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Abstract

:

Green innovation is an important strategy in seeking sustainable competitive advantages. This paper investigates the impact of enterprise digitization on green innovation and its mechanisms. We find that enterprise digital transformation has a significant effect on the promotion of green innovation. This positive effect mainly stems from the advantage of resource reallocation generated by enterprise digitalization that can alleviate financing constraints and raise risk-taking levels. Furthermore, the level of economic development strengthens the impact of enterprise digitization on green innovation, and the positive relationship between enterprise digitization and green innovation is stronger in regions with stronger environmental regulation and higher intellectual property protection, as well as in state-owned and heavily polluting enterprises. Digitization can optimize resource utilization, strengthen the capacity of green innovation in pollution reduction and promote the clean production of enterprises. Our results show that enterprise digitization plays a positive role in innovation activities. Furthermore, our results show that enterprise digitization plays a positive role in innovation activities.






Keywords:


enterprise digitization; green innovation; resource allocation; cleaner production












1. Introduction


With the rapid growth of the global economy, consequent severe ecological issues, such as resource exhaustion and environmental pollution, have become major constraints to sustainable development [1]. As a vital market player in emerging economies, China will, as Chinese President Xi Jinping pointed out at the 75th UN General Assembly, spare no effort in taking more effective steps in pursuit of the commitments that its peak carbon dioxide emissions will be achieved by 2030 and that carbon neutrality will be achieved by 2060. In view of this, it is imperative to carry out green transformation for micro-businesses with more stringent environmental policies and measures [2] since they are not only the anchor of economic growth but are also direct polluters that produce the most pollution. Therefore, it is necessary to resort to green innovation, which is a crucial strategy for seeking sustainable competitive advantages [3,4], by applying technological creativity to ecological protection with the aim of effectively reducing resource consumption and environmental pollution and, thus, constantly yield economic benefits [5,6]. However, Chinese companies are faced with daunting challenges as one of the emerging economies that are often characterized by an imperfect market and an excessive pursuit of growth. With the recent development of digital technologies highlighted by Internet plus, artificial intelligence and big data, more and more businesses, in an effort to conduct digital transformation, expect information-technology-driven upgrades to sharpen their competitive advantages in the market. According to the SMARTer2030 report released by the Global Enabling Sustainability Initiative (GeSI), digital technologies have the potential to enable a 20% reduction in global CO₂ emissions by 2030 (Global Enabling Sustainability Initiative (GeSI: https://gesi.org/research/smarter2030-ict-solutions-for-21st-century-challenges accessed on 22 December 2022). As the commercial applications of digital technologies have gradually taken root, discussing the driving mechanism of corporate green innovation serves to be the micro-foundation for achieving objectives of environmental protection and environmental development.



Enterprise digitization refers to the comprehensive collaboration of products, services, processes, modes and organizations by combining digital technologies such as information, computing, communication and connectivity [7,8]. Digital technologies that lead to effective information flow and resource reallocation have a positive role in corporate governance [9], the information environment [10] and production efficiency [11] since production, management, organizational structure and the business model are fundamentally changed [12,13,14,15]. The existing literature has largely discussed the relationship between the digital economy and environmental protection from a macro perspective (e.g., ecosystem [16], energy consumption [17,18]) and how external digital environment influence companies’ green behaviors [19,20,21]. Digital transformation in the production and operation process of enterprises may promote green innovation in two aspects. First, digital technology can enable enterprises in a transformation in terms of structure, psychology and resources [22]. Enterprise digitization transforms the original production and operation mode by applying cutting-edge information and communication technology. This advanced digital communication technology, when put into use, contains the qualities of technological progress [23]. Second, digital transformation not only involves the comprehensive collaboration within the enterprise but also involves the external collaboration between the enterprise and the multi-subject [24]. Thus, the integration of digital technology and technological advances with other production factors can promote changes and effective connections in various aspects of enterprise production, supply chain and sales [25], which can more directly realize the optimal allocation of enterprise production factors, accelerate information transmission and improve the green innovation capability of enterprises.



Researchers in current studies focusing on the digitalization–green innovation relationship have not reached a consensus. On the one hand, digital transformation may have a positive impact on innovation by mitigating internal information asymmetry and improving the efficiency of information transmission [26,27]. On the other hand, although creativity information and communication are, by dint of digital technologies, no longer confined to space, the negative effects may be seen when innovation resources are squeezed and information is overloaded due to a limited information processing capacity [28,29]. This divergence is, from our point of view, majorly attributed to the limitations to which these studies were subject. First, these studies are based on location-specific data derived from varying economic environments and ecological regulations in the world. However, for businesses in emerging economies, it is the prevailing financial constraints [30] and the exclusive pursuit of economic interests that are the key factors stifling green innovation. Second, some studies investigated the two stands by detecting whether there is a correlation between corporate digitalization and green behaviors as well as the influence path. In those studies, a positive correlation indicates that the use of digital technologies with the aim of improving the information environment is a vital practice to realize businesses’ long-term strategies and enhance their green governance [26,27], while the negative one refers to the scenario wherein the investments in innovation may be squeezed due to the activities of digital transformation, thus influencing innovation efficiency [28,29], which is a conclusion based on an assumed trade-off relationship between digital transformation and green innovation, ignoring the fact that digitalization is a continuous process which may help reallocate business resources or introduce new resources [31,32]. In addition, there are endogenous uncertainties in the examination of such relationships. Firms’ green innovation may weigh on, in turn, deeper digitalization that constantly nurtures the former—a presumable reverse causality. At the same time, digital transformation may coincide with green innovation since both of them are the decisions made by the executives of a company. Therefore, on the basis of solving the endogenous problems of the model, it is necessary to explore whether and how to promote green innovation through enterprise digitalization in emerging markets and to provide theoretical support and a scientific basis for the coordinated development of digitalization and green innovation under the “double carbon” objective.



In this study, we use data from Chinese-listed companies to study the role of digitalization on green innovation and answer four levels of questions: (1) Do firms with higher levels of enterprise digitization have stronger levels of green innovation? (2) If there is a significant green innovation effect of enterprise digitization, what is the transmission mechanism of digitization affecting enterprise green innovation? (3) What are the effects of different external and internal conditions on the green innovation effect of digitalization? (4) Can green innovation characterized by digital technology achieve a cleaner production of enterprises? The empirical results show that enterprise digitalization significantly contributes to green innovation, showing that digital transformation has a significantly positive effect on green innovation by enhancing companies’ abilities to obtain funding resources and improving their risk tolerance. Our results continue to hold after addressing the endogenous problems through several approaches. Further, our results indicate that such a positive effect is intensified in regions with advanced economic development, strict environmental regulation and complete intellectual property protection, as well as in state-owned companies and high-polluting industries. Finally, we also find that enterprises can realize the environmental protection strategy by improving the efficiency of resource utilization and then achieve the goal of energy saving and cleaner production.



Our study may have three contributions. First, this paper enriches the conclusions about the relationship between digitalization and green innovation. There is no consistent conclusion on the relationship between digitalization and green innovation [26,27,28,29]. Although Jiang et al. [33] partially focus on the resource allocation effect using government subsidies and R&D investment indicators, this paper incorporates the behavioral patterns of enterprises shaped by digitalization and innovation resource allocation into the research framework of the relationship between enterprise digitalization and green innovation based on the behavioral characteristics of enterprises in emerging economies, reveals the inner logic of digitalization for green innovation from the perspectives of “financing constraints” and “risk taking” and deepens the understanding of the resource soil on which green innovation depends and the logic of its power. This provides explanatory ideas for the existing literature to address the differential findings of corporate digitalization affecting corporate green behavior.



Second, distinguishing it from the existing literature, this paper clarifies the mechanism of how the digital economy and green innovation work to influence each other from several perspectives. Although some studies have found that the level of regional economic development is an important factor affecting the green innovation of enterprises [34,35,36]. In the relationship between digitalization and the green innovation of enterprises, this paper further finds that the level of economic development strengthens the positive relationship between digitalization and green innovation, and the green innovation effect of enterprise digitalization mainly exists in enterprises in regions with stronger environmental regulation and higher intellectual property protection, as well as in state-owned and heavily polluting enterprises. It provides a new research direction for investigating the determinants of green innovation of enterprises, which may be applicable to emerging economies and developed countries.



Third, since the relevant studies have mainly examined the impact of digitalization limited to aspects such as corporate green behavior without paying the necessary attention to the latter’s value judgment [19,20,21,26,27]. This paper examines the impact of green innovation characterized by digital technology on cleaner production in enterprises to demonstrate the rationality and environmental importance of the positive correlation between digitalization and green innovation. This test is especially important for heavy polluters. We confirm that green innovation characterized by digital technology is an important path for enterprises to achieve clean production and green manufacturing upgrades by finding the clean production effect of green innovation under enterprise digitalization conditions through the test, extending the boundaries of existing green innovation research and improving the theoretical outreach of green innovation performance.




2. Literature Review and Hypothesis Development


2.1. Enterprise Digitization and Green Innovation


Green innovation is usually related to the survival and development of businesses in a market characterized by intense competition [37]. Green innovation, also known as the innovations of green technologies, products and processes, refers to the pioneering creativity relating to products and technologies with the aim of seizing green competitive advantages while reducing environmental costs in an all-round way [38]. However, Chinese companies face huge challenges in green innovation. First of all, green innovation should be guaranteed by sufficient financial resources [39], but its highlighted balance between environment and economic benefits brings a hard-understood complexity that aggravates information asymmetry, thus placing innovative activities in a tricky financial situation [40]. Secondly, green innovation, with more uncertainties, will engage companies in higher risks [41], while managers are more likely to pursue short-term benefits [42].



From an innovation resource perspective, emerging economies are often financially constrained [30]. Additionally, green innovation involves so many complexities and uncertainties on a long-term basis that investors will be more sensitive to information asymmetry. On the other hand, green innovation, typically considered a public good, will generate positive externalities in the form of knowledge spillovers. To protect the achievements of green innovation, businesses may reduce or even fail on the disclosure of relevant information, making too much asymmetric information to have access to financial support from outside [43]. As a result, the limited access to external financing will supercharge the propensity to allocate scarce financial resources to daily operations and short-term investments instead of green creative activities [43]. Therefore, due to the noticeable complexities and uncertainties arising from green innovation [44], the financing constraints caused by information asymmetry will become a major barrier [43].



