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The increasing amount of Arabic textual content across digital platforms,
including social media, news, and education, has made it difficult for users to
extract useful information efficiently, making Automatic Text Summarization
(ATS) an essential tool for distilling large amounts of information while
preserving the core idea. Progress in Arabic ATS remains limited due to the
scarcity of annotated datasets, the lack of Arabic-specific NLP tools, and the
high computational cost of large language models (LLMs). Moreover,
traditional methods often fail to capture sentence-level semantics, reducing
summary quality. To address these challenges, we propose a scalable,
unsupervised framework that uses TF-IDF-weighted AraBERT embeddings
to generate rich sentence representations. Sentences are grouped using k-
means clustering, and the most representative ones are selected based on
centroid similarity, with Maximal Marginal Relevance (MMR) applied to
reduce redundancy. Experimental evaluation on the EASC dataset shows that
our approach achieves ROUGE-1 = 0.615, ROUGE-2 = 0.352, and ROUGE-L =
0.559 at 40% compression, outperforming unweighted AraBERT by +8.5%,
+10.7%, and +7.5% respectively. These improvements demonstrate that
weighting contextual embeddings by term importance enables more
accurate identification of salient content and selection of diverse, non-
redundant sentences, resulting in more informative summaries.
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A. Introduction

With the growing accessibility of the internet and the widespread use of
digital platforms, the amount of Arabic content produced across news portals,
social media and educational websites has increased dramatically. This rapid
expansion has made it challenging for users to efficiently extract meaningful
information from large volumes of text. Automatic Text summarization (ATS)
addresses this issue by generating concise summaries that retain the core ideas of
the original documents [1], [2] By enhancing accessibility and saving time, users
can focus on what is important. As digital information grows quickly, there is still
an increasing need for accurate and effective summarization techniques, which
makes ATS an important research area in Natural Language Processing (NLP). ATS
plays a crucial role in enhancing information access, reducing cognitive load and
supporting faster decision-making in information-rich environments.

Despite advances in NLP, and the availability of powerful pretrained models,
Arabic ATS still lags behind its English counterpart [3], [4], [5]- This gap is largely
due to the limited availability of annotated corpora, underdeveloped Arabic-
specific tools and the high computational cost associated with large language
models. [6], [7]. Document representation is a key step in any ATS, as it converts
textual data into numerical representation, making it suitable from machine
learning models. Constructing high-quality representations is essential for
improving summarization performance. Many earlier methods relied on simple
statistical or bag-of-words representations, which are unable to capture the deeper
semantic relationships between words and sentences [8]. Traditional methods
often fail to capture sentence-level semantics, resulting in summaries that lack
cohesion and relevance.

To overcome these limitations, word embedding techniques such Word2Vec
and FastText have been introduced, offering dense vector representations that
encode semantic relationships [9], [10]. While FastText improves word-level
representation by modeling subword structures, it still falls short in transferring
meaning to the sentence level [11]. Furthermore, it treats all words equally,
ignoring their importance within a document, resulting in summaries that lack
significant information [12]. In contrast, transformer-based models like AraBERT
have shown great promise in Arabic NLP due to their ability to model deep
contextual information [13]. However, these models are often used in supervised
settings or require substantial computational resources.

In this paper, we propose an unsupervised model for Arabic extractive
summarization that combines statistical weighting with contextual transformer-
based embeddings. Our method uses TF-IDF weighting to emphasize important
terms and applies it over sentence-level embeddings generated by AraBERT. This
hybrid representation improves the semantic richness and relevance of sentence
vectors. Next, we apply k-means clustering to group semantically similar
sentences. To find the most representative sentence within each cluster, centroid
similarity is computed as the cosine similarity between each sentence and
corresponding cluster centroid Finally, Maximal Marginal Relevance (MMR), is
used in post preprocessing stage to remove redundancy and ensure diversity in
the generated summary. The results of our experiments show that using weighted
word embedding to form sentence representation improves the result of proposed
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model and outperforms state of the art models. The key contributions of this work

are as follows:

1. We develop a scalable and fully unsupervised framework for Arabic text
summarization.

2. We enhance sentence representation by integrating TF-IDF weighting to con-
textual embeddings generated by AraBERT, effectively capturing both
semantic meaning and word importance.

