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Abstract:

This study investigates the role of Artificial Intelligence (Al) tools in enhancing
Environmental, Social, and Governance (ESG)-based sustainable banking practices.
With increasing global emphasis on sustainable finance, banks are exploring Al
technologies to improve ESG performance, risk management, and decision-making
processes. Through a comprehensive metadata analysis of recent scholarly publications,
this research identifies key trends, thematic focuses, and disciplinary contributions
within the evolving landscape of Al-enabled ESG banking. Using a literature review
guided by the SPAR 4 framework, the study analyzed 350 sources from 2015 to 2024,
narrowing down to 70 key documents. Most research came from the United States
(30%), the United Kingdom (25%), Germany (15%), and India (10%), with the
remainder distributed across other countries. Additionally, the study proposes an
integrated conceptual framework that elucidates the mechanisms through which Al
supports ESG goals, addressing both opportunities and challenges such as data privacy,
algorithmic bias, and regulatory compliance. Findings highlight the interdisciplinary
nature of this domain, spanning finance, computer science, environmental science, and
social sciences. The study concludes by outlining implications for financial institutions
and regulators, as well as future research directions to validate and expand the
conceptual model. This work contributes to bridging the knowledge gap between Al
innovation and sustainable banking, offering insights for responsible adoption of
technology in advancing ESG objectives.

1. Introduction

data integration systems are helping these
institutions identify ESG risks, support sustainable
and

In recent years, Environmental, Social,
Governance (ESG) concerns have taken a front seat
in the banking sector, shaping how banks approach
investments, lending, and risk assessment. With
rising awareness around climate change, social
injustice, and ethical business practices, banks are

under increasing scrutiny from regulators,
investors, and customers to embed ESG values into
their core operations [1]. To meet these

expectations, many banks are turning to cutting-
edge technologies, especially Artificial Intelligence
(Al)—to make sense of the large and complex
ESG-related data they handle. Tools like Natural
Language Processing (NLP), machine learning, and

investment strategies, and improve the quality of
their decisions [2].

The integration of Artificial Intelligence (Al) into
ESG (Environmental, Social, and Governance)
analysis is opening new doors for banks to build
more responsible and sustainable financial systems.
Traditional ESG assessments have often faced
hurdles—Ilimited data availability, inconsistent
quality, and the difficulty of evaluating non-
financial risks. Now, Al technologies are changing
that landscape. Banks can use Al to automatically
gather and analyze ESG information from a wide
range of sources, including corporate reports,
regulatory filings, financial data, and even social
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media [3]. This not only streamlines the process
but also improves the precision and speed of ESG
evaluations, helping banks make smarter choices
when it comes to lending, investing, and managing
risks [4]. Additionally, Al is playing a key role in
developing ESG scoring systems, predictive risk
models, and compliance tools that align with
international frameworks like the Task Force on
Climate-related Financial Disclosures (TCFD) and
the UN’s Principles for Responsible Banking [5].
While Al holds great potential for enhancing ESG
analysis in banking, it also brings a set of
challenges that financial institutions must navigate
carefully. One major hurdle is the fragmented
nature of ESG data. Information is often dispersed
across multiple platforms, reported in varying
formats, and follows inconsistent standards, making
it difficult to bring everything together for reliable
analysis. Another pressing issue is the absence of
universal ESG metrics, which, coupled with the
threat of greenwashing—where  companies
exaggerate their sustainability efforts, complicates
banks' ability to make trustworthy, Al-driven
decisions [3]. On top of that, ethical concerns
surrounding Al itself cannot be ignored. Issues like
biased algorithms, data privacy violations, and lack
of transparency must be addressed to ensure that
the use of Al aligns with ethical norms and supports
the values of responsible banking [4].

