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Abstract 

The accelerating global transition toward sustainable development has intensified the demand for transparent, 

reliable, and timely sustainability reporting. Traditional frameworks often struggle with data inconsistencies, 

subjective disclosures, and the rapidly evolving requirements of stakeholders and regulators. This paper explores 

how Artificial Intelligence (AI) can integrate into and strengthen sustainable reporting and accountability 

frameworks. It examines the role of AI in data acquisition, ESG analytics, assurance, regulatory compliance, 

stakeholder engagement, and long-term strategic decision-making. The findings emphasize that AI-enabled 

sustainability reporting provides an efficient, scalable, and credible mechanism for organizations to align with 

global standards such as the GRI, IFRS Sustainability Standards (ISSB), and the EU Corporate Sustainability 

Reporting Directive (CSRD). The paper concludes with an AI-enabled accountability model and a set of 

governance principles essential for ensuring ethical, explainable, and responsible AI adoption. 
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INTRODUCTION 

In the modern business landscape, sustainability 

reporting has become a pivotal mechanism through 

which organizations demonstrate accountability in 

environmental stewardship, social equity, and 

governance integrity. Previously considered a 

peripheral exercise in voluntary communication, 

sustainability reporting has recently emerged as a 

central pillar of corporate governance and 

stakeholder engagement. It has become a crucial 

tool for evaluating corporations by regulators, 

investors, and society at large. Investors are 

increasingly incorporating ESG (Environmental, 

Social, and Governance) metrics into risk 

assessments and valuation models(Kotsantonis et 

al., 2016; Landi et al., 2022), recognizing that 

sustainability performance can materially influence 

financial returns and long-term resilience. 

Corporations that report credible ESG information 

can reduce capital costs, enhance their reputation, 

and attract long-term investment, while those that 

fail to disclose or whose disclosures are inconsistent 

may face reputational damage or tactical 

disadvantages in capital markets(Moussa & 

Elmarzouky, 2024).This shift reflects not only 

regulatory pressure but also a profound 

transformation in how capital markets, regulatory 

bodies, civil society, and consumers evaluate 

corporate performance.(Cheng et al., 2024) 

The intensification of regulatory oversight, the 

expansion of investor expectations, and the increase 

in public scrutiny have collectively transformed 

sustainability disclosure from a discretionary 

narrative exercise into a formalized component of 

corporate accountability.(Efunniyi et al., 2024) This 

transition has been reinforced by the introduction of 

binding regulatory frameworks, most notably the 

IFRS Sustainability Disclosure Standards issued by 

the International Sustainability Standards Board 

(ISSB) and the European Union’s Corporate 

Sustainability Reporting Directive (CSRD), which 

mandate organizations to produce consistent, 

decision-useful, and verifiable ESG information. 

These developments indicate a decisive shift toward 
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sustainability reporting systems that are comparable 

across jurisdictions and capable of supporting 

financial analysis and regulatory enforcement. 

(Fornasari & Traversi, 2024) Despite this regulatory 

maturation, the operational realities of sustainability 

reporting remain highly constrained. In practice, 

ESG data are often generated across dispersed 

organizational units, captured through manual or 

semi-automated processes, and reported using 

heterogeneous metrics. Such fragmentation 

complicates alignment with ISSB and CSRD 

requirements, particularly concerning double 

materiality assessments, climate-related risk 

disclosures, and forward-looking scenario 

analysis(Hristov & Searcy, 2024). Consequently, 

sustainability reports frequently exhibit limited 

comparability, weak assurance, and reduced 

analytical value, undermining their ability to build 

stakeholder confidence or inform long-term value 

creation.(Shaban & Omoush, 2025) 

Within this context, Artificial Intelligence (AI) is 

increasingly viewed as a pivotal enabler for 

restructuring sustainability reporting and 

accountability systems. Unlike conventional digital 

reporting tools, AI enables continuous data 

integration, pattern recognition, and predictive 

analysis across complex ESG dimensions. 

Applications such as machine learning, natural 

language processing, robotic process automation, 

and predictive modelling allow organizations to 

consolidate fragmented data streams, align 

disclosures with regulatory taxonomies, and 

systematically evaluate both quantitative indicators 

and qualitative narratives. (Adeoye et al., 2024)By 

embedding AI within sustainability reporting 

architectures, organizations can move beyond static, 

compliance-oriented disclosures toward dynamic, 

evidence-based frameworks that enhance regulatory 

alignment, strengthen assurance mechanisms, and 

support strategic sustainability decision-

making.(Dibouliya, 2025) 

EVOLUTION OF SUSTAINABILITY 

REPORTING AND THE NEED FOR AI 

INTEGRATION 

Sustainability reporting has developed gradually, 

shaped by changing expectations regarding 

corporate responsibility, transparency, and long-

term risk management. Early sustainability 

disclosures were largely narrative in nature, 

grounded in managerial interpretation and 

professional judgment rather than standardized 

measurement. Organizations typically reported 

environmental and social initiatives retrospectively, 

using static indicators and descriptive accounts that 

reflected past performance rather than future risk or 

impact. While these disclosures helped raise 

awareness of sustainability issues, they offered 

limited analytical value for investors, regulators, and 

other stakeholders seeking comparable and 

decision-relevant information.(Dasinapa, 2024) 

The introduction of structured reporting frameworks 

marked an important step toward greater 

consistency. Initiatives such as the Global Reporting 

Initiative (GRI), the Sustainability Accounting 

Standards Board (SASB), and the Task Force on 

Climate-related Financial Disclosures (TCFD) 

sought to harmonize disclosure practices and link 

sustainability performance to financial materiality. 

