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Abstract

Automatic natural language processing and text-mining have emerged as scientific fields
helping machines to understand the communication language of a human being. Many
researches have been conducted for automatic processing of natural languages some are
generic no matter what the considered language, based generally on statistics, and some
others, qualified as linguistic approaches, are dedicated to a specific language.

Arabic language is considered among the well spread languages over the world where many
humans are interested with because either to their Arabic original or because they are
Muslims. Unfortunately, Arabic has, up to now, not received the suitable attention owing to
may reasons such as: the complexity of the language where there is a rich repertoire of
vocabulary with many indicating for the same indicated. Moreover, in terms of derivation and
fluctuation where we need to consider affixes like suffixes and pre-fixes, Arabic is among the
scarce languages that include infixes revealed for instance in broken plural. Diacritics which
replace vowels in latin and Germanic languages give more difficulty to automatically process
of Arabic.

Al-Quran, the holly book, the book of God, or the parole of God, is a valuable book
regarding the Muslim background and culture. Indeed, from this book, including 114 Surrah
(or chapters), Muslims extract their laws and rules to well live this life considered as a
preparation for another continuous life coming later where all humans will be directed forever
either to hell or to paradise regarding their actual works.

Unfortunately, Al-Quran, coming in Arabic, as its original language, and translated so far to
many human being languages, is not completely interpreted by Muslims. Although its
principles and laws are staying unchangeable, its comprehension over years needs to be
continuously treated by the novel generations without any deviation from its general context
range designated by the last prophet on behalf of God.

Our work is a tentative to extract knowledge from Al-Quran through designating some
structural rules using some Arabic signal in order to generate these rules. Although it is
difficult to process Al-Quran automatically owing to its sensible aspect ‘Parole of God’, we

try to do the job carefully considering the De Saussure vision through processing the language



as it is and not as it should be. So, we process Al-Quran not to check its validity but in order
to learn from it and may be considered later as a reference to check any text written in
Arabic.

To the best of our knowledge, a lot of works published in the literature is dedicated to build
prototypes as Question-Answering systems based only on structure and morphology without
addressing the semantic level. By this work, we directly address the meaning level through
extracting knowledge and rules from Al-Quran. The results achieved are encouraging, as
preliminary results, but they need to be well analysed and interpreted in order to open avenues

to ask other questions and so on.
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General Introduction

Natural Language Processing and text mining, appeared recently as two scientific
fields helping to understand by machines human being languages, are addressed in
this master dissertation in order to discover knowledge from Al Quran. Indeed, Al
Quran, with its 114 chapters, maybe considered as a valuable resource to be mined
and analysed. For doing so, the machine needs firstly to understand Arabic language.
Although the difficulties tied to this human language, we try then to design and build
an automatic application for Al Quran processing. Consulting of the literature reveals
that the majority of proposed systems dealing with Al Quran are qualified as question-
answering systems. For us, our initial idea is to develop an application allowing to
extract concepts and concept-definitions from Al Quran. This first purpose was
moving to other additional aspects such as designating the common intersection
between the definitions of the same concept.

This manuscript is organised as follows: In the first part titled ‘state of the art’, we
have two chapters: the first one ‘Natural Language Processing’ gives an overview
about NLP aspects and basic concepts. The second chapter ‘Arabic NLP and
Automatic processing of Al-Quran’ presents the specificity of Arabic language to be
taken into account, we also talk about Al Quran processing and the various proposals
from the literature as well as the different operational systems may exist. The second
part titled ‘Contribution’ includes two chapters: ‘Analysis Requirement and Design’
and ‘Implementation’. The first chapter explains how we conceive our prototype
while the second one reveals how we develop it.

Some perspectives are given in the last of this dissertation for ulterior possible

improvement.



Part 1:
State of the art



Chapter 1:

Natural Language
Processing



1. Introduction

Natural language processing (NLP) is a multidisciplinary field that includes linguistics,
Computer science and machine learning with the goal of developing computers

Technology that automatically analyzes, understands and generates human language
Content[1]. For example, NLP can be used to translate sentences from one language to
another On the other hand, we build conversational systems [2] that automatically converse
with users, convert speech to text and create summaries .

The vision of NLP is to create machines that can read, understand and integrate A vast
amount of human knowledge helps us complete routine or repetitive tasks [3], such as:
Provide personalized summaries of books, news articles or academic papers[4],[5]. In the era
of big data, the amount of text information available on the Internet is increasing.

As the spread of NLP rapidly increases on the Internet, it becomes increasingly important, and
not just in a general sense knowledge, but also in the scientific literature [4].

Early NLP research focused on developing manual rules to transform linguistic units, but this
proved challenging due to high variability and ambiguity of human language. This led to the
development of statistical methods, which has become increasingly common in recent
decades [6]. Sparse lexical features, such as co-occurrence Word window statistics are used as
input to the standard planar linear representation Classification algorithms such as support
vector machines or logistic regression. this The availability of large amounts of training data

1s critical to the success of these measures method.

2. The Evolution and Impact of Natural Language Processing

Natural Language Processing (NLP) has undergone significant evolution, from early rule-
based systems to modern advanced deep learning models. This transformation has
revolutionized human-computer interaction, enabling machines to understand and generate
human language with remarkable accuracy. The impact of NLP spans various industries,
enhancing efficiency and providing insightful data analysis. Despite facing challenges like

language ambiguity and biases, ongoing research aims to develop more generalizable and



ethical models, integrating NLP with other Al technologies to create comprehensive and
context-aware systems.

The journey of NLP began in the 1950s with rule-based systems, which relied on manually
crafted linguistic rules for tasks such as syntactic parsing and rudimentary translation. A
notable milestone was the Georgetown-IBM experiment in 1954, which demonstrated the
potential of automatic translation by converting over sixty Russian sentences into English [5].
This era laid the foundation for NLP as a distinct field of study.

The 1980s and 1990s marked a paradigm shift with the introduction of statistical methods in
NLP. Researchers began leveraging probabilistic models and statistical techniques to learn
language patterns from large text corpora. This period saw the development of algorithms for
part-of-speech tagging, named entity recognition, and machine translation, significantly
improving the accuracy and efficiency of NLP tasks [5].

The advent of deep learning in the late 2000s revolutionized NLP further. Deep learning
models, particularly Recurrent Neural Networks (RNNs) and Convolutional Neural Networks
(CNNs), enabled handling sequential data and complex linguistic structures. However, the
introduction of the Transformer architecture by Vaswani et al. (2017) truly transformed the
field. Transformers, with their self-attention mechanisms, allowed for parallel processing of
text sequences, leading to significant advancements in language understanding and generation
[6].

