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INTRODUCTION 
 
 

In this section, we will present an overview of all the work carried out during 
the preparation of this thesis. We will start with an introduction to the context 
and motivation of our work, followed by a discussion of the problematic and 
the proposed methods, as well as the objectives and contributions. Lastly, the 
structure of this document and a brief description of each chapter will be 
provided to connect the various parts of this document. 

 
 
 

Context and motivation 
 

Authorship Attribution (AA) is one of the earliest research fields of 

computational linguistics and has a long history in identifying disputed or unknown 

authors. Several researchers were interested in many applications of the AA such as 

email authorship verification, categorizing harassing emails and anonymous messages 

in textual conversations and social media forensics, online criminality, etc. In addition, 

the AA can be used to identify the document sources, disputed authorship plagiarism 

detection in student dissertations, etc. 

The AA consists of studying the author writing style (or stylometry) to respond 

to the following question: Who is the author of this document? Accordingly, the 

suitable set of features is extracted and combined with the more reliable classification 

technique to find the right author. Over the years, numerous stylometric features have 

been explored and utilized in AA. These include sentence length, vocabulary richness, 

function words, punctuation marks, and characters/words n-gram. 

Motivated by the aim of improving Authorship Attribution rates in Arabic texts, 

both with and without diacritics, this work focuses on investigating new features and 

classification methods. 
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Objective and contribution 
 

The primary objectives of this thesis are as follows: 
 

 To explore the possibility and effectiveness of using character N-Gram 

models for the AA in Arabic texts. 

 To examine the most efficient classification algorithm and its performance 

in distinguishing between different authors’ writing styles in Arabic. 

 To offer models for studying ancient Arabic texts, and evaluate the 

robustness of the proposed methods with diverse Arabic text genres. 

 To provide insights into the challenges and opportunities inherent in 

automated AA for Arabic texts and suggest avenues for future research. 

Thesis organization 
 

This document is constituted of an introduction and three chapters as follows: 

The first chapter covers some generalities on Authorship Attribution as well as the 

different types of classification systems, the fundamental concepts of text exploration, 

stylometry, and text attribution, with a focus on the Arabic texts. 

The second chapter expose the research methodology adopted in this work, 

besides the proposed approaches and techniques for AA in Arabic specific text 

documents. 

In the third and last chapter, we will present the series of the AA experiments 

conducted on the textual database (or Corpus) that we conceived for this purpose, 

which contains two types of texts; dotted texts and dot-free (or dotless) texts. 



 

 

 
 
 
 
 
 
 
 
 
 

                                                  CHAPTER-1 
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                                ON AUTHORSHIP ATTRIBUTION 
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CHAPTER-1 
 

GENERAL INFORMATION ON AUTHORSHIP ATTRIBUTION 
 
 
 

1.1 Introduction 
 

The authorship attribution of an unknown or doubtful text is one of the oldest 

problems in applied statistics to literature. In this chapter, we introduce an overview of 

authorship attribution, followed by stylometry and automatic text categorization. 

Finally, definitions and some types of plagiarism are presented. 

1.2 Generalities on Authorship Attribution 
 

Authorship attribution (AA) is the process of identifying the likely Authorof a 

given document, given a collection of documents of known authorship. Attribution of 

authorship is becoming an important issue as the range of anonymous information 

increases with rapid growth in Internet use worldwide. Enforcement of authorship 

attribution includes detecting plagiarism, inferring authorship from inappropriate 

communications that sent anonymously or pseudonymously, as well as resolving 

historical issues of unclear or disputed authorship [1]. 

Attribution of authorship is the way to determine the Authorof of a text when it is 

not clear who wrote it. It is useful when two or more people claim to have written 

something. 

1.2.1 Author Attribution History 
 

In today’s digital age, where textual content is abundantly available online, 

including research papers, literary works, and user-generated text, the ease of 

reproducing and sharing these texts has significantly facilitated plagiarism and literary 

theft. To combat this, scholars have turned to a method known as "Authorship 

Attribution" (AA) to identify authors of anonymous or unattributed text and to verify 

authorship. 
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This approach traces back to the 19th century, with Mendenhall’s pioneering 

attempt in 1887 to identify authors based on their writing style. Subsequent exploration 

by Zipf and Yule using basic statistical methods laid the groundwork for further 

developments. With technological advancements, computational methods for AA have 

evolved, ranging from machine learning techniques to the more recent deep learning and 

transformer-based approaches. 

 

 
Figure 1.1 : A brief history of Authorship Attribution 

 
In the early 1960s, Mosteller and Wallace’s work marked a significant milestone 

in computer-assisted stylometry, forming the basis for various related fields such as: 

Authorship Attribution, Authorship Verification, Authorship Discrimination, 

Plagiarism Detection, and authorship profiling. 

The AA serves as a method for identifying the author of an unknown text, 

distinguishing between different writing styles, and resolving disputes over authorship. 

Authorship verification aims to determine whether a given text is authored by a specific 

individual. It is typically framed as a binary classification problem. Authorship 

discrimination involves assessing whether different texts share the same author [2]. 

1.2.2 State of the art 
 

Numerous studies have been conducted in the field of authorship attribution in 

recent years. With the increasing amount of documents on the Internet, and since most 

writings are anonymous, determining the authorship becomes important. The research 

focuses on different properties of texts. Two distinct properties of texts are used in 

classification: the content of the text and the author’s style. 
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Statistical analysis of literary style complements traditional literary scholarship 

because it provides a means to understand the often-intangible nature of the author’s 

style by quantifying certain characteristics. The majority of stylometric studies use 

linguistic elements, and most of these elements are lexical-based [3]. 

1.2.3 Author features 
 

The features employed in Authorship Attribution (AA) can be categorized into 

various groups: 

 Numeric values linked to words (such as word count, characters per word, 

frequency of character bi-grams/tri-grams within words), also known as lexical 

traits; 

 Values related to sentence syntax (frequency of function words, occurrence of 

mono/bi/tri-grams of these function words, or sequences of parts of speech); 

 Numeric values associated with larger units (such as paragraph count or average 

paragraph length), essentially structural traits; 

 Values associated with thematic content (word bags, keyword n-grams); 
 

 Specificities concerning individual practices (such as spelling or typing errors) 
 

Among these traits, some are specific to types of language and writing. If cutting 

a text into words is easy in certain cases (by defining a word as a string of characters 

surrounded by spaces), it is not a trivial task in Chinese or Japanese. Approaches 

exploiting character n-grams appear to be the simplest for processing any language, as 

well as the most efficient [4]. 

The same trait can be attributed to several pairs (text, author), but each text and 

author do not share a large set of traits. Different sets of traits can be defined to represent 

texts (and by extension, to represent authors). Considering the existing methods of AA, 

two main categories of traits can be defined: 

 Offline traits: Traits considered a priori relevant for this task with prior 

knowledge, as widely described by Chaski (2001). These can be defined when 

the corpus to be processed has not yet been collected. 
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 Online traits: Traits defined during processing (in the case of supervised methods, 

based on training and test corpora, such as the character language model 

described by Peng et al. (2003)). These can only be defined when the corpus to 

be processed is complete. 

Online traits naturally refer to the notion of language independence; no a priori 

assumptions are made before processing the corpus, and no external linguistic resources 

are exploited. The method described in this article follows this principle [4]. 

