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Abstract-- The Arabic language poses many challenges for automatic text processing due to its linguistic complexity, including
rich morphology, the use of diacritics, and the frequent omission of vowels in written text. In general, two key factors significantly
influence performance in text processing: the incorporation of semantic information in document representation and the control of
dimensionality. This paper presents a survey of Arabic document clustering employing classical vector space models for text
representation (as opposed to dense embedding models), with a particular focus on semantic representation and dimensionality
reduction. The survey explores several applications of clustering, such as text summarization and information extraction, and
reviews existing comparisons between clustering algorithms. Although classical vector space methods provide a somewhat limited
perspective, the body of work found, covering the period from 2001 to 2025, is quite diverse. Key challenges, major findings, and
the Arabic document corpora used in the reviewed literature are concisely presented in comprehensive synoptic tables.
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unsupervised learning.
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make research in Arabic even more difficult, especially
1. INTRODUCTION in tasks such as automatic classification, like
categorization and clustering. [1][2][3].

The text clustering process consists of three main
phases: data representation, in which documents are
transformed into an appropriate form that captures
their relevant linguistic and possibly semantic features;
similarity evaluation, which involves the definition
and computation of suitable similarity or distance
measures between document representations; and
grouping.[4][5][6]In which documents are organised
into coherent clusters using specific algorithms based
on the results of the previous two phases. The first two
phases depend on the type of data and the
characteristics of the corpus. [5][7] Careful selection of
appropriate representation and similarity methods is
crucial for effective clustering.

Arabic language consists of 28 letters, each of

which changes shape depending on its position
within a word. It also features complex elements such
as diacritics, a lack of vowel letters, and no
capitalization. Articles, prepositions, and pronouns
attach directly to verbs, nouns, and adjectives. A single
Arabic word can often correspond to an entire phrase in
English, as shown in Table 1.

There is no standardized benchmark for Arabic
datasets, which poses challenges for its application in
the semantic web. The language requires adherence to
specific morphological rules, making it a more
complex area of research than Latin languages. One
example is the stemming process, which involves
returning a word to its lexical root by removing affixes.
This process is particularly intricate in Arabic due to
the presence of four types of affixes: antefixes,
prefixes, suffixes, and postfixes. These complications



SUST Journal of Engineering and Computer Sciences (JECS), Vol. 24, No. 1, 2026

TABLE 1
Arabic Words and their English Equivalents

Arabic Word| English Translation
o siandl to speak with them
Oty to get ready for

058k to meet with someone
08l to discuss with others
O to take care of

Documents can be represented using a set of index
terms or keywords. This is known as the logical view
of the document, in contrast to the full-text view,
which includes all words in the document. Full-text
representation in large collections leads to high
dimensionality, which can result in high computational
costs, increased storage requirements, and degraded
clustering quality. The logical view is preferable as it
reduces dimensionality by removing noisy words
[7]1[8]. In the context of data representation, the
emphasis is on identifying the key characteristics that
effectively describe the content. Recognizing the
relationships between words and extracting their
semantic meanings are critical for successful text
clustering[9][9][10][11]. Additionally, it is important to
maintain a low-dimensional representation while
preserving essential information. As stated in [12], the
representation models are divided into two main
categories, namely Classical Representation Models
and Distributed Representation Models, as shown in
Fig. 1.

Classical Representation Models

According to these models, terms constituting a
document are treated as independent and discrete entities,
and the representation of a term is based on its frequency
or presence in the document. A commonly used method
belonging to this category is the classical Vector Space
Model (see Section II), in which a document is

Representation Models
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represented as a vector in a continuous vector space
where documents with similar content occupy nearby
positions. One of the earliest examples of a vector space
model is the bag-of-words representation, in which each
dimension corresponds to a word in the vocabulary.
Classical representation models suffer from several well-
known limitations: they are expensive in terms of
dimensionality, they don’t preserve the order of terms in
the document, and they do not consider relationships
between terms. [13].

Distributed Representation Models

These models overcome the challenges of high
dimensionality and show the ability to capture semantic
information. They are further divided into continuous word
representations and contextual word representations, as
follows.

Continuous Word Representations: These are methods
for creating word embeddings by mapping words into
dense, real-valued, low-dimensional vector spaces
learned from large text corpora, typically using neural
network-based architectures. These representations
capture both semantic and syntactic regularities by
exploiting word co-occurrence patterns, such that words
appearing in similar contexts are associated with similar
vectors. As a result, continuous word representations
enable the modelling of linguistic relationships such as
similarity and analogy. [13]. They constitute the
foundation of widely used approaches like Word2Vec,
GloVe, and FastText. In some studies, [l4]Arabic
documents are represented as AraVec. [15] Word
embedding.

Contextual Word Representations: these are techniques
that exploit multi-layer neural networks to compute
dynamic representations of words depending on the
context in which they appear. Embeddings from
Language Model (ELMo) is an example. Some research
applied this model to Arabic, such as AraBERT [14],
QARIiB[17], and AraGPT2[16].

Classical Representation
Models

Distributed Representation
Models

I

Continuous
Word
Representations

e.g.Vector Space Models

e.g. Word2Vec, GloVe, FastText and AraVec

Contextual
Word
Representations

e.g. ELMo, AraBERT, QARiB, and AraGPT2

Fig. 1. Classification of Representation Models as in [12] and [19]

This taxonomy is compatible with the categorization
proposed in [19]. Another categorization is presented in
[5] and shown in Fig. 2, identifying the three most used

document representation methods, specifically Vector
Space Models, Probabilistic Topic Models and Statistical
Language Models.
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Vector Space Models

In these models (see Section II), a document is
represented as a vector in a continuous space, where
similarity between documents is captured by the geometry
of their representations.

