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Abstract

Due to the massive increase in the number of Arabic text documents available
on the internet and in databases, researchers are facing a significant challenge in
finding better methods to deal with a large amount of data. Therefore, it becomes
necessary to develop effective techniques or tools to assist in the discovery and
analysis of information in Arabic documents. Arabic document clustering is an
important aspect of providing conjectural navigation and browsing techniques by

organizing massive amounts of data into a small number of defined clusters.

In this thesis, an approach has been designed that employs the topic modeling
as an Arabic document clustering technique. A recently developed topic modeling
algorithm, LDA2Vec has been used in this approach. LDA2Vec is a hybrid
algorithm introduced by Christopher Moody in 2016, that implements both words
and topics into a single framework. LDA2Vec makes large amounts of text
valuable to people (rather than machines) while making the model easy to modify.
LDA2Vec results are a set of sparse document weight vectors, as well as easily
interpretable topic vectors.

The approach consists of several stages which are collecting text documents,
text pre-processing, text representation, training stage using the LDA2Vec
algorithm, testing stage, and evaluation of the model. The developed approach has
been tested using an Arabic news dataset used in previous similar studies. The
results showed that the LDA2Vec model is superior in terms of clustering quality
for Arabic text documents according to external measures like purity, F-measure,
accuracy, and other measures. It is shown in this thesis that the purity of the
developed approach is 0.88 compared to 0.75 for Latent Dirichlet Allocation
(LDA), one of the most widely used topic modeling techniques, these results are

higher in comparison to a recent similar study.
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Chapter One Introduction

1.1 General Introduction

In recent years, the internet is full of information and knowledge
sources and the most of information on the Internet has taken the form of
texts [1]. The Number of Arabic documents on the Internet is rapidly
increasing. Finding relevant Arabic documents has become increasingly
intriguing to Arabic users [2]. The massive increase in the number and
availability of online text documents might be confusing to readers, forcing
them to spend time and effort searching for appropriate information on

specific topics of interest [3].

Retrieving essential information from a huge collection is a difficult
task because the data is contained in text documents. This could be handled
by the "information retrieval process”, which uses a parallel search
approach to retrieve text documents. As a consequence, developing
efficient approaches or tools to aid in the discovery and analysis of

information in documents became essential [4].

Text mining, commonly known as text analysis, is a procedure for
determining what events or concepts are being discussed in a document.
Text mining converts unstructured text into structured data that can be
analyzed easily using various techniques such as (information extraction,
categorization, clustering, etc.). Text mining uses natural language
processing (NLP), which allows machines to understand and process
human language automatically because this information is clear to a person
who reads a document, but a program is provided only with the text, as it
IS written not the topic of each document. In order to perform this task in a

program, data scientists apply an approach called topic modeling [5].

Topic modeling is a probabilistic approach and a form of text mining

used to discover the abstract topics in a collection of documents by

2



Chapter One Introduction

presenting the document as a probability distribution over topics and a
topic as a probability distribution over a words dictionary [6]. Topic
modeling and clustering are both unsupervised learning approaches that
need a number of topics/clusters to be given in advance and do not require
labels to work. Topic modeling has gotten a lot of attention in the field of
study in the last few years. It is employed in many applications, including

information retrieval (IR) and natural language processing (NLP) [7].

LDA is one of the most widely used topic modeling approaches. LDA
has been frequently utilized to discover hidden (latent) semantic topical
structures in a huge corpus of documents [8]. Topic modeling techniques
are used in NLP to represent (or embed) words as vectors in a continuous,
multidimensional vector space with important geometrical correlations
between word vectors. A common approach that uses neural networks to
create vector spaces for NLP called Word2vec [9]. The combination of

these two techniques is known as LDA2Vec.

LDA is a technique to describe a global relationship among
documents, while word2vec predicts words in a local manner, and
LDA2Vec combines these features of LDA and Word2vec.

Additionally, The Arabic language is the 5th most frequently spoken
language in the world. Around 300 million people speak Arabic as their
first language, with another 250 million using it as a second language [10].
The Arabic documents have become very popular on the Internet in last
few years. The Arabic language is one of the most diverse human
languages in terms of sentence structures and meaning, and owing to the
language's unique morphological principles, there are limited works in the
literature on the retrieval or mining of Arabic electronic text documents
[11].
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1.2 Motivation and Problem Statement

The amount of data on the internet keeps increasing every single day
and a considerable portion of such data is unstructured text data, which
forms about (80%) of the world’s data. Retrieving and searching for
information has become a difficult task and a challenge for web users.
Arabic documents have been increasingly common in electronic format in
recent years, whereas English has been employed as the primary language
In most research on various information retrieval tasks (such as
classification, clustering, and search). As a result, it becomes necessary to
create efficient techniques or tools to assist in discovering and analyzing

content in Arabic documents.

