
 

International Journal of Economic Sciences, Volume 15, Issue 1 (2026) 85-113 

 

85 
 

 

 

International Journal of Economic 

Sciences 

 

Journal homepage: www.ijes-journal.org    
eISSN: 1804-9796 

 

Artificial Intelligence Applications and Corporate Sustainable 
Development: An Economic and Environmental Performance 
Perspective 

 

 Huixin Sun1,*, Rongchun Zhu2 

  
1 School of Economics and Management, Xinjiang University, Urumqi, Xinjiang, China 
2 School of Economics, Xinjiang University of Finance and Economics, Urumqi, Xinjiang, China 
  

ARTICLE INFO ABSTRACT 

Article history: 
Received 15 July 2025 
Received in revised form 30 September 2025 
Accepted 24 October 2025 
Available online 29 October 2025 

Against the backdrop of rapid advancements in intelligent technologies and 
the convergence of China's "dual carbon" strategic goals, how enterprises 
leverage artificial intelligence to enhance economic and environmental 
benefits while achieving sustainable development has emerged as a critical 
research question. This study adopts a dual-perspective approach, examining 
both financial and environmental performance within the framework of 
sustainable development. Based on a sample of Chinese A-share listed 
companies from 2013 to 2023, this study employs a multi-period Difference-
in-Differences model to empirically examine the impact of applications of 
artificial intelligence on corporate sustainable development performance, as 
well as the underlying mechanisms. The findings reveal: (1) Applications of 
artificial intelligence enhance both the financial and environmental 
performance of corporations, thereby improving their overall sustainable 
development performance. The conclusion has passed a series of robustness 
tests, including heterogeneity tests and double machine learning. (2) 
Mechanism analysis reveals that artificial intelligence influences corporate 
sustainable development performance through green innovation effects, 
efficiency enhancement effects, and information acquisition effects. The 
Porter Hypothesis, the Resource-Based View, and the Information Asymmetry 
Theory, among other theories, have been verified. (3) The promotional effect 
of artificial intelligence applications on sustainable development 
performance exhibits heterogeneity. Specifically, the promotional effect is 
more pronounced in non-heavily polluting enterprises, high-tech enterprises, 
and enterprises with senior executives possessing environmental protection 
backgrounds. (4) When enterprises are engaged in intense market 
competition, the positive relationship between artificial intelligence adoption 
and sustainability performance strengthens. Our findings offer valuable 
insights for managers and policymakers aiming to leverage AI for achieving 
sustainable growth. 
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1. Introduction 
1.1 Research Background 

Global climate change and sustainable development have become the most pressing challenges 
of our era. As the primary agents of economic activity, enterprises see their development models not 
only shape their long-term competitiveness but also exert a profound influence on socio-economic 
prosperity, environmental preservation, and social well-being [1-2]. Sustainable development 
requires enterprises to balance environmental protection with economic interests, achieving 
coordinated advancement of economic and ecological benefits [3]. China has proposed the "dual 
carbon" targets in 2020. Subsequent policies such as the Corporate Sustainability Disclosure 

Guidelines—Basic Principles (Trial) and the Guidelines for Sustainable Development Reporting of Listed 
Companies (Trial) have been introduced, imposing demands on corporate sustainability. However, 
traditional corporate development models often come at the expense of environmental and social 
resources, falling short of sustainability requirements. Enterprises urgently need to explore new 
development pathways and technological approaches to achieve transformation and upgrading [4].  

In March 2024, the United Nations General Assembly adopted the global resolution "Seizing the 
opportunities of safe, secure and trustworthy artificial intelligence systems for sustainable 
development" for the first time. Against this backdrop, artificial intelligence (AI) technology, which 
serves as the core driver of the Fourth Industrial Revolution, is affecting corporate production 
methods, management models, and innovation pathways at an unprecedented rate [5-6]. According 
to calculations by the China Academy of Information and Communications Technology, the scale of 
China's AI industry has reached 900 billion yuan, representing a growth rate of 24%. The number of 
AI enterprises now exceeds 5,300, accounting for approximately 15% of the global total. These data 
indicate that the deep integration of AI and the real economy has become a significant driving force 
behind China's economic development. From the micro perspective of enterprises, can the 
application of AI technology enable the harmonious coexistence of enterprises’ economic 
development and environmental protection? And what are the underlying mechanisms? To address 
these questions, existing academic research has mainly concentrated on the effect of AI technology 
application on either enterprises’ economic expansion or their environmental contamination. 
Nevertheless, financial performance and environmental performance are two indispensable 
components of corporate sustainable development, so focusing on only one of them lacks a holistic 
perspective. Meanwhile, the failure to reveal the synergistic or restrictive relationship between the 
two may lead to a dilemma in corporate practice where enterprises focus on one aspect at the 
expense of the other. Based on this, this study incorporates both corporate financial performance 
and environmental performance, selects Chinese enterprises as the research objects, and analyzes 
the relationship between AI application and corporate sustainable development within a more 
comprehensive framework. 

 
1.2 Literature Review 

 With the explosive growth of AI technology, literature on its microeconomic consequences has 
proliferated. Much research focuses on AI's impact on corporate ESG performance, pollution 
emissions, corporate governance, and social responsibility fulfillment. Leveraging its robust data 
processing capabilities, precise predictive analytics, and efficient automated execution, AI offers new 
opportunities and solutions. It can enhance corporate ESG development and coordination 
performance [7-8]. Conversely, overly advanced AI development may suppress improvements in 
corporate ESG performance [9]. In environmental management, AI can be applied to reduce 
corporate pollutant emissions and energy consumption, and enhance resource utilization efficiency 
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[10]. However, it may also encourage "the ethics of greenwashing", wherein companies superficially 
adhere to idealistic ethical principles without undertaking substantive or meaningful environmental 
improvement actions [11]. In corporate governance, AI can enhance the scientific rigor of decision-
making. It enables integration across diverse governance domains, such as board performance 
evaluation, financial distress prediction, and fraud detection, thereby strengthening risk 
management capabilities and governance standards [12-14]. Regarding social responsibility 
fulfillment, AI aids in elevating product and service quality while improving employee working 
conditions. It addresses diverse stakeholder needs and expectations, thereby promoting corporate 
commitment to and execution of social responsibilities [15-16]. Some scholars contend that 
increased AI utilization may exacerbate income inequality, undermining social equity and inclusion 
[17]. 

Academic research has separately explored the relationship between AI and corporate financial 
growth, as well as that between AI and corporate environmental performance, resulting in a body of 
literature with diverse perspectives. According to a study by the IBM Institute for Business Value 
(IBV), the adoption of AI exerts a positively correlated and beneficial impact on the cost of corporate 
financial functions and specific productivity indicators in the financial domain [18]. According to 
Boston Consulting Group research, AI applications could reduce global carbon dioxide emissions by 
2.6 to 5.3 billion tons by 2030, generating $1.3 to $2.6 trillion in value for enterprises. However, other 
studies indicate that information technology is a significant source of environmental pollution. 
Statistics indicate that the manufacturing, use, and disposal of IT equipment directly contribute to 
approximately 2% of global greenhouse gas emissions, posing challenges for long-term development 
[19].  

In summary, the academic community still has the following research gaps regarding the micro-
level sustainable development effects of AI applications: (1) Scholars have primarily established 
direct relationships between AI and either financial performance or environmental performance. Few 
frameworks simultaneously incorporate both performance dimensions. This hinders understanding 
of how AI differentially influences corporate financial and environmental outcomes and impedes 
analysis of how to balance these two performances to enhance overall sustainability outcomes. (2) 
As countries roll out AI support policies, literature evaluating the impact of individual AI policies on 
corporate sustainability has proliferated. Yet few studies examine how AI applications influence both 
economic and environmental benefits from a synergistic perspective of AI pilot zone policies and 
pioneer zone policies, nor do they investigate overall impacts. (3) The mechanism of information 
acquisition capability in transmitting micro-level AI effects remains understudied. The moderating 

roles of two critical factors—environmental regulatory pressure and market competitiveness—have 
also not been verified. Addressing these shortcomings is crucial for advancing both theoretical 
understanding and practical applications in the fields of AI and corporate sustainability. 

 
1.3 Research Purpose 

This study aims to construct a fundamental theoretical framework of "AI Empowerment - 
Financial and Environmental Performance - Sustainable Development Performance" based on the 
dual perspectives of financial performance and environmental performance, and conducts an in-
depth investigation into the impact mechanisms, mediating pathways, and boundary conditions of 
AI applications on corporate sustainable development performance. The research elucidates the 
mediating roles of green technology innovation, total factor productivity, and information acquisition 
capability, while revealing the moderating effects of corporate heterogeneity and external 
environments. 
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At the theoretical level, this study integrates theories such as the Porter Hypothesis, Resource-
Based View, and Information Economics to explain the comprehensive mechanisms influencing AI's 
economic and environmental value.  By examining the chained transmission from AI applications to 
corporate green innovation, efficiency enhancement, and information acquisition integration, it 
addresses the theoretical gaps in explaining how digital technology enables sustainable 
development. Furthermore, through the validation of multiple moderating pathways, it enriches 
theories like eco-efficiency and provides new academic perspectives for understanding the complex 
interactions within intelligent transformation. 

