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Abstract

This study investigates the impact of artificial intelligence (AI) on environmental,
social, and governance (ESG) performance and explores how this relationship
evolves across the quantile and time-frequency domains. Using daily data from
2018 to 2025, the analysis applies the Quantile-on-Quantile Regression (QQR),
Wavelet Quantile-on-Quantile Regression (WQQR), and Quantile Causality
(QC) approaches to examine the influence of the Artificial Intelligence Enabler
Index (AIl) on the Global ESG Index (ESGI). The results based on raw data
reveal that the influence of Al on ESG performance is heterogeneous across
quantiles, with both positive and negative effects. In the short, medium, and long
term, All positively affects ESGI at the lower and upper quantiles, while exerting
negative effects around the median quantiles. The QC findings, consistent with
the raw and wavelet-based analyses, indicate that Al has predictive power for
ESG performance over the medium and long horizons, but not in the short run.
These results underscore that the strategic and holistic integration of Al
technologies can play a pivotal role in overcoming ESG challenges and fostering
sustainable development. The study provides novel insights for investors and
policymakers aiming to understand the dynamic and multi-scale linkages
between Al adoption and ESG performance.

Oz

Bu ¢alisma, yapay zekanin ESG performansi tizerindeki etkisini incelemek ve bu
etkinin kantil ve zaman-frekans uzayinda nasil gergeklestigini arastirmayi
amaclamaktadir. Bu dogrultuda, 2018-2025 dénemi giinliik verileri kullanilarak
Yapay Zeka Endeksi’nin (AIl) Kiiresel ESG Endeksi (ESGI) iizerindeki etkisini
analiz etmek i¢in Kantil-Kantil Regresyon (QQR), Wavelet Kantil-Kantil
Regresyon (WQQR) ve Kantil Nedensellik (QC) yontemleri uygulanmigtir. Ham
veri sonuglari, AII’'nin farkli kantil diizeylerinde ESG performansi iizerinde hem
pozitif hem de negatif etkilerinin oldugunu ortaya koymaktadir. Kisa, orta ve
uzun vadeli donemlerde ise AIl'nin ESGI performans: {izerinde alt ve iist
kantillerde pozitif; orta kantil diizeylerinde ise negatif etkiye sahip oldugu
goriilmektedir. QG sonuglari, ham verilerle birlikte orta ve uzun vadeli
donemlerde yapay zekanin ESG performansini dngorebildigini gostermektedir.
Ancak kisa vadede yapay zekanin ESG performansi iizerinde nedensel bir dngorii
glici bulunmamaktadir. Yapay zekd teknolojisinin stratejik ve biitiinciil
entegrasyonu, ESG zorluklarinin asilmasinda ve sirdiiriilebilir kalkinmanin
desteklenmesinde 6nemli bir rol oynamaktadir. Bu ¢alisma, yatirimcilar ve
politika yapicilar i¢in 6nemli 6ngoriiler sunmaktadir.

* An earlier version of this study was presented at the 28th Finance Symposium (October 15-18, 2025). The
present paper constitutes an extended and revised version of that work.
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1. Introduction

In the face of mounting global challenges, ranging from environmental crises to widening
social inequalities, the assessment of corporate performance has evolved beyond traditional
financial metrics to encompass environmental, social, and governance (ESG) dimensions. ESG
evaluation captures how firms interact with their natural environment, fulfill their social
responsibilities, and maintain transparent governance structures. These dimensions have become
integral to modern investment decision-making, prompting a shift in focus from short-term
profitability toward long-term sustainability strategies. Consequently, the accurate measurement
and transparent reporting of ESG performance have become central to corporate governance,
driven by both regulatory requirements and stakeholder expectations. Within the environmental
dimension, policy initiatives and corporate commitments aimed at reducing carbon emissions,
promoting renewable energy, achieving carbon neutrality in supply chains, enhancing financial
transparency, developing green financial instruments, and strengthening sustainability reporting
have triggered profound transformations in business models. Firms that successfully adapt to
these shifts gain competitive and revenue advantages, while those that fail to do so face mounting
compliance risks. For instance, in October 2023, the European Union (EU) initiated the transition
to its Carbon Border Adjustment Mechanism (CBAM). Beginning in 2026, CBAM will impose
additional taxes and restrictions on imports from sectors deemed noncompliant with ESG
standards, effectively institutionalizing ESG alignment as a prerequisite for market participation.
Such developments make corporate indifference to ESG compliance practically impossible.

At the same time, artificial intelligence (Al)—a defining force of the digital era—is
fundamentally reshaping the ways in which firms process data, forecast outcomes, and make
strategic decisions. By extracting actionable insights from large and complex datasets, Al enables
the formulation of corporate strategies that are not only faster but also more precise. This shift
goes beyond operational efficiency — it opens new pathways for designing, monitoring, and
evaluating sustainability strategies. Al systems minimize human intervention throughout the ESG
data lifecycle—from collection and classification to interpretation—thereby fostering objectivity,
traceability, and continuity in sustainability assessments. As a result, the interaction between Al
and ESG has become increasingly important, with firms leveraging Al applications to develop
more integrated and intelligent sustainability strategies. Likewise, Al-driven models have begun
to play a decisive role in the computation of ESG scores and in guiding ESG-oriented investment
decisions. Emerging research on this nexus has sought to determine the extent to which Al
technologies are embedded within ESG-oriented corporate structures and how this integration
shapes ESG performance. For example, Zhang et al. (2024) demonstrate that employing Al-based
models for ESG assessment enhances the accuracy of corporate decision-making. While empirical
evidence increasingly points to Al’s significant influence on ESG outcomes, comprehensive and
systematic analyses of this relationship remain scarce. Moreover, existing studies have paid
insufficient attention to the dynamic and heterogeneous nature of this relationship across different
time scales. Addressing these gaps is essential for understanding how digital transformation,
through Al, can sustain or disrupt corporate sustainability performance.

This study examines the impact of Al on ESG performance and how this effect manifests
across quantile and time-frequency domains. To achieve this, the study employs the Quantile-on-
Quantile Regression (QQR) and the Wavelet Quantile-on-Quantile Regression (WQQR)
methodologies, which capture multi-scale, distribution-sensitive interactions. The empirical
analysis utilizes daily data spanning 2018-2025, focusing on the Artificial Intelligence Enabler
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Index (AIl) and the Global ESG Index (ESGI). By integrating these methods, the study
contributes to both methodological advancement and empirical understanding at the intersection
of Al and ESG, offering a clearer view of the financial and sustainability implications of digital
transformation.

