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Abstract 

The credibility of corporate environmental claims is fundamental to achieving China’s 

dual-carbon goals, which aim to peak emissions by 2030 and achieve neutrality by 2060, 

yet widespread ESG decoupling, a phenomenon where disclosed ESG performance devi-

ates from actual actions, directly undermines policy effectiveness. Guided by the Fraud 

Triangle Theory, this paper examines whether and how AI adoption curbs decoupling 

practices. Using data from Chinese A-share listed firms from 2009 to 2024 and mediation 

analysis, we find that AI adoption significantly reduces ESG decoupling. Specifically, we 

identify three distinct mediating pathways through which AI exerts its inhibitory effect: 

it reduces environmental uncertainty and ambiguity, thereby compressing opportunities 

for managers to engage in decoupling; it heightens media scrutiny and analyst attention, 

increasing deterrence pressure on firms; and it improves disclosure quality and transpar-

ency, undermining the rationalization of decoupling. Heterogeneity analyses reveal 

stronger effects in firms with R&D-experienced executives, higher reputation, and 

stronger governance, as well as in highly competitive industries, suggesting that comple-

mentary capabilities amplify AI’s governance. These findings provide novel evidence on 

how AI governs environmental information fraud and offer policy implications for using 

digital technologies to enhance ESG authenticity. 

Keywords: artificial intelligence; ESG decoupling; Fraud Triangle Theory; digital 

governance; China’s dual-carbon policy 

 

1. Introduction 

Under China’s “Dual-Carbon” policy framework, which commits the nation to 

achieving carbon peaking by 2030 and carbon neutrality by 2060, the credibility of corpo-

rate environmental, social, and governance (ESG) reporting has become a central regula-

tory concern. This policy framework creates compliance pressure through punishment 

threats and reputational incentives through preferential access to green financing. Conse-

quently, firms’ motivation to obtain benefits through symbolic environmental claims is 

significantly strengthened, making ESG decoupling more prevalent and harder to detect. 

The phenomenon of ESG decoupling refers to the systematic divergence between firms’ 

symbolic environmental claims and their substantive actions, a practice that has increas-

ingly undermined the legitimacy of environmental governance [1,2]. Such decoupling not 
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only distorts green financial market signals and misallocates capital but also directly hin-

ders the achievement of carbon neutrality objectives. 

While ESG disclosure can lower capital costs and facilitate external financing for gen-

uinely environmentally performing firms [3], information asymmetry and profit-driven 

motives enable some firms to adopt selective disclosure strategies, substituting substan-

tive green investment with symbolic ESG claims [4]. Regulators, constrained by limited 

resources, struggle to verify the vast volume of self-reported ESG data, and investors face 

technical barriers in interpreting heterogeneous and often opaque disclosure materials. 

Traditional governance mechanisms, such as auditing, regulatory inspections, and third-

party ratings, have shown limited efficacy in detecting and deterring ESG decoupling, 

calling for new technological solutions. Although the potential of artificial intelligence 

(AI) has been preliminarily recognized, prior work has focused on drivers of AI adoption 

in environmental governance [5], but the governance consequences of AI adoption, par-

ticularly its capacity to curb ESG decoupling, remain undertheorized. Moreover, recent 

studies suggest that AI does not automatically improve governance outcomes; rather, its 

effectiveness depends on organizational capabilities to absorb, adapt, and apply AI in de-

cision-making [6]. As the world’s largest developing economy and manufacturing ex-

porter, China faces acute dual pressures of economic growth and environmental protec-

tion. The challenges of “symbol vs. substance” decoupling encountered in its ESG report-

ing offer important lessons for other emerging market economies. Therefore, examining 

AI’s governance effects on ESG decoupling in the Chinese context is not only policy-rele-

vant but also theoretically generalizable. 

The rapid advancement of AI and its adoption in corporate governance offer a prom-

ising avenue to mitigate ESG decoupling. Recent studies have documented that AI adop-

tion significantly curbs corporate ESG decoupling [7]. However, these studies largely fo-

cus on single mediating pathways and have not integrated AI’s multi-faceted governance 

potential into a systematic theoretical framework. To solve this problem, frameworks such 

as institutional theory and signal theory are available, but while institutional theory can 

reveal firms’ isomorphic responses to institutional pressures, it cannot explain the internal 

operational conditions that enable decoupling behaviors. Signal theory focuses on infor-

mation transmission processes, but it fails to address the underlying drivers of firms’ de-

liberate fabrication of false signals. By contrast, the Fraud Triangle Theory from criminol-

ogy and organizational behavior decomposes decoupling into three distinct pathways: 

pressure, opportunity, and rationalization [8]. This framework offers a more refined the-

oretical lens for understanding how AI can simultaneously act on the multiple drivers of 

ESG decoupling. Building on this theory, we conjecture that AI may restrain ESG decou-

pling through three distinct pathways: strengthening internal control (opportunity di-

mension), enhancing external oversight (pressure dimension), and improving disclosure 

quality (rationalization dimension), which serves as a useful complement to existing re-

search. The corresponding research hypotheses will be developed in the following section. 

Our empirical analysis, using data from Chinese A-share listed firms from 2009 to 

2024 and following the two-step causal mediation approach [9], yields several key find-

ings. AI adoption significantly curbs ESG decoupling, a result that remains robust to a 

series of endogeneity and robustness checks, including instrumental variable estimation. 

All three mediating pathways within the fraud triangle theory framework are statistically 

significant, with particularly pronounced effects for external oversight and disclosure 

quality. Heterogeneity analyses show that the inhibitory effect of AI is stronger in firms 

with R&D-experienced executives, in more competitive industries, and in regions with 

more developed factor markets and stricter environmental regulations. 
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The remainder of this paper is structured as follows. Section 2 presents the institu-

tional background and theoretical analysis. Section 3 describes the research design. Sec-

tion 4 reports the analysis of empirical results. Section 5 reports the mechanism test. Sec-

tion 6 reports the heterogeneity analysis. Section 7 offers conclusions, and Section 8 offers 

policy suggestions and discusses study limitations. 

2. Institutional Background and Theoretical Analysis 

2.1. Institutional Background 

After decades of rapid growth, China’s economy faces mounting environmental 

pressures. Total carbon emissions have continued to rise, and the traditional extensive 

development model has become unsustainable. In response, the Chinese government pro-

posed the “dual-carbon” targets in 2020—carbon peaking by 2030 and carbon neutrality 

by 2060. In 2021, the State Council issued the Action Plan for Carbon Peaking Before 2030, 

mandating key polluting industries to establish emission monitoring systems and impos-

ing penalties for non-compliance. Concurrently, the Measures for the Administration of 

Corporate Environmental Information Disclosure require listed firms to disclose detailed 

environmental performance indicators and undergo third-party verification [10,11]. These 

regulations increase firms’ incentives to obtain compliance benefits through symbolic 

claims, creating institutional drivers for ESG decoupling. However, the gap between emis-

sion reduction targets and firms’ actual abatement capacity has incentivized “symbolic 

compliance.” When regulation intensity rises but enforcement resources remain limited, 

some firms meet requirements through selective disclosure rather than substantive action 

[12]. 

Under this policy framework, regulators have strengthened ESG disclosure guid-

ance. In 2018, the China Securities Regulatory Commission revised the Corporate Govern-

ance Code, establishing a basic ESG disclosure framework [13]. In 2022, the State-owned 

Assets Supervision and Administration Commission mandated full ESG reporting for all 

central-government-controlled listed firms by 2023 [14]. These measures have spurred 

ESG rating agencies (e.g., SynTao Green Finance, Huazheng), generating standardized 

datasets covering the A-share market [15]. Approximately 18% of listed firms exhibit 

measurable decoupling, with higher rates in regions with weaker regulation [16,17]. No-

tably, ESG ratings from different agencies often diverge significantly [18]. This divergence 

provides room for “rating arbitrage”—firms may selectively disclose favorable infor-

mation or cooperate with higher-rated agencies [19]. 

Meanwhile, AI policies have aligned with ESG. Since 2017, the State Council has es-

tablished multiple “Artificial Intelligence Innovation and Development Pilot Zones,” and 

the 14th Five-Year Plan promotes “AI+” initiatives [12]. In 2024, the “Data Elements×” 

Three-Year Action Plan encouraged using AI for environmental monitoring, carbon ac-

counting, and ESG verification [20]. These policies provide incentives for firm-level AI 

adoption and create quasi-natural experimental conditions for examining AI’s governance 

effects. As of 2024, over 60% of Chinese A-share listed firms mentioned AI-related appli-

cations in their annual reports [16,17]. 

However, traditional environmental regulation tools—such as periodic inspections, 

ex-post penalties, and third-party audits—struggle to cope with the massive volume of 

unstructured ESG information [4]. Regulatory resources are limited, and firms enjoy con-

siderable discretion in disclosure, allowing symbolic compliance to persist. The institu-

tional environment described above—rigorous emission reduction pressure, information 

divergence in ESG ratings, and the limitations of traditional governance tools—sets the 

stage for studying AI’s governance role. A central question emerges: Given that the dual-
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carbon policy demands genuine emission reduction yet enforcement constraints encour-

age symbolic compliance, can AI help resolve this contradiction, and if so, through what 

mechanisms? 

2.2. Theoretical Framework 

To answer the above questions, we introduce the fraud triangle theory [8]. Unlike 

perspectives that explain greenwashing solely through information asymmetry or institu-

tional pressure, the fraud triangle theory simultaneously encompasses internal motiva-

tion (pressure), external conditions (opportunity), and psychological factors (rationaliza-

tion). Thus, it is a more suitable unified framework for analyzing AI’s governance mech-

anisms [21,22]. 

ESG decoupling—the systematic divergence between firms’ symbolic environmental 

claims and substantive actions—is essentially selective disclosure or exaggeration driven 

by information asymmetry [2]. This behavior exhibits high structural isomorphism with 

classic financial fraud: both involve information manipulation, both aim to mislead stake-

holders, and both seek to evade punishment or obtain undue benefits. Therefore, applying 

the fraud triangle theory to analyze ESG decoupling has a solid logical foundation. 

The theory posits that fraud occurs when three conditions converge: opportunity (in-

stitutional or procedural loopholes), pressure (external incentives such as performance 

targets or financing needs), and rationalization (subjective justification that alleviates 

moral guilt). In the ESG decoupling context, information asymmetry and managerial dis-

cretion constitute “opportunity”; capital market pressure, regulatory scrutiny, or internal 

performance targets constitute “pressure”; and managers’ belief that “greenwashing will 

not be detected” constitutes “rationalization.” 

