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Digitalization is one of the main ways for enterprise growth in the digital economy era. However, the existing literature on digital technology application models and their impact on corporate green growth is rare. By using the green innovation data of Chinese A-share listed companies from 2008 to 2020, this paper empirically investigates the association between enterprise digitalization and green innovation. The empirical results show that digitalization has significantly improved enterprises’ substantive green innovation level, which is valid after conducting a series of endogenous and robustness tests. Further results show that digital technology application, intelligent manufacturing application, and modern information system application are the three main models of digitalization to promote green innovation of enterprises, while internet business model application cannot significantly promote corporate green innovation. In addition, the mechanism analysis results indicate that the increase in government subsidy and corporate own R&D investment contribute to the incentive effect mentioned above, while the loss of governance efficiency and fluctuation of the external environment offset this effect. This incentive effect is more obvious in non-state-owned, high-tech, and lower-polluted industry enterprises. Our paper reveals the mode and mechanisms for enterprises to realize innovative green growth by applying digital technology in the digital economy era, which is of great significance to relevant theoretical research and policy formulation.
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1 INTRODUCTION
With the increasing development of the global economy, environmental pollution and ecological degradation have become common problems of human beings nowadays (Wang et al., 2020; Lin and Zhou, 2022). As green technology can improve the effective utilization of resources and reduce the pollution emission intensity in the production process (Li and Masui, 2019; Wang et al., 2020), it becomes an inevitable trend for economic and social development to support green development with technological progress (Karmaker et al., 2021; Li and Shen, 2021). However, the technical support for green development is seriously insufficient. Taking China as an example, its overall innovation level shows the characteristics of large quantity but poor quality, and the proportion of green innovation is relatively low. Due to the inherent characteristics of green innovation, such as high investment, high risk, long return cycle, and a high degree of specialization, green innovation projects face problems of insufficient investment and financing constraints (Carrión-Flores and Innes, 2010; Berrone et al., 2013; Amore and Bennedsen, 2016).
With the global economy entering the digital era, the proportion of the digital economy in the economy is increasing yearly. On the one hand, the digital economy can improve the efficiency of resource allocation and reduce the pollution emissions from ineffective production; On the other hand, it can promote green innovation through integration with the real economy and become the key to solving environmental problems. However, the impact of corporate digital transformation on green innovation is poorly studied. This paper aims to analyze the impact of corporate digital transformation and its application models on corporate green innovation and the underlying mechanisms which may contribute to solving the research gap mentioned above.
From the research perspectives of micro and macro levels, there have been many studies on the innovation incentive effect of the digital economy. From the macro perspective, previous researchers have studied the mechanisms of the digital economy promoting industrial ecological integration and innovation, thus achieving the optimization and upgrading of industrial structure and high-quality economic development. For example, Estevez and Janowski (2013), Almeida and Zouain (2016), and Das and Das (2022) study the role of the digital economy in economic development from the perspectives of sustainable development goals, business environment, financial development, international trade, entrepreneurship, respectively. These studies show that digital technology provides opportunities for innovation and promotes the organic integration between green technology innovation and green economic growth.
From the micro perspective, scholars study how digital technology can reduce production factor costs and improve resource allocation efficiency, promote enterprise technology diffusion, increase innovation output and change management mode; Aaron and Jason (2016) point out that the knowledge spillover effect of the digital economy forced the reduction of manufacturing costs within the industrial system, and enhanced the link with the external environment, so as to achieve the goal of ecological environment governance and resource protection in the process of technological innovation. Thompson et al. (2013) argue that the increasingly innovative digital technology creates multidimensional scenarios, effectively reducing inefficiency and unnecessary resource loss. Goldfarb and Tucker. (2019) find that corporate digitalization can reduce information asymmetry by improving the share of enterprise information, which thus promotes corporate green technology innovation. Mubarak et al. (2021) insist that corporate digitalization can promote collaborative innovation and realize the integration and reconstruction of knowledge in different fields, thus encouraging corporate green innovation.
However, few studies explore the digital economy’s green innovation performance from the application types of corporate digitalization. At the same time, the mechanisms behind the association between corporate digitalization and green innovation still need further analysis. This paper conducts an empirical study on the above issues using the financial data of Chinese listed companies from 2008 to 2020. By manually collecting the digital strategic keywords in the annual reports of listed companies to construct the corporate digitalization index, this paper can creatively divide their digital transformation into four types, i.e., digital technology application, intelligent manufacturing application, modern information system application, and internet business model application. Therefore, this paper can make an innovative empirical study on the impact of enterprise digital types on green innovation.
