[image: image1]Effect of digital transformation on innovation performance in China: corporate social responsibility as a moderator

		ORIGINAL RESEARCH
published: 10 July 2023
doi: 10.3389/fenvs.2023.1215866


[image: image2]
Effect of digital transformation on innovation performance in China: corporate social responsibility as a moderator
Lei Wang1 and Jinzhe Yan2*
1Changzhou Vocational Institute of Engineering, Changzhou, China
2College of Business, Gachon University, Seongnam, Republic of Korea
Edited by:
Grigorios L. Kyriakopoulos, National Technical University of Athens, Greece
Reviewed by:
Ahmad Ibrahim Aljumah, Al Ain University, United Arab Emirates
Ioannis Sebos, National Technical University of Athens, Greece
* Correspondence: Jinzhe Yan, yanjz@gachon.ac.kr
Received: 02 May 2023
Accepted: 28 June 2023
Published: 10 July 2023
Citation: Wang L and Yan J (2023) Effect of digital transformation on innovation performance in China: corporate social responsibility as a moderator. Front. Environ. Sci. 11:1215866. doi: 10.3389/fenvs.2023.1215866

Introduction: In the digital economy, digital transformation (DT) is a deliberate decision to improve organizational procedures, alter production processes, introduce precision marketing, and more, ultimately impacting how well businesses innovate. This is why the current article investigates the effect of DT and the firm’s innovation performance and the boundary condition of corporate social responsibility (CRS).
Method: This study proposed a conceptual research model for the effect of DT on innovation performance and discussed the boundary condition of CRS. We collected China’s listed A-share firms’ data to examine the proposed hypotheses statistically. After Hausman test, the current study adopted fixed-effect regression, examined the heterogeneity issues resulting from different industry classifications, and robustness test for the correctness of the results.
Results and Implications: The following main conclusions are drawn: 1) DT can significantly enhance product innovation performance; 2) DT can significantly improve process innovation performance; 3) There is a time lag effect on the innovation performance (both product and process innovation performance) of the previous period on the innovation performance of the current period; 4) CSR positively moderates the role of DT on innovation performance; and 5) The impact of DT is heterogeneous across industries and patent. This study not only enriched the literature on DT and innovation performance but also provided the guidelines to promote digital transformation at the firm level.
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1 INTRODUCTION
Digital transformation (DT) is causing a wave of change in countries and industries worldwide. Digital technology is commonly used to transform corporate development and promote high-quality corporate development, especially concerning sustainability goals.
The literature on enterprise digitalization focuses on essential digitalization theory, digital capabilities, DT, the impact of digitalization on enterprise performance, and the underlying mechanisms of action. DT and digitalization are fundamentally different. Hess et al. (2016) hold that digitalization converts information from an analog to a digital format, whereas DT is the digital change that technology brings. Kim et al. (2011) believe that the digitization (capability) level reflects the ability of information-based technical facilities, human resources, and comprehensive management. DT is the use of recent digital technologies (e.g., social media, mobile technology, analytics, or embedded devices) by corporations to realize important business enhancements, improve client expertise, optimize operations, or create new business models (Fitzgerald et al., 2014). Within an enterprise, DT is outlined as an associate structure amendment toward big data analytics, cloud computing, social media platforms, and so on (Kane, 2017).
The current literature on DT focuses on three areas: 1) Business transformation, 2) technology as a driver of DT, and 3) institutional and social impact. Business transformation is the foundation of DT; it focuses on the effect of DT on business systems, where digital technology affects not only the transformation of merchandise, business processes, or sales but conjointly the whole business model (Hess et al., 2016). Research on business transformation covers two main areas: business combination and structure modification. Existing studies on business portfolios focus on strategy, and experimentation and implementation of digital technologies alone are insufficient to achieve transformation because a digital strategy must also be developed (Sebastian et al., 2017). The DT process must combine a company’s multiple practices with all its strategies, including digital, business, and information technology (IT) business strategies (A. Bharadwaj et al., 2013; Matt et al., 2015). The DT process for organizational change can be analyzed through the lens of resource theory. Liu et al. (2011) developed the resource matching theory by combining the resource base theory and strategic matching perspective. New technologies are the driving force behind DT, which profoundly affects the existing structures. IT investments are critical for business performance (Gerth and Peppard, 2016). Sebastian et al. (2017) consider how social technologies, mobile technologies, cloud computing, and IT are new digital technologies. White (2012) proposes four ideal digital technologies: mobile, big data, cloud computing, and search-based applications. In addition to new technologies and business models, DT depends on how society innovates and becomes more open, collaborative, and global (Bogers et al., 2018). Hinings et al. (2018) believe that the era of DT demands new theories that successively lead to institutional modification. Zhang et al. (2022) tested the relationship between digital transformation and corporate sustainability. Li and Fei (2023) suggested that DT is positively associated with a firm’s performance and network embeddedness plays a mediation role.
The idea of social responsibility was first introduced in the early 1950s. Bowen (1953) presents specific concepts concerning corporate social responsibility (CSR)—that business people’s choices and actions affect their stakeholders, employees, and customers, which in turn directly impacts the life standard in society as a whole. In the 1960s, mainstream academic thinkers argued that social, economic, and political changes pressured business people to reexamine their social roles and responsibilities. In the 1970s, social movements and new legislation influenced the understanding of CSR. In the 1980s, the international community became progressively conscious of environmental protection and property development and, indirectly, of company behavior. In the 1990s, major international events influenced the international community’s view on social responsibility and sustainable development. In celebration of the year 2000, the global organization called General Assembly was established, giving businesses a wider variety of responsibilities concerning human and labor rights, the environment, anti-corruption, and property development. In the 2010s, the Paris Agreement and the adoption of the “Property Development Goals” in 2015 ushered in a new accord. During this period, the literature on CSR focused on the impact on the performance of specific sectors, organizations, and industries that can be linked to the SDGs and generate shared values. Porter and Kramer (2011) claim that traditional, limited corporate methods, which frequently overlook the broad elements that affect their long-term success, are partly to blame for the need to produce shared value Based on the literature on greenhouse gas reduction (Sebos et al., 2020), carbon (Sebos, 2022), and air pollution (Progiou et al., 2023), we supposed that Greenhouse gas reduction is the outcome of digital transformation, a bridge linking digital transformation and CSR(Wu et al., 2023).
