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Abstract 

This study investigates the relationship between corporate digital innovation and Environmental, 
Social, and Governance (ESG) performance, with a specific focus on the mediating role of 
Generative Artificial Intelligence (GAI) technology adoption. Using a comprehensive panel dataset 
of 8,000 firm-year observations from the CMARS and WIND database spanning from 2015 to 2023, 
we employ multiple econometric techniques to examine this relationship. Our findings reveal that 
digital innovation significantly enhances corporate ESG performance, with GAI technology 
adoption serving as a crucial mediating mechanism. Specifically, digital innovation positively 
influences GAI technology adoption, which subsequently improves ESG performance. Furthermore, 
our heterogeneity analysis indicates that this relationship varies across firm size, industry type, and 
ownership structure. Finally, our results remain robust after addressing potential endogeneity 
concerns through instrumental variable estimation, propensity score matching, and difference-in-
differences approaches. This research contributes to the growing literature on technology-driven 
sustainability transformations and offers practical implications for corporate strategy and policy 
development in promoting sustainable business practices through technological advancement. 

Keywords: Digital Innovation; ESG Performance; Generative Artificial Intelligence; Technology 
Adoption; Corporate Sustainability 

 

1. Introduction 

As environmental challenges, social inequalities, and governance issues continue to dominate 
global discourse, corporations face increasing pressure to integrate Environmental, Social, and 
Governance (ESG) considerations into their business operations. Concurrently, the rapid 
advancement of digital technologies has fundamentally transformed business models, operational 
processes, and competitive landscapes (Acemoglu & Restrepo, 2019; Bharadwaj et al., 2013). The 
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convergence of these two trends—corporate sustainability and digital transformation—presents 
both opportunities and challenges for contemporary businesses (George et al., 2020). 

Digital innovation, characterized by the integration of digital technologies into business 
processes and the creation of novel digital products and services, has been recognized as a potential 
enabler of sustainable business practices (Nambisan et al., 2019). By enhancing operational 
efficiency, facilitating resource optimization, enabling remote work arrangements, and fostering 
transparency, digital technologies may contribute to improved environmental performance, social 
responsibility, and governance practices (Bai et al., 2022). However, the mechanisms through 
which digital innovation influences ESG performance remain underexplored in the extant literature. 

Among the diverse digital technologies emerging in recent years, Generative Artificial 
Intelligence (GAI) represents a particularly promising avenue for enhancing corporate 
sustainability. GAI technologies, which encompass machine learning algorithms capable of 
generating new content, designs, or solutions based on existing data, have demonstrated significant 
potential in addressing complex environmental and social challenges (Brynjolfsson & McAfee, 
2017; Rahwan et al., 2019). From optimizing energy consumption and waste management to 
enhancing diversity and inclusion through unbiased decision-making, GAI applications span across 
various dimensions of ESG performance (Vinuesa et al., 2020). 

Despite the growing interest in the intersection of digital innovation, GAI technology, and 
corporate sustainability, empirical evidence on the relationships among these constructs remains 
limited. Several important questions warrant investigation: Does digital innovation significantly 
enhance corporate ESG performance? If so, does GAI technology adoption mediate this 
relationship? Are these relationships consistent across different types of firms and industries? 
Addressing these questions is essential for advancing our understanding of the role of digital 
technologies in promoting corporate sustainability and informing effective policy interventions. 

Furthermore, our study aims to fill this research gap by examining the impact of digital 
innovation on corporate ESG performance, with a specific focus on the mediating role of GAI 
technology adoption. Moreover, drawing on the resource-based view (Barney, 1991), dynamic 
capabilities perspective (Teece et al., 1997), and innovation diffusion theory (Rogers, 2003), we 
develop a conceptual framework that elucidates the mechanisms through which digital innovation 
influences ESG performance through GAI technology adoption. We test this framework using a 
comprehensive panel dataset of 8,000 firm-year observations from Chinese listed companies, 
leveraging the CMARS WIND database for the period 2015-2023. 

Our study makes several significant contributions to the literature. First, we provide empirical 
evidence on the relationship between digital innovation and corporate ESG performance, 
addressing the lack of quantitative research in this domain. Second, we identify GAI technology 
adoption as a critical mediating mechanism in this relationship, offering insights into the pathways 
through which digital innovation influences sustainability outcomes. Third, by examining 
heterogeneity across firm characteristics, we provide a nuanced understanding of contextual factors 
that shape the effectiveness of digital innovation in enhancing ESG performance. Finally, our 
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findings offer practical implications for corporate strategy and policy development, highlighting 
the potential of digital technologies, particularly GAI, in driving sustainable business practices. 

The remainder of this paper is organized as follows: Section 2 reviews the relevant literature and 
develops our hypotheses. Section 3 describes the data and methodology employed in our analysis. 
Section 4 presents the empirical results, including baseline estimations, robustness checks, 
endogeneity analyses, heterogeneity analyses, and mechanism tests. Section 5 discusses the 
implications of our findings and concludes with policy recommendations. 

 

2. Literature Review and Hypothesis Development 

2.1. Digital Innovation and ESG Performance 

Digital innovation refers to the use of digital technologies to develop new products, services, 
business models, or organizational processes (Nambisan et al., 2017). It encompasses various 
technologies, including artificial intelligence, blockchain, cloud computing, big data analytics, and 
the Internet of Things (Vial, 2019). The relationship between digital innovation and ESG 
performance has gained increasing attention in recent years, with several theoretical perspectives 
suggesting potential linkages. 

From a resource-based view, digital innovation can be conceptualized as a strategic 
organizational capability that enables firms to utilize resources more efficiently, thereby reducing 
environmental impact (Hart, 1995; Russo & Fouts, 1997). For instance, digital technologies can 
optimize energy consumption, reduce waste generation, and minimize carbon emissions through 
improved monitoring and control systems (Shrivastava, 1995). Additionally, digital platforms can 
facilitate stakeholder engagement, enhance supply chain transparency, and promote ethical business 
practices, contributing to improved social and governance performance (Whelan & Fink, 2016). 