1.2.4 Author Attribution Steps 
 

A complete author attribution process involves several key steps: 
 

 Collection of texts: The texts, which are the observations to be classified, are 

collected. This may include short messages from social networks like Twitter, 

anonymous letters, contracts, checks, tags, wills, or administrative forms. 

 Feature Extraction: A feature extraction method is used to calculate the 

numerical or symbolic information from these observations. This can include 

techniques such as analyzing word frequency, sentence length, writing style, etc. 

Convolutional neural networks (CNN) and recurrent short- and long-term 

memory (LSTM) networks can be used to extract these features. 

 Classification or categorization system: The classification or categorization 

system uses the extracted characteristics to classify texts and identify the most 

likely author. This can be seen as a text classification problem, where supervised 

learning is used to train the classification models. 

These steps make it possible to determine the author of a text by comparing the 

characteristics of this text with those of other known texts [3]. 

1.3 Stylometry 
 

Modern technology, particularly computers, enables the analysis of the stylistic 

framework of a text when the author’s identity is disputed. Stylometric analysis, a 

method that uses computational techniques, allows for determining with a high degree 

of certainty whether a particular person is the author or not of a given work [3]. 
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1.3.1 Brief history of Stylometry 
 

The first mentions of stylometry to identify authors appeared in 1851. However, 

given the difficulty of the measurements to be carried out, the first credible studies had 

to wait for the arrival of modern computers, for their counting precision and their 

processing at high data speed. 

At the beginning of the 1980s, a team of researchers worked to refine and make 

more efficient the techniques of vitemetry. The work shows that the methods of counting 

and comparing different texts have been greatly improved. 

Stylometry continues to evolve towards ever-greater reliability and sensitivity; it 

has reached a level, which allows the implementation of a rigorous measurement 

technique, which gives reliable answers in the analysis of texts of several thousand 

words. ‘The same author, free flow . 

1.3.2 Definition of Stylometry 
 

Stylometry is the quantitative study of literary style using computational distant 

reading methods. It is based on the observation that each author tends to write in a 

relatively constant, recognizable, and unique manner. Stylometry combines techniques 

from linguistics and statistics to identify the style of textual documents. 

The style of a text is a characteristic of its broader context of writing, the author, 

era, and genre. Stylometry aims to show that a text is written in a style different from a 

collection of other texts. This differentiation allows, to some extent, to determine if an 

anonymous text was written by a specific author and to determine if a text was not 

written by a specific author. 

Stylometry uses various methods, statistical tests, machine learning, and deep 

learning, to assess the effect of linguistic features on authorial style. These methods 

involve analyzing features such as phraseology, punctuation, linguistic diversity, and 

parts-of-speech to identify the unique characteristics of an author’s writing. 
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The applications of stylometry are diverse, ranging from identifying the authors of 

anonymous texts to analyzing literary styles and historical contexts. It is used in various 

fields, the humanities, literature, and arts, to study and understand literary styles and 

writing contexts. 

1.3.3 Characteristics used in Stylometry 
 

Each individual has their own vocabulary, sometimes rich, sometimes limited. 

Although an extensive vocabulary is generally associated with quality literature, this is 

not always the case. Some people write in short sentences, while others prefer complex 

sentences with multiple clauses. No two authors use semicolons, dashes, and other 

punctuation marks exactly the same way. 

Identifying the author of an anonymous text, however, is one of the most common 

applications of stylometry. It is sometimes possible to discover the identity of the author 

of a text by measuring certain characteristics of that text, such as the average length of 

sentences or the ratio between the number of definite and indefinite articles. 

These measurements are then compared with those observed in texts whose 

authors are known. When we talk about non-contextual words, we refer to words that 

are often interchangeable or can even be omitted without loss of the general meaning of 

the text. These words contribute little to contextual information and are often 

consciously ignored by both the reader and the author. 

These words typically constitute 20 to 45% of the total text, which allows for a 

significant number of statistical choices, and the more statistical measures there are, the 

more reliable their results are [3]. 

1.4 Automatic Texts Categorization 

 
1.4.1 Definition of Text Categorization 

 
Text categorization involves seeking a functional relationship between a set of 

texts and a set of categories (labels, classes). This functional relationship, also known as 

a prediction model, is estimated through machine learning methods. 
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For this, it is necessary to have a set of previously labeled texts, called a training 

set, from which we estimate the parameters of the most accurate prediction model 

possible, meaning the model that produces the fewest prediction errors [5]. 

1.4.2 History of Text Categorization 
 

Text categorization is quite an old discipline. In 1627, Gabriel Naudé proposed a 

classification based on five main themes: theology, jurisprudence, history, sciences and 

arts, and belles-lettres. The desire to master the universe was evident in the 

multiplication of encyclopedias. Diderot’s encyclopedia (published between 1751 and 

1772) was organized alphabetically with associative cross-references, while 

Panckoucke’s encyclopedia (published from 1776 to 1780) followed a methodical 

organization in a hierarchical order (Fayet & Scribe, 1997). 

The thematic classification system, which appeared at the dawn of writing and was 

institutionalized in Alexandria, led to the creation of a "universal" classification system 

by Dewey in 1876. This system is a documentary classification of an encyclopedic type. 

However, the idea of classifying texts by machines dates back to the early 1960s and 

saw significant progress from the 1990s with the advent of much more efficient 

algorithms. 

Until the early 1980s, building a classifier required substantial human resources. 

Several experts manually edited rules and refined them during testing. The advent of 

machine learning resulted in significant time savings, as it was no longer necessary to 

reconfigure the entire system in case of a change in the hierarchical structure. These 

technological advancements and advanced algorithms have made categorization a 

reliable tool today. 

In the early 1990s, research mainly came from the Information Retrieval (IR) 

community. Digitization methods, classification algorithms, and testing methodologies 

were adapted to text categorization, particularly during the TREC (Text REtrieval 

Conference) events. The Machine Learning (ML) community also took an interest in 

this problem about ten years ago, considering it an application domain for pattern 

recognition algorithms. 
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Currently, text digitization methods remain largely inspired by IR, while the most 

efficient classifiers come from ML. Another community, composed mainly of 

statisticians and linguists, also addresses the problem of text categorization using data 

analysis methods. The goal here is not to create a system that automatically classifies 

documents without human intervention but to extract synthetic information from the 

corpus. Problems addressed here include the study of literary genres or determining the 

author of a text [6]. 

1.4.3 Problems of Text Categorization 
 

 Ambiguity of meanings: Texts can have ambiguous meanings, making precise 

classification challenging. 

 Feature selection: It is crucial to choose appropriate features to represent the 

texts, as this directly affects the performance of the classification model. 

 Imbalanced data: Data can be imbalanced, meaning some categories have many 

more examples than others do. This can lead to biases in classification results. 

 Data heterogeneity: Texts can originate from different domains and languages, 

making it difficult to generalize classification models [7]. 

1.5 Categorization Systems 
 

The objective of automatic text categorization is to classify text documents into 

predefined categories automatically, without direct human intervention. This can be 

achieved using machine learning and natural language processing (NLP) techniques [8]. 

