data for each company from the Himmpat patent database. Due to the Chinese patent regulations stipulating an 18-month delay in the publication of invention patents, we collected data up to 2020 to ensure accuracy. Specifically, we constructed a patent retrieval formula, “Applicant = Company Name, Patent Application Time from 2011 to 2020,” to retrieve specific patent data for each listed company. We captured each patent’s application number, publication number, title, applicant, inventor, application date, IPC classification code, CPC classification code, and citation information. Subsequently, we split the applicant field in the obtained patent dataset. We precisely matched the list of Chinese manufacturing companies and their stock codes to eliminate data where “the original applicant and patentee are non-target companies, but the current patentee is the target company”. Each patent was assigned a unique stock code to ease subsequent data integration. The preprocessed dataset accumulated over 860,000 entries.



Thirdly, we utilized tools such as Python to conduct a detailed analysis of the green patent information for each listed company, including the number of inventors and patent applications related to green technologies. We employed the widely used CPC patent classification system to identify green patents based on categories Y02 and Y04. Specifically, leveraging a dataset of 860,000 patents, we utilized Python to extract data from the CPC column that included Y02 or Y04, facilitating the quantification of green patents. Subsequently, we split and consolidated inventor information from the extracted green patents to precisely calculate each company’s annual count of green inventors. This process not only aids in understanding a company’s performance in green innovation, but also establishes a reliable foundation for subsequent data analysis.



Fourthly, we extracted the patent numbers cited by each application and obtained more than 900,000 cited patent numbers. We then searched the database for these cited patents, extracting IPC classification codes, application numbers, and application years for each. This information is used to measure the dimensions of digital technology applications in subsequent analysis. For the definition of digital technology, this paper processes data according to the definition in the “Reference Relationship Table of the Core Industry Classification of the Digital Economy and the International Patent Classification (2023)” issued by China National Intellectual Property Administration [67,68]. We follow the degree centrality measurement mentioned in existing work [69] to calculate network centrality metrics in structure and relational embeddings. According to a previous study, inter-firm cooperation ties often persist for 3–5 years [70]. Therefore, the innovation network of listed enterprises involved in digital technology innovation during 2011–2020 is divided into ten periods in this study using a 3-year rolling time window. Specifically, when calculating the relationship embedding indicators and structural embedding of the innovation network using Python, we leveraged the powerful NetworkX network analysis library. Firstly, through NetworkX, we flexibly and efficiently constructed the digital technology innovation network, mapping each company as a node and representing their collaborative relationships with edges. The relationship embedding in this innovation network goes beyond a simple reflection of connections between companies; it is further refined to quantify the number of collaboration partners, providing in-depth insights into the collaborative network features of digital technology innovation. Regarding structural embedding, we relied on the rich algorithms offered by the NetworkX library in Python, particularly centrality metrics such as degree centrality. Degree centrality not only measures the level of connectivity for each company within the digital technology innovation network, but also reveals their importance and influence in the network structure by examining the number of adjacent nodes. This form of structural embedding not only offers a clear understanding of the position of each company within the innovation network, but also provides robust support for understanding their roles and contributions in collaborative relationships.



Finally, we used Python to merge the obtained and calculated patent indicators with enterprise financial and other indicators based on the consistency of stock listing codes and years. Unmatched companies with stock codes and companies that did not apply for patents during the observation period were excluded. After that, we obtained a sample of 1760 companies.




3.2. Variable Explanations


	(1)

	
Independent Variable—Digital Technology Application







Drawing on Blichfeldt (2021) [38], this study divided digital technology applications into breadth and depth. Specifically, the digital technology application breadth (DTAB) measures the variety of digital technologies a company employs in its GTI processes. This metric measures how widely a corporation uses different digital technologies, such as the Internet of Things (IoT), artificial intelligence, blockchain, big data analytics, and virtual reality, to advance the development of green technologies. A higher DTAB indicates that a company extensively utilizes diverse digital technology to drive environmental innovation.



The digital technology application depth (DTAD) focuses on the proportion of specific digital technologies a company applies in GTI. This dimension highlights the critical role of digital technology in a company’s GTI. A high DTAD means that digital technology plays a significant and influential role in a company’s GTI, contributing substantially to innovation.



	(2)

	
Dependent Variable—GTI Performance







A company’s innovation achievements in environmental protection and sustainable development are primarily manifested through the invention of green-related new technologies, products, or methods that are granted unique invention patents. Green invention patents represent a company’s outstanding contributions to environmentally friendly innovations, signifying the company’s active commitment to goals such as resource efficiency, pollution reduction, and energy conservation [71]. Following Liang (2022) [72], this study measures a company’s performance in green innovation using the natural logarithm of the number of green invention patent applications submitted by the company. This objective metric verifies the company’s influence and innovation level in environmental innovation. A higher number of green invention patents indicates that the company has achieved significant results in GTI, providing a competitive advantage and contributing to the industry’s overall sustainability.



	(3)

	
Mediating Variable—Green Human Resource







Green human resources are a crucial component of green resource management, reflecting employees’ expertise and capabilities in green knowledge, skills, technological innovation, and environmental management [73]. To measure the level of green human resources, this study adopts a measurement method based on the quantity of green technology research and development personnel, similar to Li et al. (2019) [74]. Specifically, we rely on enterprise patent data from the Himmpat database to calculate the number of inventors involved in green technology inventions subject to patent applications each year and take the natural logarithm of this number. This measurement method accurately reflects the company’s green human resource allocation level. It enhances the comparability and interpretability of the research results, improving understanding of the dynamic interaction between applications of digital technology and green innovation.



	(4)

	
Moderating Variable—Digital Technology Innovation Network Embedding







This study comprehensively measures the DTIN embedding of enterprises, focusing primarily on two key dimensions: DTIN relationship embedding (NR) and DTIN structure embedding (NS).



NR focuses on the interactive relationships among enterprises within the DTIN. This dimension primarily assesses the degree of trust and reciprocity among enterprises, often measured by the strength of relationships. Strong connections between network members indicate more potential for information sharing and teamwork, essential for information searching, knowledge sharing, and collaborative development. In this study, we adopt the “number of collaborations between the target enterprise and its partners in the network” to measure DTIN relationship embedding [69]. Specifically, we take the natural logarithm of the number of collaborations between the target enterprise and its partners in the network plus one as the measurement indicator, reflecting the strength of the enterprise’s relationships within the DTIN.



