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Abstract

As global sustainable development increasingly intersects with rapid advances in artificial
intelligence (AI), understanding how emerging technologies reshape corporate environmen-
tal, social, and governance (ESG) behavior has become essential. This study investigates
the role of artificial intelligence adoption in shaping firms’ ESG performance and analyzes
the channels through which such effects are realized. Panel data on Chinese A-share listed
tourism enterprises for the period 2013–2023 were used in the analysis. Grounded in corpo-
rate social responsibility theory and stakeholder theory, the empirical analysis indicates
that the adoption of artificial intelligence is positively associated with improved ESG per-
formance among tourism enterprises. Further analysis suggests that AI adoption positively
affects ESG performance mainly through two channels: customer base diversification and
improvements in corporate reputation. Moderating effect tests reveal that climate risk
strengthens the promoting effect of AI on ESG performance, while media attention weakens
this effect. The heterogeneity results indicate that the positive impact of AI adoption on
ESG performance is stronger among firms facing less government environmental scrutiny
and those operating outside the culture, sports, and entertainment sectors. These findings
deepen the understanding of how emerging technologies support sustainable corporate
development in the tourism industry and provide evidence that may assist policymakers
in promoting the coordinated advancement of AI applications and green governance.

Keywords: tourism enterprises; ESG performance; artificial intelligence

1. Introduction
As a core component of the culture and tourism sector, tourism enterprises have

exhibited strong growth momentum owing to policy support, market expansion, and
technological advancement. After the severe shock imposed by the COVID-19 outbreak in
2020, the tourism sector experienced a swift rebound, with tourism revenues maintaining a
steady growth trajectory. Within this context, China occupies a distinctive position in the
global tourism landscape. Its research significance arises not only from its rich historical and
cultural foundations but also from the scale, dynamism, and substantial economic weight
of its tourism industry. According to the China Statistical Yearbook published by China’s
National Bureau of Statistics, domestic tourism revenue in China was approximately CNY
5.73 trillion in 2019, before the COVID-19 outbreak. Although the pandemic led to a pro-
nounced downturn in subsequent years, the industry exhibited a notable recovery, with
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tourism revenue rebounding to about CNY 5.75 trillion in 2024 (Figure 1). This recovery
underscores the economic and social significance of the tourism sector, which functions
as an important pillar of the national economy by supporting enterprise development,
employment creation, and cultural exchange. Accordingly, examining the development tra-
jectories and management strategies of Chinese tourism enterprises is crucial for enhancing
firm competitiveness and promoting industry upgrading.
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Figure 1. Domestic tourism revenue and year-on-year growth rate (2016–2024). Source: National
Bureau of Statistics of China (2025), China Statistical Yearbook 2025.

In recent years, rising global temperatures have been associated with an increasing
incidence of extreme weather phenomena, exerting substantial pressure on natural ecosys-
tems (Choi, 2024). In addition to major exogenous shocks affecting the tourism sector,
its strong reliance on natural and climatic conditions also exposes it to climate-related
risks. Extreme weather events not only threaten human health and livelihoods but also
undermine the attractiveness of tourism destinations (Hillmann & Guenther, 2021).

The concept of ESG emerged in the early 2000s within the United Nations Global
Compact framework, aiming to evaluate corporate sustainability through environmental,
social, and governance dimensions. Building on this foundation, the United Nations
advanced the global sustainability agenda in 2015 by launching the 2030 Agenda for
Sustainable Development, which set out 17 Sustainable Development Goals (Gidage &
Bhide, 2025). As an industry highly dependent on natural resources, tourism faces an urgent
need for green transformation and must actively implement ESG principles. Therefore,
exploring the intrinsic motivations of tourism enterprises to improve their ESG performance
has become a critical research topic.

Artificial intelligence (AI) has emerged as a strategic general-purpose technology
shaping contemporary technological progress and industrial development. According to
data released by the market research firm Precedence Research, the global AI market size
reached USD 638.23 billion in 2024. The firm projects that the market will grow from an
estimated USD 757.58 billion in 2025 to approximately USD 3680.47 billion by 2034, repre-
senting a compound annual growth rate (CAGR) of approximately 19.20% over the forecast
period (2025–2034). At the macro level, AI is characterized by its penetrative, substitutive,
synergistic, and creative capabilities, enabling deep integration with various economic and
social sectors (Huang & Rust, 2020). It exerts profound influences on economic growth,
employment, income distribution, productivity, technological innovation, and industrial
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structure (Brynjolfsson et al., 2017; Aghion et al., 2017). At the enterprise level, AI empow-
ers organizations in activities such as decision-making, task automation, employee and
performance management, customer relations, risk management, and innovation manage-
ment (Fang & Lv, 2023; Gama & Magistretti, 2023; Shaik et al., 2023). AI contributes not
only to firms’ competitive positioning but also to the technological foundations of ESG
improvement. Accordingly, this study analyzes the relationship between AI adoption and
ESG performance in tourism enterprises, with a focus on the mechanisms at work. As
digital transformation increasingly intersects with sustainability objectives, the role of tech-
nological change in shaping ESG practices within service industries has attracted growing
scholarly attention. Studies indicate that the role of technology exhibits a dual nature:
while it enhances operational efficiency and governance transparency, it may also introduce
new challenges due to contextual variations (Efthymiou et al., 2023). Differences in the
applicability of technology across varying contexts often result in distinct ESG performance
characteristics, underscoring the moderating role of external environments and internal
conditions in shaping the effectiveness of technology-enabled outcomes.

Prior studies have largely examined the economic implications of AI, whereas firm-
level evidence from the tourism industry remains relatively scarce. In particular, the
pathways through which AI shapes enterprise-level ESG performance and the conditions
under which such effects vary have not been rigorously identified. Against this background,
this study seeks to address the following research questions. First, does the application
of artificial intelligence enhance the ESG performance of tourism enterprises? Second,
through which mechanisms do AI application influence firms’ ESG outcomes, particularly
in terms of customer diversification and corporate reputation? Third, how do external
contextual factors, such as climate risk and media attention, condition the relationship
between AI application and ESG performance?

To answer these questions, this study draws on corporate social responsibility theory
and stakeholder theory and employs firm-level data on Chinese A-share listed tourism
enterprises over the period 2013–2023. Using panel regression models complemented by
instrumental variable and matching-based estimations, the analysis examines both the
direct effects of AI adoption on ESG performance and the underlying mechanisms and
boundary conditions.

This study contributes to the literature in three important ways. First, it introduces
artificial intelligence into the analysis of ESG performance in tourism enterprises, thereby
extending existing research on sustainability in the tourism sector. Second, it moves
beyond a purely correlational perspective by identifying the mechanisms through which
AI application influences ESG outcomes. Third, it explicitly analyzes how climate risk
and media attention, as salient external conditions, moderate the relationship between AI
application and ESG performance, clarifying when and in what contexts AI adoption is
more likely to translate into improved corporate sustainability.

2. Theoretical Background and Hypothesis Developments
2.1. Theoretical Background

Understanding the relationship between AI application and ESG performance requires
a theoretical perspective that goes beyond technological efficiency and focuses on firms’
responsibilities toward a broad set of stakeholders. ESG performance reflects how firms
manage their environmental impacts, social responsibilities, and governance practices,
all of which are shaped by strategic decisions regarding resource allocation, information
disclosure, and stakeholder engagement (Galbreath, 2012). In this sense, the implications
of AI adoption are not limited to operational outcomes but also extend to how firms fulfill
their broader social and environmental obligations.
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Corporate social responsibility (CSR) theory provides a foundational framework for
examining why firms engage in ESG-related activities. This theory emphasizes that firms
are expected to pursue economic objectives while simultaneously addressing social and
environmental concerns (Ali et al., 2017). Digital technologies, including AI, can enhance
the feasibility and effectiveness of CSR practices by improving firms’ ability to monitor
environmental performance (Liu et al., 2024), deliver socially responsible services, and
implement governance mechanisms. From this perspective, AI adoption can be understood
as a strategic tool that enables firms to better align economic performance with social and
environmental responsibility.

