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ABSTRACT

This research examines the potential of artificial intelligence (AI) to improve sustainability reporting, particularly in relation to
environmental, social and governance (ESG) issues. Despite growing interest in the field, the integration of AI in sustainability
remains underexplored, especially in terms of its impact on data accuracy, transparency and sustainability reporting effective-
ness. This study conducts a systematic literature review (SLR) of 135 peer-reviewed articles to identify significant research gaps
and presents a comprehensive framework that integrates AI technologies, such as machine learning, Industry 4.0 innovations
and decision support systems (DSS), with sustainability reporting practices. The findings support the need for stronger theoret-
ical and practical frameworks to effectively leverage Al's capabilities in sustainability reporting. The originality of this study is
found in its innovative approach to connecting AI technologies with sustainability reporting, a field characterised by fragmen-
tation and underdevelopment in research. This study introduces a broad framework and takes a critical look at the unintended
externalities of AI, such as increased inequality and environmental costs. It does this by challenging existing sustainability
frameworks, like the GRI and SASB, to change with the times and keep up with new technologies. The emphasis on both the ad-
vantages and possible drawbacks of AI in sustainability reporting substantiates the study's publication, providing fresh insights
into AI's role in enhancing ethical, transparent and effective ESG disclosures. The study offers recommendations for managers
and policymakers aimed at improving the accuracy, transparency and credibility of ESG disclosures via Al-driven solutions,
thereby promoting more effective sustainability practices. This paper provides a framework for future research and practical
application of Al in sustainability reporting, with the goal of enhancing academic knowledge and real-world practices in the
pursuit of sustainable development.

1 | Introduction the ability of future generations to do the same, sustainabil-

ity has been formally institutionalised through the United
Sustainability has evolved from a theoretical construct into a Nations Sustainable Development Goals (SDGs), which offer
global imperative, deeply woven into both policy frameworks a blueprint for organisations to integrate economic, social and
and corporate strategies (de Villiers et al. 2021). Anchored by environmental issues into their long-term strategies (Mustafa,
the principle of meeting present needs without jeopardising Lodh, et al. 2022; United Nations 2015). While the SDGs have
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gained considerable traction, many organisations continue to
disproportionately prioritise the economic dimension, often
sidelining the environmental and social pillars (de Villiers
et al. 2021). This unbalanced focus has become increasingly
untenable as businesses face growing pressure from regula-
tors, investors and civil society to act more responsibly and
adopt more holistic sustainability practices (KPMG 2020;
Truby 2020).

Despite theoretical advancements in the field, organisations
face considerable practical challenges in aligning their opera-
tions with sustainability frameworks. The credibility of envi-
ronmental, social and governance (ESG) reporting constitutes a
significant obstacle to the efficacy of corporate social responsi-
bility (CSR) disclosures. Furthermore, high-profile cases of gre-
enwashing—where businesses purposefully misrepresent their
ecological performance—have eroded public trust in their sus-
tainability reporting (Li et al. 2024; Tsang et al. 2023).

Sustainability reporting offers stakeholders insight into a com-
pany's commitment to economic, environmental and social per-
formance. Frameworks such as the Global Reporting Initiative
(GRI) and the recently established International Sustainability
Standards Board (ISSB) under the IFRS Foundation have been
instrumental in harmonising these reporting practices (Kazemi
et al. 2023). However, many businesses continue to struggle with
fragmented and inconsistent reporting approaches, often fail-
ing to capture the full spectrum of their sustainability impacts
(Cheng et al. 2023; Moloi and Obeid 2024).

Amidst these pressures, Al has emerged as a transformative
solution, offering the potential to significantly enhance decision-
making and operational efficiency across different industries (Di
Vaio et al. 2020; Oppioli et al. 2023; Nishant et al. 2020; Singh
et al. 2024). AI, defined as a collection of technologies designed
to simulate human intelligence and autonomously perform com-
plex tasks, has already begun reshaping the business landscape
(Hoehndorf and Queralt-Rosinach 2017; Moloi and Obeid 2024).

In a sustainability context, Al-driven predictive analytics have
significantly enhanced supply chain management by minimising
inefficiencies and forecasting disruptions, resulting in annual
savings of billions for companies (Helo and Hao 2022; Kumar,
Mangla, et al. 2021; Joardar and Sarkis 2021; Naz et al. 2022).
Machine learning (ML) algorithms have similarly optimised
energy consumption in manufacturing, allowing industries to
reduce energy costs (Kapp et al. 2023; Mhlanga 2023). AI also
is involved in environmental sustainability contexts, including
climate change mitigation, smart cities and resource optimisa-
tion (De Guimardes et al. 2020; Di Vaio et al. 2020). Al-driven
solutions, such as autonomous drones for real-time environmen-
tal monitoring, Al-assisted renewable energy forecasting and
precision agriculture, have significantly improved sustainability
goals (Getahun et al. 2024; Truby 2020).

Although AT has been acknowledged for its ability to enhance
sustainability, especially in the precise processing of large and
complex datasets, its integration into sustainability reporting
remains fragmented and insufficiently underexplored. Di Vaio
et al. (2020) offer a quantitative analysis of AI's role in sustain-
able business models, emphasising its effects on production

and sustainable consumption as well as the enhancement of
knowledge management systems. Simultaneously, literature has
expressed growing apprehension regarding the ethical implica-
tions of unregulated AI implementation by leading technology
companies, especially in developing countries (Truby 2020).
Concerns include insufficient transparency, algorithmic bias
and data misuse, all of which jeopardise advancements in criti-
cal SDGs, including financial inclusion and poverty reduction.

Regona et al. (2024) studied the AI applications throughout
construction project phases, aligning their results with various
SDGs. Their work identified challenges in adoption, ethical con-
siderations and the potential for AI to enhance sustainability in
the construction sector. Other studies emphasise the increasing
acknowledgement of AI's potential for sustainable development
while demonstrating a clear gap in the literature regarding its
systematic application in sustainability reporting. Even though
there is an increasing complexity of ESG data, there is still an
absence of comprehensive frameworks that incorporate AI tech-
nologies and themes, such as decision support systems and in-
novation, into sustainability reporting, ensuring transparency,
credibility and alignment with the SDGs (Kazemi et al. 2023).

To address this gap, the current study conducts a systematic
literature review (SLR) to map the intersection of AI and sus-
tainability reporting, identifying key trends, thematic areas and
directions for future research. This review responds to many
scholars who have highlighted the fragmented nature of existing
research at this intersection and the need for a more structured
synthesis of knowledge (Kazemi et al. 2023; Regona et al. 2024;
Tiwari and Khan 2020; Mustafa, Mordi, et al. 2024). Thus, this
study aims to answer the following research questions, each of
which responds to specific calls in the literature:

What are the primary trends in AI and sustainability reporting
research, including geographical areas, yearly publications, re-
search methods and theoretical frameworks?

Many studies have pointed to the predominance of conceptual
over empirical work, and the need for a wider understanding
of the gaps in literature to have a coherent theoretical under-
pinning in Al-sustainability reporting studies (e.g., Di Vaio
et al. 2020; Kazemi et al. 2023; Mustafa, Mordi, et al. 2024). This
question helps to map these patterns systematically and pro-
vides a foundation for key trends that will lead future research-
ers based on a strong understanding of the existing work.

What are the major themes investigated in AI and sustainability
reporting within the research context?

Thematic fragmentation has been widely noted in prior research
and analyses, with scholars calling for a more integrative esti-
mation of the focus areas and topics of digitalisation, AI and
sustainability reporting (e.g., Kazemi et al. 2023; Palmaccio
et al. 2021; Mahran and Elamer 2024; Mustafa, Lodh,
et al., 2022). Addressing this question helps clarify which areas
have received the most scholarly attention and which remain
underexplored.

What gaps and limitations exist in the current body of literature,
and how can future research address these gaps?
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Several studies have clearly noted the lack of inclusive reviews
that identify and synthesise the limitations and blind spots
in current literature, including areas to be covered, method-
ological constraints, or insufficient cross-disciplinary dia-
logue (Di Vaio et al. 2020; Kazemi et al. 2023; Mustafa, Lodh,
et al., 2022). Therefore, the third question aims to consolidate
these observations and suggest directions for future research
in the field.

To address these questions, this study utilises an SLR and bib-
liometric analysis to investigate the potential of AI in improving
sustainability reporting. A total of 135 peer-reviewed journal ar-
ticles were picked from Scopus and Web of Science, employing
stringent screening criteria based on journal quality (ABS 3, 4,
4* and SJR Q1 scores). These articles encompass the domains
of business, accounting, management, finance and economics,
identified using a thorough keyword approach guided by profes-
sional insights and established methodologies like PRISMA and
SPAR-4-SLR. This methodological approach ensures openness,
reliability and replicability, thereby establishing a solid founda-
tion for the integrated framework and the practical insights pre-
sented in the study.

