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Résumeé

Les Hadiths du Prophéte dans l'islam font référence a tout ce qui a été rapporté sur le
Prophéte Muhammad Je ol 4de s incluantses paroles, ses actions, ses approbations
et ses qualités personnelles et morales. . Les hadiths prophétiques sont considérés comme
la deuxiéme source de référence pour les musulmans du monde entier, aprés le Saint
Coran. De nombreux musulmans utilisent les données numériques et Internet comme
principales sources de connaissance, notamment lorsqu’ils recherchent des textes religieux
tels que les hadiths. Avec I'apparition de nouvelles méthodes et modéles d’apprentissage
approfondi, de nouvelles opportunités se sont ouvertes aux chercheurs en traitement du
langage naturel. La plupart des travaux sont consacrés i 'analyse de contenus d’actualités
et de médias sociaux, cependant, les travaux sur le traitement des textes islamiques et
en particulier la compréhension antomatique des hadiths, sont encore loin de ce que la
communauté musulmane attend.

Le projet proposé dans cette thése vise a étudier 'impact de 'utilisation de nouvelles
approches d’apprentissage approfondi et en particulier les modéles de I'IA générative afin
d’extraire des connaissances des hadiths prophétiques. L'extraction de connaissances peut
étre considérée comme un probléme d’exploration de textes, on a partir d'un hadith donné,
le systéme explora le contenu pour générer un ensemble d'idées et de bénéfices. Dans ce
travail, nous nous concentrons sur I'utilisation des nouveaux modéles de langage dédiés a
I'arabe pour la génération des sections et des bénéfices a partir des Hadiths prophétiques.

Mots clés : Jurisprudence des Hadiths, Fouille de textes, Compréhension antoma-
tique de la langue arabe, Modéles de langage arabes, Génération de textes




Abstract

The Prophet’s Hadith in Islam refers to everything that has been reported about the Prophet Muhammad
( ()wj als all J..a), including his sayings, actions, approvals, and personal and moral qualities. Prophetic
Hadith It is considered as the second source of reference for Muslim all over the world after the Holy Al-Quran.
Plenty of Muslims used digital data and internet as primary knowledge sources including when searching for
religious texts such as Hadith. With the appearance of new deep learning methods and models, new oppor-
tunities have been opened to NLP researchers. Most of works are dedicated to news and social media content
analysis, however, works on Islamic text processing and Hadith understanding in particular are still far from
what the Muslim community is waiting for.
The proposed project aims to study the impact of using new deep learning approaches and especially genera-
tive Al models in order to extract and generate knowledge from Prophetic Hadith. Knowledge extraction can
be considered as a text mining problem and where from an input Hadith the system will mine the content
in order to generate a set of ideas and benefits. In this work, we focus on generating Hadith sections and

benefits using Arabic large language models (LLMs)

Keywords : Hadith jurisprudence, Text mining, Arabic natural language understanding, Arabic language

models, Text generation
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Introduction

Research background and motivation

The field of Islamic studies encompasses a wide range of disciplines, including the study of the Quran,
Hadith, jurisprudence, and Islamic ethics. Within this rich tradition, Hadith literature holds a special place as
a primary source of guidance for Muslims. The Hadith, which consists of the sayings, actions, and approvals
of Prophet Muhammad (peace be upon him), provides valuable insights into the practical implementation of
Islamic teachings. However, the sheer volume and complexity of Hadith texts pose significant challenges in
extracting relevant information and deriving meaningful insights. This has motivated researchers and scholars
to explore computational methods and natural language processing techniques to facilitate the processing

and understanding of Hadith. .

Context of study and problematic

The context of this study revolves around the need to enhance the process of extracting knowledge from
Prophetic Hadith. Traditional methods of Hadith analysis and interpretation rely on human expertise and
manual examination of texts, which can be time-consuming and prone to subjectivity. With advancements
in computational techniques and natural language processing, there is an opportunity to develop automated
methods that can assist scholars, researchers, and the broader Muslim community in accessing, analyzing, and
applying Hadith teachings more efficiently and accurately. The problematic at hand is to explore how deep
learning approaches can be employed to tackle the challenges of Hadith processing and facilitate a deeper

understanding of Islam text,and especially the newly generated artificial intelligence models.

Contribution

The primary contribution of this project is to study the impact of utilizing new deep learning approaches
in the field of digital Hadith processing. By leveraging advanced computational methods and natural language
processing techniques, the project aims to extract knowledge and insights from Prophetic Hadith. The focus

will be on improving models that can perform tasks such as section abstraction and benefit extraction
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from Hadith texts. The outcomes of this research endeavor have the potential to enhance the quality and
efficiency of Hadith analysis, enabling scholars, researchers, and the Muslim community to access and apply
the teachings of Prophet Muhammad (peace be upon him) in a more comprehensive and accurate manner.

Our contribution can be summarized in the following main points :
— Utilizing Arabic language models such as AraT5, mbert2mbert, and AraGpt2.
— Conducting section abstraction and benefit extraction from Hadith texts.
— Employing the ROUGE metric for evaluation purposes.

— Propose a new Prophetic hadith benefits dataset

Thesis organization

This thesis is structured as follows :

— Chapter 1 : This chapter explores the field of Hadith jurisprudence

— Chapter 2 : It delves into various text mining approaches and text generation

— Chapter 3 : The third chapter describes the proposed approach, including the process of dataset

formation, system processing tasks, and the different parameters of the proposed models.

— Chapter 4 : This chapter focuses on the implementation of the proposed solution, along with an

evaluation section.



Chapitre 1

Hadith jurisprudence science (Figh
Al-Hadith)

1.1 Introduction

Without a doubt, working with the Prophet’s Sunnah and studying its chain of transmission, its texts
and jurisprudence is one of the greatest and most important things Muslims do and scholars turn to.
As we all know, hadith jurisprudence is one of the hadith sciences whose subject matter is related to the
jurisprudence that studies hadith texts, and it is undoubtedly one of the most important sciences in the
service of the Qur’an and hadith.
By this, we can know the rulings of the hadith and the rulings derived from the hadith, because the sunnah
is the track of most jurisprudential rulings. In what follows, we will provide an overview of the science of

Hadith jurisprudence and its significance.

1.2 Definition of Hadith

The term hadith (the plural is ahadith) is defined as follow : "Everything attributed to Prophet
Muhammad ( ‘}uj ale all J.@),whether in the form of speech, deed, judgment or nature [32]
Hadiths work to support and strengthen the Holy Quran and to provide interpretations and details of what

is written in the Holy Quran.[13]
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1.3 Components of Hadith

Each hadith consists of three parts as shown in the diagram. Figure 2[44].

Componentsof Hadith
sl ol gla

Sanad :chain of reparters Matn : Text Taraf : Part
Sl ol o5l

FIGURE 1.1 — Components of Hadith [11]

1.3.1 Sanad

The first component is the Narrator (Reporter) chain.Also known as Silsila Isnad or Sanad (.\i.fJ‘ ) ,This
chain contains the start narrator or "originator"and the final narrator of the hadith. Between the start and
the final narrator, there are any numbers of transmitters (narrators) who have passed on the hadith orally

from one to the other|l1][11]

1.3.2 Matn

The second essential component is the text known as the ‘matn’ (C;t“) and is carried from the

originator|11]
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25 o o8 @l 8 e T LN ) o e WU
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FIGURE 1.2 — Exemple of Sanad and Matn

1.3.3 Taraf

The third part is called taraf (quaJ\ ) the part, or the beginning sentence, of the text which refers to the

sayings, actions or characteristics of the Prophet|11]

1.3.4 Takhridj

Hadith Takhridj ¢ é J.’Jﬂ) refers to attributing the hadith to the respected imams and scholars of hadith,
and talking about it after examining its condition and the men of its director. The science of hadith graduation

is one of the sciences of the Prophets Sunnah in Islam.

1.4 Hadith Science

The science of hadith ¢ a3 ’é—f— ) is a field of study within Islamic scholarship that is dedicated
to investigating and verifying the authenticity of existing hadiths. This field includes the sayings, actions,
characteristics, stories, and origins of the Prophet Muhammad (peace be upon him) and his companions.

The hadith science is divided into two categories :

1.4.1 Hadith Science riwayah

This category deals with the Matn‘s meanings and with explaining it. The subject of this science is the

words of the Prophet ( (J-wj ale all &4)7 his deeds, his approval, or its natural or ethical explanation.
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1.4.2 Hadith Science Dirayah

Derayah (I_i‘JJ)is a field of study in Islamic sciences that focuses on the principles and methods of
verifying the authenticity and reliability of Hadith (narrations of the Prophet Muhammad). It involves the
analysis of both the chain of narrators (Sanad a—..) and the content of the narration (Matn ).

The study of derayah includes the principles for evaluating the reliability of the narrators and their character
traits, as well as the procedures for receiving and transmitting Hadith. Scholars in this field also examine the
historical context in which the narrations were transmitted, as well as any potential biases or motivations of
the narrators.

Through these methods, derayah aims to distinguish authentic Hadith from those that are fabricated or

unreliable, providing a basis for the development of Islamic jurisprudence and ethical conduct.

1.5 Classification of hadith

A number of classifications of hadith have been made. Five of these classifications are shown in the figure

[below], and are briefly described subsequently.[1]

1.5.1 According to the reference to a particular authority

Four types of hadith can be identified.
— Qudsi - Divine : a revelation from Allah; relayed with the words of the Prophet.
— Marfu - elevated : a narration from the Prophet, e.g., I heard the Prophet saying...
— Mauquf- stopped : a narration from a companion only, e.g., we were commanded to...

— Magqtu‘ - severed : a narration from a successor.

1.5.2 According to the links of isnad - interrupted or uninterrupted

Six categories can be identified :

— Musnad - supported : a hadith which is reported by a traditionalist, based on what he learned from
his teacher at a time of life suitable for learning; similarly - in turn - for each teacher until the isnad

reaches a well known companion, who in turn, reports from the Prophet

— Muttasil - continuous : a hadith with an uninterrupted isnad which goes back only to a companion

Or successor.

— Mursal - hurried : if the link between the successor and the Prophet(P) is missing, e.g., when a

successor says "The Prophet said...".

— Mungqgati‘ - broken : is a hadith whose link anywhere before the successor (i.e., closer to the tradi-

tionalist recording the hadith) is missing.
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— Mu‘adal - perplexing : is a hadith whose reporter omits two or more consecutive reporters in the

isnad.

— Mu‘allaq - hanging : : is a hadith whose reporter omits the whole isnad and quotes the Prophet
directly (i.e., the link is missing at the beginning).

1.5.3 According to the number of reporters involved in each stage of isnad

Five categories of hadith can be identified :

— Mutawatir - Consecutive : is a hadith which is reported by such a large number of people that

they cannot be expected to agree upon a lie, all of them together.

— Ahad - isolated : is a hadith which is narrated by people whose number does not reach that of the
mutawatir.

It is further classified into :
— Mash’hur - famous : hadith reported by more than two reporters.
— Aziz - rare, strong : at any stage in the isnad, only two reporters are found to narrate the hadith.

— Gharib - strange : At some stage of the isnad, only one reporter is found relating it.

1.5.4 According to the nature of the text and isnad

— Munkar - denounced : is a hadith which is reported by a weak narrator, and whose narration goes

against another authentic hadith.

— Mudraj - interpolated : an addition by a reporter to the text of the hadith being narrated.

1.5.5 According to the reliability and memory of the reporters

This provides the final verdict on a hadith - four categories can be identifiedSahih - sound. Imam al-Shafi‘i
states the following requiremetts for a hadith, which is not Mutawatir, to be acceptable "each reporter should
be trustworthy in his religion ; he should be known to be truthtul in his narrating, to understand what he
narrates, to know how a different expression can alter the meaning, and to report the wording of the hadith

verbatim, not only its meaning".
— Hasan - good : is the one where its source is known and its reporters are unambiguous.

— Da‘if - weak : a hadith which fails to reach the status of Hasan. Usually, the weakness is : a) one of
discontinuity in the isnad, in which case the hadith could be - according to the nature of the discontinuity
- Mungati (broken), Mu‘allaq (hanging), Mu‘adal (perplexing), or Mursal (hurried), or b) one of the
reporters having a disparaged character, such as due to his telling lies, excessive mistakes, opposition to

the narration of more reliable sources, involvement in innovation, or ambiguity surrounding his person.
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— Maudu‘ - fabricated or forged : is a hadith whose text goes against the established norms of the
Prophet’s sayings, or its reporters include a liar. Fabricated hadith are also recognized by external

evidence related to a discrepancy found in the dates or times of a particular incident.

