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With the rapid development of the digital economy and the increasingly severe environmental issues, the role of the digital economy in green innovation has been attracting more attention; however, only a limited amount of research has been done in this area. Therefore, based on matching data at the city and manufacturing enterprise level in China during 2011–2018, this paper attempted to integrate the digital economy (more specifically, the Internet and digital finance) with resource allocation and green technology innovation together in a unified scheme. Our study confirmed that the digital economy could significantly promote green technology innovation by manufacturing enterprises, but that digital finance was the dominant feature. Resource allocation efficiency played a partial mediating role between digital economy and green technology innovation. Furthermore, considering the heterogeneity in enterprise ownership and industrial pollution, the digital economy had a more positive effect on green technology innovation in state-owned enterprises (SOEs) and high pollution industries. As for the heterogeneity of region, the Internet significantly contributed to green technology innovation in regions with different levels of development. In the eastern region of China, especially, the influence of digital finance on green technology innovation was more significant. In view of these findings, this study provides important insights for strengthening the integration of the digital economy with green transformation, emphasizing the rationality of resource allocation, and formulating policies for different enterprises.
Keywords: digital economy, internet development, digital finance, resource allocation, green technology innovation
1 INTRODUCTION
The potential contradiction between economic growth and environmental pollution has long threatened the economic structure. Some developed countries attach great importance to environmental protection. For example, the United States has adopted climate and energy security laws and the European Union has proposed green growth as a core strategy. A number of developing countries have also focused on environmental issues, including China (Ji and Zhang, 2019; Zhao et al., 2020), Pakistan (Zhang et al., 2017; Danish and Wang, 2018) and Vietnam (Lin et al., 2013). As the largest developing country in the world, China’s rapid development has been accompanied by environmental deterioration (Ji and Zhang, 2019; Liu et al., 2022). Manufacturing enterprises, as the main contributors of carbon emissions, are directly in line for China’s overall emission reduction target (Ouyang et al., 2019; Zhao et al., 2020; Dou and Gao, 2022). Faced with the relatively crude economic development model of manufacturing enterprises (Ma et al., 2020; Liu et al., 2022), green technology innovation (GTI) as an important way to save energy and reduce emissions (Berrone et al., 2013; Song et al., 2020; Wu et al., 2022) can help manufacturing enterprises obtain many benefits, such as lower energy consumption (Berrone et al., 2013), improved production (Chen et al., 2006; Salvad et al., 2012; Song et al., 2020) and a better social standing (Chang, 2011; Song et al., 2020).
The factors influencing enterprises’ green technology innovation are mainly divided into governmental and market factors. Most studies focused on governmental factors, such as environmental regulations (Berrone et al., 2013; Yu et al., 2017; Qu et al., 2022) and governmental support (Xie et al., 2015; Bai et al., 2019; Wu et al., 2022); however, the positive impact of environmental regulation on green transformation by enterprises has gradually been diminishing (Leiter et al., 2011). To some extent, environmental regulation can increase an enterprise’s operating costs (Berrone et al., 2013; Qu et al., 2022), which will prevent some enterprises from choosing green transformation. Moreover, although governmental support partially subsidizes resources needed for GTI, this may bring dependency problems, and in reality the allocation of innovation resources by enterprises needs to be more dynamic and flexible (Diewert et al., 2018; El-Kassar and Singh, 2019; Feng et al., 2022). Due to the limitations of government help, some scholars have started to study the influence of market factors on enterprises’ green innovation. Using Vietnam as an example, Lin et al. (2013) showed that market demand was positively related to green product innovation. Cuerva et al. (2014) believed that the development of external technology was conducive to improving the internal dynamic ability of enterprises, which enhances green innovation. Cao et al. (2021) and Feng et al. (2022) pointed out that digital finance could solve the financing problems of green innovation, thus avoiding overreliance on the government, and placing enterprises in a better position for promoting GTI; but, market factors cannot be ignored (Wei et al., 2015; El-Kassar and Singh, 2019; Cao et al., 2021).
As an integration of information technology and economic production modes, the digital economy offers a new strategic choice for China’s industrial transformation (Yang et al., 2021). It provides a new research perspective for GTI by liberating social productivity, changing the way knowledge is transferred, and reducing transaction costs (Chihiro et al., 2018; He et al., 2021; Li et al., 2022). Dou and Gao (2022) argued that in areas with a high level of digital economy, cloud computing and big data will drive the transformation of production modes, which will require enterprises to update equipment (Yetis-Larsson et al., 2015; Wang et al., 2022), eliminate traditional production modes (Song et al., 2020; Cao et al., 2021), and achieve a balance between economic and environmental development. Compared with general innovation, sufficient resources are required to support GTI due to its high-risk nature (Cao et al., 2021; Wu et al., 2022). When investment in innovation is limited, enterprises will hesitate to sacrifice other inputs for GTI. Therefore, if manufacturing enterprises cannot reasonably allocate limited resources, GTI will be hindered. With the aid of digital technology, the digital economy can break the constraints of time and space (He et al., 2021; Li et al., 2022), guide the sharing and transmission of labor and capital resources, and promote the green total factor growth rate (Song et al., 2020). In addition, it is worth noting that the digital economy is the driving force for the economic structure transformation, which will tend to eliminate “high-pollution, high-energy-consuming” industries and transform them into green industrial factories (Lu et al., 2021; Dou and Gao, 2022). Based on the above analysis, we introduced resource allocation efficiency as a mediating force between the digital economy and GTI.