Probabilistic Topic Models

In these models, documents are represented as a
mixture of topics, where a topic is a probability
distribution over words or terms. For example, the
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Latent Dirichlet Allocation is a Bayesian network,
where topics are considered as latent variables inferred
from observed data, which are documents and words.

Statistical Language Models

According to these models, documents are
represented through probability distributions over
sequences of words. For example, n-gram-based

models assume that the probability of a word depends
on the n words preceding it in the text.

Representation Models

[

|

Vector Space Model

[Probabilistic Topic Model

Statistical Language Model

e.g. BOW

e.g. Latent Dirichlet Allocation

|

e.g. n-gram

Fig. 2. Classification of Representation Models as in [5]

Document representations are used to calculate the
semantic similarities between documents. Semantic
similarity can be analysed at three levels: word level,
sentence level, and document level. Methods for measuring
semantic similarity can be categorized into four main
groups. [20][21], as follows.

Co-occurrence-based methods: these methods use
the bag-of-words model for text representation,
measuring similarity through techniques like Cosine
similarity.

Statistical corpus-based methods: these methods
represent words based on their context within a corpus,
capturing meaning from their distribution patterns.

Lexical database-based methods: these methods rely
on resources like WordNet to determine semantic
relationships between words.

Word embedding-based methods: these methods derive
meaning from the context of words in large datasets,
utilizing techniques such as Word2Vec, GloVe, or
FastText.

In the present work, a characterisation of Vector
Space Models is provided in Section. II and a review of

the state of the art in text clustering for Arabic is
presented in Section III, focusing on three main
aspects: issues in clustering Arabic text, such as
preprocessing techniques, algorithm comparison, domains of
application, and topic modelling; the use of dimensionality
reduction techniques for high-dimensional data; the
employment of vector space models and semantically
enriched representations. Conclusive remarks are provided
in the section. IV.

II. VECTOR SPACE MODELS

The vector space—based approach is a framework for
representing items as vectors in a shared geometric space,
where similarity between items is reflected by geometric
closeness in that space. Given this definition, vector space-
based models differ in how the vector space is constructed
and, consequently, how semantic information is encoded,
namely explicitly in sparse dimensions (sparse vector
representations), implicitly through latent projections (low-
dimensional latent representations), or learned directly as
dense embeddings. Figure. 3 shows a schema of this
categorisation.

Space Vector Models

Sparse Vector
Representations

Low-dimensional
Latent Vector
Representations

Dense
Embeddings

focus of the present survey

Fig. 3. Classification of Space Vector Model
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Sparse Vector Representations

Sparse vector representations are based on the
frequency of terms in the document. The vector
components are usually the weights of the terms found
in the document. A term can be a single word or a phrase,
and the dimensionality of the representation is the number
of different terms occurring in the corpus of documents.
Similarity between documents is typically measured using
cosine similarity or other distance metrics.

Bag-of-Words (BoW) [22] is a canonical and
widespread model in which documents are represented as
high-dimensional vectors over a shared vocabulary. Each
vector component encodes the frequency of a word in the
document. Term weighting schemes, such as term
frequency—inverse document frequency (tf-idf), improve
discriminative power by down-weighting common words.

BoW and tf-idf are simple and interpretable; however,
they fail to capture semantic similarity between terms not
explicitly shared, and vectors representing documents tend
to be high-dimensional and sparse.

Prior studies [22][23]show that tf-idf vectors achieve
competitive retrieval performance, particularly in domains
with small or domain-specific corpora, but their
effectiveness decreases in tasks requiring semantic
generalization.

Low-dimensional Latent Vector Representations

Latent semantic models derive vector representations by
applying dimensionality reduction techniques to sparse co-
occurrence matrices. In these models, the original explicit
feature space is projected onto a lower-dimensional latent
space, where dimensions no longer correspond to
individual terms but capture underlying semantic factors
inferred from global co-occurrence patterns.

Latent Semantic Analysis [24] extends BoW
representations by performing dimensionality reduction
(usually through singular value decomposition) on the
term-document matrix. The resulting vectors representing
documents are low-dimensional and capture latent semantic
structure.

Prior studies [25] show that Latent Semantic Analysis
outperforms BoW in tasks requiring semantic similarity,
such as information retrieval and document clustering,
particularly when synonymy and polysemy are present.

Dense Embeddings

Dense embeddings represent documents as low-
dimensional vectors learned directly through predictive or
optimization-based objectives. The dimensions of these
vectors are latent and non-interpretable, and semantic
relationships are encoded implicitly through the geometry
of the learned space rather than through explicit feature
dimensions or matrix factorization.

Predictive neural models, such as Word2Vec [26][27]
and GloVe [28], represent words as dense vectors in a low-
dimensional continuous space. These vectors are learned so
that words appearing in similar contexts occupy nearby
positions. Similarity is measured through cosine similarity
or dot product, and linear relationships between vectors
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capture meaningful semantic analogies.

Prior studies [28] show that embeddings consistently
outperform sparse models on word similarity, analogy, and
semantic clustering tasks. However, in [29] and [30]cases
are reported where sparse vectors and latent methods
remain competitive depending on text length and task
demands.

III. LITERATURE REVIEW

For the review, 53 papers were considered.
Inclusion criteria were the publication date between
2001 and 2025 and the use of sparse or low-
dimensional latent document representation (as
described in the Section II). The distribution over the
years of the papers mentioned in this work is shown
in Fig. 4.