Our empirical results find that corporate digitalization can significantly improve substantive green innovation. We also conduct a series of endogenous and robustness tests, which further prove this conclusion is valid. Further results show that digital technology application, intelligent manufacturing application, and modern information system application are the three main models of digitalization to promote corporate green innovation, while internet business model application cannot. In addition, this paper finds that the incentive effect mentioned above is mainly realized by the increase of government subsidy and corporate own R&D investment, while offset by the loss of governance efficiency and fluctuation of the external environment. This incentive effect is more prominent in non-state-owned, high-tech, and lower-polluted industry enterprises.
This paper has at least three marginal contributions. First, based on the micro perspective, this paper studies the effect of green growth on enterprises under their digital transformation strategy, which deepens the understanding of the digital economy’s low carbon value and green feedback efficiency and provides micro empirical evidence for its innovation incentive effect. Second, using the text recognition method, this paper innovatively constructs the enterprise digital transformation indices by identifying the digital keywords from the annual enterprise reports, which enriches the methodology and ideas for data acquisition of related research. Third, we innovatively classify the types of corporate digital transformation and study the heterogeneous effects of different digital applications to stimulate corporate innovation, further promoting the theoretical depth of digital economy research.
2 THEORETICAL ANALYSES AND RESEARCH HYPOTHESES
As the driving force of China’s innovative development, the digital economy has become the key factor in promoting high-quality economic development. Digitalization is an inevitable choice for enterprises in the era of the digital economy and plays an important role in China’s economic transformation and development. As a new form of innovation, green innovation can drive rapid economic growth and positively affect the ecological environment. Green innovation has gradually been attached to importance by more and more enterprises and has become an innovation path universally followed by countries worldwide in pursuit of sustainable development goals.
It is generally believed that the influencing factors of enterprise green innovation mainly include environmental regulation pull, government subsidy pull, market push, R&D investment pull, technology push, etc. (Chen et al., 2017; Li et al., 2018; Wang et al., 2019). Existing research has fully proved that the digital economy has achieved technological innovation with high efficiency, low cost, and less resource loss and has become a critical path to promoting high-quality development of green innovation. Corporate digitalization can improve the efficiency of resource allocation, reduce the pollution emissions of ineffective production, and promote green innovation through integration with the real economy (Li and Shen, 2021; Liu et al., 2022). Corporate digitalization will enhance innovation efficiency and reduce innovation costs and become an important grabbing hand to solve environmental problems for substantial, sustainable development.
As an important starting point for China’s high-quality economic development, the digital economy is the government’s key focus. On the one hand, Corporate digitalization can help enterprises obtain more government subsidies and become an important driving force for enterprise development under the regulation of industrial policies and market mechanisms; Moreover, through digitalization, enterprises can optimize their innovative technology resources and increase their R&D investment (Schoenecker and Swanson, 2002), to further enhance their innovation capabilities (Subramaniam and Youndt, 2005), and thus affect their green technology innovation. On the other hand, in the process of digitalization, driven by the digital economy, the supervision, incentive, and decision-making of enterprises may be affected, thus affecting the governance efficiency of enterprises; In the wave of the digital economy, the risks and challenges brought by the new technology revolution will bring more uncertainty to the business environment of enterprises, which may affect the green innovation drive of enterprises. Therefore, this paper conducts empirical research on the relationship between corporate digitalization and green innovation from the micro level and makes research hypotheses from four aspects of resource allocation effect, R&D investment effect, corporate governance effect, and environmental fluctuation effect in mechanism analysis.
First, the digital economy improves the resource allocation effect through the enabling effect, thereby promoting green innovation of enterprises. Green innovation is a technological innovation output that comprehensively considers the environmental burden, uses new concepts and technologies, and reduces environmental pollution and raw materials and energy use. The gradual improvement of digital infrastructure has significantly promoted innovation frequency, technology diffusion, and production link optimization, thus promoting new value creation under low resource consumption conditions in the process of continuous construction and consolidation of green innovation infrastructure. The digital economy can also promote the coordinated development of economic activities, resources, and the environment. For enterprises, in the process of continuously improving the efficiency of resource allocation, the green growth of enterprises has stimulated the green innovation momentum of the digital economy. In addition, through digital construction, the digital economy can also improve the efficiency of resource integration and environmental monitoring capabilities, thus creating greater possibilities for green innovation of enterprises. For the government, the extent enterprises attach importance to green development directly determines whether they will carry out green innovation.
On the one hand, the government enables enterprises to achieve sustainable development through digitalization through industrial policies and optimizes the technological resources to carry out green innovation while enterprises undergo digitalization transformation. On the other hand, the government subsidizes enterprises in the region to carry out green innovation, and the incentive effect generated by the development of green technological innovation for enterprises also urges enterprises to carry out green innovation. Based on this, this paper proposes the first research hypothesis.