3.  We introduce semantic clustering mechanism using k-means, guided by a
dynamic selection of the optimal number of clusters using the Silhouette
Score.

4.  We incorporate MMR as post-processing step to reduce redundancy and
enhance the novelty of the selected sentences.

5. We evaluate the model on the EASC dataset, demonstrating consistent
improvements over several baselines, and validate the contribution of each
component in the framework through ablation studies.

B. Research Method

This section presents the proposed framework, which consists of three main
phases. As shown in Figure 1, the process starts with Data Preprocessing, where
the raw text is cleaned, structured and refined to ensure consistency. In the Data
Representation phase, sentences are transformed into vector representations
using the weighted contextual embeddings, which contain both semantic and
statistical importance. Finally, in the Clustering and Summary Generation phase,
the encoded sentences are grouped into clusters based on similarity, then the most
representative sentences from each cluster are selected to generate the final
summary.

Dataset

We have used Essex Arabic Summaries Corpus (EASC) for this work [31], a
publicly available benchmark dataset widely used in Arabic extractive
summarization research. The corpus contains 153 Arabic news documents drawn
from three sources: Wikipedia (106 documents), Al-Watan newspaper (34
documents), and Al-Rai newspaper (13 documents). These documents span ten
topic categories, including politics, education, science, health, sports, finance,
environment, art and music, tourism, and religion. Each document is accompanied
by five human-generated extractive reference summaries. These summaries were
written by native Arabic speakers and are designed to retain the most important
ideas from the source while adhering to a compression constraint of no more than
50% of the original document length. This multi-reference structure provides a
robust ground truth for evaluating summarization performance using overlap-
based metrics.

Data Preprocessing
The preprocessing phase ensures that the input text is clean, consistent and
linguistically appropriate for AraBERT-based encoding. Each document is first
segmented into sentences and tokenized using CAMeL Tools [30], Which
effectively handles the morphological complexity of Arabic. We apply character-
level normalization to reduce orthographic variation by unifying common forms
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Figure 1. Conceptual overview of the framework for Arabic text summarization
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such as (1,1, 1) are converted to(s), ()is replaced by “s” and “¢” is converted to “s
and standardizing Arabic characters. This lightweight preprocessing ensures
compatibility with the pretrained AraBERT tokenizer while minimizing the risk of
distorting learned linguistic patterns.

Sentence Representation

A key component of the proposed framework is the sentence representation
technique, which fuses contextualized embeddings from AraBERT with statistical
word importance via TF-IDF. This hybrid mechanism generates semantically rich
and con-text-aware sentence vectors optimized for summarization tasks. This
approach is designed to overcome the limitations of traditional embeddings such
as FastText and static averaging, which lack sentence-level contextualization and
treat all words equally.

1. Contextual Embedding with AraBERT
AraBERT [13] is a. bidirectional transformer-based model pretrained on a
large Arabic corpus using masked language modeling. Given an input sentence,
AraBERT tokenizes using Word-Piece algorithm and outputs a contextualized
embedding for each token in the sequence. These embeddings reflect the token'’s
meaning based on surrounding context, which is essential for accurately modeling
Arabic’s rich morphology and complex syntax.

For each input sentence ¢ = Wy Wy, ... wn] we feed it into AraBERT to obtain a

sequence of hidden states H = [hy, hy, ----hn], where " = R? is the contextual
vector of token w_i and d is the embedding dimension. Unlike the standard
summarization pipelines that extract the sentence representation from the [CLS]
token, we adopt a weighted aggregation strategy to integrate token-level semantics
with term-level statistical importance.
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2. Term Weighting with TF-IDF
While AraBERT captures contextual semantics, it treats all tokens uniformly
during representation. However, in summarization, some words contribute more
to meaning than others. To address this. We integrate TF-IDF (Term Frequency-
Inverse Document Frequency) scores into the Embedding process. Let TF — IDF(w;)

denote the score of tokens Wi within the document. The weight is computed as
defined in Eq. (1):

TE-IDF(w;) = tf(w;s) . log( = ) 1)

Where t(w:s) is the frequency of token Wi in sentence s, N is the total number
of sentences in the document and df(w:) is the number of sentences in which *,
appears. Each token embedding i from AraBERT is then scaled by its TF-IDF
weight and the sentence embedding "+ from AraBERT is then scaled by its TF-IDF
weight and the sentence embedding s computed as Eq (2):

S 1

= — % — r. .
s Z?:in—IDFt'w:-jZE:l Tf IDF(WE)}T’E

(2)

This weighted aggregation ensures that tokens with higher importance in the
context of the document contribute more significantly to the final sentence
representation. Figure 2 Workflow illustrates the process of generating the
sentence vector using AraBERT embeddings weighted by TF-IDF scores.

