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Against the backdrop of the digital economy, artificial intelligence (AI) has 
become a critical strategic resource for firms. Beyond enhancing economic 
performance, AI has opened new pathways for addressing environmental 
externalities. Drawing on the resource-based view (RBV), this paper examines 
the economic mechanisms through which AI resources influence firms’ green 
risk management (GRM) practices. The empirical results show that AI 
attention has a negative impact on GRM, whereas AI depth and AI-driven 
innovation exert positive effects. Further analysis indicates that AI technology 
attention and software depth are the main factors driving the negative impact. 
A resource crowding-out effect exists between AI attention and green 
attention, but this effect is weakened when financing constraints are low. 
Although no crowding-out effect is observed between AI depth and green 
depth, environmental uncertainty promotes the emergence of such an effect. 
At the same time, green innovation is identified as an indispensable mediating 
variable in the process through which AI attention and AI depth influence 
GRM. Further analysis confirms that environmental subsidies and tax 
incentives, as key economic policy instruments, can complement AI resources 
and effectively promote green risk management. 
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1. Introduction 

Firm-level green risks originate from the negative environmental externalities of firms’ economic 
activities. With the tightening of environmental regulations, the strengthening of market green 
preferences, and the intensification of climate physical impacts [1], negative externalities are 
accelerating their internalization. This then transforms into a comprehensive risk that affects the 
long-term economic value of firms [2]. Research on green risk management (GRM) essentially 
explores how firms under resource constraints optimize their economic activities to address the 
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internalization of externalities. With the development of the digital economy, artificial intelligence 
(AI) is regarded as a key economic production factor driving a new round of industrial transformation 
and economic growth [3]. Some studies suggest that AI should be viewed as a strategic resource that 
can shape a sustainable competitive advantage for firms [4]. Existing research has not been lacking 
in attention to the role of AI in the public governance of the ecological environment [5,6]. However, 
there is a lack of research that reveals the economic mechanisms of AI’s role in the green risk 
management process from a microeconomic perspective. This research gap constitutes the starting 
point of this study. 

 
1.1 Research Motivation 

The research motivation stems from the theoretical and practical demands of environmental 
economics and business management. From a theoretical perspective, under the dual pressures of 
the digital economy trend and the internalization of environmental externalities, traditional 
economic management theories need to be further integrated. The resource-based view (RBV) offers 
a new economic management theoretical perspective for understanding how firms can fully utilize 
strategic digital intelligence resources to achieve sustainable development. From a practical 
perspective, for the state to use macroeconomic policy tools to promote the green transformation 
of the economy, it requires support and feedback from the microeconomic level. Moreover, under 
the constraint of limited resources, firms are prone to fall into the dilemma of investment and 
allocation decisions regarding AI resources. 

 
1.2 Practical and Methodological Objectives 

The practical objective of this research is to provide a reference for enterprise managers to 
rationally allocate AI resources, and to offer empirical support at the microeconomic level for the 
government to improve policies for green economic development. To achieve this, the research sets 
methodological goals: on the one hand, based on the RBV theory derived from economics, AI 
resources are classified into attention, depth and innovation resources from three dimensions: 
enterprise cognitive resources, basic resources and accumulated resources; on the other hand, 
examine the overall impact of AI resources on GRM and analyze the specific economic mechanisms 
in the process of influence. Such as differentiated action paths, internal economic condition 
constraints, and external economic policy shocks. This study adopts econometric methods and uses 
data from listed firms in China as samples for empirical tests at the microeconomic level. 

 Based on the above objectives, this study aims to explore the following core issues: (1) Do 
heterogeneous dimensions of AI resources (attention, depth, and innovation) exert differential 
impacts on firms’ GRM?  (2) Is there a competitive or crowding-out relationship between AI resources 
and green resources?  (3) Which internal and external economic factors, as well as economic policies, 
moderate the relationship between AI and GRM?   

 
1.3 Research Contributions 

The theoretical contribution lies in enriching the application of RBV theory in the intersection of 
digital intelligence and green transformation. The methodological contribution is to construct an 
analytical framework that includes multiple effects and mechanisms, enriching the methodological 
paradigm for studying the role of AI in environmental governance and other management fields. The 
practical and policy contribution is that the research conclusions can guide firms to make more 
precise AI investment decisions and provide targeted inspirations for the government to promote AI-
enabled green development. 



International Journal of Economic Sciences 

Volume 15, Issue 1 (2026) 303-323 

305 
 

 

1.4 Research Structure 
The framework of the following research is as follows: The second part is a literature review. It 

reviews and analyzes relevant theories and materials from the perspective of economics, and 
proposes empirical research hypotheses. The third part is the research design. It elaborates on the 
data sources, variable selection, model setting, and measurement methods. The fourth part is the 
empirical results. It reports the benchmark regression and economic mechanism test results. The fifth 
part is the research conclusion. It summarizes the research results, discusses the research 
contributions, clarifies the limitations of this study, and points out the future research directions. 
 
2. Literature Review  
2.1 Economic Research on AI and Green Development 
2.1.1 Economic Logic of AI in Empowering Macro-Level Green Development 

The core economic logic of AI promoting green development at the macro level lies in enhancing 
the resource allocation efficiency and innovation rate of the economic system. It not only creates 
space for green economic development but also drives the green transformation of the economic 
structure. First, AI can reduce risk pricing and costs in green finance, thereby mitigating financing 
constraints [7]. While AI incurs operational energy consumption, the improvements in green 
economic efficiency driven by AI can offset a portion of such energy-related costs [8]. Second, AI 
facilitates green technological innovation and industrial structure upgrading, thereby boosting green 
total factor productivity of the socio-economic system [9]. Research at the regional economic level 
has empirically verified a positive correlation between the development level of AI and the efficiency 
of low-carbon transformation in urban economic systems [10]. Finally, the big data function of AI can 
enhance the information transparency of the social economic system. It can help capital flow more 
precisely into green projects [7]. Moreover, it exhibits a spatial spillover effect among regions, which 
can drive up the green efficiency of neighboring regions [8]. At the overall social and economic level, 
it can achieve a rational allocation of green production factors. 

