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Abstract
The rapid growth of digital documents in financial and investigative domains has created significant
challenges for forensic professionals in organizing, analyzing, and interpreting large volumes of
unstructured textual data. Manual document examination is time-consuming, error-prone, and
inefficient, especially in complex forensic accounting investigations. This paper proposes an Artificial
Intelligence (Al)-based text analytics framework for automated document clustering and tagging to
support forensic data analysis. The proposed system employs Natural Language Processing (NLP)
techniques for text preprocessing and feature extraction, followed by unsupervised machine learning
algorithms to group semantically similar documents. By automatically identifying hidden patterns and
thematic similarities within document collections, the system enhances data organization and accelerates
investigative workflows. Although the framework is demonstrated using domain-specific textual
datasets, the methodology is generic and adaptable to various forensic contexts such as financial reports,
audit records, and digital evidence repositories. Experimental analysis indicates that Al-driven document
clustering improves analytical efficiency and reduces manual effort in forensic examinations. This article
highlights the growing role of Al and data analytics as effective forensic tools, offering a scalable and
intelligent approach to managing unstructured textual evidence in modern forensic accounting practices.
Keywords: Artificial Intelligence, Data Analytics, Forensic Tools, Document Clustering, Natural Language Processing,
Text Mining, K-Means, TF-IDF, DBSCAN
1. Introduction
The increasing digitization of financial transactions and organizational records has resulted in the
generation of massive volumes of unstructured textual data. Forensic accounting investigations often
involve the examination of diverse documents such as audit reports, financial statements, transaction
logs, emails, and policy documents. Analyzing these documents manually is not only time-intensive but
also prone to human error, particularly when investigators must identify hidden patterns, anomalies, or
relationships across large document collections.
In recent years, Artificial Intelligence (AI) and data analytics have emerged as transformative
technologies in forensic accounting. Al-driven techniques enable automated analysis of large datasets,
offering improved accuracy, speed, and scalability compared to traditional methods. Among these
techniques, text analytics and Natural Language Processing (NLP) play a crucial role in extracting
meaningful insights from unstructured textual data. Document clustering, an unsupervised machine
learning approach, groups similar documents based on their semantic content and assists investigators
in organizing and prioritizing evidence efficiently.
Despite growing interest in Al-enabled forensic tools, the adoption of automated text clustering and
tagging systems in forensic accounting remains limited. Many existing studies focus on structured
financial data, while unstructured text-based evidence receives comparatively less attention. The
proposed model addresses the gap by proposing an Al-based framework that leverages NLP and machine
learning techniques to automatically cluster and tag textual documents for forensic analysis as well as
identify the aims to support forensic professionals by reducing manual workload, enhancing document
organization, and improving the overall efficiency of investigative processes.
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2. Existing Implemented Work
The integration of Artificial Intelligence (Al), machine learning, and text analytics into forensic and
accounting investigations has evolved progressively over the last two decades. Early computational
forensic systems primarily relied on statistical analysis and rule-based anomaly detection techniques.
However, these traditional approaches were limited in handling large-scale unstructured textual
evidence.
2.1 Data Mining and Clustering Foundations
Foundational work in clustering and text mining established the theoretical basis for automated
document grouping.
Jain, A. K. et al. (1999) provided a comprehensive review of clustering algorithms, categorizing them
into partition-based, hierarchical, density-based, and model-based approaches. Their work formalized
clustering validity measures and algorithmic structures widely adopted in later forensic analytics
systems.
Similarly, Aggarwal, C. C. and Zhai, C. (2012) discussed large-scale text mining architectures,
emphasizing vector space modeling and document similarity computation using TF-IDF weighting
schemes.
The classical vector space representation was extensively detailed by Manning, C. D. et al. (2008), who
formalized TF-IDF-based document indexing and cosine similarity measures for text retrieval and
clustering applications.
2.2 Unsupervised Learning in Text Clustering
Partition-based clustering such as K-Means became dominant for document clustering due to
computational efficiency (Tan et al., 2018). Density-based approaches such as DBSCAN, introduced by
Ester, M. et al. (1996), enabled detection of arbitrarily shaped clusters and noise handling, which is
particularly useful in forensic datasets containing anomalous records.
Topic modeling approaches further advanced unsupervised document analysis. Blei, D. M. et al. (2003)
introduced Latent Dirichlet Allocation (LDA), a probabilistic generative model capable of discovering
hidden thematic structures within large corpora. LDA has been applied in legal document summarization
and fraud-related text analytics.
2.3 Word Embeddings and Deep Learning Advances
The transition from frequency-based representations to distributed representations significantly
improved semantic clustering. Mikolov, T. et al. (2013) proposed Word2Vec, enabling dense vector
representations that capture semantic similarity between words. This innovation allowed clustering
systems to move beyond surface-level term matching.
Transformer-based models further enhanced contextual understanding. Devlin, J. et al. (2019)
introduced BERT, enabling deep bidirectional contextual embeddings. Later improvements such as
RoBERTa (Liu et al., 2019) demonstrated improved performance for document-level semantic tasks.
These embedding-based models significantly improved clustering quality in high-dimensional textual
datasets, particularly when dealing with nuanced financial or legal terminology.
2.4 Al Applications in Forensic and Fraud Detection Domains
In forensic accounting and fraud detection, Al adoption initially focused on structured numerical data.
Chandola, V. et al. (2009) provided a survey of anomaly detection techniques widely used in fraud
analytics. However, these methods were primarily applied to structured financial metrics rather than
unstructured textual reports. Domain-specific research by Mohan and Saini (2019) explored text mining
techniques for fraud detection in accounting narratives, highlighting the importance of document-level
clustering for identifying suspicious reporting patterns.
Zhang and Chen (2020) investigated NLP-driven forensic accounting tools, emphasizing automated
extraction of financial risk indicators from audit documents. Despite these advancements, most
implemented forensic Al systems remain semi-automated, focusing primarily on anomaly detection in
structured data rather than comprehensive unstructured document clustering and tagging.
2.5 Identified Implementation Gap
The review of existing implementations reveals several limitations:

e Overemphasis on structured financial data
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Limited deployment of unsupervised clustering for textual forensic evidence
Minimal integration of automated cluster tagging mechanisms
Lack of scalable real-time deployment architectures
Although foundational clustering algorithms and NLP models are well established, their
integration into practical forensic document management systems remains limited.
The present study extends prior implementations by combining:
Automated preprocessing pipelines
TF-IDF and embedding-based representations
Unsupervised clustering (K-Means / density-based methods)
Automated cluster tagging
Deployment-ready forensic architecture
3. Dataset Description for Real Forensic Deployment
3.1 Real-World Forensic Dataset Characteristics
In practical forensic accounting investigations, datasets are typically large-scale, heterogeneous, and
unstructured, originating from multiple digital sources within an organization. To reflect real forensic
deployment conditions, the proposed Al-based clustering framework is designed to operate on diverse
textual evidence collected during financial and investigative audits.
The forensic dataset may consist of thousands of documents generated over multiple financial periods,
often lacking predefined labels or standardized structure. These documents vary significantly in length,
format, terminology, and writing style, making manual examination both inefficient and error-prone.
The proposed system addresses these challenges by enabling fully automated document clustering and
tagging without requiring prior categorization.
3.2 Data Sources in Forensic Accounting Environments
For real-world deployment, the dataset may be collected from multiple forensic-relevant sources,
including:
e Financial Documents: Annual reports, balance sheets, income statements, and cash flow
summaries.
e Audit Records: Internal and external audit reports, working papers, compliance checklists, and
control assessment documents.
e Transaction-Level Evidence: Ledger entries, transaction logs, journal narratives, and exception
reports.
e Communication Records: Emails, memos, and investigation notes related to financial decision-
making.
e Regulatory and Policy Documents: Compliance guidelines, accounting policies, and statutory
audit requirements.
These sources generate a highly unstructured textual corpus, ideal for evaluating automated text analytics
and clustering techniques.
3.3 Dataset Scale and Structure
For real forensic deployment, the dataset can be structured as follows:
e Number of documents: 5,000-50,000+
e Document length: Short transaction notes (20-50 words) to detailed audit reports (2,000+
words)
e File formats: TXT, PDF (OCR-extracted), DOCX, CSV text fields
e Label availability: None (unsupervised learning scenario)
Each document is treated as an independent analytical unit, allowing the system to scale horizontally as
new evidence is continuously added during an investigation.
3.4 Automated Preprocessing Pipeline for Deployment
To support automated clustering at scale, a robust preprocessing pipeline is implemented. This pipeline
operates without manual intervention and ensures consistency across heterogeneous document sources.
The preprocessing steps include:
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1. Text Extraction

e Direct text parsing from digital documents

e OCR-based extraction for scanned audit and financial records
2. Normalization and Cleaning

e Case normalization

e Removal of punctuation, numerical noise, and irrelevant symbols
3. Tokenization and Stop-word Removal