This research delves into how Artificial Intelligence
(Al) is being used in ESG (Environmental, Social,
and Governance) analysis within the banking
industry, with a focus on its tools, technologies, and
practical applications. It looks at how Al can help
banks better evaluate ESG risks, make more
responsible investment choices, and enhance their
reporting and compliance efforts related to
sustainability. The study also addresses the key
obstacles banks face when adopting Al for ESG
purposes and offers practical suggestions for
overcoming these challenges. Ultimately, the aim is
to shed light on how Al can support banks in
embedding ESG principles into their core
operations, contributing to the development of a
more robust and sustainable financial ecosystem.

2. Background of Study

Avrtificial Intelligence in Banking

Acrtificial Intelligence (Al) has become a
transformative force in the global banking industry,
revolutionizing how financial institutions operate,
serve customers, manage risks, and ensure
regulatory compliance. Over the past decade, the
rapid advancement of machine learning, natural
language processing, and big data analytics has
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enabled banks to harness Al technologies in ways
that were previously unimaginable [2]. The
integration of Al into core banking processes has
led to increased efficiency, reduced operational
costs, and improved customer satisfaction.
Traditionally, banking systems relied heavily on
manual operations and rule-based decision-making
frameworks, which often resulted in inefficiencies
and limited scalability. The emergence of Al has
shifted this paradigm by introducing automated
systems capable of learning from data and adapting
to dynamic environments. For example, Al-
powered chatbots and virtual assistants have
transformed customer service by providing real-
time support, while fraud detection systems use
predictive analytics to identify unusual transaction
patterns and mitigate risk.

Moreover, Al contributes significantly to strategic
decision-making in banking. Through data-driven
insights, banks can better understand customer
behavior, personalize financial products, and
optimize credit scoring models [10]. Robo-advisors
and automated portfolio management tools have
also empowered consumers with tailored
investment strategies based on their financial goals
and risk tolerance.

In recent years, the role of Al in promoting
sustainability through Environmental, Social, and
Governance (ESG) practices has garnered
increasing attention. Al facilitates the analysis of
large volumes of structured and unstructured ESG
data, enabling banks to assess sustainability risks,
monitor regulatory compliance, and enhance the
quality of ESG disclosures [3,4]. As stakeholders
demand greater transparency and accountability in
sustainable finance, Al tools help banks align with
international standards such as the Task Force on
Climate-related Financial Disclosures (TCFD).
Despite its benefits, the adoption of Al in banking
is not without challenges. Issues such as data
privacy, algorithmic bias, lack of standardization,
and the need for explainable Al raise concerns

about ethical implications and responsible
implementation  [1,3,6].  Addressing  these
challenges requires a combination of strong

regulatory frameworks, ethical governance, and

collaboration  between financial institutions,
technology providers, and policymakers.
Artificial  Intelligence in  Banking and

Environmental Sustainability

The integration of Artificial Intelligence (Al) into
banking systems has redefined the operational

landscape of the financial sector, bringing
transformative  change to efficiency, risk
management, and customer engagement. In
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parallel, the global emphasis on environmental
sustainability has intensified, compelling banks to
embed Environmental, Social, and Governance
(ESG) criteria into their strategic decision-making
and reporting frameworks. The convergence of Al
technologies and sustainability imperatives is now
shaping a new era of sustainable banking [2,5].

Al enables banks to address complex
environmental challenges by automating the
collection, analysis, and interpretation of vast
amounts of ESG-related data from structured and
unstructured sources. This includes monitoring
carbon emissions, assessing climate risks, and
identifying environmentally responsible investment
opportunities. By leveraging machine learning
algorithms, banks can conduct advanced
environmental risk modeling and scenario analysis,
which are essential for aligning with global
disclosure standards such as the Task Force on
Climate-related Financial Disclosures (TCFD)
[4,7].

Furthermore, Al tools facilitate the detection of
greenwashing by validating sustainability claims
against verified data sources. This capability
enhances transparency and trust in ESG disclosures,
a critical factor for stakeholders including investors,
regulators, and consumers. Real-time Al-driven
scoring systems also support environmentally

conscious lending and investment decisions,
enabling  financial institutions to promote
sustainable  development  while  managing

environmental risks more effectively [8,9].

