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Abstract: The adoption and convergence of International Financial Reporting Standards (IFRS) have long been central to achieving 

transparency, comparability, and consistency in global financial disclosures. However, manual IFRS implementation remains costly, 

labor-intensive, and prone to interpretation errors particularly across jurisdictions with differing regulatory capacities and market 

maturity. This paper explores the application of machine learning (ML) to transform the adoption of IFRS through automated 

classification of accounting treatments, intelligent disclosure analysis, and compliance optimization. The proposed framework 

leverages supervised and unsupervised ML algorithms, including decision trees, support vector machines, and neural networks, to 

classify financial statement items based on IFRS-compliant taxonomy. Trained on labeled datasets of audited filings and regulatory 

rulings, these models accurately identify required disclosure elements, flag omissions, and recommend standardized treatments aligned 

with IFRS principles. Natural Language Processing (NLP) is further deployed to interpret narrative sections such as management 

commentary and notes to the financial statements, detecting inconsistencies and enhancing semantic alignment with IFRS disclosure 

objectives. Cross-jurisdictional case studies from emerging and developed markets demonstrate the system's ability to accelerate IFRS 

transition by automating audit checks, detecting material compliance gaps, and reducing human subjectivity in interpretation. The 

model outputs are integrated into an explainable compliance dashboard, which provides real-time guidance to preparers and auditors 

while supporting alignment with national regulators and oversight bodies. The findings position machine learning as a catalyst for 

enhancing IFRS adherence, enabling scalable, data-driven convergence and reducing compliance friction. Ultimately, the framework 

promotes a future of intelligent financial governance that strengthens investor confidence and cross-border reporting integrity. 

Keywords: IFRS adoption, Machine learning, Financial disclosure automation, Compliance optimization, NLP in accounting, Cross-

border reporting 

 

 

1. INTRODUCTION 
1.1 The Global Imperative for IFRS Adoption  

The globalization of capital markets and cross-border 

investment flows has intensified the demand for standardized 

financial reporting, propelling the global adoption of 

International Financial Reporting Standards (IFRS). 

Developed by the International Accounting Standards Board 

(IASB), IFRS provides a harmonized accounting language 

that enhances comparability, transparency, and efficiency in 

financial statements across jurisdictions [1]. As of 2024, over 

140 countries have mandated or permitted IFRS, including the 

European Union, Australia, and much of Asia, reflecting its de 

facto status as the global reporting benchmark [2]. 

However, the path to IFRS adoption has not been uniformly 

smooth. Emerging and developing economies often encounter 

challenges in aligning legacy accounting frameworks with 

IFRS due to disparities in institutional capacity, audit 

infrastructure, and digital readiness [3]. Multinational 

corporations face additional burdens, having to reconcile 

reporting across subsidiaries that operate under disparate 

accounting regimes. This complexity increases operational 

costs, compliance risks, and the potential for unintentional 

misreporting [4]. 

In this landscape, automation emerges as a critical enabler of 

IFRS implementation. Advanced technologies such as 

machine learning (ML), natural language processing (NLP), 

and XBRL-based digital reporting pipelines offer the potential 

to streamline compliance, reduce manual burdens, and 

improve audit readiness [5]. These innovations are 

particularly promising for high-volume transactions, IFRS 

transition reconciliations, and real-time policy updates. 

As this paper demonstrates, embedding machine learning into 

IFRS processes does not only accelerate compliance but also 

enhances the reliability, consistency, and cost-efficiency of 

financial disclosures. The next section examines the enduring 

inefficiencies and fragility of traditional IFRS compliance 

workflows, establishing the foundational need for intelligent 

automation in this space. 

1.2 Limitations of Manual IFRS Compliance Processes  
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Despite regulatory progress, IFRS implementation in many 

jurisdictions remains predominantly manual, dependent on 

spreadsheets, narrative footnotes, and expert interpretation. 

This traditional approach, while thorough, is vulnerable to 

human error, misinterpretation of new standards, and 

inconsistency across business units or reporting cycles [6]. 

For example, IFRS 15 on revenue recognition and IFRS 16 on 

leases have introduced nuanced interpretations that require 

judgment-intensive assessment and disclosure mapping, often 

beyond the bandwidth of under-resourced finance teams [7]. 

The complexity of IFRS is further exacerbated by the volume 

of disclosures required. Financial reports can exceed 300 

pages in length for large firms, with multiple layers of 

narrative and tabular data. Identifying inconsistencies, 

omissions, or rule violations across such voluminous data is 

time-consuming and cognitively taxing without computational 

assistance [8]. The result is often non-comparable disclosures, 

delayed filings, or qualified audit opinions, all of which 

undermine the core objective of financial transparency. 

From a cost perspective, manual IFRS compliance also places 

a disproportionate burden on small and medium-sized 

enterprises (SMEs) and emerging market filers. Legal, 

consulting, and audit fees tend to spike during transition 

periods, such as the initial IFRS adoption or amendments 

rollout, particularly where automated systems are absent [9]. 

This contributes to audit bottlenecks, inconsistencies in 

application, and compliance fatigue across finance 

departments. 

Consequently, there is a compelling need for scalable, 

intelligent systems that reduce interpretive ambiguity and 

accelerate disclosure processes. These issues set the stage for 

a deeper examination of how machine learning can be 

purposefully deployed to mitigate IFRS compliance burdens 

and standardize adoption pathways. 

1.3 Objectives, Scope, and Contribution of the Study  

The principal objective of this study is to evaluate how 

machine learning and intelligent automation can optimize the 

adoption and ongoing compliance of IFRS across global 

enterprises. Specifically, this research investigates the 

potential of AI tools—including rule-based classifiers, 

supervised learning models, and NLP algorithms—to 

automate classification, disclosure tagging, and compliance 

validation under IFRS reporting standards [10]. 

The scope of the paper encompasses both the initial transition 

to IFRS and the continuous monitoring of updates across 

standards such as IFRS 9 (financial instruments), IFRS 17 

(insurance contracts), and IFRS S1/S2 (climate-related 

disclosures). It focuses on public and private firms operating 

in multi-jurisdictional contexts, where variability in legal 

systems and accounting traditions increases implementation 

complexity [11]. 

In addressing these challenges, the paper contributes to both 

academic and professional accounting discourse by offering a 

framework that integrates domain knowledge with algorithmic 

design. It provides a critical review of current IFRS 

automation tools, identifies limitations in existing rule-based 

systems, and proposes a modular AI-enhanced pipeline for 

real-time compliance assurance. Furthermore, it evaluates 

real-world applications using empirical data and case studies 

from high-volume reporters and early AI adopters [12]. 

This study positions AI not as a disruptive alternative but as a 

complementary augmentation to human financial judgment. 

By embedding machine learning into compliance ecosystems, 

firms can transition from reactive error correction to proactive 

rule adherence, driving transparency and trust. The following 

section explores the conceptual intersection of IFRS 

frameworks and automation, providing a technical lens to the 

problem of fragmented reporting adherence. 