More recently, the establishment of the International 

Sustainability Standards Board (ISSB) has 

reinforced this trend by advancing globally 

applicable, investor-focused sustainability 

standards. Despite these institutional advances, 

practical implementation challenges continue to 

constrain the effectiveness of sustainability 

reporting.(Dasinapa, 2024) 

In organizational practice, ESG information is 

frequently generated across multiple operational 

units, geographic locations, and supply chain 

partners, each using distinct data systems and 

measurement approaches. This structural dispersion 

results in inconsistent data quality, duplication, and 

gaps that are difficult to reconcile through manual 

consolidation.(Zeng et al., 2022) Moreover, 

sustainability reports remain predominantly periodic 

and backward-looking, offering limited real-time 

visibility into environmental impacts, social risks, or 

governance failures. Qualitative disclosures—such 

as policy commitments, risk narratives, and 

forward-looking statements—are particularly 

difficult to verify, creating persistent concerns 

regarding credibility and selective disclosure. These 

limitations not only increase reporting costs but also 

reduce comparability across firms and sectors, 

weakening the usefulness of sustainability reports 
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for regulatory oversight and capital 

allocation.(Schiehll & Kolahgar, 2024) 

The growing regulatory emphasis on materiality, 

scenario analysis, and assurance has further exposed 

the limitations of traditional reporting systems. 

Requirements under frameworks such as ISSB and 

the EU’s Corporate Sustainability Reporting 

Directive demand granular, traceable, and forward-

looking data that can be integrated into financial 

analysis. Meeting these expectations using manual 

or semi-automated processes has proven 

increasingly inefficient and prone to error, 

particularly for large and complex 

organizations.(Wang et al., 2024) 

Artificial Intelligence introduces a structural shift in 

how sustainability information can be produced and 

evaluated. By enabling automated data integration 

from enterprise systems, supply chains, sensors, and 

external databases, AI reduces reliance on 

fragmented manual processes and enhances data 

consistency. Machine learning techniques improve 

data quality through anomaly detection and pattern 

recognition, while natural language processing 

enables systematic analysis of narrative disclosures. 

Importantly, AI allows sustainability reporting to 

evolve from a descriptive record of past activities 

into a predictive and continuously monitored 

system. Forecasting emissions trajectories, 

assessing emerging social risks, and modelling 

climate-related financial impacts transform 

sustainability reporting into a forward-looking 

management tool rather than a static compliance 

exercise.(Granjeiro et al., 2025) 

The integration of AI therefore represents not 

merely a technological upgrade, but a fundamental 

reorientation of sustainability reporting toward 

strategic decision-making and accountability. By 

embedding intelligence, scalability, and real-time 

analytics into reporting frameworks, AI supports the 

transition from symbolic disclosure to evidence-

based sustainability governance.(Minz & Khattar, 

2024) 

PROBLEM STATEMENT 

Despite regulatory advancements mandating 

comprehensive sustainability reporting, 

organizations face persistent challenges in 

producing reliable, comparable, and forward-

looking ESG information. Traditional reporting 

methods remain fragmented, manual, and backward-

looking, limiting their effectiveness in informing 

investors, regulators, and other stakeholders. 

Frameworks such as the ISSB Standards and the 

CSRD impose stringent requirements on double 

materiality, scenario analysis, and traceable 

reporting, yet many organizations struggle to 

achieve compliance efficiently. Simultaneously, the 

volume, complexity, and heterogeneity of ESG data 

require sophisticated analytical tools that can 

integrate real-time inputs, ensure accuracy, and 

provide strategic insights. The lack of an integrated, 

technology-driven approach undermines reporting 

credibility, increases operational costs, and 

constrains the potential of sustainability disclosures 

to influence strategic decision-making and long-

term value creation. 

LITERATURE REVIEW 

Sustainability reporting has transitioned markedly 

from a voluntary, narrative‑centric activity to a 

regulated and decision‑useful mechanism demanded 

by investors, regulators, and societal stakeholders. 

Historically, sustainability reports were largely 

descriptive, lacking standardization and 

comparability across firms(Moodaley & Telukdarie, 

2023). With the advent of formal frameworks such 

as the Corporate Sustainability Reporting Directive 

(CSRD) and the International Sustainability 

Standards Board (ISSB) standards, reporting 

requirements now emphasize double materiality, 

standardized environmental disclosures, and the 

need for traceability and auditability of reported 

data, expanding the role of sustainability reporting 

from brand communication to strategic disclosure 

(CSRD double materiality concept; Wikipedia, 

2025; ESG Book Research, 2025).Despite the 

evolution toward regulated frameworks, traditional 

reporting approaches face persistent challenges. 

Empirical studies show that sustainability data are 

often fragmented across corporate silos, manually 

processed, and inconsistent in measurement and 

quality, limiting their analytical value and strategic 

utility (IJSR, 2025). The lack of real‑time data 

integration and forward‑looking analysis further 

constrains the capacity of conventional reports to 
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support scenario planning or to serve as robust tools 

for risk management and strategic decision­making. 

Recent scholarship highlights the transformative 

potential of Artificial Intelligence (AI) to address 

these limitations. AI technologies such as machine 

learning, natural language processing (NLP), and 

generative models can automate the extraction, 

structuring, and analysis of sustainability 

information from both structured and unstructured 

sources, enhancing data quality and comparability 

(Zou et al., 2023; Xu, 2024). For example, 

NLP‑based tools can extract structured ESG data 

from narrative reports at scale, while predictive 

models enable forward‑looking insights relevant to 

materiality analysis and stakeholder risk preferences 

(Zou et al., 2023; ESG Book Research, 2025). AI 

can also support compliance with global reporting 

frameworks—including ISSB S1/S2, GRI, SASB, 

and CSRD—by continuously mapping disclosures 

to regulatory attributes and enabling automated 

audit trails (IJSAT, 2025; Hydrus.ai enhancements, 

2025). 