The development of Transformer-based models like BERT (Bidirectional Encoder
Representations from Transformers) by Google and GPT (Generative Pre-trained
Transformer) by OpenAl has set new benchmarks in NLP. BERT, introduced in 2018, brought
the concept of bidirectional context, allowing models to understand the meaning of a word
based on its context from both left and right [7]. GPT-3, released in 2020, took generative
modeling to new heights with its 175 billion parameters, enabling it to perform a wide array
of language tasks with minimal fine-tuning [8].

NLP has found applications in numerous fields, profoundly transforming how we interact
with technology and process information. In communication, chatbots and virtual assistants
like Siri, Alexa, and Google Assistant use NLP to provide intuitive user interfaces,

understanding and responding to user queries [9]. In healthcare, NLP analyzes clinical notes,
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research literature, and patient records, aiding in disease diagnosis, treatment planning, and
extracting valuable insights from unstructured data [10]. The legal industry benefits from NLP
through automated document analysis, contract review, and legal research, while in finance, it
is employed for sentiment analysis, fraud detection, and automated trading [11].

Despite its advancements, NLP faces challenges such as the inherent ambiguity and
variability of human language, which can lead to misinterpretations by machines. Ensuring
the ethical use of NLP, particularly in avoiding biases that can be encoded in data, is another
critical concern. Bias in NLP models can perpetuate stereotypes and result in unfair treatment
of certain groups [12].

Future research aims to develop more generalizable and interpretable models that can
understand and reason about language in a human-like manner. Ensuring the ethical use of
NLP involves creating models that are transparent, fair, and accountable, minimizing biases
and promoting inclusivity. The integration of NLP with other Al fields, such as computer
vision and robotics, holds promise for creating more comprehensive and context-aware
systems [12].

The continuous evolution of NLP highlights its pivotal role in advancing artificial intelligence
and its potential to transform how we interact with and utilize technology in our daily lives

and professional activities.

3. NLP Tasks

3.1. Sentiment Analysis

Sentiment analysis, also known as opinion mining, is an important task in natural language
processing (NLP). The purpose is to determine whether the mood expressed within the text is
positive, negative, or neutral. This task is often used to measure public opinion, customer
satisfaction, and brand awareness. When monitoring social media, sentiment analysis can help
businesses understand public opinion about their products and services. By analyzing tweets,
posts, and comments, companies can gain insight into customer opinions and proactively

address issues [13]. In finance, sentiment analysis is used to analyze news articles, blogs, and



social media to predict market trends and help investors make informed decisions[14].

Various linguistic methods are used in sentiment analysis. One common approach is the
dictionary-based approach, which is based on a predefined list of words with known
sentiment values. This approach calculates the sentiment score of the text based on the
number of occurrences and sentiment strength of these words. Another approach is the
machine learning-based approach, where a labeled dataset is used to train classifiers such as
support vector machines (SVM), naive Bayes, or deep learning models such as recurrent
neural networks (RNN) and convolutional neural networks (CNN) to predict sentiment [50].
There are a variety of systems and tools that use these linguistic approaches to perform
sentiment analysis. For example, VADER (Valence-Aware Dictionary and sEntiment
Reasoner) is a lexicon-based tool for sentiment analysis on social media. It is well suited for
handling informal language commonly found on social platforms[51]. On the other hand,
BERT (Bidirectional Encoder Representations from Transformers) is a Transformer-based
model that has been optimized for sentiment analysis tasks and has shown state-of-the-art
performance on various benchmarks|7].

When it comes to customer feedback, tools such as Sentiment140 analyze tweets to determine
customer sentiment towards a product or service. Financial companies use the Thomson
Reuters MarketPsych Index to analyze news and social media sentiment to predict stock
market movements. These systems integrate lexicon-based and machine learning methods to

provide comprehensive sentiment analysis solutions[52].

3.2. Machine Translation

Machine translation (MT) is the task of automatically converting text from one language to
another. This task has made significant progress with the development of neural machine
translation (NMT) models, especially those based on the Transformer architecture [6]. NMT
models like Google's Translate service use large-scale parallel corpora to learn the mappings
between languages, resulting in translations that are more accurate and fluent compared to
earlier methods. Machine translation is crucial in breaking down language barriers, enabling

global communication and access to information, and is widely used in applications from



translating web pages and documents to facilitating multilingual customer support.

The dominant linguistic approach to modern MT is to use neural networks, specifically the
Transformer model. This architecture uses a self-attention mechanism to handle dependencies
between words in a sentence, allowing for better contextual understanding and, therefore,
more accurate translations[53]. Another approach, although more traditional, is phrase-based
translation, which breaks sentences into phrases and translates each phrase independently
before reassembling them into the target language. Rule-based translation systems based on
linguistic rules and dictionaries were once the standard approach, although they are less
common today.

Several systems and tools have effectively implemented these approaches. Google Translate is
one of the most widely used machine translation services, providing real-time translation for
numerous language pairs using advanced NMT models[54].

Machine translation is essential to breaking down language barriers and enabling global
communication and access to information. It is used in many different applications, such as
translating web pages and documents, enabling multilingual customer support, and real-time

communication through translation applications.

3.3. Named Entity Recognition (NER)

Named Entity Recognition (NER) is the task of identifying proper nouns in text and
classifying them into predefined categories (e.g., names of people, organizations, locations,
dates, etc.). NER is essential for extracting structured information from unstructured text,
making it useful in numerous applications. In information retrieval, NER helps improve
search engines by identifying the key entities in a document so that it is better indexed and,
therefore, gives more accurate and relevant results. For example, if a search engine recognizes
the names of people, organizations, or locations in documents, then content can be more
precisely indexed, producing more relevant responses to user queries[15]. In the legal and
financial industries, NER is used to extract important details from contracts, agreements, and
reports, facilitating faster and more accurate document analysis [11].

Early named entity recognition methods relied heavily on rule-based systems and hand-



crafted lexicons. These methods provide high accuracy but require a lot of manual work and
are not scalable. For example, hand-crafted grammar rules have been used to identify and
classify entities based on language patterns and context[15].

Machine learning methods, especially those based on sequence labeling models such as
conditional random fields (CRFs) and hidden Markov models (HMMs), have been widely
used for NER tasks. These models learn from annotated data to identify entities and their
categories in text. For example, CRFs have been shown to effectively model the sequential

nature of text and capture dependencies between labels[55].

