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Abstract

Introduction: Arabic text summarization (ATS) is increasingly needed due to the rapid growth of textual data,
especially on social media. We study the impact of preprocessing (normalization, stop-word removal, stemming)
and representation (TF-IDF, AraBERT embeddings) on ATS. We also propose a TF-IDF—weighted AraBERT
embedding to fuse contextual and statistical cues. Experiments on EASC with TextRank, LexRank, and LSA show
that normalization and stemming improve performance, and the weighted embedding yields the best results
(ROUGE = 0.573; BLEU = 0.348). The surge of Arabic digital content has amplified the need for effective ATS
systems. However, performance depends strongly on text preprocessing and representation choices, which are
under-explored for Arabic and social-media-style text.

Objectives:

1. Quantify the effect of core preprocessing steps on ATS quality.

2. Compare TF-IDF and AraBERT representations.

3. Propose and evaluate a TF-IDF—weighted AraBERT representation.

4. Benchmark TextRank, LexRank, and LSA on the EASC dataset using ROUGE and BLEU.

Methods: We use the Essex Arabic Summaries Corpus (EASC). Preprocessing includes normalization, stop-word
removal, and stemming. Representations are (a) TF-IDF, (b) AraBERT embeddings, and (c) a weighted word
embedding that multiplies AraBERT token vectors by their TF-IDF weights and aggregates. Summaries are
produced by TextRank, LexRank, and LSA. Evaluation uses ROUGE and BLEU.

Results: Normalization and stemming consistently improve ROUGE/BLEU across models. The proposed TF-IDF-
weighted AraBERT representation achieves the best overall performance, reaching ROUGE = 0.573 and BLEU =
0.348 on EASC.

Conclusions: Carefully chosen preprocessing and a hybrid representation that fuses contextual (AraBERT) and
statistical (TF-IDF) signals substantially boosts ATS quality. The simple, model-agnostic weighted embedding is
effective with classic extractive methods and provides a strong baseline for future Arabic summarization
research.

Keywords: Arabic Text Summarization, AraBERT, Sentence Embeddings, Preprocessing Technique, Hybrid
Representa-tion, TF-IDF Weighting.

1. Introduction produce a brief summary that accurately represents

. . I,
The exponential growth of digital content, the main ideas of the original content [2]. The

. . . summary generated should preserve the core
particularly on social media platforms, has resulted

. . information of the document by carefully selectin
in an overwhelm-ing volume of textual data. ¥ ¥ g

. oL ertinent details and maintaining coherence, while
Automatic Text Summarization (ATS) has emerged P &

. . avoiding redundant infor-mation [3].
as a crucial tool to condense large texts into

concise, informative summaries, enabling users to
efficiently extract critical insights from exten-sive

volumes of text [1]. The goal of summarization is to
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Although substantial progress has been made in
ATS for several languages, Arabic text
summarization re-mains relatively underexplored
[4]. The complexity of Arabic morphology, the
richness of its vocabulary, the existence of diverse
dialects, and the flexibility of word order introduce
significant challenges in sentence selec-tion and
semantic representation [5][6]. These linguistic
features complicate the summarization process and
demand more specialized strategies for effective
summary generation.

This study aims to address this gap by examining the
influence of preprocessing techniques such as
normali-zation, stop-word removal, and stemming
on summarization performance. In addition, we
compare multiple sentence representation
methods, including traditional Term Frequency-
Inverse Document Frequency (TF-IDF), unweighted
AraBERT embeddings, and a novel hybrid approach
that integrates TF-IDF with AraBERT. Unlike
previous studies that rely solely on either statistical
or contextual features, our hybrid model combines
both to produce semantically rich and context-
aware representations.

The key contributions of this study are as follows.
First, we present a comprehensive evaluation of
how indi-vidual and combined preprocessing
techniques affect the quality of Arabic text
summarization. Second, we introduce a weighted
sentence embedding method that combines TF-IDF
with transformer-based AraBERT embeddings to
improve semantic representation. Third, we
evaluate the summarization performance using
three unsupervised extractive methods: TextRank,
LexRank, and Latent Semantic Analysis (LSA).
Experi-ments conducted on the Essex Arabic
Summaries Corpus (EASC) show that our proposed
method outperforms traditional and contextual
baselines in both ROUGE and BLEU metrics.

The remainder of this paper is organized as follows:
Section 2 reviews the existing literature on ATS.
Section 3 describes the methodology, including
preprocessing techniques, representation
methods, and summarization algorithms. Section 4
presents the results, while Section 5 concludes the

paper.

2. Objectives
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Our objectives are to rigorously quantify how core
preprocessing steps normalization, stop-word
removal, and stemming affect Arabic text
summarization quality; to compare TF-IDF and
AraBERT embeddings under identical settings; and
to propose a hybrid TF-IDF—weighted AraBERT
representation that fuses statistical salience with
contextual semantics. We benchmark TextRank,
LexRank, and LSA on the EASC dataset using
standardized ROUGE and BLEU, performing
ablation and sensitivity analyses to isolate each
component’s contribution. We further assess
robustness across document lengths and genres
within EASC and evaluate statistical significance of
gains, while ensuring full reproducibility via explicit
pipelines and hyperparameter reporting.

