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SUMMARY 

The speed of the increasing digital content requires the creation of successful Automatic Text 

Summarization (ATS) systems. Although major improvements have been made in the summarization of 

high-resource languages, the summarization of Arabic texts has not been effectively studied, especially 

in terms of comparative studies of preprocessing methods of documents and word-embedding algorithms. 

This paper explores the effects of some of the most important variables on the work of graph-based 

extractive summarization of Arabic news articles, namely, preprocessing methods, word embeddings, 

ranking methods, and compression ratios. There were experiments using the Essex Arabic Summary 

Corpus (EASC) with four preprocessing methods (Khoja, Farasa, Qalsadi, and Stanza), two word 

embedding models (GloVe and AraBERT), two ranking algorithms (PageRank and HITS), and two 

compression ratios (30% and 40%). The quality of summarizing was measured by the ROUGE-1 F- score. 

The findings indicated a significant difference (p < 0.001) in all factors, and GloVe performs better than 

AraBERT (average ROUGE-1 F-score of 0.389 vs. 0.36), and a higher compression ratio (40% more) 

achieved better performance. To be more precise, such preprocessing techniques as Khoja and Farasa 

yielded the same ROUGE-1 F-scores of 0.381 and 0.379, respectively, and Stanza gave much lower ones 

(0.364). It was statistically significant that there have been interactions between preprocessing model and 

word embedding model, ranking algorithm and compression ratio. Future research will offer more 

extensive guidelines on how to choose the best preprocessing and representation strategies to use with 

Arabic ATS systems by including larger and more varied datasets, as well as human evaluation methods 

to offer a wider range of evaluation. More studies will also be done on the fusion of the supervised 

summarization technique and deep learning-based systems and multilingual summarization systems. 

Key words: extractive text summarization, arabic text summarization, automatic text summarization 

(ATS), graph-based, stemming, lemmatization, word embeddings (WE). 
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INTRODUCTION 

The volume of digital data from various sources, including user reviews, news, blogs, social media 

platforms, books, and scientific papers, is growing daily. As a result, accessing the required information 

has become increasingly time- and effort-consuming, making automated text summarization (ATS) 

systems essential [1]. In the current era of data overload, there is a significant need for ATS tools. ATS 

aims to generate concise summaries from large volumes of text, enabling users to access essential 

information without extensive browsing or searching [2][3]. 

According to El-Kassas et al. [1], a summary is a writing that is based on a single or several original 

documents, actually giving a brief description of the main points and being shorter than half of the original 

text. Overall, there are two broad methods of text summarization, which are extractive and abstractive 

[4]. In extractive summarization, important sentences are directly selected and copied from the original 

text, whereas abstractive summarization produces fresh sentences that summarize the content of the 

source text. The given work is devoted to the extractive method of summarizing single documents. 

Arabic, spoken by approximately 250 million people worldwide, is characterized by a rich linguistic 

heritage in terms of vocabulary and morphology. Nevertheless, it is characterized by a complicated 

structure, which is characterized by ambiguity and a great morphological variation, and is unusual in 

terms of text summarization. Although ATS has already received considerable research focus on  

high-resource languages like English, no similar work has been done in Arabic [5][6]. The ATS methods 

may be categorized into three types: machine learning (ML) [7], graph-based [8], or hybrid [9]. This paper 

concentrates on graph-based sentence ranking algorithms that have been very beneficial in Arabic text 

summarization. The recent findings have shown good results when using graph-based approaches 

[10][11]. Existing research has several limitations, despite the fact that several studies have been 

conducted on Arabic text summarization [7][8][12]. A large number of studies are concerned with the 

evaluation of a single preprocessing method or word representation model individually [13][14], whereas 

others do not have statistically based comparisons across multiple system components [15].  

Also, there has been little literature to examine interaction effects of preprocessing methods, word 

embedding models, ranking algorithms, and compression ratios, as a unified experimental study. 

Consequently, there are no obvious empirical guidelines on how to create effective Arabic extractive 

summarization systems that have not been studied properly.  

To fill these gaps, this research paper develops a detailed experimental analysis of graph-based extractive 

Arabic text summarization by analyzing the effect of various important factors in a systematic way. In 

particular, the impact of various preprocessing methods, word embedding algorithms, sentence-ranking 

algorithms, and compression ratios is evaluated with the help of stringent statistical tests.  

The paper explores the effects of preprocessing, namely stemming and lemmatization, and the results of 

different word embedding models in graph-based techniques of extractive, single-document Arabic 

summarization. The content of the rest of the paper will have the following form: Section II will be the 

review of related work, Section III will be the methodology, Section IV will discuss the data used and 

experiments, and finally, Section V will be the conclusion of the paper and future research directions. 

RELATED WORKS 

This section examines past literature on text summarization that was pertinent to the work.  The discussion 

is organized into three categories: preprocessing techniques, feature extraction approaches, and text 

summarization methods. These studies provide important foundations for Arabic text summarization; 

however, they also reveal limitations that motivate the need for further comparative investigation. 

