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Environmental pollution is a significant constraint on the sustainable development of manufacturing companies, while digital transformation has been proven to be an effective method for companies’ environmental governance. Government environmental information disclosure (GEID), as a crucial information governance tool, enhances the collaborative environmental governance capabilities of both government and external stakeholders of companies. Logically, this indicates that by emphasizing environmental regulation, GEID can promote corporate digital transformation. This study empirically analyzes the impact of GEID on the digital transformation of companies, using a sample of Chinese A-share listed manufacturing companies. The results indicate that higher local GEID levels significantly boost the digital transformation of manufacturing companies in the region, with a one-point increase in GEID resulting in a 0.31% rise in the degree of digital transformation. This conclusion remains robust across various endogeneity and robustness tests. Further analysis reveals that GEID primarily promotes digital transformation through mechanisms such as fostering companies’ green development strategies and green innovation, increasing R&D expenditure, and reducing financing constraints. Additionally, the study finds that the impact of GEID on digital transformation is especially significant in firms with poor environmental performance, low fixed asset ratios, non-state-owned enterprises, and during the post-2015 period. Despite heavy assets typically being seen as a barrier to digital transformation in heavily polluting industries, GEID still significantly promotes the digital transformation of asset-intensive enterprises. This study not only provides a new perspective on understanding the impact of GEID on corporate digital transformation but also offers empirical evidence for policymakers and corporate managers, thereby aiding enterprises in achieving sustainable development goals.
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1 INTRODUCTION
Digital transformation aims to enhance entities by leveraging information, computing, communication, and connectivity technologies, significantly impacting production, operations, and governance (Vial, 2019). For corporate environmental governance, digital transformation allows for more effective data collection and analysis, addressing resource waste, pollutant emissions, and customer preferences, ultimately optimizing resource allocation. Previous studies demonstrate that digital transformation fosters progress in green innovation (Martínez Falcó et al., 2024), pollution reduction (Zhao et al., 2024), environmental supply chain sustainability (Sarkis et al., 2021), energy efficiency, resource management (Kunkel and Matthess, 2020), energy transition (Stermieri et al., 2023), total factor productivity (Cheng et al., 2025), and overall environmental performance (Chen and Hao, 2022).
High energy consumption and emissions are prominent features of production processes (Zhang and Cheng, 2009), leading to environmental degradation and inhibiting green energy consumption (Qing et al., 2024). To address these challenges, technical change has emerged as a crucial approach for environmental governance and low-carbon transformation (Jiang et al., 2023). Despite this, the process of technological change is often impeded by market failures (Jaffe et al., 2005). Therefore, alongside technological governance, countries are focusing on environmental regulatory policies. These policies aim to design appropriate regulatory frameworks that incentivize innovation, thereby overcoming market failures and achieving a win-win outcome for both the environment and the economy (Porter and Van der Linde, 1995). However, traditional command-and-control environmental regulations lack flexibility and incur high administrative costs, leading to inefficiencies (Hahn and Stavins, 1991). Governmental disclosure of environmental supervision information, as an information-based tool, enhances public and investor access to corporate environmental data, increasing external pressure and fostering collaborative governance between stakeholders and the government. This approach has gained widespread attention and is central to global environmental initiatives (Attard et al., 2015). Moreover, the integration of information technology with environmental regulation, exemplified by smart city developments, has been shown to improve green economic efficiency (Chen et al., 2024).
On the other hand, pollutant emissions from the manufacturing industry constitute a significant portion of total emissions, particularly in China. According to the China Emission Accounts and Datasets (CEADs), national CO2 emissions in 2021 totaled 10,356.3 million tons, with the manufacturing sector contributing 3,482.2 million tons, accounting for 33.62% of the total emissions. The China Environmental Statistics Yearbook (2023) reports that in 2022, total sulfur dioxide emissions were 2.43 million tons, with manufacturing responsible for 1.23 million tons, constituting 50.62% of the total emissions. Additionally, total nitrogen oxide emissions were 8.95 million tons, with the manufacturing sector contributing 2.13 million tons, representing 23.80% of the total emissions. Given these figures, exploring the potential for government environmental information disclosure (GEID) to drive digital transformation in manufacturing enterprises is essential, as it could play a pivotal role in reducing emissions and enhancing environmental governance.
Existing research on digital transformation of companies primarily focuses on its economic and social outcomes. The driving and constraining factors of digital transformation are largely categorized into internal and external influences. Internal factors include elements such as effective corporate strategy (Mahmood et al., 2019), management commitment to digital transformation (Ko et al., 2022), digital human resources and knowledge management (Gilch and Sieweke, 2021), financial resources (Chwiłkowska-Kubala et al., 2023), asset intensity (Buck et al., 2023), and data security (Tsiavos et al., 2021). On the external side, industry characteristics (Bohnsack et al., 2018), customers and suppliers (Kraus et al., 2021), digital infrastructure (Borangiu et al., 2019), and government support policies (Bilal et al., 2024) are significant influencers. Despite these insights, there is a notable gap in the literature regarding the impact of GEID on digital transformation. This study seeks to address this gap, marking the first exploration of how GEID influences digital transformation processes in companies.
This study investigates the impact of GEID on the digital transformation of manufacturing companies, utilizing a sample of A-share listed manufacturing firms in China. The findings reveal that higher levels of local GEID are associated with greater degrees of digital transformation among manufacturing companies within those regions. To ensure the reliability of the research conclusions, this study employs local government fiscal transparency and the average level of GEID disclosure by other cities within the same province as instrumental variables to address endogeneity issues. Additionally, robustness checks were conducted by using alternative dependent variables and excluding samples from developed regions such as Beijing, Shanghai, Guangzhou, and Shenzhen, among others. The aforementioned conclusions remain consistent.
Further mechanism analysis reveals that GEID promotes the development of companies’ green strategy, increases R&D expenditure, and reduces financing constraints, thereby facilitating digital transformation. Considering that different enterprises face distinct opportunities and constraints, their processes of digital transformation exhibit heterogeneity (Ohlert et al., 2022). Therefore, we further conducted a heterogeneity analysis. The results indicate that the effect of GEID on promoting digital transformation is particularly significant in companies with poor environmental performance, low fixed asset ratios, non-state-owned companies, and since the initiation of the “Digital China” strategy in 2015. Moreover, this study finds that although the overall effect of GEID on promoting digital transformation is significant in heavily polluting industries, it is relatively weaker compared to non-heavily polluting industries. This is attributed to the higher fixed asset ratios in heavily polluting industries, which increase the difficulty of digital transformation. However, within heavily polluting industries, the effect of GEID on the digital transformation of asset-intensive companies remains stronger than in non-heavily polluting industries.