Stakeholder theory further complements this view by emphasizing the role of multiple
stakeholder groups in shaping corporate behavior. Firms operate within a network of
stakeholders, including customers, employees, suppliers, regulators, and the broader
public, whose expectations and pressures influence managerial decision-making (Friedman
& Miles, 2002). AI reshapes these relationships by altering information flows, service
interactions, and governance processes (Peltier et al., 2023). By enabling more personalized
services, enhanced transparency, and improved risk management (Aziz & Dowling, 2019),
AI can affect how firms respond to stakeholder demands and, consequently, how ESG
outcomes are generated. Together, CSR theory and stakeholder theory provide an integrated
analytical lens for understanding the mechanisms and boundary conditions through which
AI application influences ESG performance in tourism enterprises.

It is also important to note that existing studies commonly rely on ESG ratings as prox-
ies for corporate sustainability performance, yet such measures are not without limitations.
ESG ratings are inherently normative in nature and may reflect firms’ disclosure strategies,
regulatory compliance, or institutional expectations rather than purely objective sustain-
ability outcomes (Gangwani & Kashiramka, 2024). Rating-based distortions may arise due
to differences in information disclosure quality, rating methodologies, and country-specific
regulatory environments. In emerging economies such as China, ESG assessments may be
particularly sensitive to institutional contexts and policy orientations, which raises concerns
regarding cross-firm and cross-industry comparability. Recognizing these limitations is
essential for interpreting empirical findings and highlights the importance of conducting
robustness checks and adopting a cautious interpretation of ESG-related results.

2.2. AI Application and ESG Performance

The digital economy has been widely recognized as a key driver of productivity
growth and process efficiency in the real economy (Brynjolfsson & Hitt, 2000). Within the
tourism sector, digital transformation facilitates consumption upgrading and enhances
tourism performance by improving infrastructure provision and market-based allocation of
production factors, thereby supporting the sustained and efficient development of tourism
activities. At the firm level, the digital transformation of tourism enterprises relies on the
effective use of data generated through tourism-related economic activities, encompassing
data acquisition, management, and utilization (Jiang & Jin, 2022). Through these processes,
firms can optimize resource allocation and service workflows, improve service quality, and
promote high-quality development across the industry (X. Chen et al., 2023).

As a core component of digital transformation, AI reshapes how tourism enterprises
organize production, deliver services, and make managerial decisions. For managers, AI
enhances organizational efficiency by altering managerial workflows and operational mod-
els while simultaneously improving the quality of decision-making. From the perspective
of consumers, AI enables more responsive and convenient service experiences, thereby
strengthening firms’ market competitiveness.
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In terms of operational mechanisms, AI technologies contribute to tourism enter-
prises through several interrelated channels. First, AI-driven ambient intelligence and
intelligent recommendation systems enhance service personalization by adapting service
environments and matching tourism products with individual preferences (Bulchand-
Gidumal, 2022; Ukpabi et al., 2019). Second, AI facilitates cost management by streamlining
operations and reducing dependence on labor inputs. Advances in connectivity, cloud
infrastructure, and algorithmic capabilities support scalable personalized service delivery
(Ahani et al., 2019), while automation technologies significantly reduce labor costs and
reshape workforce structures in the tourism sector (Borges et al., 2021; Frey & Osboene,
2017). Third, AI improves operational coordination and responsiveness in complex service
scenarios, generating efficiency gains across stakeholder networks that include employees,
suppliers, and partners (Azis et al., 2020). For example, AI-based voice assistants can
handle routine inquiries and support frontline staff in addressing more complex tasks
through human–machine collaboration (Wilson & Daugherty, 2018).

Beyond operational efficiency, AI application may also have important implications for
firms’ ESG performance. At the environmental level, digital technologies enable tourism en-
terprises to monitor energy consumption and waste generation, optimize resource use, and
support more sustainable operations (Li et al., 2024). From the social perspective, AI-driven
platforms can improve service accuracy and responsiveness, thereby enhancing customer
satisfaction and stakeholder engagement. In terms of corporate governance, digitalization
tends to increase operational transparency, ease information asymmetry, and strengthen
internal control through improved risk identification and compliance monitoring.

However, despite these plausible links, the existing literature does not yet provide
a clear and consistent conclusion on whether AI adoption systematically improves firms’
overall ESG performance, particularly at the firm level and within service-oriented indus-
tries such as tourism. Prior studies have often emphasized aggregate economic outcomes
or focused on specific sustainability dimensions, leaving relatively limited and sometimes
mixed evidence on how AI translates into comprehensive ESG performance. Moreover, the
mechanisms through which AI affects ESG outcomes, as well as the contextual conditions
under which these effects vary, remain insufficiently examined. Accordingly, building on
the above discussion, this study tests the direct relationship between AI application and
ESG performance in tourism enterprises and proposes the following hypothesis:

H1. The application of AI technologies is linked to better ESG outcomes among tourism enterprises.

2.3. Mediating Mechanisms

While AI application may exert a direct influence on ESG performance, its effects are
more likely to be realized through specific organizational and market-level mechanisms.
According to corporate social responsibility theory and stakeholder theory, firms translate
technological capabilities into ESG outcomes by reshaping their interactions with stake-
holders and by accumulating intangible assets that support responsible behavior. In the
context of tourism enterprises, changes in customer structure and corporate reputation rep-
resent two particularly important channels through which AI adoption can influence ESG
performance. Accordingly, this study focuses on customer diversification and corporate
reputation as key mediating mechanisms linking AI application to ESG outcomes.

2.3.1. Customer Diversity as a Mediator

Corporate social responsibility (CSR) theory emphasizes that firms are expected to
pursue economic objectives while simultaneously fulfilling social and environmental re-
sponsibilities in order to enhance overall social welfare. In the tourism industry, the
fulfillment of social responsibility is closely linked to tourist loyalty and firm competi-
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tiveness (Shen, 2012). In service-oriented contexts such as hospitality, well-designed CSR
initiatives can foster positive psychological responses among consumers and strengthen
brand advocacy, highlighting the strategic importance of socially responsible practices.

Stakeholder theory further suggests that firms must balance the interests of multiple
stakeholder groups, including tourists, local residents, enterprises, and government author-
ities (Ahmad et al., 2023). Within this framework, customer diversification represents a
concrete way through which tourism enterprises respond to heterogeneous stakeholder
demands (Xu et al., 2024). By offering personalized service solutions tailored to different
customer groups, firms can serve a broader and more diverse customer base, thereby
promoting social inclusion and stability. This aligns closely with the “social” dimension
of ESG, which emphasizes the integration of social value creation with sustainable eco-
nomic development.

Artificial intelligence provides important technological support for achieving customer
diversification. First, AI enhances resource coordination and information dissemination
within tourism enterprises, improving tourists’ perceptions of attractions, services, trans-
portation, and comfort (C. F. Chen & Tsai, 2007). Second, through human–computer
interaction and data-driven decision-making, AI-enabled systems analyze consumer pref-
erences and identify latent demand, enabling firms to design personalized services and
expand their target markets. Existing evidence indicates that AI adoption facilitates the
expansion and diversification of customer segments (Zhong et al., 2025). In summary,
AI application can promote customer diversification, which in turn strengthens the so-
cial dimension of ESG performance in tourism enterprises. Accordingly, we propose the
following hypothesis:

H2. The application of AI can increase customer diversity in tourism enterprises, thereby enhancing
their ESG performance.

