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Abstract


High emissions and excessive resource consumption by heavily polluting firms pose significant obstacles to sustainable development. As a strategic tool, digitalization has shown increasing potential to promote sustainable transformation. Existing studies mainly focus on the relationship between digitalization and green innovation (GI) at the regional level, while firm-level evidence remains limited, especially in heavily polluting industries. Based on information asymmetry theory and stakeholder theory, this study establishes a framework to explore how corporate digitalization (CD) affects the green innovation of heavily polluting firms (GIHPF) through external information intermediaries. Using panel data on Chinese listed heavily polluting firms from 2012 to 2023, we find that CD significantly promotes GIHPF, and the results remain robust across a series of tests. CD enhances GIHPF mainly by increasing investment analysts’ attention (IAA) and media attention (MA), thereby mitigating information asymmetry and strengthening external monitoring. Heterogeneity tests show the effect is stronger for non-state-owned firms, central-region firms, and growth and maturity-stage firms. This study contributes to the literature by providing firm-level evidence from heavily polluting industries and by uncovering the role of external information intermediaries in the relationship between CD and GIHPF. The findings also offer important implications for promoting sustainable development through digitalization.
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1. Introduction


Over the past several decades, rapid economic growth has relied heavily on resource-intensive production and large-scale fossil fuel consumption, generating substantial environmental degradation and sustainability challenges [1]. As environmental pressures continue to intensify, firms are increasingly expected to balance economic development with ecological responsibility [2,3]. In this context, green innovation (GI) has become an important pathway toward sustainable development. GI generally refers to innovation activities that reduce environmental impacts, improve energy efficiency, and support cleaner production processes [4,5,6,7]. At the firm level, GI facilitates technological upgrading, supply chain coordination, and the integration of economic and sustainability objectives [8,9,10].



Despite its importance, GI remains particularly challenging for heavily polluting firms. Compared with firms in low-pollution industries, heavily polluting firms are more likely to face technological lock-in, high transition costs, and strong dependence on traditional production systems [4,11]. These constraints are especially evident in emerging economies such as China, where industrial development has historically relied on energy-intensive growth models [12,13]. Although China has strengthened environmental regulation and promoted low-carbon transformation in recent years, many heavily polluting firms still face substantial barriers to implementing GI, including financing constraints, technological uncertainty, and limited access to external support [14,15,16]. As a result, promoting green innovation in heavily polluting firms (GIHPF) requires both internal technological upgrading and external institutional support [17,18].



However, digitalization has emerged as a potentially transformative force in facilitating GI [19]. Advances in big data, cloud computing, and artificial intelligence enable firms to integrate digital tools into production and management, reshaping innovation processes [20,21]. Digitalization improves information connectivity, scalability, and knowledge spillovers, which lowers information costs and accelerates green technology diffusion [21,22]. These advantages are especially valuable for GI, which is often limited by information asymmetry, technical uncertainty, and coordination costs.



At the macro level, digitalization improves environmental governance, promotes green technology sharing, and strengthens regulatory efficiency [10,23,24]. These changes support industrial upgrading and low-carbon economic transition [22]. At the micro level, corporate digitalization (CD) optimizes production, strengthens environmental monitoring, and improves resource allocation, creating favorable conditions for GI [25,26]. Furthermore, digitalization enhances transparency and mitigates information asymmetry, attracting attention from financial analysts and the media [9,27,28]. This stronger external supervision encourages firms to invest in GI [27].



Existing studies generally confirm the positive role of digitalization in promoting environmental performance and green transformation [9,19]. However, most prior research has concentrated on regional digitalization or macro-level evidence [24,25], while firm-level evidence on CD remains limited, especially in heavily polluting industries. Although several studies have explored the relationship between digitalization and GI in manufacturing sectors or listed firms, empirical evidence specifically focused on heavily polluting firms remains scarce [19,26,27]. Moreover, existing studies primarily emphasize the technological and operational benefits of digitalization, whereas the underlying informational and governance mechanisms through which CD affects GI are still not fully understood.



To address these gaps, this study develops a theoretical framework grounded in information asymmetry theory and stakeholder theory to examine the impact of CD on GIHPF. Specifically, we incorporate investment analysts’ attention (IAA) and media attention (MA) as key mediating channels through which digitalization affects firms’ GI behavior.



Compared with the existing literature, this study makes three main contributions. First, it extends the literature on digitalization and GI by providing firm-level evidence from heavily polluting industries, which remain underexplored in previous studies. Second, this study also strengthens the theoretical integration between CD and GI. By grounding the analysis in information asymmetry theory and stakeholder theory, this study clarifies how CD affects GI through external information intermediaries [29]. This theoretical framing moves beyond a purely technical view of digitalization and establishes a more complete institutional explanation for GIHPF. Third, this study extends the sample period to 2012–2023, incorporating the latest developments in China’s digital economy and environmental governance. Existing studies rely on samples ending before 2021, which may not fully capture the recent dynamics of digital transformation and GI [16,26,30]. Finally, the heterogeneity analysis further reveals that the effects of CD differ across ownership structures, regional locations, and firm lifecycle stages. These findings enrich the literature on firms’ GI by providing updated and context-specific evidence [31].



The remainder of this study is structured as follows. Section 2 reviews the relevant literature and develops the research hypotheses. Section 3 describes the data, variables, and empirical methodology. Section 4 presents the empirical results, including baseline estimations, robustness checks, mechanism analysis, and heterogeneity tests. Section 5 discusses the main findings. Section 6 concludes the paper and outlines the corresponding implications, followed by the limitations and directions for future research.




2. Literature Review


2.1. Conceptualization of Green Innovation (GI)


Green innovation (GI) generally refers to the development and adoption of products, technologies, and production processes that reduce environmental damage and improve resource efficiency [12]. At the firm level, GI is commonly associated with environmentally oriented technological activities, such as cleaner production technologies, energy-saving processes, and pollution abatement innovations [19,32]. Compared with conventional innovation, GI involves greater uncertainty and longer investment horizons, which may deter firms from undertaking such activities [28,33]. In empirical studies, GI is typically measured using green patents, as they offer observable and comparable indicators of firms’ environmentally oriented technological outputs [28]. Following this approach, this study conceptualizes GI as firm-level technological innovation with explicit environmental objectives and measures it using green patent applications.




2.2. Theoretical Foundation


2.2.1. Information Asymmetry Theory


Information asymmetry theory explains how unequal access to information influences economic decision-making and organizational behavior [34,35]. In the corporate context, managers typically possess more information about firm operations and strategic activities than external stakeholders [36]. This information gap can result in inefficient resource allocation and reduced external support, particularly for activities characterized by high uncertainty [37].



GI is particularly susceptible to information asymmetry. Compared with conventional innovation, GI involves more uncertain technological outcomes, longer investment horizons, and less transparent performance signals, making it difficult for external stakeholders to accurately evaluate its value [28,33]. As a result, firms engaging in GI may face tighter financing constraints and weaker external monitoring.



Mechanisms that improve information disclosure and facilitate information dissemination therefore play a crucial role in shaping firms’ GI behavior [38]. In particular, information intermediaries such as financial analysts and the media help mitigate information asymmetry by collecting, interpreting, and disseminating firm-level information to the market [14]. Their attention can strengthen external monitoring and influence firms’ strategic decisions [39].