2. IFRS COMPLEXITY AND 

DISCLOSURE DEMANDS  

2.1 Overview of IFRS Framework and Compliance 

Burden  

The International Financial Reporting Standards (IFRS) 

framework comprises a suite of globally endorsed accounting 

standards issued by the International Accounting Standards 

Board (IASB), aimed at harmonizing financial statements 

across jurisdictions. Its structure includes general principles, 

specific standards, and detailed guidance notes covering areas 

such as revenue recognition, lease accounting, financial 

instruments, and fair value measurements. Notably, standards 

such as IFRS 15 (Revenue from Contracts with Customers), 

IFRS 9 (Financial Instruments), and IFRS 16 (Leases) have 

fundamentally altered the presentation and classification of 

financial data [6]. 

At its core, IFRS aims to improve financial comparability and 

enhance investor confidence. However, its uniform 

application is compromised by the variability in local 

institutional capacities, audit traditions, and legal systems. 

Countries like Nigeria, India, and Indonesia have adopted 

IFRS either through full convergence or local adaptations, yet 

implementation quality varies widely [7]. A 2023 global 

review by the IFRS Foundation revealed persistent challenges 

in ensuring consistent application, especially in emerging 

economies where accounting infrastructure is often 

underdeveloped [8]. 

The compliance burden under IFRS is twofold. First, 

companies must interpret complex, principles-based guidance 

and map it to diverse business scenarios. Second, they must 

compile extensive disclosures—often spanning hundreds of 

pages—that combine quantitative tables with qualitative 

justifications. This results in high compliance costs, prolonged 

audit timelines, and variable interpretations of similar 

transactions [9]. 
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Figure 1 provides a visual breakdown of IFRS standards by 

disclosure volume and classification type, highlighting the 

disproportionate reporting demands in areas such as financial 

instruments and revenue recognition. The graph underscores 

the pressing need for intelligent tools to parse, classify, and 

verify these disclosures consistently. 

2.2 Common Classification and Disclosure Challenges  

Despite the comprehensive scope of IFRS, firms often 

struggle with specific areas of classification and disclosure. 

One common challenge lies in determining the correct 

categorization of assets and liabilities, especially under fair 

value and amortized cost measurements. Financial 

instruments under IFRS 9 require firms to classify based on 

both contractual cash flow characteristics and business 

models, which introduces significant interpretive variability 

[10]. Misclassification at this level has material implications 

for income volatility and regulatory capital. 

Revenue recognition under IFRS 15 is another high-risk zone, 

requiring identification of performance obligations, 

transaction price allocations, and timing of recognition. For 

multinational firms with bundled service offerings, this 

introduces subjective judgment and sector-specific nuances 

[11]. Errors in identifying contract modifications or variable 

consideration can result in non-compliance or delayed 

restatements. 

Narrative inconsistencies across sections of the same financial 

report further erode disclosure reliability. Disclosures made in 

management discussion and analysis (MD&A) sections often 

contradict the tabular data or lack sufficient explanation, 

especially in risk-related areas such as contingent liabilities or 

key assumptions in impairment tests [12]. Such 

inconsistencies may stem from fragmented reporting 

workflows or limited integration between textual and numeric 

disclosure systems. 

Moreover, qualitative sections are not routinely validated by 

auditors in the same depth as financial statements, creating 

blind spots in compliance. These challenges persist even in 

jurisdictions with strong enforcement, revealing structural 

gaps in the IFRS application chain. Without technological 

interventions, such issues are likely to recur, especially as 

reporting requirements expand with the inclusion of ESG-

linked disclosures under IFRS Sustainability Standards. 

2.3 Role of Technology in Bridging Interpretation 

Disparities  

Recognizing these challenges, regulatory and industry actors 

have turned to digital tools to support IFRS adoption. The 

most foundational advancement has been the integration of 

the eXtensible Business Reporting Language (XBRL), a 

machine-readable taxonomy that allows tagged data elements 

to be extracted, compared, and validated across filings [13]. 

While XBRL has improved machine processing of structured 

data, its adoption has been uneven, and its narrative text 

coverage remains limited. 

Enterprise Resource Planning (ERP) systems have also 

evolved to integrate IFRS modules, particularly for lease 

accounting, revenue recognition, and asset impairment. These 

systems automate journal entries, produce template-based 

disclosures, and facilitate audit trails. Yet, ERP solutions 

often fall short in complex consolidation scenarios or 

industries requiring bespoke disclosure narratives, such as 

insurance or banking [14]. 

To further streamline compliance, specialized IFRS software 

platforms have emerged. These include rule-based engines 

that guide classification through checklists and templates. 

However, such systems rely heavily on hard-coded logic, 

making them inflexible to accommodate evolving standards or 

cross-jurisdictional variations. They also struggle with 

context-sensitive disclosures that depend on legal 

interpretations or subjective managerial estimates [15]. 

The interpretive nature of IFRS makes it an ideal candidate 

for machine learning applications, particularly natural 

language processing (NLP) and supervised classification 

models. These technologies can analyze unstructured text, 

learn from historical filings, and detect deviations in 

disclosure patterns. As the next section will explore, ML-

enabled systems offer a scalable, adaptive solution that 

addresses the interpretive bottlenecks left unresolved by rule-

based approaches, paving the way for more reliable and 

efficient IFRS compliance. 
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3. MACHINE LEARNING 

FOUNDATIONS IN FINANCIAL 

COMPLIANCE  

3.1 Overview of ML Techniques in Financial Domains  

Machine learning (ML) has steadily emerged as a powerful 

tool in financial analytics, enabling automated classification, 

pattern detection, and predictive modeling in environments 

characterized by high complexity and unstructured data. In the 

context of International Financial Reporting Standards 

(IFRS), ML techniques offer the potential to automate 

compliance reviews, validate disclosure structures, and flag 

inconsistencies across filings. Core ML paradigms used in 

financial applications include supervised, unsupervised, and 

reinforcement learning, each suitable for different stages of 

financial reporting pipelines [11]. 

Supervised learning techniques—such as support vector 

machines (SVM), decision trees, and gradient boosting 

algorithms—are particularly suited to classification tasks 

where historical labeled datasets exist. These methods have 

been used to detect misstatements, assess going concern risk, 

and classify lease contracts under IFRS 16 based on 

contractual text and financial ratios [12]. Conversely, 

unsupervised learning, including k-means clustering and 

hierarchical clustering, helps in discovering latent patterns in 

disclosures, such as identifying non-standard wording in 

narrative sections or grouping firms based on disclosure 

similarity [13]. 

Natural language processing (NLP) adds another layer of 

functionality by analyzing textual content in management 

discussion and analysis (MD&A), footnotes, and audit 

opinions. Techniques such as named entity recognition 

(NER), topic modeling, and sentiment analysis are 

increasingly used to detect shifts in disclosure tone or 

misalignment between qualitative assertions and quantitative 

results [14]. 

Recent developments also include transformer-based 

architectures (e.g., BERT, RoBERTa) which allow for 

contextual understanding of legal and regulatory text. These 

models outperform traditional vectorization techniques by 

learning attention-weighted embeddings that capture clause-

level semantic nuances in IFRS-compliant reports [15]. 

Together, these ML techniques form a multidimensional 

toolkit for automating and enhancing IFRS adoption 

processes. 

3.2 Data Sources for IFRS Model Training  

Developing reliable ML models for IFRS classification and 

compliance analysis necessitates access to diverse, high-

quality financial datasets. Among the most critical data 

sources are publicly available annual reports filed by 

companies across multiple jurisdictions. These documents 

include the primary financial statements, notes, MD&A 

sections, and auditor reports—each offering structured and 

unstructured data for model training [16]. 

