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Firms’ green R&D and innovation directly impact the national economy’s green and high-quality development. However, data resources play a significant role in altering traditional development models and promoting sustainable economic growth. Government data openness (GDO) offers a vital opportunity for the widespread transmission of data value. Existing literature has not yet examined whether GDO can intrinsically affect the green R&D and innovation of micro-level firms. In this study, we examine the impact of GDO on corporate green innovation using data from A-share industrial listed companies in China spanning 2007–2022 and employing the difference-in-differences (DID) method. The results indicate that GDO significantly promotes corporate green innovation. Mechanism tests reveal that GDO fosters corporate green innovation through channels such as enhancing corporate risk-taking, alleviating financing constraints, and optimizing the business environment. Further examination shows that improvements in the quality of GDO significantly enhance corporate green innovation. Moreover, the green effect of GDO is comprehensive and does not vary with the classification of green innovation types. According to the heterogeneity analysis, when management’s green cognition is higher, the firm is younger, environmental regulations are more stringent, and intellectual property is less protected, the green effect of GDO is more noticeable. This paper provides insights for promoting high-quality GDO, advancing green innovation and development in emerging market countries.
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1 INTRODUCTION
Following 45 years of rapid growth, China’s social productivity has significantly increased. In 1978, China’s GDP was less than 370 billion RMB, whereas by 2023, it has surpassed 120 trillion RMB, growing at an average annual rate close to double digits. However, it is worth noting that China’s progress has historically been accompanied by an extensive development model. Throughout this process, China has experienced considerable environmental degradation as a trade-off for development (Wang et al., 2022). Therefore, this development model is difficult to sustain in the long term in China and has significant drawbacks. In response to the challenges posed by environmental pollution on various aspects of China, China’s government has moved quickly to realign the economy in a sustainable and green direction (Lin and Ma, 2022; Feng et al., 2023). Specifically, the Chinese government has not only made solemn commitments to achieve dual carbon targets—carbon peaking and carbon neutrality—but has also repeatedly emphasized that development should adhere to the theories of “innovation, coordination, green, openness, and sharing” in numerous major domestic meetings and reports. Additionally, the government has called for the establishment of a modern environmental governance system, the promotion of green consumption, the coordination of industrial structure adjustments, and the acceleration of green transformation in development methods. In prior studies, green innovation, noted for its dual beneficial externalities of technology diffusion and sustainable development (Feng et al., 2023), has been widely regarded as an effective path to achieving green economic development (Lin and Ma, 2022). The adoption of green innovation can integrate environmental technologies into corporate production processes, product design, and organizational operations, reducing unnecessary production inputs and optimizing emissions, thereby ensuring that companies align with the green concept in their operations (Xie et al., 2024). Thus, in China’s green development path, how to encourage the quick and efficient growth of green innovation is a crucial strategic concern.
Meanwhile, with continuous technological advancements, the digital economy has gained significant development opportunities worldwide (Ma and Zhu, 2022). The Chinese government places great importance on the long-term development and planning of the digital economy and regards it as a key driver for transforming the internal structure of the economy. As a new type of production factor, data is an indispensable strategic resource for driving the sustained advancement of the digital economy. The government of China, in the “Opinions of the Central Committee of the Communist Party of China and the State Council on Improving the Market Allocation Mechanism of Production Factors,” has, for the first time, equated data elements with traditional factors such as land, labor, capital, and technology. Subsequently, follow-up policy documents emphasize leveraging the advantage of massive data scales, unlocking the potential of data elements, optimizing and expanding the digital economy, and strengthening the development of new drivers of economic growth. However, the government is the largest holder and creator of data in society (Dawes, 2012). Government data encompasses a broad range of areas, including production data such as geographical, energy, and resource exploration; market data such as population, consumption, and industry; and administrative service data such as fiscal, judicial, and credit services (Tan et al., 2022; Peng, 2023). These data resources span numerous fields and, with the endorsement of the government, possess high quality (Attard et al., 2015). This high-quality data can accelerate the formation of new production relations compatible with data elements across society, thereby creating new development prospects for the digital economy. Consequently, a significant body of literature in previous studies has discussed the potential impacts of releasing vast amounts of internal government data. Some research has pointed out that government data openness (GDO) increases government transparency, assists public supervision of government operations and decisions, and strengthens accountability (Kassen, 2013; Yan et al., 2023). GDO stimulates social entities’ enthusiasm, encouraging them to integrate, evaluate, and leverage government data for their own development. Ultimately, this promotes innovation, supports the emergence of novel goods and services, and produces significant economic and social benefits (Yan et al., 2023; Zhou et al., 2023). It is evident that GDO has a significant value creation effect. Against the backdrop of China’s commitment to green and sustainable development, can GDO also impart positive value to green innovation? If this impact is present, through what mechanisms does GDO influence corporate green innovation? Discussing the aforementioned issues can not only expand our understanding of the green effect of GDO but also provide valuable insights for the long-term advancement of the green economy in China and other emerging markets.
Shanghai took the lead in 2012 by launching a GDO platform at the provincial level. In the following years, the government released the “Action Plan for Promoting Big Data Development,” which called for accelerating government data openness and sharing, promoting resource integration, fostering industrial innovation and development, and supporting economic transformation. This marked the beginning of the nationwide launch of local GDO platforms. It is noteworthy that the launch of these platforms across various regions in China did not occur simultaneously but rather in different years. In this setting, the economic consequences of the openness of government data could be explored in a quasi-natural experiment. According to statistics, by 2022, 25 provincial-level GDO platforms (including provinces, autonomous regions, and municipalities) have been launched in China.
