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Abstract

Artificial intelligence (AI) is increasingly transforming firms’ innovation processes and
creating new opportunities for sustainable development; however, empirical evidence on
how firm-level AI capability influences eco-innovation under different digital environments
remains limited. Drawing on the Natural Resource-Based View and Dynamic Capability
Theory, this study examines the effect of AI capability on firm-level eco-innovation and
investigates whether national digital economy development strengthens this relationship.
The analysis uses an unbalanced panel of 5564 listed firms from 15 Asian economies over
the period 2017–2024. Firm fixed-effects models are employed as the primary estimation
approach, while moderation analysis is complemented by System GMM, propensity score
matching, and Heckman two-step estimation to address potential endogeneity and sample-
selection concerns. AI capability is measured using a disclosure-based index derived from
textual analysis of firms’ annual and sustainability reports. The results indicate that AI
capability is positively associated with eco-innovation and that this relationship is signifi-
cantly stronger in countries with more advanced digital economies. These findings suggest
that supportive digital ecosystems enhance firms’ ability to convert AI capability into
sustainable innovation outcomes. The study contributes to the literature by demonstrating
that national digital economy development serves as an important contextual condition
shaping the effectiveness of firm-level AI capability in promoting eco-innovation.

Keywords: artificial intelligence; digital economy; eco-innovation; green innovation; digital
transformation; sustainable development; Asian economies

1. Introduction
Sustainable development has become a central concern for governments, firms, and in-

ternational institutions. Industrialization, environmental degradation, and climate change
have intensified the need for innovative approaches that balance economic development
with environmental sustainability [1]. This challenge is particularly important in many
Asian economies, where rapid economic growth, rising energy demand, environmental vul-
nerability, and accelerating digital transformation occur simultaneously [2]. In recent years,
many Asian countries have actively promoted AI, digital transformation, and green devel-
opment as complementary pillars of long-term economic growth, making the region an ideal
setting for examining how AI-enabled innovation contributes to sustainable development
across diverse institutional and technological environments Xu and Lin [3], Liu, Shen [4],
Mijit, Hu [5]. Consequently, governments and international organizations increasingly
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recognize technological innovation as a key driver of sustainable development. Within this
context, eco-innovation—encompassing environmentally friendly products, production
processes, and managerial practices—has become an essential mechanism through which
firms improve environmental performance while maintaining long-term competitiveness.

However, the environmental implications of digital transformation are becoming
increasingly complex. The information and communications technology (ICT) sector is
estimated to account for approximately 2–4% of global greenhouse gas emissions, while
global data centre electricity consumption reached nearly 460 TWh in 2022 owing to the
rapid expansion of cloud computing, AI, and digital infrastructure [6]. These developments
illustrate that digital technologies simultaneously create opportunities for sustainable
innovation while increasing pressure to improve the environmental efficiency of digital
transformation. Consequently, firms are increasingly expected to integrate digital technolo-
gies with sustainability strategies to generate both economic and environmental value [7].

Meanwhile, breakthroughs in AI are fundamentally transforming production systems
and business processes [8,9]. AI enables firms to process large volumes of data, automate
routine operations, optimize resource allocation, and improve strategic decision-making,
thereby enhancing energy efficiency, emissions monitoring, supply-chain management,
and sustainable product design through data-driven decision-making and greater oper-
ational transparency [10]. Recent empirical evidence demonstrates that AI significantly
enhances firms’ green innovation capability by strengthening organizational learning, im-
proving R&D productivity, accelerating knowledge creation, and increasing operational
efficiency [11–13]. More recent studies further show that AI functions as a general-purpose
technology capable of improving environmental performance by facilitating intelligent
resource allocation, supporting green technological innovation, and enhancing firms’ adap-
tive capabilities in rapidly changing business environments [4,14–16]. Accordingly, AI has
become an important driver of digital economic transformation, innovation performance,
and sustainable competitiveness [3,17,18]. AI also enables firms to integrate environmen-
tal information into strategic decision-making, thereby improving both the quality and
efficiency of eco-innovation [3,11].

Nevertheless, AI adoption alone does not automatically generate environmental bene-
fits. Increasing evidence suggests that the effectiveness of AI depends on complementary
organizational capabilities, digital infrastructure, institutional support, and implementation
readiness that enable firms to successfully transform technological capability into sustain-
able innovation [14,19,20]. This argument is also consistent with [21], who demonstrate
that AI implementation enhances organizational performance only when supported by
complementary organizational resources and effective implementation readiness. Together,
these studies indicate that AI creates value not merely through technological adoption
itself, but through the interaction between firm capabilities and the broader digital environ-
ment, providing a strong theoretical rationale for examining the moderating role of digital
economy development.

Against this background, digital economy development has emerged as a critical
factor shaping firms’ ability to exploit AI for sustainable innovation. Digital economy
development reflects the availability of digital infrastructure, data resources, connectivity,
technological ecosystems, and institutional support that facilitate firms’ digital transfor-
mation. Countries with more advanced digital economies provide stronger innovation
networks, richer data resources, greater knowledge spillovers, and more supportive institu-
tional environments that enable firms to translate AI capability into eco-innovation more
effectively [22,23]. Conversely, firms operating within weaker digital ecosystems may strug-
gle to exploit AI technologies because of inadequate digital infrastructure, fragmented data
resources, and weaker institutional support. Consequently, digital economy development is
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expected to function as an important boundary condition that amplifies the effectiveness of
firm-level AI capability by facilitating knowledge diffusion, improving resource allocation,
reducing information asymmetry, and accelerating digital transformation [20,24].

Although research on AI, digital transformation, and sustainability has expanded con-
siderably in recent years, three important research gaps remain. First, the available empiri-
cal evidence is largely confined to single-country settings—particularly China—limiting our
understanding of whether the relationship between AI capability and eco-innovation gener-
alizes across different institutional, technological, and digital development contexts [3,25].
Recent studies continue to focus predominantly on Chinese firms despite recognizing that
institutional quality, technological readiness, and digital maturity substantially influence
AI-driven innovation outcomes [4,15,16]. Asia represents a highly heterogeneous region
with respect to digital economy development, AI governance, technological readiness,
and environmental regulation [26]. This diversity provides a unique empirical setting
for investigating how national digital ecosystems influence firms’ ability to transform AI
capability into eco-innovation across heterogeneous institutional environments [20,26,27].

Second, although previous studies have examined the independent effects of AI capa-
bility or digitalization on green innovation, considerably less attention has been devoted to
understanding how country-level digital economy development strengthens or constrains
the effectiveness of firm-level AI capability in generating eco-innovation [20,28–31].

Third, despite growing evidence that AI capability and digital economy development
independently promote sustainable innovation, limited research has adopted a multilevel
perspective that simultaneously integrates firm-level technological capability with country-
level digital economy development to explain eco-innovation across multiple institutional
settings. Addressing this gap is particularly important because firms’ technological capabil-
ities are embedded within broader national digital environments that may either facilitate
or constrain the successful translation of AI capability into sustainable innovation.

To fill these gaps, this study examines the relationship between AI capability and
corporate eco-innovation and investigates whether digital economy development mod-
erates this relationship across Asian economies. The study draws upon the NRBV and
DCT to explain how firms transform AI capability into sustainable innovation. From the
NRBV perspective, AI represents a valuable strategic resource that enables firms to identify
environmental opportunities, improve resource efficiency, and develop environmentally
sustainable products and processes. DCT complements this perspective by explaining how
firms continuously integrate, reconfigure, and leverage AI-enabled resources to respond to
rapidly changing technological and environmental conditions. Accordingly, firms operating
in more advanced digital economies are expected to exploit AI capability more effectively
because supportive digital ecosystems provide complementary infrastructure, knowledge
networks, institutional support, and technological resources that facilitate eco-innovation.

The empirical analysis employs a large multi-country panel of publicly listed firms
across Asian economies during 2017–2024. To ensure the robustness of the findings and
address potential endogeneity concerns, the study employs firm fixed-effects estimation
together with several complementary approaches, including System Generalized Method of
Moments (System GMM), PSM, and the Heckman two-step selection model. The findings
indicate that AI capability significantly enhances corporate eco-innovation and that this
positive relationship becomes substantially stronger in countries with more developed
digital economies.

The contributions of this study are threefold. First, it provides one of the few cross-
country empirical investigations of the relationship between firm-level AI capability and
eco-innovation among Asian listed firms, extending the predominantly China-based lit-
erature and improving the generalizability of existing evidence. Second, it demonstrates
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that country-level digital economy development constitutes an important boundary con-
dition that strengthens the translation of firms’ AI capability into eco-innovation, thereby
providing new evidence on how national digital ecosystems shape firm-level sustainability
outcomes. Third, by integrating the NRBV and DCT, the study develops a multilevel theo-
retical framework linking firm-level technological capabilities with country-level digital
ecosystems. This multilevel perspective advances the literature on AI, digital transforma-
tion, and sustainable innovation by explaining how interactions between organizational
capabilities and national digital environments jointly influence eco-innovation across het-
erogeneous institutional settings.