In academia, there are two main themes regarding CSR. One is that CSR has four dimensions: economic responsibility, obligation, moral responsibility, and philanthropic responsibility (Carroll, 1991). In addition, Elkington and Rowlands (1999) hold that CSR should include economic, social, and environmental responsibility; this is from a stakeholder perspective. Clarkson (1995) believes that all stakeholders (e.g., shareholders, employees, and consumers) must be involved in the business development process, meaning that companies are accountable to all stakeholders. The existing literature on the drivers and behavioral outcomes of CSR presents different research findings. Academics investigate the factors that drive CSR behavior from institutional, organizational, and individual levels. Campbell (2007) claims that CSR comes from the pressure of mandatory policies set by government departments and related organizations. Competition and learning among companies, the corporate mission, organizational culture and identity, the governance structure, business strategy, or trade orientation promote CSR (Khan et al., 2013; Schultz et al., 2013; Abhinav et al., 2017). Companies respond to increased malpractice risk by strategically increasing their investment in employee-related CSR (e.g., work and life wellbeing, health and safety policies, etc.; Flammer and Luo, 2017). For CSR to serve the interests of shareholders, important resources must be invested early on, as the benefits of CSR activities can only be collected once the CSR threshold has been met (Nollet et al., 2016). Cho and Tsang (2020) emphasize the importance of considering a company’s product strategy when evaluating CSR investments.
Drucker (1993) believes that innovation is a recombination of entrepreneurs’ production factors and conditions. Schumpeter (1982) proposes that innovation includes product innovation (manufacturing of new products or transformation of old products), technological innovation (adoption of new production processes), organizational or institutional innovation (adoption of new organizational forms), market innovation (exploration of new markets), and resource allocation innovation (search for new supply markets). Rochford and Rudelius (1997) consider that innovation performance (IP) is the degree of innovation of improved and new products resulting from a firm’s innovation activities. IP involves the entire process of generating a new concept, developing a new product from the new concept, and introducing the product to the market (Ernst, 2001). Sosik et al. (2012) consider the value of corporate innovation brought by corporate add-on products and pioneering product innovation as corporate IP. IP is also considered the result of the output and the improvement of production efficiency after the firm has invested certain resources in the innovation system, including product innovation performance (PDIP) and process innovation performance (PCIP; Guler and Nerkar, 2012).
Studies on the factors influencing IP have primarily been conducted from macro and micro perspectives. From a macro standpoint, Ahuja and Katila (2004) highlight that one effective factor for enhancing a firm’s IP is a good regional environment, as the regional setting has an important impact on the firm’s IP. Lindič et al. (2011) evaluate the factors that influence IP and conclude that government assistance could help SMEs improve their IP. From a micro perspective, Butlin and Carnegie (2001) delineate the antecedents of IP, namely, an ambitious business agenda, clear goals, rules-based forms, intimacy with customers, leadership, structure culture, infrastructure, and certain skills. In addition, Felin and Hesterly (2007) find that IP was associated with the knowledge and behavior of the people who manage this knowledge. Rouse and Daellenbach (2002) acknowledge that data, strategy, technology, structure, and culture are the main determinants of IP.
Prior research verified the DT effect on enterprise performance (Li and Fei, 2023; Ren et al., 2023), Corporate Social Performance (Meng et al., 2022), corporate sustainability (Zhang et al., 2022). However, few researchers investigated the effect on innovation performance. Chen and Kim (2023) verified the relationship between DT and innovation quantity and pointed out the mediation mechanism of knowledge flows and innovation awareness. Li et al. (2023) analyzed the influence of DT on innovation performance by adopting a fixed effect model with a total number of patents. This study presumed that DT could improve business capabilities, production, and management and help enterprises cross the “digital divide,” enabling them to operate efficiently and highlight their core competitiveness. White (2012) believes that economic integration could be achieved through digital processes and collaboration tools. Bouncken and Barwinski (2021) argue that DT should be incorporated into existing business views as this process involves technological amendments. Companies should not only rely on DT to enhance innovation capabilities but also take the initiative to assume greater social responsibility. Therefore, this study proposes that DT positively affects a firm’s IP and that CSR moderates the relationship between DT and IP.
This study provides the following potential contributions. Firstly, unlike DT literature, this study classified the innovation performance into product and process innovation performance, which enriched the literature on DT and innovation performance. Secondly, we introduced the CRS as a moderation variable. Finally, this study also investigated the multiplicative effect of DT and IP considering the heterogeneity of industry and ownership, using panel threshold regression, which is meaningful in constructing and improving the innovation theory of Chinese-listed companies.
2 LITERATURE REVIEW AND HYPOTHESES DEVELOPMENT
According to Guler and Nerkar (2012), IP is the increase in productivity (including PDIP and PCIP) exhibited after the input of resource elements into the firm’s innovation system. We elaborate on both PDIP and PCIP below.
