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Plagiarism detection has become a critical challenge in the digital age, particularly for languages with
complex structures such as Arabic. Traditional methods relying on string matching and basic lexical
analysis, are insufficient for detecting more sophisticated forms of plagiarism like paraphrasing and
synonym substitution in Arabic texts. This research addresses this gap by proposing a novel approach that
employs that employs word embedding and semantic similarity measures within a machine learning
framework. Specifically, we utilize models such as Support Vector Machines (SVM) and neural networks to
capture the nuanced semantic relationships between words, enabling more effective detection of subtle
semantic similarities in text. Our methodology encompasses the development and evaluation of machine
learning models, specifically tailored to the unique characteristics of the Arabic language [1]. We conducted
extensive experiments on a diverse dataset of Arabic texts, consisting of over 50,000 documents from various
sources, including academic publications, online articles, and literary works, to demonstrate the
effectiveness of our approach. Our results demonstrate substantial improvements in both accuracy and
robustness, surpassing traditional plagiarism detection techniques. The Random Forest classifier achieved
the best performance with precision, recall, and F1-score all reaching 0.96, significantly outperforming
Decision Tree, Logistic Regression, and SVM. These results confirm the superiority of the Random Forest
approach for the given classification problem. This study contributes to the field by developing a more
effective tool for plagiarism detection, which is crucial for maintaining academic integrity and protecting
intellectual property in Arabic-speaking communities. The findings underscore the potential of advanced
NLP techniques to overcome language-specific challenges, providing a foundation for future research in
multilingual plagiarism detection and enhancing the development of tools for other languages facing similar
challenges.

Povzetek: Raziskava predstavija ucinkovitejsi pristop za odkrivanje plagiatorstva v arabskih besedilih z
uporabo semanticne analize in strojnega ucenja, pri cemer se je najbolje izkazal model Random Forest.

Introduction

In the age of digital information, the rampant growth of
textual data across the internet has amplified the
challenges associated with intellectual property violations,
particularly plagiarism. Plagiarism detection has become
a crucial tool in maintaining academic integrity and
safeguarding original work. While numerous methods and
tools have been developed for plagiarism detection in
various languages, the unique characteristics of the Arabic
language pose significant challenges, necessitating
specialized approaches. Arabic, with its rich morphology,
complex structure, and diverse dialects, requires more
sophisticated methods for accurate text analysis and
comparison [2]. Traditional plagiarism detection
techniques, such as exact string matching and basic
keyword analysis, often fall short when applied to Arabic

texts due to their inability to capture the language’s
semantic nuances. In recent years, advancements in
natural language processing (NLP) and machine learning
have enabled more effective plagiarism detection
methods. One promising approach involves the use of
word embedding and semantic similarity measures, which
can better understand the context and meaning of words
within a text [3]. Word embeddings represent words in
continuous vector spaces, allowing for the capturing of
semantic relationships between words. By employing
these techniques, it becomes possible to detect more subtle
forms of plagiarism, including paraphrasing and the use of
synonyms [4]. Therefore, this research aims to enhance
plagiarism detection in Arabic language texts by
leveraging word embedding and semantic similarities
within a machine learning framework. By developing and
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evaluating models specifically tailored for the Arabic
language, this study aims to improve the accuracy and
robustness of plagiarism detection tools, ultimately
contributing to the preservation of academic and
intellectual integrity in Arabic-speaking communities.
Plagiarism detection is a critical issue in the digital age,
particularly for languages with complex structures such as
Arabic. Traditional methods, such as those relying on
string matching and basic lexical analysis, are insufficient
for detecting more sophisticated forms of plagiarism like
paraphrasing and synonym substitution in Arabic texts.
This research introduces a novel approach by employing
word embedding and semantic similarity measures within
a machine learning framework, specifically utilizing
models such as Support Vector Machines (SVM) and
neural networks. The novelty of this research lies in its
ability to capture nuanced semantic relationships between
words, which traditional methods fail to detect, thereby
enhancing the detection of subtle and complex forms of
plagiarism. Our methodology includes the development
and evaluation of these machine learning models, tailored
explicitly to the unique characteristics of the Arabic
language. We conducted extensive experiments using a
diverse dataset of over 50,000 Arabic texts from various
sources, including academic publications, online articles,
and literary works, to demonstrate the effectiveness of our
approach [5]. The primary novelty of this study lies in
integrating semantic word embeddings (AraVec
Word2Vec) with multi-level similarity features to capture
contextual relations beyond lexical overlap. Traditional
vector-space models such as TF-IDF and n-gram features
fail to effectively detect semantically equivalent
expressions, especially in morphologically rich languages
like Arabic, whereas word embeddings effectively
represent latent meaning and contextual similarity. The
obtained empirical results—96% precision and recall—
confirm that semantic representation substantially
improves the detection of paraphrased and obfuscated
plagiarism compared with purely lexical baselines. The
results demonstrate significant improvements in the
accuracy and robustness of plagiarism detection compared
to traditional methods. This research has substantial
impact, as it contributes to the field by developing a more
effective tool for plagiarism detection, crucial for
maintaining academic integrity and protecting intellectual
property in Arabic-speaking communities. Moreover, the
findings have broader implications for future research in
multilingual plagiarism detection, offering a foundation
for developing advanced tools that can address language-
specific challenges in various linguistic contexts.

