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Abstract

:

The industrial sector is now undergoing digital revolution and upgrade, and it is of strategic significance to study how enterprise digitalization affects enterprise innovation. This paper develops a theoretical model of how digital transformation affects innovation in manufacturing enterprises, based on the resource-based view, network-embeddedness theory, and resource-complementarity theory. It then tests the mechanism and boundary conditions of the model, using data from a World Bank survey of Chinese enterprises. The study reveals how the degree of e-commerce embeddedness might partially mediate the effect of digital transformation on the innovation of manufacturing companies. Managerial human capital positively moderates the effect of digital transformation on manufacturing enterprises’ independent-R&D investment and product-innovation output. Employee human capital significantly and positively moderates the effect of digital transformation on manufacturing enterprises’ product-innovation output, while negatively moderating the effect of digital transformation on manufacturing enterprises’ cooperative-R&D investment. The conclusions can expand the relevant theoretical research on digital transformation and enterprise innovation, and also provide practical enlightenment for the digital transformation and upgrading of manufacturing enterprises.
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1. Introduction


The rapid economic growth in China as a result of the reform and opening up has drawn the attention of the international community, with the manufacturing industry playing a critical role. On the one hand, data from China’s National Bureau of Statistics show that in 2022, China’s industrial added value accounted for about 33.2% of the total GDP in the same period, among which the added value of manufacturing accounted for about 27.7% of the total GDP in the same period. In the face of adverse factors such as the COVID-19 pandemic, China’s manufacturing sector has shown strong resilience and vitality; on the other hand, as China enters a new stage of development it faces profound and complex changes in its domestic and international-development environments. It has become the mission of the time to promote further innovation and upgrade the manufacturing industry. According to the 14th “Five-Year Plan”, it is clearly stated that China will further implement the strategy of building a strong manufacturing country, developing digital economies, integrating them with their real economies, and helping traditional industries transform and upgrade by leveraging digital technologies.



At present, some achievements have been made in the research of enterprises using information technology for digital transformation. For example, some scholars believe that the application of information technology can bring sustainable competitive advantages to enterprises from a resource-based perspective, thereby improving enterprise performance [1,2]. Based on the theory of resource complementarity, Wang et al. [3] proposed that the accessibility and heterogeneity of IT software and hardware are low, and easily imitated by competitors. Therefore, the value of IT investment depends on the support of IT complementary resources; the matching or combination of IT investment and complementary resources can bring a significant impact on enterprise performance. However, existing research has also found that the return on investment of enterprise-information systems is not stable, and that even, in some cases, the use of information technology not only fails to empower enterprises, but also brings counterproductive effects [4]. In these existing studies, digitalization has mainly been examined as a driver of business performance, with little attention paid to the unique behavior of innovation. Compared with the short-term behavior of improving corporate performance, the innovation ability of a company can often determine the long-term competitiveness of the company, and can also provide a long-term perspective for enterprises to evaluate the return rate of digital transformation. Therefore, studying the impact of digital transformation on enterprise innovation rather than general enterprise performance can help to further focus on the problem. Focused research has positive significance for the in-depth understanding of digitalization and enterprise innovation and also helps to provide more targeted opinions and suggestions for enterprises’ innovative practices.



With the urgent need to transform and upgrade, this paper focuses on manufacturing companies, to examine how digital transformation affects their innovation. Specifically, this paper firstly analyzes the impact mechanism and boundary conditions of digitalization on manufacturing enterprise innovation from a theoretical perspective; secondly, using the World Bank survey data, it conducts an empirical study on the relationship between enterprise digital transformation and enterprise innovation behavior at the micro level; finally, by using the instrumental variable, endogeneity problems in the research model can be addressed, while the robustness test improves the reliability of the research conclusions. At the same time, countermeasures and suggestions are provided for enterprise practice, according to the research conclusions.




2. Theoretical Analysis and Hypothesis Development


2.1. Literature Review on Digitization Transformation and Enterprise Innovation


Several academic studies have investigated how digital transformation impacts enterprise innovation. Some scholars have conducted relevant researches and discussions on enterprise-technology innovation, product innovation, organizational innovation, business-model innovation, innovation ecosystems, and other aspects, from the perspective of digital transformation: (1) Technological innovation: digital transformation is considered an important factor in enterprise green-technology innovation, as discussed by Xue et al. [5]. According to the study, enterprise green-technology innovation was significantly enhanced by digital transformation [5]; Zhou et al. [6] adopted the case-study method to explore how digital transformation promotes the innovation of enterprise mass-customization technology, and refined the process model of digital transformation affecting enterprise mass-customization technology. Agricultural enterprises were found to have a complicated relationship between the quantity and the quality of innovation, due to digital transformation, according to Liu et al. [7]. (2) Product innovation Through case studies, Hilbolling et al. [8] discussed how enterprises implement a digital-platform strategy to promote open innovation in the digital economy; Zhan et al. [9] put forward the idea that enterprise digitization can accelerate the innovation process, strengthen customer contact and build an innovation ecosystem, which can help enterprises develop products at a faster speed and lower cost. (3) Organizational innovation. Svahn et al. [10] discussed how established enterprises embrace digital innovation in competition, and the organizational changes brought about by digital technology through case studies. AlNuaimi et al. [11] studied the impact of digital transformation on organizational agility through a questionnaire survey, and concluded that digital-transformation leadership improved the organizational agility of enterprises; Li et al. [12] believed that e-commerce was crucial to organizational agility. (4) Business model innovation. Haaker et al. [13] analyzed how to use the Internet of Things for business-model innovation in digital transformation through case studies. Based on the perspective of digital capability, Gao et al. [14] studied how entrepreneurship in the era of digital economy affects enterprises’ sustainable-business-model innovation. (5) Innovation ecosystem. Su et al. [15] found that well-known enterprises such as Google and Microsoft build a large-scale innovation ecosystem among multiple platforms by virtue of their strong digital-technology capabilities and resource advantages; using a multi-agent model constructed by Yang et al. [16], it was shown that enterprise digital transformation affected innovation ecosystems differently, depending on market size.



Through analysis, it is found that the academic community focuses on enterprise innovation in the context of digitization from the following perspectives: (1) Causing inferences about how digital transformation impacts enterprise innovation and determining if that impact is significant [5,7,17,18,19,20]; (2) Investigating the mechanism that drives digital transformation in enterprise innovation and analyzing how digital transformation impacts innovation in enterprises [5,7,17,21]; (3) Studying the boundary conditions of digital transformation affecting enterprise innovation. In other words, enterprises regard digitalization as a kind of resource that needs other complementary resources to be matched and combined, in order to play a better role; they can then study the effect of the interaction between digital transformation and complementary resources on the innovation capacity of enterprises [11,20,22,23].



These studies have achieved fruitful results, but there are still some shortcomings. For example, the researchers did not focus on the industry level [5,17,23]; digital transformation was studied only in relation to enterprise innovation, without detailed demonstration of the mechanism, or the mechanism was not clear [8,10]; and the impact of enterprises’ other resources was not considered [16].