2.1 DT and PCIP
Scholars agree that to realize economic gains from process innovation, a mix of explicit and tacit new knowledge is necessary (Un and Asakawa, 2015). Un and Asakawa (2015) confirm that data should be rigorously embedded in a firm’s structure and technological systems to develop process innovation. Companies must acquire and assimilate internal and external information, reorganize existing and recently nonheritable information, and apply the remodeled information to their operations (Jansen et al., 2005). Theory of knowledge scholars expect firms to be able to assimilate external information (Zahra and George, 2002). A seamless flow of production-related details is generated through digitization, such as system access to external information, technology systems for enterprise resources coming up, offer chain management, or client relationship management. Data are generated to make production process issues visible in the manufacturing process and thereby improve the transparency of process operations and performance (Hendricks et al., 2007). PCIP can be positioned as a firm’s resource endowment (Sorescu et al., 2003). According to enterprise resource theory, in dynamic economic conditions, applying digital technologies in DT will improve the exploitation of resources, which would then enhance the ability of corporations to introduce and gain a proprietary competitive advantage (Henfridsson et al., 2018). According to process reengineering theory, companies improve their business performance by introducing digital information technology, which works backward within the organization and the workflow to help develop new products, organizational processes, and services (Scuotto et al., 2017). It simplifies corporate communication and organizational structure (Moeuf et al., 2020). A commitment to digitalization facilitates communication between companies and access to new kinds of information and related resources, which is believed to enhance firm IP (Parida et al., 2012). Liang and Li (2022) divided the innovation performance into PCIP and PDIP and verified DT promotes both PCIP and PDIP. Based on the analysis above, we propose the following:
H1:. DT positively affects PCIP.
2.2 DT and PDIP
Companies actively exploit the Internet, big data, artificial intelligence (AI), and alternative digital technology to innovate manufacturing processes and comprehensively improve product design, manufacturing practices, and management (Kang et al., 2016). In the digital economy, digitizing merchandise and services has become a serious means for corporations to achieve a competitive advantage. Companies that believe in digital products and services tend to maintain a good position in a competitive market (Frank et al., 2019). Regarding product–service innovation, companies provide advanced services, such as research and development (R&D), centered around a collaborative research process with customers to improve products and services to meet continuous customer needs through close interaction (Baines and Lightfoot, 2014). Kohtamäki et al. (2013) emphasize the tempering result of network capability (network management capability, network integration capability, and network learning capability) on product innovation. Strong information-learning capabilities allow firms to accumulate new skills and resources and integrate knowledge into internal capabilities to supply innovative merchandise, develop new product markets, cut R&D prices, and improve IP (Lew et al., 2013). According to stakeholder theory, for a company to achieve its product and service innovation goals, it must balance the conflicting interests of its contractual stakeholders as a whole, including management, general employees, shareholders, suppliers, regulators, and consumers. The government, as a regulator, requires companies to comply with environmental, policy, and regulatory requirements, which puts pressure on companies to innovate (Berchicci and King, 2007). Requests from customer provide information about their expectations for new merchandise and processes (Laforet, 2008). Suppliers and departments that are directly affected by the innovation can serve as co-creators or producers of the innovation (Yeniyurt et al., 2014). Liang and Li (2022) divided the innovation performance intwo PCIP and PDIP and verified DT promote both PCIP and PDIP Considering the studies discussed above, we propose the following:
H2:. DT has a significant positive impact on PDIP.
2.3 Heterogeneity in the role of DT on IP
This study examines the differential impact of DT on IP from two perspectives: the nature of the firm’s equity and the type of industry.
Brynjolfsson (1993) finds that IT investment within the service sector had a considerably higher result on firm performance than that within the manufacturingsector. Tippins and Sohi (2003) believe that IT capabilities indirectly affect the performance of manufacturing companies. The ability to integrate the enterprise may generate important improvements in business performance with the IT chain (Rai et al., 2006). Parsons et al. (1990) believe that IT has an important contribution to the development of the banking industry. Franks (2012) consider that the emergence of mobile payment services has not significantly impacted financial markets and that the ease of payment has not led to an increase in the number of market investors. Previous studies indicated that the manufacturing industry typically uses digital technology to create digital production lines and digital factories to improve the efficiency of enterprise production and operation, and non-manufacturing enterprises strengthen their capabilities in areas such as predictive analytics and merchandising management through digital infrastructure, digital processes, and digital marketing.
According to the equity nature of enterprises in China, enterprises are categorized as state-owned enterprises (SOEs) or non-state-owned enterprises (NON-SOEs, including private enterprises, foreign-funded enterprises, and mixed enterprises). In China’s socialist market economy environment, the system is favorable to the development of SOEs (Zheng and Scase, 2013). SOEs are more likely to receive financial support through loan guarantees or government policies (Cui and Jiang, 2012). By contrast, NON-SOEs have limited access to financial aid and lack an intermediary for DT. In the process of digitalization, a big gap exists in the resources obtained by SOEs and NON-SOEs, and the resource difference determines the speed and level of their digitalization. In a socialist market economy, SOEs, which typically have more resources, have higher levels of digitization, whereas NON-SOEs may have lower levels. Accordingly, we propose the following:
H3:. The impact of DT on IP is heterogeneous across industries and state ownership.