The theory has been successfully applied to explain corporate greenwashing. For ex-

ample, Kurpierz and Smith (2020) built a “greenwashing triangle” framework [21]; Yu 

and Hwang (2026) mapped board attributes to pressure, opportunity, and rationalization 

[23]; Ren et al. (2025) found that ESG rating disagreement induces greenwashing through 

financing constraints (pressure), information asymmetry (opportunity), and managerial 

myopia (rationalization) [18]. 

Recent work further suggests that the governance effects of AI are not automatic but 

rather contingent on firms’ organizational capabilities. Han et al. (2026) demonstrate that 

AI adoption strengthens firms’ absorptive, adaptive, and innovative capabilities—collec-

tively referred to as dynamic capabilities—which in turn enable more effective strategic 

decision-making [6]. This perspective implies that AI’s impact on ESG decoupling is un-

likely to be direct or mechanical; instead, it operates through the enhancement of organi-

zational processes that allow firms to better absorb, interpret, and act upon environmental 

information. 

Based on this framework, we infer that AI may curb ESG decoupling through three 

distinct pathways, corresponding to the three dimensions of the fraud triangle. First, com-

pressing opportunity: AI strengthens internal control systems, reducing the scope for se-

lective disclosure. Second, increasing pressure: AI enhances the information processing 

capabilities of analysts and media, raising the probability of detecting greenwashing and 

the associated reputational costs. Third, undermining rationalization: AI improves disclo-

sure transparency and verifiability, weakening managers’ belief that greenwashing will 

go undetected. We now derive the research hypotheses. 

 

https://doi.org/10.3390/su18157669


Sustainability 2026, 18, 7669 5 of 30 
 

https://doi.org/10.3390/su18157669 

2.3. Research Hypotheses 

2.3.1. Direct Effect of AI Adoption on ESG Decoupling 

AI offers a powerful direct pathway to mitigate ESG decoupling through its data 

sensing, processing, and analytical capabilities. According to signaling theory [24], in in-

formation-asymmetric markets, firms have incentives to release embellished ESG signals 

to influence stakeholder perceptions. Traditional governance mechanisms struggle to 

cope with the massive volume of unstructured corporate disclosures, whereas AI can sim-

ultaneously intervene at the production, internal governance, and external governance 

levels. Importantly, the effectiveness of AI in this regard is likely to depend on firms’ in-

ternal capabilities to absorb and integrate AI-driven insights into decision-making pro-

cesses [6]. Firms with stronger dynamic capabilities, such as those with R&D-experienced 

leadership or robust governance structures, may be better positioned to translate AI adop-

tion into tangible ESG improvements. 

At the production level, deep AI integration into manufacturing enables real-time 

optimization of energy consumption, material flow, and emissions. For instance, machine-

learning-based intelligent control systems can adaptively adjust production parameters 

to minimize carbon emissions while maintaining output [25]. Such efficiency gains reduce 

the inherent need for firms to exaggerate their environmental claims. 

At the internal governance level, AI-driven decision support systems integrate real-

time operational data, external regulations, and internal strategic goals, embedding ESG 

considerations into core decision variables [26]. Intelligent process automation standard-

izes environmental data collection, accounting, and reporting, substantially reducing hu-

man errors and manipulation opportunities. This technological approach raises the tech-

nical barriers to internal information manipulation. 

At the external governance level, through natural language processing and complex 

network analysis, AI can automatically identify vague promises, inconsistencies, and con-

tradictions in ESG reports and cross-validate them with multiple data sources [27]. This 

capability empowers analysts, media, and regulators: AI-enhanced quantitative models 

enable more accurate assessment of environmental risk; data mining tools make investi-

gative reporting more penetrating; and AI-based compliance platforms enable real-time 

anomaly detection. Decoupling behaviors become more easily identifiable, verifiable, and 

disseminable within technology-enhanced oversight networks, imposing substantial po-

tential costs—reputational loss, deteriorating financing conditions, and increased regula-

tory penalties—that create a strong deterrent effect on management. 

Moreover, AI-driven intelligent decision systems are reshaping the underlying logic 

of ESG. By optimizing operational decisions based on real-time environmental data and 

establishing dynamic risk assessment models, AI shifts firms from passive compliance to 

active governance [23]. In summary, AI curbs ESG decoupling through three sub-path-

ways: production-source optimization, internal governance solidification, and external 

oversight intensification. Based on the above analysis, we propose: 

Hypothesis 1 (H1). AI adoption curbs corporate ESG decoupling. 

2.3.2. Opportunity Dimension: The Mediating Role of Internal Control 

Internal control quality is a key institutional arrangement constraining information 

manipulation. Effective internal control—through segregation of duties, authorization 

and approval, and regular reconciliations—reduces the scope for selective disclosure [28]. 

High-quality internal control significantly reduces ESG decoupling by institutionalizing 

constraints on managerial discretion [29]. However, traditional internal control often re-

lies on manual judgment and supervision, which suffer from implementation frictions and 
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institutional inertia. In this context, AI offers a promising way forward, yet its effective-

ness depends on the quality of human–AI collaboration. In other words, algorithmic de-

tection must be integrated with managerial judgment and corrective action [5]. 

AI can strengthen internal control systems in three significant ways. First, process 

automation. AI-driven automated approval and process control reduce manual interven-

tion, standardizing environmental data collection, accounting, and reporting, thereby 

lowering the possibility of deliberate manipulation [30]. Second, real-time monitoring and 

data triangulation. AI’s real-time monitoring capabilities can automatically compare in-

formation from different sources (e.g., carbon emission data versus production records, 

energy purchases versus emission factors) to detect anomalies or inconsistencies [30]. This 

automated cross-validation makes any “window-dressing” difficult to conceal. Third, 

traceability and accountability. AI’s record-keeping mechanisms fully track every data 

modification and approval, enhancing the accountability function of internal controls and 

making any managerial changes fully auditable [24]. These technological constraints sig-

nificantly raise the expected cost of engaging in decoupling. 

When internal control is strengthened, firms’ opportunities to engage in ESG decou-

pling are significantly compressed. Management can no longer exaggerate environmental 

performance or conceal unfavorable information without being detected [31]. Therefore, 

AI may curb ESG decoupling by improving internal control effectiveness. Accordingly, 

we propose: 

Hypothesis 2 (H2). AI adoption curbs corporate ESG decoupling by improving internal control 

effectiveness. 

2.3.3. Pressure Dimension: The Mediating Role of External Oversight 

External oversight is an important governance mechanism that constrains corporate 

behavior. Chen et al. (2026) confirm that external monitors can discipline corporate green-

washing when they acquire better information about firms [32]. Analysts and the media, 

as information intermediaries, exert pressure through information discovery and reputa-

tional sanctions [33,34]. Empirical research shows that analyst coverage significantly curbs 

greenwashing, especially in non-heavily polluting industries [35,36]. Social media atten-

tion also influences greenwashing by exacerbating managerial myopia [37], indicating 

that external attention substantively affects disclosure behavior. However, traditional ex-

ternal oversight is limited by information processing capacity and struggles to handle the 

ever-growing volume of ESG data. 

AI can enhance external oversight in three dimensions [37]. First, sentiment monitor-

ing and signal identification. AI-assisted sentiment monitoring systems can track media 

coverage and social media discussions in real time, quickly identifying potential green-

washing signals. NLP-based sentiment analysis can automatically assess public opinion 

trends, providing early warnings for investors. Second, data analytics and consistency as-

sessment. AI-driven data analytics tools enable analysts to process massive amounts of 

ESG data and more accurately assess the consistency between corporate disclosures and 

actual performance. This technological capability makes previously undetectable “talk-

action” gaps quantifiable and comparable. Third, standardization and anomaly detection. 

AI-automated report generation improves the standardization of information disclosure, 

facilitating comparative analysis and anomaly detection by external monitors. When ex-

ternal oversight intensity increases, the reputational risk and expected regulatory punish-

ment associated with greenwashing rise correspondingly [10]. This pressure dampens 

management’s motivation to engage in greenwashing and encourages substantive envi-

ronmental actions rather than symbolic claims [38]. Therefore, AI may curb ESG decou-

pling by enhancing external oversight intensity. Accordingly, we propose: 
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Hypothesis 3 (H3). AI adoption curbs corporate ESG decoupling by enhancing external oversight 

intensity. 

2.3.4. Rationalization Dimension: The Mediating Role of Disclosure Quality 

Disclosure quality directly affects whether managers believe that greenwashing will 

go undetected. When the disclosure regime is robust and transparent, management finds 

it difficult to mask true behavior through vague language or selective disclosure, thereby 

compressing the psychological space for “rationalization” [39]. High-quality disclosure 

exposes the gap between symbolic claims and substantive actions, thereby curbing decou-

pling. However, traditional disclosure relies on firms’ voluntary reporting and limited 

third-party verification, which cannot guarantee information authenticity and complete-

ness. Rationalization in the fraud triangle framework operates through self-deception—

managers justify decoupling with narratives such as “this is just a temporary discrepancy” 

or “our practices are no worse than industry norms.” AI-enhanced disclosure quality dis-

rupts this process by eliminating the ambiguity that sustains such self-deception. When 

ESG data becomes precise, real-time, and traceable, the gap between claims and actual 

performance becomes visibly unambiguous, leaving managers with no room to convince 

themselves that the discrepancy is justified. 

AI can improve disclosure quality in three ways, thereby undermining manage-

ment’s “rationalization” that greenwashing will go unnoticed. First, semantic analysis and 

consistency checking. Natural language processing can automatically identify ambiguous 

expressions, exaggerated claims, or logical inconsistencies in ESG reports [40]. For exam-

ple, AI can detect a contradiction between “We are committed to reducing carbon emis-

sions” and an actual increase in emissions, flagging it as a potential greenwashing signal. 

Second, multi-source data cross-validation. AI can cross-validate data from different 

sources (e.g., self-reported data versus government monitoring data, industry bench-

marks), enhancing information reliability and comparability [40,41]. This validation 

mechanism makes it difficult for firms to maintain inconsistent claims across different 

channels. Third, automated disclosure and auditing. AI-assisted automated disclosure 

systems reduce the scope for manual manipulation and enhance information consistency 

and traceability [9,42]. AI audit tools can continuously monitor disclosure trends and 

promptly detect abnormal fluctuations. 

When disclosure quality improves, management’s rationalization that “greenwash-

ing will not be discovered” is undermined. Managers become aware that any false state-

ment can be identified by AI systems and exposed to public and regulatory scrutiny. 

Therefore, AI may curb ESG decoupling by improving disclosure quality. Accordingly, 

we propose: 

Hypothesis 4 (H4). AI adoption curbs corporate ESG decoupling by improving disclosure qual-

ity. 

3. Research Design 

3.1. Data Sources and Sample Selection 

This paper uses Chinese A-share listed firms from 2009 to 2024 as the initial sample. 