3 DATA DESCRIPTION AND METHODOLOGY
3.1 Data sources
Our study sample comprises Chinese A-share companies listed on the Shanghai Stock Exchange and Shenzhen Stock Exchange from 2008 through 2020. We obtain data from at least three primary sources: The China Stock Market and Accounting Research (CSMAR) database, the WIND database, and companies’ financial reports. We drop all financial listed companies, special treatment (S.T.) firms, particular transfer (P.T.) companies, and firms with missing relevant data. We winsorized all continuous variables at 1% at both tails.
3.2 Variable description
3.2.1 Corporates’ green innovation
This study uses green patent applications as a proxy measure of corporate eco-innovation output. In China, patents are classified into three classes: invention patents, design patents, and utility model patents. Of the three patent classes, invention patents symbolize quality innovation (Tan et al., 2020). Therefore, in addition to using the total number of green patent applications to measure the quantity of green innovation, we also use the number of green invention patent applications to measure the quality of green inventions. We collect our patent data from the CSMAR database. We use the natural logarithm of one plus the number of green patent applications to reduce skewness bias (Wang et al., 2020).
3.2.2 Digitalization
Corporate digitalization, as our explanatory variable, is measured by the frequency of digital-related keywords that appear in corporate annual reports. Since The enterprise annual report can usually express the company’s operation status and development path (Donovan et al., 2021), we assume the annual report can also tell us about the development of corporate digitalization. We use python to calculate the frequency of digital-related keywords in the annual reports of listed companies and use it to evaluate the implementation of enterprise digital transformation. Keywords that we collected include data, digital, internet, smart, intelligent, integrated, virtual, automatic, precise, online, networking, and portable. We denote the results as [image: image].
3.3 Models
We use the baseline OLS estimation model in our estimations following prior literature. The following basic model is used:
[image: image]
[image: image]
Where [image: image] and [image: image] represents the natural logarithm of one plus the number of total patents and the natural logarithm of one plus the number of patent inventions, while [image: image] represents measures of enterprise digitalization. [image: image] represents control variables, including Firm Age, Firm Size, Leverage, SOE, ROA, Shareholder Size, Duality, Top Shareholder, and Top Ten Shareholders, Staff Size. This study also controls for year fixed effects ([image: image]), firm fixed effects ([image: image]), and industry fixed effects ([image: image]). Table 1 presents the detailed definitions and construction of the variables.
TABLE 1 | Variable definitions.
[image: Table 1]3.4 Descriptive statistics
We measure the different degrees of corporate digitalization using a dummy variable D1_DIG, which equals one if the firm has mentioned at least one digital-related keyword in its annual report and zero otherwise. From Table 2, we can see that the percentage of corporate digitalization increased from 88% in 2008% to 98% in 2020, while the mean value also increased from 25.18 to 130.23. It indicates a vast increase in digitalized enterprises and a decrease in non-digitalized enterprises.
TABLE 2 | Sample distribution.
[image: Table 2]Table 3 reports descriptive statistics for variables. The average value of green invention patents is 0.712, and the average value of total green patents is 0.393, showing that the high-quality green innovation of sample companies generally accounts for about half of the total innovation. The standard deviations of [image: image] and [image: image] are more significant than the mean value, indicating that sample companies’ level of high-quality green innovation varies greatly. The maximum value of [image: image] is 1713, and the average value is 77.79, indicating that the sample company’s [image: image] is relatively low. In addition, the standard deviation of [image: image] is higher than the average value, indicating that the [image: image] of different companies varies greatly. The minimum value of Leverage is 0.049, and the maximum value is 0.979, indicating that the sample companies have significant differences in financial leverage. In addition, the mean value of [image: image] is 0, indicating that most sample corporates are non-state-owned enterprises.
TABLE 3 | Descriptive statistics.
[image: Table 3]Table 4 presents univariate statistics of the average difference between digitalized and non-digitalized companies. The univariate tests show that the digitalized firms have more green patent applications than the others. Therefore, digitalized companies are more innovative than non-digitalized competitors. Table 4 also shows that digitalized companies are more profitable, less streamlined, and have fewer employees. We also observed that private enterprises are more likely to be digitalized than state-owned enterprises.
TABLE 4 | Univariate analysis.
[image: Table 4]4 BASELINE RESULTS AND MECHANISMS
4.1 Baseline results
Table 5 reports our baseline results controlling the year fixed effects, firm fixed effects, and industry fixed effects. Columns 1) and 2) show the regression results without control variables, and columns 3) and 4) show the regression results with control variables. Column (3) (4) shows that after adding the control variables into the regression, the coefficients on our explanatory variables DIG to the quantity and the quality of eco-innovation is 0.014 and 0.013, respectively. Both coefficients are positive and significant at a 1% statistical level in columns 1) and 2) and a 5% statistical level in columns 3) and 4). The results show that corporate digitalization could enhance both the quality and quantity of green innovation.
TABLE 5 | Baseline result.
[image: Table 5]In addition, referring to the previous research, we also do a series of robustness tests to exclude other possible explanations including: 1) considering count dependent variables (Cameron and Trivedi, 2005; Yuan et al., 2015; Zhou and Zhang, 2016); 2) considering different time trends; 3) considering city-time fixed effects and industry-time fixed effects. Table 6 report the corresponding results. All robustness results support our conclusions.
TABLE 6 | Considering count dependent variables.
[image: Table 6]4.2 Endogeneity
The above findings indicate a positive relationship between corporate digitalization and corporate eco-innovation. However, the results can be spurious due to confounding endogeneity bias. The main endogeneity concerns are reverse causality and omitted variable bias. We address the potential endogeneity issues using various econometric techniques, including the Heckman two-step model and instrumental variable IV) method.
4.2.1 Heckman two-stage method