2.4 Moderating effect of CSR
According to the synergy effect, the interaction or cooperation of two things gives rise to a whole that is greater than the simple sum of its parts. Digitalization alone cannot successfully provide companies with a competitive advantage. Still, it can be useful in resource integration for purposes of CSR and sharing of business practices and specific resources, which gradually would help in forming an irreplaceable overall system and improving the IP of companies. Forcadell et al. (2020) note that corporate sustainability and digitalization are increasingly important to businesses, society, and policymakers worldwide. The combination of corporate sustainability and digitalization can enhance each other’s strengths, thereby producing better results. According to the theory of corporate resources, companies can increase their digital innovation investment and PCIP by continuously absorbing new knowledge regarding social responsibility, creating a corporate culture that actively fulfills social responsibility, and fostering an atmosphere and mechanism for continuous innovation (Carrasco-Monteagudo and Buendía-Martínez, 2013). According to stakeholder theory, the relationship between a company and its stakeholders can be better maintained through CSR, leading to a wide and deep social relationship network (Lončar et al., 2019). Access to information, skills, and resources that are necessary for digital activities can reduce innovation costs and facilitate DT (La Rosa et al., 2018). Based on the discussion above, we propose the following:
H4:. CSR positively moderates the relationship between DT and PCIP.By engaging in socially responsible practices, companies could attract social and governmental capital and reduce the financing constraint of DT and maintain an honest image and establish products and production processes that satisfy market demand (Katmon et al., 2019). According to stakeholder theory, higher levels of investor social responsibility indicate that firms value communication with stakeholders and reduce the cost of developing innovative merchandise (Eccles et al., 2012). Management’s practices of social responsibility toward internal stakeholders will considerably affect funding constraints. By contrast, social responsibility toward external stakeholders will alleviate the pressure of funding constraints and allow the allocation of additional funds to digital product transformation (Jianfei and Yun, 2019). Moreover, shareholders’ fulfillment of social responsibility enhances the company name. This creates an honest company image, and the higher the company’s reputation, the lower the cost of equity capital the company faces, and thus, the more it invests in digitalization (Lin-Hi and Blumberg, 2018). By increasing the recognition and social involvement of the company’s employees, the firm would be able to attract the best employees and improve its level of digitalization, thereby enhancing its PDIP. Managers ought to specialize in coaching and recruiting staff with various business skills and a sense of responsibility (Groysberg and Lee, 2009). Strong learning capabilities and responsible practices help corporations accumulate new skills and resources and integrate them into internal capabilities to provide an innovative product, develop new product markets, cut back on R&D costs, and improve IP (Lew et al., 2013). How businesses operate is influenced by environmental, social, and economic trends, and DT will affect the business models (Chandola, 2015). DT considerably contributes to reducing waste emissions and enhancing environmental protection, leading individuals to unravel existing issues and address them in environmentally friendly ways (Feroz et al., 2021). Based on the analysis above, we propose the following:
H5:. CSR positively moderates the relationship between DT and PDIP.The research model is presented in Figure 1 below.
[image: Figure 1]FIGURE 1 | Research model.
3 RESEARCH DESIGN
3.1 Data sources and samples
We selected Chinese A-share listed enterprises from 2010 to 2019 and obtained their data from the China Stock Market and Accounting Research (CSMAR) database. The data for the DT variables came from the annual reports of enterprises from 2010 to 2019, collected through CNINF and examined using Python for keyword text analysis. The data for the CSR variable were obtained from the China Hexun database on professional measurements of listed companies. Subsequently, enterprises belonging to the ST, ST*, and finance sectors were excluded. Finally, to mitigate the influence of outliers on the regression results, this study winsorized all continuous variables at the 1% and 99% levels. Panel data for 950 sample companies were included in the analysis.
3.1.1 Variable selection and measurement
3.1.1.1 Explained variables
Innovation Performance (IP). According to the previous analysis, IP promotes technological innovation, including PCIP and PDIP. PCIP concerns the application of new or improved corporate manufacturing business processes, whereas PDIP involves developing and producing new products. Following Jimenez-Jimenez and Sanz-Valle (2008), we measured PCIP in terms of annual innovation investment as a percentage of operating revenue and PDIP in terms of the number of patent applications (including invention, utility model, and design patents). To highlight the innovation of invention patents, weightings of 30% for invention patents, 20% for utility model patents, and 10% for design patents were assigned, and the resulting values were then summed up.
3.1.1.2 Explanatory variables
Digital Transformation (DT). Following Chun et al. (2021a), we compiled the annual reports of A-share listed companies on the Shanghai and Shenzhen exchanges through a Python tool to search, match, and count the word frequency of feature words from the data, sum up the word frequencies of key technology directions, and construct an index system for DT. For robustness testing, drawing on Huaijin et al. (2020), the degree of annual change in the digital economy as a percentage of total intangible assets (DT_R) was used as a proxy variable to validate DT on PCIP. To validate DT on PDIP, we used the sum of the number of uses of DT (AI technologies, blockchain technologies, cloud computing technologies, big data technologies, digital technology applications) of listed companies from the CSMAR database (DT_RN) as a proxy variable.
3.1.1.3 Moderating variable
Based on stakeholder theory and drawing on the research of Zuanyong and Dian (2021), we adopted the professional CSR measurement index system of China Hexun for listed companies to measure CSR fulfillment comprehensively.
3.1.1.4 Control variables
Based on Zhu and Jin (2023) and Zuo et al. (2021), this study set business growth, enterprise scale, gearing ratio, cash flows from operating activities, scales cost ration, return on total assets, board, Corporate equity concentration, nature of shareholding, number of years in the market and industry as control variables.
Business growth (GRO). The purpose of company growth analysis is to observe the event of a company’s business capability exceeding an explicit amount. Therefore, the growth magnitude relation is a vital indicator of the company’s development rate.
Enterprise scale (SIZE). The growth of innovation activity tends to rise gradually with the firm’s size (Acemoglu and Linn, 2004). The size of an enterprise reflects its capability in product production or mounted assets for production and operation. We used the Napierian logarithm of total assets to measure this variable (Vij and Farooq, 2016).
Gearing ratio (GER). This indicator reflects the proportion of creditors’ assets in the enterprise’s total assets; it indicates the peril of using creditors’ credit facilities as well as the enterprise’s ability to boost debt.
Cash flows from operating activities (CFA). This indicator captures the cash flow generated from all the enterprise transactions and events other than investing and financing activities. We measured CFA by taking the Napierian logarithm of a company’s internet income from operations.
Sales cost ratio (SCR). The cost of goods sold ratio reflects a company’s cost of goods sold per unit of sales revenue and corresponds to the gross margin. An abnormally high cost of goods sold ratio indicates that a company is selling incorrectly or is in an unfavorable competitive position in the market. SCR = (Total profit/Total costs and expenses) × 100%.
Return on total assets (RTA). This indicator represents the listed company’s ability to use capital to generate profit, which may mirror aggressiveness, development ability, and comprehensive management ability.
Board size (BOS). Most studies indicate that the size of the board of directors has a vital impact on the company’s decision-making, access to external resources for development, the building of a decent company image, and effective management. We used the number of directors to capture this variable.