In summary, we employed matched data between the digital economy and manufacturing enterprises from 2011–2018 in China in this paper, to examine the impact and mechanism of the digital economy on GTI. We aimed to solve the following three problems. First, starting from the two dimensions of Internet and digital finance development, this paper examined the impact of the digital economy on GTI. Second, we explored whether manufacturing enterprises could promote GTI by improving resource allocation efficiency. And third, a heterogeneity analysis was performed because of the differences in ownership, type of industry and where the manufacturing enterprise was located.
2 LITERATURE REVIEW
The digital economy concept was first proposed by Tapscott (1996), who defined it as an economic system that widely uses ICT (information and communication technology). Subsequently, DBCD (2013) defined the digital economy as the networking of society and economy through the internet, mobile phone and sensor networks. It is also described by the European Parliament (2015) as a complex multi-level structure connected by numerous, growing nodes. Diewert et al. (2018) focused on the digital economy and the value it created from the perspective of welfare measurement. Given the two-sided nature of ICT and people’s preferences, Chihiro et al. (2018) measured the digital economy by adding the service value to the national GDP. With the development of the digital economy in China, Tencent Research Institute (2017) constructed a global digital economy model from four dimensions: digital facilities, digital industry, digital innovation and digital governance. Liu et al. (2020) constructed a digital economy system for provinces in China, including informatization, Internet, and digital transactions. These studies have promoted the connotation and measurement of the digital economy, and provided important references for subsequent investigations.
With the rapid development of the digital economy, there have been many studies about whether it can boost innovation. At the macro level, Zhao et al. (2020) pointed out the positive relationship between high-quality development and the digital economy from the perspective of internet and digital finance development. Subsequently, based on the method of Zhao et al. (2020), many studies explored the relationship between the digital economy and high-quality development of cities. For example, Wang et al. (2022) found that GTI was an important mechanism for the integration of digital economy to upgrade industrial institutions. In addition, Lu et al. (2021) argued that the digital economy could drive regional technological innovation. Other scholars believe that the digital economy can reshape the innovation model of traditional industries, accelerate resource allocation, and upgrade industrial infrastructure (Ma et al., 2020; Liu et al., 2022). Moreover, some studies believe that there is a nonlinear relationship between the digital economy and regional innovation. For example, Xu and Hou (2022) maintained that the digital economy’s effects on regional innovation have been increasing marginally. At the micro level, some studies focus on the direct links between the digital economy and the high-quality development of enterprises. Li and Jia (2018) concluded that digital economic development had very little impact on enterprise innovation. However, most scholars maintain a positive attitude towards this relationship. Based on the observations of 50,013 enterprises in 117 developing countries, Paunov and Rollo (2016) found that the development of digital technology promoted innovation. Li et al. (2022) took Asian countries as examples and pointed out that the application of digital technology is beneficial for innovation in business processes. Another part of the existing research focused on the mechanism underlying the relationship between the digital economy and enterprise innovation. Existing studies showed that the digital economy promoted enterprise innovation by mobilizing a company’s dynamic innovative capabilities and appropriately allocating resources. In terms of innovation capabilities, Acemoglu et al. (2016) argued that digital technologies enhance the ability to learn from external knowledge and experience, and become an important way for increasing innovation efficiency. Domazet and Lazić (2017) emphasized that ICT was a key factor of digital economy and could reduce uncertainty in decisions on innovation. Jun et al. (2021) highlighted that the digital platform, improvisation capabilities, and organizational structure showed a positive relationship with innovation. Wu et al. (2022) emphasized that there was an inverted U-shaped relationship between digital economy and the development of enterprises, meaning that moderate digital transformation was most conductive to the high-quality development of enterprises. In terms of the allocation of resources for innovation, a report by the World Bank and the Research and Development Center of the State Council (2019) stated that the digital economy will enable resources, such as technology, capital and manpower to sectors with higher productivity, and promote the transformation of enterprises. Liu and Yan (2021) believed that the digital economy allowed enterprises to divert slack resources such as unused human, social, and organizational capital into innovative activities, thereby alleviating some of the financing constraints of enterprises’ innovation activities.
The amount of research on the connection between the digital economy and green innovation has been far from adequate. Only a small number of studies have demonstrated a direct or indirect link between the digital economy and green innovation. For example, Ma and Zhu (2022) and Wang et al. (2022) recognized the linear relationship between digital economy and green innovation. They believed that the development of a digital economy significantly promoted green innovation, but other scholars pointed out that there was a nonlinear relationship between digital economy and green innovation. For example, Dou and Gao (2022) used provincial data as an example to illustrate the double-edged role of the digital economy on green innovation. Dai et al. (2022) also argued that with the development of a digital economy in China, its ability to promote green innovation would be stronger. In addition, some researchers worldwide examined digital technologies (Morello et al., 2016; Lu et al., 2021; Sharma et al., 2021; Firoiu et al., 2022; Khan et al., 2022; Li et al., 2022) and digitization (Martin et al., 2018; Umar et al., 2021; Abdulai, 2022; Ma and Zhu, 2022) to indirectly prove a positive link between the digital economy and green innovation (Table 1).
TABLE 1 | Worldwide indirect evidence on digital technology and green innovation.