1.5.1 Applications of Text Categorization 
 

Automatic Text Categorization (CAT) has numerous practical applications in 

various fields, including: 

 Language Identification: Text classifiers can detect the language used in a 

document, which is essential for machine translation tools and linguistic analyses 
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 Author Recognition and Multimedia Document Categorization: CAT 

techniques can be used to identify the author of a text or to classify multimedia 

documents such as images or video 

 Document Tagging: CAT allows for assigning tags or categories to documents 

to facilitate their search and navigation. 

 Filtering: Text classifiers can determine whether a document is relevant based on 

specific criteria, which is useful for filtering emails or online documents. 

 Routing: CAT enables the assignment of a document to one or multiple categories 

among n, which is essential for document organization and retrieval. 

 Fraud and Abuse Detection: CAT techniques can be used to detect fraudulent 

or abusive messages on social media or in emails. 

 Improving Web Search: Text classifiers can enhance the relevance of search 

results by categorizing documents based on their content [9]. 

1.5.2 Approach for Text Categorization 
 

To carry out the operation of automatic text categorization as we have defined, the 

common approach is as follows; Text Preprocessing, which is the first phase, involves 

formalizing the texts so that they are understandable by the machine and usable by 

learning algorithms. Document categorization, which is the second phase, determines 

whether learning techniques can produce a good generalization from (Document, Class) 

pairs. Improving Model Performance that is used to enhance model performance, an 

evaluation of classifier quality and comparison of results provided by different models 

is conducted at the end of the cycle. The approach to a standard automatic text 

classification can be given as follows: 

 Remove separation characters, punctuation marks, stop words, etc. 

 The remaining terms are all attributes 

 A document becomes a vector of <term, frequency> 

 Train the classification model from (Document, Class) pairs. 
 

 Evaluate the classifier’s results [6]. 
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Figure-1.2 : The basic architecture of text categorization 

 
1.6 Plagiarism 

 
1.6.1 Definition of Plagiarism 

 
Plagiarism is a practice that is encountered in all areas of human activity that 

involve creativity: literature, painting, music, fashion, etc. It is the use of another 

person’s work, ideas, expressions, or intellectual property without proper 

acknowledgment or permission, and presenting it as one’s own original creation.With 

the aim of manipulating an intriguing location [10]. 

1.6.2 Types of Plagiarism 
 

We will formulate a general definition of plagiarism, which we will complete by 

the presentation of twelve types of plagiarism that range on a continuum of severity, 

ranging from conscious plagiarism to unconscious plagiarism. When necessary, 

additional distinctions deemed will be made to clarify conduct related to plagiarism 

without actually being plagiarism [10]. 
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Table-1.1: Different types of Plagiarism 
 

Plagiarism types Definitions 

Direct Plagiarism Copying someone else’s work without giving credit. 

Self-Plagiarism Reusing one’s own previous work without permission. 

Mosaic Plagiarism (or 
Patchwriting) 

Combining parts of different sources to create a new text without 
proper citation. 

Accidental Plagiarism Accidentally using someone else’s work without right citation. 

 
Global Plagiarism 

 
Passing off an entire text by someone else as one’s own work. 

 
Verbatim Plagiarism 

 
Directly copying someone else’s words without giving credit. 

Paraphrasing 
Plagiarism 

 
Rephrasing someone else’s ideas without giving credit. 

 
Patchwork Plagiarism 

Stitching together parts of different sources to create a new text 
without proper citation. 

 
Hired Plagiarism 

Paying someone to write a piece of work and passing it off as one’s 
own. 

 
Idea Plagiarism 

 
Using someone else’s ideas without giving credit. 

Inaccurate Authorship 
Plagiarism 

 
Miscrediting authors in an academic research paper. 

 
Concealing Sources 

Not making it obvious where one is drawing on someone else’s 
work 

1.7 Conclusion 
 

In this chapter, we presented some generalities on author attribution (AA) brief 

history we showed traits of an author and the stages of author attribution. Subsequently, 

definitions of vitemetry as well as a brief history of the latter are presented. On the other 

hand, we cited the automatic categorization of texts and we discussed the definition and 

some types of plagiarism. 

In the next chapter, we will present the dotless texts and the research methodology 

as well as the techniques used in this research work. 
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CHAPTER-2 

DOTLESS TEXTS AND RESEARCH METHODOLOGY 
 
 

2.1 Introduction 
 

In this chapter, we will DISCOVER DOTLESS ARABIC TEXTS (DAT) and 

present the proposed methods for their analysis. The DAT’s, which are texts with 

diacritics removed, present a unique challenge in Arabic text processing. Diacritics, 

such as dots above or below letters, are crucial indicators of pronunciation and 

grammatical structure in Arabic. However, in many cases, the presence of diacritics 

may not be desired or available, necessitating the development of robust methods for 

analyzing this type of texts effectively. 

We will begin by discussing the significance of diacritics in Arabic text and the 

challenges met by their absence. Afterward, we will provide a comprehensive review 

of the proposed methods and approaches for processing dotless texts. These methods 

will be evaluated based on their effectiveness in understanding and analyzing these 

texts, considering factors such as precision, efficiency, and applicability in real-world 

scenarios. 

2.2 Generalities on Dotless Arabic Texts 
 

Arabic serves as the official language across 22 nations within the Arab world, 

wielding a native speaker base exceeding 400 million individuals. Moreover, it 

functions as a secondary language for numerous non-Arabic adherents within the 

Muslim community. Recognized as one of the United Nation’s six official languages, 

Arabic language occupies a significant linguistic sphere and has ascended to become 

the fourth most prevalent language on the internet, experiencing rapid growth in user 

engagement between 2013 and 2018. 
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The Arabic language itself exhibits a tripartite classification; Classical Arabic 

(CA), Modern Standard Arabic (MSA) and Dialectical Arabic (DA). The CA 

represents the linguistic incarnation within holy texts, strongly interlinked with Islamic 

cultural and religious heritage, as well as ancient Arabic literature. Whereas, the MSA 

constitutes the formal register employed in official documentation and news 

dissemination. Finally, the DA includes a multi Computational Linguistics [11]. 

2.3 Evolution of Arabic Language Dotting 

 
2.3.1 Original Arabic script 

 
Before the development of the Arabic script, which was originated in the Arabian 

Peninsula in the 4th century AD, the Arabic language was primarily a spoken language, 

and various scripts were used for writing in the region, such as Nabatean and Syriac 

scripts. 

The Arabic script is written from right to left and consists of 28 letters. It is a 

cursive script, meaning that letters within a word are connected to one another. Over 

time, the Arabic script has been adapted and modified to write various languages, 

including Persian, Urdu, etc [12]. 

2.3.2 Adoption of Dots in Arabic language 
 

Originally, Arabic script did not have the familiar dots on certain letters as seen 

today. However, with the growing number of non-Arab converts to Islam from regions 

beyond the Arabian Peninsula, difficulties arose in distinguishing between similar 

letters, leading to misreading. Especially, letters like "ب، ت، ث" were mainly 

challenging to differentiate, specifically for recent converts to Islam who were not 

native Arabic speakers. 