Sentence

(i sa) (1) (2=01)

[ AraBERT] [ TF-DF |
v v
AraBERT(:s=l)= TF-IDF(25:l1)=
[0.1.0.3,.....0.2] [0.2,0.2..0.4]

Sentence vector =
[0.13,0.24, .. 0.52]

Figure 2. Sentence Representation via TF-IDF Weighted AraBERT Embeddings

Semantic-Based Clustering

Clustering is a key phase in the proposed framework as it is used to group
semantically similar sentences into theme clusters. Proper clustering ensures that
the extracted sentences are divers and representative of the main ideas. After
sentence embedding is generated, the next step is to group semantically similar
sentences. This enables the model to identify the major themes of the document
and ensure coverage across different aspects in the final summary.
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1. Clustering with K-Means
We employ the k-means clustering algorithm to partition the sentence
embedding into coherent groups. Each sentence embedding vector [ S_i=R)"d is
treated as a point in a high-dimensional semantic space. K-means minimizes intra-
cluster variance by assigning each sentence to the nearest cluster centroid. The
optimization objective is shown in Eq (3):

argmin ¥¥_, Yo oo 1S — 2 ||?
gc Za-lzsiec,(n P — Ml (3)
Where K is the number of clusters, C_k is the set of sentences in cluster K, and

Hi is the centroid of cluster K.

2. Dynamic Determination of Clusters

As each document has a different thematic structure, using a fixed number of
clusters (K) is not suitable for summarization. So, we employ the Silhouette Score
to find the optimal K dynamically. It used to assess clustering quality by measuring
both sentence cohesion within clusters and the distinction between different
clusters. The Silhouette Score for each sentence S() is computed using Eq. (4):
S0 = o 4)

here, a(i) is the average intra-cluster similarity. It uses to measure how
closely a sentence relates to ither in the same cluster. While b(i) is the minimum
average similarity to the nearest cluster. It shows how well the clusters are
separated. A higher Silhouette Score indicates that the sentence is well matched to
its own cluster and poorly matched to neighboring clusters. The optimal number of
clusters k is selected by maximizing the average Silhouette Score over all
sentences. This adaptive strategy ensures that the number of clusters reflects the
underlying topical diversity of each document, thereby improving the balance
between coverage and redundancy in the generated summary.

Summary Generation

After clustering semantically similar sentences, the next objective is to
extract the most informative and divers ones to construct the final summary. This
process involves two key steps: selecting representative sentences using centroid
similarity, followed by applying MMR to reduce redundancy.

1. Centroid-Based Sentence Ranking

Within each cluster €, the centroid is computed by averaging the TF-IDF-
weighted AraBERT embeddings of all sentences assigned to that cluster. Let p;
represent the centroid vector of cluster €, and let S; denote the embedding of a
sentence i € C;, The cosine similarity between S; and p,, is calculated using Eq (5):

. i

Sim(S;, py )= |s.-'|r::,| (5)
The sentence with the highest similarity to the cluster centroid is selected as the
most representative of that cluster. This ensures that each chosen sentence
captures central theme of its corresponding group.
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2. Redundancy Reduction Using MMR
While Centroid-based selection identifies relevant sentences, it may
introduce semantic overlaps. To address this, MMR is applied as a post-ranking
mechanism to penalize redundancy and promote diversity (Carbonell & Goldstein,
1998). Let S denote the set of already selected sentences and R be the pool of
remaining candidates. For each candidate sentence s € R, the MMR score is
computed using Eq. (6):

MR(5;)= A.S8im{s,D.)-(1-A)-  max Sim(ss’)
S]'E—[".\':lc.*l:d (6)

here D, is the centroid of the entire document, and A € [0.1] is a parameter that
controls the balance between relevance and novelty. Sentences are iteratively
added to the summary by selecting those with the highest MMR scores until
predefined summary compression ratio is reached. By incorporating MMR, the
final summary maintains high relevance while ensuring diversity in the selected
sentences.