1.6 Definition of jurisprudence

Jurisprudence, or Figh, is a term that has both linguistic and technical meanings. Linguistically, it refers
to the knowledge, understanding, and perception of a particular subject matter [9].

Ibn Faris said :
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"Faa, Qaf and distraction are one true origin, indicating the awareness of the thing and knowledge of it, it
says : the jurisprudence of hadith is its horizon, and every knowledge of something is jurisprudence"[19]

Ibn Manzur said :

"Figh : knowledge of something and understanding of it, and prevailed over the science of religion, because

of its sovereignty, honor and virtue over other types of knowledge" [21].

Technically, "Figh" means "knowledge of practical Islamic rulings based on their detailed evidence."[20)].

Therefore, jurisprudence is the study and application of Islamic law, which involves understanding the sources

of Islamic law, interpreting them, and applying them to practical situations in daily life.
1.7 Definition of hadith jurisprudence (Figh al-Hadith) :
It is the extraction of meanings, judgments and rulings from the hadiths of the Prophet [10].

Judge Ayyyad said [17] :

Siys sl nl fo BT Kt 3l g cailaoy eogal oo oYy KA1 R [gas] o il ¢
Wt dall ogar oIl Je \galiz
Tibi said :[35]
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1.8 The importance of hadith jurisprudence

Imam Ali bin Al-Madani said :

(A—-” 2al J )& maeg é—-“ Caal Goadl d\.u J a2z
The Emir of the Muhaddiths and the master of jurists, Imam al-Bukhari (may Allah have mercy on him),
said : "... You have to follow the jurisprudence that you can learn while you are in your home stationary,
you do not need to travel and step home, and ride the seas, which is with the fruit of the hadith. The reward
of the jurist is not without the reward of the modernizer in the hereafter, nor his glory is less than the glory

of the modernist"[16].
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Al-Hakim Al-Nisaburi warned that the jurisprudence of hadith is one of the sciences branching from
the science of hadith, he said : "From the science of hadith knowledge of the jurisprudence of hadith, as it
is the fruit of these sciences, and it has the strength of the Sharia, as for the jurists of Islam, the owners
of measurement, opinion, deduction, controversy and consideration, they are known in every era and the
people of each country, and we remember the will of God in this place the jurisprudence of hadith, about
its people to indicate that the people of this industry who sail in it are not ignorant of the jurisprudence of

hadith, It is a kind of this science."[58]

A Sl DLl i Ll ey ) ls3 as gl 036 54 58 3 edad) @ B cgd) b b
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Al-Khattabi said in the introduction to his book "Milestones of the Sunan" : "After knowing the authenticity

of the hadith, we must work to understand it, as it is the fruit of this knowledge. The foundation without

the building is a ruined house."

o~ e sl e WL OB -l 1is 54 5 3] cangty JULANT Lt ad ] 22 e g
Ibn Hajar said : "The truth is that both of them (meaning knowledge of the jurisprudence of hadith and
knowledge of its validity and weakness) in the science of hadith is important and does not preponder one
over the other, yes; if he said : working with the first art (meaning the jurisprudence of hadith) is more

important was a Muslim with what is in it, and there is no doubt that whoever collected it won the mug.[35]
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1.9 Benefits of Hadith Jurisprudence

Hadith Jurisprudence provides numerous benefits for those studying and practicing Islamic law. It allows
one to understand the formulation and maintenance of hadith narrations, the differences between narrators
in the wording of hadiths, and the control of the novel’s words. This knowledge also enables one to grasp
the reasons for the content of hadiths and the corresponding jurisprudential rulings. Additionally, it allows
for the effective control and issuance of fatwas and rulings, the ability to distinguish between commands and
prohibitions, and to deduce and consider the correct inferences. Hadith Jurisprudence also encompasses the
use of scientific terminology employed by Sharia scholars and the ability to balance legal rulings in cases of
apparent conflict. Finally, it enhances one’s abilities to persuade, communicate with eloquence, and make

effective statements in legal and religious contexts.

1.10 Conclusion

In conclusion, the science of Hadith jurisprudence plays a crucial role in the understanding and application
of Islamic law. Its importance lies in the fact that it allows us to derive rulings from the hadith and understand
the jurisprudence of the texts. With the help of hadith jurisprudence, we can understand the practical
application of the Prophet’s Sunnah and follow his guidance in our daily lives. Therefore, it is imperative for
scholars and students of Islamic studies to have a strong understanding of hadith jurisprudence in order to
derive accurate and authentic rulings from the hadith.In what follows, we will focus on Text mining and text

generation
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Text mining approaches

2.1 Introduction

The field of text mining has gained significant attention in recent years due to the abundance of digital
data in the form of text. Text mining aims to extract valuable and relevant information from unstructured
text data, which can then be used to make informed decisions. This chapter provides an overview of text
mining, covering its definition, process, techniques, and applications. Furthermore, the chapter delves into
the methods and models employed in text mining, exploring the distinctions between data mining and text
mining, as well as the relationship between NLP and text mining. The chapter also discusses text generation,
Recurrent Neural Networks, Transformers, and Pre-trained Language Models (PLMs). Finally, the chapter

concludes with an examination of the complexities and challenges of Arabic text mining.

2.2 Definition

Text mining is a field that attempts to glean meaningful information from natural language texts. It is
used to discover new, previously unknown information "not found in any individual document" by automa-
tically extracting information from different written resources [3]. It consists of the collection, organization,
and analysis of large volumes of documents in order to provide a targeted type of information to analysts
and decision makers and to discover relationships between relevant facts across a wide range of research

disciplines.

Text mining can also be defined as the discovery or creation of new knowledge from a collection of docu-
ments. The new knowledge may be the statistical discovery of new patterns in available data (standard text
mining). It may also incorporate AI abilities to interpret patterns and provide more advanced capabilities
such as hypothesis suggestion (intelligent text mining). Artificial intelligence, and especially natural language

processing, can be used to simulate the human capabilities needed for intelligent text mining [3].

11
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The key concepts emphasized in the various definitions of text mining include the extraction of valuable
insights and knowledge from unstructured text data, the use of computational and statistical techniques, and
the application of natural language processing methods. Additionally, text mining can involve transforming
unstructured data into structured data for easy analysis and interpretation. Another important aspect of
text mining is the incorporation of artificial intelligence and machine learning algorithms to enable intelli-
gent text mining, which goes beyond statistical discovery to suggest hypotheses and provide more advanced
capabilities[16]. Overall, text mining is a powerful tool for discovering hidden insights and patterns in large
volumes of unstructured text data, with the potential to create new knowledge and generate actionable

insights.

2.3 Text mining Process

Mining a text should go through certain stages in order to extract valuable insights and knowledge. The

steps involved in the overall process of text mining are depicted in Figure 2.1 [106].

= Faaturs Selaction Text Mining |::>.
E[} Text Praprocessing I:[} - E:> (Attribste Selection) Methods
[ ]

Text Database

Text Transformation
(Featurs Generation)

FIGURE 2.1 — General text mining process flow[1(]

2.3.1 Text Preprocessing :

Text preprocessing is a critical step in text mining, involving several sub-steps.

Tokenization is the first step in which the text document is divided into individual words by removing
spaces, commas, and other delimiters. The next step involves the removal of stop words like :[ "in" " Js—”

nn

, "on u'a"],and other commonly used words that do not add significant meaning to the text. HTML and

XML tags are also removed from web pages in this step. Finally, stemming techniques are used to find the

root or stem of a word. A stemmer is applied to convert words to their stems,

2.3.2 Text Transformation / Feature Generation :

Text transformation means in most of cases the conversion of the text document into bag of words or

Vector space document model notation, which can be used for further effective analysis task.

12
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2.3.3 Feature Selection / Attribute Selection :

This phase mainly performs removing features that are considered irrelevant for mining purpose. This

procedure gives advantage of smaller dataset size, less computations and minimum search space required.

2.3.4 Text mining methods :

There are different text mining methods as in Data mining had been proposed such as : Clustering,

Classification, Information retrieval, Topic discovery, Summarization, Topic extraction.

2.3.5 Interpretation or Evaluation :

This phase includes Evaluation and Interpretation of results in terms of calculating Precision and Recall,

Accuracy, F measure etc .

2.4 Data Mining vs Text Mining

Text mining and data mining are both about finding patterns, but they differ in the type of data they
analyze and the nature of the patterns they seek to uncover.
Data mining deals with implicit information that is hidden within data, while text mining deals with explicit
information that is stated in text but not in a form that is easily processed by machines.
Text mining aims to extract this information and present it in a way that can be easily understood and used

by computers.

2.5 Natural Language Processing

Text mining and natural language processing (NLP) are closely related, but they are not the same thing.
Text mining is a broader term that includes NLP, as well as other techniques for analyzing unstructured text
data.

NLP is a subset of text mining that focuses specifically on using computational techniques to understand

human language. NLP involves using algorithms and statistical models to analyze text data, with the goal of

understanding the meaning and structure of human language.
This can involve tasks such as part-of-speech tagging, named entity recognition, and sentiment analysis. NLP

techniques often involve deep linguistic analysis and modeling of grammar, syntax, and semantics. In contrast,

text mining typically focuses on extracting insights and patterns from large volumes of unstructured text
data, often with the goal of discovering new knowledge or trends.
Text mining techniques may include NLP, but they may also involve other techniques such as machine

learning, data visualization, and network analysis.

13
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2.5.1 Data preprocessing :

Before a model processes text for a specific task, the text often needs to be preprocessed to improve model
performance or to turn words and characters into a format the model can understand.

Various techniques may be used in this data preprocessing :

— Stemming and lemmatization : Stemming and lemmatization are techniques used in text preproces-
sing to reduce words to their base or root form. The goal is to normalize the text and reduce variations

of words that have the same meaning.

— Sentence segmentation : Sentence segmentation involves splitting a paragraph or a larger text into

individual sentences.

— Stop word removal : Stop words are common words that do not carry significant meaning and are

often removed during text preprocessing.

— Tokenization : Tokenization is the process of breaking down text into smaller units called to-
kens. These tokens are typically words, but they can also be subwords or characters, depending
on the requirements of the task. Tokenization is a crucial step in text processing as it forms the
basis for subsequent analysis. Tokenization can be as simple as splitting text on whitespace or more

complex, involving techniques such as using regular expressions or language-specific rules , for example :
— Original sentence : "&KI 3 ke Ll 130 LI

— After tokenization : ["A'.,:(l‘","&","‘3:>.”,"\jtf","LSi","Ui"]

— After removal of stop words : [" I..JK.“”,"‘:\ﬁ",”lﬂ?{","bi"]

— After stemming : ["\__,.I;Q",".Ag","g\lf“,"i}"]

2.5.2 Feature extraction :

Most conventional machine-learning techniques work on the features generally numbers that describe
a document in relation to the corpus that contains it created by either Bag-of-Words, TF-IDF, or generic
feature engineering such as document length, word polarity, and metadata (for instance, if the text has
associated tags or scores). More recent techniques include Word2Vec, GLoVE, Word embedding and learning

the features during the training process of a neural network.

2.6 Applications of Text Mining :

Text mining has many applications across various industries and fields. Some of the most common appli-

cations of text mining are :

14
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2.6.1 Sentiment analysis :

Text mining can be used to analyze the sentiment of social media posts, reviews, and customer feedback

to understand the public’s perception of a product or service.

2.6.2 Customer relationship management :

Text mining can be used to analyze customer interactions and feedback to improve customer service and

satisfaction.

2.6.3 Competitive intelligence :

Text mining can be used to collect and analyze data on competitors, market trends, and industry deve-

lopments to help companies make informed decisions.

2.6.4 Human resources management :

Text mining can be used to analyze employee feedback, resumes, and performance reviews to improve

recruitment, training, and retention.

2.6.5 Biomedical research :

Text mining can be used to analyze and extract information from scientific literature and medical records

to support biomedical research and drug discovery.

2.6.6 Fraud detection :

Text mining can be used to identify patterns and anomalies in financial transactions, insurance claims,

and other types of data to detect fraudulent activity.

2.6.7 Security applications :

Text mining can be used for monitoring and analyzing online plain text sources such as Internet news,

blogs, etc. for national security purposes.

2.6.8 Company resource planning :

Text mining can be used to analyze company reports and correspondences to identify problems and plan

future actions.

In addition, Text mining can be used to analyze religious texts, such as the holy quran and prophetic
Hadith, to extract knowledge and insights. This can help scholars and researchers better understand the

context, meaning, and interpretation of these texts, as well as identify patterns and themes within them.
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Religious text knowledge mining can also aid in the development of new Islamic scholarship, educational

resources, and religious guidance for the community.

