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ABSTRACT: This exploratory study examines the relationship between artificial intelligence (AI) and corporate ESG perfor-
mance. It considers both the positive impacts and potential limitations of AI deployment for ESG outcomes at the firm level, 
identifying key moderating variables through the lens of the Dynamic Capabilities Framework (DCF). A rapid literature review 
(RLR) was conducted, supplemented by a snowball search focused on Q1 and Q2 journal publications. The findings indicate a 
predominantly positive relationship between AI and firm-level ESG performance. The mechanisms through which AI contributes 
to ESG outcomes cluster around three interrelated domains: firm-level capabilities and characteristics; technological and oper-
ational mediators; and regional and contextual factors. Key contributions of AI include improvements in data processing and 
information governance, innovation, mitigation of greenwashing, facilitation of digital transformation, enhanced ESG opera-
tional efficiency, and stronger internal control mechanisms. However, the effectiveness of AI in improving ESG outcomes 
remains highly context dependent. This study contributes to the growing discourse on AI-enabled ESG transformation by offer-
ing a structured synthesis of existing research and outlining a future research agenda. 
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Introduction

Today, artificial intelligence plays a significant role in realizing sustainable economic develop-
ment (Chen et al., 2024). The advancement and implementation of artificial intelligence technology 
have become key drivers of innovation across multiple economic and societal domains (Chen & 
Zhang, 2024).  Artificial intelligence is commonly understood as an automated technology capable of 
replicating human cognitive functions to perform a wide range of tasks (Russell & Norvig, 1995). In 
organizational theory and practice, AI is typically defined as the broad class of technology developed 
with the objective of collecting data in order to solve problems or make decisions (Campbell et al., 
2020; Li, Zhang, & Gao, 2024). Artificial intelligence can enhance production efficiency and quality of 
life by augmenting human labor, while also facilitating shifts in employment types, advancing indus-
trial development, and promoting the transition to a more sustainable energy structure (Zhang, 
2024).

At the same time, new technologies have the potential to disrupt consumer behavior, manage-
ment processes, and organizational strategy (Evans, 2017), and artificial intelligence is undoubtedly 
one such disruptive technology, affecting every aspect of organizational management. The volume of 
data produced by both humans and machines today exceeds the capacity of individuals to process, 
analyze, and make informed decisions based on it (Hurwitz et al., 2012). Artificial intelligence offers 
a solution to this challenge; however, it is more than just an evolution in statistics – AI facilitates data-
driven learning while eliminating the need for assumptions inherent in traditional statistical meth-
ods (Campbell et al., 2020). Moreover, AI commercial applications have demonstrated characteristics 
of a “general-purpose technology” (Chen & Zhang, 2024).  

Therefore, the demand for AI deployment within organizations is steadily increasing. According 
to Ayming’s 2025 study, companies in Poland increasingly recognize artificial intelligence (AI) and 
machine learning (ML) as critical tools for process optimization and the enhancement of ESG strate-
gies, a perspective endorsed by 37% of surveyed firms (Ayming, 2025). 

Although Environmental, Social, and Governance (ESG) frameworks are gaining increasing atten-
tion, their impact on organizational performance continues to be contested (Gillan et al., 2021; Liang 
& Renneboog, 2021). In parallel, doubts about the authenticity of ESG initiatives have intensified, 
with critics arguing that many corporate actions in this area are largely symbolic and lack substantive 
outcomes (Winston, 2024). At the same time, there is mounting pressure from stakeholders for 
greater transparency in disclosing the environmental and social consequences of corporate opera-
tions (de Freitas et al., 2020). In response, regulatory bodies and lawmakers have introduced a grow-
ing number of ESG-related policies and regulations1. As Kuntz (2023) observes, these developments 
are gradually transforming corporate governance, with the expansion of ESG-related legal obligations 
weakening the traditional reliance on the business judgment rule. As a result, the discourse has 
shifted from questioning the relevance of sustainable practices to critically examining their imple-
mentation and effectiveness.

This evolving landscape of heightened expectations, regulatory scrutiny, and critical evaluation of 
ESG practices calls for a deeper understanding of the tools and technologies that can support mean-
ingful implementation. In this context, artificial intelligence has emerged as a transformative force in 
organizational decision-making and operational efficiency. While recent research has primarily 
examined AI’s influence on macroeconomic indicators such as economic growth, income distribution, 
and labor market disruption (Kar et al., 2022), the specific role of AI in shaping corporate ESG perfor-
mance remains underexplored.

The motivation for examining the relationship between AI-driven ESG practices and corporate 
ESG performance stems from the transformative potential of artificial intelligence and its capacity to 
enhance the efficiency and effectiveness of organizational processes. Artificial intelligence is driving 
efficiencies at an unprecedented level, enabling automation and integration of business processes, 
which significantly impact various business functions, including marketing (Campbell et al., 2020).

1	 In Europe, initiatives like the EU Taxonomy (European Commission, 2020) and the CSRD directive (Euro-
pean Parliament and Council, 2022) aim to enforce mandatory non-financial reporting. In the United States, 
the Federal Trade Commission underscores the need for clear and precise language when making environ-
mental claims (Federal Trade Commission, 2012).
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This exploratory review critically examines recent literature to synthesize the key drivers behind 
the deployment of artificial intelligence and enhancing corporate ESG performance. By engaging with 
the complex intersection of AI and ESG, the study investigates both the rationale and the mechanisms 
through which AI is implemented at the firm level to support improved sustainability outcomes. Par-
ticular attention is given to identifying the mediating factors that influence the relationship between 
AI adoption and ESG performance at the firm level, with the aim of understanding the conditions 
under which AI can most effectively contribute to corporate sustainability efforts. The overarching 
objective is to illuminate this evolving area of inquiry, propose a preliminary research agenda, and lay 
the groundwork for more comprehensive future studies. This review is guided by the following 
research questions:
RQ1: How is artificial intelligence (AI) linked to corporate ESG performance in the existing literature?
RQ2: How does AI deployment at the firm level influence ESG performance?
RQ3: What factors shape the relationship between AI implementation and corporate ESG outcomes?

To address the research questions, the study adopts a Rapid Literature Review (RLR) methodol-
ogy, as recommended by Barends et al. (2020) and Grant and Booth (2009), supplemented by the 
snowball technique (Wohlin, 2014), to systematically and efficiently identify and synthesize the 
existing body of research on the relationship between AI adoption and corporate ESG performance. 
The methodological approach is complemented by a theoretical foundation drawing on the Dynamic 
Capabilities Framework (Teece et al., 1997) to guide the analysis and interpretation of findings.

This paper contributes to the emerging literature at the intersection of artificial intelligence and 
corporate ESG performance in several ways. First, it offers a structured review and synthesis of recent 
studies that examine how AI implementation affects ESG outcomes at the firm level – an area that 
remains underexplored compared to macroeconomic analyses (e.g., Kar et al., 2022). Second, the 
paper identifies and evaluates the key mediating factors linking AI adoption and ESG performance, 
considering both enabling and constraining mechanisms. Drawing from textual analysis, a Rapid Lit-
erature Review and snowball search, the study highlights the organizational, technological, and con-
textual dimensions shaping this relationship. Third, it advances the discourse by outlining a future 
research agenda aimed at deepening the theoretical and empirical understanding of ESG perfor-
mance in the context of AI adoption. Finally, by investigating the mechanisms through which AI can 
support or challenge ESG objectives, this study provides practical insights for firms seeking to 
enhance sustainability performance through technological innovation. It further broadens the under-
standing of how firm-level capabilities, digital maturity, and external institutional pressures interact 
in shaping ESG outcomes.

The paper is structured as follows: Section 2 provides the conceptual background on ESG and AI, 
identifying key debates and research gaps. Section 3 outlines the methodological approach, including 
the Rapid Literature Review and snowball sampling strategy. Section 4 presents the review of find-
ings, categorizing both the positive and neutral/negative mediators of the AI–ESG relationship. Sec-
tion 5 offers a critical discussion of these findings. Finally, Section 6 concludes by summarizing the 
main insights, acknowledging the study’s limitations, and proposing directions for future research.

Conceptual background and identification of the research gap

The concept of Environmental, Social, and Governance (ESG) criteria emerged relatively recently, 
first introduced in the 2004 United Nations report Who Cares Wins: Connecting Financial Markets to 
a Changing World (UN Global Compact, 2004). Initiated by then UN Secretary-General Kofi Annan and 
developed by twenty financial institutions, the report sought to create a standardized set of princi-
ples for evaluating corporate performance that extended beyond conventional financial indicators. 

ESG criteria were originally intended to offer investors, analysts, and other stakeholders a holis-
tic framework for assessing companies by incorporating environmental, social, and governance 
dimensions into decision-making processes. However, despite widespread use, ESG still lacks a uni-
versally agreed-upon definition (Clément et al., 2022). Its multifaceted and wide-ranging nature ren-
ders the development of a comprehensive and universally applicable set of standards both difficult 
and arguably unattainable (Matos, 2020).
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While ESG was initially tailored for the financial sector, its adoption has expanded significantly 
across organizational contexts due to its broader strategic value. Organizations increasingly use ESG 
principles to bolster their reputations (Karwowski & Raulinajtys-Grzybek, 2021; Murè et al., 2021), 
reduce regulatory burdens (Christensen et al., 2021; Porter et al., 2019), mitigate financial exposure 
(Chollet & Sandwidi, 2018), attract investment (Cheng et al., 2014), and manage reputational risks 
linked to environmental and social controversies (Escrig-Olmedo et al., 2019). These broader appli-
cations underscore ESG’s growing relevance beyond its original investment-centred rationale.