DISTRIBUTION OF RESEARCH

2001-2004
2005-2008
2009-2012

2010-2013

I

I

20142017 |

20182021

20222025 |
0,00 0,05 0,10 0,15 0,20 0,25 0,30

Fig. 4. Distribution over the years of the papers mentioned in this survey

Although each considered work faces different
aspects of Arabic document processing, we
categorized the reviewed research into three main
areas: clustering in Arabic texts, traditional techniques
for addressing high dimensionality, and semantic
representations of documents. Certain studies address
multiple categories simultaneously.

A.  Issues in Clustering Arabic Text

Research on Arabic text clustering can be examined
from multiple perspectives. Among others, we focused
on the following: the preprocessing techniques applied
prior to clustering, the application of clustering across
different tasks, the range of clustering algorithms
employed, the result of comparative evaluations of these
algorithms, the use of topic modelling as an alternative
or complementary approach to clustering, and methods
for addressing the problem of initializing -cluster
centroids.

1) Preprocessing

Research on clustering in the Arabic language is less
extensive compared to similar studies in other languages.
Much of the existing research has concentrated on the
morphological aspects of Arabic, specifically by
examining preprocessing techniques for Arabic
documents and their effects on information retrieval and
the clustering of these documents.

The preprocessing techniques include tokenization,
removal of stop-words, normalization, stemming,
vectorization, feature selection, term  pruning,
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lemmatization, handling of synonyms, and semantic
processing. [1][3] [31][33][34].[35][36].

Applying stemming speeds up the clustering process
and reduces the size of documents. However, the effect
of stemming on clustering quality varies: in some cases.
[31[32][34][35]it has a negative impact, while in other
cases [1], in some instances,[37][36][37], it has a positive
effect. Summary of the mentioned research is shown in
Table 2.

2)
Clustering is widely used to enhance tasks such as
summarization [38][39], information retrieval [40],
and web search results [41][42], and has also been

Applications

19
Summary of these studies in different tasks is shown
in Table 3.

Hierarchical clustering typically yields more
effective results compared to flat clustering, like K-
means. However, flat clustering algorithms have
linear complexity, while hierarchical clustering
algorithms exhibit quadratic complexity. To exploit
the advantages of both, hybrid clustering methods,
combining K-means and hierarchical clustering, are
used. In [38], hybrid clustering is used for
summarization purposes. From each cluster, key phrases
are extracted to identify important sentences, which
are then used to represent the documents as their

. . . . . . summaries. Fuzzy C-Means and Latent Dirichlet
applied to domain-specific Arabic texts, including . .
. . Allocation are employed for multi-document
crime [43], Islamic documents[37][37], hate speech summarization in [39]
tweets [44] and Quran text as classical Arabic [45]. '
TABLE 2
Stemming Effect on Clustering
Research Impact Algorithm Measure Distance Dataset
[ Positive and| ) ) )
Negative
K-means Rand index,
[3] Negative Latent  Diriclet] Jaccard, B CcCa, Alwatan)
Allocation measure, newspaper, OSAC
Entropy
[32] Negative K-means Accuracy - 1445 documents
. . Euclidean, Cosine, Jaccard, Pearson,
[34] Negative K-means Purity, Entropy Kullback-Leibler, Divergence CCA
Negative Agglomerative . Euclidean, Cosine, Jaccard
[33] £ Hierarchical Purity, Entropy Pearson cea
. Purity, F- Cosine, Jaccard, Pearson, Euclidean,|
(331 Positive K-means measure Kullback-Leibler, Divergence 1680 documents
Recall,
[36] Positive K-means Precision, F{ - BBC
measure
[37] Positive K-means F-measure Euclidean, Cosine, Jaccard In-hot_lse dataset
(Islamic documents)
clustering performing the worst. For clustering web
First, the TAC-2011 dataset is clustered after search results, authors in [42] proposed an approach

reducing its high dimensionality using Singular Value
Decomposition. Next, Latent Dirichlet Allocation is
applied to the resulting clusters to extract latent topics,
which are then used to generate summaries by selecting
the top-ranked sentences associated with each topic. The
proposed method is evaluated using precision, recall,
and F-measure, and the results demonstrate promising
performance compared with existing studies.

The study [40] explores the use of clustering in
information retrieval. Two types of clustering
algorithms were employed to cluster the retrieved
documents, namely K-means as flat clustering, and
Ward and group-average as agglomerative clustering.
The dataset consisted of 1000 documents from the Al-
Sabaah newspaper, represented using the Vector
Space Model with tf-idf weighting.

The performance of information retrieval without
clustering was measured using precision, recall, and
F-measure, while the clustering of returned
documents was assessed using a new method based
on accuracy. The average accuracy for K-means and
Ward was 0.50, with the average agglomerative

based on Formal Concept Analysis. Figure. 5
illustrates an example of the resulting clusters, where
each rectangle represents a cluster containing similar
documents or objects (denoted as G1 through GS8),
grouped based on shared terms among the documents.

Three approaches to clustering were employed in
[46]for the classification of Arabic texts: unsupervised,
semi-supervised, and  semi-  supervised  with
dimensionality reduction. Documents were initially pre-
processed by removing stop words, stemming words to
their roots, applying tf-idf weighting, and calculating
document similarity. In the unsupervised approach,
clustering was performed by K-means and incremental
K-means. The semi-supervised approach required some
labelled data to improve the creation of initial centroids
through a threshold function. The clustering results
were then applied to a classification model, which was
tested using a labelled test file, and dimensionality
reduction was applied to the centroids to accelerate the
classification process. A proposed score function is used
to weigh each term in the class; dimensionality reduction
is achieved by selecting a ratio of reduction from the top
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(highest scores) and bottom (lowest scores). Online
dynamic datasets were used, with evaluation metrics
including F-measure and entropy. The best F-measure
achieved was 0.86, with a dimensionality reduction of
5% from the top and 30% from the bottom, with 5% of
the training data labelled.