16



Chapitre 2. Text mining approaches

2.7 Text mining techniques

There are various techniques used in text mining, some of which are represented in the figure bellow 2.2 :

Phrase Clustering

Keyword Search / Querying Indexing
Document

Clustering

Information Retrieval

Colocations
Feature (term clustering)
Construction

Text
Document  classification
Classification
Document
Classification
Document
Standardization

Tokenization

Sentence Boundary Detection
Part Of Speech Tagging

Shallow Parsing /
Phrase Chunking

Word Sense
Disambiguation

Outlink Extraction

Natural Language
Processing

Information Extraction 3
Speling

Correction

Relationship Extraction /
Link Analysis

Grammatical Parsing

Lemmatization

Co-reference / entity resolution

FIGURE 2.2 — Inter-relationship among different text mining techniques and their core functionalities [57]

2.7.1 Text categorization/classification :

This technique involves assigning pre-defined categories to a given text document based on its content.

It is a supervised learning method that uses machine learning algorithms to classify text documents into

predefined categories.

2.7.2 Clustering :

This is an unsupervised learning technique that involves grouping similar documents together based on

their content, without any pre-defined categories.
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2.7.3 Text summarization :

This involves creating a shorter version of a long text document that retains the most important infor-
mation.
Summarization can be done either with extraction or abstraction. Abstractive methods involve in most of

cases text generation processes.

2.7.4 Sentiment analysis :

This technique involves analyzing the sentiment or emotion expressed in a given text document, which

can be useful in applications such as social media monitoring and customer feedback analysis.

2.7.5 Topic modeling :

This technique involves identifying the topics or themes present in a collection of documents, using

unsupervised learning algorithms such as Latent Dirichlet Allocation (LDA).

2.7.6 Named entity recognition :

This technique involves identifying and extracting entities such as people, organizations, and locations

mentioned in a text document.

2.7.7 Text mining with deep learning :

Deep learning techniques such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks

(RNNs) can be used to perform tasks such as text classification, sentiment analysis, and text generation.

2.7.8 Information Retrieval (IR) :

This involves retrieving relevant documents or information from a large collection of text data based on
a user query.
IR techniques use indexing and ranking algorithms to retrieve the most relevant documents based on the

user’s query.

2.7.9 Information Extraction (IE) :

This technique involves automatically extracting structured information from unstructured text data. IE
techniques use natural language processing and machine learning algorithms to extract entities, relationships,
and events from text data.

IE is useful in applications such as resume parsing, customer feedback analysis, and news article summariza-

tion.
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2.7.10 Text generation :

It is the task of generating text with the goal of appearing indistinguishable to human-written text.
This task if more formally known as "natural language generation" in the literature. Currently this task is

managed using neural networks.

2.8 Neural Text Generation

Text Generation is a fundamental part of various NLP tasks, such as generating open-ended responses,
summarizing long documents, translating text from one language to another, and more.
Moreover, it is also utilized in mixed-modality applications where text is used as an output, such as speech-
to-text and vision-to-text.

To achieve text generation, numerous models have been developed over time, including Recurrent Neural

Networks and Transformer-based language models such as GPT2, XLNet, OpenAI GPT, CTRL, Transfor-
merXL, XLM, Bart, T5, GIT, Whisper, among others.

These models are based on deep learning techniques, such as neural networks and transformer architectures,
that can understand the context and generate coherent and natural-sounding text. They are trained on vast
amounts of textual data, which allows them to learn the intricacies of language and produce high-quality text

with accuracy and efficiency.

2.8.1 Neural Network

A Neural Network consists of different layers connected to each other, working on the structure and
function of a human brain. It learns from huge volumes of data and uses complex algorithms to train a
neural net[55]. For example, a neural network can be trained to identify the breed of a dog based on its
features. The input layer receives the image pixels of the dog, which are then processed in the hidden layers
for feature extraction. The output layer produces a result that identifies whether the dog is a German

Shepherd or a Labrador.

We will now examine several neural networks that can be utilized to solve different business problems.
Feed-Forward Neural Network is used for general Regression and Classification problems, while a Convolu-
tional Neural Network is used for object detection and image classification. A Deep Belief Network is used in
healthcare sectors for cancer detection, and an RNN is used for speech recognition, voice recognition, time

series prediction, and natural language processing.

19



Chapitre 2. Text mining approaches

2.8.2 Recurrent Neural Network (RININ)

A Recurrent Neural Network (RNN)[62] is a type of neural network in which the output of a previous step
is fed as input to the current step. In a traditional neural network, all inputs and outputs are independent of
each other, but in cases like when it is required to predict the next word of a sentence, the previous words
are required and hence there is a need to remember the previous words.

Thus RNN came into existence, which solved this issue with the help of a Hidden Layer .The main and most

important feature of RNNs is the Hidden state, which remembers some information about the sequence.

Input Output

T
H@H

FIGURE 2.3 — Recurrent Neural Network Schema|62]

An RNN has a "memory" that stores all information about what has been computed. It performs the
same task and produces the output for all inputs or hidden layers, so it uses the same parameters for each

input. In contrast to other neural networks, this reduces the parameter complexity.

2.8.2.1 Types of RNN :

There are four types of RNNs based on the input and output configurations :
one-to-one, one-to-many, many-to-one, and many-to-many [62].
The one-to-one RNN takes a single input and produces a single output, making it similar to a traditional
feedforward neural network. The one-to-many RNN takes a single input and generates multiple outputs, such
as image captioning, where a single image is used to generate a sequence of words describing it.
The many-to-one RNN takes multiple inputs and produces a single output, making it useful for sentiment
analysis, where a sequence of words is used to predict the sentiment of a sentence. The many-to-many RNN
takes multiple inputs and produces multiple outputs, such as machine translation, where a sequence of words
in one language is used to generate a sequence of words in another language.

The ability of RNNs to capture temporal dependencies and their diverse input-output configurations make
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them a powerful tool for a wide range of sequential data processing tasks.

2.8.2.2 Applications of Recurrent Neural Network :

Recurrent Neural Networks (RNNs) are used in a wide range of applications that involve sequential data.
One of the most popular applications of RNNs is language modelling and text generation|33]. RNNs are
also used in speech recognition systems to convert speech to text, and in machine translation systems to
translate text from one language to another. In image recognition, RNNs can be used for tasks such as face
detection and recognition. Additionally, RNNs are widely used in time-series forecasting applications, such
as predicting stock prices or weather conditions. The ability of RNNs to capture temporal dependencies in
sequential data makes them a versatile tool for a variety of applications that involve time-varying data.
One of the significant advantages of RNNs is their ability to remember all information over time, including
long-term memory, making them useful for time series forecasting. RNNs are also used in convolutional layers
to extend valid pixel neighborhoods[33].

However, One of the primary issues is the gradient vanishing and exploding problems, which can hinder their
performance. Additionally, training an RNN is a challenging task. Furthermore, if using tanh or relu as an
activation function, RNNs cannot process very long sequences effectively. Despite these disadvantages, RNNs

remain a popular choice for various applications.

2.8.3 Transformer Models :

The Transformer is a deep learning model that uses self-attention mechanism to weight the importance
of each part of the input data[60]. It is commonly used in natural language processing and computer vision
applications. Unlike recurrent neural networks, transformers process the entire input at once using parallel
processing. This enables faster training and development of large pre-trained systems like BERT and GPT.
Transformers are especially useful for tasks like text summarization and translation where sequential input

data is involved.

2.8.3.1 The Transformer Architecture :

The Transformer model follows an encoder-decoder architecture that doesn’t rely on recurrence or convo-
lution operations for generating an output.
The encoder component transforms the input sequence into a set of continuous representations, while the
decoder component takes the output from the encoder and the decoder’s previous output to generate the
final output sequence.

The architecture is illustrated in a diagram below3.1 :
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FIGURE 2.4 — The Transformer - model architecture [60]

1.The Encoder :

The encoder is comprised of six identical layers, each consisting of two sublayers. The first sublayer is a
multi-head self-attention mechanism, while the second sublayer is a feed forward network. These sublayers

are coupled positionally, and the output of each sublayer is normalized using LayerNorm(x-+Sublayer(x)).
The multi-head self-attention mechanism utilizes h heads, where each head receives a linearly projected

version of queries, keys, and values. This allows for the generation of h outputs simultaneously, which are

then combined to obtain the final result.
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The feed-forward network in each layer involves two linear transformations with ReLU activation in

between

F(z) = ReLu(Wiz + b1)Wa2 + by (2.15)

It applies weight parameters (W1, W2) and bias parameters (b1, b2) to the input.

2.The Decoder :

The decoder consists of six identical layers, each containing two sublayers from the encoder, as well as
an additional sublayer called Masked multi-head attention.
The Masked multi-head attention sublayer takes the previous output of the decoder stack and applies a
masking technique. This masking ensures that the self-attention mechanism focuses only on the tokens in
the input sequence that come before them, rather than considering the entire sequence as a whole.
The multi-head self-attention mechanism in the decoder accepts the keys and values from the encoder’s
output, along with the queries from the preceding sublayer in the decoder. This allows the decoder to attend
to every word in the input sequence, enabling comprehensive analysis.
Similar to the second sublayer in the encoder, the decoder’s third layer includes a fully connected feed-forward
network. This network consists of two linear transformations with a Rectified Linear Unit (ReLU) activation

function applied in between.

2.8.4 Large Language Models :

Pretrained language models are becoming increasingly important in the field of natural language
processing (NLP), and several models have emerged as leaders in this space. Here is a brief explanation of

some of the most important ones :

— GPT-2 [47] : Generative Pre-trained Transformer 2. GPT-2 is a large-scale transformer-based language
model developed by OpenAl. It is capable of generating high-quality text that is often difficult to
distinguish from text written by humans.

— T5 [48] : Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer. T5 is
a text-to-text transformer-based model developed by Google. It is capable of performing a wide range
of NLP tasks, including language translation, summarization, and question answering, using a single

unified architecture.

— BERT][26] : Bidirectional Encoder Representations from Transformers. BERT is a transformer-based

model that uses unsupervised learning to pretrain deep bidirectional representations for a wide range
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of NLP tasks. It was developed by Google AI and has achieved state-of-the-art results on many NLP

benchmarks.

— XLNet[63] : Generalized Autoregressive Pretraining for Language Understanding. XLNet is another
transformer-based language model that was developed by researchers at Carnegie Mellon University,
Google Brain, and Stanford University. It uses an autoregressive formulation that allows it to capture

dependencies between all possible permutations of words in a sentence.

— RoBERTa[40] : A Robustly Optimized BERT Pretraining Approach. RoBERTa is a modification of
BERT that was developed by Facebook AI. It uses additional training data and improved training

techniques to achieve better results than the original BERT model on many NLP benchmarks.

— ALBER|[39]|T : A Lite BERT for Self-supervised Learning of Language Representations. ALBERT is
a more lightweight version of BERT that was developed by researchers at Google. It achieves similar

or better results than BERT while using fewer parameters, making it more computationally efficient.

— GPT-3[23] :Generative Pre-trained Transformer 3. GPT-3 is the successor to GPT-2 and is currently
the largest language model available, with 175 billion parameters. It is capable of performing a wide

range of NLP tasks, including few-shot learning and even generating code.

— ELECTRA]25] : Pre-training Text Encoders as Discriminators Rather Than Generators. ELECTRA
is a transformer-based model developed by Google that uses a discriminator to pretrain the model

instead of a generator. This results in faster training times and better performance on some NLP tasks.

— DeBERTAa[37] : Decoding-enhanced BERT with Disentangled Attention. DeBERT4 is a transformer-
based model developed by researchers at Microsoft that uses disentangled attention to improve the

model’s ability to capture long-term dependencies in text.

— PaLM]53] :Path-augmented Language Model. PaLM is a transformer-based model developed by
researchers at Google that uses a novel "pathway" architecture to improve the model’s ability to handle

long sequences of text.

2.9 Arabic text mining

2.9.1 Arabic Language :

Arabic is one of the most widely spoken languages in the world, with over 672 million people speaking it
as a first or second language. It has a unique alphabet of 28 letters plus the Hamza, which are written from
right to left.

Arabic has a complex morphology, with most words having a tri-letter root, and others having quad-letter,
penta-letter, or hexa-letter roots. Nouns in Arabic have three grammatical cases, and words are classified
into three main parts of speech : nouns (including adjectives and adverbs), verbs, and particles.

Due to its unique features, text mining of Arabic documents requires specialized techniques and tools that
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are tailored to the language’s specific characteristics.