We examine the potential green effect of GDO by analyzing local governments launching open data platforms. According to the results, GDO significantly encourages green innovation in corporations. According to mechanism tests, GDO fosters corporate green innovation through channels such as enhancing corporate risk-taking, alleviating financing constraints, and optimizing the business environment. Further tests indicate that improvements in the quality of GDO significantly enhance corporate green innovation. Moreover, the green effect of GDO is comprehensive and does not vary with the classification of green innovation types. Based on the heterogeneity analysis, the green effect of GDO is more pronounced when management’s green cognition is higher, firm age is lower, environmental regulations are stricter, and intellectual property protection is weaker. The logic of this paper is illustrated below (Figure 1):
[image: Figure 1]FIGURE 1 | Research logic diagram.
Our research makes marginal contributions in the four aspects:
First, this study broadens the scope of the discussion on the economic consequences of GDO. Previous research has primarily examined the value creation of GDO in areas such as public participation in decision-making and corporate performance (Kassen, 2013; Jetzek et al., 2014; Zhou et al., 2023). However, in the macro context of green and sustainable development, no research has concentrated on the green effect of GDO, especially at the level of corporate green innovation. By integrating GDO and corporate green innovation into a unified framework, this study addresses the limitations of previous research and provides the first empirical evidence that government data elements can effectively promote the greening of micro-level entities. At the same time, unlike previous studies based on market big data, this paper highlights the green value of government data elements with a public nature. It also enhances the understanding of the green effect of GDO among stakeholders such as governments, corporate management, and investors, providing empirical support for broader data openness initiatives. In addition, this paper employs the fixed-effects Poisson model, as recommended by existing studies (Campbell and Mau, 2021; Wang et al., 2023a; Gao et al., 2024), which is more suitable for count variables such as patent data. This approach enhances the precision of evaluating the green effects of GDO and strengthens the robustness of the study’s conclusions.
Second, we further investigate the mechanism through which GDO influences corporate green innovation. The findings indicate that enhancing corporate risk-taking, alleviating financing constraints, and optimizing the business environment are key channels through which GDO exerts its green effect. This conclusion unpacks the “black box” of how GDO’s green effect is realized, revealing the specific transmission mechanism by which government data elements drive the greening of micro-level entities. It also expands the theoretical framework of the existing literature. Furthermore, it provides guidance for policymakers to refine data openness policies, maximizing the spread of GDO’s green effect. Finally, in the discussion of mechanisms, this paper incorporates Schumpeter’s Entrepreneurship Theory, Resource Dependence Theory, and Transaction Cost Theory as key theoretical foundations. The findings of this study further validate the explanatory power of these theories within the context of discussing the green effect of GDO. Moreover, the results expand their theoretical applicability and enrich our understanding of their practical application scenarios.
Third, this paper offers a fresh viewpoint on how to promote corporate green innovation. Prior studies have found that various factors at the corporate level, such as executives’ green experiences and corporate digital transformation, as well as external factors like environmental taxes, influence corporate green innovation (Zhang and Zhang, 2023; Liu et al., 2023; Wang et al., 2023b). Nevertheless, there is no research investigating the potential impact of government data resource supplementation on corporate green innovation from the perspective of GDO. Therefore, our research not only fills the gap in the literature regarding the influence of GDO on corporate green innovation but also provides new perspectives and approaches to promoting the greening of micro-level entities. Furthermore, it offers important insights for advancing green development strategies in China and other emerging market economies.
Fourth, this paper examines the dynamic variations in the green impact of GDO across diverse governance scenarios. We investigate whether firm age, managerial green cognition, environmental regulations, and intellectual property protection influence the green impact of GDO. This analysis helps systematically explore the contextual conditions that influence GDO’s green effect and encourages both firms and governments to actively adjust their decision-making. This includes preventing corporate path dependence, emphasizing the cultivation of green awareness among management, and continuing to strengthen external environmental regulations to enhance the green enabling role of GDO.
2 LITERATURE RESEARCH AND DEVELOPMENT OF HYPOTHESES
2.1 Literature review
2.1.1 Research on open government data
Many scholars believe that GDO is crucial to a country’s social and economic development (Zhao and Fan, 2021). As a result, this topic has attracted considerable attention and discussion in the academic community. Current research on GDO mainly focuses on its influencing factors and the resultant effects.
From the perspective of influencing factors, first, GDO is not simply a matter of relevant government departments releasing public data. It involves data characteristics, data standards, data storage, data usage, and the protection of personal privacy, all of which directly affect the smooth implementation of GDO (Martin et al., 2013; Conradie and Choenni, 2014; Yang et al., 2015). These requirements necessitate strong technical capabilities from the government. Second, the openness of administrative culture, as well as the consideration of innovation and risk within government culture, also influence the execution of GDO projects (Zhao and Fan, 2021). Next, financial resources are also crucial when considering government data openness. Insufficient or non-prioritized funding arrangements can directly impede the effective progress of government data openness initiatives (Weerakkody et al., 2017). Additionally, a robust legal framework is essential to ensure the steady implementation of GDO (Zhao and Fan, 2021). In addition to the aforementioned factors, external environmental factors such as competition among local governments, various coercive pressures, and normative pressures can also affect the implementation of GDO (Grimmelikhuijsen and Feeney, 2017).
