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Abstract: The internet's exponential increase in information availability imposes a significant cost 

on individuals seeking such content. This challenge is being addressed by numerous researchers 

striving to overcome its complexity. The current study presents an alternative approach to query-

based automatic text summarization. Unlike earlier methods, this approach generates the query based 

on the first paragraph sentences of the material being summarized, eliminating the need for user 

input during query submission. Applying the generated query to the document results in a final 

summary. Additionally, the study investigates the impact of different query lengths and similarity 

measures. The evaluation utilized the ROUGE metric and the EASC dataset. The experimental 

findings show that the suggested approach, which makes use of the Russel similarity measure and a 

longer query length, performs better than alternative scenarios that use the cosine, Forbes, and 

Jaccard similarity measures and shorter query lengths. 
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1. Introduction 

The internet's exponential increase in information availability imposes a significant cost 

on individuals seeking such content. Numerous scholars are working to address this difficulty 

and get past its complexity. Researchers are concentrating on employing text summarization 

for these enormous amounts of data to provide answers to this issue. Since the 1950s and 

1960s, researchers have actively pursued the area of automatic text summarization [1, 2, 3]. 

Text summarization aims to condense a lengthy text into a concise form (summary) that 

includes key information. The resulting summary can be categorized into two types: extractive 

and abstractive [69]. An extractive summary includes the most crucial text segments from the 

original document without altering their structure, whereas an abstractive summary involves 

rephrasing these segments' structures before incorporating them into the summary content. 

This complexity makes producing abstractive summaries more challenging than extractive 

summaries. 

Automatic text summarization, as an open research problem, has spurred many researchers 

to investigate and present different solutions in the form of automatic text summarizers. The 

starting point for all efforts in this area is Luhn's work [1], in which he presented a system 

based on word and sentence significance. The former is calculated based on the word's 

appearance in the document, while the latter is calculated using the location in which the 

sentence's words appear. Later, a variety of text summary techniques—from easy to difficult—
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were created. According to some studies [4, 5, 6, 8, 9, 10,16, 11, 25] some methods were based 

on term weight schemes such as Term Frequency-Inverse Document Frequency, which assigns 

greater weight to a document's most significant content. Afsharizadeh et al. [12] proposed a 

query based approach that summarizes the text by scoring its units relayed on a dual-feature 

category: features extracted from a sentence and query. These feature values are adjusted by 

weights, and the sum of the adjusted feature values is used as the document sentence score. 

The final summary is composed of the text units that have received the greatest rates. Rani & 

Lobiyal [13] introduced a text summarization model to handle large datasets and recognize 

semantic, statistical, and linguistic features. The researchers utilized the TF-IDF weighting 

scheme, assigning each word in the text a TF-IDF weight and a weighted word vector. They 

asserted that a more varied summary is produced by their model. ROUGE metric and the DUC 

2007 dataset were used for the model's assessment [55]. 

Using many features, other approaches identify the important document content as a final 

extract. According to Douzidia & Lapalme [14], Zechner [15], El-Haj et al. [16], Thakkar et 

al. [22], Binwahlan [19], Teufel [21], Amato et al. [23, 24], Elhaj [18], Andhale & Bewoor 

[26], Alami et al. [29], and Bhola et al. [27], the text segments are rated as a summation of the 

scores of those attributes. Verma et al. [28] utilized various techniques to develop a hybrid 

model for the summarizing problem. The document phrases were grouped according to how 

similar they were, and the text feature's modified rates of each cluster's key phrases were used 

to identify which phrases were significant. To determine the phrases' ultimate rates, these rates 

were fed into a system of fuzzy inference. Three different datasets were used: DUC 2001, 

DUC 2002, and CNN. The researchers observed that effective summaries were produced by 

combining clustering, fuzzy, and evolutionary techniques. Singh et al. [30] presented a 

supervised method for text summarization. Nine text features were used: aggregation score, 

the count of ‘‘incorrect words’’, thematic words, entropy, numeric data, sentence position, 

sentence length, named entity, and POS. These are inputted into particle swarm optimization 

to produce optimal weights. The extracted features are, then, updated by those optimal 

weights. The final summary contained the sentences from the document that scored the highest 

after the document sentences were ranked according to adjusted text feature scores. 