2.9.1.1 Arabic Language Peculiarity :

Arabic is a very complex language, with a number of unique features that make it challenging to learn

and process. These features include :

1.0Orthography :
The Arabic writing system is based on a cursive script and is written from right to left. It also includes
diacritical marks that can change the meaning of words or indicate the presence of short vowels, which are

not always written in standard Arabic texts.

2.Morphology :
Arabic is a highly inflected language with a complex system of prefixes, suffixes, and infixes. The majority
of Arabic words have a three-letter root, with additional letters added to indicate tense, aspect, voice, and

other grammatical features.

3.Synonyms :
Arabic has a rich vocabulary with many synonyms for common words, making it difficult to determine the

precise meaning of a word in context.

4.Polysemy :

Many Arabic words have multiple meanings depending on the context in which they are used.

5.Lack of corpora :
Compared to other languages, there is a scarcity of freely accessible Arabic corpora, making it difficult for

researchers to train and test natural language processing algorithms.

2.10 Arabic text mining related works

Arabic text mining has gained increasing attention in recent years, with a growing number of research
papers published on the topic. This field encompasses various techniques that allow for the extraction of
meaningful insights and knowledge from Arabic language content, such as sentiment analysis [19] , text
mining of web documents, Text Mining of the Holy Quran and Prophetic Hadith.

In this section, we will briefly discuss each of these works and their potential applications.
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2.10.1 Arabic Opinion Mining :

According to a study by [4], sentiment analysis is a research field that is connected to various areas of
study such as NLP, text mining, and computational linguistics.
It involves extracting specific data from individuals through textual data and is sometimes referred to as
opinion mining, subjective opinion analysis, or emotion extraction [45].
Each term has a specific objective : opinion mining involves classifying negative and positive opinions pre-
sented in text, while emotion extraction focuses on differentiating between different emotions (e.g., happy,
angry, and sad). In this section, different studies related to sentiment analysis are presented, which differ in
their preprocessing methods, analysis techniques, and review designs.
Some studies have utilized supervised learning, while others have used unsupervised learning. [4] Proposed
a multi-stage approach based on semantic orientation, which included a lexical-based classifier to handle
unlabeled tweets and a machine learning SVM classifier to recognize the polarity of Arabic tweets. However,
the main challenge of this hybrid approach was to handle the practice of tweeting in dialectical Arabic.
Another approach was proposed by [24], which utilized sentiment classification and Support Vector Machines
to handle the syntactic and grammatical complexity of the Arabic language and analyze Arabic reviews and
comments. The study utilized a dataset consisting of 625 Arabic reviews and opinions obtained from the
official website of Trip Advisor.
[27] Put forth an approach that recommended preprocessing reviews as a means of improving the performance
of classifiers, including Support Vector Machines, Naive Bayes, and K-nearest neighbor classifiers.
[56] Addressed the significant challenge of mining Arabic slang language, for which they utilized efficient
techniques such as Slang Sentimental Words and Idioms Lexicon (SSWIL) and the Gaussian kernel SVM

classifier.

Table 2.1 summarized the work described earlier including the results they obtained.

TABLE 2.1 — Research studies conducted on Arabic text mining in terms of sentiment analysis [19]

Study | Problem Methodology Results

4]

Recognize the polarity of Arabic
tweets and the practice of dialec-

tical Arabic tweets

Hybrid classifiers, lexical classi-
fiers, feature extraction and sup-

port vector machine classifiers

The general quality of the obtai-
ned results in this study from the
hybrid classifier, quantified by F-
measure, is 84% and the accu-

racy is 84.01%

Continued on the next page
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Table 2.1 :

Study | Problem Methodology Results

[24] Evaluate the impact of Ara- | Sentiment classification, Support | Results obtained were rooted in
bic grammatical richness on | Vector Machines, a dataset com- | Support Vector Machines depic-
opinion-generating accuracy, de- | posed of 625 Arabic reviews and | ted that this method greatly af-
velop new and precise statisti- | opinions of the public obtained | fects the identification of opi-
cal approaches to support the | from the official website of Trip | nions
complexity of Arabic syntax and | Advisor
grammar, and review and com-
mentary on Arabic in more de-
tail

[27] The effects of stemming feature | Support Vector Machines, Naive | Experimental results suggest
correlation and n-gram models | Bayes, and K-nearest neighbor | that choosing a method to
for Arabic text on sentiment ana- | classifiers preprocess the texts improves
lysis the performance of the classifier

[56] The Arabic slang language suf- | A Slang Sentimental Words and | The results indicated that the
fers not only from unstructured | Idioms Lexicon (SSWIL) of opi- | accuracy is 86.86%; precision
forms but also from new expres- | nion words, Gaussian kernel | and recall are 88.63% and 78%
sive (opinion) words and idioms. | SVM classifier respectively
Arabic slang mining requires effi-
cient techniques to extract young
people’s opinions on various to-
pics such as : Example : News
website

2.10.2 Arabic Web Documents Mining :

According to |

], an innovative method for building a comprehensive Arabic dictionary involved using

linguistic methods to extract relevant single and compound Frequently Association (FA) terms from corpora

related to specific fields, with the help of Arabic POS tagging.

In |

|, a proposed approach for identifying the language of Arabic web pages involved using a decision tree-

ARTMAP approach (DTA) to detect the overall characteristics of the web document, which would ultimately

enhance the language identification performance.

The authors of |

| investigated several text stemming techniques for Arabic topic modeling. They found that

using lemma-based stemming allowed users to identify interesting topics discussed in press articles published

between 2007 and 2009.
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Additionally, they used the Dormant Dirichlet Allocation model to extract latent topics from three different

Arabic corpora. The following Table 2.2 summarizes the studies described above.

TABLE 2.2 — Research studies conducted on Arabic text mining in terms of web documents [19]

Study

Problem

Methodology

Results

[15]

Lacking of an effective method
to automatically extract relevant
FA terms to build a comprehen-

sive dictionary

Text classification methodology
using Arabic FA terms, Na-ve

Bayes (NB) and KNN classifiers

The new approach achieved a
precision of 80.65% followed by
NB (72.79%) and KNN (36.15%)

Optimizing the performance of
language identification based on
Arabic script web documents
by proposing a DT-ARTMAP
(DTA) approach

Decision tree and ARTMAP ap-

The results revealed that the
proposed approach has outper-
formed both the decision tree
and the default ARTMAP ap-

proaches

In the tasks related to seman-
tic analysis,it is preferable to di-
rectly deal with texts in their
original anguage.Studies on to-
pic models which provide a good
way to automatically deal with
semantic embedded in texts are
not complete enough to assess
the effectiveness of the approach

on Arabic texts

proaches
Support vector machine
(SVM),The Latent Dirichlet

Allocation model

The results indicated a high
effectiveness for the approach.
The BBW lemma-based stem-
mer reduces significantly voca-
bulary dimension and under- and
over-stemming errors. In addi-
tion,classification performance is
improved slightly compared to
classification of raw and light

stemmed texts

2.10.3

Holy Quran Mining :

A research study by [5], the authors applied various techniques such as analyzing the most frequent words,

creating word clouds, constructing document-term matrices, and using clustering techniques to evaluate Ara-
bic text and provide statistical and factual information about the Holy Quran. In [42], the authors used
various methods to enable the analysis of unstructured information within the Quran text. These methods
included the vector space model and pronoun tagging.

Finally,a thesis research that was conducted by [51] to discover and extract the interesting, non-trivial know-
ledge out of the Holy Quran uses methods like information extraction, text categorization, concept linkage
and discovery of associations[19].

Table 4.4 Research studies conducted on Arabic text mining in terms of web documents
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TABLE 2.3 — Research studies conducted on Arabic text mining in terms of the Holy Quran|[19]

Study

Problem

Methodology

Results

Bl

Evaluation of Arabic texts to
present and provide statistical

and factual details

Most Frequent Words, Word
Cloud, Document-Term Matrix,

and Clustering

The obtained results from this
study carry different features of
the Holy Quran like some signi-
ficant words, its word cloud and
different chapters with high term

frequencies

Creating a platform that enables
the analysis of unstructured in-
formation in searching of interes-
ting knowledge embedded within

the Qur’an text

Vector space model, The pro-
noun tagging, the part-of-speech
tags (POS), the verse relatedness

dataset, and concept clouds

Results revealed that world
knowledge is required to reach
the human upper bound in cer-
tain computational tasks such as
detecting text relatedness, ques-
tion answering, and textual en-

tailment

Discovering and extracting inter-
esting, non-trivial knowledge out
of the Holy Qur’an by applying

text-mining methods

Information extraction, text ca-

tegorization, concept linkage,

and discovery of associations

POS tagged corpus improved the
results over the raw text and the
intention of this project is to im-
prove the results further through

added layers of annotation

2.10.4 Prophetic Hadith Mining :

In the past 12 years, researchers have employed various methods to analyze and study hadiths, focusing on

improving efficiency and accuracy. These approaches include data mining, fuzzy systems, machine learning
techniques, natural language processing (NLP) tools, neural networks, and context-free grammar. Given
that the authenticity of hadiths relies heavily on the reliability of the sources involved in their transmission,
researchers have primarily focused on analyzing the Isnad (chain of narrators) of hadiths, considering multiple
perspectives.

They have addressed issues such as validating hadiths, identifying trustworthy chains of narration, retrieving
hadiths based on queries, generating and extracting Isnads, cross-validating information, and employing
various other techniques to process Isnads. Due to the significance of hadiths as fundamental scriptural sources
in Islamic beliefs, there has been considerable research on them from a computer science standpoint.|36]

In 2008, researchers of Iran took initiative and presented a paper [34] on determining the rate of validity of

a hadith, which came out 94%, through a fuzzy system through extracting essential rules and parameters

based on narrators background, religion, number of hadiths they narrated, the continuity of Isnads and also
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graded the narrators from their biographies.

In 2010, [18] presented a system called iTree which stands for Isnad Tree that automatically generates the
transmission chain of a hadith and graphically displays the chain as a tree. Their solution involves parsing
and annotating the hadith text upon domain specific context-free grammar of hadiths and identifying the
narrators names. Their system got a success rate of 87%. This works with Arabic language, which is quite
challenging, but has nothing to do with hadith verification.

In 2012, [64] considered information extraction from sets or related documents where one set complements
and facilitates the information extraction task in the other, which is called cross-document technique of NLP.
Their results show a significant increase in accuracy from 41% to 93% after applying this cross-document
NLP methodology to hadith and biography documents. To recognize identical narrator names, but their
application is limited to graph extraction and not trying to verify/validate hadiths.

In [54] Moath M. Najeeb proposed that there is a big opportunity to build an automatic information system to
classify hadith as Sahih (accepted) or Daif (poor) using Associative Classification technique. This incorporates
NLPs classification technique with Data Minings Association Rule Mining (ARM).

[7] Used an NLP technique called N-gram modeling to build a system that segments a hadith into its two
main components, Isnad and Matn. Their hadith segmentation system is built and tested with hadiths from
six major hadith books. More recently, [8] contributed in creating an Arabic- English parallel Hadith corpus
to support further researches in this field, along with an improved hadith segmentation tool of their own
using ML that successfully segments and annotates Isnad and Matn with 92% accuracy.

They scraped pages from Sunnah.com and using their HTML tags extracted hadiths along with their location

information to create bilingual corpus named Leeds University and King Saud University (LK) Hadith corpus.
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TABLE 2.4 — Research studies on Arabic Hadith analysis

Problem

Methodology

Results

Validity of hadiths

Fuzzy system with essential rules

and parameters

Validity rate of 94% obtained by

analyzing narrators’ background

Generating transmission chain of

hadiths

iTree system with parsing and

annotation

Success rate of 87% achieved in
generating and displaying hadith

chains

Information extraction from re-

lated docs

Cross-document

NLP

technique of

Accuracy increased from 41% to
93% using cross-document NLP

methodology

Classification of hadiths as Sahih

or Da'if

Associative Classification tech-

nique

Proposal for an automatic sys-
tem using NLP and Data Mining

techniques

Segmentation of hadiths into Is-

nad and Matn

N-gram modeling

Hadith segmentation system tes-

ted with major hadith books

Creation of Arabic-English Ha-
dith corpus

ML-based hadith segmentation

tool

92% accuracy achieved in seg-
menting and annotating Isnad

and Matn

2.11 Conclusion

In summary, text mining has become an indispensable instrument for obtaining valuable insights and
extracting valuable information from vast collections of documents. By employing a variety of techniques and
models, text mining has made it possible for researchers to uncover previously unknown patterns, trends,
and associations within textual data.

