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Discussing the impact of the computer on society, Weizenbaum wrote that “we must re-
alize that man’s commitment to science has always had a masochistic component” [4]. 
Academic journal editors understand this all too well. However, there are brief moments 
when it seems that all the trouble pays off – when you get to present a new issue.
This issue of the Journal of Computer and Forensic Sciences brings three interesting re-
search articles in the field of machine and deep learning [1-3]. I thank the authors and re-
viewers for their valuable support in preparing this contribution and hope you will enjoy 
reading it.
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Abstract: Plagiarism detection has become increasingly challenging due to the widespread avail-
ability of paraphrasing tools and generative artificial intelligence systems. Traditional plagiarism 
detection techniques based on lexical similarity, such as TF-IDF and n-gram matching, often fail 
to identify semantically similar but lexically modified text. This paper presents a hybrid plagiarism 
detection framework that combines lexical similarity measures with semantic similarity derived 
from sentence transformer models. The proposed approach integrates TF-IDF–based cosine sim-
ilarity with lightweight sentence embeddings generated using MiniLM and SBERT models. To 
enhance semantic detection performance, a MiniLM-based sentence transformer is fine-tuned 
on the PAN 2011 plagiarism detection corpus. Experimental evaluation demonstrates that the 
hybrid similarity approach significantly improves detection accuracy compared to purely lexical 
methods, particularly for paraphrased plagiarism cases. The framework is further validated us-
ing threshold-based analysis and real-world web content retrieved through automated scraping. 
The proposed system provides an efficient and scalable solution for plagiarism detection, bal-
ancing computational efficiency with semantic understanding, and is suitable for academic and 
real-world forensic applications.
Keywords: plagiarism detection, semantic similarity, sentence transformers, MiniLM, natural lan-
guage processing.

1. INTRODUCTION

Plagiarism detection is a critical component of academic integrity, digital forensics, and 
content verification systems [1]. The rapid growth of digital content and the widespread 
availability of paraphrasing and generative text tools have significantly increased the 
complexity of identifying plagiarized material [1]. While traditional plagiarism detection 
techniques are effective in identifying exact text reuse, they often fail when content is 
modified through paraphrasing or structural rewriting [1], [2]. Conventional plagiarism 
detection systems primarily rely on lexical similarity measures such as n-gram matching, 
term frequency analysis, and string-based comparisons [2]. These methods are limited to 
surface-level text analysis and are highly sensitive to lexical changes, causing semantically 
equivalent but lexically altered text to remain undetected [1], [2]. Recent advances in nat-
ural language processing have introduced semantic representations capable of capturing 



CFS. Journal of Computer and Forensic Sciences

CFS 2025, Vol. 4, Issue 2

4

contextual meaning beyond exact word overlap [3]. Transformer-based language mod-
els enable the comparison of textual content at the semantic level, making it possible to 
identify paraphrased or meaning-preserving text reuse [3], [4]. However, purely semantic 
approaches may overlook exact textual matches and can be computationally expensive for 
large-scale applications [4], [5]. To address these limitations, this paper proposes a hybrid 
plagiarism detection framework that integrates lexical and semantic similarity measures. 
By combining TF-IDF–based similarity with sentence-level semantic embeddings gener-
ated by lightweight transformer models, the proposed approach aims to improve detec-
tion accuracy while maintaining computational efficiency. The main contributions of this 
work are as follows:
1) A hybrid similarity framework combining lexical and semantic plagiarism detection 
techniques.
2) A fine-tuned MiniLM-based sentence transformer optimized for plagiarism detection.
3) A comprehensive experimental evaluation on the PAN 2011 plagiarism detection da-
taset.
4) Validation of the proposed framework on real-world web content.

2. RELATED WORK

Plagiarism detection has been an active research area for several decades, particularly 
in academic integrity, digital forensics, and content verification systems. Existing ap-
proaches can broadly be classified into lexical-based methods, traditional machine learn-
ing approaches, and semantic or deep learning–based techniques. Each category exhibits 
distinct strengths and limitations, especially when applied to paraphrased or obfuscated 
plagiarism.

2.1. Lexical-Based Plagiarism Detection Approaches

Early plagiarism detection systems primarily relied on lexical similarity measures that 
compare surface-level textual features [1], [2]. Common techniques include string match-
ing, n-gram overlap, term frequency analysis, and cosine similarity using vector space 
models. Among these, TF-IDF has been widely adopted due to its simplicity, interpreta-
bility, and effectiveness in detecting exact or near-exact text reuse [2]. Lexical approaches 
perform well when plagiarized content is copied verbatim or with minimal modifications. 
N-gram–based methods are effective at identifying localized overlap, while TF-IDF cap-
tures broader document-level similarity patterns, making these approaches computation-
ally efficient and scalable [2]. However, lexical similarity methods are highly sensitive to 
word-level changes. Simple paraphrasing techniques such as synonym substitution, sen-
tence restructuring, or word reordering can significantly reduce lexical overlap while pre-
serving semantic meaning. As a result, purely lexical approaches often fail to detect para-
phrased plagiarism, leading to high false-negative rates [1].
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2.2. Traditional Machine Learning–Based Methods

To overcome the limitations of surface-level similarity measures, traditional machine learn-
ing approaches introduced classification-based plagiarism detection systems [1]. These 
methods typically rely on handcrafted features such as lexical overlap statistics, syntactic 
patterns, stylometric features, and similarity scores computed at different granularity levels. 
Although such approaches improved detection accuracy compared to purely lexical meth-
ods, they depend heavily on feature engineering and domain-specific heuristics. Designing 
effective features requires expert knowledge and often lacks generalization across datasets 
and languages, limiting robustness against advanced paraphrasing techniques [1].

2.3. Semantic Similarity and Embedding-Based Approaches

The introduction of distributed word representations marked a significant shift in pla-
giarism detection research [2]. Word embedding models enabled semantic comparison 
of text by capturing contextual relationships between words, allowing similarity com-
putation beyond exact word overlap. Building upon word embeddings, deep learning 
architectures such as recurrent neural networks and encoder–decoder models enabled 
sentence- and document-level semantic representation [6], [7]. These approaches demon-
strated improved performance in detecting meaning-preserving text transformations but 
often suffered from scalability limitations. Transformer-based models further advanced 
semantic similarity modeling by leveraging self-attention mechanisms to capture contex-
tual dependencies across entire text sequences [3], [7]. Pre-trained transformer models 
provide strong general-purpose language representations that can be adapted to down-
stream tasks, including plagiarism detection.

2.4. Sentence-Level Embeddings for Plagiarism Detection

Sentence-level embedding models offer an efficient alternative to full sequence-to-sequence 
architectures by generating fixed-length vector representations for sentences or documents. 
These embeddings enable direct similarity computation using distance metrics such as co-
sine similarity, making them suitable for large-scale plagiarism detection systems [4]. Sen-
tence transformer architectures explicitly optimize embeddings for similarity tasks using 
Siamese or triplet network structures. Lightweight variants, such as distilled transformer 
models, reduce computational cost while retaining strong semantic representation capabil-
ities [5]. Despite these advantages, purely semantic approaches may overlook exact textual 
reuse or produce high similarity scores for conceptually related but non-plagiarized content.

2.5 Hybrid Plagiarism Detection Approaches

Hybrid plagiarism detection methods aim to integrate lexical and semantic similarity meas-
ures to leverage the strengths of both approaches [1], [4]. Lexical similarity contributes 
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precision by identifying exact text reuse, while semantic similarity improves recall by de-
tecting paraphrased or meaning-preserving content. The proposed framework builds upon 
this line of research by introducing a lightweight hybrid approach that combines TF-IDF–
based lexical similarity with sentence-level semantic embeddings generated by a fine-tuned 
MiniLM model. This design balances detection performance and computational efficiency, 
making it suitable for scalable plagiarism detection in academic and forensic contexts.
Earlier neural approaches based on recurrent architectures, including RNNs and encod-
er–decoder models, have been widely explored for sequence modeling tasks [6], [8], [9], 
[10]. More recently, transformer-based architectures such as BERT and its variants have 
significantly improved contextual text representation capabilities [3]. Generative trans-
former models, including BART and T5, have further advanced text generation and trans-
formation tasks [11], [12]. In addition, knowledge distillation techniques have enabled the 
development of lightweight transformer models for efficient inference [13], supporting 
the use of compact architectures such as MiniLM. Earlier work on paraphrase generation 
and semantic similarity also includes statistical and rule-based approaches [14], [15].

3. PROPOSED HYBRID PLAGIARISM DETECTION FRAMEWORK

This section presents the proposed hybrid plagiarism detection framework, which integrates 
lexical and semantic similarity measures to improve the detection of plagiarized and para-
phrased text. The framework is designed to address the limitations of purely lexical approach-
es while maintaining computational efficiency suitable for real-world deployment [16].

3.1. System Overview

The proposed framework follows a modular pipeline consisting of text preprocessing, 
lexical similarity computation, semantic similarity computation, hybrid similarity aggre-
gation, and threshold-based classification. Given a suspicious document and a reference 
document, similarity scores are computed using both lexical and semantic approaches and 
combined into a unified hybrid similarity score used for plagiarism detection.
Figure 1 illustrates the workflow of the proposed hybrid plagiarism detection framework. 
Input document pairs (suspicious and reference documents) are first preprocessed using 
standard natural language processing techniques. The system then computes similarity 
through two parallel components.
In the lexical similarity branch, TF-IDF vectorization is applied, followed by cosine simi-
larity to obtain the lexical similarity score. In the semantic similarity branch, sentence-lev-
el embeddings are generated using a MiniLM-based transformer model, and cosine simi-
larity is applied to compute the semantic similarity score. The final hybrid similarity score 
is calculated as the average of the maximum lexical and semantic similarity scores for each 
document pair. This score is then used in a threshold-based classification mechanism to 
determine whether the document pair is plagiarized or non-plagiarized. This modular 
design enables flexibility by allowing individual components to be adapted or extended 
based on application requirements. 
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Figure 1: Overview of the proposed hybrid plagiarism detection framework.