3.4. Question Answering

Question answering (QA) systems are designed to automatically respond to questions posed
in natural language. These systems can be open-domain, answering questions on a broad
range of topics, or closed-domain, focusing on a specific area, such as customer support or
medical information. Modern QA systems leverage large-scale pre-trained language models
such as BERT and GPT to understand context and generate accurate answers [7]. These
systems are used in virtual assistants and chatbots, enhancing their ability to provide relevant
and accurate information to users. In educational settings, QA systems help students by
providing quick answers to their queries, supporting their learning process.

Traditional QA systems typically rely on information retrieval (IR) techniques to find the
most relevant documents that may contain the answer [17]. The system then extracts possible
answers from these documents and ranks them. This approach involves multiple steps,
including query processing, document retrieval, and response extraction.

Knowledge-based QA systems use structured data from knowledge bases (such as Wikidata or
DBpedia) to generate answers [56]. These systems map user queries to entities and relations
in the knowledge base, enabling precise and factual answers. For example, a query about the
population of a city can be answered by retrieving relevant data from the knowledge base.
Recent advances in neural network models, especially those using Transformers, have
revolutionized QA systems [6]. Models such as BERT and GPT-3 are trained on large datasets

and can understand query context better than traditional methods. These models use deep



learning techniques to generate coherent and contextually relevant answers. For example,
BERT uses a bidirectional attention mechanism to capture context from both directions,

resulting in more accurate understanding and response generation.

3.5. Text Summarization

Text summarization is the task of compressing a long text into a shorter version while
retaining the necessary information. This can be achieved through extractive methods, which
select key sentences from the original text, or abstractive methods, which generate new
sentences that convey the main ideas [16]. Text summarization is particularly useful for
professionals who need to understand information but do not have enough time to read long
reports or articles. For example, news aggregators use summarization to provide concise news

briefs, allowing readers to quickly grasp the main points.

3.6. Information Retrieval

Information retrieval (IR) is the task of retrieving relevant information from a collection of
documents or data sources in response to a user query. NLP techniques are employed to
improve the effectiveness of information retrieval systems by analyzing and understanding
the content of documents. This includes techniques such as keyword extraction, which
identifies important words or phrases in a document to represent its content and facilitate
indexing and searching [17]. Information retrieval systems powered by NLP enable users to
quickly access and retrieve relevant information from large document collections, thereby

improving productivity and decision-making.

3.7. Cross-language Information Retrieval

Cross-language information retrieval (CLIR) is a key area of information retrieval that
focuses on retrieving information written in different languages from a query language. The
field is particularly important in the context of global information access, where users seek

information from different language backgrounds.
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CLIR systems allow users to query in one language and retrieve relevant documents in
another. This skill is critical in a multilingual world, as valuable information is often spread
across multiple languages. For example, an Arabic-speaking researcher may be interested in
retrieving scientific articles written in German or Chinese. CLIR bridges this language barrier

and provides a mechanism to access information that would otherwise be inaccessible [18].

3.8. Keyword Extraction

Keyword extraction is the task of identifying important words or phrases in a document that
represent its content and main topic. This task is crucial for summarization, indexing, and
categorization of documents. NLP techniques are used to analyze the frequency, location, and
context of words in a document to determine their importance and relevance. Keyword
extraction helps identify key concepts and topics in documents, allowing users to quickly
grasp the main ideas and extract valuable insights [19]. In information retrieval and document
analysis, keyword extraction helps with indexing and searching, and improves the efficiency

and accuracy of information retrieval systems.

4. Language Models - Probabilistic Language

Language models (LMs) are fundamental to natural language processing as they provide a
framework for understanding and generating human language. Probabilistic language
modeling involves estimating the likelihood of a sequence of words, enabling a variety of
NLP tasks such as speech recognition, machine translation, and text generation. These models
assign probabilities to sequences of words based on how likely they are in a given context,
learned from a large corpus of text. By capturing the statistical properties of language,
language models can predict the next word in a sentence, correct grammatical errors, and
even generate coherent and contextually appropriate text.

Probabilistic language models function by calculating the joint probability of a sequence of
words. For example, given a sequence of words wq,w,,..., w, the model computes the
probability P(wy, w,, ..., wy).This probability can be decomposed using the chain rule of
probability into

11



P(wy). P(wy|wy). P(ws|wy, wy)... P(Wp|Wy, Wy, ..., Wp_1).
The complexity of this computation increases with the length of the sequence, making it
difficult to model long-range dependencies without sophisticated techniques. To manage this
complexity, various approaches to language modeling have been developed. These range from
simple n-gram models, which consider only a fixed number of previous words, to advanced
neural network-based models, which can capture more complex dependencies and longer
contexts. The effectiveness of these models is evaluated using metrics such as perplexity,
which measures how well a model predicts a sample of text. Lower perplexity indicates better
predictive performance, making it a critical measure in developing and refining language

models [20].

4.1. The n-gram model

The n-gram model is a prevalent type of language model employed in various natural
language processing (NLP) tasks. It operates based on the Markov assumption[21] , which
posits that the probability of a word depends only on a finite number of preceding words.
Specifically, an n-gram refers to a contiguous sequence of n words. For instance, a bigram
comprises two words, while a trigram comprises three words (as shown in Figure 1). These n-
grams facilitate the estimation of the probability of a word given its preceding context,

thereby enabling the prediction of subsequent words in a sequence.

1 :(This|is @sentence unigrams: 5

sentence

N

this is,

N = 2 :[This|is|a|sentence| vigrams: isa,

a sentence

N = 3 :[Thislis al|sentence| tigrams: 52

Figure 1: An illustration of n-grams
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To calculate the probability of a word in an n-gram model, we count the occurrences of n-
grams within a training corpus. The probability of a word given its context is then estimated
as the frequency of the n-gram sequence divided by the frequency of the preceding (n-1)-
gram sequence. For instance, in a trigram model, to calculate the probability of a word w3
given the preceding words wl and W2 , we count the occurrences of the
trigram(w,, w,, w3 ) This probability can be represented as (w3 |wy, wy).

By applying the Markov assumption[21], the n-gram model simplifies the computation of
probabilities by considering only a limited context window. However, this approach has
limitations. As the value of n increases, the model becomes more sensitive to the sparsity of
training data[5]. This sensitivity arises because a large amount of training data is required to
accurately estimate the probabilities of less frequent n-grams. To address this issue, various
smoothing techniques are employed in n-gram models[5]. Smoothing methods, such as add-
one smoothing, backoff, and interpolation, adjust the probability estimates by redistributing
probability mass from more frequent n-grams to less frequent ones.

In summary, language models assign probabilities to sentences by leveraging the Chain Rule,
the Markov assumption, n-grams, and other techniques. These probabilistic models play a
crucial role in various natural language processing tasks, providing valuable insights into

sentence structure and aiding in diverse NLP applications.