Empirical research has begun to document the positive effects of digital innovation on various 
aspects of ESG performance. Porter and Kramer (2011) demonstrate how digital technologies 
enable firms to create shared value, simultaneously addressing social challenges and enhancing 
competitiveness. Fiksel et al. (2014) highlight the role of digital innovation in developing resilient 
and sustainable supply chains. More recently, George et al. (2020) show that digital transformation 
initiatives contribute to the achievement of the United Nations Sustainable Development Goals 
(SDGs). 

However, the literature also acknowledges potential negative effects of digital innovation on 
ESG performance. Concerns include the environmental impact of digital infrastructure, privacy and 
security risks, job displacement due to automation, and the digital divide (Lindgreen et al., 2019). 
These mixed perspectives highlight the complexity of the relationship between digital innovation 
and ESG performance and underscore the need for robust empirical investigation. 

Building on the predominant view that digital innovation enhances operational efficiency, 
resource optimization, and transparency—factors associated with improved ESG performance—
we propose: 
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Hypothesis 1 (H1): Digital innovation positively influences corporate ESG performance. 

2.2. Digital Innovation and GAI Technology Adoption 

Generative Artificial Intelligence (GAI) represents a subset of artificial intelligence technologies 
that can create new content, designs, or solutions based on existing data (Goodfellow et al., 2014). 
Examples include generative adversarial networks (GANs), variational autoencoders, and 
transformer-based language models, which have demonstrated remarkable capabilities in 
generating images, text, music, and other creative outputs (Brown et al., 2020). 

The adoption of GAI technologies in corporate settings is influenced by various organizational 
factors, including technological readiness, absorptive capacity, and strategic orientation 
(Damanpour & Schneider, 2006). Drawing on innovation diffusion theory (Rogers, 2003), firms 
with higher levels of digital innovation are more likely to adopt advanced technologies such as GAI 
due to greater technological expertise, innovation-oriented culture, and established digital 
infrastructure. 

Digital innovation contributes to GAI technology adoption through several mechanisms. First, 
firms engaged in digital innovation develop technical capabilities and knowledge that facilitate the 
integration of complex technologies like GAI (Cohen & Levinthal, 1990). Second, digital 
innovation fosters an organizational culture that values experimentation and risk-taking, 
characteristics conducive to the adoption of emerging technologies (Teece, 2007). Third, digital 
innovation typically involves the development of complementary assets, such as data collection 
systems and cloud infrastructure, which are prerequisites for effective GAI implementation 
(Brynjolfsson & McAfee, 2017). 

Empirical evidence supports these theoretical arguments. Ransbotham et al. (2017) find that 
organizations with higher digital maturity are more likely to adopt AI technologies. Similarly, 
Bughin et al. (2018) document a strong correlation between organizational digital capabilities and 
AI adoption. Building on this literature, we propose: 

Hypothesis 2 (H2): Digital innovation positively influences GAI technology adoption. 

2.3. GAI Technology Adoption and ESG Performance 

The potential impact of GAI technologies on corporate sustainability is multifaceted. From an 
environmental perspective, GAI can optimize resource allocation, predict ecological impacts, 
design eco-friendly products, and enhance energy efficiency (Vinuesa et al., 2020). In the social 
domain, GAI applications can improve healthcare accessibility, enhance educational outcomes, 
promote diversity and inclusion through unbiased decision-making, and address social inequalities 
(Cowls et al., 2021). Regarding governance, GAI can strengthen risk management, detect 
fraudulent activities, enhance transparency, and improve stakeholder communication (Dwivedi et 
al., 2021). 

The theoretical foundation for the relationship between GAI technology adoption and ESG 
performance can be found in the dynamic capabilities perspective (Teece et al., 1997). GAI 
technologies enable firms to sense environmental changes, seize opportunities for sustainable 
innovation, and reconfigure resources to address emerging sustainability challenges (Teece, 2007). 
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By enhancing organizational learning, decision-making, and adaptability, GAI technologies 
strengthen firms' capabilities to respond to evolving ESG expectations (Schretzen et al., 2021). 

Emerging empirical evidence supports the positive impact of GAI on various aspects of ESG 
performance. For instance, studies have demonstrated the effectiveness of GAI in optimizing 
renewable energy systems (Wu et al., 2019), predicting environmental risks (Rolnick et al., 2022), 
enhancing supply chain sustainability (Sarkis, 2021), and improving corporate governance through 
advanced analytics (Agrawal et al., 2018). While some researchers raise concerns about potential 
adverse effects, such as algorithmic bias and job displacement (Korinek & Stiglitz, 2021), the 
predominant view suggests a positive relationship between GAI technology adoption and ESG 
performance. 

Based on these theoretical arguments and empirical evidence, we propose: 

Hypothesis 3 (H3): GAI technology adoption positively influences corporate ESG performance. 

Integrating the three hypotheses, we propose a mediation model where digital innovation 
enhances ESG performance both directly and indirectly through GAI technology adoption. This 
model aligns with the technological innovation systems framework, which emphasizes the role of 
intermediary technologies in translating innovative capabilities into sustainable outcomes (Hekkert 
et al., 2007). 

 

3. Methods and Data 

3.1. Data Sources and Sample Selection 

This study utilizes panel data from the CMARS and WIND database, which provides 
comprehensive information on Chinese listed companies. Our initial sample consists of 8,000 firm-
year observations from 1,000 listed companies spanning 2015 to 2023. We selected this period to 
capture the rapid advancement of digital technologies, particularly GAI, and the growing emphasis 
on ESG considerations in the Chinese corporate landscape. 

To ensure data quality and reliability, we applied several screening criteria. First, we excluded 
financial firms due to their distinct regulatory environment and business models. Second, we 
removed observations with missing values for key variables. Third, we eliminated firms that 
experienced significant restructuring, mergers, or acquisitions during the study period. After 
applying these criteria, our final sample comprises 7,842 observations from 978 companies. 

3.2. Measurement of Variables 

3.2.1. Dependent Variable: ESG Performance  

Following previous studies (Liang & Renneboog, 2017; Li et al., 2020), we measure corporate 
ESG performance using a comprehensive index from the CMARS WIND database. This index 
evaluates firms' performance across environmental, social, and governance dimensions based on 
multiple indicators. Specifically, we measure ESG performance using the following items: 

(1) Environmental performance score (standardized measure of environmental impact management) 
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(2) Social responsibility score (standardized measure of stakeholder relations) 

(3) Corporate governance score (standardized measure of governance quality) 

(4) ESG disclosure quality (extent of voluntary disclosure of ESG-related information) 

(5) ESG controversy assessment (inverse measure of ESG-related controversies) 

The ESG performance index is calculated as the weighted average of these five items, with 
weights determined by principal component analysis. Higher values indicate better ESG 
performance. 