Preprocessing Techniques 

The NLP applications that use preprocessing methods include text summarization, where useful 

preprocessing can enhance the effectiveness and quality of text summarization outputs. The typical 

preprocessing functions are lemmatization, stemming, removal of stop-words, and morphological 
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analysis. The inflected word forms are mapped to their base form by lemmatization [16], which allows 

semantically related words to be clustered. Stemming [17] decreases words to their roots such that words 

that have a semantic relationship can be handled in a similar manner. Stop words [18] are high-frequency 

words with little semantic value, which are often removed to reduce text size and noise. Morphological 

analysis [19] identifies the internal structure of words and supports tasks such as named entity extraction 

and sentence similarity computation. 

Several studies have examined the effect of preprocessing techniques on Arabic extractive 

summarization. Al-Numai & Azmi [20] proposed a lemma-based evaluation method and showed that 

lemmatization improves text similarity measures. Alami et al. [19] made a comparison of three Arabic 

stemming methods, Khoja, Light, and Alkhalil, and tested them under the ROUGE metric, and stated that 

the Khoja stemmer performed better. Removal of stop-words has also been studied with reference to 

Arabic summarization. Elbarougy et al. [13] examined the effect of the removal of stop words on a  

graph-based summary system and reported that the removal of stop words resulted in better performance 

of the system.  

On a similar note, Elbarougy et al. [8] studied the application of morphological analyzers (Safar Alkhalil, 

Stanford NLP, and BAMA) and came to the conclusion that Safar Alkhalil was the most effective in 

generating summaries. Despite the fact that these studies prove the significance of preprocessing in Arabic 

summarization, the majority of them concentrate on the evaluation of single techniques separately. Also, 

comparative studies on the use of various preprocessing techniques through coherent experimental 

conditions and statistical authentication have not been developed. 

Feature Extraction 

The purpose of feature extraction is to recognize and model the most significant data of a document so 

that the summarization process can be facilitated. Generally speaking, the methods of extraction of 

features can be divided into statistical and non-statistical (semantic) ones. Statistical features comprise 

sentence position, sentence location, and term frequency-inverse document frequency (TF-IDF), whereas 

semantic features are based on word embeddings and contextual representations. A number of papers 

have suggested models of feature extraction for Arabic text summarization. Qaroush et al. [12] have 

proposed a single document summarization method based on combining statistical and semantic features 

through scoring and machine learning techniques, and they have obtained better results with respect to 

benchmark data. 

Abdulateef et al. [7] came up with a machine learning (ML) document summarization algorithm, which 

combines word2vec, clustering, and statistical algorithms. Their work dealt with some of the most 

frequent problems of text summarization, such as redundancy and information noise. The results of the 

evaluation conducted with the help of the ROUGE metric have shown that the offered approach 

performed better than the methods that were considered the state of the art. Over the last few years, there 

have been a few studies carried out to measure the performance of different word embedding approaches 

as well as text summarization systems. Word embeddings have several different algorithms, among them 

Word2Vec, AraBERT, and FastText. In [14], the authors suggested a single-document summarization 

extractive approach that used a combination of the AraBERT model and a clustering algorithm. The 

strategy was tested against the ROUGE metric as well as human evaluation and got an F-score of around 

0.51 and a human evaluation score of 0.52.  

 Wazery et al. [21] developed an abstractive text summarization method based on a sequence-to-sequence 

architecture comprising an encoder and a decoder. Their experiment investigated how a variety of deep 

neural network structures affect the performance of summarization, as well as comparing the performance 

of different word embedding models. The findings of the experiment showed that the skip-gram 

Word2Vec model was superior to the continuous bag-of-words (CBOW) model. AarBERT deployment 

in the preprocessing step made the performance even better, and the proposed method gave good results 

in comparison with available methods. In the research, Burmani et al. [15] suggested a graphical 

technique for extractive Arabic text summarization. Their work covered the methods of sentence 

representation, methods of measuring similarity and ranking algorithms, and the system was tested using 
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the EASC Arabic corpus. The findings showed that using the TF–IDF representation with cosine 

similarity and the PageRank algorithm produced high-quality summaries. 

 More recently, Alselwi et al. [11] introduced a graph-based extractive summarization approach that 

applied PageRank in conjunction with word embeddings. The model consisted of three stages: 

preprocessing, feature extraction, and graph construction. Evaluation results demonstrated that this 

method achieved strong performance compared to other techniques. 

Although these achievements have been made, the currently existing studies consider a small number of 

embedding methods or a specific summarization architecture. Therefore, prior studies have not 

adequately compared the relative performance of both the graph-based Arabic extractive summarization 

task using both the static and contextual word embeddings [29]. 

Text Summarization Techniques 

Arabic text summarization has been addressed using a variety of approaches, including graph-based 

methods [8], machine learning techniques [7], and deep learning models [21]. These approaches can be 

classified as supervised or unsupervised, depending on whether annotated training data are required. 

Several studies [22] have confirmed the effectiveness of graph-based methods in improving performance 

in Arabic natural language processing tasks, particularly text summarization. 

Several studies have confirmed the effectiveness of graph-based methods for Arabic summarization. 

Graph-based techniques are unsupervised algorithms, with PageRank [23] and Hyperlink-Induced Topic 

Search (HITS) [24] being the two most common for summarization.  