Digital transformation is a solution that can help mitigate information asymmetry and increase access to the financial resources necessary for green innovation. According to signaling theory, conducting digital transformation gives a positive signal of better prospects and potential to outside investors; therefore, the company may become more attractive in a capital market. Meanwhile, by taking advantage of digital, transparent and intelligent information inspired by digital transformation in every process of production [45], managers can not only swiftly access high-quality information but also effectively deliver readily understandable information to targeted parties outside at a low cost, thus enhancing information transparency, mitigating information asymmetry both inside and outside, as well as reducing external transaction costs and the difficulty in the access to financing aids. With abundant financial resources, companies will be more likely to undertake social responsibilities [46] and will opt for sustainability-oriented green innovation activities.



Moreover, digital transformation will help businesses increasingly grow risk-tolerant, thus intensifying the allocation of resources to green innovation. Compared to other typical technological innovations, green innovation, identified by the nature of greater uncertainties on a long-term basis, requires greater risk-taking [41]. According to the principal-agent theory, to avoid the risks of financial loss and dismissal caused by an investment failure, managers are inclined to engage in risk-off activities [42] without considering green innovation. From the perspective of corporate governance, the effective use of digital technologies can introduce transparent and visible performances to management and operation, wind down the risks of governance owing to information asymmetry, reduce managers’ speculations and the inappropriate pursuits of personal interests, as well as help channel resources to green innovation. Viewed from the perspective of risks, risk-taking is a determinant of sustainable green innovation [47,48]. Digital technologies that effectively disseminate will improve information transparency and sharing [49] and help shareholders, creditors and other major interested parties to reach a consensus on risk identity with the executives when communications cast off the shackles subject to space and time, thus improving their risk tolerance [50,51,52].



Companies can improve the efficiency of resource allocation and coordination with the help of digital technology and gain access to a large amount of external information and knowledge, increasing the knowledge base of green innovation. Based on the information processing theory, digital technologies characterized by scalability and openness can help operators identify their requirements for resources, promote communication and exchange with other counterparts and find the valuable information concerned with green innovation effectively at a low cost. They can also enable businesses to process information more efficiently and build the ability to coordinate the resources upstream or downstream in a supply chain and the ability to quickly respond to volatile market demands [25]. Within the enterprise, by making full use of their strong capabilities of data mining and processing [13], the high level of digitalization enables enterprises to have easy access to their production and operation statuses and dynamic information related to the market in a timely, comprehensive and accurate manner. In a highly efficient digital system, managers are allowed to identify and assess the potential risks that arise during operation in advance and produce responsive strategies in time. Therefore, higher risk-taking will work to influence executives’ risk and investment preferences and dampen the exclusive pursuits of economic benefits, leading to sustainable green innovation.



In summary, digitalization can first mitigate information asymmetry inside and outside of a company, facilitating access to financial resources and thus reducing the financial constraints on green innovation. In addition, corporate digitization can optimize resource allocation and improve risk-taking, thus sustainably nurturing green innovation. Therefore, the following hypotheses are proposed:



Hypothesis 1: 

Digital transformation can effectively promote corporate green innovation.





Hypothesis 2: 

Digital transformation can promote corporate green innovation by easing financing constraints and increasing risk-taking.






2.2. Moderation Effects


2.2.1. The Level of Economic Development


Due to the differences in the natural geographical environment and development basis, there is a great imbalance in the level of economic development among different regions in China, which may lead to various impacts of digitization on green innovation resources in different regions. On the one hand, people in economically developed regions have a strong desire for product quality and environmental awareness [34] and can also afford green innovation premiums. Digitization can provide necessary innovation resources for green innovation in time. On the other hand, in economically developed areas with rich innovation resources and base [35,36], digitization can improve the efficiency and technical capability of green innovation. Therefore, Digitization may strengthen the positive impact of economic development on green innovation. We propose the following hypothesis:



Hypothesis 3a: 

The impact of digitization on green innovation is stronger in regions with a higher level of economic development.






2.2.2. The Intensity of Environmental Regulation


According to the technical innovation theory and the environmental regulation theory, the intensity of environmental regulation is an important factor influencing the green innovations of local businesses [53]. Enterprises in regions with stronger environmental regulation face greater pressure and impact on environmental protection; the resulting high costs of environmental pollution may be crippling for businesses, which will force them to resort to more green creativities; that is, the businesses suffering from economic losses owing to environmental pollution will be compensated or even benefit from the “innovation compensation” mechanism [54]. Therefore, digitization may enhance the positive impact of the regulatory environment on green innovation. We propose the following hypothesis:



Hypothesis 3b: 

The impact of digitization on green innovation is stronger in regions with a high intensity of environmental regulation.






2.2.3. The Degree of Intellectual Property Protection


According to new institutional economics, intellectual property (IP) protection can influence corporate creativity by reducing the financial uncertainties of R&D and enhancing the effective allocation of R&D resources [55,56]. A company’s monopoly returns coming from innovation achievements are directly determined by the degree of IP protection [57]; that is, a region with a greater degree of intellectual property protection can constrain the replication and dissemination of innovation achievements by other innovation subjects more effectively, further protecting green creative achievements and raising expected returns for companies—a strong incentive for firms’ green innovative activities. Therefore, the positive impacts of digitalization on green innovation may vary with the different degrees of IP protection. We propose the following hypothesis:



Hypothesis 3c: 

The impact of digitization on green innovation is stronger in regions with a greater the degree of intellectual property protection.






2.2.4. The Nature of Ownership


There are significant differences between state-owned enterprises and non-state-owned enterprises in terms of resource access and relations with the government. By comparison, the state-owned enterprises in China are more closely tied to the government than the other sectors, playing dual roles as market players in the economy with a political identity [58]. In the period of transition to a green economy in China, state-owned enterprises seem to play a leading role in undertaking environmental responsibilities; on the other hand, their close connection with the government is advantageous for them due to receiving increasing policy supports and priority [59], creating better conditions for developing green innovations. Therefore, during digital transformation, state-owned enterprises are more motivated and can carry out innovative green activities more efficiently than their non-state-owned counterparts. Therefore, the following hypothesis is proposed:



Hypothesis 3d: 

The impact of digitization on green innovation is more significant in state-owned enterprises than non-state-owned enterprises.






2.2.5. The Characteristics of Industry


Due to various industries’ having varying contributions in terms of pollution, the effect of promoting digitalization on green innovation may be heterogeneous. Heavily polluting industries are often faced with serious doubts about whether they pay attention to environmental issues and fulfill their social responsibilities [60]. At the same time, a series of mandatory regulatory policies and documents issued for heavily polluting industries have placed them under greater scrutiny and pressure for ecological protection [61]. In order to relieve the pressure of environmental regulation and seek a sustainable development path, heavily polluting enterprises will actively seize on the opportunities of digital transformation to strengthen their green innovations. Therefore, the following hypothesis is proposed:



Hypothesis 3e: 

The impact of digitization on green innovation is stronger in heavily polluting industries.







2.3. The Environmental Value


If digitization promotes green innovation, then it is necessary to judge the environmental value of an enterprise’s green behavior, especially for enterprises in heavily polluting industries. As the major emitters of pollutants, heavily polluting industries are under close supervision and have raised considerable concern for the government and the public. Faced with the great pressure and high costs arising from ecologically regulated activities, it is imperative for heavy polluters to seek the way for cleaner production. Green technology innovation, as the solution, can achieve corporate energy conservation and emission reductions [62,63,64]. Digitization can improve the efficiency of resource allocation and coordination and help enterprises to continuously apply the environmental protection strategy to the production process and products. The continued implementation of the strategy can not only effectively reduce pollutant emission and environmental costs but also may promote the maximization of social and economic benefits. In other words, green innovation may become one channel for digitization to promote cleaner production. Therefore, the following hypothesis is proposed:



Hypothesis 4: 

Green innovation characterized by digitization can facilitate cleaner production.







3. Research Design


3.1. Sample and Data Sources


In this study, we take Chinese A-share listed companies from 2011 to 2019 as our primary sample. Green innovation in a company is evaluated by analyzing its green patents. We first obtained corporate patent data (applied and granted) from the China Research Data Service Center (CNRDS). Then, we identify the green patent by using the code of each patent to match the code from the green innovation list in the International Patent Classification Code (IPC). After this procedure, we identify the number of green patent applications and the number of granted green patents for each firm every year.



The corporate annual reports and governance data were obtained from the China Stock Market & Accounting Research (CSMAR) database. For enterprise digitization, according to the detailed items of intangible assets at the end of the year in the notes to the financial report’s mandatory disclosure by the listed company, we manually identified the details related to digitization such as software, Internet, the client, a management system, an intelligent platform, etc., and added them up to calculate the amount of the corresponding detailed items-amount of intangible assets related to digitization. In the robustness test, digitization is alternatively gauged based on the frequencies which are calculated by doing a textual analysis on the management discussion (MD & A) text of the company’s annual report through machine learning. Firstly, due to the lack of a specialized dictionary of terms in the field of digital economy, this paper constructs a dictionary of enterprise digital terms based on the semantic system of national policy. Manually screening 30 important national level digital economy documents (“Notice of The State Council on the issuance of an Action Plan to Promote the Development of Big Data”,” A guideline on promoting the development of “Internet +” smart energy”, etc.) from the website of the Central People’s Government, the Ministry of Industry and Information Technology to extract keywords related to enterprise digitization through Python and artificial identification, 238 words (Internet, AI, IT, etc.) related to digital transformation with a retention frequency of more than or equal to five times are retained, which constitute the digital term dictionary of this paper. Secondly, we add the 238 words in the above digital term dictionary to the “jieba” Chinese dictionary of the Python software package and then do a textual analysis on the management discussion (MD & A) part of the company’s annual report to measure of digitization at the firm-year level.