Despite facing significant obstacles, such as dealing with intricate languages like Arabic, text mining has
fundamentally transformed the way we analyze and interpret textual data. Therefore, it is anticipated to
remain an essential discipline in the age of big data and artificial intelligence, powering advancements in text

generation and other natural language processing tasks.
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Contribution

3.1 Introduction

In this chapter, we present our Hadith knowledge mining proposal, which consists of two main parts :
Section Abstraction (Gyad! L) and Benefits Extraction (Ggad| £l98). In the first part, Section Abstrac-
tion, we utilize the two transformer models T5 and mbert2mbert in the abstraction process, known for their
language understanding and generation capabilities, to enhance the efficiency and accuracy of the abstraction
process. These models have demonstrated success in various natural language processing tasks, making them
ideal for our proposition.

Moving on to the second part, Benefits Extraction, we introduce two methods to extract benefits from a given
hadith. The first method employs beam search, a technique commonly used in natural language processing
to explore multiple potential solutions. By utilizing beam search with the T5 model and mbert2mbert, we
can effectively identify and extract the most relevant benefits from the hadith.In addition to the beam search
method, we also incorporate Text Completion using the GPT2 model for Benefits Extraction.

To evaluate the performance and effectiveness of our proposal, we employ two datasets. One dataset is

specifically used for Section Abstraction, while the second dataset for Benefits Extraction.

3.2 Datasets Description

The first dataset we utilized is LK-Hadith-Corpus [52], a bilingual parallel corpus of English-Arabic Islamic
Hadith. It was extracted from the six canonical Hadith books (Bukhari, Muslim, Tirmizi, Ibn Majah, Abu
Daoud) and consists of 39,038 annotated Hadiths, comprising more than 10 million tokens. Each component
of the Hadith is extracted and allocated to a specific column in the dataset.

The dataset includes :
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TABLE 3.1 — Our first Dataset

Chapter Number

96.0

Chapter English

Holding Fast to the Qur’an and Sunnah

Chapter _Arabic

Section  Number

7.0

Section English

Judging made on the basis of opinion or Qiyas

Section__Arabic

Al a5 o5 e SR G

Hadith _number

7307

English Hadith

Narrated ‘Abdullah bin ‘Amr : I heard the Prophet ( ‘)wj ale all &A@)
saying, "Allah will not deprive you of knowledge after he has given it to
you, butit will be taken away through the death of the religious learned men
with their knowledge. Then therewill remain ignorant people who, when
consulted, will give verdicts according to their opinionswhereby they will

mislead others and go astray."

English Isnad

Narrated ‘Abdullah bin ‘Amr :

English Matn

I 'heard the Prophet ( (J«g ale all J.@) saying, "Allah will not deprive you
of knowledge after he has given it to you, butit will be taken away through
the death of the religious learned men with their knowledge. Then therewill
remain ignorant people who, when consulted, will give verdicts according to

their opinionswhereby they will mislead others and go astray."

Arabic_Hadith

NERTS SRS I [ CR  C R I W A WA A

SO Gas o e E o D) G dl E 06 B2 3 osW
o5 BB G2t O A A £ Y DY) Bk ey e W Lo

Gy G R Ji 6 S el A 5 @ 3 BRS

Osbal§ O sl

Continued on the next page
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Table 3.1 : Data Dictionary

Arabic_Isnad

Joki daead 8 23 D G Gle £ J6 B8 f2 5N

I

7

!

» o

—n

<

Arabic_ Matn

sl & A PRSI oy sl o 51 s
S @ 6 B chelsy M g b G 35 G
Osbals Ol (il &5

Arabic_ Comment nan
English Grade Sahih-Authentic
Arabic_ Grade c.s"

For our purposes, we selected two specific columns from the dataset : Section Arabic, and Arabic Matn.
These columns contain the original Arabic texts of the section, and the main body of the Hadith, respectively.
In the second dataset, we collected the necessary data manually to feed the learning models for benefits
extraction. Since there was a lack of existing similar work or readily available collections, we took the initiative
to curate our own dataset.

The data was collected from the following sources [38] [2] [14] :

el E sk s mald]

Sl a2 e ploall Goslal e LRI Klgal

For each Hadith we do associate three benefits. The combined data from these sources contains a total of
13,167 lines. This data serves as the foundation for training and evaluating the benefits extraction models.
By manually collecting and curating this data, we ensure that it aligns with the specific requirements and

objectives of our proposition.

3.3 Transformer model

In this part, we utilize the Transformer model for section abstraction and benefits extraction. Trans-
formers have the advantage of not needing to process sequential input in a strict order. Unlike traditional
models, they can process different parts of a sentence simultaneously, thanks to their parallel processing
capabilities. The transformer architecture consists of an encoder and a decoder. The encoder employs

multiple cipher layers to recursively process the input, while the decoder applies a similar process to generate
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the output based on the encoder’s representation.

The fundamental units of a transformer are note units, which produce weighted connections between
symbols. These weights measure the relationships between units during the machine learning process, where
symbols represent letters or elements from the languages the machine is learning. The observation module
generates contextual embeddings for each symbol, which not only contain information about the symbol
itself but also incorporate a weighted combination of other related symbols based on the note weights.

Transformer models consist of an encoder and a decoder :

— Encoder : It takes an input and constructs its representation or features. The model is optimized to

gain understanding from the input data.

— Decoder :It utilizes the representation or features from the encoder, along with other inputs, to

generate a target sequence.The model is optimized for generating desired outputs.

OUTPUT 20l 83og clinall 83uo 3 cl> Lo

I

2l 3o slirall 83o 6 Lo Golill elay o)

INPUT .
los> olg Loagsd

FIGURE 3.1 — Encoder-Decoder structure of Transformer
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By employing the encoder-decoder architecture of transformers, we can leverage their powerful capabilities

for analyzing and generating content.

3.4 Section Abstraction

In the Section Abstraction step, our goal is to utilize transformer models to predict the section or topic
of a given Hadith 3.1. We employ two transformer models to achieve this : malmarjeh/mbert2mbert-arabic-

text-summarization [11] and UBC-NLP /AraT5-base-title-generation[59] .

INPUT OUTPUT

Matn mo del Predicted

Section

araT5/mbert2mbert

FIGURE 3.2 — Representation of Section abstraction using araTh mbert2mbert model

3.4.1 mbert2mbert Model :

The first model is a BERT2BERT-based model. It initializes its parameters with mBERT weights and
has been fine-tuned on a dataset consisting of 84,764 paragraph-summary pairs.This model is known for its
language understanding and generation capabilities, making it suitable for our task of section abstraction in
the context of Hadith analysis.

In our case, we utilize the malmarjeh/mbert2mbert-arabic-text-summarization model to predict the section
or topic of a given Hadith. We provide the Hadith text as input to the model, and it generates an output that
represents the corresponding section of the Hadith. This allows us to automatically categorize and organize
Hadiths based on their content .

By leveraging the mbert2mbert model, we aim to enhance the efficiency and accuracy of the section abstrac-

tion process in our proposed framework.

3.4.2 araTh5 Model :

The second model we utilize is UBC-NLP /AraT5-base-title-generation.
This model is part of the AraT5 repository, which introduces three powerful Arabic-specific text-to-text

Transformer-based models : AraT5MSA, AraT5Tweet, and AraT5. AraT5-base-title-generation is specifically

designed for title generation in Arabic text. Given a Hadith, this model generates a concise and meaningful

36



Chapitre 3. Contribution

Title generation
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FIGURE 3.3 — AraT5 encoder-decoder model and prompt samples from four investigated tasks, namely : title
generation, machine translation, question generation, and paraphrasing [30]

title that represents the section or topic of the Hadith.

These transformer models have been trained on large-scale datasets and fine-tuned for their respective
tasks. By utilizing their language understanding and generation capabilities, we can enhance the efficiency

and accuracy of the abstraction process for Islamic Hadiths.

Themalmarjeh/mbert2mbert-arabic-text-summarization model and UBC-NLP/AraT5-base-title-
generation model work by leveraging the power of transformer-based architectures, which have been highly

successful in natural language processing tasks.

3.4.3 Processing steps :

The process of Model transformers involves several processing stages, as shown in Figure . The first stage
is preprocessing, where the text is cleaned and prepared. Following that, the data undergoes tokenization to
prepare it for the model input. The final stage is prediction . The detailed descriptions of these processing

stages are provided in the following sections.

3.4.3.1 Preprocessing :

Data preprocessing is an essential step in Machine Learning that plays a vital role in improving the quality
of data and enabling the extraction of valuable insights. It involves various techniques aimed at cleaning and

organizing raw data to make it suitable for building and training Machine Learning models. In essence, data
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FIGURE 3.4 — Section abstraction Process using Arabic T5 and mbert2mbert Models

preprocessing can be seen as a data mining approach that converts raw data into a format that is easily

comprehensible and usable for analysis.

3.4.3.2 Data Splitting :

Before training the models, it is common practice to split the dataset into training and testing sets. This
splitting allows us to evaluate the performance of the trained models on unseen data. In our case, we follow

the standard practice of splitting the dataset as follows :

— Training Set :This subset of the dataset is used to train the models. We use 70% of the available data
for training. During the training process, the models learn the patterns and relationships within the

training set to generate accurate predictions. .

— Validation Set :The validation set is separate from the training set and is used during the training
process to tune hyperparameters and assess the model’s performance. It typically constitutes around
10% of the dataset. The validation set helps in preventing overfitting by providing an unbiased evaluation

of the model’s performance on data that it hasn’t seen during training.

— Testing Set : The testing set, also referred to as the holdout set, contains the remaining portion of
the dataset, typically around 20%. This set is used to evaluate the final performance of the trained
models. Since the testing set is completely unseen during the training and validation stages, it provides
an objective measure of how well the models generalize to new, unseen data.

By splitting the data into training and testing sets, we ensure that the models are trained on a representative

portion of the dataset and evaluated on unseen examples, enabling us to gauge their performance accurately.

3.4.3.3 Tokenization :

Tokenization is a crucial step in natural language processing that involves breaking down sentences or text

into individual words or tokens. By splitting the text into tokens, we can analyze and process the language
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FI1GURE 3.5 — Splitting Data for Machine Learning

more effectively.

Here is an example of tokenization for the matn (main body) of a Hadith :
— Original Text : 43 0 puk L d jae Clisly bLﬂl Ol fhp o
— Tokenized Text : (33 o (ol (lo cd ¢ & (Clui=ly :L\r;‘ (Olas, (plo (o
In this example, the original text is tokenized into individual words or subwords. Each word is represented

as a token, and punctuation marks are treated as separate tokens as well. The tokenized text consists of a

list of tokens that can be further processed and analyzed.

3.4.3.4 Model Embedding :

After tokenization, the next step in natural language processing is often embedding. Embeddings are
numerical representations of words or tokens that capture the semantic and syntactic relationships between
them. Embedding techniques aim to transform the textual data into a numerical format that can be easily
processed by machine learning models.

There are various embedding techniques available, such as word embeddings and contextual embeddings.

Here, we’ll focus on word embeddings.

Word embeddings represent words or tokens as dense vectors in a high-dimensional space, where similar
words are closer to each other in the vector space. These embeddings are learned from large corpora using
unsupervised learning techniques like Word2Vec, GloVe, or FastText.

In the context of our Section Abstraction task for Hadiths, we can use pre-trained word embeddings specific
to the Arabic language. These embeddings are trained on a large Arabic corpus and can capture the semantic
meaning of Arabic words effectively.

During the training process, the embedding model learns to assign similar vector representations to words
that have similar meanings or are used in similar contexts. This allows the model to capture the semantic

relationships between words, which can be beneficial for downstream tasks.

39



Chapitre 3. Contribution

Once the words in the Hadiths are embedded, the models can learn from these representations to predict

the corresponding sections or topics effectively.

3.4.3.5 Model fine-tuning and training :

The training process involves utilizing the datasets and splitting them into appropriately sized portions.

Each model is then trained over multiple epochs. We fine-tune the selected models for our target task (Section
abstraction) by involving the following strategies and including the parameters mentioned in Table 1 :
Epoch and Batch size :
An epoch means training the neural network with all the training data for one cycle. In an epoch, we use
all of the data exactly once. A forward pass and a backward pass together are counted as one pass.due to
epochs large size, they are divided into smaller chunks known as batches.due to epochs large size, they are
divided into smaller chunks known as batches.

The following table summarizes the basic set of parameters defined for the model :

TABLE 3.2 — Basic parameters of model training

Learning rate 2e-5
Input size 100
Output size 30
weight decay 0.01
batch size 5
num_ train _epochs 10
fpl6 True

By dividing the data into batches, the training process becomes more manageable. The model is trained
on each batch sequentially until all the batches within an epoch have been processed. This approach allows
for efficient training on large datasets, as the model gradually learns from different subsets of data within

each epoch.