Qaroush et al. [25] proposed a graph-based summarization method that uses stems, words, and n-grams 

as textual units. The text is transformed into a graph, and the PageRank algorithm is applied to rank 

sentences. Experiments on the EASC dataset demonstrated that the method outperformed other 

techniques. 

Elbarougy et al. [10] developed a graph-based text extraction method comprising four main stages: 

preprocessing, feature extraction, graph construction, and sentence ranking, followed by summary 

generation. This method applied a slightly different version of the PageRank algorithm and had a high 

accuracy. Although such methods have delivered encouraging results, the majority of the previous studies 

have focused on optimizing each part of the summarization pipeline. General comparisons of 

preprocessing methods, word embedding strategies, ranking algorithms, and compression rates on 

statistically tested bases are relatively rare. 

The table 1 will summarize the research that other studies have performed with similar work as the study 

provided in this paper. It describes the summarization techniques, preprocessing techniques, feature 

extraction techniques, datasets, and evaluation measurements in these research works. As an illustration, 

examples like [13][8] investigated the effects of various preprocessing methods, whereas examples like 

[12][7][21] integrated various feature extraction methods. More recent studies, including [11][15], 

analyzed and compared different aspects of summarization techniques. The primary distinction between 

our study and previous Arabic summarization systems is that we conduct a broader comparison, 

examining multiple techniques and presenting the results in a different manner. 
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Table 1. Summary of selected related works on arabic text summarization 

Evaluation 

Method 
Dataset 

Feature 

Extraction 

Preprocessing 

Techniques 
ATS Method 

Single/ 

Multi 

Document 

ATS 

Approach 
Year Ref 

Precision, 

recall, and            

F-measure 

Author’s 

dataset 

 

TF/ISF and 

cosine 
similarity 

 

Normalization, 
stop-word 

removal, 

tokenization, 
and stemming 

Graph-based 
method 

Single Extractive 2021 [13] 

Precision, 

recall, and             

F-measure 

EASC 
 

TF–IDF and 

cosine 

similarity 

Normalization, 

tokenization, 
stop-word 

removal, 

morphological 
analysis, and 

stemming 

Graph-based 
method 

Single Extractive 2020 [8] 

ROUGE-N 
(ROUGE 1, 

ROUGE 2) 

EASC 

 

Key-phrases 

feature and 

similarity 

measures 

Normalization, 

tokenization, 
stop-word 

removal, and 

stemming 

Machine 

learning and 

score-based 

 

Single Extractive 2019  [12] 

ROUGE-N 
(ROUGE 1, 

ROUGE 2) 

EASC 

 

Word2vec 

and CBOW 

Tokenization, 

stop-word 

removal, and 
stemming 

Machine-based 

Method 

Multi 

Document 
Extractive 2020 [7] 

ROUGE and 

BLUE 

AHS and 

AMN 

Word2vec 
(Skip-gram 

CBOW) 

Normalization, 

stop-word 
removal, and 

AraBERT 

preprocess 

Deep learning 

model 
Single Abstractive 2022 [21] 

ROUGE N 

(ROUGE 1, 

ROUGE 2) 

EASC 

FastText, 
Word2Vec, 

TF–IDF, 

overlap, 
Euclidean 

distance, and 

cosine 
similarity 

Tokenization, 

stop-word 
removal, and 

lemmatization 

Graph-based 
method 

Single Extractive 2022 [15] 

ROUGE N 
(ROUGE 1, 

ROUGE 2) 

EASC 

Word2Vec, 

TF–IDF, and 

cosine 
similarity 

Normalization, 

tokenization, 
stemming, and 

stop-word 

removal 

Graph-based 

method 
Single Extractive 2024 [11] 

METHODOLOGY 

This section describes the experimental design and procedures for evaluating graph-based extractive 

summarization of Arabic documents. The results of the study are organized in a systematic analysis of 

the impact of different elements of the system, such as text preprocessing methods, word embedding 

models, feature extraction methods, sentence ranking algorithms, and compression ratio levels. The 

EASC dataset serves as the primary dataset for all experiments, and the ROUGE-1 F score is used to 

assess summarization performance. To ensure the reliability of the results, analysis of variance (ANOVA) 

and Tukey's test were used to assess significant differences in performance. The figure 1 provides an 

overview of the experimental workflow. 
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Figure 1. Study methodology 
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normalization, elimination of stop-words, followed by stemming or lemmatization as a comparison 

method in NLP of shortening words to their root forms. 

Tokenization 

Tokenization [26] is the process of dividing text into meaningful units such as sentences and words. It 

represents the first step after loading the input documents and is essential for handling linguistic 

ambiguity and enabling subsequent processing stages. 

Normalization 

Normalization is used to guarantee the textual consistency of a text by eliminating noise and normalizing 

the various surface forms. It involves removing punctuation marks, numbers, and unnecessary white 

space and transforming some letters of the Arabic language into standard forms. As an example, the 

plural variations of the letter Alef ( آ إ، أ، ) are optimised into one variant ( ا). 

Stop-Word Removal  

Stop-word removal is used to remove the high-frequency words with limited semantic meaning and, as 

such, reduces the data size and enhances the processing efficiency. The number of Arabic stop-word lists 

employed in this study was 750 words, which is the combination of the existing standard list and the one 

suggested by Khoja [27]. 