In view of this, according to the existing literature, this paper regards the digital transformation of enterprises as an important resource [24] and an important supporting force for enterprise innovation. In the digital era, the links between enterprises are increasingly close [25]. Joining an ecosystem composed of multiple enterprises has a crucial impact on enterprise innovation. Does the digital-transformation process increase the degree of enterprise-network embedding and then transmit the benefits that will be achieved from digital transformation to the enterprises’ innovation process? Furthermore, human capital is also an important supplementary resource for enterprises [3,26]. How does it play a role in digitization and an enterprise’s ability to innovate in the manufacturing industry? This is the exact content of this article to be studied.



Therefore, we comprehensively use related theories such as the resource-based view, network-embeddedness theory, and enterprise-resource-complementarity theory to study the causal relationship, mechanism, and boundary conditions of how digital transformation affects manufacturing-enterprise innovation. Compared with many studies that do not emphasize industrial background [5,17,23], we focus on manufacturing enterprises, which has a positive significance for an in-depth understanding of how digital transformation affects enterprise innovation and also helps to provide more targeted opinions and suggestions for the innovation practices of enterprises.




2.2. Hypothesis Development


2.2.1. Digital Transformation and Manufacturing-Enterprise Innovation, Based on a Resource-Based View


Resource-based view (RBV)-theory holds that when an enterprise’s resources meet the VRIN framework, that is when enterprise resources are valuable, rare, imperfectly imitable, and non-substitutable, enterprises can obtain sustainable competitiveness [27]. According to the resource-based theory, although the hardware and software systems of an enterprise’s digital investment are easily to imitated and followed up by competitors, in the process of applying digital technology, the digital-application capability formed by the close combination of digital technology with enterprise strategy, marketing, human resources, operations, and business processes is constantly improved. Enterprises enhance their digital capability by investing in information technology. This capability is the knowledge, experience, and skills that enterprises accumulate continuously in the process of digital transformation, and it can be deeply integrated with enterprise development and the organizational culture, which improves the non-replicability and non-substitutability of enterprise resources, increases the imitation cost of competitors, and thus can become the source of long-term competitive advantage for enterprises. Previous studies have shown that information-technology investment is helpful to enhance the ability of enterprises to manage innovative knowledge, thereby enabling the key links of enterprise innovation, such as R&D-investment management, market-opportunity identification, dynamic-innovation capability, new product design, and process optimization [17,28]. In addition, digitalization can provide more convenient communication channels for external partners, making information sharing within and between enterprises more efficient, and thus becoming a key factor in promoting cooperative R&D [17,22,29]. Based on this, we propose hypothesis 1:



H1. 

Digital transformation can significantly improve the innovation performance of manufacturing enterprises.





H1a. 

Digital transformation can significantly increase the independent R&D investment of manufacturing enterprises.





H1b. 

Digital transformation can significantly improve the cooperative R&D investment of manufacturing enterprises.





H1c. 

Digital transformation can significantly improve the product-innovation output of manufacturing enterprises.





H1d. 

Digital transformation can significantly improve the process-innovation output of manufacturing enterprises.






2.2.2. The Mediating Role of E-Commerce Embeddedness, Based on the Network-Embeddedness Theory


At present, the digital transformation of the manufacturing industry has become the general trend, and the further in-depth integration of traditional manufacturing enterprises and e-commerce has assumed a significant role in their transformation and upgrading. It has been argued by some scholars that e-commerce provides enterprises with more abundant information about consumer preferences, and enterprises can make full use of consumer data to conduct precise R&D and innovation in a market-oriented way [19]; others hold that when market competition intensifies, the market information acquired by enterprises will gradually become overloaded, which makes it more difficult and less efficient for enterprises to innovate through the collection of market information, thereby inhibiting enterprise innovation. That is, competition intensity negatively moderates the influence of market information on enterprise innovation [30]. In this case, can e-commerce promote enterprise innovation? Some studies have attempted to answer this question from the perspective of embeddedness theory.



Embeddedness theory is an important core theory in the research of new economic sociology. Since Polanyi first proposed it in 1944, it has been continuously developed and gradually applied in various fields, and has now formed a relatively complete theoretical system. According to different perspectives, network embeddedness can be divided into different dimensions. In the field of management, network embeddedness is often divided into “structural embeddedness” and “relational embeddedness” [31]. Structural embeddedness refers to the competitive advantages brought about by the network location of an enterprise, such as reducing the cost of information search and enriching access to resources. Relational embeddedness emphasizes the comparative advantages brought about by the network relationships embedded in enterprises, such as the strong and weak relationships in the network, to improve organizational performance [31,32]. Zhang et al. [32] used meta-analysis to study the relationship between network embeddedness and enterprise-innovation performance. The research shows that both network relational embeddedness and network structural embeddedness have a significant positive impact on enterprise innovation. From the standpoint of knowledge management, Cong et al. [25] developed a conceptual model showing that multiple-network embeddedness influences enterprises’ performance in terms of technological innovation as a whole. Based on the findings of the research, enterprises with embedded relationships, embedded structures, and embedded resources are able to improve their knowledge-management capabilities. As a result, it contributes significantly to the performance of technological innovation. Zhang et al. [19] applied the embeddedness theory in the e-commerce scenario and proposed the concept of embeddedness degree of e-commerce, arguing that traditional manufacturing enterprises are embedded to varying degrees in the electronic-commerce trading network in the context of digital transformation. The results show that the degree of e-commerce embeddedness has a significant positive impact on the R&D investment and output of enterprises. In short, digital transformation improves enterprises’ degree of e-commerce embeddedness, which further promotes enterprises’ innovation. In light of this, hypothesis 2 is proposed.



H2. 

The impact of e-commerce-embeddedness degree mediating digital transformation on manufacturing enterprises’ innovation.





H2a. 

The degree of e-commerce embeddedness plays a mediating role in the impact of digital transformation on independent R&D investment of manufacturing enterprises.





H2b. 

The degree of e-commerce embeddedness plays a mediating role in the impact of digital transformation on collaborative-R&D investment of manufacturing enterprises.





H2c. 

The degree of e-commerce embeddedness plays a mediating role in the impact of digital transformation on the product-innovation output of manufacturing enterprises.





H2d. 

The degree of e-commerce embeddedness plays a mediating role in the impact of digital transformation on the process-innovation output of manufacturing enterprises.