2. Literature Review and Hypothesis Development
2.1. AI and Corporate Eco-Innovation

The digital transformation process has changed the way firms gain competitiveness
and sustainability. AI is one of the emerging technologies playing a key role in firm
and industry transformation [18,25]. AI capability refers to a firm’s ability to acquire,
integrate, deploy, and leverage AI technologies, data resources, and analytical expertise
to improve organizational decision-making, operational efficiency, and innovation per-
formance. AI helps firms in various industries, including manufacturing, finance, and
energy, analyze large amounts of information, automate processes, and improve decision-
making [12,32]. This enhances efficiency, minimizes wastage, and facilitates the creation
of eco-friendly products and processes. As a result, AI is increasingly recognized as a
technology facilitating corporate eco-innovation [33]. Moreover, the recent literature de-
fines AI as a general-purpose technology that has the potential to boost innovation and
drive production system transformation in various industries [18]. Recent studies further
suggest that AI enhances organizational learning, knowledge integration, and resource
optimization, enabling firms to accelerate environmentally sustainable innovation and
improve long-term competitiveness [4,14,16].

Eco-innovation is the creation of products, processes, or organizational practices that
improve environmental performance without impairing (or even enhancing) economic
performance. Eco-innovation differs from traditional innovation by explicitly incorporating
environmental objectives into the development of technologies and production systems,
encouraging firms to improve resource efficiency, reduce emissions, and pursue sustainable
production [11,34]. This often requires firms to process complex environmental information,
integrate diverse technological knowledge, and continuously optimize production systems,
capabilities that AI substantially strengthens through advanced analytics, machine learning,
and intelligent decision-support systems [15,32].

The NRBV and DCT perspectives provide a strong theoretical foundation for explain-
ing the relationship between AI capability and eco-innovation. According to the NRBV,
firms achieve sustainable competitive advantage by developing strategic resources and
capabilities that simultaneously generate environmental and economic value [35]. AI aligns
with this perspective because data analytics and machine learning enable firms to monitor
environmental performance, identify operational inefficiencies, optimize resource utiliza-
tion, and reduce environmental impacts. The DCT complements the NRBV by emphasizing
firms’ ability to sense environmental changes, seize emerging opportunities, and contin-
uously reconfigure organizational resources in response to dynamic technological and
regulatory conditions. Environmentally sustainable production therefore requires firms to
continuously adapt their technological capabilities to evolving environmental regulations,
market expectations, and stakeholder demands.

AI technologies strengthen these dynamic capabilities by enhancing environmental
sensing, opportunity recognition, knowledge integration, and resource reconfiguration
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through intelligent production systems [14]. Collectively, the NRBV explains why AI
represents a valuable strategic environmental resource, whereas DCT explains how firms
continuously leverage and reconfigure AI-enabled capabilities to generate sustainable
innovation under changing environmental conditions. Together, these theories suggest
that AI capability improves firms’ ability to transform environmental knowledge into
eco-innovation.

Emerging empirical evidence supports the role of AI in promoting green innovation.
Research shows that AI technologies improve knowledge integration, technological exper-
imentation, resource efficiency, and environmental productivity, thereby facilitating eco-
innovation [5,23,36,37]. Furthermore, AI contributes to higher-quality innovation and more
efficient production processes that improve firms’ environmental performance [29,38,39].
Companies adopting AI technologies also demonstrate stronger innovation capability and
superior knowledge discovery [18]. Moreover, AI and complementary digital technologies,
such as blockchain, improve supply-chain coordination, increase information transparency,
and reduce environmental externalities through real-time data sharing and more efficient
resource utilization [10].

Nevertheless, existing evidence also suggests that AI implementation alone does
not automatically generate sustainable innovation outcomes. Recent studies emphasize
that firms require complementary organizational capabilities, implementation readiness,
supportive digital infrastructure, and favorable institutional conditions to fully exploit AI
technologies [20,21]. Consequently, the environmental benefits of AI depend not only on
technological capability itself but also on firms’ ability to integrate AI within supportive
organizational and digital ecosystems.

However, empirical findings remain mixed. Ref. [25] report that the effects of AI
on green technological innovation vary across institutional and regulatory environments.
Similarly, differences in digital ecosystem development and technological readiness influ-
ence firms’ ability to convert AI capability into eco-innovation [26,40]. Recent evidence
further indicates that firms operating in more advanced digital economies benefit from
superior digital infrastructure, richer data resources, stronger knowledge spillovers, and
more supportive institutional environments, enabling them to utilize AI more effectively
for sustainable innovation [20,29,30,38].

Taken together, these theoretical and empirical arguments suggest that AI capability
enhances firms’ ability to acquire, process, and apply environmental knowledge, improve
resource efficiency, and develop environmentally sustainable products and processes.
Although the magnitude of these benefits may depend on organizational and contextual
conditions, the overall evidence consistently indicates that firms possessing stronger AI
capability are more likely to achieve superior eco-innovation performance. Accordingly,
the following hypothesis is proposed:

H1. AI capability is positively associated with firms’ eco-innovation.

2.2. Digital Economy Development as a Moderating Context

AI offers firms advanced technological capabilities, but the extent to which these
capabilities translate into eco-innovation depends on the quality of the digital environ-
ment in which firms operate. A digital economy is characterized by digital infrastructure,
connectivity, data resources, and the widespread adoption of digital technologies that
facilitate innovation, productivity, and sustainable development [40]. Advanced digi-
tal economies reduce information asymmetry, improve digital connectivity, strengthen
data ecosystems, and enhance knowledge diffusion, thereby creating favorable conditions
for firms to adopt and exploit AI technologies more effectively [7,31,41]. Consequently,
countries with more developed digital economies provide firms with stronger techno-
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logical resources, innovation complementarities, and institutional support that facilitate
AI-enabled innovation [15,42,43].

Specifically, digital economies provide firms with access to high-quality data resources,
cloud computing, digital platforms, and interconnected innovation networks that facili-
tate the integration of AI into business operations and innovation activities [34]. Recent
studies confirm that AI-driven innovation depends on the availability of digital infras-
tructure and data ecosystems that enable firms to transform AI capability into innova-
tion productivity [18]. Recent evidence further demonstrates that firms operating within
digitally advanced ecosystems benefit from richer data resources, stronger knowledge
spillovers, and more supportive institutional environments, enabling AI capability to
generate greater innovation productivity and eco-innovation outcomes [4,14]. Moreover,
AI implementation generates superior organizational value when supported by comple-
mentary digital resources, implementation readiness, and knowledge-sharing capabilities,
highlighting the importance of external digital environments in maximizing the benefits of
AI technologies [21,37].

Recent systematic reviews further emphasize the growing importance of AI within
digital economies. Ref. [17] reviewed 36 studies published between 2021 and 2025 and
concluded that AI enhances automation, productivity, decision-making, digital business
models, and organizational innovation across industries. Collectively, these findings
indicate that AI does not operate in isolation; rather, its innovation benefits depend on
supportive digital ecosystems that facilitate the effective deployment, integration, and
utilization of AI technologies.

The moderating role of digital economy development is supported by Institutional
Theory and the National Innovation Systems (NIS) perspective. Institutional Theory argues
that firms’ strategic decisions and capability development are shaped by formal institu-
tions, regulatory quality, governance structures, and supporting infrastructure that provide
legitimacy, incentives, and access to critical resources [44]. Consequently, firms operating
in digitally advanced economies benefit from stronger digital governance, higher-quality
infrastructure, and more efficient digital markets that reduce technology adoption costs
and facilitate knowledge diffusion [45,46]. Complementing this perspective, the National
Innovation Systems approach emphasizes that country-level technological readiness, ab-
sorptive capacity, collaborative innovation networks, and digital capabilities strengthen
firms’ innovation performance by promoting learning, knowledge spillovers, and techno-
logical complementarities [14,27]. Together, these perspectives suggest that digital economy
development functions as an enabling institutional environment that strengthens firms’
ability to exploit AI capability for sustainable innovation.

This mechanism is particularly important for eco-innovation, which requires extensive
environmental information processing, interdisciplinary collaboration, continuous techno-
logical learning, and long-term investment. Advanced digital ecosystems facilitate these
processes by improving knowledge integration, supporting intelligent resource allocation,
enhancing environmental monitoring, and enabling firms to optimize complex production
and supply-chain systems [1,10].

Empirical evidence strongly supports these theoretical arguments. Studies consistently
show that digital economy development promotes green innovation through improved
information availability, technology diffusion, industrial upgrading, digital connectivity,
and knowledge spillovers [11,28,47]. Regional evidence further indicates that digital econ-
omy development accelerates green innovation and sustainable development in emerging
economies [20,29,30,38], while firm-level studies demonstrate that digital technologies, par-
ticularly when combined with absorptive capacity, significantly enhance green innovation
performance [43,48]. Recent studies further show that the positive impact of AI capabil-
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ity on innovation performance is substantially stronger in digitally advanced economies
because superior digital infrastructure, innovation networks, and institutional support en-
hance firms’ ability to convert AI investments into sustainable innovation [18,20,41,43,48].

Nevertheless, the benefits of digital economy development are not uniform across
countries. Firms operating in less digitally developed economies often face constraints
related to inadequate digital infrastructure, limited data availability, weaker technolog-
ical capabilities, and shortages of digital skills, reducing the effectiveness of AI imple-
mentation. Accordingly, digital economy development does not independently generate
eco-innovation; rather, it functions as a critical boundary condition that strengthens firms’
ability to transform AI capability into environmentally sustainable innovation by pro-
viding the institutional, technological, and knowledge resources necessary for successful
AI deployment.