The potential contributions of our study are as follows: First, this study is the first to analyze the external drivers influencing corporate digital transformation from the perspective of government information disclosure. Existing research on the internal and external drivers or constraints of digital transformation has rarely addressed institutional factors at the government level (Jones et al., 2021; Nadkarni and Prügl, 2021). While Bilal et al. (2024) have initiated exploration into the role of government support policies, our study examines the impact of GEID as an external regulatory institutional factor on corporate digital transformation. This approach enriches the theoretical framework for understanding the drivers of digital transformation within the institutional contexts of varying intensities of government intervention.
Second, this study pioneers the exploration into how governmental environmental information governance impacts corporate digital transformation, filling a critical gap concerning the impact of GEID on aspects at the corporate level that are not directly related to green governance. Existing studies have primarily focused on areas directly related to environmental governance, such as environmental performance (Lin et al., 2021),total factor energy efficiency (Cheng et al., 2025), corporate location decisions (Lu and Li, 2020), and green innovation (Xu et al., 2024). However, given that environmental regulatory policies have the potential to fundamentally transform a country’s energy and economic structure, it is imperative to evaluate these policies from a comprehensive, economy-wide perspective (Jiang et al., 2024). This study specifically expands the scope of research on the economic consequences of GEID at the corporate level.
Third, this study reveals the heterogeneous effects of GEID on company digital transformation, particularly highlighting the differences in environmental pressures at both the individual company level and the industry level. This aspect of the research enhances our understanding of the mechanisms behind GEID and provides theoretical support and empirical evidence for more targeted policy formulation. This contribution not only broadens the depth of existing research but also offers important references for environmental governance and corporate management practices.
The structure of this study is as follows: The first section is the introduction, the second section covers theoretical analysis and research hypotheses, the third section details the research design, the fourth section presents the research results, and the final section provides the conclusion.
2 THEORETICAL ANALYSIS AND RESEARCH HYPOTHESES
The disclosure of government environmental information essentially enables environmental regulatory agencies to timely acquire data on pollutant emissions from companies identified as pollution sources, and to monitor, analyze, assess, and disclose this information. To meet these requirements, companies must invest in digital pollutant emission monitoring systems. For instance, China’s “Measures for the Disclosure of Environmental Information (Trial)” which came into effect in 2008, mandates that environmental regulatory agencies proactively disclose certain governmental environmental information within their jurisdiction. This includes information on environmental quality status, environmental statistics and survey data, and the list of enterprises with pollutant emissions exceeding national or local standards or local government-assigned total emission control quotas. The “Measures for the Disclosure of Environmental Information (Trial)” also stipulates that environmental information subject to proactive disclosure should be made public within 20 working days from the date of its formation or alteration. Therefore, the GEID requires environmental regulatory agencies to timely collect data on pollutant emissions, particularly from enterprises, and process and publish this information. Such timely collection and publication of pollutant information are challenging without the use of online environmental monitoring systems and other information and communication technologies (ICT) (Schlæger and Zhou, 2019). In fact, ICT itself is a significant driver for local governments to carry out environmental governance information (Mol, 2009). Furthermore, the ICT nature of GEID imposes digital transformation requirements on the polluting companies, demanding the collection of real-time data on production and emissions for monitoring, analysis, and processing by regulatory agencies, thus promoting the companies’ digital transformation. In reality, the driving forces behind company digital transformation can also stem from external stakeholders (Jones et al., 2021). For example, Hanelt et al. (2021) found that consumers are increasingly incorporating technology into their daily routines and personal interactions, which drives the need for communication between consumers and companies and, consequently, promotes the digital transformation of companies.
The disclosure of government environmental information plays a pivotal role in fostering the development of company green strategy and subsequently encourages companies to leverage digital transformation for environmental governance. Corporate governance refers to the institutional arrangements designed to determine and control the strategic direction and performance of organizations, with the core objective being to ensure the effectiveness of strategic management (Davis et al., 1997). External stakeholders can participate in corporate governance through various institutional mechanisms (Hillman and Dalziel, 2003). As an information-based instrument, GEID empowers the public, investors, and other stakeholders to access data on corporate pollutant emissions and environmental governance practices. This transparency facilitates stakeholder collaboration in environmental governance, thereby intensifying external pressure on corporate environmental management (Attard et al., 2015). Given the issue of government-enterprise collusion in environmental governance (Wang et al., 2024), the role of information-based instruments in mobilizing stakeholder participation becomes particularly crucial. For example, Li et al. (2024) found that public participation in monitoring can effectively deter local governments and enterprises from colluding, which significantly increases the level of effort both parties invest in the green transition.
Therefore, The legitimacy pressure exerted by stakeholders directly influences corporate governance and the formulation of green development strategies (Gago and Antolin, 2004), which, in turn, prompts companies to invest in digital transformation for enhanced environmental governance. For instance, Fan et al. (2024) found that rising public environmental concern significantly influences the advancement of corporate digital transformation. Therefore, the collaborative environmental governance driven by the disclosure of government environmental information advances the construction of company green strategy and, consequently, promotes digital transformation.
The disclosure of government environmental information also helps to alleviate company financing constraints, which is a critical factor influencing digital transformation (Chwiłkowska-Kubala et al., 2023) and environmental governance. For example, Chen and Li (2023) found that when funding assistance does not exceed a certain threshold, companies tend to prefer green funding assistance. This is because the emission reduction efficiency and profits of enterprises receiving green funding are higher than those of enterprises investing in green technology alone. By reducing information asymmetry between companies and capital providers, the disclosure can effectively lower the investment risk for capital providers, reduce the required risk premium, and consequently decrease company financing costs and constraints (Fazzari et al., 1987). Existing research indicates that the disclosure of corporate environmental information can reduce information asymmetry between investors and companies, thereby lowering financing costs, including both debt (Raimo et al., 2021) and equity (Fonseka et al., 2019). Thus, the financing advantages brought about by GEID facilitate the capital investment needed for digital transformation, thereby supporting companies in their digitalization efforts.
The disclosure of government environmental information also promotes company research and development (R&D) innovation, which is a crucial factor ensuring the success of digital transformation (Gilch and Sieweke, 2021). As previously mentioned, the disclosure reduces information asymmetry between companies and external stakeholders, thereby increasing the cost of rent-seeking by exposing the behaviors of local governments and polluters. Both governmental regulatory actions and company pollution activities become more susceptible to public scrutiny. Considering that green and technological innovations have significantly improved resource and energy efficiency (Yang et al., 2024), the context of governmental environmental information disclosure further incentivizes companies to invest in R&D to enhance their pollution control capabilities and stimulate product innovation, rather than resorting to collusion with government entities. This strategy mitigates the potential negative impacts of environmental regulations on corporate environmental performance, consistent with the Porter Hypothesis, which posits that stringent environmental regulations can drive innovation, yielding both economic and environmental benefits (Porter and Van der Linde, 1995). Moreover, Brown and Martinsson (2019) indicate that information transparency encourages R&D innovation activities within companies. As a result, firms are more likely to achieve digital transformation through innovation, thereby fulfilling environmental regulatory requirements. Based on the above analysis, this study proposes Research Hypothesis 1.