From an effectiveness perspective, numerous studies have found that GDO has extensive positive effects. Specifically, at the government level, data openness can enhance the transparency of government departments by releasing public information, thereby increasing public participation in the process of government decision-making (Kassen, 2013; Yan et al., 2023). At the corporate level, GDO provides various types of public information, such as commercial and educational data, which can be collected and utilized by companies to clarify their development directions and enhance their economic value (Magalhaes and Roseira, 2020; Zhou et al., 2023). For instance, Finnish companies have leveraged publicly available government information to boost their annual revenue by hundreds of millions of euros (Leviäkangas and Molarius, 2020). Additionally, GDO has been proven to reduce information asymmetry in the market, thereby lowering corporate debt costs (Xing et al., 2024). Moreover, GDO can spur corporate innovation (Jetzek et al., 2014) and enhance total factor productivity (Peng, 2023).
2.1.2 Research on corporate green innovation
Corporate green innovation is an effective method for promoting a green development path for companies and addressing environmental pollution issues (Liu et al., 2023). Consequently, the development of corporate green innovation has long garnered sustained attention from the academic community. In exploring the factors influencing green innovation, extensive studies have focused on both internal and external perspectives of firms.
From an internal perspective, scholars have focused on various factors such as executive characteristics, information disclosure, and operational strategies. Specifically, research has shown that CEOs with green experience can enhance a company’s green management practices and reduce its debt ratio, thereby promoting green technological innovation (Zhang and Zhang, 2023). Additionally, overconfident executives are more likely to embrace challenges, which boosts corporate green innovation levels (Zhou et al., 2022). From the viewpoint of information disclosure, environmental information disclosure and corporate social responsibility reports can influence firms through signaling, thereby promoting green R&D activities and increasing green output (Ren et al., 2023; Lu and Li, 2023). Additionally, digital transformation in enterprises will continuously enhance green innovation output by reducing resource input and costs (Liu et al., 2023).
From an external perspective, existing research primarily based on the Porter Hypothesis explores the impact of heterogeneous environmental regulations on firms’ green R&D and output. Some studies have pointed out that environmental taxes restrict corporate green innovation by suppressing cash flow and financing levels (Wang et al., 2023b). Other researchers have investigated the effects of carbon emission trading and found that it significantly inhibits corporate green innovation through channels such as rising carbon trading prices and decreased R&D investment (Zhang et al., 2022). Additionally, some researchers have discovered that command-and-control environmental regulations significantly promote corporate green innovation (Zhang et al., 2020). Liu et al. (2021) focused on environmental protection laws and found that their implementation effectively promotes corporate green innovation, with a more pronounced effect on state-owned enterprises. From the perspective of voluntary environmental regulations, some studies have found that corporate environmental management system certification significantly promotes corporate green innovation (Su et al., 2022).
Overall, despite extensive prior research, no studies have examined whether GDO influences corporate green R&D activities and subsequently affects their green innovation outputs. Similarly, existing literature on GDO has discussed its influencing factors and economic consequences, but a large portion of this research remains qualitative in nature. In practice, questions such as whether companies effectively utilize open data in their green innovation and development, whether data openness has fully alleviated information asymmetry among market participants, and whether the value creation of GDO has a green effect all await empirical verification. We seek to offer a marginal contribution by discussing the potential effects of GDO on corporate green decision-making.
2.2 Research hypothesis development
In the digital era, data elements have become crucial strategic resources for enhancing the current level of socio-economic development. Effectively improving the quality of data elements, accelerating their flow, and fully leveraging their value creation effects in economic development are pressing issues that need to be addressed. The government is often viewed as the largest holder of data resources in the socio-economic domain (Dawes, 2012). Consequently, the openness of government data will provide a substantial increase in data elements, accelerating their flow across various sectors of society. During this process, the public, businesses, and intermediaries can collect, organize, analyze, and utilize the open data, extracting potential economic and social value. It is foreseeable that the openness and circulation of government data will not only help alleviate friction among market participants and improve corporate operations and development but also reduce public institutional friction, strengthen public oversight and accountability, and thereby enhance administrative efficiency, judicial protection, and resource allocation (Peng, 2023; Kassen, 2013). Thus, the theoretical logic of how GDO influences corporate green innovation is as follows.
First, according to Schumpeter’s Entrepreneurship Theory, firms inevitably face various risks and uncertainties during the innovation process, such as slower-than-expected R&D progress internally and external market risks (Schumpeter, 2013). Compared to general innovation, however, green innovation activities are inherently more complex. These activities require firms not only to create and integrate knowledge across multiple dimensions—such as green product design, circular production, and pollution treatment—within their organizations but also to acquire cross-disciplinary knowledge and achieve technological integration (Wang et al., 2023a; Strambach, 2017). Therefore, when firms engage in green R&D and other innovation activities, they must possess the capability to bear risks. Corporate risk-taking requires firms to have sufficient reserves of resources to manage risks (Fazzari et al., 1987; Almeida and Campello, 2007). The resources required for risk-taking include funding, technology, product sales, and operations. Consequently, if a company has low operational and managerial capabilities and weak technological levels, its risk resources supply will naturally be affected, leading to the failure of risky projects such as green innovation. GDO can effectively enhance a company’s risk-taking ability and level, thereby promoting corporate green innovation. With GDO, companies can conveniently access local public data through API interfaces. The types of open data include more than ten categories, such as credit services, market regulation, economic development, fiscal and financial affairs, trade and commerce, and other datasets. By analyzing and utilizing extensive public big data, firms can better grasp national policy orientations, track trends in raw material and product markets, and understand consumer preferences, thereby significantly enhancing their demand forecasting, product design, pricing, inventory management, and supply chain management (Chen et al., 2020). In addition, integrating and analyzing open data in areas such as credit services, trade and commerce, and geospatial information can help firms identify potential business partners, select optimal locations for factories and warehouses, and optimize business objectives (Peng, 2023; Ghasemaghaei and Calic, 2019; 2020), thereby improving overall business management capabilities. From a research and development (R&D) perspective, GDO has further dismantled “information silos” and “information barriers,” allowing diverse and rich open data to flow into firms as new production factors. This influx facilitates the recombination of internal production factors, breaking traditional knowledge innovation models and supplementing firms with high-quality innovation resources, thereby enhancing their intrinsic R&D capabilities (Schumpeter, 2013; Yan et al., 2023). Furthermore, collecting and processing large volumes of public information—such as data on technological innovation, fiscal and financial affairs, and resource and energy sectors—can assist firms in obtaining price information and optimization strategies related to green innovation investments, thereby improving their ability to control green innovation costs. On this basis, incorporating additional data related to economic development and trade and commerce can help firms identify and predict potential market risks in green innovation and R&D processes, allowing them to prepare risk mitigation plans in advance, thereby enhancing their risk-taking capacity and level. Overall, in the context of the country’s strong promotion of corporate green transformation, GDO can enhance a company’s risk-taking ability and level in multiple ways, thereby continuously improving corporate green innovation.