2.2.2. Stakeholder Theory


Stakeholder theory offers a complementary explanation of firms’ environmental behavior by emphasizing the impact of external stakeholders on corporate decision-making [40,41]. According to this perspective, firms are embedded in a network of relationships with various stakeholders, including investors, customers, regulators, and the media, whose expectations shape corporate strategies [42].



In the context of environmental sustainability, stakeholders increasingly require greater environmental responsibility and transparency from firms [37]. Under growing public and regulatory pressure, firms may adopt GI strategies to enhance corporate legitimacy, mitigate reputational risks, and strengthen stakeholder relationships [38]. Previous studies further suggest that external attention from analysts and the media can amplify stakeholder pressure by raising public scrutiny of firms’ environmental performance [39]. Accordingly, stakeholder theory provides an important perspective for understanding why external attention may encourage heavily polluting firms to engage in GI.





2.3. Corporate Digitalization (CD) and GI


In the information era, digital technologies have emerged as critical tools for decision-making optimization, and their predictive capabilities and information interactivity have received considerable attention in management research [29,30]. Similarly, corporate digitalization (CD) facilitates information application, corporate financing, and R&D for heavily polluting firms.



First, advanced digital technologies such as big data, artificial intelligence (AI), and the Internet of Things (IoT) offer essential technical support for GI. By helping build efficient knowledge-sharing platforms, CD enables firms to overcome constraints in green knowledge accumulation [43]. In particular, access to digital infrastructure allows firms to obtain up-to-date information on global green technologies, environmental solutions, and industry best practices [20,44]. Improved access to knowledge may shorten R&D cycles, lower innovation costs, and increase firms’ incentives to engage in GI [45].



Second, digitalization enhances information disclosure and transparency, thereby shaping firms’ environmental behavior. Through real-time data sharing and monitoring, CD improves the visibility of pollution emissions and operational activities [46], which helps mitigate information asymmetry between firms and external stakeholders [47]. Meanwhile, stakeholder theory suggests that greater transparency exposes firms to stronger external evaluation and accountability pressures [7]. In this context, heavily polluting firms become more likely to adopt GI strategies in response to external monitoring.



Finally, CD alleviates financial constraints associated with GI. By improving the efficiency and transparency of financing channels, digitalization expands access to external funding for sustainable project [48]. Heavily polluting firms can use digital platforms to disclose financing needs and attract environmentally oriented investors, especially those concerned with environmental, social, and governance (ESG) issues [49]. In addition, reduced information asymmetry between firms and financial institutions strengthens lenders’ confidence and lowers financing costs [45], thereby improving the feasibility of GI investments. Based on the above arguments, this study proposes the following hypothesis:



H1. 

While other factors remain unchanged, CD has a significant and positive effect on green innovation of heavily polluting firms (GIHPF).






2.4. Mediating Effect of Investment Analysts’ Attention (IAA)


Investment analysts’ attention (IAA) generally reflects the scope of analyst coverage and the depth of their research on firms. It is commonly measured by the number of analysts following a firm and the number of analyst reports issued within a given period [28,50].



From the perspective of information asymmetry theory, digitalization can significantly improve the information environment of heavily polluting firms. By enhancing information disclosure systems and enabling real-time data sharing, CD reduces the level of information asymmetry between firms and external stakeholders, including analysts [1,29,51]. Lower information acquisition costs and improved data accessibility make heavily polluting firms more attractive to analysts, thereby increasing analyst coverage and research intensity [52]. As a result, CD is likely to attract greater IAA, reflected in both the number of analysts following the firm and the volume of analyst reports [39].



In turn, increased IAA may influence GIHPF through multiple channels. First, analysts play a crucial role in information processing and dissemination, particularly in areas such as GI, which are characterized by high uncertainty and information opacity [25]. By interpreting and transmitting firm-level information, analysts help mitigate investors’ information disadvantages and improve the market’s understanding of firms’ green activities [53]. Second, from the stakeholder perspective, analysts also act as external evaluators. Enhanced analyst coverage strengthens external monitoring, which helps mitigate agency problems and constrains managerial opportunism [50]. Managers may otherwise underinvest in long-term and uncertain GI projects due to short-term performance pressure [28]. With more intensive analyst scrutiny, heavily polluting firms face greater pressure to improve environmental performance and are more likely to engage in GI activities [17]. Based on the above arguments, this study proposes the following hypothesis:



H2a. 

While other factors remain unchanged, CD promotes GIHPF by increasing the number of analysts.





H2b. 

While other factors remain unchanged, CD promotes GIHPF by increasing analyst research reports.






2.5. Mediating Effect of Media Attention (MA)


Media attention (MA) represents a crucial form of external monitoring that can impose reputational pressure on firms and shape their environmental behavior. Existing studies suggest that MA can promote environmental responsibility and green technological innovation by increasing public scrutiny [26,43].



From the perspective of information asymmetry theory, CD may improve firms’ information visibility and accessibility, thereby attracting greater media coverage [54]. On the one hand, digital technologies reduce information acquisition costs for online media and enable more frequent and timely reporting [55]. Through digital systems, heavily polluting firms can generate and disclose data in real time, which enhances the availability and credibility of information [27]. This facilitates media access to firm-level environmental data and improves information processing efficiency. On the other hand, heavily polluting firms rely on digital tools to achieve low-carbon and intelligent production. Their novel and innovative production models are considered newsworthy by the media due to their social relevance [56]. As a result, CD is likely to increase the level of MA.



Stakeholder theory further suggests that MA amplifies external scrutiny and reputational concerns. By reducing information asymmetry between firms and the public, media coverage enhances the transparency of corporate environmental performance and exposes firms to greater public scrutiny [57]. When environmental issues are reported, heavily polluting firms may face stronger pressure from stakeholders, including consumers, investors, and regulators, which can incentivize them to improve environmental practices [58]. In addition, media coverage can shape public perception and strengthen the reputational benefits associated with GI, thereby encouraging heavily polluting firms to adopt environmentally friendly technologies and practices [59]. Empirical evidence also supports the positive role of MA in promoting green innovation in heavily polluting industries [24]. Based on the above arguments, this study proposes the following hypothesis:



H3. 

While other factors remain unchanged, CD promotes GIHPF by increasing the MA.





This study proposes a CD-GIHPF framework (see Figure 1). At its core, the framework focuses on the direct effect of CD on GIHPF while further considering the indirect channels through IAA and MA. According to information asymmetry theory and stakeholder theory, IAA and MA, as forms of external supervision, send signals to the public and prompt firms to carry out sustainable technology upgrades to achieve GI.





3. Data and Methods


3.1. Sample Selection


This study selected Chinese listed firms in heavily polluting industries from 2012 to 2023 as the initial sample. The classification of heavily polluting industries followed the Guidelines for the Classification of Industries of Listed Companies revised by the China Securities Regulatory Commission in 2012, covering industry codes B06, B07, B08, B09, C17, C19, C22, C25, C26, C28, C29, C30, C31, C32, and D44. Detailed industry classifications are presented in Table 1.



Data on GI, MA, and regional macro indicators were obtained from the China Research Data Service (CNRDS) (https://www.cnrds.com/). Firm-level microdata and IAA were collected from the CSMAR database (https://data.csmar.com/). Data on CD were extracted manually from the corporate annual reports.



Financial firms were excluded due to their unique accounting standards and regulatory frameworks. Firms labeled as “special treatment” (ST) were also dropped, as such status indicates abnormal financial conditions such as sustained losses, which could distort innovation behavior. To mitigate the impact of extreme values, all continuous variables were winsorized at the 1–99% percentiles. The final sample comprised 6943 observations from 782 distinct firms. All data processing was performed using STATA 16.