This research study has four interrelated objectives. First, it
aims to identify and synthesise key trends in the academic liter-
ature on AI and sustainability reporting, including geographic
distribution, changes in patterns in publication years, applied
methodological approaches and used theoretical frameworks.
Second, it focuses on mapping the thematic structure of the field
by uncovering the main themes and research clusters of schol-
arly focus. Lastly, we endeavour to critically evaluate the limita-
tions and gaps in the current body of knowledge where research
remains underdeveloped. As a result, we propose an integrated
framework for AI applications in sustainability reporting and
outline future research directions and practical implications
for academics, practitioners and policymakers that can be ap-
plied across various stages of AI applications for sustainability
reporting.

The remainder of this paper is structured as follows: Section 2
details the methodology used for the literature review.
Section 3 presents the findings of the review, focusing on
identified trends, themes and gaps. Section 4 discusses fu-
ture research directions and practical implications. Finally,
Section 5 concludes the paper with a summary of key findings
and contributions.

2 | Theoretical Framework

Sustainability reporting has significantly transformed over re-
cent decades, transitioning from voluntary corporate social
responsibility (CSR) disclosures to established and regulated
systems that align with global development objectives. Initial
sustainability reporting was predominantly narrative-driven
and exhibited inconsistency across various businesses and na-
tions (Damaceno et al. 2025). Over time, frameworks such as the
GRI, Integrated Reporting and the more recent International
Sustainability Standards Board (ISSB) have aimed to stan-
dardise sustainability disclosures and improve their compara-
bility, reliability and materiality (Kazemi et al. 2023).

The growing institutionalisation of sustainability reporting has
produced extensive amounts of structured and unstructured
data, hence fostering an environment conducive to the use of
AT technology. Al presents prospective solutions to the intrica-
cies, subjectivity and scalability issues inherent in conventional
sustainability reporting, especially concerning ESG perfor-
mance evaluation, real-time monitoring and compliance with
various reporting standards (Alshahrani et al. 2022; Kazemi
et al. 2023). The incorporation of Al into sustainability reporting
signifies a merging of technological advancement and strategic
management.

The resource-based view (RBV) theory asserts that an organi-
sation's enduring competitive advantage stems from its capacity
to obtain and efficiently utilise resources that are valuable, rare,
inimitable and non-substitutable (VRIN) (J. Barney 1991). The
potential of AI as a strategic resource is evident in its capacity
to enhance operational efficiency, improve decision-making and
bolster the credibility of sustainability disclosures (De Villiers
et al. 2024). Machine learning algorithms can efficiently pro-
cess extensive ESG data, recognise patterns and produce ac-
tionable insights more rapidly and accurately than conventional
approaches (Zhang and Zhang 2024). These capabilities allow
firms to comply with regulatory frameworks and demonstrate
leadership in transparency and accountability, thus reinforcing
their competitive position in sustainability-conscious markets.

This reconceptualisation is particularly significant in the realm
of Al-enhanced sustainability reporting. AI derives value
when integrated with company-specific investments, includ-
ing data infrastructure and stakeholder confidence (De Villiers
et al. 2024). The potential of AI depends on stakeholder partic-
ipation, with stakeholders—including investors, regulators and
consumers—acting as providers of strategic resources. However,
Acquisti et al. (2015) emphasise that the processes regulating
the collecting and dissemination of consumer data frequently
lack transparency, resulting in discrepancies between expressed
desires and actual behaviours.

Nonetheless, RBV emphasises the necessity of resources to
fully leverage the advantages of AI in sustainability reporting
(Alkaraan et al. 2024). Thus, organisations need to invest in ca-
pabilities including strong data governance systems, technical
expertise and ethical frameworks to address risks linked to AI
deployment, such as algorithmic biases.

Building on RBYV, stakeholder theory offers an additional per-
spective for understanding how firms can effectively manage
relationships with key stakeholders to attain sustainable value
creation. The new stakeholder theory (McGahan 2021) posits
that stakeholders are essential contributors of strategic resources
rather than just external entities. Effective stakeholder manage-
ment necessitates credible commitments to share value with
resource providers, thereby incentivising firm-specific invest-
ments that promote long-term value creation (J. B. Barney 2018).

Stakeholders require enhanced accountability and transpar-
ency in sustainability reporting, especially regarding ESG
challenges. AI technologies enable firms to fulfill these ex-
pectations by improving the accuracy, comparability and
timeliness of ESG disclosures. Stoelhorst (2023) emphasises
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that attaining these outcomes necessitates that firms ad-
dress challenges related to trust and perceived opportun-
ism. Stakeholders may be reluctant to invest in firm-specific
resources, including data provision or collaboration on sus-
tainability initiatives, due to concerns about exploitation or
marginalisation.

3 | Methodology

This study employs SLR and bibliometric analysis to rig-
orously explore the intersection of AI and sustainability re-
porting. The decision to adopt an SLR stems from its proven

TABLE1 | Procedure for reviewing using the SPAR-4-SLR protocol.

Assembling
Identification

Research questions

ability to synthesise expansive and interdisciplinary bodies
of knowledge systematically, minimising bias and enhancing
the accuracy of findings compared to traditional narrative
reviews (Massaro et al. 2015; Haddaway et al. 2015; Mahran
and Elamer 2024; Marzi et al. 2025; Manes-Rossi et al. 2020;
Nicolo et al. 2024).

Systematic reviews are particularly beneficial in fields where
knowledge is rapidly expanding, such as AI applications in
sustainability (Kumar, Sahoo, et al. 2022). By adhering to es-
tablished protocols, this study ensures transparency, replicabil-
ity and reliability, distinguishing it from less structured review
methods (Palmaccio et al. 2021; Songini et al. 2023). Specifically,

What are the primary trends in AI and sustainability reporting research, geographical areas,

yearly publications, research methods, authors, and theoretical frameworks?

research context?

What are the main themes investigated in the context of AI and sustainability reporting in the

» What gaps and limitations need to be addressed in future academic research?

Source quality + Association of Business Schools (ABS, 2018)
+ Scimago Journal & Country Rank (SJR) journal ranking systems.

» According to the ABS
« Papersrated 3, 4 and 4*
+ QI papers the SJR system

‘sustainability report®, ‘sustainable report*’, ‘ESG report*,, ‘integrated report®, ‘Artificial

intelligence’, ‘AT, ‘intelligent system®, ‘machine learning’, ‘deep learning’, ‘AT algorithm*,,
‘algorithmic intelligence’, ‘natural language processing’, ‘NLP’, ‘neural network*’, ‘predictive
analytics’, ‘automated financial reporting’, ‘augmented intelligence’, ‘sentiment analysis tool’,
‘supply chain optimisation’, ‘real-time risk assessments’, ‘quantum computing’, ‘sustainability
disclosure’, ‘environmental, social, and governance disclosure’, ‘ESG AND disclosure®’,
‘non*financial AND report*, ‘corporate social responsibility report*, ‘corporate responsibility
report®, ‘sustainable finance report®’, ‘social AND * AND report®, ‘CSR report*’, ‘responsible
business report®, ‘triple bottom line report®, “TBL reporting’, ‘sustainable finance performance’,
‘corporate citizenship reporting’, ‘human rights reporting’, ‘social responsibility disclosure’, ‘social

Acquisition
Keywords
sustainability performance’, ‘social AND * AND disclosure’.
Search period 1996 to July 2024
Arranging
Language English
Document Type Articles
Source Academic journal
Assessing

Performance analysis  Research question 1

Themes Research question 2
Research gap, Research question 3
Discussion and
Conclusions
Convention Tables, figures and narrative
Fund There is no fund
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we follow the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) and Scientific Procedures and
Rationales for Systematic Literature Reviews (SPAR-4-SLR)
frameworks (Kumar, Sahoo, et al. 2022; Kazemi et al. 2023;
Palmaccio et al. 2021; Marzi et al. 2025).

3.1 | Assembling

In the first phase of the SPAR-4-SLR protocol—assembling—
we aimed to compile a comprehensive body of literature on Al
and sustainability reporting to address the research questions as
presented in Table 1. The study focused on two journal ranking
systems: the Association of Business Schools (ABS, 2018) and
the Scimago Journal & Country Rank (SJR). Articles rated 3, 4
and 4* in ABS, as well as those ranked Q1 in SJR, were included
to ensure high-quality sources (Mustafa, Lodh, et al. 2022; Lim
et al. 2021; Palmaccio et al. 2021; Nicolo et al. 2024).

For the data collection process, Scopus and Web of Science were
chosen due to their extensive coverage of peer-reviewed journal
articles across multiple disciplines, including business, account-
ing, finance, management and economics (Kazemi et al. 2023;
Lu et al. 2022). Unlike grey literature (e.g., conference proceed-
ings, working papers and book chapters), which may represent
ongoing or preliminary work, we exclusively included peer-
reviewed journal articles to ensure the incorporation of rigor-
ously evaluated research.