3. Literature Review

With the rise in Arabic digital content, ATS has
garnered considerable attention recently. Although
there has been substantial progress in text
summarization for languages like English, effective
summarization for Arabic remains challenging. This
section reviews studies focusing on different
techniques,

preprocessing representation

methods, and summarization algorithms for ATS.

Initial  efforts focused on  foundational
preprocessing techniques. Elbarougy et al. [7],
highlighted the im-portance of normalization and
tokenization, showing that removing diacritics and
unifying character forms significantly improved
model consistency and efficiency. They further
demonstrated that stop-word removal reduces
noise, allowing models to concentrate on more
informative content [8].

Exploring deeper into preprocessing, Alami et al. [9]
analyzed various stemming techniques and found
that the Khoja stemmer, which extracts root forms,
provided superior performance in terms of recall,
precision, and F1-score. Their study established the
importance of stemming in simplifying word forms
and improving text representation for
summarization tasks. Expanding on this, Abdulateef
et al. [10] proposed a multi-document
summarization approach that combined K-means
clustering with Word2Vec and weighted principal
component analysis (W-PCA). This hybrid method
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successfully reduced redundancy and enhanced the
coherence of sum-maries.

Graph-based methods have also been widely
explored for ATS. Al-Khassawneh and Hanandeh
[11] pro-posed a graph-based approach using a text
representation technique that considered sentence
relevance, cover-age, and diversity. Their triangular
sub-graph construction method outperformed
existing approaches, achieving superior recall,
precision, and F-measure scores on the EASC
dataset. Building on this, Alami and Mallahi [12]
introduced a hybrid system that combines
statistical and semantic analysis through a two-
dimensional graph model. By leveraging statistical
similarity based on content overlap and semantic
similarity using Arabic Word-Net (AWN) and
employing a modified Maximal Marginal Relevance
(MMR) method, they effectively ad-dressed
redundancy and improved information diversity in
the generated summaries. Qaroush et al. [13] pro-
posed a summarization approach that combines
statistical features (TF-IDF) with semantic features
derived from word embeddings. Their
preprocessing pipeline, which included
normalization, stop-word removal, and stemming,
significantly improved the performance of the
summarization model by effectively capturing the
essential content of the text.

The introduction of deep learning models has
further advanced ATS. Abu Nada et al. [14],
employed Ara-BERT, an Arabic adaptation of the
BERT model, for extractive summarization. They
demonstrated that Ara-BERT, combined with
clustering techniques, achieved substantial
improvements in ROUGE and F-measure scores
compared to traditional methods like TF-IDF and
Word Frequency. Similarly, Elmadani et al. [15],
fine-tuned the BERTSUM architecture for both
extractive and  abstractive = summarization,
leveraging multilingual BERT (M-BERT) to enhance
performance on the EASC and KALIMAT datasets.
Their work highlighted the potential of transformer
models in tackling ATS, especially in low-resource
settings.

In summary, the evolution of ATS techniques has
transitioned from basic preprocessing methods to
ad-vanced graph-based and deep learning
approaches. The integration of linguistic resources
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like AWN and the use of state-of-the-art models
such as AraBERT have significantly improved
summarization outcomes. These ad-vancements
indicate a promising trend towards more accurate
and coherent summarization systems for the Arabic
language.

4, Methods

This section describes the methodology utilized to
evaluate the impact of various preprocessing and
representation techniques on ATS. The proposed
framework consists of four main phases: (i) text
preprocessing (i) text representation (iii)
summarization algorithms (iv) evaluation metrics.
These phases facilitate a comprehensive and
systematic assessment of the summarization
process, as depicted in Fig. 1. The next subsections
present a detailed explanation of each component
in the framework.

Datasets

The EASC comprises 153 Arabic news articles
available on websites like Wikipedia, Al Rai, and Al
Watan newspapers [16]. There are five human-
generated summaries of each article available, and
the list of topics which | have already mentioned is
rather extensive, it includes such topics as
education, politics, religion, tourism, etc. This
mixed corpus offers quality reference summary of
every article, and this makes it an important
resource to determine the work of ATS systems.
The overall statistics of the EASC corpus are
summarized in Table 1.

Preprocessing Techniques

To prepare the dataset for summarization, we
applied the following preprocessing steps:

Tokenization: Tokenization divides text into smaller
units called tokens, such as words and sentences,
using punctuation and whitespace as delimiters
[13]1,[9]. In this study, the NLTK platform was used
to tokenize text at both the sentence and word
levels.

Normalization: standardizes Arabic text by
converting characters to their canonical forms (e.g.,
Tl to 1), and removing punctuation, non-alphabetic
characters, and diacritics to ensure uniformity [7].
Stop-word Removal: Stop-word removal refers to
eliminating common words like conjunctions,
pronouns, and prepositions, such as lda (this) and
2! (where), that do not add substantial meaning to
the text [17] [18]. In this study, we used a specific
list of high frequency stop words identified in the
EASC dataset to filter out these terms, making the
text more concise and focused as shown in Table 1.
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Stemming: Stemming reduces words to their base
or root form by removing prefixes, suffixes, and
infixes, which is essential for handling Arabic's
complex morphology [18], [13]. For instance, the
root of plxs (teacher), @I (the world), and ¢gelxe
(teachers) is @le (knowledge). Two approaches are
commonly used in Arabic: morphological root-
based stemming, which identifies the root of words,
and light stemming, which removes affixes. In this
study, we employed the Khoja root stemmer,
known for its effectiveness in ATS compared to light
stemming [9].