Corporate ESG performance refers to a company’s achievements across the environmental, social, 
and governance dimensions. In academic discourse, it is typically conceptualized as a multidimen-
sional construct that reflects how effectively a firm manages its environmental footprint, fulfils its 
social responsibilities, and upholds robust governance standards. For instance, Zhang and Shi (2024) 
define ESG performance as a company’s effectiveness in environmental protection, social contribu-
tion, and efficient governance. In essence, ESG performance captures the non-financial aspects of 
corporate activity related to sustainability, often referred to as the three pillars of responsible busi-
ness conduct (Su, Yu, & Zhao, 2025). As Gillan et al. (2021) observe, ESG performance has become a 
central concern for both investors and scholars, highlighting its significance as a key component of 
corporate sustainability.

In both academic literature and business practice, ESG performance is assessed using composite 
indices and ratings based on a set of non-financial criteria. These criteria capture the degree to which 
a company or organization demonstrates social and environmental responsibility, ethical conduct, 
and sound corporate governance. ESG ratings are typically produced by private agencies and com-
mercial firms, each employing distinct datasets, weighting schemes, and interpretations of ESG 
dimensions (Escrig-Olmedo et al., 2019; Kotsantonis & Serafeim, 2019, among others). Consequently, 
the ESG performance rating of a single organization can vary considerably across different rating 
providers (e.g., Berg et al., 2022). 

A similar challenge arises when examining AI adoption at the firm level – efforts to quantify the 
extent and maturity of AI implementation remain highly fragmented. Researchers have relied on 
diverse proxies, such as the number of industrial robots (Chen et al., 2024), industrial intelligence 
indices (Lin & Xu, 2024), and the volume of AI-related patents granted (Chu et al., 2024). However, the 
lack of a unified and standardized framework for assessing AI development poses a significant bar-
rier to accurately evaluating its implementation and impact across firms, industries, and regions. This 
gap highlights the need for greater methodological coherence and interdisciplinary research.

At the same time, AI technology is increasingly recognized as a key enabler for improving organ-
izational efficiency, enhancing decision-making processes, and reducing operational costs (Iansiti & 
Lakhani, 2020). It also plays a critical role in accelerating digital transformation across industries 
(Holmström, 2022). AI has thus emerged as a strategic consideration for corporate leadership with 
firms not only applying but also actively shaping the trajectory of AI research and implementation 
(Davenport & Ronanki, 2018). 

This transition signifies AI’s evolution from a technical solution to a vital component of corporate 
strategy and management (Ahmed et al., 2023). Leveraging its powerful learning capabilities, along 
with exceptional data processing and analytical functions, AI has become increasingly integrated into 
business operations (Babina et al., 2024). Empirical research has confirmed AI’s substantial influence 
at the firm level, shaping productivity, decision-making, and innovation processes (Acemoglu & 
Restrepo, 2018; Babina et al., 2024).

Moreover, AI technology enhances research and development efficiency by accelerating knowl-
edge creation and facilitating technology spillovers (Cockburn et al., 2018), while also strengthening 
organizational learning capabilities and promoting greater investment in research and talent (Liu et 
al., 2020).

The impact of artificial intelligence on corporate operations is complex and multifaceted. By 
enhancing decision-making, improving operational efficiency, and promoting more sustainable use 
of resources, AI has become a pivotal tool in advancing firm-level environmental, social, and govern-
ance objectives (Burnaev et al., 2023; Mori, 2023).

Therefore, recent research increasingly recognizes the vital role of artificial intelligence in pro-
moting environmental sustainability, with diverse algorithms supporting industries in their pursuit 
of genuine sustainable practices (Kar et al., 2022). AI technologies hold substantial potential to 
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advance sustainable development through precise data analysis, intelligent optimization, and adap-
tive decision-support systems (Luqman et al., 2024). Furthermore, AI contributes to the global energy 
transition by facilitating a shift from high emission to cleaner energy sources, thereby reducing 
greenhouse gas emissions and supporting international climate goals (Wang et al., 2024). Finally, 
AI can enhance ESG reporting by enabling more transparent and decision-useful disclosures, captur-
ing the value of data, and strengthening data governance (Leitner-Hanetseder & Lehner, 2022).

Notably, rapid advancements in AI technologies and their widespread commercial adoption have 
marked a significant technological shift. While these developments hold considerable potential to 
boost productivity growth, they may also produce mixed effects on labor markets, particularly in the 
short term (Furman & Seamans, 2019). Du and Xie (2021) highlight several critical ethical concerns 
in the development and deployment of artificial intelligence, including AI biases, ethical design, con-
sumer privacy, cybersecurity, individual autonomy and wellbeing, and unemployment. They empha-
size the need for companies to actively engage in corporate social responsibility (CSR) to guide the 
future of ethical AI. Furthermore, they underscore the risks associated with the potential for power-
ful AI systems to displace workers, an issue that should also be integrated into discussions of ESG 
frameworks.

Despite the growing alignment between sustainability priorities and advancements in artificial 
intelligence, the relationship between AI and ESG – understood as a comprehensive construct – 
remains under-researched. In particular, the intersection between organizational AI deployment and 
firm-level ESG performance has received limited scholarly attention. While the existing literature has 
addressed the macroeconomic implications of AI adoption and its broader sustainability effects (e.g., 
Kar et al., 2022), as well as its role in enhancing operational performance through digital transforma-
tion (Holmström, 2022; Iansiti & Lakhani, 2020), relatively little is known about how AI implementa-
tion affects ESG outcomes at the firm level. This gap is particularly relevant given that firms are the 
primary agents of both technological innovation and ESG-driven transformation. Understanding the 
firm-level dynamics between AI and ESG outcomes is essential for assessing how digital innovation 
can support, or potentially hinder, responsible and sustainable business practices. Addressing this 
gap can provide practical insights for corporate decision-makers, policymakers, and scholars inter-
ested in the strategic integration of AI into ESG agendas.

To address the above research gap in the existing literature, this study adopts the Dynamic Capa-
bilities Framework (DCF) – an approach particularly well-suited to the context of emerging technol-
ogies and the evolving organizational environment they engender. The DCF posits that in rapidly 
changing and technologically dynamic settings, firms must continuously adapt, integrate, and recon-
figure both internal and external competencies to sustain and enhance their competitive advantage 
(Teece et al., 1997). Crucially, the framework highlights that long-term success is not solely depend-
ent on the possession of valuable assets, but rather on a firm’s ability to innovate, learn, and effec-
tively respond to environmental shifts. It centers on three core capabilities: the ability to sense and 
shape opportunities and threats; the capacity to seize those opportunities; and the competence to 
maintain competitiveness through the transformation of organizational resources and structures.

Moreover, the framework emphasizes that competitive advantage arises not merely from a firm’s 
existing resource base, but from its capacity to evolve through distinctive processes such as effective 
coordination, knowledge integration, organizational learning, strategic reconfiguration, and innova-
tion. These processes are shaped by the firm’s asset base, including intangible assets like proprietary 
knowledge and organizational culture, and by its historical development paths (path dependency). 
Such evolutionary trajectories determine how firms adapt to change, with some enhancing and oth-
ers constraining future strategic options. In environments characterized by increasing returns and 
technological disruption, firms that continuously refine their technological, managerial, and organi-
zational capabilities are more likely to create and sustain value (Cavusgil & Deligonul, 2025). The 
adoption of artificial intelligence can thus be viewed as a manifestation of these dynamic capabilities, 
enabling firms to strengthen digital competencies and improve coordination across complex ecosys-
tems, potentially extending to environmental, social, and governance dimensions as well.
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Methodology

Methods

This exploratory study employs a Rapid Literature Review (RLR) methodology (Barends et al., 
2020; Grant & Booth, 2009; Harker & Kleijnen, 2012; Tricco et al., 2015) to investigate the evolving 
body of research on the relationship between corporate ESG performance and organizational AI 
deployment. RLRs have increasingly been recognized as efficient and practical methods for synthe-
sizing existing evidence, particularly in time-sensitive situations where practitioners and policymak-
ers require timely guidance, most notably within the healthcare sector (Khangura et al., 2012). 

The Cochrane Collaboration, an international authority on systematic reviews, has significantly 
contributed to the development of rapid review methodologies. In 2020, its Rapid Reviews Methods 
Group released interim guidance that provides a structured approach to conducting rapid reviews 
across a range of disciplines, expanding beyond Cochrane’s original health-focused mandate (Garri-
tty, 2024). Although initially designed for urgent, health-related research, this approach has also been 
applied in scoping exercises to map evidence in newly emerging areas (Hamel et al., 2020; Smela et 
al., 2023).

Rapid reviews are purposefully structured to accelerate the process of synthesizing evidence by 
first screening peer-reviewed sources and then conducting a focused content analysis to critically 
evaluate the findings (Garritty, 2024). The methodology has demonstrated strong adaptability to 
fields such as business, management, industrial planning, and manufacturing (Jahangirian et al., 
2011). The Center for Evidence-Based Management (CEBMa) has further refined this approach for 
use in organizational and managerial contexts, highlighting its value in producing timely, evi-
dence-based insights to inform strategic decision-making (Barends et al., 2020). This flexibility 
underscores the broader relevance of the RLR approach for addressing complex and fast-changing 
challenges in management science. In particular, the RLR provides a practical and structured means 
to establish a foundational evidence base in emerging domains – essential for identifying key drivers, 
assessing impacts, and outlining potential strategic responses.