1.3 Aim and Objectives of Thesis

This thesis aims to cluster Arabic documents using a hybrid technique
of topic modeling called (LDA2Vec), which is a combination of two
methods, LDA and Word2vec. To accomplish the thesis aim, various

objectives will be discussed, including:

e Pre-processing the found documents, such as removing Arabic
stop words, Arabic diacritics, numbers, special characters, and
non-Arabic letters, and normalizing specific Arabic letters. This
may reduce text size, enhance text processing, and eliminate
extraneous words.

e Study how different Arabic text document representation
techniques, such as a bag of words (BOW) with building word
vectors from scratch and using pre-trained word embedding,

affect the results of the proposed approach.



Chapter One Introduction

e Investigate the impact of changing the values of the parameters
that influence word selection and distribution on the clustering

results.

1.4 Thesis Significance and Contributions

The major contributions of this thesis are:

1. Proposing an approach for clustering Arabic text documents
using a deep learning topic modeling technique that learns the
word, document, and topic vectors concurrently in order to
predict document topics.

2. A Procedure for unseen document testing to discover document
topics with LDA2Vec algorithm is suggested in this thesis

work.

The significance of the current thesis study originates from the
creation of Arabic word vectors in order to generate semantically related
word clusters with high similarity. These clusters may outperform
"generic" word vectors in Arabic semantic applications such as question

answering systems, search engines, and query expansion.

1.5 Thesis Challenges

The most significant challenges in this research are:

1. The Arabic language, with its rich characteristics and unique
morphology, is a major challenge for IR systems. As a result, there
are relatively few studies in the literature about retrieving or mining
Arabic electronic text documents.

2. Arabic language uses various meanings for the same words and
makes use of diacritics to reflect word meaning. As a result,

standard methods of stemming and normalization are inadequate.



Chapter One Introduction

3. Reducing the number of dimensions in data without missing critical
information.
4. How to design an effective model for clustering Arabic text that can

improve clustering performance?

1.6 Related Works

LDA2Vec is a new approach proposed by Christopher Moody and
much research related to this approach is still not done. To the best of the
researcher’s knowledge, this is the first effort to review the implementation
of the LDA2Vec approach for clustering Arabic documents. In contrast,
the studies related to using LDA2Vec applied to English documents and

some other languages.

1.6.1 Clustering and Topic Modeling

Kelaiaia and Merouani (2016) [12] in their study, compared LDA
with K-means to see how LDA reacts to clustering Arabic texts, which is
a very flexible language. The experiment was carried out on a collection of
Arabic documents that serve as a benchmark (OSAC, Open Source Arabic
Corpus). F-measure and Entropy were the two metrics used for evaluation.
The results consistently demonstrated a clear improvement of LDA over

K-means on raw, cleaned, and stemmed forms of the document collection.

In [13] Wang et.al, (2016) suggested a hybrid approach for extracting
features from documents in a semantic space with bag-of-distances. The
hybrid approach, which employs both Word2vec and LDA, not only
produces relationships between documents and topics but also integrates
contextual relationships among words. The suggested method was tested
using the Twenty Newsgroup dataset and assessed using the fl-score
metric. The experimental results showed that the hybrid method's

document features were effective for improving model performance by

6
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consolidating both global and local relationships. It has been demonstrated

that the suggested method outperforms three alternative single models.

Esposito et.al, (2016) [14] this study aimed to evaluate and compare
two different frameworks for unsupervised topic modeling techniques
(LDA and Word2vec) in the Computational White House Press Briefings
(CompWHoB) Corpus, a political corpus that collects transcripts from the

American Presidency Project website.

Two experiments were conducted: the first has used a traditional LDA
model, while the second has used Word2vec to train the model and create
word embedding for the topic modeling test set. After clustering the output
of the two techniques, they were evaluated using the purity criterion. It was
shown that the purity of LDA is 0.46 compared to 0.54 for Word2vec, but

only when a linguistic task-oriented preprocessing stage is being used.