Thus, the introduction of dots in Arabic script emerged as a solution. The initial 

document to undergo dotting in Arabic was inscribed on parchment paper, dating back 

to 22 Hijri (643 AD) [12]. 
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2.3.3 Pioneers of dot introduction in Arabic 
 

The first one to introduce dots in Arabic language was "Abu al-Aswad al- 

Du’ali," a developer in the field of Arabic grammar. He placed dots as marks of 

pronunciation aids in the language. A dot above a letter indicated a "fatḥah" (a short 

vowel sound), while a dot below indicated a "kasrah" (another short vowel sound). If 

there were two dots, they indicated a "ḍammah" (a third short vowel sound). The 

method introduced by Abu al-Aswad al-Du’ali became widespread, but primarily in 

the copies of the Quran, and it was not commonly used in newspapers and books. 

This style of writing persisted until "al-Khalil ibn Ahmad al-Farahidi" emerged 

in the second century of the Islamic calendar. He devised a more precise system than 

Abu al-Aswad al-Du’ali’s, replacing dots with small slanted alifs to indicate the 

fatḥah, placing small ya below the letter to indicate the kasrah, and adding a small 

waw above the letter to indicate the ḍammah. In the case of "tanwin" (nasalization), 

the letter would be repeated twice. He played a significant role in introducing the 

"hamzah" (glottal stop) and the "shaddah" (gemination) in Arabic language. 

Additionally, he introduced the "ta’ marbutah" (ta with a tied knot) and the "alif 

maqsura" (short alif) into the language [12]. 

Figure-2.1: Arabic dotted letters 
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2.3.4 Impact of Diacritical Marks on Arabic Language 
 

Diacritical marks in Arabic, known as ‘harakat’, include dots and other signs that 

denote short vowels, doubling of consonants, and other phonetic details. These marks 

are crucial for precise articulation and disambiguation of words that would otherwise 

look identical. For example, the word "علم" can mean "science" (ilm) or "flag" (alam) 

reliant on the diacritics used. 

2.3.4.1 Diacritical marks (Tashkeel) 
 

Diacritics are small symbols placed above or below Arabic letters. They indicate 

vowel sounds, elongation, and other phonetic features. The common used diacritics 

include [13]: 

 Fatha 

 Kasra 

 : Indicates the short “a” sound. 

 : Represents the short “i” sound. 

 Damma  : Denotes the short “u” sound. 

 Sukun     : Indicates a consonant without a vowel. 

 Shadda   : Indicates consonant doubling. 

 Tanween : Represents the nasalized vowels “an,” “in,” and “un.” 
 

2.3.4.2 Function of diacritics: 
 

The main function of the diacritics is to enhance pronunciation accuracy. 

Diacritics guide readers on how to pronounce words correctly, how to differentiate 

between letters that look similar (e.g., “ب” vs. “ت”) and clarify grammatical structures 

and verb forms. 

Figure-2.2: Arabic text with and without dots and diacritics 
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2.4 Outlines of Research Methodology 
 

Our research methodology is based on six steps as follow: 
 

 The first step is to convert scanned images into editable texts (word document) 

using Optical Character Recognition (OCR) system. 

 The second step is to correct the obtained editable texts in order to prepare them 

for Author Attribution. 

 The third step consists of the elimination of the dots and diacritics using the 

website: https://seen-arabic.github.io/Arabic-Services/, to obtain two types of 

text: Dotted Texts (DTs) and Dotless Texts (DsT). 

 In the fourth step, the DTs and DsT are converted to a raw text file using UTF-8 

encoding to ensure file compatibility with a range of operating systems and 

programs. 

 In the fifth step, we divide (or split) the Dataset into two Datasets : Training 

Dataset (containing 2/3 of the texts = 60 texts) and Testing Dataset (containing 

1/3 of the texts = 30 texts) 

 In the sixth step, we extract relevant features (n-gram characters) to build a 

model for each author using. 

 The seventh and final step was devoted to classification methods using CM and 

K-NN methods to implement the process of identifying the true author of the 

text. 

2.4.1 Conversion of scanned images to editable texts using OCR 
 

The OCR is a conversion of scanned or printed text images, handwritten text into 

editable text for further processing. This technology allows machine to recognize the 

text automatically. It is like combination of eye and mind of human body. An eye can 

view the text from the images but actually, the brain processes as well as interprets that 

extracted text read by eye. In development of computerized OCR system, few 

problems can occur. 
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First: there is very little visible difference between some letters and digits for 

computers to understand. For example, it might be difficult for the computer to 

differentiate between digit “0” and letter “o”. Second: It might be very difficult to 

extract text, which is embedded in very dark background or printed on other words or 

graphics. 

In 1955, the first commercial system was installed at the reader’s digest, which 

used OCR to input sales report into a computer and then after OCR method has 

become very helpful in computerizing the physical office documents [14]. 
 

Figure-2.3: Conversion of scanned texts into editable texts using OCR. 

 
2.4.2 Correcting the obtained editable texts 

 
The obtained editable texts using OCR have two types of errors; insignificant or 

(noise) characters (special characters, numbers, etc.) and incorrect characters. 

Insignificant characters are characters that do not have a well-defined meaning in the 

Arabic language and which appear by mistake in texts converted using an OCR system 

(i.e. ", %, &, £, *, # , $, 0, 1, …, 9, etc.). However, incorrect characters are characters 

that are incorrectly converted or converted by mistake into characters other than the 

real characters. The latest are left in order to test the robustness of our proposed 

method. Consequently, the correction applied in this phase consists of : 

o Removing insignificant characters, 

o Removing Arabic diacritics, 

o Removing multiple word spaces, 

o Removing signs, 
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2.4.3 Elimination of dots and diacritics 
 

Eliminating dots and diacritics from Arabic text involves using an online tools 

that can process and manipulate text to remove specific characters or modify its 

format. This service helps to change texts’ format for educational or research purposes, 

and is used in text analysis or linguistic experiments. The site relies on natural 

language processing techniques to ensure accurate and easy conversion. The site used 

in our study is : https://seen-arabic.github.io/Arabic-Services/. 

Here are general steps followed to achieve this: 
 

 Copy and Paste the editable Text into a text box provided on the site. 

 Select Processing Options presented by the website to remove dots (part of 

some Arabic letters) and diacritics (harakat, such as fatha, kasra, damma, etc.). 

 Click on the button to process the text and generate a version of your text with 

dots and/or diacritics removed. 

 Copy the resulting text from the website and use it as needed. 

 
2.4.4 Conversion of word document to UTF-8 

 
After the correction of the different errors, we proceed to the conversion of these 

word documents to the Unicode Transformation Format – 8 bit (UTF-8) format. It 

should be noted that UTF-8 encoding was used to encode all the texts in the corpus, 

because the latter covers a very large number of characters, and is implicitly capable of 

encoding the majority of languages since it is encoded on 4 bytes. On the other hand, 

the use of this format costs in terms of calculation time and memory. It is designed to 

be backward compatible with ASCII and to avoid the complications of endianness and 

byte-order marks. 

2.4.5 Dataset splitting 
 

Dataset splitting refers to the practice of dividing a dataset into distinct subsets 

for the purpose of training and evaluating machine learning models. This process is 

crucial in ensuring that the model is capable of generalizing well to unseen data, 

instead of just memorizing the training data. 
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There are different strategies for Dataset splitting such as : Train-Test, Train- 

Validation-Test, Cross-Validation, Leave-One-Out Cross Validation. In this study, we 

have chosen to use the Train-Test strategy. 