4.2. Word Embeddings

Word embedding is a method employed in text analysis to represent words. It entails
assigning a real-valued vector to each word, capturing its meaning in a way that promotes
similarity between words of similar meanings in the vector space. The proximity of two
words in the vector space indicates their likelihood to share similar meanings[5]. Techniques
such as language modeling and feature learning are utilized to generate word embeddings,
converting words or phrases from the vocabulary into numerical vectors. This process
facilitates computational analysis and modeling tasks by representing words as real-valued
numbers. These vectors contain semantic and syntactic information about words, aiding

machines in processing and understanding natural language more effectively[22].
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Word embeddings are typically learned from large text corpora using unsupervised learning
methods like Word2Vec[23], GloVe[24], or FastText[25]. These methods create vector
representations by considering the context in which words appear, assuming that words with
similar meanings will occur in similar contexts. One of the primary advantages of word
embeddings is their ability to capture semantic relationships between words. For example, in
a well-trained word embedding space, the vectors for "king" and "queen" would be close to
each other, indicating their semantic similarity. Similarly, the vector for "man" might be closer
to the vector for "woman" than to the vector for "car."

Word embeddings have proven valuable in various NLP tasks, enhancing the performance
of applications like text classification, sentiment analysis, named entity recognition, machine
translation, and information retrieval[21]. By representing words as continuous vectors, word
embeddings enable algorithms to better capture word meaning and context, leading to
improved performance in these tasks. Moreover, word embeddings can capture analogical
relationships between words. For instance, in the embedding space, the vector resulting from

n

the equation "king" - "man" + "woman" would be close to the vector representation of
"queen,” enabling computational models to perform analogical reasoning tasks.

In practice, pre-trained word embeddings are often used, leveraging large-scale corpora and
sophisticated training algorithms. These pre-trained embeddings can be readily employed in
various NLP applications, saving time and computational resources. Word embeddings
provide a compact and meaningful representation of words in NLP tasks, capturing semantic
relationships and contextual information to enable algorithms to understand and process

natural language more effectively. The use of word embeddings has become standard practice

in many NLP applications, driving advancements in the field.

5. Text mining

Text mining, also known as text data mining or text analytics, is the process of extracting
meaningful information and insights from unstructured text data. It uses various techniques
such as NLP, machine learning, and information retrieval to transform raw text into structured

data suitable for analysis and decision making. With the increasing availability of digital texts
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such as emails, social media posts, online reviews, and research articles, the importance of
text mining has grown exponentially.

The main goal of text mining is to discover patterns, trends, and relationships in large
amounts of text data. This is achieved through several key tasks, including information
extraction, sentiment analysis, topic modeling, document clustering, and text classification

[26].

5.1. Text mining tasks

5.1.1 Information extraction

Information extraction is a fundamental task in text mining, which involves identifying
specific information from text, such as names of people, organizations, places, dates, and
other entities. Named entity recognition is a common method for accomplishing this task,
which allows the system to accurately locate and classify named entities in a text[27]. This is
particularly useful for a variety of applications, such as creating structured databases from
unstructured text, improving search engine functionality, and improving information retrieval

systems .
5.1.2. Topic modeling

Topic modeling is another important task in text mining, which involves discovering
underlying themes in a collection of documents. Techniques such as Latent Dirichlet
Allocation (LDA) are often used to identify topics based on the co-occurrence patterns of
words in a text[28]. Topic modeling helps organize and summarize large text corpora and

facilitates the understanding of major themes and trends .
5.1.3. Document clustering
Document clustering is the process of grouping similar documents based on their content.

This task is very useful for organizing large amounts of text, making document retrieval
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easier, and improving search engine performance. Clustering algorithms such as K-Means and

hierarchical clustering are used to identify and group related documents [29].
5.1.4. Text classification

Text classification assigns predefined categories or labels to documents based on their
content. This task is crucial for various applications such as spam detection, message
classification, and sentiment classification. Machine learning algorithms such as support
vector machines (SVM), decision trees, and neural networks are widely used for text

classification tasks [30].

6. External Semantic Resources

External semantic resources play a key role in improving the capabilities of NLP systems by
providing structured information that can be used to better understand and analyze text. These
resources provide valuable contextual and semantic information that can improve various

NLP tasks [31].

6.1. Ontologies

Ontologies are formal representations of knowledge in a given domain, consisting of a set of
concepts and the relationships between them. They are used to model the structure of
information and enable machines to understand the meaning of terms and their relationships.
Ontologies enable more accurate information extraction and retrieval by providing a semantic

framework that guides the interpretation of text [32].

6.2. Dictionaries

Dictionaries, which provide definitions and contextual usage of words, are another important
semantic resource. They support various NLP tasks by providing accurate word meanings and
linguistic properties, helping with tasks such as disambiguation and part-of-speech tagging

[33].
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6.3. Citations

Citations are references to other texts that provide additional context, background
information, and confirmation of facts. In academic and research contexts, citations are
critical to understanding the source and credibility of information. NLP systems can use
citation networks to analyze the influence and relevance of scientific papers, enabling more
effective literature retrieval and knowledge discovery [34]. Citation analysis helps identify
important works and trends within a field and facilitates the retrieval of relevant documents

based on citation patterns[35] .

6.4. Wikipedia

As a collaborative online encyclopedia, Wikipedia is a comprehensive and up-to-date
knowledge base covering a wide range of topics. Due to its rich semantic content and network
structure, it is widely used in NLP tasks such as entity association, text classification, and
knowledge extraction [36]. Wikipedia provides a rich repository of structured information,
including infoboxes, categories, and hyperlinks, which can be used to improve the
performance of NLP systems by providing detailed and diverse context for various terms and

entities [37].

6.5. WordNet

WordNet is a popular lexical database that categorizes English words into sets of synonyms
called synsets, it also has a variety of semantic relations between these synsets, including
hypernyms, hyponyms, and meronyms. WordNet is beneficial for enhancing the semantic
understanding of words and their relationships in text, this supports tasks like word sense
disambiguation, semantic similarity measurement, and information retreival [38]. By
providing a comprehensive network of word definitions and connections, WordNet increases

the complexity and context of text processing.

17



7. conclusion

In this chapter, we explored the field of Natural Language Processing (NLP),This overview
demonstrates NLP's crucial role in enabling machines to understand and generate human

language, fostering advancements across multiple domains.
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Chapter 2:

Arabic NLP and
Automatic processing of
Al-Quran



1. Introduction

Arabic Natural Language Processing (ANLP) concerns itself with the processing and
understanding of Arabic language using computational methods. This particular area in NLP
deals with the difficulties in processing Arabic texts due to the complexity of its syntax,
richness of morphology as well as diverse dialects involved. The implication of this scenario
is that Arabic NLP has become increasingly important due to the high amount of Arabic
digital content that is now available online as well as the necessity for more sophisticated
tools to assist with its processing and analysis.