This time window adequately captures the evolution of AI policies and the development 

of AI technologies. In 2015, China first identified AI as a priority development area; in 

2017, AI was formally elevated to a national strategy with a clear “three-step” roadmap; 

starting in 2018, a series of policies promoting the deep integration of the digital and real 

economies were launched; and in 2022, “digital–real integration” was written into the re-

port of the 20th National Congress of the Communist Party of China. 

https://doi.org/10.3390/su18157669


Sustainability 2026, 18, 7669 8 of 30 
 

https://doi.org/10.3390/su18157669 

ESG actual performance ratings come from the Huazheng ESG rating; ESG disclo-

sure scores come from the Bloomberg database; other firm-level data are from the 

CSMAR database. Sample screening excludes (1) financial firms (to maintain homogene-

ity), (2) ST, *ST, and delisted firms, and (3) observations with missing data. The final 

sample comprises 14,033 firm-year observations. All continuous variables are winso-

rized at the 1st and 99th percentiles. 

3.2. Variable Definitions 

Dependent variable: ESG decoupling (Decou). Following Hu et al. (2023) and Yu et 

al. (2020), we measure the divergence between a firm’s ESG disclosure and its actual per-

formance using the standardized difference between the two scores [10,43]. For the “say-

ing” dimension (disclosure), we use the Bloomberg ESG disclosure score, which has cov-

ered global listed firms since 2010 and achieved full A-share coverage after 2015, focusing 

on the completeness and standardization of disclosure [44]. For the “doing” dimension 

(actual performance), we use the Huazheng ESG rating, which has covered all A-shares 

since 2009 and balances disclosure, performance, and compliance, offering a continuous 

and reliable measure of firms’ true ESG outcomes. 

To address the scale difference between the Bloomberg and Huazheng ESG scores, 

we follow Walker and Wan (2012) and standardize both measures using Z-scores before 

taking their difference [45]. A positive Decou indicates that the firm’s ESG disclosure is 

better than its actual performance, implying decoupling or greenwashing (the larger the 

value, the more severe). A negative Decou indicates that actual performance exceeds dis-

closure, characterizing a “substantive but low-profile” firm. 

Independent Variable: AI application level. The annual report is the official channel 

through which firms communicate strategic orientation and operational priorities. The 

frequency of AI-related terms in the annual report directly reflects the firm’s strategic em-

phasis on and tendency to adopt AI. Following the measurement approach of Acemoglu 

et al. (2022) for firm-level AI adoption [46], we construct an AI-related term dictionary 

using Python 3.9 natural language processing. We count the number of AI-related words 

in the annual reports of Shanghai and Shenzhen A-share listed firms from 2010 to 2024, 

add one, and take the natural logarithm (Lnwords) as the measure of firm-level AI appli-

cation. 

While text-based measures are widely adopted, a key concern is that keyword fre-

quency may capture firms’ rhetorical emphasis on AI rather than actual AI implementa-

tion—a limitation inherent to such measures and widely recognized in the literature [47]. 

Recent studies have distinguished between “nominal AI adoption” (disclosure about AI) 

and “substantive AI adoption” (verifiable AI activities), noting that textual measures may 

reflect both [48]. Nevertheless, textual analysis remains the most widely used approach 

for measuring firm-level AI adoption in large-sample studies due to its feasibility, scala-

bility, and consistency [49]. To mitigate this concern, we include AI patent applications 

(AI_patent) as an alternative measure in our robustness checks. 

Building on this robustness strategy, we further calculated the Pearson correlation 

coefficient between Lnwords and AI_patent. The correlation is positive and statistically sig-

nificant (r = 0.2928, p < 0.01), suggesting that firms with greater AI disclosure also tend to 

engage in more substantive AI innovation, at least in part. 

Control Variables: Drawing on existing literature, we include the following control 

variables: financing constraint index (SA), firm age (Age), firm size (Size), revenue growth 

rate (Growth), total asset turnover (ATO), return on assets (ROA), leverage ratio (Lev), own-

ership concentration (Top5), board size (Board_Scale), and CEO duality (Dual). 

Definitions and measurement methods are detailed in Table 1. 
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Table 1. Variable definitions. 

Variable  Meaning Measurement Method 

Decou ESG Decoupling 
Standardized ESG disclosure score minus standardized ESG actual perfor-

mance score (Z-score standardized before subtraction) 

Lnwords AI application level ln(number of AI-related keywords in the annual report + 1) 

SA 
Financing constraint in-

dex 
SA = −0.737 × firm size + 0.043 × firm size2 − 0.040 × firm age 

Age Firm age Observation year minus founding year 

Size Firm size Natural logarithm of year-end total assets 

Growth Revenue growth rate 
(Current year revenue/Prior year revenue − 1) × 100%, measuring firm 

growth 

ATO Total asset turnover Sales revenue/average total assets, reflecting asset operation efficiency 

ROA Return on assets Net profit/average total assets, measuring profitability 

Lev Leverage ratio Year-end total liabilities/total assets, reflecting debt risk 

Top5 
Ownership concentra-

tion 

Shareholding ratio of the top five largest shareholders, supplementing 

ownership structure 

Board_Scale Board size 
Natural logarithm of total number of board members, reflecting corporate 

governance level 

Dual CEO duality Equals 1 if the chairman and CEO are the same person, otherwise 0 

Note: All continuous variables are winsorized at the 1st and 99th percentiles to mitigate the influ-

ence of outliers. 

3.3. Descriptive Statistics 

Table 2 reports the descriptive statistics for the main variables used in our analysis. 

The final sample consists of 14,033 firm-year observations from 2009 to 2024. The mean 

value of ESG decoupling (Decou) is −0.2859, with a standard deviation of 1.2022, indicating 

substantial variation in the degree of decoupling across firms. The negative mean suggests 

that, on average, firms in our sample tend to have actual ESG performance slightly ex-

ceeding their disclosure levels, though a positive maximum (5.7874) shows that severe 

greenwashing exists for some firms. The AI application level (Lnwords) has a mean of 

0.7614 and a median of 0.0000, implying that a considerable portion of firms have not yet 

adopted AI-related terms in their annual reports, while the maximum of 5.9839 reflects 

that some firms have a strong strategic emphasis on AI. 

Regarding firm characteristics, the mean of the financing constraint index (SA) is 

−3.8517, with a relatively small standard deviation (0.2807), suggesting that most sample 

firms face similar financing conditions. Firm size (Size) averages 23.2357, consistent with 

the typical scale of Chinese A-share listed firms. Profitability (ROA) averages 0.0425, and 

leverage (Lev) averages 0.4772, indicating moderate debt levels and reasonable profitabil-

ity. Ownership concentration (Top5) has a mean of 54.5149, showing that the largest five 

shareholders hold a majority of shares on average. CEO duality (Dual) has a mean of 

0.2114, meaning that about 21% of sample firms have the chairman and CEO positions 

held by the same person. All continuous variables have been winsorized at the 1st and 

99th percentiles to mitigate the influence of outliers. 

Table 2. Descriptive statistics. 

Variable N Mean SD Min Median Max 

Decou 14,033 −0.2859 1.2022 −3.8703 −0.3617 5.7874 

Lnwords 14,033 0.7614 1.1150 0.0000 0.0000 5.9839 

SA 14,033 −3.8517 0.2807 −4.6977 −3.8556 −2.9739 

Age 14,033 2.5223 0.6597 0.6931 2.7081 3.5553 
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Size 14,033 23.2357 1.2868 19.4149 23.1543 26.4523 

Growth 14,033 0.1562 0.4120 −0.6735 0.0972 5.0755 

ATO 14,033 0.6341 0.4376 0.0467 0.5360 2.6445 

ROA 14,033 0.0425 0.0613 −0.5562 0.0378 0.2223 

Lev 14,033 0.4772 0.1989 0.0298 0.4884 0.9104 

Top5 14,033 54.5149 16.6264 10.6459 54.2955 99.2300 

Board_Scale 14,033 2.1740 0.2007 1.6094 2.1972 2.7081 

Dual 14,033 0.2114 0.4083 0.0000 0.0000 1.0000 

Note: This table reports the descriptive statistics of the main variables. Decou is the ESG decoupling 

measure (standardized disclosure minus standardized performance). Lnwords is the natural loga-

rithm of one plus the number of AI-related keywords in the annual report. SA is the financing con-

straint index. All continuous variables are winsorized at the 1st and 99th percentiles. Definitions of 

all variables are provided in Table 1. 

3.4. Model Specification 

To test Hypothesis H1, we construct the following baseline regression model: 

Decoui,t = α0 + α1Lnwordsi,t + α2Controlsi,t + σi+δt (1) 

where i indexes firms and t indexes years. Decoui,t is the ESG inconsistency index of firm i 

in year t Lnwordsi,t is the natural logarithm of (the number of AI-related keywords in the 

annual report of firm i in year t plus 1); a larger value indicates a higher level of AI appli-

cation. Controlsi,t a vector of Controlsi,t variables. σi and δt represent industry fixed effects 

and year fixed effects, respectively. εi,t is the idiosyncratic error term. 

4. Analysis of Empirical Results 

4.1. Baseline Regression Results 

Table 3 reports the baseline regression results examining the impact of AI adoption 

on ESG decoupling. Column (1) includes only year fixed effects; Column (2) adds industry 

fixed effects. The coefficient of Lnwords in Column (2) is −0.0723, significant at the 1% level. 

Column (3) further adds all control variables. The coefficient remains significantly nega-

tive at the 1% level (−0.0613), and the adjusted R2 increases from 0.3588 in Column (1) to 

0.4371 in Column (3), indicating that the inclusion of controls improves the model’s ex-

planatory power. 

In terms of economic significance, based on Column (3), a one-standard-deviation 

increase in Lnwords (1.1150) reduces ESG decoupling by approximately 0.0613, which cor-

responds to about 5.1% of the standard deviation of the dependent variable. This suggests 

a modest but statistically detectable governance effect of AI adoption, consistent with the 

view that AI serves as one of multiple factors influencing ESG decoupling rather than a 

dominant driver. Among the control variables, profitability (ROE) and board size 

(Board_Scale) are nega tively associated with ESG decoupling, consistent with the view 

that better financial performance and stronger governance structures help firms substan-

tiate their ESG commitments. In contrast, ownership concentration (Top5) becomes posi-

tively significant in the full model, suggesting that large shareholders may, under certain 

circumstances, over-promise to maintain market image while lacking corresponding exe-

cution discipline. 

Taken together, these results provide strong support for Hypothesis H1 that AI adop-

tion significantly curbs corporate ESG decoupling. 
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Table 3. Baseline regression results. 