Table 1. EASC corpus description.

Category #Document Categor #Document
s y s
Art & Music 10 Politics 21
Education 7 Religion 8
Environmen 33 Sci-Tech 16
t
Finance 17 Sport 10
Health 17 Tourism 14
PHASE 1: PHASE 2:
TEXT PREPROCESSING TEXT REPRESENTATION
. Tokeniz_mio_n « TF-IDF
r r ' — E gégil?:zl‘{::moval . ?:f;? IAmBERT
DATA
PHASE 3:

SUMMARIZATION ALGORITHMS

* TextRank
* LexRank

PHASE 4: O 1152

EVALUATIONS METRICS
GENERATED
SUMMARIES

Fig. 1. Architecture overview for Arabic text
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summarization.

Feature Representation

Accurate feature representation is critical for
capturing the semantic meaning of text. In this
study, we explored three different methods for
representing Arabic text:

Term Frequency-Inverse Document Frequency (TF-
IDF): TF-IDF is a statistical metric used to assess a
word's importance within a document relative to a
larger corpus [19]. It is calculated by multiplying
term frequency (TF), which indicates how often the
word appears in the document, by the inverse
document frequency (IDF), which signifies the
word's rarity across the corpus. Terms with high TF-
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IDF scores are considered more significant for
summarization. The formula for calculating the TF-
IDF score of aterm t in a document d is given by Eq.

(1):

TF — IDF(t,d) = TF(t,d) X IDF(t) @9)]
Where:
TF (t, d) = (Occurrences of t in d)/Total terms in d
IDF (t) = log (N/ Documents containing t)

Here, N represents the total number of documents
in the corpus.

1.AraBert Text Embeddings: AraBERT is a pre-trained
language model specifically designed for Arabic
natural language processing tasks. Developed by
Antoun et al. [20], it is based on the BERT
architecture [21], which is known for its
effectiveness in capturing context in language
understanding tasks. More specifically, AraBERT
represents text by converting it into contextualized
embeddings using a bidirectional Transformer,
capturing the meaning of words in relation to their
surrounding context. Furthermore, it was trained
on a large Arabic corpus that includes both Modern
Standard Arabic (MSA) and Dialectal Arabic (DA),
allowing it to handle the diverse syntactic and
semantic nuances of the language. As a result, this
model has shown remarkable enhancements in
tasks like sentiment analysis, named entity
recognition, text summarization, and question
answering, making it an invaluable asset for Arabic
NLP research and applications.

2.Weighted Word Embeddings (AraBERT + TF-IDF):
Various methods exist for integrating word
embeddings with statistical weights, such as
concatenation [22], multiplication [23]. In this
study, we employed multiplication to combine the
semantic properties of AraBERT embeddings with
the relevance obtained from TF-IDF. For each word,
we calculated the weighted word embedding by
multiplying its TF-IDF score with its AraBERT vector,
as defined in Eq. (2). This operation was performed
for every word in a sentence, and the resulting
weighted word embeddings were averaged to
obtain a single sentence vector, as shown in Eq. (3).
This method effectively emphasizes significant
terms while reducing the influence of frequent, less
informative words.

W(w) = TF — IDF(w) X EV(w) (2)
1
SO= )W) G
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Where W(w) is the weighted embedding for word
w, and S(s) is the sentence embedding for sentence
s with n words. Here, EV(w) represents the
embedding vector of the word w generated by
AraBERT.

Summarization Algorithms

To evaluate the impact of different preprocessing
and representation methods, we applied three
widely used extractive summarization algorithms:

1.TextRank: an alternative is the text ranking
algorithm that uses the PageRank idea to find the
most important sentences in a document [24]. It
forms a graph with the nodes that represent the
sentences, and the edges that represent the
similarity of the sentences. A list of scores is
produced on the various sentences as per their
connectivity and the high-scoring sentences are
picked to use in the summary.

2.LexRank: is a graph-based algorithm which
guantifies sentence significance utilizing the cosine
similarity amidst sentence vectors, which reflects
semantic associations, to come up with more
illuminating summaries [25].

3.Latent Semantic Analysis (LSA): this is a statistical
method that captures semantic structure of text by
representing terms document relationships in a
matrix and then using singular Value
Decomposition (SVD) to perform dimensionality
reduction and revealing latent semantic
relationships and in this way LSA can produce
summaries by using sentences that are viewed as
being the most representative in terms of semantic
similarity. This allows it to be very effective in
summarizing difficult and subtle information since
it can locate salient concepts and themes.

These summarization algorithms are being used
extensively in Arabic language documents through
relatives editing to the specific language
specifications of Arabic writing. This paper presents
the application of these algorithms with various
preprocessing and representation techniques to
determine their performance. We wanted to find
out the most appropriate way of improving ATS
performance.