2.4.6 Extracting relevant features 
 

Extracting relevant features refers to the process of identifying and selecting 

specific characteristics from a text that can be used to determine its authorship. These 

features help differentiate between the writing styles of different authors and are 

crucial for building accurate models for authorship attribution. Some common types of 

features used in the AA are : 

 Lexical Features (i.e. Word frequency, function word, …) 

 Syntactic Features (i.e. Sentence length, use of punctuation, …) 

 Stylistic Features (i.e. Use of passive vs. active voice, formal vs. informal, …) 

 Character-level Features (i.e. Character n-grams, letter frequency, …) 
 

In the present study, we have chosen to use the Character n-grams as relevant 

feature. 

2.4.7 Classification methods 
 

The classification method refers to the phase where a trained model is used to 

assign a text to its most likely author based on the extracted relevant features from the 

text. This phase is crucial for determining the authorship of anonymous texts as it 

determines the final output of the AA process and controls the learned patterns and 

relationships to make informed predictions about the new, unknown texts. 

The accuracy and reliability of this phase depend on the quality of the feature 

extraction, the robustness of the model, and the similarity of the test texts to the 

training data. In our case, we have used the k-Nearest Neighbors (k-NN) which 

classify based on the similarity of the test text to the training texts and the Centroid 

Method (CM) which involves texts as vectors in a high-dimensional space and using 

the concept of centroids, or average vectors, to classify authorship. 
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2.5 Motivation for Studying Dotless Arabic Texts 
 

The main motivation for studying Dotless Arabic Texts (DAT) is to simplify the 

learning of Arabic for non-native speakers. This effort aims to prevent difficulties that 

foreigners may face in understanding and reading Arabic texts due to the presence of 

diacritics that are not always present in written Arabic texts. 

The study of DAT can also contribute to the development of tools for various 

NLP tasks, such as : Sentiment Analysis and Language Modeling, which are not well- 

explored in the Arabic texts without diacritics. 

Moreover, using DAT can be useful in OCR for ancient manuscripts that were 

written without diacritics. It can also enhance processing tools for social media 

platforms, where Arabic content is becoming more common. [15]. 

2.5.1 Reduction of the number of Arabic characters 
 

When Arabic text is rendered without dots (diacritics), the number of distinct 

characters is reduced to 15. This is because the following 11 characters are 

distinguished only by their dots, and without dots, they appear the same as other 

characters. ( See table-2.1 below) 

Table-2.1: Reduction of Arabic characters by removing dots and diacritics 
 

Letter Mapping Letter Mapping Letter Mapping Letter Mapping 

 س ا ا
 س

 ف
 ڡ

  ح
 ج ـــــــق ش م م ح

 ص ـه ـه
 ص

 ك
 ـــــــــل

 خ

  ب ـــــــــل ض و و
 د ٮ

 د
 ط

 ط
 ي

 ى
 ت

 ث ى ظ ذ

 ر
 ر

 ع
 ع

 ن  

     غ ز
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2.5.2 Importance of dotless texts 
 

Using DAT presents a promising avenue to address various challenges 

encountered in Arabic (ANLP). The inherent density of Arabic morphology often 

results in a considerably expansive language vocabulary. However, dotless text 

adoption could aid in mitigating this issue by consolidating many dotted words into a 

singular dotless homographic word. This consolidation contributes to reducing the 

overall vocabulary size, offering a potential solution within ANLP 

Moreover, this line of inquiry holds significant relevance in the realm of 

automatic recognition of ancient parchments where the script used was predominantly 

dotless. By leveraging dotless text methodologies, researchers and practitioners can 

enhance their capabilities in deciphering and analyzing historical documents etched in 

dotless Arabic script. 

Our primary objective is to assess the efficacy of context-aware deep learning 

models specifically when applied to dotless text, contrasting their performance with 

the dotted variant. To explore this, we propose leveraging language modeling as a 

fundamental task within NLP [16]. 

2.6 Proposed method 

 
2.6.1 Feature extraction 

 
Feature extraction is a fundamental step in stylometry, which deals with the 

analysis of writing style. It involves identifying and extracting quantifiable 

characteristics from texts that reflect an author’s unique way of writing. These 

characteristics are used to train a machine-learning model to classify text into different 

categories. The choice of features will depend on the specific text classification task 

and the type of machine learning model being used. 

In this study, we have chosen the N-gram character as features. The N-gram 

character capture sequences of N character that appear together in a text document. 

Common n-gram features include: Unigrams (N=1), Bigrams (N=2), Trigrams (N=3), 

etc… 
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N-gram models can be trained on large corpora of text data, and the probabilities 

of character sequences are calculated based on their frequency of occurrence. This 

allows for the prediction of the next word in a sequence, which is useful in 

applications such as auto-completion systems. The size of the N-gram can be adjusted 

to capture more or less context, and larger N-grams can provide predictions that are 

more accurate but require larger amounts of training data [17]. 

2.6.2 Technique of classifications 

 
2.6.2.1 k-NN method 

 
The k-Nearest Neighbors (k-NN) method is a simple and powerful algorithm 

used for both classification and regression tasks in machine learning. It is one of the 

techniques considered to be among the top 10 for data mining. It is based on the idea 

that similar data points are close to each other in a feature space. 

The k-NN algorithm relies on a distance metric (Euclidean, Manhattan or 

Minkowski) to measure how similar two instances are. It tries to classify an unknown 

sample based on the known classification of its neighbors. 

Given an unknown sample and a training set, all the distances between the 

unknown sample and all the samples in the training set can be computed. The distance 

with the smallest value corresponds to the sample in the training set closest to the 

unknown sample. Therefore, the unknown sample may be classified based on the 

classification of this nearest neighbor [18]. 

The Advantages of k-NN are : 
 

 The k-NN algorithm is one of the simplest machine learning algorithms, making 

it easy to understand and implement. 

 The k-NN does not make any assumptions about the underlying data 

distribution, making it a flexible algorithm that can be applied to a wide range 

of problems. 

 KNN can be used for both classification and regression tasks. 
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The disadvantages of KNN are : 
 

 KNN can be sensitive to outliers in the training data. Outliers can have a 

significant impact on the algorithm’s predictions, especially when the value of 

K is small. 

 The computational cost of KNN can be high, especially for large datasets. This 

is because the algorithm needs to calculate the distance between the new data 

point and each data point in the training set. 

 KNN can suffer from the curse of dimensionality, which means that its 

performance can degrade as the number of features in the data increases. 

 

 
Figure-2.4 : The k-NN method 

 
2.6.2.2 Centroid Method 

 
The Centroid Method (or Centroid Driver), also known as the centroid algorithm 

or center of gravity algorithm, is a variant of the well-known Rocchio algorithm, used 

for classifying textual documents using geometric distance measures. 

During the learning phase, centroids are computed to represent each class. The 

centroid vector for a category is defined as the average of the vectors of the texts in 

that category, which acts as the barycenter of the different texts. So, this method 

calculates the distance between the geometric centers of gravity of the different 

categories. 
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To classify a new document, the similarity between the centroid vector of each 

category and the vector of the new document is calculated. The new document is then 

assigned to the category whose centroid is closest, in the case of disjoint multi-class 

classifications. Otherwise, scores are computed for each class, and a thresholding 

technique is used to determine the classes to assign [19]. 

 
 

Figure-2.5 : The Centroid Method 

The Advantages of the CM algorithm are : 
 

 It is very effective when each class is well defined by a prototype. 