The regional economic data stemmed from the Statistical Yearbook of each province. Our sample was processed as follows: (1) the samples in financial sectors are removed; (2) the sampled companies marked with ST, ST * and PT are counted out; and (3) the sampled companies with incomplete financial data are excluded. By doing so, our final sample includes 13,140 firm-year observations from across 2636 listed companies. The details of sample selection procedures are listed in Table 1. Additionally, all of the continuous variables were winsorized at the 1% and 99% levels.




3.2. Variables


3.2.1. Dependent Variable


In this paper, we follow the method from previous studies [65,66] and use green patents to measure green innovation activities. The reason is that green patents are the outcomes of green innovation activities. We use the numbers of the applications for and the authorizations of green patents to evaluate the quantity and quality of corporates’ green innovation, respectively. In the case of no green patents in a sampled company, green innovation was then measured by using the natural logarithm of one plus the number of applications for green patents and with the natural logarithm of one plus the number of the granting of green patents, which are expressed by lnAGreen and lnGGreen, respectively.




3.2.2. Independent Variable


The independent variable in this study is enterprise digitalization. A firm’s digitization is a systematic process calling for a wide range of applications of digital technologies, a great deal of investment and the construction of modern IT systems, forming data, software and technologies. It contributes to the part of intangible assets in financial statements, and the amount is in the details of the intangible assets. In our main regression, we manually identify the details of intangible assets and calculate the sum of digitalized intangible assets. We measure the degree of green innovation as the proportion of the digitally related intangible assets to the total intangible assets.




3.2.3. Mediator Variables


There are two mediator variables in this paper: financial constraints and risk-taking. First, we follow the methodology from Hadlock and Pierce and use the SA index to measure the financial constraints [67]. The larger SA index represents the stronger financial constraints. Second, we follow the methodology of Koerniadi et al. [68] and use the following specification to measure risk-taking (CRT):


  C R  T  i , y   = l n      1 T    ∑   t = 1  T    (  r  i , y , t   −  1 T    ∑   t = 1  T   r  i , y , t   )  2       



(1)




where ri,y,t is the rate of returns from the stock of the company i after its reinvestment with cash dividends on the day t in the year y, and T means the number of trading days for which the company has returns from stock in year y.




3.2.4. Moderator Variables


The moderator variables in this study include the level of economic development (GDP), the intensity of environmental regulation (ER), the degree of intellectual property protection (IP), the nature of ownership (SOE) and the characteristics of the industry (Pollute). The detailed definitions of these variables are reported in Table 2.




3.2.5. Cleaner Production


We use green total factor productivity to measure the cleaner production effects of green innovations characterized by the digitization. The reason is that green total factor productivity is established to maximize social and economic benefits by introducing energy consumption and emissions. Referring to the methodology of Tone [69], GTFP is evaluated with the global Malmquist–Luenberger (GML) index based on the slacks-based measure (SBM) of directional distance function—an evaluation that can considerably improve the accuracy. The detailed calculation steps as well as the specification are shown in Tone [69].




3.2.6. Control Variables


In this paper, we controlled the firm-level variables in terms of finance and governance that may affect green innovation [5,70]. Specifically, the control variables interpreting finance include company size (Size), the return on assets (Roa), liabilities–assets ratio (Lev), corporate growth (Growth), business value (TobinQ) and the cash flow from operation (Cfo). Additionally, the control variables interpreting governance include CEO duality (Dual), Ownership Concentration (Top1), board size (Board), the proportion of independent directors (Indep) and market concentration (HHI). At the same time, in considering that green innovation is also affected by the macroeconomic environment, the regional economic indicator—regional economic development (lnGDP)—is also under control in this model. Please see Table 2 for more details relating to the definitions.





3.3. Empirical Model


To examine the impacts of digital transformation on green innovation, our empirical model was developed as follows:


  G r e e  n  i , t   =  α 0  +  α 1  D i g i t a  l  i , t   +  α i  C o n t r o l s + ∑ Y E A R + ∑ I N D U S T R Y +  ε  i , t    



(2)




where the dependent variable of Green represents corporate green innovation, the independent variable of Digital indicates corporate digitalization and Controls is the set of control variables. Year and Industry are the year and industry fixed effects, respectively, and ε is the random error term.



To further describe and test the transmission path from digitalization to green innovation, we used stepwise regression [71] to construct the following models:


   M  i , t   =  α 0  +  α 1  D i g i t a  l  i , t   +  α i  C o n t r o l s + ∑ Y E A R + ∑ I N D U S T R Y +  ε  i , t    



(3)






  G r e e  n  i , t   =  α 0  +  α 1  D i g i t a  l  i , t   +  α 2   M  i , t   +  α i  C o n t r o l s + ∑ Y E A R + ∑ I N D U S T R Y +  ε  i , t    



(4)




where M is the mediation for the path from digitalization to green innovation, expressed by financial constraints (SA) and risk-taking (CRT), respectively, and the rest of the variables are identified as the same present in Model (2).



We also constructed the following Model (5) to test the cleaner production effect of green innovation characterized by the digitization:


     G T F  P  i t   =  δ 0  +  δ 1  D i g i t a  l  i t   × G r e e  n  i t   +  δ 2  D i g i t a  l  i t   +  δ 3  G r e e  n  i t   +  δ 4  C o n t r o l     + ∑ Y E A R + ∑ I N D U S T R Y +  ε  i , t         



(5)




where GTFP is green total factor productivity established by introducing energy consumption and emission, Digital × Green is the interaction between digitalization and green innovation and    δ 1    is the concerned coefficient. The other variables are the same as defined in Model (2).





4. Empirical Results


4.1. Descriptive Statistics


The descriptive statistics of the major variables are reported in Table 3, in which Panel A shows the descriptive statistics of the whole sample: the means of the applications for (lnAGreen) and the authorizations of (lnGGreen) green patents are 0.457 and 0.343, respectively, both with zero for the median value, implying that low-level green innovations are seen among the sampled companies; the mean of digitalization (Digital) is 0.113 with a standard deviation of 0.236; the maximum and minimum values are 0 and 1, respectively, showing that the average proportion of digitally related intangible assets is 11.3% in the sampled companies, which suggests that digitalization varies greatly among different companies and that there is much leeway for Chinese companies in an effort to conduct digital transformation.



Panel B shows a univariate analysis in which the samples are divided into two groups according to the median of digitalization. The numbers of green patent applications and authorizations of the highly digitalized companies are significantly greater than that of the low-digitalized group at the 1% level. Therefore, Hypothesis 1 is preliminarily verified.




4.2. Baseline Results


Based on Model (2), the results of the regression interpreting the relationship between corporate digitalization and innovation are seen in Table 4. The empirical results show that the regression coefficients interpreting the digitalization–application relations (lnAGreen) and the digitalization–authorization relations (lnGGreen) are significantly positive at the 5% level at least. With other influencing factors under control, a standard deviation increase in Digital is associated with the increase in lnAGreen and lnGGreen by 5.47% and 3.78%, respectively, indicating that digitalization can significantly promote green patent applications and authorizations. Furthermore, compared to the applications for green patents, hard-won authorizations often involve greater technical difficulties that need to be surmounted. Generally speaking, with higher digitalization, both the quantity and quality of green innovation will be significantly improved. Hypothesis 1 is supported.




4.3. Mediation Tests


The empirical results with corporate financial constraints (SA) as the mediation are shown in Table 5. In Column (1), the regression coefficient for Digital is significantly negative at the 5% level, implying that a company’s digitization can alleviate its financial constraints. In Columns (2) and (3), the regression coefficients for SA are significantly negative. It indicates that that financial constraints work as a partial mediation in the path from digitalization to green innovation, consistent with our expectations.



The empirical results with risk-taking (CRT) as the mediation are shown in Table 6. In Column (1), the regression coefficient for digital transformation is significantly positive at the 1% level, suggesting that digital transformation can help a company increasingly grow risk-tolerant. In Columns (2) and (3), the regression coefficients for risk-taking (CRT) are significantly positive, indicating that corporate risk-taking works as a partial mediation in the path from corporate social responsibility to green innovation. Generally, a company’s green innovation can, through a higher degree of risk that it is willing to endure, be intensified by its digitalization.




4.4. Moderation Analyses


4.4.1. The Level of Economic Development


In this study, the samples are divided into a high economic development group and a low economic development group based on the annual industry median value of the level of economic development before the regressions are performed. The regression results in Table 7 show that the coefficient for Digital in the high economic development group is significantly larger than that in the low economic development group. It suggests that the economic development can strengthen the impact of digitalization on green innovation, consistent with our expectation. Therefore, H3a is validated.




4.4.2. The Intensity of Environmental Regulation


The moderation effect of environmental regulation on our baseline findings are reported in Table 8. We find that the coefficient for Digital is significantly positive in the intensely regulated group, while the coefficient is not significant in the moderately regulated group, suggesting that the more intense the environmental regulation, the greater the positive effects of digitalization on green innovation, which is consistent with Hypothesis 3b.




4.4.3. The Degree of Intellectual Property Protection


The results in Table 9 show the moderation effect of intellectual property protection. We find that the coefficients for Digital are significantly positive for high IP protection, while such coefficients are relatively lower and less significant in another group—among which the coefficient interpreting the relations between green patent applications (lnAGreen) and Digital is significantly positive, and the coefficient interpreting the relations between green patent authorizations (lnGGreen) and Digital is positive but not significant. This shows that the more intensive the use of intellectual property protection, the greater the positive effects of digitalization on green innovation, which is consistent with Hypothesis 3c.




4.4.4. The Nature of Ownership


In this study, the samples were divided into state-owned and non-state-owned companies. The regression results in Table 10 show that the coefficient for Digital is significantly positive in the state-owned group, while for the non-state-owned group, it is not significant, indicating that digitization effectively improved the quantity and quality of green innovation in state-owned enterprises, which is consistent with Hypothesis 3d.




4.4.5. The Characteristics of Industry


To test the moderation effects of various industries that have varying contributions to pollution on the relationship between digitization and green innovation, the samples were classified into heavily polluting industries and other industries. The regression results in Table 11 show that the coefficients for Digital are significantly positive in relation to the heavy polluters, while such coefficients are relatively lower and less significant in another group, among which the coefficient interpreting the relations between green patent applications (lnAGreen) and Digital is significantly positive, and the coefficient interpreting the relations between green patent authorizations (lnGGreen) and Digital is positive but not significant. This shows that the positive effects of digital transformation on green innovation are more pronounced among heavy polluters, which is consistent with Hypothesis 3e.