However, the literature also underscores significant 

challenges in operationalizing AI within 

sustainability reporting. Data quality remains a 

foundational issue, as AI systems depend on large, 

reliable datasets that are often inconsistently defined 

and variably available across organizational 

functions and sectors (Sustainability‑Directory, 

2025). Ethical governance concerns such as 

algorithmic bias, opaque “black‑box” models, data 

privacy risks, and accountability mechanisms are 

equally prominent, as the use of AI can inadvertently 

reinforce existing biases or undermine stakeholder 

trust if transparent governance frameworks are 

absent (Integrating ESG & AI framework, 2025; 

Sustainability‑Directory, 2025). The issue of AI 

ethics is increasingly recognized as an ESG concern 

in its own right, requiring inclusion within corporate 

disclosures and governance structures to ensure 

responsible use (Integrating ESG & AI framework, 

2025). 

Despite growing interest in AI‑enabled ESG 

reporting, few studies provide structured, integrated 

models that operationalize AI across the entire 

reporting lifecycle while embedding ethical 

safeguards and accountability mechanisms. Most 

research to date has focused on isolated 

applications—such as automated data extraction or 

materiality assessment—rather than end‑to‑end 

frameworks that reconcile technical advances with 

governance and stakeholder 

expectations(Minkkinen et al., 2022). Addressing 

this gap is imperative for advancing sustainability 

reporting from static, backward‑looking disclosures 

to dynamic, analytics‑driven systems that support 

real time decision‑making, auditability, and ethical 

accountability. This study thus contributes by 

proposing a comprehensive model that integrates AI 

technologies into the sustainability reporting 

lifecycle, emphasizing not only technical 

capabilities but also ethical governance, 

accountability, and stakeholder trust.(Blanchard et 

al., 2024) 

RESEARCH OBJECTIVES 

1. To examine the evolution of sustainability 

reporting and the operational challenges faced 

by organizations under emerging regulatory 

frameworks.  

2. To explore the role of Artificial Intelligence in 

enhancing the accuracy, timeliness, and 

strategic relevance of sustainability reporting.  

3. To design an AI-enabled sustainable reporting 

and accountability framework integrating data 

collection, analytics, reporting, assurance, and 

governance layers.  

4. To assess how AI-driven mechanisms support 

compliance with global sustainability standards 

while improving transparency, comparability, 

and materiality assessment.  

5. To identify potential challenges, ethical 

considerations, and governance requirements in 

implementing AI-enabled sustainability 

reporting.  

METHODOLOGY 

This research adopts a qualitative-analytical 

methodology, combining theoretical modeling with 

empirical insights from secondary data sources. The 

study involves: 

• Regulatory Analysis: A comprehensive review 

of ISSB, CSRD, GRI, and EU Taxonomy 

requirements to identify key compliance criteria 

and reporting challenges.  



 

Economic Sciences 
https://economic-sciences.com  

ES (2026) 22, 5(S), 350-365 | ISSN:1505-4683 

  
 

354 

 

• AI Capabilities Assessment: Examination of AI 

tools—including machine learning, NLP, 

predictive analytics, and robotic process 

automation—relevant for ESG data integration, 

materiality analysis, and assurance.  

• Framework Design: Synthesis of regulatory 

insights and AI capabilities into a multi-layered 

conceptual model of AI-enabled sustainable 

reporting.  

• Comparative Evaluation: Analysis of 

traditional reporting versus AI-driven 

mechanisms in terms of efficiency, accuracy, 

timeliness, and strategic relevance.  

• Risk and Governance Assessment: 

Identification of ethical, technical, and 

operational challenges with recommendations 

for governance structures, human-in-the-loop 

controls, and continuous monitoring.  

The methodology emphasizes evidence-based 

reasoning, leveraging secondary datasets from 

regulatory reports, sustainability disclosures, and 

academic literature, to ensure rigor and 

generalizability of the proposed framework. 

COMPONENTS OF AN AI-ENABLED 

SUSTAINABLE REPORTING FRAMEWORK 

An AI-enabled sustainability reporting framework is 

not a single technological solution but a multi-

layered system that integrates data generation, 

analytical intelligence, standard alignment, 

assurance, and stakeholder interaction. Each 

component plays a distinct role in transforming 

sustainability reporting from a fragmented, 

retrospective exercise into a continuous and 

accountable decision-support system.(Vigneau & 

Adams, 2023) 

1. Automated and Intelligent Data Collection 

The foundation of any credible sustainability 

reporting system lies in the quality and completeness 

of its underlying data. Traditional data collection 

methods rely heavily on manual inputs, 

spreadsheets, and periodic surveys, which are 

vulnerable to human error, time lags, and 

inconsistencies across organizational units. AI 

fundamentally alters this process by enabling 

automated, continuous, and multi-source data 

capture across the organizational ecosystem.(Slimi 

& Villarejo Carballido, 2023) 

 

AI systems integrate data streams from Internet of 

Things (IoT) devices, enterprise resource planning 

(ERP) platforms, human resource management 

systems, supplier databases, and external 

environmental and regulatory datasets. Machine 

learning algorithms process these large and 

heterogeneous datasets to identify recurring 

patterns, detect anomalies, reconcile 

inconsistencies, and eliminate duplication. This 

results in a cleaner, more reliable ESG data 

foundation that can be updated in near real 

time.(Farrokhi, 2025) 