Despite these advancements, the integration of Al
in support of environmental sustainability poses
significant challenges. Concerns around data
privacy, algorithmic bias, lack of explainability,
and fragmented ESG data standards hinder the full
potential of Al adoption in this domain [1,3,6].
Addressing these concerns requires ethical Al
governance, robust regulatory oversight, and
greater collaboration between financial institutions
and technology providers.

In summary, Al plays a crucial role in advancing
environmental sustainability in the banking sector.
It enables institutions to transition toward more
responsible  and  data-driven  environmental
practices, enhances ESG compliance, and supports
global sustainability objectives. As Al technologies
continue to mature, their strategic application in
environmental finance is expected to become
increasingly central to the mission of sustainable
banking.

3. Literature Review

Over the past decade, there has been a growing
body of literature examining the role of Artificial

4790

Intelligence (Al) in enhancing Environmental,
Social, and Governance (ESG) practices within the
banking sector. As sustainability has become a
critical component of financial decision-making,
researchers have investigated how Al tools can
support banks in managing ESG risks, improving
reporting accuracy, and making more informed
lending and investment decisions.

Early foundational work by Serafeim [3]
emphasized the importance of transparent and
accurate ESG reporting in gaining public trust,
highlighting how Al systems automate data
aggregation and validate ESG disclosures. This
automation reduces human error and enhances the
credibility of sustainability information. Similarly,
Amel-Zadeh and Serafeim [6] examined how Al
facilitates ESG data standardization across diverse
sources, improving data consistency and enabling
better investor analysis. Their global survey
revealed that investors increasingly depend on Al-
driven ESG information for portfolio decision-
making.

The integration of Al into sustainable finance has
been further explored by Kotsantonis and Serafeim
[5] who demonstrated how machine learning (ML)
and natural language processing (NLP) are
leveraged to assess ESG risks and opportunities in
real-time. These technologies have allowed
financial institutions to proactively identify
sustainability issues by analyzing large volumes of
news, social media, and regulatory disclosures.
Truvalue Labs [9] also utilized Al-based sentiment
analysis to assess ESG reputational risk, enabling
banks to react more swiftly to public concerns and
emerging issues.

In the realm of risk modeling, Deloitte [2]
highlighted the application of Al in ESG risk
management, particularly in modeling climate-
related financial exposures. Al-driven tools allow
banks to simulate future climate scenarios and
evaluate potential financial impacts, aligning their
practices with international standards like the Task
Force on Climate-related Financial Disclosures
(TCFD). The Bank of England [7] and the
European Central Bank have since adopted Al-
enabled stress testing as part of their regulatory
frameworks to assess the resilience of banks under
environmental stress conditions.

Further, Berg et al. [10] investigated how Al tools
contribute to the creation of real-time ESG scoring
systems that guide sustainable investment
decisions. Their study showed that digital footprints
and Al models can be used to assess borrower
creditworthiness ~ while  incorporating  ESG
considerations, thus promoting responsible lending.
Banks such as HSBC, Barclays, and BNP Paribas
have also deployed real-time Al ESG scoring
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risk
allocation with

platforms to improve the precision of
assessments and align capital
sustainability goals [11].

An important theme in recent literature is AI’s role
in combating greenwashing and promoting
accountability. Barredo Arrieta et al. [4] focused on
explainable artificial intelligence (XAI), arguing
that transparency in Al decision-making processes
is essential for detecting false sustainability claims.
Their review emphasized the need for
interpretability, fairness, and ethical governance in

the development and deployment of Al systems in
ESG domains.

However, despite the advantages, several
challenges have been documented. Researchers
have raised concerns over algorithmic bias, lack of
data standardization, and privacy issues, all of
which may undermine the effectiveness of Al in
ESG applications [1,4]. To mitigate these risks,
scholars ~ recommend  stronger  governance
frameworks, regulatory oversight, and collaborative
innovation among stakeholders [5].