Hypothesis 1. Higher levels of environmental information disclosure by local governments promote the digital transformation of local manufacturing companies.
Psychological research indicates that negative information has a greater impact on humans than positive information and is more likely to elicit emotional responses. These bias leads society to focus more intently on and scrutinize negative information (Baumeister et al., 2001). In the context of corporate environmental information disclosure, most companies are eager to present themselves as “green”, “sustainable”, or “socially responsible” by making overly positive and optimistic corporate social responsibility (CSR) disclosures, while failures, setbacks, and mistakes are usually withheld (Jahn and Brühl, 2019). In contrast, local governments, driven by the need to meet stakeholder demands, are more willing than enterprises to disclose negative environmental information about companies, such as details on environmental emergencies (Li et al., 2017). Consequently, GEID amplifies the environmental pressures on companies with poor environmental performance.
Legitimacy theory posits that corporate actions and decisions must conform to societal, cultural, and legal norms to gain social acceptance and support (Suchman, 1995). As concerns about environmental pollution and carbon dioxide emissions have grown globally, environmental regulations have become increasingly stringent. Companies with poor environmental performance face mounting regulatory pressures from governments, society, and other stakeholders. This pressure compels companies to adopt environmental governance measures to comply with environmental regulations, achieve legitimacy, and avoid fines and litigation. Digital technologies such as the Internet of Things (IoT), big data analytics, and artificial intelligence (AI) can monitor and analyze resource usage in real-time during production processes. By optimizing production flows and improving resource utilization efficiency, companies can significantly reduce energy consumption and waste emissions (Porter and Heppelmann, 2014), thereby enhancing corporate environmental performance (Chen and Hao, 2022). Therefore, we hypothesize that the effect of GEID on promoting digital transformation is particularly pronounced in companies with poor environmental performance. Based on this reasoning, we propose Research Hypothesis 2:
Hypothesis 2. The effect of local government environmental information disclosure in promoting the digital transformation of manufacturing companies is especially significant for those with poor environmental performance.
Asset-intensive enterprises possess long-lived and high-cost fixed assets, making them typically difficult to adjust and retrofit (Wang, 2018; Woodward, 1997). Their digital transformation involves complex production equipment and processes, which require higher technical, investment, and safety considerations (Gao et al., 2019). Buck et al. (2023) conducted interviews with elite informants at seven leading asset-intensive companies in the Australian mining industry and found that the digital transformation progress of asset-intensive companies lags significantly behind that of asset-light ones.
Moreover, company digital transformation usually encompasses both process digital transformation and product and service digital transformation (Duraivelu, 2022). The product and service digital transformation typically demands lower technical and investment costs; hence it often precedes process digital transformation in manufacturing companies (Blichfeldt and Faullant, 2021). Additionally, asset-intensive enterprises rarely interact directly with end consumers, face a limited number of clients, and possess relatively stable organizational structures (Gebauer et al., 2020). They focus more on competitive production processes, further delaying their overall digital transformation progress.
Although, as previously mentioned, GEID aids in promoting company digital transformation, its impact varies significantly between asset-light and asset-intensive enterprises. The costs, risks, and technical challenges associated with digital transformation are particularly burdensome for asset-intensive companies, which can inhibit the positive effects of GEID on their transformation efforts. In contrast, asset-light enterprises are better positioned to leverage the impetus provided by such disclosures. Based on this reasoning, we propose Research Hypothesis 3.
Hypothesis 3. The effect of local government environmental information disclosure in promoting the digital transformation of manufacturing companies is especially significant for asset-light ones.
Due to differences in property relations between state-owned companies (SOEs) and non-state-owned ones (non-SOEs) with the government, there exists a problem of selective enforcement by environmental regulatory agencies. This leads to varying levels of environmental pressure on SOEs and non-SOEs under similar conditions. For instance, Chen et al. (2011) found that the China Securities Regulatory Commission (CSRC) considers whether companies violating the rules have a state-owned background and the strength of that background when investigating and punishing non-compliance. After controlling for the degree of violation, SOEs are punished less severely than private companies, and the higher the hierarchy of the SOE in question, the less severe the punishment.
Zhu et al. (2022) also examined corporate environmental governance behaviors in the context of the new Environmental Protection Law in China and found that environmental regulations have a greater impact on the environmental governance behaviors of non-SOEs compared to SOEs. GEID, as an environmental information-based instrument, serves as an effective complement to formal environmental regulatory tools. However, there may also be issues of selective disclosure of corporate environmental information, particularly concerning environmental violations, which imposes greater social environmental regulatory pressure on non-SOEs. Therefore, it can be inferred that the governance impact of GEID on non-SOEs will exceed its impact on SOEs. Based on this reasoning, we propose Research Hypothesis 4.
Hypothesis 4. The effect of local government environmental information disclosure in promoting the digital transformation of manufacturing companies is especially significant for non-state-owned ones.
Government policy support is a crucial driver for company digital transformation. Wang et al. (2023), using firm-level data from China, found that government subsidies and tax incentives positively influence company digital transformation. Additionally, the government’s efforts in building digital infrastructure, providing digital human resources, and constructing digital collaboration ecosystems all facilitate corporate digital transformation by reducing associated costs (Chen et al., 2021).
The overarching design of the “Digital China” initiative can be traced back to 2015, when China’s top leader, President Xi Jinping, formally proposed advancing the construction of “Digital China” during the opening ceremony of the second World Internet Conference. Since then, the “Digital China” strategy has been continuously promoted, with various fiscal, financial, investment, and technological support policies being introduced. Within this “Digital China” context, the extent of local GEID not only increases company sensitivity to environmental requirements but also, when combined with digital construction efforts, promotes digital transformation in environmental compliance and operational efficiency. Accordingly, we propose Research Hypothesis 5.
Hypothesis 5. The effect of local government environmental information disclosure in promoting the digital transformation of manufacturing companies is especially significant since 2015.