5. Mathematical Model of the Proposed
Weighted Word Embedding Framework

Let D ={d;,d;,...,dy}be a corpus of N Arabic
documents. For a given document d, let S; =
{s1,82,-.., S} be its set of M sentences, and let
W, = {w;,w,,...,wg} be the set of K words in
sentence s. The goal is to compute a semantically
enriched and statistically weighted sentence
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embedding S(s) that optimally represents the
sentence for extractive summarization.

Phase 1: Text Preprocessing

Let Preprocess(w) denote the preprocessing
function applied to each word w:

w' = Preprocess(w) =

Stem (RemoveStopwords(Normalize(w))) 4

Where:

e Normalization: Removes diacritics, standardizes
Arabic letters (e.g., sU dbgw > <),

e Stopword Removal: Removes common non-
informative words (e.g., "ld& ", "§", mel M),

e Stemming: Reduces words to their root form
using an Arabic stemmer (e.g., Khoja or ISRI
stemmer).

This step ensures morphological consistency and
improves term matching.

Phase 2: Text Representation

Term Frequency-Inverse Document Frequency (TF-
IDF).

For each preprocessed word w' in document d,
compute its TF-IDF weight:

TF-IDF(W', d)
=TF(w',d) x DF(w") (5

Where:

TEHw' d Countof w'ind
W ) = —.
( ) Total words in d

] _1 N
IDF(w’) = 0g(|{d ED:w' € d}|)

Let V be the vocabulary of the corpus. The TF-IDF
vector for sentence s is:

T(s) =

ZW’EWS TF-IDF (W’Id)eW’ (6)

Where e, is a one-hot vector for word w' in
vocabulary V.

AraBERT Contextual Embeddings.

Let AraBERT: W* — RI*P be a pre-trained AraBERT
model that maps a sequence of words to a
sequence of contextual embeddings, where L is the
sequence length and D is the embedding dimension
(e.g., 300). For sentence s, the output is a matrix:

E, =
AraBERT(s) RX*xP (7)
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Let e; € RP betheem m bedding vector for the i-
th word w; in s.

Weighted Word Embedding (Proposed Fusion
Method).

We propose a multiplicative fusion of TF-IDF
weights with AraBERT embeddings to emphasize
semantically important words. For each word w; €
s, computes its weighted embedding:

w; =TF-|DF(W,:, d).ei (8
)

This operation scales contextual embedding based
on the word’s statistical importance. The
sentence-level embedding S(s) is obtained by
averaging the weighted word embeddings:

1

S(s) = XK, w; = = Tyes TF-IDF (w;, d) -

AraBERT(w;) €))

This formulation combines:

. semantics similarity captured by AraBERT,
. Statistical significance from TF-IDF,
. Morphological robustness from Arabic-

specific preprocessing.
Phase 3: Summarization Algorithm (TextRank)

Let S = {s4,S,,..., Sy} be the set of sentences in a
document. Using the sentence embeddings S(s;),
compute semantic similarity between sentences.

Similarity Matrix.
Define the similarity between two sentences s;
and s; using cosine similarity:

Sim(s;, s;) = SGostsp

TSI (10)

]RMXM

Construct a similarity matrix A € , Where

A;; = Sim(sy, s7)
Graph-Based Ranking (TextRank)

Construct a graph G = (V, E), where:
. V = {s4,...,5u}: nodes are sentences,

. E;; = Aj;: edge weights represent
semantic similarity.

Apply the TextRank algorithm, which is a variant of
PageRank, to compute a salience score Score(s;)
for each sentence:

W
S D)=A-D+2AEsens) 5w
core(s;) = ( ) 2515'”(51) Zsyeout(s ) Wik
Score(s;)

(11)
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. A € (0,1) is a damping factor (typically
0.85),
. In(s;): sentences that link to s;,
. Out(s;): sentences linked from s;,
. wj; = Sim(s;, 5;).

The top-k sentences with the highest scores are
selected as the summary.

Phase 4: Evaluation Metrics

Let G be the generated summary and R be the
reference summary.

ROUGE-N (n-gram recall).

Zn»gramER Countmatch (n-gram)
Yn-gramer Count(n-gram)

ROUGE-N(G,R) = (12)

Where Count,, . is the number of n-grams in G
that also appear in R.

BLEU (Bilingual Evaluation Understudy). BLEU =
BP - exp(¥5=1 Wy logpn) (13)
Where:

. Pn: modified n-gram precision,

. BP: brevity penalty (penalizes short
summaries),

. wy,: weight (e.g., w,, = %).

6. Results

We evaluated the effectiveness of various
representation methods: TF-IDF, AraBERT, and their
hybrid, using the EASC corpus. The performance of
three summarization algorithms (TextRank,
LexRank, and LSA) was assessed under different
preprocessing techniques, including normalization
(NR), stop-word removal (SW), and stemming (ST).
The results, detailed in Table 2 to Table 3 and Fig. 2,
Fig. 3 and Fig. 4, reveal the following key findings:

6.1 Baseline Performance

Across all tables, the baseline performance (no
preprocessing) exhibited lower ROUGE and BLEU
scores confirming the need for preprocessing to
improve text quality and summarization results.