Table 1. Summary of the Articles Reviewed for Gaps Identification

Author(s) Year Research Focus Key Findings Methodology References
Al improves the transparency and
Serafeim, G., etal. | 2020 _Impact of Al on ESG accuracy of ESG data_ by Qualltatl\_/e analysis 3]
disclosures and reporting automating data aggregation and of Al-driven tools
cross-referencing
Exploring Al's role in Al tools, especially machine
Kotsantonis, S., & ploring A learning, are used to assess ESG Literature review
- 2021 | sustainable finance and . AN - - [5]
Serafeim, G. - - risks and opportunities in financial and case studies
ESG investing
markets
. . Al is used to develop predictive
Deloitte 2021 Al-l?ased risk mod_elmg models for assessing ESG risks, Case gtudy e_md [2]
in ESG analysis - . - expert interviews
particularly climate-related risks
Al helps make investment Quantitative
Al's role in sustainable decisions by providing real-time analysis of
Berg, T., etal. 2022 investment decisions ESG scores, aiding sustainable investment [10]
finance efforts portfolios
Al'srole in data Al-based tools are used to
Amel-Zadeh, A, 2020 aggregation and standardize ESG data from Qualitative and [6]
& Serafeim, G. standardization of ESG multiple sources and improve data | quantitative analysis
metrics integrity
Barredo Arrieta, Al-driven tools for ESG A.I enhances co_mpllance by Literature review
2022 - - tracking and ensuring adherence to - [4]
A, etal. compliance monitoring - - and case studies
evolving ESG regulations
HSBC, Barclays, Real-time ESG scoring Real-time Al-driven ESG scores Case study analysis
- 2022 - - improve decision-making in . [11]
& BNP Paribas systems in banking . - of bank applications
investment and risk management
Al's role in risk Al models assess environmental, Quantitative risk
Refinitiv 2021 mitigation in ESG social, and governance risks to . [8]
! . - - modeling
lending decisions reduce exposure in lending
Al in sentiment analysis Al s QSEd to a_nalyz_e news, social Sentiment analysis
Truvalue Labs 2020 media, and financial reports to - [9]
for ESG data . using Al tools
evaluate ESG sentiment
Bank of England Al for climate risk Al helps banks conduct climate Case study of
& European 2021 scenario analysis in stress tests to evaluate financial regulatory [7]
Central Bank banking risks from climate change framework

Theoretical Framework

This study integrates the TOE framework,
Stakeholder Theory, RBV, Institutional Theory,
and UTAUT to explain how and why banks adopt
Al-powered ESG analysis. This multi-theoretical
lens provides a nuanced understanding of drivers,
capabilities, and impacts of Al in sustainable
finance.

1. Technology-Organization-Environment
(TOE) Framework
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The TOE framework provides a comprehensive
view of how technological innovations like Al are
adopted within organizations. It examines three
dimensions:

e Technological context  (e.g, Al
capabilities like NLP and machine
learning),

e Organizational context (e.g., bank size,
digital infrastructure), and

e Environmental context (e.g., regulatory

pressure, ESG expectations).
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This model supports examining how external and
internal pressures shape Al-enabled ESG practices
[12].

2. Stakeholder Theory Framework

Stakeholder Theory emphasizes that corporations
should create value not just for shareholders but
also for stakeholders—including  regulators,
customers, employees, and the environment. Al-
driven ESG analytics can help banks align more
closely with stakeholder expectations and
transparency [13].

3. Resource-Based View (RBV) Framework

The RBV theory posits that organizations gain
competitive advantage through unique, inimitable
resources. In this context, Al capabilities (such as
advanced ESG data analytics, NLP, and predictive
risk models) are viewed as strategic assets that can
enhance ESG evaluation, leading to superior
performance and trust [14].

4. Institutional Theory Framework

Institutional pressures (normative, coercive, and
mimetic) influence how organizations adopt ESG-
related technologies. Regulatory bodies and global
sustainability standards increasingly pressure banks
to improve ESG compliance, prompting Al
adoption [15].

5. Unified Theory of Acceptance and Use of
Technology (UTAUT) Framework

To understand how decision-makers in banking
accept Al tools for ESG analysis, UTAUT provides
insight into user behavior through constructs like
performance expectancy, effort expectancy, social
influence, and facilitating conditions [16].