Practical applications include AI-enabled sensors 

that continuously monitor energy consumption, 

emissions, and resource use; satellite-based image 

analysis that identifies deforestation, land-use 

changes, or water stress; and natural language 

processing tools that extract sustainability-relevant 

information from unstructured documents such as 

supplier disclosures, audit reports, and policy 

statements. Together, these capabilities replace 

episodic data collection with a continuous and 

verifiable data environment.(Chen, 2024) 

2. Standardization and Taxonomy Alignment 

One of the most persistent challenges in 

sustainability reporting is aligning internally 

generated data with externally defined reporting 

standards. Organizations are often required to report 

under multiple frameworks simultaneously, each 

with distinct definitions, metrics, and disclosure 

thresholds. Manual classification of ESG indicators 

across frameworks increases the risk of 

misalignment, omissions, and inconsistent 

interpretation.(Oyewole et al., 2024) 

AI addresses this challenge through automated 

taxonomy mapping and semantic classification. 

Algorithms trained on sustainability standards—

such as ISSB S1 and S2, GRI indicators, and CSRD 

technical requirements—can systematically map 

organizational data to the appropriate disclosure 

categories. By interpreting the semantic meaning of 

data fields rather than relying solely on predefined 

labels, AI systems reduce classification errors and 
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improve consistency across reporting 

cycles.(Gollapudi, 2024) 

This automated alignment capability enables 

organizations to respond more efficiently to 

evolving regulatory requirements while maintaining 

comparability and traceability of disclosures. It also 

facilitates multi-framework reporting without 

duplicating data collection efforts, significantly 

reducing administrative burden.(Rusu et al., 2024) 

3. Predictive and Prescriptive ESG Analytics 

Traditional sustainability reporting focuses 

primarily on historical performance, offering limited 

insight into future risks or strategic trade-offs. AI 

expands the analytical scope of ESG reporting by 

introducing predictive and prescriptive capabilities 

that support forward-looking decision-

making.(Badmus et al., 2024) 

Predictive analytics use historical ESG data, 

operational variables, and external risk factors to 

forecast future outcomes. These models can estimate 

emissions trajectories, anticipate resource 

constraints, assess supply chain vulnerabilities, and 

evaluate climate-related financial risks under 

different scenarios. Such forecasts allow 

organizations to identify emerging sustainability 

risks before they materialize.(Chen, 2024) 

Prescriptive analytics extend this capability by 

generating actionable recommendations based on 

predicted outcomes. AI systems can suggest 

emissions-reduction pathways, identify inefficient 

processes, recommend supplier interventions, or 

evaluate alternative investment strategies. In this 

way, sustainability reporting evolves from passive 

disclosure to an active management tool that informs 

strategic planning and performance 

improvement.(Demaria & Rigot, 2020) 

4. AI-Assisted Materiality Assessment 

Materiality assessment is a central element of 

sustainability reporting, yet it has traditionally relied 

on subjective judgment, stakeholder surveys, and 

static evaluations that quickly become outdated. AI 

introduces a more dynamic and evidence-based 

approach to determining what sustainability issues 

are truly material.(Garst et al., 2022) 

By analyzing large volumes of structured and 

unstructured data, AI systems integrate stakeholder 

sentiment derived from surveys, media coverage, 

and social platforms with regulatory developments, 

peer benchmarking, and historical ESG 

performance. Machine learning models identify 

recurring themes, emerging risks, and shifting 

stakeholder priorities, enabling organizations to 

update materiality assessments in response to 

changing conditions.(Al-Hassani, 2025) 

This data-driven approach produces materiality 

matrices that are not only more transparent and 

defensible but also adaptable over time. As 

regulatory expectations and societal concerns 

evolve, AI-assisted materiality assessments ensure 

that sustainability reporting remains relevant and 

aligned with real-world impacts.(Wu et al., 2018) 

5. AI for Sustainability Assurance and Fraud 

Detection 

As sustainability disclosures increasingly influence 

investment decisions and regulatory outcomes, the 

demand for credible assurance has intensified. AI 

enhances the assurance process by enabling 

continuous verification and risk-based auditing of 

ESG data.Advanced analytics and deep-learning 

models detect irregularities, outliers, and 

inconsistencies in reported metrics that may indicate 

errors, misreporting, or deliberate manipulation. 

Natural language processing tools evaluate narrative 

disclosures to identify exaggerated claims, selective 

omissions, or inconsistencies between qualitative 

statements and quantitative data. These capabilities 

strengthen the detection of greenwashing and 

improve the overall integrity of sustainability 

reports.(Poiriazi et al., 2025) 

By supporting both internal controls and external 

assurance processes, AI contributes to higher 

confidence in ESG disclosures and reinforces 

accountability across reporting entities. 

6. Stakeholder Engagement through AI 

Effective sustainability reporting extends beyond 

disclosure to meaningful engagement with 

stakeholders. AI enhances this dimension by 

enabling real-time, data-driven interaction between 

organizations and their stakeholders. 
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Conversational AI tools, such as chatbots and virtual 

assistants, provide stakeholders with instant access 

to sustainability information, respond to queries, and 

guide users through complex disclosures. Sentiment 

analysis tools process feedback from investors, 

employees, customers, and communities to identify 

concerns, expectations, and emerging 

issues.(Shaban & Omoush, 2025) 

These insights allow organizations to adapt 

reporting practices, refine sustainability strategies, 

and communicate more transparently. By 

embedding stakeholder feedback directly into 

reporting and decision-making processes, AI 

broadens accountability and strengthens trust in 

sustainability disclosures. 