[image: Table 1]Previous scholars have done a lot of work, but there are still some deficiencies. First, most studies were limited to the measurement of digital economy at the country and province level; analysis indicators of digital economy at the prefecture level have not been refined. Second, many studies around the world have directly or indirectly explained the important role of digital economy in green innovation, but most were based on the literature review method. There have been few empirical investigations of the connection between digital economy and green innovation. Third, although some scholars have analyzed the benefits of digital economy on resource allocation, only a few papers have been published on the impact of resource allocation efficiency on GTI.
The potential contributions of this study are as follows. Most studies only focused on the impact of the digital economy from the perspective of countries or provinces, while we have extended the research regarding the digital economy to prefecture-level cities. In addition, we linked the regional digital economy to data from enterprises showing their impact at the micro level. In this paper, we discussed digital economy, resource allocation, and GTI within a unified scheme. We utilized econometric models to examine the link between digital economy and GTI, and verified the mediating role of resource allocation efficiency. In other words, we explored the mechanism between the digital economy and GTI. These conclusions not only reveal the implications based on empirical evidence for the high-quality development of enterprises in China, but other countries that care for the environment can also draw inspiration from this study.
3 THEORIES AND HYPOTHESES
3.1 Digital economy development and GTI
3.1.1 Internet development and GTI
According to stakeholder theory, it is important for enterprises to address the demands of stakeholders, which helps to maximize the total economic and social wealth (Freeman, 1984). With the development of network information technology, stakeholders are paying more attention to the environmental policies of the enterprises. Their awareness of green products is gradually increasing, and they will be urging manufacturing enterprises to take responsibility for GTI. The Internet is characterized by a network effect (Paunov and Rollo, 2016), which lessens information asymmetry and promotes cross-organizational interactions between stakeholders and enterprises. All behavioral decisions will be transformed into visual depictions of the data and then presented to the public. In particular, the information about environmental governance and green production of enterprises will naturally receive more attention by stakeholders. Therefore, the external supervision pressure formed by environmental information disclosure and real-time cross-organization interactions will motivate enterprises to strengthen green transformation (Yetis-Larsson et al., 2015; Wang et al., 2022). In addition, stakeholder engagement facilitates the GTI through selecting clean materials, improving energy efficiency, and reducing toxic waste (Chen et al., 2017). Such co-development with stakeholders can also enable the integration of green elements and technical knowledge into the supply chain (Parmigiani et al., 2011). The Internet will help enterprises search for and analyze information about cutting-edge green technologies (Novikov, 2020) and reduce the transactional costs of searching, matching and negotiating. Enterprises can also collect data about consumers’ green preferences from the market, which will offer more possibilities for green innovation development (Xie et al., 2015). Finally, due to the high uncertainty of GTI, it is crucial for enterprises to access real-time data about the innovation process (Awan et al., 2021). By monitoring the entire process in real time via the Internet, manufacturing enterprises can enhance the effectiveness of GTI and reduce energy waste (Huang et al., 2019; Long and Li, 2021). Based on the preceding discussion, Hypothesis 1a was proposed:
Hypothesis 1a. (H1a). The internet development promotes GTI of manufacturing enterprises.
3.1.2 Digital finance development and green technology innovation
Compared with general innovation, GTI is characterized by long payback periods, poor capital liquidity, and high uncertainty risk (Cao et al., 2021; Wu et al., 2022). This means that GTI is often constrained by significant financing costs. In addition to the enterprise’s own funds or government financial subsidies, GTI needs to rely on the support of financial sectors (Wei et al., 2015). Financing is a core component of the technological innovation environment, but sometimes the finance supply is directly related to the development of technological innovation activities (Guo et al., 2020) and conventional financing has many deficiencies in matching capital allocation with technological innovation needs (Wei et al., 2015; Ji and Zhang, 2019). As an inclusive model, digital finance has strengthened its integration with information technology and with advantages such as wide coverage, low cost and high efficiency (Guo et al., 2020). On the one hand, digital finance broadens the potential sources of funds and increases the amount of financing. The long-tail group in the financial market is characterized by variety, smallness, and dispersion, and provides more new financing channels for enterprises (Gomber et al., 2018). Thus, digital financing can effectively reduce financing costs, drive enterprises to deleverage, solve the financing problems of green innovation, and promote the output of GTI (Cao et al., 2021). At the same time, digital finance can broadly diversify the risks of investment in GIT (Guo et al., 2020; Cao et al., 2021). Compared to traditional innovation, GIT often faces higher risks, and technological achievements may not be easily convertible into tangible economic benefits over the short term (Walsh, 2012; Cao et al., 2021). Digital finance effectively spreads the significant risks of GIT over a wider range by attracting dispersed investors (Cao et al., 2021). On the other hand, digital finance can optimize conventional financial services in depth, quality and efficiency (Awan et al., 2021). With the aid of digital technology, digital finance builds a data warehouse, breaks the boundary constraints of traditional financing, and corrects the mismatch between credit resources and green innovation projects (Gomber et al., 2017). In particular, in response to China’s call for green development, digital finance has promoted the development of many clean-energy industries, such as wind power and photovoltaic power generation. As a kind of green financing service (Cao et al., 2021), digital finance provides credit support precisely for the transformation of polluting industries. With adequate financing support, manufacturing enterprises are better motivated to promote GTI (Gomber et al., 2018; Wen et al., 2021). Based on the preceding discussion, Hypothesis 1b is proposed as follows:
Hypothesis 1b. (H1b): The digital finance development promotes GTI of manufacturing enterprises.