Stemming 

Stemming simplifies words by removing affixes and enabling words that have common semantic roots 

to be treated in the same way. An example of this is the term in Arabic for a book, which is called  كتاب. 

In this study, two stemming algorithms were compared: Khoja and Farasa. 

Lemmatization 

Lemmatization is used to recognize a canonical base form of the word in the linguistic background. 

Lemmatization is not like stemming, as it maintains grammatical correctness. Two lemmatization tools, 

which are Stanza and Qalsadi, have been used in this study in comparison. 

Feature Extraction   

After doing preprocessing, it then goes through a feature extraction process where textual information is 

processed into numerical form [28] since machine learning algorithms cannot process untouched textual 

data. 

Word Embeddings  

Word embeddings (WE) [34] are a view of words as continuous vectors in which semantically similar 

words are placed close to each other in the vector space. The study compared two varieties of word 

embedding models, including contextual ones with the use of AraBERT [30] and static ones with GloVe 

[33]. In the case of all sentences, word vectors were averaged to obtain a sentence-level representation 

suitable to be used in the computation of similarity in graph-based summarization. 

Similarity Measure and Graph Construction  

Sentence embeddings generated during the feature extraction stage were used to compute pairwise 

sentence similarity scores. Cosine similarity [32] was adopted as the similarity measure, as it effectively 

captures the angular distance between vector representations, such as a smaller angle indicating higher 

similarity between the sentences. The cosine similarity between two sentence vectors is computed as 

shown in equation (1). 
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𝐶𝑜𝑠𝑖𝑛𝑒 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 =
∑ 𝑆𝑖𝑘

𝑁
𝑘=1  𝑆𝑖𝑘

√∑ 𝑆𝑖𝑘
2𝑁

𝑘=1  √∑ 𝑆𝑖𝑘
2𝑁

𝑘=1

                                                                              (1) 

where Sik and Sjk refer to components of the vectors Si and Sj, respectively. 

Based on the similarity matrix, each document was modeled as a graph in which sentences correspond to 

nodes. An edge was established between two nodes if their corresponding sentences exhibited similarity, 

with edge weights proportional to the cosine similarity values. 

Sentence Ranking Algorithm  

Once the sentence graph had been constructed, the sentence importance was estimated using two                   

graph-based ranking algorithms, namely PageRank [23] and Hyperlinked Induced Topic Search HITS 

[24]. The ranking algorithms evaluate the relevance of a vertex in a graph based on the data obtained 

during the graph construction. This algorithm assigns a score to each sentence based on the features 

extracted from it. The most important sentences are extracted from the original text. Important sentences 

are those that are closely related to other sentences and thus receive the highest score. Ultimately, the 

final summary is generated by selecting the highest-scoring sentences. 

Summary Extraction 

The last summary is created by picking the best-ranked sentences with regard to the score that is 

calculated. Sentences are ranked in order of decreasing importance; the most important sentences are 

listed in the summary based on a given compression ratio (CR). CR is a measure of sentences that have 

been chosen within the original text. CR values of 30% and 40% were considered in this research, where 

these ratios have been found by other studies to be concise and cover the content. 

Evaluation Measure 

In order to measure the output of the automated summarization system, we have used ROUGE, which is 

one of the most popular metrics used to measure machine-generated summaries. ROUGE which is short 

of Recall-Oriented Understudy of Gisting Evaluation has various variants including ROUGE-N, 

ROUGE-W, ROUGE-L and ROUGE-S. This measure quantifies the quality of the summary by 

comparing the resultant summary to a human reference summary, and counting the commonality of the 

two summaries in terms of n-grams, word sequences, or word pairs. ROUGE-N is a peculiar value that 

measures the recall of n-grams between an automated summary and a human-generated reference 

summary. Outsourced variants are ROUGE-1 with the unigrams and ROUGE-2 with the bigrams. 

ROUGE-N is computed as shown in equation (2). 

𝑅𝑂𝑈𝐺𝐸 − 𝑁 =  
∑ ∑ 𝐶𝑜𝑢𝑛𝑡𝑚𝑎𝑡𝑐ℎ𝑆∈(𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑆𝑢𝑚𝑚𝑎𝑟𝑖𝑒𝑠)𝑔𝑟𝑎𝑚𝑥∈𝑆 (𝑔𝑟𝑎𝑚𝑛)

∑ ∑ 𝐶𝑜𝑢𝑛𝑡(𝑔𝑟𝑎𝑚𝑛𝑆∈(𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑆𝑢𝑚𝑚𝑎𝑟𝑖𝑒𝑠)𝑔𝑟𝑎𝑚
𝑛∈𝑆

)
                                  (2) 

where N denotes the size of the n-gram sequence and Count match (gramn) is the maximum number of     

co-occurrences of the n-gram in both the reference summary and the generated summary.  

ROUGE-1 is commonly adopted in Arabic summarization studies due to its robustness in handling 

morphological variation. The ROUGE-1 scores lie in the range of 0 to 1, with the highest score of 1 

indicating the highest level of similarity between the generated text and the reference text, and the lowest 

score of 0 is used to indicate the lack of similarity. The difference in scores, therefore, implies a greater 

similarity in the two summaries. It evaluates three scores, namely, precision (P), recall (R), and the F 

score. In this work, we report the F score, as it incorporates both P and R in a single metric.   