AI-DRIVEN ACCOUNTABILITY 

MECHANISMS 

The integration of Artificial Intelligence into 

sustainability reporting fundamentally reshapes how 

organizations are held accountable for their 

environmental, social, and governance performance. 

Accountability in this context extends beyond 

disclosure accuracy to include transparency of 

decision-making processes, timeliness of 

information, ethical use of technology, and 

responsiveness to stakeholder concerns. AI-driven 

accountability mechanisms embed these principles 

directly into reporting systems, enabling continuous 

oversight rather than episodic review.(Olateju et al., 

2024) 

1. Transparent and Explainable Reporting 

through Explainable AI (XAI) 

One of the most significant challenges associated 

with AI adoption in sustainability reporting is the 

opacity of algorithmic decision-making. Complex 

models, particularly those based on deep learning, 

can generate accurate outputs without providing 

clear explanations for how conclusions are reached. 

In regulatory and assurance-driven environments, 

such opacity undermines trust and limits the 

usability of AI-generated insights.(Olateju et al., 

2024) 

Explainable Artificial Intelligence (XAI) addresses 

this challenge by ensuring that the logic, 

assumptions, and data pathways underlying AI-

driven outputs are interpretable and traceable. In the 

context of sustainability reporting, XAI enables 

organizations to document how ESG indicators are 

calculated, how risks are prioritized, and how 

materiality determinations are made. Regulators, 

auditors, and stakeholders can therefore assess not 

only the reported outcomes but also the reasoning 

processes that produced them.(Chen, 2024) 

By embedding explainability into AI models, 

organizations strengthen auditability and reduce the 

risk of unchallengeable or biased algorithmic 

decisions. Transparent reporting supported by XAI 

transforms AI from a black-box technology into a 

defensible accountability tool that aligns with 

regulatory expectations for verifiability and faithful 

representation.(Ennab & Mcheick, 2022) 

2. Continuous Monitoring and Real-Time 

Accountability through AI Dashboards 

Traditional sustainability reporting is largely 

periodic, relying on annual or biennial disclosures 

that capture historical performance. While such 

reports serve compliance objectives, they provide 

limited insight into emerging risks or ongoing 

operational issues. AI-enabled monitoring systems 

fundamentally alter this temporal limitation by 

enabling continuous visibility into sustainability 

performance.(Neto et al., 2024) 

Real-time dashboards powered by AI integrate live 

data streams from operational systems, supply 

chains, and external risk indicators to track key ESG 

metrics on an ongoing basis. These dashboards 

monitor variables such as greenhouse gas emissions, 

workplace safety incidents, workforce diversity, 

regulatory non-compliance, and supplier risk 

exposure. Machine learning algorithms identify 

deviations from expected performance, trigger 

alerts, and highlight trends that require managerial 

intervention.(Adeoye et al., 2024) 

This shift from static reporting to continuous 

monitoring redefines accountability. Organizations 

are no longer accountable only at reporting intervals 

but are subject to ongoing performance evaluation. 

Continuous oversight enhances early risk detection, 

improves responsiveness, and supports proactive 

management of sustainability challenges, thereby 

strengthening both internal governance and external 

credibility.(Joseph et al., 2024) 
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3. Ethical and Responsible AI Governance 

The effectiveness of AI-driven accountability 

mechanisms depends on the ethical design and 

governance of AI systems themselves. Without 

appropriate safeguards, AI can introduce new risks, 

including biased decision-making, misuse of 

sensitive data, and over-reliance on automated 

judgments. A robust accountability framework 

therefore requires explicit governance structures to 

oversee AI deployment in sustainability 

reporting.(Chotrani, 2024) 

Ethical AI governance begins with the establishment 

of interdisciplinary ethics committees that include 

sustainability experts, data scientists, legal 

professionals, and stakeholder representatives. 

These committees oversee model design, data usage, 

and decision thresholds to ensure alignment with 

organizational values and regulatory expectations. 

Bias detection and mitigation tools are deployed to 

identify systematic distortions in data or algorithms 

that could disadvantage specific groups or 

misrepresent sustainability impacts.(Boži̇ć, 2023) 

Strong data governance frameworks ensure the 

integrity, ownership, and appropriate use of ESG 

data, while cybersecurity safeguards protect 

sensitive sustainability information from 

manipulation or unauthorized access. In addition, 

stakeholder-inclusive algorithm audits introduce 

external perspectives into AI oversight, reinforcing 

transparency and trust. Together, these governance 

mechanisms ensure that AI serves as an instrument 

of accountability rather than a source of new opacity 

or risk.(Kroll, 2020) 

AI-driven accountability mechanisms extend 

sustainability reporting beyond compliance by 

embedding transparency, continuity, and ethical 

oversight into reporting systems. Explainable 

models enhance trust and auditability, real-time 

monitoring strengthens performance oversight, and 

robust governance frameworks ensure responsible 

AI use. Collectively, these mechanisms establish 

accountability as a continuous, evidence-based 

process that aligns technological innovation with 

regulatory expectations and stakeholder 

trust.(Ijaiya, 2024) 

INTEGRATION WITH GLOBAL 

SUSTAINABILITY STANDARDS AND 

REGULATIONS 

The increasing convergence of sustainability 

reporting and financial regulation has placed 

unprecedented emphasis on the accuracy, 

consistency, and decision-usefulness of ESG 

disclosures. Global frameworks such as the IFRS 

Sustainability Disclosure Standards (ISSB), the EU 

Corporate Sustainability Reporting Directive 

(CSRD), the Global Reporting Initiative (GRI), and 

the EU Taxonomy Regulation collectively require 

organizations to move beyond descriptive 

sustainability narratives toward standardized, 

verifiable, and forward-looking information. Within 

this regulatory environment, Artificial Intelligence 

(AI) functions not merely as a compliance tool, but 

as an enabling infrastructure that operationalizes 

complex regulatory requirements across reporting 

systems.(Fornasari & Traversi, 2024) 

1. ISSB S2: AI-Enabled Climate Scenario 

Analysis 

The ISSB S2 standard requires organizations to 

disclose climate-related risks and opportunities 

through forward-looking assessments that link 

environmental conditions with financial outcomes. 