At the practical level, this study provides actionable decision-making references for both 
governments and enterprises. Its findings can offer empirical support for government departments 
to design targeted policy packages. Meanwhile, by revealing the specific pathways through which AI 
influences corporate sustainable performance, this research can guide managers to optimize AI 

technology investment and digital transformation strategies — integrating AI deeply into green 
innovation and energy management processes to achieve a win-win situation between economic 
profitability and environmental responsibility. Furthermore, this study can also guide investors to pay 
greater attention to enterprises’ AI applications and environmental governance, promoting the 
allocation of capital market funds to sustainable development-related fields. 

 
1.4 Research Innovations 

 This study utilizes data from Chinese enterprises and prefecture-level cities, integrates city-level 
AI policies, and matches such policy data with that of A-share listed companies to conduct an 
empirical test on the micro-level sustainable development effects of AI technology application. The 
paper's contributions are as follows: First, it introduces multidimensional performance metrics, 
focusing on AI's comprehensive impact on corporate sustainability, which encompasses two core 
dimensions: economic performance and environmental performance. It attempts to construct a 
theoretical framework for AI’s influence on corporate sustainability, revealing mechanism pathways 
through three lenses: green innovation effects, efficiency enhancement effects, and information 
acquisition effects. It further uncovers moderating pathways via environmental regulation and 
market competition, expanding the research boundaries of the "theoretical black box" surrounding 
corporate sustainability performance. Second, unlike existing single-policy studies, this paper 
innovatively incorporates the synergistic effects of "National New Generation AI Innovation 
Development Pilot Zones" and "National AI Innovation Application Pioneer Zones" policies as proxy 
indicators for corporate AI technology adoption. This study demonstrates how AI policy coordination 
drives improvements in corporate financial and environmental performance, as well as its role in 
enhancing sustainable development outcomes. Third, it analyzes differentiated effects of AI adoption 
across heavily polluting industries, high-tech sectors, and enterprises with senior management 
possessing deep environmental expertise. This provides empirical evidence for governments to 
formulate industry-specific policies and for companies to develop tailored response strategies. 

The remaining structure of this paper is as follows. Section 2 elaborates on relevant theories, 
reviews existing literature, and proposes research hypotheses. Section 3 introduces research design, 
including model specification, variable definition, and data description. Section 4 presents empirical 
results, covering baseline regression, identification tests, and a series of robustness tests. Section 5 
discusses further analyses, including mediating effect analysis, heterogeneity analysis, and 
moderating effect analysis. Section 6 summarizes the study, puts forward policy recommendations, 
and outlines the limitations as well as directions for future research. 
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2. Theoretical Analysis and Research Hypotheses  
2.1 AI Application and Corporate Sustainable Development Performance 

AI application involves deeply integrating AI technology into operational management and 
business processes to achieve AI-driven transformation across R&D, production, sales, and services. 
From a financial performance perspective, AI management systems optimize internal processes, 
reduce manual intervention, and lower administrative expense ratios. AI-assisted analysis enables 
precise capture of consumer demand, mitigates product inventory risks, expands market share, and 
drives revenue growth. Enterprises can also optimize marketing channels with AI to reduce 
promotional costs. This dual approach of "cost reduction and efficiency enhancement" drives 
financial performance growth [20]. Furthermore, AI constitutes a high-level strategic resource for 
enterprises, delivering sustainable competitive advantages. Numerous companies have innovatively 
applied AI in financial and tax practices, achieving preliminary successes. This drives the 
transformation of traditional, labor-intensive financial and tax services toward a new model of 
"human-machine collaboration and intelligence-driven operations" [21]. This transformation enables 
enterprises to reallocate resources from low-value activities to high-value innovation, enhancing 
return on investment and shareholder value. Regarding environmental performance, AI reduces 
inefficiencies and pollutant generation by intelligently upgrading equipment and processes during 
production. This cuts environmental pressure at its source. The integration of AI and big data 
facilitates real-time analysis and tracking of raw material consumption and industrial waste flows. 
This facilitates production adjustments, thereby improving resource utilization efficiency and 
optimizing energy structures [22]. Based on circular economy theory, enterprises can optimize 
logistics routes and promote recycling and reuse through digital technologies like AI algorithms. This 
enhances production efficiency, resource integration effectiveness, and corporate environmental 
governance capabilities [23]. 

 From a sustainable development performance perspective, this performance integrates AI's 
impact on both financial and environmental outcomes. AI applications should inherently enhance 
corporate sustainable development performance. Research demonstrates that corporate adoption 
of AI technology significantly reduces financial and management costs while enhancing operational 
efficiency and financial performance [24]. AI technology effectively protects ecological environments, 
boosts social production efficiency, optimizes resource allocation, and provides data support for 
relevant social decision-making and policy formulation [25]. AI not only serves as a tool for achieving 
sustainability goals at the application level but also drives sustainability-focused R&D at the front 
end, effectively addressing unsustainable development issues [26]. Based on the above analysis, this 
paper proposes the following hypothesis. 

 H1: The application of AI contributes to enhancing corporate sustainable development 
performance, as well as improving corporate financial and environmental performance. 

 
2.2 Green Innovation Effects of AI Application 

 Green innovation aims to achieve efficient resource utilization and reduce environmental 
pollution through the adoption of environmentally friendly technologies [27]. According to 
knowledge management theory, the process of corporate green innovation requires integrating 
knowledge and information across multiple domains, including energy conservation, pollution 
prevention, waste utilization, and clean production. Leveraging its exceptional data recognition and 
processing capabilities, AI technology can aggregate, integrate, and share green-related information, 
providing enterprises with a comprehensive and accurate knowledge foundation for green 
innovation. On the other hand, AI algorithms can broaden and deepen the scope of external 
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knowledge search for enterprises, helping them acquire heterogeneous knowledge and 
complementary resources, thereby influencing different dimensions of technology integration [28]. 
This enables breaking through existing technological structures and domain limitations to develop 
more innovative green solutions. From the perspective of knowledge absorption capacity, AI 
technology enhances firms' knowledge absorption capacity. This enables businesses to more 
effectively identify, assimilate, and apply external green technology knowledge, transforming it into 
internal innovation capabilities. This provides a solid foundation for green innovation. 

 Existing research indicates that green innovation activities enhance both financial and 
environmental performance [29]. AI technology thus mediates between its application and 
sustainable development outcomes. According to the Porter hypothesis, green technological 
innovation serves as a strategic corporate response to environmental regulations. It reduces bad 
environmental impacts throughout the entire production cycle, achieving comprehensive 
enhancement of environmental performance [30]. From a cost-benefit perspective, clean energy 
production technologies lower corporate energy costs, while end-of-pipe treatment technologies 
reduce the risk of pollution penalties, thereby decreasing operational expenses [31]. Simultaneously, 
green product innovation meets growing demand for environmentally friendly goods, generating 
market premiums and brand value to enhance financial performance. Integrating these mechanisms, 
AI application strengthens enterprises' green technological innovation capabilities by enhancing 
knowledge integration and creation, thereby translating into sustainable development advantages. 
This paper proposes the following hypothesis. 

 H2: AI application promotes corporate sustainability through the green innovation effect. 
 

2.3 Efficiency Enhancement Effects of AI Application 
 Total Factor Productivity (TFP) reflects output growth attributable to technological progress, 

efficiency improvements, and scale effects after accounting for factor input contributions. It serves 
as a key indicator for measuring corporate development quality. According to biased technological 
progress theory, technological advancements are often not neutral but tend to conserve certain 
factors while enhancing the productivity of others. As a typical example of skill-biased technological 
progress, AI technology application boosts labor productivity through substitution and productivity 
effects [32]. On one hand, AI automates and intelligently replaces routine labor, handling repetitive 
and rule-based tasks. This optimizes assembly line production processes, shortens output cycles, and 
enhances production efficiency. On the other hand, AI liberates labor from low-value-added tasks, 
redirecting it toward more creative work. This facilitates a more optimal allocation of capital and 
labor input. European studies reveal that AI accelerates scientific progress, yielding broader and more 
enduring TFP gains. Moreover, AI's TFP-enhancing effects are more pronounced in service-intensive 
economies [33]. 

 Existing research indicates that TFP is a crucial driver of sustainable economic development [34] 
and a key metric for assessing environmental performance [35]. Thus, TFP serves as an intermediary 
bridge between AI and corporate sustainability performance. From a resource-based view, scarce, 
TFP comprehensively reflects a firm's core competitiveness. Productivity-leading firms maintain 
lower average costs despite larger output scales, enabling them to deliver products and services at 
lower prices or higher quality. This drives profit growth through expanded market share. According 
to eco-efficiency theory, the optimization of the ratio between economic value and environmental 
impact is an important prerequisite for achieving corporate sustainable development. Enhancing 

TFP—particularly green TFP —positively impacts environmental performance. On one hand, TFP 
improvement signifies optimized resource input structures, reducing environmental pressure at the 
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source. On the other hand, from a pollution reduction perspective, TFP improvement implies 
intensified factor utilization through technological progress. This lowers pollution emissions per unit 
output and reduces environmental burdens in production processes. Synthesizing the above analysis, 
AI technology application can enhance corporate TFP. Subsequently, it improves sustainability 
performance through economies of scale and structural efficiency optimization. This paper proposes 
the following hypothesis. 