Alhawarat and Hegazi (2018) [7] used a hybrid approach to cluster
Arabic text documents in their work. They primarily employed generative
models and clustering methods. In this research, the LDA and k-means
clustering algorithms were applied to a news dataset that has previously
been used in comparable studies. External evaluation metrics such as
purity, F-measure, accuracy, Jaccard index, and others reveal that the
combined method exceeds previous methods in terms of clustering quality
for Arabic documents. The purity of the combined approach was higher in
this research compared to the k-means algorithm, and these results were

better than in a comparable identical study.

1.6.2 LDA2Vec
In [15] C.Moody (2016) demonstrated how to build unsupervised
document representations that provide coherent topics using a simple

model called LDA2Vec, this is achieved by extending skip-gram negative

7
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sampling (SGNS). Word, topic, and document vectors were all
simultaneously trained and embedded in the same representation space that
preserves semantic regularities between learned word vectors while still
producing sparse and interpretable document-to-topic proportions in the

LDA approach.

He utilized the Twenty Newsgroups and Hacker News comment
corpus to test the model. As a result, the model was simple to apply in
automated differentiation frameworks and can lead to unsupervised
representations that are more easily interpretable. He did not give

processing for testing new documents in his study.

Xue Mu (2019) [16] proposed a text feature representation model
that combines the LDA and the Word2Vec models and then used it to solve
the text retrieval problem. The proposed method calculated the distance
between documents and topics, then represented each document as a
feature vector with each dimension denoting the distance between this
document and a specific topic. To evaluate the performance of the
proposed algorithm, several related methods were applied, and
experimental results on the Twenty Newsgroups dataset proved that the
proposed solution outperforms other methods and can achieve high text

retrieval accuracy.

Luo and Shi (2019) [17] suggested an approach for automatically
identifying more interpretable narrative text topics in aviation safety
reports. By combining the word vector and the document topic vector into
the same vector space, the LDA2Vec model was utilized to train the
document-topic probability distribution matrix and the topic-word
probability distribution matrix. The topic was manually analyzed and

recognized, and the metadata from the topic and the report were combined

8
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to provide the desired output results. When it comes to detect the latent
topic of narrative text in aviation safety reports, the experimental results
reveal that the proposed topic identification approach is more interpretable
than the LDA model.

Hasan et al. (2019) [18] conducted an experiment on Bangla
language to evaluate the performance of two topic modeling approaches,
LDA and LDA2Vec. This study aimed to find a method for automatically
analyzing and categorizing Bangla news documents. For testing and
implementation purposes, they developed a technique to discover topics
for non-factorized documents from LDA and LDA2Vec. According to
their findings, LDA2Vec achieved 85.66 % over topics for test documents,
compared to 62.45 % for LDA.

Mishra et al, (2020) [19] In this study, Latent Dirichlet allocation
(LDA) and the LDA2Vec models were used for sentiment classification.
The performance of both models was evaluated using a corpus of 1000
records. After running the models, the results proved that the hybrid
technique of LDA2Vec (LDA + Word2Vec) provides superior accuracy to
the traditional LDA.

In [20] Culmer and Uhlmann (2021) compared the performance of
LDA2Vec combined with temporal tweet pooling (LDA2VecTTP) to
traditional LDA and the Biterm Topic Model (Biterm), which was created
specifically for topic modeling on short text documents. They used three
different tweet pooling techniques for each of the three topic modeling
algorithms: no pooling, author-based pooling, and temporal pooling. They
then used each of the algorithms and tweet pooling strategies to perform

topic modeling on two Twitter datasets. The findings from the biggest
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dataset demonstrate that LDA2VecTTP can provide higher coherence

scores as well as more logically coherent and interpretable topics.

Table 1-1 Summary of Related Works

Evaluation
No. | Ref. | Authors Year | Dataset Methods ) Results
Metrics
Kelaiaia, K-means F-measure | 21,96%
1. | [12] ~ 12016 | OSAC
Merouani LDA Entropy 4,44%
TF-IDF+SVM 0.822
> Wang,
= Twenty Word2Vec+SVM 0.717
€ |[2. |[13] | LongMa, |2016 F1-score
o Newsgroups LDA +SVM 0.639
S Zhang
% LDA+Word2vec 0.803
o
; Esposito, LDA 0.46
& |3. |[14] | Corazza, 2016 | CompWHoB Purity
= Word2vec 0.54
= Cutugno
3
7] 0.74
5 _ LDA _
Alhawarat, Arabic News Purity 0.78
4. |[7] ) 2018
Hegazi dataset Accuracy | 0.88
LDA + K-means
0.95
Christopher Twenty
5. |[21] 2016 LDA2Vec Coherence | 0.567
Moody Newsgroups
TF-IDF 0.652
Twenty LDA 0.729
6. | [16] | Xue Mu 2019 F1-score
Newsgroups Word2vec 0.803
§ LDA+ Word2vec 0.814
< LDA 0.562
9 [7. | [17] | Luo, Shi 2019 | ASRS Coherence
LDA2Vec 0.588
Hasan, LDA 62.45%
5. | s Hossain, 2015 Bangla News A
: ccuracy
Ahmed, Corpus LDA2Vec 85.66%
Rahman
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Introduction