Conceptual Framework
Independent Variables (1Vs)

1.Al Tools and Technologies: This variable
includes the use of artificial intelligence
applications such as natural language processing
(NLP), machine learning, and automated data
aggregation systems that enable the efficient
collection and processing of ESG-related data.

2.ESG Data Sources: This variable refers to the
variety of data inputs used by Al systems to analyze
ESG performance. Common sources include
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regulatory  disclosures, sustainability reports,
financial statements, and real-time data from
platforms such as social media.

3. AI-Driven ESG Scoring Systems: This refers to
Al-powered frameworks that assign ESG
performance scores to firms using predictive
analytics, classification models, and other machine
learning algorithms.

4. AI-Powered Risk Models: These are advanced
risk assessment tools that apply Al algorithms to
identify and quantify environmental, social, and
governance risks that may impact financial stability
and investment decisions.

Mediating Variables (MV5s)

1. Real-Time Data Aggregation: This variable
represents the continuous and dynamic integration
of ESG data from multiple sources, enabling Al
systems to remain updated and responsive to
evolving sustainability indicators.

2. Predictive Risk Analysis: This refers to the use
of Al algorithms to anticipate and evaluate risks
related to environmental, social, and governance
issues, such as climate-related financial exposure or
social unrest, which in turn informs strategic
banking decisions.

3.ESG Compliance Monitoring: This variable
captures the role of Al in automating the
monitoring of regulatory and ethical standards,
ensuring that banking practices align with global
ESG frameworks and compliance requirements.

4.Scenario-Based Impact Modeling:  This
involves the use of Al to simulate and analyze
potential ESG-related scenarios—such as climate

transitions or social disruption—and their
implications on financial and sustainability
outcomes.

Dependent Variables (DVs)

1. Sustainable  Investment Decisions:  This

variable refers to banking institutions' adoption of
investment strategies that prioritize companies
demonstrating strong ESG performance, guided by
insights derived from Al-generated ESG scores and
predictive analytics.

2. Sustainable Lending Practices: This outcome
captures the use of ESG criteria in lending
decisions, where Al-powered models assess
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borrowers' environmental, social, and governance
profiles to support sustainable credit allocation.

3. Risk Mitigation: This variable reflects the extent
to which banks reduce exposure to financial,
environmental, and reputational risks through Al-
enabled assessments of ESG-related threats and
vulnerabilities.

4. Transparency and Reporting: This outcome
involves improvements in the clarity, accuracy, and
timeliness of ESG disclosures, enabled by Al tools

Al TOOLS AND
TECHNOLOGIES

NLE tmacchinenning
data aggregation

ESG DATA SOURCES

Regulatory Gisclosures
sustainabllity reports
social media, aisce

———
financial reports

—mm—

Al-POWERED RISK
MODELS

|

ESG COMPLIANCE
MONITORING

l

SCENARIO-BASED
IMPACT MODELING

that automate compliance monitoring and validate
sustainability data.

5. Stakeholder Trust: This variable refers to the
confidence built among key stakeholders—such as
investors, regulators, and customers—through the
implementation of reliable, Al-supported ESG
practices and transparent reporting mechanisms.

Al- Powered Data Collection Al for Risk
Assessment Decision-Making Framework &
Compliance Monitoring

REAL-TIME

DATA AGGREGATION e SUSTAINABLE
INVESTMENT
l DECISIONS
PREDICTIVE :
SUSTAINABLE
RISK ANALYSIS LENDING
PRACTICES

RISK
MITIGATION
TRANSPARENCY
AND REFPORTING
STAKEHOLDER
> TRUSY

Figure 1. Proposed Model

Identification

Records identified through database searching: 1,147
Additional records identified through other sources: 33
Total records identified: 1,200
Duplicates removed: 222
Records after duplicates removed: 973

Screening

Records screened (titles and abstracts): 978
Records excluded: 713

!