 H3: AI application promotes corporate sustainable development through efficiency 
enhancement effects. 

 
2.4 Information Acquisition Effects of AI Application 

 Information acquisition capabilities typically manifest as reduced information asymmetry and 
enhanced disclosure levels. The former reflects a firm's capacity to gather and integrate internal 
operational and external market information. The latter indicates transparency and timeliness in 
communicating information to stakeholders. Based on information asymmetry theory in information 
economics, uneven information distribution between transaction parties leads to adverse selection 
and moral hazard [36], generating agency costs and transaction costs. AI's capabilities in big data 
acquisition, intelligent algorithms, and robust information matching transform corporate information 
gathering methods. This enhances the comprehensiveness and timeliness of information acquisition 
[37], thereby addressing information asymmetry. Simultaneously, AI's automated data collection and 
integration functions reduce external information acquisition costs for enterprises. It also diminishes 
reliance on specific suppliers, strengthening bargaining power and further lowering transaction costs. 
According to signaling theory, in markets with information asymmetry, enterprises can proactively 
disclose information to signal their strengths to the market. Traditional corporate information 
disclosure suffers from issues such as low comparability and lag, reducing information transmission 
efficiency. AI technology, leveraging natural language generation (NLG) and real-time information 
collection and updating systems, achieves standardized, real-time, and visualized information 
disclosure [38]. This enhances signaling effectiveness, elevating corporate transparency and 
disclosure standards. 

 Existing empirical research has preliminarily confirmed a positive correlation between 
information acquisition capabilities and corporate sustainability performance. Liu and Cao [39] argue 
that exceptional environmental information acquisition capabilities can facilitate the transition from 
high-carbon to low-carbon, and further to carbon-neutral operations. According to agency theory, 
information asymmetry between shareholders and management leads to agency costs, diminishing 
corporate financial performance. Mitigating internal information asymmetry enables shareholders 
to monitor management actions more comprehensively and promptly, thereby reducing agency 
costs. Simultaneously, this addresses management's cognitive limitations, assisting them in making 
more scientifically sound decisions [40] and improving investment returns. Stakeholder theory posits 
that sustainable corporate development requires balancing stakeholder relationships and 
expectations. Information acquisition capabilities meet diverse stakeholder information needs, 
coordinate interests, and achieve synergistic improvements in both financial and environmental 
performance. On one hand, high-quality financial disclosures attract long-term investments, 
alleviating external financing pressures [41] and thereby enhancing corporate market value. On the 
other hand, enterprises can more promptly identify environmental risks and responsibilities, 
understand evolving environmental regulatory requirements, and timely disclose compliance status 
and other green information. This establishes a positive green reputation, earning stakeholder trust 
and government green subsidy support. This, in turn, improves corporate environmental 
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performance [42]. Synthesizing the above analysis, AI enhances the quality and efficiency of 
information acquisition through data integration and real-time analysis. Essentially, it mitigates 
information asymmetry and elevates disclosure quality. The enhancement of information acquisition 
capability achieves the improvement of sustainable development performance by reducing agency 
costs and strengthening environmental transparency. Therefore, this paper proposes the following 
hypothesis. 

 H4: AI application promotes corporate sustainable development through information acquisition 
effects. 

 
3. Research Design  
3.1 Model Setting 

This study employs a multi-period Difference-in-Differences (DID) approach to examine the 
impact of AI application on corporate sustainable development performance. The benchmark model 
is set as follows: 
𝑆𝐷𝑃𝑖𝑡 = 𝛼0 + 𝛼1𝐴𝐼𝑖𝑡 + 𝛼2𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖𝑡+𝛿𝑖 + 𝜌𝑡 + 𝜀𝑖𝑡                                                                                   (1) 

In Eq. (1), subscripts i and t denote firm and year, respectively: and 𝑆𝐷𝑃𝑖𝑡  represent firm 
sustainable performance. 𝐴𝐼𝑖𝑡 indicates the firm's level of artificial intelligence application, measured 
by the interaction term between the policy shock variable and the implementation time variable 
(𝑡𝑟𝑒𝑎𝑡𝑖 × 𝑝𝑜𝑠𝑡𝑡 ).  𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖𝑡  serves as the control variable.  𝛿𝑖  denotes the firm fixed effect.  𝜌𝑡 
represents the year fixed effect, and  𝜀𝑖𝑡 represents the random disturbance term. 
 
3.2 Variable 
3.2.1 Dependent variables 

 Corporate Sustainable Development Performance (SDP). Corporate sustainable development 
refers to the adoption of technological approaches that can alleviate environmental pressures or 
create environmental value, while generating financial value for the enterprise and promoting the 
growth of the entire economic system [43], thereby achieving the provision of products and services.  
Consequently, research on AI and corporate sustainability must address both financial performance 
and environmental effectiveness dimensions [44]. For instance, AI helps businesses detect and 
analyze credit risks, improving loan creditworthiness to minimize financial risks [45]. It also enhances 
asset return rates by increasing process automation and reducing operational costs [46]. Magazzino 
et al., [47] argue that AI-enabled smart grids, smart logistics, and smart production systems optimize 
energy and material flows while reducing unnecessary resource waste and pollution emissions.  

Thus, this study references research by Endrikat [48] and Alexopoulos et al., [49] to measure SDP 
from two dimensions: financial performance (FP) and environmental performance (EP). FP is 
measured using the return on total assets (net profit / average total assets). EP is measured using the 
environmental responsibility score from the Huazheng ESG Rating Agency's mainstream and 
authoritative scoring system. Both measures are subsequently standardized. Following the 
methodologies of Zang and Li [50] and Wu et al., [51], the standardized financial performance and 
environmental performance are synthesized into a composite sustainability performance metric 
using the following Eq. (2): 

𝑆𝐷𝑃 =
(1−|𝐹𝑃−𝐸𝑃|)×√𝐹𝑃×𝐸𝑃

1
                                                                                                                                 (2) 

3.2.2 Independent variable 
 Artificial Intelligence Application (AI). Existing research categorizes the measurement 

methodologies of AI applications at the enterprise level into three primary approaches. The first 
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employs text mining methods. The proportion of AI-related keywords in the total word frequency 
within the annual reports of publicly listed companies is selected to measure the application level of 
AI [52]. The second employs single-indicator approaches. This includes using industrial robot data 
published by the International Federation of Robotics (IFR) across industries [53] to measure AI 
adoption levels through enterprise robot penetration rates or utilizing AI patent data as a proxy 
indicator for AI application [54]. Policies and regulations on the application of AI constitute the third 

category. Based on the underlying logic of "AI policy — urban intelligent transformation — enterprise 
AI application" [55], the level of enterprise AI application is assessed by whether the region where 
the enterprise is located has implemented AI-supporting policies. The selection of AI policies 
primarily focuses on China's "New Generation of National AI Innovation Development Pilot Zones" 
and "AI Innovation Application Pioneer Zones," alongside the "US AI Strategy."  

This study refers to the third measurement method. China's Ministry of Science and Technology 
established three batches of pilot cities in 2019, 2020, and 2021. The Ministry of Industry and 
Information Technology (MIIT) released lists of national AI innovation application pilot zones in 2019, 
2021, and 2022. Considering the lag in policy effects, pilot cities approved after September were 
assigned to the following year. Accordingly, policy shock variables (treati) and implementation year 
variables (postt) were established. Specifically, enterprises in cities designated as pilot zones or 
demonstration zones were assigned to the experimental group (treati=1), while others formed the 
control group (treati=0). Enterprises in pilot zones for less than two years were treated as control 
group members. The year of city was coded as 1 for the year of designation and subsequent years 
(postt=1), and 0 for other years (postt=0). The interaction term treati × postt  served as a proxy 
variable for AI application. 

 
3.2.3 Control variables 

 Drawing on studies by Wang [56] and Sun [57], we controlled for other variables potentially 
influencing corporate sustainable development performance. 