3.2. Lexical Similarity Computation

Lexical similarity is computed using the Term Frequency–Inverse Document Frequency 
(TF-IDF) representation combined with cosine similarity. TF-IDF assigns higher weights 
to terms that are frequent within a document but rare across the corpus, making it effec-
tive for identifying exact or near-exact text reuse [2]. Each document is transformed into 
a TF-IDF vector, and cosine similarity is used to measure similarity between document 
pairs. To ensure fair comparison across documents of varying length, L2 normalization is 
applied to the TF-IDF vectors. This lexical similarity component serves as a strong base-
line for detecting verbatim plagiarism but is limited in handling paraphrased or semanti-
cally altered text.

3.3. Semantic Similarity Using Sentence Transformers

To capture semantic similarity beyond surface-level word overlap, the framework em-
ploys sentence-level embeddings generated using a transformer-based language model. 



CFS. Journal of Computer and Forensic Sciences

CFS 2025, Vol. 4, Issue 2

8

Sentence transformer architectures are specifically designed to produce embeddings opti-
mized for similarity comparison tasks [4]. In this work, a lightweight MiniLM-based sen-
tence transformer is used due to its balance between semantic representation quality and 
computational efficiency [5]. Each document is encoded into a fixed-length dense vector 
representing its semantic content, and cosine similarity is computed between embedding 
pairs. To improve task-specific performance, the MiniLM model is fine-tuned using la-
belled document pairs derived from the PAN 2011 plagiarism detection dataset. Fine-tun-
ing adapts the embedding space to better distinguish between plagiarized and non-plagia-
rized content while preserving the general linguistic knowledge of the pre-trained model.

3.4. Hybrid Similarity Score

The central contribution of this work is the integration of lexical and semantic similarity 
measures into a unified hybrid similarity score. Instead of relying on a single similarity 
metric, the proposed approach combines both perspectives to achieve more robust pla-
giarism detection.
The hybrid similarity score is defined as:

In the proposed implementation, the hybrid similarity score is computed as the average 
of the maximum lexical and semantic similarity scores obtained for each document pair. 
This formulation ensures that both exact lexical overlap and semantic equivalence con-
tribute equally to the final similarity assessment. Lexical similarity provides precision for 
detecting copied text, while semantic similarity improves recall for paraphrased or mean-
ing-preserving text reuse. The use of an arithmetic mean provides a simple and interpret-
able aggregation strategy while avoiding the need for additional hyperparameter tuning. 
While equal weighting is effective for the current study, future work may explore weighted 
combinations of lexical and semantic similarity, where optimal weighting factors can be 
learned or empirically determined to further improve detection performance.

3.5. Threshold-Based Classification

A threshold-based decision mechanism is applied to the hybrid similarity score to classify 
document pairs. If the computed hybrid similarity exceeds a predefined threshold, the 
document pair is classified as plagiarized; otherwise, it is classified as non-plagiarized. 
Different threshold values are evaluated experimentally to analyze their effect on detec-
tion performance. Lower thresholds favor recall by identifying a broader range of plagia-
rism cases, while higher thresholds improve precision by reducing false positives. This 
flexibility allows the framework to be adapted to different application scenarios, such as 
academic evaluation or forensic analysis.
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3.6. Computational Complexity and Efficiency

Computational efficiency is an important consideration for plagiarism detection systems 
intended for large-scale or real-world deployment. The proposed hybrid framework is 
designed to balance detection accuracy with computational cost by combining efficient 
lexical similarity computation with a lightweight semantic model. TF-IDF vectorization 
and cosine similarity are computationally inexpensive and scale well with corpus size once 
document vectors are constructed. The MiniLM-based sentence transformer significant-
ly reduces inference time and model size compared to larger transformer architectures 
while maintaining strong semantic representation capabilities. Fine-tuning is performed 
only once during training. During inference, embeddings for reference documents can be 
precomputed and stored, allowing similarity computation to be performed efficiently us-
ing vector operations. The hybrid similarity formulation avoids complex feature fusion or 
multi-stage classification pipelines, further reducing computational overhead. Overall, the 
proposed framework provides a practical and scalable solution for plagiarism detection 
that balances performance and efficiency.

4. EXPERIMENTAL SETUP

This section describes the dataset, preprocessing pipeline, model configuration, training 
strategy, evaluation protocol, and implementation details used to evaluate the proposed 
hybrid plagiarism detection framework. The goal is to ensure reproducibility and provide 
sufficient experimental detail for fair comparison with existing approaches.

4.1. Dataset Description

The experimental evaluation is conducted using the PAN 2011 plagiarism detection da-
taset, a widely used benchmark for external plagiarism detection research. The dataset 
consists of suspicious documents, corresponding source documents, and XML-based 
annotations identifying plagiarized text segments. The dataset includes various forms of 
plagiarism, ranging from exact copying to heavily paraphrased content. Each suspicious 
document may contain zero or more plagiarized segments originating from one or multi-
ple source documents. This diversity makes the dataset suitable for evaluating both lexical 
and semantic plagiarism detection methods. The XML annotation files provide detailed 
metadata, including character offsets of plagiarized segments and plagiarism type infor-
mation. These annotations are parsed to generate labelled document pairs for supervised 
training and evaluation.

4.2 Data Preprocessing

All documents undergo a standardized preprocessing pipeline prior to similarity compu-
tation. The preprocessing steps include tokenization, lowercasing, stop-word removal, and 
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normalization of punctuation and special characters. For lexical similarity computation, 
lemmatization is applied to reduce inflected word forms to their base representations. For 
semantic similarity computation, raw text is preserved as much as possible to retain con-
textual information required by transformer-based models. Documents that exceed the 
maximum token length supported by the model are truncated to ensure consistent input 
representation. This preprocessing strategy balances semantic fidelity with computational 
efficiency.

4.3. Lexical Similarity Configuration

Lexical similarity is computed using TF-IDF vectorization combined with cosine similar-
ity. Unigrams and bigrams are used to capture both individual term usage and short con-
textual patterns. L2 normalization is applied to TF-IDF vectors to mitigate the influence 
of document length on similarity scores. The TF-IDF model is trained on the combined 
corpus of suspicious and source documents to ensure consistent term weighting across 
all document pairs. This configuration provides a reliable baseline for detecting exact and 
near-exact text reuse.

4.4. Semantic Similarity Model and Fine-Tuning Strategy

Semantic similarity is computed using a lightweight sentence transformer based on the 
MiniLM architecture. The model generates fixed-length dense embeddings that represent 
the semantic content of documents, enabling efficient similarity computation using cosine 
similarity. To adapt the model to the plagiarism detection task, fine-tuning is performed 
using labeled document pairs derived from the PAN dataset. Each training sample con-
sists of a suspicious document, a corresponding source document, and a binary label indi-
cating the presence of plagiarism. Fine-tuning optimizes the embedding space to increase 
similarity between plagiarized document pairs while reducing similarity for non-plagia-
rized pairs. A low learning rate is used to preserve general language understanding while 
enabling task-specific adaptation.

4.5. Training Configuration

The fine-tuning process is conducted using mini-batch training with a fixed batch size. 
The model is trained for a limited number of epochs to balance convergence and gener-
alization. Dropout regularization is applied to reduce overfitting and improve robustness. 
The AdamW optimizer is employed due to its effectiveness and stability when fine-tuning 
transformer-based models. After training, the fine-tuned model is used exclusively in in-
ference mode for embedding generation, allowing document embeddings to be precom-
puted and reused during similarity evaluation.
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4.6. Evaluation Metrics

The framework is evaluated using standard classification metrics, including accuracy, pre-
cision, recall, and F1-score. These metrics provide complementary perspectives on detec-
tion performance, particularly in cases of class imbalance. Confusion matrices are addi-
tionally used to analyze false positive and false negative cases, providing insight into error 
characteristics across different similarity approaches.

4.7. Evaluation Protocol

The evaluation follows a document-pair comparison protocol. Lexical, semantic, and 
hybrid similarity scores are computed independently for each document pair. A thresh-
old-based decision mechanism is then applied to classify each pair as plagiarized or 
non-plagiarized. Multiple similarity thresholds are evaluated to analyze robustness. Lower 
thresholds emphasize recall, while higher thresholds favor precision. This analysis sup-
ports adaptation of the framework to different application requirements.

4.8. Implementation Details

The experimental framework is implemented in Python using widely adopted natural 
language processing and deep learning libraries. Lexical similarity is computed using 
scikit-learn, including TF-IDF vectorization and cosine similarity. Semantic similarity is 
computed using Sentence-Transformers and Hugging Face Transformers, while model 
training and inference are carried out using PyTorch. Data handling and analysis are per-
formed using pandas and NumPy, text preprocessing is performed using standard Python 
and NLTK utilities, and result visualization is performed using Matplotlib and Seaborn. 
Additional utilities such as tqdm are used for progress tracking.

5. RESULTS AND ANALYSIS

This section presents the experimental results of the proposed hybrid plagiarism detection frame-
work. The performance of lexical, semantic, and hybrid similarity approaches is evaluated and 
compared using standard classification metrics. In addition, a threshold-based analysis is con-
ducted to examine the robustness of the framework under different operating conditions.

5.1. Lexical Similarity Results

Lexical similarity based on TF-IDF and cosine similarity is evaluated as a baseline ap-
proach. The results show that lexical similarity performs reliably in cases of exact or 
near-exact text reuse. High precision is achieved when plagiarized content exhibits sub-
stantial lexical overlap with source documents. However, the performance of lexical simi-
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larity decreases significantly for paraphrased plagiarism cases. Modifications such as syn-
onym replacement, sentence restructuring, and word reordering reduce lexical overlap, 
leading to lower similarity scores and increased false negatives. These findings confirm the 
limitations of purely lexical plagiarism detection methods.