This research makes several contributions to the existing literature. While recent studies,
such as Dou et al. (2025), have initiated the investigation into the AI-ESG nexus, our study
advances this line of inquiry by moving beyond standard regression analyses. Unlike previous
research that primarily relies on singular estimation techniques, we integrate Quantile-on-
Quantile Regression (QQR), Wavelet Quantile-on-Quantile Regression (WQQR), and
Nonparametric Quantile Causality (QC) approaches into a unified analytical framework. This
methodological integration allows us to measure multi-dimensional dynamics across both the
quantile and time-frequency domains, providing a distribution-sensitive and multi-horizon
perspective that remains under-explored in the current literature. By capturing the heterogeneous
and time-varying nature of this relationship, our study offers a more granular understanding of
how Al influences ESG performance across short-, medium-, and long-term horizons, thereby
offering a perspective that is underexplored in the existing literature. First, while previous studies
have established that Al technologies exert meaningful effects on ESG outcomes, the majority
emphasize discrete dimensions, such as environmental impact reduction, social transformation,
or governance enhancement, without jointly addressing their dynamic interdependencies
(Ajagekar and You, 2024; Qin et al., 2024; Goralski and Tan, 2022; Lv et al., 2024; Li et al.,
2024; Zhang, 2024; Chen et al., 2024; Liu et al., 2024). Second, despite growing academic
attention, few studies investigate the ESG-AI nexus through an integrated, multi-horizon lens that
captures short-, medium-, and long-term effects. Consequently, the heterogeneous and time-
varying influence of Al on ESG performance remains underexplored. By analyzing this
multidimensional relationship through quantile- and frequency-based methods, this study seeks
to fill these empirical and theoretical voids.

The remainder of the paper is organized as follows: Section 2 presents the conceptual
framework and literature review; Section 3 describes the data; Section 4 outlines the
methodological design. Section 5 discusses the empirical findings. Section 6 concludes with key
insights and policy implications.

2. Conceptual Framework and Literature Review

ESG performance, as a tangible indicator of sustainable corporate development
expectations, reflects the environmental impacts, social responsibility levels, and governance
structures of firms. ESG performance is now seen not only as meeting environmental and social
obligations, but as a strategic driver of corporate reputation, market confidence, and long-term
investment. ESG indicators are generally classified into three main dimensions: environmental
sustainability practices, social relations with stakeholders, and transparent and accountable
governance structures.

First, environmental indicators encompass corporate strategies related to energy and natural
resource use, carbon emissions, and waste management, as well as technological and operational
initiatives aimed at reducing environmental impacts. In this context, greenhouse gas emissions,
wastewater and solid waste management policies, and environmental protection investments
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emerge as key elements. Second, social indicators represent corporate social responsibility
through dimensions such as the protection of employee rights, occupational health and safety,
customer satisfaction, supply chain management, and societal contribution. Third, governance
indicators point to the quality of corporate governance through internal control mechanisms,
disclosure practices, independent auditing, and board structures. Globally, ESG practices are
becoming a new value-creation paradigm that shapes investors' decisions beyond traditional
financial metrics. In this regard, the impact of ESG performance on corporate financial
performance has been investigated in numerous empirical studies. Friede et al. (2015) found a
generally positive relationship between ESG practices and financial returns. Similarly, Huang
(2021) identified a positive correlation between ESG and financial performance. Kim and Li
(2021) reported that the governance dimension, in particular, exerts a stronger influence on
profitability compared to the other ESG subcomponents. Taken together, these findings suggest
that ESG performance represents not only compliance with environmental and social obligations
but also a strategic element that strengthens corporate reputation in capital markets and enhances
long-term investor confidence.

The relationship between Al and sustainable development goals has recently gained
attention as an interdisciplinary research area in both finance and technology (Vinuesa et al.,
2020). The effects of Al technologies across ESG dimensions have become one of the key
determinants in understanding the dynamics of sustainable corporate transformation. The
widespread adoption of environmentally friendly digital solutions, the redefinition of social
responsibility mechanisms through digital tools, and the data-driven optimization of corporate
governance processes collectively demonstrate the transformative potential of Al technologies for
ESG performance. For instance, Liu et al. (2024) show that Al technologies stimulate corporate
R&D investments, accelerate digital transformation, and thereby improve ESG performance.
Similarly, Chen et al. (2024) demonstrate that Al enhances overall corporate efficiency and
encourages R&D expenditure, contributing positively to ESG outcomes. The positive impact of
Al on ESG performance also implies that firms operating in regions with higher levels of digital
financial inclusion can experience an increase in firm value. In light of these findings, a systematic
review of the empirical and theoretical studies addressing the influence of Al on ESG
performance is presented below. First, regarding environmental performance, Al technologies
appear to have both positive and negative impacts on environmental indicators (Cheng and Zhang,
2025). Through Al-based energy management systems, smart grids, and carbon footprint
prediction models, environmental efficiency is enhanced, and resource consumption is reduced
(Camarena, 2020; Szramowiat-Sala et al., 2024; Tseng and Lin, 2024; Qin et al., 2024). Moreover,
Al-driven models improve the effectiveness of environmental monitoring systems in areas such
as air quality, deforestation, and water pollution (Zhang and Yang, 2024), thereby facilitating
more predictable disaster early-warning systems and environmental risk management (Bui et al.,
2019). In addition, Al technologies demonstrate the potential to reduce environmental pressure
by optimizing resource use in natural resource-intensive sectors such as industry and agriculture
(Li et al., 2024; Camarena, 2020).

However, the potential negative environmental outcomes of Al should not be ignored (Dou
et al., 2025). The intensive energy consumption and carbon emissions of data centers supporting
Al operations have become a major concern for environmental sustainability (Ajagekar and You,
2024; Zhang and Zhu, 2023). Indeed, Dong et al. (2024) revealed an inverted U-shaped
relationship between Al applications and emissions, implying an initial increase followed by a
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subsequent decline. This suggests that the environmental impacts of Al technologies are dynamic
and evolve over time. Second, the impact of Al technologies on the social dimension is
characterized by both opportunities and risks. Al-based applications foster new skill sets and
expand employment opportunities (Guliyev et al., 2023; Lv et al.,, 2024). Through robotic
automation and machine learning, Al helps to offload routine tasks, increasing employee
satisfaction and productivity, while also supporting individual skill development through learning
platforms (Davenport and Ronanki, 2018; Clark, 2020). Furthermore, Al contributes to social
welfare by improving access to essential services such as healthcare and education (Damioli et
al., 2024). Nevertheless, Al technologies also pose several social risks (Zhao et al., 2023; Zhao
and Gomez Farinas, 2023). The automation of repetitive tasks through Al systems can lead to
labor substitution effects, potentially marginalizing low-skilled workers (Acemoglu and Restrepo,
2020; Brambilla et al., 2023). In addition, algorithmic bias resulting from incomplete or flawed
training data may lead to discriminatory outcomes, conflicting with the principles of social justice
(Beier et al., 2022). Privacy violations, data security risks, and ethical concerns also remain
critical issues within the social implications of Al technologies.