3.2. Dependent Variable


Green Innovation (GI)


Green innovation (GI) is primarily measured using green patent applications. According to the classification standard of the China National Intellectual Property Administration, green patents include two categories: green invention patents and green utility model patents. Green invention patents emphasize novelty, inventiveness, and practical applicability, which are highly consistent with environmental sustainability objectives. By contrast, green utility model patents reflect incremental technological improvements in green practices [28,33].



Consistent with the prior literature, this study measured GI as the natural logarithm of one plus the number of green invention and green utility model patent applications in a given year [28]. This measure reflects firms’ output in green technological innovation. The detailed measurement approach is as follows:


  G I   ( G r e I n n o v )   =   L n   ( N u m b e r   o f   p a t e n t s   f i l e d   i n   t h e   y e a r + 1 )  



(1)









3.3. Independent Variable


Corporate Digitalization (CD)


Corporate digitalization (CD) reflects a firm’s adoption and deployment of digital technologies. Existing literature has proposed two primary methods for measuring CD. Some scholars used a binary variable indicating whether a firm implemented digital technologies in a given year (1 for adoption, 0 otherwise) [21]. However, the method cannot reflect the actual intensity or scope of digitalization, making it difficult to evaluate real economic effects accurately. Other scholars constructed a CD index using the logarithm of the frequency of digital-related keywords in annual reports [60]. This method overcomes the weakness of the binary measure and better captures the degree of digital transformation. Therefore, this study adopted the second method.



Digital-related terms were selected based on previous studies, including blockchain, artificial intelligence, cloud computing, big data, and digital information technology [60]. The detailed operation steps are as follows (see Figure 2): (1) Plain text was extracted from PDF-format annual reports using the pdfminer.six in Python 3.13.5. (2) Headers, footers, chart captions, and table serial numbers were removed using regular expressions. (3) Applied Jieba for tokenization, loading a custom dictionary aligned with the keywords shown in Figure 2. (4) Expressions preceded by negative words such as “none,” “no,” or “not” were excluded. (5) Filtered tokens by the relevant lexicon and counted their frequencies. (6) The CD index was calculated as the natural logarithm of one plus the total frequency of digital keywords:


  C D   ( D i g i t a l )   =   L n (   T o t a l   f r e q u e n c y + 1 )  



(2)
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Figure 2. Relevant Keywords Related to Corporate Digitalization. Source: Compiled by the authors; Keywords are based on the Zheng et al. (2023) [60]. 






Figure 2. Relevant Keywords Related to Corporate Digitalization. Source: Compiled by the authors; Keywords are based on the Zheng et al. (2023) [60].
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3.4. Mediating Variable


Investment Analysts’ Attention (IAA) and Media Attention (MA)


This study employed IAA as a mediating variable to investigate the relationship between CD and GIHPF. Previous studies mainly focus on the number of analysts, while ignoring the number of research reports. This may result in an incomplete evaluation of the mediating role of IAA [9,28,61]. To address the limitation, this study measured IAA using two complementary indicators [50]:




	(1)

	
Analyst coverage: the natural logarithm of one plus the number of analysts following the firm in a given year.




	(2)

	
Analyst reports: the natural logarithm of one plus the number of analyst research reports issued for the firm in a given year.









MA is widely defined as the extent of media coverage and public recognition of a firm [14]. The rapid advancement of digital communication has accelerated information dissemination and improved corporate transparency [58]. Following Chen et al., this study measured MA as the logarithm of one plus the total number of firm-related news reports published in major online media outlets within a given year [38].





3.5. Control Variable


In accordance with previous studies, this study included the following control variables: Size of board (board), Ratio of independent directors (InBoard), Firm age (Firmage), Innovation Capability (IC), and Regional Economic Development Level (EL) [47,52,60,62]. All measurement approaches for variables are presented in Table 2.




3.6. Model Establishment


Baseline Model


To control for unobserved firm-level heterogeneity, this study adopted a fixed effects model. This method controls for time-invariant firm-specific characteristics such as management quality and initial technological endowments, which could confound the relationship between CD and GIHPF [63]. Industry fixed effects were included to capture cross-industry differences in regulatory environments and technology adoption. while year fixed effects account for common shocks and policy changes over time [64]. Furthermore, standard errors were clustered at the firm level to account for potential heteroscedasticity and serial correlation within firms over time [65]. Therefore, the baseline regression model was constructed as follows:


    G r e I n n o v   i t   =   α   0   +   α   1     D i g i t a l   i t   +  ∑    α   n       C o n t r o l   i t   +   μ   i   +   γ   t   +   δ   j   +   ε   i t    



(3)




where     G r e I n n o v   i t     denotes the level of GI of firm “i” in year “t”, Independent Variable     D i g i t a l   i t     denotes the level of digitalization of firm “i” in year “t”    , C o n t r o l   i t     denotes the set of control variables,     μ   i     denotes firm-specific fixed effect.     γ   t     denotes the fixed year,     δ   j     denotes the fixed industry, and       ε   i t     is a random error term.     α   0     is a constant term,     a n d   α   1     is the coefficient of the independent variable.





3.7. Mediation Effect Model


This study adopted the stepwise regression analysis to explore the mediating effects of IAA and MA in the relationship between CD and GIHPF [45,60,66]. The stepwise regression follows the classical procedure proposed by Baron and Kenny (1986), which remains widely used in corporate sustainability and innovation research [44,67,68]. It enables the identification of both direct and indirect effects by testing the links between the independent variable, the mediators, and the dependent variable in sequence. The model is established as follows:


    M e d i a t o r   i t   =   β   0   +   β   1     D i g i t a l   i t   +  ∑    β   n       C o n t r o l   i t   +   μ   i   +   γ   t   +   δ   j   +   ε   i t    



(4)






    G r e I n n o v   i t   =   θ   0   +   θ   1     D i g i t a l   i t   +   θ   2     M e d i a t o r   i t   +  ∑    θ   n       C o n t r o l   i t   +   μ   i   +   γ   t   +   δ   j   +   ε   i t    



(5)




where     M e d i a t o r   i t     is IAA and MA level of firm “i” in year “t”, Mediator includes Analyst, Report, and MA, representing the number of analysts, the number of tracking research reports, and media reports, respectively. The specific operation steps are as follows:




	
Test whether     α   1     in Model (3) is significant. If     α   1     is significant, proceed to the next step.



	
Test models (4) and (5), whether the     β   1   ,   θ   1     and     θ   2     are significant. If all are significant and     θ   1     is less than     α   1    , it proves that the Mediator has a partial mediating effect between CD and GIHPF.



	
If     θ   1     is not significant, but     β   1     and     θ   2     are significant, it indicates that the Mediator completely mediates between CD and GIHPF.








Furthermore, to ensure the robustness of the results, this study adopted the bootstrap method with resampling performed 500 times based on the original sample. This method is preferred because it does not rely on the assumption of normality in the sampling distribution of the indirect effect [18,69]. It addresses the limitations of traditional stepwise regression, which may fail to detect the significance of mediation effects under small sample sizes or non-normal conditions [69]. Moreover, the bootstrap method also provides more accurate and reliable confidence intervals.