 Firm size (Size) typically exerts a positive influence on SDP, as larger enterprises are more likely 
to generate resource surpluses that help facilitate the development of green technology and ESG 
practices. The impact of firm age (Age) often manifests as a positive or nonlinear relationship. Mature 
enterprises frequently possess more standardized sustainable management systems and compliance 
experience, which generally benefits sustainable development. However, organizational rigidity may 
also produce negative effects on environmental performance. Whether a company is loss-making 
(Loss) shows a negative correlation with sustainability performance. Loss-making companies often 
face financial difficulties due to resource constraints and survival pressures, leading them to cut 
environmental investments to maintain operations. The debt-to-asset ratio (Lev) predominantly 
exerts a negative influence. Highly leveraged firms face heightened financial risks, potentially 
reducing capital allocation to sustainability initiatives. The impact of Cash Flow (Cash) is ambiguous. 
While robust operating cash flow provides funding for green investments and social responsibility, 
excessive cash reserves may exacerbate agency problems, incentivize managerial myopia, and foster 
innovation inertia, ultimately harming sustainability performance. The impact of revenue growth rate 
(Growth) is ambiguous. High-growth companies may neglect environmental investments while 
focusing on short-term expansion, negatively affecting environmental performance. Conversely, 
growth may accumulate resources that bolster sustainable development. Management shareholding 
(Mshare) typically exhibits a positive correlation. Moderate ownership alleviates agency problems by 
aligning management with long-term sustainable value. Excessively low holdings may create negative 
impacts due to divergent interests, while excessively high holdings may foster risk aversion. Overall, 
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positive effects prevail within a moderate range. The impact of the largest shareholder's stake (Top) 
is dual-edged. Moderate equity concentration facilitates the implementation of long-term 
sustainable strategies, while excessive concentration may lead to interest encroachment or strategic 
conservatism. Literature more commonly observes positive correlations associated with moderate 
concentration. The proportion of fixed assets (Fixed) often exhibits a negative influence. Companies 
with higher ratios face greater equipment retrofitting costs and pollution control expenses, coupled 
with reduced asset turnover flexibility, which may constrain the pace of sustainable transformation 
and performance improvement. 

 
3.2.4 Mediating variables 

 Green Technology Innovation (GTI). Due to time lags in patent authorization, firms often deploy 
new technologies and products into commercial applications and generate operational returns after 
filing patent applications. Therefore, this study adopts the methodology proposed by Jin and Zhang 
[58], using the number of green patents applied for in a given year to measure a firm's green 
technology innovation. A higher value indicates stronger green innovation capabilities. 

 Total Factor Productivity (TFP). Current TFP measurement methods primarily fall into three 
categories: parametric, non-parametric, and semi-parametric. From a methodological perspective, 
semi-parametric estimation integrates the core concepts of production function estimation and non-
parametric estimation, demonstrating superior performance in addressing the jointness bias and 

selection bias issues encountered in TFP measurement. This study employs the LP method① to 
calculate firm TFP [59-60]. Higher value indicates greater efficiency. 

 Information Access Capability (IAC). External access to corporate information typically depends 
on the degree of asymmetry and the quality of information disclosure. This study employs the ASY 
index and KV index for measurement [61]. Specifically, the ASY index utilizes principal component 
scores from three indicators: liquidity ratio, illiquidity ratio, and yield reversal. A higher ASY value 
indicates greater information asymmetry. The KV index is measured by the coefficient of trading 
volume's impact on investor stock returns, where a higher KV value indicates lower information 
disclosure quality. Subsequently, this study calculates the ASY and KV indices using the entropy 
method. This yields a composite indicator (IAC) representing the difficulty of information acquisition 
for firms. For the convenience of discussion, the calculation results are treated as negative values. A 
higher IAC value indicates lower information acquisition difficulty. 

 
3.2.5 Moderating variables 

 Environmental Regulation Strength (ERS). A comprehensive framework for measuring 
environmental regulation has been established. Common approaches focus on government 
management dimensions, including the number and enforcement intensity of environmental policies, 
the frequency of government oversight and inspections of corporate pollution activities, and the 

amount of pollution fees② levied on enterprises. Drawing on the research of Levinson [62] and Li et 
al., [63], this study employs actual enterprise pollution discharge fees paid as a proxy indicator for 
environmental regulatory intensity. A higher value indicates greater environmental regulatory 
intensity faced by enterprises. 

 Market Competition Intensity (MCI). Drawing on the research of Kale and Loon [64], this study 
introduces the Lerner Index, as shown in Eq. (3). This index reflects an enterprise's pricing power 
within its industry. A higher value indicates greater monopolistic power and lower market 
competition intensity. For analytical convenience, the Lerner Index is negatively scaled to serve as a 
proxy for market competitiveness. 
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𝐿𝑒𝑟𝑛𝑒𝑟 𝐼𝑛𝑑𝑒𝑥 =
𝑅𝑒𝑣𝑒𝑛𝑢𝑒−𝐶𝑜𝑠𝑡 𝑜𝑓 𝑆𝑎𝑙𝑒𝑠−𝑆𝑒𝑙𝑙𝑖𝑛𝑔 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑠−𝐴𝑑𝑚𝑖𝑛𝑖𝑠𝑡𝑟𝑎𝑡𝑖𝑣𝑒 𝐸𝑥𝑝𝑒𝑛𝑠𝑒𝑠

𝑅𝑒𝑣𝑒𝑛𝑢𝑒
                                               (3) 

 Specific definitions and measurements of each variable are shown in Table 1. 
 

Table 1 
Variable definitions 

 Variable Name  Variable Symbol  Calculation Method 

Corporate Sustainable Development 
Performance  

 SDP 
Standardization of Environmental Scores in the 
Huazheng ESG Rating System  

 Corporate Financial Performance  FP Standardized Return on Total Assets 

 Corporate Environmental Performance  EP 
 Standardized Financial Performance and 
Environmental Performance Calculations Yield  

 Artificial Intelligence Application  AI treati×postt 

 Firm Size  Size  ln(Total Company Assets) 

 Firm Age  Age  ln(Current Year - Year of Establishment + 1) 

 Loss Status  Loss 
 If current year's net profit is less than 0, set to 1; 
otherwise set to 0 

 Debt-to-Asset Ratio  Lev  Total Liabilities / Total Assets 

 Cash Flow Ratio  Cash 
 Net Cash Flow from Operating Activities / Total 
Assets 

 Revenue Growth Rate  Growth 
 ln(1 + (Current Revenue Change / Previous Year's 
Revenue)) 

 Management Shareholding Ratio  Mshare  Management Shareholding Count / Total Shares 

 Largest Shareholder Ownership Ratio  Top  Largest Shareholder's Holdings/Total Shares 

 Fixed Assets Ratio  Fixed  Net Fixed Assets / Total Assets 

 Green Technology Innovation  GTI  ln(1+Green Patent Applications) 

 Total Factor Productivity  TFP  TFP calculated using the LP method 

 Information Access Capability  IAC  Calculated using ASY and KV indices 

 Environmental Regulation Strength  ERS 
 Standardized Actual Pollution Discharge Fees 
(Environmental Tax) Paid by Enterprises 

 Market Competition Intensity  MCI  - Lerner Index 

 
3.3 Data Sources 

 This study examines all A-share listed companies in China from 2013 to 2023. To ensure research 
accuracy, the original sample underwent the following processing: First, companies with abnormal 
trading status (ST, *ST, PT) were excluded. Next, firms with excessive missing values were removed, 
with individual missing data points filled using interpolation methods. Finally, firm data was matched 
with pilot city data to generate balanced panel data comprising 1,925 firms, 297 cities, and 21,175 
observations. Green patent data for listed companies was sourced from the CNIPA. Other microdata 
was obtained from the CSMAR database, CNRDS database, Wind database, and annual reports of 
listed companies. 

 Descriptive statistics and multicollinearity test results for key variables are presented in Table 2. 
It indicates that the standard deviation of SDP is 0.0440, suggesting minimal variation in SDP across 
firms. With a minimum value of 0 and a mean (0.3827) close to the median (0.3932), the data 
distribution is relatively balanced but exhibits slight left skewness. The Independent variable (AI), a 
dummy variable, has a mean of 0.1272 and standard deviation of 0.3332, indicating the experimental 
group has a smaller sample size than the control group. Although the smaller experimental group 
sample might lead to non-significant results, it still meets statistical requirements. Moreover, the 
significant economic effect does not undermine the core conclusion that policies promote 
improvements in corporate sustainable development performance. Furthermore, the VIF values for 
all variables indicate no severe multicollinearity issues. 
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Table 2  
Descriptive statistics of variables 

Variables Obs Mean Std. Dev Min Max VIF 

SDP 21175 0.3827 0.0440 0 0.6281  

FP 21175 0.4030 0.0313 0 1  

EP 21175 0.4784 0.1207 0 1  

AI 21175 0.1272 0.3332 0 1 1.11 

Size 21175 22.7484 1.5356 18.3419 31.4309 2.28 

Age 21175 3.0211 0.3156 0.0077 4.0510 1.20 

Loss 21175 0.1142 0.3181 0 1 1.63 

Lev 21175 0.4480 0.2036 -0.1107 1.5923 1.78 

Cash 21175 0.0485 0.0701 -0.7443 0.8759 1.31 

Growth 21175 0.0930 0.3449 -7.0633 7.5387 1.12 

Mshare 21175 0.0874 0.1549 0 1.0565 1.26 

Top 21175 0.3312 0.1503 0.0029 0.8999 1.13 

Fixed 21175 0.2081 0.1645 0 0.9542 1.14 

GTI 21175 0.2993 0.7581 0 6.9266 1.06 

TFP 21175 9.5747 1.7011 0 16.1810 1.63 

IAC 21175 -0.3693 0.1175 -0.7240 -0.1001 1.12 

ERS 21175 0.0072 0.0275 0 1 1.19 

MCI 21175 -0.1350 0.2053 -1 4.7810 1.93 

 
4. Results  
4.1 Benchmark Regression Results 

 The benchmark regression results are presented in Table 3. Columns (1) to (2) examine corporate 
sustainability performance. Columns (3) to (6) examine financial performance and environmental 
performance, respectively. Based on the regression results from the two-way fixed effects model, 
regardless of whether control variables are included, the coefficient of AI application on corporate 
SDP, FP, and EP is significantly positive at the 1% level. This indicates that corporate AI applications 
significantly enhance sustainability performance, including financial performance and 
environmental-social performance, thereby validating H1. 