6.2 Effectiveness of
Techniques

Preprocessing

Stemming (ST): Stemming was the most effective,
significantly improved both ROUGE and BLEU
scores compared to the baseline for all
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representations. For instance, in Table 4, Hybrid
(TF-IDF + AraBERT) with stemming increased the
ROUGE score for TextRank from 0.460 to 0.556 and
the BLUE from 0.248 to 0.325. Similar
improvements were observed with LexRan and LSA,
confirming that stemming enhances the model’s
ability to generalize semantically related terms in
Arabic

Normalization (NR): While not as impactful as
stemming, normalization still provided noticeable
improvements in all scenarios. For example, in
Table 4, Hybrid (TF-IDF + AraBERT), the ROUGE
score for TextRank increased from 0.460 to 0.523
and the BLUE from 0.248 to 0.315. These results
suggest that reducing orthographic variation, such
as removing diacritics and unifying character forms,
helps the model generate more consistent
sentence embeddings.

Effect of Preprocessing Steps on Hybrid Model Performance (TextRank)

0.6
= ROUGE-1
= BLEU

n9 xion
cess! aNza!
ep® Nor™
wo ®

\
word RemoV®
p

Fig 2. Effect of Preprocessing Steps on Hybrid Model
Performance (TextRank)

The impact of individual preprocessing steps
(normalization, stopword removal, stemming) on
the ROUGE-1 and BLEU scores of the hybrid model
using TextRank. Stemming shows the highest
improvement, while normalization provides
moderate gains. Combining these steps enhances
summarization quality significantly over the raw
text baseline AS shown in Figure 2.

6.3 Impact of Stop-word Removal:

General Arabic Stop Words: Using a general Arabic
stop-word list resulted in decreased performance
across all scenarios. This suggests that the removal
of such words, which may include contextually
relevant terms for the EASC dataset, leads to a loss
of essential information necessary for effective
summarization.

Specific Stop Words: Conversely, when applying a
customized stop-word list tailored to the EASC

e mind
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corpus, the performance improved significantly.
This customized list effectively filtered out non-
informative words while preserving the contextual
richness of the text. For example, in Table 3, the use
of EASC-specific stop words with AraBERT
representation improved the ROUGE score from
0.460 to 0.487. This indicates that removing non-
informative high-frequency terms can help sharpen
sentence focus, particularly when combined with
contextual embeddings.

6.4 Combined Preprocessing Techniques:

Combining multiple preprocessing techniques
consistently resulted in higher summarization
performance compared to applying each technique
in  isolation. @ Among the combinations,
normalization and stemming (NR + ST) produced
substantial improvements across all summarization
algorithms. In the hybrid configuration using TF-IDF
weighted AraBERT embeddings (Table 4), this
combination raised the ROUGE score for TextRank
from 0.460 (no preprocessing) to 0.564, and the
BLEU score from 0.248 to 0.343.

Further adding stop-word removal to this
combination (NR + SW + ST) led to the best overall
results. For example, the ROUGE score for TextRank
increased to 0.573, and the BLEU score reached
0.348, marking the highest performance observed
across all configurations. These results confirm that
layered preprocessing enhances both statistical
salience and contextual clarity in sentence
representations, especially when paired with
transformer-based embeddings.

6.5 Comparison of Representation Methods:

The combined approach using TF-IDF weighted
AraBERT embeddings consistently outperformed
individual representation methods. This hybrid
model achieved the highest overall performance,
with a ROUGE score of 0.573 and a BLEU score of
0.348, as shown in Table 4. In comparison, the best
score achieved wusing unweighted AraBERT
embeddings was ROUGE 0.555, while traditional TF-
IDF alone reached a maximum of ROUGE 0.501.
These results demonstrate the effectiveness of
combining statistical and contextual features to
enhance sentence representation for Arabic text
summarization.
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ROUGE and BLEU Scores by Method and Representation

0.6

0.5

= ROUGE -
= ROUGE
m— ROUGE
#un BLEU-TF
e BLEU - Ar
was BLEU - Hy

0.4

Score
o
w

0.2

0.1

0.0

TextRank LexRank LSA

Fig 3. ROUGE and BLEU Scores by Method &
Representation

Comparison of summarization performance across
three algorithms (TextRank, LexRank, LSA) using
different representation methods: TF-IDF, AraBERT,
and the proposed Hybrid (TF-IDF + AraBERT). The
Hybrid representation consistently outperforms
individual methods in both ROUGE-1 and BLEU
scores, demonstrating the benefit of integrating
statistical and contextual features AS shown in
Figure 3.

Table 2 Summary of Average ROUGE/BLEU Scores
Using TF-IDF Representation

Preproc TF-IDF

essing Textrank  Lexrank LSA
Techniq

e Rou BL Rou BLU Rou BL

ge UE ge E ge UE

None 03 01 03 01 03 01
88 9% 87 92 78 87

NR 04 02 04 02 04 0.2
41 60 389 583 24 48

SwW 04 02 03 02 03 01
02 20 93 00 85 94

04 02 04 02 04 0.2

ST 80 61 746 58 67 48

NR+SW 04 02 04 02 04 02
49 63 392 60 30 51

NR+ST 04 02 04 02 04 0.2
97 70 801 74 81 64

SW+ST 04 02 04 02 04 0.2
88 64 644 57 73 61

NR+SW 05 02 04 02 04 0.2
+ST 01 78 90 68 75 61
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Table 2 shows the average ROUGE and BLEU scores
for different preprocessing techniques using the TF-
IDF representation across three summarization
algorithms. Stemming and the combination of
normalization  with  stemming  significantly
improved performance, with the highest ROUGE
score reaching 0.501.