4. Results


4.1. Descriptive Statistical Analysis


Descriptive statistics of all the variables are provided in Table 3 of this study. The mean value of GIHPF is 0.307, with a minimum of 0 and a maximum of 3.664. In addition, the standard deviation of GIHPF is 0.684, indicating substantial cross-firm variation in GI performance and a relatively low overall average level among sample firms. Regarding CD, the mean, minimum, and maximum values are 0.750, 0, and 4.234, respectively. The standard deviation of CD is 0.925, suggesting large differences in digitalization intensity across firms and that some firms have not yet implemented digital strategies. For IAA, the mean value is 1.289, with a minimum of 0 and a maximum of 3.871. The standard deviation of 1.151, indicating heterogeneity in analyst coverage across heavily polluting firms. Further, for research reports, the mean value is 1.580, with a minimum of 0 and a maximum of 4.754. The standard deviation is 1.428. which indicates significant variations in the number of research reports by analysts tracking different heavily polluting firms. For MA, the mean value is 5.018, the minimum is 1.386, and the maximum is 9.262, with a standard deviation of 0.878, suggesting considerable variation in MA across companies.



To assess potential multicollinearity among the independent and control variables, this study conducts a Variance Inflation Factor (VIF) test. The results show that all VIF values are well below the commonly accepted threshold of 10, with the highest VIF being 1.49 and the lowest being 1.05 [70]. Therefore, the results indicate that all VIF values are below the conventional threshold of 10, with a maximum of 1.49 and a minimum of 1.05, suggesting no concerns about multicollinearity.




4.2. Correlation Analysis


Table 4 presents the Pearson correlation coefficients among the core variables. The correlation coefficient between CD and GIHPF is 0.057, which is statistically significant at the 1% level. This finding indicates a positive but weak correlation, suggesting that increases in corporate digitalization tend to be accompanied by higher GI engagement.




4.3. Baseline Model Results


Table 5 reports the baseline regression results for the effect of CD on GIHPF. All models use clustered (Company) standard errors to correct for potential biases from autocorrelation and heteroscedasticity. Column (1) shows that CD has a significantly positive effect on GIHPF (coefficient = 0.042, significant at the 5% level). After including control variables in Column (2), the coefficient slightly decreases to 0.041 but remains significant at the 5% level. In Column (3), after controlling for industry and year fixed effects, the coefficient rises to 0.047, still at the 5% significance level. Column (4) incorporates firm, industry, and year fixed effects, and the coefficient is 0.036, significant at the 1% level, and the model yields the highest R2 value of 0.612, indicating the best model fit. These results consistently confirm that CD significantly promotes GIHPF, supporting Hypothesis 1.




4.4. Robustness Test


To examine the robustness of the baseline model findings, this study conducts a series of robustness checks on the core explanatory variables and sample selection.



First, this study employs alternative measures of CD to ensure the robustness of the results. On the one hand, the measurement of the independent variable is refined by decomposing CD into four dimensions, namely digital technology application, internet business model, intelligent manufacturing, and modern information systems [22]. Based on this classification, a new proxy for CD (Digital2) is constructed by calculating the logarithm of the frequency of relevant keywords (plus one) extracted from annual reports of heavily polluting firms.



On the other hand, following prior studies, this study adopts the proportion of digital economy–related intangible assets as an alternative indicator of CD (Digital3) [71]. As reported in Table 6, Columns (1) and (2), the estimated coefficients of Digital2 and Digital3 remain significantly positive, indicating that the positive effect of CD on GIHPF is robust to different measurement approaches, thereby providing further support for Hypothesis 1.



Second, the potential dynamic effect of CD is considered by lagging CD by one period. The results in Column (3) remain positive and significant, supporting Hypothesis 1 again.



Third, this study also considers the influence of special events. For example, the persistent destructive impact of COVID-19 on the entire economic environment means that most firms cannot address the shortage of funds to implement green and sustainable strategies. To eliminate interference from the COVID-19 pandemic, observations from 2020 to 2021 are excluded, and the model is re-estimated for the periods 2012–2019 and 2022–2023. The results are indicated in Column (4) of Table 6; Hypothesis 1 is still supported.



Finally, as there is a considerable economic gap across various provinces in China, the provincial governments have inconsistent policies for supporting corporate sustainable development, mainly reflected in the level of GI development. To minimize estimation bias resulting from policy differences across provinces, this study fixes the provinces in the original base model. The results presented in Column (5) of Table 6 show that the final result remains robust.




4.5. Endogeneity Test


To address potential endogeneity concerns arising from reverse causality, this study applies a two-stage least squares (2SLS) regression. The 2SLS method helps correct for possible reverse causality and omitted variable bias by using instrumental variables [45]. In the first stage, CD is regressed on the selected instruments to isolate the exogenous component of digitalization. In the second stage, the predicted values of CD are used to estimate its effect on GIHPF.



Regarding the instrumental variable, this study constructs a Bartik (shift–share) instrument following established approaches in the literature [72,73]. Specifically, the instrumental variable is defined as the product of (i) the average industry digitalization level excluding the firm itself (share variable) and (ii) the national Internet user growth rate excluding the firm’s province (shift variable) [73,74]. For the exclusion restriction, the shift component reflects changes in national Internet development, which are unlikely to be affected by individual firms. In addition, excluding the firm’s own province helps reduce the possibility that local economic conditions or environmental policies jointly influence CD and GI. It is also unlikely that national Internet growth directly drives firm-level GIHPF. GI in these sectors usually depends on firm-specific investment, regulatory requirements, and technological capabilities. A more plausible channel is that Internet development promotes CD, which in turn affects GIHPF. Taken together, these arguments support the validity of the instrument.



This instrument exhibits strong relevance, as evidenced in Table 7: the first-stage regression yields a highly significant coefficient and a Wald F-statistic of 646.541, which is well above conventional critical values, confirming that it effectively captures macro-level digital transformation shocks filtered through industry exposure. The Kleibergen–Paap LM statistic of 408.513 further indicates ruling out under-identification. These diagnostic results demonstrate that the instrumental variable is valid and that the results are both robust and reliable.



As a further check, the Heckman two-stage model is employed to address potential self-selection bias. The decision to adopt digital transformation is not random and may be influenced by unobserved factors, which can lead to selection bias. In the first stage, a probit model estimates the likelihood of digital transformation. The inverse Mills ratio is then calculated to capture the likelihood that companies self-select into digital transformation based on both observed and unobserved characteristics [45]. In the second stage, the inverse Mills ratio is included in the outcome regression to control for this non-random selection. This method helps ensure that the estimated effect of CD on GIHPF is not biased by systematic differences between companies that choose to undergo digital transformation and those that do not [32].



Following prior studies, a dummy variable (Dummy_Digital) is constructed, where a company is assigned a value of 1 if it implements a digitalization strategy in a given year, and 0 otherwise [21,32]. In the first-stage model, a control variable indicating whether the company implements a GI is introduced, and a probit model is used to estimate the probability of the CD, obtaining the inverse Mills ratio (IMR). The IMR is incorporated into the regression equation in the second stage. Columns (3) and (4) of Table 7 show the Heckman results. The regression coefficient for Dummy_Digital is 0.206, a significantly positive value at the 5% level. Additionally, the IMR coefficient is −0.109, and the significance level is negligible. These findings indicate that the reliability of the results.