[19]

Mishra,
Rajnish,
Kumar

2020

1000
Reviews Corpus

LDA

LDA2Vec

Precision
Recall

0.54
0.44

0.82
0.78

10.

[20]

Culmer,

Uhlmann

2021

Twitter datasets
#AllLivesMatter

LDA

Biterm

LDA2Vec

Coherence
« Cp

« Cuci

. CUMass

« Cnpmi

-0.293
-0.752
-1.161
-0.027

-0.293
-0.959
-1.641
-0.026

-0.388
-1.155
-2.374
-0.037

As previously stated, the past studies that dealt with the LDA2Vec

algorithm did not address the performance of the algorithm with Arabic

texts. As a consequence, the current work will concentrate on verifying the

algorithm's performance with Arabic documents within a specific approach

that consists of a number of stages for processing Arabic texts, as well as

employing pre-trained word vectors to optimize the efficiency of the

proposed approach.
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Chapter One Introduction

1.7 Thesis Organization

The remainder of this thesis work is organized as follows:

e Chapter Two: is entitled "Theoretical Background". This
Chapter provides an extensive description of text mining
concepts and methodologies, text clustering and evaluation
methods, topic modeling concept, and topic modeling
algorithms.

e Chapter Three: is entitled "The Proposed Approach”. It
covers the proposed approach and its algorithm.

e Chapter Four: is entitled "Experimental Results and
Discussion™. This chapter demonstrates the results of the
proposed approach and the research experiments. It also
discusses the evaluation of the approach's performance.

e Chapter Five: is entitled "Conclusions and Future Works".
This chapter presents the research conclusions and the possible

future research directions to improve this work.
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Chapter Two Theoretical Background

2.1 Introduction

This chapter investigates text mining and topic modeling approaches.
It provides an overview of text mining, followed by a discussion of text
mining methodologies such as Natural Language Processing (NLP) and
text clustering, and clustering evaluation methods. For topic modeling, the
context of topic modeling will be explained, including the utilized

implementation techniques; LDA, and the used algorithm (LDA2Vec).

Since the thesis focuses on the analysis of Arabic documents. First, a
brief introduction to the Arabic language will be introduced and its

morphological principles will be demonstrated.

2.2 Arabic Language

Arabic language is one of the five most frequently spoken languages
in the world. It is the official language of around 25 Middle Eastern and
North African countries. Around 422 million people speak it as a first or
second language. Because of the rising use of Arabic language on the web
and in social media, natural language processing in Arabic language has
recently gotten a lot of attention. Arabic language comes in a variety of
forms and dialects, depending on the country or area. Arabic language in
its formal form is utilized for formal purposes such as education and news
[22], [23].

The Arabic language utilizes different letters for writing texts,
documents, and scripts. The Arabic alphabets or letters are made up of the

following 28 characters, they all represent consonants [24].

SN N A RS REY I i ==

Ss2opdd3as e bbby
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Besides the Arabic letter hamza () is regarded a perfect alphabetical
letter according to some linguists. Unlike the English language, the Arabic

language is written from right to left in a cursive style.

In certain contexts, the letters Alif (T), waw (5), and ya () may also
be used to denote long vowels. In the Arabic script, short vowels are
expressed by diacritical markings called (Harakat / <\S)s), which are
placed above or below regular consonant letters. These short vowels are
the fatHa (233d)), the kasra (311, and the DHamma (32al)). There are two
further significant marks: the sukoon (05841 and the shaddah (s33)). A less
common diacritical mark is the tanween (c::581). They are used to ensure

that words are pronounced correctly [25].