Second, according to the Resource Dependence Theory, a firm’s survival and development depend not only on its internal resources and capabilities but also on its ability to acquire critical resources from the external environment (Pfeffer and Salancik, 2015). The exploration of eco-friendly technologies is a challenging and relatively complex process (Nambisan et al., 2017), involving the optimization of various stages such as production, technology application, and management processes (Kuratko et al., 2014). Therefore, sufficient funding is crucial for the orderly implementation of green R&D activities. GDO can help firms secure additional external funding, ease financing constraints, and thereby promote their green innovation and development. On one hand, data elements serve as the underlying foundation of digital finance. The GDO leads to the influx of significant incremental data resources into the market. This influx helps guide traditional financial institutions to combine new-generation information technologies, extracting economic value from these high-quality, government-endorsed data resources. For instance, leveraging data related to economic development, trade and commerce, and credit services allows these institutions to deliver intelligent and efficient online financial services. This process not only promotes the growth of the digital finance industry but also enhances the convenience of corporate financing. On the other hand, the opening up of large volumes of data helps alleviate information asymmetry between enterprises and financial institutions. According to the theory of information asymmetry, there is often an information gap between borrowers and financial institutions. Financial institutions frequently face difficulties in adequately assessing borrowers’ creditworthiness and business development levels, which can lead to moral hazard (Stiglitz and Weiss, 1981). The incremental data released by the government across categories such as credit services, enterprise services, and fiscal and financial matters provides existing financial institutions with high-quality Supplementary Data on the corporate background. This enriched data enables financial institutions to comprehensively understand a company’s operational status, creditworthiness, and developmental trajectory. This reduces information asymmetry between companies and financial institutions, lowering risk expectations (Xing et al., 2024), thereby allowing for more targeted and diversified corporate financing solutions. Taking Shanghai as an example, as of June 2022, 11 financial institutions had accessed nearly 680,000 records of government procurement data through the Shanghai Government Data Open Platform. These records were used to verify contract transaction data related to corporate clients’ participation in government procurement activities, thereby facilitating the development of “government procurement loan” financial services. Additionally, the incremental data elements also enhance the identification capabilities and efficiency of green credit allocation, ensuring that financial institutions’ green funds genuinely flow to green industries and substantial green innovation projects. Next, institutional investors typically possess strong data analysis capabilities and have their own advanced algorithms and models (Beraja et al., 2023). By integrating the rich data made available by the government, they can effectively identify the operations, strategies, and future investment potential of firms. Consequently, institutional investors can facilitate funding for firms that truly align with the national green development strategy, exhibit strong green innovation capabilities, and hold significant growth potential by increasing their stock holdings in the capital market, while requiring only a low risk premium.
Third, according to transaction cost theory, firms incur certain costs to complete transactions or activities in market economies (Coase, 2012). In this study, institutional transaction costs arise during interactions between firms and governments. These costs may include complex administrative regulations, lengthy approval processes, and opaque policies, all of which can hinder firms’ business operations or R&D activities. Such institutional burdens may impose resource constraints and, in turn, affect firms’ willingness, cost management, and innovation efficiency when engaging in green R&D activities. Accordingly, previous research has found that a high-quality business environment not only directly influences local economic growth but also significantly impacts corporate innovation performance (Chen et al., 2024). A transparent and stable business environment helps eliminate institutional barriers, reduce transaction costs, and enhance resource allocation efficiency, thereby directly affecting the efficiency and mode of R&D activities, such as green technological innovation. GDO can improve the business environment, thereby enhancing corporate green innovation. First, GDO provides various sectors of society with a wealth of data and information about government activities, which to some extent enhances the transparency of government daily activities and operational processes (Park and Gil-Garcia, 2022). This helps enterprises fully understand the administrative logic, approval processes, and policy directions of the government and encourages them to align their own business processes and green innovation models with the governmental institutional framework, thereby reducing transaction costs and boosting their own development and green innovation efficiency. Moreover, increased government transparency means that the management and decision-making processes of the government are subject to widespread public oversight. This helps to strengthen the accountability mechanisms of the public toward the government (Yan et al., 2023), encouraging the introduction of policies that support green innovation projects, reduce unfair competition, optimize resource allocation, and promote green and low-carbon development. Additionally, it fosters government initiatives to streamline administration, reform the approval system, and enhance administrative efficiency. Not only does the opening of government data facilitate one-way public oversight, but it also creates a scenario of bidirectional use (Peng, 2023). On the one hand, the public uses the data for production and operations; on the other hand, the government requires feedback on the utilization results from the public. This leads to governance innovation and enhances policy efficiency and stability. For example, the United States released the Federal Data Strategy 2020 Action Plan with the aim of effectively leveraging the dual role of the federal government as both a data provider and user.