Comparison Factors 

In this research, the researcher will provide a detailed analysis of a range of models that are used to extract 

text summaries in the Arabic language. The objective is to assess how several factors influence the quality 
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of automated summaries, including preprocessing techniques, word embedding models, compression 

ratio levels, and graph ranking algorithms. In order to determine the impact of these factors, ANOVA 

was used to compare group means and determine statistically significant differences due to the differences 

in and between the groups by using the F-test to analyze groups. Since each factor contains multiple 

methods, Tukey’s test was employed to determine pairwise differences between individual group levels. 

While ANOVA determines whether a factor has an overall effect, Tukey’s test identifies which specific 

configurations differ significantly, using its letter grouping method, thus providing a more detailed 

understanding of the relationships between different comparison factors. The table 2 summarizes 

experimental settings with techniques/libraries used. 

 Table 2. Summary of experimental settings with techniques/libraries used 

Category Parameter/Settings Description 

Preprocessing 

NLTK, spaCy, PyArabic 

Text segmentation into sentences and words, removal of stop 

words, normalization of Arabic text, and removal of diacritics to 

prepare the data before summarization. 

Khoja, Farasa Extraction of Arabic word root. 

Stanza, Qalsadi Extraction of word lemmas. 

Embedding 

Types 
AraBERTv02, GloVe Generating contextual and static word embeddings. 

Evaluation ROUGE-1-F 
An automated metric for comparing system-generated summaries 

with human reference summaries.
 

Statistical 

Analysis 
ANOVA, Tukey HSD 

Statistical significance testing and pairwise comparison of group 

means. 

EXPERIMENTS 

This part explains the dataset utilized in the research, and then the description of the experiment setting 

and its execution is given. The objective of the experiments is to analyze the impact of different system 

components on summarization performance under controlled and statistically validated conditions. 

Furthermore, this section presents and discusses the details of the results obtained from conducting 

various experiments according to the proposed methodology for evaluating the graph-based abstraction 

of Arabic documents. 

Dataset (Corpus) 

To evaluate the proposed approach, the Essex Arabic Summaries Corpus (EASC) was used. EASC is a 

widely distributed dataset, created via the Amazon Mechanical Turk (Mturk) platform, containing 153 

Arabic articles, each accompanied by five human-generated reference abstracts. The articles were 

collected from multiple sources, including Wikipedia, Al-Watan newspaper, and Al-Rai newspaper, and 

cover a variety of domains such as education, art and music, finance, environment, politics, health, 

tourism, sports, science and technology, and religion. In table 3 presents the details of the dataset.  

Table 3. Details of the EASC dataset 

Dataset EASC data (2013) 

Type News 

No. of Sentences 1957 

No. of Words 50411 

No. of Documents 153 

Source: https://sourceforge.net/projects/easc-corpus/support 

Experimental Setup 

As described in the methodology, a series of experiments were conducted on the EASC dataset, using 

ROUGE-1 as a text summarization metric. Four factors were investigated: (1) two stemming algorithms 

and two lemmatization analysis algorithms, (2) two word embedding models, (3) two graph-based 

ranking algorithms, and (4) two determined CR values. 
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This resulted in 32 experiments (4 × 2 × 2 × 2 = 32 experiments), yielding 4869 summaries (32 × 153 = 

4869 summaries). Each summary was compared to five human reference summaries, resulting in 24480 

evaluation metric values (4896 × 5 = 24480 values). In figure 1 illustrates the experimental steps. 

RESULTS AND DISCUSSION  

Python 3.10.12 and a set of special libraries used to process, embed, and evaluate Arabic text were used 

to conduct the experiments. The data management and organization of experimental results were 

performed with the help of the Pandas library, and the efficient numeric computing was performed with 

the help of NumPy. The Arabic text processing was done using the NLTK, spaCy, and PyArabic libraries 

during the preprocessing stage. Khoja and Farasa libraries were applied in stemming and Stanza, and 

Qalsadi libraries were applied in lemmatization. Contextual representations of the sentences were created 

in the embedding phase, where the AraBERTv02 model was used to create the representations, and GloVe 

static embeddings. Lastly, the performance of the system was measured through the ROUGE-1 measure 

with the use of the rouge-score library.  

The four factors of this study were statistically analyzed to examine their impact on the quality of 

automated summaries. The results of the analysis of variance (ANOVA) of each of the factors and their 

interaction were presented in table 4, and the ROUGE-1 F-score was used as a dependent variable. 

Statistical significance in ANOVA can be used to demonstrate whether the effect of a factor or an 

interaction between multiple factors is actually a real effect, and was not by chance. 