Our SLR search was conducted up to July 2024, with no start
date limitation to include all relevant articles. Guided by pre-
liminary reviews from topic experts, we used macro keywords
such as ‘sustainability report*, sustainable report*’, ESG re-
port* and ‘integrated report®’ for the reporting side. Keywords
for artificial intelligence included ‘Artificial intelligence’ and
‘Al Other keywords were identified based on the search and
through a review of the top-cited and recent articles on sus-
tainability reporting and AI in Google Scholar. These key-
words include ‘intelligent system*’, ‘machine learning’, ‘deep
learning’, ‘Al algorithm®, ‘algorithmic intelligence’, ‘natural
language processing’, ‘NLP’, ‘neural network®, ‘predictive
analytics’, ‘automated financial reporting’, ‘augmented intel-
ligence’, ‘sentiment analysis tool’, ‘supply chain optimisation’,
‘real-time risk assessments’ and ‘quantum computing’. The
sustainability reporting keywords include ‘sustainability dis-
closure’, ‘environmental, social, and governance disclosure’,
‘ESG AND disclosure*’, ‘nonfinancial AND report’, ‘corpo-
rate social responsibility report*, ‘corporate responsibility
report®, ‘sustainable finance report®, ‘social AND * AND
report®, ‘CSR report®, ‘responsible business report*, ‘triple
bottom line report*, ‘TBL reporting’, ‘sustainable finance
performance’, ‘corporate citizenship reporting’, ‘human rights
reporting’, ‘social responsibility disclosure’, ‘social sustain-
ability performance’ and ‘social AND * AND disclosure’.!

3.2 | Arranging
During the arranging phase, we refined and organised the initial

search results to yield a final sample for analysis. Our initial search
produced 4051 articles. These were filtered based on subject areas,

language, document type and source type, redundancy between
databases, this reduced the number to 2381 papers. A structured
two-stage screening and review was implemented on the initial
pool of 2381 articles to ensure rigour, transparency and replicabil-
ity in the exclusion process. A title and abstract review were per-
formed in the initial stage to exclude studies that were evidently
irrelevant. This included articles that referenced terms like ‘AT’ or
‘sustainability’ only at a superficial level, failing to address their in-
tegration within the framework of sustainability reporting. Papers
that concentrated solely on technical advancements in AI, such
as algorithmic development or engineering applications, were ex-
cluded if they lacked relevance to reporting practices, corporate
sustainability or ESG disclosures. After removing irrelevant stud-
ies, we further narrowed the sample to 524 articles based on the
ranking criteria (ABS 3, 4, 4* or STR Q1), resulting in a final dataset
of 135 articles.

The PRISMA chart (Figure 1) illustrates the article selection pro-
cess (Kumar, Sahoo, et al. 2022; Kazemi et al. 2023; Palmaccio
et al. 2021; Mustafa, Lodh, et al. 2022; Manes-Rossi et al. 2020).
Discrepancies in judgement were addressed by the authors through
discussion to ensure consistency and mitigate selection bias. This
systematic approach improved the reliability of the final sample
and ensured the inclusion of only those studies that significantly
contributed to the intersection of AT and sustainability reporting.

3.3 | Assessing

In the assessing phase, we focused on analysing and synthesising
the final sample of 135 articles. Performance analysis was con-
ducted using Excel to identify trends such as top authors, journals,
citation counts and geographical distribution of research. This
helped us address the first research question concerning the pri-
mary trends in AT and sustainability reporting research.

For the second research question, we performed science mapping
using VOSviewer, allowing us to visualise and identify key re-
search themes and clusters within the literature. These methods
enabled us to uncover both well-established and emerging re-
search themes, highlighting areas of concentration as well as gaps
in the literature. This dual approach of performance analysis and
science mapping provided a comprehensive understanding of the
current state of AI applications in sustainability reporting.

4 | Systematic Literature Review Results
4.1 | Publication Year

Figure 2 illustrates the number of publications on AI and sus-
tainability reporting by year. The earliest identified paper in
our dataset was authored by Miller (1996), followed by Lin
et al. (2003), who explored the application of neural networks in
fraud detection, marking the first notable academic inquiry into
AT's role in reporting.

The number of publications remained relatively low from
1999 to 2015, with only one to six papers published annually.
This period coincides with limited corporate focus on sus-
tainability reporting, largely due to the lack of stringent legal
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FIGURE2 | Publications per year.
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frameworks requiring action on environmental and social is- sustainability after key events such as the 2015 Paris Climate

sues (Angelakoglou and Gaidajis 2015). Agreement (Bamgbade et al. 2017), which drove heightened re-
search interest and publication rates, as reflected in Table 2.

However, a significant increase in publications occurred in

2016, 2017 and 2019, corresponding to the rising global focus on TABLE 3 | Number of citations by journal.

TABLE 2 | Number of publications per year. Number  Number of
Rank Journal of papers citations
Number of
Year Number of papers citations 1 Journal of Cleaner 46 2735
Production
1996 1 1 ,
2 Technological 4 780
2002 1 42 Forecasting and
2003 0 72 Social Change
2008 1 95 3 International Journal 5 322
of Accounting
2009 1 127 Information Systems
2010 1 135 4 International Journal 4 278
2012 0 132 of Production
Economics
2013 0 168
5 International Journal 4 266
2014 1 187 of Production
2015 4 272 Research
2016 2 293 6 Journal of Economic 1 183
Behavior and
2017 1 341 Organization
2018 10 651 7 British Accounting 1 179
2019 16 1088 Review
2020 15 1126 8 Journal of 1 170
Business Ethics
2021 20 720
2022 13 229 9 Managerial 1 130
Auditing Journal
2023 18 124 10 Business Strategy and 7 90
2024 32 102 the Environment

Number of Citations

1200
1000

800

600
400
: 1]

1996200220032008200920102012201320142015201620172018201920202021202220232024

o

o

FIGURE3 | Citation per year.
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The surge in publications after 2015 can be attributed to regu-
latory developments and international agreements, prompting
businesses to take sustainability reporting more seriously, such
as the 2015 Paris Climate Agreement (Bamgbade et al. 2017;
Mustafa, Lodh, et al. 2022) and the International Integrated
Reporting Council's (IIRC) framework from 2013, focusing on
sustainability reporting models in different countries (Mustafa,
Lodh, et al. 2022; Kazemi et al. 2023). This trend is also evi-
dent in the increasing citation count over the years, as shown
in Figure 3, underscoring the growing academic and practical
interest in the field to answer the research question.

4.2 | Journal Analysis

Our analysis of 135 papers reveals that these were spread across
46 academic journals. The diversity of journals indicates a broad
interest in AI and sustainability reporting but also highlights
the fragmented nature of the research. Among these, 26 jour-
nals published only one paper each, while 19 journals published
fewer than 10 papers, reflecting the need for more concentrated
research efforts.

Notably, the Journal of Cleaner Production emerged as the most
prominent publication platform, with 46 papers and 2735 cita-
tions, demonstrating its central role in disseminating research
on AI and sustainability. Following this, Business Strategy and
the Environment and Technological Forecasting and Social
Change were also leading outlets in terms of citations, further
emphasising their influence in shaping the discourse on sus-
tainability reporting and AI (Table 3).

Figure 4 illustrates the number of citations per journal.

4.3 | Authors

Table 6, panel A, highlights the most prolific authors based on
the number of publications and citations. Angappa Gunasekaran
emerged as the leading author with two publications and 652
citations, reflecting his significant impact on the field. Other no-
table contributors include Miklos Vasarhelyi and Ana Carvalho,

who have also shaped research on AI and sustainability through
their highly cited work.

4.4 | Regional Analysis and Geographical Focus

The geographical distribution of research in AI and sustainabil-
ity reporting reflects a concentration of studies in a few key re-
gions. The United States, United Kingdom and China were the
most prolific, collectively accounting for a significant portion of
the literature, as shown in Table 4.

The United States led with 54 papers, followed by the United
Kingdom (41 papers) and China (42 papers). Countries such as
India, France and Australia also contributed significantly. In
contrast, regions like Sweden, Hong Kong and South Africa had
minimal representation. This indicates a global interest in sus-
tainability reporting but highlights disparities in research out-
put across different regions as seen in Figure 4.

4.5 | Methodology Analysis

The analysis of methodologies employed in the reviewed pa-
pers shows a growing trend toward quantitative research,
with 59 studies using quantitative methods. These typically
involved survey data and secondary data analysis. Qualitative

TABLE 4 | Authors and citations.

Number Number of
Authors of papers citations
Gunasekaran, Angappa 2 652
Vasarhelyi, Miklos 2 425
Carvalho, Ana 2 407
Mittelstadt, Brent 2 341
Wachter, Sandra 2 339
Sarkis, Joseph 2 339

Number of Citations

B Number of Citations

Business Strategy and the Environment H 90
Managerial Auditing Journal HE 130
Journal of Business Ethics HEl 170
British Accounting Review HEl 179

Journal of Economic Behavior and Organization HEl 183

International Journal of Production Research HEEE 266

International Journal of Production Economics HEEE 278

International Journal of Accounting Information... N 322
Technological Forecasting and Social Change NN 780
Journal of Cleaner Production NN 2735

FIGURE4 | Citation per journal.
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TABLE 5 | Number of papers per country.