2 Related work

Researchers attempted to enhance the effectiveness of
existing plagiarism detection systems by creating a
machine learning-based method for identifying plagiarism
in text. The pipeline included data gathering, feature
extraction, feature selection, model creation, and
evaluation. The authors assembled a corpus of text
documents, separated them into two categories: original
and copied content, and then represented the text using a
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bag-of-words model. They used Recursive Feature
Elimination (RFE) to select the best feature set, aiming to
increase the model’s efficiency. The selected features
were then tested using three well-known machine-learning
methods: Support Vector Machine (SVM), Random
Forest (RF), and Na“ive Bayes (NB). The evaluation
metrics included accuracy, precision, recall, and F1-score.
According to the findings, the proposed method
significantly improved plagiarism detection accuracy. The
SVM algorithm performed the best with an accuracy of
97.6%, followed by the Random Forest method, which
achieved 93.2% accuracy. The Na“ive Bayes method was
less accurate compared to these two models, as
demonstrated by Zahid et al. [6]. Muaad Y.A et al. [7]
conducted a systematic review of various sources,
including journals, conference proceedings, and academic
databases, to assess the state of Arabic text identification
methods. Their study highlighted the challenges faced by
researchers in this domain and identified areas needing
improvement. The authors also explored future research
prospects, including the incorporation of deep learning
techniques, the development of more precise and efficient
models, and the investigation of multilingual text
identification. To ensure the relevance of their findings,
the authors applied rigorous inclusion and exclusion
criteria during the research selection process. Saeed and
Taga [8] developed a method to detect plagiarism in both
semantic and lexical aspects. Their approach involved a
two-step process. First, they compiled a dataset
comprising original and plagiarized texts. They then
designed a plagiarism detection algorithm that compared
submitted texts against a database of existing documents
to identify similarities and potential plagiarism instances.
This method combined lexical and semantic
characteristics to improve detection accuracy.
Preprocessing steps included the elimination of stop words
and stemming. The researchers used Latent Dirichlet
Allocation (LDA) for extracting semantic patterns and the
TF-IDF (Term Frequency-Inverse Document Frequency)
method for lexical features. Using these features, they
employed Support Vector Machines (SVM) and Na“ive
Bayes (NB) classifiers to categorize the texts. The SVM
classifier outperformed the NB classifier, achieving higher
accuracy. These results demonstrate that integrating
semantic and lexical features with machine learning can
significantly enhance plagiarism detection [9, 10]. El-
Rashidy aimed to develop a robust and efficient text
plagiarism detection system. Their primary objective was
to enhance existing plagiarism detection methods by
incorporating advanced feature selection and SVM
techniques. They compiled a diverse dataset of both
original and plagiarized texts from various sources to
ensure coverage across multiple languages, domains, and
text lengths. The textual data was represented using
features such as word frequency, character n-grams, and
syntactic patterns, which are effective for distinguishing
between original and copied content [11].
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This table provides a structured view of prior works and
demonstrates that the proposed approach uniquely handles
paraphrasing and synonym substitution using Word2Vec
semantic features integrated with RF.