Corporate equity concentration (CEC). The concentration of equity is a quantitative indicator of whether the equity is concentrated or dispersed among shareholders. We measured this variable by taking the logarithm of the shareholding of the largest shareholder.
Nature of shareholding (NOS). The nature of equity denotes a company’s control through its shareholdings in a given company. The value is 1 if the enterprise is an SOE and 0 otherwise.
Number of years in the market (TIME). The number of years in the market is the period from the time of listing to the current time, which we measured by subtracting the present time from the listing time and taking the natural logarithm.
Industry (IND). The dummy variable for the industry is set as 1 for manufacturing and 0 for non-manufacturing.
3.2 Model specification
3.2.1 Benchmark model
To verify the hypotheses, we employed the economic models described below.
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In Eq. 1, subscripts [image: image] and [image: image] stand for the [image: image] firm and the year, respectively. [image: image] denotes the firm’s IP; [image: image] denotes the firm’s level of DT; [image: image] indicates the control variables, including business growth (GRO), enterprise scale (SIZE), gearing ratio (GER), cash flows from operating activities (CFA), sales cost ratio (SCR), return on total assets (RTA), board size (BOS), corporate equity concentration (CEC), nature of shareholding (NOS), number of years in the market (TIME), and industry (IND). [image: image] denotes the industry fixed effect, and [image: image] is the random error term.
3.2.2 Moderation model
To investigate the moderating role of CSR, we added the CSR and the interaction term of DT and CSR to the benchmark model.
[image: image]
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In Eqs 2, 3, subscripts [image: image] and [image: image] stand for the [image: image] firm and the year, respectively. [image: image] denotes the firm’s IP; [image: image] denotes the firm’s level of DT, and CSR means corporate social responsibility. [image: image] indicates the control variables, including business growth (GRO), enterprise scale (SIZE), gearing ratio (GER), cash flows from operating activities (CFA), sales cost ratio (SCR), return on total assets (RTA), board size (BOS), corporate equity concentration (CEC), nature of shareholding (NOS), number of years in the market (TIME), and industry (IND). [image: image] denotes the industry fixed effect, and [image: image] is the random error term. DT*CSR in Eq. 3 means the interaction term of DT and CSR.
4 EMPIRICAL RESULTS AND ANALYSIS
4.1 Study 1: Empirical study of DT on PCIP
4.1.1 Descriptive statistics
The descriptive statistics analysis shows that the dependent variable PCIP has a maximum value of 0.244, a minimum value of 0, a mean value of 0.044, and a standard deviation of 0.042, indicating little difference in the PCIP of the sample of listed companies. The maximum value of the independent variable DT is 538; the minimum value is 1; the mean value is 66.118, and the standard deviation is 101.71, indicating a large gap in the degree of DT in the sample. From the robustness test, the maximum value of the proxy variable (DT_R) is 1; the minimum value is 0; the mean is 0.089, and the standard deviation is 0.182, indicating a wide variation in the percentage of the digital economy in the total intangible assets of listed companies. The maximum value of the moderating variable CSR is 76.015; the minimum value is −2.6; the mean is 25.928 and the standard deviation is 16.741, with some but no significant differences among samples (See Supplementary Table S1).
4.1.2 Correlation analysis and variance inflation factor
For an initial test of the role of DT on PCIP, Pearson correlation analysis was conducted on the key variables, and the results are shown in Supplementary Table S2. The dependent variable PCIP shows a positive relationship with the independent variable DT and the robustness test proxy variable (DT_R) and a negative relationship with the moderating variable CSR. To examine further the issue of multicollinearity among the main variables, the variance inflation factor (VIF) was tested for all explanatory and control variables, and we found that the maximum VIF value is 1.95 and the mean value is 1.36, suggesting no covariance problem in the model.
4.1.3 Regression analysis
To test the role of DT on PCIP, a mixed ordinary least squares (OLS) regression approach and panel data regression were used for empirical testing. Before conducting the panel data regressions, we administered a Hausman test to determine whether to use a fixed or random effects model. As Prob > chi2 = 0.0000, the difference between the fixed and random effects was significant, favoring the fixed effects model. Table 1 combines the OLS and panel data regression results.
TABLE 1 | OLS Regression vs. Fixed Effects Regression.
[image: Table 1]Table 3 shows that DT significantly positively affects PCIP in both the OLS and fixed effects regressions, thus verifying H1. However, in terms of the degree of explanation, the OLS regression (t = 26.05) surpassed the fixed effects regression (t = 11.6), indicating that a fixed effects model fixes some factors, thus giving a slight reduction in explanatory power. Nevertheless, both results are significant at the 5% level and do not reach the 1% level of significance, indicating that the degree of DT of Chinese listed companies needs further improvement.
4.1.4 Endogeneity analysis
DT can significantly improve PCIP, and PCIP has a continuity feature; that is, the PCIP in the previous period may impact the PCIP in the current period. In addition, owing to the many factors that affect PCIP, the problem of omitted variables is inevitable when constructing the empirical model, which causes endogeneity issues. To deal with the aforementioned two endogeneity issues, we used the system generalized method of moments (SYS-GMM) to empirically test the relationship between prior- and current-period PCIP and then compare the results of the OLS, fixed effects, and SYS-GMM regressions. Table 2 displays the test results.
TABLE 2 | Comparison of OLS, FE, and SYS-GMM.
[image: Table 2]In Table 4, the SYS-GMM results show that the PCIP lagged by one period has a significant positive effect on the current period and passes the 1% statistical significance level test. AR (1) = 0.000 < 0.05 and AR (2) = 0.891 > 0.1, which indicates a first-order autocorrelation and no second-order autocorrelation for the random disturbance term. The Hansen test value = 0.115 > 0.1 indicates that the model does not have an over-identification problem and that the overall model is well estimated. After controlling for endogeneity, DT still has a significant positive effect on PCIP; hence, H1 is further supported. The analysis above reveals that PCIP has a certain lag and long-term nature, which suggests that the benefits of PCIP are uncertain and that PCIP transmission requires some time.