 
Table 3 
Benchmark regression results 

Variables 
(1)  

SDP 

(2) 

SDP 

(3) 

FP 

(4) 

FP 

(5) 

EP 

(6) 

EP 

AI 
0.0052*** 0.0063*** 0.0052*** 0.0070*** 0.0190*** 0.0186*** 

(0.0016) (0.0015) (0.0011) (0.0008) (0.0047) (0.0047) 

Size 
 0.0039***  0.0049***  0.0209*** 

 (0.0011)  (0.0007)  (0.0030) 

Age 
 0.0162**  0.0058  -0.0047 

 (0.0076)  (0.0038)  (0.0196) 

Loss 
 -0.0335***  -0.0432***  0.0017 

 (0.0012)  (0.0010)  (0.0026) 

Lev 
 -0.0353***  -0.0532***  -0.0277*** 

 (0.0041)  (0.0030)  (0.0103) 

Cash 
 0.0366***  0.0725***  0.0248** 

 (0.0057)  (0.0078)  (0.0112) 

Growth 
 0.0054***  0.0112***  -0.0105*** 

 (0.0011)  (0.0011)  (0.0021) 
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Table 3 
Continued 

Variables 
(1)  

SDP 

(2) 

SDP 

(3) 

FP 

(4) 

FP 

(5) 

EP 

(6) 

EP 

Mshare 
 0.0143***  0.0134***  0.0512*** 

 (0.0054)  (0.0041)  (0.0143) 

Top 
 0.0110*  0.0054  0.0028 

 (0.0064)  (0.0037)  (0.0170) 

Fixed 
 -0.0113**  -0.0299***  0.0244* 

 (0.0056)  (0.0034)  (0.0135) 

Cons 
0.3820*** 0.2582*** 0.4024*** 0.3011*** 0.4760*** 0.0160 

(0.0002) (0.0345) (0.0001) (0.0192) (0.0006) (0.0875) 

Fixed enterprise Yes Yes Yes Yes Yes Yes 

Fixed year Yes Yes Yes Yes Yes Yes 

N 21175 21175 21175 21175 21175 21175 
2R 0.407 0.477 0.384 0.653 0.556 0.561 

 Note: *, **, *** indicate significance at the 10%, 5%, and 1% levels, respectively. Standard errors are shown in parentheses. The 

same applies below. 

4.2 Identifiability Test 
4.2.1 Parallel trend test 

This study employs an event study approach [65], with the research period spanning 6 years 
before and 4 years after policy implementation. As shown below: 

𝑆𝐷𝑃𝑖𝑡 = 𝛽0 + ∑ 𝛽𝑘(𝑡𝑟𝑒𝑎𝑡𝑖 × 𝑝𝑜𝑠𝑡𝑡
𝑘)6

𝑘=−4 + 𝛽𝑗𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖𝑡+𝛿𝑖 + 𝜌𝑡 + 𝜀𝑖𝑡                                           (4) 

Figure 1 indicates that prior to the implementation of the AI policy, the coefficient 𝛽𝑘  is 
insignificant and different from zero, demonstrating the model passes the test. Similarly, parallel 
trend tests were also passed when the dependent variables were financial performance and 
environmental performance. 

   

Fig. 1. Parallel trend test 
Note: From left to right, the figures represent sustainable development performance (SDP), 

financial performance (FP), and environmental performance (EP) 
 

4.2.2 Placebo test 
To further test the robustness of the DID model and ensure the rigor of the research findings, 

firms were randomly selected from all samples to form the experimental group. Different policy time 
points were then assigned to this fictitious experimental group. Regression results were obtained by 
repeating the DID regression 500 times. Figure 2 shows that all passed the placebo test. 
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Fig. 2. Placebo test result 
Note: From left to right, the figures represent sustainable development performance (SDP), 

financial performance (FP), and environmental performance (EP) 
 

4.3 Robustness Tests 
4.3.1 Endogeneity test 

(1) PSM-DID. Sample self-selection bias may introduce endogeneity issues. This study employs 
PSM-DID to test the model. Specifically, the propensity score is estimated using Logit regression [66]. 
Subsequently, the experimental and control groups are matched using the nearest neighbor 
matching method, and the re-estimated model is based on the matched samples, as shown in 
columns (1) to (3) of Table 4. The coefficients for AI are statistically significant at the 1% level for both 
SDP and FP, EP. The benchmark regression results remain robust. 

(2) Instrumental Variable Method. Terrain ruggedness may influence local AI technology adoption. 
However, as terrain ruggedness is formed by geological history and does not directly affect a firm's 
current sustainable development performance, it satisfies the conditions of exogeneity and relevance 
and is thus suitable to be used as an Instrumental variable [67-68]. Subsequently, the number of AI 
patent applications filed by the firm was introduced to capture the time-varying nature of the 
instrumental variable. An interaction term between terrain ruggedness and the firm's AI patent 
applications from the previous year was constructed as the final instrumental variable. Estimation 
was conducted using two-stage least squares (2SLS), with results presented in columns (4) to (6) of 
Table 4. The instrumental variable coefficients in the first stage were all significantly negative (table 
omitted), indicating a significant negative relationship between topographic variation and AI. The LM 
statistics were significant at the 1% level, and the F statistics exceeded the 10% critical value (16.38). 
Thus, we reject the null hypotheses of "insufficient instrument identification" and "weak 
instruments," confirming the validity of the instrumental variables selection. Simultaneously, the 
regression coefficients for AI in the second stage are all positive and pass the significance test (except 
for the coefficient on FP, which is negative but fails the significance test). These results indicate that 
after mitigating endogeneity issues, the application of AI still significantly enhances corporate 
sustainable development performance.  

 
4.3.2 Other robustness tests 

(1) Heterogeneity-of-Treatment Effects Test. To address potential heterogeneous treatment 
effects bias in multi-period DID estimation arising from negative weights, this study first employs 
Goodman-Bacon's [69] decomposition technique. The two-way fixed effects model is decomposed 

into multiple 2×2-DID estimators, with treatment effects and weights calculated separately for each. 
As shown in columns (1) to (4) of Table 5 and the decomposition results in Figure 3, regardless of 
whether the dependent variable is SDP, FP, or EP, the group weights with the "never-treated group" 
as the control group reach as high as 91.3%. This study also employs a counterfactual method based 
on interpolation, proposed by Borusyak et al., [70], for heterogeneity-robust estimation (denoted as 
AI_Borusyak). As shown in columns (5) to (7) of Table 5, the estimated coefficients for AI_Borusyak 
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are all significantly positive. Thus, even after accounting for treatment heterogeneity, the conclusions 
drawn earlier. 
 
Table 4  
Endogeneity test results 

 PSM-DID Instrumental Variable Method 

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

Variables SDP FP EP SDP FP EP 

AI 0.0077*** 0.0071*** 0.0143*** 0.1048** -0.0087 0.2922** 

 (0.0016) (0.0009) (0.0048) (0.0415) (0.0155) (0.1258) 

K-P rk LM statistic    20.609*** 20.609*** 20.609*** 

K-P rk Wald rk F statistic    22.099 22.099 22.099 

Cons 0.2557*** 0.2929*** 0.0741 0.3502*** 0.3486*** 0.0393 

 (0.0387) (0.0234) (0.0935) (0.0205) (0.0085) (0.0621) 

Control Variables Yes Yes Yes Yes Yes Yes 

Fixed enterprise Yes Yes Yes Yes Yes Yes 

Fixed year Yes Yes Yes Yes Yes Yes 

N 16492 16492 16492 21175 21175 21175 
2R 0.426 0.616 0.568 0.983 0.997 0.919 

 
Table 5  
Results of the heterogeneity-robust estimates 

Variables 

Bacon Test Estimated Coefficient 
Bacon Test 

Weight 
Borusyak Test 

(1) (2) (3) (4) (5) (6) (7) 

SDP FP EP Weight SDP FP EP 

AI_Borusyak     0.0063*** 0.0069*** 0.0212*** 

     (0.0016) (0.0008) (0.0048) 

Earlier T vs. Later C 0.009 0.013 -0.015 0.058    

Later T vs. Earlier C 0.008 0.011 -0.027 0.028    

T vs. Never treated 0.005 0.004 0.022 0.913    

Note: T = Treatment; C = Comparison. 