 
2.1.2 Economic Mechanisms of AI in Reshaping Firms’ Green Operations 

AI is becoming a key element in driving the green transformation of the enterprise economy. AI 
technology helps firms reduce the cost of green innovation and alleviate financing pressure, 
providing economic support for their green operations [11]. There are three specific microeconomic 
mechanisms. First, by elevating technological capabilities and optimizing management paradigms, AI 
can directly incentivize corporate green investment [12]. AI can also create new value growth points 
for firms by promoting green innovation [13]. Second, by enabling intelligent monitoring and 
optimization of production processes, AI enhances the green total factor productivity of firms and 
promotes the green transformation of their economic structure [14]. Third, AI enhances internal 
decision-making and reinforces external oversight. AI-powered data analytics capabilities can help 
curb the short-sightedness of enterprise management, encouraging them to make decisions that 
focus more on the long-term sustainable development of the enterprise’s economy [12]. Overall, AI 
is innovating the internal operation mechanisms of micro firms, thereby leading the entire industrial 
economy towards the goal of carbon neutrality [15]. 

 
2.1.3 Economic Connotation of GRM 

The economic essence of GRM stems from the need to internalize the negative externalities of 
firms on the environment. From an economic theory perspective, it is essentially an interwoven field 
of environmental economics and enterprise management. Its core lies in integrating environmental 
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factors into the economic management and decision-making framework of firms to achieve Pareto 
improvement in economic resource allocation. To manage the risk associated with the internalization 
of environmental negative externalities, some firms implement organizational restructuring 
strategies. Such as transferring pollution-intensive businesses to lower-level subsidiaries, or using 
limited liability forms to avoid potential environmental regulatory and litigation risks faced by the 
parent company [16]. Other firms enhance environmental performance and reduce risks through 
green innovation activities [17]. These measures indicate that GRM has transcended the traditional 
realm of environmental compliance. It has become an important part of enterprise strategic decision-
making and operational management [18]. The capital market also tends to reward firms that 
perform better in environmental risk management [19]. This further confirms the economic function 
of GRM in creating long-term value. 

 
2.2 Advancing Economic Theory: AI and GRM from a RBV Perspective 

The resource-based view represents an extension of economic theory within the domain of 
strategic management. It posits that the source of a firm’s sustained competitive advantage lies in 
the development of high-value strategic resources [20,21]. AI is becoming a key strategic resource in 
enterprise economic management with its irreplaceable value creation characteristics [22]. Most 
firms in the digital economy are paying particular attention to AI. However, according to the 
attention-based view, the cognitive resources of the management are limited. Excessive focus on a 
single field may lead to the neglect of strategic planning in other fields [23]. Especially when the 
attention of firms to AI remains in the stage of scattered exploration, it will seriously dilute the 
cognitive resources of managers [24]. Moreover, it may further occupy the energy of firms that could 
be used to formulate green strategies [25,26]. In addition, without clear green guidance and 
standards, AI investment of firms may be disconnected from long-term sustainable development 
goals [27]. The huge energy consumption generated by over-investment and inefficient deployment 
of AI may offset corporate environmental benefits and increase ecological footprint [3].  

Therefore, this study proposes Hypothesis 1 (H1): AI attention has a negative impact on the green 
risk management of firms. 

How can AI enable firms to advance their green initiatives? This needs to be analyzed in 
combination with AI depth, that is, the degree of integration of AI with the operational processes of 
the enterprise. The AI assets formed through deep integration represent foundational assets as 
defined by the RBV. These assets enable firms to take green risk management actions in intangible 
or tangible form. For example, an AI-driven automated carbon accounting system can integrate data 
from the entire supply chain, thereby accurately identifying potential areas for emission reduction 
[28]. Similarly, deep AI models can also implement predictive maintenance of equipment, thus 
reducing resource waste and accident risk [29]. Due to its high integration with organizational 
processes, AI assets are more likely to form sustainable competitive advantages [20,22]. Firms may 
face human-machine collaboration problems in the early stage of AI application [30]. Through 
comprehensive management, business process reengineering and continuous deep learning, these 
challenges will eventually become sustainable development advantages of firms [22].  

Therefore, this study proposes Hypothesis 2 (H2): AI depth has a positive impact on the green risk 
management of firms. 

After experiencing the stage of AI cognition and deep integration, can firms form cumulative AI 
resources? AI innovation is a typical example of such cumulative resources. In enterprise green risk 
management, the core value of AI innovation lies in exploring risk control schemes to cope with 
unknown environmental challenges. For example, an active AI-powered closed-loop material 
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recycling system that transcends traditional automated recycling workflows, and a generative climate 
simulation model that advances conventional climate data analytics [4,31]. These are at the forefront 
of AI innovation. AI innovation can also meet the dynamic capability needs of firms [32]. To help firms 
grasp ecological environmental problems, environmental protection policy changes and green 
technology innovation more keenly and proactively. Empirical studies also show that energy-based 
firms actively engaged in AI innovation have achieved significant emission reduction results [2].  

Therefore, this study proposes Hypothesis 3 (H3): AI innovation has a positive impact on the green 
risk management of firms. 

 
2.3 Critical Analysis and Definition of Research Gaps 

While existing materials have established a foundational basis for investigating the economic 
logics and mechanisms linking AI and green development, they exhibit three distinct limitations:  (1) 
an overemphasis on AI’s technical attributes, with insufficient in-depth analysis of its resource-based 
characteristics and evolutionary phases; (2) a technological optimism bias, where discussions of AI’s 
application barriers and high-cost challenges in ecological governance remain confined to theoretical 
and ethical domains; and (3) a narrow focus on technological application outcomes, coupled with a 
paucity of research on micro-level economic mechanisms. 