In [41] the Enhanced K-Means algorithm is
introduced for clustering search results. The resulting
clusters are labelled with the most significant terms
within each cluster, using tf-idf as a term-weighting
method. Enhanced K-Means improved execution time
compared to standard K-Means by reducing the number
of distance calculations through the reuse of previously
computed distances. However, the differences in purity
and entropy between the two algorithms were minimal.

20
The dataset used in this study consisted of 6,500
documents generated from searches of 50 terms, with
three clusters created for each term.

Arabic clustering has been applied to specific
domains, for example, to crime, like in [43], where the
type of crime is determined for each document.
Documents are represented by keywords extracted from
them, and clustering is done by Self-Organizing Maps.
Hate speech tweets from the L-HSAB dataset were
clustered using the K-means algorithm in [44], where tf-
idf was employed for text representation and PCA for
dimensionality reduction. However, the study does not
report any clustering evaluation metrics or
corresponding performance values.

TABLE 3
Applications of Clustering

FCM: Fuzzy C-Means, LDA: Latent Dirichlet Allocation, FCA: Formal Concept Analysis, NMI: Normalized Mutual Information, NCE: Normalized
Complementary Entropy, SOM: Self-Organizing Maps, UMAP: Uniform Manifold Approximation and Projection, SVD: Singular Value Decomposition

Research Finding Algorithm Measure Distance Dataset
Summarization of documents using a | K-means Cosine Essex Ar'ablc
[38] . . . . Accuracy Summaries
keyphrase extraction module from clusters hierarchical clustering Jaccard Corpus
S Precision
(39] Summarization of documents by FCM and FCM Recall TAC-2011
LDA
F-measure
[41] Enhanced K-means improved execution enhanced K-means Purity ) 6500 documents
time compared to K-means Entropy
[42] FCA was integrated in web search results FCA El(\:/lé - ODP
K Recall
[40] K-means with Ward distance better than V\/-:rlg’as ns Precision ) 1,000 news
average agglomerative clustering . F-measure documents
Average agglomerative
Accuracy
[43] The type of crime extracted from documents | SOM - - (510 news
ocuments
. . Cosine
[37] The best perfognance is achieved by K- K-means F-measure Euclidean Islamic documents
means and Cosine
Jaccard
[46] The classifier produced better results. K-means F-measure Cosine Online dynamic
Incremental K-means Entropy
Dimensionality reduction and semantic Sllh_oueFte Score,
. . . Calinski-Harabasz Index All verses from
[47] extraction from Classical Arabic based on tf- | K-means Davies-Bouldin Surah Al-Baaarah
idf with SVD and UMAP Index 4
[44] Clustering hate speech tweets. K-means - - L-HSAB

In [37] Islamic documents, written both in Modern
Standard Arabic and Classical Arabic, are clustered via
K-means. They are represented using the bag-of-words
model, and similarity/distances are calculated using
three different metrics, namely Cosine similarity,
Euclidean distance, and Jaccard distance. Results show
that clustering with stemming outperforms clustering
without stemming. The best results are obtained using
the Cosine distance metric and two clusters, achieving
an F-measure of 0.85. The study is conducted on an in-
house dataset. In [47]Classical Arabic texts are
represented using tf-idf and clustered by K-means. In
this research, dimensionality reduction is obtained by
Truncated Singular Value Decomposition along with
Uniform Manifold Approximation and Projection. A 10-
cluster solution for all the verses of Surah Al-Bagarah
was identified as the optimal one and was interpreted by

examining the top tf-idf terms in each cluster so that a
different theme was assigned to each cluster.

3)  Algorithm comparisons

Some research (as shown in Table 4) investigates
algorithm comparisons, such as Bisect K-means versus
K-means [48], K-means versus K-medoids [49], K-
means hierarchical agglomerative clustering, and fuzzy
c-means[14], and Latent Dirichlet Allocation versus K-
means[3][50][51].

In [48] a hybrid algorithm (bisect K-Means) is compared
to the standard K-means algorithm for the analysis of
Arabic documents. Five similarity/distance measures are
explored: Pearson correlation coefficient, Cosine similarity,
Jaccard distance, Euclidean distance, and averaged
Kullback-Leibler divergence.

A comparison between the K-means and K-medoids
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algorithms to enhance the clustering of Arabic documents
for better information retrieval is found in [49]. The study
utilized an inverted file approach for document indexing
and representation, using a dataset of 242 documents.
Results showed that K-medoids outperformed K-means in
both recall and precision. Similarly, the study in [14]
presented a comparative study of three clustering
algorithms for Arabic text: K-means, Hierarchical
Agglomerative Clustering, and Fuzzy C-Means. The
comparison was based on six criteria: dataset size, number
of clusters, stability, complexity, priority, and noisy data.
The findings of this comparison are summarized in Table 5
K-means and Fuzzy C-Means outperform Hierarchical
Agglomerative Clustering in large datasets. Furthermore,
K-means is the best option when considering the
complexity of the algorithm and the large number of
clusters. In contrast, Hierarchical Agglomerative Clustering
excels in terms of stability and its ability to handle noisy
data. Each algorithm needs prior knowledge to function
effectively: minimal prior knowledge includes the set of
documents to cluster, which occurs in Hierarchical
Agglomerative Clustering; K-means also requires K; and
Fuzzy C-Means has more knowledge than both K-means
and Hierarchical Agglomerative Clustering.