Traditional scenario analysis methods often rely on 

static assumptions, limited datasets, and simplified 

projections that struggle to capture the complexity 

of climate uncertainty. AI significantly enhances 

this process by integrating diverse climate models, 

geospatial data, operational metrics, and financial 

variables into adaptive analytical frameworks. 

Machine learning algorithms can process large-scale 

climate datasets and simulate multiple transition and 

physical risk scenarios, offering more granular 

insights into emissions trajectories, asset 

vulnerability, and exposure to regulatory or market 

shifts.(Millar & Slack, 2024) 

Beyond compliance, AI-driven climate scenario 

analysis strengthens the decision-usefulness of 

ISSB-aligned disclosures. Predictive models allow 

organizations to test alternative transition pathways, 

evaluate resilience under extreme climate events, 

and quantify potential financial impacts across time 

horizons. This capability supports investors and 

regulators in assessing climate-related financial 
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risks with greater confidence, while enabling firms 

to align climate strategies with capital allocation and 

risk management decisions. As a result, AI 

transforms ISSB S2 disclosures from theoretical 

exercises into empirically grounded, strategy-

relevant reporting outputs.(Huiskamp et al., 2022) 

2. CSRD: Automated Double Materiality 

Assessment 

The CSRD introduces a rigorous requirement for 

double materiality, compelling organizations to 

evaluate sustainability issues from both an impact 

perspective and a financial risk perspective. 

Conducting such assessments manually is resource-

intensive and prone to subjectivity, particularly 

when stakeholder inputs, regulatory developments, 

and sector-specific risks evolve rapidly. AI 

automates this process by systematically analyzing 

structured and unstructured data sources, including 

stakeholder communications, regulatory texts, 

media coverage, peer disclosures, and historical 

ESG performance. This enables organizations to 

identify material issues using evidence-based 

patterns rather than managerial judgment alone.AI-

driven double materiality assessments also support 

the dynamic nature of CSRD compliance. Machine 

learning models continuously update materiality 

outcomes as new data emerge, allowing 

organizations to respond proactively to shifting 

regulatory expectations or emerging sustainability 

risks. This ensures that materiality determinations 

remain current, auditable, and defensible. By 

embedding AI within the materiality process, 

organizations enhance both the credibility of CSRD 

disclosures and the strategic relevance of 

sustainability priorities in enterprise decision-

making.(Dragomir et al., 2024) 

3. GRI Standards: Real-Time Indicator 

Extraction and Reporting 

GRI reporting requires comprehensive coverage of 

economic, environmental, and social performance 

indicators, many of which are derived from 

decentralized and unstructured organizational data. 

AI-enabled natural language processing tools 

facilitate real-time extraction of relevant indicators 

from internal documents, operational systems, 

supplier reports, and audit records. This automation 

significantly reduces the manual burden associated 

with data collection and improves consistency in 

indicator measurement across reporting periods and 

organizational units.(Rane et al., 2024) 

Furthermore, AI enhances the analytical depth of 

GRI disclosures by enabling continuous 

performance tracking rather than annual 

retrospective reporting. Real-time indicator 

extraction allows organizations to monitor trends, 

identify deviations, and address performance gaps as 

they occur. This capability strengthens internal 

management control and improves the reliability of 

externally reported information. Consequently, AI-

supported GRI reporting not only improves 

efficiency but also reinforces the integrity and 

comparability of sustainability disclosures.(Areta 

Hiziroglu & Dogan, 2025) 

4. EU Taxonomy: Automated Classification of 

Sustainable Activities 

The EU Taxonomy Regulation requires 

organizations to classify economic activities based 

on detailed technical screening criteria related to 

environmental objectives. Manual taxonomy 

alignment is complex and susceptible to 

misclassification, particularly for diversified firms 

operating across multiple sectors. AI-driven 

classification systems map operational and financial 

data against taxonomy thresholds, such as emissions 

intensity, energy efficiency, and resource utilization. 

This ensures consistent and transparent assessment 

of taxonomy eligibility and alignment.(Tonnarello 

et al., 2025) 

In addition to improving accuracy, AI-enabled 

taxonomy classification supports strategic financial 

reporting and sustainable finance objectives. 

Automated alignment assessments help 

organizations identify gaps in environmental 

performance and prioritize investments that enhance 

taxonomy compliance. This capability is 

particularly relevant for firms seeking access to 

green financing or alignment with sustainable 

investment mandates. By embedding AI within EU 

Taxonomy reporting processes, organizations 

strengthen both regulatory compliance and the 

credibility of sustainability-linked financial 

disclosures.(Tonnarello et al., 2025) 
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Across ISSB, CSRD, GRI, and EU Taxonomy 

frameworks, AI functions as a unifying 

infrastructure that operationalizes complex 

regulatory requirements while enhancing analytical 

rigor. Rather than merely accelerating compliance 

timelines, AI deepens the quality, coherence, and 

strategic relevance of sustainability information. 