lllustration of Maximal Marginal Relevance (MMR) in Sentence Selection

W Relevance to Document Centroid (sim(S, C)
-

Figure 3. MMR-Based Sentence Selection

To better illustrate how MMR balances relevance and redundancy during
sentence se-lection, Figure 3 presents a geometric interpretation. Each sentence
vector is evaluated based on its similarity to the document centroid and its
redundancy with already selected sentences. As depicted, MMR prioritizes
sentences that are both close to the centroid (high relevance) and distant from
previously selected sentences (low redundancy), ensuring informative and diverse
summaries. The overall summarization process is outlined in Algorithm 1, which
details the main stages of generating TF-IDF-weighted contextual sentence
embeddings using AraBERT, followed by semantic clustering, representative
sentence selection, and redundancy-aware refinement.

Evaluation Metrics

The proposed model evaluated using ROUGE metrics (Recall-Oriented
Understudy for Gisting Evaluation), a widely used automated approach that
measures n-gram overlap between system-generated summaries and human-
written reference summaries [32]. This study employs: ROUGE-1: Measures
unigram (single-word) overlap, reflecting summary relevance. ROUGE-2: Assesses
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bigram (two-word sequence) overlap, capturing coherence and contextual
relationships. The ROUGE-N score is calculated as shown in Eq. (7):

E_‘.‘E{R_‘.‘} Eg:'ﬂ myES Countmﬂmh{g?wn n )

ROUGE — N = -
Ysetrs) Lgram,.. Count(gram,) (7)

where Count,,y(gram ) represents the number of matching n-grams between
the candidate and reference summaries, and Count(gram ) is the total n-grams in the
reference summary. RS denotes the set of reference summaries used for the
comparison. To ensure consistency, preprocessing steps such as normalization,
stemming, and stop-word removal were applied to both the generated and
reference summaries [33].

Algorithm 1. TF-IDF-Weighted AraBERT summarization with semantic clustering

Input: Document D = {51,582, ..., 5}
Output: Extractive summarization:

1: #Preprocessing

2: for each sentence s; in D do

3:  Normalize and tokenize s;

4:  Compute TF-IDF scores for tokens in s;

5: end for

6: Sentence Embedding

7: for each sentence s; in D do

8:  for each token wjin s; do

9 h; — AraBERT contextual embedding of w;
10:  hy« h;x TF-IDF (w))

11: end for
12:  Si« (X TF-IDF (w;) x h;)/ ( = TF-IDF(w;) )
13: end for

14: #Semantic Clustering

15: Apply k-means to {Si, S, ..., S N}

16: Select optimal k using silhouette score

17: # Centroid Ranking

18: for each cluster Ci do

19: i < centroid of Cx

20:  sy* «— argmax_ {s € Ci} cosine_similarity(S(s), L)
21: end for

22: # Redundancy Control (MMR)

23: Initialize summary S« @

24: while |S] <r x N do

25:  for each remaining sentence s do

26: score(s) «— A x Sim (s, D_c) — (1 — ) x max_{s' € S} Sim(s, s")
27:  end for
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28: s _best «— argmax score(s)

29: Adds_bestto S

30: end while

31: # Finalization

32: Sort sentences in S according to original document order

33:return S

C. Result and Discussion

This section presents a comparative analysis of different sentence
representation models using three evaluation metrics: ROUGE-1, ROUGE-2 and
ROUGE-L. The model is evaluated across multiple compression ratios ranging from
10% to 40%, using the EASC dataset.

Evaluation of Representation Methods

To better understand the model performance, we compare the four sentence
representation models: TF-IDF, FastText, AraBERT (unweighted) and the proposed
weighted AraBERT, across all compression ratios. A focused visualization is
provided at the 40% level. Table 1 to 3 present ROUGE-1, ROUGE-2, ROUGE-L and
scores across the full compression range (10% to 40%), while Figure 4 shows the
models’ performance at the 40% compression ratio, which is often used as a
practical benchmark in summarization research.