TABLE 6 | Number of papers per method.

Number of Number of Number Number of
Country papers citations Country of papers citations
United States 54 2929 Quantitative methods 59 5429
United Kingdom 41 2983 Qualitative methods 32 2925
China 42 1231 Mixed methods 44 4174
India 28 1172
France 13 914
TABLE 7 | Theoretical foundation.
Australia 19 334
Ttaly 17 288 Theory Number of papers
Canada 12 303 Resource-based view 59
Stakeholder theory 42
Technology acceptance model (TAM) 37
methodologies, although less common, have gained traction Diffusion of innovation theory 32
in recent years, with 32 studies employing case studies and
interviews. Additionally, 44 studies utilised mixed-method ap- Fuzzy set theory 28
proaches, combining both qualitative and quantitative analyses. Game theory 18
The preference for quantitative and mixed-method approaches Circular economy theory 19
reflects the increasing need for empirical validation of AT appli- Legitimacy theory 15
cations in sustainability reporting, especially as regulatory pres- . .
. Signalling theory 13
sures and the demand for environmental transparency grow.
The rise of mixed-methods research also points to the complex- Voluntary disclosure theory 9

ity of AI's role in sustainability, which often requires multiple
methodological perspectives for comprehensive analysis as seen
in Table 5.

4.6 | Theoretical Perspectives

A significant portion of the reviewed literature (42%) lacked a
clear theoretical foundation. However, of the papers that did
incorporate theory, the most frequently used were the RBYV,
stakeholder theory and technology acceptance model (TAM), as
shown in Table 6, panel B. Theories such as diffusion of innova-
tion and fuzzy set theory were also commonly applied, particu-
larly in studies focusing on the adoption and implementation of
AT technologies in sustainability reporting.

This study utilised specific theoretical frameworks and meth-
odologies to address research question 3, which aims to identify
gaps and limitations in existing literature and suggest future
research directions. Game theory underscores the problem
of selective disclosure by firms, highlighting the necessity for
enhanced transparency and comprehensive reporting mecha-
nisms. This insight identified a significant gap in the provision
of unbiased and balanced sustainability reports regarding or-
ganisational performance, a gap that Al-driven systems could
potentially mitigate.

Tables 7 and 8 outline the key theories applied in the reviewed
literature and their respective contributions to the understand-
ing of AT and sustainability reporting. Notably, game theory
has been utilised to examine how companies often selectively
disclose information, emphasising positive details while omit-
ting negative aspects. This tendency, historically associated

with financial reporting, has extended to non-financial disclo-
sures, influencing analysts' ability to form a comprehensive
understanding of a company's operations (Bonsén et al. 2023;
Allaoui et al. 2019; Chalmardi and Camacho-Vallejo 2019).
The literature suggests that applying game theory in sustain-
ability reporting could foster more transparent and balanced
disclosures through models that combine multi-agent systems
to create mutually beneficial partnerships in both centralised
and decentralised reporting scenarios. The TAM is another
frequently applied framework that focuses on factors influ-
encing users' intentions to adopt new technologies, such as
AT, in sustainability reporting. These factors include individ-
ual motivations, demographic attributes and organisational
environments (Esposito et al. 2024). TAM provides valuable
insights into how the interaction between these factors can
shape the successful adoption of AI tools in sustainability
practices. The RBV theory offers a perspective on how firms
leverage resources to respond to environmental pressures,
particularly through non-financial disclosures. Studies apply-
ing RBV suggest that corporate sustainability strategies often
stem from a firm's need to innovate in response to growing
stakeholder demands for environmental accountability (Liu
et al. 2024; Sufi et al. 2024; Esposito et al. 2024). In this con-
text, Al's role in enhancing sentiment analysis and the trans-
parency of disclosures is highlighted as a critical tool for
firms to improve sustainability reporting. Stakeholder theory
provides a framework for analysing the discrepancy between
stakeholder expectations and corporate commitments to sus-
tainability. Research grounded in this theory reveals that
while stakeholders are increasingly focused on environmen-
tal transparency, companies’ involvement in sustainability
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TABLE 8 | Theories and literature outcomes.

Theory Theory description Authors Key outcomes
Game Game theory emphasises the strategic Bonson Proposed the game theory in our context
theory actions of firms in the selective disclosure et al. (2023); as companies have a tendency to willingly
of information, a significant concern Allaoui reveal mostly positive information
in sustainability reporting. This study et al. (2019); while frequently leaving out negative
integrates game theory principles to address Chalmardi details. Originally, this inclination was
the challenges of balancing positive and and Camacho- predominantly noticed in the realm
negative disclosures for transparency Vallejo (2019); of financial reporting, but it has now
purposes. This framework facilitates Wu et al. (2023) expanded to encompass non-financial
the examination of how AI can promote disclosures as well. Both kinds of data
equitable and thorough reporting by are essential for analysts aiming to
reducing biases in corporate disclosures. cultivate a thorough comprehension
of a company's operations.
Annual and sustainability reports have a
crucial role in providing information to
investors and other market participants,
therefore influencing their decision-
making processes. In order to tackle
these dynamics, a model will be created
and merged, including principles from
game theory and multi-agent systems.
The objective is to construct mutually
beneficial partnerships in both centralised
and decentralised scenarios.
Technology TAM examined the factors that affect AI Esposito The TAM suggests that users’ intentions
acceptance adoption in sustainability reporting. The et al. (2024); Asif to adopt a new technology and their
model study identifies critical adoption enablers, et al. (2023) subsequent usage can be influenced by a
(TAM) including user attitudes and organisational range of factors. The factors influencing
readiness, by examining the technological, the situation include individual
individual and organisational drivers characteristics (such as motivations,
and barriers. This addresses the gaps attitudes, resistance, demographic
in adoption identified in the literature attributes and user type), technological
and suggests pathways for overcoming aspects (such as the type of innovation)
resistance to technological innovation. and the organisational environment.
Resource- The RBV framework directed the Liu et al. (2024); According to this theoretical
based view examination of how organisations Sufi et al. (2024); foundation, the resource consumption
leverage their resources, including AT Esposito and emission activities of corporate
technologies, to fulfil environmental and et al. (2024). operations make a substantial
stakeholder requirements. This research contribution to the environmental
emphasises the use of AI technologies in difficulties we are currently facing.
sustainable resource management and Simultaneously, firms are compelled to
decision-making by concentrating on innovate in ways that are environmentally
non-financial disclosures and evaluating beneficial due to mounting pressure
their tone via sentiment analysis. from diverse stakeholders to uphold their
environmental credibility. Consequently,
numerous organisations are implementing
sustainable operations strategies to conform
with environmentally friendly practices
and resources. Within this framework,
the research investigates nonfinancial
disclosures as predictor factors, with a
specific emphasis on various disclosure
tones detected through sentiment
analysis of annual reports as well.
(Continues)
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TABLE 8 | (Continued)

Theory Theory description Authors Key outcomes
Stakeholder Stakeholder theory serves as a framework Calciolari Following this theoretical framework,
theory for analysing the gap between stakeholder et al. (2024); research reveals a notable discrepancy
expectations and corporate sustainability Kazemi in the expectations of stakeholders and
initiatives. This perspective highlights the et al. 2023; the level of dedication towards tackling
significance of voluntary environmental Mustafa, Lodh, climate change. Stakeholders demonstrate
disclosures and their advantages, including et al. (2022); a greater focus on sustainability, as
enhanced transparency and alignment with Bénabou and indicated by elevated levels of scholarly
global sustainability objectives. This study Tirole (2010); investigation and environmental
evaluates the potential of AI to enhance Asif et al. (2023) disclosures. In contrast, the lack of
reporting through improved accuracy, attention demonstrates comparatively less
timeliness and stakeholder engagement. involvement in environmental reporting
and sustainability initiatives in some
industries and sectors. Nevertheless, this
theory reveals a favourable pattern in the
voluntary dissemination of environmental
data in the financial reports and the
benefits by doing these actions, including
gaining stakeholder trust, promoting
environmental sustainability, enhancing
transparency in reporting, aligning
with global sustainability objectives,
improving their reputation and minimising
their environmental footprint.
Diffusion This theory provides a framework for Fosso Wamba The diffusion of innovation theory provides

of analysing the adoption of emerging
innovation technologies, including AI, within the
theory context of sustainability reporting. The
study assesses how organisations perceive
the business value of AT in sustainability
practices by identifying factors such as
compatibility, complexity and relative
advantage. The findings identify barriers
to adoption and propose strategies to
enhance the diffusion of AT innovations.