Alternatively, NS focuses on the impact of a company’s relative position within the DTIN. This study employs the degree centrality index to measure this dimension, indicating a company’s connectivity within the network [75]. The higher a company’s degree of centrality, the more central it is within the network. The formula for calculating degree centrality is C(ni) = d(ni)/(n − 1), where n represents the total number of nodes, and d(ni) represents the number of times node ni is connected to other nodes. This index reflects the structural embedding of enterprises within the DTIN, which is their relative importance within the network. By measuring these two key dimensions, this study can comprehensively understand the degree of embedding of enterprises within the DTIN, including their interactive relationships with partners and their position within the network structure. This aids in a deeper exploration of the relationship between digital technology applications (including breadth and depth) and green human resource allocation, and investigates its impact on green innovation performance.



	(5)

	
Control Variables







Drawing from existing research, this paper primarily controls for the following variables. Firm age: The natural logarithm of the years from the establishment year to the observation year. Firm size: The natural logarithm of the company’s total assets. Ownership nature: Assign a value of 1 if the company is state-owned; otherwise, assign a value of 0. Pollution attribute: Takes the value 1 for heavily polluting companies and 0 otherwise. Financial leverage means the asset–liability ratio, calculated as the total liabilities divided by total assets. Firm growth: Calculated as the operating income difference between the current and prior periods divided by the prior period’s operating income. Corporate social responsibility: The natural logarithm of the corporate social responsibility score obtained from Hexun.com (Table 1).




3.3. Model Design


The design draws upon data obtained from Chinese-listed manufacturing companies from 2011 to 2020. This study employs an ordinary least squares (OLS) mixed-effects model to scrutinize the connections among digital technology applications, green human resource allocation, enterprise DTIN embedding, and green innovation performance. Specifically, we designate digital technology application as the independent variable, GTI performance as the dependent variable, green human resource as the mediator variable, and enterprise DTIN embedding as the moderating variable. The ensuing empirical model is constructed as follows.



Firstly, we propose the following model to analyze how digital technology applications affect green innovation performance, corresponding to hypotheses H1a and H1b:


    GIN  i , t   =  α 0    +  α 1     DTA  i , t   + γ   Controls + γ   Year +  ε  i , t     



(1)







GIN is the dependent variable representing a company’s green innovation performance. DTA is the independent variable representing digital technology applications, including the DTABD. Controls refer to the control variables, including firm age, firm size, ownership nature, pollution attribute, asset-liability ratio, firm growth, industry affiliation, and corporate social responsibility. “i” and “t” respectively represent companies and years, and   ε  i,t denotes the residual terms.



Secondly, when investigating the mediating effect of a company’s green human resource allocation, as hypothesized in H2a and H2b, this study employs a three-step method to test the effect of green human resource allocation. The specific model is as follows:


    GIN  i , t   =  α 2    +      α 3   DTA  i , t   + γ   Controls + γ   Year +  ε  i , t     



(2)









     GH  i , t   =    α 4    +      α 5   DTA  i , t   + γ   Controls + γ   Year +  ε  i , t      



(3)









     GIN  i , t   =    α 6    +      α 7   DTA  i , t     +      α 8   GH  i , t   + γ   Controls + γ   Year +  ε  i , t      



(4)







GH is the mediating variable of green human resource allocation; other variables are mentioned above.



Third, we propose Model (5) to examine the moderating effect of enterprise DTIN embedding on the relationship between digital technology applications and green human resource allocation, as hypothesized in H3a and H3b:


    GH  i , t   =    α 8    +      α 9   DTA  i , t     +      α 10  N   *    DTA  i , t   + γ   Controls + γ   Yeary +  ε  i , t     



(5)







N is the moderating variable of DTIN embedding, including the relational and structural embedding of the DTIN. N*DTA represents the interaction between enterprise DTIN embedding and digital technology applications. Other variables are mentioned above.





4. Results


4.1. Statistical Description and Correlation Analysis


Table 2 presents the statistical results of the main variables. Overall, these variables’ standard deviations fall within the usual range, proving that outlier values have little impact on them. Regarding GTI performance across firms, the maximum is 7.02, belonging to Zhuhai Gree Electric Appliances, while the minimum is 0.693, with an average value of 1.421. Regarding digital technology applications among firms engaged in green innovation, the minimum and maximum values for the breadth of digital technology applications are 0 and 14, respectively, with a mean value of 3.048. For the depth of digital technology application, the minimum and maximum values are 0 and 1, respectively, with a mean value of 0.446. This indicates significant variations in the DTABD among firms engaged in green innovation.



The mean value for allocating green human resources is 2.35, with a minimum value of 0.693 and a maximum value of 7.906, respectively. As for the enterprise’s DTIN embedding, the minimum value for relationship embedding is 0 and the maximum is 9.008. For structural embedding, the minimum value is 0 and the maximum is 5.006. We further examined the correlations between the variables. Pearson correlation analysis in Table 3 reveals significant relationships among the main variables. Additionally, this study conducted variance inflation factor (VIF) tests for the variables, with the minimum VIF being 1.01, the maximum being 2.11, and the average being 1.51. The data can be used for regression analysis because all VIF values are substantially below 10, which indicates that multicollinearity problems are absent.




4.2. Main Effects Analysis


This study used the OLS model to reveal the impact of digital technology applications on GTI performance in enterprises (Table 4). In this table, without including any control variables, the regression findings of the DTABD on GTI performance are shown in columns (1) and (5). The regression results are shown in columns (2) and (6) by including control variables. The regression results are displayed in columns (3) and (7) while controlling for time dummy variables. The regression results using the control industry dummy variables are shown in columns (4) and (8). Column (4) shows that, after adjusting for other factors, there is a 0.105 *** correlation between the performance of green innovation in listed businesses and the breadth of digital technology applications. This indicates a positive correlation between the breadth of digital technology applications and green innovation performance, confirming hypothesis H1a. Column (8) shows that when controlling other variables, the regression coefficient between the depth of digital technology application and GTI performance in listed companies is 0.247 ***. This suggests a positive correlation between the depth of digital technology application and green innovation performance, confirming hypothesis H1b. These findings reveal the pivotal role of digital technology applications in enhancing corporate green innovation performance. Fostering the breadth and depth of digital technology applications can significantly improve green innovation performance, which is crucial in achieving sustainability objectives. In summary, this study offers practical guidance to businesses for maximizing digital technology applications to drive green innovation, enabling them to excel in the digital era and positively impact globally.