Finally, the impact of AI technologies on the governance dimension reveals their
contribution to the transformation of corporate governance along the sustainability axis. These
technologies improve transparency and enhance decision-making mechanisms (Zhao and Gémez
Farifias, 2023; Zhang, 2024). Al-powered decision-support systems provide managers with timely
and accurate information, thereby improving policy-making processes (Saba and Ngepah, 2024).
Li and Qi (2022) demonstrate that Al technologies can detect “greenwashing” practices, helping
to preserve the ethical integrity of capital markets. Moreover, Al-based “artificial managers” can
serve a complementary role in traditional corporate structures lacking independent board
members, providing technical expertise and increasing impartiality in governance (Li, 2023; Zhao
and Goémez Farifias, 2023). Nevertheless, there are also drawbacks to Al-based governance
systems. The growing reliance on Al algorithms in managerial decision-making may diminish the
role of human judgment, empathy, and ethical reasoning (Dou et al., 2025). Cybersecurity
vulnerabilities and data manipulation threats also constitute critical weaknesses of Al-based
governance structures. Therefore, ensuring that such systems are implemented ethically,
auditably, and accountably is of paramount importance (Wang et al., 2025). On the other hand,
Al technologies also hold the potential to strengthen organizational capacities in areas such as
corporate governance, regulatory compliance, and risk management (Ferras-Hernandez, 2018).

In summary, the impact of Al technologies on ESG performance lies at the core of today’s
strategic corporate transformation processes, and the way this relationship is managed directly
shapes ESG outcomes. Firms that effectively meet ESG criteria and integrate Al-based
technological solutions can achieve a competitive advantage in risk management and capital
markets while fostering long-term investor confidence. Although the positive effects of Al on
ESG performance are not always directly reflected in financial metrics, they can indirectly and
persistently enhance firm value by improving investor perceptions. In this regard, improvements
in ESG indicators, particularly in governance through transparency and ethical management, help
reduce corporate risk premiums and lower the cost of capital. Furthermore, Al technologies can
function as a leverage mechanism that enhances ESG performance multidimensionally and, in
doing so, increases firm value. Hence, in the finance literature, Al is considered a factor of
strategic significance. Accordingly, Al investments should be regarded not merely as
technological progress but as a fundamental component of sustainable corporate value creation.

698



Journal of Research in Economics, Politics & Finance, 2026, 11(2): 694-720

3. Data

The primary objective of this study is to examine in depth the interaction between Al and
ESG and to empirically analyze the impact of this relationship on ESG performance across
different quantile levels. To this end, daily data covering the period from May 31, 2018, to May
30, 2025, were utilized to investigate the effect of the AIl on the ESGI using the QQR and the
WQQR approaches. Data for the Al and ESG indices were obtained from the Datastream
database. As of 2018, 84 stock exchanges worldwide had joined the United Nations Sustainable
Stock Exchanges (UN SSE) Initiative. By the end of the same year, institutional investors from
over 50 countries had also become signatories to the United Nations Principles for Responsible
Investment (UN PRI). These developments indicate that the ESG-based investment philosophy
has been embraced at the institutional level and that the global ESG market has gained remarkable
momentum (Dou et al., 2025). In this study, the ESGI serves as a market-weighted measure of
firms’ sustainability performance, comprising 827 sub-S&P ESG indices across 11 major sectors.
The AlI, conversely, is constructed using a modified equal-weighting methodology, focusing
primarily on Al-intensive sectors. The sectoral composition of both indices is summarized in
Table 1 below:

Table 1. Sectoral Composition of ESGI and AII (%)

Sector ESGI Weight (%) AIl Weight (%)
Information Technology 26.5 83.6
Industrials 10.3 7.4
Communication Services 8.5 5.5
Consumer Discretionary 8.2 3.5
Financials 16.0 -
Healthcare 12.3 -

Other Sectors 18.2 -

A notable limitation of this study arises from the sectoral overlap between the All and the
ESGI, particularly within the Information Technology sector, which constitutes a significant
portion of both indices. This overlap implies a degree of inherent correlation between the two
series, as Al-driven firms are simultaneously represented in the All and, due to their ESG-oriented
transformations, in the ESGI. While this linkage is central to the research question, capturing the
transmission mechanism from Al adoption to ESG outcomes, it necessitates caution in
interpreting the findings. Future research could mitigate this endogeneity concern by employing
sector-neutralized indices or focusing on non-tech-intensive industries to isolate the pure effect
of Al integration on ESG performance.

According to data from the China Electronic Society, the global market size of the core Al
industry increased by 50.2% in 2018. This growth highlights AI not only as a technological
innovation but also as a fundamental driving force behind a new wave of scientific, technological,
and industrial revolutions (Dou et al., 2025). In this context, the All is used in the study to measure
and compare progress in the Al field. The All is constructed based on a modified equal-weighting
methodology and primarily covers four sectors: information technology (83.6%), industrials
(7.4%), communication services (5.5%), and consumer discretionary (3.5%). A higher All value
reflects strong and stable growth momentum in the Al sector, whereas a lower value indicates
limited development.
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4. Methodology
4.1. Wavelet Decomposition

In order to obtain more comprehensive results, the QQR approach in this study is integrated
with a multi-scale (short-, medium-, and long-term) wavelet decomposition framework (Qin, Qiu,
Tao et al., 2020; Qin, Su, Hao et al., 2020). The wavelet approach simultaneously considers
variations in both the time and frequency domains of a time series (Gengay et al., 2002; Qin et
al., 2023). This method enables a more effective analysis of the characteristics of non-stationary
time series by uncovering data patterns associated with specific time intervals and localized
frequencies (Pang et al., 2022; Qin et al., 2023; Su et al., 2023; Su et al., 2024). Moreover, wavelet
decomposition allows time series to be decomposed into orthogonal components, facilitating the
extraction of nonparametric features. In this context, even the nonparametric form of a single
variable can be examined by dividing the data into orthogonal time segments. The wavelet method
decomposes the series into different frequency components and transforms them as shown in
Equations (1) and (2) (Su et al., 2023). Accordingly, in this study, the AIl and ESGI series are
decomposed into multiple time scales using the wavelet approach, and each scale is subjected to
advanced mathematical transformations, thus providing a more detailed and in-depth analysis.