Mustafa, Lodh,

Govindan (2022)

et al. (2024); a comprehensive framework for analysing
and comprehending the first uptake of
different technologies such as Generative
Al According to this theory, IT innovation
indicates that organisations primarily
adopt technological innovations based on
their perception of the business value.
The literature on IT innovation has
thoroughly examined the fundamental
causes of organisational innovation,
identifying both the elements that
promote or hinder it, and the tactics
used to foster innovation.

The diffusion of innovations is influenced
by various factors. These include
technological characteristics such as
compatibility, complexity, relative
advantage, trialability and observability.

et al. (2022);

reporting varies significantly across industries (Calciolari
et al. 2024; Kazemi et al. 2023; Mustafa, Lodh, et al. 2022).
This theory supports the idea that voluntary sustainability
disclosures can lead to tangible benefits, such as improved
trust and alignment with global sustainability goals. The
diffusion of innovation theory is particularly relevant for un-
derstanding the adoption of emerging technologies like AI
in sustainability reporting. This theory suggests that firms
adopt technological innovations based on perceived business
value, and the diffusion of AT tools in this context is driven
by factors like compatibility, complexity and relative advan-
tage (Fosso Wamba et al. 2024; Mustafa, Lodh, et al. 2022).

(Continues)

Finally, fuzzy set theory is employed to address the inherent
uncertainty and ambiguity in sustainability reporting. It pro-
vides a framework for integrating subjective variables, such as
environmental and social responsibility, into decision-making
processes. The theory enhances the ability of AI systems to
manage imprecise data, improving reasoning and decision-
making capabilities in sustainability reporting (Calabrese,
Costa, Levialdi, et al. 2016). Together, these theories provide a
multi-faceted understanding of how AI can be integrated into
sustainability reporting, offering insights into both the driv-
ers and challenges of adoption, as well as the implications for
transparency and decision-making.
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TABLE 8 | (Continued)

Theory Theory description

Authors Key outcomes

Fuzzy set
theory

Fuzzy set theory guided the methodological
approach of the study in analysing
imprecise and qualitative data, commonly
found in sustainability reporting. This
study integrates fuzzy logic into AI-
driven sustainability practices to address
uncertainty and ambiguity, thereby
enhancing decision-making and improving
the quality of sustainability disclosures.

Costa, Levialdi,

Calabrese, Fuzzy set theory is a useful tool for both
sustainability reporting and Al, providing
a framework to tackle the inherent
uncertainty and ambiguity in these
domains. Sustainability reporting facilitates
the measurement and combination of
subjective variables such as environmental
effect and social responsibility, resulting
in more accurate and detailed assessments
of organisational performance.
According to this theoretical approach,
this approach improves the process
of making decisions by effectively
addressing the inherent lack of
precision in qualitative data.
According to this theoretical framework,
fuzzy set theory in the field of AI
enhances the capacity of systems to
manage imprecise data, hence improving
reasoning, natural language processing
and decision-making. By utilising fuzzy
set theory in Al-driven sustainability
reporting, organisations may effectively
analyse intricate data, simulate uncertain
situations and ultimately make well-
informed and sustainable choices.

et al. (2016).

5 | Themes

The thematic analysis of the identified clusters provides im-
portant insights into the integration of AI and sustainability
reporting. The clusters, labelled as green, red and blue in the
network visualisation, represent distinct yet interconnected
thematic areas: Sustainability and Industry 4.0, Dependence on
Machine Learning and Innovation, Decision Support Systems,
Environmental Impact and Supply Chain Management. Figure 5
provides the basis for categorising these themes through the
clustering of keywords found in the literature.

The blue cluster emphasises technological advancements such as
I0T, robotics and quantum computing that promote sustainabil-
ity initiatives within the context of Industry 4.0. This research
analyses the potential for innovation alongside the challenges
posed by societal and environmental impacts.

The red cluster highlights the significance of AI technologies,
especially ML and decision support systems (DSS), in improv-
ing sustainability reporting and decision-making. This cluster
demonstrates the capabilities of AI-driven solutions in facilitat-
ing predictive analysis, enhancing reporting accuracy and guid-
ing sustainable strategies, while also considering issues related
to transparency, interpretability and ethical implications.

The green cluster examines the environmental impact and
supply chain management, focusing on AI's role in optimising
resource utilisation, reducing emissions and improving the

efficiency of global supply chains. This cluster examines defi-
ciencies in addressing social sustainability, labour rights and
regulatory challenges that impede wider adoption in particular
contexts.

The analysis organises themes into clusters, mapping the cur-
rent state of research and identifying significant gaps, especially
in the practical application of AI technologies within sustain-
ability contexts. The following subsections present a detailed
examination of these themes, analysing their contributions,
limitations and implications for future research as presented in
Table 9.

5.1 | Sustainability and Industry 4.0

The convergence of Industry 4.0 with sustainability has emerged
as a focal point in both business and academic research. Studies
such as those by Tiwari and Khan (2020), Narula et al. (2021) and
Asokanetal. (2022) demonstrate the technological advancements
in IoT, robotics, quantum computing and additive manufactur-
ing, which are transforming business models. These innovations
enhance operational efficiency and resource management, posi-
tioning Industry 4.0 as a critical enabler of sustainable business
practices. However, these technological developments also raise
concerns about potential societal and environmental implica-
tions, as noted by Mustafa, Lodh, et al. (2022). While the litera-
ture celebrates the benefits of Industry 4.0, there is a notable gap
in addressing the unintended consequences these technologies
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FIGURES5 | Themes and keywords.

may have on sustainability (Narula et al. 2021). For instance,
the social and environmental costs—such as energy consump-
tion and the potential for increased inequalities—are often over-
looked in favour of economic benefits (Essiz and Senyuz 2024).
Studies like Mastos et al. (2020) highlight the opportunities
but fail to consider the complex trade-offs between advancing
technological progress and adhering to sustainability principles
like the triple bottom line (Bag, Telukdarie, et al. 2021). This
lack of critical evaluation, particularly regarding the long-term
sustainability implications of Industry 4.0 technologies, leaves
a gap in both academic and practical discussions. Furthermore,
while the GRI and other frameworks such as the Sustainability
Accounting Standards Board (SASB) are widely acknowledged
as essential for sustainability reporting, research often fails to
explore how these frameworks can be effectively integrated into
Industry 4.0 contexts (Kazemi et al. 2023; Marimon et al. 2012).
Scholars such as Buchholz et al. (2009) and Calabrese, Costa,
Levialdi Ghiron, et al. (2019) have noted the existence of over
300 criteria for assessing sustainability, yet their application
to rapidly evolving technological landscapes remains underde-
veloped. Future research must examine how the principles of
sustainability frameworks like the GRI can be seamlessly incor-
porated into the digital transformation driven by Industry 4.0.
In addition, scholars should explore how these frameworks can
evolve to address the negative externalities of technological ad-
vancements, particularly in terms of environmental degradation
and social equity. Empirical research should also focus on devel-
oping models that measure the real-world impacts of Industry
4.0 technologies on sustainability, offering practical solutions
for mitigating adverse effects (Narula et al. 2021).
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5.2 | Dependence on Machine Learning
and Innovation

ML has gained prominence as a powerful tool for advancing sus-
tainability reporting, particularly through AI-driven solutions.
Studies by Yao and Li (2023), Crocco et al. (2024) and Hoang
and Wiegratz (2023) highlight how ML algorithms harness pat-
terns in large datasets to enable predictive capabilities and de-
cision support in carbon-intensive industries. The ability of ML
to identify trends in historical data allows for the prediction of
future scenarios, such as temperature increases, as seen in the
work of Nishant et al. (2020). These predictions are invaluable
for informing sustainability strategies across sectors such as en-
ergy, agriculture and transportation (Sufi et al. 2024). However,
while the technical capabilities of ML are well-documented,
there remains a gap in understanding how these tools can be
integrated into sustainability reporting processes in a way that
supports long-term innovation. Research by Liu et al. (2024)
and Sabahi and Parast (2020) demonstrates that while ML can
provide accurate predictions, there are challenges related to the
interpretability of these predictions and their alignment with
existing sustainability reporting frameworks. Moreover, despite
the growing use of ML in sectors such as finance and gover-
nance, its application to sustainability reporting remains lim-
ited, as noted by Abdella et al. (2020) and Yao and Li (2023). This
suggests that while ML has the potential to revolutionise sus-
tainability reporting, its full potential has not yet been realised.
Future research should prioritise the development of integrated
frameworks that combine ML with established sustainability
reporting standards like GRI and SASB. Additionally, there is a
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TABLE 9 | Themes and key outcomes.