4.5. The Environmental Value


The regression results of Model (5) in Table 12 show that the coefficient of the interaction between digital transformation and green patent applications (Digitalit × lnAGreenit) is positive but not significant. It indicates that green patent application may become a channel for digitalization to promote cleaner production. However, this effect is not obvious because patent applications without novelty, creativity and practicability cannot be authorized by intellectual property authorities. The coefficient for the interaction between digital transformation and green patent authorizations (Digitalit × lnGGreenit) is significantly positive. It indicates that digitization can significantly promote cleaner production of enterprises through green innovation with significant technological advantages. The above results are consistent with Hypothesis 4.





5. Robustness Tests


5.1. Heckman Two-Stage Regression


In this study, the Heckman two-stage approach [72] was employed to address the self-selection-bias-induced endogenous problems arising from the fact that digital transformation may be decided concurrently with green innovation. In the first stage, a dummy variable for digitalization (Digital_Dummy), which is measured by the digitalization median of the sampled companies in the year, is involved in the Probit regression as the explanatory variable. At the same time, referring to Xu et al. [73], the exclusion restriction in the instrumental variable of MeanDigital—the mean value of the digitalization variable of other companies in the same industry in the same year—is imposed in the model, and the inverse Mills’ ratio (IMR) is derived. In the second stage, based on Model (1), the IMR is included in the regression.



The results of the two-stage regression can be seen in Table 13, where in Column (1), the regression coefficient for MeanDigital is significantly positive at the 1% level, which suggests that the digitization of other companies in the same industry in the same year has a positive impact on that of the sampled companies. In Column (2) and Column (3), the regression results with IMR show that the regression coefficients for digital transformation remain significantly positive, which is consistent with the foregoing conclusion even after the selection bias is under control.




5.2. Entropy Balancing Matching


Considering that the initial conditions of enterprises with different degrees of digital transformation are different, we follow Hainmueller [74] and use the entropy balance-matching method to eliminate the endogeneity problems that may be caused by sample self-selection. First, the samples are divided into treatment and control groups according to the annual industry median value of the digitalization variable. Second, this paper selects all the control variables as covariables for entropy balance matching. Finally, we take regression analysis based on the weights that result from entropy balancing matching. The covariate adjustment results are shown in Table 14. It indicates that after weighing using the entropy balance method, the mean, variance and skewness of the covariates of the treatment group and the control group are all close to the same. The regression results are shown in Column (1) and Column (2) of Table 15, suggesting that our main findings are robust.




5.3. Lagged Independent Variable


There is a possible reverse causality between digitalization and green innovation in the model. On the one hand, firms that have higher digital levels can promote green innovation. On the other hand, green innovation may also weigh on the momentum of high-level digitalization, sustainably fueling green transformation and upgrading in turn. The results of the regression, based on Model (2) with the independent variable Digital at one lag in Column (3) and Column (4) of Table 15, show that the coefficient for the lagged Digital−1 is significantly positive. The conclusions remain valid.




5.4. Alternative Measure of Independent Variable


To examine the robustness of our baseline findings, a company’s digital level is, alternatively, gauged by the total frequencies of all the digitally related words appearing in the MD & A text of the company’s annual report—expressed by the natural logarithm of one plus the total frequencies (Digital1) and the proportion of the total frequencies to the total paragraph length of the MD & A text (Digital2), respectively. The results are shown in Table 16, in which the regression coefficients for Digital1 and Digital2 are significantly positive at the 1% level, indicating that corporate digitalization has a vital role in promoting green innovation. The results of this study are proved again.




5.5. Alternative Empirical Specification


Since the outcomes of the green patent applications or the authorizations of the sampled companies characterized by lots of zeros may lead to regression bias, the Tobit model is applied in this study to re-estimate the impacts of digital transformation on green innovation. The results based on Model (2) are shown in Columns (1) and (2) of Table 17 with reference to the study by Moser and Voena [75] on the control for the year × industry fixed effects—a control for the changes in industries over time; that is, the influences of various industries with differences in time trends on green innovation are under control. The regression results are shown in Columns (3) and (4) of Table 17. According to the results of Table 17, our baseline findings remain robust.





6. Conclusions


As a crucial strategy for a business’s sustainable growth, green innovation may be stifled by information asymmetry and resource constraints. From the perspective of resource allocation to green creativity, we theoretically reveal the relationship between digitalization and green innovation in emerging economies. We find that corporate digitization has a significantly positive impact on green innovation and that the ease of financial constraints and higher risk-taking work as the mediations in the digitization–green innovation path. In addition, we find that the positive relationship between enterprise digitization and green innovation is stronger in regions with stronger economic development, stronger environmental regulation, higher intellectual property protection, as well as in state-owned and heavily polluting enterprises. This study introduces novelties to the present literature related to the digitization–green innovation relationship, complementary to the digitization–green innovation mechanism, and helping businesses further develop necessary incentives for green creative activities.



There are several limitations in our study. First, regarding the measurement of the enterprise digitalization, there is no unified standard and requirement for enterprise digitization disclosure. Although we follow the literature and use two widely used methods to measure enterprise digitization, both measures rely on subjective judgment, which may bias our results. We will continue to pay attention to the latest research progress of enterprise digitalization and continuously improve the indicator to provide more robust conclusions for subsequent studies. Second, different firms alternate and replace old and new technologies at different times. Thus, the heterogeneity of different corporate characteristics and their life cycle can be further explored in the relation between digitalization and green innovation. Third, this study only examines the relationship between digitalization and green innovation in China, while future studies can investigate this relationship in other emerging markets or using multinational data and explore possible changes and causes of this relationship in different institutional environments.
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Table 1. Sample selection process.






Table 1. Sample selection process.





	Number of A-share listed companies in Shanghai and Shenzhen from 2011–2019 (firm-years)
	27,424



	-Observations are within the financial industry
	(784)



	-Observations belong to ST, ST * and PT companies
	(2202)



	-Observations missing data on key variables
	(11,298)



	Final sample size
	13,140







Note: This table reports the details of sample selection procedures.
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Table 2. Definitions of variables.






Table 2. Definitions of variables.





	
Variable Type

	
Symbols

	
Definitions






	
Dependent variables

	
lnAGreen

	
Ln (number of green applied patents + 1)




	
lnGGreen

	
Ln (number of green granted patents + 1)




	
Independent variable

	
Digital

	
Intangible assets related to digital transformation/Total intangible assets




	
Mediator Variables

	
SA

	
SA index, detail computing formula referring the methodology of Koerniadi et al. (2010) [68]




	
CRT

	
Detail computing formula. See Model (1)




	
Moderator Variables

	
GDP

	
Gross domestic product in regions




	
ER

	
Pollution control costs/Added value of the secondary industry




	
IP

	
Ln [(the number of intellectual property infringement cases/the total population + the number of regional lawyers/the total population)/2]




	
SOE

	
A dummy variable that equals 1 if a firm is a state-owned enterprise and 0 otherwise




	
Pollute

	
A dummy variable that equals 1 if an industry is heavily polluted and 0 otherwise




	
Cleaner production

	
GTFP

	
Measured by green total factor productivity (GTFP). Calculation details referring to the methodology of Tone (2001) [69]




	
Control variables

	
Size

	
The natural logarithm of total assets




	
Roa

	
Net profit/Total assets




	
Lev

	
Total liabilities/Total assets




	
Growth

	
(Operating income in year t + 1 − Operating income in year t)/Operating income in year t




	
Cfo

	
Operating cash flow/Total assets




	
TobinQ

	
Market value/Capital replacement cost




	
Dual

	
A dummy variable with a value of 1 if the CEO and chairman is the same person and 0 otherwise




	
Top1

	
Shareholding ratio of the first shareholder




	
Board

	
The natural logarithm of total number of board of directors




	
Indep

	
Number of independent directors/Total number of board of directors




	
HHI

	
HHI index of the industry




	
lnGDP

	
The natural logarithm of GDP of the province of the company’s location
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Table 3. Descriptive statistics.






Table 3. Descriptive statistics.





	
Panel A: Descriptive Statistics of the Full Sample




	
Variables

	
Obs

	
Mean

	
SD

	
Median

	
Min

	
Max






	
lnAGreen

	
13,140

	
0.457

	
0.860

	
0

	
0

	
3.807




	
lnGGreen

	
13,140

	
0.343

	
0.709

	
0

	
0

	
3.296




	
Digital

	
13,140

	
0.113

	
0.236

	
0.023

	
0

	
1




	
SA

	
13,140

	
3.522

	
0.301

	
3.475

	
2.966

	
4.158




	
CRT

	
13,140

	
−3.609

	
0.308

	
−3.624

	
−4.372

	
−2.847




	
GDP

	
13,140

	
43,779.730

	
27,442.010

	
35,478.090

	
605.830

	
107,671.100




	
ER

	
11,928

	
0.002

	
0.002

	
0.002

	
0.000

	
0.025




	
IP

	
13,140

	
0.471

	
0.705

	
0.332

	
−1.189

	
2.081




	
SOE

	
13,140

	
0.370

	
0.483

	
0

	
0

	
1




	
Pollute

	
13,140

	
0.202

	
0.401

	
0

	
0

	
1




	
Size

	
13,140

	
22.220

	
1.259

	
22.060

	
20.020

	
26.150




	
Roa

	
13,140

	
0.040

	
0.055

	
0.0379

	
−0.224

	
0.194




	
Lev

	
13,140

	
0.426

	
0.206

	
0.417

	
0.050

	
0.893




	
Growth

	
13,140

	
0.195

	
0.451

	
0.114

	
−0.509

	
3.073




	
Cfo

	
13,140

	
0.047

	
0.067

	
0.046

	
−0.156

	
0.234




	
TobinQ

	
13,140

	
2.140

	
1.310

	
1.708

	
0.907

	
8.362




	
Dual

	
13,140

	
0.263

	
0.440

	
0

	
0

	
1




	
Top1

	
13,140

	
35.260

	
14.710

	
33.780

	
9

	
72.880




	
Board

	
13,140

	
2.133

	
0.201

	
2.197

	
1.609

	
2.708




	
Indep

	
13,140

	
0.375

	
0.053

	
0.353

	
0.333

	
0.571




	
HHI

	
13,140

	
0.147

	
0.165

	
0.090

	
0.024

	
1




	
lnGDP

	
13,140

	
10.460

	
0.717

	
10.480

	
8.064

	
11.590




	
Panel B: Partitioned by the Degree of Digital Transformation




	
Variables

	
(1) High Degree of Digitalization

	
(2) Low Degree of Digitalization

	
(1)–(2)




	
Obs

	
Mean

	
Obs

	
Mean

	
Mean-diff




	
lnAGreen

	
6570

	
0.522

	
6570

	
0.392

	
0.130 ***




	
lnGGreen

	
6570

	
0.381

	
6570

	
0.305

	
0.076 ***








Note: *** represent significance at the 1% level, respectively, and the t-values are in brackets.
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Table 4. Baseline Regression Results.