This integration supports regulatory objectives of 

transparency and comparability, while enabling 

organizations to embed sustainability more 

effectively within governance, risk management, 

and long-term value creation.(Hossain & Kibria, 

2024) 

CHALLENGES AND RISKS IN AI 

INTEGRATION 

While AI offers significant potential to strengthen 

sustainability reporting and accountability, its 

integration introduces a distinct set of technical, 

ethical, and organizational risks that must be 

addressed with caution. One of the most pressing 

concerns relates to data privacy and ethical use of 

information. AI-driven sustainability systems rely 

on extensive datasets sourced from employees, 

suppliers, communities, and external platforms. The 

aggregation and continuous processing of such data 

raise questions regarding consent, data ownership, 

cross-border data transfers, and compliance with 

data protection regulations. Without robust 

governance mechanisms, the misuse or unintended 

exposure of ESG-related data can undermine 

stakeholder trust and regulatory credibility.(Agu et 

al., 2024) 

Another critical risk lies in algorithmic bias and 

model opacity, particularly in areas such as 

materiality assessment, risk scoring, and 

performance benchmarking. AI systems learn from 

historical data, which may reflect existing structural 

biases or incomplete representations of social and 

environmental impacts. If left unchecked, these 

biases can distort ESG evaluations, marginalize 

certain stakeholder groups, or systematically 

understate negative externalities. Moreover, 

complex models may produce outcomes that are 

difficult to interpret, complicating regulatory 

scrutiny and assurance processes. This challenges 

the accountability objective of sustainability 

reporting and highlights the importance of 

explainable and auditable AI systems.(Ajayi et al., 

2024) 

The over-reliance on automated decision-making 

presents an additional governance concern. As AI 

systems become more embedded in reporting 

workflows, there is a risk that managerial judgment 

and contextual understanding may be displaced by 

algorithmic outputs. Sustainability issues often 

involve normative considerations, long-term 

societal impacts, and trade-offs that cannot be fully 

captured through quantitative models alone. 

Excessive dependence on automated analytics may 

therefore weaken critical evaluation and reduce the 

adaptive capacity of organizations in addressing 

emerging sustainability challenges.(Agu et al., 

2024) 

From an organizational perspective, skills and 

resource constraints further complicate AI adoption. 

The effective deployment of AI-enabled 

sustainability systems requires expertise in data 

science, sustainability standards, regulatory 

interpretation, and ethical governance. Many 

organizations, particularly small and medium-sized 

enterprises, face shortages of such interdisciplinary 

talent. In addition, the high initial costs associated 

with AI infrastructure, data integration, and system 

maintenance can create entry barriers, potentially 

widening the gap between large corporations and 

smaller firms in meeting advanced reporting 

requirements.(De Steur et al., 2019) 

A particularly subtle but significant risk is the 

potential for automated greenwashing. When AI 

tools are designed primarily to optimize disclosures 

rather than underlying performance, they may 

unintentionally reinforce selective reporting, 

narrative manipulation, or compliance-oriented 

minimalism. Algorithmic systems that prioritize 

favorable indicators without holistic validation can 

mask sustainability shortcomings while maintaining 

the appearance of regulatory compliance. This risk 

underscores the need for strong human oversight, 

independent assurance, and ethical safeguards in AI 

deployment.(Khan et al., 2024) 

Addressing these challenges requires a balanced 

governance approach that combines technological 

capability with institutional accountability. Clear 

ethical guidelines, human-in-the-loop controls, 
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transparent model documentation, and continuous 

monitoring are essential to ensure that AI enhances, 

rather than undermines, the integrity of 

sustainability reporting. Only through such 

safeguards can organizations realize the benefits of 

AI while maintaining trust, credibility, and 

regulatory legitimacy.(Boži̇ć, 2023) 

PROPOSED AI-ENABLED SUSTAINABLE 

REPORTING AND ACCOUNTABILITY 

MODEL 

This study proposes an integrated AI-enabled 

sustainability reporting and accountability model 

designed to operationalize regulatory requirements, 

enhance data integrity, and embed continuous 

oversight into organizational reporting systems. The 

model adopts a layered architecture that reflects the 

full lifecycle of sustainability information—from 

data generation to governance and assurance. Each 

layer performs a distinct function while remaining 

interconnected, ensuring both analytical rigor and 

institutional accountability. 

 

1. Data Layer: Integrated and Real-Time ESG 

Data Infrastructure 

The data layer forms the foundation of the proposed 

model by consolidating sustainability-related 

information from multiple internal and external 

sources. These include real-time inputs from IoT 

sensors monitoring energy consumption, emissions, 

and resource use; enterprise systems such as ERP 

and HR databases capturing operational and 

workforce data; supply chain platforms providing 

supplier-level ESG metrics; and external datasets 

such as regulatory databases, climate models, and 

satellite imagery. By enabling continuous data 

inflows, this layer reduces reliance on periodic 

manual data collection and minimizes information 

gaps across organizational units.Importantly, the 

data layer is designed to support traceability and 

auditability. Metadata tagging, time-stamping, and 

source verification mechanisms ensure that each 

data point can be traced back to its origin. This 

capability is critical for meeting regulatory 

expectations under ISSB and CSRD, where 

transparency of data sources and assumptions is 

increasingly emphasized. A robust data layer 

therefore enhances both reporting efficiency and the 

credibility of sustainability disclosures. 