2.2.3. The Moderating Role of Human Capital, Based on the Theory of Enterprise-Resource Complementarity


The complementary theory holds that there are complementary effects among various resources of an enterprise. According to the theory of enterprise-resource complementarity, some scholars believe that digital-technology investment makes it difficult to create sustainable competitive advantages for enterprises, due to its high imitativeness. Only by combining digital technology with other key resources of the organization to form the matching and combination of enterprise resources, can enterprises maintain the uniqueness and non-imitativeness of enterprise resources, which can bring sustainable competitive advantages to the enterprises [3]. In an inverted-U-shaped relationship between R&D and enterprise innovation, Ravichandran et al. [23] found that digital technology alleviates the diminishing returns of R&D investment. According to Wang et al. [3], R&D is an extremely valuable complementary resource of digital technology for enterprises, and it plays a positive moderating effect on the performance of enterprises through digital investments. Wang et al. [18] studied the impact of digitalization and human capital on enterprise innovation, and found that human capital played a positive moderating role in the impact of digitalization on enterprise innovation. On this basis, this paper holds that, as an important enterprise resource, the combination and matching of human capital with digital transformation can produce a higher performance for enterprise innovation. Based on this, we put forward hypothesis 3:



H3. 

Manufacturing enterprises’ innovation performance is moderated by human capital in the context of digital transformation.





H3a. 

Managerial human capital plays a positive moderating role in the impact of digital transformation on the innovation performance of manufacturing enterprises.





H3b. 

Employee human capital plays a positive moderating role in the impact of digital transformation on the innovation performance of manufacturing enterprises.





In summary, the paper’s conceptual model is based on the three research assumptions outlined above, which can be seen in Figure 1.






3. Research Design


3.1. Model Construction


In order to verify the impact of digital transformation on manufacturing-enterprise innovation (H1), we construct the following model:


  R D _ i n t e  r i  = α +  β 1  D i g i t a  l i  +  β 2  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(1)






  R D _ c o o p e  r i  = α +  β 1  D i g i t a  l i  +  β 2  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(2)






  i n n o v _ p r o  d i  = α +  β 1  D i g i t a  l i  +  β 2  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(3)






  i n n o v _ p r o  c i  = α +  β 1  D i g i t a  l i  +  β 2  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(4)







In Equation model (1) to Equation model (4), the explained variables RD_interi, RD_cooperi, innov_prodi, and innov_proci represent the independent-R&D investment, cooperative-R&D investment, product-innovation output, and process-innovation output of enterprise i, respectively, and the core explanatory variable Digitali represents the degree of digital transformation of enterprise i, controli represents the control variables, and μi is the random-error term. At the same time, in order to control the differences brought by regions and industries to enterprise-innovation activities, we add industry and region fixed effects to the model, which are represented by δI and ηc, respectively.



Using the following mediating-analysis model, we investigate the mechanism of digital transformation on manufacturing-enterprise innovation (H2).


  i n n o v a t i o  n i  =  α 0  +  α 1  D i g i t a  l i  +  α 2  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(5)






  e c o m m e r _ e m b e  d i  =  β 0  +  β 1  D i g i t a  l i  +  β 2  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(6)






  i n n o v a t i o  n i  =  γ 0  +  γ 1  D i g i t a  l i  +  γ 2  e c o m m e r _ e m b e  d i  +  γ 3  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(7)







In Equation model (5) to Equation model (7), innovationi was used to measure enterprise innovation, including four dimensions (RD_interi, RD_cooperi, innov_prodi, and innov_proci), and ecommer_embedi was used to measure the degree of e-commerce embeddedness, which was a mediating variable.



Meanwhile, as a further check of the moderating effect of human capital on digital transformation’s influence on manufacturing-enterprise innovation (H3), the following moderating-analysis model is constructed:


  i n n o v a t i o  n i  = α +  β 1  D i g i t a  l i  +  β 2  m a n a g e r _ c a  p i  +  β 3  ( D i g i t a  l i  × m a n a g e r _ c a  p i  ) +  β 4  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(8)






  i n n o v a t i o  n i  = α +  β 1  D i g i t a  l i  +  β 2  e m p l o y e e _ c a  p i  +  β 3  ( D i g i t a  l i  × e m p l o y e e _ c a  p i  ) +  β 4  c o n t r o  l i  +  η c  +  δ I  +  μ i   



(9)







In Equation model (8) and Equation model (9), manager_capi and employee_capi represent the managerial human capital and employee human capital, respectively, of enterprise i, which are moderating variables of the model. We judge the moderating effect of human capital through the interaction between digital transformation and two types of human capital. To ensure the moderating-effect characteristics are as accurate as possible, we centralize the moderating variables and their interaction items with digital transformation. At the same time, the model also controls the industry and city fixed effects.




3.2. Variables Selection and Measurement


3.2.1. Explained Variable: Manufacturing-Enterprise Innovation


At present, there are two main types of measurement indicators for manufacturing-enterprise innovation in academia: one is the input of innovation, such as research and development investment (R&D)-data; the other is the output of innovation, such as the number of patents, new product sales, and so on. Referring to the practice of Wang and Zhang [18], to evaluate manufacturing enterprises’ innovation, we take into account two dimensions: R&D investments and innovation outputs. Among them, innovation output includes product-innovation output and process-innovation output. Meanwhile, according to Zhou et al. [33], R&D investments can be classified as independent or cooperative. The measurement methods are as follows:



Independent-R&D investment (RD_inter): question CNO.3 of the questionnaire asks, “over the past three years, has the company conducted internal research and development?”, CNO.4 asks about the company’s average annual investment in internal R&D activities in the past three years. Due to the large lack of data in the database on the annual average-internal-R&D investment of enterprises, we recorded the annual average-internal-R&D investment of these enterprises as 0, according to the data of no internal-R&D behavior, in question CNO.3. Finally, the natural logarithm of the supplemented annual average-internal-R&D investment of enterprises was calculated by adding 1. Cooperative-R&D investment (RD_cooper): question CNO.5 of the questionnaire asks whether an enterprise has had any cooperative-R&D behavior in the past three years, and question CNO.6 asks about the average annual investment in cooperative-R&D activities over the past three years. Similarly, according to the data in question, where CNO.5 answers indicate no cooperative-R&D behavior, the average annual cooperative-R&D investment of these enterprises is recorded as 0. Finally, the natural logarithm is calculated by adding 1 to the total annual cooperative-R&D investment of the supplementary enterprises. Product-innovation output (innov_prod): the questionnaire CNO.14 asks what kinds of innovative activities the enterprise has undertaken in the past three years. Among them, CNo14e (introducing new products or services) and CNo14f (adding new functions to existing products or services) are relevant to product innovation. If the enterprise engages in any of the innovation activities, the product-innovation output (innov_prod) is denoted as 1; otherwise, it is denoted as 0. Process-innovation output (innov_proc): questions CNo14a (introducing new technology to improve the process), CNo14b (introducing new quality-control procedures), CNo14c (introducing new management/administrative procedures), CNo14d (providing technical training for employees), CNo14g (taking measures to reduce production costs), and CNo14h (taking measures to improve production flexibility) are related to process innovation. If an enterprise engages in any of these innovative activities, the process-innovation output (innov_proc) is recorded as 1; otherwise, it is recorded as 0.