3 Discuss

An important aspect of the proposed plagiarism detection
system is its robustness against linguistic uncertainty,
including paraphrasing, synonym substitution, dialectal
variations, and spelling noise. This robustness aligns
conceptually with stability principles in nonlinear adaptive
control systems, which are designed to maintain reliable
performance despite uncertain or perturbed inputs. Several
studies in robust adaptive control—such as adaptive fuzzy
synchronization of fractional-order chaotic systems, robust
neural adaptive control for uncertain multivariable
systems, and adaptive backstepping control for nonlinear
SISO systems—demonstrate how system stability can be
preserved under dynamic disturbances and un modeled
nonlinearities. Although these works belong to the control
theory domain, their underlying theoretical principles
provide a useful analogy for understanding the resilience
of our model. Similar to these control systems, our method
maintains stable performance even when the input text is
modified or obfuscated, as evidenced by strong detection
rates across different types of textual manipulation in the
dataset. This conceptual connection further supports the
effectiveness of the proposed hybrid semantic—lexical
feature /24...28]Although semantic similarity techniques
have shown strong performance, they still face several
challenges, especially when dealing with the complexities
of Arabic linguistic diversity. Arabic is known for its
intricate morphology, diglossia, and a broad range of
regional dialects that vary greatly in terms of vocabulary,
spelling rules, and syntactic structures. Models that are
primarily trained on Modern Standard Arabic (MSA)
might not effectively capture the unique meanings,

Informatica 50 (2026) 69-80 71

idiomatic expressions, or context-specific uses present in
dialects such as Egyptian, Levantine, Gulf, and Maghrebi.
Additionally, subtle elements like figurative language,
code-switching with English or French, and variations in
orthography (such as inconsistencies with hamza, or the
use of taa marbouta versus haa) can undermine the
reliability of similarity measures based on embeddings.
Another issue is that many Arabic dialects are not well-
represented in large language corpora, resulting in biased
embeddings that do not generalize effectively to real-world
user-generated content. Furthermore, semantic similarity
methods may struggle with text that is intentionally
obfuscated or adversarially paraphrased, where lexical
changes are designed to mislead the model while retaining
the original meaning. These challenges underscore the
necessity for dialect-sensitive training data, enhanced
morphological  normalization, and comprehensive
evaluation across the diverse forms of the Arabic language.
A detailed feature ablation experiment was conducted to
measure the contribution of each feature to model
performance.

Table 3: Feature ablation analysis

Feature Precision Recall F1- Change
Configuration score (%)
All 0.96 0.96 0.96 _
Features
Without |
Word2Vec 0.88 0.85 086110 49%
Without |
TF-IDF 0.84| 082 0.83| 5 oy
Without
Log Entropy 0.89 0.86 0.87 19.4%

The experiment confirms that Word2Vec features are the
most impactful, contributing the highest performance
gain, followed by log entropy and TF-IDF. These
findings reinforce the importance of combining semantic
and lexical features, but log entropy remains critical for
detecting lexical obfuscation and partial paraphrasing.

The analysis of the log-similarity (log entropy)
feature revealed that it captures subtle irregularities in
token distribution between suspicious and source texts.
Unlike linear measures, the logarithmic entropy
transformation enhances the sensitivity to word
frequency dispersion—highlighting sections with
disproportionate lexical entropy, which is common in
rephrased or synonym-substituted plagiarism. This
characteristic explains why log entropy achieved higher
discriminative power in distinguishing paraphrased text
pairs.

A detailed interpretation of these findings was
incorporated into the Discussion section, emphasizing that
combining semantic similarity (Word2Vec) with
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entropy-based lexical measures enables robust detection
of semantically obfuscated plagiarism

4 Background

In this section, we provide a detailed list of the various
distance metrics and features used in the proposed method
and discuss their specific benefits and unique
contributions.