5.2. Semantic Similarity Results

Semantic similarity is evaluated using sentence embeddings generated by MiniLM-based 
sentence transformer models. Compared to lexical similarity, semantic approaches demon-
strate improved performance in detecting paraphrased and meaning-preserving text re-
use. The fine-tuned MiniLM model shows better recall and overall detection capability 
than the pre-trained variant. Fine-tuning enables the model to adapt to the characteristics 
of plagiarism detection, resulting in more reliable similarity scores for semantically equiv-
alent document pairs. However, semantic similarity alone may produce higher similarity 
scores for conceptually related but non-plagiarized text, which can affect precision.

Table 1: Performance comparison of pre-trained and fine-tuned MiniLM sentence 
embeddings under different similarity thresholds.

Model Approach Accuracy Precision Recall F1 
Score

False 
Positive

False 
Negative

Pre-Trained (T=0.4) Pre-trained Embeddings 
+ Cosine Similarity 0.8825 0.9961 0.7678 0.8672 3 232

Pre-Trained (T=0.8) Pre-trained Embeddings 
+ Cosine Similarity 0.501 1 0.001 0.002 0 998

Sentence Transformer 
based (T=0.4)

Fine-tuned Embeddings 
+ Cosine Similarity 0.494 0.493 0.4605 0.4762 473 539

Sentence Transformer 
based (T=0.8)

Fine-tuned Embeddings 
+ Cosine Similarity 0.761 1 0 0 0 999

Direct Fine-Tune  
Model (T=0.4)

Fine-tuned MiniLM 
Model Cosine Similarity 0.761 0.6776 0.995 0.8062 473 5

Direct Fine-Tune  
Model (T=0.8)

Fine-tuned MiniLM 
Model Cosine Similarity 0.6355 0.9355 0.2903 0.4431 20 709

Table 1 compares the performance of pre-trained and fine-tuned MiniLM sentence em-
beddings under different similarity thresholds. The results indicate that fine-tuning sig-
nificantly improves recall and overall F1-score, particularly at lower threshold values, en-
abling more effective detection of paraphrased plagiarism. In contrast, higher threshold 
values result in overly conservative behavior, leading to a sharp decline in recall for both 
pre-trained and fine-tuned models.

5.3. Hybrid Similarity Results

The proposed hybrid similarity framework combines lexical and semantic similarity 
scores into a unified metric. Experimental results indicate that the hybrid approach con-
sistently outperforms individual similarity methods across evaluation metrics. By inte-
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grating lexical precision with semantic robustness, the hybrid framework achieves a more 
balanced trade-off between precision and recall. This balance is particularly important 
in plagiarism detection scenarios, where both false positives and false negatives can have 
significant consequences. The hybrid approach effectively mitigates the weaknesses of in-
dividual similarity methods while preserving their strengths.

5.4. Threshold-Based Performance Analysis

To analyze the sensitivity of the framework, multiple similarity thresholds are evaluated. 
Lower threshold values increase recall by identifying a larger number of plagiarism cas-
es, including heavily paraphrased content, but may introduce additional false positives. 
Conversely, higher thresholds improve precision by reducing false positives at the cost of 
lower recall. The results indicate that moderate threshold values provide the most effective 
balance between precision and recall. This flexibility allows the framework to be config-
ured according to application requirements, such as strict academic evaluation or broader 
forensic screening.

5.5. Comparative Summary

A comparative analysis across lexical, semantic, and hybrid approaches highlights the ad-
vantages of the proposed framework. Lexical similarity performs well for detecting direct 
copying but struggles with paraphrased text. Semantic similarity improves detection of 
meaning-preserving modifications but may affect precision when used alone. The hybrid 
similarity framework leverages the complementary strengths of both approaches, result-
ing in improved overall performance. These results demonstrate that combining lexical 
and semantic similarity provides a more robust and reliable solution for plagiarism detec-
tion than using either method independently.

6. DISCUSSION

The experimental results demonstrate that combining lexical and semantic similarity 
measures provides a more robust approach to plagiarism detection than relying on ei-
ther method independently. Lexical similarity techniques, such as TF-IDF, are effective for 
identifying direct text reuse but are limited when confronted with paraphrased or struc-
turally modified content. Semantic similarity methods address this limitation by captur-
ing contextual meaning, enabling the detection of meaning-preserving text reuse.
The proposed hybrid framework benefits from the complementary strengths of both ap-
proaches. Lexical similarity contributes precision by accurately identifying exact or near-ex-
act overlap, while semantic similarity improves recall by detecting paraphrased plagiarism. 
The aggregation of these similarity signals results in a balanced detection strategy that re-
duces false negatives without introducing an excessive number of false positives.
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The use of a lightweight MiniLM-based sentence transformer further enhances the prac-
ticality of the framework. Compared to larger transformer architectures, MiniLM offers 
reduced computational cost while maintaining strong semantic representation capability. 
Fine-tuning the model on a plagiarism-specific dataset enables better adaptation to the 
characteristics of plagiarism detection, improving task-specific performance without sac-
rificing efficiency. Threshold-based analysis highlights the adaptability of the framework. 
By adjusting similarity thresholds, the system can be configured for different application 
scenarios. Lower thresholds are suitable for exploratory or forensic analysis where recall 
is prioritized, while higher thresholds are appropriate for academic evaluation scenarios 
that require higher precision.
Despite these strengths, the framework has certain limitations. Similarity alone does not 
necessarily indicate plagiarism, as proper citation and source attribution play an impor-
tant role in distinguishing legitimate referencing from unethical text reuse. It operates pri-
marily at the document level and does not explicitly distinguish between cited and uncited 
text reuse. As a result, properly referenced quotations may still be flagged as similar. In 
addition, the performance of semantic similarity methods depends on the representative-
ness of the training data, which may affect generalization to domains with substantially 
different writing styles or vocabulary. Overall, the discussion confirms that the hybrid 
similarity strategy provides a practical and effective solution for plagiarism detection, bal-
ancing detection accuracy, interpretability, and computational efficiency.

7. CONCLUSION AND FUTURE WORK

This paper presented a hybrid plagiarism detection framework that integrates lexical and 
semantic similarity measures to improve the detection of plagiarized and paraphrased 
text. By combining TF-IDF–based lexical similarity with sentence-level semantic embed-
dings generated using a lightweight transformer model, the proposed approach addresses 
the limitations of traditional plagiarism detection techniques.
Experimental evaluation on the PAN 2011 plagiarism detection dataset demonstrates that 
the hybrid framework outperforms purely lexical and purely semantic approaches across 
multiple evaluation metrics. Fine-tuning a MiniLM-based sentence transformer further 
enhances detection performance while maintaining computational efficiency. Additional 
validation using real-world web content highlights the applicability of the framework in 
practical plagiarism detection scenarios.
Despite its effectiveness, the proposed framework focuses on textual similarity and does 
not explicitly distinguish between cited and uncited text reuse. Future work may incor-
porate citation-aware analysis to better differentiate legitimate, properly referenced re-
use from plagiarism. Furthermore, extending the framework to support sentence- and 
paragraph-level analysis may improve fine-grained detection accuracy. Additional future 
research directions include cross-lingual plagiarism detection and the integration of con-
textual metadata to enhance robustness. These extensions could further improve the effec-
tiveness of hybrid similarity-based plagiarism detection systems in diverse academic and 
forensic contexts.
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Abstract: Semantic paraphrase generation plays a crucial role in academic and technical writing by 
enabling authors to restate content while preserving its original meaning. Traditional paraphras-
ing approaches, such as rule-based rewriting and statistical methods, often struggle to maintain 
semantic consistency and linguistic fluency, especially for complex or longer text segments. Recent 
advances in transformer-based architectures have significantly improved text generation capabil-
ities by leveraging contextual representations and self-attention mechanisms. This paper presents 
a comparative study of pre-trained and fine-tuned transformer models for semantic paraphrase 
generation. The study builds upon prior work presented in [1], extending the analysis of trans-
former-based approaches for paraphrase generation. We evaluate encoder–decoder transformer 
architectures, with a primary focus on the BART model in both pre-trained and fine-tuned set-
tings, alongside a large generative language model used for paraphrase generation. The fine-tun-
ing process adapts pre-trained models to paraphrasing tasks using task-specific data, enabling 
improved control over semantic preservation and output consistency. The evaluation is conduct-
ed using both quantitative and qualitative analyses, including training and validation loss trends 
and comparative examination of generated paraphrases. Experimental results demonstrate that 
fine-tuned transformer models produce paraphrases with higher semantic fidelity and structural 
coherence compared to their pre-trained counterparts, while large generative models offer fluent 
but less deterministic outputs. The findings highlight the importance of task-specific fine-tuning 
for controlled and semantically accurate paraphrase generation. This study contributes practical 
insights into the selection and adaptation of transformer architectures for paraphrasing applica-
tions, particularly in academic and research-oriented writing contexts.
Keywords: semantic paraphrase generation; transformer models; BART; fine-tuning; natural lan-
guage processing.