Machine learning methods aim to extract key features from the content of documents 

within a given corpus. These extracted features are then utilized to identify the representative 

content of a document, which is presented as a summary [20, 30, 34, 35, 36, 37, 38, 39, 40, 

41, 42, 43, 44, 45, 46, 47, 48, 49, 50, 51, 52]. The performance issues with optimization-based 

extractive multi-document summarizing techniques are addressed by Wahab et al. [53] with 

their decomposition-based Multi-Objective Differential Evolution method. The goal of the 

researchers' work was to tackle this challenge. The evaluation was conducted using the 

DUC2002 dataset and the ROUGE metric [55]. An artificial text summarizing technique based 

on an optimization solution was presented by Pati & Rautray [33]. Particle Swarm 

Optimization (PSO), Butterfly Optimization (BO), and Ant Colony Optimization (ACO) were 

the three optimization techniques used. Sentence scores were calculated based on term 

frequency (TF), then the document sentences were scored using cosine similarity measure with 

TF weighting scheme, resulting in a sentence similarity matrix. This matrix was used as input 

for the optimization method to suggest summary sentences. The summary sentences were 

ranked using the Technique for Order Performance by Similarity to Ideal Solution (TOPSIS). 

The performance of these optimization methods was assessed using the DUC 2006 dataset. 

The researchers concluded that the Particle Swarm Optimization (PSO) based method 

outperformed the other methods. 
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Text summarization and information retrieval share the same goal [31], which is providing 

users with the information they need. In information retrieval, search engines require a user 

query for retrieving a group of relevant documents, while in text summarization, summarizers 

help users know the key content of the retrieved documents [32]. Therefore, information 

retrieval methods support text summarization in creating more high-quality and concise 

summaries. Similarity measures and query are two information retrieval ideas that are applied 

to the text summarization problem in this work. The sentences in the provided text and a query 

are compared using four similarity metrics, and the target summary contains those most 

pertinent sentences. The goal of the study is to present a novel method for query-based 

automatic text summarization. This study avoids user intervention by generating the inquiry 

from the first paragraph phrases of the material being summarized, in contrast to earlier 

techniques where the user enters the query. Finding the best similarity metric and query 

technique to get a more accurate summary is another goal. For assessment, the ROUGE 

measure [55] is utilized in conjunction with the EASC dataset [54]. 

The remainder of this document is structured as follows: Part 2 presents relevant work, Part 3 

discusses the suggested method, Part 4 presents the results, and Part 5 concludes with 

recommendations for further research. 
 

 

2. Related work 

This section reviews several works that dealt with similarity measures and queries in text 

summarizing. 

A query-based method of summarizing multi-documents is based on the user's query. Each 

sentence is scored based on the overlap between the document sentences and the query. The 

final summary contains those greatest scoring sentences [56, 60]. El-Haj et al. [16] introduced 

an Arabic text summarization system based on a user-submitted query that uses Salton et al.'s 

model [57]. This system employs term TF and ISF weight schemes to calculate the matching 

degree between each sentence and the query. A knowledge builder for extracting multi-word 

concepts and a summarizer are the two components of the Arabic text query-based 

summarizing method that Imam et al. [17] suggested. First, the given query is enlarged, and 

then the document is summarized. Sentences are graded based on how relevant they are to the 

enlarged and original query. Information extraction and query-based summarizing are 

combined in Peng et al.'s proposed query-based summarization method for social network 

messages [58]. Significant information is extracted from social network communications in 

the extraction process, which results in a feature matrix that is converted into the time-

frequency domain. The degree to which each feature's information quality contributes is 

determined by the expectation-maximization method, or EM method. Sentence weight and 

query relevance are used to produce the score, which is then used to select the most important 

sentences for the final summary. A deep auto-encoder (AE) is used to construct term frequency 

features in a query-based document summarizing method that Yousefi-Azar & Hamey [59] 

proposed. Based on the query terms entered, Auto-Encoders produce a concept vector for 

every sentence. The researchers proposed an Ensemble Noisy Auto-Encoder (ENAE) to 

address the effect of random noise on local TF, which serves as the AE's input representation. 

A query-based microblogs summarizing technique centered on query relevancy and post time 

was presented by Geng et al. [62]. To highlight key phrases and temporal information, 
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microblog sentences are clustered. A graph is used to iteratively pick summary sentences, with 

microblog sentences being ranked using the query-lexical-rank (Q-LexRank) algorithm. 