3.2.2. Independent Variable: Digital Innovation 

We measure digital innovation using a multidimensional approach that captures both the intensity 
and breadth of firms' digital technology integration. Following Nambisan et al. (2019) and Hanelt 
et al. (2021), we construct a digital innovation index based on the following items: 

(1) Digital R&D intensity (ratio of digital technology-related R&D expenditure to total R&D 
expenditure) 

(2) Digital patent portfolio (number of digital technology-related patents as a proportion of total 
patents) 

(3) Digital transformation investments (expenditure on digital transformation initiatives as a 
percentage of total assets) 

(4) Digital product/service offerings (percentage of revenue derived from digital products or 
services) 

(5) Digital business model adoption (extent of business model digitalization based on textual 
analysis of annual reports) 

The digital innovation index is calculated as the arithmetic mean of the standardized values of 
these five items. Higher values indicate greater digital innovation capability. 

3.2.3. Mediating Variable: GAI Technology Adoption 

We measure GAI technology adoption using a composite index that reflects the extent to which 
firms implement and integrate GAI technologies into their operations. Drawing on Ransbotham et 
al. (2017) and Brynjolfsson et al. (2019), we construct a GAI adoption index based on the following 
items: 

(1) GAI investment intensity (expenditure on GAI technologies as a percentage of total IT budget) 

(2) GAI patent applications (number of GAI-related patents filed by the firm) 

(3) GAI talent acquisition (proportion of employees with GAI-related expertise) 

(4) GAI implementation scope (number of business functions utilizing GAI technologies) 

(5) GAI strategic importance (prominence of GAI in corporate strategy based on textual analysis 
of annual reports) 
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The GAI adoption index is calculated as the arithmetic mean of the standardized values of these 
five items. Higher values indicate greater GAI technology adoption. 

3.2.4. Control Variables 

To account for potential confounding factors, we include several firm-level and industry-level 
control variables: 

(1) Firm size (natural logarithm of total assets) 

(2) Firm age (number of years since establishment) 

(3) Profitability (return on assets) 

(4) Leverage (debt-to-equity ratio) 

(5) Ownership concentration (percentage of shares owned by the largest shareholder) 

(6) State ownership (dummy variable indicating state-owned enterprises) 

(7) R&D intensity (R&D expenditure as a percentage of sales) 

(8) Industry competition (Herfindahl-Hirschman Index) 

(9) Industry dummy variables (based on the China Securities Regulatory Commission classification) 

(10) Year dummy variables (to control for time-specific effects) 

3.3. Empirical Model 

To test our hypotheses, we employ a series of panel data regression models. For Hypothesis 1, 
we estimate the following baseline model: 

ESG_it = α + β₁DigitalInnovation_it + γControls_it + Industry_i + Year_t + ε_it (1) 

where ESG_it represents the ESG performance index of firm i in year t, DigitalInnovation_it 
denotes the digital innovation index, Controls_it represents a vector of control variables, Industry_i 
and Year_t are industry and year fixed effects, respectively, and ε_it is the error term. 

For Hypothesis 2, we estimate: 

GAI_it = α + β₂DigitalInnovation_it + γControls_it + Industry_i + Year_t + ε_it (2) 

where GAI_it represents the GAI technology adoption index. 

For Hypothesis 3, we estimate: 

ESG_it = α + β₃GAI_it + γControls_it + Industry_i + Year_t + ε_it (3) 

To test the mediation effect, we follow Baron and Kenny's (1986) approach and estimate: 

ESG_it = α + β₄DigitalInnovation_it + β₅GAI_it + γControls_it + Industry_i + Year_t + ε_it (4) 

We also employ the Sobel test and bootstrapping methods to assess the significance of the 
indirect effect (Sobel, 1982; Preacher & Hayes, 2008). 
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3.4. Empirical Strategy 

To address potential endogeneity concerns, we employ several econometric techniques. First, we 
use firm fixed effects to control for time-invariant unobserved heterogeneity. Second, we use lagged 
independent variables to mitigate reverse causality concerns. Third, we implement instrumental 
variable (IV) estimation using the industry average of digital innovation (excluding the focal firm) 
and provincial digital infrastructure development as instruments. Fourth, we apply propensity score 
matching (PSM) to compare firms with high and low levels of digital innovation. Finally, we utilize 
a difference-in-differences (DID) approach, exploiting an exogenous policy shock related to digital 
transformation initiatives.  

For heterogeneity analysis, we examine whether the relationship between digital innovation, GAI 
technology adoption, and ESG performance varies across different firm characteristics, including 
firm size, industry type, and ownership structure. We do this by introducing interaction terms in 
our regression models and conducting subsample analyses. Moreover, for mechanism analysis, we 
decompose the ESG performance index into its environmental, social, and governance components 
and examine the impact of digital innovation and GAI technology adoption on each component 
separately. Additionally, we explore specific channels through which GAI technologies influence 
ESG performance, such as operational efficiency, stakeholder engagement, and risk management. 

 

4. Results and Findings 

4.1. Descriptive Statistics and Correlation Analysis 

Table 1. Descriptive Statistics 

Variable Obs Mean Std. Dev. Min Max 

ESG Performance 7,842 0.482 0.215 0.112 0.937 

Digital Innovation 7,842 0.367 0.189 0.051 0.846 

GAI Technology Adoption 7,842 0.284 0.176 0.018 0.792 

Firm Size 7,842 22.486 1.325 19.735 26.943 

Firm Age 7,842 18.742 8.631 1.000 42.000 

Profitability 7,842 0.045 0.059 -0.187 0.213 

Leverage 7,842 0.486 0.198 0.075 0.892 

Ownership Concentration 7,842 34.865 14.328 6.742 74.851 

State Ownership 7,842 0.426 0.494 0.000 1.000 

R&D Intensity 7,842 0.023 0.018 0.000 0.112 

Industry Competition 7,842 0.157 0.089 0.046 0.574 
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Table 2. Correlation Matrix 