In addition to the Rapid Literature Review method, a snowball sampling technique was employed 
to broaden the scope of the review, in line with Wohlin’s (2014) recommendations. This strategy 
enabled the inclusion of influential research not captured in primary academic databases, such as 
highly cited publications. To ensure a coherent and insightful synthesis of the findings, both focused 
content analysis and narrative analysis were conducted, allowing the results to be grouped themati-
cally and synthesized narratively. This combined methodological approach facilitated a comprehen-
sive and nuanced examination of the relationship between AI implementation and corporate ESG 
performance.

Sample 

The Rapid Literature Review (RLR) was initiated on January 31, 2025, through a search of two 
major academic databases: Web of Science (WoS) and Scopus. In WoS, the search utilized the key-
words “AI” AND “ESG” AND “ESG Performance” within the “All Fields” category, encompassing titles, 
abstracts, author keywords, and additional metadata. For Scopus, the search string applied was 
TITLE-ABS-KEY (AI) AND TITLE-ABS-KEY (ESG) OR TITLE-ABS-KEY (PERFORMANCE).

The multi-stage search and screening process followed a transparent rapid review protocol. 
A detailed overview of each stage, including database searches, inclusion and exclusion criteria, and 
quality appraisal procedures, is provided in Figure 1. The selection process was carried out in multi-
ple stages. Searches were limited to peer-reviewed journal articles published in English and within 
the subject area of Business, Management, and Accounting. The initial query retrieved 21 records 
from WoS and 13 from Scopus, resulting in a combined total of 34 articles. After the removal of three 
duplicates identified across both databases, 31 unique studies remained for the initial screening 
stage. 

To address the limited number of studies identified through database searches, a snowball sam-
pling technique was applied using Google Scholar on February 14 and again on February 28, 2025. 
This process resulted in the identification of nine additional articles, bringing the total number of 
studies included in the initial screening to 40. The screening phase involved a systematic review of 
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the titles, abstracts, and keywords to assess their relevance to the research focus. Following this step, 
the dataset was narrowed to 15 articles from Web of Science, 7 from Scopus, and 7 from Google 
Scholar, resulting in a combined total of 28 papers.

The review process, including study identification, screening, and data extraction, was performed 
by one researcher. To enhance consistency and reduce potential bias, clear inclusion and exclusion 
criteria as well as a standardized extraction protocol were applied throughout the process. Studies 
were excluded if they examined AI tools in which ESG was used only as a trial proxy, if AI was applied 
solely for the purpose of technically calculating ESG scores, if AI was analyzed alongside other tech-
nologies without isolating its independent effects, or if the research focus was entirely unrelated (e.g., 
studies involving electrosurgical generators). Notably, although the search was not restricted by geo-
graphical scope, all empirical studies included in the final dataset focused exclusively on the Chinese 
market. This first screening phase yielded 24 studies deemed suitable for further in-depth analysis.

Identification (31 January 2025) 
 Databases: Web of Science (WoS) & Scopus

•	 Search terms: “AI” AND “ESG” AND “ESG Performance”
•	 Filters: Peer-reviewed, English, Business/Management/Accounting

•	 Years covered: All years
•	 Countries of publication: All countries

•	 Results: WoS (21 articles, 2021–2024); Scopus (13 articles)
•	 Duplicates removed: 3 → 31 unique articles

Inclusion Criteria
•	 Peer-reviewed journal articles in English

•	 Business, Management & Accounting subject area
•	 Direct focus on AI and ESG performance

Exclusion Criteria
•	 ESG used only as a proxy or secondary topic

•	 AI used only to compute ESG scores
•	 AI analyzed jointly with other technologies (non-isolated)

•	 Non-relevant domains (e.g., electrosurgical generators)

Screening & Eligibility
•	 Title/abstract/keyword screening → 14 WoS + 7 Scopus = 21 retained

•	 Full-text analysis → 1 excluded (non-relevant domain)
•	 → 13 studies included

Supplementary Search (Snowballing)
Database: Google Scholar (14 & 28 February 2025)

•	 Additional 15 papers identified based on the same
•	 inclusion and exclusion criteria as for WoS and Scopus

•	 → Final dataset: 28 studies

Quality Appraisal
•	 2023 SCImago Journal Rank (SJR): Q1–Q3  

13 Q1 | 4 Q2 | 3 Q3
•	 → 20 studies included

Final Sample
•	 20 studies included for full content analysis

•	 Publication years: 2023–2025 (majority 2024)
•	 All  empirical studies focused on Chinese marketComprehensive multi-stage RLR across WoS, 

Scopus, and Google Scholar

Figure 1. Rapid Literature Review (RLR) Protocol
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Another exclusion criterion, also serving as a proxy for study quality, was applied based on the 
2023 SCImago Journal Rank (SJR) quartile classification to ensure the academic rigor of the selected 
studies. As a result, the dataset comprised articles published in Q1 and Q2 journals, along with three 
highly cited Q3 articles included to capture influential contributions beyond top-tier outlets. Specifi-
cally, the final selection encompassed thirteen articles from Q1 journals, four from Q2 journals, and 
three from Q3 journals. The complete list of journals represented in the review is provided in Table 1.

To further enhance methodological transparency, the selected empirical studies underwent an 
additional quality appraisal. The results are presented in a concise appraisal matrix provided as a 
supplementary table (Table A1 in Appendix 1). The matrix evaluates five key dimensions: (1) AI oper-
ationalization, (2) ESG operationalization, (3) research design, (4) research method, and (5) endoge-
neity and heterogeneity controls. This pragmatic approach was implemented to strengthen transpar-
ency while maintaining alignment with the streamlined nature of a Rapid Literature Review. Overall, 
the reviewed studies exhibit clearly defined constructs and robust empirical designs, with most 
incorporating explicit tests for endogeneity and heterogeneity.

Following the application of all inclusion and exclusion criteria, a full-text review was conducted. 
During this phase, one more article was excluded due to a lack of relevance, resulting in a final sample 
of 20 articles for in-depth analysis. 

Table 1. Journal Distribution of Analyzed Papers by 2023 SCImago Quartile Ranking

Journal Title 2023 SJR 
Quartile (Q)

No of Papers 
Analyzed

Business Strategy and the Environment Q1 1

Chinese Management Studies Q3 1

Economic Analysis and Policy Q1 1

Energy Economics Q1 2

Finance Research Letters Q1 2

International Journal of Innovation Management Q2 1

International Review of Economics & Finance Q1 1

International Review of Financial Analysis Q1 1

Journal of Cleaner Production Q1 1

Sustainable Development Q1 2

Systems Q2 1

Applied Economics Letters Q3 1

International Review of Financial Analysis Q1 1

Energy & Environment Q3 1

Sustainability Q2 2

Scientific Reports Q1 1

Total 20
Source: author’s work based on selected journals.

Notably, the search strategy did not impose any restrictions on the year of publication in order to 
capture the full scope of available literature. However, all retrieved studies were published in 2023, 
2024, or early 2025, underscoring the recent emergence of academic interest in the application of AI 
to corporate ESG performance (see Figure 2). This outcome reflects the nascent nature of the research 
area, with 2023 representing the earliest point at which scholarly discussions on leveraging AI for 
ESG enhancement began to appear in the academic literature.
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Figure 2. Distribution of Publications by Year
Source: author’s work based on selected journals.

Research results

The body of research examining the relationship between the adoption of artificial intelligence 
and corporate ESG performance reveals several consistent trends and key insights (see Table 2). 
Among the twenty studies included in the full-content review – eighteen of which are empirical – the 
findings consistently demonstrate a significant positive relationship between AI implementation and 
improvements in firm-level ESG outcomes. This positive relationship is observed across diverse firm 
types, industry sectors, ownership structures, and regional contexts, underscoring the broad applica-
bility of AI as a catalyst for enhancing corporate sustainability performance. The reviewed studies 
identify multiple mechanisms through which AI contributes to improved ESG outcomes, as well as 
mediating and moderating factors that shape this relationship. These findings are summarized in 
Figure 3 (Parts A and B) as a mind map manually created using the MindMeister application, which 
provides a structured visual overview of the key themes and categories emerging from the analysis.

Notably, all 18 empirical studies reviewed focus exclusively on Chinese listed companies, reflect-
ing the impact of recent AI pilot policies and national digital governance strategies. The predominant 
focus of these studies is micro-level, with particular attention paid to firm-specific factors such as 
internal governance mechanisms, innovation capabilities, and digital infrastructure. 

Among the most frequently cited mechanisms is data processing and information governance, 
where AI facilitates greater transparency, information sharing, and the reduction of information 
asymmetry (e.g., Zhou et al., 2025). Another mechanism involves innovation and R&D, with AI sup-
porting corporate innovation capacity and the development of green technologies (e.g., He, 2024; 
Huang et al., 2024). AI is also instrumental in greenwashing mitigation, as it enables the detection 
and prevention of misleading sustainability claims (e.g., Li, et al., 2024; Zhang, 2024). Furthermore, 
AI contributes to digital transformation, which in turn positively moderates ESG outcomes (e.g., Liu 
et al., 2024; Xie & Wu, 2025) and promotes supply chain optimization by increasing efficiency and 
transparency (e.g., Lin & Zhu, 2024; S. Wang & Zhang, 2024). In addition, improvements in internal 
control and operational efficiency, facilitated by AI, are also linked to better ESG performance (e.g., Li 
et al., 2024).