A particularly valuable resource is the U.S. Securities and 

Exchange Commission’s EDGAR database, which offers 

thousands of 10-K and 20-F filings in eXtensible Business 

Reporting Language (XBRL). XBRL tagging provides 

machine-readable classification of financial line items, 

allowing automated feature extraction for numerical 

disclosures under IFRS and U.S. GAAP [17]. When coupled 

with text mining of footnotes and audit commentaries, these 

filings offer a rich corpus for training supervised and 

unsupervised models. 

Additionally, national regulators in IFRS-adopting 

jurisdictions (e.g., the UK’s Financial Conduct Authority, 

ESMA’s European Electronic Access Point) provide localized 

access to tagged reports and company financials. These 

regional variations enable cross-jurisdictional training of 

models, improving their robustness to stylistic and linguistic 

differences in disclosure. 

Other data layers include firm-level metadata (e.g., industry 

classification, market capitalization, audit firm identity), 

which serve as control variables during model validation. 

External datasets such as restatement logs, enforcement 

actions, and ESG scores can be linked to labeled financial 

documents to enhance training outcomes. 

To maintain consistency, pre-processing of data includes 

standardizing numeric values, aligning reporting periods, 

removing boilerplate text, and resolving temporal references. 

This ensures that ML models learn from signal-rich inputs and 

minimizes misclassification due to formatting or phrasing 

idiosyncrasies. 

3.3 Key Challenges: Imbalanced Data, Noise, Semantic 

Variability  

Despite growing enthusiasm for applying ML to IFRS 

compliance tasks, several technical and contextual challenges 

remain. One of the most prominent issues is data imbalance, 

particularly in binary classification tasks such as lease 

classification (operating vs. finance) or revenue recognition 

errors. The majority of firm disclosures follow standard 

practices, while only a minority present anomalies or non-

compliance patterns. As a result, models trained on 

imbalanced datasets may exhibit high overall accuracy but 

poor sensitivity to rare yet critical disclosure violations [18]. 

Label noise further complicates model training. Financial 

labels often originate from manual annotations, restatement 

flags, or heuristic rules that may be incomplete or outdated. 

For example, a firm’s revenue recognition policy might be 

legally compliant but economically misleading—making the 

“ground truth” of compliance subjective in certain cases. High 

label noise can lead to overfitting or underfitting, especially in 

small-sample regulatory contexts where annotated examples 

are limited [19]. 
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Semantic variability in financial disclosures presents a subtler 

but significant challenge. Narrative descriptions of financial 

positions can vary widely in tone, structure, and vocabulary 

across firms and regions. Phrases like “material impact,” 

“subject to reclassification,” or “unusual items” carry different 

meanings depending on context and jurisdiction. Traditional 

NLP models often fail to capture these differences, leading to 

reduced classification accuracy in multilingual or legally 

nuanced corpora [20]. 

Additionally, temporal inconsistencies affect model 

performance over time. Regulatory updates, such as the 

transition from IAS 17 to IFRS 16 or changes in revenue 

recognition guidelines, introduce shifts in disclosure patterns. 

Without retraining on new cohorts, models risk degradation in 

predictive validity. 

Table 1 outlines common ML techniques and their relevance 

to specific IFRS classification and disclosure tasks. This 

taxonomy guides the design of IFRS-specific ML systems, 

which will be explored in the next section. 

Table 1: ML Techniques and Their Relevance to IFRS Tasks 

Task Area 

Relevant 

ML 

Technique 

IFRS 

Standard(s) 
Purpose 

Lease 

classification 

Decision 

Trees, 

XGBoost 

IFRS 16 

Predicting lease 

type from 

contract text 

Narrative tone 

consistency 

NLP (BERT, 

Sentiment 

Analysis) 

IFRS 7, 

IFRS 15 

Alignment 

between 

MD&A and 

disclosures 

Asset 

impairment 

detection 

Anomaly 

Detection 

(Isolation 

Forest) 

IAS 36 

Identifying 

underreported 

impairments 

Revenue 

recognition 

categorization 

SVM, Neural 

Networks 
IFRS 15 

Mapping sales 

contracts to 

performance 

obligations 

Text-to-tag 

mapping 

Named Entity 

Recognition 

(NER), 

BERT 

Multiple 

Auto-tagging 

items in 

unstructured 

reports 

Restatement 

prediction 

Random 

Forest, 

Logistic 

Regression 

All 

Standards 

Early warning 

based on 

disclosure 

patterns 

 

4. SYSTEM ARCHITECTURE FOR ML-

BASED IFRS COMPLIANCE  

4.1 Data Ingestion and Preprocessing Pipelines  

A robust machine learning (ML) framework for IFRS 

compliance begins with a structured data ingestion and 

preprocessing pipeline. The initial phase involves gathering 

filings from regulatory repositories such as EDGAR, ESMA’s 

European Single Electronic Format (ESEF), and national 

databases that offer IFRS-compliant disclosures in machine-

readable formats like XBRL or iXBRL [16]. These files are 

ingested using APIs or automated crawlers and stored in 

structured repositories categorized by company, year, and 

region. 

The preprocessing step includes cleaning and normalizing 

financial statement content, removing non-informative 

boilerplate text, and ensuring consistent formatting across 

diverse jurisdictions. Textual segments from MD&A, 

footnotes, and auditor opinions are tokenized using NLP 

pipelines based on spaCy or Hugging Face libraries, preparing 

the text for further semantic analysis [17]. Figures and tabular 

data are extracted from scanned PDFs or HTML filings using 

OCR-enhanced parsing tools to ensure fidelity of numerical 

inputs. 

Another critical preprocessing task involves mapping 

accounting terms and variations to standardized IFRS 

taxonomy elements. For example, “net income,” “profit after 

tax,” and “bottom line” are semantically aligned to IAS 1's 

"profit or loss for the period" through ontology-based 

synonym resolution [18]. Custom dictionaries and translation 

models help bridge jurisdictional and linguistic gaps, ensuring 

harmonized interpretation across regions. 

Missing data in tabular entries are imputed using statistical 

approaches such as k-nearest neighbors or iterative 

imputation. This preprocessing layer ensures the system 

delivers signal-rich inputs into downstream ML models. 

Figure 2 illustrates the full data flow from ingestion to 

classification and summarization. 

4.2 Feature Engineering from Financial Statements  

Feature engineering plays a pivotal role in enhancing the 

interpretability and predictive performance of ML models 

tasked with IFRS classification. Structured financial 

statements are parsed to extract core performance indicators 

such as return on equity, gross margin, and current ratio, 

which serve as foundational numeric inputs [19]. These 

features are used not only for classification but also to flag 

deviations from historical or industry norms. 

Unstructured segments such as MD&A and footnotes are 

mined for language patterns and sentiment polarity, offering 

latent indicators of financial stress or accounting 
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manipulation. NLP techniques, including part-of-speech 

tagging and dependency parsing, are deployed to identify 

hedging language (e.g., “may impact,” “likely to result”) and 

commitment strength modifiers (e.g., “will,” “must,” “could”) 

[20]. These textual cues are then encoded as categorical 

variables or sentiment scores, enabling cross-modal feature 

representation. 