Theme

Authors

Key outcomes

Sustainability
and Industry
4.0

Dependence
on machine
learning and
innovation

Decision
support
systems

Environmental
impact

Supply chain

Tiwari and Khan (2020); Asokan
et al. (2022); Narula et al. (2021);
Mustafa, Lodh, et al. (2022)

Yao and Li (2023); Crocco et al. (2024);
Hoang and Wiegratz (2023)

Diaz-Balteiro et al. (2017);
Esposito et al. (2024)

Essiz and Senyuz 2024; Zhang
et al. (2020); Ouyang et al. (2020)

Czinkota et al. (2014); Tate
et al. (2010); Hussain and
Malik (2020); Nayal et al. (2022);
Kumar, Mangla, et al. (2021)

The intersection of Industry 4.0 and sustainability is a significant
focus in both business and academic research. Advancements in
technologies like IoT, robotics and nanotechnology are fostering
new business models, but their societal impacts raise concerns.

Researchers highlight the complexity of balancing environmental,

social and economic dimensions while integrating these
technologies. The adoption of sustainability standards like
GRI is seen as essential for documenting and managing these

dimensions. However, there is a noted tension between the rapid
technological advancements of Industry 4.0 and the principles of
sustainability, particularly in adhering to the triple bottom line.

Machine learning plays a pivotal role in advancing sustainability,
particularly through AI-driven solutions. Research shows
that machine learning algorithms can predict future
scenarios, enhance decision-making in carbon-intensive
industries and forecast green innovations. The strength of
machine learning lies in its ability to learn from data without
preset assumptions, making it a powerful tool in various
domains, including finance and corporate governance.
Despite its advantages, the integration of machine learning in
sustainability reporting and decision-making is still evolving,
with ongoing research needed to fully harness its potential.

Decision support systems (DSS) are increasingly integrated
with sustainability reporting to improve decision-making
and promote sustainable practices across industries. These
systems enhance the transparency, accuracy and reliability of
sustainability reports, thereby supporting more informed and
responsible decisions. The fusion of DSS with sustainability
efforts underscores the critical role of advanced data
analytics and AI in achieving sustainability goals. Ethical
considerations and industry-specific applications are crucial,
with ongoing research exploring the broader implications
and benefits of DSS in sustainable decision-making.

Environmental sustainability faces numerous challenges,
including population growth, financial barriers and
infrastructural limitations. Research emphasises the

responsible management of natural resources to ensure
future well-being, often through the lens of resource-based
view theory. AT and machine learning are identified as key
tools in reducing emissions, improving resource efficiency,
and supporting environmental sustainability. Studies also
highlight the importance of government policies and advanced
technologies like blockchain in managing environmental
impacts, with a strong focus on water management as
critical to achieving global sustainability goals.

The integration of sustainability into supply chains has become
a global priority, with research focusing on sustainable supplier
management, product safety and optimisation under uncertainty.
AT and decision support systems are essential in managing the
economic, environmental and social impacts within supply
chains, particularly in complex areas like agri-food production.
The literature proposes frameworks to enhance sustainability in
supply chains within the context of Industry 4.0, emphasising the
need for empirical research and regulatory support to overcome
challenges and harness the potential of these advancements
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need for more interdisciplinary research that addresses both the
technical and ethical dimensions of using ML in sustainability
reporting. Scholars should also investigate how ML algorithms
can be designed to ensure transparency and accountability,
particularly in high-stakes industries like energy and finance
(Sabahi and Parast 2020).

5.3 | Decision Support Systems

DSS are increasingly being utilised in sustainability report-
ing to enhance decision-making and promote sustainable
practices across industries (Diaz-Balteiro et al. 2017; Esposito
et al. 2024). DSS enable organisations to consolidate complex
datasets and generate actionable insights, improving the accu-
racy and transparency of sustainability reports. Studies such as
those by Diaz-Balteiro et al. (2017) demonstrate how DSS can
be integrated with AI and ML to support more informed and
responsible decision-making, particularly in sectors where data
is fragmented or difficult to interpret. However, despite their
potential, the adoption of DSS remains uneven across indus-
tries. In developing countries or industries with limited tech-
nological infrastructure, the use of DSS is still rare (Bonsén
et al. 2023). Furthermore, while DSS are increasingly used to
optimise sustainability reporting, ethical concerns surrounding
their application—such as the potential for data manipulation
or biased decision-making—remain underexplored (Imaz and
Eizagirre 2020). Future research should explore the institutional
and cultural barriers to the adoption of DSS in sustainability re-
porting, particularly in sectors with limited access to advanced
technologies. Additionally, there is a need for empirical studies
that examine the ethical implications of DSS use in decision-
making processes, focusing on issues such as bias, transparency
and accountability (Esposito et al. 2024). Research should also
consider how DSS can be integrated with other AI tools to cre-
ate more holistic decision-making frameworks that address both
economic and environmental sustainability challenges.

5.4 | Environmental Impact

The environmental impact of AI technologies, particularly their
role in reducing emissions and optimising resource use, is a cen-
tral theme in the literature (Crocco et al. 2024; Mustafa, Lodh,
et al. 2022). Al-driven systems have been shown to enhance sus-
tainability by improving energy efficiency, tracking emissions
and predicting environmental risks (Brodny and Tutak 2022).
However, despite these advancements, the environmental
footprint of AI itself—such as the energy consumption of data
centres and the carbon emissions associated with AT systems—
remains a largely underexplored area of research. Studies by
Bai et al. (2020) and Mustafa, Lodh, et al. (2022) highlight how
financial barriers and infrastructural limitations prevent many
organisations from adopting AI technologies for environmental
management. Furthermore, while AI has the potential to im-
prove resource management in industries such as agriculture
and manufacturing, research by Zhang et al. (2020) shows that
its adoption is often limited by a lack of regulatory frameworks
and standardised practices. Future research should critically
assess the environmental costs of AI technologies, focusing on
the energy consumption and carbon footprint associated with

Al-driven supply chains and data centres. Additionally, interdis-
ciplinary studies are needed to evaluate how Al can be deployed
in a way that aligns with global sustainability goals, particularly
in industries with high environmental impacts. There is also a
need for more policy-oriented research that addresses the regu-
latory challenges of AI adoption in environmental management
(Mustafa, Lodh, et al. 2022).

5.5 | Supply Chain Management

Sustainable supply chain management (SCM) has become a
global priority, with AI playing a key role in optimising com-
plex, global supply chains (Bag, Srivastava, et al. 2024; Benzidia
etal. 2021; Czinkota et al. 2014; Joardar and Sarkis 2021; Tarigan
etal. 2021). AI-driven technologies enable companies to enhance
the transparency and efficiency of their supply chains, particu-
larly in areas like agri-food production, where environmental
and social impacts are significant (Hussain and Malik 2020).
Studies such as those by Nayal et al. (2022) and Kouhizadeh
et al. (2021) demonstrate how AI can be used to optimise logis-
tics, reduce waste and improve product safety, as presented in
Table 9. However, while the economic and environmental bene-
fits of AT in SCM are well-documented, there is limited research
on its potential to address social sustainability issues such as la-
bour rights and ethical sourcing (Nayal et al. 2022). Additionally,
as Bag, Srivastava, et al. (2024) note, AI's ability to manage
uncertainties in supply chains—such as fluctuating demand
and market risks—remains under-researched. This suggests
a need for more comprehensive frameworks that consider the
full range of sustainability challenges in SCM. Future research
should focus on integrating social sustainability considerations
into Al-driven SCM systems. Scholars should also investigate
how AI can be used to manage uncertainties in global supply
chains, particularly in industries with volatile demand and sup-
ply conditions. More empirical studies are needed to validate the
effectiveness of AI in addressing both environmental and social
sustainability challenges in SCM (Pournader et al. 2021).

6 | Sustainability Reporting and AI Framework

Building on the extensive review of the existing literature, this
section presents a synthesised framework that encapsulates the
dynamic relationship between artificial intelligence (AI) and
sustainability reporting. This framework is designed to address
the key areas where Al can drive advancements in sustainability
practices, specifically focusing on the factors that promote AI
adoption, the collaborative mechanisms involved and the ulti-
mate outcomes of these integrations. As identified through the
systematic literature review (SLR), four critical themes—sustain-
ability assessment and indicators, determinants of AI adoption,
strategic management in Al-driven sustainability efforts and
the outcomes of Al integration in reporting—form the backbone
of this framework. The purpose is to bridge theoretical gaps and
offer a structured approach for both scholars and practitioners to
understand how AI can be leveraged to enhance transparency,
accountability and overall performance in sustainability report-
ing. The framework, illustrated in Figure 6, serves as a holistic
guide to navigating the complexities and opportunities at the in-
tersection of AI and sustainability reporting. By delineating key
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antecedents, collaboration activities, moderators and outcomes,
this framework aims to stimulate future research while provid-
ing practical insights for effective AI adoption.

6.1 | Antecedents

The antecedents segment explores the critical factors that drive or-
ganisations to adopt Al in their sustainability reporting processes.
These factors operate at different levels, including organisational,
sustainability, AT technology and international contexts.

6.1.1 | Organisation Level

Proposition 1. Organisations with higher levels of transpar-
ency and CSR disclosure are more likely to adopt Al in their sus-
tainability reporting, thereby enhancing stakeholder trust and
engagement.