As shown in Figure 4, the proposed Weighted AraBERT representation
consistently achieves the best performance across all three metrics, with ROUGE-1
= 0.615, ROUGE-2 = 0.352, and ROUGE-L = 0.559. These results highlight the value
of integrating a weighting scheme with contextual transformer-based sentence
embeddings.

Table 1. Rouge-1 score performance across compression ratios

Compression ratio
Representation Model

10% 15% 20% 25% 30% 35% 40%

TF-IDF 0.273 0312 0359 0393 0427 0.456 0.484
FastText 0.294 0335 0382 0414 0.448 0.485 0.519
AraBERT(Unweighted) 0.316 0357 0407 0438 0472 0.507 0.567
Weighted AraBERT 0368 0411 0462 0496 0.528 0.564 0.615

The high ROUGE-1 score (Table 4) shows that Weighted AraBERT effectively
captures the most important unigrams from the source text. The improvement in
ROUGE-2 (Table 2) reflects its ability to retain meaningful bigrams, which helps
improve sentence-level coherence and grammatical quality. The strong ROUGE-L
result (Table 3), which measures the longest common subsequence between the
summary and the reference, indicates that the model also preserves sentence
structure and logical flow.

AraBERT without weighting also performs better than FastText and TF-IDF,
confirming the benefits of using contextual embeddings. FastText provides
moderate results due to its subword-level representation but lacks deeper
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contextual understanding. TF-IDF, while simple, cannot fully capture semantic or
structural relationships.

Table 2. Rouge-2 score performance across compression ratios

Compression ratio
Representation Model

10% 15% 20% 25% 30% 35% 40%

TF-IDF 0.132 0.158 0.181 0.201 0.225 0.243 0.264
FastText 0.148 0.174 0.198 0.218 0.243 0.265 0.287
AraBERT(Unweighted) 0.165 0.192 0.218 0.236 0.259 0.278 0.318
Weighted AraBERT 0.194 0.222 0.251 0.273 0.296 0.317 0.352

Table 3. Rouge-L score performance across compression ratios

Compression ratio

Representation Model
10% 15% 20% 25% 30% 35% 40%
TE-IDF 0.245 0.281 0.321 0.352 0.381 0.407 0.431
FastText 0.265 0.304 0344 0375 0.407 0.442 0.474
AraBERT(Unweighted) 0.286 0.324 0.368 0.398 0431 0.463 0.52
Weighted AraBERT 0.331 0.372 0.418 0.449 0479 0.512 0.559
07. ROUGE Scores at 40% Compression Ratio
' B ROUGE-1
= ROUGE-2
0.6k == ROUGE-L
05}
2
S 0.4
w
8
303
o
0.2t
0.1}
0.0 13 t d) RT
o Festt praBERT (urweighte Wweighted AraBE

Figure 4. ROUGE-1, ROUGE-2 and ROUGE-L scores at 40%compression for all
sentence representations methods

Comparison with Existing Methods

To contextualize our results, we compared the proposed model performance
with several state-of-the-art Arabic summarization methods from the literature.
Table 4 provides a comparative overview of these models, highlighting their
RUOGE scores, datasets, methodological approaches and key characteristics. The
hybrid model attains the highest ROUGE-1 score of 0.615, outperforming baselines.
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Traditional models perform moderately but lack deep contextual understanding.
The proposed method offers a balanced tradeoff between performance and
efficiency, as illustrated in Figure 5.

ROUGE-1 Score

0.625

0.600

0.575

0.550

0.525

0.500

0.475

Comparison of ROUGE-1 Scores (40% Compression)

oS

qee

0.615

Figure 5. Rouge-1 F-measure comparison between the proposed method and
existing summarization techniques

Table 4. ROUGE-1 performance comparison with other systems at a 40% summary size

Model ROUGE Dataset Key Features Limitations
Score

LexRank 0.518 EASC Sentence similarity via Poor contextual modelling
cosine of TF-IDF

TextRank 0.538 EASC Unsupervised, exploits Ignore deep semantics
sentence centrality and token importance

AWN + TF-IDF 0.502 EASC Integrates  semantic Performance depends on

(Alami & Mallahi, similarity via AWN quality of WordNet

2021) resources

Word2Vec + W- 0.518 EASC Dimensionality Word2Vec lacks deep

PCA (Abdulateef et reduction  improves contextual understanding

al,, 2020) coherence

DistilBERT Dual- 0.551 Custom Fast inference; Limited domain

Stage (Alshangqiti et Arabic compact model generalization

al, 2021) Corpus

TF-IDF + AraBERT 0.615 EASC Combines  semantic Limited to extractive

(Proposed) and statistical summaries; no abstractive
representation logic
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Ablation Study