Variable 
(1) (2) (3) 

Decou Decou Decou 

Lnwords 
−0.1251 *** −0.0723 *** −0.0613 *** 

(0.0141) (0.0149) (0.0143) 

SA 
  0.0201 

  (0.0703) 

Age 
  0.1043 *** 

  (0.0284) 

Size 
  −0.0402 ** 

  (0.0176) 

Growth 
  0.1290 *** 

  (0.0215) 

ATO 
  0.0075 

  (0.0402) 

Roe 
  −0.3507 *** 

  (0.1239) 

Roa 
  −0.5039 

  (0.3726) 

Lev 
  0.7272 *** 

  (0.0949) 

Top5 
  0.0028 *** 

  (0.0010) 

Board_Scale 
  0.1468 ** 

  (0.0698) 

Dual 
  0.1101 *** 

  (0.0320) 

Constant 
−0.1907 *** −0.2322 *** −0.3127 

(0.0206) (0.0184) (0.5265) 

Observations 14,018 14,018 14,018 

Adjusted R2 0.3588 0.4147 0.4371 

Industry FE YES YES YES 

Year FE YES YES YES 

Note: Robust t-statistics are in parentheses. *** and ** denote significance at the 1% and 5% levels, 

respectively. Column (1) controls for year fixed effects only; column (2) adds industry fixed effects; 

column (3) further includes all control variables. 

4.2. Endogenous Test 

To address potential endogeneity concerns—including reverse causality, omitted 

variables, measurement error, and self-selection—we employ three complementary ap-

proaches: instrumental variable (IV) estimation, the Heckman two-step procedure, and 

lagged regressions. Tables 4 and 5 summarize the results. 

Table 4. Endogeneity tests: Instrumental variable estimation. 

Variable (1) IV1 1st (2) IV1 2st (3) IV2 1st (4) IV2 2st (5) IV3 1st (6) IV3 2st 

IV_IndustryMean 
0.3379 ***      

−0.0459      

IV_Broadband × L1_AI 
    0.1342 ***  

    −0.0239  

Lnwords (fitted) 
 −0.5255 ***  −0.0873 **  −0.2998 *** 

 −0.1159  −0.0382  −0.0968 
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Observations 13,911 13,911 14,018 14,018 11,183 11,183 

First-stage F 181.12  214.93  309.8  

Cragg-Donald Wald F 182.31      

Sargan p-value   0.531    

Controls YES YES YES YES YES YES 

Industry FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Note: Standard errors are in parentheses. *** and ** denote significance at the 1% and 5% levels, 

respectively. All continuous variables are winsorized at the 1st and 99th percentiles. 

Table 5. Endogeneity tests: Heckman selection model and lagged variables. 

Variable (1) Heckman (2) Lag1 (3) Lag2 

Lnwords 
−0.0616 ***   

−0.01   

IMR 
1.0934 **   

−0.4316   

L. Lnwords 
 −0.0747 ***  

 −0.0172  

L2. Lnwords 
  −0.0730 *** 

  −0.0199 

Observations 14,020 11,320 9405 

Controls YES YES YES 

Industry FE YES YES YES 

Year FE YES YES YES 

Note: Standard errors are in parentheses. *** and ** denote significance at the 1% and 5% levels, 

respectively. All continuous variables are winsorized at the 1st and 99th percentiles. 

4.2.1. Instrumental Variable Estimation 

The relationship between AI adoption and ESG decoupling could be confounded by 

reverse causality and omitted variables. We therefore construct three instrumental varia-

bles to account for this endogeneity. 

IV1: Industry-year average of AI adoption (excluding the focal firm). The peer imita-

tion effect implies that the overall industry AI transformation trend positively drives in-

dividual firms’ AI investment. The leave-one-out mean remains highly correlated with 

firm-level AI adoption, satisfying the relevance condition theoretically. Meanwhile, the 

industry-average AI intensity is determined by the behavior of other firms within the in-

dustry. An individual firm’s ESG decoupling behavior is unlikely to alter the industry-

wide technological landscape. Industry-level technology shocks operate through AI adop-

tion channels and have no direct pathway to affect ESG decoupling, thus satisfying the 

exogeneity condition. 

Following the literature on technology adoption spillovers [50], we use the leave-one-

out industry-year mean of Lnwords as an instrument, denoted IV_IndustryMean. A firm’s 

AI adoption is influenced by the average AI adoption level in its industry through peer 

effects, competitive pressures, and common technology shocks. This industry-level instru-

ment is unlikely to be directly correlated with an individual firm’s ESG decoupling, satis-

fying the exclusion restriction. Column (1) of Table 4 presents the first-stage result: the 

instrument has a positive and highly significant coefficient (0.3379, p < 0.01). The first-stage 

F-statistic is 181.12, and the Cragg-Donald Wald F-statistic is 182.31, far exceeding the 

Stock-Yogo critical value of 16.38 for 10% maximal IV bias, rejecting weak identification. 

The sample size drops to 13,911 because observations from industry-year cells with only 
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one firm cannot generate a leave-one-out mean. The second-stage coefficient of Lnwords 

in Column (2) is −0.5255 (p < 0.01), confirming the negative effect of AI on ESG decoupling. 

IV2: Lewbel heteroskedasticity-based instruments [51]. The heteroskedasticity in the 

disturbance term, constructed by interacting exogenous control variables with residuals 

from the endogenous variable regression, exhibits a natural statistical association with 

firm-level AI adoption, theoretically satisfying the relevance condition. Meanwhile, these 

instruments are generated internally from model variables without directly accessing ex-

ternal determinants of ESG decoupling. They remain immune to interference from micro-

level decisions such as ESG disclosure manipulation or performance bias, thus satisfying 

the exogeneity condition. 

To validate this approach, we first conduct the Breusch-Pagan test for heteroskedas-

ticity, which rejects the null of homoskedasticity at the 1% level, confirming the presence 

of heteroskedasticity required for the Lewbel procedure. Column (3) of Table 4 reports the 

first-stage results; because Lewbel generates multiple internal instruments, we do not pre-

sent individual coefficient estimates but report the joint F-statistic, which is 214.93 (p < 

0.001), well above the Stock-Yogo critical value, rejecting weak instrument concerns. The 

second-stage coefficient of Lnwords in Column (4) is −0.0873 (p < 0.05). The Sargan test of 

overidentifying restrictions yields a p-value of 0.531, confirming the validity of the instru-

ments. 

IV3: Lagged city-level broadband penetration × lagged AI adoption. Lagged broad-

band scale reflects regional digital infrastructure levels, which jointly enable firms’ AI de-

velopment foundations and reduce digital transformation costs, theoretically satisfying 

the relevance condition. Meanwhile, broadband construction is guided by local public 

planning, and the lagged specification mitigates reverse causality concerns. Regional in-

frastructure cannot directly alter firm-level ESG decoupling, thus satisfying the exogene-

ity condition. 

Drawing on the literature that uses broadband infrastructure as an instrument for 

digital technology adoption [52], we construct a instrument by interacting the one-period 

lag of city-level broadband subscribers (per 100 persons) with the one-period lag of 

Lnwords, both standardized. This instrument is denoted IV_Broadband × L1_AI. The intui-

tion is that regional broadband infrastructure reflects the local digital environment that 

facilitates firm-level AI adoption, while being plausibly exogenous to individual firms’ 

ESG decoupling. Using lagged values further mitigates reverse causality concerns. Col-

umn (5) of Table 4 shows the first-stage coefficient of this instrument is 0.1342 (p < 0.01), 

with an F-statistic of 309.80. The second-stage coefficient of Lnwords in Column (6) is 

−0.2998 (p < 0.01), reinforcing the robustness of our main finding. 

Across the three IV specifications, the coefficient of Lnwords remains significantly 

negative. The variation in magnitude—larger for IV1 (−0.5255) and smaller for IV2 

(−0.0873) and IV3 (−0.2998)—reflects different local average treatment effects (LATE) for 

different complier populations, which is common in IV estimation. Importantly, the IV2 

and IV3 estimates are closer to the baseline coefficient (−0.0613), suggesting that endoge-

neity does not drive our main result. 

4.2.2. Heckman Two-Step Selection Model 

A firm’s decision to adopt AI may be non-random, influenced by factors such as fi-

nancial conditions, managerial choices, and external competition, potentially leading to 

sample selection bias. Ignoring this self-selection process could bias OLS estimates. We 

therefore employ the Heckman two-step procedure to correct for this potential bias [50]. 

We first construct a treatment indicator Treat equal to 1 if a firm has positive Lnwords 

(i.e., mentions AI in its annual report) and 0 otherwise. In the first stage, we estimate a 

probit model of AI adoption using all control variables from the baseline regression plus 

https://doi.org/10.3390/su18157669


Sustainability 2026, 18, 7669 14 of 30 
 

https://doi.org/10.3390/su18157669 

the industry-year mean instrument (IV1) as an exclusion restriction. This exclusion re-

striction affects ESG decoupling only through its impact on AI adoption, satisfying the 

identification condition. From this model, we compute the inverse Mills ratio (IMR), 

which captures selection bias arising from unobservable factors. In the second stage, we 

include the IMR as an additional regressor in the baseline model. 

Column (1) of Table 5 shows that the coefficient of IMR is 1.0934, significant at the 

5% level, confirming the presence of sample selection bias and justifying the use of the 

Heckman model. More importantly, after controlling for IMR, the coefficient of Lnwords 

remains −0.0616 (p < 0.01), which is highly consistent with the baseline result. This indi-

cates that even after accounting for self-selection in AI adoption, the inhibitory effect of 

AI on ESG decoupling remains robust, ruling out sample selection bias as a driver of our 

main finding. 

4.2.3. Lagged Independent Variables 

Reverse causality is a common endogeneity concern in empirical analysis: it is possi-

ble that rather than AI adoption curbing ESG decoupling, firms with poor ESG perfor-

mance are more likely to adopt AI to mask their behavior, or that the two interact bidirec-

tionally. Moreover, the governance effect of AI may not be instantaneous; it could take 

time for AI adoption to translate into tangible improvements in ESG authenticity. To mit-

igate reverse causality concerns and capture dynamic effects, we replace the contempora-

neous Lnwords with its one-period and two-period lags (L. Lnwords and L2. Lnwords) in 

the baseline model. 

Columns (2) and (3) of Table 5 show that the coefficients of L. Lnwords and L2. 

Lnwords are −0.0747 and −0.0730, respectively, both significant at the 1% level. This indi-

cates that AI adoption in previous one to two years still exerts a significant inhibitory 

effect on current ESG decoupling, with magnitudes comparable to the baseline result. This 

confirms the persistence of AI’s governance effect and further rules out reverse causality—

because past AI adoption cannot be determined by future ESG decoupling. 