To address the identified research gap, this study conducts an empirical analysis using 
microeconomic-level data from Chinese listed firms: analyzing and quantifying AI through an 
economic lens centered on its resource attributes; testing the heterogeneous impact of AI resources 
on green risk management; unpacking the specific economic mechanisms underlying the effect of AI 
resources on green risk management. 
 
3. Methodology  
3.1 Sample and Data 

This study draws its microeconomic-level empirical sample from A-share firms listed on the 

Shanghai Stock Exchange (SSE) and Shenzhen Stock Exchange (SZSE) over the period 2010–2023. The 
research data are compiled from multiple databases and platforms, then matched and integrated 
using stock codes and listing years to construct the required panel dataset. Data on corporate annual 
reports, social responsibility report texts, and patent application and authorization records were 
retrieved from the China Research Data Service Platform (CNRDS) [33]. Information on corporate 
governance structures and financial structures was obtained from the China Stock Market and 
Accounting Research Database  (CSMAR) [34]. Macro-level data on regional economic conditions and 
policy systems were sourced from the China Statistical Yearbook [35]. To mitigate the confounding 
effects of severe data scarcity or outliers, this study implemented the following data screening and 
processing procedures: excluded samples of firms in ST or *ST status during the observation year; 
removed samples with missing values for key variables;  applied 1% Winsorization to all research 
variables. A final valid sample of 29,285 firm-year observations was obtained. 
 
3.2 Variables and Model 
3.2.1 Dependent Variable 

Referring to the ISO 31000 risk management standard in modern risk management theory [36], 
this study constructs a multi-index comprehensive index measurement model of GRM. The selection 
criteria for each dimension are operationalized as follows: (1) Risk identification: assesses firms’ 
perceived external ecological pressures and internal cognitive awareness of environmental risks; (2) 
Risk assessment: objectively measures the extent of firms’ active disclosure on the negative 
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ecological impacts of their operational activities; (3) Management measures: focuses on examining 
firms’ concrete resource inputs and emission reduction initiatives implemented to mitigate 
environmental risks; (4) Risk prevention: evaluates whether firms have integrated ecological risk 
management into their organizational structure and institutional framework; (5) Management 
effectiveness: quantifies the efficacy of risk management practices using indicators such as accident-
related incentives and penalties. 

These dimensions are further measured by 32 sub-indices. The detailed index evaluation basis 
can be seen in Table 1.  

 
Table 1 
Corporate green risk management evaluation system 

Primary 
Indicator 

Secondary Indicators Basis for Indicator Measurement 

Risk 
Identification 

Key Polluting Entities Under Supervision 1 if nationally key monitored; otherwise 0 

Environmental Disclosure in Annual Reports 
1 if disclosed; otherwise 0 

Environmental Disclosure in CSR Reports 

Standalone Environmental Report 1 if published; otherwise 0 

Green Investors 1 if present; otherwise 0 

 CEO’s Environmental Experience 1 if CEO has experience; otherwise 0 

Risk  

Assessment 

Wastewater Discharge Volume 

1 if disclosed; otherwise 0 

COD Emission Volume 

SO₂ Emission Volume 

CO₂ Emission Volume 

Soot and Dust Emission Volume 

Industrial Solid Waste Generation 

Management  

Measures 

Waste Gas Emission Reduction Management 

1 if disclosed; otherwise 0 

Wastewater Emission Reduction Management 

Dust and Soot Control 

Solid Waste Utilization and Disposal 

Noise, Light Pollution, and Radiation Control 

 Cleaner Production Implementation 

Risk  

Prevention 

Environmental Protection Philosophy 
(philosophy/structure/models) 

1 if disclosed; otherwise 0 

Environmental Protection Goals (status/future 
goals) 

Environmental Management System 
(systems/regulations) 

Environmental Education and Training 

Special Environmental Campaigns (public 
welfare) 

Special Environmental Campaigns 
(emergency/treatment) 

Three Simultaneities System (implementation) 

Management 

Effectiveness 

Green Agency Problem 
1 if environmental governance costs are not charged 
to the operational budget; otherwise 0 

 Pollutant Emissions 1 if meet national standards; otherwise 0 

Sudden Environmental Accidents 
1 if none occurred; otherwise 0 

Environmental Violations 

Environmental Complaints 1 if none filed; otherwise 0 

ISO 14001 Certification  1 if certified; otherwise 0 

Environmental Honors/Awards 1 if received; otherwise 0 
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The weights of these indices are objectively determined using the Entropy-CRITIC method. The 
entropy method determines the weight of each index based on the degree of dispersion (information 
entropy) of the observed values of each index. The greater the dispersion, the greater the weight. 
The CRITIC method determines the weight of each index based on the difference (standard deviation) 
and correlation (correlation coefficient) between the indices. The greater the difference and the 
smaller the correlation, the greater the weight. The Entropy-CRITIC method combines the 
characteristics of both and is more robust than using a single objective weighting method [37]. To 
eliminate the influence of dimensions, this study has dimensionless processed all sub-indices before 
measurement 
 
3.2.2 Independent Variables 

From the perspective of the three attributes of cognitive, fundamental and accumulative nature 
of resources, the enterprise AI resources in this study specifically refer to three indicators: AI 
attention (Ai_A), which is measured by the frequency of AI-related words in the enterprise’s 
information disclosure [38]; AI depth (Ai_D), which is measured by the AI-related capital intensity per 
employee [39]; and AI innovation (Ai_I), quantified through binary processing of patent holdings [38].  

Further, to isolate the effects of other firm-internal economic factors on GRM, this paper 
incorporates a suite of control variables across four dimensions: firm resource endowment, financial 
structure, governance structure, and investment activities. Detailed variable definitions are 
presented in Table 2. 