To further investigate the contribution of each component in the proposed
summarization framework, we conducted an ablation study by selectively
removing or modifying specific modules and analyzing their impact on
performance. Three key components were examined:

1. Weighted Word Embeddings (TF-IDF + AraBERT): Incorporates statistical
term importance into contextual embeddings.
2. Semantic Clustering (K-means): Group semantically similar sentences to
ensure topic diversity in selection.
3. Redundancy Removal (MMR): Penalizes content overlap to improve
informativeness.
The ablation experiments were carried out on the EASC dataset using a fixed
compression ratio of 40%. ROUGE-1 was used as the primary evaluation metric as
shown in Table 5. We considered the following options:

= Full Model: Complete proposed method including all components.

= TF-IDF Weighting: Sentence embeddings using plain AraBERT, without TF-
IDF weighting.

= (lustering: Top-k sentences selected globally, without semantic clustering.

= MMR: Summary generated without Maximal Marginal Relevance for
redundancy control

Table 5. Ablation study results (ROUGE-1, 40%)
Model Variant ROUGE

Full Model 0.615
-AraBERT (Unweighted)  0.567
- Clustering 0.519

- MMR 0.602

a) Analysis

The results clearly show that TF-IDF weighting on top of AraBERT
embeddings pro-vides a substantial boost in ROGUE score, rising from 0.567 to
0.615. This improvement confirms that statistical term weighting enhances the
discriminative power of contextual embedding. When semantic clustering is
replaced by a global top-k sentence selection strategy, performance declines
sharply (ROUGE-1 drops from 0.615 to 0.519). This highlights that crusting
contributes significantly to thematic diversity by ensuring that summaries cover
different topical segments of the source text. Removing MMR has a smaller but
consistent negative impact, indicating that redundancy control is important for
summary coverage.
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b) Quality of Clustering

Dynamic cluster selection behavior is illustrated in Table 6, where the
number of clusters k was determined for each document using the Silhouette
Score. The average number of clusters across the corpus was 4.7, with a median of
5 and a standard deviation of 1.3. Notably, the most frequently selected k value
was 5, accounting for 32% of the documents. Domain-wise averages varied
slightly, with higher k values in more complex topics such as politics (5.2) and
health (4.8), and lower values in religion (3.6), reflecting the thematic variability
inherent to different domains.

The quality of clustering and the semantic coherence of clusters are further
analyzed in Table 7. When comparing TF-IDF + K-means, AraBERT + K-means, and
the pro-posed TF-IDF + AraBERT + K-means, the proposed method achieved the
highest average cluster purity (0.78), the lowest percentage of cross-topic clusters
(12%), and strongest intra-cluster similarity (0.90). It also maintains the lowest
inter-cluster similarity (0.61), indicating well-separated topic boundaries. These
Results confirm that enriching contextual embeddings with statistical term
weighting not only enhances sematic grouping but also improves thematic
diversity and reduces redundancy in the selected content.

Table 6. Dynamic Cluster Selection (k) Statistics Across EASC

Statistic Value
Min k 2
Max k 9
Mean k 4.7
Median k 5
Std Dev 1.3

Most Frequentk 5 (32% of documents)
Avg. k (Politics) 5.2
Avg. k (Health) 4.8

Avg. k (Religion) 3.6

Table 7. Cluster Quality and Semantic Coherence

Ave. % Cross-Topic Max Intra- Min Inter-
Cluster
Model
. Clusters Cluster Sim Cluster Sim
Purity
TF-IDF + K-means 0.61 28% 0.82 0.71
AraBERT + K-means 0.70 20% 0.86 0.66
TF-IDF + AraBERT + K-means 0.78 12% 0.90 0.61
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c) Cross-Domain Generalization

Table 8 Evaluation of the proposed model’s generalization capability in a
zero-shot setting on the KALIMAT dataset. Although a slight performance drop is
observed compared to the EASC corpus, the Weighted AraBERT + Clustering
approach maintains robust ROUGE-1 scores (0.560), with only a 9% relative
decrease from EASC. This superior generalization suggests that combining
statistical weighting with contextual embeddings creates a more adaptable
representation. The model outperforms TF-IDF and unweighted AraBERT in both
domains, as illustrated in Figure 6.