4.3. Robustness Tests 

To ensure the reliability of our main findings, we conduct a series of robustness 

checks following established practices in the literature. These tests include replacing the 

independent variable, adding province fixed effects, and excluding specific samples. Ta-

ble 6 summarizes the results. 

Table 6. Robustness checks. 

Variable (1) Decou (2) GW (3) Decou (4) Decou (5) Decou (6) Decou 

AI_patent 
-0.0022 **      

−0.0009      

Lnwords 
 −0.0517 *** −0.0596 *** −0.0584 *** −0.0620 *** −0.0606 *** 

 −0.0181 −0.0142 −0.0148 −0.0164 −0.0158 

Constant 
−0.3076 −1.1961 * −0.3673 −0.3235 −0.0497 −0.0269 

−0.5253 −0.682 −0.5228 −0.5657 −0.5652 −0.5695 

Observations 14,018 9378 14,018 12,741 10,583 11,254 

Adjusted R2 0.4361 0.019 0.4426 0.4504 0.4496 0.4336 

Controls YES YES YES YES YES YES 

Province NO NO YES NO NO NO 

Industry FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Note: Robust standard errors are in parentheses. ***, **, and * indicate significance at the 1%, 5%, 

and 10% levels, respectively. Column (1) replaces the independent variable with AI_patent (natural 
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logarithm of one plus the number of AI patent applications). Column (2) uses an alternative measure 

of ESG decoupling following [10]. Column (3) adds province fixed effects. Column (4) excludes AI-

related industries (computer, communication, and other electronic equipment manufacturing; in-

strumentation manufacturing). Column (5) excludes firms headquartered in the four municipalities 

(Beijing, Shanghai, Tianjin, Chongqing). Column (6) excludes the COVID-19 pandemic period 

(2020–2022). All continuous variables are winsorized at the 1st and 99th percentiles. 

4.3.1. Alternative Measure of AI Adoption 

One concern about the baseline specification is that the measure of AI adoption might 

be subject to measurement bias. We therefore employ the number of AI patent applica-

tions as an alternative proxy for a firm’s AI adoption level. 

Following Luo et al. (2026), Acemoglu et al. (2022), and Khan et al. (2024) [17,46,53], 

we construct AI_patent as the natural logarithm of one plus the number of AI patent ap-

plications by the firm in the given year. Theoretically, AI patents more directly capture 

firms’ substantive technological innovation activities and tangible investments in AI [43]. 

Compared with keyword frequency extracted from annual reports—which may include 

symbolic statements or strategic disclosures—patent counts better reflect a firm’s actual 

capability to embed AI technologies into production, operations, or governance processes 

[16,17]. Patents are widely used in the literature to measure corporate technological inno-

vation, and their validity in the AI domain has been well established [30,53]. Column (1) 

of Table 6 shows that the coefficient of AI_Patent is −0.0022, significant at the 5% level, 

consistent with the baseline conclusion. 

4.3.2. Alternative Measure of ESG Decoupling 

To further verify the robustness of our baseline findings, we adopt an alternative 

measure of ESG decoupling. In the baseline specification, we capture the “talk-versus-

done” nature of decoupling from the firm’s own perspective by taking the standardized 

difference between the Bloomberg ESG disclosure score (talk) and the Huazheng ESG per-

formance rating (done). However, the relative position of a firm compared to its industry 

peers provides another important dimension for assessing decoupling behavior. Follow-

ing Hu et al. (2023) [10], we construct a peer-relative decoupling measure (GW), defined 

as the deviation of a firm’s ESG disclosure from the industry-year mean of ESG perfor-

mance, scaled by the industry-year standard deviation. This measure captures whether a 

firm’s ESG claims are excessive relative to its peers’ actual performance, offering a com-

plementary perspective on decoupling. 

We re-estimate model (1) using GW as the dependent variable. Column (2) of Table 

6 shows that the coefficient of Lnwords is −0.0517, significant at the 1% level. The magni-

tude and significance are consistent with the baseline results, confirming that our main 

findings are not sensitive to the specific measurement of ESG decoupling. 

4.3.3. Adding Province Fixed Effects 

Differences across provinces in economic development, environmental regulation in-

tensity, and local policies could lead to omitted variable bias. To alleviate this concern, we 

add province fixed effects to the baseline model, which already includes industry and year 

fixed effects. 

A common approach to absorb time-invariant provincial characteristics—such as re-

gional development policies, institutional quality, and environmental enforcement inten-

sity—is to include province fixed effects [54]. Column (3) of Table 6 shows that after add-

ing province fixed effects, the coefficient of Lnwords remains −0.0596, significant at the 1% 

level, indicating that the baseline results are not confounded by omitted provincial-level 

variables. 
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4.3.4. Excluding Specific Samples 

Particular subsets of the sample might unduly influence the estimated relationship. 

We therefore perform three exclusion tests. 

First, excluding AI-related industries. Firms in high-tech industries such as com-

puter, communication, and other electronic equipment manufacturing, as well as instru-

mentation manufacturing, are inherently more engaged with AI and typically possess 

stronger digital R&D capabilities, which could mechanically strengthen the observed AI-

ESG relationship. After excluding these two industries, Column (4) of Table 6 shows that 

the coefficient of Lnwords is −0.0584, still significant at the 1% level. 

Second, excluding municipalities. Firms headquartered in the four municipalities di-

rectly under the central government (Beijing, Shanghai, Tianjin, and Chongqing) may ben-

efit from unique policy privileges, superior infrastructure, and greater knowledge spillo-

vers. Column (5) of Table 6 shows that the coefficient of Lnwords is −0.0620 (p < 0.01), con-

sistent with the baseline result. 

Third, excluding the COVID-19 pandemic period (2020–2022). The pandemic caused 

unprecedented disruptions to economic activities, potentially biasing the estimated rela-

tionship. We drop observations from 2020 to 2022. Column (6) of Table 6 shows that the 

coefficient of Lnwords is −0.0606 (p < 0.01), further confirming the robustness of our base-

line findings. 

Taken together, across all specifications—alternative independent variable, addi-

tional province fixed effects, and various sample exclusions—the coefficient of the core 

independent variable remains negative and statistically significant, indicating that our 

findings are robust. 

5. Mechanism Test 

Having established that AI adoption significantly curbs ESG decoupling (Table 3), 

we now turn to examining the underlying mechanisms. Specifically, we test the three me-

diating pathways derived from the fraud triangle theory: opportunity (internal control 

quality), pressure (media attention), and rationalization (disclosure quality). 

The three mediators correspond to the three independent conditions specified by the 

fraud triangle theory: opportunity, pressure, and rationalization [8]. By theoretical con-

struction, these conditions are conceptually distinct and mutually irreducible—none is 

assumed to be a prerequisite for another. This theoretical independence provides the pri-

mary justification for treating them as parallel mediators [55,56]. To further assess whether 

this theoretical distinction is empirically supported, we conduct two diagnostic checks: 

pairwise correlation analysis and variance inflation factor (VIF) estimation. 

As shown in Appendix A Table A1, the pairwise Pearson correlation coefficients 

among environmental uncertainty, media attention, and disclosure quality are all below 

0.30, indicating that no strong linear association exists between any pair of mediators. In 

addition, we calculated the VIFs in a regression including all three mediators simultane-

ously, along with the full set of control variables, all well below the conventional threshold 

of 5. These diagnostics suggest that multicollinearity is unlikely to be a serious concern, 

and that each mediator captures a sufficiently distinct mechanism to be examined as a 

parallel pathway. 

To test these hypotheses (H2–H4), we follow the causal mediation approach widely 

adopted in the recent literature [9] and directly identify the causal effect of AI adoption 

on the proposed mediators. The following model is specified: 

Mi,t = β
0
 + β

1
Lnwordsi,t + β

2
Controli,t + σi + δt+εi,t (2) 

where Mi,t represents each mediating variable (environmental uncertainty, media 

attention, and disclosure quality). All other variables are defined identically to those in 
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model (1) Table 7 reports the regression results. The effects of these mediators on ESG 

decoupling (M → Y) have been established in the theoretical analysis and existing litera-

ture, and thus are not re-estimated here. 

Table 7. Mechanism test results: Testing the Fraud Triangle framework. 

Variable 

Opportunity Pressure Rationalization 

(1) Environmental Uncer-

tainty 
(2) Media Attention (3) Analyst Attention (4) Disclosure Quality 

Lnwords 
−0.0407 ** 0.0974 *** 0.3603 ** 0.0149 *** 

−0.017 −0.0207 −0.165 −0.0042 

Observations 12,779 13,983 14,018 10,698 

Adjusted R2 0.2417 0.3886 0.4243 0.2129 

Controls YES YES YES YES 

Industry FE YES YES YES YES 

Year FE YES YES YES YES 

Note: Robust standard errors are in parentheses. *** and ** denote significance at the 1% and 5% 

levels, respectively. Environmental uncertainty (opportunity dimension) is measured as industry-

adjusted sales volatility. Media attention (pressure dimension) is the natural logarithm of one plus 

the number of media reports. Analyst attention (pressure dimension) is defined as the natural loga-

rithm of one plus the number of analysts following the firm in that year. Disclosure quality (ration-

alization dimension) is the inverse of the CSMAR disclosure rating. All continuous variables are 

winsorized at the 1st and 99th percentiles. 

5.1. Compressing the Opportunity for ESG Decoupling 

AI reduces environmental uncertainty and ambiguity in markets, technology, and 

regulation by processing massive heterogeneous data in real time, generating high-preci-

sion dynamic forecasts, and continuously tracking external risk signals. This compression 

of uncertainty narrows the opportunity window for managers to engage in selective dis-

closure or symbolic compliance through information asymmetry, thereby strengthening 

the constraining effectiveness of internal control and ultimately lowering the risk of inter-

nal control failure due to external shocks. Specifically, environmental uncertainty refers 

to the volatility and unpredictability of a firm’s external environment, including market 

conditions, technological changes, and regulatory shifts. High environmental uncertainty 

can create “opportunity” for ESG decoupling by blurring information, increasing the dif-

ficulty of external monitoring, and expanding managerial discretion [57]. In such an 

opaque environment, firms are more likely to engage in selective disclosure or exaggera-

tion without being detected. Conversely, if AI helps reduce environmental uncertainty, it 

should compress the opportunity for decoupling. Indeed, AI can process massive 

amounts of data to generate more accurate forecasts and real-time risk assessments, 

thereby reducing uncertainty [58]. 