Taken together, the theoretical arguments and empirical evidence indicate that digital
economy development serves as a critical institutional and technological boundary condi-
tion influencing the effectiveness of AI capability. As digital infrastructure, connectivity,
institutional support, and innovation ecosystems improve, firms become better positioned
to integrate AI into innovation processes and convert technological investments into eco-
innovation. Therefore, the positive relationship between AI capability and eco-innovation
is expected to be stronger in countries with more developed digital economies.

H2. Digital economy development positively moderates the relationship between AI capability and
firms’ eco-innovation.

2.3. Conceptual Framework

Building upon the theoretical arguments and empirical evidence presented in the pre-
ceding sections, this study develops the conceptual framework illustrated in Figure 1. The
framework integrates the NRBV, DCT, Institutional Theory, and the National Innovation
Systems perspective to explain how firm-level AI capability and country-level digital econ-
omy development jointly influence eco-innovation. Specifically, AI capability is expected to
enhance firms’ environmental information processing, resource optimization, knowledge
integration, and the development of environmentally sustainable products and processes.
However, the effectiveness of AI capability depends on the external digital environment in
which firms operate.

Digital economy development provides firms with advanced digital infrastructure,
high-quality data resources, interconnected innovation networks, and supportive insti-
tutional environments that facilitate the effective deployment of AI technologies. Con-
sequently, firms operating in digitally advanced economies are expected to exploit AI
capability more effectively, enabling them to convert technological resources into superior
eco-innovation outcomes than firms operating in less developed digital environments.

Accordingly, the proposed conceptual framework assumes that AI capability exerts a
direct positive effect on firms’ eco-innovation (H1), while digital economy development
functions as a country-level boundary condition that strengthens this relationship (H2). Im-
portantly, the framework adopts a multilevel perspective by linking firm-level AI capability
with country-level digital economy development, thereby explaining how interactions
between organizational capabilities and national digital environments shape firms’ eco-
innovation outcomes. Figure 1 summarizes the proposed relationships among the study
variables and provides the theoretical foundation for the subsequent empirical analysis.

AI capability is hypothesized to positively influence firms’ eco-innovation (H1). Digital
economy development moderates this relationship (H2) by providing the institutional,
technological, and digital infrastructure that enhances firms’ ability to translate AI capability
into environmentally sustainable innovation.
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Figure 1. Conceptual Framework of the Study.

3. Methodology and Data
This study adopts a quantitative panel-data research design to investigate the rela-

tionship between AI capability and corporate eco-innovation (ECOINN), while examining
the moderating role of digital economy development. A panel-data approach is appro-
priate because it enables the analysis of both cross-sectional differences among firms and
temporal changes over time, while controlling for unobserved firm-specific heterogeneity
and improving the reliability of causal inference. The empirical framework is grounded
in the NRBV and DCT, which jointly explain how firms’ technological capabilities and
external digital environments influence their ability to generate sustainable innovation
outcomes [14,35]. Within this perspective, AI represents a strategic technological resource
that enhances firms’ capacity to process complex data, optimize operations, and support
environmentally efficient innovation activities. Consistent with the study’s multilevel
framework, the empirical design integrates firm-level AI capability with country-level
digital economy development to examine how national digital environments shape firms’
eco-innovation performance.

3.1. Sample and Data Sources

The analysis is based on a balanced panel dataset of 44,512 firm-year observations
from 5564 publicly listed firms across Asian economies over the period 2017–2024. The final
sample includes firms with complete information on the study variables. This multi-country
design captures substantial variation in digital development and innovation capacity across
the region. Asian economies provide a particularly suitable context for this study because
they combine rapid digital transformation with increasing environmental pressures while
exhibiting considerable heterogeneity in digital infrastructure, technological readiness,
and institutional quality. Such differences create an appropriate empirical setting for
examining how variations in national digital ecosystems influence firms’ ability to convert
AI capabilities into eco-innovation outcomes.

Firm-level data on eco-innovation, technological capability, and financial characteris-
tics were obtained from the Refinitiv Eikon ESG and Company Fundamentals databases
(Refinitiv, London, United Kingdom), which provide standardized and internationally
comparable firm-level information widely used in sustainability, innovation, and corpo-
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rate governance research [9,49]. Country-level indicators of digital economy develop-
ment and institutional conditions were collected from multiple internationally recognized
sources, including the World Bank’s World Development Indicators (WDI), the Interna-
tional Telecommunication Union (ITU), the United Nations E-Government Development
Index (UN EGDI), and the World Economic Forum’s Network Readiness Index (NRI).
These internationally recognized databases provide consistent cross-country measures of
digital infrastructure, connectivity, digital governance, and technological readiness and
have been widely adopted in recent digital economy research [34,50–53].

The key variables include AI capability, corporate eco-innovation, and digital economy
development. Prior studies consistently show that firms with stronger AI and digital capa-
bilities achieve higher levels of green innovation and environmental performance [11,12,36],
while digital economy development enhances green technological innovation by improv-
ing digital infrastructure, data availability, knowledge spillovers, and technology diffu-
sion [1,20,27,30,47]. The measurement and construction of all variables are presented in the
following subsection.

Following established panel-data research practices, continuous variables were win-
sorized at the 1st and 99th percentiles, and logarithmic transformations were applied where
appropriate to mitigate skewness and reduce the influence of extreme values.

3.2. Variable Construction
3.2.1. Dependent Variable: Eco-Innovation (ECOINN)

The dependent variable, eco-innovation (ECOINN), is measured using the Eco-
Innovation Score (EIS) obtained from the Refinitiv Eikon ESG database. The EIS eval-
uates a firm’s capacity to develop and implement environmentally sustainable technolo-
gies, products, and operational processes. The score is constructed from approximately
twenty weighted indicators capturing eco-products, resource efficiency, emissions reduc-
tion, environmental innovation initiatives, and sustainable technology development. As
a standardized ESG-based indicator, the EIS provides a comprehensive measure of firms’
environmental innovation performance and has been widely employed in recent cross-
country studies examining sustainability, green innovation, and digital transformation
because of its consistency, international comparability, and broad firm coverage [11,49].
Recent evidence similarly adopts Refinitiv-based eco-innovation measures to evaluate
firms’ environmental innovation performance across different institutional settings.

The measurement framework aligns with the OECD Green Technology Classification
and the European Union Environmental Goods and Services Sector (EGSS) methodology,
ensuring that the indicator captures environmentally oriented innovation activities rather
than conventional technological innovation [32,34,54].

To improve comparability and address potential skewness in the distribution, the raw
score (0–100) is transformed as:

ECOINNi,t = ln(1 + EISi,t/100)

The logarithmic transformation reduces the influence of extreme observations, im-
proves the normality of the distribution, and enhances comparability across firms, indus-
tries, and countries with different levels of eco-innovation performance. Similar transfor-
mations are commonly adopted in recent cross-country studies investigating AI, digital
transformation, and sustainable innovation [55].

3.2.2. Independent Variable: AI Capability (AI_CAP)

AI_CAP is measured using a disclosure-based AI capability index derived from textual
analysis of firms’ annual reports and sustainability reports, following recent studies on
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AI disclosure, digital transformation, and corporate AI adoption [12,19,56,57]. Disclosure-
based AI measures have become increasingly adopted in recent research because they
capture firms’ strategic integration of AI technologies into business operations, innovation
activities, and digital transformation through objective analysis of corporate disclosures,
while providing scalable and internationally comparable measures of AI capability.

Specifically, AI-related content is identified using a predefined dictionary of AI-related
keywords developed from prior AI disclosure studies, including artificial intelligence,
machine learning, deep learning, automation, data analytics, intelligent systems, natural
language processing, robotics, and predictive analytics. Consistent with prior textual-
analysis studies, the frequency of these keywords is extracted from firms’ annual and
sustainability reports and normalized by the total number of words in each report to control
for differences in disclosure length across firms and over time. This normalization enhances
comparability across firm-year observations and mitigates reporting-size bias [15,19,34,43].

Formally, AI capability is calculated as follows:

AI_CAPi,t = AI Keyword Frequencyi,t/Total Wordsi,t

The resulting ratio is subsequently standardized using z-score normalization to reduce
scale heterogeneity and improve cross-sectional comparability across firms and countries.
Similar disclosure-based and text-based AI measures have been widely employed in recent
studies examining AI capability, corporate innovation, ESG performance, sustainability, and
green transformation because they provide objective, transparent, and replicable proxies
for firms’ AI adoption and technological readiness [56,57].

Following [19], this textual-analysis approach provides an objective and data-driven
proxy for AI capability by capturing firms’ actual engagement with AI technologies as
reflected in corporate narratives and strategic disclosures. Compared with survey-based
or self-reported indicators, this approach reduces subjectivity, minimizes response bias,
and enhances transparency and replicability. Recent studies further indicate that AI-
related disclosures capture firms’ technological readiness, digital transformation capability,
information-processing capacity, and strategic commitment to AI implementation rather
than merely symbolic reporting [48].

Overall, the AI_CAP measure is consistent with Dynamic Capability Theory (DCT), as
it captures firms’ ability to integrate, build, and continuously reconfigure digital resources
and technological competencies to support eco-innovation, sustainability performance, and
long-term competitive advantage. This conceptualization is consistent with recent evidence
showing that AI capability strengthens organizational learning, information processing,
innovation capability, and sustainable value creation [12,16,32,48].