Special attention is paid to segment reporting disclosures, 

which often exhibit disparities in risk, performance, and 

accounting treatment across business units. The presence of 

vague segment descriptions or inconsistent performance 

narratives between segments may indicate selective 

disclosure—a flag for classification or scoring models [21]. 

These elements are structured into tabular inputs and 

combined with entity metadata such as auditor identity, 

geographic location, and IFRS version compliance. 

To improve model generalizability, interaction terms are 

created, capturing relationships between financial metrics 

(e.g., the interaction between receivables turnover and 

revenue growth). Dimensionality reduction techniques like 

PCA or t-SNE are used to mitigate multicollinearity where 

necessary. These engineered features collectively enhance 

both classification accuracy and regulatory interpretability in 

downstream ML engines. 

4.3 Classification Engine: Decision Trees, SVMs, BERT  

The heart of the ML-powered IFRS system lies in its 

classification engine, which processes engineered features to 

categorize financial information across multi-label disclosure 

categories. The system uses a stacked ensemble of decision 

trees, support vector machines (SVMs), and BERT-based 

transformer models to optimize performance across structured 

and unstructured inputs [22]. 

For numeric disclosures such as asset classification under 

IFRS 9 or lease liability breakdown under IFRS 16, decision 

trees and SVMs are highly effective. These models are trained 

on labeled datasets comprising historical filings manually 

annotated by IFRS experts. The models learn to predict IFRS 

category tags (e.g., “investment property,” “financial 

instrument,” “right-of-use asset”) based on input ratios and 

disclosure metadata [23]. 

In parallel, transformer-based models like BERT are fine-

tuned for multi-label text classification tasks. These models 

analyze paragraphs from MD&A or risk disclosures and 

generate probability distributions across applicable IFRS 

categories. For example, BERT can classify a text segment 

discussing revenue recognition delays as related to IFRS 15, 

while simultaneously flagging timing inconsistencies under 

IAS 1 [24]. 

The outputs from all classifiers are aggregated using majority 

voting or weighted averaging, depending on model confidence 

scores. The multi-label nature of IFRS disclosure 

requirements necessitates such ensemble logic, as financial 

entries may simultaneously pertain to multiple standards (e.g., 

IFRS 13 and IAS 38). 

Model validation is performed through stratified k-fold cross-

validation to preserve IFRS category distributions. 

Hyperparameters are tuned using grid search techniques, 

while calibration methods like Platt scaling ensure 

interpretability of output probabilities—crucial for regulator-

facing applications and audit readiness. 

4.4 NLP for Disclosure Summarization and Semantic 

Tagging  

Beyond classification, the proposed system also incorporates 

natural language processing (NLP) modules for automated 

disclosure summarization and semantic tagging, addressing 

the complexity and verbosity of IFRS narratives. These 

modules aim to support audit teams, regulators, and investors 

in quickly digesting essential reporting insights from lengthy 

filings [25]. 

Two forms of summarization are employed: extractive and 

abstractive. Extractive methods, such as TextRank and 

LexRank, identify the most salient sentences from footnotes 

and MD&A by scoring sentences based on centrality and 

semantic similarity. These summaries preserve original text 

while reducing volume by over 60% on average. In contrast, 

abstractive models based on transformer architectures (e.g., 

T5, PEGASUS) generate concise summaries in plain 

language, paraphrasing technical content without losing 

regulatory meaning [26]. 

Semantic tagging is powered by custom-trained NER and 

dependency-parsing models that identify entities such as 

counterparties, transaction amounts, jurisdictions, and IFRS 

standard references. For instance, a disclosure about asset 

reclassification might be tagged with entities like “IFRS 9,” 

“derivative contract,” and “held-for-trading” with 

corresponding context scores. These tags are aligned with 

XBRL taxonomy identifiers to maintain interoperability 

across financial platforms [27]. 

Disclosure quality scores are also generated by quantifying 

sentiment polarity, readability metrics, and alignment with 

benchmark templates. Textual sections with excessive 

vagueness, repetition, or hedging trigger flag indicators that 

feed into audit dashboards or regulatory alert systems. 

These NLP tools integrate seamlessly into the broader 

classification pipeline shown in Figure 2, closing the loop 

between numerical disclosures and textual narrative 

analysis—an essential leap toward intelligent IFRS 

automation. 
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Figure 2: Proposed ML-Powered IFRS Compliance 

System Workflow 

5. MODEL EVALUATION AND 

BENCHMARKING  

5.1 Metrics: Accuracy, F1, Precision-Recall for 

Classification Tasks  

The performance evaluation of machine learning (ML) 

models in IFRS disclosure classification demands tailored 

metrics that reflect not only technical accuracy but also 

regulatory materiality. Standard metrics such as accuracy, F1 

score, and precision-recall remain relevant, particularly in 

multi-label classification environments where disclosure items 

often overlap across IFRS standards [22]. However, 

traditional accuracy becomes insufficient when applied to 

imbalanced datasets where key compliance items are rare yet 

consequential. 

Precision and recall trade-offs are especially significant in this 

domain. High precision implies the model correctly identifies 

only the relevant disclosures, reducing false positives, 

whereas high recall ensures that all required disclosure items 

are captured, minimizing regulatory omissions [23]. The F1 

score, as a harmonic mean of both, provides a robust indicator 

for performance in regulatory contexts where both over- and 

under-disclosure have legal implications. 

To address domain-specific evaluation needs, we introduce 

custom compliance flag metrics, which assign higher weights 

to omissions of critical disclosures (e.g., financial instruments, 

lease liabilities). These flags simulate real-world review 

concerns by audit regulators and internal controls teams. 

Moreover, weighted classification accuracy can reflect the 

severity of missed disclosures under standards such as IFRS 9 

or IFRS 15 [24]. 

Another useful benchmark is compliance coverage rate, which 

measures the percentage of required disclosures correctly 

tagged by the model within each filing. This is especially vital 

for enterprise users who seek model guarantees before relying 

on automation for year-end audits. 

Table 2 summarizes performance comparisons of various ML 

models across major IFRS disclosure categories, including 

accuracy, F1 score, and compliance-specific flagging 

precision. 

5.2 Performance Comparison with Manual Audit 

Baselines  

To assess the practical impact of machine learning integration 

into IFRS workflows, we conducted a comparative evaluation 

of AI-generated disclosures versus manual annotation and 

audit processes. The study included 200 annual reports across 

diverse industries and jurisdictions, split evenly between 

manually reviewed and AI-classified filings. The core 

evaluation focused on error rates, processing time, and 

consistency of disclosure classification [25]. 

Human auditors exhibited strengths in contextual judgment 

and ambiguous disclosures but were prone to inconsistency in 

multi-standard tagging, especially when disclosure items 

overlapped (e.g., IFRS 7 and IAS 32 for financial 

instruments). On average, human annotation yielded a 

precision of 84.2% and a recall of 79.6%, while AI-based 

models achieved a precision of 91.8% and a recall of 88.7% 

[26]. 

One of the most compelling advantages was time efficiency. 

Manual annotation required an average of 7.5 hours per 

report, whereas the AI pipeline, once trained, completed 

tagging and classification in under 14 minutes per report. This 

massive time reduction is particularly relevant for large firms 

and audit teams under tight year-end deadlines. 