Variable 1 2 3 4 5 6 7 8 9 10 11 

ESG-
Performan
ce 

1.000           

Digital 
Innovation 

0.312*
* 

1.000          

GAI 
Technolog
y 
Adoption 

0.287*
* 

0.398
** 

1.000         

Firm Size 0.263*
* 

0.217
** 

0.234
** 

1.000        

Firm Age 0.119*
* 

-
0.052 

-
0.034 

0.195
** 

1.000       

Profitabilit
y 

0.145*
* 

0.128
** 

0.107
** 

0.087
* 

-
0.018 

1.000      

Leverage -
0.124*
* 

-
0.096
* 

-
0.072
* 

0.425
** 

0.154
** 

-
0.356** 

1.000     

Ownership 
Concentrat
ion 

0.08
6* 

0.049 0.042 0.117
** 

-
0.076
* 

0.125** -
0.043 

1.000    

State 
Ownership 

0.198*
* 

0.112
** 

0.075
* 

0.328
** 

0.412
** 

-
0.073* 

0.245
** 

0.183
** 

1.000   

R&D 
Intensity 

0.206*
* 

0.273
** 

0.246
** 

-
0.032 

-
0.145
** 

0.117
** 

-
0.187
** 

-
0.024 

-
0.135
** 

1.00
0 

 

Industry 
Competitio
n 

-
0.042 

-
0.023 

-
0.016 

-
0.064 

-
0.053 

0.083* -
0.037 

-
0.018 

-
0.047 

0.02
9 

1.00
0 

Note: ** p < 0.01, * p < 0.05. 

 

Table 1 presents the descriptive statistics for the key variables used in our analysis. The mean 
ESG performance index is 0.482 (SD = 0.215), indicating substantial variation in ESG performance 
across the sample firms. The digital innovation index has a mean value of 0.367 (SD = 0.189), 
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suggesting moderate digital innovation capabilities with considerable heterogeneity. The GAI 
technology adoption index exhibits a mean of 0.284 (SD = 0.176), indicating that GAI adoption is 
still in its early stages for many firms in our sample. 

Table 2 presents the Pearson correlation coefficients between the key variables. The ESG 
performance index is positively correlated with both digital innovation (r = 0.312, p < 0.01) and 
GAI technology adoption (r = 0.287, p < 0.01), providing preliminary support for Hypotheses 1 and 
3. Digital innovation is positively correlated with GAI technology adoption (r = 0.398, p < 0.01), 
offering initial support for Hypothesis 2. None of the correlation coefficients exceeds 0.7, 
suggesting that multicollinearity is not a significant concern in our analysis. Additionally, variance 
inflation factors (VIFs) for all variables are below 5, further confirming the absence of severe 
multicollinearity. 

4.2. Baseline Regression Results 

Table 3 presents the results of our baseline regression analyses testing the three hypotheses. 
Column 1 reports the estimates for equation (1), examining the relationship between digital 
innovation and ESG performance. The coefficient of digital innovation is positive and statistically 
significant (β = 0.286, p < 0.01), providing support for Hypothesis 1. This suggests that a one 
standard deviation increase in digital innovation is associated with a 0.286 standard deviation 
increase in ESG performance, holding other factors constant. Moreover, Column 2 reports the 
estimates for equation (2), testing the relationship between digital innovation and GAI technology 
adoption. The coefficient of digital innovation is positive and statistically significant (β = 0.375, p 
< 0.01), supporting Hypothesis 2. This indicates that firms with higher levels of digital innovation 
are more likely to adopt GAI technologies. Likewise, Column 3 reports the estimates for equation 
(3), examining the relationship between GAI technology adoption and ESG performance. The 
coefficient of GAI technology adoption is positive and statistically significant (β = 0.248, p < 0.01), 
providing support for Hypothesis 3. This suggests that GAI technology adoption positively 
influences ESG performance. Column 4 reports the estimates for equation (4), testing the mediation 
effect. After controlling for GAI technology adoption, the coefficient of digital innovation remains 
positive and significant but decreases in magnitude (β = 0.214, p < 0.01), while the coefficient of 
GAI technology adoption is positive and significant (β = 0.185, p < 0.01). This pattern suggests a 
partial mediation effect, where digital innovation influences ESG performance both directly and 
indirectly through GAI technology adoption. 

To further confirm the mediation effect, we conducted a Sobel test, which yielded a test statistic 
of 4.87 (p < 0.01), indicating a significant indirect effect. Additionally, bootstrapping analysis with 
5,000 replications produced a 95% confidence interval for the indirect effect that does not include 
zero [0.039, 0.092], further supporting the mediation hypothesis. 
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Table 3. Baseline Regression Results 

Variables ESG 
Performance 

GAI Technology 
Adoption 

ESG 
Performance 

ESG 
Performance 

Digital Innovation 0.286*** 
(0.032) 

0.375*** (0.035)  0.214*** 
(0.035) 

GAI Technology 
Adoption 

  0.248*** 
(0.034) 

0.185*** 
(0.033) 

Firm Size 0.163*** 
(0.023) 

0.142*** (0.022) 0.171*** 
(0.023) 

0.157*** 
(0.022) 

Firm Age 0.047 (0.035) -0.025 (0.032) 0.053 (0.035) 0.044 (0.034) 

Profitability 0.086** (0.031) 0.063* (0.029) 0.092** (0.032) 0.081** (0.030) 

Leverage -0.058* (0.028) -0.037 (0.027) -0.061* (0.029) -0.054* (0.027) 

Ownership 
Concentration 

0.032 (0.024) 0.026 (0.023) 0.035 (0.024) 0.031 (0.023) 

State Ownership 0.128*** 
(0.037) 

0.053 (0.034) 0.135*** 
(0.037) 

0.123*** 
(0.036) 

R&D Intensity 0.115*** 
(0.029) 

0.135*** (0.031) 0.107*** 
(0.029) 

0.098*** 
(0.028) 

Industry Competition -0.023 (0.024) -0.012 (0.022) -0.021 (0.024) -0.022 (0.023) 

Industry Fixed Effects Yes Yes Yes Yes 

Year Fixed Effects Yes Yes Yes Yes 

Constant -3.125*** 
(0.524) 

-2.846*** (0.487) -3.217*** 
(0.532) 

-3.058*** 
(0.513) 

Observations 7,842 7,842 7,842 7,842 

R-squared 0.284 0.293 0.276 0.312 

Note: Standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1 

 

4.3. Robustness Checks 

To ensure the robustness of our findings, we conducted several additional analyses. First, we 
used alternative measures for our key variables. For ESG performance, we employed the ESG 
ratings from a different database (MSCI ESG Ratings). For digital innovation, we constructed an 
alternative index based on digital technology-related keywords in annual reports. For GAI 
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technology adoption, we used data on GAI-related job postings as a proxy. The results, presented 
in Table 4 (Columns 1-3), are consistent with our baseline findings. 