3.4.3.6 Section Prediction :

Once the training process is completed, we will evaluate our model using the specified parameters, inclu-
ding the "repetition penalty" set to 3.0. Subsequently, we can utilize the trained model to generate forecasts

and construct a new section, as depicted in the accompanying Table 2.
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TABLE 3.3 — Research studies conducted on Arabic text mining in terms of the Holy Quran[49]
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3.5 Benefits Extraction :

The second part consists of Benefits Extraction, we presented two methods : the first one involves using
beam search, and the second method utilizes text completion. We begin by discussing the approach using

beam search for Benefits Extraction.

3.5.1 Beam search :

Beam search is a common technique used in natural language processing tasks to explore multiple potential
solutions and select the most promising ones. In the context of Benefits Extraction from Hadiths, we employ

beam search to predict three benefits for a given Hadith as shown in the figure In our case, we utilize two
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FIGURE 3.6 — Representation of Benefits extraction using araTh and mbert2mbert model

transformer models : Arabic T5 (arat5) and mbert2mbert. These models have been trained on large-scale
Arabic language data and are capable of generating meaningful text.
Here’s a simplified schema that illustrates how beam search operates in selecting three benefits for a given

Hadith :

D
4

Ve \
|l JSuin pdl Bl daliall JISi] goiss
) / — el bl glgi a8

8y yul g.9x99 3Ll JISudl 32z

el Olgilg eolsleall glgil 8,38

\\
; 23 Oluol yaannss /
555 00 Uy lilad JIa 31/l Sl s ol il all 5L 0 ) S
e i , .
223 Ol s dlll Judd palac o O )
/

input

e

-l 08 Ll Jowosll sl plac o 1351 d..U|)S.) ]

(4 \ M g8 Jlwgll alact o1 50 all )83
\¢m 038 N Jsosll Jlwgll plach soi o0 all ,s; )] ——> e
9:5

150 ObusiBl 385 Gill Jilaog)l lac ua\.
\ 0ol 0,55 J

output

FIGURE 3.7 — Representation Beam search technique

By utilizing beam search with the Arabic T5 (arat5) and mbert2mbert models, we can effectively generate
and select three relevant benefits for each Hadith. The beam search process allows for exploration of multiple

possibilities, ensuring that diverse and meaningful benefits are extracted.

3.5.2 Processing Steps :

The process of benefits extraction using the Arabic T5 and mbert2mbert models with beam search in-

volves several steps. Firstly, the data is preprocessed to ensure its cleanliness and suitability for further
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analysis,followed by model training, and finally leading to the generation of predicted benefits.

The Arabic T5 (arat5) and mbert2mbert models used for beam search benefit extraction follow a transformer
architecture. This architecture is composed of multiple transformer layers that incorporate self-attention me-
chanisms, enabling the models to capture contextual relationships and generate coherent and relevant text.
The specific details of the model architecture, such as the number of layers, hidden dimensions, and attention

heads, depend on the chosen transformer variant (aratb or mbert2mbert).

3.5.2.1 Preprocessing :

Preprocessing is the initial step in benefits extraction where the data is prepared and cleaned for further
analysis. This involves tasks such as data cleaning, normalization, and any necessary transformations to

ensure the data is in a suitable format for training and testing.

3.5.2.2 Data Splitting :

The data will be divided into three parts : training, validation, and testing. The first part, comprising
70% of the corpus, will be used for training the learning model. The second part, which accounts for 20% of
the corpus, will be set aside for testing the model’s performance. Finally, the remaining 10% will be allocated

for validation, enabling us to fine-tune and validate the model during the training process.

3.5.2.3 Model training :

The datasets for training the models in Benefits Extraction from Hadiths are appropriately divided into
sizes suitable for each model. These divisions ensure efficient training and better utilization of the available
data. The models undergo training over multiple epochs, which involves iterating through the entire dataset
multiple times to improve their performance.

To maintain consistency and comparability, the same set of hyperparameters as in the previous models are
used. Hyperparameters are adjustable parameters that determine the behavior and performance of the model
during training. By keeping the hyperparameters consistent across models, it becomes easier to assess their

relative effectiveness and make fair comparisons between them.

3.5.2.4 Benefits Prediction :

Once the models are trained, The beam search algorithm, when applied to generate benefits for new
or unseen Hadiths, can be enhanced by setting the repetition penalty to three. This penalty discourages

the model from repeating the same benefit multiple times in a sequence. During the beam search process,
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candidate benefit sequences are explored and expanded, with the repetition penalty promoting diverse and
unique outputs. The top-ranked sequences obtained from this process, considering the repetition penalty, are
considered the predicted benefits for the given Hadith. Applying the repetition penalty helps generate more

informative and varied results by reducing redundancy.

TABLE 3.4 — Representation of predicted benefits with mbert2mbert and AraT5 model

Matn Reference Benefits Mbert Predicted Be- | AraT5 Predicted Be-
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3.5.3 Text Completion :

In the second method, we utilized text completion, which is a technique that utilizes language models
to generate text that is coherent and contextually suitable based on partial input. In this particular case,
we employed the ARAGPT2 model for text completion to produce benefits associated with the provided
Hadiths, ensuring that the resulting text is paraphrased.

. Matn + Predicted
Matn + Benefits .
= Benefits

FIGURE 3.8 — Representation of Benefits extraction using GPT2 model

3.5.3.1 araGPT2 Model

The ARAGPT2 model [12] is used for text completion in our project to generate benefits associated with
the given Hadiths. ARAGPT?2 is a stacked transformer-decoder model trained using the causal language
modeling objective. It is trained on a large corpus of Arabic text, totaling 77GB.

ARAGPT2 comes in four different variants : base, medium, large, and xlarge. The base variant has the same
size as ARABERT-base, making it accessible for a larger number of researchers. The larger model variants
(medium, large, xlarge) offer improved performance but are harder to fine-tune and computationally more

expensive.

3.5.4 Processing Steps :

Here are the process steps for the second method, which involves text completion using the ARAGPT2
model, as previously described :
3.5.4.1 Preprocessing :

As in the previous method, we begin by performing preprocessing on the collected data. This includes
tasks such as text cleaning, handling special characters, and ensuring the data is in a suitable format for
training and testing.

3.5.4.2 Data splitting :

In the next step, we split the collected data into training and test sets. Similar to the previous models,

we allocate 70% of the data for training,additionally, we allocate an additional 10% for validation and the
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FIGURE 3.9 — Different variants of araGPT2 model

Learning rate 2e-5
weight decay 0.01
batch size 5
num_ train _epochs 5

TABLE 3.5 — Basic parameters defined for Aragpt2 model

remaining 20% is reserved for testing and evaluating the model’s performance.

3.5.4.3 Model training :

We followed a standard training procedure to train the ARAGPT?2 model for text completion. The training
began by initializing the model with pre-trained weights and then fine-tuning it specifically for generating
benefits associated with the provided Hadiths. Our training dataset consisted of 70% of the collected data,
and we used suitable batch sizes and adjusted the learning rate to ensure optimal convergence given our
available computational resources. To ensure the model’s performance and prevent overfitting, we monitored
the training progress using evaluation metrics such as perplexity and accuracy on the validation set. These
metrics guided us in making necessary adjustments to the training process, such as early stopping or learning
rate scheduling. Additionally, due to time constraints and specific resource limitations, we decided to use
only 5 instead of 10 epochs during the training process.

The following table summarizes the basic set of parameters defined for the model :

3.5.4.4 Benefits Prediction :

Section benefits : Using the trained ARAGPT2 model, we generated predictions for the benefits associated
with the provided Hadiths. Given a partial input, the model leveraged its understanding of the Arabic

46



Chapitre 3. Contribution

language and the contextual information from the training data to produce appropriate completions.

During the prediction phase, we passed the partial input, which consisted of the Hadith, to the ARAGPT?2

model. The model then generated completions based on the learned patterns and semantic knowledge it

acquired during training. To ensure diverse and non-repetitive output, we applied a repetition penalty of

3.0, which helped in reducing repetitive patterns in the generated text. This parameter discourages the

model from generating the same phrases or words multiple times, resulting in more varied and informative

predictions.

TABLE 3.6 — Representation of benefits prediction with araGPT2 model
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Continued on the next page
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Table 3.6 : Data Dictionary

Hadith

Reference Benefits

Predicted Benefits
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TABLE 3.7 — Representation of benefits prediction with araGPT2 model ,excluding the inclusion of hadiths

Hadith

Original Benefits

Predicted Benefits
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3.6 Conclusion :

In summary, this chapter has provided a concise overview of the implementation of transformer models in
a deep abstractive approach. We have presented our significant contributions in the areas of the abstractive
section and benefits extraction. The detailed implementation and evaluation of our proposal will be discussed

in the next chapter.
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Implementation and Evaluation

4.1 Introduction

n the previous chapter, we delved into the exploration of different models and conducted thorough research
to uncover valuable insights relatively to the content of Prophetic Hadith. This chapter presents the findings
obtained from the research process, highlighting the details and deductions made along the way. Additionally,

proper acknowledgment is given to the resources that facilitated the entire research endeavor.

4.2 Software Configuration for implementation

To implement the different models, we utilized the Kaggle platform and Google Colab Pro, both of which
are popular environments for data scientists and machine learning practitioners. These platforms offer a

cloud-based environment that supports programming languages such as Python and R.

4.2.1 Kaggle platform

On the Kaggle platform, we benefited from various resources, including access to NVIDIA P100 TESLA
GPUs, 13 GB of RAM, and storage space per project of 73 GB. However, it’s important to note that each

session on Kaggle is limited to 12 hours.

4.2.2 google colab pro

Google Colab Pro, on the other hand, provides 100 computing units per month. These computing units

expire after 90 days, and additional units can be purchased as per the user’s requirements. Google Colab Pro
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also offers faster GPUs, the ability to access machines with higher memory, and the option to use a terminal

with the connected virtual machine.

4.2.3 Language and libraries

— Python : For our implementation, we chose Python as the programming language due to its extensive

range of libraries that greatly facilitate deep learning tasks. We made use of the following libraries :

— Pandas : A Python library that provides efficient data processing and analysis capabilities, offering

convenient data structures and data manipulation functions.

— NumPy : A scientific computing library that specializes in matrix manipulation. It also includes linear
algebra functionalities, making it a valuable tool for numerical operations. NumPy is an open-source

project freely available for use with Python.

— PyTorch : It is a popular deep learning framework in Python. It provides a dynamic computational
graph, making it efficient for training and inference in neural networks. PyTorch offers a range of tools
and functionalities for building and training deep learning models, including automatic differentiation,
GPU acceleration, and support for various neural network architectures. It is known for its flexibility
and ease of use, allowing researchers and developers to quickly prototype and experiment with different

neural network architectures.

By leveraging these libraries and the computational resources provided by Kaggle and Google Colab Pro, we

were able to implement different models effectively and efficiently.

4.3 Experimental Results

To assess the quality of our proposition, we employed the ROUGE (Recall-Oriented Understudy for
Gisting Evaluation) metric for automated evaluation. The ROUGE metric is widely used in natural language
processing, text generation and summarization tasks. ROUGE evaluation concerns Hadith Section abstraction
and Hadith Benefits extraction.

In our evaluation, we focused on four specific ROUGE scores : ROUGE-1, ROUGE-2, ROUGE-L. These scores
allow us to evaluate different aspects of the generated information (Predicted Hadith sections, Predicted

Hadith benefits) :

— ROUGE-1 : This score measures the overlap of 1-gram (individual words) between the reference text
and the system-generated text. It provides insights into the informativeness of the generated text in

capturing the key information from the reference.

— ROUGE-2 : This score focuses on bi-grams, which are pairs of consecutive words. It calculates the
overlap of bi-grams between the system-generated text and the reference text. ROUGE-2 helps us assess

how well the generated text captures the phrase-level information present in the reference.
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— ROUGE-L : This score evaluates the longest common subsequence (LCS) between the system-
generated text and the reference text. It measures the lengthiest word sequence that matches between

the two texts. ROUGE-L provides insights into the fluency and coherence of the generated text.

The following example (Table 1) shows how to calculate the recall score of the three ROUGE metrics.