Another notable benefit was annotation consistency. Human 

reviewers, even when trained, showed variability in tagging 

disclosures with ambiguous phrasings (e.g., terms like 

“performance obligation” vs “deferred revenue”). AI models 

trained on thousands of filings demonstrated far higher 

standardization, with consistent labeling across similar 

patterns in different companies [27]. 

http://www.ijcat.com/


International Journal of Computer Applications Technology and Research 

Volume 14–Issue 07, 12 – 27, 2025, ISSN:-2319–8656 

DOI:10.7753/IJCATR1407.1002 

www.ijcat.com  19 

Error analysis revealed that human reviewers frequently 

overlooked or double-counted disclosures under judgment-

heavy standards like IFRS 13 (Fair Value Measurement). AI 

systems flagged these inconsistencies and helped harmonize 

interpretation by linking disclosures to taxonomy-based 

compliance rules. 

As summarized in Table 2, these findings confirm the superior 

accuracy and reliability of AI classification over manual 

baselines, particularly in high-volume review environments 

and cross-border auditing tasks. 

5.3 Interpretability and Explainable AI in Financial 

Audits  

Despite their predictive power, machine learning models must 

be interpretable and auditable—especially in regulated 

financial contexts where transparency is legally mandated. As 

such, integrating explainable AI (XAI) techniques within 

IFRS classification systems is paramount [28]. 

Among the most widely adopted tools are SHAP (SHapley 

Additive exPlanations) values, which attribute model 

predictions to specific input features. For instance, when a 

segment disclosure is classified under IFRS 8, SHAP can 

highlight that the key drivers were numerical features such as 

segment revenue, intercompany transfers, and textual 

keywords like “operating segment” or “chief operating 

decision maker” [29]. These explanations are highly valuable 

for external auditors, allowing them to trace decisions back to 

raw data. 

Another approach involves rule-based overlays that 

complement deep learning predictions. These overlays impose 

regulatory logic, such as “if lease term > 12 months and value 

> threshold, then apply IFRS 16,” serving as sanity checks 

that mimic human decision pathways [30]. When integrated 

into audit dashboards, this hybrid of ML predictions and 

deterministic logic creates trust anchors for compliance 

officers and regulators. 

Visualizations also play a critical role in XAI. Interactive 

charts displaying SHAP force plots, heatmaps of disclosure 

relevance, and confusion matrices help stakeholders 

understand model reliability. For example, deviations between 

predicted and actual tags are flagged visually, enabling 

auditors to investigate false positives and false negatives 

before finalizing financial statements. 

Ultimately, these interpretability tools bridge the trust gap 

between AI systems and the human professionals tasked with 

approving disclosures. By combining transparency, 

traceability, and auditability, they ensure that AI integration in 

IFRS contexts remains not just effective—but legally 

defensible and ethically sound. 

 

 

Table 2: Comparative Accuracy of ML Models Across 

IFRS Disclosure Categories 

IFRS 

Category 
Model 

Accuracy 

(%) 

F1 

Score 

Precision 

(%) 

Recall 

(%) 

IFRS 15 - 

Revenue 
BERT 94.1 0.91 92.3 89.8 

IFRS 9 - 

Financial 

Inst. 

SVM 88.6 0.86 90.1 82.4 

IFRS 16 - 

Leases 

Decision 

Tree 
91.5 0.89 87.9 91.2 

IAS 38 - 

Intangibles 
BERT 92.3 0.90 89.5 90.7 

IAS 12 - 

Income Tax 
XGBoost 89.9 0.87 88.2 85.5 

IFRS 13 - 

Fair Value 

BERT + 

Rules 
95.4 0.93 94.6 92.8 

 

6. REAL-WORLD IMPLEMENTATION 

CASES  

6.1 Case Study: Automated Lease Classification under 

IFRS 16  

The introduction of IFRS 16 fundamentally changed lease 

accounting by eliminating the distinction between operating 

and finance leases for lessees and mandating the capitalization 

of nearly all leases on the balance sheet. The resulting 

complexity in disclosure requirements, such as right-of-use 

assets, lease liabilities, maturity analysis, and variable 

payments, poses a significant challenge for consistent 

classification—particularly for multinational entities with 

diverse contractual documentation [26]. 

To address this, a hybrid machine learning approach 

combining NLP and support vector machines (SVM) was 

implemented to automate lease-related classification from 

unstructured filings. First, textual segments containing lease 

indicators—such as “contractual term,” “renewal option,” and 

“discount rate”—were extracted from footnotes and MD&A 

using named entity recognition (NER) and dependency 

parsing algorithms [27]. These segments were vectorized 

using term frequency-inverse document frequency (TF-IDF) 

and word embeddings, serving as input for the SVM 

classifier. 

The SVM model was trained on a labeled corpus of 2,000 

lease-related disclosures drawn from EDGAR filings across 
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sectors. It achieved an accuracy of 91% and F1 score of 0.88 

in correctly identifying IFRS 16-relevant statements. 

Sentences involving low-value asset exemptions or short-term 

leases were flagged and routed for audit verification, 

enhancing model transparency and auditor trust [28]. 

In cross-validation, the model showed higher sensitivity in 

retail and transport industries—sectors with frequent complex 

leasing arrangements. A rule-based post-processing layer 

converted classification outputs into IFRS taxonomy tags such 

as “IFRS16.45” (maturity analysis by range) and 

“IFRS16.B49” (variable lease payments). 

This case study underscores how AI can reduce disclosure 

ambiguity, ensure standard alignment, and automate granular 

lease categorization, serving as a replicable model for IFRS 

16 implementations across regions. Figure 3 illustrates how 

this system evolved within an integrated reporting workflow. 

6.2 Case Study: IFRS 9 Financial Instruments Disclosure 

Optimization  

IFRS 9, governing the classification and measurement of 

financial instruments, presents substantial interpretive and 

operational challenges due to its forward-looking expected 

credit loss (ECL) model and classification of assets based on 

business models and cash flow characteristics. Disclosures 

under IFRS 9 often lack standardization in narrative structure 

and vary in how firms report credit risk and impairment 

assumptions [29]. 

To improve consistency and efficiency in these disclosures, a 

multi-stage machine learning pipeline was developed. This 

system ingested 10-K filings and XBRL-tagged financial 

statements from banks and insurers between 2019 and 2023. 

Using NLP topic modeling and supervised classification, the 

system extracted and clustered language relating to Stage 1, 2, 

and 3 impairments, economic overlays, and credit 

deterioration signals [30]. 

The core classifier, an XGBoost model, was trained on pre-

tagged financial instrument narratives to distinguish between 

amortized cost, fair value through other comprehensive 

income (FVOCI), and fair value through profit or loss 

(FVTPL). It achieved an AUC of 0.94, outperforming SVM 

and decision tree baselines. Key features included mentions of 

risk indicators (e.g., “significant increase in credit risk”), use 

of probability-of-default terms, and macroeconomic scenario 

references [31]. 

Further, a forecast model using LSTM networks was 

integrated to predict future impairments based on historical 

write-offs and macroeconomic trends. The model flagged 

inconsistencies between disclosed assumptions and plausible 

scenarios, acting as a red flag for manual review. For 

example, when a major financial institution reported no Stage 

2 loans in a period of rising inflation, the AI system 

highlighted the anomaly with a risk score of 87%. 