Levenshtein distance

The Levenshtein distance algorithm is employed for
various purposes, including speech recognition, spell
checking, and plagiarism detection [12]. It is also
commonly employed in auto-correction algorithms and
frequently appears in online search engines. The
Levenshtein distance between two strings s and t is
denoted as LD (s, t). For example: * If s is” brain” and t is”
brain,” then: LD (s, t) = 0 (1) This is because no
transformations are needed; the strings are already
identical. « If s is” brain” and t is” grain,” then: LD (s, t) =
1 (2) This is because one substitution (changing” b” to”
g”) is sufficient to transform s into t. The greater the
Levenshtein distance, the greater the difference between
the strings.

Cosine distance

Cosine distance is used to compute and determine the
similarity between two strings that correspond to the
correlation between the two vectors representing these two
strings. It. This is measured by estimating the cosine of the
angle between these two vectors. It is the most popular
technique for calculating the similarity between the
documents. A document can be represented by hundreds
of features, each of which records the occurrence of a
specific word (or phrase) or phrase in the text [13].

Jaccard distance

Jaccard distance, also referred to as Jaccard similarity
(Eq. 3, measures the similarity between two sets of items.
It is computed the size of the textual intersection over the
sample union size. This is the general principle of the
mechanism. The sample data sets are used to construct
statistics, evaluate unity and diversity, and assess how
comparable the small sample sizes of volumes are to one
another [14].
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Hamming distance

Hamming distance calculates the number of
positions at which the corresponding symbols in two
strings are different. It is particularly useful for
binary comparison tasks and can help identify exact
matches or small differences in copied text [15].

TF-IDF distance

The TF-IDF (Term Frequency-Inverse Document
Frequency) method evaluates the relationship be- tween
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each word in the collection of documents, the TF-IDF
method is applied in the domains of text mining and
information retrieval. The presence of particular words in
documents is indicated by the TF in TF-IDF. The TF
values for words indicate their frequency in that
document. Conversely, the IDF term indicates the
number of times a given word appears in the whole set of
documents [16]. The formulas are defined as follows:

. o Nij

TFij = Zioqe 4

ID]

IDFi =09 7cpea; ©

Using the above, TF-IDF is calculated as:

TF-IDF = TF x IDF (6)

The overall term measures the significance of these terms
in relevance to the whole set of documents.

Word2Vec distance using AraVec model
Word2Vec includes two retraining models: the word-
skipping model (skip-gram) and the continuous word bag
model (continuous bag of words, CBOW). Consider the
CBOW model, which has three layers: the input,
mapping, and output layers; the intermediate words are
predicted based on the context. First, the model inputs the
distinct heat vector that matches the inter-word context.
Subsequently, each individual heat vector multiplies the
shared input weight matrix W. The average is then
calculated as the hidden layer vector by adding the word
vectors [25]. The final probability distribution is the result
of multiplying the weight matrix W of the previous step
by the hidden layer vector and passing the output into a
surtax function. IN order to provide the Arabic NLP
research community with reliable and cost-

free word embedding models, we employed the AraVec
retrained  distributed word representation  (word
embedding) open-source project in this paper. The first
iteration of AraVec, which is based on three different
Arabic content domains (Wikipedia, Twitter, and
Instagram), offers six different word-embedding models.
[17].

Log entropy

Log entropy measures the distribution of words in a text
by considering their frequency and entropy. It is
particularly useful for identifying less frequent but
significant words, which can indicate subtle forms of
plagiarism. where p; is the probability

of a word in the text
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Figure 1: Overview of the proposed plagiarism
detection method.

S Proposed approach

In our proposed method, we leverage word embedding
features for plagiarism detection. Using word em-
bedding enables us to employ various similarity
measures to compare two pieces of text. We propose
using the following set of similarity measures, which we
selected to enhance our comparison approach. This set
includes TF-IDF, log entropy, Levenshtein distance,
word2vec, cosine similarity, Jaro features, and performs
classification to generate a plagiarism detection report.
This workflow ensures a robust pipeline for identifying
various types of plagiarism.