Overall, the research framework for this study is illustrated in Figure 1. Based on Research Hypothesis 1, the study initially examines the impact of GEID on corporate digital transformation. It further investigates the mechanisms of action involving the development of corporate green strategies, promotion of R&D expenditure, and reduction of financing constraints. In line with Research Hypotheses 2 through 5, we also explore the moderating effects of corporate environmental performance, fixed asset ratio, ownership structure, and the post-2015 period on the relationship between GEID and digital transformation.
[image: Figure 1]FIGURE 1 | Research framework.
3 RESEARCH DESIGN
3.1 Data and sample
As previously mentioned, the manufacturing sector is a significant contributor to major pollutant emissions in society. Therefore, this study examines the impact of GEID on the digital transformation of manufacturing companies, using a sample of publicly listed manufacturing companies on China’s A-share market. The primary independent variable in this study, GEID, is derived from PITI index compiled by the Institute of Public and Environmental Affairs (IPE) and the Natural Resources Defense Council (NRDC). This index is available for the years 2008 to20191, thus the study period is limited to these years.
To ensure data quality and consistency, the following samples were excluded: (1) companies flagged as Special Treatment (ST) or Particular Transfer (PT) during 2008–2019; (2) company-year samples for the year of the initial public offering (IPO); (3) industries with fewer than 10 samples; and (4) samples with missing values for any of the dependent, independent, or control variables. After applying these criteria, the final dataset comprises 12,254 samples from 1,850 companies covering the period from 2008 to 2019.
3.2 Variables measurement
3.2.1 Dependent variable
The dependent variable in this study is the company’s digital transformation (DT). According to Fan et al. (2024), we use the digital transformation index from the China Stock Market and Accounting Research (CSMAR) database to measure the extent of company’s digital transformation. The CSMAR database constructs a digital transformation index for all A-share listed companies in China. This index encompasses five dimensions: artificial intelligence (AI) technology, blockchain technology, cloud computing technology, big data technology, and digital technology applications. Specifically, the dimension of AI technology includes 15 keywords such as artificial intelligence, business intelligence, image understanding, investment decision support systems, intelligent data analysis, intelligent robots, machine learning, deep learning, semantic search, biometric technology, facial recognition, voice recognition, identity verification, autonomous driving, and natural language processing. The blockchain technology dimension includes 8 keywords; the cloud computing technology dimension includes 13 keywords; the big data technology dimension includes 9 keywords; and the digital technology applications dimension includes 34 keywords.
The CSMAR database analyzes the textual information in the annual reports of listed companies, particularly the management’s discussion and analysis section. It searches, matches, and counts the frequency of the aforementioned keywords across the five dimensions. The word frequencies for AI technology, blockchain technology, cloud computing technology, big data technology, and digital technology applications are then aggregated to form a comprehensive digital transformation index. A higher index value indicates a higher degree of digital transformation in the company. To ensure the normal distribution of the digital transformation variable, we log-transform the index value by taking the natural logarithm after adding one.
3.2.2 Independent variable
The independent variable in this study is government environmental information disclosure (GEID). This is measured using the Pollution Information Transparency Index (PITI) from the “Urban Pollution Source Regulatory Information Disclosure Index Report”, jointly compiled by the Institute of Public and Environmental Affairs (IPE) and the Natural Resources Defense Council (NRDC). The report evaluates the transparency of pollution source regulatory information disclosure by environmental regulatory agencies of 120 cities (113 cities prior to 2012) from 2008 to 2019. The evaluation criteria include five primary indicators and eight secondary indicators, assessing information disclosure in terms of “Regulatory Information”, “Self-Monitoring”, “Interactive Responses”, “Emission Data”, and “Environmental Impact Assessment (EIA) Information”.
In this study, we use the annual PITI score of each city as the corresponding value for GEID in that city. The range of PITI values is 0–100 points. A higher PITI score indicates a higher level of transparency in environmental information disclosure by the government in that city. The PITI index has been widely used in research on governmental environmental information transparency at the city level in China (Pan et al., 2023; Yu and Jin, 2022; Zhong et al., 2021).
3.2.3 Control variables
Drawing on existing literature, we selected a series of firm-level characteristic variables, including firm size (SIZE), leverage (LEV), proportion of fixed assets (PFA), cash holdings (CASH), profitability (ROA), environmental performance (EP), investment opportunities (TOBINQ), R&D intensity (RD), ownership structure (SOE), and listing age (AGE). The specific definitions of the variables are shown in Table 1. Among them, environmental performance is represented by the environmental score in the ESG rating of listed companies, sourced from the China National Research Data Service (CNRDS) database. This rating system integrates international ESG disclosure standards (ISO 26000, GRI Standards, SASB Standards) and relevant Chinese ESG disclosure policies, including four secondary indicators (climate change, pollution control, circular economy, environmental risks) and seven tertiary indicators.
TABLE 1 | Definition of variables.
[image: Table 1]Additionally, considering that command-and-control environmental regulations may also impact company digital transformation, we control for local government environmental regulatory intensity (ENVREG). Following the methodology of Chen et al. (2018), we collected annual government work reports from various cities and counted the frequency of environment-related keywords, log-transforming this frequency after adding one. The keywords include environmental protection, pollution, energy consumption, emission reduction, pollution discharge, ecology, green, low carbon, air, chemical oxygen demand, sulfur dioxide, carbon dioxide, PM10, and PM2.5. Higher values indicate stronger local government environmental regulatory intensity. Given that enhancing company competitiveness is a primary rationale for promoting digital transformation (Mihu et al., 2023), we also control for industry competition (HHI). Finally, we include industry and year fixed effects. Unless otherwise specified, the values for all the aforementioned control variables are sourced from China’s CSMAR database. Definitions for the main variables can be found in Table 1.
Table 2 provides the descriptive statistics for the main variables. To mitigate the impact of outliers, all continuous variables are winsorized at the 1% and 99% levels.
TABLE 2 | Descriptive statistics of key variables.
[image: Table 2]3.3 Baseline model specification
Given that the main independent variable, GEID, is a regional-level variable with relatively small annual variation, using a fixed effects model may amplify the measurement error of this variable. Research by Hill et al. (2020) also indicates that fixed effects models are not suitable for estimating coefficients of variables with minimal within-group variation or slow temporal changes. Therefore, this study employs an OLS regression model as the basis to construct Model (1) for testing Hypothesis 1:
[image: image]
The subscripts i, t, and c denote the company, year, and city, respectively. The dependent variable DTi,t represents the level of digital transformation for company i in year t; the independent variable GEIDc,i,t specifies the degree of government environmental information disclosure in the city c where company i is located during year t. Control variables include firm-level characteristics, regional factors (such as local government environmental regulatory intensity), and industry-level factors (such as industry concentration), as previously described. “Industry” and “Year” represent industry and year fixed effects, respectively.