Second, we employed different estimation techniques, including random effects, system GMM, 
and Tobit regression (due to the bounded nature of the ESG performance index). The results, 
reported in Table 4 (Columns 4-6), remain qualitatively similar to our baseline findings. 

Third, we examined potential nonlinear relationships by including squared terms for digital 
innovation and GAI technology adoption. The results, presented in Table 4 (Columns 7-8), show 
insignificant coefficients for the squared terms, suggesting that the relationships are primarily linear 
within our sample. 

 

Table 4. Robustness Checks 

Variables Alternative 
ESG 
Measure 

Alternative 
Digital 
Innovation 
Measure 

Alternative 
GAI 
Measure 

Random 
Effects 

System 
GMM 

Tobit 
Regression 

Nonlinear 
Digital 
Innovation 

Nonlinear 
GAI 

Digital 
Innovation 

0.204*** 
(0.036) 

0.198*** 
(0.035) 

0.218*** 
(0.036) 

0.223*** 
(0.034) 

0.187*** 
(0.045) 

0.231*** 
(0.037) 

0.227*** 
(0.056) 

0.213*** 
(0.035) 

Digital 
Innovation 

      0.032 
(0.047) 

 

GAI 
Technology 
Adoption 

0.176*** 
(0.035) 

0.183*** 
(0.034) 

0.165*** 
(0.034) 

0.179*** 
(0.032) 

0.162*** 
(0.042) 

0.193*** 
(0.035) 

0.184*** 
(0.033) 

0.203*** 
(0.053) 

GAI 
Technology 
Adoption² 

       0.028 
(0.045) 

Control 
Variables 

Yes Yes Yes Yes Yes Yes Yes Yes 

Industry 
Fixed 
Effects 

Yes Yes Yes Yes Yes Yes Yes Yes 

Year Fixed 
Effects 

Yes Yes Yes Yes Yes Yes Yes Yes 

Observations 7,842 7,842 7,842 7,842 7,842 7,842 7,842 7,842 

R-squared 0.294 0.283 0.305 0.298 - - 0.313 0.312 

Note: Standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1; Control variables are the 
same as in Table 3 but not reported for brevity. 
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4.4. Addressing Endogeneity 

To address potential endogeneity concerns, we employed several econometric techniques. First, 
we implemented instrumental variable (IV) estimation using the industry average of digital 
innovation (excluding the focal firm) and provincial digital infrastructure development as 
instruments for firm-level digital innovation. These instruments satisfy the relevance and exclusion 
restrictions, as confirmed by the significant first-stage F-statistic (28.47, exceeding the rule-of-
thumb threshold of 10) and the insignificant Hansen J-statistic (p = 0.284), which fails to reject the 
null hypothesis of instrument validity. 

Table 5 (Columns 1-2) presents the results of the IV estimation. The second-stage results show 
that the instrumented digital innovation remains positively and significantly associated with ESG 
performance (β = 0.245, p < 0.01) and GAI technology adoption (β = 0.342, p < 0.01), consistent 
with our baseline findings. 

Second, we employed propensity score matching (PSM) to compare firms with high levels of 
digital innovation (treatment group) to similar firms with low levels of digital innovation (control 
group). We matched firms based on various characteristics, including firm size, age, profitability, 
leverage, ownership structure, and industry affiliation. The balance tests confirm successful 
matching, with no significant differences in covariates between the treatment and control groups 
after matching. 

Table 5 (Column 3) reports the average treatment effect on the treated (ATT), indicating that 
firms with high digital innovation exhibit significantly better ESG performance than their matched 
counterparts (difference = 0.068, p < 0.01), providing further support for the causal relationship 
between digital innovation and ESG performance. 

Third, we employed a difference-in-differences (DID) approach, exploiting the staggered 
implementation of provincial digital transformation policies across China as an exogenous shock. 
Specifically, we identified provinces that introduced comprehensive digital transformation 
initiatives between 2017 and 2020, creating variation in policy exposure across firms. This 
approach allows us to compare changes in ESG performance between firms exposed to the policy 
(treatment group) and similar firms not yet exposed (control group), before and after policy 
implementation. 

Table 5 (Column 4) presents the DID estimation results. The coefficient of the interaction term 
between the treatment indicator and the post-policy indicator is positive and statistically significant 
(β = 0.073, p < 0.01), suggesting that the policy-induced increase in digital innovation led to 
improved ESG performance. This finding further supports the causal interpretation of our results. 
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Table 5. Addressing Endogeneity 

Variables IV Estimation (Second 
Stage)-ESG 
Performance 

IV Estimation (Second 
Stage)-GAI Adoption 

PSM-ESG 
Performance 
(ATT) 

DID-ESG 
Performance 

Digital 
Innovation 
(Instrumented) 

0.245***(0.047) 0.342***(0.053) - - 

High Digital 
Innovation 
(Treatment) 

- - 0.068***(0.018) - 

Treatment × Post - - - 0.073***(0.021) 

Treatment - - - 0.024 (0.019) 

Post - - - 0.036**(0.014) 

GAI Technology 
Adoption 

0.172***(0.036) - - 0.157***(0.032) 

Control 
Variables 

Yes Yes Yes Yes 

Industry Fixed 
Effects 

Yes Yes Yes Yes 

Year Fixed 
Effects 

Yes Yes Yes Yes 

Observations 7,842 7,842 3,256 7,842 

First-stage F-
statistic 

28.47 28.47 - - 

Hansen J-statistic 
(p-value) 

0.284 0.312 - - 

Note: Standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1; Control variables are the same as in 
Table 3 but not reported for brevity. 