 Since comparisons are not only made with centroid vectors, the CM is more 

efficient than k-NN for real-time categorization. 

 It is widely used in signal and image processing, particularly for computing the 

center of gravity corresponding to spectra or pixels in various treatments, such 

as segmentation [19]. 

 
The disadvantages of the CM algorithm are : 

 
 The CM is influenced by extreme values or outliers in the data. 

 If the data distribution is non-spherical or complex, CM may not accurately 

represent the class. 

 The   centroid method   is   known   for its efficiency and robustness, but 

optimization can be challenging, especially with a large number of classes. 
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2.7 Conclusion 
 

In this chapter, we presented the dotless Arabic texts, the research methodology 

followed in order to achieve the objectives of this work. Furthermore, we presented the 

empirical evaluation of the proposed approach for the Author Attribution using the 

corpus that we designed for this purpose. 

In the next chapter, we will present the different experiments carried out and 

illustrate the results obtained as well as the discussions and conclusions reached. 
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CHAPTER-3 

EXPERIMENTAL WORK AND RESULTS DISCUSSIONS 
 
 
 

3.1 Introduction 
 

In this chapter, we will present a series of Authorship Attribution experiments 

conducted on our corpus. The texts of the corpus underwent a series of experiments to 

assess how the presence or absence of diacritical marks affects the Authorship 

Attribution Rate (AAR). Subsequently, we will examine the obtained results and attempt 

to provide objective interpretations and conclusions. 

3.2 Evaluating corpus 
 

Experimental evaluation plays an important role in text classification. Using test 

corpora, we can observe the impact of diverse parameters on the AAR. Nevertheless, 

previous studies on texts without diacritical marks have a relatively limited number of 

corpora. Moreover, the number of possible authors remains limited, as it is challenging 

to find a significant number of potential candidates who meet multiple constraints (same 

period, same language, similar cultures, similar themes, etc.). 

For this reason, we made the decision to create our own corpus, that we called 

Dotless Arabic Texts corpus (DAT’24). 

3.2.1 Corpus description 
 

The DAT’24 consists of 15 authors (8 men and 7 women), each having written 6 

texts with an average length of 2000 words which are numbered from 1 to 6. We have 

removed the dots and diacritics from them through a special site to finally obtain 6 texts 

without dots. 
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Hence, we have 12 texts for each writer: 6 with dots and 6 without dots and 

diacritics. These texts, which are obtained by using Optical Character Recognition 

(OCR), are classified into two groups: Dotted Texts (DTs) and Dotless Texts (DsT) 

based on the presence or absence of diacritical marks. 

3.2.2 Constituents of the Corpus 
 

The DAT’24 corpus, that we have conceived, includes 15 contemporary Arab 

writers (7 female and 8male), namely : Ghada Samman, Huda Barakat, Colette Sohail, 

May Ziadah, Ahlam mosteghanemi, Nazik malaika, Assia Jabbar, Mahmoud Al-Akad, 

Haidar Haidar, Abdul Kader Mazini, Taha Hussein, Tawfiq Hakim, Hana Mina, Nadjib 

Mahfoud, Lotif Al-Manfalouti , and Nadjib Mahmoud. 

For each author, we randomly extract a specific number of pages containing the 

chosen word count. Each author has six texts, averaging a length of 2000 words, which 

are then subjected to the process of removing dots and diacritics to obtain dotless texts. 

The considered texts were extracted from the novels of the authors mentioned above. 

Detailed information about the writers and their texts used in our corpus is provided in 

the following tables. 
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Table-3.1: Summary of the Corpus DAT’24 (Female Writers) 
 

 
Writers 

Native 

Country 

 
Period 

Number 

of books 

Used 

Language 

Texts 

Names 

Nbre de 

Word / text 

 
Utilisation 

 
A

ss
ia

 D
je

ba
r 

 
A

lg
ér

ie
 

 
19

36
-2

01
5 

 

26
 -

liv
re

s 

 

A
R

/F
R

 

Asia_1 2130 Training 
Asia_2 1956 Training 
Asia_3 2408 Training 
Asia_4 2361 Training 
Asia_5 2161 Test 
Asia_6 2510 Test 

 G
ha

da
 S

am
an

 

 
Sy

ri
e 

 
19

42
 –

 to
 th

is
 

da
y 

 

46
-l

iv
re

s 

 

A
R

 

Ghada-1 3088 Training 
Ghada-2 1825 Training 
Ghada-3 2960 Training 
Ghada-4 1697 Training 
Ghada-5 3273 Test 
Ghada-6 3151 Test 

 
K

ol
ite

 S
oh

il
 

 
Sy

ri
e 

 
19

31
 –

 to
 th

is
 

da
y 

 

29
-l

iv
re

s 

 

A
R

 

Kolite-1 2329 Training 
Kolite-2 1608 Training 
Kolite-3 1995 Training 
Kolite-4 1465 Training 
Kolite-5 1664 Test 
Kolite-6 1969 Test 

 
M

ay
 Z

ia
da

 

 
Pa

le
st

in
e 

 
18

86
 –

 1
94

1 

 

19
-l

iv
re

s 

 

FR
-E

N
-E

S
-I

T
- May-1 1536 Training 

May-2 1617 Training 
May-3 1580 Training 
May-4 1612 Training 
May-5 1638 Test 
May-6 1606 Test 

A
hl

am
 

m
os

te
gh

an
em

i 

 
tu

ni
si

a 

 
19

52
 –

 to
 th

is
 

da
y 

 

34
-l

iv
re

s 

 

A
R

 

Ahlam -1 1880 Training 
Ahlam -2 1844 Training 
Ahlam -3 1878 Training 
Ahlam -4 2225 Training 
Ahlam -5 1896 Test 
Ahlam -6 1868 Test 

 H
ou

da
 b

ar
ak

at
 

 
lib

an
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Houda-3 2073 Training 
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Nazik-1 3211 Training 
Nazik-2 1682 Training 
Nazik-3 1035 Training 
Nazik-4 886 Training 
Nazik-5 1015 Test 
Nazik-6 840 Test 
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Table-3.2 : Summary of the Corpus (Male Writers) 
 

 
Writers 

Native 

Country 

 
Période 

Number 

of books 

Used 

Language 

Texts 

Names 

Nbre de 

Word / text 

 
Utilisation 
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A
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Najib -1 2749 Training 
Najib -2 3115 Training 
Najib -3 2491 Training 
Najib -4 2426 Training 
Najib -5 2638 Test 
Najib -6 2042 Test 
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Mazini-1 2075 Training 
Mazini-2 2024 Training 
Mazini-3 2088 Training 
Mazini-4 1979 Training 
Mazini-5 2078 Test 
Mazini-6 1974 Test 
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Haider-1 1911 Training 
Haider-2 2282 Training 
Haider-3 2018 Training 
Haider-4 2196 Training 
Haider-5 2710 Test 
Haider-6 2105 Test 
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Hana-1 2026 Training 
Hana-2 2315 Training 
Hana-3 1984 Training 
Hana-4 1960 Training 
Hana-5 2363 Test 
Hana-6 2069 Test 
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9 
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Akad-1 2033 Training 
Akad-2 2011 Training 
Akad-3 2023 Training 
Akad-4 2036 Training 
Akad-5 2093 Test 
Akad-6 2072 Test 
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 Taha-1 2028 Training 
Taha-2 2034 Training 
Taha-3 2101 Training 
Taha-4 2082 Training 
Taha-5 2069 Test 
Taha-6 2035 Test 
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Toufik-1 2010 Training 
Toufik-2 1973 Training 
Toufik-3 2012 Training 
Toufik-4 1999 Training 
Toufik-5 2024 Test 
Toufik-6 1982 Test 
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Lotfi-1 2691 Training 
Lotfi-2 2384 Training 
Lotfi-3 2779 Training 
Lotfi-4 2809 Training 
Lotfi-5 1929 Test 
Lotfi-6 2672 Test 
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3.3 Preparation of corpus documents 
 