Table 4. Baseline Regression Results.





	
Variable

	
(1)

	
(2)




	
lnAGreen

	
lnGGreen






	
Digital

	
0.106 ***

	
0.055 **




	
(3.199)

	
(1.997)




	
Size

	
0.167 ***

	
0.134 ***




	
(21.289)

	
(20.618)




	
Roa

	
0.935 ***

	
0.363 ***




	
(6.148)

	
(2.883)




	
Lev

	
0.191 ***

	
0.111 ***




	
(4.085)

	
(2.878)




	
Growth

	
−0.056 ***

	
−0.040 ***




	
(−3.535)

	
(−3.113)




	
Cfo

	
−0.038

	
0.070




	
(−0.331)

	
(0.746)




	
TobinQ

	
−0.002

	
−0.006




	
(−0.385)

	
(−1.092)




	
Dual

	
0.058 ***

	
0.039 ***




	
(3.613)

	
(2.937)




	
Top1

	
−0.001 *

	
−0.000




	
(−1.953)

	
(−1.215)




	
Board

	
0.076 *

	
0.094 ***




	
(1.729)

	
(2.578)




	
Indep

	
0.040

	
0.285 **




	
(0.254)

	
(2.190)




	
HHI

	
−0.552 ***

	
−0.383 ***




	
(−10.503)

	
(−8.827)




	
lnGDP

	
0.110 ***

	
0.085 ***




	
(10.403)

	
(9.747)




	
Constant

	
−4.665 ***

	
−3.891 ***




	
(−20.367)

	
(−20.548)




	
Year fixed effects

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes




	
Observations

	
13,140

	
13,140




	
Adj. R-squared

	
0.174

	
0.170








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets.
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Table 5. Mediation tests: financial constraints.






Table 5. Mediation tests: financial constraints.





	
Variable

	
(1)

	
(2)

	
(3)




	
SA

	
lnAGreen

	
lnGGreen






	
SA

	

	
−0.325 ***

	
−0.268 ***




	

	
(−12.470)

	
(−12.459)




	
Digital

	
−0.022 **

	
0.099 ***

	
0.049 *




	
(−2.016)

	
(2.998)

	
(1.789)




	
Size

	
0.035 ***

	
0.178 ***

	
0.143 ***




	
(13.327)

	
(22.713)

	
(22.041)




	
Roa

	
−0.196 ***

	
0.871 ***

	
0.310 **




	
(−3.866)

	
(5.759)

	
(2.478)




	
Lev

	
0.246 ***

	
0.271 ***

	
0.177 ***




	
(15.826)

	
(5.778)

	
(4.574)




	
Growth

	
−0.016 ***

	
−0.061 ***

	
−0.045 ***




	
(−2.984)

	
(−3.880)

	
(−3.454)




	
Cfo

	
0.060

	
−0.018

	
0.087




	
(1.578)

	
(−0.161)

	
(0.922)




	
TobinQ

	
0.015 ***

	
0.002

	
−0.002




	
(6.891)

	
(0.362)

	
(−0.348)




	
Dual

	
−0.105 ***

	
0.024

	
0.011




	
(−19.560)

	
(1.482)

	
(0.814)




	
Top1

	
−0.002 ***

	
−0.002 ***

	
−0.001 ***




	
(−14.868)

	
(−3.554)

	
(−2.817)




	
Board

	
−0.005

	
0.074 *

	
0.092 **




	
(−0.312)

	
(1.705)

	
(2.559)




	
Indep

	
−0.206 ***

	
−0.027

	
0.230 *




	
(−3.926)

	
(−0.172)

	
(1.774)




	
HHI

	
0.044 **

	
−0.537 ***

	
−0.372 ***




	
(2.526)

	
(−10.287)

	
(−8.602)




	
lnGDP

	
−0.062 ***

	
0.090 ***

	
0.068 ***




	
(−17.721)

	
(8.433)

	
(7.783)




	
Constant

	
3.404 ***

	
−3.559 ***

	
−2.978 ***




	
(44.569)

	
(−14.565)

	
(−14.739)




	
Year fixed effects s

	
Yes

	
Yes

	
Yes




	
Industry fixed effect

	
Yes

	
Yes

	
Yes




	
Observations

	
13,140

	
13,140

	
13,140




	
Adj. R-squared

	
0.249

	
0.184

	
0.179








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets.
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Table 6. Mediation tests: risk-taking.






Table 6. Mediation tests: risk-taking.





	
Variables

	
(1)

	
(2)

	
(3)




	
CRT

	
lnAGreen

	
lnGGreen






	
CRT

	

	
0.077 **

	
0.072 ***




	

	
(2.329)

	
(2.656)




	
Digital

	
0.029 ***

	
0.104 ***

	
0.053 *




	
(3.250)

	
(3.132)

	
(1.921)




	
Size

	
−0.075 ***

	
0.173 ***

	
0.139 ***




	
(−35.985)

	
(21.011)

	
(20.470)




	
Roa

	
−0.143 ***

	
0.946 ***

	
0.373 ***




	
(−3.533)

	
(6.218)

	
(2.964)




	
Lev

	
0.168 ***

	
0.178 ***

	
0.099 **




	
(13.521)

	
(3.784)

	
(2.547)




	
Growth

	
0.046 ***

	
−0.059 ***

	
−0.044 ***




	
(11.096)

	
(−3.744)

	
(−3.355)




	
Cfo

	
−0.096 ***

	
−0.030

	
0.077




	
(−3.154)

	
(−0.266)

	
(0.819)




	
TobinQ

	
0.013 ***

	
−0.003

	
−0.007




	
(7.685)

	
(−0.541)

	
(−1.268)




	
Dual

	
0.018 ***

	
0.057 ***

	
0.038 ***




	
(4.222)

	
(3.526)

	
(2.838)




	
Top1

	
0.000 **

	
−0.001 **

	
−0.001




	
(2.210)

	
(−1.998)

	
(−1.267)




	
Board

	
−0.048 ***

	
0.080 *

	
0.097 ***




	
(−4.123)

	
(1.812)

	
(2.672)




	
Indep

	
−0.018

	
0.041

	
0.286 **




	
(−0.421)

	
(0.262)

	
(2.200)




	
HHI

	
0.028 **

	
−0.554 ***

	
−0.385 ***




	
(2.014)

	
(−10.544)

	
(−8.875)




	
lnGDP

	
0.003

	
0.110 ***

	
0.085 ***




	
(1.069)

	
(10.382)

	
(9.724)




	
Constant

	
−2.116 ***

	
−4.503 ***

	
−3.739 ***




	
(−34.740)

	
(−18.816)

	
(−18.895)




	
Year fixed effects

	
Yes

	
Yes

	
Yes




	
Industry fixed effect

	
Yes

	
Yes

	
Yes




	
Observations

	
13,140

	
13,140

	
13,140




	
Adj. R-squared

	
0.545

	
0.174

	
0.170








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets.
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Table 7. Moderation tests: level of economic development.






Table 7. Moderation tests: level of economic development.





	
Variables

	
High

	
Low

	
High

	
Low




	
(1)

	
(2)

	
(3)

	
(4)




	
lnAGreen

	
lnAGreen

	
lnGGreen

	
lnGGreen






	
Digital

	
0.129 ***

	
0.091 *

	
0.081 **

	
0.031




	
(2.812)

	
(1.854)

	
(2.156)

	
(0.760)




	
Size

	
0.177 ***

	
0.162 ***

	
0.142 ***

	
0.129 ***




	
(15.766)

	
(14.444)

	
(15.450)

	
(13.850)




	
Roa

	
0.855 ***

	
1.094 ***

	
0.246

	
0.540 ***




	
(4.099)

	
(4.887)

	
(1.439)

	
(2.887)




	
Lev

	
0.235 ***

	
0.115 *

	
0.130 **

	
0.074




	
(3.573)

	
(1.709)

	
(2.417)

	
(1.326)




	
Growth

	
−0.068 ***

	
−0.049 **

	
−0.037 **

	
−0.048 ***




	
(−3.015)

	
(−2.225)

	
(−2.019)

	
(−2.617)




	
Cfo

	
0.102

	
−0.200

	
0.265 **

	
−0.147




	
(0.644)

	
(−1.207)

	
(2.037)

	
(−1.064)




	
TobinQ

	
0.010

	
−0.015 *

	
0.008

	
−0.021 ***




	
(1.034)

	
(−1.691)

	
(1.006)

	
(−2.699)




	
Dual

	
0.077 ***

	
0.044 *

	
0.049 ***

	
0.033




	
(3.545)

	
(1.794)

	
(2.762)

	
(1.602)




	
Top1

	
−0.001 *

	
−0.001

	
−0.000

	
−0.001




	
(−1.826)

	
(−1.162)

	
(−0.529)

	
(−1.312)




	
Board

	
0.115 *

	
0.010

	
0.145 ***

	
0.014




	
(1.836)

	
(0.164)

	
(2.819)

	
(0.273)




	
Indep

	
−0.147

	
0.243

	
0.145

	
0.445 **




	
(−0.646)

	
(1.107)

	
(0.777)

	
(2.426)




	
HHI

	
−0.572 ***

	
−0.525 ***

	
−0.378 ***

	
−0.384 ***




	
(−7.739)

	
(−6.928)

	
(−6.235)

	
(−6.073)




	
Constant

	
−3.732 ***

	
−3.535 ***

	
−3.251 ***

	
−2.945 ***




	
(−12.816)

	
(−12.777)

	
(−13.612)

	
(−12.745)




	
Year fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
7111

	
6029

	
7111

	
6029




	
Adj. R-squared

	
0.173

	
0.168

	
0.173

	
0.160




	
Empirical p-values

	
0.087 *

	
0.013 **




	
F-test

	
21.34 ***

	
19.18 ***








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets; Empirical p-values are used to test the significance of coefficient differences, which are obtained using Bootstrap with 1000 repeated samples; F test is used to examine the coefficient difference between groups as well.
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Table 8. Moderation tests: environmental regulation.