- Reference sentence : & gJ59 &4y g P> 3 (In the pre-dawn meal, there is religious and worldly
blessings) )

-Candidate sentence (to be evaluated) : &, , g=udl 3 Q‘\l  s7ead! Olil (The recommendation of having

the pre-dawn meal is because there is blessings in it)

Rouge metrics Ref Sentence Cand _Sentence Rouge Score
ROUGE-1 - o el B - edl L Ol | 2/6
O R L o LENE IRt
;{Jf

ROUGE-2 semdl o el B - el Ol [ 1/5
i > 1 - 3, | 3 OY - oY Lo

Lsid 5= - edl G-
gl
ROUGE-L Ly &y el 8, el ] 2/6
592

TABLE 4.1 — An example of how to calculate ROUGE metric

4.4 Section Abstraction Results

In this section, we provide an overview of the experimental results and evaluation of two models : AraTh
and mbert2mbert relatively to the Prophetic Hadith section abstraction. We evaluate the performance of
these models based on various metrics, including training and validation loss, as well as ROUGE scores.The
training loss is a measure of the disparity between the predicted and actual values during the training
phase. It indicates how well the model is fitting the training data. On the other hand, the validation loss
assesses the model’s ability to generalize its predictions to unseen data. It provides insights into the model’s

performance on new, unseen examples.
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4.4.1 AraT5 Training results
4.4.1.1 Training and validation loss

To track the model’s learning progress, we recorded and plotted the training and validation loss values
after each epoch.
This graph (Figure 1) allows us to analyze how the model’s performance evolves over the training process

and assess its convergence and generalization capabilities. The graph represents the training and validation

Training and Validation Loss per Epoch

— Training Loss
3.6 1 Walidation Loss
3.4 -
9 3.2 -
g
3.0 +
2.8 1

2 4 6 8 10
Epoch

FIGURE 4.1 — Training and validation loss of Arat5

loss per epoch for the AraT5 training model. The x-axis corresponds to the number of epochs, while the
y-axis represents the loss value.. The training loss steadily decreases from an initial value of 3.55, indicating
that the model is effectively learning and refining its performance over time. Similarly, the validation loss
decreases with each epoch, suggesting that the model is generalizing well to unseen data. The fact that the
training loss consistently outperforms the validation loss is expected since the model is optimized based on
the training data it has already seen. Both loss trends show convergence, indicating improved performance
with additional epochs, although it is crucial to monitor these values to prevent overfitting. Overall, the
graph reflects the positive progress of the AraT5 training model, showcasing its ability to learn and generalize

effectively.
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4.4.1.2 AraT5 Training Rouge score

In addition to evaluating the training and validation loss, we also assessed the performance of the AraT5h

model using ROUGE scores The graph illustrates the ROUGE scores per epoch for the implemented model,

Training ROUGE Scores per Epoch
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FIGURE 4.2 — Training Rouge score metric of araT5h

which evaluates the quality of generated summaries. The ROUGE-1 scores, represented by the red bars,
gradually increase from 0.1943 at Epoch 1 to 0.2194 at Epoch 10, indicating the model’s improvement in
capturing unigrams. Similarly, the ROUGE-2 scores, depicted by the green bars, show an increasing trend from
0.0721 to 0.102, highlighting the model’s ability to capture bigrams. The blue bars represent the ROUGE-
L scores, which exhibit a similar upward trend from 0.19 to 0.216, reflecting the model’s improvement in
capturing overall semantic meaning. Overall, the graph demonstrates that the implemented model steadily
improves its ROUGE scores over the training process, indicating its ability to generate section titles that

closely resemble the reference sections in terms of individual words and longer phrases.

4.4.2 mbert2mbert Training results
4.4.2.1 Training and validation loss :

Similarly, we also implemented the mbert2mbert model and evaluated its performance using training and

validation loss as well as ROUGE scores. The graph represents the training and validation loss per epoch for
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Training and Validation Loss per Epoch
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FIGURE 4.3 — training and validation loss of mbert2mbert

the mbert2mbert training model. The training loss starts at 1.9773 and consistently decreases with each epoch,
reaching 0.3703 at Epoch 10. The validation loss follows a similar decreasing trend, indicating the model’s
ability to generalize to unseen data. The convergence of both loss curves suggests improved performance and

effective learning of the mbert2mbert model.

4.4.2.2 mbert2mbert Training ROUGE SCORE

We evaluated the performance of the mbert2mbert model using ROUGE scores, which measure the
quality of the generated summaries. The graph illustrates the ROUGE scores per epoch for three different
metrics : ROUGE-1, ROUGE-2, and ROUGE-L.

Upon analyzing the graph, it is evident that the ROUGE scores exhibit a consistent pattern as the number
of epochs increases. Initially, at epoch 1, all three ROUGE scoresROUGE-1, ROUGE-2, and ROUGE-Lstart
at relatively low values. However, as the number of epochs progresses, the scores gradually increase.
Specifically, for ROUGE-1, the score begins at 0.0167 and steadily rises, with some fluctuations, until it
reaches 0.0169 at epoch 10. Similarly, ROUGE-2 starts at 0.0127 and shows an upward trend, albeit with
slight variations. As for ROUGE-L, it commences at 0.0168 and demonstrates a consistent upward trajectory,
with minor fluctuations.

Therefore, the graph indicates that the ROUGE scores consistently increase as the number of epochs
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Training ROUGE Scores per Epoch
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FIGURE 4.4 — Training Rouge Score metric of mbert2mbert

increases, implying improved model performance with extended training.

Both models show improvements in performance over the training process, as indicated by decreasing loss
values and increasing ROUGE scores. However, the AraT5 model generally outperforms the mbert2mbert
model in terms of both loss and ROUGE scores, suggesting its superior performance in generating sentences

that closely resemble the reference sentences.

4.4.3 Section abstraction Test results

Figure 2 presents the test ROUGE scores for two models : AraT5 and mbert2mbert. The scores include
ROUGE-1, ROUGE-2, and ROUGE-L, which assess the models’ performance in capturing different aspects
of section abstraction quality. The evaluation consists of a comparison between the predicted sections and the
reference sections of the test set Hadiths. The test ROUGE scores reveal that the AraT5 model outperforms
the mbert2mbert model in generating high-quality Section. The AraT5 model achieves higher scores across all
three ROUGE metrics : ROUGE-1 (20.28 vs. 18.92), ROUGE-2 (10.66 vs. 8.6), and ROUGE-L (20.0 vs. 18.5).
These results indicate that the AraTh model excels in capturing unigrams, bigrams, and the overall semantic
meaning of the reference sections , demonstrating its superior performance compared to the mbert2mbert

model.
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ROUGE Scores of araT5 and mbert2Zmbert
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FIGURE 4.5 — ROUGE scores of araTh and mbert2mbert model

4.5 Benefits Extraction Results

In this section, we discussed the obtained results for the two methods we have used for benefits extraction :
Beam search and Text completion. Beam search concerns the two models AraT5 and mbert2mbert while text

completion concerns AraGPT2 model.

4.5.1 Beam search

For beam search, we explored two techniques. First, we separated the three benefits of a hadith into

different lines and generated all possible permutations of predicted benefits in the test set (Table 2)
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TABLE 4.2 — All possible permutations of predicted benefits

Hadith Benefits Predicted Benefits Permutations
S W s, JB - | B g8 Olalld o | Jld Lo ol - | Predicted Benefit 1
b.l:.'é‘ (é‘j o tu‘ Hlall J uf*\b Hlall — predicted Benefit 2
Bl d oyl o ] s N — predicted Benefit 3
Ol i) | A Wa ede ol | LA S ke od)
il Jad Mo 53902 3Ll J o _aally
S d s Leais Yy
M dxlas ool e b V7] B
3dlall
350 8 Ley e

g s pldl s
OB L s ol sl

sha 5 celd 13)

Bl g Gl
05 e s
s

Continued on the next page
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Table 4.2 : Data Dictionary

Hadith Benefits Predicted Benefits Permutations
e Al Jowy JB - | 241 J3 Olailel _ | Jad b e ;j‘V‘.H - — Predicted Benefit 1
b,tlé\ f*“j e tU‘ Hlall “’9 UJL'JB Hlall — predicted Benefit 3
ta J Q_{Jyw\” g . £ — predicted Benefit 2
yju‘j;:;‘d:u&f oda Ol | ey L L)
Sl Jad Mo 53902 M)
S d s Leas Yy
Sl dnlas o id) Je S OCS
Blall 4 o 2l
350 B Ley e

g lanks plydl e
OB L e ol Bl

dha 3 Cendal 1)

Blal g Sl
S
s

Continued on the next page
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Table 4.2 : Data Dictionary

Hadith Benefits Predicted Benefits Permutations
J‘" W Jdo) Je - idl J‘n‘; “T’L?’“L”‘ - | &2 J‘n‘; J" el — Predicted Benefit 2
b,tlé\ f*“j ol tU‘ Qs “’9 UJL'JB Hall J u"j—'”j — predicted Benefit 1
UJE..JB 4 e Iff i Qt J—‘M L e g%” ) — predicted Benefit 3
55l J..\a,.? Mo 35902 55l
S d s Leas Yy
M) imlze R L}.\M (s uL:uj -
55l
350 JT U8 Ay e

g lanks plydl e
OB L e ol Bl

dha 3 Cendal 1)

Blal g Sl
S
s

Continued on the next page
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Table 4.2 : Data Dictionary

Hadith Benefits Predicted Benefits Permutations
J‘" ol Jdo) Je - idl J‘n‘; “T’L?’“L”‘ - | &2 J‘n‘; J" el — Predicted Benefit 2
lst3! f*“j s tm Qs d < Al Rad J w Al — predicted Benefit 3
ta J Q_{Jyw\” g . £ — predicted Benefit 1
O adly il | B W oda Ol Jhe L Ol
M) Had Do G3ges M)
S d s Leas Yy
Ml {xdas ool e Lo q,/d\ -
3l
350 B Ley e

g lanks plydl e
OB L e ol Bl

dha 3 Cendal 1)

Blal g Sl
S
s

Continued on the next page
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Table 4.2 : Data Dictionary

Hadith Benefits Predicted Benefits Permutations
J‘" W oy B - idl J= “T’L?’“L”‘ - uu"‘ L uL‘“;‘ - — Predicted Benefit 3
b,tlé\ f*“j e tU‘ Hlall “’9 UJL'JB Hlall — predicted Benefit 1
UJE..JB 4 s i'ff s Qt J—‘M L e g\-ﬂ‘ ) — predicted Benefit 2
55l J..\a,: Mo 35902 55l
S d s Leas Yy
BSlall dmbae o | k] 5 Lo el
a3 o il
350 JT U8 Ay e

g lanks plydl e
OB L e ol Bl

dha 3 Cendal 1)

Blal g Sl
S
s

Continued on the next page
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Table 4.2 : Data Dictionary

g lanks plydl e
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dha 3 Cendal 1)

Blal g Sl
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s

Hadith Benefits Predicted Benefits Permutations
J‘" Al Jowy JB& - | 221 S ol - Jey L UL‘“;‘ - — Predicted Benefit 3
b‘w‘ f*“j e tu‘ 3kall 09 uf'd‘j Hlall — predicted Benefit 2
5 VP | B S N
lal S R o i s | ) — predicted Benefit 1
O aadly ad) | B s ods ol A B Le ol
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M)
30 F B Les e

Second, we concatenated the three benefits into the same line (Table3). We evaluated the results using

the ROUGE metric.

TABLE 4.3 — Concatenation of three benefits

Hadith

Benefits

Predicted Benefits

Continued on the next page
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Table 4.3 : Data Dictionary

Hadith

Benefits

Predicted Benefits

de W o W) oy JB -
Bl 3 el skl s
o _aally 421
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4.5.1.1 AraT5 Training results

Training and validation loss

The graph below illustrates the training and validation loss per epoch for the AraT5 training model :
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Training and Validation Loss per Epoch
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FIGURE 4.6 — Training and validation loss of AraTh

The training and validation loss per epoch for the ThH model are shown in the graph. The training
loss steadily decreases from 5.598 to 4.6532, indicating the model’s learning and improvement over time.
Similarly, the validation loss shows a decreasing trend from 4.9968 to 4.5547, demonstrating the model’s
ability to generalize to unseen data. The convergence of both loss curves suggests improved performance
with additional training epochs, although it is essential to monitor for signs of overfitting. Overall, the graph

illustrates the positive progress of the T5 model in extracting benefits from the Hadith.