The relationship between digital transformation and corporate eco-innovation may be endogenous due to sample selection bias and reverse causality. On the one hand, digitalization could promote eco-innovation. On the other hand, firms that actively engage in green R&D may also take various digital transformation initiatives to enhance eco-innovation, leading to biased and unreliable estimation results.
We employ the Heckman two-stage correction model to control for any self-selection bias in our sample firms. We use the dummy variable [image: image] to measure companies with different degrees of digitalization. If [image: image] is greater than the median of the total sample, the dummy variable is equal to 1, which means that the company has undergone digital transformation. Otherwise, it is zero. We then use the digital mean value of other enterprises in the same industry as an exogenous variable ([image: image]) in the Probit model. We estimate the Inverse Mills ratio in the first stage and add it to our regressors in the second stage estimations. Regarding the second stage results in Table 7, columns 2) and 3), all columns’ coefficients for the Inverse Mills ratio are significant, suggesting that the sample had some selection issues. The second-stage regression results shown in columns 1) and 2) are significant at the statistical level of 5%, indicating the regression results are still significant after considering endogenous problems such as selection errors.
TABLE 7 | Heckman two-stage analysis.
[image: Table 7]4.2.2 Instrumental variable estimation
To reduce the endogeneity effect of reverse causality between digital transformation and corporate green innovation, we adopt the instrumental variable IV) approach (two-stage least squares regression method) to deal with endogeneity bias between corporate digitalization and eco-innovation. We use each region’s historical fixed telephone usage in 1985 as an instrumental variable (Fixed-phone) referring to Huang et al. (2019). The infrastructure required for using the fixed telephone is crucial to developing modern digital technology. Therefore, the popularization of fixed telephones can affect the digitalization of local enterprises. However, the use of fixed phones in the past has little to do with the green innovation of enterprises. The number of fixed telephone subscribers is cross-sectional data, which cannot be directly used for the metrological analysis of panel data. Referring to Nunn and Qian (2014), we multiply the number of firm R&D expenditures with a 2-year lag by the number of fixed telephone users in each province in 1985 to construct the interaction terms and use them as an instrumental variable for firm digitization.
We present the first and the second stage results in Table 8. The coefficient of corporate digitalization in the first stage is significant, satisfying the correlation hypothesis between the explanatory and the instrumental variables. The coefficient of corporate digitalization on green innovation is also significant in the second stage. The results support that corporate digitalization is positively related to green innovation of enterprises. In addition, the first-stage F-statistic value is greater than 10, indicating no weak instrumental variable problem. The A-can LM test result is more significant than ten, showing no unidentifiable problem and proving the validity of the instrumental variable selection. Overall, the baseline regression results still hold after considering the possible endogeneity problem in the model.
TABLE 8 | Instrumental variable method.
[image: Table 8]4.3 Mechanism analyses
Below we explore the possible mechanisms underlying the effect of digitalization on green innovation. We propose four mechanisms: resource allocation effect, R&D investment effect, corporate governance effect, and environmental fluctuation effect.
Following the approach of Heckman, Pinto, and Savelyev (2013) and Gelbach (2016), we first estimate the effect of digitalization on eco-innovation using Eq. 3, Eq. 4, then we evaluate the effect of digitalization on mechanism variables using Eqs. 5—8, and finally we estimate the effect of digitalization and mechanism variables on green innovation using Eq. 9, Eq. 10. The equations are listed below:
[image: image]
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Where , [image: image], [image: image] and [image: image] denote mechanism variables for resource allocation effect, R&D investment effect, corporate governance effect, and environmental fluctuation effect; other variables and coefficients are set consistent with the baseline regression. In the following, we separately analyze the mechanism of the results shown in Table 9.
TABLE 9 | Mechanisms.
[image: Table 9]4.3.1 Resource allocation effect
To identify how corporate digitization contributes to green innovation, we first examine whether they receive higher subsidies from higher levels of digitalization. If firms could receive more subsidies, we expect them to invest more in green innovation projects. We use government subsidies to firms to examine whether subsidies are associated with corporate green innovation.
The results in Table 9, Panel B, show that the coefficient on total subsidies received by firms is positive and statistically significant at the 1% level. It indicates that firm digitization increases innovation productivity by increasing government subsidies. Next, we control for other mechanism variables in the model and repeat the estimation. The results in Panel C of Table 9 show that the coefficient on subsidy revenue (0.011) is positive and significant at the 1% level. These findings suggest that green innovation output increases with subsidy revenue and reasonably suggest that subsidy revenue is a possible channel through which firm digitization promotes green innovation output.
4.3.2 R&D investment effect
We then examine whether corporate digitalization enhances R&D expenditures. If corporate digitalization improves the ability to integrate information and managers could use resources more wisely, we expect them to invest more in green innovation. We use firm R&D expenditures to examine whether R&D expenditures are related to green innovation.
The results in Table 10 Panel B show that the coefficient on R&D expenditure is positive and statistically significant at the 1% level. Next, we control for digitization and other mechanical variables in the model and repeat the estimation. The results in Panel C of Table 10 show that the coefficient on R&D expenditure (0.004, 0.003) is positive and significant at the 1% level. These findings show that R&D expenditures increase with digitization and suggest that R&D expenditures contribute to innovation efficiency.
TABLE 10 | Heterogeneous effect analysis.
[image: Table 10]4.3.3 Corporate governance effect