2.3.2. Corporate Reputation as a Mediator

Corporate reputation reflects the collective perceptions and evaluations of a firm
formed by its stakeholders over time based on past behavior and performance. In the
tourism industry, where service quality and customer experience are central to value
creation, corporate reputation constitutes a critical intangible asset. A favorable reputation
conveys credibility and reliability, signaling that a firm is capable of honoring commitments
and effectively managing risks (Gatzert, 2015). Such signals reduce information costs for
customers, investors, and business partners, thereby facilitating access to high-quality
capital and human resources.

Beyond its signaling function, corporate reputation also shapes firms’ incentives to
engage in responsible behavior. As ESG considerations become increasingly salient in
capital markets, reputational risk is closely linked to financing conditions and market
valuation. Empirical evidence suggests that reputational concerns are positively associated
with firms’ cost of capital, implying that reputational damage can impose tangible economic
penalties (Becchetti et al., 2023). To mitigate such risks, firms are more likely to internalize
social responsibility and proactively manage environmental, social, and governance issues.
Through these channels, corporate reputation contributes to improved ESG performance
by both externally transmitting positive signals and internally reinforcing responsible
managerial behavior.

AI provides new pathways through which tourism enterprises can build and maintain
corporate reputation. By analyzing consumer behavior and preferences, AI enables firms to
deliver more precise marketing strategies and customized services, thereby enhancing cus-
tomer satisfaction and strengthening positive market perceptions (Dubey et al., 2019; Qian
& Xu, 2019). In addition, AI-driven data processing technologies facilitate the integration of
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internal and external information, reducing information costs and improving operational
transparency. For example, intelligent inventory and demand forecasting systems can
enhance resource efficiency while controlling costs, contributing to an image of responsible
and well-managed operations.

Moreover, AI-supported customer feedback systems and public sentiment monitoring
tools allow firms to shift from reactive reputation management to a more proactive and
continuous governance approach. By systematically identifying stakeholder concerns and
adjusting service and management practices in a timely manner, tourism enterprises can
form a virtuous cycle of “demand identification, service optimization, and reputation
accumulation” (Zhao, 2021). Through this process, AI adoption strengthens corporate repu-
tation, which in turn facilitates the translation of technological capabilities into enhanced
ESG performance. Thus, Hypothesis 3 is proposed:

H3. AI enhances the ESG performance of tourism enterprises by elevating their corporate reputation.

2.4. Moderating Effects
2.4.1. Moderating Effect of Climate Risk

Increasing climate risk reduces enterprise total factor productivity (Song et al., 2023),
while extreme high-temperature weather directly decreases business revenue (Pankratz
et al., 2023). As an industry that relies heavily on natural conditions and environmental
stability, tourism is particularly vulnerable to climate-related shocks. Climate risk not
only affects tourism demand but also poses substantial challenges to firms’ crisis response
capacity and resource allocation efficiency.

Existing studies indicate that firms operating in regions exposed to higher climate
risk tend to exhibit greater engagement in corporate social responsibility activities (Ozkan
et al., 2023), as climate-related pressures incentivize companies to increase investments in
sustainability and social responsibility initiatives (Mbanyele & Muchenje, 2022). In this
context, digital technologies play an increasingly important role in helping enterprises an-
ticipate and manage climate-related disruptions. By enabling firms to analyze climate risks
and demand patterns, digital tools facilitate timely responses to extreme weather events
and operational shocks (Dubey et al., 2022). For tourism enterprises, artificial intelligence
constitutes a critical technological support for enhancing risk management capabilities,
ensuring tourist safety, reducing asset losses, and maintaining operational continuity. As
a result, firms operating in high climate risk environments face stronger incentives to
adopt AI technologies and to deploy them in ways that support sustainability-oriented
objectives. Under such conditions, AI adoption is more likely to translate into observable
improvements in ESG performance. Accordingly, we propose the following hypothesis:

H4. Climate risk positively moderates the relationship between AI application and the ESG
performance of tourism enterprises.

2.4.2. Moderating Effect of Media Attention

The media plays a dual role in corporate governance by serving both as an information
intermediary and as an external monitoring mechanism. Through professional reporting,
media coverage reduces information asymmetry between firms and investors, while public
scrutiny generated by media attention exerts reputational pressure that can influence
corporate decision-making.

In the context of AI application, a moderate level of media attention can function
as an external incentive, encouraging tourism enterprises to utilize AI technologies to
enhance service quality and environmental performance in order to maintain a favorable
social image and market reputation. Relevant media reporting may also help stakeholders
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recognize the sustainability potential of AI, thereby accelerating the realization of ESG-
related benefits (Jia et al., 2016). However, for tourism enterprises that are highly visible and
reputation-sensitive, excessive media attention is more likely to generate countervailing
effects. Heightened scrutiny can induce firms to adopt more conservative strategies due to
concerns over potential controversies associated with AI application, such as data privacy
risks or algorithmic accountability issues, and may amplify negative public perceptions of
emerging technologies. As a result, firms may become more cautious in experimenting with
or fully deploying AI applications, which constrains innovation incentives and weakens
the translation of AI adoption into ESG improvements (S. Wen & Zhou, 2017). Thus,
although media attention can exert a disciplining effect under certain conditions, we
argue that excessive media scrutiny in the tourism industry is more likely to constrain the
ESG-enhancing role of AI adoption. Accordingly, we propose the following hypothesis:

H5. Media attention negatively moderates the relationship between AI application and the ESG
performance of tourism enterprises.

2.5. The Study Framework

Based on corporate social responsibility theory and stakeholder theory, this study
constructs a theoretical framework linking AI application to ESG performance in tourism
enterprises. As shown in Figure 2, AI application affects ESG performance both directly and
indirectly through customer diversification and corporate reputation, while climate risk
and media attention act as moderating factors that shape the strength of this relationship.

 

Figure 2. The study framework.

3. Methodology
3.1. Data

The sample consists of Chinese A-share listed tourism enterprises observed over the
period 2013–2023. Information on AI-related activities was identified through keyword
searches of firms’ annual reports, while firm-level financial and control variables were ob-
tained from the CSMAR database. ESG performance data were sourced from the Huazheng
ESG rating system. The dataset was further processed by excluding observations with
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missing key variables, abnormal values, and special treatment firms such as ST and PT
companies. To mitigate the influence of extreme values, all continuous variables were
winsorized at the 1% level. After data cleaning, the final sample included 868 firm-year
observations covering 133 tourism enterprises.

3.2. Model Specification
3.2.1. Baseline Model Specification

We estimate the following baseline model (1) to analyze the effect of AI adoption on
firms’ ESG outcomes:

ESGit = α0 + α1lnAIit + θcontrolit + λj + µt + εit (1)

In the specification, α0 represents the constant term, while α1 and θ are the influence
coefficients of the variables. Subscripts i and t refer to firms and years, respectively. ESG
represents the dependent variable measuring firms’ ESG performance, and lnAI denotes
the core explanatory variable reflecting the extent of AI application. Control is a vector of
control variables. Fixed effects λj and µt are included to account for unobserved industry
heterogeneity and year specific shocks, and ε is the error term.

3.2.2. Mediating Effect Model Specification

Following the mediation analysis framework developed by (Z. Wen & Ye, 2014),
this study constructs a mediating effect model to examine Hypotheses 2 and 3, as
specified below.

M = β0 + β1lnAIit + θcontrolit + λj + µt + εit (2)

ESGit = γ0 + γ1lnAIit + γ2M + θcontrolit + λj + µt + εit (3)

where M refers to the mediators, namely, corporate reputation (Rep) and customer diversi-
fication (CD), while the definitions of other variables follow the baseline regression.