Al-Quran processing is an Arabic NLP subfield that defines analyzing, interpreting, and
extracting meaningful information from Al-Quran, the Holy Book of Islam. Most of the
approaches of study may involve different techniques and methodologies pertinent to the
Quranic Arabic unique linguistic, stylistic, and structural characteristics.

Arabic of Al-Quran shows several characteristic linguistic traits that make it differ from
Modern Standard Arabic (MSA) and other Arabic dialects: the distinct syntactic
constructions, overuse of the classical vocabularies, and stylistic features such as rhyme and
rhythm; the language of Al-Quran demonstrates a very high degree of morphological
complexity. Words are often richly inflected and derived. These characteristics make this type

of task computationally difficult and resource-intensive.

2. Arabic NLP

2.1 Linguistic Challenges in Arabic NLP

Arabic presents multiple linguistic challenges which compared with other languages, makes
natural language processing tasks more complicated. Illustrations of these challenges are in
the following list:

1. Morphological Complexity: Arabic is a derivational-intensive language with rich
morphology. Words are often formed by combining roots, prefixes, suffixes, and infixes,

leading to a good deal of possible word forms. For example, the root "—-<-&" can generate
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several words like "<X" (he wrote), "<i" (he writes), "<—iS«" (office), and "<X" (books) [39].
This great morphological richness calls for insensitive and sophisticated morphological
analysis of stemming techniques to process and interpret Arabic text accurately.

2. Dialectal Variation: Arabic has numerous dialects, and they may greatly vary from the
Modern Standard Arabic (MSA) in which writing and media are done. Every dialect is
characterized by vocabulary, grammar, and even pronunciation differences, further
complicating the development of NLP tools requiring handling different varieties of Arabic.
For instance, the word for "how" is "kayfa" in MSA, "kif" in the Levantine Arabic, and
"izzay" in the Egyptian Arabic[40]. Developing NLP systems which can process those
dialects accurately, switch between them and the MSA, is a significant challenge.

3. Ambiguity and Lack of Vowels: By nature, Arabic script is written without its short
vowels, so high ambiguity is one of the hallmarks of reading it. For example, the word "<X"
could mean "kataba" (he wrote), "kutub" (books), among others, depending on the context.
This ambiguity requires advanced disambiguation techniques to accurately identify the
intended meaning of words and sentences [39] like context information, part-of-speech
tagging, and morphological analysis.

4. Grammar and Sentence Structure: Arabic grammar is complex and flexible, with
varying word order and sentence structure. While MSA generally follows a Verb-Subject-
Object (VSO) order, Subject-Verb-Object (SVO) is also common. In addition, Arabic offers
considerable flexibility in sentence construction, which can result in multiple valid syntactic
interpretations of the same sentence. This variability requires powerful syntactic analysis
techniques to accurately analyze and generate Arabic text [41].

5. Orthographic variation: The Arabic script itself can vary in spelling and encoding. For
example, the letter "<" (3#) can appear in different shapes and positions, which can affect the
interpretation of words. In addition, variations in spelling and diacritics can introduce
additional complexity, requiring a normalization process to ensure consistent treatment of the

script [39].
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2.2. Key Arabic NLP Tasks

1. Tokenization and Morphological Analysis: Tokenization is part of segmenting text
into words, and morphological analysis is necessary to break down the morphemes
comprising a word into its constituents such as roots, prefixes or suffixes. The Buckwalter
Arabic Morphological Analyzer is one tool that people use extensively and another popular
option is Farasa segmenter[42].

2.  Part-of-Speech Tagging: This is a process in which one allocates grammatical
classes, for example, noun, verb, adjective, to every word in a sentence. Part-of-speech
tagging in Arabic needs special models that take into consideration the morphological
complexity of the language[43].

3. Named Entity Recognition: NER is an Al technology that identifies and classifies
entities like names of people, organizations, locations, and dates that are present within a
text. For Arabic to be effective, its NER systems would need to cater for the languages rich
morphology as well as its diverse dialects[44].

4.  Machine Translation: The translation of text between Arabic and other languages is
a critical application of Arabic NLP. The modern systems for machine translation use neural
network-based models, such as the Transformer architecture, which attains significant
improvements in translation quality[43].

5. Sentiment analysis: This involves identifying the sentiment or emotional tone that is
communicated in Arabic text. The systems for Arabic sentiment analysis must deal with

variations in dialect and nuances of language in expressing feelings[45].

2.3. Applications of Arabic NLP

Arabic NLP has many uses in different areas, and here we discuss specific applications, their

importance, and challenges.
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2.3.1. Information Retrieval

IR systems for Arabic are designed to fetch relevant documents in response to user queries.
These systems must handle the morphological richness and syntactic complexity of Arabic.
Techniques such as stemming, which reduces words to their root forms, and advanced ranking
algorithms are employed to improve retrieval accuracy [46]. For example, search engines
tailored for Arabic content need to understand different word forms and syntactic structures to

provide accurate search results.

2.3.2. Question Answering

QA systems aim to provide precise answers to user queries posed in natural language. For
Arabic, these systems must handle the language's complexity and variability. QA systems
often use information retrieval techniques to find relevant passages and natural language
understanding models to extract answers. Recent advancements involve deep learning models
that understand context and nuances in the Arabic language, providing more accurate answers

[47].

2.3.3. Text Summarization

Text summarization involves creating concise summaries of longer Arabic texts while
retaining the essential information. This task can be extractive, where key sentences are
selected, or abstractive, where new sentences are generated to summarize the content. The
morphological and syntactic diversity of Arabic makes this task challenging. Advanced
models like sequence-to-sequence neural networks have been used to generate coherent and

contextually appropriate summaries[48].