Beyond these mechanisms, several studies point to variables that moderate the AI – corporate 
ESG performance relationship. Ownership structure appears to play a role, with private and non-
state-owned enterprises often exhibiting stronger positive effects, although findings in this area 
remain inconclusive. Firm size is another factor, with medium and large enterprises generally bene-
fiting more from AI-driven ESG enhancements than smaller firms. Regional disparities also emerge, 
as companies located in eastern and central China tend to experience greater ESG improvements 
compared to those in the western and northeastern regions. 

2024
65%

2023
10%

2025
25%

Search & Screen - Year of Publication In summary, although the final search yielded a 
limited sample of 20 relevant peer-reviewed articles 
and was conducted by a single researcher, the trian-
gulated approach – comprising searches across 
three databases at three distinct time points and 
restricted to studies that applied rigorous research 
procedures and underwent peer review in high-qual-
ity journals -ensured a comprehensive and method-
ologically robust review. This multi-step and trans-
parent process enhanced the rigor, validity, and reli-
ability of the findings, providing a solid foundation 
for analyzing the current state of research on the 
relationship between AI deployment and ESG per-
formance at the firm level.
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Figure 3. Factors Mediating and Moderating the AI–Corporate ESG Performance Relationship – Part A
Source: author’s work based on literature synthesis using MindMeister app, https://www.mindmeister.com
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Figure 3. Factors Mediating and Moderating the AI–Corporate ESG Performance Relationship – Part B
Source: author’s work based on literature synthesis using MindMeister app, https://www.mindmeister.com
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Lastly, industry competitiveness influences outcomes, with AI showing a more pronounced effect 
in sectors that are highly competitive and technologically intensive.

Although most studies emphasize the positive impact of artificial intelligence on corporate ESG 
performance, relatively few examine its potential drawbacks. Among the studies addressing negative 
implications, several highlight governance-related concerns (Zhang & Yang, 2024; Xie & Wu, 2025) 
and note that the effectiveness of AI in advancing ESG objectives depends on context-specific imple-
mentation strategies (Li et al., 2025). Beyond governance challenges, the substantial energy con-
sumption associated with AI technologies raises critical questions about the environmental sustain-
ability of AI itself (Lin & Zhu, 2024).	

Finally, theoretical contributions by Sætra (2023) and Saxena et al. (2023) further enrich the 
discourse. Sætra (2023) introduces a flexible AI-ESG protocol intended to guide ethical and con-
text-sensitive implementation, while Saxena et al. (2023) explore the role of Industry 4.0 technolo-
gies and AI in enhancing ESG data infrastructure and transparency. Collectively, these insights under-
score the importance of a nuanced and critical perspective when evaluating the role of AI in ESG 
performance.

Discussion

As outlined in the Research Results section, the review findings strongly support a positive rela-
tionship between the deployment of artificial intelligence and enhanced corporate ESG performance. 
The integration of artificial intelligence technologies presents considerable potential to advance 
organizational ESG agendas by increasing operational efficiency, facilitating data-driven deci-
sion-making, and promoting the adoption of more sustainable practices.

At the same time, the Dynamic Capabilities Framework adopted in this study underscores that 
long-term organizational success depends on a firm’s capabilities, specifically ability to learn, inno-
vate, and adapt to environmental change (Teece et. al., 1997). Accordingly, the mechanisms through 
which AI enhances corporate ESG performance can be broadly categorized into three interrelated 
domains: firm-level capabilities and characteristics; technological and operational mediators; and 
regional and contextual factors.

Firm-level capabilities and characteristics shaping the AI–ESG relationship

Firm-level capabilities serve as key mediators in the relationship between artificial intelligence 
adoption and ESG performance, particularly in shaping corporate governance practices. AI-driven 
improvements in oversight and managerial control play a pivotal role in amplifying these outcomes. 
By enhancing monitoring systems, alleviating financing constraints, and strengthening overall organ-
izational performance, AI contributes to more effective and transparent ESG management (Li et al., 
2024). It also supports ESG advancement by improving the efficiency of internal controls and enrich-
ing the quality and flow of market information (R. Chen & Zhang, 2024). Moreover, corporate compli-
ance emerges as a critical moderating factor influencing the magnitude of AI’s impact on ESG out-
comes.

Further evidence from Zhou et al. (2025) identifies enhanced corporate information governance 
as a key mechanism linking AI adoption to improved ESG outcomes. This mechanism encompasses 
greater transparency, more effective information sharing, and reduced information asymmetry – all 
of which contribute to improved environmental disclosure, more efficient supply chain management, 
and lower agency costs. Collectively, these findings underscore the importance of robust internal 
governance controls, strong compliance systems, and an integrated information environment in max-
imizing the ESG value of AI integration.

In contrast to the predominantly positive relationship between AI deployment and firm-level ESG 
performance through strengthened governance controls, Liu et al. (2024) identify a notable draw-
back – the implementation of AI technologies may weaken the effectiveness of internal control sys-
tems due to the automation of data sourcing and reduced human oversight, thereby diminishing 
governance performance. Their findings highlight the need for a balanced and cautious approach to 
AI integration to ensure that technological advancement does not compromise fundamental aspects 
of corporate governance.
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Furthermore, Zhang and Yang (2024) find that although AI adoption significantly improves envi-
ronmental and social performance, its impact on governance remains limited. Their study identifies 
absorptive capacity – defined as a firm’s ability to acquire, assimilate, and apply external sustainabil-
ity-related knowledge – as a key mediating mechanism in the relationship between AI adoption and 
firm-level ESG outcomes. The findings suggest that AI contributes to sustainability not only through 
direct technological advancements but also by enhancing firms’ capacities to internalize and imple-
ment ESG-oriented practices. These positive effects of AI are more pronounced in mature firms rela-
tive to those at earlier stages of development and in non-polluting industries compared with more 
environmentally intensive sectors.

Complementing this view, Xie and Wu (2025) caution that although AI can generate notable 
improvements in environmental and social dimensions, its contribution to governance is less consist-
ent and, in some cases, potentially adverse. AI adoption may undermine internal control systems, 
thereby diminishing governance quality. Taken together, this evidence underscores the complex 
nature of AI’s influence on ESG performance, highlighting the importance of organizational capabili-
ties, and governance safeguards in shaping outcomes.

While empirical research generally confirms a positive link between ESG performance and sus-
tainable development, several challenges continue to impede the full realization of ESG’s transform-
ative potential. Key obstacles include the lack of standardized metrics, inconsistencies in data quality 
and disclosure, and the absence of robust regulatory frameworks to support meaningful ESG integra-
tion (Zhang, 2024). Among these, greenwashing remains a particularly pressing concern, as it under-
mines the credibility of sustainability initiatives and weakens their long-term impact (Zhang, 2024).

At the same time, AI adoption can play a pivotal role in mitigating greenwashing (Zhang, 2024; Li 
et al., 2024). Zhang (2024) demonstrates that AI improves the quality and transparency of ESG dis-
closures, particularly in environments with weaker external sustainability oversight, where its role in 
enhancing accountability is most pronounced. AI contributes to this outcome through multiple chan-
nels, including easing financial constraints, reducing managerial burdens related to ESG compliance, 
and fostering green innovation. These findings highlight the potential of AI as an effective governance 
instrument for promoting credible sustainability practices and strengthening the reliability of ESG 
reporting frameworks.

Moreover, AI mitigates greenwashing by alleviating agency problems, and enhancing external 
scrutiny (Li et al., 2024). The deterrent effect of AI is particularly evident in firms without political 
affiliations, those with lower female board representation, and those characterized by weaker equi-
ty-based incentives. Collectively, these findings underscore the potential of AI as an effective govern-
ance mechanism that enhances transparency and accountability in sustainability reporting, thereby 
improving the credibility of ESG disclosures and supporting the stability of capital markets.

Furthermore, AI applications significantly contribute to carbon reduction, primarily through 
innovations in production processes, technological advancements, and improved management prac-
tices (Wang et al., 2024). The research reports particularly strong effects among large, profitable, and 
state-owned enterprises. Integrating AI into manufacturing appears to improve ESG performance, 
especially across the environmental and governance dimensions. These advancements are largely 
driven by gains in total factor productivity, greater technological innovation, and higher transparency 
in information disclosure.

Despite the above benefits of artificial intelligence for enhancing firm-level ESG performance, a 
growing body of literature cautions that its deployment is accompanied by significant environmental 
trade-offs. Lin and Zhu (2024) emphasize that the rapid advancement and widespread adoption of AI 
technologies have substantially increase energy demand, potentially hindering progress toward sus-
tainability targets. The training and operation of large-scale AI models require intensive computa-
tional resources, which translate into elevated electricity consumption and associated carbon emis-
sions. These challenges underscore the importance of pursuing “green AI” strategies that mitigate 
environmental costs while preserving technological benefits.

At the same time, evidence suggests that AI can serve as a critical enabler of environmental stew-
ardship. From an operational perspective, AI facilitates more precise monitoring of energy usage, the 
optimization of manufacturing processes, and the reduction of waste and emissions (Nishant et al., 
2020; Vinuesa et al., 2020). Complementing this view, Xiao and Xiao (2025) find that central state-
owned enterprises in China have successfully integrated AI into environmental management sys-
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tems, particularly in resource allocation and pollution control, resulting in reduced resource con-
sumption, improved energy efficiency, and enhanced wastewater treatment.