1. INTRODUCTION

Paraphrasing is a fundamental practice in academic and technical writing, enabling authors 
to express existing ideas in new linguistic forms while preserving the original semantic 
meaning. Effective paraphrase generation supports clarity, originality, and ethical content 
creation, particularly in research communication where similar concepts are often discussed 
across multiple works. However, producing high-quality paraphrases that maintain seman-
tic fidelity and grammatical correctness remains a challenging task for automated systems. 
Early approaches to paraphrase generation relied on rule-based methods and statistical tech-
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niques, such as synonym substitution and phrase-based machine translation. While these 
methods offered limited rewriting capabilities, they frequently failed to preserve contextual 
meaning, resulting in paraphrases that were either semantically distorted or linguistically 
unnatural. Neural network–based sequence-to-sequence models, including recurrent neu-
ral networks and long short-term memory architectures, improved fluency but faced scala-
bility issues and difficulty in capturing long-range dependencies within text.
The introduction of transformer-based architectures has significantly advanced natural 
language generation tasks, including paraphrase generation. By employing self-attention 
mechanisms and parallelized processing, transformer models enable richer contextual un-
derstanding and improved text generation performance. Encoder–decoder architectures, 
in particular, have demonstrated strong capabilities in text rewriting tasks by learning to 
map input sentences to semantically equivalent outputs. Pre-trained transformer mod-
els further enhance this capability by leveraging large-scale language knowledge acquired 
during pre-training.
Despite these advancements, a key practical question remains: to what extent does 
task-specific fine-tuning improve the quality of paraphrase generation compared to using 
pre-trained models directly? While large pre-trained and generative models can produce 
fluent paraphrases, their outputs may lack consistency and control when applied to struc-
tured academic rewriting tasks. Fine-tuning transformer models on paraphrasing data 
offers a potential solution by adapting general language representations to task-specific 
objectives. This paper presents a comparative study of pre-trained and fine-tuned trans-
former models for semantic paraphrase generation. The study focuses on evaluating en-
coder–decoder transformer architectures, with particular emphasis on the BART model 
in both pre-trained and fine-tuned configurations, alongside a large generative language 
model used for paraphrasing. The evaluation combines quantitative analysis of training 
and validation behaviour with qualitative examination of generated paraphrases, empha-
sizing semantic preservation and structural coherence.
The contributions of this work are threefold:
1) This study provides an empirical comparison between pre-trained and fine-tuned 
transformer models for paraphrase generation,
2) It demonstrates the impact of task-specific fine-tuning on semantic consistency and 
output control, and
3) It offers practical insights for selecting transformer architectures in academic para-
phrasing applications.

2. RELATED WORK

Paraphrase generation has been extensively studied within the field of natural language 
processing, evolving through multiple methodological stages ranging from rule-based re-
writing to modern transformer-based architectures. The primary objective of paraphrase 
generation is to reformulate text while preserving its semantic meaning, a task that re-
quires both linguistic fluency and contextual understanding. Early paraphrase genera-
tion techniques were predominantly rule-based and relied on manually crafted linguistic 
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rules, lexical resources, and synonym dictionaries. These approaches typically performed 
word- or phrase-level substitutions using predefined rules and thesauri. While rule-based 
systems were straightforward to implement, they lacked robustness and often produced 
grammatically incorrect or semantically altered outputs due to their inability to capture 
contextual dependencies and deeper semantic relationships [2]. As a result, such methods 
were limited in their applicability to real-world writing tasks.
To overcome these limitations, statistical approaches were introduced, most notably 
phrase-based statistical machine translation (SMT). In this paradigm, paraphrase genera-
tion was treated as a monolingual translation problem, where sentences were probabilisti-
cally mapped to alternative surface forms using aligned phrase pairs [3]. Statistical methods 
improved linguistic fluency and introduced data-driven learning; however, their effective-
ness was highly dependent on the availability of high-quality parallel corpora. Moreover, 
SMT-based paraphrasing struggled with long sentences and complex syntactic structures, 
limiting its scalability and generalization. The emergence of neural network–based se-
quence-to-sequence models marked a significant advancement in paraphrase generation. 
Recurrent neural networks (RNNs) and long short-term memory (LSTM) architectures 
enabled models to learn continuous latent representations of sentences, allowing for more 
flexible paraphrase generation [4]. Attention mechanisms further enhanced these models 
by allowing dynamic alignment between input and output sequences, improving semantic 
coherence and grammatical consistency [5]. Despite these improvements, recurrent archi-
tectures suffered from inherent drawbacks, including limited parallelization, slow training 
times, and difficulty in modelling long-range dependencies.
Transformer-based architectures have since become the dominant framework for para-
phrase generation and other natural language generation tasks. By replacing recurrence 
with self-attention mechanisms, transformers enable parallel processing and more effec-
tive modelling of global contextual relationships within text [6]. Encoder–decoder trans-
former architectures, in particular, are well suited for paraphrase generation, as they ex-
plicitly learn mappings between semantically equivalent sentence representations. These 
models have demonstrated strong performance in text rewriting tasks by capturing both 
syntactic structure and semantic meaning.
The introduction of large-scale pre-trained transformer models further advanced para-
phrase generation by leveraging linguistic knowledge learned from massive corpora during 
pre-training [7]. Models such as BART employ denoising autoencoder objectives that make 
them particularly effective for text reconstruction and rewriting tasks [8]. Fine-tuning these 
pre-trained models on paraphrase-specific datasets allows them to adapt to controlled re-
writing objectives, improving semantic fidelity and output stability. Recent research has 
also explored the use of large generative language models for paraphrase generation. While 
these models are capable of producing fluent and diverse paraphrases, their generative 
flexibility often results in less deterministic behaviour and occasional semantic drift. This 
characteristic can be advantageous for creative text generation but poses challenges for ap-
plications that require precise semantic preservation, such as academic writing.
Despite the substantial progress achieved through transformer-based models, limited 
work has systematically compared pre-trained and fine-tuned transformer architectures 
for semantic paraphrase generation under controlled evaluation settings. This study ad-
dresses this gap by providing a focused comparative analysis that emphasizes semantic 
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preservation, output consistency, and practical applicability in academic and research-ori-
ented writing contexts. Recent work such as the T5 model [9] further unified text-to-text 
learning approaches, demonstrating strong performance across multiple natural language 
processing tasks, including paraphrase generation.

3. METHODOLOGY

This section describes the methodology adopted for semantic paraphrase generation 
using transformer-based architectures. The overall approach focuses on evaluating and 
comparing pre-trained and fine-tuned transformer models with respect to their ability 
to generate semantically consistent paraphrases while preserving grammatical structure, 
contextual meaning, and linguistic fluency.

3.1. Dataset Preparation and Preprocessing

The paraphrase generation task is formulated using paired text samples consisting of orig-
inal sentences and their corresponding paraphrased versions. Each data instance is struc-
tured as an input–output pair, where the input represents the source sentence and the out-
put represents a semantically equivalent paraphrase. This supervised formulation enables 
effective training and fine-tuning of encoder–decoder transformer models for controlled 
rewriting tasks. Prior to model training and evaluation, the textual data undergoes stand-
ard preprocessing steps to ensure consistency and compatibility with transformer-based 
architectures. These steps include text normalization, lowercasing, removal of unneces-
sary special characters, and sentence-level segmentation. The preprocessing pipeline is 
designed to preserve semantic content while eliminating noise that may negatively impact 
model learning and generation quality.

3.2. Transformer Architecture Overview

Transformer models are built upon self-attention mechanisms that enable the modelling 
of contextual relationships between all tokens in a sequence simultaneously. Unlike re-
current architectures, transformers process entire sequences in parallel, allowing efficient 
learning of long-range dependencies and improving scalability for large datasets [6]. The 
self-attention mechanism computes weighted interactions between tokens, enabling the 
model to capture both local and global contextual information.
In encoder–decoder transformer architectures, the encoder maps the input sentence into 
a sequence of contextualized representations, while the decoder generates the paraphrased 
output in an auto-regressive manner based on the encoded context. This architecture is 
particularly suitable for paraphrase generation, as it explicitly learns mappings between 
semantically equivalent textual representations rather than performing direct word-lev-
el substitutions. Figure 1 illustrates the transformer-based encoder–decoder architecture 
used for semantic paraphrase generation.
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Figure 1. Transformer-based encoder–decoder architecture  
used for semantic paraphrase generation. [6]

3.3. Model Selection

To analyse the impact of pre-training and task-specific adaptation, multiple transform-
er-based models are considered in this study:

• Pre-trained Encoder–Decoder Transformer Model:A transformer model used di-
rectly for paraphrase generation without additional task-specific training. This config-
uration leverages general linguistic knowledge acquired during large-scale pre-train-
ing [7].

• Fine-Tuned Encoder–Decoder Transformer Model:The same pre-trained archi-
tecture further trained on paraphrase-specific data to improve semantic alignment, 
structural consistency, and output stability.

• Large Generative Language Model:Included as a comparative baseline to assess the 
trade-off between generative fluency and semantic control in paraphrase generation.

The primary focus is placed on the BART architecture due to its encoder–decoder design 
and its demonstrated effectiveness in text rewriting and generation tasks [8]. Figure 2 pre-
sents the BART encoder–decoder architecture employed in this study.
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Figure 2. BART encoder–decoder architecture employed  
for semantic paraphrase generation. [10]

3.4. Fine-Tuning Strategy

Fine-tuning adapts a pre-trained transformer model to the paraphrase generation task by 
optimizing it on paired paraphrase data. During fine-tuning, the encoder processes the 
source sentence while the decoder learns to generate the corresponding paraphrased out-
put. The training objective minimizes the discrepancy between the generated paraphrase 
and the reference paraphrase, allowing the model to internalize task-specific rewriting 
patterns. A low learning rate and a controlled number of training epochs are employed 
to prevent overfitting and preserve the general language representations learned during 
pre-training. This strategy enables the model to balance semantic preservation with lexical 
and syntactic variation, which is essential for producing high-quality paraphrases suitable 
for academic writing contexts. Fine-tuning is particularly important for encoder–decoder 
transformer models, as it aligns the model’s generative behaviour with paraphrase-specific 
objectives rather than general text reconstruction or generation tasks.