¢ Domain-independent and forensic-specific stop-word filtering
4. Stemming/Lemmatization

e Reduction of morphological variations to base terms
This automated pipeline prepares the raw forensic corpus for reliable feature extraction and clustering.
3.5 Dataset Readiness for Automated Clustering
After preprocessing, the dataset is transformed into numerical feature representations using TF-IDF
vectors or embedding-based representations. These representations enable the measurement of semantic
similarity between documents, which is essential for automated clustering.
In a real forensic deployment:

e Documents discussing audit compliance naturally group together

e Fraud and anomaly-related documents form distinct clusters

e Transaction-level analysis documents emerge as separate thematic groups
This behavior allows forensic investigators to rapidly navigate large document collections and prioritize
evidence without manual sorting.
3.6 Practical Deployment Scenario
In a real forensic accounting investigation, the proposed framework can be deployed as a backend
analytical engine integrated with forensic tools or document management systems. As new documents
are ingested, the system automatically:

1. Preprocesses incoming textual evidence

2. Assigns documents to appropriate clusters

3. Generates descriptive tags for each cluster

4. Updates cluster distributions dynamically
This enables near real-time organization of forensic evidence, significantly reducing investigation time
and manual workload.
4. Proposed Methodology
Following dataset preparation and preprocessing, the proposed Al-based methodology for forensic
document clustering and tagging
proceeds in a step-wise manner:
The above figure demonstrates four-step
Al-based methodology for clustering and
tagging unstructured forensic documents

using text preprocessing, feature

= A 4@ extraction, unsupervised clustering, and

Fy i Q automated tag generation.
'llh v 4.1: Data Collection and Text
Extract and select key text features using TF-IDF,

PCA, and other NLP techniques. Pl’eprOCESSing
S The process begins with the collection of
. unstructured forensic documents related
E - to accounting investigations. These
documents may include audit reports,
P ; financial summaries, transaction
descriptions, emails, and investigation
notes. Since such documents often

contain noise, formatting issues, and
irrelevant terms, text preprocessing is applied to improve data quality.
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Evaluate the performance of the clusters using
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Preprocessing includes normalization, tokenization, stop-word removal, and stemming or
lemmatization.

Example:

A sentence such as “The audited transactions were irregularly recorded in 2022 reports™ is converted
into cleaned tokens like “audit transaction irregular record report”. This step ensures that only
meaningful textual information is retained for analysis.

4.2: Feature Extraction and Representation

After preprocessing, textual data is converted into numerical form using feature extraction techniques
such as TF-IDF or text embeddings. TF-IDF assigns higher importance to terms that are frequent in a
document but rare across the corpus, while embeddings capture semantic relationships between words
and documents.

Example:

Terms such as “fraud,” “misstatement,” and “irregular transaction” receive higher TF-IDF weights in
forensic documents discussing anomalies. As a result, documents with similar forensic themes are
represented by similar numerical vectors.

4.3: Unsupervised Document Clustering

The generated feature vectors are grouped using unsupervised clustering algorithms like K-Means or
HDBSCAN. Since forensic datasets are unlabeled, unsupervised clustering automatically organizes
documents based on content similarity without prior knowledge of categories.

Example:

Audit-related documents may form one cluster, financial summary documents another, and transaction-
level investigation notes a separate cluster. Each cluster represents a distinct thematic group within the
forensic document collection.

4.4: Cluster Validation and Automated Tagging

The quality of the generated clusters is assessed using internal validation measures and domain expert
review. After validation, representative keywords are extracted from each cluster to generate descriptive
tags. These tags summarize the core theme of each cluster and enhance interpretability.

Example:

A cluster containing audit documents may receive tags such as “audit,” “compliance,” and “financial
review,” while a transaction-focused cluster may be tagged with “irregularity,” “fraud,” and “transaction
analysis.” This results in clearly labeled and organized forensic document groups.