Consequently, this paper proposes the hypothesis:
Hypothesis 1. GDO will promote corporate green innovation.
Hypothesis 1a. GDO will enhance corporate risk-taking levels, thereby promoting corporate green innovation.
Hypothesis 1b. GDO will ease financing constraints, thereby promoting corporate green innovation.
Hypothesis 1c. GDO will improve the business environment, thereby promoting corporate green innovation.
3 RESEARCH DESIGN
3.1 Sample and data
Considering that environmental pollution mainly originates from the industrial sector and that Shanghai launched the first government data open platform in 2012, this paper limits the sample period to 2007 to 2022, using Chinese publicly listed industrial companies as the research subjects. Based on previous research, we screened the sample by excluding financial companies and companies with special statuses, and we removed companies with missing data for relevant variables. Ultimately, this study includes 30,030 company-year observations. The green patent data used in this study were manually classified and organized from the public system of the China National Intellectual Property Administration and the “IPC Green Inventory” of the World Intellectual Property Organization. Additionally, the remaining data were sourced from the CSMAR and CNRDS databases.
3.2 Selection and definition of variables
3.2.1 Measuring green innovation
Following the method of Liu et al. (2023), we used the number of green patent applications collected to reflect the level of corporate green innovation (GI). Specifically, we matched the stock codes of sample companies with data from the national patent system and then identified whether the patents were green patents based on the World Intellectual Property Organization’s “IPC Green Inventory.” Through this process, we manually collected the annual green patent data for each target company.
3.2.2 Measuring GDO
The successive launch of data open platforms by local governments provided an ideal quasi-natural experimental environment for this study. Therefore, we set GDO as a dummy variable (OPEN). If the GDO platform is launched in the province, autonomous region, or municipality where the sample company is located, OPEN is given a value of 1; otherwise, it is set to 0. As of 2022, 25 GDO platforms have been launched (see Table 1).
TABLE 1 | Summary of GDO platform launches.
[image: Table 1]3.2.3 Control variables
According to prior studies (Ren et al., 2021; Liu et al., 2023), we controlled for a set of influencing factors: firm size (SIZE), financial leverage (LEV), return on assets (ROA), sales growth rate (SGR), cash ratio (CASH), firm age (AGE), CEO duality (DUAL), institutional ownership (INST), independent director ratio (IDR), board size (BSIZE), economic level (GDP), education level (EDU), population size (POP). For detailed definitions of these variables, see Supplementary Appendix A.
3.3 Model setting
To test our hypotheses, we will use Equation 1, which is shown as follows:
[image: image]
The outcome variable GI indicates the level of green innovation, while the predictor variable OPEN signifies the degree of GDO (OPEN equals Treati × Postt, representing the interaction between whether a firm is located in a platform rollout region and the timing of the GDO platform’s launch). CONTROLS encompasses all selected control variables, with u and v representing time and individual fixed effects, respectively, and ε denoting the random disturbance term. Given that the number of green patent applications used in this study is a non-negative discrete random variable, using a linear model estimation approach might lead to estimation bias (Campbell and Mau, 2021). Therefore, following other studies (Wang et al., 2023a; Gao et al., 2024), we adopt the fixed-effects Poisson model as the baseline model1.
4 EMPIRICAL RESULTS
4.1 Descriptive statistics
As shown in Table 2, the mean value of green innovation (GI) is 2.898, indicating that there is still significant room for growth in firms’ green technology R&D capabilities. The standard deviation (sd) of 23.16 indicates substantial differences among firms. The mean value of government data openness (OPEN) is 0.482, suggesting that 48.2% of the sample firms are located in provinces that have established GDO platforms. The descriptive statistics for other variables align with real-world conditions and will not be elaborated further here.
TABLE 2 | Descriptive statistics.
[image: Table 2]4.2 Baseline results
Table 3 presents the regression results of the green effect of GDO. In the table, we display results using both fixed effects Poisson regression and conventional linear regression. Comparison shows that regardless of the regression model used or whether control variables are included, the coefficient of OPEN remains significant at the 1% level, indicating that GDO has a green effect and can significantly promote corporate green innovation activities and output. These results support Hypothesis 1, indicating that GDO significantly enhances firms’ green innovation levels.
TABLE 3 | The impact of GDO on green innovation.
[image: Table 3]4.3 Robustness checks
To ensure that the conclusions of this study are not influenced by other factors, we employed the following methods: parallel trends test, a placebo test, consideration of lagged effects, replacement of the sample period, changes in clustering methods, and exclusion of policy interference.