To study this mechanism, we construct an index of corporate governance efficiency in terms of supervision, incentives, and decision-making using principal component analysis. Specifically, we first used executives’ remuneration and shareholding ratios to indicate the incentive mechanism of corporate governance. Secondly, we use the proportion of independent directors and the size of the board of directors to indicate the supervisory role of the board of directors. Thirdly, we use the proportion of institutional shareholding and the degree of equity balances (i.e., from the second to the fifth largest shareholder to the shareholding of the first largest shareholder) to indicate the supervisory role of the equity structure. Finally, we use duality to indicate the decision-making channel. We use principal component analysis to analyze corporate governance efficiency based on the above seven indicators. The first principal component in the principal component analysis reflects the comprehensive corporate governance indicators.
Panel B in Table 9 tests the impact of our enterprise’s digitization on corporate governance. The results indicate a negative correlation between digitalization and the efficiency of corporate governance, and the coefficient is significant at the 1% level. The results indicate that more digitized firms instead reduce corporate governance. We then add other mechanism variables into the regressions and control for [image: image] to examine whether corporate green innovation can be promoted by increasing corporate governance. The results in Panel C show that all coefficients of corporate governance are small and insignificant, indicating that corporate governance has little effect on corporate green innovation. In general, corporate digitalization helps to reduce the cost of supervision in innovation activities. However, our regressions show that digitalization reduces corporate governance in the short term. Possible reasons may be the potential security risks behind digitalization and the time cost for executives to learn new technology. Corporate executives may be concerned about the leakage of personal information, which leads to less efficient management. Also, it takes time for corporates to apply digital technologies to corporate management, therefore corporate digitization may negatively impact corporate governance in the short term (Grove et al., 2018; Sama et al., 2022).
4.3.4 Environmental fluctuation effect
Finally, we study whether digitalization can reduce innovation R&D by improving the uncertainty of the operating environment. The market environment often affects the results of green innovation (Leonidou et al., 2017). The uncertainty of the market environment will bring uncertainty about the effect of green innovation (Ogbeibu et al., 2020). To measure the uncertainty of the market environment, we used the following three steps to measure: 1) Use the company’s revenue data, set them every 5 years, and do the least squares regression. The residual is denoted as the fluctuation of marketing revenue, and the coefficient multiplied by marketing revenue is denoted as the regular marketing revenue. 2) Divide the standard deviation of marketing revenue fluctuation by the regular marketing revenue and calculate the average. 3) Divide the result of the second step by the median marketing revenue of all companies in the same industry in the same year to eliminate the industry’s impact. We take the final calculated results as an index to measure the fluctuation degree of the business environment.
We first test the relationship between firm digitization and environmental uncertainty. The results in column 4) of Panel B of Table 9 show that the coefficient on environmental fluctuation is significantly negative at the 1% level. After observing the negative relationship between environmental uncertainty and R&D subsidies, we examine whether environmental fluctuation affects firms’ green innovation. The results in Table 10 show that the coefficient of environmental fluctuation remains significantly negative in column 1) but insignificant in column 2) after including environmental fluctuation and other mechanical variables in the model. The results show that digitization increases the quantity of green innovation by increasing environmental uncertainty but only significantly improves the quality of green innovation. These results may be because firms face a new digital market environment after choosing digital transformation. While benefiting from the convenience of digital technology, digitalized companies will face new issues such as market monopoly, tax erosion, and data security. These risks and challenges will bring more uncertainty to the business environment and volatility to the marketing revenue of enterprises. At the same time, this will also motivate firms to develop green innovation and establish a green competitive advantage, thus increasing the quantity of green innovation by firms.
4.3.5 Quantitative decomposition model of mechanisms
In the above sections, we tested the mechanisms related to the digital economy that can affect the green innovation of enterprises through the resource allocation effect, R&D investment effect, corporate governance effect, and environmental fluctuation effect. In order to further test and quantify the above mechanisms, this paper refers to Gelbach (2016) to quantitatively decompose the mechanisms. The contribution of green innovation promoted by the resource allocation effect is 20.70%; the contribution of green innovation promoted by the R&D investment effect is 36.00%; the contribution of green innovation reduced by the environmental uncertainty effect is 8.62%. Although the contribution of the corporate governance effect to green innovation is 0.4%, it is clear from the previous section that this effect does not significantly impact green innovation. The above effects explain 65% of the total impact. This result also shows that the mechanisms above are plausible and indicate that the resource allocation and R&D investment effects strongly influence the digital economy to enhance corporate green innovation.
4.4 Heterogeneous effect analyses
In this section, we examine the impact of digitalization on the green innovation activities of different types of firms by dividing the study sample into three dimensions: technology density, firm pollution, and firm ownership. The results are reported in Table 10.
4.4.1 High-tech enterprises
Under the regulation of market requirements and competition mechanisms, the high-tech industry will focus on developing green products with less pollution and low energy consumption as the focus of the future development of enterprises. It is because most high-tech enterprises are knowledge and technology-intensive, and knowledge integration is an effective way and important mechanism for enterprises to carry out green innovation (Strambach, 2017). Technology can promote open innovation in enterprises, thus encouraging enterprises to engage in green innovation activities (Mubarak et al., 2021). High technology industries are more willing to carry out green innovation and improve the efficiency of resource use in the process of digitalization transformation, and then further enhance the competitiveness of enterprises. Therefore, this paper believes that for high-tech enterprises, digitalization has a greater incentive effect on green technology innovation.