Contrary to the perception that AI’s environmental footprint negates its benefits, recent research 
has revealed a more nuanced dynamic. Chishti et al. (2024) show that although AI-driven operations 
have increased electricity consumption, they have simultaneously incentivized investment in cleaner 
energy alternatives. Industry initiatives such as Intel’s Hala Point neuromorphic system exemplify 
how technological innovation can achieve breakthroughs in energy efficiency and performance, set-
ting a new benchmark for the development of “green AI” (Huang et al., 2024). Similarly, Li et al. (2024) 
demonstrate that AI technologies can optimize resource utilization, improve energy-emissions man-
agement, and enhance decision-making precision, thereby improving firms’ financial performance 
(ROA) and, in turn, their ESG outcomes. In aggregate, these findings indicate that while AI introduces 
new environmental challenges through its energy demands, it also offers powerful mechanisms for 
mitigating these impacts and fostering more sustainable, efficient, and transparent corporate prac-
tices.

Furthermore, literature reviewed points to a more complex, non-linear dynamic between AI and 
energy transition. Lee and Yan (2024) identify a U-shaped relationship, whereby AI adoption initially 
exerts a negative influence on the shift toward cleaner energy systems. Only after surpassing a certain 
threshold does AI begin to facilitate a meaningful transition to sustainable energy use. This nuanced 
relationship underscores the need for carefully crafted policy interventions to ensure that AI integra-
tion supports, rather than hinders, broader environmental and sustainability objectives.

Li et al. (2025) advance the discourse on technology-driven sustainability by examining how arti-
ficial intelligence enhances ESG performance through innovation-based pathways. Their study high-
lights key organizational enablers, particularly resilience and innovation capacity, as critical in medi-
ating the AI–ESG relationship. Notably, organizational resilience is shown to amplify the positive 
effects of AI, especially within technology-intensive industries.  The integration of AI technologies 
positively influences sustainable development practices, with ESG serving as a mediating mechanism 
that links AI adoption to enhanced corporate governance, environmental stewardship, and social 
responsibility.

In this context, it is noteworthy that the majority of the reviewed studies examine the moderating 
role of organizational ownership structures in shaping the relationship between AI adoption and 
corporate ESG performance; however, the findings remain mixed and inconclusive. While some stud-
ies suggest that state-owned enterprises (SOEs) are better positioned to leverage AI in pursuit of ESG 
objectives (e.g., Chen & Ge, 2025; Li et al., 2025), others indicate that the positive effects of AI adop-
tion are more pronounced in privately owned or non-state-owned enterprises (non-SOEs), particu-
larly those operating in environments characterized by lower levels of institutional scrutiny (e.g., 
Zhou et al., 2025; Lin & Zhu, 2024; Li et al., 2024; Huang et al., 2024; Chen et al., 2024).

In summary of the discussion on firm-level capabilities and characteristics shaping the AI–ESG 
relationship, it is valuable to introduce Sætra’s (2023) AI ESG Protocol, which offers a structured 
framework for understanding how organizational AI and data-related resources translate into sus-
tainability outcomes. Within this framework, capabilities refer to the competencies, tools, methodol-
ogies, and processes used in the development of AI systems and the collection of data – for example, 
a firm’s expertise in algorithm design or its infrastructure for gathering sensor-based data. 
Assets encompass the organization’s tangible AI-related resources, including proprietary algorithms, 
data systems, and curated datasets, such as in-house social media platforms or specialized data 
repositories. Activities describe the practical deployment of these capabilities and assets in ways that 
shape strategic direction, innovation, and market positioning. This may involve, for instance, product 
development processes where AI tools enable clients to harness their own data more effectively to 
optimize performance. Taken together, the AI ESG Protocol offers a comprehensive lens for assessing 
the sustainability implications of AI, bridging technological capabilities with responsible innovation. 
At the same time, organizational characteristics, such as human capital, absorptive capacity, firm 
maturity, and ownership structure, emerge as critical factors that condition the extent to which AI 
adoption translates into tangible sustainability benefits. These insights underscore that the integra-
tion of AI is not inherently transformative; rather, its effectiveness depends upon a firm’s internal 
readiness and structural orientation (Sætra, 2023).
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Technological and operational mediators of AI – ESG performance 

The second cluster of mediating factors underscores the pivotal role of technological maturity 
and operational efficiency in linking AI adoption to enhanced firm-level ESG performance. Variables 
such as the degree of AI integration into operational and sustainability-focused systems serve as key 
mediators, shaping ESG outcomes through functional and process-oriented pathways. Notably, 
advancements in energy efficiency, reductions in waste emissions, and the implementation of circular 
economy practices often depend on the availability of advanced technological capabilities (Chen & 
Xie, 2022). Chen and Ge (2025) emphasize that AI-driven improvements in operational efficiency and 
the optimization of human capital are critical channels through which ESG benefits are realized. Nev-
ertheless, the complexity involved in collecting, processing, and analyzing ESG-related data remains 
a significant challenge for firms aiming to accurately evaluate and enhance their ESG performance.

Therefore, the advancement of AI technologies offers promising solutions to these challenges. AI 
is increasingly reshaping business operations and organizational workflows by facilitating automa-
tion, real-time data analysis, and predictive capabilities that enhance strategic decision-making (Lin 
& Zhu, 2024; Zeng et al., 2024). Moreover, AI improves the precision, consistency, and transparency 
of ESG monitoring and reporting by enabling advanced metric tracking and real-time access to per-
formance insights (Jing & Zhang, 2024). Overall, AI adoption underscores the pivotal role of techno-
logical innovation in enhancing efficiency and fostering sustainable corporate practices (Li et al., 
2024).

The integration of Industry 4.0 technologies, such as the Internet of Things (IoT), blockchain, big 
data, and artificial intelligence, offers transformative potential through capabilities including real-
time data collection, data authentication, predictive analytics, transparency, and structured data 
management (Saxena et al., 2023). The adoption of these technologies can significantly enhance the 
acquisition and processing of ESG data, thereby improving the overall quality and reliability of ESG 
reporting and, consequently, ESG assessments.

As consumers increasingly demand accurate and verifiable ESG information, AI deployment may 
become a game-changer for many organizations that still struggle with inconsistent or manipulated 
disclosures. Chen and Zhang (2024) further suggest that AI-driven digital transformation can serve 
as a powerful mechanism for advancing the sustainable development agenda and facilitating the 
transformation and upgrading of the manufacturing sector in particular.

As such, AI functions as a critical enabler in strengthening corporate ESG performance and driv-
ing sustainable business transformation. Liu et al. (2024) find that AI adoption encourages increased 
investment in research and development, as well as deeper digital transformation, both of which 
contribute positively to ESG outcomes. Complementing these findings, Xie and Wu (2025) demon-
strate that the degree of corporate digitalization significantly moderates the relationship between AI 
adoption and ESG performance. Their channel analysis reveals that AI enhances the environmental 
(E) dimension by fostering green technological innovation and improves the social (S) dimension 
through greater corporate engagement in philanthropic activities. These two components – environ-
mental innovation and social responsibility – emerge as the primary drivers behind the observed 
improvements in overall ESG performance. 

In addition to the above efficiency gains, recent research emphasizes the emerging role of gener-
ative AI in advancing corporate sustainability objectives. Wang and Zhang (2024) investigate this 
area and find that generative AI positively moderates the relationship between digital supply chain 
integration and ESG performance, with customer involvement acting as a key enabling factor. Simul-
taneously, generative AI strengthens firms’ innovation capacity and supports more effective collabo-
ration within digitally integrated supply chains. 

Moreover, both ESG performance assessment and research on the impacts of AI face ongoing 
challenges related to the lack of standardization (e.g., Chen et al., 2024; Lin & Xu, 2024). This is par-
ticularly evident in the absence of consistent ESG measurement criteria, evaluation metrics, rating 
systems, and reporting frameworks, which hinders the comparability and reliability of findings 
across contexts.

In response to the need for greater conceptual clarity, He (2024) adopts a reverse analytical per-
spective by investigating how ESG performance influences corporate innovation capabilities, with 
artificial intelligence adoption and digital transformation serving as mediating variables. The study 
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provides robust empirical evidence that strong ESG performance significantly enhances a firm’s inno-
vation capacity, primarily through increased AI integration and more advanced digital infrastructure. 
These findings offer valuable insights into the mechanisms by which sustainability-oriented strate-
gies can stimulate technological innovation. Importantly, the research highlights that ESG initiatives 
can serve not only as compliance tools but also as strategic assets that strengthen firms’ competitive 
advantage in an increasingly digital and innovation-driven economy.

Building on this line of inquiry, Jing and Zhang (2024) develop a theoretical model that explores 
the influence of AI on firm-level ESG performance, focusing specifically on the mediating role of ambi-
dextrous green innovation. Their findings indicate that AI adoption significantly improves ESG out-
comes through two distinct innovation pathways: explorative and exploitative green innovation. The 
study further reveals that firms maintaining a balanced approach to both types of innovation, par-
ticularly larger enterprises, derive the greatest benefits from AI integration. A heterogeneity analysis 
confirms that the effectiveness of AI in enhancing ESG performance is contingent upon factors such 
as firm size and the degree of innovation balance. These results underscore the importance of align-
ing AI strategies with organizational and technological contexts and innovation capacities, particu-
larly in sectors such as manufacturing, where tailored approaches are essential for maximizing sus-
tainability outcomes.

