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  ABSTRACT  

 
 In a context of more complex and globally integrated financial systems, issues of harmonisation in 

cross-border reporting are intensifying. Regulatory disparities, linguistic variations, data 

compartmentalisation, and the continued emergence of unstructured disclosures persist as 

impediments to the efficacy of transparency, compliance, and efficiency initiatives. This research 

presents a novel fusion of AI-driven Knowledge Graphs (KG) with Natural Language Processing 

(NLP), which we propose as a potential solution for enhancing financial interpretation and 

summarisation across jurisdictions. Knowledge Graphs (KGs) serve as organised semantic 

representations of financial institutions, their attributes, and interrelationships, enabling machines 

to comprehend and contextualise information. This architecture, when integrated with advanced 

NLP models such as transformers and specialised large language models (LLMs), can effectively 

and clearly extract, disambiguate, and summarise financial disclosures, audit reports, and 

regulatory filings. These features are especially beneficial for multinationals, auditors, and 

regulators seeking to cross-map diverging financial standards, such as IFRS and GAAP, or to 

automate compliance mapping. The document delineates a system architecture that leverages multi-

source data, entity recognition, relation extraction, and multilingual semantic alignment utilising AI-

augmented ontologies. Practical instances from the EU, ASEAN, and North America demonstrate 

how artificial intelligence-driven systems may streamline manual tasks, identify anomalies in 

reporting, and generate reconciled summaries for stakeholders across borders. The findings 

underscore the capability of NLP utilised in Knowledge Graphs, not just for automating reporting 

processes but also as a foundation for providing intelligent, transparent financial governance 

solutions. 
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Introduction 

The Intricacies of International Financial Reporting Global financial reporting exhibits 

significant complexity owing to varied regulatory frameworks, interpretative practices, and 

disclosure mandates across nations. Although the International Financial Reporting 

Standards (IFRS) and the United States Generally Accepted Accounting Principles (US 

GAAP) prevail in the global financial reporting arena, national standards in countries like 

China, India, and Brazil persist with differing levels of convergence and divergence. This 

leads to interpretive fragmentation, when identical economic transactions may be reported 

variably across jurisdictions, hindering comparability and decision-making for investors, 

auditors, and regulators [2]. 

The disparity between IFRS and US GAAP is apparent in aspects like as revenue recognition, 

lease accounting, and the valuation of financial instruments. Furthermore, jurisdictional 

modifications within IFRS-adopting countries further undermine standardisation. Local 
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regulators may enforce supplementary disclosure requirements or postpone implementation 

schedules, resulting in temporal and structural discrepancies [3]. 

Challenges in comparability arise from discrepancies in language, formatting, and taxonomy 

in digital financial files sent to platforms like EDGAR or ESMA’s ESEF [4]. Despite the 

implementation of eXtensible Business Reporting Language (XBRL), inconsistent tagging 

and semantic interpretation among datasets impede machine-based analysis [5]. These 

differences diminish the efficacy of worldwide surveillance systems, escalate the expenses 

of cross-border capital allocation, and hinder the endeavours of multinational firms to 

optimise reporting processes. 

Constraints of Manual Harmonisation and Interpretation 

The manual harmonisation of cross-border financial statements is labour-intensive and 

susceptible to human mistake. Financial analysts, accountants, and auditors invest 

considerable time reconciling discrepancies across various reporting standards, particularly 

when consolidating information for comparative analysis or compliance verification [8]. 

This need on expert analysis escalates expenses and prolongs reporting timelines, 

particularly for multinational corporations functioning across many accounting jurisdictions. 

Discrepancies in line-item classification, valuation techniques, and disclosure narratives 

necessitate detailed human judgement, which is inherently subjective and challenging to 

replicate on a large scale [9]. Moreover, the advent of intricate financial instruments, 

evolving business models, and jurisdiction-specific classifications exacerbates the 

interpretive difficulty, frequently necessitating domain experts to manually annotate or 

reclassify data for each context. 

Despite the objective of digital file systems such as XBRL to mitigate ambiguity via 

machine-readable tagging, their implementation is often insufficient or inconsistent [10]. 

Tagging conventions vary by jurisdiction and reporting entity, leading to inconsistent 

interpretations even among files that claim adherence to the same accounting methodology. 

For example, identical revenue items may be categorised under varying taxonomies in US 

and European filings, resulting in discrepancies in cross-border comparisons [11]. 