3.2 The mediating role of resource allocation efficiency
The resource-based theory posits that resources are valuable, scarce and inimitable, which play a fundamental role in competitive advantages of enterprises (Barney, 1986). Compared with traditional innovation activity, GTI requires more resources for high risk investments (Cao et al., 2021; Wu et al., 2022). However, because an enterprise is constrained by limited resources, only by improving allocation efficiency can it build a sustainable competitive advantage (Richey et al., 2005; Miao et al., 2017).
In fact, the asymmetry of resource supply and demand often leads to bounded rational allocation decisions, which make it difficult for enterprises to deal with market uncertainty (Li, 2014). The development of the digital economy can help enterprises tackle these difficult issues. First of all, the Internet accelerates the flow of resources among innovative entities, reduces flow costs and improves efficiency (Long and Li, 2021). In addition, the Internet allows companies to break the shackles of information transmission between producers and consumers. The cost of searching out information and the loss of efficiency caused by information asymmetry will also be decreased. This allows enterprises to make decisions more accurately. Moreover, according to the characteristics, preferences and potential needs of consumers, enterprises can adjust the cooperating partners in the industrial supply chain in a timely manner and reduce the resource consumption in circulation (Wang et al., 2018). Secondly, digital finance can optimize financial market flexibility and improve the efficiency of financial services. Increased development in the financial market will enable enterprises to obtain funds more quickly and equitably (Gomber et al., 2018).
Lastly, as an informative and digital tool of the modern financial system, digital finance directs more funds to high-efficiency activities by conducting frequent project evaluations. In pursuit of sustainability, free-flowing resources tend to flow into high-productivity activities. The Internet and digital finance technology allows precise decision-making, which will make allocation of scarce resources for innovation more efficient, including human capital, material assets, finances, and knowledge. Therefore, there will be more resources available for enterprises to carry out GTI and support high-quality innovation activities (Cao et al., 2021). Based on the preceding discussion, Hypothesis 2a and Hypothesis 2b are proposed as follows:
Hypothesis 2a. (H2a): The resource allocation efficiency plays a mediating role between Internet development and GTI of manufacturing enterprises.
Hypothesis 2b. (H2b): The resource allocation efficiency plays a mediating role between digital finance development and GTI of manufacturing enterprises.The conceptual framework of the research hypothesis has constructed, which is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Conceptual framework of the research hypothesis.
4 RESEARCH DESIGN
4.1 Sample and data collection
In this paper, manufacturing enterprises listed on the Shanghai and Shenzhen A-shares market in China were selected as research samples. Because of the lack of a digital finance index before 2011, the panel dataset was constructed from 2011 to 2018, which matched the enterprises’ business registration locations with prefecture-level cities. We carried out the following processes. First, the research sample was selected based on the manufacturing industry code in the 2012 edition of the China Securities Regulatory Commission (CSRC). Second, the data on green patents were based on the Green Patent Research Database (GPRD). The digital financial index was based on the Digital Financial Inclusion Index (2011–2018) compiled by Peking University. Third, the data on prefecture-level cities were obtained from the China City Statistical Yearbook. Lastly, data processing was carried out because some data were missing, namely Xinjiang, Tibet, Hainan and other cities were not included. Samples that were ST or delisted during the sample period were excluded, and samples with ambiguous data were removed. To reduce the effect of outliers, the continuous type data all trailed in the upper and lower 1% quantile. After this processing, a total of 9,958 panel datasets for 222 cities from 2011 to 2018 were formed.
4.2 Variable measurement
4.2.1 Dependent variable: green technology innovation of enterprises (Envrpat)
In previous studies, GTI was measured by R & D investment to reduce energy consumption (Song et al., 2020) and the number of green patents (Wang and Chu, 2019; Dou and Gao, 2022). Referring to Wang and Chu (2019), we used the number of green patent applications to measure GTI in this research. This method was chosen because green patents are the most intuitive and quantifiable reflection of an enterprise’s ability to innovate green technologies. They are beneficial for saving resources, improving energy efficiency, and controlling pollution. Preparing and processing patent applications is time-consuming, and the number of patent application is rather more time-sensitive than granted patents. Finally, in order to avoid the influence of ‘0’, the method of Xu and Cui (2020) was applied to measure green patent applications by adding 1 and taking the logarithm.
4.2.2 Independent variables
There is no unified method for the measurement of the regional digital economy, but the measurement methods of Zhao et al. (2020) are widely accepted. Referring to Zhao et al. (2020), this paper divided the digital economy into two dimensions, Internet development and digital finance development. The development of the digital economy cannot be separated from the progress of the Internet (Paunov and Rollo, 2016; Huang et al., 2019; Yang et al., 2021). Digital finance as a new digital transaction model is also closely related to the development of the digital economy (Fu and Huang, 2018; Guo et al., 2020). This indicator system takes full account of the demand for talent, business output, security of infrastructure and the development of digital finance. With the limited data available at the city level, the indicator system can accurately measure the digital economy development. The measurement of Internet development and digital financial development is shown below.
1) Internet development (Int) is measured by the Internet composite development index. Referring to Huang et al. (2019) and Dou and Gao (2022), from the perspective of internet application and output, we selected four indicators: Internet penetration (number of internet users per 100 people), Internet-related employees (percentage of software and computer service employees), Internet-related output (total telecommunication services per capita) and mobile Internet phone penetration (number of mobile phone users per 100 people). Then we standardized the data on the four indicators and conducted principal component analysis (PCA). The results showed that KMO was 0.748, which is >0.7, and Bartlett’s sphericity was 0, <0.05. In addition, according to the Kaiser rule, a principal component with an eigenvalue of 2.441 is >1. A variance contribution rate of 61.015% was extracted, which can represent most of the information.