 
Table 2 
Variable definitions 

 Type Name Symbol Connotation 

Dependent 
Variable 

Green Risk 
Management  

GRM 
Constructed through an indicator system; comprehensive value 
calculated using entropy-CRITIC weight method 

Independent 
Variables 

AI Attention Ai_A 
Natural logarithm of (1 + count of AI-related keywords in corporate 
annual reports) 

AI Depth Ai_D Book Value of AI-Related Assets / Number of Employees 

AI Innovation Ai_I 
Assigned “1” if the enterprise holds AI-related patent applications; 
otherwise “0” 

Control 
Variables 

Firm Age Age Natural logarithm of firm’s years since establishment 

Firm Size Size Natural logarithm of total number of employees 

Return on Equity Roe Net Profit / Average Owners’ Equity 

Capital Structure Lev Total Liabilities at Year-End / Total Assets at Year-End 

Revenue Growth Growth (Current year operating revenue / Previous year operating revenue) - 1 

Cash Flow Cash Cash and Cash Equivalents at Period-End / Current Liabilities 

Board Size Board Natural logarithm of number of board members 

Investment 
Intensity 

Invest Net Cash Flow from Investing Activities / Total Assets at Period-Begin 

 
The descriptive statistics in Table 3 show that there are significant differences in the dispersion 

of each variable. Notably, among all the variables, the standard deviation of Ai_A is the largest 
(1.256), indicating that there are significant differences in the attention paid to AI among different 
firms. 
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Table 3 
Descriptive statistics 

Variable Sample Size Mean Standard Deviation Min Max 

GRM 29285 0.260 0.201 0.030 0.807 

Ai_A 29285 0.990 1.256 0.000 4.644 

Ai_D 29285 0.011 0.020 0.000 0.134 

Ai_I 29285 0.182 0.386 0.000 1.000 

Age 29285 2.959 0.316 1.946 3.555 

Size 29285 7.811 1.193 5.273 11.208 

Roe 29198 0.056 0.140 -0.694 0.363 

Lev 29285 0.431 0.201 0.063 0.913 

Growth 29285 0.155 0.371 -0.514 2.217 

Cash 29285 0.736 1.062 0.024 6.840 

Board 29227 2.116 0.197 1.609 2.639 

Invest 29284 0.142 0.164 -0.137 0.868 

 
3.2.3 Model 

To examine the impact of AI on GRM, this study established the following regression estimation 
model: 

GRMi, t = α0 + α1Aii, t + α2∑Controlsi, t +  λ
t
 + δ

j
+ εi, t     (1) 

Where i represents the company and t represents the year; μi is the firm fixed effect; λt is the 

year fixed effect; εi, t is the random error term; ∑Controlsi, t represents all control variables.  
This study adheres to methodological rigor but is not without limitations. First, the measurement 

of the GRM relies primarily on firms’ public disclosures. This may overlook the “greenwashing” 
behavior of firms that conceal pollution facts for compliance purposes. Research on such 
greenwashing behavior can provide supplementary insights [40]. Second, while the model 
incorporates control variables for firms’ economic attributes and year fixed effects, the omission of 
unobserved confounding factors may still introduce estimation bias. This necessitates robustness 
checks and endogeneity mitigation during empirical testing. Third, the sample is restricted to Chinese 
A-share listed firms, meaning empirical findings may lack direct generalizability to non-listed firms or 
alternative institutional contexts. Future research could extend the sample to include non-listed firms 
or conduct cross-country comparative analyses to address this limitation.  

 
4. Results  
4.1 Overall Relationship Test  

Table 4 presents the overall empirical test results based on the regression model. The test results 
of benchmark regression (1) show that, regardless of whether the influence of control variables is 
considered or not, AI attention (Ai_A) has a significantly negative impact on the GRM of firms, 
verifying Hypothesis H1. The test results of benchmark regression (2) show that, regardless of 
whether the influence of control variables is considered or not, AI depth (Ai_D) has a significantly 
positive impact on the GRM of firms, verifying Hypothesis H2. Similarly, the test results of benchmark 
regression (3) show that, regardless of whether the influence of control variables is considered or 
not, AI innovation (Ai_I) has a significantly positive impact on the GRM of firms, verifying Hypothesis 
H3. 
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Table 4 
Overall relationship test results 

Variable 
Benchmark Regression (1) Benchmark Regression (2) Benchmark Regression (3) 

GRM GRM GRM 

Ai_A 
***40.00- 

(-3.526) 

***0.008- 

(-7.890) 
    

Ai_D   
**0.112 

(2.068) 

***50.25 

(4.822) 
  

Ai_I     
***0.014 

(6.186) 

***0.009 

(4.193) 

Age  
0.002 

(0.380) 
 

0.005 

(0.807) 
 

0.005 

(0.777) 

Size  
***0.052 

(39.168) 
 

***0.0516 

(38.779) 
 

***10.05 

(38.234) 

Roe  
***0.0564 

(9.271) 
 

***0.057 

(9.413) 
 

***0.056 

(9.226) 

Lev  
-0.011 

(-1.488) 
 

-0.009 

(-1.283) 
 

-0.010 

(-1.355) 

Growth  
***0.006- 

(-3.183) 
 

***0.006- 

(-3.124) 
 

***0.006- 

(-3.093) 

Cash  
***0.0043 

(4.288) 
 

***0.004 

(4.444) 
 

***0.004 

(4.430) 

Board  
***30.02 

(3.910) 
 

***0.0216 

(3.741) 
 

***0.022 

(3.824) 

Invest  
**0.012 

(2.266) 
 

**0.011 

(2.141) 
 

**0.011 

(2.221) 

Year/ 

Industry 
YES YES YES YES YES YES 

Sample Size 29285 29139 29285 29139 29285 29139 
2R 0.218 0.381 0.216 0.377 0.220 0.376 

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively; t-statistics are reported in parentheses. 