To examine the impact of digitization on firms with different technology densities, we divide the sample firms into groups according to whether they are high-tech firms or not. This paper refers to Peng and Mao (2017) and classifies enterprises in 19 industries as high-tech enterprises in manufacturing, software and information technology services, and scientific research and technology services. Panel A in Table 10 shows the impact of firms on [image: image] and [image: image]. Columns 1) and 3) report that the coefficient of corporate digitalization on green innovation is significantly positive for high-tech firms, while Columns 2) and 4) show that the coefficient for non-high-tech firms is not significant. It shows that corporate digitalization positively impacts high-tech enterprises’ green innovation more than other enterprises. These results may be because high-tech enterprises are likelier to have a relatively complete digital infrastructure and strong innovation capabilities, so they can better use the new technology to enhance green innovation capabilities.
4.4.2 Heavy pollution industry
Driven by the new development concept of the country and guided by the government’s industrial policies, in the process of sustainable development, it is an inevitable choice for enterprises to gradually reduce pollutant emissions, improve resource utilization efficiency, and gradually eliminate industries with heavy pollution and high resource consumption. Considering the business attributes and industry traits of heavy pollution industries, it is difficult for heavy pollution firms to reduce their pollutant emissions through digitalization, and gradually being eliminated by alternative industries seems to be the default path for industry development, while light pollution firms are more motivated to carry out green technology innovation in the process of digitalization to avoid being eliminated by the government. Therefore, this paper believes that for light pollution industries, digitalization has a greater incentive effect on green technology innovation.
We then investigate whether the motivation of enterprises in heavy pollution industries to green innovation may be more assertive. We classified 16 industries, including coal, mining, textile, paper making, pharmaceutical, and chemical, as heavy pollution following the Classified Management Directory of Environmental Protection Verification Industries of Listed Companies formulated by the Ministry of Environmental Protection of China in 2008. The results are presented in panel B of Table 10.
All empirical p-values of the regression are significant, allowing us to compare the coefficients of the two regression groups. Columns 1) and 3) show that the regression coefficient of enterprises belonging to heavy pollution industries is insignificant. In contrast, the coefficient of enterprises belonging to non-heavy pollution industries is positive and significant at a 1% level. The results show that enterprises in non-heavy pollution industries can better promote green innovation through digital transformation.
For industries such as coal mining and paper making, which generate massive pollution, digitalization cannot fundamentally change the fact that these industries need to produce through massive pollution. Therefore, the incentives for such enterprises’ green innovation activities are insignificant.
4.4.3 State ownership
State-owned enterprises play an important role in China’s economic structure and provide a research perspective for studying the heterogeneous effects of ownership on the digital economy. Compared with non-state-owned enterprises, China’s state-owned enterprises face smaller financing constraints and have more political resources, so state-owned enterprises have a greater ability to make a green investment. In addition, as state-owned enterprises assume more political views, they will actively invest in green innovation projects in the context of the Chinese government’s increasing emphasis on green and innovative development. Therefore, the green innovation activities of state-owned enterprises are less constrained by financing constraints and more pressured by political tasks. On the contrary, the development of the digital economy has less impact on their green innovation strategies. On the contrary, non-state-owned enterprises face greater financing constraints and various resources, and the digital economy can better play the governance effect and resource allocation effect to improve their willingness and ability to invest in green innovation. Therefore, this paper argues that for SOEs, the incentive effect of digitalization on green technology innovation generated by them is greater.
Therefore, we empirically investigate whether the impact of firm digitization on green innovation varies with firm ownership. The results in Table 10 show that the coefficient is significant at the 1% level for non-state-owned firms, while it is not significant for state-owned firms. The results suggest that digital transformation is more critical in achieving better green innovation outcomes for non-state-owned firms than private firms.
These results may be due to the different enterprise structures. Non-SOEs have fewer resources and higher financing constraints, so digital transformation can help non-SOEs achieve green innovation and form the market’s competitiveness of non-SOEs.
4.5 Further analyses
To further investigate which dimensions of digital development have influenced the level of corporate green innovation. We used text analysis referring to Wang et al. (2020), by converting the annual reports of listed companies from 2008 to 2020 into text format. We then filtered the high-frequency words related to digital transformation by python’s crawler function. We divided them into digital technology applications ([image: image]), internet business models of digitalization ([image: image]), intelligent manufacturing applications ([image: image]), and modern information system applications ([image: image]). Among them, words such as data management and cloud computing represent digital technology applications; words such as internet platform and e-commerce represent internet business models of digitalization; words such as industrial intelligence and automatic control represent intelligent manufacturing applications; and words such as information sharing and information communication represent modern information system applications. We then counted the word frequencies of each dimension, and standardized the data of word frequency. Finally, we used the entropy value method to determine the weight of each index, and considered the results as indices of different dimensions of digitalization.
The results in Table 11 show that digital technology applications, intelligent manufacturing applications, and modern information system applications are the three main approaches to promoting green innovation. Columns 1) and 5) show that digital technology application has a 5% and 10% significance level, respectively. Columns 3) and 7) show that intelligent manufacturing application has a 5% significance, and columns 4) and 8) show that modern information system application is more likely to promote green innovation in the company at a 1% significant level. In contrast, internet business models of digitalization do not significantly contribute to corporate green innovation. The results show that modern information system application promotes the quantity and quality of green innovation more than other approaches. Therefore, enterprises need to prioritize the development of modern information systems and strengthen information sharing ability. Secondly, consider optimizing the application of digital technology in manufacturing processes and data platforms, which can help improve the level of green innovation in enterprises. Finally, the excessive investment of enterprises in e-commerce development may not benefit corporate green innovation.