2) Digital finance development (DIF) was measured by the digital financial inclusion index compiled by Peking University (Guo et al., 2020). Referring to Zhao et al. (2020) and Li et al. (2022), the index builds a digital financial inclusion indicator system with three dimensions, including the digital financial digitization degree, the digital financial usage depth and the digital financial coverage breadth. This includes a total of 33 specific indicators.
4.2.3 Mediating variable: resource allocation efficiency (TFPdis)
Resource allocation efficiency refers to the efficiency generated by the distribution of each input factor at a given level of technology (Hsieh and Klenow, 2009; Ezra Oberfield, 2013; Chris et al., 2015). More specifically, when an enterprise undertakes a project with specific requirements of capital and work force, the resource allocation efficiency indicates how enterprises should allocate these internal resources most efficiently.
At present, the measurements of resource allocation efficiency in academic circles is mainly based on productivity distribution (Hsieh and Klenow, 2009), additive rate heterogeneity (Oberfield, 2013), and total-factor productivity (Chris et al., 2015). The first two methods take industrial enterprises as research samples and involve industrial added-value data. Considering the characteristics of the research samples, we used productivity distribution to measure resource allocation efficiency of enterprises. It is worth nothing that the lower the dispersion of productivity distribution, the more efficient is the resource allocation. Referring to Chris et al. (2015), they measured productivity distribution by using the standard deviation of the enterprises’ total factor productivity within the same industry, that is TFPdis = sd (lnTFP). This paper used the method of OP to calculate the total factor productivity of enterprises (lnTFP). The advantages of the OP method (Olley and Pakes, 1996) lie in the fact that within the manufacturing sector, the market environment is largely the same, which makes the resource allocation efficiency dependent on the productivity of enterprises themselves. Also, the OP method considers the entry and exit of enterprises, and reflects the dynamic process of resource flow from low-productivity to high-productivity. To sum up, this method solves the endogeneity of TFP and production factors by structuring production functions. Its econometric model is shown below.
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where i and t denote the individual enterprise and year; Y is the sales revenue, measured by the main business income; and L is labor input, measured by the number of employees. K is the capital investment, measured by the net value of fixed assets and Age represents the age of the enterprise. Year and id are time and individual fixed effects, respectively, and ɛ is the residual term, including random interference factors that cannot be reflected in the function.
4.2.4 Control variables
In order to comprehensively analyze the impact of the regional digital economy on the GTI, the following control variables were selected in the regression model. (1) Corporate size (lnLabor), which was measured by the natural logarithm of the number of employee. Liu et al. (2022) pointed out that larger enterprises usually have greater innovative capacity. (2) Corporate age (lnAge), which was measured as the number of years passed since a listed enterprise was founded. Some studies have found that when firms have been around longer, they have a greater sense of innovation and the ability to innovate (Xie et al., 2015; Wen et al., 2021). (3) Government support (GS), used the logarithm of the current government funding in the internal expenditure of the enterprise funds, which can complement R & D activities (Wang and Chu, 2019). (4) Shareholding structure (HS), which was measured as the total shareholding ratio of the top five shareholders. The shareholding structure means that the shareholders have control over the business. Decisions within the business can be implemented more quickly (He et al., 2021). (5) Business growth (Growth) represents the profitability of the business, which was measured as the growth rate of the enterprise’s operating income (Wang and Chu, 2019; Dou and Gao, 2022). (6) Financial leverage (Lev) reflects the overall quality and liquidity of the business (He et al., 2021), which was measured as total debt divided by total assets. (7) R&D personnel (lnRDP), which was measured by the logarithm of the number of R&D personnel in the enterprise. (8) R&D intensity (lnRDsum), which was measured by the logarithm of the total R&D expenditure of the enterprise. R&D funding and R&D staff can improve technical equipment, reform processes and carry out innovation (Wei et al., 2015; Ji and Zhang, 2019).
4.3 Model specifications
4.3.1 Benchmark model
Multiple regression analysis is widely used in fields such as econometrics, ecology and finance (Dormann et al., 2013). Many studies often use a set of predictor variables to measure the response to a particular variable. In view of Wei et al. (2015) and He et al. (2021), multiple regression models have been used to measure the relationship between digital technology, venture capital, and green innovation. To test the relationship between regional digital economy and GTI, we constructed the following regression models (see model (1) and model (2)).
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where Envrpat is the dependent variable, representing the green technology innovation of enterprises. Int and DIF are independent variables, representing internet development and digital finance development. i represents individual enterprises, and t represents years. Control represents all control variables. In the models, we also control year fixed effects yeart. and individual fixed effects cpi. ɛ is random error term. α1, α2, β1 and β2 represent the coefficients, indicating the coefficient of internet development, digital finance development and control variables. α0 and β0 represent the model intercept terms.
4.3.2 Mediating effect model
Based on the previous theoretical analysis and variables setting, we used the method proposed by Baron and Kenny (1986) to test the moderating effect of TFPdis as follows:
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Here, x represents the Int and DIF independent variable and TFPdis represents the mediating variable. Control variables are the same as for the benchmark model.