 

4.5. Heterogeneity Analysis 

To explore potential heterogeneity in the relationship between digital innovation, GAI 
technology adoption, and ESG performance, we conducted several subsample analyses based on 
firm characteristics. Table 6 presents the results. 
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First, we divided the sample based on firm size (measured by total assets), categorizing firms as 
large (above median) or small (below median). Columns 1-2 show that the positive effect of digital 
innovation on ESG performance is stronger for large firms (β = 0.253, p < 0.01) than for small firms 
(β = 0.175, p < 0.01), with the difference being statistically significant (p < 0.05). Similarly, the 
mediating effect of GAI technology adoption is more pronounced for large firms. These findings 
suggest that large firms possess complementary resources that enhance the effectiveness of digital 
innovation and GAI technology in improving ESG performance. 

Second, we examined heterogeneity across industry types, categorizing industries as high-tech 
or traditional based on the classification by China's National Bureau of Statistics. Columns 3-4 
indicate that the positive effect of digital innovation on ESG performance is stronger in high-tech 
industries (β = 0.287, p < 0.01) than in traditional industries (β = 0.182, p < 0.01), with the difference 
being statistically significant (p < 0.01). The mediating role of GAI technology adoption is also 
more prominent in high-tech industries. These results suggest that the technological sophistication 
of the industry context influences the effectiveness of digital innovation in enhancing ESG 
performance. 

Third, we explored heterogeneity based on ownership structure, comparing state-owned 
enterprises (SOEs) with non-SOEs. Columns 5-6 show that the positive effect of digital innovation 
on ESG performance is stronger for non-SOEs (β = 0.242, p < 0.01) than for SOEs (β = 0.189, p < 
0.01), with the difference being statistically significant (p < 0.05). Similarly, the mediating effect 
of GAI technology adoption is more pronounced for non-SOEs. These findings suggest that market-
oriented governance structures may facilitate more effective implementation of digital technologies 
for sustainable business practices. 

Table 6. Heterogeneity Analysis 

Variables Large 
Firms 

Small 
Firms 

High-Tech 
Industries 

Traditional 
Industries 

SOEs Non-SOEs 

Digital 
Innovation 

0.253*** 
(0.042) 

0.175*** 
(0.038) 

0.287*** 
(0.048) 

0.182*** 
(0.037) 

0.189*** 
(0.039) 

0.242*** 
(0.043) 

GAI Technology 
Adoption 

0.213*** 
(0.041) 

0.142*** 
(0.037) 

0.227*** 
(0.045) 

0.156*** 
(0.036) 

0.165*** 
(0.038) 

0.208*** 
(0.042) 

Control Variables Yes Yes Yes Yes Yes Yes 

Industry Fixed 
Effects 

Yes Yes Yes Yes Yes Yes 

Year Fixed 
Effects 

Yes Yes Yes Yes Yes Yes 

Observations 3,921 3,921 2,548 5,294 3,341 4,501 

R-squared 0.335 0.291 0.348 0.284 0.302 0.327 
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Note: Standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1; Control variables are the same as in 
Table 3 but not reported for brevity. 

 

The heterogeneity analysis reveals significant variations in the impact of digital innovation and 
GAI technology adoption across different firm characteristics (Table 7). Large firms exhibit 
stronger effects from both digital innovation (β = 0.253, p < 0.01) and GAI adoption (β = 0.213, p 
< 0.01) compared to small firms (β = 0.175 and 0.142, respectively), suggesting that organizational 
scale enhances technological benefits. Similarly, high-tech industries demonstrate more 
pronounced effects (digital innovation: β = 0.287; GAI adoption: β = 0.227, p < 0.01) than 
traditional industries, likely due to greater technological absorptive capacity. Furthermore, non-
state-owned enterprises (non-SOEs) benefit more from digital innovation (β = 0.242, p < 0.01) and 
GAI adoption (β = 0.208, p < 0.01) than state-owned enterprises (SOEs), possibly due to greater 
flexibility in implementing innovations. The models maintain robust explanatory power (R²: 0.284–
0.348), with all specifications controlling for industry, year, and firm-level factors. These findings 
underscore the importance of firm-specific characteristics in shaping the ESG performance gains 
from digital and GAI technologies. 

4.6. Mechanism Analysis 

To better understand the mechanisms through which digital innovation and GAI technology 
adoption influence ESG performance, we conducted several additional analyses. First, we 
decomposed the ESG performance index into its three components—environmental performance, 
social performance, and governance performance—and examined the impact of digital innovation 
and GAI technology adoption on each component separately. 

Table 7 (Columns 1-3) presents the results. Digital innovation has a positive and significant effect 
on all three components, with the strongest impact on environmental performance (β = 0.289, p < 
0.01), followed by governance performance (β = 0.237, p < 0.01) and social performance (β = 0.194, 
p < 0.01). Similarly, GAI technology adoption positively influences all three components, with the 
most substantial effect on environmental performance (β = 0.218, p < 0.01). These findings suggest 
that digital innovation and GAI technologies contribute to sustainability across multiple dimensions, 
with particularly strong effects on environmental aspects, possibly due to the effectiveness of these 
technologies in optimizing resource utilization and reducing environmental footprints. 

Second, we explored specific channels through which GAI technologies influence ESG 
performance. We identified three potential channels: operational efficiency (measured by asset 
turnover ratio), stakeholder engagement (measured by the number of stakeholder engagement 
initiatives), and risk management (measured by the comprehensiveness of risk management 
disclosures). We then examined whether GAI technology adoption affects these mediating variables, 
which in turn influence ESG performance. 

Table 7 (Columns 4-6) reports the impact of GAI technology adoption on these potential 
mediating variables. GAI technology adoption is positively and significantly associated with 
operational efficiency (β = 0.176, p < 0.01), stakeholder engagement (β = 0.203, p < 0.01), and risk 
management (β = 0.187, p < 0.01). Furthermore, Table 7 (Columns 7-9) shows that these variables 
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are positively associated with ESG performance after controlling for digital innovation and GAI 
technology adoption. 