Alhoshan & Altwaijry [63] concentrated on query relevance and time information in another 

investigation. The researchers unveiled a mechanism for updating summaries. This approach 

works on the assumption that the user already has some information and wants to keep track 

of any updates pertaining to it. In the summarizing process, semantic and lexical data identified 

based on the Arabic WordNet lexicon are combined to determine word similarities on a graph. 

A well-known thought is that a query-based summarization method cannot generate a 

summary covering all document content; hence, some key points in the document may be 

overlooked [60]. The present research's main contribution is to challenge this idea by 

presenting a technique for creating a query based on the content of the document. Using this 

method, the query word list is created by adding the terms from each first paragraph sentence. 

The query word list is then ordered in reverse according to the words' frequency in the 

document. The final query is then chosen from the words with the highest frequencies. 

Similarity measures are considered a main factor in the text summarization process [64, 

65]. According to Salim [66], Tanimoto, Forbes, Russell, and cosine are examples of similarity 

metrics that work well for information retrieval (IR) problems. In Alguliyev et al.'s study [65], 

three similarity measures (cosine, Jaccard, and overlap) were combined, where cosine and 

Jaccard similarity measures are symmetric, and overlap is asymmetric. The combined metrics 

yielded good results. This prompted the researcher of the current study to investigate the 

behavior of four similarity measures (cosine, Russell, Forbes, and Jaccard/Tanimoto). 

Sanchez-Gomez et al. [7] examined three term weights and five similarity measures (NGD 

cosine, RRN, overlap, and Jaccard) for their effectiveness in the text summarization process. 

Various combinations of similarity metrics and term-weight strategies were showcased. The 

researchers came to the conclusion that cosine metric and the term-frequency inverse-

sentence-frequency scheme worked better than alternative similarity metrics and weight 

schemes, respectively. 

 

3. The proposed method 

The ultimate goal of any summarization method is to generate a suitable representative 

summary that typifies the most significant content of a document. To achieve this, a query-

based Arabic text summarization method is presented. The proposed method goes through 

four steps to reach its goal: preprocessing, query formulation, similarity calculation, and 

finally, summary generation. The entire process is illustrated in Figure 1, and each step will 

be discussed in the following subsections. 

3.1.  Preprocessing 

The resulting summary's quality is directly impacted by how the document's content is handled. 

As a result, before using the summarizing approach, the original material must undergo some 

preprocessing, such as tokenization, stop-word removal, and stemming. 
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3.1.1 Tokenization: this process produces separated text units resulting in the splitting of the 

source document, in this study, the input document is split into paragraphs (based on a 

newline character), sentences (using full stops, question marks, and exclamation marks), and 

words (white space, semicolons, commas, and quotations).  

3.1.2 Normalization: a process to combine the various letter shapes into a single, distinctive one 

and eliminate any odd letters (numbers, special symbols, punctuation marks, and others). 

3.1.3 Stop-word removal: a process of eliminating words that have no significant impact on the 

content is based on consulting Khoja and Garside's stop-word list [67]. 

3.1.4 Stemming: a process that aims to replace all inflectional or derivational forms with their 

unique stem. This action leads to the minimization of document terms, resulting in a 

reduction in processing costs. The stemming step was performed using Khoja and Garside's 

stemmer [67]. 

 

3.2. Query formulation 

According to existing research, a user submitting a query based on the final summary 

produced is necessary for a query-based text summarization [62, 63, 59, 16, 58, 17, 61]. The 

inquiry in the current study is automatically constructed from the first paragraph sentences in 

a document, which sets it apart from earlier research. All sentences in the first paragraph are 

designated for query generation during preprocessing. These sentences' words are inserted into 

a vector, each word's frequency (TF) is computed, and the unique words along with their TF 

are added to a query vector. Based on TF weights, the query vector is reorganized in inverse 

order. The ultimate inquiry is then chosen from the highest weighted, n-sorted words. 

Algorithm 1 is an illustration of this procedure. 

 

Algorithm 1: Query formulation 

INPUT: QL: query length, FTlist = {{t1, tf1}, t2, tf2}, …, {tm, tfm}}//words and the frequency with which 

they appear in each of a document's first paragraph sentences, where m is the total word count 

contained in any first paragraph sentence. 