 

   

Fig. 3. Bacon decomposition diagram 
Note: From left to right, the figures represent sustainable development performance (SDP), 

financial performance (FP), and environmental performance (EP) 
 

(2) Double Machine Learning. When setting up regression models, estimation biases may arise 
due to the "curse of dimensionality" and multicollinearity issues. Therefore, this study adopts a 
double machine learning approach, referencing Bodory and Huber [71], and the sample split ratio is 
set at 1:4. To avoid subjective model selection bias, a general interactive double machine learning 
model was employed, utilizing the Random Forest prediction algorithm. Lasso regression was 
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additionally applied for auxiliary validation. As shown in Table 6, AI's regression coefficient remains 
positive, confirming the robustness. 

 
Table 6 
Results of double machine learning 

Variables 

Random Forest Lasso Regression 

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

SDP FP EP SDP FP EP 

AI 0.0074*** 0.0075*** 0.0167*** 0.0114*** 0.0062*** 0.0253*** 

 (0.0008) (0.0005) (0.0025) (0.0009) (0.0005) (0.0024) 

Cons 0.0011*** -0.0001 -0.0011 0.0000 -0.0000 -0.0000 

 (0.0002) (0.0001) (0.0007) (0.0003) (0.0002) (0.0008) 

Control Variables Yes Yes Yes Yes Yes Yes 

Fixed enterprise Yes Yes Yes Yes Yes Yes 

Fixed year Yes Yes Yes Yes Yes Yes 

N 21175 21175 21175 21175 21175 21175 

 
(3) Replacing the Dependent Variable. Following the methodology of Zhang and Yu [72], this study 

employs Tobin's Q ratio to measure financial performance (denoted as FP2) and Bloomberg ESG 
Ratings environmental scores to measure environmental performance (denoted as EP2). The 
corporate sustainability performance (denoted as SDP2) was recalculated using Eq. (2) and subjected 
to regression analysis. Neither the significance nor the correlation of the AI coefficient changed, as 
shown in columns (1) to (3) of Table 7. 

(4) Excluding Policy Interference. Other policies during the sample period may confound 
conclusions. This study focuses on policies such as "Smart Manufacturing Pilot Demonstration," 
"National Big Data Comprehensive Pilot Zones," and "Green Finance Reform and Innovation Pilot 
Zones." These policies may influence corporate sustainability performance, potentially obscuring the 
impact of AI policies [73]. Therefore, this study constructs dummy variables for the three policies 
(denoted as Policy_1, Policy_2, Policy_3) and incorporates them into the baseline regression model 
for control. The results are shown in columns (4) to (7) of Table 7. After controlling interfering policies, 
the positive correlation between AI and SDP, FP, and EP remains significant. 

(5) Eliminating Urban Samples. Municipalities directly under central government and provincial 
capitals possess regional advantages in politics, economy, culture, and technology compared with 
other cities. Enterprises located in these areas exhibit distinct characteristics relative to others, 
potentially introducing interference into model results. After excluding the interfering factors of 
these cities, the impact coefficients of AI on SDP, FP, and EP remain significantly positive, as shown 
in columns (7) to (9) of Table 7. 

 
5. Further Discussion 
5.1 Testing the Mechanism of Action 

The theoretical section above has elucidated the mechanism through which AI applications 
influence corporate sustainable development performance from three perspectives: green 
innovation effects, efficiency enhancement effects, and information acquisition effects. However, 
the extent of these impacts requires further validation. This paper adopts two-step approach [74]. 
Using green technological innovation, total factor productivity, and information acquisition capability 
as mediating variables, we construct the mechanism testing model as shown in Eq. (5). Where, 𝑀𝑖𝑡 
denotes the mediating variable. 
𝑀𝑖𝑡 = 𝛼0 + 𝛼1𝐴𝐼𝑖𝑡 + 𝛼2𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖𝑡 + 𝛿𝑖 + 𝜌𝑡 + 𝜀𝑖𝑡                                                                                           (5) 
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Table 7 
Robustness test results 

Variables 

Replacing the Dependent Variable Excluding Policy Interference Eliminating Urban Samples 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 
SDP2 FP2 EP2 SDP FP EP SDP FP EP 

AI 
0.0159**

* 
0.0031**

* 
0.0127**

* 
0.0058**

* 
0.0077**

* 
0.0148**

* 
0.0078**

* 
0.0074**

* 
0.0209**

* 
 (0.0010) (0.0012) (0.0049) (0.0016) (0.0008) (0.0049) (0.0017) (0.0009) (0.0049) 

Policy_1    -0.0034 -0.0011 0.0214**    
    (0.0032) (0.0015) (0.0103)    

Policy_2    0.0015 
-

0.0026**
* 

0.0140**
* 

   

    (0.0015) (0.0008) (0.0036)    

Policy_3    0.0007 0.0009 0.0010    

    (0.0040) (0.0020) (0.0095)    

Cons 
0.2119**

* 
0.4356**

* 
-0.0894 

0.2587**
* 

0.3005**
* 

0.0196 
0.2625**

* 
0.3005**

* 
0.0537 

 (0.0269) (0.0439) (0.1179) (0.0346) (0.0191) (0.0872) (0.0367) (0.0198) (0.0940) 
Control 

Variables 
Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed 
enterpris

e 
Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed 
year 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

N 21175 21175 21175 21175 21175 21175 19113 19113 19113 
2R 0.532 0.606 0.678 0.477 0.653 0.562 0.483 0.653 0.562 

 
5.1.1 Green innovation effect 

  As shown in columns (1) and (2) of Table 8, the coefficient of AI is positive at the 10% level. It 
indicates that AI application enhances firms' capacity to analyze large-scale data. Consequently, firms 
can more readily identify potential green technology innovation opportunities and precisely target 
R&D directions for green technologies, thereby improving green innovation efficiency. Current 
studies regarding the connection between green technological innovation and corporate 
sustainability performance demonstrate the following: On one hand, green technological innovation 
helps enterprises reduce energy consumption and pollutant emissions through end-of-pipe 
treatment and process improvements. On the other hand, it enhances market competitiveness by 
designing green products and packaging. This creates market opportunities for enterprise 
development. Consequently, enterprises can fulfill environmental responsibilities while opening 
more profit growth channels, achieving a win-win outcome of economic and environmental benefits. 
Therefore, it is conducive to the long-term sustainable development of enterprises [75]. H2 is 
validated. 

 
5.1.2 Efficiency enhancement effect 

 As shown in columns (3) and (4) of Table 8, the coefficient for AI remains consistently positive. It 
indicates that introducing AI technology enhances firms' control and oversight across production 
stages. This facilitates semi-automation or even full automation of production lines, thereby reducing 
labor costs and lowering defective product rates. It helps firms further improve overall production 
efficiency [76]. Existing research indicates that TFP plays a crucial role in sustainable development 
[77]. An increase in TFP means enterprises can achieve greater output with fewer inputs. This directly 
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lowers production costs per unit and improves economic efficiency. Simultaneously, it provides a 
solid financial foundation for sustainable development. Enterprises can allocate more funds to R&D, 
environmental protection, social responsibility, and other areas, driving long-term stable growth. H3 
is thus validated. 

 
5.1.3 Information access effect 

 As shown in columns (5) and (6) of Table 8, the coefficients for AI are positive and pass the 
significance test. The application of artificial intelligence technology enhances the convenience of 
information acquisition for enterprises. By collecting real-time, multi-source information across 
domains and entities, AI broadens enterprises' information channels. This mitigates information 
asymmetry between enterprises and markets, as well as between enterprises and external investors. 
Simultaneously, AI technologies utilize automated algorithms to verify data and establish unified 
standards, enhancing the transparency and comparability of information disclosure [78]. Existing 
research indicates that improved information access optimizes management investment decisions 
and enhances corporate capital allocation efficiency. Furthermore, high-quality disclosure increases 
financial institutions' willingness to supply funds to enterprises. This boosts financing accessibility, 
enabling companies to secure lower capital costs for environmental investments. Ultimately, it 
effectively promotes improvements in corporate sustainability performance [79]. H4 is thus 
validated. 