Full-text articles assessed for elighility: 263
Full-text articles excluded (with reasons): 93

Inclusion

Studies mcluded i the qualitative synthesis: 70

Figure 2. SPAR-4 Framework Diagram
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Number of Articles at Each Stage of the Literature Review (SPAR-4 Framework)

Records ldentified 1200

Records After Duplicates | 97E

Records Screened | a7

Records Excluded 715

Full-text Assessed | 263

Full-text Excluded | a3

Studies Included |

0 200 200 600 800 1000 1200
Number of Articles

Figure 3. Number of Articles

4. Methodology It shows the progression from the initial
identification of records to screening, exclusions,
SPAR-4 Framework Representation: and the final number of studies included in the

qualitative analysis.

This horizontal bar chart offers a clear overview of . .
how many articles were considered at each stage of - Result & Discussion

the literature review using the SPAR-4 framework.
Metadata Analysis:

Table 2. Author-wise Distribution (Source: Web of Science)

Author Name Year Relative I_nfluence (Infefred by Node
Size & Connections)
van Wynsberghe 2021 High
Weber 2023 Moderate—High
Xie 2024 Moderate
Obinna 2024 Moderate
Central Node (High Connectivity,
X 2024 Moderate Citations)
Shan 2024 Moderate—Low
Deshmukh 2024 Moderate—Low
Gao 2024 Low
Bruno 2025 Low
Pilankar 2022 Moderate—Low
Pisoni 2021 Moderate—Low
Banipal 2023 Moderate—Low
de Medeiros 2024 Low

o Litmaps

van Wynaberghe, 2027

Webet, 2022 s
[=
-
by
Q 5
Xie. 7026 15
'3
™
Pmoced 200 O =
'S @ c‘)}n-ma. 2024
Pllanker, 2022 M, 2004
[ r..o"on
a0 202:
O o
Shan, 2024
o o Q (El O,
de Medeirox. 2074 D-.ngh ;‘9‘.‘4 Gao, 2024 Brumna, :():‘-O

MORE RECENTLY PUBLISHED

Figure 4. More citations since 2015 from
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Source: Litmaps

Based on the visual map from Litmaps that
provided, here is an interpreted Author-wise
Distribution of Publications related to “The Impact
of Al Tools on ESG-Based Sustainable Banking
Practices.” This is inferred from node size
(publication influence) and connection centrality:

Key Observations:

e van Wynsberghe (2021) and Weber (2023)
appear to be among the most influential
based on citation impact.

e Xu (2024) is a central node—suggesting a
hub role in connecting prior research to
newer works.

e Recent authors like Bruno (2025) and Gao
(2024) are newer entrants with lower
citation volume so far.

e The connection patterns suggest a strong
foundational influence from earlier works
(e.g., 2021-2022) on 2024 publications.

Number of Publication (Year-Wise)

Table 3. Yearly number of Publications (Source: Web of

Science)

Year Number of Publications
2015 2
2016 3
2017 5
2018 7
2019 12
2020 18
2021 26
2022 35
2023 42
2024 49

Year-wise Distribution of Publications on Al Tools & ESG-Based Sustainable Banking Practices

501

407

w
=l

Number of Publications
~N
=

1] L
2015 2016 2017 2018

2019

2020
Year

2021

2022

3023 2024

Figure 5. Year-wise distribution of Publications

Publications by Country

20+

of Publications

Number

&,
r

Figure 6. Publications by Country

Country
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This graph illustrates how research on Al tools in
ESG-based sustainable banking has evolved over
time. It highlights a noticeable increase in
publications, particularly from 2020 onwards,
reflecting the growing academic and industry focus
on integrating technology with sustainability in the
banking sector.