A dataset comprising 3,404 Arabic comments was used.
The grouping of comments into clusters was similar across
all three clustering algorithms.

An example of using topic modelling for clustering is
presented in [3][50][51], using the Latent Dirichlet
Allocation and the K- means algorithms on Arabic texts.

21
In [3] the effectiveness of the two algorithms was
assessed through a comparison on three versions of an
Arabic corpus: raw data, cleaned data without stop
words, and stemmed data. Results show that Latent
Dirichlet Allocation Outperformed K-means in
clustering quality. Additionally, removing stop words
improved the results, while stemming had a negative
effect.

In [50] and [51], K-Means and Latent Dirichlet
Allocation were combined in two steps: in the first step,
Latent Dirichlet Allocation was applied to uncover
topics within the documents, and in the second step, K-
Means was used for clustering. The documents were
pre-processed and represented using normalized tf-idf.
In [50], the dataset used contained 2,700 Modern
Standard Arabic news documents across 9 categories. K-
Means was run 25 times with different initial centroids,
and the average results were taken to address the issue of
poor starting centroids. Compared to previous studies on
the same dataset, this method outperformed others,
yielding better results than K-Means alone. The
evaluation was based on various metrics, including purity,
F-measure, entropy, and accuracy. Similarly, the study in
[51] used Arabic security news with 4004 observations.
The combination of Latent Dirichlet Allocation and K-
means outperforms K-means alone in different evaluation
metrics: purity, within-cluster sum of squares, Dunn index,
normalized mutual information, normalized variation of
information, and Rand index.
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Fig. 5. Example of a concept lattice[42]

4)  Choice of initial centroids

Optimization methods are combined with clustering
to enhance the problem of initial centroids in K-means.
[52][53]. A summary of those methods is shown in
Table 6. Particle Swarm Optimization is employed in [52]
to address the challenge of selecting initial centroids in

the K-means algorithm. In this approach, each particle
represents a clustering solution with randomly chosen
centroids. The fitness of each particle is assessed using a
function that minimizes the Sum of Squared Errors,
helping to identify the best global and local solutions.
Three datasets are used: BBC, CNN, and OSAC. The
hybrid approach combining K-means with Particle
Swarm Optimization demonstrates superior performance
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compared to standard K-means, particularly in terms of
recall, precision, and F-measure. Authors in [53]
integrate the Water Cycle Optimization algorithm with
K-means to address the sensitivity of K-means to the
selection of initial centroids. The proposed hybrid
clustering approach demonstrates superior performance
compared to the standalone Water Cycle Optimization
algorithm and other clustering methods. Experiments are
conducted using the TREC 2001 dataset and an Arabic
news dataset, with cosine similarity employed as the
similarity measure and the F-measure wused for
performance evaluation.

B.  VSM-based techniques for addressing high
dimensionality

High dimensionality is handled in three main ways: by
enhancing document representation, as illustrated in Table
T(latent vectors)and TaBLE 8(sparse vectors);, or by
improving clustering efficiency in high-dimensional spaces,
as shown in TABLE 9; or by addressing both objectives
simultaneously, as demonstrated in [57]. In [34],
documents were summarized using Latent Semantic
Analysis and represented as bag-of-words based on the
summaries. Clustering accuracy was assessed by
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applying the K-means algorithm both with and without
stemming. The results showed a purity score of 0.32
when stemming was used, compared to 0.77 for full
representation. This study indicates that stemming has a
negative effect on clustering performance. In [58], a
modification of the bag-of-words method was proposed
to reduce high dimensionality by incorporating
semantics. This approach groups similar words together,
achieving a reduction in dimensionality by 40%.
However, the proposed method has not yet been
evaluated for clustering.

In [59]documents were represented through
keyphrases, and agglomerative hierarchical clustering
was applied. The authors proposed a similar measure
based on a common lemma form of keyphrases between
the documents. This keyphrase-based representation
achieved better results for clustering compared to the
full text-based representation.

In [60]the quality of clustering was enhanced by
employing agglomerative hierarchical clustering and
representing documents using a suffix tree to extract key
phrases instead of all the words in the documents.

TABLE 4
Algorithms Comparison

FCM: Fuzzy C-Means, LDA: Latent Dirichlet Allocation, HAC: Hierarchical Agglomerative Clustering, NMI: Normalised Mutual Information, NVI:

Normalised Variation of Information, RI: Rand Index

Research Finding Algorithm Measure Distance Dataset
Pearson
. Cosine
Bisect K-means outperformed Bisect K- . Jaccard 300 news
[48] means Purity .
K-means K-means Euclidean documents
Kullback-Leibler
divergence
[49] K-medoids outperformed K-medoids Recgllb Proposed one 242 documents
K-means K-means Precision
K-means .
[14] Comparison based on 6 criteria HAC - - 3404 Arabic
comments
FCM
Rand index
LDA outperformed K-means K-means Jaccard CCA
[3] LDA F-measure - Alwatan newspaper
Entropy OSAC
(50] LDA with K-means outperformed K-means I:E-I?easure MSA
K-means LDA nropy )
Accuracy
Purity
Within-Cluster-Sum-of-
. Squares
[51] LDA with K-means outperformed LDA Dunn index ) Security news
K-means K-means
NMI
NVI
RI
TABLE 5

Comparison of Clustering Algorithms in [14]
k=number of clusters, /==number of iterations, n=number of documents, d=number of dimensions