Table 3 Summary of average ROUGE/BLEU scores
for EASC corpus AraBERT representation

AraBERT
Preproce
ssing Textrank  Lexrank LSA
Techniq
e Rou BL Rou BL Rou BL
ge UE ge UE ge UE
None 04 02 04 02 04 0.2
4 32 38 32 34 24
NR 05 03 04 03 04 0.2
05 12 98 03 81 93
SW 04 02 04 02 04 0.2
66 53 67 43 7 36
ST 05 03 05 03 05 03

26 28 13 22 08 11

NR+SW 05 03 05 03 04 0.2
07 15 01 05 75 93

NR+ST 05 03 05 03 05 03
38 38 3 3 18 17

SW+ST 05 03 05 03 04 03
23 32 02 27 98 14

NR+SW 05 03 05 03 05 03
+ST 55 47 45 36 35 24

Table 4 Summary of average ROUGE/BLEU scores
using TF-IDF + AraBERT representation

TF-IDF + AraBERT
Preproce
ssing Textrank  Lexrank LSA
Techniq
e Rou BL Rou BL Rou BL
ge UE ge UE ge UE
None 04 02 04 02 04 0.2
6 48 64 4 37 29
NR 05 03 05 03 04 0.2
23 15 13 07 87 98
SW 04 02 04 02 04 0.2

87 65 84 54 7 39
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Preproce TF-IDF + AraBERT ROUGE and BLEU Scores For EASC with TF-IDF
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Techniq 04
e Rou BL Rou BL Rou BL )
ge UE ge UE ge UE :ow
o 05 03 05 03 05 03 * || || | || || “ Il || "
56 25 53 19 37 04 Rouge BLLE Rouge BLUE Rouge BLLE
NR+SW 05 03 05 03 04 03 Fetnc ek e
25 27 16 17 89 01 H None B Normalization(NR)
Stop-word Removal (SW) m Stemming (ST)
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Fig. 6 ROUGE and BLUE scores using TF-IDF +

SW+ST 05 03 05 03 05 03 AraBERT representation

45 29 37 25 3 1
Table 5 Statistical Significance Testing (Paired t-

NR+SW 05 03 05 03 05 03
test) Between Hybrid and Baseline Methods

+ST 73 48 57 4 48 29
p_
ROU  val
Summariz GE-1 e
ation Represent (vs. Signific
ation (Mea ance
ROUGE and BLEU Scores For EASC with TF-IDF+AraBERT Algorithm n+ TF-
0.6 Std) IDF
)
04
" TextRank  TF-IDF 050 — -
0 1%
© | | | 0.04
Rouge BLUE  Rouge BLUE Rouge BLUE 2
etk Lk L AraBERT 055 0.0
" None # Normalization(NR) (Unweigh 5% 06
Stop-word Removal SW) M Stemming (5T)
.mgp_ws'({;' Bmov I\_Eﬂlmsl%g ted) 0.03
7
Fig. 4. ROUGE and BLEU scores using TF-IDF Hybrid 0.54 0.0
representation (TF-IDF+ 73+ 01
AraBERT) 0.03
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p_
ROU a3
Summariz GE-1 e o
ation Represent (vs Signific
ation (Mea " ance
Algorithm nt TF-
Std) IDF
)
0.04
7

AraBERT ~ 0.53 0.0
(Unweigh 5% 04
ted) 0.03

9

Hybrid 0.54 0.0
(TF-IDF+ 8% 01
AraBERT) 0.03

7

Table 5 adds scientific rigor by showing whether the
performance improvements of the hybrid method
over baselines are statistically significant (p < 0.05),
not just numerically better. The paired t-test results
(Table 5) confirm that the performance gains of the
hybrid representation are statistically significant (p
< 0.01) across all algorithms, reinforcing its
robustness and superiority over individual
methods.

Table 6 . Spearman’s Rank Correlation Between
ROUGE and Human Evaluation Scores

Huma
n Avg. p-
Score ROUG Spearman valu
Method  (1-5) E-1 'sp(p) e
TF-IDF + 3.6 0.501 0.65 0.02
TextRan 1
k
AraBER 4.2 0.555 0.74 0.00
T+ 8
TextRan
k

Since ROUGE is an n-gram overlap metric and may
not correlate well with human judgment, this Table
6 evaluates how well ROUGE predicts human
preferences. The higher Spearman’s p for the
hybrid method (p = 0.86) suggests that integrating
AraBERT with TF-IDF produces summaries whose
ROUGE scores better reflect human-perceived
quality, addressing concerns about the reliability of
automatic metrics in Arabic summarization.
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Table 7 Impact of Preprocessing on Vocabulary
Reduction and Semantic Density

Typ
e-
Tok
Avg. % en
Toke Token Rati
ns s o Informativ

Preproces per Remo (TT eness
sing Step Doc ved R) Index

Raw Text 258 — 0.48 1.00
(baseline)

+ 245 5.0% 0.51 1.08

Normaliz

ation

++ 210 18.2% 0.58 1.25

Stopword

Removal

+++ 185 28.3% 0.65 1.42

Stemmin

g

Table 7 presents a linguistic and information-
theoretic analysis of applied preprocessing
techniques, illustrating their impact on text
complexity and information concentration. Among
the techniques, stemming contributes most to
vocabulary reduction and semantic densification.
The 28.3% reduction in token count and 42%
increase in informativeness highlight its critical role
in  managing Arabic’s rich morphology and
improving summarization efficiency.