3.5. Inference Process

During inference, the trained models generate paraphrases for previously unseen input 
sentences. Decoding strategies are configured to promote fluent and semantically consist-
ent outputs while avoiding excessive repetition or unnecessary deviation from the original 
meaning. The generated paraphrases are then evaluated using both quantitative and qual-
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itative criteria to assess semantic fidelity, grammatical correctness, and structural varia-
tion. This inference setup allows for a fair and consistent comparison between pre-trained, 
fine-tuned, and large generative models under identical generation conditions.

4. EXPERIMENTAL SETUP AND EVALUATION METRICS

This section describes the experimental configuration and evaluation strategy adopted to assess 
the performance of pre-trained and fine-tuned transformer models for semantic paraphrase gen-
eration. The experiments are designed to analyse both model learning behaviour during training 
and the qualitative characteristics of generated paraphrases, with particular emphasis on semantic 
preservation, grammatical correctness, and output consistency.

4.1. Experimental Setup

All experiments are conducted using transformer-based encoder–decoder architectures 
configured specifically for paraphrase generation tasks. The primary model evaluated in 
this study is the BART architecture, examined in both pre-trained and fine-tuned settings 
due to its suitability for text rewriting and sequence-to-sequence generation tasks [8]. In 
addition, a large generative language model is included as a comparative baseline to analyse 
differences in fluency, diversity, and controllability of generated paraphrases. For fine-tun-
ing, the pre-trained transformer model is trained on paired paraphrase data using a su-
pervised learning framework. The encoder receives the original sentence as input, while 
the decoder generates the corresponding paraphrased output. Training is performed for 
a fixed number of epochs to ensure sufficient convergence without excessive overfitting. 
A low learning rate is employed to preserve the linguistic representations acquired during 
pre-training and to enable stable optimization, a common practice in transfer learning for 
transformer-based models [7]. Batch size and maximum sequence length are selected based 
on computational feasibility and model constraints, ensuring a balance between training 
efficiency and representation capacity. During inference, identical decoding configurations 
are applied across all evaluated models to ensure fair comparison of generated paraphrases.

4.2. Training and Validation Monitoring

Model performance during training is monitored using both training and validation loss. 
Tracking loss trends provides insight into model convergence, stability, and generaliza-
tion behaviour. A consistent reduction in training loss accompanied by stable validation 
loss indicates effective learning, whereas divergence between the two may signal over-
fitting. For fine-tuned models, validation loss serves as a key indicator of successful task 
adaptation. Comparing training and validation loss trajectories between pre-trained and 
fine-tuned configurations allows assessment of the impact of task-specific fine-tuning on 
learning dynamics. This analysis provides empirical evidence of how fine-tuning improves 
alignment between generated paraphrases and reference outputs. Monitoring loss behav-
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iour is particularly important for paraphrase generation tasks, where semantic alignment 
is not always fully captured by surface-level lexical overlap metrics.

4.3. Evaluation Metrics

Given the focus on semantic paraphrase generation, evaluation is conducted using a com-
bination of quantitative and qualitative measures. Rather than relying exclusively on au-
tomatic n-gram–based metrics, the evaluation strategy emphasizes learning behaviour 
and semantic consistency, which are more indicative of paraphrase quality in controlled 
rewriting tasks.

4.3.1. Quantitative Evaluation

Quantitative evaluation is primarily based on training and validation loss observed during 
model optimization. These metrics provide an objective measure of how effectively the 
model learns to map input sentences to semantically equivalent paraphrases. Lower val-
idation loss is interpreted as improved semantic alignment and generalization capability. 
The use of loss-based evaluation is particularly suitable for encoder–decoder transformer 
models trained with sequence-level objectives, as it reflects the model’s ability to generate 
outputs that closely match reference paraphrases in meaning and structure.

4.3.2. Qualitative Evaluation

Qualitative evaluation complements quantitative analysis by examining the generated 
paraphrases produced by different models. Generated outputs are assessed based on:

• Semantic fidelity to the original sentence
• Grammatical correctness and fluency
• Structural variation and lexical diversity

This qualitative assessment enables human-interpretable comparison of paraphrasing be-
haviour across pre-trained, fine-tuned, and large generative models. It also allows identifi-
cation of semantic drift, unnecessary content alteration, or excessive variability, which are 
critical considerations for academic and technical writing applications.

5. RESULTS AND ANALYSIS

This section presents and analyses the experimental results obtained from evaluating pre-
trained and fine-tuned transformer models for semantic paraphrase generation. The anal-
ysis focuses on model learning behaviour during training and the qualitative characteris-
tics of generated paraphrases, with particular attention to semantic preservation, output 
consistency, and linguistic fluency.
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5.1. Training and Validation Performance

The training and validation loss trends provide insight into how effectively the evaluated 
models learn the paraphrase generation task. For the pre-trained transformer model used 
without task-specific adaptation, the reduction in training loss is limited, and validation 
loss shows comparatively weaker convergence. This behaviour indicates that although 
the pre-trained model possesses strong general language generation capabilities, it is not 
optimally aligned with the controlled paraphrasing objective. In contrast, the fine-tuned 
transformer model demonstrates a more consistent and stable decrease in both training 
and validation loss across epochs. The convergence pattern suggests that task-specific 
fine-tuning enables the model to better internalize paraphrase-oriented rewriting pat-
terns, resulting in improved alignment between generated outputs and reference para-
phrases. The relatively stable validation loss further indicates enhanced generalization and 
reduced overfitting, confirming the effectiveness of fine-tuning for this task.

Table 1. Training and validation loss for the pre-trained BART model.

Metric Value Metric Value

Mean Similarity Score 0.5685
Standard Deviation of 

Similarity Scores
0.1059

Mean BLEU Score 0.1522 Standard Deviation 0.0380

Mean ROUGE-1 Score 0.2965 Standard Deviation 0.0470

Mean ROUGE-2 Score 0.2714 Standard Deviation 0.0476

Mean ROUGE-L Score 0.2965 Standard Deviation 0.0470

Table 2. Training and validation loss for the fine-tuned BART model.

Metric Value Metric Value

Mean Similarity Score 0.8558
Standard Deviation of 

Similarity Scores
0.1291

Mean BLEU Score 0.4098 Standard Deviation 0.2258

Mean ROUGE-1 Score 0.8972 Standard Deviation 0.0903

Mean ROUGE-2 Score 0.7482 Standard Deviation 0.1999

Mean ROUGE-L Score 0.8349 Standard Deviation 0.1565

Comparative analysis of loss trajectories between the pre-trained and fine-tuned configura-
tions highlights the impact of task adaptation on learning dynamics. Fine-tuning allows the 
model to shift from general-purpose text generation toward more controlled semantic re-
writing, which is essential for producing reliable paraphrases in structured writing contexts.
Table 1 presents the quantitative performance metrics for the pre-trained BART model, 
while Table 2 summarizes the corresponding results for the fine-tuned model. The fine-
tuned model consistently outperforms the pre-trained model across all metrics, including 
similarity, BLEU, and ROUGE scores. This improvement demonstrates the effectiveness of 
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task-specific fine-tuning in enhancing semantic preservation and structural consistency 
in paraphrase generation.

5.2. Qualitative Analysis of Generated Paraphrases

Qualitative evaluation reveals clear differences in paraphrasing behaviour across the eval-
uated models. The pre-trained transformer model is capable of producing fluent para-
phrases with noticeable lexical variation; however, its outputs occasionally exhibit seman-
tic drift. In such cases, the generated paraphrase partially alters the original meaning or 
introduces additional contextual information that was not present in the source sentence. 
While these variations may be acceptable in creative rewriting scenarios, they reduce suit-
ability for academic or technical writing tasks where semantic precision is critical.
The fine-tuned transformer model produces paraphrases that more consistently preserve 
the semantic intent of the original input while maintaining grammatical correctness and 
appropriate structural variation. Sentence restructuring is more controlled, and the gen-
erated outputs remain closer to the source meaning without unnecessary elaboration. This 
behaviour reflects the benefits of task-specific fine-tuning, which guides the model toward 
producing paraphrases that balance linguistic diversity with semantic fidelity.
The large generative language model included for comparison generates paraphrases that 
are generally fluent and stylistically diverse. These outputs often demonstrate strong natu-
ral language fluency; however, they exhibit higher variability and less deterministic behav-
iour. In some instances, this flexibility leads to paraphrases that deviate from the original 
meaning or introduce stylistic changes that may not be desirable for structured rewriting 
tasks. While such models are valuable for creative text generation, their reduced semantic 
control limits their reliability for academic paraphrasing applications.
Table 3 presents representative paraphrases generated by the evaluated model, highlight-
ing how semantic meaning is preserved while introducing controlled lexical and structur-
al variation. The examples demonstrate that the generated paraphrases maintain the orig-
inal intent while applying syntactic restructuring and synonym substitution, confirming 
the model’s ability to produce semantically consistent and fluent outputs.

Table 3. Example paraphrases generated by a large generative language model.

Original Sentence DeepSeek-R1 Paraphrase

“AI is transforming healthcare services.” “Healthcare is being revolutionized by artificial 
intelligence.”

“The economy is facing inflation challenges.” “Rising inflation is impacting the economy.”

5.3 Comparative Summary

The comparative analysis of results highlights three key observations:
• Pre-trained transformer models provide a strong baseline for paraphrase generation 

in terms of fluency but lack sufficient control over semantic consistency when used 
without task-specific adaptation.
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• Fine-tuned transformer models achieve superior semantic fidelity, improved output 
stability, and more consistent paraphrasing behaviour, making them better suited for 
controlled paraphrase generation in academic and technical writing contexts.

• Large generative language models offer enhanced linguistic diversity and expressive 
flexibility but exhibit less predictable semantic behaviour, limiting their applicability 
for tasks that require precise meaning preservation.