Table 8. Moderation tests: environmental regulation.





	
Variables

	
Strong

	
Weak

	
Strong

	
Weak




	
(1)

	
(2)

	
(3)

	
(4)




	
lnAGreen

	
lnAGreen

	
lnGGreen

	
lnGGreen






	
Digital

	
0.123 ***

	
0.086

	
0.067 *

	
0.048




	
(2.587)

	
(1.608)

	
(1.721)

	
(1.080)




	
Size

	
0.179 ***

	
0.144 ***

	
0.140 ***

	
0.131 ***




	
(16.712)

	
(11.209)

	
(15.893)

	
(12.134)




	
Roa

	
0.970 ***

	
0.658 ***

	
0.543 ***

	
−0.011




	
(4.654)

	
(2.779)

	
(3.174)

	
(−0.058)




	
Lev

	
0.243 ***

	
0.162 **

	
0.153 ***

	
0.066




	
(3.851)

	
(2.217)

	
(2.950)

	
(1.077)




	
Growth

	
−0.082 ***

	
−0.047 **

	
−0.060 ***

	
−0.032 *




	
(−4.005)

	
(−2.042)

	
(−3.574)

	
(−1.658)




	
Cfo

	
−0.028

	
0.067

	
0.113

	
0.165




	
(−0.183)

	
(0.370)

	
(0.911)

	
(1.085)




	
TobinQ

	
0.012

	
−0.018 *

	
0.004

	
−0.015 *




	
(1.328)

	
(−1.762)

	
(0.554)

	
(−1.759)




	
Dual

	
0.036 *

	
0.079 ***

	
0.010

	
0.071 ***




	
(1.657)

	
(3.129)

	
(0.564)

	
(3.355)




	
Top1

	
−0.000

	
−0.001 *

	
0.000

	
−0.001




	
(−0.123)

	
(−1.762)

	
(0.337)

	
(−0.819)




	
Board

	
0.036

	
0.140 **

	
0.053

	
0.132 **




	
(0.596)

	
(2.038)

	
(1.082)

	
(2.305)




	
Indep

	
−0.074

	
0.379

	
0.255

	
0.416 **




	
(−0.340)

	
(1.574)

	
(1.426)

	
(2.068)




	
HHI

	
−0.662 ***

	
−0.356 ***

	
−0.473 ***

	
−0.222 ***




	
(−9.071)

	
(−4.262)

	
(−7.911)

	
(−3.175)




	
lnGDP

	
0.109 ***

	
0.119 ***

	
0.082 ***

	
0.093 ***




	
(7.775)

	
(6.945)

	
(7.059)

	
(6.505)




	
Constant

	
−4.850 ***

	
−4.507 ***

	
−3.924 ***

	
−4.040 ***




	
(−15.414)

	
(−12.271)

	
(−15.198)

	
(−13.156)




	
Year fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
6711

	
5217

	
6711

	
5217




	
Adj. R-squared

	
0.176

	
0.173

	
0.166

	
0.178




	
Empirical p-values

	
0.000 ***

	
0.000 ***




	
F-test

	
20.30 ***

	
19.19 ***








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets. Empirical p-values are used to test the significance of coefficient differences, which are obtained using Bootstrap with 1000 repeated samples; F test is used to examine the coefficient difference between groups as well.
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Table 9. Moderation tests: intellectual property protection.






Table 9. Moderation tests: intellectual property protection.





	
Variables

	
High

	
Low

	
High

	
Low




	
(1)

	
(2)

	
(3)

	
(4)




	
lnAGreen

	
lnAGreen

	
lnGGreen

	
lnGGreen






	
Digital

	
0.138 ***

	
0.088 *

	
0.073 **

	
0.048




	
(3.147)

	
(1.731)

	
(1.989)

	
(1.145)




	
Size

	
0.175 ***

	
0.158 ***

	
0.137 ***

	
0.131 ***




	
(16.659)

	
(13.136)

	
(15.743)

	
(13.320)




	
Roa

	
0.716 ***

	
1.204 ***

	
0.174

	
0.594 ***




	
(3.416)

	
(5.453)

	
(0.998)

	
(3.279)




	
Lev

	
0.111 *

	
0.275 ***

	
0.018

	
0.199 ***




	
(1.733)

	
(3.977)

	
(0.343)

	
(3.511)




	
Growth

	
−0.051 **

	
−0.064 ***

	
−0.038 *

	
−0.048 ***




	
(−2.183)

	
(−3.091)

	
(−1.960)

	
(−2.783)




	
Cfo

	
0.107

	
−0.240

	
0.208

	
−0.101




	
(0.683)

	
(−1.441)

	
(1.599)

	
(−0.742)




	
TobinQ

	
−0.003

	
−0.006

	
−0.009

	
−0.005




	
(−0.376)

	
(−0.623)

	
(−1.184)

	
(−0.681)




	
Dual

	
0.064 ***

	
0.050 **

	
0.044 **

	
0.031




	
(2.997)

	
(2.021)

	
(2.459)

	
(1.545)




	
Top1

	
−0.001 *

	
−0.001

	
−0.000

	
−0.001




	
(−1.836)

	
(−1.186)

	
(−0.880)

	
(−0.997)




	
Board

	
0.025

	
0.163 ***

	
0.124 **

	
0.090 *




	
(0.402)

	
(2.637)

	
(2.393)

	
(1.783)




	
Indep

	
−0.306

	
0.293

	
0.118

	
0.410 **




	
(−1.390)

	
(1.302)

	
(0.648)

	
(2.214)




	
HHI

	
−0.527 ***

	
−0.535 ***

	
−0.396 ***

	
−0.336 ***




	
(−7.179)

	
(−7.065)

	
(−6.496)

	
(−5.401)




	
lnGDP

	
0.086 ***

	
0.124 ***

	
0.061 ***

	
0.091 ***




	
(4.947)

	
(8.271)

	
(4.267)

	
(7.402)




	
Constant

	
−4.400 ***

	
−4.808 ***

	
−3.738 ***

	
−3.914 ***




	
(−13.287)

	
(−14.447)

	
(−13.596)

	
(−14.328)




	
Year fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
7354

	
5786

	
7354

	
5786




	
Adj. R-squared

	
0.193

	
0.161

	
0.193

	
0.152




	
Empirical p-values

	
0.005 **

	
0.006 ***




	
F-test

	
23.54 ***

	
21.79 ***








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets; Empirical p-values are used to test the significance of coefficient differences, which are obtained using Bootstrap with 1000 repeated samples; F test is used to examine the coefficient difference between groups as well.
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Table 10. Moderation tests: the nature of ownership.






Table 10. Moderation tests: the nature of ownership.





	
Variables

	
SOE

	
Non-SOE

	
SOE

	
Non-SOE




	
(1)

	
(2)

	
(3)

	
(4)




	
lnAGreen

	
lnAGreen

	
lnGGreen

	
lnGGreen






	
Digital

	
0.187 ***

	
0.046

	
0.125 ***

	
0.008




	
(3.335)

	
(1.098)

	
(2.710)

	
(0.239)




	
Size

	
0.190 ***

	
0.153 ***

	
0.155 ***

	
0.123 ***




	
(15.356)

	
(14.208)

	
(15.210)

	
(13.751)




	
Roa

	
0.233

	
1.212 ***

	
−0.048

	
0.514 ***




	
(0.808)

	
(6.762)

	
(−0.201)

	
(3.450)




	
Lev

	
−0.095

	
0.377 ***

	
−0.100

	
0.275 ***




	
(−1.238)

	
(6.215)

	
(−1.602)

	
(5.463)




	
Growth

	
−0.050 *

	
−0.060 ***

	
−0.046 **

	
−0.040 **




	
(−1.931)

	
(−3.051)

	
(−2.173)

	
(−2.435)




	
Cfo

	
0.379 **

	
−0.183

	
0.353 **

	
−0.037




	
(2.013)

	
(−1.271)

	
(2.286)

	
(−0.312)




	
TobinQ

	
0.016

	
−0.008

	
0.009

	
−0.009




	
(1.269)

	
(−1.046)

	
(0.866)

	
(−1.451)




	
Dual

	
0.019

	
0.074 ***

	
0.005

	
0.043 ***




	
(0.484)

	
(4.033)

	
(0.149)

	
(2.834)




	
Top1

	
−0.002 **

	
−0.001

	
−0.001

	
−0.000




	
(−2.059)

	
(−1.213)

	
(−1.327)

	
(−0.480)




	
Board

	
0.138 **

	
−0.008

	
0.148 ***

	
0.046




	
(2.108)

	
(−0.134)

	
(2.741)

	
(0.907)




	
Indep

	
0.383

	
−0.275

	
0.558 ***

	
0.067




	
(1.586)

	
(−1.293)

	
(2.812)

	
(0.377)




	
HHI

	
−0.527 ***

	
−0.567 ***

	
−0.309 ***

	
−0.449 ***




	
(−6.759)

	
(−7.513)

	
(−4.827)

	
(−7.159)




	
lnGDP

	
0.124 ***

	
0.095 ***

	
0.092 ***

	
0.068 ***




	
(6.960)

	
(7.074)

	
(6.285)

	
(6.076)




	
Constant

	
−5.475 ***

	
−3.988 ***

	
−4.619 ***

	
−3.330 ***




	
(−16.095)

	
(−12.218)

	
(−16.534)

	
(−12.274)




	
Year fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
4861

	
8279

	
4861

	
8279




	
Adj.R-squared

	
0.220

	
0.165

	
0.211

	
0.163




	
Empirical p-values

	
0.005 ***

	
0.037 **




	
F-test

	
25.92 ***

	
23.29 ***








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets; Empirical p-values are used to test the significance of coefficient differences, which are obtained using Bootstrap with 1000 repeated samples; F test is used to examine the coefficient difference between groups as well.
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Table 11. Moderation tests: the characteristics of industry.