Through this optimization pipeline, the model supports both 

internal controls and regulatory oversight by standardizing 

narrative disclosures and enhancing transparency in risk 

classification under IFRS 9 [32]. 

6.3 Case Study: Cross-Border Implementation in MNCs  

Multinational corporations (MNCs) face considerable 

challenges when implementing IFRS across operations in 

jurisdictions with divergent languages, data systems, and 

regulatory cultures. These complexities become pronounced 

when reconciling group-wide disclosures under unified 

standards like IFRS 15, IFRS 16, or IFRS 7, while local 

subsidiaries may report under modified national GAAP 

equivalents [33]. 

A global healthcare company operating in over 40 countries 

adopted a multi-language AI pipeline to harmonize 

disclosures across subsidiaries and ensure compliance with 

IFRS at the group consolidation level. The system used 

machine translation augmented with domain-specific lexicons 

to normalize terms such as “contract asset” or “lease liability” 

across English, German, Chinese, and Spanish filings [34]. 

Narrative sections from footnotes were vectorized using 

BERT multilingual encoders, which retained semantic 

equivalence across translated disclosures. This enabled 

consistent tagging of revenue recognition disclosures (IFRS 

15) and allowed for automated classification of regional risk 

exposures for instruments under IFRS 7. Custom language 

models were also trained on each major geography to improve 

performance on regional idioms and accounting terminology 

[35]. 

Data integration challenges were addressed through an ETL 

(extract-transform-load) pipeline that merged XBRL, 

relational database entries, and scanned PDFs into a unified 

reporting dashboard. This harmonized structure enabled the 

application of rule-based audit controls and variance detection 

modules across the group. When Japanese subsidiary 

footnotes on lease liabilities differed significantly from U.S. 

disclosures, the system flagged discrepancies exceeding 30% 

variance in present value calculations. 

This cross-border implementation showcases how AI-enabled 

translation, classification, and reconciliation engines can 

overcome linguistic and structural barriers, fostering global 

IFRS consistency. Figure 3 demonstrates the time-phased 

deployment and scaling of this architecture across functional 

units. 
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Figure 3: Timeline of ML Integration into IFRS Reporting 

Workflows 

7. POLICY AND STRATEGIC 

IMPLICATIONS  

7.1 For Regulators: Supervisory Technology and 

Compliance Monitoring  

The rise of Supervisory Technology (SupTech) has 

transformed how regulators monitor financial disclosures. 

Traditionally dependent on manual inspections and rule-based 

validations, oversight bodies such as the SEC, EFRAG, and 

ESMA now seek scalable, automated solutions that ensure 

year-round compliance [30]. Machine learning (ML)-powered 

systems enhance this supervisory capacity by enabling 

regulators to deploy continuous auditing techniques and 

monitor disclosures in near real-time. 

AI models trained on historical misstatements, enforcement 

actions, and narrative red flags can automatically flag 

deviations from IFRS disclosure norms. For example, if a firm 

consistently omits expected credit loss triggers under IFRS 9, 

anomaly detection algorithms can issue alerts for further 

human review. This capability not only reduces audit lag but 

also allows regulators to prioritize high-risk filings 

dynamically based on disclosure irregularities or sentiment 

volatility in MD&A sections [31]. 

Furthermore, regulators benefit from predictive analytics, 

which can forecast future non-compliance based on historical 

filing behavior and macroeconomic indicators. When 

integrated into their oversight systems, these models can assist 

in planning targeted inspections, proactive restatement 

reviews, and even refining disclosure rule updates by 

identifying systemic reporting gaps across jurisdictions [32]. 

One regulator piloted an LSTM-based forecasting system for 

lease obligation inconsistencies under IFRS 16, detecting a 

26% increase in reporting gaps during economic downturns. 

Such insights inform regulatory resource allocation and 

standard refinement. Moreover, regulators can adopt these 

ML pipelines while maintaining data privacy and audit trails 

through XBRL-compatible encryption and modular inference 

design. 

Thus, SupTech built on AI architecture positions regulators to 

oversee rapidly expanding datasets with greater precision, 

consistency, and early intervention capabilities, as shown in 

Table 3, which summarizes key stakeholder benefits. 

7.2 For Corporates: Reducing Costs, Enhancing 

Consistency, Audit Readiness  

Corporations often view IFRS compliance as a burden both in 

cost and complexity. However, when machine learning tools 

are embedded within reporting cycles, companies can convert 

compliance from a reactive obligation into a strategic 

advantage. ML-based classification systems reduce the time 

and human effort needed to interpret evolving standards and 

cross-reference disclosure elements [33]. 

One multinational firm implemented a deep learning engine 

that auto-classified over 10,000 financial records annually into 

IFRS-aligned taxonomies. This system minimized spreadsheet 

reconciliation, enhanced version control, and yielded a 27% 

reduction in compliance costs within the first year of 

deployment. Further, the model flagged inconsistencies across 

subsidiaries’ lease obligations and helped standardize 

language around revenue recognition—two of the most 

commonly misreported areas under IFRS 15 and 16 [34]. 

Beyond efficiency gains, ML adoption enhances audit 

preparedness. When disclosures are generated through 

repeatable, rule-bound logic informed by learning from prior 

regulatory enforcement, auditors find higher reliability in 

internal controls and source documentation. This improves 

audit confidence levels and reduces the risk of material 

misstatements going undetected during fieldwork [35]. 

ML systems also promote consistency in narrative disclosures. 

Firms using NLP to tag and summarize footnotes exhibited 

tighter alignment across fiscal periods and markets. This 

coherence not only reduces the chances of regulatory penalties 

but also reinforces investor trust—particularly for capital-

intensive sectors such as banking and telecommunications, 

where disclosure granularity affects equity risk premium 

calculations [36]. 

In summary, corporates using AI for IFRS reporting can 

unlock dual value: operational efficiency and enhanced 

external perception. Table 3 highlights these advantages and 

how they differ across regulators, corporates, and investors, 

reinforcing the systemic impact of intelligent compliance 

systems. 

7.3 Global Alignment: Interoperability with SEC, 

EFRAG, and ISSB  

While IFRS aims to serve as a universal accounting language, 

regional adaptations by the SEC (U.S.), EFRAG (EU), and 

ISSB (global) create a fragmented compliance landscape. 

Machine learning offers the tools necessary to bridge this 
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complexity, enabling semantic alignment across jurisdictions 

through automated tagging and disclosure mapping [37]. 

For example, the SEC’s Regulation S-K mandates certain 

climate-related disclosures that overlap but do not fully 

correspond with IFRS Sustainability Standards issued by the 

ISSB. AI-based models trained on both frameworks can 

reconcile similar constructs like “scope 3 emissions risk” and 

“transitional climate costs,” allowing dual-reporting firms to 

generate single-source disclosure outputs without manual 

reformatting [38]. 

Cross-border firms operating in multiple jurisdictions leverage 

multilingual NLP and ontology alignment to ensure consistent 

representation of financial and non-financial data. In a pilot 

study, ML systems harmonized lease disclosures across 

French GAAP and IFRS, reducing semantic divergence by 

88% and enabling automated mapping between national and 

international standards [39]. 

Moreover, machine learning supports interoperability by 

acting as a middleware layer between different ERP 

platforms, taxonomies, and XML schema definitions (XSDs). 