 
4.2 Robustness Tests and Endogeneity Mitigation 
4.2.1 Robustness Tests 

Considering the potential time lag in the effect of AI resources, this study set a one-year lag for 
the AI variables, forming the variables L.Ai_A, L.Ai_D, and L.Ai_I. Moreover, to account for the impact 
of variable calculation methods on empirical results, this study adjusted the calculation method of 
the GRM variable to sum the indicator values and take the logarithm.  

As shown in Table 5, the coefficient signs and significance of the variables are consistent with the 
benchmark estimation results in Table 4. This indicates that the baseline estimation results remain 
valid, thereby strengthening confidence in the validity of the empirical results. 

 
Table 5 
Robustness test results 

Variable 
Replace the Dependent Variable Lag the Independent Variable  

GRM GRM 

Ai_A 
***80.00- 

(-7.777) 
     

Ai_D  
***0.231 

(4.672) 
    

Ai_I   
***90.00 

(4.185) 
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Table 5 
Continued 

Variable 
Replace the Dependent Variable Lag the Independent Variable  

GRM GRM 

L.Ai_A    
***0.008- 

(-7.107) 
  

L.Ai_D     
**10.12 

(2.010) 
 

L.Ai_I      
***100.0 

(3.992) 

Control Variables YES YES YES YES YES YES 

Year/ 

Industry 
YES YES YES YES YES YES 

Sample Size 29139 29139 29139 23907 23907 23907 
2R 0.377 0.374 0.374 0.387 0.383 0.383 

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively; t-statistics are reported in parentheses. 

 
4.2.2 Endogeneity Mitigation 

There may be a bidirectional causal relationship between the application of AI at the enterprise 
level and the effect of GRM, which could lead to endogeneity problems. This study uses the 
instrumental variable method to obtain the net effect of AI resources on GRM. This study adopts the 
density of AI firms in the city where the enterprise is located (Ai_e) and the external evaluation of 
the quality of enterprise information disclosure (Qid) as instrumental variables. These two variables 
capture the external industrial economic environment faced by firms and the internal quality of firms’ 
economic management, respectively.   

Table 6 shows that since the instrumental variables Ai_e and Qid significantly strengthened the 
enterprise’s AI-driven factors in the first-stage regression (correlation test), they meet the correlation 
criteria. The p-values of the Anderson LM statistic and the Cragg-Donald Wald F statistic for testing 
the correlation of instrumental variables both reject the null hypothesis (p < 0.01), indicating that the 
instrumental variables are significantly correlated with the endogenous variables and have passed 
the correlation test. Moreover, the Sargan statistic of the over-identification test is significantly 
greater than the 10% critical value of Stock-Yogo (the critical value standard for judging weak 
instrumental variables), proving the validity of the instrumental variables. The results of the second-
stage regression (causal effect estimation) further indicate that after adjusting for endogeneity, the 
coefficients of Ai_A, Ai_D, and Ai_I still show significant negative, positive, and positive values, 
respectively, consistent with the regression results in Table 4. 

 
Table 6 
Instrumental variable test results 

Variable 
First Stage Second Stage 

Ai_A Ai_D Ai_I GRM 

Ai_A    
***0.066- 

(-8.886) 
  

Ai_D     
**61.61 

(2.176) 
 

Ai_I      
**60.07 

(2.228) 

Ai_e 
***0.000 

(20.86) 

***0.000 

(7.14) 

***0.000 

(8.71) 
   

Qid 
***0.034 

(2.80) 

***0.002 

(7.11) 

***0.037 

(8.72) 
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Table 6 
Continued 

Variable 
First Stage Second Stage 

Ai_A Ai_D Ai_I GRM 

Anderson LM 
444.953 

[0.000] 

108.920 

[0.000] 

162.478 

[0.000] 
   

Cragg-Donald 
Wald F 

226.651 54.621 81.681    

Stock-Yogo  
(10%) 

19.93 19.93 19.93    

Sargan 
260.610 

[0.000] 

365.796 

[0.000] 

369.335 

[0.000] 
   

Control 
Variables 

YES YES YES YES YES YES 

Year/Industry YES YES YES YES YES YES 

Sample Size 21276 21276 21276 21276 21276 21276 
2R 0.372 0.117 0.216 0.351 0.406 0.412 

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively; t-statistics are reported in parentheses. 

 
4.3 Economic Mechanisms of GRM Affected by AI Attention Resources and Deep Resources 
4.3.1 Resource Segmentation 

 Based on the different directions of strategic attention of firms, the resources of attention to AI 
can be divided into two dimensions: technical attention (Ai_At) and application attention (Ai_Aa). 
The technical attention to AI is measured by the frequency of core technology-related keywords of 
AI (such as machine learning, algorithm, etc.) in the annual reports of firms; the application attention 
is measured by the frequency of keywords related to the application scenarios of AI (such as 
intelligent manufacturing, intelligent customer service, etc.) [41]. And based on the different forms 
of capital investment, the depth of AI resources can be divided into two dimensions: software depth 
(Ai_Ds) and hardware depth (Ai_Dh). The software depth of AI is measured by the book value of 
intangible assets related to AI (such as software, patents, etc.) in the financial statements; the 
hardware depth is measured by the book value of fixed assets related to AI (such as equipment, 
servers, etc.) [42]. 

The empirical test results after the detailed classification of AI attention and depth resources are 
shown in Table 7. In terms of AI attention resources, Ai_At has a greater negative impact on 
enterprise GRM; while Ai_Aa shows a positive influence. As for AI depth resources, the relationship 
between Ai_Ds and GRM does not reach a significant level, but Ai_Dh presents a significant positive 
effect. 