3.2.3. Moderating Effect Model Specification

This study constructs moderating effect models. Both the explanatory and moderating
variables are centralized, and their interaction terms are included. Models (4) and (5) are
specified as follows:

ESGit = δ0 + δ1lnAIit + δ2CPRIit + δ3 c_lnAIit × c_CPRIit + θcontrolit + λj + µt + εit (4)

ESGit = δ0 + δ1lnAIit + δ2MAit + δ3 c_lnAIit × c_MAit + θcontrolit + λj + µt + εit (5)

where c_lnAI × c_CPRI denotes the interaction between the mean-centered AI adoption
variable (lnAI) and climate risk (CPRI), and c_lnAI × c_MA captures the interaction be-
tween mean-centered AI application and media attention (MA). The remaining variables
are specified in line with the baseline model.

To facilitate clarity, the empirical models are explicitly linked to the hypotheses tested
in this study. Model (1) examines the baseline relationship between AI application and
ESG performance and is used to test Hypothesis 1. Models (2) and (3) introduce customer
diversification and corporate reputation as mediating variables to examine Hypotheses
2 and 3, respectively, as well as the corresponding mediation effects. Models (4) and
(5) incorporate interaction terms between AI application and climate risk and media
attention to test the moderating effects proposed in Hypotheses 4 and 5. This explicit
mapping ensures transparency in the empirical design and clarifies how each hypothesis is
empirically evaluated.
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3.3. Variable
3.3.1. Explained Variable

ESG performance (ESG). Firm-level ESG performance is proxied by the Huazheng
ESG rating, which has been extensively used in studies of Chinese listed firms and is
closely aligned with China’s regulatory and institutional environment (Lu et al., 2023). The
Huazheng ESG rating provides a comprehensive assessment across environmental, social,
and governance dimensions, making it suitable for evaluating sustainability performance
among service-oriented firms such as tourism enterprises. Firms are classified into nine
rating levels, each corresponding to a numerical score ranging from 1 to 9. Following
standard practice, the average score over four quarters is used as the annual ESG indicator.
To ensure robustness, the Bloomberg ESG score is employed as an alternative measure.

3.3.2. Explanatory Variable

AI application (AI). The extent of AI adoption is measured by the logarithm of one
plus the frequency of AI-related keywords disclosed in firms’ annual reports (lnAI). As a
robustness check, an alternative measure is constructed using the logarithm of one plus the
number of AI-related keywords appearing in the Management Discussion and Analysis
section of the annual reports (lnAI_MD&A) (Yao et al., 2024).

3.3.3. Mediating Variables

Customer Diversification (CD). Customer diversification is proxied by the share of
annual sales derived from customers other than the top five, with the corresponding concen-
tration measure constructed from the sales share of the top five customers (Wu & Yao, 2023).

Corporate Reputation (Rep). Corporate reputation is measured using a comprehen-
sive evaluation system consisting of 12 indicators across four dimensions, comprising
consumers and society, creditors, shareholders, and the enterprise itself. These indica-
tors are synthesized into a composite score through factor analysis, which is used as the
proxy for corporate reputation. Higher values of this index indicate a stronger corporate
reputation (Guan & Zhang, 2019).

3.3.4. Moderating Variables

Climate Risk (CPRI). Following existing research (Guo et al., 2024), the China Provin-
cial Climate Risk Index is constructed based on raw meteorological data from the National
Oceanic and Atmospheric Administration (NOAA). The index is constructed based on
provincial-level records of extreme weather events, including days with unusually low
or high temperatures, extreme precipitation, and severe droughts, covering all Chinese
provinces over the period 2003–2023. These indicators are standardized and aggregated
into a composite measure that captures regional physical climate risk.

Media Attention (MA). Media attention is measured as the natural logarithm of one
plus the annual count of online news articles referencing the firm.

Table 1 presents the definitions and measurements of the key variables used in
this study.

Table 2 reports the descriptive statistics for the main variables. The mean ESG score
is 4.14, indicating that the overall ESG performance of tourism enterprises is relatively
modest and generally falls within the BBB–C rating range. This suggests that, on average,
ESG practices in the tourism sector remain at an early to intermediate stage of develop-
ment. Moreover, an ESG score with a median value of 4.000 and a standard deviation of
1.082 indicates that the overall ESG performance of tourism enterprises is moderate but
exhibits noticeable dispersion across firms.
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Table 1. Variable definitions.

Variable Variable Name Type Variable Symbol

Explanatory Variable Corporate AI Application lnAI
Corporate AI Application (Alternative Measure) lnAI_MD&A

Explained Variable Huazheng ESG Rating ESG
Bloomberg ESG Score (Alternative Measure) BloombergESG

Mediating Variables Customer Diversification CD
Corporate Reputation Rep

Moderating Variables Climate Risk CPRI
Media Attention MA

Control Variables

Return on Assets ROA
Tobin’s Q TobinQ
Firm Size Size
Firm Age Age

Leverage Ratio Lev
Board Size Board

CEO Duality Dual
Ownership Concentration Top1

Nature of Ownership SOE
Separation of Control and Ownership Separation

Corporate Cash Flow Cash
Proportion of Independent Directors Indep

Table 2. Descriptive statistics (N = 868).

Variable Name Mean SD Min Median Max

ESG 4.140 1.082 1.250 4.000 6.750
lnAI 1.072 1.053 0.000 0.693 3.738
ROA 0.021 0.081 −0.367 0.029 0.194
Age 2.900 0.331 1.946 2.944 3.526

TobinQ 2.614 2.118 0.815 1.894 13.995
Dual 1.759 0.428 1.000 2.000 2.000
Board 2.322 0.263 1.609 2.303 3.045
Indep 0.380 0.079 0.231 0.364 0.625
Top1 0.381 0.166 0.077 0.376 0.760
Lev 0.462 0.218 0.079 0.431 0.982
Size 22.679 1.400 20.273 22.399 26.457
Cash 0.046 0.074 −0.233 0.051 0.259
SOE 0.537 0.499 0.000 1.000 1.000

Separation 3.971 6.870 0.000 0.000 27.698

Regarding AI application, the mean value of lnAI is 1.072, with a standard deviation
of 1.053. This distribution implies pronounced variation in the extent of AI application
across enterprises. Notably, the minimum value of zero indicates that a subset of firms has
not yet engaged in AI-related activities, while the relatively high maximum value shows
that some firms have already achieved a comparatively advanced level of AI adoption.
Overall, these statistics suggest that AI diffusion in the tourism industry remains uneven
and is still in an early stage of development.
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4. Results
4.1. Baseline Regression

With respect to control variables, firms with higher profitability, larger size, greater
ownership concentration, and a higher proportion of independent directors tend to exhibit
better ESG performance. In contrast, leverage and firm age are negatively associated with
ESG scores. The coefficients on Tobin’s Q, CEO duality, board size, cash holdings, and own-
ership separation are not statistically significant. Overall, the adjusted R2 increases from
0.123 to 0.354 after the inclusion of control variables, indicating a substantial improvement
in explanatory power.

Table 3 reports the baseline regression results examining the relationship between
AI application and ESG performance. Column (1) presents the estimation results without
control variables, while Column (2) incorporates a full set of firm-level controls as well
as industry and year fixed effects. In Column (1), the coefficient on lnAI is positive and
statistically significant at the 1% level, with an estimated value of 0.140, indicating a strong
unconditional association between AI application and ESG performance.

Table 3. Regression results: AI and tourism enterprises’ ESG performance.