Table 11. Moderation tests: the characteristics of industry.





	
Variables

	
Heavy

	
Non-Heavy

	
Heavy

	
Non-Heavy




	
(1)

	
(2)

	
(3)

	
(4)




	
lnAGreen

	
lnAGreen

	
lnGGreen

	
lnGGreen






	
Digital

	
0.407 ***

	
0.067 *

	
0.236 **

	
0.025




	
(3.400)

	
(1.939)

	
(2.404)

	
(0.876)




	
Size

	
0.190 ***

	
0.168 ***

	
0.156 ***

	
0.133 ***




	
(11.119)

	
(18.875)

	
(11.120)

	
(18.113)




	
Roa

	
−0.343

	
1.212 ***

	
−0.535 *

	
0.548 ***




	
(−1.003)

	
(7.156)

	
(−1.909)

	
(3.908)




	
Lev

	
−0.160

	
0.278 ***

	
−0.269 ***

	
0.215 ***




	
(−1.634)

	
(5.239)

	
(−3.357)

	
(4.894)




	
Growth

	
−0.061 *

	
−0.060 ***

	
−0.063 **

	
−0.041 ***




	
(−1.763)

	
(−3.403)

	
(−2.209)

	
(−2.831)




	
Cfo

	
0.561 **

	
−0.091

	
0.476 **

	
0.055




	
(2.265)

	
(−0.707)

	
(2.345)

	
(0.521)




	
TobinQ

	
0.048 ***

	
−0.005

	
0.034 **

	
−0.009




	
(2.858)

	
(−0.643)

	
(2.416)

	
(−1.526)




	
Dual

	
0.002

	
0.063 ***

	
0.006

	
0.041 ***




	
(0.045)

	
(3.534)

	
(0.188)

	
(2.750)




	
Top1

	
0.003 ***

	
−0.002 ***

	
0.003 ***

	
−0.001 **




	
(2.804)

	
(−3.074)

	
(3.102)

	
(−2.407)




	
Board

	
0.550 ***

	
−0.033

	
0.555 ***

	
−0.016




	
(6.194)

	
(−0.666)

	
(7.622)

	
(−0.391)




	
Indep

	
0.731 **

	
−0.200

	
1.509 ***

	
−0.057




	
(2.135)

	
(−1.135)

	
(5.368)

	
(−0.391)




	
HHI

	
−0.980 ***

	
−0.549 ***

	
−0.684 ***

	
−0.378 ***




	
(−5.415)

	
(−9.807)

	
(−4.609)

	
(−8.149)




	
lnGDP

	
0.076 ***

	
0.105 ***

	
0.046 ***

	
0.084 ***




	
(3.676)

	
(8.543)

	
(2.722)

	
(8.268)




	
Constant

	
−6.100 ***

	
−4.318 ***

	
−5.332 ***

	
−3.521 ***




	
(−12.831)

	
(−16.746)

	
(−13.666)

	
(−16.498)




	
Year fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
2650

	
10,490

	
2650

	
10,490




	
Adj. R-squared

	
0.138

	
0.197

	
0.140

	
0.192




	
Empirical p-values

	
0.012 **

	
0.007 ***




	
F-test

	
35.03 ***

	
32.38 ***








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets; Empirical p-values are used to test the significance of coefficient differences, which are obtained using Bootstrap with 1000 repeated samples; F test is used to examine the coefficient difference between groups as well.
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Table 12. Cleaner production effect.






Table 12. Cleaner production effect.





	
Variables

	
(1)

	
(2)




	
GTFP

	
GTFP






	
Digitalit × lnAGreenit

	
0.020

	




	
(0.502)

	




	
Digitalit × lnGGreenit

	

	
0.098 **




	

	
(2.052)




	
Digitalit

	
−0.046

	
−0.082 *




	
(−0.996)

	
(−1.772)




	
lnAGreenit

	
−0.003

	




	
(−0.359)

	




	
lnGGreenit

	

	
−0.013




	

	
(−1.477)




	
Size

	
0.004

	
0.006




	
(0.656)

	
(0.870)




	
Roa

	
−0.071

	
−0.082




	
(−0.538)

	
(−0.622)




	
Lev

	
−0.050

	
−0.053




	
(−1.369)

	
(−1.448)




	
Growth

	
0.046 ***

	
0.046 ***




	
(5.406)

	
(5.419)




	
Cfo

	
0.034

	
0.027




	
(0.350)

	
(0.278)




	
TobinQ

	
0.004

	
0.004




	
(0.625)

	
(0.592)




	
Dual

	
0.001

	
0.001




	
(0.053)

	
(0.059)




	
Top1

	
−0.000

	
−0.000




	
(−0.292)

	
(−0.410)




	
Board

	
0.031

	
0.033




	
(0.980)

	
(1.035)




	
Indep

	
0.298 **

	
0.315 **




	
(2.292)

	
(2.426)




	
HHI

	
−0.020

	
−0.015




	
(−0.298)

	
(−0.225)




	
lnGDP

	
0.015 *

	
0.015 *




	
(1.763)

	
(1.795)




	
Constant

	
0.629 ***

	
0.595 ***




	
(3.512)

	
(3.319)




	
Year fixed effects

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes




	
Observations

	
1390

	
1390




	
Adj.R-squared

	
0.0207

	
0.0241








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets.
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Table 13. Robustness tests: Heckman two-stage regression.






Table 13. Robustness tests: Heckman two-stage regression.





	
Variables

	
Heckman Two-Stage




	
(1)

	
(2)

	
(3)




	
Digital_Dummy

	
lnAGreen

	
lnGGreen






	
Digital

	

	
0.107 ***

	
0.059 **




	

	
(3.205)

	
(2.121)




	
IMR

	

	
0.046

	
0.193




	

	
(0.233)

	
(1.186)




	
MeanDigital

	
2.136 ***

	

	




	
(4.472)

	

	




	
Size

	
−0.032 **

	
0.166 ***

	
0.130 ***




	
(−2.434)

	
(19.020)

	
(18.000)




	
Roa

	
1.360 ***

	
0.974 ***

	
0.525 ***




	
(5.334)

	
(4.335)

	
(2.825)




	
Lev

	
0.110

	
0.194 ***

	
0.124 ***




	
(1.412)

	
(4.004)

	
(3.088)




	
Growth

	
0.002

	
−0.056 ***

	
−0.040 ***




	
(0.090)

	
(−3.534)

	
(−3.105)




	
Cfo

	
−0.419 **

	
−0.050

	
0.020




	
(−2.192)

	
(−0.397)

	
(0.194)




	
TobinQ

	
−0.002

	
−0.003

	
−0.006




	
(−0.225)

	
(−0.394)

	
(−1.137)




	
Dual

	
0.090 ***

	
0.061 ***

	
0.050 ***




	
(3.347)

	
(3.134)

	
(3.101)




	
Top1

	
−0.000

	
−0.001 **

	
−0.001




	
(−0.249)

	
(−1.965)

	
(−1.301)




	
Board

	
0.134 *

	
0.080 *

	
0.109 ***




	
(1.815)

	
(1.709)

	
(2.825)




	
Indep

	
−0.121

	
0.036

	
0.269 **




	
(−0.465)

	
(0.228)

	
(2.052)




	
HHI

	
0.577 ***

	
−0.536 ***

	
−0.318 ***




	
(6.163)

	
(−6.323)

	
(−4.537)




	
lnGDP

	
0.114 ***

	
0.113 ***

	
0.099 ***




	
(6.432)

	
(6.291)

	
(6.678)




	
Constant

	
−1.579 ***

	
−4.748 ***

	
−4.243 ***




	
(−4.108)

	
(−11.147)

	
(−12.048)




	
Year fixed effects

	
Yes

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes

	
Yes




	
Observations

	
13,140

	
13,140

	
13,140




	
Pseudo/Adj. R-squared

	
0.0898

	
0.177

	
0.172








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets.
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Table 14. The results of covariate adjusting.






Table 14. The results of covariate adjusting.





	
Variables

	
Treatment Group

	
Control Group (Before)

	
Control Group (After)




	
Mean

	
Variance

	
Skewness

	
Mean

	
Variance

	
Skewness

	
Mean

	
Variance

	
Skewness






	
Size

	
22.188

	
1.612

	
0.765

	
22.257

	
1.558

	
0.735

	
22.189

	
1.612

	
0.765




	
Roa

	
0.043

	
0.003

	
−1.192

	
0.038

	
0.003

	
−1.113

	
0.043

	
0.003

	
−1.192




	
Lev

	
0.422

	
0.042

	
0.201

	
0.430

	
0.043

	
0.210

	
0.422

	
0.042

	
0.201




	
Growth

	
0.198

	
0.192

	
3.777

	
0.191

	
0.215

	
3.644

	
0.198

	
0.192

	
3.777




	
Cfo

	
0.047

	
0.005

	
−0.126

	
0.047

	
0.004

	
−0.045

	
0.047

	
0.005

	
−0.126




	
TobinQ

	
2.144

	
1.687

	
2.337

	
2.135

	
1.747

	
2.358

	
2.144

	
1.6873

	
2.337




	
Dual

	
0.278

	
0.201

	
0.989

	
0.248

	
0.186

	
1.169

	
0.278

	
0.201

	
0.989




	
Top1

	
35.172

	
215.873

	
0.394

	
35.342

	
216.655

	
0.427

	
35.172

	
215.873

	
0.394




	
Board

	
2.133

	
0.040

	
−0.299

	
2.133

	
0.041

	
−0.267

	
2.133

	
0.040

	
−0.299




	
Indep

	
0.375

	
0.003

	
1.307

	
0.375

	
0.003

	
1.344

	
0.375

	
0.003

	
1.307




	
HHI

	
0.149

	
0.029

	
2.880

	
0.145

	
0.026

	
3.097

	
0.149

	
0.029

	
2.880




	
lnGDP

	
10.494

	
0.502

	
−0.553

	
10.436

	
0.523

	
−0.682

	
10.494

	
0.502

	
−0.553
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Table 15. Robustness tests: entropy balancing matching and independent variable lagged.
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Variable