4.3.1 Parallel trend test
Since this study utilizes exogenous shocks, it must also satisfy the parallel trend assumption. Therefore, we further examine whether the trends in green innovation levels were consistent between regions that implemented GDO platforms and those that did not, prior to the implementation. Based on model (1) and drawing on the event study methodology, we use a dynamic DID approach to analyze the changes in green innovation trends among firms before the introduction of GDO. We construct the following variables: Before3, Before2, and Before1 represent the 3 years, 2 years, and 1 year before the launch of GDO platforms, respectively, in the regions that implemented them. Current, After1, After2, After3, and After4 represent the year of launch, 1 year after, 2 years after, 3 years after, and four or more years after the launch, respectively. To avoid multicollinearity issues, this paper uses variables representing the 4 years and beyond before the official launch of government data open platforms in the respective regions (Before4) as a reference baseline and removes it. The final results, as shown in Table 4, indicate that before the launch of the data open platforms by local governments, there were no significant differences in green R&D output among firms in different regions. However, after the launch, the levels of green innovation significantly increased.
TABLE 4 | Parallel trend test results.
[image: Table 4]4.3.2 Placebo test
To ensure that the green effect of GDO is not random, this paper also conducts a placebo test. First, we randomly generate new treatment and control groups and repeat this process in 1,000 regressions. Then, we plot the kernel density of the regression coefficients from all these regressions.
The graph depicted in Figure 2, based on 1,000 regressions, shows that the coefficients are primarily concentrated around zero and approximate a normal distribution. These results indicate that the randomly assigned placebo GDO variables do not significantly affect firms’ green innovation.
[image: Figure 2]FIGURE 2 | 1,000 placebo tests.
4.3.3 Considering the hysteresis of the effect
Considering that the green effect of GDO may have some lag, we re-estimated the model by setting the dependent variable to t+1. In column (1) of Table 5, we can see that the coefficient of OPEN is 0.164, which remains positive and passes the significance test, confirming the robustness of our conclusion.
TABLE 5 | Regression results considering the lag of effect and replacement sample interval.
[image: Table 5]4.3.4 Replacement sample interval
We re-estimate the model using sample data from 2009 to 2019. This approach is intended to avoid potential interference from major events such as global economic fluctuations and the pandemic. The regression outcome in column (2) of Table 5 indicate that our findings are not affected by these events and are reliable.
4.3.5 Alternative clustering method
We re-estimate the model using various clustering methods: at the industry level, province level, time-industry level, time-province level, industry-province level, firm-industry level, firm-province level, and firm-time level. The findings presented in columns (1) through (8) of Table 6 indicate that the green effect of GDO remains consistent across these different clustering methods.
TABLE 6 | Regression results of alternative clustering methods.
[image: Table 6]4.3.6 Eliminating policy interference
To account for the potential impact of various policies during the sample period, we conduct additional analyses excluding the effects of these policies. First, China released the “Pilot Program for the Openness of Public Information Resources” in January 2018, designating Beijing, Shanghai, Zhejiang, Fujian, and Guizhou as pilot areas. To exclude the potential impact of this policy, we remove samples from 2018 onwards. Second, China issued the “Interim Measures for the Management of National Smart City Pilot Projects” in 2012, which promoted the construction of smart cities and the flow of data elements, with Shanghai achieving the best pilot results. Therefore, we exclude samples from firms located in Shanghai. Third, to implement the “Action Outline for Promoting the Development of Big Data” issued by the State Council, China established the first national-level big data comprehensive pilot area in Guizhou Province, significantly promoting the integration and flow of data resources in Guizhou. Thus, we exclude samples from firms located in Guizhou. The findings, presented in Table 7, indicate that after excluding the interference from these policies, our conclusions remain robust.
TABLE 7 | Regression results excluding potential interference.
[image: Table 7]4.3.7 Addressing omitted variable bias
This study may still face concerns regarding omitted variable bias. For instance, to promote firms’ green transition, the government has implemented various measures, such as levying pollution discharge fees, introducing environmental taxes, and offering environmental subsidies. Additionally, firms’ R&D investment decisions may also influence their level of green innovation. Therefore, to rule out potential confounding effects, we proceed to further control for the aforementioned factors. First, in 2018, China transitioned from collecting pollution discharge fees to implementing an environmental protection tax. Following the methodology of Li et al. (2024), we construct the variable PDEF to measure the green fees paid by firms. Before 2018, green fees refer to pollution discharge fees, while for 2018 and subsequent years, they refer to environmental protection taxes. Second, drawing on the approach of Han et al. (2024), we identify firms’ receipt of environmental subsidies from the notes to their annual reports and construct the variable GES. Finally, we construct the variable RD to reflect firms’ R&D investment. All these variables are standardized by firms’ operating revenue. The results in Column (4) of Table 7 indicate that after accounting for these factors, the conclusions of this paper remain robust.
5 POTENTIAL MECHANISM ANALYSIS
In discussing Hypothesis 1, we propose that GDO enhances firms’ green innovation levels through pathways such as increasing firms’ risk-taking, alleviating financing constraints, and optimizing the regional business environment. The commonly used method for testing mediation mechanisms is the stepwise regression method, which, despite being well-developed, still faces considerable debate regarding its endogeneity issues. To address this problem and verify whether the proposed mechanisms hold, we follow the method of Jiang and Luo (2022) for the mediation mechanism test, focusing only on examining the impact of the explanatory variable on the mechanism variables.
5.1 Enterprise risk-taking mechanism
To verify the existence of the corporate risk-taking mechanism, we use the volatility of corporate earnings to reflect the firm’s risk-taking (RISK) (Boubakri et al., 2013). Specifically, we use 5-year observation periods to calculate the risk levels of firms over different periods. Next, we test the firm risk-taking mechanism, with the results shown in Table 8. In column (1), we see that the coefficient of the variable OPEN is 0.002 and passes the significance test. This finding suggests that GDO increases firms’ risk-taking levels. Therefore, Hypothesis 1a, which posits the existence of a firm risk-taking mechanism, is supported.