Table 4. ANOVA test results for four factors in terms of ROUGE-1 F score 

Cases 
Sum of 

Squares 
df 

Mean 

Square 
F p 

Preprocessing 1.083 3 0.361 10.197 <.001 

Word embedding 5.326 1 5.326 150.387 <.001  
Ranking algorithm 0.623 1 0.623 17.589 <.001 

Compression ratio level 1.732 1 1.732 48.905 <.001  
Preprocessing × Word embedding 0.656 3 0.219 6.174 <.001 

Preprocessing × Ranking algorithm 0.848 3 0.283 7.986 <.001 

Word embedding × Ranking algorithm 0.379 1 0.379 10.703 0.001 

Preprocessing × Compression ratio level 1.010 3 0.337 9.503 <.001 

Word embedding × Compression ratio level 0.128 1 0.128 3.606 0.058 

Ranking algorithm × Compression ratio level 0.439 1 0.439 12.384 <.001 

Preprocessing × Word embedding× Ranking 

algorithm 
0.658 3 0.219 6.192 <.001 

Preprocessing × Word embedding × Compression 

ratio level 
0.738 3 0.246 6.950 <.001 

Preprocessing × Ranking algorithm × Compression 

ratio level 
0.855 3 0.285 8.046 <.001 

Word embedding × Ranking algorithm × 

Compression ratio level 
0.332 1 0.332 9.363 0.002 

Preprocessing × Word embedding× Ranking 

algorithm × Compression ratio level 
0.981 3 0.327 9.238 <.001 

Residuals 862.608 24,358 0.035   

Note.  Type III Sum of Squares 

This significance is determined by the p-value whereby p value < .001 portray a statistically significant 

impact. The findings demonstrate that the four key variables, including preprocessing, model of word 

embedding, ranking algorithm, and compression ratio level, have statistically significant differences with 

the p-value of each being less than or equal to .001. This evidence shows that all factors have their 

independent effect on the work of the automated summarization system. In terms of interaction of the 

factors, two-way interaction has significant interaction of four factors and insignificant interaction of     

two-way interaction of Word embedding × Compression ratio level and Word embedding × Ranking 

algorithm, as they did not produce a significant interaction effect on the quality of summarization. The 

lack of significance for these two-factor interactions indicates that the effect of word representation 

models on summarization quality is not dependent on the type of ranking algorithm or compression ratio, 
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and vice versa; ranking algorithms and compression ratios maintain their performance regardless of the 

representation model used. 

Moreover, the three-way interactions showed statistically significant interaction effects, except for the 

Word embedding × Ranking algorithm × Compression ratio level interaction. This indicates that 

combining a specific word embedding model with a specific ranking algorithm and a specific 

compression ratio does not produce an additional effect on performance beyond the main effects of each 

factor, demonstrating that the performance of each factor remains relatively independent of the 

combination of the other factors. 

Regarding the four-way interaction, it showed statistical significance, indicating that the effect of a single 

factor is not constant but may vary depending on the interactions with the other three factors. 

After confirming the existence of statistically significant differences among the studied factors, as 

indicated by the ANOVA results, Tukey’s HSD multiple comparison test was applied to examine pairwise 

differences between groups. The test was conducted separately for each of the four factors, in order to 

assess the main effects and identify statistically significant differences among the different methods of 

each factor independently of the other factors. 

In addition, Tukey’s HSD test was applied only  to the four-way interaction among the four factors, as this 

configuration reflects the actual system performance when all factors are combined and represents the 

practical implementation of an automated text summarization system. This analysis facilitates the 

identification of the optimal overall combination of factors that yields the highest performance. 

Tukey’s test reveals statistically significant differences between pairs of groups within each factor, as 

presented in tables 5–8, as well as between pairs of different factor combinations across all factors, as 

shown in table 9. In this context, pairs denoted by different letters are considered statistically significantly 

different, whereas pairs sharing the same letter do not exhibit statistically significant differences. 

Factor-1: Preprocessing Techniques 

The results of Tukey’s HSD post-hoc test, shown in table 5, indicate that Khoja, Farasa, and Qalsadi share 

the same grouping letter (A), indicating that no statistically significant differences exist among them. In 

contrast, Stanza was assigned a different grouping letter (B), reflecting a significant difference in 

performance compared to the other techniques.  

In figure 2 shows the mean ROUGE-1 F-score for each preprocessing method. Stanza (0.364) scored 

lower, while Qalsadi (0.375), Farasa (0.379) and Khoja (0.381), performed similarly. Stanza sometimes 

fails to correctly convert words into their basic forms, especially in languages with complex 

morphological structures, which explains its lower performance compared to other preprocessing 

techniques in Arabic automatic summarization. 

Table 2. Tukey test pairwise comparison based on preprocessing techniques 

Preprocessing Grouping Letters 

Khoja A 

Farasa A 

Qalsadi A 

Stanza B 
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Figure 2. Mean ROUGE-1-F scores for preprocessing techniques 

Factor-2: Word Embeddings  

The second factor showed a clear impact on the performance of the two word embedding models: GloVe 

and AraBERT. As presented in table 6, Tukey HSD test showed that there is a statistically significant 

difference in the two models with two different letters assigned to each method. The average scores of 

the ROUGE-1-F technique are represented in figure 3, where the lowest mean score (0.36) is maintained 

by AraBERT, as opposed to the GloVe (0.389), which indicates the efficiency of the graph-based 

techniques in extractive summarization of Arabic with the aid of the static embeddings of GloVe. The 

lower performance of the AraBERT model can be attributed to the sensitivity of contextual embeddings 

to dataset size. contextual models of AraBERT require massive datasets to achieve accurate linguistic 

representation, which may be limited under these experimental conditions. 