4 EMPIRICAL RESULTS
4.1 Baseline regression tests
Table 3 reports the results of the baseline regression based on Model 1. Column (1) of Table 2 displays the regression result including only the independent variable GEID, along with industry and year fixed effects. Column (2) includes all control variables but excludes industry and year fixed effects. Column (3) incorporates all independent variables, control variables, as well as industry and year fixed effects. The values of Variance Inflation Factor (VIF) in Columns (1)–(3) are below 10, indicating no multicollinearity issues among the independent variables. The results show that the coefficient of GEID is significantly positive, suggesting that higher levels of government environmental information disclosure are associated with a greater degree of digital transformation in companies. In terms of the specific magnitude of impact, since corporate digital transformation (DT) is the natural logarithm of the original value plus one, a one-point increase in the GEID value leads to a 0.31% increase in the original value of DT. This result validates Hypothesis 1, confirming that GEID has facilitated the digital transformation of manufacturing firms.
TABLE 3 | Baseline regression tests.
[image: Table 3]From Table 3, we also observe that the intensity of government environmental regulations (ENVREG) significantly promotes company digital transformation. This aligns with the findings of Yu et al. (2023), who discovered that regional environmental regulations significantly enhance the digital transformation of energy companies. Additionally, the coefficient for industry competition (HHI) is significantly negative, suggesting that firms in more competitive industries are more likely to pursue digital transformation to gain a competitive advantage. This finding is consistent with the results of Leão and da Silva (2021). Furthermore, our analysis reveals that the coefficient for the proportion of fixed assets (PFA) is significantly negative. This suggests that asset-intensive companies face higher costs for digital transformation, thereby constraining their ability to undertake such initiatives, consistent with the findings of Buck et al. (2023).
Moreover, the coefficient for R&D intensity (RD) is significantly positive, affirming that company digital transformation necessitates robust innovation capabilities (Gilch and Sieweke, 2021). The coefficient for ownership structure (SOE) is significantly negative, indicating that non-SOE companies are more likely to pursue digital transformation. Similarly, the coefficient of environmental pressure (EP) is significantly negative, suggesting that companies facing greater external environmental pressures are more inclined towards digital transformation. In addition, we find that company size (SIZE) and leverage (LEV) both have a significantly positive impact on company digital transformation.
The baseline regression model in this study primarily controls for the influence of the intensity of urban environmental regulation, which is a regional macroeconomic factor. As observed in column (3) of Table 3, the local government environmental regulatory intensity where a firm is located significantly affects the firm’s digital transformation. Considering that a firm’s digital transformation may also be influenced by the level of economic development and the level of digital economy development in its location, we further introduce two control variables in column (4) of Table 3: the city’s economic development level and the city’s digital economy development level. The city’s economic development level (GDP) is expressed in terms of per capita GDP in thousands of RMB. The city’s digital economy development level (DIGE) is measured based on the availability of relevant data at the city level, encompassing two main aspects: internet development and digital financial inclusion. The measurement of urban internet development includes several indicators: the number of broadband internet users per hundred people, the proportion of employees in computer services and software industries relative to urban unit employees, per capita telecommunication business volume, and the number of mobile phone users per hundred people. The raw data for these indicators are sourced from the “China City Statistical Yearbook”. As for the measurement of urban digital financial development, the China Digital Financial Inclusion Index is utilized, which is jointly compiled by the Digital Finance Research Center of Peking University and Ant Financial Group. The comprehensive index of digital economy development is obtained through principal component analysis, which standardizes and reduces the dimensionality of the data from the aforementioned five indicators.
Column (4) of Table 3 shows that both the GDP and DIGE variables significantly influence firms’ digital transformation, further supporting Hypothesis 1 of this study. However, compared to column (3) of Table 3, the inclusion of the GDP and DIGE control variables increases the model’s R2 by only 0.0018, which corresponds to an increase of merely 0.48%. This indicates that the additional explanatory power for the dependent variable is minimal. Furthermore, the maximum Variance Inflation Factor (VIF) for the variables in column (4) is 11.52, exceeding the threshold value of 10. This could be due to the fact that the ENVREG has already absorbed the variance of the GDP and DIGE variables, indicating a degree of multicollinearity. Therefore, to ensure the robustness of the research conclusions, the variables of GDP and DIGE will not be controlled for in subsequent analyses.
Additionally, this study presents a scatter plot of GEID versus DT in Figure 2, where DT values represent the group-wise averages of GEID. Figure 2 demonstrates a positive correlation between GEID and DT, consistent with Hypothesis 1.
[image: Figure 2]FIGURE 2 | Scatter plot of GEID and DT.
4.2 Robustness tests
4.2.1 Two-stage least squares (2SLS) regressions with instrumental variables
Although GEID is a city-level variable, and it is unlikely that digital transformation behaviors at the firm level would influence city-level government environmental information disclosure, the baseline regression model in this study may suffer from omitted variable bias, potentially leading to endogeneity issues. To address this, we employ two instrumental variables to mitigate the potential endogeneity problem.
First, we utilize the city’s fiscal transparency (FT) as an instrumental variable for GEID. Since both local fiscal agency and environmental regulatory agency are subject to the administrative influence of their respective local government, the degree of information disclosure by these agencies is correlated. However, the transparency of fiscal agency does not directly impact the digital transformation of companies in the locality. Therefore, using city-level fiscal transparency as an instrumental variable for GEID is appropriate. The data on fiscal transparency are sourced from the “China Municipal Government Fiscal Transparency Report”, which has been published annually since 2013 by the Public Economics, Finance, and Governance Research Center at the School of Public Policy and Management, Tsinghua University.
Second, following the methodology proposed by Chong et al. (2013), we use the average GEID of other cities within the same province (AVERAGEGEID) as an instrumental variable for the GEID of the city where the company is located. Given the characteristics of China’s administrative system, cities within the same province exhibit certain similarities in environmental information governance. However, the GEID of other cities within the same province does not directly impact the digital transformation of companies in the focal city. Therefore, the average GEID of other cities within the same province meets the requirements for being an instrumental variable. Moreover, GEID, as an information-based instrument, is generally considered an informal environmental regulation (Jamalpuria, 2013). However, it may also be influenced by formal environmental regulations. To account for this, we additionally use both the intensity of local government environmental regulation and the average GEID of other cities within the same province as instrumental variables for GEID in the endogeneity testing.
Table 4 presents the results of the 2SLS tests using instrumental variables. The p-values of the Sargan statistic for all models exceed 0.05, suggesting that there is no overidentification problem with the instrumental variables. Furthermore, the First-stage F-statistic values for each type of instrumental variable significantly surpass 10, indicating that there is no weak instrument problem. Therefore, the instrumental variables used in this study are appropriate.