(1) (2)

ESG ESG

lnAI 0.140 *** 0.082 **
(0.039) (0.035)

ROA 1.915 ***
(0.553)

Age −0.338 ***
(0.107)

TobinQ −0.014
(0.018)

Dual −0.078
(0.080)

Board −0.098
(0.122)

Indep 1.084 ***
(0.404)

Top1 0.556 **
(0.218)

Lev −0.823 ***
(0.193)

Size 0.253 ***
(0.030)

Cash 0.227
(0.506)

SOE 0.501 ***
(0.083)

Separation −0.006
(0.004)

_cons 3.989 *** −0.842
(0.052) (0.797)

Industry YES YES
Year YES YES

N 868 868
Adj.R2 0.123 0.354

Note: *** and ** indicate significance at the 1% and 5% levels, respectively. Robust standard errors are reported in
parentheses. Industry and year fixed effects are included in all specifications.
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After the inclusion of control variables in Column (2), the coefficient on lnAI remains
positive and statistically significant at the 5% level, although its magnitude declines to
0.082. This reduction suggests that part of the baseline association is related to observable
firm characteristics. However, the persistence of a statistically significant coefficient with
a comparable order of magnitude indicates that the positive relationship between AI
application and ESG performance is not solely driven by firm-level covariates. These
results provide empirical support for H1.

Regarding the control variables, firms with higher profitability, larger size, greater
ownership concentration, and a higher proportion of independent directors tend to exhibit
better ESG performance, while leverage and firm age are negatively associated with ESG
scores. The adjusted R2 increases substantially from 0.123 to 0.354 after the inclusion of
control variables, indicating a notable improvement in explanatory power.

4.2. Robustness Tests
4.2.1. Robustness Check

Before presenting the robustness checks, it is important to acknowledge a potential
source of measurement bias arising from the proxy used to capture AI application. Specif-
ically, measuring AI adoption through keyword frequency in firms’ annual reports may
partly reflect disclosure intensity or strategic signaling, rather than the actual depth of
technological implementation. Differences in reporting practices across firms may therefore
lead to measurement noise. To address this concern, we conduct a series of robustness
checks and alternative specifications. These include instrumental variable estimation,
propensity score matching, and alternative model settings, which help mitigate potential
bias and strengthen the credibility of the baseline results.

First, the regression is re-estimated using the Bloomberg ESG score, which ranges
from 0 to 100, as an alternative measure of ESG performance. Second, the core explanatory
variable is replaced by the logarithm of one plus the frequency of AI-related keywords
appearing in the Management Discussion and Analysis section of firms’ annual reports.
Third, to account for possible delayed effects of AI application, the one-period lag of the
AI variable is incorporated into the regression model. Fourth, observations from the year
2020 are excluded to alleviate the influence of extraordinary external shocks that substan-
tially disrupted tourism activities worldwide, including widespread mobility constraints
and sharp changes in travel demand. Fifth, the sample is further restricted to the period
after 2019, taking into consideration the introduction of national-level guidelines on the
governance of artificial intelligence issued in this year. The regression results in Table 4
demonstrate that the positive effect of AI application on ESG performance remains stable
across all robustness checks, providing further support for H1. Moreover, the estimated
coefficients on AI application remain within a comparable range across alternative specifi-
cations, including different ESG measures, alternative AI proxies, lagged variables, and
subsample analyses. This consistency in magnitude suggests that the robustness of the
results reflects substantive stability in the AI–ESG relationship, rather than merely repeated
statistical significance.

4.2.2. Endogeneity Tests

To address potential endogeneity concerns, this study employs two instrumental
variables. The first IV is the one-period lagged AI variable (IV1), used to mitigate endogene-
ity. Column (1) of Table 5 presents the first-stage results of the 2SLS regression, with IV1
yielding a coefficient of 0.696, which is statistically significant at the 1% level. The second
IV (IV2) is constructed as the interaction between a firm’s deviation from the annual mean
AI level across all firms and the one-period lagged AI variable (Goldsmith-Pinkham et al.,
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2020). Column (3) of Table 6 reports the first-stage results for IV2, where the coefficient is
0.514, also significant at the 1% level. For both IVs, the Kleibergen–Paap rk Wald F-statistics
significantly exceed the critical values from the Stock–Yogo weak instrument test, confirm-
ing that the instruments are not weak. Additionally, the Anderson LM test rejects the null
hypothesis, further indicating that the instruments have strong explanatory power. The
second-stage regression results for both models are significantly positive, reinforcing the
robustness of the main findings.

Table 4. Robustness tests.

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

Alternative
Dependent

Variable

Alternative
Explanatory

Variable

Lagged
Explanatory

Variable

Excluding 2020
Pandemic Data

Post-2019
Sub-Sample

Only

ESG ESG ESG ESG ESG

lnAI 0.900 * 0.078 ** 0.111 **
(0.487) (0.036) (0.043)

lnAI_MD&A 0.102 ***
(0.036)

L.lnAI 0.115 ***
(0.040)

ROA 7.567 1.867 *** 1.678 *** 2.057 *** 2.047 ***
(7.000) (0.551) (0.638) (0.585) (0.789)

Age −2.688 ** −0.341 *** −0.223 * −0.398 *** −0.243
(1.274) (0.107) (0.127) (0.109) (0.152)

TobinQ 0.374 −0.013 −0.011 −0.017 −0.001
(0.245) (0.018) (0.024) (0.018) (0.027)

Dual −1.060 −0.080 −0.055 −0.102 0.020
(0.969) (0.080) (0.091) (0.082) (0.115)

Board 3.523 ** −0.103 −0.182 −0.074 −0.348 **
(1.633) (0.121) (0.134) (0.125) (0.163)

Indep 4.224 1.122 *** 1.692 *** 0.814 ** 1.244 **
(4.471) (0.405) (0.453) (0.411) (0.542)

Top1 2.951 0.529 ** 0.536 ** 0.506 ** 1.011 ***
(2.634) (0.218) (0.249) (0.222) (0.318)

Lev 2.354 −0.815 *** −0.850 *** −0.775 *** −0.922 ***
(2.930) (0.192) (0.225) (0.196) (0.266)

Size 3.451 *** 0.254 *** 0.238 *** 0.242 *** 0.253 ***
(0.510) (0.030) (0.034) (0.031) (0.041)

Cash −7.344 0.251 0.014 0.329 −0.924
(5.507) (0.504) (0.601) (0.511) (0.899)

SOE −0.215 0.501 *** 0.548 *** 0.516 *** 0.464 ***
(1.119) (0.083) (0.093) (0.086) (0.113)

Separation −0.325 *** −0.006 −0.004 −0.005 −0.006
(0.060) (0.004) (0.005) (0.005) (0.006)

_cons −54.294 *** −0.859 −0.953 −0.349 −0.889
(13.269) (0.796) (0.936) (0.815) (1.075)

Industry YES YES YES YES YES
Year YES YES YES YES YES

N 305 868 641 802 476
Adj.R2 0.633 0.356 0.363 0.349 0.391

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Robust standard errors are
reported in parentheses. Industry and year fixed effects are included in all specifications.
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Table 5. IV regression results.

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

IV1 IV2

First Stage
lnAI

Second Stage
ESG

First Stage
lnAI

Second Stage
ESG

IV1 0.696 ***
(0.031)

IV2 0.514 ***
(0.024)

lnAI 0.165 *** 0.188 ***
(2.86) (3.31)

ROA 0.667 1.568 ** 0.789 * 1.525 **
(0.422) (0.643) (0.440) (0.645)

Age −0.020 −0.220 * −0.041 −0.218 *
(0.108) (0.129) (0.109) (0.129)

TobinQ −0.000 −0.011 −0.005 −0.011
(0.017) (0.024) (0.017) (0.024)

Dual −0.124 * −0.034 −0.114 −0.031
(0.074) (0.092) (0.075) (0.092)

Board 0.179 * −0.212 0.218 ** −0.219
(0.106) (0.138) (0.106) (0.138)

Indep 0.176 1.663 *** 0.149 1.658 ***
(0.357) (0.457) (0.362) (0.459)

Top1 −0.090 0.551 ** −0.070 0.549 **
(0.186) (0.251) (0.189) (0.252)

Lev −0.151 −0.825 *** −0.069 −0.824 ***
(0.167) (0.226) (0.165) (0.226)

Size 0.034 0.233 *** 0.039 0.230 ***
(0.026) (0.034) (0.026) (0.034)

Cash −0.331 0.068 −0.518 0.081
(0.421) (0.605) (0.450) (0.606)

SOE −0.143 * 0.571 *** −0.186 ** 0.581 ***
(0.076) (0.096) (0.075) (0.096)

Separation −0.005 −0.004 −0.006 * −0.003
(0.003) (0.005) (0.003) (0.005)

_cons −0.331 −0.435
(0.738) (0.745)

Industry YES YES YES YES
Year YES YES YES YES

Kleibergen–Paap rk LM statistic 149.93 *** 134.58 ***
Kleibergen–Paap rk Wald F statistic 490.32 477.89

N 641 641 641 641
Adj.R2 0.623 0.247 0.613 0.244

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Robust standard errors are
reported in parentheses. Industry and year fixed effects are included in all specifications.