2.3.4. Keyword Extraction

Keyword extraction identifies significant words or phrases within Arabic texts that capture the
main topics. This task is crucial for indexing, tagging, and information retrieval. Techniques

include statistical methods, such as TF-IDF (Term Frequency-Inverse Document Frequency),
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and more sophisticated machine learning approaches. The richness of Arabic morphology

requires these systems to effectively disambiguate and accurately identify keywords [49].
3. Automatic Processing of Al-Quran

3.1. Applications of Al-Quran Processing

3.1.1. Information Retrieval

Information retrieval systems designed for Quranic texts aim to provide accurate and relevant
responses to queries posed in natural language. These systems are particularly useful for
scholars, researchers, and students who seek to find specific verses or themes within the
Quran. For instance, the Quranic Arabic Corpus provides a searchable database of the Quranic
text, enabling users to locate verses based on keywords or phrases [59]. Advanced IR systems
also incorporate semantic search capabilities, allowing users to search for concepts rather than

exact word matches, thus improving the retrieval of relevant information .
3.1.2. Cross-Language Information Retrieval

Cross-language information retrieval systems facilitate accessing Quranic information across
different languages. These systems allow users to query in one language and retrieve relevant
Quranic texts in another, bridging language barriers and enhancing accessibility. Such systems
are particularly valuable in multilingual contexts, enabling broader access to Quranic

knowledge for non-Arabic speakers[60] .
3.1.3. Question Answering

Question answering systems for the Quran aim to provide accurate responses to user queries
by understanding the semantic context of the questions and retrieving relevant passages.
These systems leverage advanced NLP techniques, including deep learning models, to
interpret questions and provide precise answers. Such systems are integrated into educational

platforms and virtual assistants, helping users find answers to their Quranic queries
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efficiently[47] .
3.1.4. Keyword Extraction

Keyword extraction systems identify key terms and phrases within the Quranic text,
facilitating tasks such as indexing, tagging, and thematic analysis. These systems help in
highlighting the most significant concepts and entities within the text, aiding in deeper
analysis and research. Such tools are essential for creating thematic indices and supporting

topic-based studies of the Quran [61].

3.2. Linguistic Challenges

Processing the Quranic text presents several unique linguistic challenges that distinguish it
from other types of text processing. These challenges arise due to the text's historical,
religious, and linguistic context.

® C(Classical Arabic

The Quran is written in Classical Arabic, a language form that differs significantly from
Modern Standard Arabic and various contemporary Arabic dialects. Classical Arabic features
complex grammatical structures, rich morphology, and a vast lexicon that includes many
words and expressions not commonly used today. For instance, the morphological richness of
Arabic means that a single root can generate numerous word forms through various
inflections and derivations [39]. This complexity necessitates specialized linguistic resources
and tools tailored to Classical Arabic to handle tasks such as tokenization, part-of-speech
tagging, and syntactic parsing accurately.

® Diacritics and Orthography

The Quranic text includes diacritics, which are critical for correct pronunciation and meaning
but are often omitted in other forms of Arabic text. Diacritics can change the meaning of
words significantly; hence, their correct handling is essential in text processing. Additionally,
the Quran employs a specific orthography with unique characters and symbols that must be
accurately processed to maintain the text's integrity[45].

® Semantic Complexity
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The Quranic text is semantically rich and often uses metaphorical and idiomatic expressions.
Understanding these expressions requires deep semantic analysis beyond simple lexical
matching. For instance, the text frequently employs metaphors, allusions, and allegories,
which can be challenging for computational models to interpret accurately. Researchers must
develop advanced semantic models that can capture these nuances and provide meaningful
interpretations [57].

® Contextual Interpretation

Verses in the Quran (ayahs) are often context-dependent, meaning their interpretation can
vary based on their placement within a chapter (surah) or in relation to other verses. This
interdependence requires systems to consider broader contextual information to accurately
interpret individual verses. Contextual dependencies make tasks such as machine translation
and semantic role labeling particularly challenging, as these tasks must account for the
broader discourse context to maintain accuracy [57].

® Dialectal Variations

Although the Quran is written in Classical Arabic, understanding its content and applying it to
contemporary contexts often involves bridging the gap between Classical Arabic and modern
dialects. This challenge is significant in applications such as information retrieval and
question answering, where users might pose queries in Modern Standard Arabic or dialects,
necessitating robust translation and normalization mechanisms [40].

® Ambiguity and Polysemy

The Quran contains a high degree of lexical ambiguity and polysemy, where words can have
multiple meanings depending on their context. This characteristic poses a challenge for word
sense disambiguation (WSD), an essential task for accurate text processing. Effective WSD in
Quranic processing requires leveraging extensive lexical resources and contextual information

to resolve ambiguities correctly [58].

4.Conclusion

In this chapter, we explored the unique challenges and recent advancements in Arabic natural
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language processing, emphasizing its linguistic complexity and the progress in machine
learning application, we also explored various aspects of Al-Quran processing, highlighting
the unique linguistic challenges posed by the Quranic text and the key areas of research and

application.
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Chapterl:

Requirement analysis and
design



1. Introduction

In this chapter we focus on the analysis and the design of our prototype with more details on
the development process without forgetting the functional architecture of the system as well
as the different diagrams helping to well define our future system.

Our aim is then to design and implement a system for automatic asking of Q’uran book trying
to extract the definitions of the essential concept maybe figured in the holly book.

We start our chapter then with presenting the motivation of our system in order to pass later to

the architectural and detailed conception.

2. UML

UML (Unified Modelling Language) is the language of graphical modelling.It appeared in the
software engineering realm in the context of object oriented paradigm.

UML is used to specify, visualise, modify and build documents required to well develop
object oriented applications through offering modelling standard to represent the architecture

of our futur application.

2.1. The advantages of UML

» UML is a formal and standardized language:
e a gain in precision
« a guarantee of stability

o the use of tools

» UML is a powerful communication medium

« It frames the analysis and facilitates the understanding of complex abstract

representations.

o Its versatile nature and flexibility make it a universal language.
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2.2. The disadvantages of UML

» Learning and adjustment period.

»  The process (not covered by UML).
3. Requirement analysis

3.1. Our approach

Our aim is to design and build an NLP system in order to extract the definitions of some
important concepts from Al-Quran. Indeed, this Islamic holly book contains a lot of religious
concepts to be defined and to be well understood by Muslims. Consulting of literatures
reveals that Qur’an has not been well processed. Indeed, there are just some works that deal
with this book of God and the majority of them focuses on syntactical and structural aspects
rather than the semantic one. Moreover, the majority of works may be considered as question-
answering systems employing some keywords. Few works have addressed the meaning and
the semantics but in the major of cases with considering some external semantic resources
either specific one such as EL-Hadith or general one like Arabic dictionaries.

We can classify our future system to two utilization modes: Off-Line using, aiming to extract
concept definitions and general rules from the whole of Al-Quran and On-Line using where
there is a user who comes and demands the service from the system. He/she demands the
definitions for a specific concept that he/she submits as well as asking a question and the
application has to answer.

To note that On-Line using is based on Off-Line one which extracts knowledge and save it as
a structured information to be asked later when the user either ask a question or demand
definitions for a submitted concept.

The key question to ask here is how to implement our idea of extracting definitions of
concepts from Qur’an. The answer for this question is that we consider some Arabic signals
like: «ad il ghy, «sn iy, an bl ol gan il oy on iy sn Glagy oa b Vi () Bl gy,

«& siy The definitions come before these signals where the associated concepts come later.