To mitigate potential endogeneity concerns arising from sample selection bias, this study adopts propensity score matching (PSM). To measure whether a company adopts a digital transformation strategy, this study continues to employ the variable (Dummy_Digital). Companies adopting digitalization are classified as the treatment group, while the remaining companies serve as the control group. The matching covariates include all control variables in this study. A radius matching method with a caliper of 0.05. The average treatment effect on the treated (ATT) is estimated at 0.0858, with a t-statistic of 5.09, indicating that CD achieve significantly higher levels of GIHPF compared to non-digitalized companies. Following matching, a regression analysis is performed on the matched samples, controlling for covariates, industry, and year fixed effects. The regression coefficient of Dummy_Digital remains significantly positive at the 5% level, with an estimated effect of 0.031, as shown in Column (5) of Table 7.




4.6. Mechanism Test


The previous hypothesis analysis posits that CD can facilitate GIHPF by increasing IAA and MA. The results of the IAA mechanism (the number of tracking analysts and the number of tracking research reports) are presented in columns (1), (2), (3), and (4) of Table 8, while the results of MA are shown in columns (5) and (6) of Table 8. Columns (1) and (2) show that CD significantly increases analyst coverage, which in turn promotes GIHPF. Thus, Hypothesis 2a is supported. Columns (3) and (4) indicate that CD also increases the number of analyst reports, which then enhances GIHPF, supporting Hypothesis 2b. Columns (5) and (6) of Table 8 show that the coefficient of MA is positively significant, indicating that CD can foster GIHPF by promoting the increase in MA, and Hypothesis 3 is supported.



In addition, to verify the robustness of the mediating effect, this study employs a bootstrap approach with 500 replications. The results show that the CD attracts the IAA, thereby promoting the number of analysts. The indirect effect is 0.0111, and the direct effect is 0.0302. This study reports the 95% bias-corrected confidence interval, which confirms the reliability of the partial mediating effect of the number of analysts. Furthermore, regarding the robustness analysis of the mediating effect of the number of research reports, the indirect effect is 0.0124, and the direct effect is 0.0290. The 95% bias-corrected confidence interval does not contain 0, and Hypothesis 2b is verified. Finally, the indirect effect of MA is 0.0045, and the direct effect is 0.0367. The 95% bias-corrected confidence interval does not contain 0, and the previous mediating effect test is supported.




4.7. Heterogeneity Analysis


4.7.1. Business Ownership


This study examines how CD influences GIHPF, taking into account the business ownership. The findings are summarized in Table 9. Column (1) of Table 9 reports the regression results for non-state-owned firms, and Column (2) for state-owned firms. Based on the results, in non-state-owned firms, CD positively and significantly influences the GIHPF (coefficient is 0.034, at the 1% level). However, in state-owned firms, CD does not have a significant impact on the GIHPF. The Chow test is employed to determine whether there are significant structural differences among multiple groups of samples, usually in the context of heterogeneity analysis. As shown in Table 9, F(7, 6929) = 30.87, p < 0.001. The results provide strong evidence to reject the null hypothesis of no structural change, indicating that the regression coefficients differ significantly before and after the cut-off point.



This study shows that in non- state-owned firms, CD has a significant and positive effect on GIHPF. However, there is no significant effect on state-owned firms, which differs from the findings of previous studies [75,76]. This finding can be attributed to three primary reasons. First, while prior studies focused on the overall sample of listed firms, this study specifically targets companies in heavily polluting industries. Such sample selection inherently leads to differences in corporate behavior and the digitalization–innovation pathway.



Second, existing research suggests that in heavily polluting industries, state-owned firms generally outperform non-state ownership in regulatory compliance, pollution control, and GI [77]. As a result, the incremental GI gains from additional digital investment are expected to be more limited for state ownership companies, reflecting a typical case of diminishing marginal returns, consistent with the findings of Zhao et al. [78,79].



Finally, differences in managerial incentives further widen the efficiency gap. In state-owned firms, managers are typically appointed by government agencies or higher-level corporate authorities, with performance evaluations emphasizing policy implementation and organizational stability. This structure discourages risk-taking in research and development, as innovation failures are penalized, while successful outcomes may not result in immediate managerial incentives [80]. In contrast, non- state-owned firms, often facing greater financing constraints, have stronger incentives to leverage CD to signal green performance and attract capital, particularly from green investors. Consequently, non-state-owned firms are more likely to experience the advantages of CD in the process of GI, promoting the commercialization of green patents and products.




4.7.2. Regional Heterogeneity


This study also investigates the effect of CD on GIHPF, taking into account their geographical locations. The results are shown in Table 10. Columns (1), (2), and (3) of Table 10 display GIHPF in the western, central, and eastern regions, respectively. The findings suggest that, there is no significant relationship between CD and GIHPF in the Western region. However, in both the central and eastern regions, CD has a positive impact on GI in these firms. Notably, the regression coefficient for firms in the central region is higher (0.053, significant at the 5% level). In particular, CD appears to have a stronger positive effect on GIHPF in the central region compared to those in the eastern region. Furthermore, since there are three regression groups, two Chow tests must be conducted to assess coefficient heterogeneity. The Chow tests identify whether the regression coefficients differ significantly across regions [81]. According to Table 10, the p-values for the Chow tests in columns (1), (2), and (3) are all statistically significant. This strongly rejects the null hypothesis of no structural change, indicating that the regression coefficients differ significantly before and after the cut-off point.



Several factors contribute to this regional divergence. First, a substantial gap remains in the policy frameworks supporting GI between less-developed and more-developed regions in China [31]. The eastern region benefits from advanced economic development, a mature technological infrastructure, robust policy support, and an industrial structure heavily concentrated in high-tech sectors. As a result, many heavily polluting firms in the east have already completed the initial stages of GI, including digitalization and technological upgrading [82]. Therefore, the marginal benefits of further digitalization on GIHPF tend to be lower.



In contrast, the central region still features a dominant presence of traditional heavily polluting industries, while also enjoying relatively better infrastructure and government support compared to the western region [31]. Companies in this region face dual pressures from regulatory authorities and market stakeholders, prompting them to prioritize green development in order to secure policy incentives and enhance market competitiveness. In this context, CD has become a critical tool for companies in the central region to accelerate GI and transition toward sustainable development.



The western region presents a different scenario. Due to underdeveloped economic conditions, complex terrain, and significant gaps in transportation infrastructure, companies in the west are more focused on survival than on environmental innovation. Limited resources and weaker policy enforcement further constrain their capacity to leverage digital technologies for GI.




4.7.3. Firm Lifecycle


This study further examines the heterogeneous effects of CD on GIHPF across different stages of the firm lifecycle. Following the mainstream classification approach in prior literature, this study divides firm lifecycle into three stages: growing period, mature period, and recession period [7,38]. The results are reported in Table 11. Columns (1), (2), and (3) present the regression results for firms in the growing, mature, and recession periods, respectively. The findings show that CD has a significantly positive effect on GIHPF in both the growing and mature periods, with coefficients of 0.050 and 0.047, respectively, both significant at the 5% level. In contrast, the effect of CD on GIHPF in the recession period is not statistically significant. The results of Chow test indicate that the differences in coefficients across lifecycle stages are statistically significant, suggesting clear heterogeneity in the impact of CD on GIHPF.



For firms in the growing period, CD significantly promotes GIHPF. This may be attributed to the strong expansion incentives faced by growing firms. At this stage, firms actively invest in digital technologies to improve operational efficiency, expand production scale, and optimize resource allocation [83]. These improvements not only reduce costs but also create favorable conditions for undertaking GI, as firms are more capable of integrating digital technologies with environmentally oriented innovation activities.