A Japanese manufacturer using SAP HANA and a U.S. parent 

firm using Oracle Financials successfully implemented a 

common ML classification pipeline for IFRS 9 provisioning, 

ensuring harmonized credit risk disclosure across platforms 

[40]. 

Thus, ML infrastructure serves not just national compliance 

needs but global convergence goals, enabling both companies 

and regulators to navigate the increasingly entangled web of 

financial reporting requirements. Table 3 encapsulates these 

strategic benefits across stakeholder domains, paving the way 

for discussions on governance ethics and limitations in 

Section 8. 

Table 3: Strategic Benefits of ML Adoption in IFRS 

Processes by Stakeholder Group 

Stakeholder 

Group 
Benefit 

ML 

Functionality 

Involved 

Example 

Output 

Regulators 

Enhanced 

oversight 

accuracy 

Anomaly 

detection, 

continuous 

auditing 

Early warning 

alerts for IFRS 

9 disclosure 

gaps 

Corporates 

Lower 

compliance 

cost & audit 

readiness 

Classification 

engines, NLP 

summarization 

Automated 

lease 

classification 

under IFRS 16 

Auditors 

Reduced 

testing 

workload 

Disclosure 

scoring, 

inconsistency 

Risk scores on 

MD&A 

inconsistencies 

Stakeholder 

Group 
Benefit 

ML 

Functionality 

Involved 

Example 

Output 

flagging 

Investors 
More reliable 

reporting 

Forecast 

deviation 

models 

Highlighted 

earnings vs 

forecast gaps 

Standards 

Bodies 

Framework 

harmonization 

Ontology 

alignment, 

multilingual 

NLP 

Mapped SEC 

and ISSB 

requirements 

Global 

MNCs 

Jurisdictional 

interoperability 

Multilingual 

ML pipelines, 

ERP 

integration 

Unified 

disclosures 

across GAAP 

& IFRS 

 

8. GOVERNANCE, RISKS, AND 

ETHICAL CONSIDERATIONS 

8.1 Algorithmic Bias, Transparency, and Trust in IFRS 

Decisions  

The adoption of machine learning (ML) systems in IFRS 

classification and disclosure generation raises critical 

concerns around algorithmic transparency, explainability, and 

potential model-induced bias. Financial reporting decisions 

especially those involving judgmental areas like impairment 

losses, contingent liabilities, or lease categorization require a 

level of interpretability not naturally afforded by black-box 

neural networks [34]. 

Auditors, regulators, and preparers must be able to trace how 

the ML system arrived at a given classification whether for 

IFRS 9 expected credit loss assignment or IFRS 15 revenue 

timing. Without audit trails or attribution maps, such systems 

may unintentionally obscure rather than clarify financial 

reality. The European Banking Authority, in its 2023 audit 

tech guidance, emphasized that ML-enabled IFRS tools must 

produce explainable outputs aligned with professional 

skepticism and applicable regulatory norms [35]. 

Algorithmic bias compounds this issue. If training data 

overrepresent certain asset classes or jurisdictions e.g., more 

North American equity issuers than SMEs from developing 

economies classification predictions may skew toward 

familiar regulatory patterns, undermining global neutrality 

[36]. Figure 4 outlines a risk control architecture that embeds 

fairness checkpoints during both training and inference stages. 

One mitigation strategy includes embedding Shapley values 

and LIME-based explanations directly into reporting 
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dashboards, allowing preparers to understand which variables 

such as asset duration, contractual cash flow predictability, or 

language signals contributed most to a disclosure 

recommendation. Additionally, developers are now training 

sector-specific models to reduce the risk of structural 

overfitting and allow comparative benchmarking across firms. 

Therefore, the deployment of ML in IFRS contexts must be 

complemented by architectural safeguards that ensure 

transparency, explainability, and professional accountability 

throughout the audit chain. 

 8.2 Data Governance and Privacy in Financial Document 

Processing  

Financial disclosures contain highly sensitive data ranging 

from executive compensation packages to risk-weighted asset 

schedules and forward-looking loss projections. Embedding 

machine learning into financial reporting workflows raises 

critical data governance and privacy challenges, particularly 

in cross-border IFRS applications [37]. 

Most multinational corporations (MNCs) operate under 

multiple regulatory regimes such as GDPR in the EU, 

Sarbanes Oxley (SOX) in the U.S., and country-specific data 

residency mandates. Machine learning systems used to 

classify or analyze disclosures must adhere to these 

frameworks by enforcing access controls, data minimization, 

and secure audit logs [38]. 

For instance, while extracting and classifying financial data 

from 10-K filings or consolidated financial statements, AI 

engines must anonymize personnel identifiers and redact 

confidential strategic plans that exceed mandated disclosure. 

Preprocessing pipelines must also be compliant with record 

retention laws particularly when dealing with impairment test 

documentation or narrative footnote analysis under IFRS 36 

or 37 [39]. 

Moreover, the movement of data across cloud-based AI 

infrastructures poses a risk if model inference engines or data 

lakes span multiple jurisdictions. A firm training its ML 

engine on a server in Singapore, for example, may 

inadvertently violate European data sovereignty rules unless 

proper safeguards are deployed. 

Figure 4 illustrates how a tiered data governance system 

integrating tokenization, regional encryption keys, and real-

time access management can ensure that financial document 

processing complies with jurisdictional privacy and 

governance standards while enabling model performance 

optimization. 

As AI continues to integrate into global reporting practices, 

robust data governance frameworks will be essential to ensure 

both legal compliance and investor confidence. 

 

 

8.3 Risk Mitigation and Human Oversight in Automated 

Audits  

Despite the growing sophistication of ML systems in IFRS 

applications, human oversight remains critical to preserving 

integrity, judgment, and contextual understanding in financial 

disclosures. Automated classification engines, while powerful, 

can misinterpret edge cases such as non-recurring revenue 

from restructuring contracts or nuanced contingent liability 

footnotes if left unsupervised [40]. 

The human-in-the-loop (HITL) model is an emerging 

paradigm designed to balance automation with oversight. 

Under this design, the ML system classifies or recommends 

disclosures (e.g., IFRS 16 lease obligations) but routes 

ambiguous or low-confidence predictions to internal 

accounting professionals or external auditors for manual 

validation [41]. This hybrid approach not only mitigates false 

positives and false negatives but also allows human experts to 

add notes or override flags when business context demands 

nuance. 

Furthermore, AI audit systems can be configured with risk-

trigger thresholds, automatically flagging filings for escalation 

when a combination of disclosure anomalies, sentiment shifts, 

or volatility patterns occur. For example, if forecasted 

expected credit losses under IFRS 9 deviate significantly from 

reported figures, the system can trigger a review by the 

internal control team or escalate to external audit committees 

[42]. 

Figure 4 presents a blueprint for layered safeguards, including 

model explainability scores, override logs, and versioning 

trails. These features ensure that the auditability of ML-

enabled IFRS systems meets the scrutiny levels required by 

international audit standards. 

By embedding structured human oversight into every decision 

loop, the system ensures resilience, accountability, and ethical 

compliance while harnessing the computational strengths of 

AI. 
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Figure 4: Risk Control Architecture for ML-Augmented 

IFRS Classification Systems 

This control design ensures the system not only aligns with 

regulatory expectations but also builds trust among auditors, 

regulators, and investors by preserving decision traceability 

and ethical guardrails. 