5 EMPIRICAL RESULTS AND ANALYSIS
5.1 Descriptive statistics
Firstly, the average number of green patent applications of the samples was 0.398, which revealed that the GTI capability of manufacturing enterprises needed to be improved (Table 2). The standard deviation, maximum, and minimum are 0.343, 6.441 and 0, which indicate large difference in the GTI of manufacturing enterprises. Secondly, the average value of Int was 80.376, indicating an emphasis on internet construction, but due to the economic influence between different regions, there was a significant difference between maximum and minimum with respect to Int. Finally, the average value of DIF was 5.186, which proved that digital finance was at an initial stage. The kurtosis, skewness and JB values were also calculated for each variable (standard values of kurtosis and skewness are 0 and 3), and It can be seen that neither the kurtosis nor the skewness value of each variable in this study differed from the standard value by >1. This finding is similar to Zhang and Cai (2020), who reported that when the absolute difference in skewness was <1 and the absolute difference in kurtosis was <2, the distribution of the samples could still be considered normal. Moreover, referring to Azzalini and Valle (1996), Paul and Zhang (2010) and Mameli et al. (2012), when the samples had a skewed-normal distribution, it did not affect the subsequent empirical analysis.
TABLE 2 | Descriptive statistics.
[image: Table 2]5.2 Empirical results
5.2.1 Benchmark regression results
In a multiple regression model, we needed to perform a Hausman test first to determine whether a fixed effect or a random effect was chosen. If the Hausman test was significant, we chose a fixed effect, otherwise a random effect was chosen (Wei et al., 2015; He et al., 2021). Subsequently, we used Stata15 to test whether the coefficients on the independent variables were significant, which could be used to explain the changes in the dependent variable.
Models (1) and (2) were used to test the relationship between the digital economy (more specifically Internet and digital finance) and the GTI of manufacturing enterprises. The Hausman tests in models (1) and (2) were 21.81 and 21.11 respectively, which was significant at 1%. Therefore, we construct a time-to-individual fixed model to analyze the impact of Int and DIF on GTI. According to Table 3, the coefficients of Int and DIF were 0.015 and 0.513, and statistically significant at 1%. The results implied that both the Internet and digital finance could significantly promote GTI of manufacturing enterprises. Among these, the impact of DIF on GTI was stronger.
TABLE 3 | Mediating regression results.
[image: Table 3]One possible explanation is that manufacturing enterprises undertake high risks when they invest in green innovation (Wu et al., 2022). Although the Internet has reduced the cost of information collection and increased consumer attention to GTI, the value created by GTI is easily shared by others due to its loose property rights. Obtaining sufficient R & D funds is crucial for GTI, and this is difficult for enterprises themselves, and even with government financial help. That means that GTI has to rely on the support of the financial sector (Wei et al., 2015). Due to its advantages of wide coverage, low cost, and high efficiency (Guo et al., 2020), digital financing can broaden the sources of funds and effectively alleviate the financial constraints for GTI. In the external policy environment, digital financing can reduce information asymmetry, promote information sharing, and help financial institutions give more support to green projects. Therefore, compared with Internet development, digital finance has more significance for helping enterprises carry out GTI. Thus, H1 and H2 are verified.
5.2.2 Mediating regression results
Models (4), (5), and (6) were used to test the mediating role of resource allocation efficiency between the digital economy and GTI (Table 3). In columns 3 and 6, the coefficients of Int and DIF were −0.003 and −0.091, with significance at 1%, indicating that the Internet and digital finance have created a favorable environment for resource allocation. More specifically, the Internet can overcome space-time constraints and enhance the effectiveness of information sharing, while digital finance can increase the liquidity of resources, which improves the asymmetry of resource allocation. The coefficient of TFPdis in column (4) is −0.423 and significant at 1%, which indicates that resource allocation efficiency will promote GTI of enterprises. Combined with the results in columns (5) and (7), the coefficients of TFPdis are −0.403 and −0.410, and the coefficients of DIF and Int are 0.013 and 0.395, respectively. All coefficients are significant at 1%, which indicates that both Internet and digital finance can promote the green technological innovation capability by facilitating resource allocation efficiency. So H3 (a, b, c) are verified.
5.3 Robustness checks
We conducted the following robustness checks. First, we replaced the measurement of the dependent variable with the number of green patent applications of the listed enterprises (RatioEnvrpat) (Wang and Chu, 2019). The result is presented in column (1) of Table 4. Second, we excluded certain samples. Based on the 2012 “Industrial Transformation and Upgrading Plan” from the General Office of the State Council (PRC), we deleted the samples from 2011, and the results are shown in column 2 of Table 4. Lastly, concerning the omitted variables, we considered that regional factors also had an impact on enterprises’ GTI, so we added the regional industrial structure (RIS) to the benchmark model and the results are shown in column 3 of Table 4. Clearly, the positive relationship between digital economy and GTI is robust.
TABLE 4 | Robustness checks.
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This study may have the following endogeneity problems: (1) When innovation ability in a certain region is strong, it may pull digital economy development into that region. (2) There may also be individual selection bias. Manufacturing is a high-energy, resource-intensive industry, with a strong motivation for GTI. In order to solve the endogeneity problems, this paper adopted the instrumental variables for processing endogeneity. Referring to Huang et al. (2019), the number of landline telephones and post offices in history (1984) were selected for Int as instrumental variables. Internet development first began with the popularization of landline telephones, before which people’s information communication was mainly realized through the postal service. With the popularization of the Internet, the relationship that once existed between landline telephones as well as post offices and manufacturing technology innovation has been disappearing. In addition, because the selected instrumental variables contain cross-sectional data, they cannot be applied to the measurement of panel data directly. With reference to Nunn and Qian (2014), we constructed an interaction between the number of landlines and the number of post offices per 10,000 people (related to individual variation) in each city in 1984, and the number of national Internet users (related to time) in the previous year, respectively.