4.3. Mediation Effects Analysis


To further reveal the mechanism of how digital technology application affects GTI performance in enterprises, this study determined the mediation effects of enterprise green human resource allocation. Table 5 presents the test results. The study employed hierarchical regression analysis to examine the significance of the mediation effect of corporate social responsibility. This method includes three steps:



Step 1: Testing the relationship between digital technology applications and green innovation performance. Columns (1) and (2) in Table 5 examine the relationship between the independent variables (DTABD) and the dependent variable (green innovation performance), respectively. It was found that both the DTABD measures have a significant positive relationship with GTI performance in listed companies, indicating that digital technology application enhances green innovation performance.



Step 2: Testing the relationship between digital technology applications and enterprise green human resource allocation. Columns (3) and (4) in Table 5 examine the relationship between the DTABD and enterprise green human resource allocation, respectively. It was found that both the breadth and DTABD have a significant positive relationship with enterprise green human resource allocation.



Step 3: Testing the relationship between the independent variable (digital technology applications), the mediator variable (enterprise green human resource allocation), and the dependent variable (green innovation performance). The results remain significant according to columns (5) and (6) in Table 5. This suggests that corporate green human resource allocation mediates the performance of green innovation and digital technology applications. Hypotheses H2a and H2b of this study are confirmed. In summary, the research results underscore the mediating role of green human resource allocation in the relationship between digital technology applications and corporate green innovation performance, providing valuable insights into the underlying mechanisms. These findings assist businesses in better planning their digital technology application strategies and offer essential clues for implementing green innovation. This enables companies to stand out and make a more significant impact in the digital era.




4.4. Moderation Effects Analysis


In order to determine the influence of DTIN embedding on the relationship between digital technology applications and corporate green human resource allocation, this study examined the moderating effects of DTIN embedding. Table 6 presents the test results.



In columns (1) and (2) of Table 6, the effects of the DTABD on enterprise green human resource allocation are examined. In column (3), the interaction term (NS*DTAB) between the breadth of digital technology applications and enterprise DTIN structural embedding is found to have a significantly positive impact on enterprise green human resource allocation, with a regression coefficient of 0.0975 **. In column (4), the interaction term (NS*DTAD) between the depth of digital technology applications and enterprise DTIN structural embedding also significantly impacts enterprise green human resource allocation, with a regression coefficient of 1.258 **. In column (5), the interaction term (NR*DTAB) between the breadth of digital technology applications and enterprise DTIN relational embedding significantly impacts enterprise green human resource allocation, with a regression coefficient of 0.0359 **. Enterprise green human resource allocation is found to be highly impacted by the interaction term (NR*DTAD) between the depth of digital technology applications and enterprise DTIN relational embedding, with a regression coefficient of 0.409 ** (Table 6). Therefore, enterprise DITN embedding positively moderates the relationship between digital technology applications and enterprise green human resource allocation, confirming hypotheses H3a and H3b. In summary, the findings emphasize the pivotal role of DTIN embedding in enhancing the link between digital technology applications and corporate green human resource allocation. These insights contribute to a better understanding of the intricate mechanisms at play and guide businesses in optimizing their strategies to promote green innovation and contribute positively in the digital era.




4.5. Robustness Tests


To further examine the robustness of the conclusions, this study conducted two robustness tests using lagged independent variables and changes in sample size regression. Firstly, we examined the effects of lagged digital technology application breadth and depth on enterprise GTI performance after delaying the DTABD by one and two periods. The results showed that the regression remained significant and robust.



Secondly, this study employed the method of changing the sample size. After applying a 5% trimming to the dependent variable (enterprise green innovation performance), we conducted a regression analysis of digital technology application and enterprise green innovation performance. The results remained significantly positive (Table 7).



These robustness tests further reinforce the credibility of our research findings, indicating that the positive impact of digital technology applications on corporate GTI performance remains consistent and reliable in different contexts. These findings provide more robust evidence for businesses to confidently adopt digital technology application strategies, driving their green innovation efforts and making a more significant contribution to sustainable development.





5. Discussion


5.1. The Impact of Digital Technology Application on Green Innovation Performance


Through empirical research on Chinese-listed companies, this study successfully reveals the significant positive impact of the breadth and depth of digital technology applications on corporate green innovation performance, providing a new theoretical perspective for understanding the role and effectiveness of enterprises in green innovation in the digital era. Specifically, drawing inspiration from the viewpoints of Su (2021) [11] and Sestino (2023) [12], we incorporate the theoretical framework of digital technology application into empirical research to clarify the mechanisms by which digital technology applications function in corporate green innovation.



Regarding the breadth of digital technology applications, we find a significantly positive relationship between greater breadth and corporate green innovation performance, further confirming Blichfeldt’s (2021) [38] theory of the breadth of digital technology applications. The concept of breadth encompasses the diversity and extent of adopting various types of digital technologies, providing a more comprehensive perspective on resource utilization for companies and accelerating the development and application of environmental protection technologies [76]. Through the diversified use of digital technologies, companies can utilize extensive data analysis to identify resource waste and inefficiencies, improve processes, and implement environmental measures to enhance green efficiency, better meet environmental demands, and drive the realization of green innovation performance [77]. On the other hand, regarding the depth of digital technology applications, we find that a higher depth of digital technology applications also has a significantly positive impact on corporate green innovation performance, aligning with Blichfeldt’s (2021) proposed theory of the depth of digital technology applications [38]. The depth measures the importance of digital technology in corporate green technological innovation, implying more sophisticated data analysis and more accurate formulation and adjustment of green innovation strategies [38]. Additionally, digital simulation and simulation technologies enable companies to test and validate green innovation ideas at lower costs [78] through intelligent optimization of internal processes [79], further improving resource utilization efficiency and energy savings. These in-depth applications of digital technologies provide companies with more entry points and opportunities for green innovation, thereby enhancing competitiveness and the potential for sustainable development in the green field.



Precisely, for example, in the production process of Pangang Group Vanadium Titanium Resources Co., Ltd. (Panzhihua, China), through the use of extensive data analysis, the company can monitor equipment energy consumption in real time, identify devices with energy waste, and reduce energy consumption by adjusting working parameters or performing timely maintenance. Moreover, through digital technology, Guangzhou Jia Cheng International Logistics Co., Ltd. (Guangzhou, China) can optimize supply chain management, reduce logistics costs, and minimize environmental impact during transportation. Additionally, manufacturing companies such as Beijing Holychip Communication Technology Co., Ltd. (Beijing, China) have demonstrated significant achievements in the deep application of digital technology. Companies can use digital simulation and simulation technologies to test new green innovation solutions before production. This virtual testing environment significantly reduces the cost of trial and error, enabling companies to be more flexible in experimenting with and optimizing innovative ideas, thereby facilitating the rapid application of green technologies.