9. FUTURE DIRECTIONS AND 

RESEARCH GAPS  

9.1 Towards Cross-Jurisdictional Transfer Learning  

To ensure global applicability, machine learning (ML) models 

for IFRS compliance must transcend linguistic and 

jurisdictional boundaries. While current systems often rely on 

English-language filings from U.S. or UK-based entities, the 

global nature of IFRS demands a transfer learning framework 

that accommodates language diversity, semantic variation, 

and localized regulatory nuances [39]. 

Transfer learning, particularly through multilingual 

transformer architectures like XLM-RoBERTa or mBERT, 

allows pretrained financial models to adapt to filings written 

in French, Mandarin, Portuguese, or Arabic without retraining 

from scratch [40]. These models, when fine-tuned on 

jurisdiction-specific IFRS implementations (e.g., lease 

categorization in France vs Brazil), improve both semantic 

accuracy and regional compliance sensitivity. 

However, implementation faces barriers in dataset access, 

legal permissions, and NLP tooling availability. One approach 

involves federated learning, wherein region-specific models 

share weights and learning patterns without exposing raw data 

maintaining privacy while enhancing global learning 

coherence [41]. 

Figure 5 illustrates how transfer learning nodes can be 

embedded within a global IFRS-AI integration roadmap, 

ensuring that standardized classification systems are both 

scalable and culturally adaptable. This fosters the long-term 

vision of IFRS alignment as a multilingual, decentralized, yet 

interoperable AI ecosystem that promotes equitable 

compliance across advanced and emerging economies alike. 

9.2 ESG-IFRS Integration and Sustainability Disclosure 

Alignment  

As sustainability disclosures gain regulatory traction through 

mandates like the Corporate Sustainability Reporting 

Directive (CSRD) and frameworks like the International 

Sustainability Standards Board (ISSB) convergence with 

IFRS becomes imperative [42]. AI-driven platforms can serve 

as mediators between financial and non-financial domains, 

enabling integrated disclosure environments. 

Currently, ESG reports often exist in separate silos from 

statutory IFRS filings, leading to redundancy, inconsistencies, 

and reduced investor confidence. By leveraging natural 

language processing and semantic mapping, AI systems can 

unify these disclosures, identify cross-report dependencies, 

and detect contradictions between financial narratives and 

ESG claims such as a company reporting robust profitability 

while citing severe climate risk exposure [43]. 

Multi-report parsing models can link sustainability KPIs (like 

emissions intensity or water usage) to IFRS line items (e.g., 

asset impairments or operating expenses), creating a coherent 

disclosure architecture. This facilitates AI-powered 

crosswalks between ESG metrics and IFRS values, enabling 

unified assurance pipelines [44]. 

Moreover, model-driven ESG-IFRS integration supports 

alignment with the ISSB’s climate-related financial disclosure 

requirements, ensuring that firms can automate compliance 

while enhancing the decision-usefulness of reporting. Figure 5 

captures this integration as a critical pillar within the global 

roadmap for AI-enhanced reporting, ensuring both 

transparency and thematic consistency across evolving 

standards. 

9.3 Standardization and Global AI Governance in 

Financial Reporting  

As AI systems increasingly participate in financial 

interpretation, a global governance architecture is necessary to 

ensure consistency, fairness, and accountability. Currently, 

IFRS interpretations vary across jurisdictions not just due to 

language but also due to enforcement priorities and sectoral 

focus. Embedding AI without harmonized protocols could 

entrench existing disparities or propagate new algorithmic 

biases [45]. 
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Establishing a global AI-financial standards task force, 

comprising the IFRS Foundation, ISSB, International 

Federation of Accountants (IFAC), and national securities 

regulators, could define principles for model transparency, 

fairness benchmarks, auditability, and regulatory 

interoperability [46]. These standards would guide model 

developers on training data composition, annotation 

consistency, and permissible levels of abstraction in complex 

tasks like revenue recognition or financial instrument 

classification. 

Additionally, international AI model registries similar to 

clinical trial databases could enable peer benchmarking and 

open auditing of financial compliance models [47]. Figure 5 

proposes such a registry as a component of the regulatory 

harmonization stack, alongside cross-border data sharing 

protocols and model audit standards. 

Without such unified oversight, AI-powered IFRS tools risk 

becoming fragmented, opaque, and misaligned with 

regulatory expectations. Standardization is not merely a 

technical requirement—it is a foundational enabler of trust, 

audit integrity, and global capital market stability in the AI-

augmented reporting era. 

 

Figure 5: Roadmap for Global IFRS-AI Integration and 

Regulatory Harmonization 

Together, these layers constitute a future-proof, standardized 

framework for AI-enabled IFRS adoption, ensuring global 

interoperability, audit readiness, and regulatory alignment. 

10. CONCLUSION 

This study presents a comprehensive exploration of how 

machine learning (ML) can revolutionize International 

Financial Reporting Standards (IFRS) compliance through 

intelligent automation, enhanced interpretability, and global 

interoperability. By analyzing the current landscape of IFRS 

classification, disclosure, and regulatory diversity, we 

identified persistent inefficiencies rooted in manual 

interpretation, jurisdictional fragmentation, and escalating 

complexity. Through the integration of supervised and 

unsupervised ML models, including natural language 

processing (NLP) and deep learning classifiers, our proposed 

framework demonstrates the transformative potential of AI in 

mitigating disclosure errors, accelerating audit readiness, and 

enabling dynamic adaptation to regulatory updates. 

One of the central findings is that ML systems are uniquely 

positioned to handle both structured and unstructured 

components of financial disclosures—such as financial 

statements and narrative footnotes—while maintaining 

scalability and contextual accuracy. These systems not only 

reduce cost and human dependency but also support multi-

lingual and multi-jurisdictional reporting without 

compromising standardization or comparability. The 

incorporation of NLP and BERT-based models enhances 

semantic understanding, enabling reliable classification of 

leases, financial instruments, and risk disclosures under 

complex IFRS mandates. 

From a policy and governance perspective, our analysis 

underscores the importance of aligning AI model 

development with regulatory expectations. The proposed 

roadmap advocates for globally coordinated AI oversight 

mechanisms, including model registries, multilingual transfer 

learning protocols, and semantic bridges between IFRS and 

ESG disclosures. Such governance infrastructure is essential 

for mitigating algorithmic bias, ensuring audit transparency, 

and fostering long-term trust in AI-powered compliance 

systems. 

For auditors and internal controllers, the shift toward real-time 

ML-enabled systems presents a major step forward in 

proactive risk detection and evidence-based review processes. 

These tools enhance audit precision, reduce false positives, 

and allow firms to conduct continuous monitoring rather than 

relying on retrospective sampling. 

Ultimately, this study advocates a strategic reorientation—

from fragmented, labor-intensive processes toward intelligent, 

automated IFRS reporting ecosystems. By embedding ML at 

the core of financial compliance infrastructure, organizations 

and regulators can unlock a future of transparent, harmonized, 

and audit-ready reporting. In an era of data-driven governance 

and cross-border financial interdependence, this shift is not 

only inevitable but essential for resilience, investor 

confidence, and global financial stability. 
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