P
f ()dt =0 1)

g
j (Hdt=0 (2)

In Equations (1) and (2), v and { respectively represent the father wavelet and the mother
wavelet. The first component of the wavelet transformation captures only the low-frequency
elements of the series, while the second focuses on the high-frequency components.

Ve r(t) =282 (2%t — f) 3)
lof(t) =2¢2¢(2°t — f) 4)

The continuous wavelet transform relies on a mother wavelet $\psi(t)$, which must satisty
the admissibility condition. Specifically, the integral of the mother wavelet over the entire time
domain is defined as:

+00
Y ()dt=0 )
—

It should be noted, however, that while this condition ensures zero-mean oscillation in the
standard definition, the integration behavior of the selected wavelet family, particularly when
applied to non-stationary financial time series, should be interpreted with caution. Contrary to a
strict interpretation where the integral of the basis function vanishes, the effective decomposition
in our model converges to a constant or a normalized structure that preserves the signal’s energy
across different frequency bands. Thus, the wavelet integration does not necessarily equate to zero
in the numerical implementation of the filter; rather, it reflects a stabilized, scale-dependent
representation that allows us to isolate the stochastic components of the Al and ESG indices. In
this study, we utilize the Maximal Overlap Discrete Wavelet Transform (MODWT) to decompose
the AIl and ESGI series into different frequency components. The choice of the Daubechies least
asymmetric (LA) wavelet of length 8 (LAS) is motivated by its ability to provide a balance
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between time-localization and frequency-localization, which is particularly suitable for non-
stationary financial data. The decomposition is performed at level | = 4, resulting in four wavelet
details (D4 to D,) and one smooth component (S,). To facilitate our analysis of the AI-ESG nexus
across different investment horizons, we aggregate these components into three distinct frequency
bands, as reported in Table 2.

Table 2. Wavelet Decomposition and Time-Scale Mapping

Frequency Band Horizon Decomposed Components Time-Scale (Days)
Short-term Short D, +D, 2 - 8 days
Medium-term Medium Dy 8 - 16 days
Long-term Long D,+S, > 16 days

As shown in Table 2, the short-term band (D, - D,) captures high-frequency noise and daily
market fluctuations, while the medium-term band (D5) reflects the reactions of market participants
to institutional Al news or short-term ESG disclosures. Finally, the long-term band D, and S,)
captures the underlying structural trend of the relationship, representing the sustained impact of
Al integration on corporate sustainability performance. In Equations (3) and (4), f denotes a
continuous translation parameter ranging from 1 to 2, while e represents the scale that varies from
1 to E, where E corresponds to the number of available data points (Su et al., 2023; Dou et al.,
2025). The integration of the QQR approach with the wavelet framework thus allows for the
identification of both visual and quantitative effects between time series at each quantile across
multiple time scales, enhancing the interpretability of dynamic relationships.

4.2. Quantile-on-Quantile Regression

By combining traditional quantile regression (QR) with nonparametric estimation
techniques, a more advanced Quantile-on-Quantile Regression (QQR) framework can be
developed (Sim and Zhou, 2015; Su, 2023; Dou et al., 2025). The traditional QR model,
introduced by Koenker and Bassett Jr. (1978), allows for the estimation of the effects of
independent variables on different quantiles of the dependent variable’s conditional distribution.
The QR approach can be viewed as an extension of the classical linear regression method (Su et
al., 2022; Dou, 2025). Similar to the Ordinary Least Squares (OLS) method, QR investigates the
influence of explanatory variables across the lower and upper tails of the distribution, revealing
heterogeneity and asymmetries under varying market conditions (Pang et al., 2022).

In addition, Stone (1977) and Cleveland (1979) developed the local linear regression
method, which examines the effect of specific quantiles of the independent variable on the
dependent variable through nonparametric estimation, while also addressing the limitations of
such relationships. The combination of these two approaches gives rise to the QQR framework,
which allows a more comprehensive examination of the interactions between different quantiles
of the dependent and independent variables. Moreover, QQR accounts for asymmetric, nonlinear
relationships, as well as regime shifts and structural breaks, that traditional methods such as OLS
and QR fail to capture (Qin et al., 2023; Dou et al., 2025).
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Accordingly, this study employs the QQR approach to model the relationship between AIl
and ESGI. The method begins with a nonparametric quantile regression model, as expressed in
Equation (5):

Y = x1(Xp) +vf )

Here, Y; denotes ESGI, while X, represents All. The g-th quantile reflects the conditional
distribution of the dependent variable at quantile g. The term vtq denotes the error component
with a conditional g-th quantile equal to zero. y7(+) is an unspecified function due to the absence
of prior information about the relationship between X; and the dependent variable. To simplify

the analysis, y(-) is linearized using a first-order Taylor expansion of the complex nonlinear
function X®, as shown in Equation (6) (Shahzad et al., 2017; Qin, 2023; Dou et al., 2025):

21X ~ xI(XT) + x4 (XD (X, — XT) (6)

Here, )(q’ represents the partial derivative of y9(X;) with respect to X;, corresponding to
the marginal effect, which is analogous to the slope coefficients in traditional linear regression
models (Shahzad et al., 2017). In this context, both y?(X") and )(q'(X ) are functions of q and
7. These functions can then be expressed as y(q, ) and y;(q, ), respectively, yielding Equation

(7):

XXt = x0(q,7) + x1(q, D (X — X7) (7)
Substituting Equation (7) into Equation (5), the model becomes (Qin et al., 2023):
Y = x0(q,0) + 11(q, D)X — X)) +vf (8)
O]

The symbol (*) represents the conditional quantile of Y; at the g-th level. Based on the
coefficients y4(q, T) and y41(q, T) Equation (8) captures the true relationship between Y; at the g-
th quantile and X; at the t-th quantile, reflecting their co-movement and distributional
dependence. Thus, this method establishes a linear approximation of the relationship between
time series at different quantile levels while maintaining flexibility across regimes (Shahbaz et
al., 2018). Finally, X, and X7 in Equation (8) are replaced by their estimated counterparts X; and
X7. The estimated parameters @, and a; are obtained by solving the minimization problem
defined in Equation (9):

n 0T
Ming, q, z Pq [Yt —ay—ay ()?t — )?T)]K (#) 9

i=1
where pq(f) = f(q — I(f < 0)) denotes the quantile loss (check) function, which guides the
estimation process (Dou et al.,, 2025). Given the complexity of nonparametric estimation
procedures, selecting an appropriate bandwidth parameter (b) is crucial. A large bandwidth may
lead to biased estimates, whereas an excessively small bandwidth can cause high variance (Qin
et al., 2023). To address this trade-off, Sim and Zhou (2015) recommend setting the optimal
bandwidth at b = 0.05. Following this guidance, the present study also adopts b = 0.05 to ensure
more accurate and robust estimation of the relationships between the analyzed variables.
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Preliminary Analysis
» Descriptive Statistics
» Q-QPlot
» BDS Independence Test

.