To address potential sample self-selection bias, this study utilizes the Propensity Score
Matching (PSM) method. The sample is split into treatment and control groups based on
the presence of AI-related keywords in annual reports. Control variables from Model (1)
are used as matching criteria, and a 1:2 nearest neighbor matching with replacement is
applied. The balance test results (Table A1) show that after matching, the standard errors
between the treatment and control groups are significantly reduced. The standardized
biases for all covariates are below 10%, and t-tests do not reject the null hypothesis of no
systematic differences between the groups. These findings confirm the effectiveness of the
matching process and suggest that sample selection bias has been adequately controlled.
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Table 6. Regression analysis based on the PSM sample.

(1)

PSM
ESG

lnAI 0.101 **
(0.039)

ROA 2.414 ***
(0.647)

Age −0.326 ***
(0.121)

TobinQ −0.032
(0.020)

Dual −0.167 *
(0.095)

Board −0.104
(0.136)

Indep 0.790
(0.486)

Top1 0.573 **
(0.247)

Lev −0.781 ***
(0.219)

Size 0.249 ***
(0.034)

Cash −0.123
(0.573)

SOE 0.469 ***
(0.093)

Separation −0.005
(0.005)

_cons −0.501
(0.927)

Industry YES
Year YES

N 696
Adj.R2 0.353

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Robust standard errors are
reported in parentheses. Industry and year fixed effects are included in all specifications.

Under the condition that the balancing assumption is satisfied, the Average Treatment
effect on the Treated (ATT) estimation based on the matched sample (Table A2) shows that
the ESG performance of tourism enterprises applying AI is, on average, 0.267 units higher
than that of non-applying enterprises. Compared to the pre-matching group difference
of 0.307, the ATT estimate is more conservative but still robustly confirms the enhancing
effect of AI on ESG performance, supporting H1.

After controlling for selection bias, the coefficient for lnAI is 0.101, significant at the
5% level. This suggests that the application of AI continues to positively influence the
ESG performance of tourism enterprises. The PSM results in Table 6 further reinforce the
robustness of our baseline regression.

5. Mechanism and Further Analyses
5.1. Mediation Effect Analysis

The mediation analysis results based on Models (2) and (3) are reported in Table 7.
Corporate reputation (Rep) and customer diversification (CD) are introduced as mediating
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variables following the three-step procedure proposed by Wen Zhonglin. The estimation
results show that the coefficients of CD and Rep are positive and statistically significant at
the 1% and 5% levels, respectively. In addition, the coefficients of lnAI remain significantly
positive in the corresponding regressions. Taken together, these findings provide evidence
that AI application influences ESG performance through both mediating channels.

Table 7. Impact mechanism of AI application on tourism enterprises’ ESG performance.

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

Customer Diversification Corporate Reputation

CD ESG Rep ESG

lnAI 0.020 *** 0.074 ** 0.236 *** 0.066 *
(0.007) (0.035) (0.054) (0.035)

CD 0.406 **
(0.175)

Rep 0.066 ***
(0.021)

ROA −0.031 1.927 *** 8.098 *** 1.380 **
(0.098) (0.549) (0.907) (0.587)

Age −0.009 −0.335 *** −0.307 * −0.318 ***
(0.020) (0.107) (0.159) (0.106)

TobinQ −0.007 −0.011 −0.009 −0.013
(0.005) (0.018) (0.029) (0.018)

Dual 0.044 *** −0.096 −0.127 −0.069
(0.016) (0.081) (0.114) (0.079)

Board −0.006 −0.096 −0.513 ** −0.065
(0.028) (0.121) (0.204) (0.122)

Indep 0.106 1.041 *** 2.635 *** 0.910 **
(0.073) (0.402) (0.575) (0.409)

Top1 0.145 *** 0.498 ** 1.441 *** 0.461 **
(0.042) (0.213) (0.332) (0.217)

Lev −0.013 −0.817 *** −0.185 −0.811 ***
(0.042) (0.193) (0.279) (0.192)

Size 0.038 *** 0.237 *** 1.825 *** 0.132 ***
(0.006) (0.031) (0.049) (0.045)

Cash 0.244 *** 0.128 2.114 *** 0.087
(0.086) (0.511) (0.707) (0.503)

SOE 0.045 *** 0.483 *** −0.078 0.507 ***
(0.016) (0.084) (0.130) (0.082)

Separation −0.002 −0.005 0.014 * −0.007
(0.001) (0.004) (0.008) (0.004)

_cons −0.281 * −0.728 −35.254 *** 1.488
(0.155) (0.794) (1.216) (1.046)

Industry YES YES YES YES
Year YES YES YES YES

N 868 868 868 868
Adj.R2 0.272 0.358 0.794 0.360

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. Robust standard errors are
reported in parentheses. Industry and year fixed effects are included in all specifications.

The mediation effects are further examined using the Bootstrap approach with 5000 re-
samples. The estimation results reported in Table 8 indicate that the 95% bias-corrected
confidence intervals for the indirect effects of both customer diversification and corporate
reputation exclude zero, confirming that both pathways are statistically significant. More-
over, the indirect effect through corporate reputation (β = 0.0299) is substantially larger than
that through customer diversification (β = 0.0068). Together, these patterns indicate that
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corporate reputation accounts for a substantially larger share of the association between
AI adoption and ESG performance, serving as the primary explanatory mechanism, while
customer diversification contributes a smaller, though still meaningful, incremental role.
These findings provide empirical support for H2 and H3.

Table 8. Mediation effect results.

Path Effect Observed
Coefficient Bias Bootstrap

Standard Error 95% Confidence Interval

AI
↓

CD
↓

ESG

Indirect Effect 0.00676 −0.00011 0.00382
0.00048
0.00112

0.01499
0.01662

(P)
(BC)

Direct Effect 0.08860 0.00027 0.03232 0.02475
0.02445

0.15270
0.15230

(P)
(BC)

AI
↓

Rep
↓

ESG

Indirect Effect 0.02990 −0.00010 0.00789 0.01588
0.01680

0.04669
0.04842

(P)
(BC)

Direct Effect 0.06545 0.00082 0.03287 −0.00011
−0.00220

0.12942
0.12718

(P)
(BC)

Note: P is the p-value based on bootstrap standard errors; BC is the bias-corrected estimate.

5.2. Moderating Effect Analysis

The results reported in Column (1) of Table 9 indicate that the interaction term between
climate risk and AI application (CPRI × lnAI) has a coefficient of 0.011 and is statistically
significant at the 5% level. This finding suggests that climate risk strengthens the positive
effect of AI application on ESG performance, thereby providing empirical support for
Hypothesis 4.

Table 9. Moderating effect results.