Column (1) of Table 7 presents the regression result of AI adoption on environmental 

uncertainty. The coefficient of Lnwords is −0.0407, significant at the 5% level. This indicates 

that AI adoption significantly reduces the level of environmental uncertainty faced by 

firms. Combined with the evidence in the literature that high uncertainty provides greater 

leeway for symbolic compliance and decoupling [59], this finding supports the mediating 

role of environmental uncertainty as an opportunity-diminishing channel. 

5.2. Increasing the Pressure on ESG Decoupling 

The adoption of AI standardizes and verifies the process of information generation 

and disclosure within firms, which enables external media to access, mine, and cross-val-

https://doi.org/10.3390/su18157669


Sustainability 2026, 18, 7669 18 of 30 
 

https://doi.org/10.3390/su18157669 

idate corporate information more conveniently, thereby significantly increasing the inten-

sity of media attention on firms. This intensified external pressure ultimately helps to curb 

ESG decoupling. External oversight is a key governance mechanism that constrains cor-

porate behavior. Media, as an information intermediary, exerts pressure on firms through 

information discovery and reputational sanctions [37]. Greater media attention raises the 

expected costs of greenwashing, thereby increasing the “pressure” dimension of the fraud 

triangle. AI can enhance media monitoring by enabling real-time sentiment analysis, au-

tomated news aggregation, and anomaly detection [28]. Therefore, if AI curbs ESG decou-

pling by intensifying external pressure, we should observe a positive effect of AI adoption 

on media attention. 

To test the “pressure-enhancing” effect of media attention, we follow Gao and Chen 

[33] and measure it as the natural logarithm of one plus the number of media reports. 

Column (2) of Table 7 reports the regression result of AI adoption on media attention. The 

coefficient of Lnwords is 0.0974, significant at the 1% level. This indicates that AI signifi-

cantly amplifies media scrutiny. A one-standard-deviation increase in Lnwords (1.1150) 

increases media attention by approximately 0.1086, or about 8.7% of its standard devia-

tion. Combined with the well-documented evidence that media attention effectively de-

ters greenwashing [36], this result supports the mediating role of media attention as a 

pressure-enhancing channel. 

To further test the robustness of the pressure dimension, we employ analyst coverage 

as an alternative proxy for external oversight. Unlike media attention, analysts convey 

professional and systematic firm-specific information through earnings forecasts, research 

reports, and investment ratings, with their monitoring mechanisms being more sustained 

and targeted [33]. Theoretically, AI adoption can attract greater analyst following by en-

hancing the standardization and verifiability of corporate disclosures, thereby reducing 

analysts’ information processing costs. We measure analyst coverage (Analyst) as the nat-

ural logarithm of one plus the number of analysts following the firm, and re-estimate 

model (2). Column (3) of Table 7 shows that the coefficient of Lnwords is 0.3603 (p < 0.05), 

indicating that AI significantly increases the intensity of analyst coverage. Combined with 

the well-documented evidence that analyst coverage effectively curbs greenwashing 

[35,36], this result supports the mediating role of the pressure channel from an additional 

perspective, further reinforcing the robustness of the pressure-dimension findings. 

5.3. Undermining the Rationalization of ESG Decoupling 

AI improves the transparency, verifiability, and timeliness of ESG disclosure through 

specific mechanisms including automated textual validation, multi-source data cross-ver-

ification, and standardized reporting procedures. This high-quality disclosure environ-

ment prevents managers from using vague language or selective statements to convince 

themselves that their decoupling behaviors will remain undetected, thereby effectively 

undermining the rationalization space in the fraud triangle and ultimately curbing ESG 

decoupling. Disclosure quality directly affects whether managers believe that greenwash-

ing will go undetected. When disclosure is transparent, verifiable, and timely, managers 

find it difficult to mask true behavior through vague language or selective disclosure, 

thereby compressing the psychological space for “rationalization” [39]. AI can improve 

disclosure quality by automating natural language processing to detect inconsistencies, 

cross-validating multi-source data, and standardizing reporting procedures [40,41]. Thus, 

if AI curbs ESG decoupling by undermining rationalization, we should observe a positive 

effect of AI adoption on disclosure quality. 

To test the “rationalization-undermining” effect of disclosure quality, we follow 

Zhan et al. [39] and measure it as the inverse of the CSMAR disclosure rating. Column (4) 
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of Table 7 reports the regression result of AI adoption on disclosure quality. The coeffi-

cient of Lnwords is 0.0149, significant at the 1% level. This indicates that AI significantly 

improves the quality of ESG disclosure. Combined with the evidence that high-quality 

disclosure curbs ESG decoupling [37], this finding supports the mediating role of disclo-

sure quality as a rationalization-undermining channel. 

6. Heterogeneity Analysis 

The technology effect is contingent upon organizational capabilities and environ-

mental conditions [60]. On this basis, the inhibitory effect of AI on ESG decoupling may 

vary depending on firm characteristics, industry attributes, and regional institutional en-

vironments. In this section, we examine three levels of heterogeneity: firm-level (manage-

rial characteristics and firm attributes), industry-level (competition and institutional envi-

ronment), and regional-level (factor markets and environmental regulations). Table 8, Ta-

ble 9 and Table 10 present the results for firm-level, industry-level, and regional-level het-

erogeneity, respectively. 

Table 8. Heterogeneity analysis: Firm-level factors. 

Variable 

(1)  (2)  (3)  (4)  (5)  (6)  

Executive R&D Background Corporate Reputation Corporate Governance Quality 

Yes No High  Low  High  Low  

Lnwords 
−0.0637 *** −0.0269 −0.0672 *** −0.0570 *** −0.0634 *** −0.0581 *** 

−0.0148 −0.0462 −0.0182 −0.0192 −0.0193 −0.0187 

Observations 12,162 1445 7217 6800 7032 6985 

Adjusted R2 0.422 0.5395 0.4131 0.4765 0.4248 0.4592 

Controls YES YES YES YES YES YES 

Industry FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Coefficient diff. 

p-value 
0.0000 0.0000 0.0000 

Note: Robust standard errors clustered at the firm level are in parentheses. *** indicates significance 

at the 1% level. Corporate reputation is based on media rankings and social media sentiment scores. 

Corporate governance quality is constructed from board independence, audit committee effective-

ness, and ESG-related governance mechanisms. All continuous variables are winsorized at the 1st 

and 99th percentiles. 

Table 9. Heterogeneity analysis: Industry-level factors. 

Variable 

(1)  (2)  (3)  (4)  (5)  (6)  

Industry Competition Digital Economy Industries 
Technologically Fast-Iterating In-

dustries 

High Low Yes No Yes No 

Lnwords 
−0.0702 *** −0.0454 ** −0.0547 *** −0.0537 ** −0.0631 * −0.0541 *** 

−0.0173 −0.0181 −0.0181 −0.0241 −0.0341 −0.0152 

Observations 7037 6980 6784 7160 2024 11,991 

Adjusted R2 0.4479 0.4285 0.4056 0.4644 0.3495 0.4538 

Controls YES YES YES YES YES YES 

Industry FE YES YES YES YES YES YES 

Year FE YES YES YES YES YES YES 

Coefficient 

diff. p-value 
0.0000 0.0000 0.0000 
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Note: Robust standard errors clustered at the firm level are in parentheses. ***, **, and * indicate 

significance at the 1%, 5%, and 10% levels, respectively. Digital economy industries are classified 

following the National Bureau of Statistics of China. Technologically fast-iterating industries are 

identified based on R&D intensity and the pace of technological change. 

Table 10. Heterogeneity analysis: Regional-level factors. 

Variable 

(1)  (2)  (3)  (4)  

Industry Competition Digital Economy Industries 

High Low Yes No 

Lnwords 
−0.0650 *** −0.0587 *** −0.0699 *** −0.0464 *** 

(0.0187) (0.0165) (0.0202) (0.0175) 

Observations 6174 7842 7200 6815 

Adjusted R2 0.4399 0.4340 0.4649 0.4176 

Controls YES YES YES YES 

Industry FE YES YES YES YES 

Year FE YES YES YES YES 

Coefficient 

diff. p-value 
0.0000 0.0000 

Note: Robust standard errors are in parentheses. *** indicates significance at the 1% level. p-values 

for coefficient difference tests: 0.0000 (R&D vs. non-R&D), 0.0000 (high vs. low competition). All 

continuous variables are winsorized at the 1st and 99th percentiles. 

6.1. Firm-Level Heterogeneity 

6.1.1. Executive R&D Background 

Executives with research and development (R&D) backgrounds possess stronger 

technical expertise and longer decision horizons, enabling them to promote the adoption 

of AI-driven governance tools at the organizational level [61,62]. Such executives are more 

sensitive to the potential of AI applications in environmental governance and are more 

inclined to leverage AI as a strategic tool for substantive ESG improvement rather than as 

a means of symbolic compliance. We construct a dummy variable based on executive re-

sumes in the CSMAR database, equal to 1 if the firm has at least one executive with an 

R&D background, and 0 otherwise. The sample is split into two subgroups, and model (1) 

is re-estimated for each. 

Columns (1) and (2) of Table 8 show that the coefficient of Lnwords is −0.0637 (p < 0.01) 

in firms with R&D executives, whereas it is −0.0269 and statistically insignificant in those 

without. The coefficient difference is highly significant (p = 0.0000). This confirms that AI’s 

inhibitory effect is concentrated in firms with R&D-experienced leadership, consistent 

with the view that technical expertise facilitates the adoption and effectiveness of digital 

governance tools. 

6.1.2. Corporate Reputation 

Firms with higher reputation face greater reputational risk and stakeholder scrutiny, 

which may amplify the deterrent effect of AI-driven monitoring [34]. Once high-reputa-

tion firms are exposed for greenwashing, their reputational capital would suffer greater 

losses, making them more responsive to AI-based monitoring. In contrast, low-reputation 

firms have less to lose and may respond less to AI-driven scrutiny. We measure corporate 

reputation using rankings from annual surveys conducted by leading Chinese business 

media outlets, supplemented by social media sentiment scores. Firms are split at the sam-

ple median into high-reputation and low-reputation groups. 
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Columns (3) and (4) of Table 8 show that the coefficient of Lnwords is −0.0672 (p < 0.01) 

in high-reputation firms and −0.0570 (p < 0.01) in low-reputation firms, with a significant 

difference (p = 0.0000). This suggests that AI’s inhibitory effect is more pronounced in 

firms with higher reputational capital, consistent with the theoretical expectation that rep-

utational risk amplifies the deterrence of external oversight. 

6.1.3. Corporate Governance Quality 

Firms with stronger corporate governance structures are better positioned to imple-

ment AI-driven governance tools effectively [28]. Good governance provides the institu-

tional foundation—transparent decision-making processes, effective monitoring mecha-

nisms, and accountability systems—that enables AI to function as a credible governance 

device. Firms with weaker governance quality may face internal implementation barriers 

that undermine AI’s governance effectiveness. We construct a governance quality index 

based on board independence, audit committee effectiveness, and the completeness of 

ESG-related governance mechanisms. Firms are split at the sample median into high-gov-

ernance and low-governance groups. 