Regional and contextual factors of AI’s ESG effectiveness

The third and final cluster of mediating factors comprises regional and contextual variables, 
underscoring that geographical location, regulatory environments, and policy orientations are not 
neutral settings but active constituents shaping the relationship between AI adoption and corporate 
ESG performance. 

The magnitude of corporate ESG benefits derived from AI deployment varies substantially across 
regions and sectors, reflecting differences in structural conditions, regulatory frameworks, and tech-
nological maturity (Lin & Zhu, 2025). Both industry characteristics and geographic context shape the 
degree to which AI contributes to firm-level ESG performance. Positive effects are especially evident 
in high-tech sectors (Chen & Ge, 2025) and fintech firms (Li et al., 2024), suggesting that technologi-
cally advanced industries are better positioned to capitalize on AI-driven ESG enhancements. Fur-
thermore, firms located in specific regions, particularly those with more developed digital ecosys-
tems, demonstrate stronger ESG performance linked to AI integration (Chen & Ge, 2025; Huang et al., 
2024; Wang et al., 2024; Xie & Wu, 2025). Notably, Liu et al. (2024) observe that the positive impact 
of AI on ESG outcomes is significantly amplified in provinces characterized by higher levels of digital 
financial inclusion. These findings highlight the importance of accounting for regional and sectoral 
contexts when assessing the efficacy and equity of AI-enabled sustainability transitions.

In the context of Chinese firms operating within the domestic market, a particularly salient factor 
influencing the AI – corporate ESG performance relationship is the proactive national policy sur-
rounding designated AI pilot zones, specifically, the National New Generation Artificial Intelligence 
Innovation and Development Pilot Zone initiated in 2017 (Department of International Cooperation 
Ministry of Science and Technology, P.R. China, 2017). These policy initiatives provide institutional 
support and strategic incentives that significantly enhance firms’ ESG performance by facilitating the 
integration of advanced AI technologies. Huang et al. (2024) employ this pilot zone framework as a 
quasi-natural experiment to investigate the impact of AI-related policy interventions on corporate 
ESG outcomes.  Their empirical findings demonstrate that the implementation of this policy leads to 
significant improvements in ESG performance. Heterogeneity analysis further reveals that the poli-
cy’s effects are not uniform: they are more pronounced among firms located in certain regions (east-
ern and central China), in non-state-owned enterprises, and in industries characterized by high levels 
of pollution (Huang et al., 2024). Mechanism analysis identifies two critical pathways driving the 
improvements – green technological innovation and increased R&D investment – underscoring the 
strategic value of AI in enabling environmentally responsible and innovation-led business models.

Lin and Zhu (2024) examine the impact of another regulation – the China Artificial Intelligence 
Pilot (AIP) Policy, introduced in 2019 (State Council of the People’s Republic of China, 2021), a suc-
cessor to the National New Generation Artificial Intelligence Innovation and Development Pilot Zone 
– on corporate ESG performance. Their heterogeneity analysis reveals that the positive effects of the 
AIP policy are particularly pronounced among energy-intensive firms and those operating within the 
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new energy sector. As the authors emphasize, strengthening ESG performance in energy-intensive 
industries is especially critical given their substantial energy consumption and significant environ-
mental impact throughout the production process.  In the Chinese context, the AIP policy supports 
these industries in upgrading toward higher value-added production by facilitating the adoption of AI 
technologies. Through AI integration, firms enhance supply chain management and operational effi-
ciency, thereby achieving notable improvements in ESG outcomes. Simultaneously, the renewable 
energy sector, especially in wind and solar power, which play pivotal roles in combating climate 
change and advancing the energy transition, has experienced substantial gains in generation effi-
ciency through AI deployment. Artificial intelligence demonstrates potential in improving power 
generation performance, reducing operational costs, and optimizing resource allocation. These 
advancements enable firms to better align with policy directives and pursue sustainable, low-carbon 
development paths. Overall, the findings underscore the potential of well-designed AI regulatory ini-
tiatives to drive sustainable business practices, especially in industries where environmental con-
cerns are most acute. The study also highlights how targeted policy frameworks can catalyze AI adop-
tion in ways that directly enhance ESG outcomes and support broader environmental and innova-
tion-driven goals.

Furthermore, the positive relationship between AI and ESG performance is amplified in regions 
characterized by stricter environmental regulations and greater banking sector concentration (Li et 
al., 2024). This evidence highlights the critical role of government policy and institutional context in 
enabling digital transformation and promoting broader ESG objectives in emerging economies such 
as China.

In this context, Chen et al. (2024) demonstrate that macroeconomic policy uncertainty acts as a 
moderating variable, amplifying AI’s positive influence on ESG outcomes. The study identifies two 
primary mechanisms through which AI enhances ESG performance: by increasing firms’ total factor 
productivity and by stimulating research and development (R&D) investment. Moreover, the analysis 
reveals that AI exerts a particularly strong positive effect on the ESG performance of technology- and 
capital-intensive firms.

AI fosters ESG performance also through sector-specific characteristics, where regulatory envi-
ronments shape the effectiveness of AI in promoting sustainability. Notably, the impact of AI on ESG 
performance is industry dependent. The positive effects of AI adoption on ESG outcomes are more 
pronounced both among less polluting firms (Li et al., 2025; Wang et al., 2024; Zhang, 2024) and 
among those operating in heavily polluting industries (Huang et al., 2024). Xie and Wu (2025) further 
show that the positive influence of AI on ESG performance is stronger in competitive and technolo-
gy-intensive sectors. In addition, large- and medium-sized enterprises demonstrate greater improve-
ments compared to smaller firms, with medium-sized firms exhibiting particularly strong potential 
for further progress and thus achieving a higher marginal effect relative to large firms.

Managerial and policy recommendations

The reviewed studies demonstrate that artificial intelligence can substantially enhance firm-level 
environmental, social, and governance performance, yet its effects are not uniformly positive. Manag-
ers and policymakers should therefore adopt a balanced, context-sensitive approach that maximizes 
benefits while mitigating potential risks.

Key managerial recommendations for integrating AI to improve firm-level ESG performance 
include:
•	 Integrate AI into ESG strategy - embed AI capabilities within corporate sustainability planning 

to strengthen data-driven management, support informed decision-making, and improve overall 
ESG outcomes.

•	 Strengthen governance and accountability – establish robust AI accountability frameworks 
with transparent model documentation, audit trails, and independent oversight of AI-driven 
decisions to mitigate opacity risks and reinforce governance controls.

•	 Embed ethical and digital competence in governance – incorporate ethical AI principles into 
corporate governance codes to oversee responsible AI adoption.

•	 Stimulate innovation and efficiency – use AI to enhance R&D capacity, accelerate the develop-
ment of green technologies, and reduce carbon emissions through process optimization.
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•	 Enhance transparency and credibility – leverage AI tools to strengthen data accuracy, improve 
the quality and auditability of ESG disclosures, and mitigate the risk of greenwashing.

•	 Optimize supply-chain management – apply AI solutions to increase traceability, improve sup-
plier assessment, and monitor ESG-related data and risks throughout the supply chain.

•	 Strengthen sustainable organizational management practices – utilize AI to enhance opera-
tional efficiency and data accessibility, thereby improving eligibility for ESG-linked financing and 
aligning strategic and investment decisions with sustainability objectives.

Key cautionary considerations encompass:
•	 While AI-based analytics strengthen monitoring, fraud detection, and compliance processes, oth-

ers suggest that automation and algorithmic decision-making can weaken managerial accounta-
bility or introduce new opacity risks.

•	 Governance impact may be limited – evidence indicates that AI’s positive effects are generally 
stronger for environmental and social dimensions than for governance outcomes. Without proper 
oversight, AI adoption may undermine governance quality and heighten operational or ethical 
risks.

•	 Effectiveness depends on tailored implementation – the ESG benefits of AI vary across sectors 
and depend on how technologies are integrated into existing organizational systems.

For policymakers and regulators, the literature suggests several recommendations to amplify the 
positive influence of AI on firm-level ESG outcomes, including, but not limited to, the following:
•	 Formulating region – and sector-specific policy frameworks that support ESG-driven initiatives 

leveraging AI technologies as key enablers.
•	 Establishing innovation support platforms that connect AI solution providers with corporate ESG 

initiatives, projects, and programs.
•	 Promoting sustained R&D investment at the firm level to advance the development of AI-enabled 

ESG solutions.
•	 Developing comprehensive monitoring and evaluation systems to mitigate AI-related risks in the 

ESG context and prioritize investments that deliver measurable improvements in firm-level ESG 
performance.

•	 Encouraging the wider adoption of AI technologies for smart grid optimization and renewable 
energy integration, which have already demonstrated significant efficiency gains and reductions 
in carbon emissions.
Both managers and regulators should therefore accompany AI deployment with robust data gov-

ernance frameworks, ethical oversight, and continuous monitoring to ensure that technological inno-
vation reinforces, rather than undermines, firm-level ESG outcomes, corporate governance, and 
organizational accountability.