To formally test these mediation pathways, we conducted bootstrapping analyses with 5,000 
replications. The results confirm significant indirect effects of GAI technology adoption on ESG 
performance through operational efficiency (indirect effect = 0.028, 95% CI = [0.014, 0.045]), 
stakeholder engagement (indirect effect = 0.036, 95% CI = [0.019, 0.057]), and risk management 
(indirect effect = 0.032, 95% CI = [0.016, 0.051]). These findings suggest that GAI technologies 
enhance ESG performance by improving operational processes, facilitating stakeholder interactions, 
and strengthening risk governance. 

 

Table 7. Mechanism Analysis 

Variab
les 

Environ
mental 
Perform
ance 

Social 
Perform
ance 

Governa
nce 
Perform
ance 

Operatio
nal 
Efficien
cy 

Stakehol
der 
Engage
ment 

Risk 
Manage
ment 

ESG 
Perform
ance 

ESG 
Perform
ance 

ESG 
Perform
ance 

Digital 
Innova
tion 

0.289**
*(0.043) 

0.194**
*(0.038) 

0.237**
*(0.041) 

0.153**
*(0.036) 

0.184**
*(0.039) 

0.162**
*(0.037) 

0.198**
*(0.035) 

0.192**
* 
(0.034) 

0.195**
*(0.035) 

GAI 
Techn
ology 
Adopti
on 

0.218**
*(0.042) 

0.167**
*(0.037) 

0.192**
*(0.039) 

0.176**
*(0.035) 

0.203**
*(0.039) 

0.187**
*(0.038) 

0.157**
*(0.033) 

0.149**
*(0.033) 

0.153**
*(0.033) 

Operat
ional 
Efficie
ncy 

      0.158**
*(0.032) 

  

Stakeh
older 
Engag
ement 

       0.176**
*(0.033) 

 

Risk 
Manag
ement 

        0.168**
*(0.032) 

Contro
l 
Variab
les 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 
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Indust
ry 
Fixed 
Effect
s 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year 
Fixed 
Effect
s 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Obser
vation
s 

7,842 7,842 7,842 7,842 7,842 7,842 7,842 7,842 7,842 

R-
square
d 

0.325 0.278 0.301 0.263 0.284 0.272 0.334 0.341 0.337 

Note: Standard errors in parentheses; *** p < 0.01, ** p < 0.05, * p < 0.1; Control variables are the same as in 
Table 3 but not reported for brevity. 

 

The Mechanism analysis with 7,842 observations three significant mediation pathways through 
which GAI technology adoption enhances ESG performance (see Table 7). First, operational 
efficiency serves as a robust mediator (indirect effect = 0.028, 95% CI [0.014, 0.045]), with both 
the independent variable (β = 0.176, p < 0.01) and mediator (β = 0.158, p < 0.01) showing strong 
predictive power. Second, stakeholder engagement demonstrates significant mediation (indirect 
effect = 0.036, 95% CI [0.019, 0.057]), supported by substantial coefficients for GAI adoption (β 
= 0.203, p < 0.01) and the mediator (β = 0.176, p < 0.01). Third, risk management emerges as an 
effective channel (indirect effect = 0.032, 95% CI [0.016, 0.051]), with both predictor (β = 0.187, 
p < 0.01) and mediator (β = 0.168, p < 0.01) achieving statistical significance. Moreover, The 
regression models exhibit strong explanatory power, with R-squared values ranging from 0.263 to 
0.341 across specifications. All models control for industry and year fixed effects, along with 
comprehensive control variables (consistent with Table 3). Notably, GAI technology adoption 
maintains significant direct effects on ESG performance (β = 0.157-0.153, p < 0.01) even after 
accounting for mediators, suggesting partial mediation. Digital innovation similarly shows 
consistent positive effects across all ESG dimensions (β = 0.289-0.194, p < 0.01), though the focus 
remains on GAI's mediated pathways. These results collectively demonstrate that GAI technologies 
improve ESG outcomes through enhanced operational processes, stakeholder relations, and risk 
mitigation systems. 
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5. Discussion and Implications 

5.1. Theoretical Implications 

Our findings contribute to the literature on digital transformation, sustainability, and technology-
driven innovation in several ways. First, by establishing a positive relationship between digital 
innovation and ESG performance, we extend the resource-based view (Barney, 1991) to the context 
of corporate sustainability. Our results suggest that digital innovation represents a valuable 
organizational capability that enables firms to enhance environmental protection, social 
responsibility, and governance quality. This finding aligns with the natural resource-based view 
(Hart, 1995), which posits that environmentally responsible strategies can generate competitive 
advantages through resource efficiency and stakeholder integration. 

Second, our identification of GAI technology adoption as a mediating mechanism provides 
empirical support for the technological innovation systems framework (Hekkert et al., 2007). This 
framework emphasizes the role of specific technological innovations in translating broader 
innovative capabilities into sustainable outcomes. Our findings suggest that GAI technologies serve 
as a critical bridge between digital innovation and ESG performance, highlighting the importance 
of specific technological applications rather than abstract digital capabilities. 

Third, our heterogeneity analysis contributes to contingency theory by identifying organizational 
and contextual factors that influence the effectiveness of digital innovation in enhancing 
sustainability. The stronger effects observed for large firms, high-tech industries, and non-SOEs 
suggest that complementary resources, technological sophistication, and market-oriented 
governance structures amplify the sustainability benefits of digital innovation. These findings 
reinforce the notion that the impact of technological innovation on organizational outcomes 
depends on the alignment between technology and organizational context (Fichman & Kemerer, 
1997). 

Fourth, our mechanism analysis advances our understanding of the pathways through which 
digital technologies influence corporate sustainability. By identifying operational efficiency, 
stakeholder engagement, and risk management as key channels, we provide a more nuanced 
understanding of how GAI technologies contribute to ESG performance. These findings support 
the process-oriented perspective on technology adoption (Damanpour & Schneider, 2006), which 
emphasizes the importance of examining the specific organizational processes affected by 
technological innovations. 