TABLE 11 | Digitalization in four dimensions.
[image: Table 11]5 CONCLUSIONS, IMPLICATIONS, AND LIMITATIONS
In the background of global green transformation, green technology innovation is an inevitable requirement for achieving high-quality development. The rapid two-way integration of the digital and real economy has led to the continuous optimization of industrial structure. Based on the annual reports of Chinese listed companies from 2008 to 2020, this paper obtains each company’s annual digital transformation information using the text recognition method and constructs a database of corporate digitalization. By matching the digitalization indices with the green innovation and financial data of enterprises, this paper empirically studies the association between corporate digital transformation and green innovation. Based on the empirical results, this paper draws the following conclusions:
• Corporate digitalization can improve the substantive green innovation of enterprises.
• Digital technology applications, intelligent manufacturing applications, and modern information system applications are the three main models of corporate digitalization to promote green innovation.
• The internet business model application cannot promote corporate green innovation.
• The increase in government subsidy and corporate own R&D investment contribute to the incentive effect mentioned above, while the loss of governance efficiency and fluctuation of the external environment offset this effect.
• Compared to other enterprises, this incentive effect is more prominent in non-state-owned, high-tech, and lower-polluted industry enterprises.
Based on the above research conclusions, to give better play to the incentive role of the digital economy promoting corporate green innovation and realizing corporate green growth, this paper puts forward the following policy recommendations. First, the government should promote the application of digital technology in enterprise production to enable enterprises to achieve sustainable development through digitalization. Our study shows that digitalization can stimulate enterprises to carry out green technology innovation and achieve the integration of enterprise development and sustainable production. Therefore, government departments should encourage enterprises to promote cloud computing, blockchain, digital simulation, big data analysis, and other technologies in production, management, and innovation. In addition, the government can build a sustainable R&D innovation system based on digital technology to enable enterprises to achieve intelligent environmental governance and green production with digitalization.
Second, enterprises should use digital technology to strengthen the construction of internal and external information-sharing platforms to enhance their governance level. This study shows that corporate digitalization can promote enterprise green technology innovation by improving the governance level. Therefore, enterprises should strengthen the application of digital technology in production and manufacturing, energy consumption management and control, supply chain and other processes, rely on digital technology to realize the sharing of internal and external knowledge and information, invest more in green R&D projects, and improve the efficiency of green technology innovation.
Third, in the context of the rapid development of the digital economy, environmental protection departments should use fiscal and tax means to guide green investment in the capital market. This paper finds that external environmental regulation and capital market investment will affect the incentive effect of corporate digitalization promoting green. Enhancing government subsidies is one mechanism behind corporate digitalization that promotes green innovation. Therefore, the government should adopt various policies, such as taxation and financial subsidies, to guide the capital market to invest in corporate green projects to encourage enterprises better to invest in environmental protection and enhance environmental governance capability. In addition, give non-SOEs with higher financing constraints, taxation and financial subsidies are important external financing for them. Therefore, the government can provide more taxation and financial subsidies for the digital projects of non-SOEs to encourage their digitalization.
Forth, the government should adopt different digital development policies for different enterprises. This paper finds that the promotion of corporate digitalization on innovation has a heterogeneous effect. As high-tech enterprises are the main force of digital technology innovation and application, the government should introduce incentive policies to ensure their digital development. For SOEs who have enough financing and resources, the government can encourage their digitalization through administrative guidance rather than financial support. For polluting enterprises, the government can implement constraint policies to guide their digitalization and green development.
However, this paper still has some limitations, which point out the direction for future research. First, corporate digitalization is a more complex and gradually evolving concept. Although this paper obtains enterprise digital transformation by identifying digital keywords in the company’s annual reports, the indices we use still cannot directly reflect the application of digital technology in enterprises. Subsequent research can measure corporate digital transformation by direct evidence of their application of key digital technologies. Second, the research object of this paper is China’s listed companies, which may not represent the digital economy practice of other countries or non-listed companies. On the one hand, due to China’s strong support for digital technology and implementation of a series of digital strategies in recent years, its domestic digital development is fast, so the digital transformation of Chinese enterprises is also fast. On the other hand, listed companies are often the best in their industries, and their digital technology applications have generally reached the frontier of the industry. Future research can provide more empirical evidence by selecting data from other countries or non-listed companies to expand relevant conclusions.
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InGTP ‘The natural logarithm of one plus firm 's total green patent applications
InGIP ‘The natural logarithm of one plus firm i's invention green patents applications