Table 0-1 Arabic Diacritical Marks

Arabic Diacritical Marks

Tanween | Tanween |  Short vowels
. _— ) .. Short vowels
with shaddah rsd | with shaddah 324

=
z w -

- - - fatHa PG

1 «®

- - - kasra WS

1 s
%
e
Yo

- - - DHammah 4&x

t

z - sukoon o8

2.3 Arabic language challenges

Arabic language is a challenging language for many reasons [26]:

e First: in Arabic language, orthographic variants are common;

some combinations of letters may be written in different ways.
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e Second: the morphology of Arabic language is very
complicated.

e Third: the use of broken plurals is also common. Broken
plurals are comparable to irregular English plurals in that they
do not necessarily match the singular form as well. Existing
stemmers do not handle broken plurals since they do not follow
standard morphological rules.

e Fourth: Arabic words are typically confusing owing to the
trilateral root structure. A word in Arabic is usually derived
from a root, which usually consists of three letters. One or more
of the root letters may be omitted in certain derivations, making
many Arabic words exceedingly confusing with each other.

e Fifth: in written Arabic language, short vowels are eliminated.

e Sixth: synonyms are often used, maybe because Arabic
speakers value variation in language as part of a good writing

style.

As previously stated, the Arabic language is very challenging and,
consequently, provides different opportunities for research and
investigation in many fields, including artificial intelligence domains such
as machine learning (ML), deep learning (DL), and natural language

processing (NLP), among others.

2.4 Text Mining (TM)

Text mining, or known as "Text analysis," is an artificial intelligence
technology that is used to extract meaningful and relevant models for
knowledge exploration from huge textual data sources [27]. There are
several sources of text data including digital libraries, news outlets, and

other textual information such as social networks, articles, blogs, e-mails,
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etc. with the majority of this text data being semi-structured or unstructured
[28].

Text Mining is a multidisciplinary field that encompasses and
integrates the methods of data mining, information retrieval, statistics,
machine learning, and computational linguistics. There are several text
mining techniques, such as summarization, classification, clustering, and

topic modeling [29].

One of the most essential methodologies that text mining utilizes to
handle text is Natural Language Processing (NLP), that enables machines

to interpret and process human language automatically.

2.5 Natural Language Processing (NLP)

NLP is a sub-field of artificial intelligence that allows
machines/computers to interpret human language. NLP examines the
grammatical structure of sentences as well as the specific meanings of
words before using algorithms to extract meaning and generate outputs.
[30]. Most NLP approaches rely on machine learning to extract meaning
from human languages. Furthermore, natural language processing is a
subfield of linguistics and computer science. Linguistics is the scientific
study of language, encompassing its structure, grammar, meaning, and
phonetics. The study of linguistics or natural language processing is one of
the most rapidly and far-reaching new technologies in computer science
that covers overlapping subject areas such as Machine Learning (ML),
Deep Learning (DL), and Artificial Intelligence (Al) [31]. Figure 2.1

demonstrates the coherence of these fields of study as a VVenn diagram.
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Al

ML
NLP Artificial Intelligence
DL Natural Language Processing
Machine Learning

Deep Leaming

Figure 2-1 Venn diagram for natural language processing

2.6 Text Clustering (TC)

Text clustering is an important stage in text data analysis that has
gotten a lot of attention from the text mining community. Clustering
models attempt to categorize objects in a valid form (clusters) based on
their similarities. It uses NLP and machine learning to understand and
categorize (unstructured) textual data [32]. Web search engines, for
example, use clustering to find relevant documents to a given query among

a collection of lists with similar documents [33].

Text clustering (also known as Document clustering) is a technique
for determining the similarity of two documents by examining a large
number of textual features. It is widely used in areas such as topic
extraction, and information retrieval. However, the difficulty is continuous
because documents have a variety of features, and statistical similarity
between documents does not always reflect semantic similarity. In many
situations, two documents referring to two completely distinct topics will

have a substantial number of words in common [34].
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2.7 Handling Unstructured Data — Text Pre-Processing

Data that is structured is stored in a fixed field in a record or file. This
data is kept in spreadsheets and relational databases. Unstructured data, on
the other hand, is the opposite of structured data and refers to data that does
not exist in a classical row-column database. Semi-structured data is data

that is neither raw nor structured in a traditional database system [35].

Preprocessing procedure is the initial phase that plays a very essential
part in text mining methods and applications. Due to the Arabic language's
richness, which includes complicated morphology as compared to other
languages. Preprocessing techniques have been used to improve the

performance of Arabic text mining.

2.7.1 Tokenization

Tokenization is the process of breaking the text into smaller
meaningful portions called tokens, and it is a highly significant stage in
natural language processing (NLP). In the current thesis, tokenization was
conducted by separating the text documents into words depending on the

spaces between them [36].