3.2.2. Explaining Variable: Digital Transformation


The questionnaire CNO.7 asks about the average annual expenditure of enterprises in the following categories over the past three years. The sub-question CNo7a (computers and other information-processing equipment, such as printers, terminals, opto-magnetic readers, RFID, operating system, and software) is related to enterprises’ digital investment. Since there are enterprises with zero investment in digital technology in the original data, we add 1 to the digital-technology investment of all enterprises, and the explanatory variable is measured by its natural logarithm, namely enterprise digital transformation. Considering the hysteresis effect of investment, digital transformation chooses to use the average expenditure of the past three years instead of the current year’s expenditure in the measurement method, which is conducive to removing the time effect and alleviating the synchronization problem of digital transformation on the explained variables.




3.2.3. Mediating Variable: Degree of E-Commerce Embeddedness


Through the literature analysis, it is found that the measurement of network embeddedness in academia is mainly divided into two categories: network structural embeddedness and network relational embeddedness. Chi et al. [34] believe that the application degree of digital assets (hardware, software) in the process of internal and external business operations reflects the embedded level of enterprise information technology. Zhang et al. [19] used procurement data to measure the e-commerce embeddedness between enterprises and upstream suppliers, and sales data to measure the e-commerce embeddedness between enterprises and downstream consumers. The questionnaire CNO11 asks, by means of a scale, to what extent ICT (computers, the Internet and software) is used to support the enterprise’s key business activities in the following business processes, of which the business processes (sub-items CNo11a–CNo11e) include partnerships, enhancement of products and services, production and operations, marketing and customer relations. The questionnaire designed five different application levels of e-commerce embedding, ranging from “never use” to “always use”, with a value of 1 to 5. Referring to the existing studies, this paper takes the arithmetic average of enterprises’ scores in sub-questions as the proxy variable of e-commerce embeddedness.




3.2.4. Moderating Variable: Human Capital


Human capital is an important resource of an enterprise, and only excellent talents can lead the enterprise to achieve continuous breakthroughs. Giving full play to the role of talents can enhance the absorptive capacity of enterprises and further promote the innovation and development of enterprises. Referring to the practice of Wang and Zhang [18], we divide the human capital of enterprises into managerial human capital (manager_cap) and employee human capital (employee_cap). Among them, the managerial human capital is expressed by the data from question B.7 of the questionnaire (the actual working years of senior managers), and the employee human capital is expressed from the data of question l9a of the questionnaire (years of education of employees).




3.2.5. Control Variables


Referring to the practice of existing research [18,29,33], we set the following control variables: (1) Enterprise size (size). As a proxy variable for measuring enterprise size, we take the number of employees logarithmically, and the corresponding questionnaire question was L.1 (how many permanent full-time employees does the enterprise have?). (2) The age of the enterprise (age). Questionnaire B.6b asks about the registration year of the enterprise. We use the survey time minus the year of enterprise registration to represent the age of the enterprise. (3) Whether to export (export). Questionnaire E.1 asks which market the company mainly sells its products in. It is recorded as 0 if the product is not exported (only the local market and domestic market are selected), and 1 if the product is exported (the international market is selected). (4) Market competition (competition). Questionnaire E.30 asks the extent to which competitors’ actions have hindered the current operation of the company, and the levels from “no obstacle” to “very serious obstacle” are represented by 0 to 4. We adopt this scale to measure the enterprise’s market-competition environment. (5) Gender of senior executives (gender). According to question B.7a, if the executive is male it is written as 1, and if the executive is female it is written as 0. (6) Financing position (finance). The financing situation of an enterprise will affect its operation and future development. Questionnaire K.30 asks to what extent financing channels are an obstacle to the current operation of the organization. The scale ranges from “no obstacle” to “very serious obstacle”, and is divided into five levels, with values ranging from 0 to 4. We use the scale scores to measure the financing situation of enterprises.





3.3. Data Sources and Descriptive Statistics


The data used in this study comes from the World Bank’s Business Survey Database, which consists of the Bank’s global-survey data on enterprises. The main purpose of this database is to evaluate the business environment in the place where the enterprises are located. As of November 2022, the World Bank’s Enterprise Survey Database provides survey data of 180,000 enterprises in 154 countries (regions). These data provide an objective description of enterprises’ operating status, innovation environment, government–enterprise relationship, and other aspects, from different dimensions. They are of great reference value to enterprise managers, policymakers, and researchers. The World Bank survey data of Chinese enterprises involved 2848 enterprises in 25 cities in China, including manufacturing and service industries. The feature of this survey is that it contains a large number of questions about enterprise innovation and innovation methods, which is more in keeping with the research theme of this paper. The World Bank surveyed 2848 enterprises in China using the stratified-sampling method, including 2700 private enterprises and 148 state-owned enterprises, and 1727 manufacturing enterprises and 1121 service enterprises. The surveyed enterprises were distributed in 25 cities, including Beijing, Shanghai, Shenzhen, Shijiazhuang, Zhengzhou, Hefei, and Chengdu, covering the eastern, central, and western regions of China. The samples are universal and representative.



On this basis, we screened the data according to the research needs. First of all, question A4 (enterprise industry) in the questionnaire classifies the industry to which the enterprise belongs in detail, and the state-owned enterprise data does not provide detailed secondary-industry classification information. Therefore, we deleted the data of 148 state-owned enterprises and retained 2700 private enterprises’ data. Secondly, this paper mainly studies the impact of digital transformation on the innovation of manufacturing enterprises. Therefore, in accordance with the A4 question of the questionnaire, the data from retail and other service enterprises were deleted. Finally, we obtained a sample of 1692 manufacturing enterprises. Meanwhile, in this paper, missing values are processed for the data that answered “don’t know” or “don’t answer” in the database. A descriptive analysis of the main variables is presented in Table 1.





4. Empirical Results and Analysis


4.1. Main Regression Results and Analysis


To reduce the impact of heteroscedasticity, robust standard errors are used in all regression models in this paper. Among them, model 1 and model 2 adopt the OLS-regression model, and model 3 and model 4 choose to use the probit-regression model, because the explained variables are 0–1 variables. The regression results are shown in Table 2:



Columns (m1) and (m2) show the regression results for models 1 and 2. Based on the data, digital transformation positively promotes independent R&D (RD_inter) at a significance level of 1%, as well as positively promoting collaborative R&D (RD_cooper) at a 5% significance level. Specifically, for every 1 unit increase in digital-transformation investment, enterprises’ independent-R&D investment increases by 0.456 units, and cooperative-R&D investment increases by 0.194 units. The regression results of model 2 and model 3 are shown in columns (m3) and (m4). Since the probit model is not a linear-regression model, its equation coefficients cannot be explained in an economic sense as with the OLS-regression coefficients, so it is usually more practical to use the mean marginal effect of explanatory variables. Through calculation, the average marginal effects of model 3 and model 4 are 0.031 and 0.044, respectively, which means that for every 1-unit increase in digital investment, the probability of product-innovation output (Innov_prod) increasing by 3.1%, and process-innovation output (innov_proc) increasing by 4.4%, increase in chance. Hypothesis 1 of this paper has been verified.