Criteria K-Means Hierarchical Agglomerative Clustering Fuzzy C-Means
Si;l:hty for large data Good Bad
Performance for large £ Excellent Average Average
Stability No Yes No
Complexity O(thn) o) O(ndk*t)
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The set of documents
. The set of documents The number of clusters
A-priori knowledge The number of clusters The set of documents The threshold
The degree of blurring
Noisy data No Yes No
TABLE 6
Optimization for Initial Centroids
PSO: Particle Swarm Optimization, WCO: Water Cycle Optimization
Research Finding Algorithm Measure Distance Dataset
. K-means BBC, CNN
[52] K-means with PSO outperformed K-means PSO F-measure - OSAC
K-means with WCO outperformed K-means and K-means . .
[53] WCO WCO F-measure Cosine TREC Arabic news
TABLE 7

Representation in High Dimensionality (Latent vectors)

PLSA: Probabilistic Latent Semantic Analysis, LSI: Latent Semantic Indexing, EM: Expectation Maximization, SOM: Self-Organising Maps
Research Finding Algorithm | Measure Distance Dataset
Euclidean
. Cosine
[34] Dimensionality — reduction K-means Eﬁztg Jaccard CCA
done by summarization 24 Pearson
Kullback-Leibler
Divergence
. Purity
The topic model
[54] outperforms PLSA. ) MICD ) News
DBI
Latent Semantic Indexing
with EM EM
[55] outperformed SOM and K- SOM Accuracy - Alanba newspaper
K-means
means
LSI with cosine improves In-house
[56] accuracy by 15% EM Accuracy ) (1000 documents)
employs the Frequent Itemset Hierarchical Clustering
method proposed in [61] and integrates N-gram analysis
The method was utilized on the Corpus of for the Arabic language. It achieves an F-measure of 0.7,
Contemporary Arabic (CCA), which includes 278 outperforming the score observed by 0.6 for European

documents. Data mining techniques were employed to
reduce high dimensionality, as in [61][62][63]. A novel
approach for clustering Arabic documents is presented
in [62] .The method employs the FPMax algorithm, a
data mining technique used to extract Maximal Frequent
Wordsets, which capture recurring word combinations
within the dataset. Rather than representing documents
using individual terms, the approach relies on word
combinations, thereby significantly reducing the high
dimensionality of the feature space. These word
combinations are subsequently used in the clustering
process by calculating their similarity with the
documents to form clusters. The method was applied to
the CNN and OSAC datasets, achieving an F-measure of
0.80. In [61]the challenge of high dimensionality is
tackled by utilizing frequent item sets, a data mining
technique for defining clusters. Hierarchical clustering is
then used to organize documents based on their
relevance to specific topics or clusters, facilitating easier
browsing. Each cluster or topic is represented by shared
words (frequent item sets). The methodology also
incorporates the application of tf-idf following the
stemming process. The proposed approach was
compared to Frequent Itemset Hierarchical Clustering,
bisecting K-means, and Frequent Term-based Text
Clustering on multiple datasets. The study in [63]

languages.

Traditional dimensionality reduction techniques,
namely Principal Component Analysis, Nonnegative
Matrix Factorization, and Singular Value
Decomposition, were used in [64]. Documents were
represented using tf-idf, and the K-means clustering
algorithm was applied. Principal Component Analysis
produced the best results, particularly in terms of
accuracy and normalized mutual information. The
dataset used included 7,232 Arabic news documents
across 10 manually curated topics, as well as an English
corpus from Reuters consisting of 7,293 documents
covering 10 topics.

The topic model is an alternative approach to address
the issues associated with the bag-of-words;
Probabilistic Latent Semantic Analysis and Latent
Dirichlet Allocation are examples of this approach.[11].
The topic model is used in document representation to
reduce dimensionality. [54]. Instead of representing a
document by words or terms, it is represented as a set of
topics; and this method can be directly used for
document clustering. In [55], Arabic documents are
categorized wusing a latent semantic indexing
representation based on Singular Value Decomposition
in conjunction with clustering techniques. This approach
is particularly effective for labelling data in the absence
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of training samples. Expectation-Maximization, Self-
Organizing Maps, and K-means are employed as
clustering algorithms.

The study in [56] proposed an automatic text
clustering approach based on Latent Semantic Indexing
and the cosine similarity measure. Latent Semantic
Indexing combined with singular value decomposition
was applied twice to address high dimensionality: first,
documents were represented in the Latent Semantic
Indexing space and pairwise similarities were computed
using cosine similarity; second, Latent Semantic
Indexing was reapplied prior to clustering, which was
then performed using the Expectation-Maximization
algorithm. Experiments were conducted on an in-house
corpus consisting of 1,000 documents, and the proposed
approach achieved a 15% improvement in accuracy
compared to using Latent Semantic Indexing alone.

Feature selection methods such as Principal
Component Analysis, Singular Value Decomposition,
Information Gain, Chi-square, and Relief are commonly
employed to reduce high-dimensional feature spaces. In
[65], the authors proposed a method called OCATC, in
which documents are represented using tf-idf. High
dimensionality is addressed by selecting an optimal
feature selection strategy, where Particle Swarm
Optimization is used to determine the optimal solution
for Arabic document classification. This optimal
solution includes the number of selected features, the
feature selection method, and the classifier.

The study in [65] compared microword (character bi-
gram) representation with full-word representation for
clustering Arabic documents. Principal Component
Analysis was applied to reduce dimensionality, and
experiments were conducted on a dataset comprising
250 documents. The results showed that both
representation methods achieved comparable accuracy.