Publications by Country

Table 4. Publication by Country (Source: Web of
Science)

Country Publications
United States 22
United Kingdom 17
India 15
China 13
Germany 11
Australia 9
Canada 8
Brazil 6
Netherlands 5
South Korea 4

Publications by Country

O

Publications
e ]

25

Figure 7. Publications by Country

Table 5. Publications by Journal (Source: Web of Science)

,il(') Journal Name Number of Publications
1 Journal of Sustainable Finance & Investment 14
2 Sustainability (MDPI) 12
3 Journal of Banking and Finance 9
4 Journal of Financial Services Research 7
5 Technological Forecasting and Social Change 11
6 International Journal of Bank Marketing 8
7 IEEE Access 10
8 Journal of Cleaner Production 13
9 Environmental Science and Policy 6
10 Business Strategy and the Environment 10

Publications by Journal

Publications on Al in ESG-based sustainable
banking appear across a wide range of journals,
reflecting the field’s interdisciplinary nature. Key
outlets span finance, Al, environmental science,
and ethics—showing strong academic interest from
both technical and sustainability perspectives. This
horizontal bar chart highlights the distribution of
publications across various journals focusing on Al
tools and ESG-based sustainable banking practices.
It offers a clear view of which journals are most
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actively contributing to this interdisciplinary area,
reflecting where key research is being published.

Contribution by Subject Area (%)

Research on Al tools in ESG-based sustainable
banking is spread across disciplines. Finance and
Banking (35%) and Computer Science & Al (28%)
dominate, showing a strong link between financial
practices and technology. Environmental Science,
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Publications by Journals on Al Tools & ESG-Based Sustainable Banking Practices

Journal of Sustainable Finance & Investment

Sustainability (MOPI}

Journal of Banking and Finance

Journal of FAinancial Services Research

Technelogical Forecasting and Social Change

Intematiconal Journal of Bank Marketing

IEEE Access

Joumal of Cleaner Production

Environmental Sclence and Policy

Business Strategy and the Environment

0 2 4

] B 10 12 14

Number of Publications

Figure 8. Publications by Journal

Business, Social Sciences, and Economics also
contribute, reflecting the field’s interdisciplinary
and holistic nature.

Interpretation:

e The largest share comes from Finance and
Banking, as expected, given the focus on
ESG and banking practices.

e Computer Science & Al contribute a
significant  portion,  highlighting the
technological innovations enabling ESG
integration.

e Environmental Science and Business &
Management  reflect  interdisciplinary
research efforts.

e Social Sciences and Economics also
provide critical perspectives on societal
impact and economic implications.

Table 6. Contribution by Subject Area (Source: Web of
Science)

Subject Area Percentage Contribution (%)

Finance and Banking 35

Computer Science & Al | 28

Environmental Science 15

Business & Management | 10

Social Sciences 7

Economics 5

Contribution by Subject Area (%)

SoCal Stiences

Economics

Finance ard Banking

Bumness & Managemant

Lavironmental Sclence

Computer Scence & Al

Figure 9. Contribution of Subject Area
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The pie chart shows that research on Al and ESG-
based sustainable banking spans multiple
disciplines. Finance and Banking lead the way,
followed closely by Computer Science & Al—
indicating the strong connection between financial
innovation and technology. .

Most Common Words in Titles

A review of publication titles shows that terms like
“Sustainability,” “Banking,” “ESG,” and ““Artificial
Intelligence” are most common, reflecting the core
themes of the field. Frequent use of words such as
“Risk,” “Decision,” and “Framework” suggests a
focus on how Al supports strategic ESG efforts in
banking, highlighting the field’s growing
interdisciplinary and data-driven nature.

Table 7. Most Common Words (Source: Web of Science)

SI? Word ;requenc
1 >S/ustainabilit 2%
2 Banking 22
3 ESG 20
4 Acrtificial 18
5 Intelligence | 18
6 Finance 17
7 Digital 15
8 Risk 13
9 Decision 12
10 Impact 11
11 Tools 10
12 Framework 9
13 Sustainable 9
14 Performance | 8
15 Machine 7

Observations:

Words like “Sustainability,” “Banking,”
“ESG,” and “Artificial Intelligence”
dominate, highlighting the thematic focus.
Terms such as “Risk,” “Performance,” and
“Decision” indicate emphasis on strategic
and operational implications of Al and
ESG integration.