2. Processing Layer: Data Cleaning, 

Structuring, and Standard Mapping 

The processing layer translates raw sustainability 

data into structured, standardized, and usable 

formats. Machine learning algorithms are employed 

to detect errors, resolve inconsistencies, eliminate 

duplicate records, and harmonize data across 

disparate systems. This automated processing 
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significantly reduces human error and improves the 

consistency of ESG metrics across reporting cycles 

and organizational boundaries.A key function of this 

layer is the mapping of processed data to global 

sustainability standards such as ISSB S1 and S2, 

GRI indicators, and CSRD requirements. AI-driven 

taxonomy alignment ensures that indicators are 

correctly classified, measurement units are 

standardized, and reporting thresholds are 

consistently applied. By automating these tasks, the 

processing layer addresses one of the most persistent 

challenges in sustainability reporting—

misalignment across frameworks and reporting 

periods.(Yu et al., 2023) 

3. Analytics Layer: Predictive, Risk-Oriented, 

and Strategic ESG Intelligence 

The analytics layer represents the core intelligence 

of the model, transforming standardized data into 

forward-looking insights. Predictive analytics are 

used to model climate-related risks, emissions 

trajectories, resource dependencies, and social 

impacts under alternative scenarios. These 

capabilities are particularly relevant for ISSB-

aligned climate disclosures, which require 

organizations to assess the financial implications of 

environmental risks over multiple time horizons.In 

addition to predictive modelling, this layer supports 

ESG scoring, risk evaluation, and scenario analysis 

at both organizational and supply-chain levels. 

Advanced analytics identify emerging sustainability 

risks, assess exposure to regulatory or market 

changes, and support evidence-based sustainability 

strategies. By shifting the focus from historical 

performance to future resilience, the analytics layer 

elevates sustainability reporting from a descriptive 

function to a strategic decision-support system. 

4. Reporting Layer: Automated and Standard-

Aligned Disclosures 

The reporting layer operationalizes analytical 

outputs into structured sustainability disclosures 

aligned with regulatory and voluntary frameworks. 

AI-driven report generation tools compile validated 

ESG data, analytics results, and narrative 

explanations into formats compliant with ISSB, 

GRI, and CSRD requirements. This automation 

reduces reporting timelines, lowers administrative 

costs, and improves consistency across reporting 

cycles.Beyond efficiency, the reporting layer 

enhances transparency and comparability. 

Standardized templates, embedded cross-references, 

and real-time updates allow stakeholders to access 

timely and coherent sustainability information. This 

layer also supports multi-framework reporting, 

enabling organizations to meet overlapping 

regulatory obligations without duplicating effort. 

5. Assurance Layer: AI-Based Verification and 

Audit Support 

The assurance layer strengthens the credibility of 

sustainability reporting through continuous 

verification and anomaly detection. AI-based audit 

tools examine ESG data for inconsistencies, outliers, 

and deviations from historical patterns or industry 

benchmarks. Natural language processing 

techniques assess narrative disclosures for 

exaggeration, selective reporting, or inconsistencies 

between qualitative statements and quantitative 

performance.By embedding assurance mechanisms 

within the reporting system, this layer reduces 

dependence on ex-post verification and enhances the 

reliability of disclosed information. It also supports 

external auditors and regulators by providing 

traceable audit trails and evidence-based validation, 

thereby reinforcing accountability and trust in 

sustainability disclosures. 

6. Governance Layer: Ethical Oversight and 

Human-in-the-Loop Control 

The governance layer ensures that AI-enabled 

reporting remains accountable, transparent, and 

ethically grounded. Human oversight is 

institutionalized through sustainability and AI ethics 

committees responsible for reviewing model 

assumptions, data sources, and decision rules. 

Explainable AI protocols are integrated to ensure 

that algorithmic outputs can be interpreted, 

challenged, and justified to regulators and 

stakeholders.This layer also addresses risks related 

to bias, over-automation, and misuse of AI systems. 

By maintaining human-in-the-loop controls and 

stakeholder-inclusive oversight mechanisms, the 

governance layer safeguards against automated 

greenwashing and ensures that sustainability 

reporting remains aligned with societal values and 

regulatory intent. 
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MODEL IMPLICATIONS 

Collectively, the proposed AI-enabled sustainable 

reporting and accountability model enhances data 

accuracy, reduces reporting costs, strengthens 

disclosure credibility, and establishes a cycle of 

continuous accountability. By integrating advanced 

analytics with strong governance and assurance 

mechanisms, the model supports regulatory 

compliance while enabling organizations to embed 

sustainability more deeply into strategic planning 

and long-term value creation. 

CONCLUSION 

This study demonstrates that integrating advanced 

technologies into sustainability reporting can 

transform ESG disclosure from a retrospective, 

compliance-focused exercise into a dynamic, 

decision-support system. Traditional reporting 

methods, being fragmented and manual, struggle to 

meet the increasing demands of global regulatory 

frameworks such as ISSB and CSRD. By 

consolidating real-time data, applying predictive 

analytics, and automating standard alignment and 

assurance, organizations can produce disclosures 

that are accurate, comparable, and strategically 

relevant. The proposed multi-layered model 

highlights how such integration enhances 

operational efficiency, strengthens the credibility of 

ESG information, and enables organizations to 

proactively manage environmental, social, and 

governance risks.Equally important, the study 

emphasizes that technological innovation must be 

paired with ethical oversight and human-in-the-loop 

governance. Explainable systems, continuous 

monitoring, and stakeholder-inclusive frameworks 

ensure transparency, mitigate risks of bias or 

automated greenwashing, and reinforce 

accountability. By embedding these principles, 

organizations not only comply with regulatory 

standards but also build trust with stakeholders and 

embed sustainability into long-term strategic 

planning. Overall, the research underscores that 

combining advanced analytics with robust 

governance offers a pathway to sustainability 

reporting that is both credible and future-ready, 

supporting informed decision-making and long-term 

value creation. 
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