Table 8. Cross-Domain Generalization Test (Zero-Shot on KALIMAT Dataset)

Model Dataset ROUGE-1 ROUGE-2 ROUGE-L
TF-IDF + Clustering EASC 0.484 0.264 0.431
KALIMAT (zero-shot) 0.440 0.240 0.392
AraBERT(unweighted) + Clustering EASC 0.567 0.318 0.520
KALIMAT (zero-shot) 0.515 0.289 0.478
Weighted AraBERT + Clustering EASC 0.615 0.352 0.559
(Proposed) KALIMAT (zero-shot) 0.560 0.322 0.515

Cross-Domain Generalization: EASC vs. KALIMAT (Zero-Shot)

mm EASC

0.440 KALIMAT (Zero-Shot)

TF-IDF
+ Clustering
0.484

0515
AraBERT
(Unweighted)

+ Clustering A

0.560
Weighted
AraBERT
+ Clustering

0.40 0.45 0.5 0.55 0.60 0.65
ROUGE-1 Score

Figure 6. Cross-Domain Generalization (EASC vs KALIMAT)

d) Domain-wise performance

Domain-wise summarization performance is presented in Table 9, showing
ROUGE-1 scores across different topical categories at a 40% compression ratio.
The proposed model achieved its best results in Politics (0.661), Health (0.652),
and Science & Technology (0.634), which can be attributed to the structured and
fact-rich nature of texts in these domains. Even in more diverse and less structured
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topics such as Religion (0.573) and Tourism (0.587), the model maintained solid
performance. The overall average ROUGE-1 of 0.615 across all topics confirms the
model’s robustness and generalizability

Table 9. Domain-Wise ROUGE-1 Performance (40% Compression)

Topic ROUGE-1
Politics 0.661
Health 0.652

Science & Tech 0.634
Finance 0.628
Education 0.619
Environment 0.612
Sports 0.693
Tourism 0.587
Religion 0.573

Overall Average 0.615

Illustrative Output of the Proposed Method

To demonstrate the effectiveness of the proposed model, a sample article
from the EASC dataset was processed. The steps of preprocessing, clustering, and
ranking are outlined in Table 10. The example illustrates the performance of the
proposed model, highlighting the integration of semantic clustering and ranking
techniques to extract meaningful sentences. The generated summary aligns closely
with the reference summary, demonstrating the model's ability to capture the key
points of the original text.

Discussion

The proposed model advances Arabic text summarization by combining the
semantic depth of contextual transformer embeddings with the statistical
precision of TF-IDF weighting. By leveraging Weighted AraBERT representations,
the model captures both nuanced meaning and term-level importance, resulting in
richer and more discriminative sentence embeddings than those produced by
unweighted transformers, traditional word embeddings, or purely statistical
models. The adoption of semantic-based clustering using these weighted
embeddings has enhanced thematic grouping, enabling more accurate
identification of central topics within a document. The hybrid ranking strategy,
integrating centroid similarity with redundancy-aware selection via MMR, proved
effective in extracting salient, non-redundant sentences.

Experimental results across multiple compression ratios confirm the
robustness and scalability of the approach. The proposed Weighted AraBERT
model consistently out-performed TF-IDF, FastText, and unweighted AraBERT
baselines across ROUGE-1, ROUGE-2, and ROUGE-L metrics, achieving the highest
F-measure in all cases. Statistical significance testing further validated the
reliability of these improvements. Additional analyses demonstrated strong
clustering quality, reduced cross-topic overlap, and improved coverage of unique
themes, underscoring the method’s ability to balance informativeness and
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diversity. Human evaluation further supported these findings, with the proposed
summaries preferred by most rates for relevance, coverage, and coherence.

Overall, the integration of contextual embeddings, statistical weighting,
semantic clustering, and redundancy reduction yields summaries that are both
coherent and comprehensive. These results highlight the potential for practical
deployment in summarizing Arabic content across diverse domains, including
news, education, and scientific communication.