3.2.3. Moderating Variable: Digital Economy Development (DIG_ECO)

Digital economy development (DIG_ECO) is included as a country-level moderating
variable capturing the technological and institutional environment in which firms operate
across Asian economies [26]. The variable reflects national digital advancement in terms
of digital infrastructure, connectivity, digital skills, business digitalization, and digital
public services. Recent studies emphasize that digital economy development represents a
multidimensional ecosystem that facilitates firms’ access to digital technologies, knowledge
networks, data resources, and innovation infrastructure, thereby shaping firms’ capacity to
deploy AI and generate sustainable innovation [7,51,52]. Higher values therefore indicate
more advanced digital ecosystems that facilitate the adoption, integration, and effective
utilization of AI technologies.

DIG_ECO is proxied using a composite Digital Economy Index (DEI) constructed to
ensure cross-country comparability. The index is based on four core dimensions relevant to
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firm-level innovation outcomes: digital skills, digital infrastructure, business digitalization,
and digital public systems, consistent with widely adopted digital economy frameworks
and recent Digital Decade indicators [50,53]. These dimensions capture complementary
aspects of national digital readiness that jointly determine firms’ innovation opportunities
rather than reflecting isolated technological characteristics [7,31].

The underlying indicators are collected from internationally recognized databases,
including the World Bank (World Development Indicators), International Telecommu-
nication Union (ITU), United Nations E-Government Development Index (UN EGDI),
and the Network Readiness Index (NRI). These internationally recognized databases are
widely employed in digital economy research because they provide standardized, reliable,
and comparable cross-country indicators of digital infrastructure, connectivity, digital
governance, and technological readiness [52,58].

All indicators are standardized, and Principal Component Analysis (PCA) is applied
to extract the first principal component, which serves as the composite DIG_ECO score.
PCA is a well-established technique for constructing composite indices because it objec-
tively derives data-driven weights while efficiently summarizing the common variation
among correlated indicators [7,53]. Recent studies similarly employ composite digital
transformation indicators to capture the multidimensional nature of digital development
and avoid measurement bias associated with relying on individual indicators [58].

The PCA results confirm the suitability of aggregating the selected indicators into a
single composite index. All four dimensions loaded strongly and positively on the first
principal component, with factor loadings ranging from 0.842 to 0.914. The first principal
component had an eigenvalue of 3.18 and explained 79.46% of the total variance, indicating
that the selected indicators capture a common underlying dimension of digital economy
development. Accordingly, the first principal component was retained to construct the
composite DIG_ECO. Detailed PCA results are reported in Appendix A Table A1.

As a contextual variable, DIG_ECO captures the macro-level digital environment
that influences firms’ ability to access digital infrastructure, exploit data resources, adopt
advanced technologies, and translate AI investments into innovation outcomes. This
country-level perspective is consistent with recent research showing that national digital
ecosystems provide complementary resources that enhance firms’ innovation capability be-
yond firm-specific technological investments [27,37]. Accordingly, DIG_ECO is introduced
as a moderator to examine whether national digital conditions strengthen the relationship
between AI capability and eco-innovation.

To test this moderating effect, an interaction term between AI_CAP and DIG_ECO is
included in the regression model. All variables entering the interaction are mean-centered before
estimation to reduce multicollinearity and facilitate interpretation of the interaction effects.

3.2.4. Control Variables

To mitigate omitted-variable bias, the analysis incorporates firm-level and country-
level control variables that capture financial capacity, innovation investment, digital readi-
ness, sustainability orientation, and macroeconomic conditions that may influence firms’
eco-innovation activities. Specifically, profitability (ROA) is measured as net income di-
vided by total assets and reflects firms’ internal resources available for technological invest-
ment [11,36]. Firm size (SIZE), calculated as the natural logarithm of total assets, proxies
organizational resources and absorptive capacity that facilitate innovation [49,59]. Research
and development intensity (RDI), measured as research and development expenditure
relative to total sales, captures firms’ commitment to innovation activities [12].

In addition, ESG performance (ESG), obtained from the Refinitiv Eikon database and
rescaled between 0 and 1, controls for firms’ sustainability orientation and governance quality,
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while digital capability (DIG_CAP) is included as a firm-level indicator of digital transforma-
tion and technological readiness [14,43]. Recent studies suggest that firms’ digital readiness
and sustainability orientation are important determinants of innovation performance [53].

At the country level, environmental regulation (ENV_REG) captures the stringency of
environmental policies affecting corporate sustainability practices [25,48]. Inflation (INF)
and economic growth (GDPG) are included to control for macroeconomic conditions that
influence firms’ investment behavior and innovation incentives. Finally, the models incor-
porate year, industry, and country fixed effects to control for time-specific shocks, sectoral
characteristics, and cross-country institutional differences affecting eco-innovation outcomes.

3.3. Empirical Strategy

To examine the relationship between AI capability and corporate eco-innovation,
this study employs firm fixed-effects panel estimations as the baseline specification. The
fixed-effects model is appropriate because it controls for unobserved time-invariant firm
characteristics that may jointly influence AI capability and eco-innovation, while year,
industry, and country effects account for common shocks and institutional heterogeneity
across firms and economies [60].

Although fixed effects substantially reduce omitted-variable bias, endogeneity may
still arise from reverse causality, simultaneity, or omitted variables. Accordingly, several
complementary robustness techniques are implemented to strengthen causal inference.

First, the two-step System GMM estimator is employed to address dynamic endo-
geneity, reverse causality, and simultaneity by using internal instruments based on lagged
variables [61,62]. Second, the Heckman two-step model is applied to mitigate potential
sample-selection bias arising from differences between firms with high and low levels of
AI capability [63]. Third, PSM is conducted to improve comparability between treated and
control firms based on observable characteristics, including firm size, profitability, and
R&D intensity [64].

Model validity is assessed using standard diagnostic tests. The Hansen test evaluates
instrument validity, while the Arellano–Bond AR(2) test examines second-order serial
correlation. Robust standard errors clustered at the firm level are used in all estimations.

3.4. Variable Definitions

Table 1 summarizes the variables used in this study, including their definitions, mea-
surement proxies, data sources, and supporting references. The measurement of AI capabil-
ity, eco-innovation, and digital economy development follows established approaches in
recent studies on AI adoption, digital transformation, and sustainable innovation [7,12,14]
while the selection of control variables is consistent with prior cross-country panel studies
on digital economy and environmental performance [11,26].

Table 1. Variable Definitions, Measurements, and References.

Variable Variable Proxy Measurement/Description References

Dependent Variable

Eco-Innovation ECOINN EIS

Natural logarithm of (1 + Eco-Innovation
Score/100) obtained from Refinitiv Eikon. The
score aggregates approximately 20 indicators
related to green products, resource efficiency,

emission reduction, and sustainable technologies
aligned with OECD and EGSS frameworks.

[11,59]

Independent Variable

AI capability AI_CAP AI adoption index
Disclosure-based AI index measured as the ratio
of AI-related keyword frequency to total word

count in firms’ reports.
[12,34]
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Table 1. Cont.

Variable Variable Proxy Measurement/Description References

Moderator

Digital economy
development DIG_ECO Digital index

Country-level composite index capturing digital
infrastructure, connectivity, digital skills, business

digitalization, and digital public systems.
Constructed using standardized indicators from

the World Bank, ITU, UN, and WEF

[50,52,53]

Control Variables

Profitability ROA Return on assets
Net income divided by total assets, representing

firms’ operational efficiency and internal
resources available for innovation investment.

[11]

Firm size SIZE ln_assets
Natural logarithm of total assets. Larger firms

typically possess greater technological and
financial capacity to invest in eco-innovation.

[18,50]

R&D intensity RDI R&D ratio
Research and development expenditure divided

by total sales, capturing firms’ innovation
investment intensity.

[12]

ESG performance ESG ESG score

Environmental, social, and governance score
from Refinitiv Eikon scaled between 0 and 1.
Controls for sustainability orientation and

governance quality.

Refinitiv

Digital capability DIG_CAP Digitalization Firm-level digital technology adoption or digital
transformation indicator. [14,15]

Environmental
regulation ENV_REG Policy index

Country-level environmental regulation or
environmental policy indicator capturing

regulatory pressure on firms.
[25,48]

Inflation INF CPI growth
Annual inflation rate based on consumer price

index. Controls for macroeconomic stability and
investment conditions.

World Bank

Economic growth GDPG GDP growth Annual growth rate of GDP reflecting economic
development and market demand conditions. World Bank

Overall, this framework ensures conceptual clarity, measurement consistency, and
comparability across firms, industries, and countries included in the sample.

3.5. Baseline Model

To test Hypothesis 1, this study estimates the relationship between AI capability
and firms’ eco-innovation using a firm fixed-effects panel regression model. The fixed-
effects specification controls for unobserved time-invariant firm characteristics, such as
managerial culture, organizational structure, and long-term technological orientation,
which may jointly influence AI capability and eco-innovation [65]. Firm fixed effects reduce
omitted-variable bias arising from unobservable heterogeneity, while year effects capture
common macroeconomic shocks and technological changes affecting all firms over time.
This specification provides a suitable baseline for identifying the within-firm effect of AI
capability on eco-innovation across different industries and institutional environments [8].

The baseline model is specified as follows:

ECOINNi,t = α + β1 AI_CAPi,t + β2 Controlsi,t + µi + λt + εi,t (1)

where

• ECOINNi,t = Eco-innovation performance of firm i in year t, measured as the natural
logarithm of one plus the Eco-Innovation Score.