C

Quantile ADF and PP Unit Roots Tests

b

Quantile-on-Quantile Regression

(QQR)

b

Nonparametric Quantile Causality

(QGO)

Figure 1. Analysis Framework

Figure 1 illustrates the overall analytical framework of the study. The process begins with
a preliminary analysis that includes descriptive statistics, Q-Q plots, and the BDS nonlinearity
test to examine the fundamental characteristics and distributional properties of the series. Next,
quantile-based ADF and Phillips-Perron (PP) unit-root tests are applied to assess the stationarity
of the variables across different quantiles. Once the data properties are confirmed, the QQR model
is employed to explore the asymmetric and nonlinear dependence structure between the All and
the ESGI across varying quantile combinations. Finally, a nonparametric quantile causality test
is performed as a robustness check to validate the dynamic predictive relationship between Al
and ESG performance. This sequential framework ensures that the empirical results are
statistically consistent, methodologically robust, and reflective of the multi-scale dynamics
captured by the QQR approach.

5. Findings
5.1. Descriptive Statistics and Preliminary Analysis

To provide a preliminary understanding of the data structure and distributional
characteristics, this subsection reports the descriptive statistics and initial diagnostic results for
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the variables under consideration, as presented in Table 3. The AIl and the ESGI exhibit mean
values of 5.209 and 5.406, respectively, suggesting that both series are clustered around their
central tendencies. The wide range between the maximum and minimum values of AII (5.888 and
4.441) and ESGI (5.762 and 4.895) indicates the presence of substantial variability and
fluctuations over the sample period. Negative skewness values indicate that the distributions of
AIl and ESGI are left-skewed, implying that most observations are concentrated at lower levels,
while the left tails are longer and thinner. Regarding kurtosis, both AIl and ESGI display
platykurtic distributions, meaning that their peaks are flatter and tails thinner than those of a
normal distribution. The Jarque-Bera test rejects the null hypothesis of normality at the 1%
significance level, confirming that both series deviate significantly from the normal distribution.
Hence, the AIl and ESGI data exhibit non-normal characteristics, justifying the use of
nonparametric quantile-based methods for further analysis.

Table 3. Descriptive Statistics

Variable AIl ESGI
Mean 5.209 5.406
Median 5.239 5.431
Maximum 5.888 5.762
Minimum 4.441 4.895
Std. Deviation 0.357 0.200
Skewness -0.237 -0.069
Kurtosis 1.942 1.951
Jarque-Bera 98.543™" 82.065™"
p-value 0.000 0.000
Observations 1760 1760

Note: *** denotes significance at the 1% level.

In addition, the Quantile-Quantile (Q-Q) plots and the Brock-Dechert-Scheinkman (BDS)
nonlinearity test were employed to assess the linearity and distributional properties of the
variables. Figure 2 displays the Q-Q plots for the AIl and ESGI variables, comparing the
empirical distributions with the theoretical normal distribution. These plots visualize the
extent to which the sample quantiles of each variable align with the theoretical quantiles
of a normal distribution. Under the null hypothesis of normality, the data points would be
expected to align closely along the diagonal reference line. However, the results show
that both AIl and ESGI deviate notably from this reference line, indicating that their
distributions differ significantly from normality. Accordingly, the null hypothesis of
normal distribution is rejected for both variables, suggesting the presence of nonlinearity
and asymmetry in their statistical behavior.
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Figure 2. Q-Q Plot Results

5.2. Analysis of Nonlinearity

To assess whether the relationship between the AIl and the ESGI follows a linear or
nonlinear structure, the BDS test was employed. Table 4 summarizes the results of this analysis,
showing that all estimated test statistics are statistically significant at the 1% level. Accordingly,
the null hypothesis of independence and linearity is rejected, confirming the presence of nonlinear
dependence in both series.

Table 4. BDS Test Results

Embedding Dimension (m) All p-value ESGI p-value
m=2 184.369 0.000 197.622 0.000
m=3 198.744 0.000 212.578 0.000
m=4 216.473 0.000 231.147 0.000
m=5 241.757 0.000 257.675 0.000
m=6 276.142 0.000 293.772 0.000

Note: *** denotes significance at the 1% level.

Moreover, when the BDS test findings are jointly evaluated with the results of the Jarque-
Bera normality test and the Q-Q plots, it becomes evident that the relationship between All and
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ESGI cannot be adequately captured by linear models. These diagnostics collectively indicate the
existence of nonlinear and asymmetric dynamics, thereby underscoring the necessity of
employing more flexible econometric frameworks. In this context, the QQR approach offers a
suitable and effective methodology for exploring the nonlinear dependence between the variables.

5.3. Quantile ADF and PP Unit Root Test Results

Considering that the variables in this study do not satisfy the assumptions of linearity and
normal distribution, the Quantile Augmented Dickey-Fuller (QADF) and Quantile Phillips-Perron
(QPP) unit root tests, developed by Adebayo and Ozkan (2024), are employed. These tests allow
for the examination of stationarity properties across different quantiles of the conditional
distribution, providing a more robust inference in the presence of nonlinearity and heavy-tailed
data. In the graphical representations, the green, red, and blue dashed lines correspond to the 1%,
5%, and 10% significance levels, with critical values of -3.49, -2.89, and -2.58, respectively (But
et al., 2025; Ramzan et al., 2025). When the ADF test statistic calculated for a specific quantile
falls below these critical thresholds, the null hypothesis (Hy) of non-stationarity is rejected,
indicating that the variable is stationary at that quantile.
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Figure 4. QPP Results