In the mature period, CD continues to exert a positive and significant effect on GIHPF. Firms at this stage often encounter growth bottlenecks and increasing pressure to upgrade their business models. As a result, they are more likely to use digitalization as a tool to facilitate strategic transformation, including investments in GI. In addition, mature firms typically possess more stable financial resources and organizational capabilities, which enable them to support long-term and uncertain GI activities [83].



In contrast, the effect of CD on GIHPF is not significant for firms in the recession period. Firms in this stage are generally more constrained by declining performance, intensified competition, and limited financial resources. Under such conditions, firms tend to prioritize short-term survival over long-term investments, reducing their willingness to engage in risky and resource-intensive GI activities [84]. Consequently, the role of CD in promoting GIHPF becomes less pronounced.






5. Discussion


The relationship between GI and digital transformation has attracted increasing scholarly attention [23,85,86]. However, limited research has examined how digitalization can drive heavily polluting firms to implement GI. This study finds that firms with higher levels of digitalization are generally more proactive in pursuing GI. Further analysis reveals that digital transformation not only directly facilitates GI but also strengthens corporate sustainability incentives through investment in IAA and MA.



Compared with the existing literature, this study makes the following contributions. First, this study enriches the relatively limited literature on the relationship between CD and GIHPF. Using evidence from China’s heavily polluting industries, this study shows that CD significantly promotes GIHPF. This effect arises because firms in such industries typically face substantial barriers to GI, including technological uncertainty, inefficient resource allocation, and financial constraints [60,87]. CD helps to mitigate these challenges by enabling knowledge sharing through modern digital technologies, thereby addressing inefficiencies in resource allocation and gaps in technological awareness. More importantly, the improved transparency brought about by CD enhances corporate financing opportunities. Digital technologies enable financial institutions to strengthen monitoring, expand financing channels, and lower financing costs [68]. In other words, by leveraging digital technologies, firms can alleviate financial constraints and become more willing to engage in GI.



Second, similar patterns have been observed in other regions. Comparative evidence from the EU and the US underscores a similar “twin transition” in which digitally advanced firms are more likely to invest in environmental sustainability. European firms in heavily polluting industries are increasingly engaged in green investments [88]. Furthermore, a recent time-series study based on US data finds that innovation in artificial intelligence and the digital economy significantly reduces CO2 emissions, highlighting the effectiveness of digital-driven green transitions even in mature industrial contexts [89].



Third, this study further advances understanding of the mechanisms linking CD and GIHPF. This study finds that CD promotes GIHPF not only directly but also indirectly through IAA and MA. Unlike prior studies, this study explicitly captures the heterogeneity of IAA by incorporating two dimensions: the number of analysts tracking the firm and the number of analyst research reports focusing on the firm [9,28,61]. The results indicate that IAA plays a partial mediating role in the relationship between CD and GIHPF. This effect suggests that firms with higher levels of CD are more likely to attract greater attention from both analysts and media outlets [9]. Such attention provides crucial external monitoring and increases reputational pressure, thereby fostering the adoption of GIHPF [56,58].



This study expands the theoretical framework of CD and GIHPF. On the one hand, existing studies pay limited attention to the institutional and informational mechanisms behind CD [9,90]. This study uses information asymmetry theory to explain why CD helps reduce information gaps and stimulate GI. The findings show that CD is not only a technical tool but also an important channel for improving information transparency and external supervision. On the other hand, this study also enriches the application of stakeholder theory. The results confirm that IAA and MA act as important external governance forces. CD helps firms disclose more credible information, which attracts more IAA and MA. These intermediaries then strengthen supervision and push firms to improve GI. This mechanism offers a new theoretical explanation for GIHPF.




6. Conclusions and Implications


This study examines the impact of CD on GIHPF using panel data from Chinese listed companies over the period 2012–2023. Building on information asymmetry theory and stakeholder theory, this study explores both the direct effect of CD and the indirect channels through external information intermediaries.



The empirical results show that CD significantly promotes GIHPF, and this finding remains robust across a series of tests. Further analysis indicates that CD enhances GIHPF not only through internal efficiency improvements but also by attracting greater IAA and MA, highlighting the role of external information channels in shaping firms’ GI behavior.



In addition, the results reveal substantial heterogeneity in the effect of CD. The positive impact is more pronounced in non-state-owned firms and firms located in central regions, while it is not statistically significant in state-owned firms and firms in less developed regions. Moreover, differences across firm life cycle stages are also observed. The effect of CD is stronger among firms in the maturity stage, whereas it is weaker among firms in the growth stage, reflecting variations in firms’ strategic priorities and resource allocation patterns at different stages of development. Further, the findings of this study yield both theoretical and policy implications.



Theoretical implication: First, this study extends the literature on CD and GIHPF. Most previous studies discuss the topic at a regional or general firm level [8,26]. This study provides targeted theoretical evidence for heavily polluting industries, which helps clarify the unique constraints and incentives in these industries.



Moreover, this study integrates information asymmetry theory and stakeholder theory to establish a complete analytical framework. The study clarifies that digitalization promotes GI by improving information transparency and attracting external supervision. This view goes beyond the traditional technology-oriented explanation and highlights the role of information and governance mechanisms.



Further, this study identifies heterogeneous effects of CD on GIHPF. The differences across business ownership, regions, and firm lifecycles show that the impact of digitalization is not universal. These findings help explain inconsistent results in previous studies and improve the theoretical accuracy of research in this field.



Policy implication: Policymakers should recognize CD as a critical driver of corporate green upgrading. Promoting the integration of digital technologies into corporate operations can indirectly stimulate GI by enhancing information dissemination and attracting external supervision from analysts and media. Establishing supportive digital infrastructure and encouraging the use of digital management systems in polluting sectors may help accelerate this process.



Moreover, given the role of external supervision in promoting environmentally responsible corporate behavior, regulatory bodies should focus on improving the quality and accessibility of corporate environmental disclosures. By lowering information acquisition costs for market participants such as analysts and media, policymakers can amplify the market-based monitoring effect, which complements formal environmental regulation.



Further, the differentiated impact of digitalization across ownership types and regions suggests the need for tailored policy tools. Instead of implementing uniform mandates, policies should provide targeted incentives that encourage non-state-owned firms and firms in central regions to leverage digital technologies for GI. This approach helps align CD efforts with environmental objectives while respecting the heterogeneity in business ownership and local conditions.




7. Limitations and Future Research


7.1. Limitations


This study acknowledges several limitations. First, this study focuses exclusively on heavily polluting industries, which may limit the generalizability of the findings. Although these industries play a critical role in achieving national sustainability goals, the mechanisms by which CD promotes GI are likely to differ in other industries. Second, the empirical analysis is confined to China. The institutional, regulatory, and market differences between China and other countries may influence the relationship between CD and GI. These contextual factors may affect the generalization of the results to other countries.




7.2. Future Research


Future studies could address these limitations in several ways. Expanding the scope of future research to include a broader range of industries would help determine whether the observed mechanisms apply beyond heavily polluting firms. Furthermore, incorporating international data would provide valuable insights into how different institutional environments shape the interaction between CD and environmental strategies. Cross-country comparisons, particularly involving the United States and EU member states, could test the robustness of these findings and provide a more comprehensive understanding of the global green digital transition.
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Figure 1. The CD-GIHPF Framework. Source: Compiled by the authors. 
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Table 1. Classification of Heavily Polluting Industries.






Table 1. Classification of Heavily Polluting Industries.





	Code
	Industry Classification





	B06
	Coal mining and washing industry



	B07
	Oil and gas extraction industry



	B08
	The mining and selection of ferrous metals.