TABLE 4 | 2SLS regressions with instrumental variables.
[image: Table 4]Columns (1) and (2) in Table 4 display the first-stage and second-stage results, respectively, when using local fiscal transparency (FT) as an instrumental variable. From Column (1), we observe that the coefficient for local is significantly positive, indicating a positive correlation between FT and GEID. In Column (2), IVGEID represents the predicted value of GEID calculated from the first-stage regression. The coefficient for IVGEID remains significantly positive, suggesting that GEID indeed facilitates company digital transformation, thereby passing the endogeneity test with the instrumental variable.
Column (3) in Table 4 illustrates the first-stage results using the average GEID of other cities within the same province as the instrumental variable. The coefficient for AVERAGEGEID is significantly positive, indicating a positive correlation with GEID. Additionally, the coefficient for the local government environmental regulation intensity is also significantly positive, suggesting a correlation with GEID as well. Column (4) presents the second-stage regression results when using AVERAGEGEID as the sole instrumental variable. The coefficient for IVGEID remains significantly positive, confirming that the average GEID of other cities within the same province, used as an instrumental variable, still supports the hypothesis that GEID facilitates company digital transformation. Column (5) shows the second-stage results when both the average GEID of other cities within the same province and the local government environmental regulation intensity are used as instrumental variables. The coefficient for IVGEID continues to be significantly positive, further validating Hypothesis 1 that GEID contributes to company digital transformation.
4.2.2 Regressions with alternative dependent variable
The data used to measure the Dt variable in this article is sourced from the CSMAR database. This data is derived by mining and analyzing the frequency of keywords related to digital transformation found in the annual reports of listed companies, particularly within the management’s discussion and analysis section. To ensure the robustness of our research results, we further utilize an annual index from the CSMAR database that specifically categorizes management’s orientation towards digital innovation (DT_ma1) to measure corporate digital transformation. This index is solely based on keywords extracted from the management’s discussion and analysis section of the annual reports. Additionally, we refine our approach by limiting the digital transformation keywords to those related to production and environmental protection. These keywords only include “Industrial Internet”, “Internet of Things”, “smart robotics”, “smart environmental protection”, “smart grid”, “smart energy”, and “green computing”. These are used to construct a new digital transformation variable, DT_ma2. Both variables, DT_ma1 and DT_ma2, are processed by adding one to the keyword frequency count and then applying a natural logarithm transformation. We conducted the regression again using the dependent variables DT_ma1 and DT_ma2, and the results are presented in columns 1 and 2 of Table 5.
TABLE 5 | Robustness tests with alternative dependent variable and subsample.
[image: Table 5]From columns (1) and (2) of Table 5, it can be observed that the coefficient of GEID remains significantly positive. This indicates that Hypothesis 1 still holds true even when the method for measuring the dependent variable is altered.
Considering that the impact of current GEID on company digital transformation may not immediately influence the current year’s digital transformation investments, there is a possibility of a time lag. Therefore, we conduct a regression analysis using the one-year-ahead value of company digital transformation as the dependent variable. The results are presented in Column (3) of Table 5. From Column (3) of Table 5, we observe that the regression coefficient of GEID remains significantly positive. This indicates that the current GEID continues to have a significant positive effect on the digital transformation of companies in the subsequent period, thereby further validating Hypothesis 1.
4.2.3 Regressions with subsample
Beijing, Shanghai, Guangzhou, and Shenzhen are the most developed cities in China and attract a significant number of companies to register their headquarters. Some manufacturing companies establish their headquarters in these four cities while situating their production bases in other locations. Consequently, such companies may be influenced by the GEID of both their headquarters and production base locations. To ensure the robustness of our results, we exclude firms registered in Beijing, Shanghai, Guangzhou, and Shenzhen and re-run the regression analysis. The results are presented in Columns (4) and (5) of Table 5.
In Column (4), the dependent variable represents the projected value of company digital transformation 1 year into the future, whereas in Column (5), it denotes the current value of digital transformation. From both columns, we observe that the coefficient for GEID remains significantly positive, indicating that Hypothesis 1 continues to hold.
4.3 Mechanism tests
Based on the theoretical analysis presented earlier, GEID reduces information asymmetry between company and external stakeholders, facilitating the latter’s participation in corporate environmental co-governance. This, in turn, aids company digital transformation, which is beneficial for environmental governance (Chen and Hao, 2022). To explore this logic chain, we first examine whether GEID promotes the development of corporate green strategy, subsequently influencing digital transformation. Moreover, green innovation itself is also considered a strategy to achieve environmental protection and economic growth (Taklo et al., 2021). Therefore, we further examine whether green innovation serves as a mediating variable in GEID’s promotion of corporate digital transformation.
Additionally, given that innovative knowledge management capabilities are crucial for the success of company digital transformation (Gilch and Sieweke, 2021), we further investigate whether GEID fosters R&D expenditure, thereby supporting digital transformation. Moreover, financial resources are also a critical factor in ensuring successful digital transformation (Chwiłkowska-Kubala et al., 2023). Theoretically, GEID reduces information asymmetry between company and external stakeholders, potentially alleviating financing constraints. Therefore, we also examine whether GEID can reduce companies’ financing constraints, thereby promoting digital transformation.
Hence, this study investigates the mechanisms through which GEID promotes corporate digital transformation. Specifically, it examines three channels: the development of corporate green strategy and green innovation, the promotion of R&D expenditure, and the reduction of financing constraints. For the mediating variable of corporate green strategy (GS), we utilize Python’s regular expression lazy matching algorithm to analyze the textual information in the “Outlook for Future Development” section of listed companies’ annual reports. Keywords such as “green”, “environmental”, “sustainable”, “environment”, and “low-carbon” are matched with the keyword “strategy” without sentence breaks. The occurrence count of the matched green strategy keywords is incremented by one and then log-transformed, with higher values indicating a stronger emphasis on corporate green strategy development. The mediating variable for corporate green innovation (GI) is quantified by taking the logarithm of one plus the number of green invention patent applications submitted by the firm. These green patents are defined in accordance with the IPC Green Inventory. For the mediating variable representing R&D expenditure (RD), as defined earlier, it is calculated as the annual R&D expenditure divided by operating revenue.