Despite inconsistent results for the control variables, we find that: (1) Enterprise size affects enterprise R&D investment and innovation output significantly, at the 1% level. Compared with small enterprises, large enterprises not only have the advantages of economies of scale but also have better resources, platforms, and more partners, which further enhances the digital-transformation influence on enterprise innovation [20,35]. (2) The enterprise exports have a significant positive impact on the internal-R&D investment, cooperative-R&D investment, and product-innovation output. This indicates that Chinese manufacturing enterprises have an export–learning effect. Entering the international market can help enterprises learn and absorb foreign advanced-production technology and management experience, and provide more resources and opportunities for enterprises to innovate [36]. Therefore, exports positively affect the innovation of Chinese manufacturing enterprises. (3) A significant positive impact of finance status on enterprise innovation can be observed at a level of 1%. This shows that financing constraints have an anti-driving effect on enterprise-innovation behavior. Existing studies have also shown that enterprises constrained by financing will choose their innovation strategies more carefully, reduce long-term R&D investment and choose short-term R&D projects with higher returns, so as to avoid the impact brought by external environmental uncertainties, improve the utilization efficiency of existing innovation resources, and thus improve the quantity and quality of innovation [37]. (4) Market competition has a significant negative impact on the output of enterprise-process innovation, which may be caused by the fierce market competition among competitors, which reduces the cooperation between enterprises and causes enterprises to mobilize more resources to participate in the competition, thus crowding out the input of innovation resources, and then negatively affecting the output of innovation achievements. Manufacturing enterprises’ innovation is negatively impacted by other control variables, such as enterprise age and the gender of senior executives. However, they are not significant.




4.2. Robustness Check


In view of the possible endogenous problems in the research process and the robustness of the explanatory power of the indicators, we conducted a robustness test on the model. Firstly, the instrumental-variables method was used to alleviate the endogenous problems in the research, and then the model was tested by subsamples. The test results all show the robustness of the research conclusions.



4.2.1. Treatment of Endogenous Problems


The research model in this paper may cause endogeneity problems, due to missing variables, two-way causality, and other factors, which will affect the reliability of the research conclusions. The instrumental-variables method is one of the most widely used methods to correct endogeneity problems [38]. Therefore, in order to improve the credibility and robustness of the research conclusions, this study constructed instrumental variables to solve the endogenous problem of the model. The selection of instrumental variables should follow two principles: first, instrumental variables should be related to endogenous-explanatory variables, namely, the correlation principle; second, instrumental variables should be independent of perturbation terms (not directly related to explained variables), that is, the principle of orthogonality [29]. Therefore, for the purpose of this paper, an ideal instrumental variable is one that has an impact on digital transformation but has no impact on manufacturing-enterprise innovation. The instrumental variable selected in this study comes from the question C.22b (whether the enterprise uses the self-built website at present) in the questionnaire. If the enterprise uses the self-built website, it is denoted as 1; if the enterprise does not use the self-built website, it is denoted as 0. On the one hand, if an enterprise uses a self-built website, it will inevitably increase its investment in computers, software systems, servers, and other information-technology software and hardware, thus directly driving the increase in enterprise digital investment; that is, the instrumental variable has an impact on the digital transformation of endogenous explanatory variables. On the other hand, whether an enterprise uses a self-built website has almost no direct influence on enterprise innovation, that is, the instrumental variable has no direct influence on the explained variables. Therefore, it is appropriate to choose whether enterprises use self-built websites, as an instrumental variable. The 2SLS model and IVProbit model were used for the regression of the instrumental-variables method. In Table 3, regression results and test results for the instrumental variable are presented in detail. Firstly, in the DWH test of model 1 and model 2, chi-square statistics and F-statistics are both significant at the level of 0.01, indicating that the null hypothesis that there is no endogenous explanatory variable is rejected. Secondly, the Kleibergen–Paap rk-LM statistics of model 1 and model 2 are significant at the 1% level, indicating that the model passes the unrecognized test of the instrumental variable. Further, the Kleibergen–Paap rk-Wald-F statistics of model 1 and model 2 are significant at the 1% level, and the AR statistics of model 3 and model 4 are significant at the 0.01 level, indicating that there is a correlation between the endogenous variable and instrumental variable. Finally, both model 3 and model 4 passed the Wald-exogeneity test. Therefore, the selection of instrumental variable is appropriate. On the other hand, according to the instrumental-variable regression results, digital transformation significantly affects independent-R&D investment, cooperative-R&D investment, product-innovation generation, and process-innovation output at the 1% level. Therefore, after considering the endogeneity problem, hypothesis 1 of this paper has also been verified.




4.2.2. Sub-Sample Test


The explained variable in this article, manufacturing-enterprise innovation, adopts four different dimensions (independent-R&D investment, cooperative-R&D investment, product-innovation output, process-innovation output) as measurement methods, and uses OLS and probit models to perform regression respectively. The main regression coefficients are all significant, which reflects the robustness of the research conclusions, to a certain extent. In order to further improve the robustness of the conclusion, we chose to eliminate the special samples that may affect the conclusion. As first-tier cities such as Beijing, Shanghai, Shenzhen, and Guangzhou are economically developed, enterprises in these areas are highly innovative. Therefore, in order to ensure that the research conclusions were not affected, enterprises in these areas were excluded from this paper. Table 4 shows the regression coefficients of independent variables for the subsamples, which are all significant, indicating that the research conclusion passes the robustness test.





4.3. Mechanism Analysis


In accordance with the literature analysis, we constructed a mediation model through Equations (5)–(7) to verify the mechanism of digital transformation on manufacturing-enterprise innovation. The regression results of the mediation effect are shown in Table 5. In this paper, Wen and Ye [39] are referred to, to test the mediation effect. Firstly, the coefficient α1 of Equation (5) is checked. According to Table 2, a significant impact on the innovation capabilities of manufacturing enterprises can be attributed to digital transformation, so it is the mediation effect that supports the thesis. Secondly, from the analysis shown in Table 5, it is evident that the coefficient β1 of Equation (6) and the coefficient γ2 of Equation (7) are both significant, indicating that the indirect mediating effect of the e-commerce-embedment degree on digital transformation and manufacturing-enterprise innovation is significant. The third step is to test the coefficient γ1 of Equation (7). It can be seen from the table that the coefficients are significant at the 1% level, so the direct effect of the model is significant. The fourth step is to test the symbols of β1 × γ2 and γ1. Table 5 shows that β1, γ2, and γ1 are all positive numbers, and β1 × γ2 and γ1 have the same sign. Therefore, the model belongs to the partial-mediation effect, and the proportion of mediation effect in the total effect is β1γ2/α1.