6.1.2 | Sustainability Level

At the sustainability level, specific environmental and eco-
nomic goals drive the integration of AI into sustainability re-
porting. One of AI's key contributions is in greenhouse gas
reduction, where it plays a significant role in enhancing energy
efficiency and optimising industrial processes to minimise
emissions (Sufi et al. 2024; Liu et al. 2024). By improving op-
erational efficiency, AI helps firms achieve cost minimisation

International Level

. gender, age,
ation, income

improvement of human life.
conomy
em quali

and ensures that sustainability initiatives remain financially
viable (Esposito et al. 2024). In addition, AI contributes to
CO, emissions mitigation by leveraging advanced technol-
ogies like predictive analytics and machine learning, which
monitor and reduce carbon footprints (Rotondo et al. 2019).
This aligns with the triple bottom line framework, which
emphasises balancing economic, environmental and social
dimensions. Firms that adopt AI-driven strategies are better
positioned to address these three pillars in their sustainability
efforts (Rotondo et al. 2019).

Proposition 2. AT technologies will play an increasingly im-
portant role in helping organisations meet their sustainability
goals, particularly in reducing greenhouse gas emissions and
minimising operational costs.

6.1.3 | Al Technology Level

At the AT technology level, several factors shape the adoption
of AT in sustainability practices. Digital transformation is at
the core of how firms are rethinking their business models
and operations, with AI technologies facilitating this transi-
tion (Esposito et al. 2024). Critical to AT adoption are the per-
ceived ease of use and perceived usefulness of AI, as outlined
in the TAM. When stakeholders perceive Al as both easy to
implement and useful for enhancing sustainability practices,
its integration into sustainability reporting is more likely
(Mustafa, Lodh, et al. 2022). Another key factor is Al transpar-
ency, as the ethical and clear communication of how AI pro-
cesses data and generates insights is crucial for maintaining
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stakeholder trust, especially in the sensitive realm of sustain-
ability (Esposito et al. 2024).

Proposition 3. The perceived ease of use and transparency
of AI technologies will significantly influence their adoption in
sustainability reporting practices.

6.1.4 | International Level

On a global scale, international frameworks and global sustain-
ability initiatives serve as critical drivers for AI adoption in sus-
tainability reporting. The SDGs provide a global agenda that
prompts organisations to incorporate Al into their sustainabil-
ity reporting to meet these internationally recognised targets.
Emerging concerns such as modern slavery and the physical risks
of climate change necessitate advanced AI technologies to moni-
tor, report and mitigate adverse impacts. In this context, Net Zero
initiatives have become a global standard, pushing organisations
to adopt AI solutions to track and achieve these goals (Mustafa,
Lodh, et al. 2022; De Guimaraes et al. 2020; Songini et al. 2023).

Proposition 4. Global frameworks like the SDGs and Net
Zero initiatives will drive the adoption of ATl in sustainability re-
porting, particularly in addressing climate change and resource
optimisation.

6.2 | Collaboration Activity

The collaboration activity segment highlights the interactions
between AI and sustainability reporting, focusing on how or-
ganisations perceive the benefits of adopting AI. Perceived
benefit trust refers to the trust stakeholders place in AI-driven
sustainability initiatives, which plays a pivotal role in fostering
AT integration (Camilleri et al. 2024). Another critical area of
collaboration is human health, where AI can optimise health-
care delivery and environmental conditions, directly support-
ing sustainability goals. Moreover, Al drives green innovation,
encouraging the development of environmentally friendly
technologies and practices, crucial for achieving long-term sus-
tainability (Camilleri et al. 2024).

Proposition 5. Trust in the perceived benefits of Al will en-
courage greater adoption of Al-driven sustainability reporting
initiatives, particularly in promoting human health and green
innovation.

6.2.1 | Moderators

Moderators such as geographical area, sector and company
size influence how effectively Al is adopted in sustainability
reporting. For instance, regulatory frameworks and techno-
logical infrastructure vary significantly across regions, influ-
encing the impact of AI (Liu et al. 2024). Similarly, different
sectors such as manufacturing, agriculture and services have
unique needs and capabilities regarding AI adoption (Kazemi
et al. 2023). Organisational factors such as firm size, R&D inten-
sity and internationalisation efforts further moderate AI adop-
tion outcomes. Firms with robust R&D capabilities or strong

international ties tend to experience different levels of success in
integrating Al into their sustainability practices (Liu et al. 2024;
Camilleri et al. 2024).

Proposition 6. The impact of AI on sustainability report-
ing is moderated by geographical, sector-specific and organisa-
tional factors, which shape the adoption and effectiveness of AT
technologies.

6.3 | Outcomes

The outcomes segment categorises the results of AT and sustain-
ability reporting collaboration into organisational, sustainabil-
ity, AT and international levels.

6.3.1 | Organisation Level

At the organisational level, AI integration enhances lead-
ership capabilities, providing data-driven insights that in-
form strategic decisions (Camilleri et al. 2024). This often
leads to business model evolution, where AI facilitates the
shift towards more sustainable practices. Firms also experi-
ence improved ESG disclosure, as AI enables more accurate
and comprehensive tracking of sustainability metrics (De
Guimaries et al. 2020).

Proposition 7. Al integration in sustainability reporting
will lead to improved business models, enhanced leadership ca-
pabilities and more comprehensive ESG disclosures.

6.3.2 | Sustainability Level

At the sustainability level, AI supports organisations in achiev-
ing a sustainable competitive advantage by optimising their sus-
tainability practices (Wang and Qiu 2024; Kazemi et al. 2023).
AT also contributes to better resource utilisation and supply
chain integration, making sustainability efforts more efficient
and reducing costs (De Guimaraes et al. 2020; Mustafa, Lodh,
et al. 2022).

Proposition 8. Al-enhanced sustainability reporting will
result in improved resource utilisation, cost minimisation and
better supply chain integration.

6.3.3 | AlILevel

Successful AI integration creates a feedback loop that encour-
ages broader technological adoption within the organisation.
Increased technological acceptance leads to Al being applied in
other areas, driving innovation across business operations (Liu
et al. 2024).

6.3.4 | International Level

On a global scale, Al-enhanced sustainability practices con-
tribute to improved human life, addressing critical issues like
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health, safety and environmental quality. These efforts also
result in a better economy and ecosystem quality, reinforcing
global sustainability objectives (De Guimaraes et al. 2020; Liu
et al. 2024; Wang and Qiu 2024; Mustafa, Lodh, et al. 2022).

Proposition 9. Al-driven sustainability practices will lead
to significant international outcomes, improving global human
well-being, ecosystem quality and economic performance.

In conclusion, the proposed framework offers a detailed under-
standing of the complex relationships between AI and sustain-
ability reporting, covering antecedents, collaboration activities,
moderators and outcomes. By leveraging AI, organisations can
enhance their sustainability efforts, contributing to both organi-
sational success and global sustainability goals. Future research
should further investigate the interactions within this frame-
work and explore how different contexts influence the adoption
and effectiveness of Al in sustainability reporting.

7 | Discussion
7.1 | Insights From the Cluster Analysis

Sustainability is a multifaceted challenge that has increasingly
drawn the attention of researchers, practitioners and policymak-
ers. While the discourse on sustainability has traditionally centred
on financial aspects, there is a growing recognition of the need to
balance environmental and social dimensions. However, despite
the widespread focus on sustainability in various domains, our
systematic literature review (SLR) reveals a significant gap in un-
derstanding the role of Al in sustainability reporting. Our study
represents the first comprehensive attempt to address this gap,
positioning AI as a transformative tool for enhancing the scope,
accuracy and impact of sustainability reporting.

We conducted an extensive analysis of 135 studies, covering
topics such as environmental performance, supply chain man-
agement, Industry 4.0 applications and decision support systems
(DSS) within the sustainability domain. This research draws on
diverse methodological approaches, geographical contexts and
theoretical frameworks to map out the existing landscape of AI
applications in sustainability reporting. The resulting thematic
classification sheds light on the major research streams, gaps
and future directions in this field.

This study highlights the significant relationship between
AT applications in sustainability reporting and the theoreti-
cal frameworks of the RBV and stakeholder theory. The RBV
emphasises Al as a strategic asset that, when integrated with
firm-specific capabilities like strong data governance and
technical expertise, improves operational efficiency and the
reliability of sustainability disclosures. The analysis of themes
such as Industry 4.0 and machine learning illustrates the
potential of these technologies to enhance resource manage-
ment and facilitate predictive capabilities, thereby addressing
significant ESG challenges. Achieving these benefits neces-
sitates overcoming barriers, including algorithmic bias and
the energy-intensive nature of AI systems, which require
additional investment in ethical frameworks and sustainable
practices. The study results directly address the first research

question by investigating how AI can enhance sustainabil-
ity reporting and promote higher levels of organisational ac-
countability. This finding challenges the RBV's premise that
competitive advantage is exclusively derived from resource
optimisation, highlighting that energy consumption and en-
vironmental costs may offset these benefits, especially when
sustainability is prioritised.