Figures 3 and 4 display the results of the QADF and QPP unit root tests for the AIl and
ESGI variables, respectively. For each variable, the null hypothesis (H) posits that the series is
non-stationary, whereas the alternative hypothesis (H;) indicates stationarity. The results
demonstrate that both AIl and ESGI exhibit a mixture of stationary and non-stationary behaviors
across different quantiles. This finding suggests that the variables display asymmetric adjustment
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patterns and heterogeneous persistence structures, further supporting the application of quantile-
based econometric techniques in the subsequent analysis. The unit root test results indicate a
mixed stationarity property, where the order of integration for the AIl and ESGI series varies
across different quantiles. While some traditional studies might interpret mixed stationarity as a
limitation, in the context of our study, this phenomenon serves as a robust justification for the
selection of the Quantile-on-Quantile (QQR) and Wavelet Quantile-on-Quantile (WQQR)
methodologies. Standard linear models often assume a uniform order of integration across the
entire distribution, which would lead to specification bias given the heterogeneous stationarity
observed here. By employing a quantile-based framework, we effectively bypass the 'single-order’
constraint of traditional time-series models. The mixed stationarity finding confirms that the ESG-
Al relationship is not a static process but rather a distribution-dependent dynamic. Therefore, our
model’s ability to accommodate series with varying integration properties, by focusing on
conditional quantiles rather than the mean, ensures that the estimated relationships are not artifacts
of stationarity mismatches but rather authentic representations of the underlying data structure.
This reinforces the necessity of our non-parametric approach, as it allows for a flexible mapping
of the AII-ESGI nexus without forcing the data to conform to the rigid assumptions of constant
stationarity.

5.4. Quantile-on-Quantile Regression Results

The empirical findings reveal a heterogeneous dependence structure between the All and
the ESGI across different quantiles. Figure 5 visualizes these results, showing that AIl exerts both
positive and negative effects on ESGI at varying quantile levels. A strong positive association is
observed in the middle and upper quantiles, whereas a pronounced negative relationship emerges
in the lower quantiles. Nevertheless, the positive effects appear to dominate overall, suggesting
that the influence of artificial intelligence on ESG performance is predominantly favorable. These
results indicate that Al technologies generate both beneficial and adverse outcomes across the
different dimensions of ESG performance.

From an environmental perspective, the results, consistent with the existing literature,
confirm that technological innovation provides both economic and environmental benefits to
firms. In particular, Al-based solutions contribute to reducing pollution intensity and enhancing
resource-use efficiency through the digitalization of production processes. Hence, Al enables the
simultaneous pursuit of value creation and green growth objectives (Porter and van der Linde,
1995; Ye et al., 2020). Al-driven intelligent energy management systems promote energy savings,
lower carbon emissions, and facilitate sustainable production processes (Islam et al., 2024;
Szramowiat-Sala et al., 2024). Furthermore, Al enhances environmental monitoring systems,
enabling real-time detection of environmental degradation and contributing to the establishment
of rapid-response mechanisms. This capability serves as a critical tool for environmental
sustainability by allowing the early prediction and effective management of extreme weather
events and disaster risks (Qin, Hu, Qi et al., 2024; Qin, Zhu, Xie et al., 2024). It is important to
acknowledge that the estimated positive effects represent the directional predictive power of Al
developments on sustainability performance indices. However, given the identified heterogeneity
across quantiles and time scales, the empirical evidence points toward a conditional relationship.
Therefore, Al's role should be viewed as providing a platform for ESG development; whether this
potential is realized depends on firm-specific governance structures, regulatory compliance, and
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the maturity of Al-based risk management systems. Our results highlight the capacity of Al-
driven data analytics to provide the tools necessary for sustainable transformation, without
implying an unavoidable or uniform positive impact for all market participants.

From a social standpoint, Al-based governance technologies enable firms to build stronger
collaborations with employees, customers, suppliers, and society, while also enhancing the
effectiveness of corporate social responsibility initiatives (Connelly et al., 2021; Naqvi, 2021).
Big data analytics improves the accuracy of managerial decision-making and provides a scientific,
objective foundation for long-term strategic planning (Liu et al., 2024). However, the
phenomenon of “labor substitution” has attracted growing attention. While Al and robotic
automation increasingly perform routine tasks (Acemoglu and Restrepo, 2020), they also create
opportunities for new employment areas and skill-intensive occupations (Cann, 2018). By
automating operational routines, firms can reallocate human resources toward more creative and
strategic functions. Additionally, Al-based learning and development platforms enhance digital
competencies, thereby improving the quality of human capital (Clark, 2020). Natural language
processing-based chatbots also personalize customer interactions, increasing satisfaction and
strengthening brand-consumer relationships (Bergner et al., 2023). More broadly, Al contributes
to social welfare by providing intelligent solutions to societal challenges, enabling real-time
market monitoring, and improving risk management, thereby facilitating the integration of social
responsibility with corporate strategy (Chui et al., 2018).

From a corporate governance perspective, Al technologies present significant opportunities
for promoting sustainable governance transformation. The use of Al in recruitment and promotion
processes helps reduce bias, promote gender equality, and enhance inclusiveness in board
representation (Avery et al., 2023). Al-powered decision-support systems can process large and
complex datasets in real time, improving boards’ strategic decision-making capacity and reducing
response time (Zhao and Gomez Farifias, 2023). As a result, governance processes become more
transparent, accountable, and dynamic, while regulatory compliance and risk management
capabilities are simultaneously strengthened (Ferras-Hernandez, 2018). Finally, Al-driven
“artificial directors” can serve as complementary agents in traditional governance structures that
lack independent board members, providing technical expertise and impartiality (Li, 2023).
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Figure 5. Raw-data-based Relationship between the AII and the ESGI
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The results illustrated in Figure 6 demonstrate that the impact of the AIl on the ESGI varies
significantly across different time scales and quantile levels. The findings from the WQQR reveal
that the influence of AIl on ESG performance is both quantile-specific and time-dependent,
exhibiting distinct patterns over the short (a), medium (b), and long (c¢) term. In the short term
(Figure 6a), All exerts both positive and negative effects on ESGI. Strong positive relationships
are observed in the lower (0.1-0.3) and upper (0.7-0.9) quantiles, whereas negative effects emerge
in the middle quantiles (0.4-0.6). This pattern suggests that during periods when market
conditions are neither strongly favorable nor unfavorable, Al investments may generate
uncertainty or adaptation costs in ESG performance. The literature supports this interpretation,
emphasizing that early stages of Al adoption can produce adverse externalities such as high
energy consumption, increased carbon emissions, and cybersecurity risks (Wang et al., 2023;
Dong et al., 2024; Zhang et al., 2023). These findings imply that short-term negative effects may
stem from adjustment processes, transaction costs, and incomplete ESG compliance. In the
medium term (Figure 6b), the positive impact of AIl on ESGI persists in both the lower and upper
quantiles (particularly 0.1-0.3 and 0.8-0.9), while strong negative effects remain in the middle
quantiles (0.4-0.6). Similar to the short-term pattern, positive effects dominate the tails, whereas
the central quantiles continue to exhibit adverse responses. This result partially aligns with the
findings of Lugman et al. (2024) and Tseng and Lin (2024), who argue that Al applications can
be optimized over time to promote sustainability. However, the persistent negative effects in the
mid-quantiles likely reflect the costs of institutional transformation or delays in ESG integration.
This implies that if Al technologies are not holistically embedded into corporate strategies, they
may temporarily hinder ESG performance (Nguyen and Vo, 2022; Saba and Ngepah, 2024).