TABLE 8 | Regression results of mechanism testing.
[image: Table 8]5.2 Enterprise financing constraint mechanism
To analyze whether the financing constraint mechanism exists, we use COD and ICC to reflect the cost of capital for firms and indicate whether firms have sufficient funding. First, following the approach of previous scholars (Shi et al., 2022; Chen et al., 2023), we constructed indicators for the cost of debt financing (COD) and the cost of equity financing (ICC). Next, we used these indicators to test for the existence of a financing constraint mechanism. Columns (2) and (3) of Table 8 present the test outcomes, revealing that the coefficients of OPEN are −0.001 and −0.004, both markedly negative. This indicates that GDO indeed reduces information asymmetry, enhances the efficiency of green capital flow, and facilitates firms’ access to funding, thereby supporting green R&D activities and increasing green R&D output. Therefore, Hypothesis 1b, which posits the existence of a financing constraint mechanism, is supported.
5.3 Business environment mechanism
To verify whether the business environment mechanism exists, this paper adopts the approach by Xin et al. (2023) and uses the overall index of the provincial-level marketization index of China to measure the business environment (BE)2 in which firms operate. This index fully considers the legal environment, market maturity, government-business relations, and the development of intermediary organizations within the region, providing a comprehensive reflection of the regional business environment. We then test the business environment mechanism. The findings are presented in Table 8. In column (4), OPEN is 0.271 and passes the significance test, indicating that GDO significantly improves the regional business environment. Thus, Hypothesis 1c, which posits the existence of the business environment mechanism, is supported. Specifically, GDO enhances the business environment, thereby promoting firms’ green innovation.
6 FURTHER ANALYSIS
6.1 Quality inspection of GDO
In the previous section, we used a multi-period DID approach to investigate the green effect of GDO. However, we did not explore whether the specific quality of GDO affects firms’ green innovation. Therefore, following the methodology of Peng (2023), we replace the original explanatory variable with the comprehensive index from the China Open Data Index. This index, evaluated at the provincial level, professionally assesses the data openness of local governments in China, effectively reflecting the richness and quality of the data released by these governments. It is the first high-quality assessment index in the field of data openness in China. As demonstrated in column (1) of Table 9, after changing the measurement method, the GDO indicator remains significantly positive, suggesting that higher quality GDO also brings a stronger green effect to enterprises.
TABLE 9 | Regression results of GDO quality and green innovation classification.
[image: Table 9]6.2 Enterprise green innovation classification test
Green innovation can be categorized into different types. One type involves greater R&D challenges and requires more resources. The other type has lower technological content, easier R&D processes, and requires fewer resources. Their primary function is to meet government and market demands. Thus, we categorize patents into green inventions and utility models. The results are shown in Table 9, columns (2) and (3). When the dependent variable is Gpatent_invest, the GDO indicator is significantly positive. When the dependent variable is Gpatent_unity, the significance and sign of the GDO indicator remain unchanged. These results indicate that the green effect of GDO does not disappear with changes in the type of green innovation. In other words, the green effect of GDO is comprehensive and effectively promote the green and sustainable development of enterprises.
6.3 Heterogeneity analysis
6.3.1 Heterogeneity of management’s green cognition
Managerial green cognition refers to managers’ knowledge and understanding of how green development strategies can provide long-term competitiveness to firms. Given the high-risk and long-cycle characteristics of green R&D activities, managers lacking green cognition often focus on short-term benefits, such as job stability and personal reputation, while avoiding risky activities (Hoskisson et al., 2002). Therefore, under the context of GDO, the heterogeneity in managerial green cognition may directly influence their recognition and grasp of strategic opportunities, subsequently affecting the utilization of rich public data, including production materials, product markets, government services, and socio-economic statistics, in green innovation activities. We use text analysis to measure managerial cognition. Specifically, we analyze the annual reports of listed companies, extracting the frequency of green and environmental-related keywords to measure managerial green cognition (EEC)3. We then perform a grouped regression based on the industry-year median frequency of these keywords. As shown in columns (1) and (2) of Table 10, in the group with higher managerial green cognition, the coefficient of OPEN is 0.260 and passes the significance test. In the group with lower green cognition, the coefficient of OPEN is 0.102, which is not statistically significant. These findings suggest that managerial green cognition significantly affects their recognition and utilization of the strategic opportunity presented by GDO. Managers with higher green cognition are better able to leverage this opportunity to enhance firms’ green innovation levels.
TABLE 10 | Regression results of management green cognition heterogeneity and enterprise age heterogeneity.
[image: Table 10]6.3.2 Heterogeneity of firm age
The age of a firm often reflects its stage of development, exhibiting heterogeneous operational and management characteristics. Compared to mature firms, younger firms typically have fewer resources, such as capital and information, and their business models and systems are less developed. Conversely, younger firms tend to have lower path dependence, are more open to new ideas, and exhibit greater flexibility in management and decision-making (Shimizu and Hitt, 2005; Naldi and Davidsson, 2014). Therefore, younger firms may be more proactive in seizing the strategic opportunity presented by GDO. Consequently, the extent of the green effect of GDO may vary depending on the age of the firm.
To explore this, we first grouped companies by the median age within the same province, as shown in columns (3) and (4) of Table 10. When the firms are younger, the coefficient of OPEN is 0.258 and passes the significance test. For older firms, the coefficient of OPEN is 0.059 and does not pass the significance test. This indicates that the green effect of GDO is more pronounced in younger companies. This indicates, on one hand, that younger firms may place greater emphasis on this important opportunity provided by GDO, and on the other hand, due to their limited resources and capabilities, the value creation effect of GDO is more apparent for these younger firms.