According to Hadlock and Pierce (2010) and Li et al. (2023), we employ the FC index as a measure of corporate financing constraint. The data utilized for this calculation are sourced from the China Stock Market and Accounting Research (CSMAR) database. The calculation process involves two primary steps: first, we standardize three variables—firm size, firm age, and cash dividend payout ratio—on an annual basis, and then rank the listed companies in ascending order based on the mean values of these standardized variables. The financing constraint dummy variable QUFC is determined by using the upper and lower tertiles as cut-off points; companies above the 66th percentile are classified as having low financing constraints (QUFC = 0), while those below the 33rd percentile are classified as having high financing constraints (QUFC = 1). Second, we perform a Logit regression as specified in Models 2, 3 to fit the probability (P) of financing constraints occurring for each firm annually. This probability (P) is defined as the financing constraint index Fc, which ranges from 0 to 1, with higher Fc values indicating more severe financing constraints.
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The definitions of Size and Lev are consistent with those previously mentioned; CasℎDiv denotes the cash dividends distributed by the company in the current year; Mb refers to the market-to-book ratio, calculated as market value divided by book value; NWC represents net working capital, defined as working capital minus cash equivalents and short-term investments; Ebit stands for earnings before interest and taxes; and Ta signifies total assets.
To test the mediation effect, this study employs both the Sobel and Bootstrap methods. The Sobel test involves constructing two regression models: one regresses the independent variable on the mediator, and the other regresses both the independent variable and the mediator on the dependent variable. Path coefficients and their standard errors from these models are used to calculate the Z-value; a significant Z-value indicates a significant mediation effect. The Bootstrap method, similar to the Sobel test, involves repeated sampling to construct a 95% bias-corrected confidence interval. If this interval does not include zero, the mediation effect is considered significant. We conduct mediation effect tests using the Bootstrap method with 1,000 resamples.
Table 6 provides a comprehensive analysis of the mediation effects in the context of GEID’s influence on digital transformation. Initially, Column (1) reveals a significantly positive coefficient for GEID on the mediator variable GS, indicating that GEID positively impacts the development of corporate green strategies. This is further supported in Column (2), where the effects of GEID and GS on the dependent variable DT are examined. The positive coefficient for GEID, combined with a significant Sobel Z-value and a Bootstrap bias-corrected confidence interval that excludes zero, confirms the mediating role of corporate green strategy in GEID’s impact on digital transformation. This finding is consistent with the results of Xu et al. (2024). Similarly, Columns (3) and (4) demonstrate that green innovation (GI) acts as a mediator in the GEID-digital transformation relationship. Columns (5) and (6) highlight the mediation effect of R&D expenditure (RD), showing that GEID promotes corporate R&D spending, with the Sobel and Bootstrap tests validating significant indirect effects. Lastly, Columns (7) and (8) focus on the mediation effect of financial constraint (FC), where a significantly negative coefficient for GEID indicates its role in reducing financial constraints. Both the Sobel and Bootstrap tests again confirm significant indirect effects, reinforcing the mediation role of financial constraint.
TABLE 6 | Mechanism tests.
[image: Table 6]4.4 Heterogeneity analysis
To test hypotheses 2 through 5, we extended Model (1) by adding interaction terms, specifically GEID with company environmental performance (GEID*EP), fixed asset ratio (GEID*PFA), ownership structure (GEID*SOE), and post-2015 indicator (GEID*Year 2015). The definitions of EP, PFA, and SOE are consistent with those previously mentioned. The post-2015 variable Year 2015 is a dummy variable that takes the value of 1 for observations from the year 2015 onwards, and 0 otherwise. The regression results are presented in Table 7.
TABLE 7 | Heterogeneity tests.
[image: Table 7]Column (1) of Table 7 shows a significantly negative coefficient for the interaction term GEID*EP, indicating that the effect of GEID on digital transformation is more pronounced for companies with poorer environmental performance, thereby validating Hypothesis 2. Column (2) presents a significantly negative coefficient for the interaction term GEID*PFA, suggesting that the effect of GEID on digital transformation is more significant for companies with a lower proportion of fixed assets, thus supporting Hypothesis 3. Column (3) reveals a significantly negative coefficient for the interaction term GEID*SOE, indicating that the effect of GEID on digital transformation is more substantial for non-state-owned companies, validating Hypothesis 4. Finally, Column (4) shows a significantly positive coefficient for the interaction term GEID*Year 2015, suggesting that the effect of GEID on digital transformation is particularly significant in the years 2015 and onwards, thereby supporting Hypothesis 5.
It is noteworthy that in 2015, the Chinese government revised the Environmental Protection Law, a policy that enhanced the environmental information disclosure requirements for local governments. This legislative change can be regarded as an exogenous shock. By using the interaction between the GEID variable and the Year 2015 variable in a difference-in-differences (DID) model, we can assess its impact. Column 4 of Table 7 essentially presents the results of this DID model, providing further validation for Hypothesis 1 of this study.
4.5 Further analysis
Our previous analysis demonstrated the positive impact of GEID on company digital transformation, particularly pronounced in firms with poorer environmental performance, which face greater environmental pressure. Given the significant differences in environmental pressure between heavily polluting and non-heavily polluting industries, we further investigate whether the effect of GEID on company digital transformation varies between these industry categories. To examine industry-specific heterogeneity effects, we extend Model (1) by including an interaction term between GEID and the dummy variable for heavily polluting industries (HPI). The classification of heavily polluting industries follows the 2012 revision of the “Guidelines for Industry Classification of Listed Companies” by the China Securities Regulatory Commission, the 2008 “Classification of Industries for Environmental Protection Verification of Listed Companies” by the Ministry of Environmental Protection, and the “Guidelines for Environmental Information Disclosure of Listed Companies”. These classifications encompass industries such as steel, cement, electrolytic aluminum, coal, metallurgy, chemicals, petrochemicals, building materials, paper, brewing, pharmaceuticals, fermentation, textiles, and tanning. If a company’s industry belongs to one of these categories, HPI is set to 1; otherwise, it is 0. The results of this heterogeneity analysis are presented in Columns (1) to (3) of Table 8.
TABLE 8 | Further heterogeneity tests for pollution industry classification.
[image: Table 8]Column (1) of Table 8 presents the full-sample regression results including the interaction term GEID*HPI, indicating a significantly negative coefficient for GEID*HPI. This suggests that the positive impact of GEID on company digital transformation is particularly pronounced in non-heavily polluting industries. Columns (2) and (3) of Table 8 display the subsample regression results for heavily polluting and non-heavily polluting industries, respectively. Although GEID significantly promotes digital transformation in heavily polluting industries, the Chow test indicates that its effect is smaller compared to non-heavily polluting industries.