In conclusion, the degree of e-commerce embeddedness plays a part in the mediating effect in the impact of digital transformation on manufacturing enterprises’ independent- and collaborative-R&D investments, product-innovation output, and process-innovation output. Among the influences of digital transformation on enterprises’ independent-R&D investment, the proportion of the mediating effect of e-commerce embeddedness in the total effect is β1γ2/α1 = 0.0668 × 1.397/0.456 = 0.205. Similarly, among the influences of digital transformation on enterprises’ collaborative-R&D investment, product-innovation output and process-innovation output, the mediating effect of e-commerce embeddedness accounts for 0.107, 0.340 and 0.074, respectively, of the total effect. Therefore, hypothesis 2 of this paper is verified.




4.4. Moderating-Effect Analysis


According to the literature analysis, we use Equations (8) and (9) to construct a moderating model to verify how human capital affects manufacturing-enterprise innovation when it comes to digitalization. The moderating-effect regression results of managerial human capital are shown in Table 6. Managerial human capital has a certain positive impact on cooperative-R&D investment and process-innovation output, and a significant positive impact on independent-R&D investment and product-innovation output. Further analysis shows that the coefficients of the interaction terms Digital × manager_cap are all positive, and the coefficients of independent-R&D investment and product-innovation output are significantly positive at the 1% level. This indicates that the human capital of managers moderates manufacturing-enterprise innovation in the context of digital transformation, In particular, the role of managerial human capital in moderating the effect of digital transformation on independent-R&D investment and product-innovation output is significant.



The moderating-effect regression results of employee human capital are shown in Table 7. Employee human capital has a significant positive impact on independent-R&D investment and product-innovation output, and a certain negative impact on cooperative-R&D investment and process-innovation output. Further analysis shows that the coefficients of Digital × employee_cap are positive and negative. The coefficient of R&D investment is significantly negative at 1%, and the coefficient of product-innovation output is significantly positive at 5%. Other coefficients are not significant. This indicates that employee human capital plays a significant negative moderating role in the relationship between digital transformation and cooperative-R&D investment. In the relationship between digital transformation and enterprise product-innovation output, employee human capital plays a significant positive moderating role. The possible reasons are as follows: (1) An enterprise with a higher human capital of employees (higher education level of employees) has stronger R&D capability and less knowledge spillover through the influence of digital transformation on R&D cooperation. In this case, the need for enterprises to control their own knowledge outflow will have a significant negative impact on R&D cooperation [40]. Therefore, in order to prevent knowledge outflow, enterprises with high employee human capital will strengthen independent-R&D investment and weaken cooperative-R&D investment. (2) The more educated the employees are, the stronger their learning ability and absorptive ability, and the more breakthrough innovations the enterprise has achieved through the influence of digital transformation on product research and development. Compared with product innovation, process innovation is relatively simple, and belongs to progressive innovation, including improving process flow, providing training for employees, improving production flexibility, and so on. The higher the employee’s human capital, the more mature the employee’s skills, and the less the enterprise invests in employee training. At the same time, the more breakthrough innovations employees make, the less complementary process innovation they have. In conclusion, the hypothesis-3 parts of this paper have been verified.





5. Conclusions and Discussion


5.1. Conclusions


Based on the review of existing studies, we comprehensively apply the resource-based view, network-embeddedness theory, and resource-complementarity theory to build a theoretical model of digital transformation affecting manufacturing enterprises’ innovation and verify the model and hypothesis with the microdata of Chinese enterprises investigated by the World Bank. This paper empirically examines the impact of digital transformation on manufacturing-enterprise innovation and its mechanisms and boundary conditions. The main conclusions are as follows:



(1) Digital transformation can have a significant positive impact on manufacturing-enterprise innovation, that is, hypothesis H1 is verified. In particular, enterprises’ independent-R&D investment is more affected by digital transformation than cooperative-R&D investment; innovations in products are more impacted by digital transformation than innovations in processes. From the perspective of resource-based view theory, it is indicated that enterprises improve the organization’s digital-application ability and expand the enterprise’s resource-acquisition boundary through digital-investment behavior. Meanwhile, the deep integration of digital transformation and enterprise organization strengthens the uniqueness and non-substitutability of enterprise resources. Unrepeatable enterprise resources empower the key links of enterprise innovation, thereby promoting enterprise-innovation investment and innovation output, making it a source of long-term competitive advantage for enterprises.



(2) The degree of e-commerce embeddedness plays a partial mediating role among manufacturing enterprises as they adapt to digital transformation; that is, hypothesis H2 is verified. Based on the network-embeddedness theory, the purpose of this part is primarily to examine the mechanisms by which digital transformation impacts manufacturing innovation. The results show that e-commerce embeddedness has a partial mediating effect in the impact of digital transformation on manufacturing enterprises’ independent- and collaborative-R&D investments, product- innovation output, and process-innovation output. Among them, the mediating effect of e-commerce embeddedness on digital transformation and the output of enterprises’ product innovation accounts for the highest proportion. Consequently, digital transformation improves e-commerce embedding in manufacturing enterprises, and further promotes the innovation of manufacturing enterprises by strengthening the relationship of enterprise embeddedness, expanding enterprise-embeddedness resources, and improving enterprise-embeddedness structure.



(3) Manufacturing enterprises’ independent-R&D investment and product-innovation output are significantly moderated by managerial human capital. However, this moderating effect does not contribute significantly to cooperative-R&D investment and process innovation due to digital transformation. This shows that, from the perspective of resource-complementarity theory, human capital of managers, as an effective complementary resource in digital transformation, acts as a moderating force for enterprises’ innovation in the context of digital transformation. Employee human capital has a significant negative moderating effect on the impact of digital transformation on cooperative-R&D investment of manufacturing enterprises, and has a significant positive moderating effect on the relationship between digital transformation and product-innovation output. This indicates that enterprises with higher employee human capital have a stronger research-and-development capability, and their demand for knowledge protection exceeds the demand for knowledge spillover. Meanwhile, due to their strong independent-research-and-development capability, enterprises are more able to achieve breakthrough product innovation. At this point, considering digitization, the moderating effect of employee human capital is not significant in influencing enterprise independent-R&D investment and process-innovation output, that is, hypothesis H3 is verified.




5.2. Discussion


Compared with other studies that do not emphasize industrial background [5,17,23], this paper focuses on the manufacturing industry, regards enterprise digital transformation as an important resource for enterprises, and analyzes its transmission mechanisms for facilitating enterprise innovation using network-embeddedness theory. This paper conducts a useful exploration on how to open the ‘mechanism black box’ between enterprises’ digital transformation and manufacturing enterprises’ innovation. Existing research believes that enterprise human capital plays an important role in the process of enterprise digital transformation [3,18]. This paper innovatively introduces it into the model, to study the boundary role of human capital between digital transformation and manufacturing-enterprise innovation. Our research conclusions have some theoretical and practical implications.