Stakeholder Theory offers a framework for understanding these
findings, highlighting the importance of collaboration among
stakeholders to maximise AI's potential. Themes including de-
cision support systems and supply chain management demon-
strate the enhancement of transparency and accountability
through AlI-driven tools, addressing the growing demand from
investors, regulators and consumers for reliable sustainability
reporting. These findings respond to the second research ques-
tion by demonstrating how AT technologies contribute to greater
transparency and decision-making processes in sustainability
reporting. However, the study identifies ongoing concerns, such
as trust and perceived opportunism, which may impede stake-
holder participation and restrict resource sharing. The findings
build upon Nassar and Kamal (2021) by illustrating that AI-
driven decision support systems mitigate fragmented data issues
yet fail to enhance trust, reflecting ethical concerns highlighted
in studies such as Sabahi and Parast (2020).

Our analysis reveals several important trends. There is a no-
ticeable shift toward AI-driven methods for improving sustain-
ability reporting processes, especially in areas such as real-time
data analytics, predictive modeling and automated report gener-
ation. These developments have the potential to drastically re-
duce the time and cost associated with sustainability reporting,
while simultaneously increasing the precision and reliability
of the data reported. This result aligns with the third research
question by highlighting the current gaps in AI integration and
the capability for improving sustainability reporting. This is a
significant advancement, given the complexity of sustainabil-
ity metrics and the challenges organisations face in collecting
and analysing large amounts of ESG-related data. However, our
findings also underscore the uneven distribution of research ef-
forts across geographical regions and industries. The majority of
studies focus on developed economies, particularly the United
States and Europe, leaving significant gaps in understanding
how AT could be applied to sustainability reporting in emerging
markets. Additionally, sectors such as finance, manufacturing
and energy have received more attention, while other industries,
such as agriculture and services, remain underexplored. These
understandings highlight the need for future research to ad-
dress the gaps and spread AI applications to underrepresented
countries and sectors.

This review enhances existing knowledge by critically eval-
uating the incorporation of AT into established sustainability
frameworks, including GRI and SASB, while identifying gaps
concerning the unintended consequences of Al implementa-
tion (Kazemi et al. 2023). The results highlight the theoretical
implications of AI's integration, specifically its potential to
challenge current sustainability frameworks and lead inno-
vation in reporting practices. This review distinguishes itself
from earlier studies (e.g., Mustafa, Lodh, et al. 2022) by empha-
sising the unintended externalities of AI, such as heightened
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inequalities and carbon emissions, which necessitate the ad-
aptation of existing frameworks. Addressing these gaps and
aligning AI applications with sustainability principles will
enable future studies to develop comprehensive strategies that
integrate technological innovation with ethical responsibility,
thereby contributing to long-term sustainable value creation.

7.2 | Future Research Directions

The results of this study point to several promising avenues for
future research. First, future studies should aim to expand the
geographical and sectoral coverage of Al in sustainability re-
porting. More empirical research is needed in emerging markets
and underrepresented industries to better understand how Al
can be effectively adapted to diverse contexts and to identify the
unique challenges and opportunities that exist in these regions.
This would provide a more holistic view of AT's potential in driv-
ing sustainability reporting globally.

Second, further research is needed to explore the ethical impli-
cations of AT in sustainability reporting. As AI becomes more
integrated into organisational processes, concerns about data
privacy, bias and transparency in AI algorithms must be ad-
dressed. Future studies could focus on developing guidelines or
frameworks to ensure that Al is deployed ethically and responsi-
bly, particularly in the context of sustainability reporting, where
transparency and accountability are critical.

Third, there is significant potential for future research to explore
the intersection of AI and other emerging technologies, such as
blockchain, in sustainability reporting. Blockchain's ability to pro-
vide immutable and transparent records could complement AI's
data processing capabilities, creating a more robust system for
sustainability reporting. Exploring the synergies between these
technologies could yield new insights into how organisations can
enhance the reliability and efficiency of their reporting systems.

Fourth, as AT tools become more sophisticated, it will be crucial
to examine the long-term impacts of Al-driven sustainability
reporting on organisational behaviour and decision-making.
Future studies should investigate how AI influences strategic
decisions related to sustainability and whether it leads to more
proactive, rather than reactive, approaches to sustainability
management.

Finally, future research should focus on the practical applica-
tion and validation of the AT models and frameworks discussed
in the literature. Empirical studies that assess the effectiveness
of Al-driven sustainability reporting in real-world settings are
needed to bridge the gap between theory and practice. This
would involve case studies or longitudinal research examining
how organisations implement AT in their reporting processes
and the tangible outcomes of these efforts.

8 | Conclusion

This paper concludes by presenting the core theoretical contri-
butions, practical implications and limitations of this systematic

review. Each subsection below outlines these points distinctly to
guide future research and inform practice.

8.1 | Theoretical Implications

This study makes several significant contributions. From a
theoretical standpoint, it offers a critical synthesis of existing
literature, outlining how AI technologies can be leveraged to
enhance sustainability reporting and promote better organi-
sational accountability. Our findings suggest that AI not only
improves the efficiency of sustainability reporting processes
but also enhances the quality of disclosures by providing more
granular, real-time data and enabling more sophisticated
analysis of ESG performance. This aligns with the first and
second research questions by showing key trends and themes
in the academic literature around Al in sustainability report-
ing. Also, the comprehensive understanding of the current
state of AI in sustainability reporting serves as a foundation
for future theoretical developments in this area. It emphasises
a need for new conceptual models that consider the dynamic
relationship between accountability mechanisms in ESG dis-
closures and digital innovation.

Second, we contribute a new integrated framework that en-
compasses the antecedents, collaboration activities, moder-
ators and outcomes associated with the application of AT in
sustainability reporting. By categorising these elements, we
provide a structured approach for academic researchers to
better understand the dynamics of AI integration in this do-
main. This framework offers insights into how AI can trans-
form reporting processes, improve operational efficiency and
drive innovation in sustainability practices. Furthermore, our
work invites more theoretical exploration of interdisciplinary
connections between digitalisation, accounting and sustain-
ability sciences.

8.2 | Practical Implications

This study's findings provide important insights into the in-
tegration of AI technologies in sustainability reporting, with
significant implications for corporate strategies, policymaking
and sustainability initiatives. The study results support organi-
sations in utilising AT technologies, including NLP, to automate
the analysis of ESG data, thereby enhancing the efficiency and
accuracy of corporate disclosures. This automation decreases
errors and enhances data quality. Our results also emphasise the
use of Al-driven predictive analytics, which enables companies
to anticipate potential sustainability risks and failures in envi-
ronmental compliance, thereby fulfilling stakeholder expecta-
tions and regulatory requirements.

Moreover, machine learning algorithms can assist organisa-
tions in aligning their reporting practices with established
frameworks such as the GRI and ISSB. This confirms a credible
approach to sustainability disclosure, which is particularly valu-
able for multinational corporations that handle diverse report-
ing mandates. The results help in implementing standardised
frameworks that align with SDGs.
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The results support the advancement of tailored AI applications
in sustainability reporting across various industries. Energy
companies may utilise AI to enhance renewable energy fore-
casting, whereas manufacturing sectors could implement AI to
decrease energy consumption. These cases illustrate the signif-
icant potential of AT in fulfilling environmental and economic
objectives.

Finally, the research has important implications for policymak-
ers, as it encourages the integration of AI into sustainability
reporting practices. Policymakers, in their turn, can also en-
courage business investment in AI-driven reporting tools by
offering tax incentives to promote the adoption of technologies
that enhance the quality and credibility of sustainability disclo-
sures among companies. Embedding AI-driven solutions within
regulatory frameworks for corporate sustainability disclosures
can mitigate instances of greenwashing and enhance overall
accountability. In doing so, our research directly informs reg-
ulatory design and influences the global agenda for responsible
digital innovation in sustainability.

8.3 | Limitations

While this study provides a comprehensive overview of Al's
role in sustainability reporting, several limitations should be
acknowledged. First, our analysis is limited by the selection of
databases and peer-reviewed articles, which may exclude rel-
evant studies published in other sources, including industry
reports, government publications and non-English literature.
This restricts the geographical and linguistic scope of our find-
ings, potentially limiting the generalizability of our conclusions,
particularly in non-English-speaking and developing regions.
Second, the rapidly evolving nature of AI technology means that
the findings presented here may become outdated as new devel-
opments emerge. Given the dynamic landscape of Al research,
our study captures a snapshot of current trends but may not fully
reflect future advancements in Al capabilities or their applica-
tion to sustainability reporting.

Third, our thematic classification and framework are based
on secondary data from existing literature, which could intro-
duce bias due to the limitations of the original studies reviewed.
Furthermore, many of the studies in our analysis rely on con-
ceptual frameworks or simulations, rather than empirical data
from real-world AI implementations. As a result, the practical
applications of AI in sustainability reporting may differ from
those suggested by the theoretical models.
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