4.1.5 Heterogeneity analysis
Are there differences in the performance of DT on PCIP across industries and by the nature of equity? Drawing on Lau et al. (2016), we divided the study sample into four subsamples: Manufacturing (MAF), non-manufacturing (NON-MAF), state-owned enterprises (SOE), and non-state-owned enterprises (NON-SOE), and used a panel fixed effects approach for group testing and likelihood uncorrelated estimation. We found significantly different random disturbance terms, allowing for coefficient comparisons. Table 3 shows the test results.
TABLE 3 | Heterogeneity test results.
[image: Table 3]As shown in Table 3, the DT of both SOEs and NON-SOEs significantly positively affect PCIP. Furthermore, a comparison of the regression coefficients and t-values shows that the DT of NON-SOEs is more likely to promote PCIP than that of SOEs; hence, H3 is verified. Similarly, manufacturing firms show a significant positive effect on PCIP compared with non-manufacturing listed firms, and the comparison of regression coefficients and t-values shows that manufacturing firms are better able to promote PCIP than non-manufacturing firms, with a 5% statistical significance, thus verifying H3.
4.1.6 Moderation analysis
To drawing on Hansen (1999), we conducted Bootstrap sampling by iterating the estimation process 1,000 times to determine whether a threshold exists. Table 4 shows the results, from which the following conclusions can be drawn. The F-statistic is significant at the 5% level for both the one- and two-threshold models; that is, the p-value is less than 0.05, suggesting that there are two thresholds in the model. Table 4 presents the results of the specific threshold estimates, which are −0.18 and 6.09. That is, the moderating variables are treated in three segments in conjunction with the number-for-transformation, namely, the first segment: CSR ≤ −0.18; second segment: −0.18 < CSR ≤ 6.09; and third segment: CSR > 6.09.
TABLE 4 | Threshold effect test.
[image: Table 4]Figure 2 plots the existence of the two threshold estimates of CSR; it specifically shows the likelihood ratio function at a 95% confidence interval for the two thresholds of −0.18 and 6.09.
[image: Figure 2]FIGURE 2 | Threshold estimation chart.
We further obtained the results of the panel threshold regressions along with the derived threshold values (see Table 5). Table 5 shows that the interaction between DT and CSR is split into three segments. In the first segment, the regression coefficient of DT•I (CSR ≤ −0.18) is 7.15e-05, and the t-value is 8.66, which is significant at the 1% level; that is, when CSR ≤ −0.18, the DT and CSR interaction has a significantly positive effect on PCIP. In the second segment, the regression coefficient of DT•I (−0.18 < CSR ≤ 6.09) is 0.000120, and the t-value is 12.83, which is significant at the 1% level; that is, when −0.18 < CSR ≤ 6.09, the effect of the interaction between DT and CSR on PCIP is also significantly positive. In the third segment, the regression coefficient of DT•I (CSR > 6.09) is 2.24e-05, and the t-value is 4.66, which is significant at the 1% level; that is, when CSR > 6.09, the effect of the interaction between DT and CSR on PCIP is still significantly positive. In addition, although the interaction of all three segments of CSR and DIT are significantly positive for both enterprise PCIP, the effects differ. From the magnitude of the regression coefficients and t-values, it can be judged that the interaction effect of the first segment is smaller than that of the second segment, and the interaction effect of the second segment is larger than that of the third segment. These results signify a process of first strengthening and then weakening. In summary, the interaction between DT and CSR is significantly positive on PCIP, which verifies H4.
TABLE 5 | Panel threshold regression estimation.
[image: Table 5]4.1.7 Robustness test
To examine the robustness of the study findings, we conducted robustness tests in two ways. The first was by replacing the explanatory variables. We replaced the independent variable DT with the proportion of the digital economy-related portion of the year-end intangible asset to total intangible assets (DT_R). The second was by adding a control variable (DUA), which indicates when one person is both a member of the board of directors and the general manager. After repeating the regression analysis discussed above, Table 6 shows that in the OLS and fixed effects regressions, the proportion of the digital economy-related component to the total intangible assets (DT_R) has a significant positive effect on PCIP. In the SYS-GMM model, the lagged one-period PCIP has a significant positive effect on the current period. Moreover, the proportion of the digital economy-related component to the total intangible assets ratio (DT_R) has a positive and significant effect on PCIP: AR (1) = 0.000 < 0.05; AR (2) = 0.348 > 0.1, which indicates the existence of first-order autocorrelation and no second-order autocorrelation for the random disturbance term. Furthermore, the Hansen test value equals 0.945 > 0.1, indicating that the model does not have an over-identification problem, and the previous findings still hold.
TABLE 6 | Robustness check results.
[image: Table 6]4.2 Study 2: Empirical study of DT on PDIP
4.2.1 Descriptive statistics
Supplementary Table S3 shows that the maximum value of the dependent variable PDIP is 1,294.5; the minimum value is 0; the mean value is 78.542, and the standard deviation is 178.7, indicating large differences in the PDIP of the sample of listed companies, and the fractional places in the maximum and mean values are due to winsorization. From the robustness test, the maximum value of the proxy variable DT_RN is 115.5; the minimum value is 0; the mean is 7.826, and the standard deviation is 18.982, which still indicate a large variation among samples. The presence of fractional places in the maximum and mean values are also due to winsorization. The descriptive statistics of the independent variable DT and the control variables have been described in the discussion of the empirical evidence of DT on PCIP and will not be repeated in this section.
4.2.2 Correlation analysis
To examine the impact of DT on PDIP, we conducted a Pearson correlation analysis on the variables, the results of which are shown in Supplementary Table S4. The dependent variable PDIP has a positive relationship with the independent variable DT, the robustness test proxy variable DT_RN, and the moderating variable CSR. We also conducted the variance expansion factor test and passed it.