OUTPUT: Q = {t1, t2, …, tQL}// query list containing top ranked TF weight terms in D. 

1. rank FTlist in inverse order 

2. for k ← 1 to QL 

3.   Q[k] ← FTlist[k] 

4. end for 
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3.3. Similarity measures 

A similarity metric can be derived using a formula that assigns a numerical value to a vector pair. 

In its most basic version, one may look at the word counts that are shared by the document and query 

vectors. In the current trials, four similarity metrics—Tanimoto, Russell, cosine, and Forbes with tf-isf 

weighting scheme—are evaluated to determine which is best for the summarization challenge. When 

calculating the similarity measure, the following processes and structures must be prepared: 

All unique terms extracted from D (document set) are contained in vector T = {t1, t2,..., tC}, C denotes 

the total terms counts. The weights of terms contained in each document sentence Sq form a vector. Sq 

is equal to {wq1, wq2,..., wqC}. According to Salton and Buckley [68], the word weights are computed 

using the following equation 1 (tf–isf): 

wqj equals log(n/nj) * tfqj.                              (1) 

 

where nj is the sentences' number where the jth word appear, n refers to the total document sentences' 

number, and tfqj is the summation of frequencies of the jth word in Sq.  

The sentences in the document are arranged in a vector, where dk = {s1, s2,..., sn}. Like every 

document sentence, a query term's weights are represented in a vector as well. These vectors are 

represented in the vector space model as a matrix of size n × C [57]. The similarity metrics [66], 

displayed in Table 1, are applied based on the produced VSM to ascertain the document sentence's 

relevance to the inquiry. 

Query Generation 

 

Preprocessing 

Query/sentence matching 

First paragraph 

All document 

Last 

sentence? 

No Yes 

Summary 

Document 

 

Figure 1. the proposed method architecture 

sentences Ranking 

Add the sentence with its matching 
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Table 1. Similarity measures used for calculating the relevance of a query and a document sentence. 

 
Measure Formula 

 

 

Ochiai/Cosine 
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                                               (2) 

 

 

Russell/Rao 
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                                                             (3) 

 

 

Forbes 
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Jaccard/Tanimoto 
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3.4. Paragraphic query based Arabic text summarization 

As mentioned in subsection 3.3, a vector space model (VSM) is constructed with each row 

corresponding to a sentence number holding the TF-ISF weights of the terms in that sentence, the 

leftmost column carrying sentence numbers, and the first row including all terms in the document 

set. The query word weights are in the final row in VSM. Each document sentence and the query are 

compared to see how similar they are, using the similarity measures listed in Table 1 one at a time. 

Every determined resemblance is regarded as a sentence's score. A list containing the scores and 

sentence numbers is created. The order of this list is reversed. As seen in Figure 1, the final summary 

is produced by selecting the sentences with the greatest score from the list. Several query length 

(QL) values are evaluated, including LLS (the length of the longest sentence in the document), 2LLS, 

3LLS, and QL equaling the length of the query vector. A similarity degree between each sentence in 

the document and the query is computed using each query length. 

 

4. Results 

The experimental design, datasets utilized, and experimental outcomes are presented 

in this part, which is based on the experiments conducted in this paper. 

 

4.1.  Experimental Design 

This subsection discusses the suggested method's experimental design. The dataset is the 

EASC [54], which consists of 153 documents spanning a number of fascinating topics. 

Additionally, each source article has five handwritten summaries. The sentences in each article's 

handwritten summaries are grouped into three categories due to the disagreement among the 
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authors of these summaries regarding which sentences should be included in each summary. The 

first group, dubbed level 3, includes the sentences that appeared in every human summary; the 

second group, dubbed level 2, contains the sentences that appeared in any two human summaries; 

and the third group, dubbed level all, contains the sentences that appeared in any human 

summaries [18]. Several iterations of the ROUGE evaluation metric [55] are tested for evaluation 

purposes: while N = 2, ROUGE-N performs well while summarizing a single document. To this 

purpose, it is employed to evaluate both human and proposed technique summaries, with a 50% 

length setting [18]. "ROUGE-cut," another ROUGE parameter, is set to 100, which indicates that 

100 words are chosen at random from a summary for evaluation. This study implements and 

evaluates eight experiments: four for each of the four query length values and four for each of the 

four similarity metrics. 