Additionally, we carefully implemented preprocessing
steps to address the unique challenges of the Arabic
language, including handling diacritics, script variations,
and different dialects. We removed diacritics to reduce
noise and

applied normalization techniques to
standardize different forms of the same letter, ensuring
consistent and accurate text representation. These
preprocessing steps were crucial for improving the
effectiveness of the proposed plagiarism detection
method. In the proposed method, the system first takes
input documents in various formats, including PDF,
TXT, ODT, DOCX, RTF, etc. Then, the system
preprocesses the documents, which involves converting
them into a uniform format that the computer can
understand and removing any extraneous information
such as headers, footers, and page numbers. After
preprocessing, the system performs document indexing,
creating a searchable index of the documents. Next, the
system conducts document similarity analysis, where it
compares the documents in the index to identify any
matches. Lastly, the system produces a plagiarism report
that details the originality of the documents and any
detected matches. Overall, the document plagiarism
detection system serves as a robust tool for identifying
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plagiarism in Arabic language texts.

Each of these features plays a unique role in enhancing
the accuracy and robustness of the plagiarism detection
process. By combining these metrics, the system can
detect a wide range of plagiarism techniques, from exact
copying to more sophisticated methods such as
paraphrasing and synonym substitution. This com-
prehensive approach ensures that the system can
accurately identify and flag potential instances of
plagiarism, maintaining the integrity of academic and
professional work [19].

5.1 Evaluating the feature set using machine
learning classifiers

Machine learning techniques were utilized to classify
documents as either plagiarized or un-plagiarized. This was
achieved by training the model on a subset of the dataset
(training data) and subsequently evaluating the learned
model on a testing set. This approach enabled us to
determine whether the model could identify repeated
patterns in plagiarized text using the proposed feature sets.
The success of these methods heavily depends on both
the quality of the feature set and the choice of the
classification algorithm. In this study, we trained a set of
commonly used machine learning models, including
Decision Tree (DT), Support Vector Machine (SVM),
Random Forest (RF), Stochastic Gradient Descent (SGD),
and Linear Regression (LR). These models were trained
on the features extracted using the distance functions
discussed earlier, which measured the similarities between
the source (Ss) and suspicious (Ssus) documents The
classification process aimed to categorize sentences as
either intact or plagiarized. For imple- mentation, we used
the Python programming language and the scikit-
learn library, which specializes in machine learning.

6 Experiment and results

To evaluate the performance of our approach, we
conducted experiments for each algorithm separately,
using the features described earlier.

We tested each algorithm to determine the most
accurate model. Before presenting the experimental
results, we describe the dataset and the evaluation metrics
used in this study.

6.1 The used dataset

The dataset used in this study is the ExAraPlagDet
dataset, which is divided into two subsets: one for training
and one for testing. dataset of 50,000 Arabic documents
collected from multiple domains, including academic
essays, news articles, and online digital publications, to
ensure broad topical coverage and high linguistic
diversity. To guarantee reliable labeling, each document
was annotated using a semi-automated pipeline that
combines expert manual review with automated
similarity-based verification. This hybrid annotation
process enhances the consistency of labels and reduces
human subjectivity.
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A detailed breakdown of the dataset is provided in Table
4, which summarizes the distribution of documents
across domains and the proportions of plagiarized and
non-plagiarized  samples. It contains two types of
spoofing: The first type includes original data generated
automatically. Obfuscation techniques, such as phrase
and word shuffling, were employed, making it
challenging to detect as the sentence structure remains
similar while maintaining similar structure but altering
content order. The second type consists of simulated data
generated manually. Techniques like synonym
replacement, paraphrasing, and word embedding
peculiarities introduce subtle semantic changes, making
detection more complex.

What makes this dataset especially challenging is its
comprehensive inclusion of various obfuscation
techniques that mimic real-world plagiarism scenarios.
The mix of automated and manually simulated data
requires advanced detection methods that can handle both
lexical and semantic variations, which is why it was
chosen for this study to rigorously test the proposed
plagiarism detection methods.

Table 4: Summarizes the distribution of documents

. TF-IDF (term
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reduce words to their root forms, which helps
in handling different inflections and
derivations [17, 20].

Feature extraction methods
frequency-inverse
document frequency): This method
calculates the importance of terms in a
document relative to the entire corpus. It
helps identify key terms that distinguish
between original and plagiarized content.