4.2.3 Regression analysis
With reference to the previous study, we used negative binomial regression (NBR) and negative binomial panel regression for empirical testing. We initially conducted a Hausman test to determine whether to use negative binomial panel fixed effects regression (NBFR) or negative binomial panel random effects. As Prob > chi2 = 0.0000, the difference between fixed and random effects is significant, which favors the fixed effects model. The results of the two regressions are combined in Table 8.
Table 7 shows that in the NBR model, DT has a significant positive effect on PDIP with lnalpha = 0.261 and z = 17.39 ≠ 0; these results prove that the model is well structured. In the NBFR model, DT also significantly impacts PDIP, thus verifying H2. However, there is a difference in the degree of explanation, with z = 14.36 for DT in the NBR versus z = 13.66 for the NBFR.
TABLE 7 | Comparison of regression results.
[image: Table 7]4.2.4 Heterogeneity analysis
To explore the impact of DT on PDIP under different equity natures and industries, we divided the study sample into four subsamples: manufacturing (MAF), non-manufacturing (NON-MAF), state-owned enterprises (SOE), and non-state-owned enterprises (NON-SOE), following the procedures explained above. Grouping tests and seemingly uncorrelated estimation were performed using negative binomial stationary regression, and random disturbance terms were found to be considerably completely different, permitting constant comparisons. Table 8 shows the test results.
TABLE 8 | Heterogeneity test.
[image: Table 8]As shown in Table 8, DT has a significant positive effect on PDIP for both SOEs and NON-SOEs, and from the comparison of regression coefficients and t-values, the DT of NON-SOEs is more effective than that of SOEs in promoting PDIP; hence, H3 is verified. In both MAF and NON-MAF classifications, DT has a significant positive effect on PDIP, which passes the statistical significance test of 5%. A comparison of the regression coefficients and t-values shows that the DT of MAF firms also promotes PDIP more than NON-MAF firms, thus verifying H3.
4.2.5 Moderation analysis
Following Hansen (1999), this study conducted Bootstrap sampling by iterating the estimation process 1,000 times to estimate three thresholds and two thresholds for CSR and determine whether a threshold impact exists. Table 9 shows the results, which lead to the following conclusions. The one-threshold F-statistic is significant at the 5% level; the two-threshold F-statistic is significant at the 10% level, and the three-threshold F-statistic is significant at the 1% level, which indicate that there are three thresholds in the model. Table 9 shows the results of the specific threshold estimates, which are 29.84, 30.94, and 43.97. The joint action of CSR and DIT is treated in four segments. For the first segment, CSR ≤ 29.84; for the second segment, 29.84 < CSR ≤ 30.94; for the third segment, 30.94 < CSR ≤ 43.97; and for the fourth segment, CSR > 43.97.
TABLE 9 | Threshold effect test and threshold estimation.
[image: Table 9]Figure 3 plots the likelihood ratio function at 95% confidence intervals for the three thresholds of 29.84, 30.94, and 43.97 and illustrates the presence of the three threshold estimates of CSR.
[image: Figure 3]FIGURE 3 | Threshold estimation chart.
For further analysis, this study used panel threshold regression (see Table 10). Table 10 reveals that the interaction between DT and CSR is actually divided into four segments. For the first segment, the regression coefficient of DT·I (CSR ≤ 29.84) is 0.107, and the t-value is 5.10, which is significant at the 1% level; that is, when CSR ≤ 29.84, the DT and CSR interaction has a significantly positive effect on PDIP. For the second segment, the regression coefficient of DT·I (29.84 < CSR ≤ 30.94) is 0.521, and the t-value is 10.08, which is significant at the 1% level; that is, when 29.84 < CSR ≤ 30.94, the effect of the interaction between DT and CSR on PDIP is also significantly positive. For the third segment, the regression coefficient of DT·I (30.94 <CSR ≤ 43.97) is 0.159, and the t-value is 3.34, which is significant at the 1% level; that is, when 30.94 < CSR ≤ 43.97, the effect of the interaction between DT and CSR on PDIP is still significantly positive. For the fourth segment, the regression coefficient of DT·I (CSR > 43.97) is −0.0840, and the t-value is −2.24, which is significant at the 5% level, meaning that the interaction of DT and CSR has a significantly negative effect on PDIP when CSR > 43.97. Although in all three segments, CSR interacts with DT and has a significantly positive impact on PDIP, the effects differ. From the magnitude of the regression coefficients and t-values, it can be judged that the interaction of DT and CSR on PDIP is a process that first has positive effects, then the positive effects increase, and then gradually decreases until it finally becomes negative. Although the interaction between DT and CSR shows a significantly negative effect on PDIP when CSR > 43.97, its regression coefficient is equal to −0.084, whereas the interaction coefficients of the first three segments of DT are 0.107, 0.521, and 0.159, and the positive and negative effects are still neutralized after a positive effect. Therefore, in general, CSR positively moderates the role of DT on the PDIP, thus verifying H5.
TABLE 10 | Panel threshold regression results.
[image: Table 10]4.2.6 Robustness test
To examine the robustness of the findings, we conducted robustness tests by first replacing the independent variables. We replaced the independent variable DT with the sum of the number of times listed companies used the following: AI technology, blockchain technology, cloud computing technology, big data technology, and digital technology application, as indicated in the CSMAR database (DT_RN). Second, we added a control variable, DUA, which indicates when the same person holds the chairman and general manager positions. We then repeated the process described above and found that DT has a significant positive effect on PDIP in both NBR and NBFR; hence the previous findings still hold. The details are shown in Table 11.
TABLE 11 | Robustness tests.
[image: Table 11]5 GENERAL DISCUSSION
Based on resource theory, process reengineering theory, and stakeholder theory, this study investigated in depth the theoretical basis of DT, CSR, and IP. It analyzed the mechanism of DT’s impact on PCIP and PDIP, considering the role of DT on IP and the mechanism of CSR’s moderating effect on it. The inner logical relationships among DT, CSR, and IP were thus clarified. The impact mechanisms of DT, CSR, and IP were empirically tested using a combination of literature review and empirical testing using data from the CSMAR database and China Hexun data from 2010 to 2019. The following main conclusions are drawn: 1) DT can significantly enhance PCIP; 2) DT can significantly improve PDIP; 3) There is a time lag effect of the IP of the previous period on the IP of the current period; 4) CSR positively moderates the role of DT on IP; and 5) The impact of DT is heterogeneous across industries and ownership.