Limitations and future research agenda

Despite promising findings, the scope of existing research remains geographically narrow, even 
though the RLR protocol did not restrict studies by country or market. All empirical evidence identi-
fied in this review originates from Chinese firms listed on domestic stock exchanges, reflecting both 
the availability of firm-level ESG data and China’s policy emphasis on AI-driven digital transforma-
tion. While this body of work provides a valuable foundation, it also introduces potential geographi-
cal bias. Some scholars argue that these results may hold relevance beyond China (e.g., Chen & Zhang, 
2024), yet such claims remain largely speculative in the absence of comparative, cross-country evi-
dence.

This geographical concentration limits the external validity and generalizability of current con-
clusions. Institutional differences, such as regulatory frameworks, corporate governance systems, 
and levels of digital maturity, can substantially influence both AI adoption and ESG performance. For 
instance, China’s strong state involvement in AI policy and data governance contrasts with the more 
decentralized and market-oriented approaches observed in Europe or North America. Future 
research should therefore seek to validate and extend these findings through multi-regional or com-
parative analyses, thereby advancing a more globally representative understanding of the firm-level 
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AI–ESG performance nexus and informing the formulation of internationally relevant policy recom-
mendations.

Furthermore, several additional limitations should be acknowledged. First, the research field is 
still in its early stages, with most empirical studies published only since 2023, resulting in a limited 
empirical base. Second, conceptual ambiguity persists, as the construct of ESG performance lacks a 
unified definition across studies. In some cases, it is operationalized as a proxy for overall sustain-
ability or SDG alignment, whereas in others it is equated with ESG ratings without sufficient method-
ological justification, often relying on publicly available indicators such as the Sino-Securities Index 
ESG Ratings or the Huazheng ESG Index as direct measures of ESG performance.

To address these limitations, future research should prioritize cross-indicator and cross-national 
empirical analyses, particularly comparing European, U.S., and other global markets. This would 
allow for a more robust examination of AI–ESG relationships within varied institutional and regula-
tory contexts, especially in light of recent legislative developments such as the European Union’s 
Artificial Intelligence Act (European Parliament and Council, 2024) or the United States’ The National 
Artificial Intelligence Research and Development Strategic Plan (United States National Science and 
Technology Council, 2016).  Additionally, greater attention could be paid to the role of external fac-
tors such as non-financial reporting regulations and sustainability disclosure directives, particularly 
in the context of the European Union, where such frameworks have already been introduced (e.g., 
European Commission, 2020; European Parliament and Council, 2022).

Moreover, although AI applications may enhance firms’ environmental performance, their own 
energy and emissions footprints remain largely unexamined. Training large models and operating 
data centers can significantly increase electricity consumption, raising questions about the net car-
bon effect of AI adoption. Future studies should quantify these trade-offs and integrate them into 
firm-level ESG assessments to explore how differences in digital infrastructure, energy mix, and reg-
ulatory context influence the balance between AI’s environmental benefits and costs.

Furthermore, as the impact of AI may vary significantly across the environmental (E), social (S), 
and governance (G) components, future studies should more explicitly differentiate among the three 
dimensions of ESG in the context of AI deployment. A more granular exploration of how AI affects 
each pillar would contribute to a clearer understanding of its role in shaping corporate sustainability 
strategies.

Future research should further explore the complex relationship between AI deployment and 
corporate governance outcomes, as empirical evidence on this link remains mixed. While several 
studies suggest that AI-based analytics enhance monitoring, fraud detection, and compliance pro-
cesses, others indicate that automation and algorithmic decision-making may weaken managerial 
accountability or introduce new forms of opacity. These divergent findings point to the importance of 
identifying boundary conditions that moderate AI’s governance effects. Specifically, future studies 
should examine how organizational maturity and data governance capacity determine whether AI 
strengthens or substitutes for traditional oversight mechanisms. Similarly, regulatory context and 
board-level digital literacy are likely to influence the extent to which AI tools are implemented 
responsibly and transparently. Finally, firm size and ownership structure may condition how effec-
tively AI-driven controls align with broader corporate governance goals. Empirical research should 
aim to develop theoretical and quantitative models that capture when and how AI enhances, rather 
than undermines, the quality of internal controls and governance integrity.

Lastly, since the empirical studies reviewed in this article were predominantly quantitative, the 
field would benefit from more qualitative research, such as in-depth interviews with managers and 
practitioners directly involved in corporate AI implementation. These approaches could offer deeper 
insights into the decision-making processes and contextual dynamics that influence the relationship 
between AI and ESG performance at the firm level. 
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Conclusion

This study contributes to the growing body of research on the firm-level nexus between artificial 
intelligence adoption and corporate ESG performance, highlighting how technological innovation 
reshapes sustainability practices. The integration and advancement of AI technologies offer signifi-
cant opportunities for improving corporate performance across environmental, social, and govern-
ance dimensions. Through advanced data mining, real-time analytics, and optimized resource alloca-
tion, AI functions as a critical enabler of sustainable and responsible business practices. By enhancing 
operational efficiency and decision-making capacity, AI facilitates the transition toward data-driven 
sustainability strategies that strengthen firms’ long-term competitiveness and accountability.

The findings reveal a predominantly positive relationship between AI adoption and firm-level 
ESG performance, as consistently reported across the reviewed literature. However, the magnitude 
and nature of this relationship vary based on several moderating factors, which can be broadly cate-
gorized into three interrelated domains: (1) firm-level capabilities and characteristics, (2) technolog-
ical and operational mediators, and (3) regional or contextual factors. Among the most frequently 
cited mechanisms is the role of AI in strengthening information governance – facilitating greater 
transparency, improving data sharing, and reducing information asymmetry. AI also enhances corpo-
rate innovation capacity through support for R&D and the development of green technologies. Fur-
thermore, it plays a pivotal role in detecting and mitigating greenwashing by ensuring more accurate 
and trustworthy ESG reporting.

In addition, AI contributes significantly to digital transformation, which in turn moderates ESG 
outcomes by increasing adaptability, responsiveness, and integration across business operations. 
Supply chain optimization is one of such areas where AI proves beneficial, improving transparency 
and efficiency across production and distribution networks. Enhanced internal control systems and 
gains in operational efficiency further strengthen ESG performance, particularly when AI tools are 
tailored to the firm’s context.

Several studies highlight contextual factors moderating the AI–ESG relationship, including own-
ership structure, firm size, regional context, and industry competitiveness, although findings remain 
mixed. While AI generally enhances ESG performance, some studies raise concerns about limited 
governance benefits, weakened internal controls, and the environmental cost of energy-intensive AI 
technologies. Ultimately, the effectiveness of AI depends on context-specific implementation and 
a strategic firm’s capabilities.

In conclusion, this body of research contributes to the further development of the AI –ESG perfor-
mance nexus, offering practical insights for managers, policymakers, and regulators seeking to foster 
sustainable development at the firm level. Collectively, the synthesized findings provide a foundation 
for broader, more inclusive, and empirically grounded investigations into the transformative poten-
tial of AI in promoting sustainable corporate practices.
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Karolina ŁUDZIŃSKA

ZWIĄZEK MIĘDZY SZTUCZNĄ INTELIGENCJĄ A WYNIKAMI ESG NA POZIOMIE 
PRZEDSIĘBIORSTWA: SZYBKI PRZEGLĄD LITERATURY I AGENDA PRZYSZŁYCH BADAŃ

STRESZCZENIE: Niniejsze badanie eksploracyjne analizuje zależność między sztuczną inteligencją (AI) a wynikami przedsię-
biorstw w zakresie ESG. Uwzględnia zarówno pozytywne efekty, jak i potencjalne ograniczenia wdrażania AI dla osiągania wyni-
ków ESG na poziomie firmy, identyfikując kluczowe zmienne moderujące z perspektywy koncepcji Zdolności Dynamicznych 
(Dynamic Capabilities Framework, DCF). Przeprowadzono szybki przegląd literatury (Rapid Literature Review, RLR), uzupełniony 
o wyszukiwanie metodą kuli śnieżnej, koncentrujące się na publikacjach w czasopismach Q1 i Q2. Wyniki wskazują na przewa-
żająco pozytywną zależność między AI a wynikami ESG przedsiębiorstw. Mechanizmy, za pośrednictwem których AI przyczynia 
się do realizacji wyników ESG, koncentrują się wokół trzech powiązanych ze sobą obszarów: zdolności i cech organizacyjnych, 
technologicznych i operacyjnych mediatorów oraz czynników regionalnych i kontekstowych. Kluczowe korzyści wynikające 
z zastosowania AI obejmują usprawnienie przetwarzania danych i zarządzania informacją, wspieranie innowacyjności, ograni-
czanie zjawiska greenwashingu, ułatwianie transformacji cyfrowej, poprawę efektywności operacyjnej ESG oraz wzmocnienie 
mechanizmów kontroli wewnętrznej. Jednak skuteczność AI w poprawie wyników ESG pozostaje silnie zależna od kontekstu. 
Badanie to wnosi wkład w rozwijającą się debatę na temat transformacji ESG wspieranej przez AI, oferując uporządkowaną 
syntezę istniejących badań oraz wskazując na ich przyszłe kierunki.