Table 3. Tukey test pairwise comparison based on word embedding models 

Word Embedding Grouping Letters 

GloVe A 

AraBERT B 
 

 

Figure 2. Mean ROUGE-1-F scores for different word embedding methods 
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Factor-3: Ranking Algorithms 

The third factor revealed a difference in the performance of the two graph-based sentence-ranking 

algorithms, PageRank and HITS. According to Tukey's HSD test, shown in table 7, a statistically 

significant difference was found between the two algorithms. 

The figure 4 shows that PageRank achieved the lowest ROUGE-1-F mean score (0.37) compared to HITS 

(0.38). This difference is attributed to the fact that the performance of ranking algorithms is highly 

dependent on experimental settings, particularly the word representation used to establish sentence 

similarity relationships. In this context, the HITS mechanism could be more compatible with the 

characteristics of the word representation used, which contributed to highlighting the most important 

sentences matching the human summaries, rather than PageRank. 

Table 4. Tukey test pairwise comparison based on ranking algorithm methods 

Ranking algorithm Grouping Letters 

HITS A 

PageRank B 
 

 

Figure 3. Mean ROUGE-1-F scores for different ranking algorithms 

Factor-4: Compression Ratio 

The fourth factor, the compression ratio (CR), showed a significant effect on the performance of the 

summarization system. According to Tukey's HSD test, shown in table 8, a statistically significant 

difference was found between the 30% and 40% compression ratios. 

In figure 5 shows that the 30% compression ratio achieved the lowest ROUGE-1-F mean score (0.366) 

compared to 40% (0.384). This difference may indicate that lower compression ratios may result in more 

concise summaries, but at the expense of content comprehensiveness, which is reflected in the automated 

evaluation scores. On the other hand, an increased compression ratio can be used to provide a more 

comprehensive view of the semantic content of the text, and therefore, less significant information is lost 

during the summarization process. These results confirm that selecting the appropriate compression ratio 

is a crucial element in improving the quality of Arabic extractive summaries. 

Table 5. Tukey test pairwise comparison based on compression ratio levels 

Compression ratio level Grouping Letters 

40 A 

30 B 
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Figure 4. Mean ROUGE-1-F scores for different compression ratios (CR) levels 

Factor Combination 

In table 9 presents the results of Tukey’s HSD post-hoc comparison test, applied to the four-way 

interaction among preprocessing techniques, word embedding models, ranking algorithms, and 

compression ratio levels. There were 32 combinations that were considered, and a row in the table reflects 

a specific combination of text summarization systems, and they were evaluated based on the quality of 

summarization. The statistical relationships among these combinations are represented by letters, 

whereby combinations that have at least one letter represent no statistically significant differences, and 

combinations that have no letters represent statistically significant differences. The outcomes are 

categorized into eight different statistical categories (A, AB, ABC, ABCD, BCD, CD, D, and E). The 

letters will denote the separate levels of statistical performance, with the highest level of performance (A) 

indicating a strict level of performance, and the lowest level of performance (E) is illustrated. It is noted 

that the combinations with the highest performance in the initial three rows (Group A) had the highest 

level of performance. All these combinations share the use of GloVe word embedding and a 40% 

compression ratio, demonstrating the importance of these two factors in improving summary quality. 

The following five combinations (group AB) demonstrated relatively high performance, all using GloVe 

and a 40% compression ratio, with some variations in preprocessing methods and ranking algorithms. 

This means a steady performance in case the underlying factors are held constant. The  

average-performance group is made of an approximation of 15 combinations (groups ABC, ABCD, and 

BCD). Variations in performance are also noted in these combinations because of differences in the 

factors, which include the type of representation or the compression ratio, which produce similar though 

less predictable results as compared to those of the higher performing combinations. These combinations 

in different groups signify that performance has been statistically overlapped. The findings further suggest 

that the application of large contextual models like AraBERT is not always associated with better 

performance in graph-based summarization because the performance is evidently affected by other 

factors, including the ranking algorithm used and the compression ratio.  Furthermore, the table shows 

that reducing the compression ratio to 30% (group CD) resulted in a relative decrease in summary quality. 

The majority of combinations at this ratio were concentrated within the average-performing groups, 

indicating that reducing the number of selected sentences limits the system's ability to maintain  

coverage and summary quality. 

Next, the least influential combinations, which include eight systems, exhibited a significant decline in 

summary quality. These results indicate that using AraBERT with low compression ratios negatively 

affects the quality of the resulting summaries. 

Finally, the lowest-performing combination (group E) achieved significantly lower summary quality. 

This result indicates that using a low-performance preprocessing technique like Stanza with a contextual 
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model like AraBERT can significantly reduce summary quality. This proves that in order to realize the 

best performance in the extractive summarization using graphs, close integration and balance of all the 

factors is needed because none of them is capable of guaranteeing high-quality results. 