31



We can observe that there are two types of concepts: (i) a concept as a singular term such as
«us Ay, (to note that the majority of concepts are in plural form) and (ii) a concept as an
entire phrase like «4ll 52 (23, The last one may be considered also as a question whose the
answer is before the definition signal.
Moreover, for the same concept, we can find many definitions. Our next work is to ask the
question what the difference is between the definitions of the same concept, what is the plus
added in someone which does not exist in the other and what are the verses of common
vocabulary. Moreover, there are some advanced concepts that are built on some other basic
concepts with more details of definition such as: what comes in the «LOKMAN» chapter,
verses (3)-(4)-(5) :
‘o il gl 5 agr ) (0 538 o Gl (585 an 5 AVL a5 SIS 53505 BOal) () sy (Al Gl
In this instance, we have three concepts: two advanced concepts (maybe synonyms),
namely: ” a0 (0 s e “ (who are truly guided by their lord) and » ¢s~laall « (successful)

\“

and one basic concept, namely ¢ (xiwasl “ (good-doers)
Going in this context, we can master the Arabic language and discover the secrets of this
rhetorical language as linguistics do. Qur’an as a valuable resource does not require to be
checked but it is analysed and processed to learn from it.
Definition signal is not the only kind of signals that may exist in Qur’an, there are surely
other types of signals to generate synonymy relationship (or to answer a question «Question-
Answer phrase»). Unlike definition signal, the synonymy relationship usually considers two
separated signals such as:
% (to be read from right to left J«concept2+a+concept1+oi s», example:
7l il o 88 5
*  (to beread from right to left ) «concept2+2/2+conceptl+il», example:
"l (e dua e ple oo ey e
Pl g ol oo Jall) 255l o)
There are some signals to indicate general rules and laws such as:
% (to be read from right to left ) «phrase2-+—+phrasel+<s», given that: phrasel is a
premise (or a condition) and phrase2 is a conclusion, example:
I A sl i Al gy e
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These signals to generate rules maybe found also with concept-definition signals like:

70 sallall an Gl il 2 gas 2xy (e 5

3.2. Class diagram

During the analysis phase, the diagram represents the entity (the information) that the user

.utilizes. In the design phase, it represents the object structure of object-oriented development

Question_answering

+question
+answer
+premise
+conclusion

+answering_question()

Rules_Extraction categorisation Concept_definition
+signals +chapters +concept
+rules +Verses +definition
+extracting_rules() Fwords *signals
- +categorise() +designating_concept_definition()

Vocabulary search

+term
+VErses
+chapters

+localisation_of_term()

Figure 2: class diagram

4. Conclusion

In this chapter of requirement analysis and design, we focused on presenting in details our
approach aiming to extract knowledge from Al-Quran based on some rules we have
designated using some Arabic signals. Indeed, we have concept-definition association,

synonymy relationship, and some laws to be generated.
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1. Introduction

In this chapter, we focus on how to implement our prototype starting firstly with the
presentation of the considered development environment then we show in details the various
used tools as well as the different execution scenarios. We conclude the chapter with

presenting some preliminary results.

2. Development environment

In this section, we talk about JAVA as programming language we have used as well as Eclipse

as the development environment we have employed.

® JAVA

Java is a programming language belonging to the oriented object paradigm. Created by Sun

MicroSystems enterprise in 1995 and developed since 2009 by Oracle company, JAVA

technology is highly considered into the web owing to its portability aspect allowing to the

applications developed in this language to be deployed into networks no matter what the

considered machine architecture and the operating system.

JAVA has received a great attention from the software development community owing to the

following reasons:

» It is an oriented object language having common keywords with the C and C++
languages.

» JAVA has a rich library and it is extensible in that it is enough to archive an application as
a jar file to be considered as a library in the ulterior.

» Multi-thread programming, exceptions’ management, and the access to files and
networks are some advantages of the JAVA language.

» It is a multi-platform language ie. the applications are executed without any modification

no matter what the considered environment owing to the JVM machine.
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® XML

XML, or Extensible Markup Language, is a versatile format designed for storing and
transporting data. It utilizes tags to structure information hierarchically, making it both
human-readable and machine-understandable. XML's flexibility allows it to represent a wide
range of data types and is widely used in web development, data interchange, and
configuration files. Its adoption is driven by its simplicity, interoperability across different
platforms, and the ability to define custom tags tailored to specific data structures, making
XML a foundational technology in modern information systems.

e JDOM

JDOM, or Java Document Object Model, is a Java-based API for processing XML
documents. It provides an intuitive way to represent and manipulate XML data using Java
objects, allowing developers to easily navigate through XML structures, modify content, and
create new XML documents programmatically. JDOM simplifies XML parsing and
generation tasks by abstracting the complexities of low-level XML handling, making it a
popular choice for Java developers working with XML data in various applications, from web
services to data integration tasks. Its object-oriented approach enhances readability and
maintainability of XML processing code compared to traditional DOM or SAX parsers in
Java.

® Eclipse

Eclipse is a popular integrated development environment (IDE) used primarily for JAVA
programming, although it supports various other languages through plug-ins.It provides
developers with a compressive set of tools for writing, debugging, and testing JAVA
applications efficiently. With features like code completion, syntax highlighting, and project
management tools, Eclipse simplifies the development process and enhances productivity.
Additionally, its extensibility allows developers to customise their IDE with plug-ins for

specific tasks or technologies.
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3. Some Screen-Shots of our Prototype

In this section, we present some screen-shots of our prototype. Indeed, Figure 3 depicts the

home page of our system where there are some functionalities to ensure.
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Figure 3. The home Page.

Figure 4 gives some results answered by our system, as a basic function, for the word ‘<l ¢,
These results are all the verses, along with 114 chapters of Al-Quran, that include the word.
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Figure 4. Results of searching for the word * <b y,

Figure 5 shows the results given by our system according to the concept ‘csatiad’. These
results are all the definitions may exist in Al-Quran. For each definition, the system gives the
number of the associated verse and chapter as well as the signal considered for extracting this

definition.
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Figure 5. Results of definitions for the concept * (salial?,
Figure 6, associated to the menu ‘About’ gives detailed information about our application.

¥4 About This Application — O *

This application is designed to extract knowledge from Al-Quran. You can search for concepts and view their definitions, as u

well as search for specific verses. The application provides a user-friendly interface for exploring and understanding the contents

of Al-Quran.

Figure 6. the About Frame.