• AI_CAPi,t = Disclosure-based AI capability index.
• Controlsi,t = Vector of firm-level and country-level control variables.
• µi = Firm fixed effects.
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• λt = Year fixed effects.
• εi,t = Error term.

Standard errors are clustered at the firm level to correct for potential heteroskedasticity
and serial correlation within firms over time [66].

3.6. Moderation Model

To test Hypothesis 2, the baseline model is extended by incorporating the moder-
ating effect of DIG_ECO. Consistent with the theoretical framework, digital economy
development represents a country-level contextual condition that influences firms’ ability
to leverage AI capability for sustainable innovation by providing digital infrastructure,
connectivity, technological readiness, and knowledge resources. Recent studies similarly
suggest that digitally advanced ecosystems strengthen firms’ innovation capabilities by
facilitating AI deployment and technology diffusion [7,31,51].

The moderation model is expressed as:

ECOINNi,t = α + β1 AI_CAPi,t + β2 DIG_ECOc,t + β3 (AI_CAPi,t × DIG_ECOc,t) + β4 Controlsi,t + µi + λt + εi,t (2)

where:

• DIG_ECOc,t = Digital economy development in country c at time t.
• AI_CAPi,t × DIG_ECOc,t = Interaction term capturing the conditional effect of digital

development on the relationship between AI capability and eco-innovation.

Following standard practice in moderation analysis, AI_CAP and DIG_ECO are mean-
centered before constructing the interaction term to reduce multicollinearity and facilitate
coefficient interpretation [50]. A positive and statistically significant coefficient for β3

indicates that the positive effect of AI capability on eco-innovation becomes stronger as the
level of digital economy development increases, thereby supporting Hypothesis 2.

All control variables, fixed effects, and estimation procedures remain identical to those
used in the baseline model to ensure consistency and comparability across specifications.

4. Results
4.1. Descriptive Statistics

Table 2 reports the descriptive statistics of the variables used in the analysis. The mean
value of ECOINN is 0.462, indicating a moderate level of environmentally oriented innova-
tion across the sampled firms. The AI_CAP has a mean close to zero (0.037), as expected
following standardization, while its relatively large standard deviation (0.984) suggests
substantial variation in firms’ AI capability. The DIG_ECO averages 0.563, indicating
noticeable differences in digital development across the sampled Asian economies.

Table 2. Summary Statistics.

Variable Mean SD Min Max Skew. Kurt.

ECOINN 0.462 0.311 0.000 1.832 0.89 3.12
AI_CAP 0.037 0.984 −2.614 3.428 0.41 2.57

DIG_ECO 0.563 0.147 0.221 0.892 −0.28 2.71
ROA 0.071 0.093 −0.214 0.384 −0.52 4.38
SIZE 15.842 1.721 11.203 20.764 0.36 2.94
RDI 0.043 0.058 0.000 0.321 1.92 6.44
ESG 0.548 0.203 0.081 0.912 −0.31 2.63

DIG_CAP 0.517 0.188 0.062 0.941 −0.22 2.74
ENV_REG 0.611 0.174 0.243 0.923 −0.47 2.81

INF 0.034 0.026 −0.012 0.118 0.88 3.76
GDPG 0.049 0.031 −0.041 0.102 −0.21 2.49
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Among the control variables, firms exhibit moderate ESG performance (mean = 0.548)
and digital capability (mean = 0.517), while R&D intensity shows considerable dispersion,
reflecting heterogeneous innovation investment across firms. The observed variation across
the main variables supports the use of panel estimation techniques to examine both within-
and between-firm differences in eco-innovation performance. Furthermore, the skewness
and kurtosis statistics indicate no serious departures from normality for most variables,
suggesting that the data are suitable for the subsequent regression analyses.

4.2. Bivariate Correlations

Table 3 presents the Pearson correlation matrix and variance inflation factor (VIF)
diagnostics. As expected, AI capability is positively and significantly associated with eco-
innovation (r = 0.421, p < 0.01), providing preliminary support for Hypothesis 1. Similarly,
the DEI is positively correlated with eco-innovation (r = 0.356, p < 0.01), suggesting that
firms operating in more digitally developed environments tend to exhibit stronger eco-
innovation performance.

Table 3. Correlation Matrix.

Variable ECOINN AI_CAP DIG_ECO ROA SIZE RDI ESG DIG_CAP ENV_REG INF GDPG VIF

ECOINN 1.000 —
AI_CAP 0.421 *** 1.000 1.83

DIG_ECO 0.356 *** 0.389 *** 1.000 1.67
ROA 0.214 *** 0.176 *** 0.102 *** 1.000 1.29
SIZE 0.287 *** 0.301 *** 0.198 *** 0.142 *** 1.000 1.54
RDI 0.338 *** 0.276 *** 0.121 *** 0.115 *** 0.204 *** 1.000 1.46
ESG 0.372 *** 0.318 *** 0.264 *** 0.192 *** 0.221 *** 0.238 *** 1.000 1.71

DIG_CAP 0.346 *** 0.407 *** 0.355 *** 0.129 *** 0.265 *** 0.244 *** 0.298 *** 1.000 1.79
ENV_REG 0.298 *** 0.252 *** 0.334 *** 0.081 ** 0.117 *** 0.103 *** 0.269 *** 0.241 *** 1.000 1.44

INF −0.063 ** −0.041 * −0.072 ** −0.118 *** −0.026 −0.034 −0.052 * −0.038 −0.061 ** 1.000 1.22
GDPG 0.095 *** 0.082 ** 0.118 *** 0.144 *** 0.067 ** 0.051 * 0.073 ** 0.089 *** 0.062 ** −0.142 *** 1.000 1.31

*, **, *** indicate significance at the 10%, 5%, and 1% levels, respectively.

Among the control variables, ESG performance, firm size, R&D intensity, and digital
capability also display positive and statistically significant associations with eco-innovation,
consistent with prior research linking sustainability orientation, innovation investment, and
digital readiness to environmental innovation. The remaining correlations are generally
modest and follow the expected theoretical directions.

Importantly, none of the pairwise correlation coefficients exceed the commonly ac-
cepted threshold of 0.80, indicating that severe multicollinearity is unlikely. This conclusion
is further supported by the VIF values, which range from 1.22 to 1.83, well below the
conventional cut-off value of 5. Overall, these diagnostics suggest that multicollinearity is
not a concern and that the variables are suitable for the subsequent regression analyses.

4.3. Baseline Regression Results

Table 4 reports the baseline fixed-effects regression results examining the relationship
between AI capability and corporate eco-innovation. The diagnostic statistics support the
suitability of the empirical specification. The F-test indicates that the models are jointly
significant (Prob > F = 0.0000). The Breusch–Pagan test favors panel estimation over pooled
OLS, while the Hausman test confirms the appropriateness of the fixed-effects estimator,
indicating that unobserved firm-specific heterogeneity should be controlled for.

Model 1 includes only the control variables. Firm size, R&D intensity, ESG perfor-
mance, and digital capability are positively associated with eco-innovation, suggesting
that firms with stronger resources, innovation investments, and sustainability orientation
achieve higher levels of environmentally oriented innovation. These findings are consistent
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with the NRBV and DCT, which emphasize the strategic role of organizational resources
and capabilities in driving sustainable innovation.

Table 4. Fixed-Effects Regression Results.

Variables
ECOINN

Model 1 Model 2 Model 3

AI_CAP 0.128 *** (0.011) 0.121 *** (0.010)
ROA 0.064 *** (0.009) 0.052 *** (0.008) 0.047 *** (0.007)
SIZE 0.083 *** (0.006) 0.072 *** (0.006) 0.069 *** (0.005)
RDI 0.141 *** (0.018) 0.132 *** (0.017) 0.127 *** (0.016)
ESG 0.118 *** (0.014) 0.094 *** (0.013) 0.089 *** (0.012)

DIG_CAP 0.073 *** (0.012) 0.061 *** (0.011) 0.058 *** (0.010)
ENV_REG 0.049 ** (0.019) 0.041 ** (0.018) 0.039 ** (0.017)

INF −0.021 (0.016) −0.018 (0.015) −0.017 (0.015)
GDPG 0.034 ** (0.014) 0.028 ** (0.013) 0.026 ** (0.012)

Constant −0.842 *** (0.214) −0.756 *** (0.198) −0.691 *** (0.186)
Firm FE No Yes Yes
Year FE No Yes Yes

Country FE No No Yes
Observations 44,512 44,512 44,512

No. of Groups 5564 5564 5,564
R2 0.18 0.31 0.36

F-Test 142.37 *** 268.91 *** 301.44 ***
Prob > F 0.0000 0.0000 0.0000

Breusch–Pagan 5124.63 *** 5124.63 *** 5124.63 ***
Hausman 184.72 *** 184.72 ***

Notes: Robust standard errors are reported in parentheses. ** and *** indicate statistical significance at the 5% and
1% levels, respectively.

Model 2 introduces AI capability, which exhibits a positive and highly significant
coefficient (β = 0.128, p < 0.01). This finding indicates that firms with stronger AI capability
achieve higher levels of eco-innovation, supporting the argument that AI enhances firms’
ability to develop environmentally sustainable products, processes, and technologies [12,15].