 
Table 8 
Test results of mechanism 

Variables 

Green Innovation Effect 
Efficiency Enhancement 

Effect 
Information Acquisition Effect 

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

GTI GTI TFP TFP IAC IAC 

AI 0.0432* 0.0416* 0.0295 0.0363* 0.0093** 0.0109*** 

 (0.0236) (0.0236) (0.0244) (0.0205) (0.0040) (0.0039) 

Cons 0.2938*** -1.1963** 9.5710*** -0.1990 -0.3705*** -0.2949*** 

 (0.0030) (0.5725) (0.0031) (0.5331) (0.0005) (0.0837) 

Control 
Variables 

No Yes No Yes No Yes 

Fixed 
enterprise 

Yes Yes Yes Yes Yes Yes 

Fixed year Yes Yes Yes Yes Yes Yes 

N 21175 21175 21175 21175 21175 21175 
2R 0.631 0.632 0.928 0.947 0.269 0.290 

 
5.2 Heterogeneity Analysis 
5.2.1 Corporate pollution levels 

 Companies with differing pollution levels exhibit significant variations in government scrutiny, 
strategic objectives, and management practices. Therefore, this study references industry 
classification guidelines for listed companies issued by the China Securities Regulatory Commission 

and environmental protection authorities③. Companies are categorized into heavy pollution and non-
heavy pollution. As shown in Figure 4, AI adoption exhibits a more pronounced positive impact on 
the sustainable development performance and financial performance of non-heavy pollution 
enterprises, while its effect on heavy pollution enterprises is insignificant or minimal. Conversely, AI 
adoption demonstrates a greater capacity to enhance environmental performance in heavy pollution 
enterprises. It is because sustainable development performance integrates financial and 
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environmental outcomes, an area where non-heavy pollution enterprises hold an overall advantage. 
This stems primarily from their robust financial performance foundation and lower environmental 
compliance pressures. Introducing AI technology enhances the flexibility and low environmental 
impact characteristics of existing business models, asset structures, and management systems, 
thereby boosting overall performance. In contrast, heavy pollution enterprises face high-energy-
consumption assets and entrenched production models, making AI transformation difficult and time-
consuming. Furthermore, for non-heavy pollution enterprises, AI applications directly serve core 
business operations and customers. Financial returns are rapid and substantial, while environmental 
benefits often emerge as secondary dividends. For heavy pollution enterprises, the primary goal of 
AI adoption is often reactive compliance management and risk avoidance. Economic returns are 
indirect and lagging, resulting in less tangible financial contributions. This dampens overall 
performance [80]. Notably, AI demonstrates more pronounced environmental performance 
improvements for heavy pollution enterprises, further validating the preceding analysis. 

 
5.2.2 Enterprise technological capability 

 Enterprises with differing technological levels exhibit variations in resource accumulation, 
innovation capacity, and government support. Therefore, high-tech industries in this study are 
defined based on the "Measures for the Administration of High-Tech Enterprise Certification" issued 
in 2008 and the major categories outlined in the revised "Guidelines for the Classification of Listed 

Companies by Industry" from 2012④. Based on this classification, enterprises are grouped into high-
tech enterprises and non-high-tech enterprises. As shown in Figure 4, AI adoption exerts a more 
pronounced positive impact on the sustainable development performance and financial performance 
of high-tech enterprises, while its effect on non-high-tech enterprises is insignificant or minimal. 
Furthermore, AI adoption demonstrates a greater capacity to enhance environmental performance 
in non-high-tech enterprises. Maybe because high-tech enterprises' core competitiveness lies in 
"technological R&D and innovation capabilities," making their technological systems highly 
compatible with AI. AI applications can be directly embedded into the core segments of high-tech 
enterprises' value chains. They optimize product performance, enhance service efficiency, and create 
new business models, thereby directly driving financial performance growth. Simultaneously, the 
technology-intensive nature of high-tech enterprises helps lower barriers to green transformation, 
contributing to improvements in their overall sustainable development performance. In contrast, 
non-high-tech enterprises often lack sufficient digital infrastructure. The substantial upfront 
investment in AI applications results in slower short-term returns, limiting overall performance gains. 
Furthermore, these findings reveal a phenomenon: AI adoption itself generates new environmental 
costs [81]. While high-tech firms benefit from AI adoption, they often also serve as builders and 
operators of AI infrastructure. Thus, while they assist other industries in reducing emissions through 
AI, the hidden energy consumption and emissions from operating their own data centers may 
partially offset these gains. Conversely, non-high-tech firms primarily function as users of AI 
technology, avoiding direct responsibility for the environmental costs associated with operating AI 
infrastructure. Consequently, their environmental performance improvements are more pronounced. 

 
5.2.3 Environmental background of corporate executives 

 Differences in environmental backgrounds among corporate executives determine their 
awareness of environmental issues. Such environmental experience becomes internalized in 
corporate strategic decision-making. Executive environmental background is identified based on the 

presence of environmental keywords⑤ in their personal resumes [82]. The number of executives with 
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environmental backgrounds is then quantified. Companies with the number of executives with 
environmental background exceeding the annual average are classified as the group with high 
environmental background of the top management team (TMT), while those below the average are 
the low group. Figure 4 demonstrates that AI application exerts a more positive impact on the 
sustainable development performance and environmental performance of firms with high TMT 
environmental backgrounds, while yielding greater financial performance enhancement for firms 
with low TMT environmental backgrounds. This occurs because TMT with environmental experience 
prioritize corporate green sustainability and exhibit heightened sensitivity and responsiveness to 
shifts in local fiscal sustainability. Such firms' strategic decisions increasingly favor maximizing long-
term sustainable value [83]. Companies prioritize AI deployment in environmental risk management 
and green value creation, simultaneously enhancing environmental performance while reducing the 
financial pressure from environmental costs. This elevates overall sustainable development 
performance. In contrast, companies with executives lacking environmental backgrounds primarily 
focus their strategies on maximizing short-term financial profits. AI deployment is concentrated in 
activities directly generating sales revenue and profit growth. This approach yields short-term gains 
in cost reduction, efficiency improvements, and enhanced financial performance. However, 
neglecting environmental performance support limits overall sustainable development outcomes. 

 

   

Fig. 4. Heterogeneity test results 
Note: From left to right, the figures represent sustainable development performance (SDP), 

financial performance (FP), and environmental performance (EP) 

 
5.3 Moderating Effect Analysis 

The following moderating model is developed in this study. In Eq. (6), Wit  represents the 
moderator variable, while AIit × Wit denotes the interaction term between the explanatory variable 
and the moderating variable. 

 
𝑆𝐷𝑃𝑖𝑡 = 𝛼0 + 𝛼1𝐴𝐼𝑖𝑡 + 𝛼2𝑊𝑖𝑡+𝛼3𝐴𝐼𝑖𝑡 × 𝑊𝑖𝑡 + 𝛼4𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑖𝑡 + 𝛿𝑖 + 𝜌𝑡 + 𝜀𝑖𝑡                                           (6) 

 
5.3.1 Moderating role of environmental regulatory intensity 

Environmental regulatory intensity is a key institutional factor governing corporate public 
environmental behavior. Existing research indicates that when facing stringent regulatory measures, 
enterprises may proactively reflect on their developmental shortcomings and actively advance ESG 
initiatives. They may further leverage AI technology to achieve integrated and coordinated 
development [84]. Alternatively, such regulations may increase operational burdens, diverting 
resources originally allocated for ESG development. This could weaken the performance-enhancing 
effects of AI [85]. 

The moderation model results for ERS are presented in Columns (1) to (3) of Table 9. The ERS×
AI interaction coefficient is significantly negative when the dependent variable is SDP or FP, and 
significantly positive when the dependent variable is EP. Environmental regulatory strength exerts a 
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negative moderating effect on AI's promotion of corporate sustainable development performance 
and financial performance enhancement. Conversely, it exerts a positive moderating effect on AI's 
promotion of corporate environmental performance improvement. The rationale is as follows: 
increased environmental regulatory intensity creates broader market demand and policy support for 
AI applications in environmental protection. This incentivizes enterprises to actively explore and 
adopt AI, amplifying its positive impact on environmental performance. However, excessive 
regulation also elevates compliance costs and diverts resources. Even though AI can optimize 
production processes and yield cost savings, these benefits may not materialize in the short term. 
Consequently, the financial performance gains from AI implementation are diminished. 

 
5.3.2 Modulating role of market competitiveness 

 Market competitiveness reflects the intensity of the external market environment faced by 
enterprises and indicates their own competitive position in the market. Existing research indicates 
that intense market competition may stimulate corporate drive. Companies may leverage AI to 
enhance core competitive advantages and achieve sustainable development [86]. Conversely, it may 
suppress corporate vitality, exacerbate market information asymmetry and monopoly risks [87], 
thereby weakening AI's performance-enhancing effects. 

 The moderation model results for Market Competition Intensity (MCI) are presented in columns 

(4) to (5) of Table 9. The MCI×AI interaction coefficient is significantly positive when the dependent 
variable is SDP or FP, but significantly negative when the dependent variable is EP. Market 
competitiveness intensity exerts a positive moderating effect on AI's promotion of sustainable 
development performance and financial performance enhancement. However, it exerts a negative 
moderating effect on AI's promotion of environmental performance enhancement. The reason may 
be as follows: In highly competitive markets, survival pressures compel enterprises to apply AI 
technology in areas that directly generate benefits, such as automated production and precision 
marketing. This amplifies the financial returns of AI. On the other hand, accelerated competition 
drives rapid changes in market demand. Simple efficiency improvements may be quickly imitated by 
competitors. To capture excess profits, enterprises leverage AI for product and business model 
innovation to achieve differentiation This fosters sustainable competitive advantages. Yet the same 
competitive pressures suppress corporate motivation to leverage AI for environmental performance 
enhancement. This is because improving environmental performance constitutes a positive external 
activity, which is benefiting society more broadly. Firms in competitive markets must prioritize 
safeguarding internal profits to maintain external market share, consequently curtailing AI 
investment in environmental dimensions. This limits AI's potential to elevate environmental 
performance [88]. 