Overall, the results demonstrate that task-specific fine-tuning plays a critical role in im-
proving the quality and reliability of semantic paraphrase generation using transformer 
architectures. These findings reinforce the importance of model adaptation when deploy-
ing paraphrase generation systems in contexts where semantic accuracy and consistency 
are essential.

6. DISCUSSION

The results presented in this study provide important insights into the effectiveness of 
transformer-based architectures for semantic paraphrase generation, particularly with re-
spect to the role of task-specific fine-tuning. The comparative analysis between pre-trained 
and fine-tuned models highlights that while modern transformer models possess strong 
general language generation capabilities, their performance in controlled paraphrasing 
tasks depends heavily on alignment with task-specific objectives. One of the key obser-
vations is that pre-trained transformer models, when used without additional adaptation, 
tend to prioritize fluency and surface-level variation over precise semantic preservation. 
Although such models generate grammatically correct and diverse paraphrases, the ab-
sence of paraphrase-specific fine-tuning can lead to semantic drift, especially in struc-
tured or information-dense sentences. This behaviour reflects the general-purpose nature 
of pre-trained models, which are optimized for broad language understanding rather than 
controlled rewriting.
In contrast, fine-tuned transformer models demonstrate improved semantic consistency 
and output stability. Fine-tuning enables the model to internalize rewriting patterns that 
emphasize meaning preservation while still allowing appropriate lexical and syntactic var-
iation. This finding underscores the importance of transfer learning strategies that adapt 
pre-trained representations to downstream paraphrasing tasks. The improved conver-
gence behaviour and stable validation performance observed during training further sup-
port the conclusion that fine-tuning enhances generalization for paraphrase generation. 
The comparison with a large generative language model reveals an important trade-off 
between generative flexibility and semantic control. Large generative models produce flu-
ent and expressive paraphrases, often exhibiting greater stylistic diversity than encoder–
decoder transformers. However, this flexibility comes at the cost of reduced determinism, 
which can result in paraphrases that deviate from the original meaning. For applications 
such as academic and technical writing, where semantic accuracy is critical, this unpre-
dictability limits the practical usefulness of purely generative approaches. Another signif-
icant implication of the findings is the limitation of relying solely on surface-level lexical 
variation as an indicator of paraphrasing quality. The qualitative analysis demonstrates 
that paraphrases with substantial structural or lexical differences may still fail to preserve 



CFS. Journal of Computer and Forensic Sciences

CFS 2025, Vol. 4, Issue 2

28

semantic intent. This reinforces the need for evaluation strategies that prioritize semantic 
fidelity over simple n-gram overlap, particularly for controlled rewriting tasks.
Overall, the discussion highlights that fine-tuned encoder–decoder transformer models 
offer a balanced solution for semantic paraphrase generation by combining fluency with 
reliable meaning preservation. These characteristics make such models particularly well 
suited for academic and research-oriented writing contexts, where controlled paraphras-
ing is essential for maintaining clarity, accuracy, and ethical standards.

7. CONCLUSION AND FUTURE WORK

This paper presented a comparative study of pre-trained and fine-tuned transformer 
models for semantic paraphrase generation, with a focus on evaluating their ability to 
preserve meaning while producing fluent and structurally varied paraphrases. By exam-
ining encoder–decoder transformer architectures under different training configurations, 
the study investigated the impact of task-specific adaptation on paraphrase quality and 
output consistency. The experimental results demonstrate that pre-trained transformer 
models provide a strong baseline for paraphrase generation in terms of linguistic fluency 
but are not optimally aligned with controlled rewriting objectives when used without fur-
ther adaptation. In contrast, fine-tuned transformer models exhibit improved semantic 
fidelity, greater output stability, and more consistent paraphrasing behaviour. These im-
provements highlight the importance of fine-tuning in aligning general-purpose language 
models with task-specific paraphrasing requirements, particularly in academic and tech-
nical writing contexts where semantic accuracy is critical.
The comparison with a large generative language model further emphasizes the trade-off 
between generative flexibility and semantic control. While large generative models are 
capable of producing expressive and diverse paraphrases, their reduced determinism can 
lead to semantic drift, limiting their reliability for structured paraphrasing applications. 
This observation reinforces the need to carefully select and adapt models based on the 
intended use case.
Overall, the findings of this study indicate that fine-tuned encoder–decoder transformer 
models offer a practical and effective solution for semantic paraphrase generation when 
accuracy, consistency, and control are prioritized. The results provide valuable insights for 
the design and deployment of paraphrasing systems intended to assist academic authors 
and researchers in ethical and reliable text rewriting.
Future work may explore extending this approach to multilingual paraphrase generation, 
enabling broader applicability across different languages and writing contexts. Addition-
al research could investigate the integration of semantic similarity metrics for automat-
ic evaluation of paraphrase quality, as well as domain-specific fine-tuning strategies to 
further enhance performance in specialized technical and scientific fields. Furthermore, 
hybrid frameworks that combine the controlled behaviour of fine-tuned models with the 
expressive capabilities of large generative models represent a promising direction for ad-
vancing semantic paraphrase generation.
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Abstract: This paper presents a comparative analysis of the application of the K-Means clustering 
algorithm on two different types of data – textual and numerical. The aim of the research was to 
examine the reliability, stability, and interpretability of the results when the same algorithm is ap-
plied to semantically diverse datasets. The textual data were taken from the articles of the Criminal 
Code of the Republic of Serbia, where clustering was performed after preprocessing and TF-IDF 
vectorization. The numerical data refer to traffic accident statistics from 2015 to 2021, analyzing 
parameters such as the number of property-damage-only accidents, the number of injured per-
sons, and the number of fatalities.
The results showed that clustering on textual data produced a relatively clear separation of the-
matic groups of articles, but with a moderate silhouette coefficient value due to a high degree of 
semantic similarity among documents. On the other hand, clustering on numerical data demon-
strated a more stable structure, where the optimal number of clusters was two, indicating the pos-
sibility of distinguishing periods with different intensity and severity of traffic accidents.
It was concluded that the K-Means algorithm provides more reliable and interpretable results for 
numerical data, while in the case of textual data, it requires more precise vector space modeling 
and possibly the application of semantic models such as Word2Vec or BERT. The paper serves as 
a basis for further research in the field of integrating machine learning techniques for analyzing 
heterogeneous data sources.
Keywords: clustering, K-Means, textual data, numerical data, TF-IDF, PCA, silhouette analysis.

1. INTRODUCTION

The modern era is characterized by an exponential growth in the volume of data generated 
daily across various domains – from textual documents and administrative records to nu-
merical statistical reports and sensor data. In such an environment, the ability to efficient-
ly discover structures and patterns within data has become one of the key tasks of modern 
analytics and machine learning. One of the fundamental approaches in this context is clus-
tering, which refers to the grouping of data into clusters based on their internal similarity.
Among numerous clustering algorithms, K-Means occupies a central position due to its 
simplicity, speed, and broad applicability. It enables the identification of groups of objects 
that share similar characteristics, without prior knowledge of the underlying data struc-
tures. However, the effectiveness of the K-Means algorithm largely depends on the nature 
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of the processed data, their distribution, and the applied preprocessing methods. For this 
reason, it is important to examine how this algorithm performs when applied to different 
types of data.
The subject of this research is a comparative analysis of clustering results for textual and 
numerical data using the same algorithm – K-Means. The textual data were taken from the 
corpus of articles of the Criminal Code of the Republic of Serbia, while the numerical data 
were based on official traffic accident statistics from 2015 to 2021. This combination of 
two semantically distinct datasets allows for a deeper analysis of the K-Means algorithm’s 
ability to recognize internal structures within data of different natures.
The aim of the paper is to determine the extent to which the K-Means algorithm produces 
accurate and interpretable results in both cases, as well as to highlight its limitations and 
potential applications in various analytical contexts. The paper presents the steps of data 
preparation, clustering implementation, visualization of results, and interpretation of the 
obtained clusters.

2. RELATED WORK

Research on data clustering has a long history and represents one of the key fields in data 
analysis and machine learning. The foundations of this approach were established by Mac-
Queen [1], who defined the K-Means algorithm as a method for grouping multivariate 
data based on a measure of similarity.
A review of existing studies shows that clustering is a dynamic field that unifies classical 
statistical methods with modern deep learning approaches. In this context, the present 
paper builds upon previous studies that applied K-Means and PCA techniques to the anal-
ysis of traffic accident data [2], with the possibility of future expansion through the appli-
cation of advanced vector models and hybrid clustering methods.
The classification and analysis of textual data pose a particular challenge within this do-
main, as the text must be transformed into a numerical form suitable for further process-
ing. Havrlant and Kreinovich [3] provided a formal explanation of the TF-IDF heuristic, 
one of the most commonly used approaches for converting textual content into vector 
representations, while Wu and Xu [4] emphasized the importance of various machine 
learning techniques for text classification. The TF-IDF method often represents the initial 
step in the process of clustering textual documents, which was also the case in this study.
Verification and evaluation of the quality of the formed clusters represent an essential 
aspect of any research in this area. Rousseeuw [5] proposed the Silhouette Score metric 
as both a visual and quantitative means for assessing the trade-off between cluster com-
pactness and separation, which later became a standard criterion for evaluating clustering 
results.
The application of Principal Component Analysis (PCA) has a long tradition in data anal-
ysis and dimensionality reduction. Recent studies on PCA have demonstrated its effec-
tiveness as a natural method for visual and statistical data exploration, such as the work by 
Gewers et al. [6], while Dunteman [7] and Jolliffe [8] systematized the mathematical foun-
dations of the PCA approach. In the context of these works, PCA was applied for graphical 
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representation of relationships among parameters affecting the number and severity of 
traffic accidents, thereby enabling a better understanding of variability within the dataset.
Manning, Raghavan, and Schütze [9], in their seminal work Introduction to Information 
Retrieval, defined the theoretical and practical aspects of information processing, text 
classification, and retrieval, establishing the framework within which modern machine 
learning algorithms and text analysis methods have evolved. Subsequent research inspired 
by MacQueen, such as the work of Xu and Tian [10], expanded this concept through a 
comprehensive overview of contemporary clustering methods, highlighting their advan-
tages and limitations depending on data structure and dimensionality.
The processing of textual data has been further improved through the application of word 
vectorization methods based on deep learning. Mikolov et al. [11] developed the Word-
2Vec model, which enables the representation of words in vector space while preserving 
semantic proximity, whereas Pennington, Socher, and Manning [12] proposed the GloVe 
model as a more advanced variant that combines local and global statistical information. 
These models now form the foundation of modern natural language processing tech-
niques and have the potential to significantly enhance clustering results compared to the 
traditional TF-IDF approach.