Model 3 presents the full specification with firm, year, and country fixed effects. The
positive effect of AI capability remains statistically significant (β = 0.121, p < 0.01), confirm-
ing the robustness of the baseline results and providing strong support for Hypothesis 1.
Furthermore, the model fit improves across specifications, with the R2 increasing from 0.18
in Model 1 to 0.36 in Model 3, indicating that incorporating AI capability and fixed effects
substantially enhances the explanatory power of the model. Overall, the findings suggest
that AI capability is an important organizational capability that promotes eco-innovation
by strengthening firms’ capacity to generate sustainable technological innovations.

4.4. Moderation Analysis

Table 5 presents the moderation analysis. Model 1 reports the baseline specification,
Model 2 introduces the interaction term between AI capability and digital economy devel-
opment to test the proposed moderating effect, and Model 3 further incorporates country
fixed effects to control for unobserved cross-country heterogeneity and provide a more
stringent robustness check.

Across all three specifications, AI capability remains positively and statistically signifi-
cantly associated with eco-innovation (β = 0.097–0.121, p < 0.01). The interaction between
AI capability and digital economy development is positive and statistically significant in
Models 2 and 3 (β = 0.047–0.052, p < 0.01), indicating that firms operating in more digitally
developed economies are better able to translate AI capability into eco-innovation outcomes.
The persistence of the interaction effect after introducing country fixed effects in Model 3
demonstrates that the findings are robust to unobserved cross-country heterogeneity.
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Table 5. Regression Results of the Moderation Analysis.

Variables
ECOINN

Model 1 Model 2 Model 3

AI_CAP 0.121 *** (0.010) 0.108 *** (0.011) 0.097 *** (0.012)
DIG_ECO 0.083 *** (0.017) 0.071 *** (0.016) 0.064 *** (0.015)

AI_CAP × DIG_ECO — 0.052 *** (0.014) 0.047 *** (0.013)
ROA 0.046 *** (0.007) 0.044 *** (0.007) 0.042 *** (0.006)
SIZE 0.068 *** (0.005) 0.066 *** (0.005) 0.063 *** (0.005)
RDI 0.126 *** (0.016) 0.122 *** (0.016) 0.118 *** (0.015)
ESG 0.088 *** (0.012) 0.086 *** (0.011) 0.084 *** (0.011)

DIG_CAP 0.057 *** (0.010) 0.055 *** (0.010) 0.053 *** (0.009)
ENV_REG 0.038 ** (0.017) 0.037 ** (0.016) 0.035 ** (0.016)

INF −0.017 (0.015) −0.016 (0.015) −0.015 (0.014)
GDPG 0.026 ** (0.012) 0.024 ** (0.011) 0.023 ** (0.011)

Constant −0.684 *** (0.185) −0.661 *** (0.179) −0.632 *** (0.172)
Firm FE Yes Yes Yes
Year FE Yes Yes Yes

Country FE No No Yes
Observations 44,512 44,512 44,512

No. of Groups 5564 5564 5564
R2 0.36 0.39 0.41

F-Test 301.44 *** 327.91 *** 344.18 ***
Prob > F 0.0000 0.0000 0.0000

Notes: Robust standard errors are reported in parentheses. ** and *** indicate statistical significance at the 5% and
1% levels, respectively.

This finding supports both the NRBV and DCT. From an NRBV perspective, the value
of AI capability depends on complementary external resources provided by digitally ad-
vanced environments. From a DCT perspective, stronger digital infrastructure, connectivity,
and knowledge networks enhance firms’ ability to reconfigure AI-enabled resources into
environmentally sustainable innovations.

The results are consistent with previous studies showing that digital transformation and
technological ecosystems enhance green innovation and sustainability performance [16,36,67].
Unlike prior studies that primarily examine the direct effects of AI or digitalization, the
present findings demonstrate that national digital economy development acts as an impor-
tant contextual boundary condition that strengthens the positive effect of AI capability on
eco-innovation.

From an econometric perspective, the models remain jointly significant (Prob > F = 0.0000),
while the explanatory power improves from R2 = 0.36 in the baseline model to R2 = 0.41
after introducing the interaction term. These findings provide strong empirical support for
Hypothesis 2.

4.5. Interaction Effects

To further examine the moderating role of DIG_ECO, a graphical analysis of the
interaction effects was conducted. Following standard moderation procedures, conditional
marginal effects were plotted to illustrate how the relationship between AI capability
and eco-innovation varies across different levels of DIG_ECO [34,40]. The moderating
variable was evaluated at low and high levels of digital economy development (±1 standard
deviation from the mean).

Figure 2 presents the interaction between AI capability and digital economy develop-
ment on eco-innovation. The slopes are clearly non-parallel, indicating a moderating effect.
Consistent with the regression results reported in Table 5, the positive relationship between
AI capability and eco-innovation becomes stronger when digital economy development is
higher. In contrast, when digital economy development is relatively low, the association
between AI capability and eco-innovation remains positive but is noticeably weaker.
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Figure 2. Interaction plot illustrating the moderating effect of digital economy development on the
relationship between AI capability and eco-innovation.

These findings indicate that digital economy development enhances firms’ ability
to translate AI capability into environmentally sustainable innovation by strengthening
digital infrastructure, improving data connectivity, facilitating knowledge diffusion, and
accelerating technology adoption. Consequently, firms operating in digitally advanced
environments are better positioned to leverage AI technologies to generate higher levels
of eco-innovation. The interaction plot therefore complements the regression results by
providing visual evidence of the moderating role of digital economy development. Overall,
the graphical evidence provides additional support for Hypothesis 2, confirming that
digital economy development strengthens the positive relationship between AI capability
and eco-innovation.

5. Robustness Tests: Controlling for Endogeneity
The relationship between AI capability and corporate eco-innovation may be affected

by endogeneity arising from non-random AI adoption, omitted variables, and reverse
causality. Firms with stronger technological capabilities or sustainability orientation may
be more likely to invest in AI while simultaneously exhibiting higher eco-innovation per-
formance. Specifically, endogeneity may arise from self-selection, whereby technologically
advanced firms are more likely to adopt AI; omitted firm-specific factors, such as manage-
rial capability or innovation culture; and reverse causality, whereby firms with stronger
eco-innovation subsequently increase AI investment [39,54,67].

Although the baseline fixed-effects models control for time-invariant firm heterogene-
ity, they may not fully eliminate these concerns. Therefore, additional robustness analyses
are conducted using the two-step System GMM estimator, PSM, and the Heckman two-step
selection model to verify that the main findings are not driven by endogeneity bias [12,14].

5.1. System GMM

To further address potential dynamic endogeneity, reverse causality, and simultaneity,
the study employs the two-step System GMM estimator [62]. The dynamic specification
includes the lagged dependent variable to capture persistence in firms’ eco-innovation,
while lagged internal instruments improve the consistency of the estimated coefficients.
Model (1) reports the baseline dynamic specification, whereas Model (2) incorporates the
interaction term between AI capability and digital economy development to examine the
proposed moderating effect.
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Table 6 reports the two-step System GMM results together with the diagnostic tests.
The Hansen test is statistically insignificant (p > 0.10), confirming the validity of the instru-
ments, while the Arellano–Bond tests indicate significant AR (1) but insignificant AR (2),
suggesting the absence of second-order serial correlation. Moreover, the number of instru-
ments remains substantially lower than the number of firms, reducing concerns regarding
instrument proliferation [34,55].

Table 6. Endogeneity-Robust Analysis: Two-Step System GMM Estimates.

Variables ECOINN

(1) (2)
L.ECOINN (t − 1) 0.301 *** (0.038) 0.296 *** (0.037)

AI_CAP 0.028 ** (0.013) 0.019 * (0.010)
DIG_ECO 0.011 * (0.006) 0.010 * (0.006)

AI_CAP × DIG_ECO 0.015 ** (0.007)
ROA 0.007 *** (0.003) 0.008 *** (0.003)
SIZE 0.021 *** (0.006) 0.020 *** (0.006)
RDI 0.014 *** (0.004) 0.013 *** (0.004)
ESG 0.010 ** (0.005) 0.009 ** (0.005)

DIG_CAP 0.016 *** (0.005) 0.015 *** (0.005)
ENV_REG 0.012 ** (0.006) 0.011 ** (0.006)

GDPG 0.003 * (0.002) 0.003 * (0.002)
INF −0.002 * (0.001) −0.002 * (0.001)

AR (1) p-value 0.000 0.000
AR (2) p-value 0.291 0.314

Hansen J p-value 0.342 0.305
Year FE Yes Yes

Observations 44,512 44,512
Firms 5564 5564

Instruments 118 126
Notes: Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.

The lagged eco-innovation variable is positive and statistically significant (β ≈ 0.30,
p < 0.01), indicating persistence in firms’ eco-innovation activities. In Model (1), AI ca-
pability remains positively and statistically significantly associated with eco-innovation
(β = 0.028, p < 0.05), confirming that the baseline findings remain robust after controlling
for dynamic endogeneity. In Model (2), the interaction between AI capability and digital
economy development is positive and statistically significant (β = 0.015, p < 0.05), indicating
that digitally advanced environments strengthen the positive effect of AI capability on
eco-innovation. These findings provide additional support for Hypotheses 1 and 2 and
demonstrate that the main results are robust to dynamic endogeneity.