Since the Chinese digital finance index, DIF, is influenced by more than one hundred cities, the impact of one city is not significant. Therefore, drawing on Fu and Huang (2018), the ‘Bartik instrument’ (multiply by the first-order lagged digital finance index ∆DFt-1 and the first-order difference in time) was constructed as an instrumental variable. At the same time, considering the influence of geography on regional digital finance development, the interaction between the distance of a city to Hangzhou and the average level of national digital finance was selected as another instrumental variable.
In this paper, 2SLS regression was used to test for endogeneity, and the results are shown in Table 5. In the first-stage regression, the F-statistics are greater than 10, which indicates that there are no weak instrumental variables. Among them, the coefficients of the instrumental variables of Int are positive, indicating that there is a significant positive relationship between the number of landlines and post offices and regional Internet development. The coefficients of the ‘Bartik instrument’ were significantly positive, but the coefficients of the other were negative, which indicates that the greater the distance from Hangzhou, the more unfavorable the digital finance development in that region. In the second-stage regression, the Sargan test statistics were 0.377 and 1.611, corresponding to p values of 0.539 and 0.204, which supports acceptance of the original hypothesis and shows that there is no over-identification. These results suggest that the positive relationship between digital economy and GTI will not change.
TABLE 5 | Endogeneity tests.
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5.5.1 Heterogeneity of enterprise ownership
Differences in the nature of ownership will affect operation efficiency and business logic (Chen et al., 2017). Based on the nature of actual controllers calculated by the CSMAR, we divided all the enterprises into non-state-owned enterprises (non-SOEs) and state-owned enterprises (SOEs). Non-SOEs include private and foreign-funded enterprises, while SOEs included holding and wholly owned enterprises at the central, provincial and municipal levels. The regression results in Table 6 show that the coefficients of SOEs are not significant, while the coefficients of non-SOEs are significant at 1%. The results indicate that non-SOEs prefer to use the digital economy to promote GTI. Possible reasons include: (1) Int has reduced the asymmetry of information and achieved cross-organizational interactions between stakeholders and enterprises. As environmental pollution becomes more and more serious, it is urgently necessary for manufacturing enterprises to carry out green transformation. However, the actual decision-makers of SOEs are appointed by the government in China. Due to ownership by the state, they tend to adopt conservative investment strategies in production and operations (He et al., 2015). The decision-makers lack the power to use digital technology for green technological innovation. In contrast, the senior executives of non-SOEs have more influence, and their individual behavior converges with the goals of the enterprises. In the face of fierce competition for survival, non-SOEs have to speed up their use of the opportunities afforded by the digital economy. (2) GTI is an innovative activity that requires a considerable investment, and all enterprises need to provide sufficient financial support for it. SOEs are subject to more government intervention, but also enjoy more government policy bias in technological innovation. Meanwhile, under the government’s credit endorsement, they will receive extra care from banks and enjoy priority in credit resource allocation (Chen et al., 2017). On the contrary, the financing constraints of non-SOEs in GTI are more severe. They have to seize the opportunities of digital financing to alleviate the dilemma of lack of funds.
TABLE 6 | Heterogeneity of enterprise ownership.
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According to the guidelines for environmental information disclosure by the Ministry of Ecology and Environment of the People’s Republic of China in 2010, 16 industries including thermal power, steel and cement were classified as high-polluters. The rest are considered as non-high pollution industries. The results in Table 7 show that the coefficients of non-high pollution industries are not significant, while all coefficients of high-pollution industries are significant at 1%. The possible reasons for this are as follows: (1) Rapid Internet development breaks down the information barriers among enterprises, markets, and consumers. With more attention and supervision by stakeholders (He et al., 2021), the enterprises in high pollution industries are more motivated to seize the opportunities offered by the digital economy to upgrade the products and processes and improve their GTI capability. Moreover, the Internet provides a realistic path for highly polluting enterprises to explore green production, clean energy, green infrastructure and green services. (2) In 2007, the green-credit policy of China incorporated environmental information into the credit approval mechanism. This raised the threshold for loan financing for high pollution industries (Wen et al., 2021). Although highly polluting enterprises are willing to engage in GTI, they are often limited by resource constraints. As a new low-cost, multi-channel financing method, digital finance greatly reduces the financing pressure on enterprises. Highly polluting enterprises are more motivated to use digital finance to get social capital, which benefits the green transformation. For non-high pollution industries, enterprises have been given more preferential treatment in terms of green credits. Therefore, in order to respond to environmental demands and alleviate cost pressures, the high-pollution industries have stronger motivations to carry out GTI with digital economy.
TABLE 7 | Heterogeneity of industrial pollution level.