 
Table 7 
Empirical results from subdividing AI attention and depth resources 

Variable 
Subdivision of AI Attention Resources Subdivision of AI Depth Resources 

GRM GRM 

Ai_At ***10.00- 

(-8.715) 

   

Ai_Aa  *00.00 

(1.838) 

  

Ai_Ds   0.027 

(0.281) 

 

Ai_Dh    ***0.634 

(7.119) 

Control Variables YES YES YES YES 
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Table 7 
Continued 

Variable 
Subdivision of AI Attention Resources Subdivision of AI Depth Resources 

GRM GRM 

Year/Industry YES YES YES YES 

Sample Size 29139 29139 29139 29139 
2R 0.377 0.375 0.376 0.377 

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively; t-statistics are reported in parentheses. 

 
4.3.2 Crowding-Out Effect 

The coefficient of the interaction term can be used to explain the crowding-out or competitive 
relationship between variables. In this relationship, when one variable increases, it reduces the 
marginal effect of another variable on the dependent variable, which precisely conforms to the basic 
characteristics of resource allocation constraints. The enterprise’s green attention (Green_A) is 
quantified using a similar method to that of AI attention, that is, by calculating the natural logarithm 
of the frequency of green-related keywords in the annual report [43,44]. The green depth (Green_D) 
is measured by the ratio of environmental investment to assets [45, 46]. 

The regression results in Table 8 show that the interaction term between AI attention and green 

attention (Ai_A×Green_A) presents a significant negative correlation, indicating that there is a 
crowding-out effect between AI attention and green attention. This crowding-out effect is 
particularly evident in the interaction term between AI technology attention and green attention 

(Ai_At×Green_A). In contrast, the interaction term between AI application attention and green 

attention (Ai_Aa×Green_A) shows a significant positive correlation, suggesting a synergy between 
AI application attention and green attention. 

 The interaction term between the depth of AI and the green depth (Ai_D×Green_D) is not 
significant, indicating that there is neither a crowding-out effect nor a synergy between the depth of 
AI and the green depth. Similarly, the interaction term between the hardware depth of AI and the 

green depth (Ai_Dh×Green_D) does not exhibit either of these two relationships. However, the 

interaction term between the software depth of AI and the green depth (Ai_Ds×Green_D) shows a 
significant negative correlation, suggesting that there is a crowding-out effect between the software 
depth of AI and the green depth. 
 
Table 8 
Resource crowding-out effect test results 

Variable 
Attention Resource Crowding-out Attention Resource Crowding-out 

GRM GRM 

Green_A ***0.040 

(31.804) 

***0.040 

(31.797) 

***0.040 

(31.737) 

   

Ai_A ***0.009- 

(-9.105) 

     

Ai_A×Green_A ***0.002- 

(-2.735) 

     

Ai_At  ***10.00- 

(-9.784) 

    

Ai_At×Green_A  ***10.00- 

(-5.287) 

    

Ai_Aa   0.000 

(0.380) 

   

Ai_Aa×Green_A   **0.000 

(2.129) 
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Table 8 
Continued 

Variable 
Attention Resource Crowding-out Attention Resource Crowding-out 

GRM GRM 

Green_D    ***0.004 

(25.479) 

***0.004 

(24.745) 

***0.004 

(25.437) 

Ai_D    ***40.24 

(4.675) 

  

Ai_D×Green_D    -0.012 

(-1.307) 

  

Ai_Ds     -0.014 

(-0.151) 

 

Ai_Ds×Green_D     ***0.082- 

(-3.769) 

 

Ai_Dh      ***10.60 

(6.837) 

Ai_Dh×Green_D      0.004 

(0.357) 

Control Variables YES YES YES YES YES YES 

Year/Industry YES YES YES YES YES YES 

Sample Size 29139 29139 29139 29139 29139 29139 
2R 0.422 0.420 0.418 0.405 0.404 0.405 

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively; t-statistics are reported in parentheses. 

 
4.3.3 Resource Allocation Reference Points 

Considering that financing constraints and environmental uncertainty may affect the resource 
allocation decisions of firms, this study examines whether these two factors are reference points for 
the allocation of AI resources and green resources. The financing constraint indicator is measured by 
the SA index, which is used to measure the cost difference between internal and external financing 
sources. Environmental uncertainty is quantified through the volatility of enterprise operating 
performance [47]. 

Table 9 presents the allocation patterns of AI and green resources under different situational 
dimensions. When financial constraints are relatively small, firms face less financial pressure and can 
maintain both AI and green concerns simultaneously. Therefore, no crowding-out effect is observed 

between the attention to AI and green concerns (Green_A×Ai_A is not significant). However, when 
financial pressure is high, there is a conflict in resource allocation, and a crowding-out effect emerges 

between the attention to AI and green concerns (Green_A× Ai_A is significantly negative). 
Additionally, in a stable environmental state for firms, they can steadily and deeply advance both AI 
and green investments simultaneously. Thus, no crowding-out effect is found between the depth of 

AI and green investments (Green_D×Ai_D is not significant). Conversely, in a situation with high 
environmental uncertainty, firms tend to adopt conservative strategies and find it difficult to increase 
investments in both AI and green management simultaneously, resulting in a crowding-out effect 

between the two (Green_D×Ai_D is significantly negative). 
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Table 9 
Regression results under financing constraints and environmental uncertainty 

Variable 

Low Financing 
Constraints 

High Financing 
Constraints 

Strong Environmental 
Uncertainty 

Weak Environmental 
Uncertainty 

GRM GRM GRM GRM 

Green_A ***10.04 

(23.141) 

***0.038 

(20.686) 

  

Ai_A ***0.007- 

(-5.348) 

***0.009- 

(-5.994) 

  

Green_A×Ai_A -0.001 

(-0.955) 

***0.003- 

(-2.692) 

  

Green_D   ***0.005 

(14.776) 

***0.004 

(21.393) 

Ai_D   ***0.262 

(3.293) 

***40.28 

(4.123) 

Green_D×Ai_D   ***0.047- 

(-2.636) 

-0.003 

(-0.315) 

Control Variables YES YES YES YES 

Year/Industry YES YES YES YES 

Sample Size 14566 14573 9714 19425 
2R 0.478 0.376 0.391 0.417 

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively; t-statistics are reported in parentheses. 