Furthermore, regulatory updates and changing disclosure requirements demand continual 

reinterpretation, imposing an additional cognitive load on experts and heightening the risk 

of supervision. Figure 1a-b demonstrates that the amount and fragmentation of financial 

reporting inputs generate bottlenecks that obstruct automation and expedite decision-making 

[12]. The constraints of manual harmonisation highlight the necessity for scalable, intelligent 

solutions that can execute profound semantic reconciliation landscape of financial reporting 

discrepancies 

Comparative Analysis of IFRS, GAAP, and Local Standards 

The International Financial Reporting Standards (IFRS), United States Generally Accepted 

Accounting Principles (US GAAP), and numerous local accounting standards exhibit 

significant disparities in fundamental accounting practices. These inconsistencies frequently 

arise from conceptual differences, historical precedents, and legislative agendas specific to 
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each country. A prominent area of disagreement is lease accounting. According to IFRS 16, 

lessees are required to record nearly all leases on the balance sheet, however US GAAP 

under ASC 842 allows specific operating leases to be excluded from the balance sheet, 

leading to significant discrepancies in reported liabilities [5]. 

Revenue recognition represents another significant variance. IFRS 15 employs a principles-

based five-step paradigm centred on contract-specific analysis, while US GAAP, despite 

theoretical convergence, retains industry-specific guidelines that may result in varying 

interpretations. Local standards, especially in emerging countries such as Nigeria and India, 

frequently integrate aspects of IFRS while implementing jurisdiction-specific alterations, 

such alternate treatments for agricultural assets or varying thresholds for materiality. 

Furthermore, impairment testing, financial instrument classification, and the display of 

comprehensive income exhibit significant discrepancies among frameworks. For example, 

IFRS employs a forward-looking expected credit loss (ECL) model, whereas several local 

standards continue to utilise incurred loss models, resulting in a postponement of impairment 

recognition [8] moreover, presentation specifications differ. IFRS prioritises a 

comprehensive financial statement style, whereas US GAAP frequently allows for greater 

disaggregation and employs extensive footnote disclosures. Local regulations may provide 

diminished disclosure obligations for SMEs or may not necessitate digital submission 

methods [9]. 

Lease Accounting: Single-model approach records most leases as right-of-use assets and 

liabilities on the balance sheet; Dual-model distinguishes between operating and financing 

leases; Mixed practices persist, with some permitting conventional off-balance sheet 

treatment. 

Revenue Recognition: Principles-based five-step approach (IFRS 15); more prescriptive 

application of analogous five-step model (ASC 606); partial or delayed implementation; 

hybrid models prevalent. 

Fair Value Measurement: IFRS 13 employs a hierarchical model utilising exit price and 

observable inputs, whereas ASC 820 adopts a comparable tiered approach with 

comprehensive guidance. Frequently, there is an absence of hierarchy or established 

valuation technique standards. 

Impairment Testing: Forward-looking projected credit loss model (IFRS 9); Incurred loss 

model (CECL) utilising intricate historical metrics; Varies; occasionally rule-based with 

limited forward-looking provisions. 

Presentation of OCI Items: OCI items are categorised and recycled according to 

categorisation. Certain OCI items are not recycled; presentation regulations vary. Frequently 

combined into income or reported inconsistently.  

Digital Reporting Format: Inline XBRL is progressively imposed by regulators in Europe 

and Asia. The SEC requires XBRL files for public businesses. There is inconsistency, as 

several jurisdictions depend on PDFs or handwritten spreadsheets. 
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Language and Terminology: Simplified, investor-centric language is advocated; technical 

and legalistic terminology is prevalent, often laden with legalese and without standardised 

translation tools. 

Enforcement and Oversight: Supervised by securities authorities and the IFRS Foundation; 

overseen by the SEC, FASB, and PCAOB; fragmented enforcement frequently linked to tax 

reporting rather than investor protection. 

Barriers to Harmonisation: Language, Structure, and Terminology 

Attempts to unify worldwide financial reporting encounter ongoing obstacles stemming from 

linguistic variation, structural discrepancies, and semantic vagueness. Despite IFRS being 

established as a worldwide standard, its interpretation and use vary among jurisdictions 

owing to local legal translations and contextual reinterpretations. These jurisdictional 

discrepancies frequently result in nuanced alterations in meaning, confounding efforts at 

semantic harmonisation [11]. 