(1) (2)

Climate Risk
ESG

Media Attention
ESG

lnAI 0.079 ** 0.081 **
(0.035) (0.035)

CPRI × lnAI 0.011 **
(0.006)

CPRI 0.000
(0.006)

MA × lnAI −0.087 ***
(0.022)

MA 0.067 **
(0.031)

ROA 1.938 *** 1.985 ***
(0.556) (0.561)

Age −0.346 *** −0.354 ***
(0.106) (0.108)

TobinQ −0.016 −0.023
(0.018) (0.018)

Dual −0.086 −0.092
(0.080) (0.080)

Board −0.084 −0.094
(0.122) (0.122)

Indep 1.081 *** 0.911 **
(0.404) (0.404)
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Table 9. Cont.

(1) (2)

Climate Risk
ESG

Media Attention
ESG

Top1 0.555 ** 0.567 ***
(0.217) (0.215)

Lev −0.796 *** −0.837 ***
(0.193) (0.193)

Size 0.248 *** 0.221 ***
(0.030) (0.034)

Cash 0.212 0.232
(0.504) (0.504)

SOE 0.496 *** 0.511 ***
(0.083) (0.083)

Separation −0.006 −0.005
(0.004) (0.004)

_cons −0.726 −0.342
(0.816) (0.812)

Industry YES YES
Year YES YES

N 868 868
Adj.R2 0.356 0.365

Note: *** and ** indicate significance at the 1% and 5% levels, respectively. Robust standard errors are reported in
parentheses. Industry and year fixed effects are included in all specifications.

The estimation results reported in Column (2) of Table 9 indicate that the interaction
term between media attention and AI application (MA × lnAI) carries a coefficient of
−0.0870 and is statistically significant at the 1% level. This result suggests that media
attention weakens the positive association between AI application and ESG performance,
providing empirical support for Hypothesis 5. One possible explanation is that intense me-
dia scrutiny may amplify concerns related to AI applications, such as energy consumption,
data privacy, and algorithmic fairness, triggering public skepticism. For brand-sensitive
tourism enterprises, such public pressure can offset the positive benefits of AI in service
experience and ESG performance.

5.3. Heterogeneity Analysis

(1) Industry Heterogeneity

To examine industry-specific heterogeneity, the sample was divided into two groups
based on the “Industrial Classification for National Economic Activities” (GB/T 4754-2017)
(National Bureau of Statistics of China, 2017): cultural, sports, and entertainment tourism
enterprises versus other tourism enterprises. The grouped regression results reported in
Columns (1) and (2) of Table 10 indicate that the positive effect of AI application on ESG
performance is more pronounced and statistically significant in the cultural, sports, and
entertainment sectors.

This heterogeneity is interpreted as reflecting structural characteristics of these indus-
tries, rather than merely differences in the intensity of AI adoption. Cultural, sports, and
entertainment tourism enterprises are typically more content-driven, reputation-sensitive,
and closely connected to public engagement and community interaction. As a result, AI
applications related to content creation, digital interaction, and audience engagement are
more directly aligned with ESG-relevant outcomes, such as social inclusion, cultural value
creation, and governance transparency. In contrast, other tourism enterprises, which are
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more oriented toward standardized services such as accommodation and transportation,
may face weaker linkages between AI deployment and observable ESG improvements.

Table 10. Heterogeneity tests.

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

Industry Classification Gov. Env. Attention

Culture, Sports,
and Entertainment

ESG

Non-Culture, Sports,
and Entertainment

ESG

Higher Attention
ESG

Lower Attention
ESG

lnAI 0.180 ** 0.024 0.016 0.131 ***
(0.075) (0.038) (0.053) (0.046)

ROA 2.355 1.620 *** 2.195 *** 1.474 *
(1.466) (0.577) (0.790) (0.784)

Age 0.087 −0.573 *** −0.335 ** −0.288 *
(0.195) (0.121) (0.156) (0.153)

TobinQ 0.030 −0.019 −0.034 0.013
(0.042) (0.020) (0.024) (0.027)

Dual −0.265 −0.068 −0.032 −0.135
(0.191) (0.084) (0.116) (0.120)

Board −0.034 −0.201 0.045 −0.259
(0.330) (0.126) (0.180) (0.173)

Indep 2.067 ** 0.601 0.658 1.371 **
(0.902) (0.426) (0.597) (0.570)

Top1 1.234 ** −0.193 0.537 * 0.724 **
(0.490) (0.240) (0.302) (0.328)

Lev −0.819 −1.050 *** −0.916 *** −0.649 **
(0.533) (0.205) (0.284) (0.274)

Size 0.159 * 0.319 *** 0.268 *** 0.217 ***
(0.087) (0.031) (0.047) (0.041)

Cash 1.578 −0.296 0.169 0.463
(1.310) (0.478) (0.693) (0.714)

SOE 0.997 *** 0.261 *** 0.451 *** 0.574 ***
(0.211) (0.090) (0.115) (0.130)

Separation 0.006 −0.009 ** −0.007 −0.005
(0.013) (0.004) (0.006) (0.006)

_cons −0.745 −0.715 −1.257 −0.139
(2.252) (0.820) (1.228) (1.091)

Industry YES YES YES YES
Year YES YES YES YES

N 224 644 410 458
Adj.R2 0.358 0.358 0.376 0.334

Fisher’s Permutation Test
p-value 0.033 0.056

Note: ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respectively. The p-values for the tests of
coefficient differences between groups in the heterogeneity analysis are calculated using Fisher’s Permutation
Test (with 1000 replications).

(2) Government Environmental Attention

Government environmental attention represents an important external institutional
context that may influence the effectiveness of AI application in improving ESG perfor-
mance. Following prior studies (Elmagrhi et al., 2019), we examine whether differences
in regulatory attention alter the AI–ESG relationship. Government environmental atten-
tion is measured using text analysis of government work reports from 272 cities over
the period 2013–2023, based on the frequency of environment-related keywords covering
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dimensions such as air quality, water resources, ecology, and sustainable development
(Wang et al., 2022).

The results show that the positive effect of AI application on ESG performance is
stronger in regions with relatively lower levels of government environmental attention.
Importantly, this heterogeneity does not contradict the baseline findings but rather high-
lights the context-dependent role of AI as a governance-enhancing tool. In regulatory
environments with less intensive direct oversight, AI adoption can play a more prominent
role in improving information transparency, risk management, and ESG-related practices.
In contrast, where government environmental attention is already high, the marginal
ESG-enhancing effect of AI may be partially substituted by existing regulatory pressure.

6. Discussion and Implications
6.1. Main Findings

To provide a concise overview of the empirical findings, Table 11 summarizes all
hypotheses tested in this study and indicates whether they are supported by the results.

Table 11. Summary of hypotheses and empirical results.

Hypothesis Description Empirical Result

H1 AI application is positively associated with
ESG performance. Supported

H2
The application of AI can increase customer
diversity in tourism enterprises, thereby
enhancing their ESG performance.

Supported

H3
AI enhances the ESG performance of tourism
enterprises by elevating their corporate
reputation.

Supported

H4
Climate risk positively moderates the
relationship between AI application and the
ESG performance of tourism enterprises.

Supported

H5
Media attention negatively moderates the
relationship between AI application and the
ESG performance of tourism enterprises.

Supported

This study investigates how the application of artificial intelligence (AI) technology
shapes the ESG performance of tourism enterprises using panel data from Chinese A-share
listed firms from 2013 to 2023. The results consistently show that AI application contributes
to improved ESG performance. Mechanism analysis further reveals that AI promotes
customer diversification and strengthens corporate reputation, which serve as key channels
through which AI supports sustainable corporate development. The influence of AI is
also found to vary across external conditions: climate risk reinforces the positive effect
of AI, whereas media attention weakens it by increasing external scrutiny. In addition,
the impact of AI is more pronounced among firms operating outside the culture, sports,
and entertainment sectors and in regions with lower government environmental attention.
These findings deepen the understanding of the role of emerging technologies in advancing
ESG performance and offer insights into the conditions under which AI can most effectively
support sustainable development in the tourism industry.