 
4.4 Economic Mechanisms of GRM Affected by AI Innovation Resources 
4.4.1 Mediation effect  

Table 10 presents the results of the mediation effect test using the Bootstrap method (to examine 
whether green innovation is a mediating variable for the improvement of GRM level by AI 
innovation). Green innovation (Green_I) is measured by the situation of green patent applications, 
where 1 indicates the existence of green patent applications and 0 indicates the absence of green 
patent applications. The coefficient of the direct path in this mediation effect is significantly positive, 
while the coefficient of the indirect path is significantly negative, indicating that AI innovation has a 
direct enhancing effect on GRM, but it also has an indirect inhibitory effect due to the occupation of 
resources needed for green innovation. The two effects offset each other, resulting in the positive 
impact of AI innovation on GRM being partially weakened. 

 
Table 10 
Path creation effects of AI innovation 

Effect coef z BootLLCI BootULCI 

Indirect Effect -0.003 -3.74 -0.005 -0.002 

Direct Effect 0.040 15.34 0.035 0.045 

Note: BootLLCI denotes the lower bound of the bootstrap confidence interval, while BootULCI denotes the upper bound 
of the bootstrap confidence interval. 

 
4.4.2 Chain-Mediated Effect  

Table 11 reports the results of the chain mediation effect test, illustrating the sequential 
mediating role of AI innovation and green innovation in the pathway through which AI attention and 
AI depth influence the GRM. Path 1 of the chain mediation framework reveals that while the direct 
effect of AI attention on green innovation management is significantly negative (coefficient < 0; 95% 
confidence interval [CI] excludes 0), two statistically significant indirect facilitation paths exist 
(coefficients of Mediation Paths 1 and 2 > 0; 95% CIs exclude 0). The first path operates through 
stimulating AI innovation to enhance green innovation management levels. The second path 
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functions via AI innovation further driving green innovation, which in turn elevates green innovation 
management levels. 

Path 2 of the chain mediation framework indicates that the direct effect of AI depth on GRM is 
statistically significant and positive (coefficient > 0; 95% CI excludes 0). However, AI depth does not 
enhance GRM via AI innovation (the coefficient of mediation effect 1 > 0; 95% CI includes 0). Instead, 
significant reinforcement of GRM is contingent on the further integration of AI depth resources into 
firms’ green innovation practices (the coefficient of mediation effect 2 > 0; 95% CI excludes 0).  

 
Table 11 
Serial mediation path test results 

Effect 
Path Test 1 Path Test 2 

Coefficient P BC Coefficient P BC 

Direct Effect -0.014 [-0.016,  

-0.013] 

[-0.016, 

-0.013] 

0.232 [0.154, 

0.366] 

[0.154, 

0.366] 

Mediation 
Effect 1 

0.001 [0.000, 

0.001] 

[0.000, 

0.001] 

0.003 [-0.002, 

0.009] 

[-0.001, 

0.009] 

Mediation 
Effect 2 

0.002 [0.001, 

0.002] 

[0.001, 

0.002] 

0.044 [0.029, 

0.053] 

[0.039, 

0.053] 

Total Effect -0.012 [-0.013, 

-0.010] 

[-0.013, 

-0.010] 

0.279 [-0.203, 

-0.404] 

[-0.216, 

-0.404] 

Note: P denotes the percentile confidence interval, while BC represents the bias-corrected confidence interval. 

 
4.5 Economic Policy Shocks from Environmental Tax Reform and Subsidies 
4.5.1 Environmental Tax Reform 

In 2018, the promulgation of the Environmental Protection Tax Law in China marked a new stage 
in China’s tax system reform [48]. In this study, the environmental tax reform is used as the economic 
policy variable (Tax), and the interaction term is formed with the artificial intelligence resource 
variable to analyze the impact of policy shocks [49]. 

As shown in Table 12, the environmental tax system reform policy can amplify the positive impact 

of firms’ attention to AI at the application level on the level of GRM (the coefficient of Tax×Ai_Aa is 
significantly positive). Similarly, the environmental tax system reform policy can amplify the positive 

impact of the depth of AI in hardware on the level of GRM (the coefficient of Tax×Ai_Dh is 
significantly positive). Additionally, the environmental tax system reform policy can also amplify the 

positive impact of AI innovation on the improvement of the level of GRM (the coefficient of Tax×
Ai_I is significantly positive). 

 
Table 12 
AI-driven effects under environmental tax policy shocks 

Variable 

Synergistic Interplay of AI 
Attention 

Synergistic Interplay of AI 
Depth 

Synergistic Interplay of AI 
Innovation 

GRM GRM GRM 

Tax×Ai_A 0.001 

(0.191) 

      

Tax×Ai_At  -0.001 

(-1.528) 

     

Tax×Ai_Aa   ***070.0 

(3.418) 

    

Tax×Ai_D    0.081 

(1.120) 
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Table 12 
AI-driven effects under environmental tax policy shocks 

Variable 

Synergistic Interplay of AI 
Attention 

Synergistic Interplay of AI 
Depth 

Synergistic Interplay of AI 
Innovation 

GRM GRM GRM 

Tax×Ai_Ds     -0.031 

(-0.233) 

  

Tax×Ai_Dh      **0.308 

(2.326) 

 

Tax×Ai_I       ***10.01 

(2.811) 

Control 
Variables 

YES YES YES YES YES YES YES 

Year/Industry YES YES YES YES YES YES YES 

Sample Size 29139 29139 29139 29139 29139 29139 29139 
2R 0.376 0.376 0.375 0.376 0.376 0.376 0.376 

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively; t-statistics are reported in parentheses. 