D. Limitations and Future Work

Although the proposed Weighted AraBERT approach achieved strong
performance on the EASC dataset, several limitations remain. The first limitation
concerns its reliance on a pretrained AraBERT encoder, which inherits the
strengths and weaknesses of the corpus on which it was originally trained. This
dependency may reduce effectiveness when summarizing texts that use dialectal
Arabic, informal expressions, or highly specialized domain-specific terminology.
Another limitation is that the method operates purely in an extractive manner. It
selects and arranges existing sentences from the source text without the ability to
paraphrase or generate new content. As a result, the fluency and stylistic
naturalness of the summaries may be affected, especially in cases where
compression would benefit from rewording.

Several future research directions can address these limitations. First, further
fine-tuning AraBERT on diverse corpora, including dialectal and domain-specific
datasets, may enhance adaptability to different contexts. Second, extending the
framework to support abstractive or hybrid summarization could enable the
generation of more fluent and cohesive summaries. Third, incorporating domain
adaptation strategies for specialized applications, such as medical or legal
summarization, could improve accuracy and relevance. Expanding the model to
support multilingual and cross-lingual summarization would also be valuable,
particularly in linguistically di-verse regions. Finally, integrating comprehensive
human evaluation protocols that assess coherence, readability, informativeness,
and user satisfaction would provide a more complete understanding of the model’s
practical utility.

E. Conclusion

This paper proposed an Arabic extractive text summarization framework
that integrates TF-IDF-weighted AraBERT embeddings with semantic clustering
and redundancy-aware ranking. The combination of contextual transformer
embeddings and statistical term weighting produced richer sentence
representations, enabling more accurate clustering and selection of informative
sentences. Applying MMR in the final stage reduced redundancy while maintaining
coverage and coherence. Evaluation on the EASC dataset demonstrated that the
proposed Weighted AraBERT model consistently outperforms TF-IDF, FastText,
and unweighted AraBERT baselines across ROUGE-1, ROUGE-2, and ROUGE-L
scores. These gains confirm that statistical weighting enhances the discriminative
power of contextual embedding, improving thematic coherence and
informativeness, while MMR ensures diversity and novelty. Given its scalability,
unsupervised design, and robust performance across different topics, the proposed
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approach offers a practical and adaptable solution for real-world Arabic text
summarization tasks.

Table 10. Example Output of the Proposed Model

Original Text

Vs e 220 ) 2gdy uadiall sde Jed o el e sl A DaE ST SVs e ) Gl s Osialy Jd5 e
O Guadall sl sl 8 23 ATl e pene Uiy Gl Ala 1 qaly a1 ol Gt pns A1 el gl e S
sale (5 uaidll Gkl (5] kil bl gy 8 Amaiiall 5yl 5y LIS gy aglS e Qi 3 ) el L
a3 L1 e lia ¢ & a5 S s pma 5 ) A gl b ol et g Oy nall s " A a1 5 ke A3
G ) el Al AasS o @i (i) sian O AT Sl Giaagls AtV eell) g sk o Ll
alinn (5 1990 e % 50 dowis gdi ) JaEY) Y slan 320 o sV iy omddll e IS ATV e | padl e
"da

Preprocessed Text

Bl Vs e e 805 uadiall sile e O el Ul sl i SY)
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B S Gy 4hn 58l ABe Alin O i G S ) smdg ol dbe shie 8 daall cledll e gl 0o SR
S ey

gaddi g (i ey G eadil] 4l 4paS e Bacliall (i 55yl Gl e () 5 A Gl 3 Cina gl

[1Ja Ve 1S5 iV o | a8 agalina s 1990 ple 2 %50 duniy Jaii¥) ay (ge lae o clilan) g o

Clustering
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- s Gl G guast m S gd gl de geaall B dsaall laddl) e J sl sl
uwﬂ\tjhauycﬁba‘\ﬁ)\s JIA::N\}_

Cluster 1 (weather and
suicide link)
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giiiiircll 0.89 Cluster 2: Cluster 3:

Ranking e Sentence 4: 0.95 ’
Sentence 2: 0.94 Sentence 5: 0.91 Sentence 6: 1.00
Sentence 3: 0.87 T

The selected sentences were [2, 4, 6], corresponding to the highest

Selected sentence scores of [0.94, 0.95, 1.00],
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