The findings of this study should also be interpreted in light of the Chinese institu-
tional context. In China, ESG practices are closely intertwined with evolving regulatory
frameworks, policy guidance, and government-led sustainability initiatives. Tourism en-
terprises operate within a governance environment in which environmental regulation,
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disclosure requirements, and policy signals play a prominent role in shaping corporate
behavior. Against this backdrop, AI adoption may translate more readily into ESG improve-
ments by strengthening firms’ compliance capacity, risk management, and information
disclosure practices. Moreover, the observed moderating effects of climate risk and media
attention reflect the salience of external pressures in the Chinese context, where firms tend
to be particularly responsive to regulatory expectations and public scrutiny.

6.2. Theoretical Implications

Drawing on the theoretical framework and empirical findings of this study, several
theoretical implications can be identified. First, the results extend the literature on AI and
corporate sustainability by demonstrating that the ESG effects of AI adoption in tourism
enterprises are not purely technology-driven but are mediated through organizational and
market-level mechanisms. By explicitly identifying customer diversification and corporate
reputation as key transmission channels, this study enriches the understanding of how
technological capabilities are translated into ESG outcomes.

Second, by incorporating climate risk and media attention as moderating factors, this
study highlights the importance of external contextual conditions in shaping the sustainabil-
ity implications of AI adoption. This finding advances existing CSR and stakeholder-based
perspectives by showing that the effectiveness of AI in promoting ESG performance de-
pends on both substantive environmental pressures and informational or reputational
scrutiny. In doing so, this study contributes to a more nuanced, context-sensitive theoretical
understanding of AI-driven sustainability in the tourism industry.

6.3. Practical and Policy Implications

From a practical perspective, the findings suggest several actionable implications for
tourism enterprises and policymakers. First, the ESG-enhancing effects of AI adoption are
closely linked to how firms organize human–AI interactions. Managers should therefore
view AI as a complement to human judgment and service capabilities, embedding intelli-
gent management systems into daily operations while aligning digital deployment with
long-term sustainability objectives. Strengthening employees’ digital skills and fostering
collaboration between technical and operational teams are essential for translating AI
adoption into substantive ESG improvements.

Second, tourism enterprises can leverage AI to better identify heterogeneous customer
needs and to develop more inclusive and low-carbon products. Enhancing the transparency
of AI-enabled ESG practices through regular disclosure, such as thematic sustainability
reports, can further reinforce corporate reputation and stakeholder trust. Industry associ-
ations may facilitate this process by disseminating best practices and exemplary cases of
ESG-oriented digital transformation.

Third, policy design should account for contextual differences in external environ-
ments. In regions exposed to higher climate risk, priority can be given to AI applications in
disaster warning, emergency response, and resource allocation, where the sustainability
value of AI is more pronounced. At the same time, improving ESG disclosure norms and
strengthening communication of the social and environmental benefits of AI can help en-
terprises manage public expectations and mitigate reputational pressure under heightened
media attention.

Finally, the findings are particularly relevant for small- and medium-sized tourism
enterprises and firms operating under weaker regulatory pressure. Rather than pursuing
large-scale digital investments, these firms may benefit from targeted and scalable AI
applications that enhance service quality and resource efficiency. Targeted policy tools, such
as equipment subsidies, digital skills training, and smart tourism demonstration programs,
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can lower adoption barriers and encourage SMEs to integrate digital transformation with
ESG objectives.

7. Limitations and Future Research
This study has several limitations that should be acknowledged and that also point

to promising directions for future research. First, artificial intelligence adoption is mea-
sured through textual analysis of AI-related keywords disclosed in firms’ annual reports.
Although this approach is widely adopted in the literature and suitable for large-sample
analysis, it may not fully distinguish between symbolic disclosure and substantive imple-
mentation of AI technologies. Firms with more comprehensive disclosure practices may
therefore appear to be more advanced in AI adoption. Future research could complement
text-based measures with alternative indicators, such as AI-related investment, patent data,
or survey-based evidence of actual AI usage. Second, ESG performance is proxied using
a third-party rating index. While ESG ratings provide a standardized and widely used
measure, they are inherently normative and may be influenced by rating methodologies,
disclosure quality, and institutional contexts. As a result, ESG scores may not fully capture
firms’ underlying sustainability practices. Future studies could employ alternative ESG
measures or examine environmental, social, and governance dimensions separately to
obtain a more nuanced understanding of the AI–ESG relationship. Third, despite extensive
robustness checks and endogeneity treatments, reverse causality cannot be completely
ruled out. Firms with stronger ESG performance may be more likely to adopt advanced
digital technologies, including AI. Although instrumental variable approaches and propen-
sity score matching help mitigate this concern, future research could leverage quasi-natural
experiments or policy shocks related to digital infrastructure or AI regulation to further
strengthen causal inference. Finally, this study focuses on Chinese A-share listed tourism
enterprises, which may limit the generalizability of the findings. China’s institutional
environment and regulatory framework differ from those of other countries, and listed
firms may not represent smaller or unlisted tourism enterprises. Future research could
extend the analysis to different national contexts or firm types and further explore potential
risks, such as AI-driven greenwashing, and the ethical implications of integrating AI into
corporate sustainability strategies.
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Appendix A

Table A1. Propensity score matching results.

Variable Unmatched
Matched

Mean
% Bias % Reduction

Bias

t-Test
V(T)/V(C)

Treated Control t p > t

ROA
U 0.02933 0.01262 20.6 3.04 0.002 0.70 *
M 0.02969 0.02505 5.7 72.2 0.97 0.331 1.09

Age U 2.8942 2.9066 −3.7 −0.55 0.582 0.82 *
M 2.8948 2.8837 3.4 10 0.48 0.629 0.74 *

TobinQ
U 2.5116 2.7198 −9.8 −1.45 0.148 0.74 *
M 2.5118 2.5158 −0.2 98.1 −0.03 0.976 0.95

Dual
U 1.7409 1.778 −8.7 −1.28 0.201 1.11
M 1.7576 1.7587 −0.3 96.9 −0.04 0.968 1

Board
U 2.3211 2.3233 −0.8 −0.12 0.901 0.66 *
M 2.3154 2.3126 1.1 −25.5 0.16 0.876 0.65 *

Indep U 0.38064 0.37835 2.9 0.43 0.669 1.08
M 0.38175 0.37992 2.3 19.8 0.34 0.733 1.08

Top1 U 0.38653 0.37495 7 1.03 0.305 1.03
M 0.38483 0.38871 −2.3 66.5 −0.34 0.732 1.05

Lev
U 0.47112 0.45352 8.1 1.19 0.235 0.77 *
M 0.46726 0.47257 −2.4 69.8 −0.35 0.728 0.70 *

Size
U 22.768 22.589 12.8 1.88 0.06 1.02
M 22.73 22.725 0.3 97.4 0.05 0.961 1

Cash
U 0.04901 0.04391 6.9 1.01 0.312 0.77 *
M 0.04953 0.04375 7.8 −13.2 1.15 0.251 0.79 *

SOE
U 0.50455 0.57009 −13.2 −1.94 0.053
M 0.51748 0.49184 5.1 60.9 0.75 0.453

Separation U 3.6779 4.2719 −8.6 −1.27 0.203 0.9
M 3.6994 3.6491 0.7 91.5 0.11 0.912 1.09

Note: * indicate significance at the 10%.

Table A2. ATT estimation results.

Variable Sample Treated Controls Difference S.E. T-Stat

ESG
Unmatched 4.29090909 3.98403427 0.306874823 0.072740555 4.22

ATT 4.29895105 4.03195416 0.266996892 0.085313398 3.13
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