5.2. The Mediating Role of Green Human Resource Configuration in the Relationship between Digital Technology Application and Green Innovation Performance


Green innovation has become a core theme for the sustainable development of businesses, particularly in addressing global climate change and environmental protection, prompting companies to continually seek innovative solutions [1,2]. Simultaneously, the rapid development of digital technology has provided significant opportunities for enterprises to more efficiently and precisely drive green innovation. In this context, our study introduces the Resource-Based View (RBV) theory, revealing the relationship between the application of digital technology and the performance of green innovation through the lens of green human resource allocation. RBV posits that a unique combination of resources within a company can construct competitive advantages, encompassing various forms of capital, including human resources. Our research findings indicate that green human resource allocation plays an intermediary role in the relationship between the application of digital technology and the performance of green innovation, providing profound insights. This intermediary role elucidates that in the digital era, green human resource allocation acts as a bridge, connecting the widespread application of digital technology with the efficacy of green innovation. This discovery not only aids in a better understanding of how companies operate and perform in green innovation, but also offers new empirical support for applying RBV theory in sustainable development. Through its theoretical contribution, this study expands the understanding of the relationship between digital technology and green innovation, providing a more affluent theoretical foundation for future research.



Firstly, as a mediating variable, green human resource configuration reflects the bridging role of employees between digital technology and green innovation. Employees with green expertise are more likely to understand and apply digital technology, especially digital tools and platforms related to environmental technology [80]. They can better utilize digital technology to promote green innovation because they deeply understand ecological standards, regulations, and industry best practices [81]. This understanding and application capability allows companies to develop and launch green products and services more efficiently, thereby improving green innovation efficiency [81].



Secondly, green human resource configuration also helps reduce risks in green innovation. Green innovation has multiple risks and uncertainties, such as technology, markets, and regulations [10]. Employees with green expertise can better cope with these challenges by more accurately identifying and assessing potential risk factors [53]. They can also formulate response strategies more quickly to adapt to the changing environment [54]. Therefore, green human resource configuration contributes to increasing the flexibility and adaptability of companies in the green innovation process.



Additionally, green human resource configuration stimulates employee involvement and innovation willingness. Employees with green expertise are more likely to participate actively in green innovation projects, propose new environmental concepts, and offer solutions [49]. They take pride in the company’s green mission and are motivated to contribute their wisdom and creativity to green innovation [54]. This active involvement and willingness to innovate help drive the development of green innovation because it often requires cross-departmental cooperation and collective intelligence. Green human resource configuration also contributes to improving the sustainability of green innovation. Employees with green expertise can drive current green innovation projects and provide solutions for future environmental challenges [23,24]. They can continuously learn and adapt to new environmental technologies, helping companies stay at the forefront of sustainable development. This sustainability means that companies can constantly engage in green innovation rather than just making a temporary effort. Therefore, companies should focus on training and developing green human resources to fully unleash their potential, improve the efficiency and quality of green innovation, reduce risks, stimulate employee involvement and innovation willingness, and achieve sustainable green innovation. Take BYD Company Limited as an example. The company is a well-known mainland Chinese manufacturer specializing in new energy vehicles and batteries. BYD has achieved remarkable success in green innovation, leveraging digital technology to promote sustainable development. Through digitized design and manufacturing processes, BYD can more efficiently produce electric vehicles and advanced battery technology, addressing environmental challenges and enhancing energy utilization efficiency. Green human resources play a crucial role in this process, as the company focuses on recruiting and nurturing employees with expertise in green practices. These employees comprehend and apply digital technology innovations in new energy vehicles and actively participate in green innovation projects, providing sustainable solutions for the company. BYD’s successful practices highlight the synergistic relationship between digital technology applications and green human resource management, setting an example for enterprises in sustainable development through green innovation. Future research can further explore the mechanisms of green human resource configuration in different industries and cultural backgrounds, providing more accurate guidance and suggestions for companies.




5.3. The Moderating Role of Enterprise DTIN Embedding in the Relationship between Digital Technology Application and Green Human Resource Configuration


In this digital age, enterprise digital technology innovation has become critical in gaining a competitive advantage and achieving sustainable development. At the same time, green human resource allocation is also considered crucial for enterprises to succeed in the environmental protection field [23]. However, our research has revealed an important finding: the relationship embedding and structural embedding of the enterprise’s digital technology innovation network have a moderating effect on the relationship between digital technology application and green human resource allocation. This finding provides a new perspective for a deeper understanding of the complex relationships among digital technology, green resources, and innovation. At this juncture, we introduce the Resource Dependence Theory, which emphasizes that enterprises depend on resources in their environment, and resource acquisition and utilization have profound effects on the behavior and performance of enterprises. Digital technology and green resources can be seen as essential resources for enterprises, and the relationship embedding and structural embedding of the digital technology innovation network affect how enterprises acquire and integrate these resources. The Resource Dependence Theory helps explain how enterprises adjust green human resource allocation through the relationship embedding and structural embedding of the digital technology innovation network, thereby influencing innovation and performance in the environmental protection field. In terms of theoretical contribution, our study extends the application scope of the Resource Dependence Theory in the digital era, providing a new theoretical perspective of the relationship between green innovation and digital technology innovation. Through theoretical integration, we understand the interactions among digital technology, green resources, and enterprise innovation, offering valuable guidance for enterprises to balance technological innovation and environmental protection demands in the digital age.



First, we explore how the relational embedding of DTIN moderates the relationship between digital technology applications and green human resource configuration. Relational embedding typically involves trust and reciprocity among network members [59]. Our research shows that when companies establish strong trust relationships and achieve high reciprocity within the DTIN, the positive relationship between digital technology applications and green human resource configuration becomes more significant. Because employees are more eager to participate actively in green innovation activities and businesses are more likely to exchange information and resources connected to digital technology applications in these circumstances, the degree of green human resource configuration is increased. [65]. This finding emphasizes the importance of building trust and promoting reciprocity within the DTIN, which can be achieved through facilitating cooperation, sharing information, and sharing resources [26].