An exemplary instance is the interpretation of “control” within the framework of 

consolidation accounting. In certain languages, the subtlety of "power to direct" (as 

mandated by IFRS 10) is diminished, resulting in various interpretations and diverse 

consolidation determinations [12]. Likewise, discrepancies in metadata among digital file 

systems, including variations in taxonomy codes, element names, and data structures, hinder 

the seamless integration of financial reporting internationally. 

The structural disparities are exacerbated by terminological inconsistencies. The term 

"revenue" may correspond to distinct line items or subcategories across multiple 

jurisdictions. Within XBRL frameworks, country-specific taxonomies sometimes supersede 

global schemas, resulting in diminished comparability [13]. 

Additionally, localised accounting practices present unique formats, such as vertically 

arranged financial statements or multi-tiered balance sheets, which hinder automated 

processing systems [14]. These impediments constrain the efficacy of AI-driven financial 

reporting instruments, which necessitate standardised input for precise analysis. 

Current Harmonisation Initiatives and Their Deficiencies 

Various international initiatives have aimed to reconcile the reporting discrepancies among 

IFRS, US GAAP, and local standards. The IFRS Foundation, in conjunction with national 

regulators, has advocated for the IFRS Taxonomy to enhance digital reporting and ensure 

semantic uniformity in financial disclosures. Likewise, the United States. The Securities and 

Exchange Commission (SEC) requires XBRL tagging for files filed through EDGAR to 

improve data accessibility and comparability. The IFRS Taxonomy offers a systematic 

lexicon for annotating financial statement components, facilitating automated verification 

and inter-firm comparison. However, practical obstacles emerge from restricted adoption in 

specific areas, varying expansions of fundamental taxonomies, and variable tagging 

practices among companies. The taxonomy offers a robust foundation, but its effectiveness 

diminishes when companies utilise proprietary tags that hinder interoperability [17]. 
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Comparability indexes, such as those created by the World Bank and OECD, seek to quantify 

alignment among jurisdictions. These systems provide overarching insights but frequently 

lack detail and real-time updates, rendering them inadequate for regulatory enforcement or 

investment-grade risk evaluation [18]. The European Single Electronic Format (ESEF) 

program, governed by ESMA, signifies a crucial advancement in the standardisation of 

digital reporting across the EU. Nonetheless, its emphasis on consolidated listed entities 

constrains its scope, excluding private and smaller entities from overarching harmonisation 

objectives [19]. 

What Are Knowledge Graphs and Their Potential in Financial Reporting? 

Knowledge graphs (KGs) are structured representations of data that link entities, including 

companies, financial measures, standards, and disclosures, through semantically significant 

links. In contrast to relational databases that emphasise tabular accuracy, knowledge graphs 

(KGs) encapsulate context and inferential reasoning via nodes and edges, facilitating 

dynamic querying. 

Generation of inferences [11]. In financial reporting, knowledge graphs provide a viable 

means for attaining semantic interoperability among diverse data sources and standards. 

Knowledge graphs fundamentally represent not just the nature of entities but also their 

interrelations. A knowledge graph may associate “Revenue” with both “IFRS 15” and 

“Operating Segments” via attributes such as “defined under” and “reported in,” respectively. 

These relational maps facilitate automated systems in reasoning about disclosures, detecting 

reporting discrepancies, and deducing implicit equivalences across several frameworks [12]. 

Financial knowledge graphs are very effective in clarifying overlapping ideas present in 

IFRS, US GAAP, and local standards. By integrating tags and definitions from taxonomies 

(e.g., XBRL), footnotes, and auditor commentary into a unified graph, they establish a 

coherent structure that machines can traverse and learn from [13]. This facilitates cross-

jurisdictional comparison, risk identification, and compliance verification at a depth and 

scale that manual methods cannot achieve. 

Furthermore, knowledge graphs can incorporate temporal modifications, such as changing 

disclosure mandates or expanding definitions of control, rendering them adaptable in highly 

regulated contexts. Their combination with natural language processing (NLP) significantly 

improves the extraction of entities and relationships from unstructured text, including 

management discussion and analysis (MD&A) sections, providing a cohesive perspective on 

both formal and narrative disclosures [14]. 