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

Datase ROU ROU ROU BLE

Model t GE-1 GE-2 GE-L U
TF-IDF EASC 0.501 0.233 0476 0.2
+ 78
TextRa
nk
AlKkhal 0.436 0.201 0.417 0.2
eej 34
(zero-
shot)
AraBE EASC 0.555 0.255 0.521 0.3
RT + 47
TextRa
nk

Alkhal 0.495 0.226 0.475 0.2
eej 68
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Datase  ROU ROU ROU  BLE

Model t GE-1 GE-2 GE-L u
(zero-
shot)
Hybrid EASC 0.573 0.271 0.539 0.3
+ 48
TextR
ank

AlKhal 0.520 0.247 0.493 0.3
eej 09
(zero-
shot)

Table 8 The hybrid model maintains strong
performance on AlKhaleej (ROUGE-1 = 0.520), with
only a 9.2% relative drop from EASC. This superior
generalization suggests that the fusion of statistical
and semantic features creates a more adaptable
representation.

Cross-Domain Generalization: Performance on EASC vs AlKhaleej

- Hybrid (TF-IDF + AraBERT)

03

ROUGE-1 Score

o
o

0.0

EASC AlKhaleej (Zero-shot)

Fig 7. Cross-Domain Generalization (EASC vs
AlKhaleej)

Evaluation of the hybrid model's generalization

Vol 46 No. 9
September 2025

TextRank + % Gain

Preprocessing Hybrid over
Step (ROUGE-1) Previous
+ + + Stemming 0.573 +9.1%

Table 9 presents an ablation study that quantifies
the individual impact of each preprocessing step on
summarization performance using the hybrid
representation model. The results clearly validate
the effectiveness of the full preprocessing pipeline.
Applying normalization alone vyields a 13.7%
improvement over the raw text baseline. Adding
stop-word removal results in a marginal gain, while
incorporating stemming leads to an additional 9.1%
increase, culminating in the highest ROUGE-1 score
of 0.573.

Table 10. Statistical significance of the hybrid
Method (Paired t-test)

Table 10 strengthens the experimental analysis by
statistically validating the performance differences
between the hybrid approach and baseline
methods. Using paired t-tests, the table shows that
the performance improvements offered by the TF-
IDF + AraBERT hybrid model are not only
numerically superior but also statistically significant
across all summarization algorithms. The hybrid
method consistently achieves p-values below 0.01,
confirming its highly significant advantage over
traditional TF-IDF and unweighted contextual
embeddings. This result provides robust evidence
supporting the effectiveness of integrating
statistical and semantic information in Arabic text
summarization.

capability in a zero-shot setting on the AlKhalegj
dataset. Although a slight performance drop_is
observed compared to the EASC corpus, the Hybri

approach maintains robust ROUGE-1 scorAtgorithm

outperforming individual TF-IDF and AraBERT

S.L(ijmarization

Represe ROUGE \F/);Iue
p. -1 Significant?
ntation (Mean) (vs. TF-
IDF)

representations, indicating its effectiveness aCT&% tRank

domains AS shown in Figure 7..

Table 9 Ablation study — isolating the contribution
of each preprocessing step

TextRank + % Gain

Preprocessing Hybrid over
Step (ROUGE-1) Previous
Raw Text (No 0.460 —
preprocessing)

+ Text 0.523 +13.7%
Normalization

+ + Stopword 0.525 +0.4%

Removal

LexRank

TF-IDF 0.501 — —

Yes

AraBERT  0.555 0.006
(Unweig
hted)

Hybrid ~ 0.573  0.001

(TF-IDF + Significant
AraBERT

)
TF-IDF 0490 — -

Yes

AraBERT 0.545 0.05
(Unweig
hted)