Figure 7 gives a screen-shot tied to question-answering part of the system where the user
gives a question (as a conclusion or a premise of the extracted rule) and the system answer
with a response (as the premise or the conclusion for the addressed rule) in this case we ask
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about 4V’ and the system answers with the conclusions in the figure below. These responses
are extracted from XML document of Figure 9.

g4 Question answer results — O x

Premise: Ul Conclusion: (118:J9%1) as I ol 4l

Premise: 44, Conclusion: (65:0 &) adall asedl

Premise: 4, Conclusion: (26:.) eall o=

Premise: “ll, Conclusion: (20: #2) jadl amedl

Premise: 48, Conclusion: (5:381) am J1 22l

Premise: 48, Conclusion: (64:=3_a 1) i Ja) juas 138 5 e ld 2S5 ) =
Premise: 4, Conclusion: (58:<i yIall) Jaiall 5 52l 3 31 ) )

Figure 7. Question-answering part of the system.

Figures 8 and 9 give the XML files that save the knowledge extracted considering the Off-
Line using mode. The first document contains knowledge about concept-definition while the
second one includes knowledge about premise-conclusion of the different found rules.
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v <concepts>
¥<concept>
<name> s el /name>
v<definitions>
v ¢<definition>
<content > =
<chapters>iallc/chapters
<verse»27</verses>
<signalyp <lsi</signal>
</definition>
v «definition>
<contentrase el boa 2yl e
<chapter < /chapters
<versey37</verses
<signal>= ilsi</signal>
</definition>
v<definition>
<content>dl 585 Juuly |ad
<chapter>2salic/chapter>
<verse>52</verser
<signal> dslc/signal>
</definition>
v <definition>
<contentrdl il 152 il /contents
<chapter>_ajli</chapter>
<verser63</verse>
<signalyp disi</signal>
</definition>
v ¢<definition>
<content>iadly
<chapter>i:di/chapter>
<verse>69</verses
<signalsp Ljisc/signals
</definition>
v¢<definition>
<contentra S oes ax gyl G
'</chapter>
<verse»121</verses
<signals» <lilEc/signal>
</definition>
v<definition>
<content>di= ax/content>
<chapter> =¥i</chapter>
<versex178</verser
<signalre <53 /signals
</definition>
v<definition>
<contentydls det sap B S e W9
<chapter>oaullc/chapters
<verse>9</verse>
<signal>» dilfic/signal>
</definition>
</definitions>
</concept>
¥<concept>
<name >l

0sASic /name>
v<definitions>
v ¢<definition>

<contentsipe & [

w1k g

S ooty Qe G 0l Lo gpeliy allle sy g Al e ey

S e S ey aaliay UE ol

e

o aiaey Zusll

drmgs wnkll o cmall A Gl fcontents

&b Lo aly lugd S ol € Ji¢Scontent>

S LS De, Slnls ity |l

/content>

slosy Ao AR O Comas ey ol

i Vel =iy 5 aS o 18 W e e/ contents

/content>

Figure 8. XML document which contains the concepts and their associated definitions.
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w<premise conclusions>
wopremise_conclusion>
<premis> s Ll fpremis>
<cconclusiomn> b 4 ic/conclusion>
<chapter>_dge</ chapter:>
cwerse>43« S verse>
< /premise conclusion>
wopremise_conclusion>
<premis>dl s premiss>
<«conclusion>sylic/fconclusion>
<chapter>i_all< fchapter>
Cwerse>128<  verse>
< /premise conclusion>
wocpremise__conclusion>
<premis>Sl < fpremis>
<conclusion> pSgell 2ol e alme e doar e adelicsconclusion>
<chapter =¥l chapter:>
<werser>ll7</Sverse>
< /premise conclusion>
wopremise conclusions>
<premis>& < premis>
<conclusion> pif=wll [defic/conclusion>
<chapter>s=lc /chapters>
<werser>llg9</Sverse>
< /Spremise conclusions>
wopremise conclusions>
<premis>-<dlc /S premis>
<conclusionrqc= " Sl conclusion>
cchapter > EaYie fochapters>
<werser>lls</Sverse>
< /Spremise_conclusion>
wospremise conclusion>
<premis>-<dlc S premis>
<conclusion>aldl ceddic fconclusions>
«chapter> oS chapter>
<werse>65</ versae>
< /Spremise_conclusion>
wospremise_conclusion>
<cpremis>=l < /premis>
<conclusion>_jzi=l sl conclusion>
<chapter>ass</chapter:>
<werse>66< S versae>
< /Spremise__conclusions>
wospremise_conclusion>
<premis><l < premis>
<conclusion>ald SPallcfconclusion>
<chapter>s=—=l</ chapter:>
<werse>86</ /versae>
< /Spremise__conclusions>
wspremise_conclusion>
<premis><l < premis>
<conclusion> pbeds 2def sas ales oo Jee g peicfconclusion>
<chapter>d=3l< /chapter>
<werse>1l25< S/ verse>
< /Spremise__conclusions>
wopremise_conclusion>
<premis> >t premi=s>
<cconclusion>iseadt  clic fconclusion>
<chapter>Jglsaic fchapter>

Figure 9. XML document which contains premises and conclusions of the found rules

4. Results

Our application allows to generate the following results:

Concept Signal Definition

Chapter and

verse
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5. Discussion, Conclusion and Perspectives

In this chapter of implementation, we have presented the tools we considered to implement

our prototype for knowledge extraction from Al-Quran as well as some screen-shots of the

application. Some valuable results have been given which open the avenue for other aspects

to be addressed. Unfortunately, we cannot compare the results with what exists in the

literature for the reason that we have processed Al-Quran differently. Our work has focused

mainly on concept-definition aspect where many definitions, for the same concept, have been

extracted. As a perspective, we think to post-process the obtained results in order to

51




distinguish the difference and the common points may exist between the returned definitions.
Many ideas in our minds impose their selves as future issues to be later addressed such as
considering Al-Quran style as a model correction in order to evaluate the quality of other texts

written in Arabic.

General Conclusion

In this work, we address Arabic natural language and especially Al-Quran. The majority of
the works may exist in the literature in this context of Al-Quran processing may be qualified
as question_answering systems. Indeed, Al-Quran is a valuable resource to be considered for
answer questions but the difficulty is how to process it in order to extract knowledge.

For us, we focused in extracting concept definitions from Al-Quran as an important way for
knowledge discovery and extraction. We have considered two using modes: Off-Line, in
order to extract knowledge and saving it in structured manner through an XML document,
and On-Line mode where our application may supply a service for a user through giving the
definitions for a submitted concept and answer some questions based on the found rules.

The obtained results are encouraging which leads us to explore other avenues in the context of

knowledge extraction from Al-Quran in our future works.
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