5.2.1. Theoretical Implications


This paper makes the following main contributions to the theory:



(1) Research on digital transformation mainly focuses on the impact of enterprises’ performance, and most does not emphasize the research background [5,17,23]. This paper mainly focuses on the manufacturing industry, and studies how digital transformation affects manufacturing enterprises’ innovation. For an in-depth understanding of digital transformation and enterprise innovation, focused research is crucial.



(2) Taking into account resource-based theory, network-embeddedness theory, and the complementarity theory of resources, we investigated the mechanisms involved in, and the boundary conditions associated with, digital transformation, on the innovation of manufacturing enterprises, which is an expansion of the existing theoretical-application scenarios, and further enriches the theoretical research on digital transformation and enterprise innovation. Globally, countries are developing their digital economies vigorously and integrating them with their real economies, so that certain theories of digital transformation and manufacturing-enterprise innovation may provide some theoretical guidance.




5.2.2. Practical Implications


Several implications are provided for manufacturing enterprises’ innovation practices and policies in this paper:



(1) Despite some progress, the manufacturing industry still has a long way to go in the transformation from informatization to digitalization. Digital transformation plays a crucial role in the informatization and transformation of manufacturing enterprises. It is necessary to make full use of digital transformation to expand enterprise resources, and enhance the non-substitutability of enterprise resources through the deep integration with enterprise operations, so as to further enhance the innovation ability and sustainable competitive advantage of enterprises, and create an effective path for manufacturing enterprises to cope with the digital wave.



(2) Efforts should be made to fully understand the mechanisms of digital transformation and innovation in manufacturing enterprises, to use e-commerce platforms to obtain consume-preference information, to strengthen the connection with suppliers, customers, and cooperative enterprises, and to use digital transformation to gradually improve the degree of enterprise e-commerce embeddedness, including relational embeddedness, structural embeddedness, and resource embeddedness, so as to further promote enterprise innovation and transformation.



(3) Full attention should be paid to the combination of digital resources and other enterprise resources, and relevant policies should be formulated to ensure its smooth implementation. Developing training plans for managers and ordinary employees, improving the human capital of managers and employees to enhance the enterprises’ independent-research-and-development capabilities and breakthrough product-innovation capabilities, are necessary. In view of the negative moderating of employee human capital regarding digital transformation and enterprise cooperative innovation, policymakers should improve the patent-protection system, encourage innovation and sharing, and reduce the self-protectionism among enterprises, so that enterprises participating in cooperation can obtain spillover effects.






6. Limitations and Prospects


The research in this paper has obtained some theoretical and practical implications, but there are still some shortcomings to be improved. First, the digital transformation measured in this paper is a specific investment amount, without distinguishing hardware investment and software investment. In the context of digital transformation, the digital investment of enterprises is not only reflected in software and hardware, but also includes the investment in enterprise data-mining ability, data technology, and data regarding personnel-collaboration ability, etc. In the future, we can further explore how this type of investment affects manufacturing-enterprise innovation. Secondly, the cross-sectional data used in this paper cannot show the dynamic evolution of digital transformation and manufacturing enterprises’ innovation. In the future, secondary panel data or multi-period survey data can be considered to study how manufacturing enterprises innovate in a dynamic way as a result of digital transformation.
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Figure 1. Conceptual model. 
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Table 1. Major variables and descriptive statistics.






Table 1. Major variables and descriptive statistics.





	Variables
	Mean
	Standard Deviation
	Minimum
	Maximum
	Observations





	Digital
	11.610
	1.718
	2.303
	22.004
	1363



	RD_inter
	5.145
	6.681
	0
	20.212
	1587



	RD_cooper
	1.286
	3.986
	0
	17.728
	1641



	Innov_prod
	0.604
	0.489
	0
	1
	1674



	Innov_proc
	0.882
	0.322
	0
	1
	1673



	Ecommer_embed
	3.286
	1.189
	1
	5
	1632



	Manager_cap
	16.984
	7.591
	1
	47
	1666



	Employee_cap
	10.179
	1.888
	1
	18
	1657



	Size
	4.444
	1.293
	1.609
	10.309
	1692



	Age
	12.902
	8.124
	0
	125
	1649



	Export
	0.095
	0.293
	0
	1
	1692



	Competition
	0.832
	0.867
	0
	4
	1668



	Gender
	0.915
	0.278
	0
	1
	1689



	Finance
	0.824
	0.873
	0
	4
	1679
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Table 2. The regression results of digital transformation on manufacturing enterprises’ innovation.
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Variables

	
R&D Investment

	
Innovation Output




	
(m1)

	
(m2)

	
(m3)

	
(m4)




	
RD_inter

	
RD_cooper

	
Innov_prod

	
Innov_proc






	
Digital

	
0.456 ***

	
0.194 **

	
0.105 ***

	
0.328 ***




	
(0.130)

	
(0.0755)

	
(0.0320)

	
(0.0557)




	
Size

	
1.250 ***

	
0.529 ***

	
0.109 ***

	
0.231 ***




	
(0.153)

	
(0.108)

	
(0.0376)

	
(0.0682)




	
Age

	
−0.0277

	
−0.0138

	
−0.00640

	
−0.00182




	
(0.0177)

	
(0.0128)

	
(0.00503)

	
(0.00968)




	
Export

	
1.138 *

	
0.773 *

	
0.394 ***

	
−0.0562




	
(0.655)

	
(0.440)

	
(0.143)

	
(0.251)




	
Competition

	
−0.0747

	
−0.00566

	
−0.0339

	
−0.147 *




	
(0.220)

	
(0.161)

	
(0.0527)

	
(0.0752)




	
Gender

	
−0.105

	
−0.140

	
−0.179

	
−0.0529




	
(0.643)

	
(0.416)

	
(0.159)

	
(0.205)




	
Finance

	
0.611 ***

	
0.324 *

	
0.181 ***

	
0.349 ***




	
(0.211)

	
(0.174)

	
(0.0551)

	
(0.0937)




	
City Fixed Effect

	
YES

	
YES

	
YES

	
YES




	
Industry Fixed Effect

	
YES

	
YES

	
YES

	
YES




	
Constant

	
7.369 *

	
−7.734 **

	
−13.74

	
−73.83 ***




	
(3.818)

	
(3.462)

	
(24.84)

	
(27.60)




	
Observations

	
1263

	
1282

	
1287

	
1084




	
(Pseudo) R-squared

	
0.316

	
0.232

	
0.2282

	
0.3856




	
Estimation Model

	
OLS

	
OLS

	
Probit

	
Probit








Note: The robust standard errors are in brackets; *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 3. Instrumental-variable regression results of digital transformation and manufacturing-enterprise innovation.
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Variables

	
R&D Investment

	
Innovation Output




	
(m1)

	
(m2)

	
(m3)

	
(m4)




	
RD_inter

	
RD_cooper

	
Innov_prod

	
Innov_proc






	
Digital

	
3.091 ***

	
2.042 ***

	
0.564 ***

	
0.606 ***




	
(0.735)