Columns (5) and (6) of Table 8 show that the coefficient of Lnwords is −0.0634 (p < 0.01) 

in high-governance firms and −0.0581 (p < 0.01) in low-governance firms, with a significant 

difference (p = 0.0000). This confirms that AI’s governance effect is reinforced by stronger 

internal governance quality, indicating that a sound institutional environment is an im-

portant prerequisite for AI to exert its governance function. 

A general concern is that firms with certain favorable characteristics—such as R&D-

experienced executives, high reputation, or strong governance—may already possess 

higher ESG standards irrespective of AI adoption. To systematically address this concern, 

we conduct coefficient difference tests for each dimension. The results show that the coef-

ficient difference tests are statistically significant across all dimensions, suggesting that 

the observed heterogeneity reflects genuine moderating effects of firm characteristics ra-

ther than selection bias. 

6.2. Industry-Level Heterogeneity 

6.2.1. Industry Competition 

Firms in highly competitive industries face greater pressure to differentiate them-

selves and maintain market standing. Under intense competition, firms are more likely to 

adopt substantive environmental improvements to gain legitimacy and competitive ad-

vantage, and AI can assist in such efforts [16,17,63]. Moreover, competitive pressure may 

prompt firms to respond more actively to AI-driven monitoring. We measure industry 

competition using the Herfindahl-Hirschman Index (HHI) based on firm sales within each 

industry-year. Firms are assigned to the high-competition group if the industry HHI is 

below the sample median (i.e., less concentrated), and to the low-competition group oth-

erwise. 

Columns (1) and (2) of Table 9 show that the coefficient of Lnwords is −0.0702 (p < 0.01) 

in high-competition industries and −0.0454 (p < 0.05) in low-competition industries. The 

difference is statistically significant (p = 0.0000), indicating that AI’s governance role is 

more pronounced when firms face stronger market pressure. 

6.2.2. Digital Economy Industries 

Firms in digital economy industries possess superior data infrastructure, technical 

capabilities, and digital awareness, which may facilitate the adoption and effectiveness of 

AI-driven governance tools [16,17]. Moreover, firms in these industries are more accus-

tomed to data-driven decision-making and have stronger internalization capacity for AI 
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technologies, potentially amplifying AI’s governance effects on ESG decoupling. We clas-

sify industries as digital economy industries following the official classification by the Na-

tional Bureau of Statistics of China, which encompasses computer, communication, and 

other electronic equipment manufacturing, as well as software and information technol-

ogy services. 

Columns (3) and (4) of Table 9 show that the coefficient of Lnwords is −0.0547 (p < 0.01) 

in digital economy industries and −0.0537 (p < 0.05) in non-digital economy industries. 

The coefficient difference is statistically significant (p = 0.0000), indicating that AI’s inhib-

itory effect is more pronounced in digital economy industries, consistent with the view 

that digital readiness amplifies AI’s governance potential. 

6.2.3. Technologically Fast-Iterating Industries 

Industries characterized by rapid technological iteration face shorter product life cy-

cles and greater pressure to innovate. In such environments, firms are more likely to pro-

actively adopt cutting-edge technologies for substantive ESG improvements to maintain 

competitive advantage. Meanwhile, rapid technological change also implies that firms’ 

ESG disclosures are subject to more intense scrutiny from stakeholders, thereby strength-

ening the deterrent effect of AI-driven monitoring. Based on the techno-economic charac-

teristics of different industries, we identify technologically fast-iterating industries based 

on R&D intensity and the pace of technological change. 

Columns (5) and (6) of Table 9 show that the coefficient of Lnwords is −0.0631 (p < 0.1) 

in fast-iterating industries and −0.0541 (p < 0.01) in non-fast-iterating industries, with a 

significant difference (p = 0.0000). Although the significance level in fast-iterating indus-

tries is marginal, the coefficient magnitude is larger, and the difference test confirms a 

meaningful gap between the two groups. 

6.3. Regional-Level Heterogeneity 

6.3.1. Factor Market Development 

Well-developed factor markets facilitate the efficient allocation of resources, includ-

ing capital, labor, and technology. In regions with higher factor market development, 

firms are better able to access the financial and human resources needed to adopt and 

leverage AI for environmental governance [15,38]. Conversely, in less developed factor 

markets, resource constraints may hinder AI adoption or limit its effectiveness. We there-

fore expect AI’s inhibitory effect to be larger in regions with higher factor market devel-

opment. 

Following the mainstream literature, we use the factor market sub-index of the Fan 

Gang Marketization Index to measure regional factor market development. Cities with an 

index above the sample median are classified as high-development regions, and those be-

low as low-development regions. We then re-estimate model (1) for each group. 

Columns (1) and (2) of Table 10 report the results. The coefficient of Lnwords is −0.0650 

(p < 0.01) in high-development regions and −0.0587 (p < 0.01) in low-development regions. 

The difference is marginally significant (p = 0.0654), suggesting that AI’s effect is some-

what stronger in regions with more developed factor markets, although the gap is modest. 

This is plausible because even in less developed markets, AI may still exert a significant 

effect, but better factor market conditions slightly enhance its efficiency. 

6.3.2. Regional Environmental Regulation Intensity 

Stricter environmental regulations increase the cost of greenwashing and enhance 

the credibility of environmental enforcement. In regions with stronger environmental reg-

ulation, firms face higher reputational and financial risks from being caught in ESG de-

coupling, which may amplify the deterrent effect of AI-driven monitoring [13]. Moreover, 
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AI technologies are often used by regulators in high-regulation areas to screen corporate 

environmental reports, creating a synergistic effect. Hence, we expect AI’s inhibitory ef-

fect to be larger in regions with stronger environmental regulation intensity. 

We measure regional environmental regulation intensity using the number of envi-

ronmental administrative penalties per capita or the proportion of environmental protec-

tion expenditure in GDP, as collected from the China Environmental Statistics Yearbook. 

Cities are split at the sample median into high-regulation and low-regulation groups. 

Columns (3) and (4) of Table 10 show that the coefficient of Lnwords is −0.0699 (p < 

0.01) in high-regulation regions and −0.0464 (p < 0.01) in low-regulation regions. The dif-

ference is highly significant (p = 0.0000). This confirms that stricter environmental regula-

tion reinforces AI’s ability to curb ESG decoupling, consistent with the idea that regula-

tory pressure and technological monitoring work in tandem. 

7. Discussion 

7.1. Theoretical Framework and Contributions 

Our findings demonstrate that the fraud triangle theory provides a coherent analyti-

cal framework for understanding AI’s governance role in ESG decoupling. The three di-

mensions, opportunity, pressure, and rationalization, operate as distinct yet complemen-

tary channels through which AI exerts its inhibitory effect. This framework moves beyond 

single-mechanism approaches by capturing the multidimensional nature of corporate 

fraud, where all three conditions must converge for decoupling to persist. By showing 

that AI simultaneously compresses opportunity (via reducing environmental uncer-

tainty), intensifies pressure (via enhancing media attention and analyst coverage), and 

undermines rationalization (via improving disclosure quality), our study provides empir-

ical support for the theoretical proposition that effective governance requires addressing 

all three fraud triangle dimensions. This finding extends the applicability of the fraud tri-

angle theory beyond its traditional domain of financial fraud to the emerging context of 

ESG and digital transformation. 

A distinctive feature of our framework is the explicit distinction between the three 

fraud triangle dimensions and their empirical proxies. Unlike prior studies that have often 

conflated theoretical constructs with their measurements, we consistently treat environ-

mental uncertainty, media attention, and disclosure quality as observable indicators of 

opportunity, pressure, and rationalization, respectively, rather than equating them with 

the dimensions themselves. This conceptual clarity strengthens the theoretical contribu-

tion and provides a replicable template for future research applying the fraud triangle 

theory to diverse governance contexts. 

This study makes three theoretical contributions. First, it advances the AI governance 

literature by shifting the analytical focus from the direct question of whether AI curbs ESG 

decoupling to the more nuanced question of how AI exerts its governance effects through 

multiple distinct channels. While prior studies have documented the inhibitory effect of 

AI on ESG decoupling, they have largely treated AI as a monolithic technology without 

unpacking the mechanisms through which it operates. Our identification of three parallel 

mediating pathways provides a more granular understanding of AI’s governance role and 

highlights that different mechanisms may be relevant under different conditions. 

Second, it extends the fraud triangle theory to the ESG context, demonstrating that 

the three fraud conditions identified by Albrecht are equally applicable to understanding 

environmental information manipulation [8]. Prior applications of the theory to ESG con-

texts have primarily focused on identifying the presence of these conditions [18,21]. Our 

study goes further by showing how an technology, AI, can simultaneously intervene in 

all three conditions, thereby offering a proactive governance approach rather than merely 
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a diagnostic one. This extension enriches both the fraud triangle theory and the ESG liter-

ature by bridging these previously separate domains. 

Third, it contributes to the digital governance literature by showing that AI’s govern-

ance effects are not automatic; rather, they depend on organizational capabilities and in-

stitutional conditions. The heterogeneous effects we observe, which are stronger in firms 

with R&D-experienced executives, higher reputation, stronger governance quality, and in 

more competitive and digitally advanced industries, suggest that AI is not a technological 

panacea. This finding cautions against technological determinism and highlights the im-

portance of complementary investments in governance infrastructure, echoing the dy-

namic capabilities perspective articulated by Han et al. (2026) [6]. In other words, AI be-

comes effective when firms possess the absorptive capacity to integrate AI-driven insights 

into decision-making processes. 

7.2. Comparison with Existing Studies 

Our findings both align with and extend previous research. Consistent with recent 

studies documenting AI’s inhibitory effect on ESG decoupling [16,27], we confirm the di-

rect negative relationship. However, our mediation analysis reveals that this effect oper-

ates through three distinct channels, which prior studies have not jointly examined. This 

multidimensional perspective offers a more complete account of AI’s governance mecha-

nisms than existing single-pathway analyses. 

In relation to studies applying the fraud triangle theory to greenwashing [18,21], we 

extend the framework by showing that AI can simultaneously intervene in all three con-

ditions rather than merely identifying their presence. Our findings also complement stud-

ies examining the role of external monitors in disciplining corporate behavior. Chen et al. 

(2026) demonstrate that institutional investors’ site visits can curb greenwashing by 

providing external monitors with better information about firms [32]. Our study extends 

this logic by showing that AI serves as a technology that enhances the information envi-

ronment for multiple types of monitors, including analysts, media, and regulators, 

thereby amplifying the disciplinary effect of external oversight. While Chen et al. (2026) 

[32] focus on a single external monitor (institutional investors), we show that AI enhances 

the information environment for multiple monitors simultaneously. 