3. THEORETICAL FRAMEWORK AND RESEARCH METHODOLOGY

3.1. Theoretical Framework

Clustering methods represent one of the fundamental approaches within unsupervised 
machine learning, with the goal of identifying natural groups of objects based on their 
similarities or differences. Unlike supervised learning methods, where categories are pre-
defined, clustering operates without prior knowledge of data structures, making it par-
ticularly useful for uncovering hidden patterns.
One of the most commonly used clustering algorithms is K-Means, proposed by James 
MacQueen (1967) [1]. This algorithm seeks to minimize the total distance of data points 
from their respective cluster centroids, thereby producing groups that are as homogeneous 
as possible. The basic principle of operation is based on defining the number of clusters 
K, selecting initial centroids, assigning each object to the nearest centroid, and iteratively 
updating centroid positions until a stable cluster structure is achieved.
The K-Means algorithm can be applied to different types of data – numerical data, where 
values have directly measurable relationships, and textual data, where prior vectorization 
is necessary to represent textual content in numerical form. For textual data, one of the 
most important techniques is TF-IDF (Term Frequency – Inverse Document Frequency), 
which quantifies the significance of words relative to their occurrence in the entire corpus. 
The resulting values form vectors that serve as input data for the clustering algorithm.
To reduce data complexity and improve visualization, the Principal Component Analysis 
(PCA) technique is often applied. PCA transforms the original set of correlated variables 
into a smaller number of uncorrelated principal components, retaining most of the total 
data variance. This approach enables better interpretation of results and clearer visualiza-
tion in two- or three-dimensional space [2].
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The application of clustering to the analysis of textual and numerical data allows research-
ers to gain deeper insights into data structures and underlying patterns. While clusters 
in textual datasets are formed based on semantic similarity, in numerical data they are 
created based on quantitative and statistical relationships among variables. This research 
aims to demonstrate the differences in processing methods, result quality, and cluster in-
terpretability between these two data types using the K-Means algorithm [3].

3.2. Research Methodology

The methodological approach in this paper is based on the experimental application of the 
K-Means algorithm to two datasets of different natures:
1) Textual data – articles of the Criminal Code in .txt format,
2) Numerical data – datasets containing numerical values related to the occurrence and 
consequences of traffic accidents in .csv format.

3.2.1. Data Preparation and Preprocessing

For the textual corpus, several preprocessing stages were carried out:
− text cleaning (removal of punctuation, numbers, and stop words),
− tokenization and transformation of words into numerical vectors using TF-IDF vector-
ization,
− dimensionality reduction using PCA to improve interpretability and optimize compu-
tation,
data normalization to ensure that all values are within the same scale [4].
For the numerical data, standard preparation phases were conducted, including:
− identification and removal of missing values,
− data scaling and normalization,
− selection of relevant variables representing the intensity, frequency, and consequences 
of the observed phenomena.

3.2.2. Application of the Algorithm and Determination  
of the Optimal Number of Clusters

The K-Means algorithm was applied to both datasets, with systematic testing of different 
values of the parameter K. To determine the optimal number of clusters, two standard 
methods were used:
− The Elbow method, which observes the relationship between inertia and the number 
of clusters,
The Silhouette Score, which measures the quality of clustering by considering both the 
distance between clustered objects and the compactness within each group [5].
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3.2.3. Visualization and Analysis of Results

The clustering results were visualized in a two-dimensional space using PCA, which en-
abled a clearer representation of the boundaries between the formed clusters. In the case 
of textual data, the visualization reveals semantic groupings of legal articles, while the 
numerical data display trends in the frequency and severity of occurrences across different 
time intervals [6].

3.2.4. Objective and Expected Contribution

The main objective of the methodology is to determine the extent to which the type of 
data (textual or numerical) influences the clustering results, as well as to evaluate the ef-
fectiveness of the K-Means algorithm in different contexts. The obtained results may con-
tribute to the development of systematic approaches for data analysis in legal, social, and 
technical domains, where it is necessary to identify natural groupings and patterns with-
out predefined labels.

4. ANALYSIS OF RESULTS

The research was conducted on two datasets of different nature – textual and numerical 
types. The goal was to apply the same clustering algorithm (K-Means) and compare the 
obtained results in order to observe differences in the way this algorithm groups data of 
different structures.
The textual data consisted of segments of articles from the Criminal Code of the Republic 
of Serbia. Each article was treated as a separate document. Before clustering, a preprocess-
ing procedure was carried out, which included the following steps:
− removal of punctuation marks and stop words,
− conversion of text to lowercase for consistency,
− lemmatization to reduce words to their base form,
− transformation into a numerical format using TF-IDF vectorization.
The resulting TF-IDF weight matrix for the textual data served as the basis for applying 
the K-Means algorithm. The value of the K parameter was selected experimentally, based 
on the Elbow method, which determines the number of clusters at which the internal in-
ertia stabilizes. After that, PCA analysis was performed to reduce dimensionality to two 
components, enabling visualization of the results. The results showed that the legal articles 
were grouped according to thematic similarities, meaning that sections of the law related 
to similar areas (e.g., criminal acts against life and body, property-related crimes, etc.) ap-
peared within the same clusters. This confirms the applicability of the K-Means algorithm 
for semantic clustering of textual content.
The second part of the research was based on the analysis of numerical data related to 
traffic accidents. The dataset contained information on the number of accidents, fatalities, 
and injuries per year, as well as other relevant parameters.
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Before applying the K-Means algorithm, data standardization was performed using the 
StandardScaler technique to ensure that all attributes had an equal impact on cluster for-
mation. Then, the data were transformed into a two-dimensional space using PCA analy-
sis, which allowed for visual representation of the clusters and easier interpretation of the 
results.
The clustering results showed that the data were grouped according to years and the se-
verity of traffic accident consequences. It was observed that more recent years exhibited 
higher concentrations within clusters characterized by greater accident intensity and a 
higher number of severe outcomes, which may indicate changes in traffic intensity, infra-
structure, or participants’ behavior.
On the PCA diagram, the first component (PCA1) represents the main direction of var-
iance in the data and includes parameters with the greatest influence on the number and 
severity of accidents, while the second component (PCA2) represents the remaining var-
iance related to secondary characteristics such as the number of injured persons or local 
conditions. The visual analysis clearly shows a separation between periods with fewer and 
more accidents, allowing for a better understanding of temporal trends. [7]

4.1. Comparative Analysis of Clustering Results for Textual and Numerical Data

By comparing the clustering results of textual data from the Criminal Code and numerical 
data on traffic accidents, both common methodological features and differences arising 
from the nature of the data can be observed.
In both cases, the K-Means algorithm was applied, along with the Elbow method and 
Silhouette Score, to determine the optimal number of clusters. For the textual data, the 
optimal number of clusters was three, whereas for the numerical data, the best results 
were achieved with two clusters. This difference arises from the complexity of textual doc-
uments, which contain multiple semantic nuances, compared to the simpler and more 
directly measurable structure of numerical data.
From an interpretative perspective, clustering the textual data enabled grouping legal ar-
ticles according to thematic similarity, allowing for the automatic identification of areas 
related, for example, to criminal acts against life, property, or public order. Clustering the 
numerical data, on the other hand, resulted in the identification of periods with higher 
or lower frequency of traffic accidents, which has direct applications in monitoring safety 
trends and planning preventive measures.
Both analyses highlighted the importance of applying PCA for visualizing results. Dimen-
sionality reduction allowed for clear graphical representation of clusters in 2D space and 
improved understanding of the relationships between the observed objects. While clusters 
in textual data were more dispersed and scattered, numerical data formed more compact 
and precisely defined groups [8].
It can be concluded that clustering represents a universal analysis technique, applicable to 
both unstructured (textual) and structured (numerical) data. However, the success of the 
analysis largely depends on preprocessing, choice of metrics, and understanding of the 
data context. By combining these approaches, it is possible to build integrated systems that 
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simultaneously analyze legal regulations and statistical data, thereby enabling a deeper 
understanding of the relationship between the legislative framework and the social reality 
described by the data.

4.2. Quantitative Analysis and Model Stability

The results presented in Table 1 show that the K-Means algorithm demonstrates greater 
stability with numerical data than with textual data. For textual data, there is a higher sen-
sitivity to the choice of parameters (number of clusters, number of components in PCA, 
method of vectorization), which leads to fluctuating results. In contrast, with numerical 
data, the algorithm consistently identifies stable boundaries between groups, allowing for 
more reliable interpretation.

Table 1. Quantitative analysis of clustering results.