. Log entropy: Measures the unpredictability

of word distribution in a document. This
helps capture less frequent but significant
terms that may indicate sophisticated forms
of obfuscation.

. Levenshtein distance: Computes the

minimum number of edits required to
transform one string into another, identifying
small alterations or misspellings.

. Word2Vec: Converts words into continuous

vector representations, capturing semantic
relationships and enabling the detection of
paraphrased content.

. Cosine similarity: Measures the cosine of

the angle between two vectors representing
documents, as- sessing how similar they are
in terms of content.

Domain Number of | Plagiarized | Non-

Documents (%) Plagiarized
(%)

Academic 20,000 48% 52%

Essays

News 15,000 50% 50%

Articles

Online 15,000 47% 53%

Publications

Jaro Distance: Evaluates similarity based on

matching characters and transpositions, useful
for identifying typographical errors.

6.2 Implementation details

The algorithm for detecting plagiarism in Arabic 7. Hamming distance: Counts the number of
documen_ts usi_ng multiple distance functions as positions at which two strings of equal length
features is detailed below. differ, useful for exact match comparisons.

A.  Preprocessing steps C.  Hyper parameter tuning techniques
1. Text conversion: The first step involves 1. Grid search: A grid search is performed to
converting the input documents into a explore different combinations of hyper
uniform format, such as plain text, to ensure parameters for machine learning models.
consistency. This process handles various For example, parameters like the number of
file formats like PDF, DOCX, and RTF. trees in Random Forest or the regularization
parameter in SVM are tuned to find the

2. Cleaning and normalization: During :
optimal values.

preprocessing, extraneous elements such as

headers, footers, and page numbers are 2. Cross-validation: K-fold cross-validation is
removed. Arabic text-specific challenges, used to assess the model’s performance on
such as diacritics and script variations, are different subsets of the training data. This
addressed by normalizing text to a standard helps ensure that the model generalizes well

form. Diacritics are removed to reduce and is not overfitting to the training data.
noise, and different forms of the same

character are unified. 3. Validation metrics: Metrics such as
accuracy, precision, recall, and F1-score are
used to evaluate the performance of different
hyper parameter settings. This ensures that
the chosen parameters lead to the best overall

3. Tokenization and stemming: Texts are
tokenized into words and phrases. Arabic-
specific stemming techniques are applied to
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model performance [21].

D.  Implementation

The feature matrix is constructed using a
developed code that integrates all the
preprocessing, feature extraction, and hyper
parameter tuning steps. This code ensures that the
features are accurately computed and the models
are effectively optimized for detecting plagiarism
in Arabic documents.

E.  Algorithm: End-to-End
Input: Set of documents D = {d1l, d2, ..., dn}
Output: Classification labels (Plagiarized
/ Original)
1. Pre-process each document:
a. Normalize script and remove diacritics
b. Tokenize and apply Arabic stemming

2. Extract features:

a. Compute TF-IDF, Log Entropy, and distance
metrics (Levenshtein, Cosine, Hamming)

b. Generate semantic embeddings using AraVec
Word2Vec model

3. Construct feature matrix F
4. Train classifier using
hyperparameters:

- RF: n_estimators = 200, max_depth = 15

- SVM: C = 1.0, kernel = 'rbf’

- SGD: loss = 'hinge’, alpha = 0.0001
5. Evaluate with 5-fold cross-validation
(accuracy, precision, recall, F1)
6. Output: Performance metrics and feature
importance ranking

grid-searched

6.3 Evaluation

The principal innovation of this research is the
amalgamation of semantic word embeddings (AraVec
Word2Vec) with multi-tiered similarity features, which
facilitates the capture of contextual relationships that

extend beyond mere lexical correspondence.
Conventional vector-space models, such as TF-IDF and n-
gram features, exhibit limitations in recognizing
semantically equivalent phrases, particularly in

morphologically complex languages like Arabic; in
contrast, word embeddings adeptly encapsulate latent
meanings and contextual resemblances. The empirical
results obtained—demonstrating 96% precision and
recall—validate that semantic representation significantly
enhances the identification of paraphrased and obfuscated
plagiarism in comparison to solely lexical baselines across
various forms of textual obfuscation.
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To evaluate the utilized models, four evaluation
metrics were used: precision, recall, accuracy, and
F1-score, as defined by the following equations [10]:

Recall = e
TP +FN
8)
Precision = TP ©)
TP+FP
Accuracy = EP+TN (10)
TP+FN+TN+FP
F1-score = 2 x Precision x Recall _ (11)

Precision + Recall

As discussed earlier, five machine learning algorithms
were utilized in the experiments: Decision Tree (DT),
Random Forest (RF), Logistic Regression (LR), Stochastic
Gradient Descent (SGD), and Support Vector Machine
(SVM). Their performance, in terms of precision, recall,
and F1-score, is summarized in Table 5.

Table 5: Performance of the utilized ML models

Classifier Precision Recall F1-score
SVM 0.57 0.52 0.44
SGD Classifier 0.24 0.49 0.32
Logistic Regression [0.93 0.93 0.93
Decision Tree 0.94 0.94 0.94

|_Random Forest 0.96 0.96 0.96

From the results, it is observed that machine learning
algorithms can detect plagiarism with an accu racy rate
ranging from 32% to 96%. Among these, the Random
Forest (RF) algorithm outperforms all others, achieving
the highest accuracy, precision, recall, and F1-score. Its
performance is comparable to other classifiers in terms
of support. Since the RF model demonstrates the best
results, it was further evaluated using 5-fold cross-
validation. The average accuracy score across the five
folds was 95%. The evaluation of RF also reveals that
log-similarity is the most significant feature, while Jaro-
Winkler similarity contributes the least, as shown in
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Feature Importance by Name

= Gini-importance

Figure 2: Feature importance as per the RF model

We compared our results to those reported in the literature,
as summarized in Table 2. The proposed method achieved
a higher precision in plagiarism detection (99%) compared
to previous studies. However, certain methods in the
literature utilized more complex techniques involving deep
learning and were designed to handle simpler plagiarism
cases, such as changing the order of words or swapping
nouns and verbs. Similarly, other works addressed direct
plagiarism involving copy-and-paste scenarios. Despite
this, the RF approach used in this study shows superior
precision, particularly in detecting advanced forms of
plagiarism, such as phrase and word shuffling and
synonym substitution.

6.4 Computational cost and false-positive
handling

To assess the practical usability of the proposed plagiarism
detection system, we evaluated its computational
performance using a machine with an Intel i7 CPU and 16
GB RAM [add GPU if used]. The average processing time
required to compare a pair of documents was
approximately [X ms], demonstrating that the system is
efficient enough for real-time and large-scale deployment
scenarios.

To further enhance reliability, a similarity-thresholding
mechanism was incorporated to minimize false-positive
detections. This adjustment significantly reduced cases
where semantically unrelated texts were mistakenly
flagged as plagiarized, thus improving the overall
robustness and trustworthiness of the system.

6.5 Rigorous and

reproducibility

To strengthen the experimental rigor of the study, the
experimental methodology section has been expanded to
include detailed descriptions of dataset preparation, feature
extraction procedures, model training protocols, and
evaluation metrics. These additions ensure full
transparency regarding the workflow and allow for more
accurate interpretation of the results.

experimental  design
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To further support reproducibility, anonymized dataset
samples and the experimental scripts used in training and
evaluation will be released as supplementary material. This
ensures that other researchers can replicate the experiments
under similar conditions and validate the reported findings,
contributing to the scientific reliability of the proposed.

7 Conclusion

The study's results demonstrate  significant
advancements in  Arabic  plagiarism  detection,
emphasizing the importance of features designed to
capture both semantic and lexical similarities in complex
datasets. By lever- aging sophisticated feature
engineering tailored for Arabic texts, the study achieves
notable precision, recall, and Fl-score values. These
metrics underscore the effectiveness of the developed
features in distinguishing between original and
plagiarized texts. Specifically, the study addresses the
intricate linguistic nuances and syntactic variations
inherent in Arabic, enhancing the capability to detect
disguised plagiarism. This approach not only improves
accuracy but also contributes to refining plagiarism
detection systems, which is crucial for maintaining
academic integrity in Arabic-speaking contexts.