	B09
	Non-ferrous metal mining and selection industry



	C17
	Textile Industry



	C19
	Leather, fur, feather, and their product manufacturing, and the footwear industry



	C22
	Paper and paper products industry



	C25
	Petroleum refining, coal coking, and nuclear fuel processing industries.



	C26
	Chemical raw materials and chemical products manufacturing industry



	C28
	Chemical fiber manufacturing industry



	C29
	Rubber and plastic products industry



	C30
	Non-metallic mineral products industry



	C31
	The smelting and rolling processing industry of ferrous metals



	C32
	Non-ferrous metal smelting and rolling processing industry



	D44
	Electricity, heat, and power production and supply industry







Source: Compiled by the authors; Classification criteria are based on the China Securities Regulatory Commission.













 





Table 2. Measurement Approaches of Variables.






Table 2. Measurement Approaches of Variables.





	
Variable

	
Definition

	
Symbol

	
Proxy






	
Dependent Variable

	
Green Innovation

	
GreInnov

	
ln (Number of green patents filed in the year + 1)




	
Independent Variable

	
Corporate Digitalization

	
Digital

	
ln (total frequency calculated by text analysis + 1)




	
Control Variable

	
Board Size

	
Board

	
ln (Number of directors on the Board)




	
Proportion of Independent Directors

	
InBoard

	
Number of independent boards/Number of board members




	
Firm Age

	
Firmage

	
ln (Age of establishment + 1)




	
Innovation Capability

	
IC

	
ln (Number of provincial patent applications)




	
Regional Economic Development Level

	
EL

	
Total GDP of the province/Total population of the province




	
Mediating Variable

	
Attention by Analysts

	
Analyst

	
ln (Number of analysts tracking and analyzing companies + 1)




	
Attention of the Research Report

	
Report

	
ln (Number of research report tracking and analyzing companies + 1)




	
Media Attention

	
Media

	
ln (Number of media reports + 1)








Source: Compiled by the authors.













 





Table 3. Descriptive Statistics and VIF Value.






Table 3. Descriptive Statistics and VIF Value.















	Variable
	Obs
	Mean
	Std.Dev.
	Min
	Max
	VIF
	1/VIF





	GreInnov
	6943
	0.307
	0.684
	0.000
	3.664
	
	



	Digital
	6943
	0.750
	0.925
	0.000
	4.234
	1.05
	0.951



	Analyst
	6943
	1.289
	1.151
	0.000
	3.871
	1.30
	0.768



	Report
	6943
	1.580
	1.428
	0.000
	4.754
	1.31
	0.762



	Media
	6943
	5.018
	0.878
	1.386
	9.262
	1.31
	0.764



	Board
	6943
	2.146
	0.199
	1.609
	2.708
	1.49
	0.670



	InBoard
	6943
	0.373
	0.051
	0.286
	0.600
	1.40
	0.714



	Firmage
	6943
	2.981
	0.306
	1.609
	3.638
	1.06
	0.941



	IC
	6943
	10.570
	1.317
	4.394
	12.400
	1.41
	0.712



	EL
	6943
	15,154
	8999
	5423
	49,352
	1.31
	0.762







Source: Compiled by the authors.













 





Table 4. Correlational Analysis.






Table 4. Correlational Analysis.


















	
	GreInnov
	Digital
	Board
	InBoard
	Firmage
	IC
	EL
	Analyst
	Report
	Media





	GreInnov
	1
	
	
	
	
	
	
	
	
	



	Digital
	0.057 ***
	1
	
	
	
	
	
	
	
	



	Board
	0.130 ***
	−0.047 ***
	1
	
	
	
	
	
	
	



	InBoard
	0.011
	0.066 ***
	−0.515 ***
	1
	
	
	
	
	
	



	Firmage
	−0.002
	0.111 ***
	0.049 ***
	0.0100
	1
	
	
	
	
	



	IC
	0.019
	0.152 ***
	−0.167 ***
	0.055 ***
	0.051 ***
	1
	
	
	
	



	EL
	0.017
	0.066 ***
	−0.030 *
	0.037 **
	−0.044 ***
	0.475 ***
	1
	
	
	



	Analyst
	0.186 ***
	0.079 ***
	0.148 ***
	−0.00700
	−0.156 ***
	0.033 **
	0.078 ***
	1
	
	



	Report
	0.189 ***
	0.088 ***
	0.143 ***
	−0.00600
	−0.154 ***
	0.037 **
	0.079 ***
	0.988 ***
	1
	



	Media
	0.222 ***
	−0.00300
	0.170 ***
	0.029 *
	−0.108 ***
	−0.156 ***
	−0.00600
	0.436 ***
	0.439 ***
	1







* p < 0.1, ** p < 0.05, *** p < 0.01; Source: Compiled by the authors.













 





Table 5. Results of the Baseline Model.






Table 5. Results of the Baseline Model.





	

	
(1)

	
(2)

	
(3)

	
(4)




	

	
GreInnov

	
GreInnov

	
GreInnov

	
GreInnov






	
Digital

	
0.042 **

	
0.041 **

	
0.047 **

	
0.036 ***




	

	
(0.020)

	
(0.019)

	
(0.021)

	
(0.013)




	
Control Variable

	
NO

	
YES

	
YES

	
YES




	
_cons

	
0.276 ***

	
−1.770 ***

	
−0.872

	
1.558 **




	

	
(0.022)

	
(0.477)

	
(0.630)

	
(0.731)




	
N

	
6943

	
6943

	
6943

	
6943




	
R2

	
0.003

	
0.031

	
0.079

	
0.612




	
adj. R2

	
0.003

	
0.030

	
0.071

	
0.561




	
F

	
4.700

	
5.738

	
5.530

	
2.745




	
Company

	
NO

	
NO

	
NO

	
YES




	
Industry

	
NO

	
NO

	
YES

	
YES




	
Year

	
NO

	
NO

	
YES

	
YES








Clustered (Company) standard errors in parentheses ** p < 0.05, *** p < 0.01. Source: Compiled by the authors.













 





Table 6. Robustness Test.






Table 6. Robustness Test.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)




	
Variables Name

	
GreInnov

	
GreInnov

	
GreInnov

	
GreInnov

	
GreInnov






	
Digital2

	
0.030 **

	

	

	

	




	

	
(0.012)

	

	

	

	




	
Digital3

	

	
0.002 **

	

	

	




	

	

	
(0.001)

	

	

	




	
L.Digital

	

	

	
0.030 **

	

	




	

	

	

	
(0.013)

	

	




	
Digital

	

	

	

	
0.031 **

	
0.036 ***




	

	

	

	

	
(0.013)

	
(0.013)




	
Control Variable

	
YES

	

	
YES

	
YES

	
YES




	
_cons

	
1.468 **

	
−1.591 ***

	
1.750 **

	
1.315 *

	
1.558 **




	

	
(0.731)

	
(0.213)

	
(0.857)

	
(0.743)

	
(0.733)




	
N

	
6943

	
5174

	
6002

	
5715

	
6943




	
R2

	
0.612

	
0.025

	
0.633

	
0.628

	
0.612




	
adj. R2

	
0.560

	
0.024

	
0.579

	
0.568

	
0.558




	
F

	
2.459

	
21.781

	
2.622

	
2.404

	
2.733




	
Firm

	
YES

	
YES

	
YES

	
YES

	
YES




	
Year

	
YES

	
YES

	
YES

	
YES

	
YES




	
Industry

	
YES

	
YES

	
YES

	
YES

	
YES




	
Province

	
NO

	
NO

	
NO

	
NO

	
YES








Clustered (Company) standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01. Source: Compiled by the authors.