The collected documents must be prepared before they can be used for Author 

Attribution. The preparation phase can be summarized in the following operations: 

 Scan of the selected pages and save them in (.jpeg/png) format, 

 Convert the obtained image to Word file using OCR, 

 Carry out the pretreatment operations mentioned in section (2.6.2), 

 The resulting text documents are saved in UTF-8 format, 

 The Dataset is divided into two subsets (training and testing) according to the 

rule (2/3 for training and 1/3 for testing); 

3.3.1 Examples of texts obtained after an OCR operation 
 

After the document-scanning process using OCR, we obtain a document that can 

be treated as editable documents (in Word format) to correct errors, add, or remove any 

extraneous content. Below, we review examples of texts that we obtained after the OCR 

operation in order to use them in upcoming experiments (each color representing a type 

of error) 

Figure-3.1: Example of uncorrected text. 
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Figure-3.2: Example of corrected text. 

 
3.3.2 Examples of texts obtained after removing dots and diacritics 

 
After that, we proceed to the removal of dots and diacritics using the following 

website: https://seen-arabic.github.io/Arabic-Services/, in order to obtain dotless texts. 

Below we find a sample of text that we obtained after this procedure. 

Figure-3.3: Example of text before removing dots and diacritics 
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Figure-3.4: Example of text after removing dots and diacritics 

 
3.3.3 Example of texts converted to UTF-8 format 

 
In this phase, we proceed to the conversion of the Dotted and dotless texts to the 

Unicode Transformation Format – 8 bit (UTF-8) format. This format is designed to 

maintain compatibility with ASCII while avoiding issues related to endianness and byte- 

order marks. Below we find the process of converting word texts to UTF-8 and a sample 

of the word and UTF-8 text. 

 
 
 

 
Figure-3.5: Process of converting word texts to UTF-8 texts 
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Figure-3.6: Example of word converted to UTF-8 

 
3.4 Experimental Work 

 
3.4.1 Experimental protocol 

 
The experimental work was conducted using Dotted Texts (DTs) & Dotless Texts 

(DsT). Each type of texts underwent 3 series of experiments (Male Vs Male, Female Vs. 

Female, and Mixed-Gender) and each series contains several cases depending on the N 

value and the type of classifier. Namely the series of experiments are : 

 The 1st serie, Dotted and Dotless Texts written by Male Author are used in the 

training and testing phases using different values of N and with both classifiers 

(K-NN and CM). 

 The 2nd serie, Dotted and Dotless texts written by Female Author are used in 

the training and testing phases using different values of N and with both 

classifiers (K-NN and CM). 

 The 3rd serie, Dotted and Dotless texts written by an Author (regardless to 

his/her gender) are used in the training and testing phases with different values 

of N and with both classifiers (K-NN and CM). 
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AARate for DTs written by Male Authors with 
different N using k-NN and CM 
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3.4.2 Series of experiments and obtained results 

 
3.4.2.1 1st Series of experiments 

 
A) Dotted Texts (DTs) written by Male Authors 

 
In this series of experiments, character N-grams were used as features, along with 

k-NN and CM classifiers, to study the effect of diacritical marks on the AARate for DTs 

written by Male Author. The obtained results of these experiments are illustrated in the 

tables and figures bellow: 

Table-3.3: AARate for Dotted Texts written by Male Authors (Accuracy; R=5) 
 

Classifier N=1 N=2 N=3 N=4 N=5 N=6 

K-NN 100 100 100 93 87 68 

CM 100 100 100 100 100 100 

 

 

Figure-3.7: AARate for Dotted Texts written by Male Authors (Accuracy; R=5) 
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AARate for DsT written by Male Author with 
different N using k-NN and CM 
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From the obtained results, we can clearly see that the recorded AARate for this 

experiment is between 68-100% for k-NN with an average AARate about (91.33%) and 

100% for CM. The lowest AARates are recorded for N=5 and N=6. 

B) Dotless Texts (DsT) written by Male Authors 
 

In this series of experiments, character N-grams were used as features, along with 

k-NN and CM classifiers, to study the effect of diacritical marks on the AARate for DsT 

written by Male Authors. The obtained results of these experiments are illustrated in the 

tables and figures bellow: 

Table-3.4: AARate for Dotless Texts written by Male Authors (Accuracy; R=5) 
 

Classifier N=1 N=2 N=3 N=4 N=5 N=6 

K-NN 87 100 87 100 100 100 

CM 100 100 100 100 100 100 

 

 

Figure-3.8: AARates for Dotless Texts written by Male Authors (Accuracy; R=5) 
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AARate for DTs by Female Author with 
different N using k-NN and CM 
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The results of this experiment, showed clearly that the AARate for is between 87- 

100% for k-NN and the lowest AARates (87%) are obtained for N=1 and N=3, with an 

average AARate about (95.66%). For the CM the AARates are all 100% 
 

3.4.2.2 2nd Series of experiments 
 

A) Dotted Texts (DTs) written by Female Authors 
 

In this series of experiments, character N-grams were used as features, along with 

k-NN and CM classifiers, to study the effect of diacritical marks on the AARate for DTs 

written by Female Authors. The obtained results of these experiments are illustrated in 

the tables and figures bellow: 

Table-3.5: AARates for Dotted Texts written by Female Authors (Accuracy; R=5) 
 

Classifier N=1 N=2 N=3 N=4 N=5 N=6 

K-NN 92 85 100 100 100 100 

CM 71 71 71 71 85 71 
 

 

Figure-3.9: AARates for Dotted Texts by Female Authors (Accuracy; R=5) 
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AARate for DsT by Female Author with 
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From the obtained results, we can clearly see that the recorded AARate for this 

experiment is between 85-100% for k-NN with an average about 96.16%, and between 

71-85% for the CM. The lowest AARates are recorded for N=1, 2, 3, 4 et and N=6. 

B) Dotless Texts (DsT) written by Female Authors 
 

In this series of experiments, character N-grams were used as features, along with 

k-NN and CM classifiers, to study the effect of diacritical marks on the AARate for DsT 

written by Female Authors. The obtained results of these experiments are illustrated in 

the tables and figures bellow: 

Table-3.6: AARates for Dotless Texts by Female Authors (Accuracy; R=5) 
 

Classifier N=1 N=2 N=3 N=4 N=5 N=6 

K-NN 100 100 100 100 100 100 

CM 100 100 92 92 100 100 
 

 

Figure-3.10 : AARate for Dottless Texts by Female Authors (Accuracy; R=5) 
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From the obtained results, we can clearly see that the recorded AARate for this 

experiment is between 92-100% for CM with an average AARate about (97.33%) and 

100% for k-NN. The lowest AARates are recorded for N=3 and N=4. 