	
(0.491)

	
(0.0701)

	
(0.125)




	
Control

	
YES

	
YES

	
YES

	
YES




	
City Fixed Effect

Industry Fixed Effect

	
YES

	
YES

	
YES

	
YES




	
YES

	
YES

	
YES

	
YES




	
Constant

	
−144.1 ***

	
−141.6 ***

	
−45.92 **

	
−87.52 ***




	
(50.12)

	
(37.02)

	
(21.69)

	
(26.55)




	
Unidentified Test

	
47.696 ***

	
45.497 ***

	
-

	
-




	
Weak Identification Test

	
50.583 ***

	
47.467 ***

	
22.14 ***

	
10.54 ***




	
DWH Test (chi2/F)

	
17.44 ***

	
19.68 ***

	

	




	
17.13 ***

	
19.45 ***

	

	




	
Wald Test

	

	

	
18.56 ***

	
3.90 **




	
Observations

	
1263

	
1282

	
1287

	
1084




	
Estimation Model

	
2SLS

	
2SLS

	
IVProbit

	
IVProbit








Note: The robust standard errors are in brackets; *** p < 0.01, ** p < 0.05.
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Table 4. Sub-sample test results.






Table 4. Sub-sample test results.





	
Variables

	
R&D Investment

	
Innovation Output




	
(m1)

	
(m2)

	
(m3)

	
(m4)




	
RD_inter

	
RD_cooper

	
Innov_prod

	
Innov_proc






	
Digital

	
0.518 ***

	
0.204 **

	
0.0897 ***

	
0.312 ***




	
(0.138)

	
(0.0793)

	
(0.0330)

	
(0.0567)




	
Control

	
YES

	
YES

	
YES

	
YES




	
City Fixed Effect

Industry Fixed Effect

	
YES

	
YES

	
YES

	
YES




	
YES

	
YES

	
YES

	
YES




	
Constant

	
6.745 *

	
−12.18 ***

	
−1.663

	
−63.20 **




	
(4.094)

	
(1.702)

	
(23.34)

	
(29.24)




	
Observations

	
1118

	
1133

	
1144

	
987




	
(Pseudo)R-squared

	
0.314

	
0.254

	
0.1862

	
0.3738




	
Estimation Model

	
OLS

	
OLS

	
Probit

	
Probit








Note: The robust standard errors are in brackets; *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 5. Regression results of the mediating effect of e-commerce embeddedness.
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Variables

	

	
R&D Investment

	
Innovation Output




	

	
(m1)

	
(m2)

	
(m3)

	
(m4)




	

	
RD_inter

	
RD_cooper

	
Innov_prod

	
Innov_proc






	
Ecommer_embed

	

	
1.397 ***

	
0.310 ***

	
0.534 ***

	
0.363 ***




	

	
(0.165)

	
(0.0976)

	
(0.0456)

	
(0.0755)




	
Digital

	
0.0668 ***

	
0.357 ***

	
0.176 **

	
0.0767 **

	
0.301 ***




	
(0.0237)

	
(0.124)

	
(0.0758)

	
(0.0310)

	
(0.0615)




	
Control

	
YES

	
YES

	
YES

	
YES

	
YES




	
City Fixed Effect

Industry Fixed Effect

	
YES

	
YES

	
YES

	
YES

	
YES




	
YES

	
YES

	
YES

	
YES

	
YES




	
Constant

	
0.555

	
3.846

	
−8.050 **

	
−41.19 *

	
−47.26 ***




	
(0.646)

	
(3.553)

	
(3.544)

	
(23.24)

	
(14.95)




	
Observations

	
1265

	
1225

	
1245

	
1249

	
1044




	
(Pseudo)R-squared

	
0.359

	
0.365

	
0.239

	
0.314

	
0.434








Note: The robust standard errors are in brackets; *** p < 0.01, ** p < 0.05, * p < 0.1.
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Table 6. The moderating-effect results of managerial human capital.
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Variables

	
R&D Investment

	
Innovation Output




	
(m1)

	
(m2)

	
(m3)

	
(m4)




	
RD_inter

	
RD_cooper

	
Innov_prod

	
Innov_proc






	
Digital

	
0.452 ***

	
0.195 **

	
0.116 ***

	
0.326 ***




	
(0.126)

	
(0.0760)

	
(0.0317)

	
(0.0570)




	
Manager_cap

	
0.0886 ***

	
0.0186

	
0.0200 ***

	
0.00352




	
(0.0255)

	
(0.0167)

	
(0.00682)

	
(0.0108)




	
Digital × manager_cap

	
0.0532 ***

	
0.0127

	
0.0167 ***

	
0.00319




	
(0.0128)

	
(0.00894)

	
(0.00383)

	
(0.00616)




	
Control

	
YES

	
YES

	
YES

	
YES




	
City Fixed Effect

Industry Fixed Effect

	
YES

	
YES

	
YES

	
YES




	
YES

	
YES

	
YES

	
YES




	
Constant

	
14.30 ***

	
−5.152

	
−8.217

	
−71.25 **




	
(3.672)

	
(3.411)

	
(25.54)

	
(27.89)




	
Observations

	
1254

	
1273

	
1277

	
1075




	
(Pseudo)R-squared

	
0.330

	
0.234

	
0.248

	
0.393








Note: The robust standard errors are in brackets; *** p < 0.01, ** p < 0.05.
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Table 7. The moderating-effect results of employee human capital.
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Variables

	
R&D Investment

	
Innovation Output




	
(m1)

	
(m2)

	
(m3)

	
(m4)




	
RD_inter

	
RD_cooper

	
Innov_prod

	
innov_proc






	
Digital

	
0.423 ***

	
0.172 **

	
0.107 ***

	
0.329 ***




	
(0.132)

	
(0.0743)

	
(0.0338)

	
(0.0562)




	
Employee_cap

	
0.409 ***

	
−0.00708

	
0.0883 ***

	
−0.0257




	
(0.102)

	
(0.0778)

	
(0.0261)

	
(0.0404)




	
Digital × employee_cap

	
0.000414

	
−0.117 ***

	
0.0364 **

	
−0.0167




	
(0.0623)

	
(0.0412)

	
(0.0164)

	
(0.0210)




	
Control

	
YES

	
YES

	
YES

	
YES




	
City Fixed Effect

Industry Fixed Effect

	
YES

	
YES

	
YES

	
YES




	
YES

	
YES

	
YES

	
YES




	
Constant

	
12.03 ***

	
−5.194

	
−20.58

	
−68.93 **




	
(3.651)

	
(3.258)

	
(24.56)

	
(27.56)




	
Observations

	
1250

	
1269

	
1274

	
1077




	
(Pseudo)R-squared

	
0.323

	
0.235

	
0.236

	
0.387








Note: The robust standard errors are in brackets; *** p < 0.01, ** p < 0.05.
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