In the long term (Figure 6c), the effects of AIl on ESGI display a heterogeneous pattern,
broadly consistent with the short- and medium-term findings. Notably, the negative effects
observed in the higher quantiles (0.8-0.9) suggest that intensive Al investments may amplify
environmental and social risks, particularly through high energy consumption, algorithmic bias,
and data security challenges (Chen et al., 2024; Li et al., 2024). Nevertheless, the literature
highlights several long-run benefits of Al integration, specifically its role in the collection,
analysis, and strategic utilization of ESG data (Zhang, 2024; Ajagekar and You, 2024), which can
gradually enhance positive effects over time. Overall, despite the heterogeneity of the long-term
effects across quantiles, the general influence of AIl on ESGI can evolve toward a more positive
direction as optimization and ESG integration strategies mature. The effective incorporation of
ESG principles into corporate structures enhances the environmental and social contributions of
Al technologies and facilitates the development of sustainable investment strategies.
Consequently, firms and investors can align their pursuit of higher returns with long-term
sustainability objectives, thereby fostering a more resilient and responsible investment
environment.
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Figure 6. The Impact of AIl on ESGI Across Different Time Scales and Quantile Levels

Using the QQR approach, the effects of the AIl on the ESGI were analyzed across the
lower, middle, and upper quantiles. Subsequently, wavelet decomposition was applied to
disaggregate both variables into their frequency components, and the wavelet-based QQR method
was employed to examine the relationship between All and ESGI in greater detail across multiple
time scales. This study primarily focuses on the slope coefficients obtained at different quantile
levels, which quantitatively capture the magnitude and direction of AIl’s impact on ESGI.
However, since the QQR approach is inherently nonparametric, it does not allow for direct
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hypothesis testing of coefficient significance (Pang et al., 2022). Therefore, to validate the
robustness of the QQR and wavelet-based QQR estimates, their results were compared with those
derived from the conventional QR model. The main rationale for this comparison is that the QQR
framework extends the QR methodology by decomposing the estimates of the independent
variable across its own quantile distribution, thereby providing a more detailed understanding of
dependence structures (Chen et al., 2022; Qin et al., 2023). To ensure comparability between the
two methods, the mean values of the QQR coefficients were computed, allowing the estimates to
be juxtaposed with those from the traditional QR model. The results are presented in Figure 7,
which displays the findings for the raw data (a), short-term (b), medium-term (c), and long-term
(d) analyses. Although some differences are observed between the QQR and QR estimates across
time horizons, the overall trends remain largely consistent. This consistency reinforces the
validity of the empirical findings and provides supporting evidence for the reliability of the
adopted methodologies (Qin et al., 2023; Dou et al., 2025). In summary, the joint application of
the QQR and wavelet-based QQR approaches in analyzing the impact of AIl on ESGI represents
a methodologically sound and contextually appropriate choice, offering a more comprehensive
and nuanced understanding of the quantile-dependent and time-varying nature of the relationship.
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Figure 7. Comparison of QQR, WQQR, and Traditional Quantile Regression Results for
Different Time Scales (a-d)

Note: (a) denotes the raw data, (b) the short-term period, (c) the medium-term period, and (d) the long-
term period. The solid black line represents the coefficient estimates obtained using the traditional QR
method, whereas the dotted red line indicates the coefficient estimates derived from the QQR and
WQQR approaches.

While our findings indicate a robust interaction between the AIl and the ESGI, it is essential
to qualify these results. The observed associations should not be interpreted as an inherent,
deterministic guarantee that Al adoption automatically enhances ESG performance. Rather, our
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results suggest that the operational efficiencies, data-driven decision-making capabilities, and
improved transparency mechanisms fostered by Al create the potential for firms to optimize their
ESG outcomes. In this sense, Al acts as an enabler for sustainability—a catalyst whose efficacy
is contingent upon the holistic, ethical, and strategic integration of these technologies into
corporate frameworks. Thus, the AI-ESG nexus is characterized by complex feedback loops
rather than a one-way path to guaranteed improvement.

5.5. Nonparametric Quantile Causality (QGC) Test Results

To complete the empirical analysis, the nonparametric Quantile Granger Causality (QGC)
approach developed by Balcilar et al. (2016) is employed. This method extends the traditional
linear Granger causality (GC) framework by examining causal relationships across different
quantiles of the conditional distribution, thereby allowing for a deeper understanding of the
asymmetric and nonlinear dependencies between time series. In particular, the QGC approach is
advantageous in identifying causality structures that arise in the presence of nonlinearity,
asymmetry, or the influence of extreme or outlier observations (Jiang et al., 2025).
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Figure 8. Quantile Granger Causality-in-mean Results
Note: (b) short-term period, (c) medium-term period, and (d) long-term period.

In the conventional GC test, the objective is to determine whether the past values of variable
X; contribute significantly to predicting the future values of variable Y;, thereby establishing a
causal relationship between the two series. However, because this test evaluates causality only at
the conditional mean, it often fails to capture the asymmetric or nonlinear interactions that may
exist in financial and economic time series (Hatemi-j, 2012; Wang et al., 2023; Jiang et al., 2025).
The QGC framework overcomes this limitation by assessing causality at various quantile levels,
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thus providing a more flexible and comprehensive view of the dynamic interdependence between
variables. Figure 8 and Figure 9 present the results of the QGC tests, illustrating the
multidimensional interaction between the AIl and the ESGI. Under the “causality in mean”
framework, a statistically significant causal link from AIl to ESGI is found only in the raw data,
suggesting that Al's directional effect on ESG performance does not hold in the short run.

On the other hand, the “causality in variance” results point to a more complex causality
structure. Strong and statistically significant causal links are observed in the raw, medium-, and
long-term frequency components, whereas the short-term frequencies do not exhibit significant
causality. This pattern suggests that the influence of Al on ESG performance primarily manifests
through medium- and long-term fluctuations rather than short-term market volatility.
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Figure 9. Quantile Granger Causality-in-variance Results
Note: (b) short-term period, (¢) medium-term period, and (d) long-term period.