Considering our previous conclusion that the positive influence of GEID on digital transformation is more pronounced in companies with weaker environmental performance—those facing more substantial environmental pressure—why is this effect not evident in heavily polluting industries? One possible explanation is that the digital transformation of fixed assets involves complex production equipment and processes, requiring higher technical and investment costs, as well as safety considerations (Gao et al., 2019). These factors directly constrain the digital transformation process of asset-intensive enterprises (Buck et al., 2023), as also suggested by the baseline regression results in Table 3, which indicate that Pfa significantly hinders corporate digital transformation2. Therefore, we posit that the higher proportion of fixed assets in heavily polluting industries is a crucial factor delaying their digital transformation process, thereby weakening the effect of GEID.
To examine whether there is a significant difference in the proportion of fixed assets between heavily polluting and non-heavily polluting industries, we conducted both T-tests and Wilcoxon tests. The results are presented in Table 9.
TABLE 9 | Univariate test for heavy pollution industries and non-heavy pollution industries.
[image: Table 9]As observed in Table 9, the mean and median values of PFA for companies in heavily polluting industries are significantly higher than those in non-heavily polluting industries. Conversely, for DT, the mean and median values are significantly higher for companies in non-heavily polluting industries. These findings validate the reasons for the differences in the effect of GEID on company digital transformation between heavily and non-heavily polluting industries.
Given the fundamental logic of our research hypotheses—that GEID promotes corporate environmental governance and that digital transformation aids environmental governance—we posit that GEID positively impacts company digital transformation. Therefore, under equal fixed asset ratios, the effect of GEID on digital transformation should be more pronounced in heavily polluting industries. To further examine this, we incorporate the interaction term among GEID, PFA, and HPI (GEID*PFA*HPI) into Model (1).
Column (4) of Table 8 presents the full-sample regression results for the GEID*PFA*HPI interaction term, showing a significantly positive coefficient. This indicates that, under equal fixed asset ratios, GEID’s positive impact on digital transformation remains more significant in heavily polluting industries. Columns (5) and (6) present the subsample regression results for heavily and non-heavily polluting industries, respectively. The results reveal that, while the impact of GEID on promoting digital transformation is inhibited by PFA in both industry types3, the Chow test shows that this inhibitory effect is significantly smaller in heavily polluting industries. In other words, GEID has a more substantial effect on digital transformation for companies with the same fixed asset ratio in heavily polluting industries than in non-heavily polluting industries. Alternatively, this can be interpreted as the positive impact of GEID on the digital transformation of asset-intensive companies being more prominent in heavily polluting industries. The results in Columns (4) to (6) of Table 8, considering the fixed asset ratio in depth, further validate the positive impact of GEID on company digital transformation.
5 CONCLUSION
5.1 Conclusion and recommendations
Company digital transformation is crucial for effective environmental governance. Government environmental information disclosure aids this process by fostering collaborative governance, reducing information asymmetry, and alleviating financing constraint. Using data from A-share listed manufacturing companies in China from 2008 to 2019, our study finds that stronger local GEID significantly promotes company digital transformation. This effect remains robust under various endogeneity and robustness checks. Further analysis shows that the disclosure primarily facilitates digital transformation through constructed green strategy, increased R&D expenditure, and reduced financing constraint. The positive impact is notably stronger in companies with poor environmental performance, low fixed asset ratios, non-state-owned, and during the post-2015 period. Moreover, although heavy asset intensity is a significant constraint on company digital transformation, the effect of GEID on the digital transformation of asset-intensive enterprises is still more pronounced in heavily polluting industries compared to non-heavily polluting industries. Overall, this study robustly demonstrates the significant influence of GEID as an information governance tool in promoting company digital transformation and green development. The findings enrich the theoretical research on digital transformation and environmental governance while providing empirical evidence to inform government environmental policy and corporate strategic adjustments. According to the above analysis, we propose the following policy recommendations.
Firstly, the design of government environmental policies should consider the complex and multifaceted economic, environmental, and social impacts that may result from regulatory measures. While this study primarily focuses on GEID, it uncovers its significant impact on company digital transformation, illustrating the interconnected nature of environmental policies and technological advancement. Therefore, policymakers should adopt a holistic approach, analyzing potential outcomes from multiple dimensions. This involves considering how such policies can not only achieve their primary environmental objectives but also drive technological innovation and business transformation. By doing so, they can aim for a strategy that achieves “one stone, two birds” or even “one stone, multiple birds”, where a single policy initiative generates a range of positive outcomes, such as enhanced competitiveness, improved sustainability, and increased economic resilience. This comprehensive analysis will help ensure that policies are not only effective in addressing environmental concerns but also beneficial in fostering broader economic and technological progress.
Secondly, governments can strategically utilize environmental information disclosure as a vital instrument not only for enhancing environmental governance but also for driving company digital transformation. By mandating transparency and accountability in environmental practices, governments can incentivize companies to adopt digital technologies that improve their operational efficiency and reduce their environmental footprint. This dual approach not only strengthens regulatory compliance but also fosters innovation and technological adoption within industries. Moreover, by aligning environmental objectives with digital transformation goals, governments can create an ecosystem that encourages sustainable business practices and technological advancement, thereby enhancing sustainable competitiveness in the digital economy era.
Finally, information governance tools must consider the diversity at both industry and firm levels. This study underscores that different firm and industry characteristics shape the impact of GEID on digital transformation. Therefore, the design of these tools should involve tailoring strategies that address these specific moderating factors. By recognizing the unique needs and characteristics of different industries and firm types, including ownership structures and asset compositions, policymakers can create more effective governance frameworks. This approach can facilitate more impactful digital transformation efforts, thereby enhancing sustainability and competitiveness across various sectors.
5.2 Limitations and future research
Although this study involves enterprises in heavily polluting industries within the manufacturing sector, our research indicates that these companies are typically characterized as asset-intensive. The challenges and costs associated with the digital transformation of newly invested fixed assets compared to existing fixed assets are substantially different. Newly invested fixed assets usually incorporate digitalization requirements during the investment decision-making process, resulting in relatively lower costs and difficulties. Conversely, digitally upgrading existing fixed assets presents significant challenges. Therefore, an in-depth analysis of digital transformation in heavily polluting industries should consider these two distinct types of digital investment decisions. However, due to limitations in current empirical research, including this study’s data sources, it is not possible to distinguish between these two types of digital transformation decisions. Therefore, future research could employ categorized case studies to conduct an in-depth analysis of the differentiated and multifaceted corporate motivations driving the digital transformation of newly invested versus existing fixed assets.
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FOOTNOTES
1The PITI index stopped being disclosed after 2019
2In Column (3) of Table 3, the coefficient for PFA is significantly negative, with a T-value of −18.75, which is the highest absolute value among all variables in the model
3In Columns (5) and (6) of Table 8, the coefficients for GEID*PFA are significantly negative
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