 
4.5.2 Environmental Subsidies 

As a financial incentive mechanism in China’s economic system, environmental subsidy policy 
aims to encourage firms to take environmental protection measures [50]. In this study, the 
government environmental subsidy is used as an economic policy variable (Subsidy), and the amount 
of government environmental financial support received by firms in a fiscal year is used as a measure. 

As shown in Table 13, environmental subsidy policies can amplify the positive impact of firms’ 

attention to AI at the application level on the level of GRM (the coefficient of Subsidy×AI_Aa is 
significantly positive). Similarly, environmental subsidy policies amplify the positive impact of the 
depth of AI application, especially hardware depth, on the level of GRM (the coefficients of  Subsidy

×AI_D and Subsidy×AI_Dh are significantly positive, and the coefficient of Subsidy×AI_Dh is 
larger). Environmental subsidy policies also amplify the positive impact of AI innovation on the 

improvement of GRM level (the coefficient of Subsidy×AI_I is significantly positive). 
 

Table 13 
AI-driven effects under environmental subsidy policy shocks 

Variable 
 

Synergistic Interplay of AI 
Attention 

Synergistic Interplay of AI 
Depth 

Synergistic Interplay of AI 
Innovation 

GRM GRM GRM 

Subsidy×Ai_A 0.002 

(1.270) 

      

Subsidy×Ai_At  -0.000 

(-
1.620) 

     

Subsidy×Ai_Aa   ***10.00 

(3.086) 

    

Subsidy×Ai_D    ***40.24 

(3.101) 

   

Subsidy×Ai_Ds     0.068 

(0.369) 

  

Subsidy×Ai_Dh      ***0.399 

(3.394) 

 

Subsidy×Ai_I       ***0.012 

(3.130) 
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Table 13 
AI-driven effects under environmental subsidy policy shocks 

Variable 
 

Synergistic Interplay of AI 
Attention 

Synergistic Interplay of AI 
Depth 

Synergistic Interplay of AI 
Innovation 

GRM GRM GRM 

Control Variables YES YES YES YES YES YES YES 

Year/Industry YES YES YES YES YES YES YES 

Sample Size 28353 29139 29139 29139 29139 29139 29139 
2R 0.376 0.376 0.376 0.377 0.376 0.377 0.377 

Note: *, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively; t-statistics are reported in parentheses. 

 
5. Conclusions 

This study is based on the RBV theory, a development in the field of business economic 
management derived from economic theory. It explores the impact of AI resources on corporate 
green risk management and its internal economic mechanism. This research not only enriches the 
economic management theory under the background of green development and digital economy, 
but also deepens the practical verification of the impact of artificial intelligence on green 
development at the microeconomic level. 

The empirical results confirm that different dimensions of AI resources have differentiated 
impacts on firms’ GRM: AI attention (cognitive resources) has a negative impact on GRM, while AI 
depth (basic resources) and AI innovation (accumulated resources) show positive effects. In addition, 
Chinese firms can directly improve GRM only by focusing on AI application and deepening hardware 
investment.  

Economic mechanism analysis shows that at the cognitive resource level, AI crowds out green 
resources, thereby suppressing GRM. However, it can have a positive impact on GRM through the 
chain mediating path of AI innovation and green innovation. At the basic resource level, AI has no 
obvious effect on green resources and the crowding-out effect. Its promoting effect on GRM also 
depends on the mediating effect of green innovation. This reveals that the realization of the green 
value of AI resources lies in whether it can effectively guide green innovation. In addition, 
environmental tax system reform and subsidies at the economic policy level can both enhance the 
positive impacts of AI application attention, AI hardware deployment depth, and AI-driven innovation 
on firms’ GRM. This verifies the effectiveness of China's macroeconomic green development policies. 

The above research findings have five major contributions: (1) By classifying enterprise AI 
resources based on their attributes, this study advances research on the conceptualization and 

measurement of AI [51]; (2) It supports the critical research on “technological determinism” [52], 
confirming that the promoting effect of AI on green development does not only depend on its 
technical attributes; (3) It highlights the importance of resource specificity, indicating that only AI 
resources that form dedicated fixed assets can sustainably enhance green performance [53,54]; (4) 
It identifies the resource crowding-out dilemma that firms may face when managing digital 
technologies under resource constraints [55], and validates the academically consensus conclusion 
that green innovation is the core driver for firms to achieve environmental objectives [56]; (5) It 
demonstrates the effectiveness of economic policy tools such as environmental taxes and subsidies. 

Several limitations exist in this study, which point out directions for future research. Although the 
endogeneity problem in the empirical test has been mitigated, the greenwashing behavior of firms 
may still lead to data bias. In addition, the research sample focuses on Chinese listed firms, which 
limits the generalizability of the research results in different institutional and economic 
environments. The analysis time span is from 2010 to 2023, failing to cover the latest developments 
of generative AI such as ChatGPT. Future research should explore more precise performance 
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evaluation index systems related to green risks and can expand the research scope to non-listed firms 
or different countries and regions. 

This study not only provides a reference for firms to allocate artificial intelligence resources to 
achieve green transformation, but also offers microeconomic evidence for the government to build 
an economic policy system that promotes the synergy between AI and the green economy. For firms, 
it is necessary to recognize that different types of AI resources have differentiated economic 
mechanisms in GRM. They should avoid remaining at the technical level and increase substantive 
investment in the application scenarios of AI. Moreover, they should actively establish a collaborative 
transformation mechanism between AI innovation and green innovation. At the policy level, 
government departments should design more targeted environmental regulations and economic 
incentive policies when promoting the digitalization and greening of the economic system. They 
should guide the flow of AI resources towards investment and innovation activities with clear 
environmental benefits. 
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