 





Table 7. Results of Endogeneity Test.






Table 7. Results of Endogeneity Test.





	

	
(1)

	
(2)

	
(3)

	
(4)

	
(5)




	

	
First-Stage

	
Second-Stage

	
First-Stage

	
Second-Stage

	




	
Variables Name

	
Digital

	
GreInnov

	
Digital

	
GreInnov

	
GreInnov






	
Bartik

	
0.178 ***

	

	

	

	




	

	
(0.01)

	

	

	

	




	
Digital

	

	
0.046 ***

	

	

	




	

	

	
(0.01)

	

	

	




	
Dummy_Digital

	

	

	

	
0.206 **

	
0.031 **




	

	

	

	

	
(0.091)

	
(0.016)




	
IMR

	

	

	

	
−0.109 **

	




	

	

	

	

	
(0.05)

	




	
Control Variable

	
YES

	
YES

	
YES

	
YES

	
YES




	
Observations

	
6943

	
6943

	
5688

	
5688

	
6941




	
R2

	

	

	

	
0.017

	
0.611




	
Kleibergen-PaaprkLMstatistic

	
408.513 ***

	

	




	
The first stage F value

	
646.541

	

	




	
Firm

	
YES

	

	
YES




	
Year

	
YES

	

	
YES




	
Industry

	
YES

	

	
YES








Clustered (Company) standard errors in parentheses ** p < 0.05, *** p < 0.01. Source: Compiled by the authors.













 





Table 8. Mechanism Examination.
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(1)

	
(2)

	
(3)

	
(4)

	
(5)

	
(6)




	

	
Analyst

	
GreInnov

	
Report

	
GreInnov

	
Media

	
GreInnov






	
Digital

	
0.085 ***

	
0.033 ***

	
0.108 ***

	
0.033 ***

	
0.031 **

	
0.035 ***




	

	
(0.023)

	
(0.012)

	
(0.029)

	
(0.012)

	
(0.014)

	
(0.009)




	
Analyst

	

	
0.034 ***

	

	

	

	




	

	

	
(0.012)

	

	

	

	




	
Report

	

	

	

	
0.025 ***

	

	




	

	

	

	

	
(0.009)

	

	




	
Media

	

	

	

	

	

	
0.024 **




	

	

	

	

	

	

	
(0.012)




	
Control Variable

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
_cons

	
3.482 **

	
1.441 *

	
4.404 **

	
1.446 **

	
3.242 ***

	
1.480 ***




	

	
(1.431)

	
(0.735)

	
(1.757)

	
(0.733)

	
(0.845)

	
(0.521)




	
N

	
6943

	
6943

	
6943

	
6943

	
6943

	
6943




	
R2

	
0.676

	
0.613

	
0.671

	
0.613

	
0.689

	
0.612




	
adj. R2

	
0.634

	
0.562

	
0.627

	
0.562

	
0.648

	
0.562




	
F

	
4.851

	
3.045

	
4.663

	
2.904

	
2.994

	
5.590




	
Firm

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Year

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Industry

	
YES

	
YES

	
YES

	
YES

	
YES

	
YES




	
Indirect Effect

	
0.0111

	
0.0124

	
0.0045




	
95% CI

	
[0.0785, 0.0144]

	
[0.0088, 0.0159]

	
[0.0009, 0.0081]




	
Direct Effect

	
0.0302

	
0.0290

	
0.0367




	
95% CI

	
[0.0116, 0.0489]

	
[0.0104, 0.0476]

	
[0.0188, 0.0549]








Clustered (Company) standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01. Source(s): Compiled by the authors.













 





Table 9. Business Ownership.






Table 9. Business Ownership.





	

	
NON-SOE

	
SOE




	
Variables Name

	
GreInnov

	
GreInnov






	
Digital

	
0.034 ***

	
0.035




	

	
(0.013)

	
(0.024)




	
Control Variable

	
YES

	
YES




	
_cons

	
0.173

	
4.078 *




	

	
(0.674)

	
(2.168)




	
N

	
3776

	
3148




	
R2

	
0.523

	
0.667




	
adj. R2

	
0.448

	
0.623




	
F

	
1.884

	
1.607




	
Firm

	
YES

	
YES




	
Year

	
YES

	
YES




	
Industry

	
YES

	
YES




	
Chow Test

	
30.87 ***








Clustered (Company) standard errors in parentheses * p < 0.1, *** p < 0.01. Source(s): Compiled by the authors.













 





Table 10. Corporate Location.






Table 10. Corporate Location.





	

	
Western

	
Central

	
Eastern




	
Variables Name

	
GreInnov

	
GreInnov

	
GreInnov






	
Digital

	
0.032

	
0.053 **

	
0.027 **




	

	
(0.025)

	
(0.021)

	
(0.011)




	
Control Variable

	
YES

	
YES

	
YES




	
_cons

	
4.551 ***

	
1.848

	
0.978




	

	
(1.687)

	
(1.168)

	
(0.662)




	
N

	
1367

	
1573

	
3956




	
R2

	
0.567

	
0.612

	
0.632




	
adj. R2

	
0.506

	
0.563

	
0.581




	
F

	
2.844

	
2.113

	
5.530




	
Firm

	
YES

	
YES

	
YES




	
Year

	
YES

	
YES

	
YES




	
Industry

	
YES

	
YES

	
YES




	
Chow Test

	
5.95 ***

	
5.93 ***

	
9.45 ***








Clustered (Company) Standard errors in parentheses ** p < 0.05, *** p < 0.01; Source(s): Compiled by the authors. The Chow test reported in Column (1) evaluates whether the regression coefficients differ significantly between the models represented in columns (1) and (2). The test in Column (2) evaluates the differences between the regressions of columns (2) and (3), while the test in Column (3) evaluates the coefficient differences between the regressions shown in columns (1) and (3).













 





Table 11. Firm Lifecycle.






Table 11. Firm Lifecycle.





	

	
Growing Period

	
Mature Period

	
Recession Period




	
Variables Name

	
GreInnov

	
GreInnov

	
GreInnov






	
Digital

	
0.050 **

	
0.047 **

	
0.017




	

	
(0.020)

	
(0.022)

	
(0.018)




	
Control Variable

	
YES

	
YES

	
YES




	
_cons

	
3.513 ***

	
1.239

	
2.043




	

	
(1.066)

	
(1.212)

	
(1.272)




	
N

	
2163

	
1962

	
2209




	
R2

	
0.715

	
0.665

	
0.629




	
adj. R2

	
0.616

	
0.557

	
0.531




	
F

	
5.292

	
1.620

	
1.785




	
Firm

	
YES

	
YES

	
YES




	
Year

	
YES

	
YES

	
YES




	
Industry

	
YES

	
YES

	
YES




	
Chow Test

	
3.13 ***

	
3.95 ***

	
2.77 ***








Clustered (Company) Standard errors in parentheses ** p < 0.05, *** p < 0.01; Source(s): Compiled by the authors. The Chow test reported in Column (1) evaluates whether the regression coefficients differ significantly between the models represented in columns (1) and (2). The test in Column (2) evaluates the differences between the regressions of columns (2) and (3), while the test in Column (3) evaluates the coefficient differences between the regressions shown in columns (1) and (3).
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