6.3.3 Heterogeneity of environmental regulation
Due to its non-excludability, non-rivalry, and the negative externalities of pollution, environmental protection faces market failure. Environmental regulation effectively internalizes environmental costs, encouraging firms to assume environmental protection responsibilities. Leiter et al. (2011) argue that increased government environmental regulation significantly influences firms’ investment decisions, promoting green development. Consequently, varying intensities of environmental regulation may directly affect firms’ environmental pressures, leading to differentiated responses and performance when faced with GDO. Referring to previous research, we measure environmental regulation intensity (ER) by the ratio of regional industrial pollution control investment to the value-added of the secondary industry. We then use the annual median of this indicator for grouping. The findings are presented in columns (1) and (2) of Table 11. The coefficients of OPEN are 0.207 and 0.223, significant in the first group but not in the second group. These findings suggest that firms under greater environmental pressure are more likely to prioritize green transformation. They are more inclined to leverage advantageous factors, including GDO, to accelerate green R&D and innovation, thereby promoting green transformation.
TABLE 11 | Regression results of environmental regulation heterogeneity and intellectual property protection heterogeneity.
[image: Table 11]6.3.4 Heterogeneity of intellectual property protection
Firm innovation often entails high investment, high risk, positive externalities, and low imitation costs. Thus, the absence of intellectual property protection may lead to a mismatch between the costs and benefits of innovation for innovative firms, dampening their enthusiasm for R&D and subsequently inhibiting sustained innovation (Ang et al., 2014). In other words, strong intellectual property protection, which provides exclusivity, can help innovative firms secure monopoly profits, thereby incentivizing sustained innovation output (Sampat and Williams, 2019). According to the earlier discussion, GDO facilitates the flow of internal government activity data and information to society, enhancing government transparency (Park and Gil-Garcia, 2022). This transparency helps strengthen public and corporate oversight and accountability of the government (Yan et al., 2023), leading to improved administrative efficiency, a better regional business environment, and reduced unfair competition such as innovation imitation.
Therefore, it can be inferred that in regions with lower levels of intellectual property protection, the green effect of GDO is more pronounced. Following Tang and Liu (2024), we use an index that reflects the status of intellectual property protection in the region from the “National Intellectual Property Development Report” published by the National Intellectual Property Administration, divided by 100, as an indicator of regional intellectual property protection levels (IPP). We then perform a grouped regression based on the annual median. The findings are displayed in columns (3) and (4) of Table 11. When local government protection of intellectual property is inadequate, the coefficient of OPEN is 0.430 and is significant. When the local government emphasizes the production and dissemination of knowledge and prioritizes intellectual property protection, the coefficient of OPEN is 0.058 and does not pass the significance test. The aforementioned findings suggest that the green effect of GDO is significant only in regions with weaker intellectual property protection, fully supporting the theoretical expectations.
7 CONCLUSION AND IMPLICATIONS
Currently, the Chinese government is attempting to transform the traditional development model, placing high importance on the digital economy and viewing data elements as key to enhancing new drivers of economic growth. Thus, whether GDO, as an important measure, can stimulate the role of data elements and promote a green transition and sustainable development of the economy is a vital issue worth attention.
Based on this, we examine the potential green effect of GDO. The findings reveal that GDO significantly promotes corporate green innovation. Mechanism tests reveal that GDO fosters corporate green innovation through channels such as enhancing corporate risk-taking, alleviating financing constraints, and optimizing the business environment. Further tests indicate that improvements in the quality of GDO significantly enhance corporate green innovation. Moreover, the green effect of GDO is comprehensive and does not vary with the classification of green innovation types. The heterogeneity analysis indicates that the green effect of GDO is more pronounced when management’s green cognition is higher, firm age is lower, environmental regulations are stricter, and intellectual property protection is weaker.
The findings of this study hold significant reference value. First, within the strategic framework of national green transformation and innovative development, the government should continue to uphold and expand GDO. At the same time, the government should further enhance the quality of open data, broaden the scope of data accessibility, and ensure the standardization of data. These efforts would improve the ease of use of open data for various societal actors, thereby maximizing the positive green effect of GDO on firms and promoting sustainable economic growth. Second, in the process of driving firm-level transitions, it is not only essential for the government to consistently promote GDO policies but also to intensify environmental regulations to exert institutional pressure on firms. This dual-policy approach would foster coordinated governance and accelerate the green transformation of firms. Third, firms should focus on the green enabling role of GDO and consider it a vital pathway for advancing their green transformation. At the same time, firms need to further strengthen their digitalization capabilities and enhance their proficiency in big data collection and analysis. These efforts can facilitate the efficient integration of internal and external data, thereby maximizing the empowering effects of GDO on firm development. Furthermore, firms should emphasize candidates’ green cognition during the selection of managerial personnel, as such cognition may directly influence the extent to which firms recognize and leverage the green effect of GDO in their green development. Fourth, established firms should be wary of potential path dependence issues. Therefore, in their green transformation, established firms should pay attention to critical external opportunities, such as the introduction of GDO policies, and boldly break away from traditional development paths. They should actively embrace new pathways of development in the digital era, restructure their business and management processes with an information-driven approach, and ultimately leverage high-quality government data to enhance the efficiency of their transformation. Meanwhile, as younger firms tend to adapt to new developments more rapidly, they should take a leading role in utilizing government data, seize strategic opportunities to accelerate the empowering effects of GDO, and drive their intelligent and green transformation.
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