Natural Language Processing in Financial Text Analysis: Advantages and 

Disadvantages 

Natural Language Processing (NLP) denotes the computational analysis of human language 

and is essential for deriving insights from unstructured financial disclosures. NLP employs 

techniques like Named Entity Recognition (NER), sentiment analysis, and summarisation to 

extract essential information from narrative reports, like risks, claims, or policy statements, 

which frequently escape structured files [16]. 
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NER facilitates the annotation of domain-specific entities, like corporate names, revenue 

components, standard references, or risk factors, so improving the accessibility of critical 

information. Claim detection can reveal forward-looking comments or regulatory promises, 

providing analysts with a more comprehensive understanding of organisational positioning 

and compliance claims [17]. Summarisation approaches can condense MD&A sections or 

auditor input into succinct interpretations while preserving semantic context, so enhancing 

comparability across enterprises and jurisdictions. 

NLP encounters numerous constraints when utilised in financial texts, notwithstanding its 

potential. Initially, domain-specific terminology, legal language, and diverse narrative styles 

may diminish model accuracy, particularly when pre-trained language models are not 

familiar with specialised corpora [18]. Moreover, financial statements frequently include 

nuanced qualifiers such as “may,” “likely,” or “subject to,” which might modify the strength 

of claims or regulatory consequences, necessitating precise interpretation frameworks. 

A further constraint is the challenge of resolving co-references, especially in texts containing 

several entities, standards, or temporal variations. The term "the Company" may denote 

many subjects based on context, hence perplexing entity-linking algorithms [19]. 

Additionally, jurisdictional and linguistic diversity exacerbate these issues. NLP models 

developed on US disclosures may encounter difficulties when utilised for European or Asian 

files because of variations in linguistic structures and reporting standards. 

Integration with Reporting Systems and Analytical Dashboards 

The ultimate layer of the platform is the integration of the foundational AI models with user-

oriented technologies, including analyst dashboards, regulatory instruments, and investor 

portals. This necessitates the creation of modular interfaces, resilient APIs, and real-time 

visualisation tools that enable stakeholders to examine, query, and contrast financial reports 

with semantic precision [29]. 

Analyst dashboards provide integrated perspectives of structured and unstructured 

information, amalgamating XBRL data, MD&A summaries, and insights derived from 

knowledge graphs into cohesive panels. Interactive filters enable users to juxtapose 

disclosures over time, across industries, or throughout jurisdictions. Risk flagging, anomaly 

identification, and compliance alerts are visually depicted using intuitive colour-coded 

indications and tooltips [30]. 

Conclusion 

AI-driven knowledge systems signify a revolutionary progress in the international financial 

reporting domain. By integrating the capabilities of natural language processing (NLP) and 

knowledge graphs (KGs), these systems facilitate the automatic, scalable, and interpretable 

harmonisation of financial disclosures across many jurisdictions, standards, and languages. 

They are intended to extract essential insights from intricate reports while contextualising 

and integrating them into a cohesive semantic framework, thereby resolving enduring 

discrepancies between IFRS, US GAAP, and regional standards. 
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This study illustrates the capacity of AI systems to get elevated accuracy in entity 

recognition, summarisation, and document categorisation. The amalgamation of domain-

specific language models, real-time translation engines, and regulatory ontologies facilitates 

accurate interpretation of both structured and unstructured disclosures. Knowledge graphs 

facilitate the accurate linkage of financial and ESG concepts, hence enabling further 

applications such as red-flag recognition, compliance monitoring, and ratio normalisation. 

Benchmarking results indicate that these systems not only equal but frequently beat human 

performance in terms of speed and consistency, achieving precision rates over 90% in 

fundamental classification and mapping tasks. 

Transparency is fundamental to their design. Explainable AI techniques like as SHAP, audit 

trails, and just-in-time rationales empower regulators, auditors, and analysts to track 

conclusions to their original inputs. This degree of responsibility is essential in contexts 

where legal, financial, and ethical repercussions depend on the veracity of disclosures. 

Scalability is also a significant advantage; AI-driven solutions can handle millions of reports 

each year, adjust to regulatory changes, and facilitate multilingual workflows without 

sacrificing performance. 

In addition to operational efficiency, AI-powered knowledge systems significantly 

contribute to the convergence of the fragmented global financial ecosystem. They furnish 

the technological framework for genuine interoperability, enable standardised ESG 

integration, and supply policymakers with a data-driven perspective to evaluate risk, enforce 

compliance, and formulate future disclosure requirements. With the advent of digital 

standardisation and sustainability disclosure in financial reporting, these AI systems are set 

to become essential instruments for robust, transparent, and internationally harmonised 

governance. 
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