3.4.2.3 3rd Series of experiments 
 

A) Dotted Texts (DTs) written by Mixed-Gender Authors 
 

In this series of experiments, character N-grams were used as features, along with 

k-NN and CM classifiers, to study the effect of diacritical marks on the AARate for DTs 

written by Mixed-Gender Authors. The obtained results of these experiments are 

illustrated in the tables and figures bellow: 

Table 3.7: AARate for Dotted Texts by Mixed-Gender Authors (Accuracy; R=5) 
 

Classifier N=1 N=2 N=3 N=4 N=5 N=6 

K-NN 96 100 100 100 83 73 

CM 86 86 83 96 86 100 

 

 

Figure 3-11 : AARate for dotted texts by Mixed-Gender Authors (Accuracy; R=5) 



CHAPTER-3 EXPERMENTAL WORK AND RESULTS DISCUSSIONS . 

   44 

 

 

AARate for DsT by Female Author with 
different N using k-NN and CM 
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The results of this experiment, showed clearly that the AARate for is between 73- 

100% for k-NN and the lowest AARates (73%) are obtained for N=6, with an average 

AARate about (92%). For the CM the AARates is between 83- 100% and the lowest 

AARates (83%) are obtained for N=3, with an average AARate about (89.5%) 

B) Dotless Texts (DsT) written by Mixed-Gender Authors 
 

In this series of experiments, character N-grams were used as features, along with 

k-NN and CM classifiers, to study the effect of diacritical marks on the AARate for DsT 

written by Female Authors. The obtained results of these experiments are illustrated in 

the tables and figures bellow: 

Table 3.8 : AAR for Dottless Texts by Mixed-Gender Authors (Accuracy; R=5) 
 

Classifier N=1 N=2 N=3 N=4 N=5 N=6 

K-NN 86 100 100 96 90 83 

CM 90 100 90 90 86 90 

 

 

Figure-3.12 : AAR for dottless texts by global authors with accuracy at rank 5 
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The results of this experiment, showed that the AARate is between 83-100% for 

k-NN and the lowest AARates (83%) are obtained for N=6, with an average AARate 

about (92.5%). For the CM the AARate is between 86-100% and the lowest AARates 

(86%) are obtained for N=5, with an average AARate about (91%). 
 

3.5 Conclusion 
 

In this chapter, we conducted three series of Authorship Attribution experiments 

using our newly conceived corpus that we called : Dotless Arabic Texts (DAT’24). The 

experiments were designed to assess the impact of the presence or absence of diacritical 

marks on the Authorship Attribution Rate. 

The obtained results have shown significant variations in AARate depending on 

the textual features and classification methods used. Notably, the K-NN classifier  

consistently outperformed CM across various configurations, with dotted texts 

achieving higher AAR compared to dotless texts. 

This underscores the critical role diacritical marks play in the authorship 

attribution process for Arabic texts. 



 

 

 

Conclusion  
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CONCLUSION 

 
 
 

This research focused on developing an authorship attribution system, studying 

various aspects of data collection and processing, as well as designing and evaluating 

the proposed used. The previous chapters discussed in detail the methods and 

techniques used, with particular emphasis on their practical implementation and the 

results obtained. 

The first chapter provided an overview of the field of authorship attribution. We 

began by introducing the concept and history of authorship attribution, discussing the 

features used to determine writers' writing styles, and covering the various practical 

steps involved in authorship attribution. We also reviewed the science of stylistics and 

its evolution, explained the importance of automatic text classification in improving 

the accuracy of author identification, and examined the concept of plagiarism and its 

different types. 

The second chapter, reviewed the research methodology we adopted, which 

included the preparation of a dataset of "Arabic texts without diacritical marks", and 

the methods of preparation and analysis used in our experiments. We explained how 

we processed the texts and removed diacritical marks, as well as the techniques 

employed to test the accuracy of authorship attribution. 

The third chapter provided a detailed analysis of the results obtained from the 

experiments conducted on dotted texts and dotless texts. The results showed that the 

accuracy of authorship attribution is significantly affected by the presence of 

diacritical marks, with the classification techniques used (such as K-NN and CM) 

proving to be more effective on dotted texts compared to dotless texts . 
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Preliminary experiments identified specific challenges related to the use of 

Arabic data, leading to the exploration of alternative methods to improve model 

performance. The final results showed significant improvements in the system's 

performance, with high precision and recall scores for most categories, although some 

still require improvements. Confusion AAR provided a detailed evaluation of the 

model's performance, confirming the effectiveness of our methodology. 

Through preliminary experiments, we identified the challenges associated with 

using the Arabic dataset and explored alternative approaches to enhance the model's 

performance. Our final experiences have shown significant improvements, as 

demonstrated by detailed results. 
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 ملخص
  

سية لݏݰفاظ عڴʄ المعرفة الɢلمة المكتوȋة ɠانت ولا تزال ݯݨر الأساس لݏݰضارات، وۂʏ أسا

عند تقاطع اللغوʈات والإحصاءات، إڲʄ تحديد أسلوب و العلم المتواجد وɸڈدف علم الأسلوب، ٱونقلɺا. 

 ʄولة للتعرف عڴɺذه التقنية بتحليل النصوص اݝݨɸ اتبه، وكذلك عصره ونوعه. تقومɠ النص، الذي يم؈ق

 مؤلفٕڈا وتطبق عڴʄ النصوص القديمة واݍݰديثة عڴʄ حد سواء.

ٱڈدف ɸذا العمل إڲʄ تحديد مؤلف نص عرȌي محدد واختبار قوة نظام التعرف عڴʄ المؤلف. 

ستخدم م؈قات مثل اݍݰروف المȘسلسلة (
ُ
ȖN-Grams .يفɴوتقنيات التص ( 

 

)، التعلم N-Gramsعلم الأسلوب، تحديد المؤلف، اݍݰروف المȘسلسلة ( الɢلمات المفتاحية:

.ʏالآڲ 

 

Abstract 
 

The written word has always been a cornerstone of civilizations, essential for preserving 

and transmitting knowledge. Stylometry, at the intersection of linguistics and statistics, aims to 

identify a text's style, inherent to its author, as well as its era and genre. This technique analyzes 

anonymous texts to recognize their authors and applies to both ancient and modern texts. 

This work aims to identify the author of a specific Arabic text and test the robustness of 

an author recognition system. Features such as character N-Grams and classification techniques 

are used.  

Keywords: Stylometry, Authorship Attribution, N-Grams Character, Machine Learning. 
 

Résumé 
 

La parole écrite a toujours été une pierre angulaire des civilisations, essentielle pour 

préserver et transmettre le savoir. La stylométrie, à l'intersection de la linguistique et des 

statistiques, vise à identifier le style d'un texte, propre à son auteur, ainsi que son époque et son 

genre. Cette technique analyse les textes anonymes pour en reconnaître les auteurs et s'applique 

aux textes anciens et modernes. 

Ce travail vise à identifier l'auteur d'un texte arabe spécifique et à tester la robustesse d'un 

système de reconnaissance d'auteur. Les caractéristiques comme les character N-Grams et les 

techniques de classification sont utilisées. 

Mots-clés : Stylométrie, Attribution d'auteur, N-Grams Character, Apprentissage. 