Secondly, we focus on how the structural embedding of DTIN moderates the relationship between digital technology applications and green human resource configuration. Structural embedding pertains to a company’s relative position within the network, typically measured using indicators such as degree centrality [60,61]. Our research reveals that when companies have a higher degree of centrality within the DTIN, the positive relationship between digital technology applications and green human resource configuration becomes more significant because companies at the network’s core usually possess more resources and information, enabling them to effectively promote digital technology applications. Furthermore, attracting and retaining employees with green expertise is more accessible, thus enhancing green human resource configuration [64]. This finding suggests that companies should actively engage in DTIN to secure a more favorable position within the network while establishing strong trust relationships and promoting reciprocal cooperation [26]. In order to increase employee engagement and capabilities in digital technology applications and green innovation, businesses should prioritize the training and development of green human resources. By doing this, they can create a positive feedback loop between the configuration of green human resources and digital technology applications. For example, Guangzhou Automobile Group Co., Ltd. (Guangzhou, China) has consolidated its relationship embeddedness in the digital technology innovation network by establishing strong trust relationships and fostering highly reciprocal cooperation. Internally within the network, the company emphasizes cultivating high trust among members and fostering closer collaborative relationships by sharing information and resources related to digital technology applications. This relationship embeddedness lays a solid foundation for the positive relationship between digital technology applications and the configuration of green human resources within the company.



Furthermore, Guangzhou Automobile Group actively enhances its structural embeddedness within the digital technology innovation network, positioning itself advantageously. The company ensures a higher degree of centrality within the network, becoming one of the core entities. Through this strategic positioning, Guangzhou Automobile Group can more effectively drive the application of digital technology, making it easier to attract and retain employees with expertise in green technologies, further elevating the level of green human resources configuration. The successful practices of Guangzhou Automobile Group highlight how enterprises in the digital era can achieve synergistic enhancement of digital technology applications and green human resource configuration by actively embedding themselves in digital technology innovation networks and optimizing network structures. This strategy provides robust support for innovation and performance in the environmental protection domain. It offers a feasible example for other enterprises seeking to balance technological innovation and environmental sustainability in the digital era.





6. Conclusions and Recommendations


6.1. Conclusions


The results of this study reveal complex and significant interrelationships among digital technology applications, green human resource configuration, DTIN embedding, and green technological innovation. It provides profound insights into the development of enterprises in the digital and green innovation domains. The main conclusions of this study are as follows:



(1) Our findings underscore the pivotal role of digital technology in shaping green innovation performance, both in terms of breadth and depth. Expanding on this, it is evident that a broader and more profound integration of digital technology yields a substantial positive impact on a company’s ability to innovate in environmentally sustainable ways. This emphasizes the strategic significance of digital technology in steering the trajectory of green innovation. In practical terms, companies are strongly encouraged to proactively embrace digital technology, incorporating it comprehensively across their green innovation initiatives. This holistic adoption is critical to unlocking heightened levels of efficiency and effectiveness in their endeavors toward green innovation. To support this transition, governments and relevant organizations can play a facilitating role by actively promoting the widespread adoption of digital technologies, particularly in the context of green innovation. Supportive measures may encompass targeted digital technology training programs, financial incentives, tax breaks, and optimization of human resource configurations. The collaborative efforts of enterprises, governments, and organizations are instrumental in fostering an environment conducive to the seamless integration of digital technology. This collaboration is crucial for achieving superior green innovation performance and advancing sustainability goals.



(2) Green human resources are pivotal in mediating the intricate connection between digital technology applications and green innovation performance. In essence, they act as a critical bridge, fortifying the positive influence of digital technology applications on green technology innovation (GTI) performance by providing specialized green expertise, skills, and unwavering support. This discovery underscores the strategic significance of prioritizing green human resource configuration within companies. To optimize the impact of digital technology applications on green innovation performance, enterprises are urged to proactively foster and refine their employees’ green knowledge and skills. This proactive approach ensures that the workforce possesses the essential competencies to apply digital technology to effectively pursue heightened green innovation performance. Collaborative initiatives between the government and businesses are instrumental in achieving this goal. By jointly investing in training and development programs, they can enhance employees’ proficiency in green practices, laying the groundwork for more adept application of digital technologies. This concerted effort aligns with the companies’ pursuit of superior green innovation performance and contributes to broader sustainability objectives. Furthermore, recognizing that the full potential of green human resource configuration can be harnessed through strategic embedding within digital technology innovation networks, enterprises should place a premium on optimizing their network structures. This involves actively participating in and shaping digital technology innovation networks, fostering collaborative relationships, and contributing to exchanging knowledge and best practices. By doing so, companies can create an environment conducive to synergizing green human resources with digital technologies, ultimately enhancing green innovation performance.



(3) This study also reveals that the relational embedding and structural embedding of the enterprise DITN have a moderating effect on the relationship between digital technology applications and green human resource configuration. Relational and structural embedding jointly influence the positive effects of digital technology applications on green human resource configuration. This means businesses must excel in digital technology applications and actively engage in the DTIN. Through close collaboration with government and industry organizations, establishing strong trust relationships, and strategically positioning themselves within the network, businesses can promote the construction and development of the DTIN. This balance and coordination enhance the relationship between digital technology applications and green human resource configuration, promoting green innovation more effectively. Specifically, relationship embedding emphasizes close connections and trust-based relationships with other organizations, allowing enterprises to gain insights into the latest technology trends, market demands, and best practices. This aids businesses in better understanding how to adjust their digital technology applications to support green innovation, thus expediting the positive impact of digital technology adoption on green human resource configuration. Additionally, strong relationship embedding promotes the establishment of partnerships for collaborative development of innovative solutions, resource sharing, and joint resolution of challenges related to GTI. On the other hand, structural embedding focuses on an enterprise’s position and role within the DTIN. Enterprises with advantageous positions typically have more opportunities to influence other participants and control the flow of resources and information. They can actively participate in and lead the formulation of industry standards, steering the DTIN toward supporting GTI. Favorable structural embedding also enables enterprises to more effectively coordinate different resources and capabilities to better meet the needs of green innovation.