SŁOWA KLUCZOWE: sztuczna inteligencja, AI, ESG, wyniki ESG, RLR
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Appendix 1

Table A1. Concise Quality Appraisal Matrix for Studies Included in the Rapid Literature Review

No Study (Year) AI operationalization ESG operationalization Research design Research Method Endogeneity / Heterogeneity 
Controls

1 Chen et al. 
(2024)

AI indicators through 
precise vocabulary of the 
textual content of annual 
reports

ESG ratings from the 
CSI database

Unbalanced panel data 
from Chinese listed 
firms from 2007 to 
2022, Cathay Pacific 
database (CSMAR)

Econometric model: 
Covariance and 
correlation tests, 
regression analysis

Endogeneity control: two-
stage least squares regres-
sion, heterogeneity analysis 
(moderator: policy uncer-
tainty)

2 Chen & 
Zhang (2024)

AI adoption at the firm 
level as an aggregated 
indicator

Sino-Securities Index 
ESG Ratings

Panel data from Chi-
nese A-share listed 
companies from 2012 
to 2022

Econometric model: 
Multivariate regres-
sion analysis

Firm and time fixed effects; 
heterogeneity analysis by 
technological intensity 
(high-tech vs. non-high-tech 
firms)

3 He (2024) CSMAR database for AI 
adoption

Huazheng ESG Index 
(CSMAR database)

Panel data from Chi-
nese A-share listed 
companies (Shanghai 
and Shenzhen) from 
2010 to 2021

Econometric model: 
Regression analysis

Endogeneity control: natural 
logarithm of granted inven-
tion patents; industry hetero-
geneity analysis for manu-
facturing sector

4 Huang et al. 
(2024)

Exposure to the 2019 
AIPZ policy in China as a 
quasi-natural experiment

CSI ESG Index

Unbalanced panel data 
of Chinese Shanghai 
and Shenzhen listed 
companies from 2007 
to 2022

Multi-period differ-
ence-in-differences 
(DID) model; PSM-
DID method

Endogeneity control: implied 
DID; specific tests not 
reported

5 Jing & Zhang 
(2024)

AI dictionary of 73 key-
words related to AI

Huazheng ESG ratings 
and scores in the Wind 
database

Panel data from 
A-share manufacturing 
companies listed on the 
Shanghai and Shen-
zhen stock exchanges 
from 2012 to 2022

Regression and 
correlation analysis

Endogeneity controls: instru-
mental variable (IV) method, 
propensity score matching, 
placebo test; heterogeneity 
analysis: ambidextrous 
green innovation balancing, 
enterprise size

6 Li et al. 
(2024)

AI-related words in cor-
porate annual reports as 
a proxy for AI

Greenwashing vs. ESG 
Performance (Own 
Model)

Panel data from 
A-share public firms in 
China from 2012 to 
2022

Econometric model: 
Regression analysis

Endogeneity control: two-
step GMM estimation; het-
erogeneity analysis: political 
affiliation, female directors, 
equity incentives

7 Lin & Zhu 
(2024)

Exposure to the 2019 AIP 
policy in China as a 
quasi-natural experiment

Zhongzheng ESG 
scores as the metric 
for gauging corporate 
ESG performance

Multi-period difference-
in-differences (DID) 
model

Econometric model: 
Regression analysis

Endogeneity control: parallel 
trend test, placebo test

8 Liu et al. 
(2024)

Level of AI development 
of the firm as a proxy

Firm’s ESG scores as 
proxies for ESG perfor-
mance

Panel data from Chi-
nese A-share listed 
firms, 2009–2022

Econometric model: 
Regression analysis

Endogeneity control: tests 
for multicollinearity and 
alternative dependent vari-
ables; heterogeneity analysis 
by industry type, ownership 
(SOEs vs. non-SOEs), and 
regional digital inclusion

9 Sætra (2023) Theoretical protocol/tool n/a Theoretical Theoretical discus-
sion n/a

10 Wang et al. 
(2024)

AI-related words in cor-
porate annual reports as 
a proxy for measuring 
the degree of intelligent 
manufacturing

ESG performance 
proxy: carbon data for 
public manufacturing 
companies (2004–
2020) from the Carbon 
Neutral Database 
Instructions (CSMAR)

Panel data from 2,607 
manufacturing firms 
listed in Chinese stock 
markets, 2004–2020

Econometric regres-
sion models, media-
tion analysis

Heterogeneity tests: indus-
trial and spatial heterogene-
ity of AI effects on carbon 
intensity
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11 Wang & 
Zhang (2024)

Generative AI perfor-
mance through three 
steps

ESG performance 
through three steps

Two-phase longitudinal 
survey of 429 tourism 
SMEs in China

Two-phase longitudi-
nal survey model 
examining generative 
AI, digital supply 
chain innovation, 
supply chain collabo-
ration, customer 
involvement, and 
ESG performance

Endogeneity control: two-
phase tracking survey 
method to avoid common 
method bias; single-factor 
analysis, marker variable 
techniques, variance infla-
tion factor thresholds, inde-
pendent samples t-test

12 Zhang & 
Yang (2024)

AI adoption index based 
on a novel text-based 
measure capturing the 
extent of AI integration in 
firms’ operations using 
ML processing tech-
niques on Management 
Discussion and Analysis 
(MD&A) sections of 
corporate annual reports

ESG composite score 
(E, S, and G factors) 
derived from the Sino-
Securities ESG data-
base

Panel data of 26,509 
firm-year observations 
of Chinese firms from 
2010 to 2022

Econometric models: 
baseline regression, 
two-way fixed 
effects, Heckman 
two-stage estima-
tion, Tobit model

Endogeneity tests: instru-
mental variable (IV) 
approach, propensity score 
matching (PSM), heteroge-
neity analysis by organiza-
tional life-cycle stage and 
industry characteristics

13 Zhang (2024)

AI status calculated by 
the ratio of per capita 
artificial intelligence 
patents

Greenwashing vs. ESG 
(difference between 
firm-level standardized 
ESG rating and disclo-
sure scores)

Panel data from Chi-
nese listed firms (China 
Stock Market & 
Accounting Research 
Database), 2014–2021

Econometric model: 
Regression analysis

Endogeneity control: robust-
ness tests with alternative 
ESG measures; heterogene-
ity analysis by ownership 
and industry; institutional 
development controls

14 Chen & Ge 
(2025)

Natural logarithm of the 
frequency of AI-related 
keywords plus one, 
based on annual reports

Huazheng ESG com-
posite scores

Panel data from 
A-share listed enter-
prises on the Shanghai 
and Shenzhen Stock 
Exchanges, 2009–2022

Econometric model: 
Regression analysis

Endogeneity control: exog-
enous shock analysis

15 Li et al. 
(2025)

Natural logarithm of 
AI-related patent counts 
(primary measure); 
AI-related keyword fre-
quency in corporate 
disclosures (alternative 
measure for robustness 
tests)

CNRDS ESG ratings 
(primary measure); 
Sino-Securities ESG 
scores (alternative 
measure for robust-
ness)

Panel data from Chi-
nese A-share listed 
companies, 2011–2022

Econometric models: 
baseline, mediation, 
moderation, multicol-
linearity analysis

Endogeneity analysis: lagged 
AI capabilities as an instru-
ment; PSM; Heckman two-
stage model; heterogeneity 
by firm size, leverage, board 
structure, industry type, and 
ownership

16 Li et al. 
(2024)

AI adoption manually 
collected from Manage-
ment Discussion and 
Analysis (MD&A) sec-
tions of annual reports 
available on CNINFO

ESG disclosure infor-
mation from the 
Shanghai Huazheng 
Information Service

Panel data from Chi-
nese A-share listed 
companies on the 
Shanghai and Shen-
zhen stock exchanges, 
2009–2021

Econometric model: 
Regression analysis; 
correlation matrix

Endogeneity analysis: pro-
pensity score matching 
(PSM), alternative variable 
analysis, omitted variable 
bias test; heterogeneity 
analysis: low vs. high fintech 
industries

17 Saxena et al. 
(2023)

Theoretical (Industry 4.0 
/ AI for ESG data) n/a Theoretical Conceptual frame-

work n/a

18 Xiao & Xiao 
(2025)

AI proxy based on text 
analysis of the frequency 
of AI-related terms in 
annual reports of publicly 
listed companies

Huazheng ESG Index

Panel data from pub-
licly listed central 
state-owned enter-
prises in China, 2016–
2022

Mixed-methods 
approach: regression 
models, mediation 
models, in-depth 
interviews, document 
analysis

Endogeneity control: two-
way fixed effects for industry 
and year
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19 Xie & Wu 
(2025)

Degree of AI technology 
adoption measured as 
the ratio of the book 
value of robots to the 
number of employees 
(within logarithmic pro-
cessing)

ESG scores from the 
CNRDS database

Panel data of 4,858 
listed corporations in 
China, 2007–2022

Econometric model: 
Regression analysis

Endogeneity tests: sample 
self-selection, omitted vari-
ables, reverse causality; 
heterogeneity tests by indus-
try competition, firm inten-
sity, and regional variation

20 Zhou et al. 
(2025)

Dummy variable for the 
AIPZ policy based on 697 
publicly listed firms in 18 
cities designated as AI 
pilot zones

Huazheng ESG com-
posite scores

Panel data from China’s 
national AI pilot zones 
as a quasi-natural 
experiment; staggered 
difference-in-differ-
ences (DID) approach 
using panel data from 
1,418 A-share listed 
firms (2011–2022)

Staggered DID 
approach to assess 
the impact of AIPZ 
policy on ESG perfor-
mance

Endogeneity controls: paral-
lel trend test, placebo test; 
heterogeneity analysis 
across groups and over time; 
Bacon decomposition to 
check DID validity