 

4.2. Experimental results 

Based on a produced query, the suggested approach generates a summary. We explore four 

possible choices of query length (QL): QL = 2LLS, 3LLS, QL = length of the query vector, and 

QL equals LLS (the longest sentence in the document). These query lengths are used to construct 

four summaries. Every summary has a strong correlation with the reference (human) summary. 

Analysis is done on summaries made with a 3LLS query length as a middle length in order to 

find out how efficient similarity measures are. The ROUGE-2 recall, ROUGE-2 precision, and 

ROUGE-2 average F findings are shown in Table 2 together with the cosine similarity measure 

for each of the four query lengths. These findings clearly show that the length of the query has a 

major influence on the caliber of the summary that is produced. The query that yields the greatest 

results is QL, which contains terms from every sentence in a document's first paragraph sentence. 

Conversely, the option with the smallest query length, LLS, produces the least number of results. 

The outcomes of queries with durations of 2LLS and 3LLS differ slightly from one another. 

Because QL takes into account all first paragraph sentences, it is preferable to other query 

lengths. On the other hand, because of its restricted area, LLS loses some first paragraph 

sentences, which lessens its impact. The comparable effects of query lengths 2LLS and 3LLS 

suggest that they contain comparable amounts of space, enabling the inclusion of an equal 

number of first paragraph sentences. Using summaries derived from a query of length 3LLS, 

Table 3 presents the findings of ROUGE-2 recall, ROUGE-2 precision, and ROUGE-2 average 

F for the four similarity measures. Russell earns the best results among the similarity metrics, 

based on the data in this table. Examining the inner workings of these similarity measures, we 

find that all of them—Russell excluded—divide the computation made in the numerator by a 

computation of the current sentence's term weights. The computed similarity degree is negatively 

impacted by each sentence's different denominator value. Russell, on the other hand, divides the 

calculation in the numerator, fairly, by the total number of document sentences, or n, which has 

a beneficial effect on the similarity degree that is obtained. 
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Table 2. Results of ROUGE-2 recall, ROUGE-2 precision and ROUGE-2 average F, for the four different query lengths 

with cosine similarity measure. 

 

Level Measure LLS 2LLS 3LLS QL 

 

ALL 

R 0.68226 0.70103 0.69908 0.71739 

P 0.69115 0.7087 0.70551 0.72318 

Avg 0.68581 0.7041 0.70163 0.7197 

 

2 

R 0.63199 0.64629 0.64275 0.6631 

P 0.63316 0.6439 0.64148 0.66077 

Avg 0.63132 0.64354 0.64099 0.66087 

 

3 

R 0.54843 0.55271 0.55743 0.57275 

P 0.46038 0.46799 0.46549 0.48119 

Avg 0.48715 0.4948 0.49385 0.51081 

 

Table 3. Results of ROUGE-2 recall, ROUGE-2 precision and ROUGE-2 average F, for the four similarity measures 

using summaries generated based on a query of length 3LLS. 

 

Level Measure 
Cosine Forbes Russell Jaccard 

 

ALL 

R 0.66402 0.51613 0.72102 0.71847 

P 0.67243 0.53306 0.72717 0.72455 

Avg 0.66736 0.52315 0.72344 0.72085 

 

2 

R 0.61761 0.50535 0.65715 0.65704 

P 0.61946 0.51487 0.65485 0.65467 

Avg 0.61758 0.50867 0.65506 0.65491 

 

3 

R 0.55479 0.47252 0.582 0.5818 

P 0.46664 0.38817 0.48157 0.48198 

Avg 0.4931 0.41208 0.51209 0.5123 

 

5. Conclusion and upcoming work 

This work proposes a query-based text summary approach for Arabic texts, using a different 

query formulation than earlier query-based text summarization approaches. The novel method 

of query construction does not require user intervention; instead, it builds the query using the 

first paragraph sentences. The effects of four distinct query length values and four similarity 

metrics are examined throughout the tests. It has been found that extending the query length 

produces beneficial results. The Russell similarity metric performs better than the other 

measures in terms of similarity. Future ideas include thinking about multi-document 

summarizing as a future attempt and researching more information retrieval strategies for the 

Arabic text summarization challenge. 
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