Our heterogeneity findings corroborate the Technology-Organization-Environment 

(TOE) framework by demonstrating that AI’s effectiveness is contingent on organizational 

capabilities and environmental conditions [6]. The stronger effects observed in firms with 

R&D-experienced executives and strong governance quality align with the TOE emphasis 

on organizational readiness. Similarly, the more pronounced effects in highly competitive 

and digitally advanced industries are consistent with the TOE focus on environmental 

factors that shape technology adoption outcomes. This pattern, that technology effects are 

conditional on complementary assets, is well established in the innovation literature but 

is novel to the ESG literature, where AI has often been treated as a uniformly effective 

tool. 

7.3. Boundary Conditions of AI’s Governance Effects 

Our heterogeneity analysis reveals that AI’s governance effects are bounded by both 

internal and external conditions, providing a more nuanced understanding of where and 

for whom AI is most effective. 

At the firm level, the effect is stronger in firms with R&D-experienced executives (Ta-

ble 8, Columns 1–2), higher reputation (Table 8, Columns 3–4), and stronger governance 

quality (Table 8, Columns 5–6). This suggests that organizational absorptive capacity, the 

ability to recognize, assimilate, and apply new information, is critical for translating AI 
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adoption into governance outcomes. Firms lacking these capabilities may adopt AI sym-

bolically rather than substantively, mirroring the very decoupling behavior that AI is in-

tended to curb. This insight has important implications for practitioners: investments in 

AI should be accompanied by investments in human capital and governance infrastruc-

ture. 

At the industry level, the effect is more pronounced in highly competitive (Table 9, 

Columns 1–2) and digitally advanced industries (Table 9, Columns 3–4). In competitive 

markets, firms face greater pressure to differentiate themselves, creating stronger incen-

tives to use AI for genuine ESG improvement rather than symbolic compliance. In digital 

economy industries, firms possess superior data infrastructure and technical capabilities 

that facilitate AI adoption and effectiveness. However, the effect is significantly weakened 

in administratively monopolized sectors (Table 9, Columns 5–6), where firms face less 

competitive pressure and weaker incentives to respond to AI-driven governance. This 

suggests that market competition and technological readiness amplify AI’s governance 

potential, while administrative protection undermines it. 

At the regional level, stricter environmental regulations (Table 10, Columns 3–4) and 

more developed factor markets (Table 10, Columns 1–2) strengthen the effect. Stringent 

regulations increase the cost of greenwashing and the credibility of enforcement, creating 

a synergistic effect with AI-driven monitoring. Well-developed factor markets provide 

firms with better access to the financial and human resources needed to adopt and lever-

age AI for environmental governance. These findings highlight the role of institutional 

context in shaping AI’s governance effectiveness. 

Together, these boundary conditions suggest that AI is not a universal governance 

solution; its effectiveness depends on the enabling environment in which it is deployed. 

This insight has important implications for policymakers seeking to leverage AI for ESG: 

investment in AI should be accompanied by investments in complementary organiza-

tional capabilities, market competition, regulatory enforcement, and institutional infra-

structure. Without such complementary conditions, AI adoption may become another 

form of symbolic compliance, precisely the problem it is meant to solve. 

8. Conclusions and Policy Implications 

8.1. Conclusions 

This study investigates whether and how AI adoption affects corporate ESG decou-

pling under China’s dual-carbon policy. Using a sample of Chinese A-share listed firms 

from 2009 to 2024 and a two-step causal mediation approach, we obtain several key find-

ings. 

First, AI adoption significantly curbs ESG decoupling. This result remains robust af-

ter a series of endogeneity tests, including instrumental variable estimation, the Heckman 

two-step selection model, and lagged regressions. Economically, a one-standard-devia-

tion increase in AI adoption reduces ESG decoupling by about 5.1% of its standard devi-

ation. 

Second, drawing on the fraud triangle theory, we identify three distinct mediating 

pathways. AI compresses the opportunity for decoupling by reducing environmental un-

certainty (coefficient −0.0407, p < 0.05); it increases the pressure for decoupling by enhanc-

ing media attention (coefficient 0.0974, p < 0.001) and analyst attention (coefficient 0.3063 

p < 0.05); and it undermines the rationalization of decoupling by improving disclosure 

quality (coefficient 0.0149, p < 0.001). These results confirm that AI governs ESG decou-

pling through a multi-dimensional mechanism corresponding to the three elements of the 

fraud triangle. 

Third, the inhibitory effect of AI varies systematically across firm characteristics, in-

dustry attributes, and regional institutional environments. At the firm level, the effect is 
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stronger in firms with R&D-experienced executives, higher reputation, and stronger gov-

ernance quality. At the industry level, the effect is more pronounced in highly competitive 

industries, digital economy industries, and technologically fast-iterating industries. At the 

regional level, it is stronger in regions with higher factor market development and stricter 

environmental regulations. These findings suggest that internal governance capacity, 

market competition, and external institutional conditions jointly shape the boundary con-

ditions of AI’s governance effects. 

Overall, this study provides a unified theoretical framework—the fraud triangle the-

ory—to explain the mediating mechanisms, and offers granular evidence on the boundary 

conditions of AI’s governance role, contributing to the literature on digital governance 

and corporate sustainability. 

8.2. Policy Implications 

Our findings carry several policy implications for leveraging digital technologies to 

enhance ESG authenticity under China’s dual-carbon policy, and more broadly, the three 

identified mediating pathways reflect general properties of AI as a governance technol-

ogy, with applicability extending beyond China to setting where ESG decoupling threat-

ens policy credibility, thus providing a referential policy instrument for global environ-

mental governance. 

First, accelerate AI adoption in corporate environmental governance. Given the sig-

nificant inhibitory effect of AI on ESG decoupling, regulators should encourage firms to 

integrate AI-driven monitoring systems into their internal control and ESG reporting pro-

cesses. For example, listing requirements could include provisions for AI-based data ver-

ification, and tax incentives or green credit preferences could be offered to firms that adopt 

AI for environmental management. 

Second, adopt differentiated strategies for AI governance promotion. Heterogeneity 

analyses show that AI’s effect is stronger in firms with R&D-experienced executives, 

higher reputation, and stronger governance quality. For firms with weaker executive tech-

nical capabilities or less developed governance structures, regulators should provide tar-

geted capacity-building programs and technical support to enhance their ability to adopt 

and implement AI governance tools. 

Third, prioritize AI governance tools in highly competitive industries and digital 

economy industries. Industry-level heterogeneity reveals that AI’s inhibitory effect is 

more pronounced in highly competitive industries, digital economy industries, and tech-

nologically fast-iterating industries. Policymakers should promote pilot programs and the 

diffusion of AI governance tools in these industries first, and then scale up successful ex-

periences to other sectors. 

Fourth, strengthen regional institutional environments to create enabling conditions 

for AI governance. Regional heterogeneity indicates that factor market development and 

environmental regulation intensity significantly shape AI’s governance effectiveness. For 

regions with underdeveloped factor markets or lax environmental regulations, stronger 

support for data infrastructure and regulatory enforcement is needed to provide institu-

tional guarantees for AI’s governance function. 

8.3. Limitations and Future Research 

Despite its contributions, this study has several limitations that point to promising 

avenues for future research. 

First, measurement of AI adoption. Our primary measure of AI adoption relies on 

AI-related keyword frequency in annual reports (Lnwords). While widely used, this ap-

proach may capture firms’ rhetorical emphasis on AI rather than actual implementation. 

To mitigate this concern, we employed AI patent applications (AI_patent) as an alternative 
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measure. The consistent results across these measures suggest that our main conclusions 

are not merely an artifact of measurement choices. Future research could further validate 

our findings using more granular data, such as AI-related job postings or survey-based 

adoption indicators. 

Second, generalizability. Our empirical analysis is based on Chinese A-share listed 

firms, which may limit generalizability to other institutional settings. However, the theo-

retical logic we advance—that AI curbs ESG decoupling by compressing opportunity, in-

creasing pressure, and undermining rationalization—is not context-specific, as these 

mechanisms operate through fundamental governance channels that exist across institu-

tional settings. Future research could extend the analysis to non-listed firms, other emerg-

ing economies, or cross-country settings. 

Third, endogeneity. Although we employed multiple identification strategies—in-

cluding instrumental variable estimation, the Heckman two-step procedure, and lagged 

regressions—no observational study can definitively rule out all forms of endogeneity. 

Future research could exploit quasi-natural experiments, such as policy shocks or regula-

tory changes, to provide additional causal evidence. 

Fourth, potential interactions among mediators. While we treat the three mediators 

as parallel pathways based on theoretical reasoning [8] and empirical diagnostics (low 

pairwise correlations and VIFs), we cannot completely rule out all possible interactions 

among them. For instance, improved disclosure quality could attract greater media atten-

tion, creating a reinforcing loop between the rationalization and pressure channels. How-

ever, the low correlations and VIFs suggest that such interactions, if present, are unlikely 

to compromise the parallel-pathway interpretation. Future research could employ struc-

tural equation modeling or serial mediation analysis to further explore these potential in-

terdependencies. 

Fifth, measurement of ESG decoupling. Our measure, based on the standardized dif-

ference between ESG disclosure and ESG performance, provides a reasonable proxy for 

greenwashing. However, a negative gap may reflect under-disclosure rather than the ab-

sence of decoupling. We interpret the magnitude of the gap rather than its sign alone, but 

future research could develop more refined measures to better distinguish between stra-

tegic under-disclosure and genuine alignment. 

Despite these limitations, the consistency of our findings across multiple identifica-

tion strategies, alternative variable specifications, and heterogeneity dimensions lends 

confidence to our main conclusions. 
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Appendix A 

Table A1. Collinearity Diagnostics for Mediating Variables of the Fraud Triangle. 

Variable Name VIF Value 

Pearson Correlation Coefficient 

(with Highly Correlated Varia-

bles) 

Collinearity Diagnostic Criteria 
Judgment of Re-

sults 

environmental un-

certainty 
1.25 

Correlation with Media_6, 

r = −0.0370 * 
VIF < 5, |r| < 0.3, No collinearity No collinearity 

media attention 1.30 
Correlation with disclosure qual-

ity, r = −0.1941 * 
VIF < 5, |r| < 0.3, No collinearity No collinearity 

disclosure quality 1.31 
Correlation with environmental 

uncertainty, r = −0.1653 * 
VIF < 5, |r| < 0.3, No collinearity No collinearity 

Note: * denote statistical significance at the 10% level. 
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