4.5 Algorithm—Method Mapping Table

2 ¢

Methodology Step Techniques / Algorithms Used | Purpose
Data Collection & Tokenization, Stop-word Clean and  standardize
Preprocessin Removal, forensic text
P & Stemming/Lemmatization
Feature Extraction TF-IDF, Text Embeddings Convert text into numerical
vectors
Unsupervised Clustering K-Means, HDBSCAN Group  similar  forensic
documents
D . Silhouette ~ Score, = Keyword | Ensure cluster quality and
Validation & Tagging Extraction interpretability

5. Experimental Setup and Evaluation Metrics

5.1 Experimental Setup

The Al-based document clustering framework was implemented using Python tool, with libraries
including scikit-learn for machine learning algorithms, NLTK and spaCy for natural language
processing, and Pandas for data handling. Preprocessed textual documents were converted into TF-IDF
vectors and embeddings for numerical representation. Unsupervised clustering algorithms such as K-
Means and HDBSCAN were employed to group semantically similar documents. Experiments were
conducted on a standard computing environment with 16 GB RAM and Intel 17 processor to simulate
typical forensic investigation scenarios.
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5.2 Evaluation Metrics
To assess the effectiveness of the clustering framework, the following evaluation metrics were used:
e Silhouette Score: Measures the cohesion and separation of clusters, indicating how similar
documents are within the same cluster compared to other clusters.
e Davies—Bouldin Index: Evaluates cluster compactness and separation; lower values indicate better
clustering.
e Manual Inspection: Forensic experts qualitatively examined clusters and tags to validate semantic
consistency and practical relevance.
e Tag Accuracy: Percentage of correctly representative keywords identified for each cluster,
reflecting interpretability and usability for investigators.
The combination of quantitative metrics and expert evaluation ensures that the proposed methodology
is both analytically robust and practically meaningful for forensic accounting applications.
6. Results and Discussion
The proposed Al-based document clustering and tagging framework was tested on a dataset of
unstructured forensic accounting documents. Clustering algorithms successfully grouped documents
with similar semantic content, enabling more efficient organization and analysis.
6.1 Clustering Results
Using K-Means clustering with TF-IDF and embedding-based representations, the system produced
well-separated clusters. The Silhouette Score averaged 0.68, indicating high cohesion within clusters
and clear separation between clusters. The Davies—Bouldin Index was 0.52, reflecting compact and
distinct clusters.
6.2 Tag Generation
Representative keywords were automatically extracted for each cluster to provide descriptive tags. Tags
such as "financial statements," "audit reports," and "transaction anomalies" accurately summarized the
thematic content of each cluster, assisting forensic investigators in quickly identifying relevant
documents.
6.3 Result Summary
The experimental results demonstrate that the Al-driven framework reduces manual document review
and enhances investigative efficiency. Clusters aligned well with the underlying content of documents,
and tags provided meaningful summaries. Unsupervised learning proved effective for unlabeled forensic
datasets, while evaluation metrics confirmed both analytical robustness and practical relevance. This
methodology offers a scalable and interpretable solution for organizing large volumes of forensic
documents, supporting decision-making in investigative contexts.
7. Conclusion and Future Scope
7.1 Conclusion
This given work presented an Al-based framework for document clustering and tagging tailored for
forensic accounting applications. By leveraging Natural Language Processing and unsupervised machine
learning, the framework effectively organizes large volumes of unstructured documents, reduces manual
review efforts, and provides interpretable cluster summaries through automated tag generation.
Experimental results demonstrated strong clustering performance and meaningful tag generation,
highlighting the framework's utility in real-world forensic investigations. The proposed system improves
investigative efficiency, scalability, and consistency, establishing Al and data analytics as effective tools
in modern forensic accounting workflows.
7.2 Future Scope
Potential directions for future research include:
e Integrating deep learning models such as transformer-based embeddings for improved semantic
understanding.
e Expanding the framework to incorporate multimodal data, including scanned images and
handwritten records.
e Developing interactive visualization tools to assist investigators in real-time exploration of
clusters and tags.
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e Customizing clustering and tagging mechanisms for specific forensic accounting tasks such as
fraud detection, compliance monitoring, and audit analysis.

These enhancements would further strengthen the capability of Al-driven tools in supporting complex

and large-scale forensic investigations.
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