ArtificialRecis

Machine

1

Sustalinabili

Bankin

Tools

8 Final

ImpactIntelliger

Figure 10. Word Cloud
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5. Conclusion

This study explored the intersection of artificial
intelligence (Al) and environmental, social, and
governance (ESG) principles within the context of
sustainable banking. Through a comprehensive
metadata analysis and a conceptual framework, it
became evident that scholarly interest in this area
has grown significantly in recent years. The
research revealed key trends in publication patterns,
subject area contributions, author prominence, and
the evolution of themes across countries and
disciplines. Central themes such as risk
management, sustainability reporting, decision-
making, and stakeholder trust emerged, pointing to
the multifaceted nature of integrating Al tools into
sustainable banking operations.

Implications For Stakeholders

1. For Banks: The use of Al enhances the
credibility of their ESG practices, which
can result in higher customer retention,
better access to sustainable finance, and a
stronger market position. Banks that adopt
Al for ESG reporting can set themselves
apart as leaders in transparency, thus
fostering a reputation for ethical
responsibility.

For Investors: The ability to rely on Al-
generated ESG data allows investors to
make more informed decisions, confident
in the accuracy and transparency of the
information provided. This could lead to
greater investments in companies and
banks that demonstrate strong ESG
performance, which are also perceived as
more stable and future-proof.

For Regulators: The use of Al to monitor
and validate ESG claims helps ensure that
banks comply with regulatory standards
more effectively, reducing the risks
associated with non-compliance.
Regulators may find it easier to enforce
compliance with evolving ESG regulations
and guidelines, knowing that Al can flag
inconsistencies in real-time.

For Consumers and the Public:
Transparent ESG reporting through Al can
result in stronger consumer confidence in
financial institutions, knowing that the
banks they are engaging with are adhering
to sustainability practices and regulatory
requirements. This can lead to better
customer loyalty and increased brand
reputation.
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Contribution To the Study

This study makes meaningful contributions to both
theory and practice. Conceptually, it offers an
integrated framework that explains how Al tools
can support ESG-aligned decision-making within
banks. By synthesizing perspectives from finance,
technology, and sustainability, the study moves
beyond soloed approaches and highlights AI’s
potential as a transformative tool for responsible
banking. From a practical standpoint, the insights
gained from the metadata analysis provide guidance
for banks, financial regulators, and policy-makers
on where and how Al can be most effectively
applied to promote ESG outcomes. Furthermore,
this work identifies the key capabilities and
governance mechanisms needed to adopt Al
responsibly, offering a foundation for more data-
driven, transparent, and sustainable financial
practices. Machine learning is applied in different
fields and reported [16-25].

Limitations of the Study

Despite its contributions, the study is subject to
several limitations. First, the metadata analysis was
restricted to English-language and selected
academic databases, which may have excluded
valuable research from non-English or region-
specific sources. Second, the proposed conceptual
model remains theoretical and has not yet been
empirically validated, limiting its direct application
to specific banking environments. Third, the study
offers a static view of a rapidly evolving field;
changes in Al capabilities, ESG regulations, and
global banking trends may affect the relevance of
current insights. Lastly, while the study
incorporates an interdisciplinary perspective, it may
underrepresent legal, ethical, and socio-political
dimensions critical to sustainable Al deployment in
finance.

Future Research Directions

Future research can address these limitations and
build upon the current study in several ways.
Expanding the scope of the metadata analysis to
include broader datasets and diverse linguistic
sources would offer a more global view of the
research landscape. Empirical validation of the
conceptual model through  qualitative or
guantitative  studies—such as case studies,
interviews, or survey-based structural modelling—
can enhance its real-world applicability.
Additionally, longitudinal research can help track
how Al adoption in ESG banking evolves over time
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in response to technological, regulatory, and market
developments. Further investigations into ethical
governance, legal frameworks, and societal impacts
are also necessary to ensure that Al deployment in
sustainable banking aligns with broader human and
ecological values. Interdisciplinary collaborations
that include computer scientists, environmental
experts, and policymakers will be essential to fully
realize the potential of Al in advancing responsible
finance.
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