	
(1)

	
(2)

	
(1)

	
(2)




	
lnAGreen

	
lnGGreen

	
lnAGreen

	
lnGGreen






	
Digital

	
0.106 ***

	
0.055 **

	

	




	
(3.74)

	
(2.00)

	

	




	
Digital−1

	

	

	
0.131 ***

	
0.080 **




	

	

	
(3.470)

	
(2.538)




	
Size

	
0.171 ***

	
0.134 ***

	
0.176 ***

	
0.141 ***




	
(17.67)

	
(20.62)

	
(19.724)

	
(19.120)




	
Roa

	
0.894 ***

	
0.363 ***

	
0.812 ***

	
0.285 **




	
(6.13)

	
(2.88)

	
(4.826)

	
(2.046)




	
Lev

	
0.186 ***

	
0.111 ***

	
0.190 ***

	
0.103 **




	
(4.14)

	
(2.88)

	
(3.497)

	
(2.299)




	
Growth

	
−0.050 ***

	
−0.040 ***

	
−0.035

	
−0.018




	
(−3.45)

	
(−3.11)

	
(−1.520)

	
(−0.967)




	
Cfo

	
−0.019

	
0.070

	
0.079

	
0.139




	
(−0.18)

	
(0.75)

	
(0.587)

	
(1.248)




	
TobinQ

	
−0.003

	
−0.006

	
0.003

	
−0.002




	
(−0.45)

	
(−1.09)

	
(0.381)

	
(−0.282)




	
Dual

	
0.056 ***

	
0.039 ***

	
0.063 ***

	
0.046 ***




	
(3.40)

	
(2.94)

	
(3.404)

	
(2.971)




	
Top1

	
−0.001 **

	
−0.000

	
−0.001

	
−0.000




	
(−2.08)

	
(−1.22)

	
(−1.352)

	
(−0.884)




	
Board

	
0.082 *

	
0.094 ***

	
0.095 *

	
0.125 ***




	
(1.66)

	
(2.58)

	
(1.887)

	
(3.002)




	
Indep

	
0.058

	
0.285 **

	
0.044

	
0.255 *




	
(0.34)

	
(2.19)

	
(0.246)

	
(1.702)




	
HHI

	
−0.570 ***

	
−0.383 ***

	
−0.622 ***

	
−0.407 ***




	
(−11.99)

	
(−8.83)

	
(−10.157)

	
(−8.033)




	
lnGDP

	
0.111 ***

	
0.085 ***

	
0.116 ***

	
0.087 ***




	
(11.06)

	
(9.75)

	
(9.524)

	
(8.660)




	
Constant

	
−4.744 ***

	
−3.891 ***

	
−5.285 ***

	
−4.389 ***




	
(−17.76)

	
(−20.55)

	
(−21.641)

	
(−21.535)




	
Year fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Industry fixed effects

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
13,140

	
13,140

	
11,166

	
11,166




	
Adj. R-squared

	
0.176

	
0.170

	
0.183

	
0.176








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets.
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Table 16. Robustness tests: alternative measure of independent variable.
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Variable

	
(1)

	
(2)

	
(3)

	
(4)




	
lnAGreen

	
lnGGreen

	
lnAGreen

	
lnGGreen






	
Digital1

	
0.093 ***

	
0.063 ***

	

	




	
(13.816)

	
(11.190)

	

	




	
Digital2

	

	

	
0.125 ***

	
0.071 ***




	

	

	
(14.099)

	
(9.605)




	
Size

	
0.174 ***

	
0.144 ***

	
0.179 ***

	
0.147 ***




	
(27.798)

	
(27.648)

	
(28.643)

	
(28.401)




	
Roa

	
0.921 ***

	
0.391 ***

	
0.955 ***

	
0.418 ***




	
(7.312)

	
(3.730)

	
(7.590)

	
(3.992)




	
Lev

	
0.268 ***

	
0.170 ***

	
0.240 ***

	
0.150 ***




	
(7.104)

	
(5.445)

	
(6.402)

	
(4.793)




	
Growth

	
−0.072 ***

	
−0.059 ***

	
−0.069 ***

	
−0.056 ***




	
(−5.367)

	
(−5.233)

	
(−5.139)

	
(−4.994)




	
Cfo

	
0.022

	
0.060

	
−0.001

	
0.039




	
(0.233)

	
(0.777)

	
(−0.013)

	
(0.510)




	
TobinQ

	
−0.002

	
−0.006

	
−0.005

	
−0.008 *




	
(−0.450)

	
(−1.484)

	
(−1.104)

	
(−1.938)




	
Dual

	
0.016

	
0.021 *

	
0.022 *

	
0.026 **




	
(1.221)

	
(1.928)

	
(1.675)

	
(2.374)




	
Top1

	
−0.001 ***

	
−0.001 **

	
−0.001 ***

	
−0.001 **




	
(−3.270)

	
(−2.421)

	
(−3.156)

	
(−2.362)




	
Board

	
0.074 **

	
0.084 ***

	
0.077 **

	
0.085 ***




	
(2.023)

	
(2.756)

	
(2.122)

	
(2.795)




	
Indep

	
0.167

	
0.310 ***

	
0.167

	
0.311 ***




	
(1.303)

	
(2.911)

	
(1.300)

	
(2.915)




	
HHI

	
−0.380 ***

	
−0.263 ***

	
−0.380 ***

	
−0.267 ***




	
(−8.399)

	
(−7.000)

	
(−8.394)

	
(−7.099)




	
lnGDP

	
0.093 ***

	
0.077 ***

	
0.094 ***

	
0.078 ***




	
(10.791)

	
(10.729)

	
(10.838)

	
(10.901)




	
Constant

	
−4.947 ***

	
−4.178 ***

	
−4.884 ***

	
−4.149 ***




	
(−26.817)

	
(−27.256)

	
(−26.456)

	
(−27.023)




	
Year fixed effects s

	
Yes

	
Yes

	
Yes

	
Yes




	
Industry fixed effect

	
Yes

	
Yes

	
Yes

	
Yes




	
Observations

	
19,750

	
19,750

	
19,750

	
19,750




	
Adj. R-squared

	
0.191

	
0.186

	
0.192

	
0.184








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets.
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Table 17. Robustness tests: alternative empirical specification.
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Variable

	
Tobit Model

	
Year × Industry Fixed Effects




	
(1)

	
(2)

	
(3)

	
(4)




	
lnAGreen

	
lnGGreen

	
lnAGreen

	
lnGGreen






	
Digital

	
0.106 ***

	
0.055 **

	
0.113 ***

	
0.063 **




	
(3.204)

	
(2.000)

	
(3.381)

	
(2.271)




	
Size

	
0.167 ***

	
0.134 ***

	
0.171 ***

	
0.136 ***




	
(21.323)

	
(20.651)

	
(21.595)

	
(20.783)




	
Roa

	
0.935 ***

	
0.363 ***

	
0.928 ***

	
0.360 ***




	
(6.158)

	
(2.888)

	
(6.040)

	
(2.837)




	
Lev

	
0.191 ***

	
0.111 ***

	
0.185 ***

	
0.110 ***




	
(4.091)

	
(2.883)

	
(3.931)

	
(2.819)




	
Growth

	
−0.056 ***

	
−0.040 ***

	
−0.055 ***

	
−0.040 ***




	
(−3.541)

	
(−3.117)

	
(−3.452)

	
(−3.015)




	
Cfo

	
−0.038

	
0.070

	
−0.045

	
0.066




	
(−0.331)

	
(0.747)

	
(−0.393)

	
(0.691)




	
TobinQ

	
−0.002

	
−0.006

	
−0.000

	
−0.004




	
(−0.386)

	
(−1.094)

	
(−0.016)

	
(−0.735)




	
Dual

	
0.058 ***

	
0.039 ***

	
0.061 ***

	
0.040 ***




	
(3.619)

	
(2.942)

	
(3.772)

	
(3.021)




	
Top1

	
−0.001 *

	
−0.000

	
−0.001 **

	
−0.001




	
(−1.956)

	
(−1.217)

	
(−2.105)

	
(−1.427)




	
Board

	
0.076 *

	
0.094 ***

	
0.083 *

	
0.100 ***




	
(1.732)

	
(2.582)

	
(1.886)

	
(2.748)




	
Indep

	
0.040

	
0.285 **

	
0.054

	
0.308 **




	
(0.254)

	
(2.193)

	
(0.344)

	
(2.358)




	
HHI

	
−0.552 ***

	
−0.383 ***

	
−0.601 ***

	
−0.422 ***




	
(−10.520)

	
(−8.841)

	
(−10.471)

	
(−8.883)




	
lnGDP

	
0.110 ***

	
0.085 ***

	
0.109 ***

	
0.085 ***




	
(10.419)

	
(9.763)

	
(10.295)

	
(9.703)




	
Constant

	
−4.665 ***

	
−3.891 ***

	
−4.699 ***

	
−3.892 ***




	
(−20.399)

	
(−20.580)

	
(−20.499)

	
(−20.529)




	
Year fixed effects × Industry fixed effects

	
No

	
No

	
Yes

	
Yes




	
Year fixed effects

	
Yes

	
Yes

	
No

	
No




	
Industry fixed effects

	
Yes

	
Yes

	
No

	
No




	
Observations

	
13,140

	
13,140

	
13,140

	
13,140




	
Pseudo/Adj.R-squared

	
0.0766

	
0.0880

	
0.172

	
0.167








Note: *, ** and *** represent significance at the 10%, 5% and 1% levels, respectively, and the t-values are in brackets.
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