73

Highly



Journal of Harbin Engineering University Vol 46 No. 9

ISSN: 1006-7043 September 2025
p- Avg.
oAt ROUGE
Summarization  Represe ou value I Tim
) tati - TE Significant?
Algorithm ntation (Mean) f‘é—‘;) - eer
Summarizatio FIZ))oc
Hybri . . i
(T‘::b:lljc:: + 0.557 0.002 ; Highly Representatio (sec  Relativ
- ignifican .
AraBERT Algorithm n ) e Speed
) Hybrid (TF- 9.1  6.7x
IDF + Slower
LSA TF-IDF 0475 — -
AraBERT)
AraBERT 0.535 0.004 Yes
(Unweig Table 11 shows the trade-off between performance
hted) and speed, a crucial consideration for real-world
applications.
Hybrid ~ 0.548  0.001 Highly
(TF-IDF + Significant
AraBERT Table 12. Comparison with State-of-the-Art Arabic
) summarization models (with Limitations)
RO
Table 11. Computational efficiency and resource Mod  Appr uG Dat Key Limitati
i E F
comparison ol oach aset eatur ons
Sco es
Avg. re
Tim
e TF- Extra 0.5 EAS Combi Limited
o per IDF + ctive 73 C nes to
Summarizatio Doc AraB seman  extracti
n Representatio (sec Relativ ERT tic and ve
Algorithm n ) e Speed (Prop statisti  summa
osed) cal ries; no
TextRank TF-IDF 1.2 1.0x repres  abstract
(Fastest entatio ive logic
) n
AraBEBT 9.4 7.8 BERT Abstr 0.5 EAS Transf Comput
(Unweighted) Slower SUM activ 80 C, ormer- ationall
Hybrid (TF- 9.9  8.3x (Elma e KALI  based; 'y
IDE ¥ Slower dani  (Fine MA  suppor expensi
AraBERT) etal., - T ts ve;
2020) tune extract require
LexRank TF-IDF 2.1 1.8x d ive & s GPU
Slower BERT abstrac  for
AraBERT 9.8  8.2x ) tive training
(Unweighted) Slower Distii  Extra 0.5 Cust Fast Limited
Hybrid (TF- 10.4 8.7x BERT «ctive 51 om inferen domain
IDF + Slower Dual- Deep Ara ce; generali
AraBERT) Stage Lear bic  compa zation
(Alsh  ning Cor ct
LSA TF-IDF 1.8 1.5x anqiti pus model
Slower et al.
AraBERT 86 7.2x 2021)
(Unweighted) Slower AWN Hybri 05 EAS Integra Perfor
+ TF- d 02 C tes mance
IDF Grap seman depend
(Ala h- tic s on
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RO
Mod  Appr uG Dat Key Limitati
E Featur
el oach aset ons
Sco es
re
mi & base similari  quality
Malla d ty via of
hi, AWN WordN
2021) et
resourc
es
Word Statis 0.5 EAS Dimen Word2
2Vec tical 18 C sionalit Vec
+ W- + y lacks
PCA Sema reducti deep
(Abd  ntic on context
ulate improv  ual
ef et es underst
al., cohere anding
2020) nce

Table 12 presents a comparison between the
proposed method and recent Arabic summarization
models. The hybrid TF-IDF + AraBERT model
performs competitively with a ROUGE score of
0.573. While BERT-based models show higher
accuracy, they require more computational
resources. Traditional models perform moderately
but lack deep contextual understanding. The
proposed method offers a balanced trade-off
between performance and efficiency.

Execution Time Comparison

Execution Time per Document by Representation and Algorithm

10

Avg. Execution Time (sec)

0

TextRank LexRank LSA

Fig 8. Execution Time per
Representation and Algorithm

Document by

Comparison of average execution time per
document for TextRank, LexRank, and LSA
algorithms using TF-IDF, AraBERT, and Hybrid
representations. While the Hybrid and AraBERT
approaches introduce computational overhead
compared to TF-IDF, the performance gains justify
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the trade-off in applications where quality is
prioritized AS shown in Figure 8.

Correlation Between Human Evaluation & ROUGE

Correlation Between Human Evaluation and ROUGE-1 Scores

Score (Human / ROUGE)

15

o+ Te*“\aﬁv~ a
1¢-0 AC 2BER

Fig 6. Correlation Between Human Evaluation and
ROUGE-1 Scores

Spearman's rank correlation between human
evaluation scores and ROUGE-1 metrics across
different representation methods. The Hybrid
approach achieves the highest correlation (p =
0.86), suggesting that its automatic scores align
more closely with human judgment, validating its
effectiveness for Arabic text summarization tasks
AS shown in Figure 8.

7. Conclusion

This paper presents a comprehensive study on
(ATS)
preprocessing

enhancing Arabic Text Summarization
through the

techniques and hybrid sentence representation.

in-tegration  of

The proposed approach combines TF-IDF weighting
with AraBERT contextual embeddings to form a
both
relevance and semantic depth. Evaluated on the
EASC dataset, this
outperformed tradi-tional methods, achieving the
highest ROUGE and BLEU scores among all tested
configurations.

hybrid model that captures statistical

model significantly

that
preprocessing plays a critical role in improving

The experimental results demonstrated

summarization  quality. In  particular, the
combination of normalization and stemming led to
substantial performance gains, confirming their
importance in managing Arabic’s morphological
richness. Among the summarization algo-rithms
tested, TextRank outperformed

LexRank and LSA, making it the most effective

consistently
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algorithm for extracting salient content in this
setting.

Although transformer-based models such as
AraBERT  introduce greater computational
overhead compared to classical statistical methods,
their integration with TF-IDF in the hybrid
framework provides a favorable trade-off between
efficiency and summary quality. The hybrid model
proved to be robust, generalizing well to the
AlKhaleej corpus in zero-shot settings and showing
strong alignment with human evaluation metrics.

Future work will focus on extending the evaluation
to include a broader range of Arabic datasets and
deeper linguistic analyses. Potential directions
include exploring alternative weighting
mechanisms, enhancing sentence embeddings
through contrastive or supervised fine-tuning, and
refining preprocessing pipelines to improve per-
formance under domain-specific and low-resource

conditions.
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