5.2. PSM

Although the baseline fixed-effects models control for unobserved time-invariant
heterogeneity, firms adopting advanced AI technologies may systematically differ from
other firms in observable characteristics. AI-intensive firms are often larger, more profitable,
and more digitally advanced, factors that may also influence eco-innovation outcomes.
To mitigate potential selection bias arising from observable differences, the study employs
PSM following prior research on digital innovation and sustainability [2,42,68].

Firms are classified as High-AI if their AI capability exceeds the sample median.
A logit model is estimated to predict the probability of belonging to the treatment group
using firm size, profitability, R&D intensity, ESG performance, digital capability, and
macroeconomic variables. Treated firms are then matched with comparable control firms
using nearest-neighbor matching with replacement.
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Balance diagnostics indicate that the standardized differences across the matching
covariates are substantially reduced after matching, confirming that the procedure success-
fully improves comparability between the treatment and control groups.

Table 7 shows that the matched-sample results remain consistent with the baseline
estimations. AI capability continues to exert a positive and statistically significant effect on
eco-innovation, while the interaction between AI capability and digital economy develop-
ment also remains positive and significant. These findings indicate that the positive effects
of AI capability and its interaction with the digital economy are not driven by observable
differences between high-AI and low-AI firms.

Table 7. PSM Robustness Results.

Variables Baseline FE Matched Sample

AI_CAP 0.033 ** (0.015) 0.021 ** (0.010)
DIG_ECO 0.012 * (0.006) 0.010 * (0.006)

AI_CAP × DIG_ECO 0.008 *** (0.003) 0.007 *** (0.003)
SIZE 0.003 *** (0.001) 0.002 *** (0.001)
ROA 0.106 *** (0.020) 0.073 *** (0.017)
RDI 0.014 *** (0.004) 0.012 *** (0.004)
ESG 0.011 ** (0.005) 0.010 ** (0.005)

GDPG 0.002 ** (0.001) 0.001 ** (0.001)
INF −0.002 ** (0.001) −0.001 * (0.001)

Constant 0.148 *** (0.021) 0.152 *** (0.020)
Firm FE Yes Yes
Year FE Yes Yes

Observations 44,512 44,512
Firms 5564 4812

Notes: Robust standard errors in parentheses. ***, **, * indicate significance at the 1%, 5%, and 10% levels.
Propensity scores are estimated using firm characteristics, and matching is performed using nearest-neighbor
matching with replacement. Firm and year fixed effects are included.

Overall, the PSM analysis provides additional evidence that the baseline findings
are robust to selection bias based on observable firm characteristics, thereby reinforcing
support for Hypotheses 1 and 2.

5.3. Heckman Two-Step Selection Model

Finally, the study applies the Heckman two-step selection model to further address
potential sample-selection bias. Firms with higher AI capability may systematically differ
from other firms in terms of technological readiness, managerial quality, innovation orien-
tation, or access to digital infrastructure. If such characteristics simultaneously influence
eco-innovation outcomes, the estimated relationships may be biased [63].

In the first stage, a probit model estimates the likelihood that a firm exhibits high AI
capability based on observable firm characteristics, including firm size, profitability, R&D
intensity, digital capability, and macroeconomic conditions. The estimated model is then used
to compute the inverse Mills ratio (IMR), which captures potential sample-selection effects.

Table 8 reports the results of the Heckman two-step estimation. In the second stage,
the IMR is incorporated into the eco-innovation regression model alongside AI capability,
digital economy development, and their interaction term. The results indicate that AI
capability remains positive and statistically significant, confirming the baseline finding
that AI adoption enhances corporate eco-innovation. Likewise, the interaction between AI
capability and digital economy development remains positive and statistically significant,
indicating that firms operating in more digitally advanced environments are better able to
translate AI investments into sustainable innovation outcomes [8,58,67].
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Table 8. Heckman Two-Step Selection Model Results.

Variables Selection Model (AI_CAP) Outcome Model (ECOINN)

AI_CAP 0.020 * (0.011)
DIG_ECO 0.011 * (0.006)

AI_CAP × DIG_ECO 0.007 *** (0.003)
ROA 0.062 ** 0.105 *** (0.020)
SIZE 0.214 *** 0.003 *** (0.001)
RDI 0.097 *** 0.013 *** (0.004)
ESG 0.081 ** 0.010 ** (0.005)

DIG_CAP 0.135 *** 0.015 *** (0.005)
ENV_REG 0.044 * 0.011 ** (0.006)

GDPG 0.008 * 0.002 ** (0.001)
INF −0.005 −0.002 * (0.001)

IMR (Lambda) 0.006
Constant 0.150 *** (0.021)
Year FE Yes

Industry FE Yes
Country FE Yes

Observations 44,512 44,512
Firms 5564 5564

Notes: Robust standard errors in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.10.

Importantly, the coefficient of the IMR is statistically insignificant, suggesting that
sample-selection bias is not a material concern in the estimated models. AI capability and
the interaction between AI capability and digital economy development remain positive
and statistically significant, indicating that the baseline findings are robust after accounting
for potential selection effects. Overall, the Heckman results are consistent with the fixed-
effects, System GMM, and PSM analyses, providing additional evidence that the main
findings are robust and further supporting Hypotheses 1 and 2.

6. Heterogeneity Analysis
To further examine whether the impact of AI capability varies across different or-

ganizational and institutional contexts, additional heterogeneity analyses are conducted
based on firm size and digital economy development. Prior research suggests that the
effectiveness of AI depends not only on firm-level resources but also on the surrounding in-
stitutional and technological environment [3,59,60]. Accordingly, the sample is divided into
subsamples to explore whether the relationship between AI capability and eco-innovation
differs across firms with different resource endowments and countries with varying levels
of digital development.

6.1. Heterogeneity by Firm Size

Table 9 reports the heterogeneity analysis based on firm size. The estimated coefficient of
AI capability is larger for large firms (β= 0.041, p < 0.01) than for small firms (β= 0.019, p < 0.05),
suggesting that organizational scale enhances firms’ ability to translate AI capability into
eco-innovation. Large firms generally possess greater financial resources, stronger absorptive
capacity, more advanced technological infrastructure, and broader innovation networks,
enabling them to deploy AI more effectively in support of sustainable innovation.

These findings are consistent with the NRBV, which emphasizes that firms with su-
perior strategic resources and organizational capabilities are better positioned to generate
sustainable competitive advantages. The results also align with previous studies showing
that organizational resources and digital capabilities strengthen green innovation per-
formance [4,12]. The regression models are jointly significant (p < 0.001), with higher
explanatory power observed for the large-firm subsample (within R2 = 0.29) than for the
small-firm subsample (within R2 = 0.22).
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Table 9. Regression Results for Large and Small Firms.

Variables Large Firms Small Firms

AI_CAP 0.041 *** (0.009) 0.019 ** (0.008)
ROA 0.012 * (0.006) 0.008 (0.005)
SIZE 0.010 *** (0.003) 0.006 ** (0.003)
RDI 0.021 *** (0.006) 0.014 ** (0.005)
ESG 0.028 *** (0.007) 0.015 ** (0.006)

DIG_CAP 0.024 *** (0.006) 0.013 ** (0.006)
ENV_REG 0.017 ** (0.007) 0.009 * (0.005)

INF −0.004 (0.003) −0.006 * (0.003)
GDPG 0.009 ** (0.004) 0.006 * (0.003)

Constant 0.183 *** (0.041) 0.161 *** (0.039)
Observations 18,696 25,816

Firms 2337 3227
R2 (within) 0.29 0.22

F-test 48.37 *** 32.11 ***
Prob > F 0.0000 0.0000

Notes: The sample is divided based on the median value of firm size. All regressions include firm, industry, and
year fixed effects with robust standard errors clustered at the firm level. ***, **, and * denote statistical significance
at the 1%, 5%, and 10% levels, respectively.

6.2. Heterogeneity by Digital Economy Development

Table 10 presents the heterogeneity analysis based on the level of digital economy
development. The estimated coefficient of AI capability is larger in countries with high
digital economy development (β = 0.046, p < 0.10) than in countries with lower digital
economy development (β = 0.018, p < 0.05), suggesting that supportive digital environments
enhance firms’ ability to convert AI capability into eco-innovation.

Table 10. Regression Results for High- and Low-Digital Economy Countries.

Variables High Digital Economy Low Digital Economy

AI_CAP 0.046 * (0.010) 0.018 ** (0.009)
ROA 0.011 * (0.006) 0.007 (0.005)
SIZE 0.009 *** (0.003) 0.006 ** (0.003)
RDI 0.022 *** (0.006) 0.015 ** (0.005)
ESG 0.031 *** (0.007) 0.017 ** (0.006)

DIG_CAP 0.027 *** (0.007) 0.012 ** (0.006)
ENV_REG 0.019 ** (0.008) 0.010 * (0.006)

INF −0.003 (0.003) −0.005 * (0.003)
GDPG 0.010 ** (0.004) 0.006 * (0.003)

Constant 0.191 *** (0.042) 0.158 *** (0.038)
Observations 14,688 29,824

Firms 1836 3728
R2 (within) 0.31 0.23

F-test 51.42 *** 33.64 ***
Prob > F 0.0000 0.0000

Notes: Countries are classified into high and low digital economy groups based on the median value of the DEI.
All regressions include firm, industry, and year fixed effects with robust standard errors clustered at the firm
level. ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

These findings complement the moderation analysis by indicating that digital in-
frastructure, connectivity, technological readiness, and knowledge networks reinforce the
effectiveness of AI capability. From the perspective of DCT, digitally advanced environ-
ments facilitate firms’ ability to integrate, reconfigure, and leverage AI-enabled resources
to generate environmentally sustainable innovations.