Table 6. Tukey test pairwise comparison based on all experiments  

Preprocessing _Word embedding _Ranking algorithm _Compression ratio level Grouping Letters 

Khoja_GloVe_HITS_40% A 

Khoja_GloVe_PageRank_40% A 

Farasa_GloVe _HITS _40% A 

Farasa _GloVe _PageRank _40% AB 

Qalsadi _GloVe_ HITS _40% AB 

Stanza _GloVe_ HITS_ 40% AB 

Qalsadi _GloVe _PageRank_ 40% AB 

Stanza _GloVe_ PageRank _40% AB 

Khoja _AraBERT_ HITS _40% ABC 

Qalsadi _AraBERT_ HITS_ 40% ABCD 

Farasa _AraBERT _PageRank_ 40% ABCD 

Stanza_ AraBERT_ HITS _40% ABCD 

Khoja _GloVe _PageRank_ 30% ABCD 

Stanza _GloVe_ HITS _30% ABCD 

Farasa _GloVe _HITS _30% ABCD 

Farasa _AraBERT_ HITS_ 40% ABCD 

Khoja_ GloVe_ HITS_ 30% ABCD 

Farasa _GloVe _PageRank_ 30% ABCD 

Khoja _AraBERT_ PageRank _40% ABCD 

Qalsadi _GloVe_ PageRank _30% ABCD 

Qalsadi_GloVe_HITS_30% ABCD 

Stanza_GloVe_PageRank _30% ABCD 

Qalsadi _AraBERT_ PageRank _40% BCD 

Khoja _AraBERT_ HITS_30% CD 

Stanza _AraBERT _PageRank _30% CD 

Farasa _AraBERT_ HITS_30% CD 

Qalsadi_AraBERT_HITS_30% CD 

Khoja_AraBERT_PageRank_30% CD 

Stanza _AraBERT_HITS_30% CD 

Farasa_AraBERT_PageRank _30% CD 

Qalsadi_AraBERT_PageRank_30% D 

Stanza_AraBERT_PageRank_40% E 

CONCLUSION AND FUTURE WORK 

The increasing demand for efficient automatic text summarization systems highlights the need for 

systematic evaluations of design choices, particularly for Arabic language processing. This study 

presented a comprehensive experimental analysis of graph-based extractive Arabic text summarization, 

examining the effects of preprocessing techniques, word embedding models, sentence-ranking 

algorithms, and compression ratio levels. 

The experimental results of a total of 32 experiments demonstrated that all examined factors significantly 

influence summarization performance. Stemming- and lemmatization-based preprocessing techniques, 

including Khoja, Farasa, and Qalsadi, exhibited comparable effectiveness, while the lemmatization-based 

Stanza method yielded lower performance. The experiment also revealed that the graph-based extractive 

setting methods were always better with the use of the static word embedding model, namely, GloVe, 

compared to the contextual AraBERT model. Moreover, HITS rating system was superior to PageRank 

and greater compression ratios (40%) were observed to be more informative in terms of summaries 

through improved ROUGE-1 F scores. Tukey's HSD four-way interaction test showed that the                             

best-performing combination in this study was Khoja's preprocessing with GloVe embeddings using the 

HITS algorithm at 40% compression, followed by Khoja with GloVe and PageRank at 40% compression, 

and Farasa with GloVe and HITS at 40% compression. On the other hand, the poorest performing one 
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was Stanza preprocessing using AraBERT embeddings and a PageRank algorithm, with a compression 

ratio of 40%, as it showed the lowest quality of the summary. These findings indicate that the 

understanding of optimal performance is the painstaking combination of preprocessing methods, word 

embedding models, ranking schemes, and compression ratios since the selection of one of the factors has 

a critical effect on the quality of the acquired summary. Furthermore, the statistically-based evaluation 

techniques allowed the reliable comparison of each factor separately and the interaction effects, which 

led to a better perception of how the system behaves. 

Nevertheless, a number of limitations are to be taken into account. To begin with, the dataset employed, 

the Essex    Arabic Summary Corpus (EASC), is relatively small, and this might interfere with the 

generalizability of the results. Future research ought to embrace the use of bigger and more heterogeneous 

datasets with the view to determining the scalability of the proposed methods. Secondly, the assessment 

was based only on the ROUGE-1 F-score that mostly represents unigram overlap and might not be a 

complete measure of the quality or coherence of the summaries. It would be better to include more 

evaluation metrics, including ROUGE-L or human evaluation, to have a more comprehensive view of the 

system's performance. Irrespective of these limitations, this study provides valuable data on the best 

preprocessing, word embedding methods, ranking algorithms, and compression ratios to determine the 

optimal method of generating Arabic text summaries.   There are various areas of significance that the 

research will focus on in the future in order to improve the proposed framework. The validation on larger 

and more heterogeneous corpora will be performed first in order to evaluate the scalability and 

generalizability of the model to other areas and Arabic dialects. Moreover, the human assessment will be 

introduced to supplement the automated measures to give a more detailed analysis of summary coherence, 

readability, and quality in general. Moreover, the framework will be presented in cases of multilingual 

summarization where the application of the methodology will be applied to other languages, and, thereby, 

the framework will have a greater potential impact and applicability in cross-linguistic text 

summarization. Such developments will also help in increasing the strength, flexibility, and                            

human-oriented summarization systems.  
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