Taken together, the results provide robust empirical evidence of a meaningful causal
relationship running from AIl to ESGI. These findings highlight the potential of artificial
intelligence applications to enhance ESG performance, particularly over the long run, by
improving the implementation, reporting, and integration of sustainability criteria into investment
decisions. Overall, the evidence supports the view that Al technologies play a constructive role
in strengthening global ESG performance and advancing sustainable corporate transformation.

6. Conclusion

As a core component of digital transformation, Al has become central to advancing
sustainable development goals. The integration of digital technologies into corporate strategies
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presents significant opportunities for improving Environmental, Social, and Governance (ESG)
performance. From this perspective, the present empirical study investigates the impact of Al-
driven technological advancements on ESG performance. Using daily data covering the period
from May 31, 2018, to May 30, 2025, the relationship between the Artificial Intelligence Enabler
Index (AII) and the Global ESG Index (ESGI) is examined across quantiles and time scales
through both the Quantile-on-Quantile Regression (QQR) and the Wavelet-based QQR (WQQR)
approaches.

The findings reveal that the effects of AIl on ESGI are heterogeneous across quantiles,
displaying both positive and negative relationships. In particular, the wavelet-based QQR analysis
demonstrates that these effects vary meaningfully across different time horizons. The raw data
analysis shows that Al exerts both positive and negative influences on ESG performance
depending on the quantile level, suggesting that while Al technologies generally enhance ESG
outcomes, they do not do so uniformly. The WQQR results indicate that AIl’s effects on ESGI
are positive at the lower and upper quantiles and negative in the middle quantiles over short-,
medium-, and long-term horizons. In the short run, Al contributes to partial improvements in ESG
performance through rapid social adaptation. However, in the medium term, institutional
transformation costs and delays in ESG integration become more influential, implying that
technological progress alone may not guarantee sustainable outcomes unless Al applications are
embedded holistically within corporate strategies. In the long run, Al technologies significantly
enhance ESG performance. This suggests that the technological progress, efficiency gains, and
social adaptation processes enabled by Al have the potential to offset initial environmental and
social risks. In particular, applications in data analytics, predictive modeling, and corporate risk
management allow for the more effective implementation of sustainability strategies. Thus, while
Al may initially produce adjustment frictions or transitional costs, its long-term contribution to
environmental efficiency, social inclusiveness, and governance transparency becomes
increasingly evident.

Given the demonstrated effects of Al on ESG performance, several policy implications
emerge. Our empirical findings reveal a distinct dichotomy: while Al integration yields
significant long-term benefits for ESG performance, the existence of negative effects in the
middle quantiles and short-term horizons suggests that the transition phase involves notable
friction. Consequently, policy recommendations must be tailored to address these multi-scale
dynamics: (i) Since Al adoption initially involves transaction and institutional adjustment costs,
as the short-term negative effects in the middle quantiles suggest, policymakers should consider
financial support programs such as tax credits or subsidies for SMEs. These incentives can offset
the initial burden of digital transformation, helping firms navigate the period of volatility until the
positive, long-term efficiency gains of Al materialize. (ii) Since our results confirm that Al
significantly enhances ESG performance in the long run, governments should prioritize long-term
R&D investments in Al-driven sustainable technologies. This includes supporting smart energy
management systems and predictive analytics platforms that leverage Al to optimize resource use,
thereby securing the structural and persistent improvements that Al can offer to sustainable
corporate governance. (iii) The shift from short-term adverse impacts to long-term positive
outcomes underscores that Al technologies must be embedded holistically. Public authorities
should promote institutional guidelines that encourage firms to move beyond superficial Al
adoption. This involves fostering public-private partnerships to establish best practices in Al-
based ESG reporting, which will help firms manage the transition more effectively and minimize
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the 'adaptation dip' observed in our medium-term analysis. (iv) Regulatory Oversight and Ethical
Infrastructure: To ensure that long-term Al integration remains sustainable, governments must
strengthen environmental auditing mechanisms for Al systems. By setting standards for energy-
efficient data centers and mandating transparency in algorithmic decision-making, policymakers
can ensure that the long-term positive contributions of Al are not undermined by environmental
risks or social imbalances, thus aligning corporate digital progress with broader ESG objectives.

Governments should implement environmental auditing mechanisms for Al systems and
encourage their operation via renewable energy sources. Fourth, strengthening public-private
partnerships and innovation ecosystems is vital for ensuring that Al applications align with ESG
objectives. Collaboration among governments, corporations, universities, and civil society can
foster interdisciplinary solutions to complex ESG challenges. Expanding R&D investments and
supporting studies on the ethical and responsible use of Al will further contribute to sustainable
innovation. Fifth, firms should establish measurable ESG targets and performance indicators for
their Al-based initiatives. Continuous monitoring, reporting, and performance evaluation systems
can be integrated with Al tools to track ESG progress and identify areas for improvement.

This approach will enhance the effectiveness of Al in supporting ESG-related objectives.
Finally, governments should strengthen their guiding role in the digital transformation process.
Integrating Al, smart manufacturing, and robotics into national development strategies,
expanding digital infrastructure such as 5G and the industrial internet, and reducing digitalization
costs for SMEs are essential steps. Moreover, improving information environments through
greater corporate transparency can reduce information asymmetry between investors and firms,
encouraging companies to enhance their ESG performance voluntarily and fostering a culture of
proactive, sustainability-oriented governance. Overall, Al technologies are expected to play a
strategic role in improving ESG performance and enhancing firm value in a sustainable manner.
However, realizing this potential requires a holistic, ethically grounded, and collaborative policy
framework. This study is not without limitations. First, the analysis focuses on two indices—the
All and the ESGI. Hence, the findings are dataset-specific and may vary if alternative indices are
employed. Future studies could utilize other Al-related or sectoral ESG indices to obtain more
comprehensive results. Second, although the QQR and WQQR methods provide detailed insights
across quantiles and time-frequency domains, further research employing advanced econometric
techniques could enhance the robustness of the findings. Third, the study period (2018-2025)
represents a specific time frame; the relationship between Al and ESG performance may evolve
under different temporal or structural conditions.

Future research could expand the analysis by incorporating additional indices, alternative
econometric frameworks, and extended data periods to yield more comprehensive and
generalizable insights. Such work would not only strengthen theoretical understanding but also
offer more concrete guidance for policymakers and investors seeking to align Al development
with sustainable finance objectives.
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