(4) This study’s conclusions apply to publicly listed manufacturing companies in China and have broad global relevance. Although our research primarily focused on Chinese enterprises, the principles and mechanisms proposed have significant guiding implications for businesses in other countries and regions. Globally, companies are confronted with shared challenges in digitization and green innovation. The interconnections and patterns revealed in this study offer valuable lessons for enterprises navigating this terrain. Firstly, businesses in other countries can draw upon the successful experiences of Chinese companies in applying digital technologies. By maximizing the breadth and depth of digital technology applications, enterprises can elevate their levels of green innovation performance, thereby achieving tremendous success in sustainable development. This principle is universally applicable, providing a general guideline for companies worldwide to balance technological innovation and environmental sustainability in the digital age. Secondly, international organizations and businesses can collaborate with Chinese enterprises and government entities to share experiences applying digital technologies and green innovation. Such cross-border collaboration not only contributes to driving global green technological innovation but also facilitates the exchange of knowledge among nations, enhancing the collective ability of global businesses to address the challenges of digitization and green innovation. On the other hand, businesses and governments outside China can derive inspiration from the successful experiences within the country. By learning and adapting practices from Chinese enterprises, particularly in digital technology innovation networks and green human resource management, companies in other countries can better understand how to propel green innovation in the digital era. This cross-cultural learning fosters a more comprehensive approach for global enterprises to tackle the intricate challenges of digitization and green innovation.




6.2. Recommendations


	(1)

	
Multi-level Application of Digital Technology:







Intelligent monitoring and optimization: Utilize digital technology for comprehensive monitoring of production and operations, identifying and rectifying issues of low environmental efficiency through extensive data analysis. This includes recognizing high-energy-consuming processes, reducing waste, and optimizing the supply chain to enhance the overall environmental performance of the enterprise. Simulation and virtual testing: Employ digital simulation and virtualization techniques to reduce testing costs for green innovation projects. Through digital simulation, companies can rapidly and cost-effectively validate new green innovation ideas, thereby reducing the risk of project failures.



	(2)

	
Development of a Green Expert Team:







Green skills training: Elevate employees’ green expertise through training programs, enabling them to better understand and apply digital technology. Cultivate employees’ profound understanding of environmental standards, regulations, and industry best practices to enhance the practical application of digital technology in green innovation. Cross-department collaboration mechanism: Establish mechanisms that facilitate collaboration among different teams, ensuring that employees with green expertise actively participate in green innovation projects. Collaboration between different departments enhances the enterprise’s flexibility and adaptability, reducing risks during the green innovation process.



	(3)

	
Active Engagement in Digital Technology Innovation Networks:







Building trust relationships: Establish robust trust relationships within digital technology innovation networks, encouraging the free flow of information and resources. Emphasize a spirit of cooperation within the network, sharing information and resources related to digital technology applications to support green human resource configuration. Optimizing network structure: Strive to occupy advantageous positions within digital technology innovation networks, ensuring the enterprise has a higher degree of centrality. This helps more effectively drive the application of digital technology, attracting and retaining employees with green expertise, thereby elevating the level of green human resource configuration.





7. Research Limitations


Despite the significant findings, this study has several limitations. Firstly, the sample in this study only includes Chinese-listed companies. The regional and cultural differences may limit the generalizability of the research results. Companies in different countries and regions may face different market environments, levels of policy support, and cultural backgrounds, which could influence the relationships among digital technology applications, green human resource configuration, and the DITN. Future research can expand the sample range to cover multiple countries and regions for a more comprehensive understanding. Secondly, this study relies on self-reported data from companies, which carries the risk of self-reporting bias. Although we have taken various approaches to reduce the likelihood of this bias, we have not eliminated the bias. Future research could consider incorporating objective performance data or third-party evaluations to validate the research results. Thirdly, this study focused on the relationships among digital technology applications, green human resource configuration, and the DITN without considering the potential influence of other factors. For example, market competition, government policies, industry characteristics, and other factors may also impact green innovation.
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Figure 1. Overall research framework. 
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Table 1. Variables mentioned in this study.
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Variable Type

	
Variable Name

	
Variable Symbol






	
implicit variable

	
GTI performance

	
GIN




	
independent variable

	
Digital Technology Application Breadth

	
DTAB




	
Digital Technology Application Depth

	
DTAD




	
intermediary variable

	
Green human resourcing

	
GH




	
moderator variable

	
Digital Technology Innovation Network Relationship Embedding

	
NR




	
Digital Technology Innovation Network Structure Embedded

	
NS




	
control variable

	
Enterprise Age

	
Age




	
Enterprise Size

	
Size




	
Nature of Ownership

	
SOE




	
Pollution Properties

	
Poll




	
Capital Structure

	
Lev




	
Corporate Social Responsibility

	
CSR




	
Enterprise growth

	
Growth




	
Year Attribute

	
Year




	
Industry of the enterprise

	
Ind











 





Table 2. Statistical description of relevant variables.






Table 2. Statistical description of relevant variables.





	Variable
	N
	Mean
	p50
	SD
	Min
	Max





	GIN
	5182
	1.421
	1.099
	0.789
	0.693
	7.02



	DTAB
	5182
	3.048
	2
	3.172
	0
	14



	DTAD
	5182
	0.466
	0.41
	0.423
	0
	1



	GH
	5182
	2.35
	2.197
	1.054
	0.693
	7.906



	NS
	5182
	0.088
	0
	0.323
	0
	5.006



	NR
	5182
	0.859
	0
	1.412
	0
	9.008



	Age
	5182
	2.893
	2.944
	0.309
	1.386
	4.143



	Size
	5182
	4.13
	3.869
	1.397
	0.22
	10.216



	SOE
	5182
	0.367
	0
	0.482
	0
	1



	Poll
	5182
	0.31
	0
	0.463
	0
	1



	Lev
	5182
	3.647
	3.775
	0.557
	0
	5.438



	Growth
	5182
	0.212
	0.115
	3.675
	−1
	263.271



	CSR
	5182
	3.678
	3.41
	2.947
	−15
	18.15










 





Table 3. The results of Pearson correlation analysis.






Table 3. The results of Pearson correlation analysis.





