The results are consistent with previous evidence showing that digital transformation and
technological ecosystems promote green innovation and sustainability performance [53,56].
The models remain jointly significant (p < 0.001), with higher explanatory power in digitally
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advanced economies (within R2 = 0.31) than in less digitally developed economies (within
R2 = 0.23).

7. Discussion
This study examined the effect of AI capability on firms’ eco-innovation and the

moderating role of digital economy development using a large panel of Asian firms. The
findings provide strong support for Hypotheses 1 and 2, demonstrating that AI capability
enhances firms’ eco-innovation and that this relationship becomes stronger in countries
with more advanced digital economies.

First, the results indicate that AI capability positively influences eco-innovation, sup-
porting Hypothesis 1. This finding is consistent with previous studies showing that AI
enhances environmental innovation by improving knowledge integration, resource op-
timization, operational efficiency, and organizational learning [4,5,39]. Our results also
agree with recent evidence that AI functions as a general-purpose technology capable of
transforming production systems and accelerating sustainable innovation when effectively
integrated into organizational processes [18].

Furthermore, the findings support studies emphasizing that AI creates greater orga-
nizational value when combined with complementary organizational capabilities, imple-
mentation readiness, and digital resources [20,21]. From a theoretical perspective, these
findings reinforce the NRBV by demonstrating that AI capability represents a strategic
resource that enables firms to generate both environmental and competitive advantages
through eco-innovation.

Second, the results show that digital economy development positively moderates
the relationship between AI capability and eco-innovation, providing strong support for
Hypothesis 2. As illustrated in Figure 2, the positive relationship between AI capability
and eco-innovation becomes considerably stronger under higher levels of digital economy
development, whereas the association remains positive but noticeably weaker in less
digitally developed environments. The interaction plot provides clear graphical evidence
that AI capability generates substantially greater eco-innovation gains when firms operate
within digitally advanced environments, highlighting the complementary role of national
digital ecosystems in enhancing the value of AI investments.

This finding is consistent with previous research reporting that advanced digital
infrastructure, digital connectivity, knowledge spillovers, and supportive institutional
environments enable firms to utilize AI more effectively for innovation and sustainabil-
ity [20,30,41,48]. Our findings extend this literature by demonstrating that digital economy
development not only promotes innovation directly but also strengthens the effectiveness
of firm-level AI capability in generating eco-innovation. These results are consistent with
DCT, Institutional Theory, and the National Innovation Systems (NIS) perspective, suggest-
ing that firms are better able to transform AI-enabled resources into eco-innovation when
operating within supportive digital ecosystems.

Third, the heterogeneity analyses indicate that the estimated effect of AI capability
is larger among large firms and firms operating in digitally advanced economies. These
findings are consistent with earlier studies showing that firms with greater absorptive ca-
pacity, stronger technological infrastructure, richer data resources, and broader innovation
networks obtain greater innovation benefits from digital technologies [1,29,38,47]. Likewise,
firms operating in countries with more developed digital ecosystems benefit from superior
digital infrastructure, institutional support, and knowledge-sharing networks, allowing
them to deploy AI technologies more effectively for environmentally sustainable innovation.
Collectively, these findings suggest that AI capability alone is insufficient to maximize eco-
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innovation; rather, its effectiveness depends on complementary organizational resources
and supportive national digital environments.

This study makes several theoretical contributions. First, it extends the Natural
Resource-Based View by conceptualizing AI capability as a strategic technological resource
that strengthens firms’ environmental innovation performance. Second, it advances Dy-
namic Capability Theory by demonstrating that national digital ecosystems constitute
an important contextual condition influencing firms’ ability to transform AI capability
into sustainable innovation outcomes. Third, by integrating firm-level AI capability with
country-level digital economy development, the study contributes to the growing literature
on digital transformation and sustainability through a multilevel perspective that links
organizational capabilities with institutional environments.

The findings also have important practical implications. For managers, the results
suggest that investments in AI should be accompanied by complementary investments in
digital skills, organizational capabilities, data management, and innovation processes to
maximize eco-innovation outcomes. Firms operating in less digitally developed environ-
ments should strengthen internal technological capabilities and strategic collaborations to
overcome institutional constraints. For policymakers, the findings highlight the importance
of investing in digital infrastructure, innovation ecosystems, digital skills, and supportive
regulatory frameworks that facilitate AI adoption and sustainable innovation. Strengthen-
ing national digital ecosystems can accelerate digital transformation while simultaneously
supporting environmentally sustainable economic growth.

Finally, this study offers several directions for future research. Future studies could
examine whether different AI technologies, such as machine learning, generative AI,
computer vision, or predictive analytics, have heterogeneous effects on eco-innovation. Re-
searchers may also investigate additional contextual moderators, including environmental
regulation, corporate governance, institutional quality, or ESG performance, and extend
the analysis to other regions to evaluate the generalizability of the findings. Longitudinal
and mixed-method studies could further improve understanding of how firms develop AI
capabilities and integrate them into long-term sustainability strategies.

8. Conclusions
This study examined the impact of AI capability on firms’ eco-innovation and the moder-

ating role of digital economy development using a balanced panel of listed Asian firms from
2017 to 2024. The findings provide robust evidence that AI capability positively influences eco-
innovation and that this relationship remains consistent across alternative model specifications,
moderation analyses, heterogeneity analyses, and multiple robustness tests.

The study offers several important insights. First, firms with stronger AI capabil-
ity achieve higher levels of eco-innovation, suggesting that AI enhances firms’ ability to
improve resource efficiency, optimize environmental decision-making, and develop sus-
tainable products and processes. Second, the positive impact of AI capability is stronger
in countries with more advanced digital economies, indicating that digital infrastructure,
connectivity, and innovation ecosystems reinforce firms’ ability to translate AI investments
into environmentally sustainable innovation. Third, the heterogeneity analyses show that
the estimated effect of AI capability is larger among large firms, highlighting the importance
of organizational resources, technological readiness, and absorptive capacity in maximizing
the environmental benefits of AI.

Overall, the findings demonstrate that the sustainability value of AI depends not
only on firms’ technological capabilities but also on the quality of the surrounding digital
ecosystem. Beyond confirming the positive role of AI capability, this study contributes
to the literature on digital transformation, sustainability, and innovation by providing a
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multilevel perspective that integrates firm-level AI capability with country-level digital
economy development. The findings further extend the NRBV and DCT by demonstrating
that supportive digital environments strengthen firms’ ability to transform technological
resources into environmentally sustainable innovation.

Despite these contributions, several limitations should be acknowledged. First, al-
though this study employs a large cross-country sample, the analysis is limited to publicly
listed firms in Asia, which may restrict the generalizability of the findings to private firms or
other institutional and geographical contexts. Second, although the AI capability measure
is derived from objective textual analysis of corporate disclosures, it may not fully capture
firms’ actual AI adoption, technological sophistication, or the operational integration of AI
systems. Consequently, the measure may partly reflect firms’ disclosure practices rather
than their underlying AI capabilities. Third, although the empirical analysis employs firm
fixed-effects models, System GMM, PSM, and the Heckman two-step approach to mitigate
endogeneity and sample-selection concerns, unobserved firm- or country-level factors may
still influence the relationship between AI capability and eco-innovation. Future research
could extend this work by examining other institutional settings, incorporating alternative
measures of AI capability based on patents, investments, or operational AI deployment,
and exploring additional contextual factors that may shape AI-enabled eco-innovation.

Future research could extend this study by examining firms from other regions, such
as Europe, North America, and emerging economies, to assess the generalizability of the
findings across different institutional environments. Researchers may also employ alter-
native measures of AI capability, digital transformation, and technological maturity to
capture different dimensions of organizational digitalization. In addition, future studies
could investigate the effects of specific AI technologies, such as generative AI, machine
learning, and predictive analytics, on different dimensions of eco-innovation and sustain-
ability performance. Finally, further research may explore how AI capability interacts
with other governance and sustainability mechanisms, including ESG practices, environ-
mental regulation, green finance, and corporate governance, to advance environmentally
sustainable innovation.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Artificial Intelligence
AI_CAP Artificial Intelligence Capability
ECOINN Eco-Innovation
EIS Eco-Innovation Score
DIG_ECO Digital Economy Development
DIG_CAP Digital Capability
NRBV Natural Resource-Based View
DCT Dynamic Capability Theory
PSM Propensity Score Matching
GMM Generalized Method of Moments
ESG Environmental, Social, and Governance
RDI Research and Development Intensity
ROA Return on Assets
SIZE Firm Size
ENV_REG Environmental Regulation
INF Inflation
GDPG Gross Domestic Product Growth
PCA Principal Component Analysis
DEI Digital Economy Index

Appendix A

Table A1. Principal Component Analysis (PCA) of the DEI.

Digital Economy Dimension PC1 Loading

Digital Skills 0.842
Digital Infrastructure 0.914

Business Digitalization 0.901
Digital Public Services 0.881

Eigenvalue (PC1): 3.18
Explained Variance: 79.46%
Cumulative Variance: 79.46%

Note: All indicators exhibit strong positive loadings on the first principal component, confirming that they capture
a common underlying dimension of digital economy development. The first principal component explains 79.46%
of the total variance and was therefore retained to construct the composite DEI.
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