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In recent years, the ‘Matthew effect’ has appeared in China’s regional economic development, which indicates that there are gaps in capital, talents, and R & D level in different regions (Qu et al., 2022). Therefore, according to geographical location, we divided the area into central, western, and eastern regions. The regression results in Table 8 show that Int has significantly promoted GTI in all regions at 1% significance. DIF was significant at the level of 10% in the central and western region, but at a level of 1% in the eastern region. The possible explanations are as follows: (1) The Internet development between different regions has been narrowed in China. As early as 2013, the government of China added a statement that the “National Internet backbone directly points” to the central and western regions, which accelerated the construction of Internet infrastructure. At present, there is no obvious difference between the regions with regard to Internet development, which may explain why the Internet development of all regions significantly promoted GTI at the level of 1%. (2) Compared with the central and western regions, the eastern region has unique geographical advantages, including advanced technology resources and capital accumulation. The eastern region has surpassed the central and western regions in digital financial development, civil society capital activity and operation efficiency (Wu et al., 2022). These advantages have created an external environment for manufacturing enterprises to carry out GTI. However, in the central and western region, digital finance development is relatively backward. For example, due to the emphasis on economic growth, local governments are more likely to weaken environmental regulations to attract investment. Under loose environmental policies, enterprises are also more inclined to reduce investment in environmental protection. In the worst case, they may accelerate their own development at the expense of the environment; therefore, enterprises in the central and western regions, may have lower motivations to carry out GTI.
TABLE 8 | Heterogeneity of regional development level.
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6.1 Conclusions
This paper aimed to study the impact of the digital economy (Internet and digital finance development) on GTI of manufacturing enterprises. The data was collected from listed Chinese manufacturing enterprises and 222 prefecture-level cities from 2011 to 2018. The main conclusions are that both Internet and digital finance development are conducive to enhancement of GTI for manufacturing enterprises. This conclusion is similar to those of Martin et al. (2018) and Wang et al. (2022), who found that the digital level of a region could benefit the green innovation of enterprises. Moreover, we found that resource allocation efficiency played a mediating role in the digital economy and GTI. In other words, the digital economy not only affected GTI directly, but also had an indirect impact on GTI through resource allocation efficiency. Lastly, we conducted a further heterogeneity analysis. On the one hand, compared with low-pollution industries (or SOEs), the digital economy has a greater impact on the GTI of high-pollution industries (or non-SOEs). On the other hand, although different regions develop differently, the GTI of manufacturing enterprises is significantly affected by Internet development. Compared with developing regions, however, the GTI of manufacturing enterprises in developed regions can benefit more quickly from digital finance.
6.2 Implications
The above conclusion lead to the following implications:
1) Manufacturing enterprises should make full use of the opportunities offered by the digital economy to achieve green transformations. Manufacturing enterprises should actively utilize the development of the Internet and other digital technologies, specifically by building an Internet platform and accelerating the integration of GTI and Internet development. External innovation subjects can become better connected, such as through environmental protection agencies, research institutes and other stakeholders in the supply chain. In addition, local governments should encourage financial banks and other institutions to invest in GTI. For example, insurers are encouraged to develop green insurance businesses that can support GTI, which is beneficial for overcoming the financial constraints of manufacturing enterprises and increasing their motivation to do research on green innovations.
2) Manufacturing enterprises have to focus on rational resource allocation, which can help more innovation resources flow into green transformation. On the one hand, with the support of digital infrastructure, manufacturing enterprises can make better use of the intelligence, automation and customization of resource allocation in the process of GTI. Manufacturing enterprises should not only invest resources in GTI, but also pay more attention to improvement of resource allocation through digital technology. On the other hand, manufacturing enterprises should strengthen and refine their use of digital finance, build a modern information database, and upgrade the project evaluation system.
3) The government needs to formulate policies for different enterprises to better carry out GTI. First, based on the heterogeneity of ownership, environmental policies should be differentiated for different enterprises. Due to the lack of supervision, green transformation should be added to performance appraisals in SOEs. For non-SOEs, governments should provide more support to ensure that funding and talents are sufficient for GTI. Second, a unified environmental policy cannot reasonably reflect the environmental governance of different industries. The low-pollution industries are dominated by the innovation compensation effect, which indicates that sufficient material incentives can promote GTI. Therefore, the government should improve the innovation incentive mechanism. For high-pollution industries, the government should establish an efficient cost-sharing mechanism, which will motivate them to invest more for GTI. Third, the government should adjust environmental policies in different regions based on their unique socioeconomic development level. Specifically, in developing regions, the government should carry out digital infrastructure development, which can support and motivate enterprises to upgrade equipment and phase out backward capacity. In order to truly achieve green transformation, the government should also introduce advanced talents to developing regions. In developed regions, the government should fully grasp the historical opportunities, seek progress in a stable manner, and make long-term efforts to solve the difficulties and problems in green transformation. The government has to strengthen its position and take a leading role in demonstrating and exploring the effective modes of GTI.
6.3 Limitations and future research
Some limitations arising from this study provide further research directions. First, the research sample was selected from China. Future studies should include global samples to expand the applicability of the results. Secondly, the digital economy is a complex system that continuously evolves with the development of new digital technology. The indicators of the digital economy need to be further refined. Third, the measurement of GTI should be studied in greater depth. Although the numbers of green patent applications are often used to measure GTI, the information conveyed by the number of patents is limited. Further research can consider the process of GTI, such as the quality of green patents. Finally, several unexplored avenues between the digital economy on GTI await investigation. This paper considers the role of resource allocation efficiency between digital economy and GTI. But this avenue may not be the only one. Further research may comprehensively study the enterprise dynamic capabilities, financial constraints etc.
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