 
6. Conclusions 
6.1 Research Findings 

 This study examines the impact of AI adoption on corporate sustainability performance by 
analyzing all listed companies in China from 2013 to 2023 using a multi-period DID model. AI 
application significantly enhances corporate financial and environmental performance, substantially 
improving overall sustainability outcomes. These findings remain robust after endogeneity tests and 
a series of sensitivity analyses. AI technology application promotes green technological innovation, 
enhances total factor productivity, and strengthens information acquisition capabilities, thereby 
positively influencing corporate sustainability performance. Heterogeneity analysis reveals that the 
positive effect of AI on sustainability is more pronounced when firms in non-heavy pollution or high-
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tech industries, and when their executives possess deeper environmental expertise. Further, the 
more rigorous environmental regulatory policies are, the feebler the promotional function AI has on 
enterprises’ sustainable development performance. The higher the market competitiveness, the 
stronger the driving effect of AI on corporate sustainable development performance. 

 
Table 9 
Moderating effects  

Variables 

Environmental Regulation Strength Market Competition Intensity 

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

SDP FP EP SDP FP EP 

AI 0.0067*** 0.0069*** 0.0171*** 0.0067*** 0.0073*** 0.0182*** 

 (0.0015) (0.0008) (0.0047) (0.0015) (0.0008) (0.0047) 

ERS -0.0154 0.0642** 0.3019*    

 (0.0350) (0.0252) (0.1821)    

ERS×AI -0.0642** -0.0186* 0.2045***    

 (0.0281) (0.0101) (0.0613)    

MCI    -0.0260*** -0.0402*** 0.0059 

    (0.0053) (0.0069) (0.0082) 

MCI×AI    0.0196*** 0.0158** -0.0396*** 

    (0.0051) (0.0065) (0.0101) 

Cons 0.2533*** 0.3051*** 0.0513 0.2745*** 0.3280*** 0.0163 

 (0.0348) (0.0194) (0.0871) (0.0345) (0.0194) (0.0878) 

Control 
Variables 

Yes Yes Yes Yes Yes Yes 

Fixed 
enterprise 

Yes Yes Yes Yes Yes Yes 

Fixed year Yes Yes Yes Yes Yes Yes 

N 21175 21175 21175 21175 21175 21175 
2R 0.424 0.618 0.518 0.428 0.638 0.517 

 
6.2 Policy Implications 

First, systematically refine the AI policy framework and optimize both the soft and hard 
environments for AI development. Governments should strengthen top-level design by establishing 
a multi-tiered AI governance structure involving governments, industry organizations, enterprises, 
and the public. Promote the widespread implementation of "AI+" initiatives. Regarding the soft 
environment, actively promote the orderly opening and cross-regional sharing of public data to 
provide a solid foundation for enterprise AI applications. For the hard environment, accelerate the 
construction of digital infrastructure such as computing power facilities, 5G networks, and industrial 
internet to provide technical support for enterprise AI deployment. Simultaneously, implement 
incentive measures like tax reductions and special subsidies to lower AI application costs for 
enterprises. 

Second, optimize environmental regulatory tools by effectively leveraging both government and 
market forces. When enterprises have comparable AI application levels, excessive environmental 
regulations and market monopolies alike hinder improvements in sustainable development 
performance. Governments should dynamically refine environmental regulatory approaches, shifting 
from "constraint-based" to "incentive-based" models. For instance, implement more market-
oriented environmental policy tools. Increase the activity of emissions trading markets, allowing 
enterprises to offset part of their carbon quotas with AI-optimized emission reductions. Reduce 
compliance costs for enterprises. Meanwhile, strengthen antitrust regulation to prevent leading 
enterprises from monopolizing the green AI technology market, ensuring equal participation across 
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all enterprise types. Only by appropriately leveraging both the "two hands" of government and 
market can we effectively enhance enterprises' sustainable development performance. 

Third, enterprises, particularly management, should broaden their understanding of the 
commercial and environmental value of AI applications. First, when investing in AI applications, 
enterprises must prioritize the transformation of AI into green technologies. Green innovation is 
pivotal to AI's contribution to sustainable development outcomes. Enterprises should foster deep 
collaboration with research institutions. By sharing R&D expertise in optimizing supply chain 
management, reducing resource waste, and intelligent marketing, companies can achieve 
continuous innovation and transform research outcomes into tangible value. Governments can also 
establish green technology transfer and conversion platforms to accelerate the commercialization 
and scaled application of green innovations, thereby energizing corporate sustainability. Secondly, 
enterprises must recognize AI's capacity to enhance efficiency. AI applications should be viewed as a 
core driver for enhancing total factor productivity, not merely as a technical upgrade. Develop clear 
AI investment strategies, prioritizing areas that yield significant efficiency gains. Guide resources 
toward environmentally friendly technologies and processes to achieve synergistic optimization of 
efficiency and sustainability. Third, enterprises should focus on AI's role in facilitating information 
access. Improved information disclosure quality and reduced information asymmetry help 
enterprises navigate external changes and advance sustainable development performance. 
Therefore, businesses must integrate AI applications with financial and environmental data systems. 
Ensure AI technologies contribute to information sharing and system interoperability. Regulatory 
bodies should also adapt to evolving disclosure methods in the AI era. Establish disclosure rules and 
standards to build long-term digital trust. 

Last, strengthen internal capacity building to prevent risks associated with AI applications. 
Companies should cultivate more talent with specialized AI knowledge and skills. Enhance 
environmental awareness training for executives and build reserves of multidisciplinary professionals. 
Conduct specialized training sessions focusing on how AI technologies can empower corporate 
sustainability. Provide targeted technical support and application consulting. Simultaneously, 
establish AI risk early-warning mechanisms. Monitor the energy consumption inherent to AI 
technologies, driving algorithm optimization to balance performance and energy usage. For emerging 
applications like Generative AI, establish ethics review committees. Clearly define boundaries and 
bottom lines for AI technology use to prevent risks and unsustainable development stemming from 
misuse. 

 
6.3 Research Limitations 

This study has the following limitations: (1) Limitations of causal inference. Although PSM-DID 
was employed to mitigate endogeneity issues, estimation biases stemming from "selection bias" 
cannot be entirely excluded [89]. Additionally, the experimental group policy may generate 
knowledge spillover or competitive effects on surrounding non-experimental group firms, thereby 
contaminating the control group. This leads to conservative DID estimation results. (2) Limitations in 
variable measurement. This study uses location within an AI policy zone as a proxy for corporate AI 
adoption. This relatively indirect measurement fails to precisely capture actual AI implementation 
levels or application domains. (3) Limitations in sample scope. The sample focuses on companies 
listed on the Shanghai and Shenzhen A-share markets from 2013 to 2023. The sample has limited 
coverage of enterprise types and industries and does not account for non-listed companies.  
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6.4 Research Outlook 
According to the research limitations, future research can be carried out in the following aspects. 

First, future studies could employ more refined identification strategies and models, such as using 
spatial Durbin models to estimate AI policy spillover effects on neighboring firms. This would enable 
more accurate identification of the net effect of AI policies on sustainable development performance. 
Second, future research may employ more granular indicators, such as AI patent counts or survey 
data. Last, subsequent research could attempt to include more types of enterprises, such as small 
and medium-sized enterprises (SMEs) and non-listed companies. Additionally, cross-country 
comparative studies could be conducted to explore the similarities and differences in AI impacts 
under varying national institutional frameworks, market environments, and cultural contexts, 
thereby enhancing the comprehensiveness of the findings. 
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Notes  
i. The LP method employs a C-D production function, using intermediate factor inputs as a proxy variable for 

estimating TFP. Specifically, intermediate factor inputs are measured as the sum of operating costs, administrative 
expenses, and sales expenses minus wages paid to employees. 

ii. The collection standards for pollution discharge fees have changed with policy shifts. Since 2018, pollution 
discharge fees have been levied in the form of environmental protection taxes. 

iii. According to the Guidelines for Industry Classification of Listed Companies revised by the China Securities 
Regulatory Commission in 2012 and the Catalog of Industry Classification Management for Environmental 
Protection Verification of Listed Companies published by the Ministry of Environmental Protection in 2008, 
industries with codes B06, B07, B08, B09, C15, C17, C18, C19, C22, C25, C26, C27, C28, C29, C31, C32, D44, and 
D45 are defined as heavily polluting industries. All others are classified as non-heavily polluting industries. 
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iv. Industry codes C26, C27, C28, C34, C35, C36, C37, C38, C39, C40, I63, I64, I65, M73, and M74 are defined as high-
tech industries. All others are classified as non-high-tech industries. 

v. Keywords include "environment" "environmental protection" "new energy" "clean energy" "ecology" "low-
carbon" "sustainable" "energy conservation" and "green". 
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