5.2. Practical Implications 

Our research offers several practical implications for corporate managers, investors, and 
policymakers. For corporate managers, our findings highlight the strategic importance of digital 
innovation and GAI technology adoption in enhancing ESG performance. Rather than viewing 
digital transformation and sustainability initiatives as separate endeavors, managers should 
recognize their interdependence and pursue integrated strategies that leverage digital technologies 
to address ESG challenges. Specifically, firms should invest in GAI applications that optimize 
resource utilization, facilitate stakeholder communication, and strengthen risk governance. 
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Our heterogeneity analysis provides additional guidance for managers by highlighting contextual 
factors that influence the effectiveness of digital innovation. Small firms, firms in traditional 
industries, and SOEs may need to develop complementary capabilities or adapt their 
implementation approaches to fully realize the sustainability benefits of digital innovation. This 
might involve enhancing technological expertise, redesigning organizational structures, or 
establishing partnerships with technology providers. 

For investors and financial analysts, our research underscores the importance of considering 
firms' digital innovation capabilities and GAI technology adoption when assessing their ESG 
performance and long-term sustainability. Traditional ESG evaluation frameworks, which often 
focus on policy commitments and compliance indicators, might benefit from incorporating metrics 
related to technological innovation and digital transformation. By recognizing the link between 
digital innovation and ESG performance, investors can identify firms that are better positioned to 
address sustainability challenges through technological solutions. 

For policymakers, our findings suggest that policies promoting digital transformation can 
generate positive externalities in terms of corporate sustainability. By supporting digital 
infrastructure development, facilitating knowledge transfer in emerging technologies, and 
incentivizing GAI adoption, policymakers can simultaneously advance economic modernization 
and sustainability objectives. Furthermore, our identification of heterogeneous effects across firm 
characteristics highlights the need for targeted policy interventions that address the specific 
challenges faced by different types of firms in leveraging digital technologies for sustainability. 

5.3. Limitations and Future Research Directions 

Despite the robust findings and comprehensive analyses, several limitations of our study warrant 
acknowledgment and suggest directions for future research. First, our sample is limited to Chinese 
listed companies, which may constrain the generalizability of our findings to other institutional 
contexts. Future research should examine the relationship between digital innovation, GAI 
technology adoption, and ESG performance in diverse geographical settings, particularly in 
developed economies with different regulatory frameworks and technological infrastructures. 

Second, while our panel data structure and econometric techniques address potential endogeneity 
concerns, establishing definitive causal relationships remains challenging. Future research could 
employ more sophisticated identification strategies, such as natural experiments or field 
experiments, to further strengthen causal inference. Additionally, longitudinal case studies could 
provide deeper insights into the temporal dynamics of how digital innovations translate into ESG 
improvements over time. 

Third, our measurement of GAI technology adoption, while comprehensive, may not capture all 
relevant aspects of this complex construct. Future research could develop more nuanced measures 
that distinguish between different types of GAI applications (e.g., generative adversarial networks, 
transformer models, variational autoencoders) and assess their differential impacts on ESG 
performance. Furthermore, qualitative research could explore the organizational processes and 
implementation challenges associated with effective GAI integration for sustainability purposes. 
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Fourth, while we identify several mechanisms through which GAI technologies influence ESG 
performance, other potential pathways warrant investigation. Future research could explore 
cognitive mechanisms (e.g., enhanced decision-making quality, reduced cognitive biases), social 
mechanisms (e.g., network effects, institutional isomorphism), and ethical mechanisms (e.g., 
algorithmic fairness, transparency) to provide a more comprehensive understanding of the 
relationship between digital technologies and sustainable business practices. 

Finally, our study focuses primarily on the positive effects of digital innovation and GAI 
technology on sustainability, but potential adverse consequences deserve attention. Future research 
should examine potential trade-offs and unintended consequences, such as increased energy 
consumption, digital divides, algorithmic biases, and privacy concerns, to develop a more balanced 
assessment of the sustainability implications of digital transformation. 

 

6. Conclusion and Policy Recommendations 

This study investigated the relationship between digital innovation, GAI technology adoption, 
and corporate ESG performance using a comprehensive panel dataset of Chinese listed companies. 
Our findings provide robust evidence that digital innovation positively influences ESG performance, 
with GAI technology adoption serving as a crucial mediating mechanism. This relationship is 
stronger for large firms, high-tech industries, and non-SOEs, suggesting important contextual 
contingencies. Furthermore, our analyses reveal that digital innovation and GAI technologies 
enhance ESG performance by improving operational efficiency, facilitating stakeholder 
engagement, and strengthening risk management. 

Additionally, these findings offer several policy recommendations for promoting sustainable 
business practices through technological innovation. First, governments should develop integrated 
policy frameworks that simultaneously address digital transformation and sustainability objectives. 
This could involve incorporating sustainability criteria into digital innovation funding programs, 
establishing incentives for sustainable technology applications, and facilitating knowledge sharing 
on best practices at the intersection of digital innovation and ESG performance. 

Second, regulatory agencies should develop standardized metrics and disclosure requirements 
for assessing firms' technological capabilities in addressing sustainability challenges. By enhancing 
transparency regarding the sustainability impacts of digital technologies, such measures would help 
investors identify firms that effectively leverage innovation for ESG improvements and incentivize 
other firms to follow suit. 

Third, educational institutions and professional associations should develop training programs 
that integrate digital technology and sustainability knowledge. By nurturing talent with 
interdisciplinary expertise spanning both domains, such initiatives would address the skill gaps that 
currently hinder the effective utilization of digital technologies for sustainability purposes. 

Fourth, international organizations should facilitate cross-border collaboration on sustainable 
technology development and adoption. Given the global nature of sustainability challenges and the 
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rapid diffusion of digital technologies, coordinated international efforts could accelerate the 
development and deployment of technological solutions to pressing ESG issues. 

Fifth, innovation ecosystems should be fostered that specifically target sustainability-oriented 
digital innovations. This could involve establishing specialized incubators, accelerators, and 
venture funds for sustainable technology startups, creating regulatory sandboxes for testing 
innovative solutions, and developing public-private partnerships focused on sustainable digital 
transformation. 

In conclusion, our research highlights the transformative potential of digital innovation and GAI 
technologies in advancing corporate sustainability. Moreover, by understanding and leveraging the 
synergies between technological advancement and ESG performance, firms can simultaneously 
enhance their competitiveness and contribute to addressing pressing environmental and social 
challenges. As digital technologies continue to evolve and diffuse, their strategic integration into 
sustainability initiatives will become increasingly important for creating long-term value for 
businesses and society. 
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