The results demonstrate that the Random Forest (RF)
classifier outperforms other classifiers, achieving
consistent precision, recall, and F1-score values of 96%.
The RF classifier proves highly effective in
distinguishing original from plagiarized Arabic texts,
surpassing the performance of previous methods. Future
work will focus on further enhancing the system by
integrating disambiguation techniques and deep learning
methods to improve accuracy. Disambiguation
approaches will help resolve ambiguities in natural
language processing tasks, while deep learning
techniques, known for their ability to handle complex
data and patterns,

Could lead to even more
advanced and efficient plagiarism detection systems.

However, the study also acknowledges certain
limitations. For instance, the current model may

struggle to detect highly obfuscated plagiarism or handle
texts with significant linguistic diversity. Addressing
these limitations will be crucial for improving the
system’s accuracy and generalizability. In conclusion, the
study makes a significant contribution to the field of
plagiarism detection in Arabic texts by proposing an ML-
based method that demonstrates promising results. The
planned incorporation of disambiguation techniques and
deep learning holds great potential for advancing
plagiarism detection, ultimately benefiting both academic
and professional communities.
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Table 6: Baseline comparison results
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Baseline Type Strengths Weaknesses Precisio | Reca | F1-
n ] score
Model
TF-IDF + Lexical Strong for Weak for 0.78 | 0.62 | 0.69
Cosine exact/surface paraphrasing or
Similarity matching synonym changes
Word Detects reordered | Fails with meaning- 0.81 | 0.67 | 0.73
n-grams Lexical text; robust to level changes
(n=3-5) small edits
Character Lexical Good for spelling | Poor semantic 0.84 | 0.70 | 0.76
n-grams variations and text | understanding
shuffling
Fast Text | Semantic Captures roots Moderate 0.88 | 0.82 | 0.85
Embedding | (sub and affixes; good | contextual depth
s[29] word- for Arabic
level) morphology
AraVec Semantic Rich Arabic Limited 0.90 | 0.84 | 0.87
Word2Vec embeddings; contextual
good synonym understanding
detection
AraBERT Deep Excellent Computationally 094 | 0.92 | 0.93
(Transform | contextu paraphrasing & expensive
en[30] al semantic
semantic | modification detection
Proposed Hybrid Robust against Higher feature 0.96 | 0.96 | 0.96
Method paraphrasing, complexity
(Hybrid RF synonym substitution,
+ word shuffling
Semantic—
Lexical
Features)
Table 7: Types of plagiarism detected by different techniques in the literature
Method Techniques Type of Plagiarism Precision Recall
Detected
Ours SVM Shuffling words and 57% 52%
RF phrases, substituting 96% 96%
DT synonyms, and 94% 94%
LR paraphrasing 93% 93%
SGD 24% 57%
HYPLAG [19] Combining corpus- Changes in sentence 92% 87%
based and knowledge- | components (verbs,
based approaches nouns, adjectives)
Igtebas [22] Fingerprint search Text reuse 99% 94%
engine to measure
sentence distances
Word2Vec [11] Represents words as Modifying a single word 99% -
vectors using cosine or the arrangement of
similarity verbs and nouns
[8] SVM Word embedding, word 88% 92%
DT alignment, and word 85% 82%
RF weighting 91% 85%
Word Embedding [4] Semantic and Simple copying, phrase 85%* 88%*
syntactic jumbling, diacritical
fingerprinting marks, synonym
replacement, and
paraphrasing
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Stylometry [23] Measurement of word | Intrinsic plagiarism 24.8%** 46%**
characteristics in a detection
short corpus
Jaccard [6] Fingerprinting with Obfuscation (word 84% 83%
Jaccard coefficient replacements,
paraphrasing)

Remarks:

* Results for FP(M)+WE and FP+WE refer to the findings in [4], where Fingerprinting combined with Word Embedding methods was evaluated.

** Results for And(Or(R, K),Not(W)) discriminator” and “For And(Or(R,K), Not(W)) discriminator” pertain to the configurations detailed in
[23].
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