	
	GIN
	DTAB
	DTAD
	GH
	NS
	NR
	Age
	Size
	SOE
	Poll
	Lev
	Growth
	CSR





	GIN
	1
	
	
	
	
	
	
	
	
	
	
	
	



	DTAB
	0.375 ***
	1
	
	
	
	
	
	
	
	
	
	
	



	DTAD
	0.146 ***
	0.563 ***
	1
	
	
	
	
	
	
	
	
	
	



	GH
	0.791 ***
	0.433 ***
	0.234 ***
	1
	
	
	
	
	
	
	
	
	



	NS
	0.341 ***
	0.248 ***
	0.056 ***
	0.474 ***
	1
	
	
	
	
	
	
	
	



	NR
	0.382 ***
	0.228 ***
	−0.035 **
	0.476 ***
	0.625 ***
	1
	
	
	
	
	
	
	



	Age
	0
	0.045 ***
	0.006
	0.068 ***
	−0.006
	0.097 ***
	1
	
	
	
	
	
	



	Size
	0.396 ***
	0.257 ***
	0.202 ***
	0.554 ***
	0.360 ***
	0.406 ***
	0.145 ***
	1
	
	
	
	
	



	SOE
	0.109 ***
	0.061 ***
	0.116 ***
	0.249 ***
	0.127 ***
	0.112 ***
	0.091 ***
	0.414 ***
	1
	
	
	
	



	Poll
	−0.040 ***
	0.061 ***
	0.260 ***
	0.080 ***
	0.016
	−0.064 ***
	0.082 ***
	0.184 ***
	0.123 ***
	1
	
	
	



	Lev
	0.210 ***
	0.086 ***
	0.132 ***
	0.286 ***
	0.086 ***
	0.127 ***
	0.131 ***
	0.487 ***
	0.318 ***
	0.027 *
	1
	
	



	Growth
	−0.012
	−0.007
	0.009
	−0.005
	−0.005
	−0.012
	−0.009
	−0.011
	−0.017
	0.018
	−0.021
	1
	



	CSR
	0.053 ***
	0.177 ***
	0.125 ***
	0.087 ***
	0.064 ***
	0.063 ***
	0.018
	0.146 ***
	0.029 **
	0.048 ***
	−0.036 ***
	−0.012
	1







Note: t statistics in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.













 





Table 4. Main effects test results.






Table 4. Main effects test results.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)

	
(7)

	
(8)




	

	
GIN

	
GIN

	
GIN

	
GIN

	
GIN

	
GIN

	
GIN

	
GIN






	
DTAB

	
0.129 ***

	
0.103 ***

	
0.102 ***

	
0.105 ***

	

	

	

	




	

	
(34.00)

	
(28.52)

	
(28.46)

	
(29.42)

	

	

	

	




	
DTAD

	

	

	

	

	
0.309 ***

	
0.189 ***

	
0.193 ***

	
0.247 ***




	

	

	

	

	

	
(9.91)

	
(6.47)

	
(6.60)

	
(8.09)




	
Age

	

	
−0.172 ***

	
−0.198 ***

	
−0.180 ***

	

	
−0.150 ***

	
−0.186 ***

	
−0.174 ***




	

	

	
(−4.80)

	
(−5.11)

	
(−4.67)

	

	
(−3.91)

	
(−4.48)

	
(−4.21)




	
Size

	

	
0.291 ***

	
0.290 ***

	
0.292 ***

	

	
0.347 ***

	
0.345 ***

	
0.347 ***




	

	

	
(29.26)

	
(29.07)

	
(29.05)

	

	
(33.21)

	
(32.94)

	
(32.80)




	
SOE

	

	
−0.150 ***

	
−0.139 ***

	
−0.138 ***

	

	
−0.185 ***

	
−0.171 ***

	
−0.162 ***




	

	

	
(−5.94)

	
(−5.42)

	
(−5.37)

	

	
(−6.86)

	
(−6.22)

	
(−5.86)




	
Poll

	

	
−0.257 ***

	
−0.255 ***

	
−0.110 ***

	

	
−0.290 ***

	
−0.288 ***

	
−0.126 ***




	

	

	
(−10.64)

	
(−10.53)

	
(−2.83)

	

	
(−10.88)

	
(−10.79)

	
(−3.02)




	
Lev

	

	
0.0158

	
0.0201

	
−0.0245

	

	
−0.00952

	
−0.00432

	
−0.0452 *




	

	

	
(0.69)

	
(0.88)

	
(−1.05)

	

	
(−0.39)

	
(−0.18)

	
(−1.80)




	
Growth

	

	
−0.000873

	
−0.00108

	
−0.0000026

	

	
−0.00135

	
−0.00161

	
−0.000789




	

	

	
(−0.29)

	
(−0.36)

	
(−0.00)

	

	
(−0.42)

	
(−0.51)

	
(−0.25)




	
CSR

	

	
−0.0147 ***

	
−0.0151 ***

	
−0.00927 **

	

	
−0.00219

	
−0.00272

	
0.00117




	

	

	
(−3.86)

	
(−3.95)

	
(−2.37)

	

	
(−0.54)

	
(−0.67)

	
(0.28)




	
_cons

	
1.081 ***

	
0.588 ***

	
0.637 ***

	
0.611 ***

	
1.330 ***

	
0.589 ***

	
0.650 ***

	
0.568 ***




	

	
(64.72)

	
(4.86)

	
(4.99)

	
(4.30)

	
(67.79)

	
(4.53)

	
(4.75)

	
(3.72)




	
N

	
5182

	
5182

	
5182

	
5182

	
5182

	
5182

	
5182

	
5182




	
Year

	
No

	
No

	
Yes

	
Yes

	
No

	
No

	
Yes

	
Yes




	
Ind

	
No

	
No

	
No

	
Yes

	
No

	
No

	
No

	
Yes




	
R2

	
0.182

	
0.331

	
0.333

	
0.354

	
0.019

	
0.232

	
0.234

	
0.255




	
adj. R2

	
0.182

	
0.330

	
0.330

	
0.350

	
0.018

	
0.231

	
0.232

	
0.251








Note: t statistics in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.













 





Table 5. Mediation effects test results.






Table 5. Mediation effects test results.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)




	

	
GIN

	
GIN

	
GH

	
GH

	
GIN

	
GIN






	
DTAB

	
0.105 ***

	

	
0.108 ***

	

	
0.0252 ***

	




	

	
(29.42)

	

	
(29.03)

	

	
(10.26)

	




	
DTAD

	

	
0.247 ***

	

	
0.378 ***

	

	
0.0464 **




	

	

	
(8.09)

	

	
(12.01)

	

	
(2.50)




	
Age

	
−0.180 ***

	
−0.174 ***

	
−0.0991 **

	
−0.0872 **

	
−0.107 ***

	
−0.107 ***




	

	
(−4.67)

	
(−4.21)

	
(−2.47)

	
(−2.04)

	
(−4.33)

	
(−4.30)




	
Size

	
0.292 ***

	
0.347 ***

	
0.341 ***

	
0.393 ***

	
0.0397 ***

	
0.0421 ***




	

	
(29.05)

	
(32.80)

	
(32.58)

	
(36.01)

	
(5.65)

	
(5.93)




	
SOE

	
−0.138 ***

	
−0.162 ***

	
0.0902 ***

	
0.0655 **

	
−0.205 ***

	
−0.212 ***




	

	
(−5.37)