Paper [53] introduces a method for term extraction
based on verbs and nouns. The method utilizes the
Educated Text Stemmer and Arabic WordNet and
achieves dimensionality reduction through the proposed
extraction process. The extracted terms are evaluated
individually and in conjunction with clustering methods.
Clustering performance, measured using the F-measure,
is compared across different term extraction techniques
and the bag-of-words representation, with the
combination of Arabic WordNet and Educated Text
Stemmer yielding the best results.

Some studies have proposed methods for detection
in text corpora, such as [67][68]. These methods can
potentially be utilized to enhance Arabic text
clustering by representing documents using extracted
keywords. In [67], the authors introduced the Safar
Keyword Extraction Tool for automatic keyword
extraction. The final keyword list is constructed by
integrating three lists generated across three phases.
In the first phase, a frequency-based list is produced
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from the top 50 most frequent tokens in the corpus.
The second phase generates a vector space—based list
derived from the most frequent tokens appearing
across all paragraphs in the corpus. In the third phase,
logistic regression is employed to construct a third list
representing domain-specific expertise.

Traditional clustering algorithms such as K-means
often suffer from convergence to local optima and
exhibit a low convergence rate, particularly when
dealing with high-dimensional data. To address these
limitations, a hybrid optimization approach, namely
GWOCS-mini[69], which integrates Grey Wolf
Optimization and Cuckoo Search, is proposed and
combined with minibatch K-means. To mitigate the
challenges associated with high dimensionality,
Principal Component Analysis is applied. Additionally,
the well-known initial centroid sensitivity problem of K-
means is alleviated by employing the minibatch K-
means strategy, which provides more stable and reliable
initial centroids. Experimental results demonstrate that
the  proposed  approach  outperforms  several
metaheuristic methods, traditional clustering algorithms,
and existing studies on English text datasets, as
measured by the silhouette coefficient, Adjusted Rand
Index, and lowest Root Mean Square Error. However,
the runtime performance of the proposed method is
higher compared to some other approaches, indicating a
trade-off between clustering accuracy and computational
efficiency. The effectiveness of the proposed method is
validated using multiple benchmark datasets, including
NADA, CNN, ARPD, and BBC datasets. In [70],
traditional data representations were used, specifically
CountVectorizer and tf-idf, and the performance
limitations of K- means in high-dimensional data were
overcome by an approach combining the Grey Wolf
Optimization algorithm with Self-Organizing Maps. A
significant improvement over conventional Self-
Organizing Maps and K-means methods was achieved.
The datasets used were MSA and NADA.

A method for clustering Arabic documents based on
rough set theory is proposed in [71]. Document
preprocessing and representation are performed using tf-
idf or the Count Vector model, followed by the
extraction of a feature table. Weighted distances
between documents are then computed according to
rough set theory and used as input for the clustering
process. The method is evaluated on the CNN and
OSAC datasets, achieving an F-measure of 0.85.

In [57] document representation was based on the
categories documents belong to, rather than on the
individual words they are composed of. A hybrid
approach that integrates Bayesian-Vectoriser and K-
means was introduced, and it achieved an 85%
improvement in clustering performance and a 95%
reduction in runtime.
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TABLE 8
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Representation in High Dimensionality (sparse vectors)

HAC: Hierarchical Agglomerative Clustering, MFW: Maximal Frequent Wordsets, FIHC: Frequent-Itemset-based Hierarchical Clustering, NMI:
Normalized Mutual Information, PCA: Principal Component Analysis, SVD: Singular Value Decomposition, PSO: Particle Swarm Optimization, WCO:

Water Cycle Optimization, NMF: Nonnegative Matrix Factorisation

Research Finding Algorithm Measure Distance Dataset
The semantic vector space model Dimension
[58] resulted in a 40% reduction in - Reduction - BBC’s
dimensionality. Ratio
Euclidean
Cosine
Keyphrase-based representation better | Hierarchica Purity Jap card 345 news
[59] . . Dice Arabic
than full text-based representation 1 Clustering | Entropy
Overlap documents
Pearson
Proposed
Euclidean
Cosine
- Purity Jaccard
[60] flllllfst;l; itrrlc;e representation improved HAC Entropy Pearson CCA
’ Kullback-
Leibler
Divergence
. Proposed F-measure Euc%ldean
MFW-based representation returned . S Cosine
[62] promising results compared to other algorithm Precision Jaccard CNN
based on | Recall OSAC
research. MFW Overlap
Manhattan
Classic4
Frequent Itemsets representation F-measure Proposed Hitech
[61] returned promising results compared | FIHC Wap
to other research. one Reuters
Re0
Frequent Itemsets with n-grams o
[63] returned good results for Arabic | FIHC F-measure Proposed Built-in
one house
compared to other languages.
Arabic
news
[64] PCA produced the best results K-means Accuracy ) documents
compared to NMF and SVD NMI Reuters-
English
dataset
Microword (character bi-gram)
representation and full-word 250
[66] representation achieved comparable K-means Accuracy . documents
accuracy.
. . . N CNN
[65] PSO optimizes high-dimensionality PSO F-measure - BBC
Clustering performance is good for K-means Fomeasure TREC
[53] the proposed term extraction(Arabic WCO Cosine Arabic
WordNet+Educated Text Stemmer) news
C.  Semantic Representation facilitate easy access and processing. Resource

Sometimes tools like WordNet are used to calculate
semantic similarity between words, addressing polysemy

and synonymy. [72]. For example, in [73]a
comparative  study was  conducted. Three
representation  modes  (bag-of-words, n-gram,

concept-based) were compared for -classification
problems. The concept-based representation relies on
external knowledge from WordNet to define synonyms
but does not consider polysemy, where the same word
can have different meanings depending on the context
within the text.