Li et al. (2023) measured the innovation performance using a total number of patents. This study not only measured the innovation performance at product and process level and used weight score (weightings of 30% for invention patents, 20% for utility model patents, and 10% for design patents). In line with Li et al. (2023), Chen and Kim (2023), our empirical finding suggested that the level of DT positively promotes innovation performance.
6 THEORETICAL AND MANAGERIAL IMPLICATIONS
Regarding theoretical implications, by focusing on the impact of DT on IP, this study revealed the impact mechanisms, providing insight into the interaction and impact on IP. In addition, research on the dynamic effect of DT on IP is lacking, and this study filled this gap. This study also investigated the multiplicative effect of DT and IP considering the heterogeneity of industry and ownership, using panel threshold regression, which is meaningful in constructing and improving the innovation theory of Chinese-listed companies.
The results indicate that at the organizational level, the organizational structure should be re-optimized with the concept of digitalization to achieve a clear division of labor, clear functions, and authority and responsibility. First, the top management of the company should analyze the current industry in which it is located, including the characteristics of competitors and changes in the external environment, apply digital concepts, combine digital technology and the current business model of the company, and design an innovative ecology that is appropriate for the enterprise. Second, in the process of DT, enterprises should deploy and invest in the company’s organizational structure, business processes, and communication information technology. Finally, a relevant evaluation team should be established to assess the implementation plan and PCIP activities.
At the technical level, the leading innovation role of DT should be highlighted. Enterprises perform innovation activities, increase their investment in R&D, improve the investment mechanism of enterprise technology innovation, keep abreast with the advances in technology, modify the previous production mode, and make the production activities greener to realize environmental protection and higher efficiency. Emphasis should be placed on combining the interests of industries, academia, and the research environment, through the relationships among upstream, midstream, and downstream innovation to achieve a comprehensive application of technology, establish an open innovation system, focus on the set up of research platforms, promote high-quality scientific talent, update the configuration of production factors, and enhance the value of data applications.
At the market level, the first challenge is implementing balanced management of the inputs and outputs of digital transformation and minimizing the risks associated with digital transformation. Implement a goal management-oriented strategy, which means dividing the digital transformation into several projects, implementing the evaluation of the capital budget and goal achievement for each project, and confirming whether the set goals are completed after the project, and if they are completed, then a new extension project can be started, and if they are not completed, analyze the reasons for not completing them, and if necessary, terminate them. In addition, to take advantage of the zero-distance role between digitalization and market information, companies and consumers should maintain efficient communication, in-depth understanding of consumer habits, rapid response to customer needs, provide customized products and services for consumers, establish consumer value identity and brand identity of the product, and improve consumer loyalty.
7 LIMITATIONS AND FURTHER WORKS
Firstly, regarding the dimensional division of IP, this study examined the impact of DT on two dimensions, namely, PCIP and PDIP. According to Melville et al. (2004), organizational IP is also a dimension of corporate IP. However, this dimension was not studied here because it cannot be measured by the data published in the annual reports of listed companies and the existing literature does not provide much basis for it. However, in future studies, this dimension may be included in the model to explore further the association between DT, CSR, and this dimension.
Secondly, when exploring the moderating role of CSR in the model, only the moderating effect of the overall CSR was verified in this study. CSR has multiple dimensions. For example, according to Jamali et al. (2008), CSR is divided into mandatory economic responsibility, legal responsibility, ethical responsibility, strategic responsibility, and philanthropic responsibility. According to stakeholder theory, CSR is also categorized into corporate accountability to shareholders, employees, suppliers, consumers, customers, the environment, and society. Subsequent research can expand on the hierarchy to examine further the positive, negative, or insignificant effects of the different dimensions of CSR to provide a reference for theoretical research and corporate management Moreover, we will explore the environmental impact of digital processes based on the current study
Thirdly, the research methodology needs to be innovative. This paper uses OLS regression, panel fixed-effects regression, and SYS-GMM regression to analyze the data separately, but they do not reflect the dynamic changes of DT. DT is a complex and systematic process, and innovation input, learning capability, and entrepreneurial output may also change at different stages of DT, which leads to differences in the mechanism of action between different variables. In addition, this paper only uses property rights and industry as classification criteria to develop heterogeneity analysis, which is well represented but cannot fully show the full picture of heterogeneity. Therefore, the subsequent study can further examine the impact of dynamic changes of digital transformation on other variables, expand industry data sources, and investigate the dynamic impact of DT on firms’ IP through panel fixed-effects regression. The DID double difference method can also be incorporated into the study to explore the policy shock effects of DT on IP in different industries at different points in time.
Finally, stakeholder analysis is vital in assessing digital transformation’s impact on innovation and corporate social responsibility’s role, as it identifies key parties influencing the transformation and their power dynamics (Ioanna et al., 2022). We will extend current research by adding stakeholder analysis in further research.
8 CONCLUSION
In the digital economy, digital transformation is a deliberate decision to improve organizational procedures, alter production processes, introduce precision marketing, and more, ultimately impacting how well businesses innovate. Corporate social responsibility combines internal governance, environmental improvement, and social reputation. Companies that exhibit high levels of social responsibility are more likely to receive internal and external recognition and support and greater access to social resource allocation, thereby influencing the company’s innovative development. This paper analyzes the impact of digital transformation on both process and product innovation performance and examines the heterogeneity issues resulting from different industry classifications and property rights. The study also explores endogeneity problems arising from the lag period of enterprise innovation performance in the current period. Finally, this study verifies the positive moderating effect of corporate social responsibility on process and product innovation performance in the context of digital transformation.
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