	
(−5.86)

	
(3.37)

	
(2.30)

	
(−12.47)

	
(−12.83)




	
Poll

	
−0.110 ***

	
−0.126 ***

	
−0.106 ***

	
−0.136 ***

	
−0.0313

	
−0.0208




	

	
(−2.83)

	
(−3.02)

	
(−2.63)

	
(−3.15)

	
(−1.26)

	
(−0.83)




	
Lev

	
−0.0245

	
−0.0452 *

	
0.0115

	
−0.0158

	
−0.0331 **

	
−0.0329 **




	

	
(−1.05)

	
(−1.80)

	
(0.48)

	
(−0.61)

	
(−2.23)

	
(−2.19)




	
Growth

	
−0.00000261

	
−0.000789

	
0.00153

	
0.000666

	
−0.00113

	
−0.00131




	

	
(−0.00)

	
(−0.25)

	
(0.50)

	
(0.21)

	
(−0.61)

	
(−0.69)




	
CSR

	
−0.00927 **

	
0.00117

	
−0.00518

	
0.00438

	
−0.00544 **

	
−0.00223




	

	
(−2.37)

	
(0.28)

	
(−1.27)

	
(1.01)

	
(−2.18)

	
(−0.89)




	
GH

	

	

	

	

	
0.739 ***

	
0.775 ***




	

	

	

	

	

	
(86.70)

	
(95.83)




	
_cons

	
0.611 ***

	
0.568 ***

	
0.920 ***

	
0.849 ***

	
−0.0694

	
−0.0904




	

	
(4.30)

	
(3.72)

	
(6.21)

	
(5.38)

	
(−0.76)

	
(−0.98)




	
N

	
5182

	
5182

	
5182

	
5182

	
5182

	
5182




	
Year

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Ind

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
R2

	
0.354

	
0.255

	
0.420

	
0.343

	
0.737

	
0.732




	
adj. R2

	
0.350

	
0.251

	
0.417

	
0.340

	
0.736

	
0.731








Note: t statistics in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01.













 





Table 6. Moderation effects test results.






Table 6. Moderation effects test results.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)




	

	
GH

	
GH

	
GH

	
GH

	
GH

	
GH






	
DTAB

	
0.108 ***

	

	
0.0829 ***

	

	
0.0553 ***

	




	

	
(29.03)

	

	
(22.65)

	

	
(14.24)

	




	
DTAD

	

	
0.378 ***

	

	
0.301 ***

	

	
0.159 ***




	

	

	
(12.01)

	

	
(10.01)

	

	
(5.18)




	
Age

	
−0.0991 **

	
−0.0872 **

	
−0.110 ***

	
−0.0798 **

	
−0.151 ***

	
−0.105 ***




	

	
(−2.47)

	
(−2.04)

	
(−2.89)

	
(−1.97)

	
(−4.05)

	
(−2.61)




	
Size

	
0.341 ***

	
0.393 ***

	
0.283 ***

	
0.311 ***

	
0.246 ***

	
0.277 ***




	

	
(32.58)

	
(36.01)

	
(27.83)

	
(28.50)

	
(24.14)

	
(24.78)




	
SOE

	
0.0902 ***

	
0.0655 **

	
0.104 ***

	
0.0950 ***

	
0.119 ***

	
0.102 ***




	

	
(3.37)

	
(2.30)

	
(4.10)

	
(3.51)

	
(4.81)

	
(3.82)




	
Poll

	
−0.106 ***

	
−0.136 ***

	
−0.113 ***

	
−0.176 ***

	
−0.0492

	
−0.0984 **




	

	
(−2.63)

	
(−3.15)

	
(−2.96)

	
(−4.28)

	
(−1.31)

	
(−2.42)




	
Lev

	
0.0115

	
−0.0158

	
0.0594 ***

	
0.0558 **

	
0.0673 ***

	
0.0587 **




	

	
(0.48)

	
(−0.61)

	
(2.58)

	
(2.26)

	
(2.98)

	
(2.40)




	
Growth

	
0.00153

	
0.000666

	
0.00123

	
0.000703

	
0.00132

	
0.00123




	

	
(0.50)

	
(0.21)

	
(0.43)

	
(0.23)

	
(0.47)

	
(0.40)




	
CSR

	
−0.00518

	
0.00438

	
−0.00373

	
0.00546

	
−0.00397

	
0.00480




	

	
(−1.27)

	
(1.01)

	
(−0.97)

	
(1.33)

	
(−1.05)

	
(1.18)




	
NS*DTAB

	

	

	
0.0975 ***

	

	

	




	

	

	

	
(24.82)

	

	

	




	
NS*DTAD

	

	

	

	
1.258 ***

	

	




	

	

	

	

	
(23.87)

	

	




	
NR*DTAB

	

	

	

	

	
0.0359 ***

	




	

	

	

	

	

	
(29.44)

	




	
NR*DTAD

	

	

	

	

	

	
0.409 ***




	

	

	

	

	

	

	
(26.22)




	
_cons

	
0.920 ***

	
0.849 ***

	
0.742 ***

	
0.363 **

	
1.129 ***

	
0.779 ***




	

	
(6.21)

	
(5.38)

	
(5.29)

	
(2.40)

	
(8.22)

	
(5.26)




	
N

	
5182

	
5182

	
5182

	
5182

	
5182

	
5182




	
Year

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
Ind

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes

	
Yes




	
R2

	
0.420

	
0.343

	
0.482

	
0.409

	
0.503

	
0.421




	
adj. R2

	
0.417

	
0.340

	
0.479

	
0.406

	
0.501

	
0.418








Note: t statistics in parentheses. ** p < 0.05, *** p < 0.01.













 





Table 7. The results of the robustness test.






Table 7. The results of the robustness test.





	

	
Hysteresis Test

	
Shrinkage Treatment




	

	
GIN

	
GIN

	
GIN

	
GIN

	
GIN

	
GIN






	
L.DTAB

	
0.0469 ***

	

	

	

	

	




	

	
(9.52)

	

	

	

	

	




	
L2.DTAB

	

	
0.0468 ***

	

	

	

	




	

	

	
(8.17)

	

	

	

	




	
L.DTAD

	

	

	
0.0627 ***

	

	

	




	

	

	

	
(4.56)

	

	

	




	
L2.DTAD

	

	

	

	
0.0574 ***

	

	




	

	

	

	

	
(3.26)

	

	




	
DTAB

	

	

	

	

	
0.0766 ***

	




	

	

	

	

	

	