Data 
Type

Optimal Number of  
Clusters (K)

Silhouette 
Score

Visual  
Separation

Model S 
tability

Textual 
Data

Difficult to determine 
(gradual decline) 0.02 – 0.045 Weak, clusters 

overlap Low

Numeri-
cal Data K = 2 ≈ 0.557 Clearly separated 

clusters
Medium–

High

The main difference lies in the nature of the data itself. Numerical attributes are quanti-
tatively defined and suitable for the distance metrics used by K-Means, whereas textual 
data represent complex semantic structures that cannot be easily projected into Euclidean 
space without loss of meaning. Even after TF-IDF transformation and PCA reduction, 
textual data retain semantic ambiguity. Similarity between legal articles often depends on 
context rather than just word frequency, leading to less clear boundaries between classes 
[9]. On the other hand, numerical data (such as the number of accidents, injuries, and 
fatalities) have a clear statistical structure, allowing the algorithm to effectively detect nat-
ural groups and identify patterns, such as differences between days with increased and 
decreased numbers of traffic incidents.

Table 2 presents the clustering results for the two datasets—textual and numerical—using 
the K-Means algorithm. The display is divided into three segments for each data type:
1) Visualization of clusters after dimensionality reduction using PCA (Principal Compo-
nent Analysis),
2) Analysis of clustering quality via the Silhouette Score metric,
3) Determination of the optimal number of clusters using the Elbow method.
These three levels of analysis together provide a comprehensive view of the data structure 
and algorithm performance in different contexts.
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4.3. Visual Analysis of the Obtained Results

Table 2. Comparative analysis of visual representations of clustering.

TEXTUAL DATA NUMERICAL DATA

In the left column of Table 2, the visual clustering results for the textual data are shown. 
The first image reveals that the points, representing individual legal articles, are distributed 
across multiple areas without clear boundaries between them. The feature space, obtained 
from the transformation of TF-IDF vectors, shows a high degree of overlap among terms, 
which is typical for legal terminology where the same words appear in different contexts. 
Silhouette analysis indicated an average value of only 0.035, pointing to weak internal 
cohesion of clusters and significant overlap between them. The graphical representation 
of Silhouette results confirms values in the range of 0.02–0.045, without pronounced lo-
cal maxima. The Elbow method did not show a clear “elbow point” but a gradual decline 
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of inertia from 1200 to 850 as the number of clusters increased from K=2 to K=10. This 
suggests that there is no natural cluster structure in the data and that the data are semanti-
cally continuous. These results indicate that the K-Means algorithm, which assumes linear 
separation, is not suitable for clustering legal texts without additional semantic modeling 
(e.g., using Word2Vec, BERT, or topic clustering via LDA).
The right column of Table 2 shows the clustering results for the numerical dataset related 
to traffic accidents (attributes such as number of vehicles, road type, severity of conse-
quences, and weather conditions). For this dataset, the PCA visualization clearly shows 
the formation of two compact and separated groups, which is the first indication of nat-
ural segmentation. Silhouette analysis showed a maximum value of 0.557 for K=2, which 
is an excellent result in clustering. Values then sharply decrease for larger K, further con-
firming the existence of two natural groups in the data. This is consistent with the Elbow 
method, which shows a characteristic “break” at K=2, where inertia sharply drops from 
1040 to 650 and then stabilizes.
These results clearly demonstrate that the K-Means algorithm is highly effective in this 
case, as the data have clearly defined numerical relationships and low dimensionality, en-
abling precise separation based on Euclidean distance.

4.3. Concluding Observations of the Results

The obtained results provide the following key insights:
1) Textual Data: Low Silhouette metric values and the absence of a clear “elbow” confirm 
that K-Means fails to detect semantic similarities in legal texts. This suggests the need for 
more advanced techniques (e.g., BERT embeddings or topic-based clustering).
2) Numerical Data: High Silhouette scores and the stable drop in inertia at K=2 indicate 
that K-Means can be very effective in clustering well-structured data.
3) Methodological Conclusion: The nature of the data (textual or numerical) determines 
the applicability of the algorithm. Different types of data require tailored preprocessing 
and model selection approaches.
Overall, the presented results and analysis show that the K-Means algorithm can deliver 
high-quality outcomes only when input data are well-defined and linearly separable. In 
contrast, textual and semantically rich datasets require methodological extensions and 
deeper context-aware models.

5. DISCUSSION OF CLUSTERING METHODS

The analysis and clustering results clearly show that each algorithm provides a differ-
ent perspective on the structure of the Criminal Code text. K-Means demonstrated its 
strength in quickly segmenting large datasets and clearly dividing them into thematic 
groups, but careful selection of the number of clusters is required – small variations in the 
n_clusters parameter can significantly alter the results. DBSCAN revealed natural “groups” 
of documents and identified several articles that do not fit into standard themes, indicat-



CFS. Journal of Computer and Forensic Sciences

CFS 2025, Vol. 4, Issue 2

39

ing potential anomalies or articles with specific subject matter. Mean-Shift confirmed the 
existence of density centers in the texts, but it was slower on larger sets of TF-IDF vectors, 
suggesting it is better suited for detailed analysis of smaller subsets. Hierarchical cluster-
ing proved to be the most visually informative, allowing the tracking of how Criminal 
Code articles group together at different levels, which is useful for legal analysis and the 
creation of thematic maps. [10]
From the code and experiments, a practical insight can also be drawn: the key to good 
results lies in high-quality preprocessing and TF-IDF transformation. Without this step, 
even the most sophisticated algorithms could not differentiate between semantically dis-
tinct but superficially similar articles. Additionally, combining the results of multiple 
methods allows for the identification of both “major” themes (K-Means, hierarchical) and 
“unusual” or anomalous groups (DBSCAN, Mean-Shift), which has practical applications 
in legal analysis: it makes it easier to spot articles that deviate or may be relevant to specific 
cases.
This insight shows that, in practice, the choice of algorithm should not be rigid – it should 
be adapted to the type of data, the goal of the analysis, and the need to identify both core 
groups and unusual exceptions within the text.

6. RECOMMENDATIONS FOR FUTURE RESEARCH 
 AND DIRECTIONS FOR IMPROVEMENT

The comparative analysis shows that:
− The K-Means algorithm has a clear advantage with numerical, well-structured data, 
providing stable and interpretable results.
− For textual data, the traditional TF-IDF + PCA approach provides only limited insight, 
and the results are not sufficiently stable, indicating the need to integrate semantic and 
deep learning models.
− Future research is recommended to experiment with different text vectorization models, 
as well as to combine textual and numerical data for multimodal analysis, in order to gain 
deeper insight into complex social or legal phenomena.
Although the study confirmed that K-Means can successfully process both types of data, 
the results indicate significant potential for improvement. Key directions for enhancing 
future research can be summarized in several areas, as outlined in Table 3:
1) Application of Advanced Techniques for Textual Data

− Instead of the classical TF-IDF representation, it is preferable to apply deep learning 
models for natural language processing, such as Word2Vec, GloVe, or modern BERT 
models; [11]
− These models allow the creation of vectors containing richer semantic information, 
which can result in clearer and more meaningful clusters, as well as better metric val-
ues, such as the Silhouette Score.

2) Combining Different Clustering Algorithms
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− In addition to the K-Means algorithm, which requires a predefined number of clus-
ters and assumes spherical group shapes, it is recommended to explore alternatives 
such as DBSCAN and Hierarchical Clustering;
− These algorithms often provide better results for unstructured and semantically rich 
data, as they can identify irregular and overlapping structures within the dataset.

3) Expansion of Datasets and Dimensionality Reduction
− For numerical data, it is recommended to include additional attributes such as 
weather conditions, road type, time of day, driver age, and other contextual factors. 
This would enable better understanding of causal relationships between variables and 
increase cluster accuracy.
− For textual data, expanding the corpus to include a larger number of legal articles 
or other normative documents can lead to more stable and statistically reliable results.
− The use of dimensionality reduction techniques such as PCA, t-SNE, or UMAP can 
improve visualization and the identification of patterns in high-dimensional data. [12]

Table 3. Recommendations for improving clustering results.

Data Type Current Result Recommendations  
for Improvement Expected Effect

Numerical 
(traffic  
accidents)

Higher Silhouette 
Score (≈ 0.35–0.56), 
clearly formed clusters

- Expand the dataset (weather 
conditions, road type, time of 
day, driver age)  
- Apply DBSCAN and Hierar-
chical Clustering  
- Remove “noisy” data

More precise and richer 
clusters, better under-
standing of risk factors

Textual  
(legal articles)

Low Silhouette Score 
(≈ 0.02–0.045), over-
lapping clusters

- Use NLP models (Word-
2Vec, GloVe, BERT)  
- Combine multiple clustering 
methods  
- Apply dimensionality reduc-
tion (PCA, t-SNE, UMAP)

Clearer semantic 
relationships and more 
structured classification 
of legal concepts

7. CONCLUSION

This study conducted a comparative analysis of the application of the K-Means clustering 
algorithm on textual and numerical data. The results demonstrated that the nature of the 
data significantly affects the quality and stability of the clustering.
For textual data, clustering enabled thematic grouping of the articles of the Criminal 
Code, but with low Silhouette scores (0.02–0.045) and noticeable cluster overlap. This 
indicates the need for more precise text vector modeling and potential application of se-
mantic models to achieve a clearer cluster structure. On the other hand, numerical data 
on traffic accidents exhibited stable and interpretable clustering, with an optimal number 
of clusters K=2 and a good Silhouette score (≈0.557). These results allow practical appli-
cations in trend monitoring, planning preventive measures, and analyzing traffic safety.
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Based on the comparative analysis, it can be concluded that the K-Means algorithm pro-
vides more reliable and easily interpretable results for numerical data, whereas textual 
data require additional preprocessing techniques and advanced vectorization methods. 
Combining both approaches offers potential for integrated analyses, encompassing both 
the legislative framework and statistical indicators of social reality.
This work provides a foundation for further research on the application of machine learn-
ing algorithms to heterogeneous datasets and highlights the importance of method selec-
tion depending on the nature of the data and the objectives of the analysis.
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