Panel B: Digitalization variables

DIG “The frequency of digital-related keywords in corporate annual reports
D1_DIG A dummy variable which equals 1 if firm  has mentioned at least one digital-related keyword in annual report in year ¢ and 0 otherwise
D2_DIG A dummy variable which equals 1 if DIG is greater than the median of sample in year t and 0 otherwise

Panel C: Other variables

Firm Age Firm i's age, which equals to the difference of fiscal year ¢ minus the year the firm was established
Firm Size “The natural logarithm of the book value of total assets
Leverage ‘The book value of total debts divided by the book value of total assets
Staff Size ‘The natural logarithm of staff size of firm i in year f
SOE A dummy variable which equals 1 if firm i is a state-owned entity and 0 otherwise
ROA Return on assets, which equals net income divided by total assets
Shareholder Size ‘The natural logarithm of sharcholders of firm i in year ¢
Duality A dummy variable which equals 1 if CEO and chairman is the same person and 0 otherwise
‘Top Shareholder ‘The percentage of shares owned by the largest sharcholder in year ¢
‘Top Ten Shareholders ‘The percentage of shares owned by the largest 10 shareholders in year ¢
Fixed-phone ‘The natural logarithm of fixed phone users in 1985
RDexp ‘The natural logarithm of R&D expenditures
Subsidy ‘The natural logarithm of total subsidies from government
<G Corporate government index, which is calculated by combining multiple indicators using principal component analysis
EF Environmental fluctuation index, which s calculated by removing the industry influence with a series of methods after the residual value is

calculated with the least square method
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Year Total D1_DIG D1_DIG

Percentage Mean of D1_DIG

2008 1324 177 147 0889 25.186
2009 [ 1459 1339 [ 120 0918 29.183
2010 1792 1697 95 0947 32768
2011 2009 1938 | 71 | 0965 38272
2012 [ 2128 [ 2086 [ a1 | 0980 40827
2013 2169 2108 | 61 0972 45363
2014 2285 2259 [ 2 0989 53621
2015 2466 2447 19 | 0992 67.955
2016 2744 2726 | 18 0993 84271
2017 3112 3078 [ 33 | 0989 98.649
2018 3195 3184 1 | 0997 108.089
2019 [ 3391 3358 | 32 0990 121443
2020 3840 3792 48 | 0988 130234
Total [ 31914 31189 [ 725 0977 77.794






OPS/images/math_10.gif
GIPu = a0 + @ Subsidyi; + ¢,RDEXPis-1 + 93CGu-1 + @EFiy
@ x DIGy.y + f x Controls, i +y, + 0.+, +
(10)





OPS/images/math_4.gif
@ + @ X DIGis-y + P x Controlsi—y +y, +0c + iy + &

()






OPS/images/math_3.gif
GIPu = ao + & X DIGys-1 + P x Controlsi,- +y, + 0+, + &

3)





OPS/images/inline_9.gif





OPS/images/inline_8.gif
M,