AraT5 Training ROUGE score
Apart from training and validation loss, we also evaluate the performance of both models using ROUGE

scores.
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Training ROUGE Scores per Epoch

0.10 - ”—/\/\ _—
0.08 -
p
E —— ROUGE-1
W 0.06 —— ROUGE-2
S —— ROUGE-L
o
=
0.04 -
0.02 - ____/\ e
T T T T T
2 4 6 8 10

Epoch

FIGURE 4.7 — Training rouge score of AraTh

The ROUGE scores per epoch for the T5 model are displayed in the graph. The ROUGE-1 scores range
from 0.093 to 0.0993, showing an increasing trend. The ROUGE-2 scores range from 0.0181 to 0.021, indicating
the model’s ability to capture bigrams. The ROUGE-L scores range from 0.0867 to 0.0922, demonstrating
the model’s improvement in capturing the overall semantic meaning of the benefits. The upward trends in
all three ROUGE metrics signify the T5 model’s progress in predicted benefits that closely resemble the

reference benefits in terms of unigrams, bigrams, and semantic coherence.

4.5.1.2 mbert2mbert Training results

Training and validation loss
Similarly, we tracked the training and validation loss for the mbert2mbert model. The graph below represents

the loss values per epoch :

67



Chapitre 4. Implementation and Evaluation

Training and Validation Loss per Epoch
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FIGURE 4.8 — Training and validation loss of mbert2mbert

For the mBERT2mBERT model, the training and validation loss per epoch are displayed in the first
graph. The training loss steadily decreases from 6.9149 to 4.456, indicating the model’s learning and
improvement over time. Similarly, the validation loss shows a decreasing trend from 6.7184 to 6.3294,
suggesting that the model can generalize well to unseen data. The convergence of the loss curves indicates

improved performance with additional training epochs.

mbert2mbert Training ROUGE score

In addition to monitoring training and validation loss, we assess the performance of both models using
ROUGE scores The second graph presents the ROUGE scores per epoch for the mBERT2mBERT model.
The ROUGE-1 scores indicate an increasing trend, ranging from 0.0436 to 0.0791. This suggests that the
model improves in generating benefits that closely match the reference benefits in terms of individual
words. The ROUGE-2 scores range from 0.0014 to 0.0149, indicating the model’s ability to capture bigrams
(pairs of consecutive words). The ROUGE-L scores range from 0.0405 to 0.0675, demonstrating the model’s

enhancement in capturing the overall semantic meaning of the benefits.
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Training ROUGE Scores per Epoch
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FIGURE 4.9 — Training rouge score of mbert2mbert

4.5.1.3 Beam search test results

We notice that the benefits generation is done accordingly to a single Hadith matn. For which, triple
benefits are generated, however, we cant do an exact dependency between a reference benefit and a predicted
one, as a result, and in order to do a worthy evaluation we have proposed two ways to calculate the Rouge
scores, by permutation and by concatenation. In the permutation technique, a set of benefits permutations
orders for each matn is used. Consequently, we have six permutations for each matn (table 2).

In the concatenation technique, we have concatenated the three benefits to form a single one text (table3).

The ROUGE scores achieved by the AraT5 and mbert2mbert models are as follows :

Benefits permutation

— Permutation 1 : In this order, the AraT5 model consistently achieved higher scores compared to
the mbert2mbert model in all three ROUGE metrics (ROUGE-1, ROUGE-2, and ROUGE-L). This
suggests that AraT5h performs better in capturing the similarity between the predicted benefits and the

reference benefits for this specific order of benefits.

69



Chapitre 4. Implementation and Evaluation

ROUGE Scores of araT5 and mbert2mbert
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FIGURE 4.10 — ROUGE Scores for Permutation 1

— Permutation 2 : The ROUGE scores for both models decreased compared to Table 1. However, AraTh

still outperformed mbert2mbert in terms of all three metrics..
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ROUGE Scores of araT5 and mbert2mbert
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FIGURE 4.11 — ROUGE Scores for Permutation 2

— Permutation 3 : AraT5 achieved higher ROUGE scores compared to mbert2mbert across all metrics.

However, the scores for both models decreased compared to Figure 1.
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ROUGE Scores of araT5 and mbert2mbert
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FIGURE 4.12 — ROUGE Scores for Permutation 3

— Permutation 4 : Both AraT5 and mbert2mbert models showed lower ROUGE scores compared to

the previous tables. AraT5 performed slightly better than mbert2mbert in terms of all three metrics
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ROUGE Scores of araT5 and mbert2mbert
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FIGURE 4.13 — ROUGE Scores for Permutation 4

— Permutation 5 : The ROUGE scores further decreased for both models compared to the previous

tables. AraTh consistently outperformed mbert2mbert in terms of all three metrics.
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ROUGE Scores of araT5 and mbert2mbert
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FIGURE 4.14 — ROUGE Scores for Permutation 5

— Permutation 6 The ROUGE scores were similar to Table 5, with both models achieving relatively

low scores. AraT5h consistently performed better than mbert2mbert across all metrics.
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ROUGE Scores of araT5 and mbert2mbert
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FIGURE 4.15 — ROUGE Scores for Permutation 6

Overall, Permutation 1 showed better performance than other orders for both models in terms of ROUGE

scores.

Benefits concatenation
In the concatenation technique, all three benefits of the hadith are concatenated into a single line. The

benefits extraction results using the two models, AraT5 and mbert2mbert, are as follows :
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ROUGE Scores of araT5 and mbert2mbert
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FIGURE 4.16 — ROUGE Scores for concatenation technique

The results demonstrate that the concatenation technique yields higher ROUGE scores compared to the
beam search approach. Both AraT5 and mbert2mbert models achieve improved scores across all ROUGE

metrics, indicating the effectiveness of concatenating benefits into a single line for extraction.

4.5.2 Text Completion

In the second method, we employed the AraGPT2 model for text completion. The aim was to evaluate
how well the model performed in extracting benefits from Prophetic Hadiths. To gauge the effectiveness of

the model, we analyzed various metrics, such as training and validation loss, along with ROUGE scores.

4.5.2.1 AraGPT2 Training results

Training and validation loss
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Training and Validation Loss per Epoch
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FIGURE 4.17 — Training and validation loss of AraGPT2

In the given graph, the training and validation loss per epoch demonstrate a decreasing trend, indicating
that the model continues to learn and improve over time. It is worth noting that although the graph only
includes five epochs, there is potential for further improvement by increasing the number of epochs. However,
due to limited space and time constraints, the training was stopped at five epochs. Despite the abbrevia-
ted training duration, the model shows promising results with decreasing loss values, suggesting improved

performance in predicting the desired outcomes.

4.5.2.2 AraGPT2 Test results

The table below presents the ROUGE scores achieved by the AraGPT2 model for benefits extraction

using text completion :
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ROUGE Scores of AraGPT2(hadith+benefits) and Aragpt2
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FIGURE 4.18 — Training and validation loss of AraGPT2

In our final investigation, we examined text completion as an alternative method for extracting benefits.
To conduct this analysis, we employed the AraGPT2 model and assessed its performance using the ROUGE
metric. The outcomes revealed that the AraGPT2 model obtained notably high ROUGE scores for ROUGE-
1, ROUGE-2, and ROUGE-L. This suggests that the model is capable of generating benefits that closely align
with the reference benefits. However, we observed a decline in ROUGE scores when Hadiths were excluded
from both the actual and predicted benefits. This implies that the model heavily relies on the context provided

by the Hadiths for accurate extraction of benefits.

4.6 Some related works results

This section provides a brief overview of the related works in the field of Arabic text summarization and
evaluation. The studies mentioned in this table have focused on developing various techniques and approaches

for summarizing Arabic text and evaluating the quality of the generated summaries using the ROUGE metric.
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TABLE 4.4 — Comparison among different techniques for Arabic summarization

Ref Year Model Methodology ROUGE score Dataset
[61] 2022 Seq2Seq Using a seq2seq mo- | Rougel0.5149 , | AHS and AMN
Model del, GRU and LSTM | Rouge20.12,  Rou-
and BILSTM with | gel.=0.343
global attention
[29] 2020 BERT Using pretrained | Rouge10.42, EASC and a KALI-
Model BERT and encoder | Rouge20.2459 and | MAT
BERTSUM RougeL0.422
[31] 2020 Arabic AraVec is pretrained | Rougel0.38 ROUGE1 | They collected the
Pretrai- for word embedding | NOORDER 0.46 dataset from va-
ned, and | and encoder-decoder rious sources like
LSTM sequences Reuters,Aljazeera
[43] 2020 Ara BERT | Combining NLU (Ara | Rougel0.54, They have prepared
Model and | BERT) and Cluste- | Rouge20.54 the data set (mul-
Clustering | ring algorithms tiple articles in dif-
algorithm ferent domains and
it’s summary).
[28] 2020 Bert for | BERT for multi- | ROUGE10.75  for | EASC
Multi lingual and the | the first algorithm
Lingual word2vec model JROUGE10.75 for the
second one
[6] 2019 Linear Using linear discrimi- | ROUGE10.450 and | EASC
Discri- nant analysis(LDA) , | ROUGE2 0.307
minant modified Page Randk
Analy- ,and the k-means
sis(LDA) clustering technique
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In our project, we have not come across any existing research or prior work specifically focusing on Section
abstraction or benefits extraction. Therefore, we have not been able to build upon previous methodologies
or leverage established techniques in this particular domain.

To evaluate the effectiveness of our approach, we conducted a comprehensive comparison with prior works
in the broader field of Arabic text summarization, using the rouge metric. We observed that the results from
those works were somewhat more promising in terms of overall performance and quality compared to our
own findings in extracting meaning and benefits from Hadith.

The difference in outcomes can be attributed to a significant disparity in the scale and nature of the datasets
used to train the models. In the field of text summarization, previous works have had the advantage of
training their models on large and diverse collections of textual data, enabling them to capture a broader
range of language patterns, nuances, and context. In contrast, the models we utilized in our project were
likely trained on a more limited set of data.

However, it is worth mentioning that models such as arath, mbet2mbert, and gpt2 demonstrate the capability
to generate benefits that closely align with the reference benefits, as well as generate sections that closely

align with the reference benefits.

4.7 Conclusion

In conclusion, this chapter provided an overview of the implementation process for the proposed models,
including araT5, mbert2mbert, and araGPT2. Through the use of different evaluation metrics, we thoroughly

examined and discussed the results obtained from each model.
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Conclusion

Hadith processing plays a vital role in understanding and interpreting the teachings of Islam. Hadiths,
the sayings and actions of Prophet Muhammad ( ‘)wj ale all vi..a), provide valuable guidance for Muslims
in various aspects of their lives, including matters of faith, ethics, and jurisprudence. However, the sheer
volume and complexity of Hadith literature pose significant challenges in extracting relevant information and
deriving meaningful insights. Effective Hadith processing techniques are essential for scholars, researchers,
and the broader Muslim community to access, analyze, and apply the teachings of Prophet Muhammad
¢ (\kwj als all d\..a) accurately and comprehensively. By employing advanced computational methods and
natural language processing techniques, Hadith processing enables us to unlock the insights contained within
this vast corpus of Islamic traditions, promoting a deeper understanding of the religion and facilitating its

practical application in contemporary contexts.

our research has centered around training multiple models to achieve the objective of section abstraction
and extracting benefits from Hadith. We have employed three distinct models (AraT5, mbert2mbert, and
Aragpt2) in order to generate meaningful sections from Hadith and identify the associated benefits.
Throughout our evaluation process, we utilized the ROUGE metric to assess the performance of these models.
The results indicate that transformer models hold significant potential, outperforming traditional RNN-based
approaches. This is primarily due to the attention-based nature of transformers, which allows for more efficient
and precise processing, eliminating the risk of information loss that can occur with sequential RNN training.
Our findings suggest that employing transformer models for section abstraction and benefit extraction from
Hadith can yield superior outcomes. This not only enhances the quality of generated sections but also improves
the overall efficiency of the process. By leveraging deep learning techniques, particularly within the domain
of Islamic text processing and Hadith understanding, we can bridge the existing gap and better cater to the

needs of the Muslim community.

Our future work involves expanding the size of the second dataset and enhancing the first dataset to
incorporate additional hadiths and their associated benefits.We plan to leverage the capabilities of other
large language models like GPT-3 and BLME.We also plan to utilize other evaluated metrics such as BLEU

for improved evaluation.
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Appendix

W&B visualizations (AraGPT-2)

— validation :
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FIGURE 0.19 — Validation Loss FIGURE 0.20 — Validation Steps per Second
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FIGURE 0.21 — validation samples per second
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— Training :
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FIGURE 0.22 — Training loss
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FIGURE 0.26 — train global steps
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FIGURE 0.25 — Training learning rate (all sweeps)
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— GPU :
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FIGURE 0.28 — GPU power usage (W)
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FIGURE 0.32 — GPU Utilization (%)
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FIGURE 0.29 — GPU power usage (%)
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FIGURE 0.31 — GPU Memory Allocated (%)
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