The Resource Description Framework offers
semantic representation for text documents. In [73]
Arabic documents are represented by integrating
Resource Description Framework and DBpedia to

Description Framework triples (subject, predicate, and
object) are extracted using predefined rules. Named
Entity Recognition (via GATE [75]) is employed to
identify entities, which are then linked to DBpedia
URLs by searching for the entities on Wikipedia. A
dataset comprising 60 different Wikipedia articles is
utilized, resulting in 250 sentences, 2,219 words, 160
entities, 108 triples, and 145 URLs. However, this
representation method is not applied for information
retrieval or clustering.

A model for document representation in the
clustering of Arabic web pages is proposed in [76].
The process begins by extracting semantic class
features, where verbs within the documents are
identified and assigned to semantic classes based on
VerbNet. Next, the documents are vectorized by
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representing them as vectors of semantic classes instead of
individual terms, using either semantic class density or
probability distribution for weighting. Finally, the
documents are clustered, and the clusters are
annotated with the most prominent topics. A dataset
of 753 documents from online Arabic newspapers is
used for the model evaluation. This method outperforms
the standard K-means algorithm in terms of purity, mean
intra-cluster distance, and Davies—Bouldin index.

Some studies address both high dimensionality and
semantic representation issues, such as [77], which
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proposes a hybrid document representation that
combines DBMS-document distances derived from tf-idf
features with word embeddings (FastText). This hybrid
representation is applied to classification tasks to improve
efficiency by reducing the dimensionality and sparsity
associated with tf-idf, while simultaneously incorporating
semantic information through word embeddings. The
study evaluates the proposed approach using seven news-
based datasets. TasLE 10 shows a summary of related work
in semantic representation.

TABLE 9
Clustering Efficiency in High Dimensionality

GWOCS: Grey Wolf Optimization and Cuckoo Search, GWO: Grey Wolf Optimization, SOM: Self-Organizing Maps

Research Finding Algorithm Measure Distance Dataset
GWOCS  solves  local .. Sllhouc?tte NADA
[69] | optimal and initial centroid | Minivatch | coefficient, Cosine CNN
e?fectivel K-means Adjusted Rand ARPD
Y Index BBC
Integration of GWO with F-measure
[70] SOM outperformed SOM | GWO Precision _ MSA
and K-means in high- | SOM Recall NADA
dimensional data. Accuracy
. Rough set | F-measure Weighted CNN
[71] New method for clustering theory distances OSAC
TABLE 10

Related work in semantic representation

BOW: Bag Of Words, RDF: Resource Description Framework, MICD: More Intra-Class Diversity, DBI: Davies-Bouldin Index

Research Finding Algorithm Measure Distance Dataset
Concept-based  representation Jaccard Online
[43] outperformed BOW and n- | K-NN F-measure Cosines
. newspaper
grams. Inner Dice
Semantic class features Purity . .
[76] clustering outperformed K- | K-means MICD Squa.red Online  Arabic
Euclidean | newspaper
means DBI
RDF and DBpedia integrated to | ) ) 60  Wikipedia
[74] represent Wikipedia articles articles
Classification  efficiency is
[77] improved by hybrid | - - News datasets
representation(DBMS, FastText)

IV. CONCLUSIONS

A survey of the literature on Arabic document
clustering has been conducted, with particular emphasis
on incorporation of semantic information and on the
strategies for handling the high dimensionality inherent
to sparse and latent Vector Space Methods. Although
sparse and latent Vector Space Methods provide a
somewhat limited perspective, the body of work
reviewed shows considerable methodological diversity,
and it reveals an upward trend in research activity over
the years, with the interval 2021 to 2025 emerging as the
most productive in terms of research output. This
growing interest reflects the expanding availability of
Arabic digital content and the corresponding need for
scalable, unsupervised methods to organize and explore
large document collections.

Clustering techniques have been employed across a
wide range of applications such as information retrieval,
text summarization, topic discovery, and as a
preprocessing step for classification. In many practical
scenarios, clustering plays a fundamental role by enabling
the discovery of latent thematic structures in unlabelled

data and by reducing the dependence on manually
annotated resources, which remain scarce for Arabic. As
modern applications increasingly rely on large-scale text
analytics, effective document clustering is becoming an
essential component for managing information overload
and supporting semantic tasks.

The impact of stemming on clustering performance
was investigated in many works, yet no clear consensus
has emerged. Some studies reported performance gains
attributed to dimensionality reduction and increased term
overlap, while others observed degradation due to semantic
loss or over-stemming effects. These mixed findings
underscore the sensitivity of clustering outcomes to

preprocessing choices, especially in Arabic, where
morphological variation plays a central role in meaning
representation.

Semantic information was explicitly considered in only
a limited subset of studies, most commonly through
named entity recognition techniques. Despite the
recognized importance of semantics for effective clustering,
most approaches still rely on representations based on
lexical similarity. Recent advances in embedding-based
representations, such as word embeddings, sentence
embeddings, and transformer-based models, offer a
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promising alternative.
With respect to evaluation, news datasets were by far the
most frequently used benchmarks. While such datasets

provide convenient and standardized test beds,

this

restricted focus limits the generalizability of results to other
domains such as biographical texts, religious texts, or legal
documents, where linguistic variability and noise are often
more pronounced.

The morphological richness and syntactic complexity of
Arabic, together with orthographic variations, complicate
core preprocessing tasks, which directly affect clustering
quality. Compared to languages that have been extensively
studied in this area, Arabic remains underrepresented in
clustering-focused natural language processing research,
which could support a wide range of real-world Arabic-
language applications.
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