2.7.2 Stop Words Removal

The stop words are the most frequent terms in any language (like
articles, pronouns, conjunctions, prepositions, etc.) and do not offer much
information to the text [37]. By removing these frequently occurring words
from indices, the number of words against which each search term must be
matched is reduced, resulting in a considerable improvement in query
response time without compromising accuracy. Stop Words in Arabic
language are any words that are not considered part of speech, i.e., nouns

or verbs (including pronouns such as (8, 2, #), prepositions such as( (-
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, &, &), demonstratives such as ( 13 | s3a | <¥ ) adverbs such as (&3,
<), and so on) [38].

2.7.3 Text Cleaning and Normalization
Normalization seeks to reduce some letters in a word that have several

forms to a single form. It is carried out in the manner outlined below [39].

e Removing Arabic short vowels (diacritics) (= ¢-¢-¢z¢2¢2 )

e Replacing shy »

e Replacing T, |, iby!

e Replacing congestive set of spaces and new line characters by
single space, so that each two words will be separated by one

space.

Moreover, the text is cleaned by deleting numerals, non-Arabic
letters, single Arabic letters (letters that are not part of a word),

punctuations, special characters.

2.7.4 Arabic Stemming

Stemming is a technique that lowers inflection in words to find the
original root or stem of words by getting rid of any additional prefixes and
suffixes in words, hence aiding in the preprocessing of text, words, and
documents for text normalization. Arabic words have more complex forms
in any other language with similar additions. Changes in the forms of words
morphology have the same relevance as changes in the meaning of words
and may be regarded as comparable to what is meant in retrieving

information systems [40].

Arabic stemming approaches are categorized into two types based on
the level of analysis desired: the root-based stemming approach and the

light stemming approach.
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a. Root-based stemming approach applies morphological
approaches to detect the root. Many algorithms have been
created for this strategy, which first peels off layers of suffixes
and prefixes before checking a list of formats and roots to see
whether the remains are a known root with a known format. If
this is the case, it returns the root. Otherwise, it returns the
original, unaltered word. The Information Science Research
Institute’s (ISRI) stemmer is one of the famous root-based
stemmers, which is considered a rule-based stemmer that stems
the word according to particular rules to locate its root. It is
similar to Khoja stemmer but does not require a root dictionary
[41].

b. The light stemming approach is the process of removing the
most common suffixes and prefixes from a given list of prefixes
and suffixes. Because the light stemmer approach does not
attempt to extract the root of an Arabic word, it avoids infixes
and does not discover patterns [38]. For the Arabic language,
Several light stemmers have been suggested such as Al-stem by
Darwish and Oard [42].

2.8 Handling Unstructured Data - Text Representation

Text representation is one of the most essential steps in data mining
(DM), text mining (TM), information retrieval (IR), and Natural Language
Processing (NLP) approaches. It seeks to numerically represent the
unstructured text documents in order to make them mathematically
computed [43]. This process, although repetitive, plays a critical role in

selecting features of the machine-learning model.
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2.8.1 Documents Representation

Document representation aims to represent document input into a
fixed-length vector, which could describe the contents of the document, to
reduce the complexity of the documents and make them easier to handle

[44]. One of the simplest models to represent documents is a bag of words.

e Bag of Words Model (BOW)

The bag of words (BOW) is an NLP of text modeling. BOW is
easily understandable and easy to implement, and it has shown to be
effective at tasks like language modeling and document
categorization. A vector space model is another name for the BOW
document representation model. The main purpose of the vector
space model is to turn each variable-length document into a fixed-
length vector. This vector represents the frequency of all words in
the document. Every row represents an observation, and each feature

represents a unique word [45].

2.8.2 Words Representation (word embeddings)

Most natural language processing applications required a word
representation stage, which is a sort of learned representation which
enables similar meaning words to have the same representation. Hence,
many approaches to representing words as dense vectors in a low-
dimensional vector space have been developed, each adopting a different
training strategy inspired by neural network language modeling [45].
Word2vec and Global Vectors (GloVe) are two effective deep learning
approaches for word embeddings [46]. In the current work, Word2vec that

is used for learning word embeddings will be discussed.
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= \Word2vec Model

Word2vec model is a word representation model created at Google in
2013 by Tomas Mikolov [47]. This model employs two hidden layers in a
shallow neural network to generate a vector for each word. Word vectors
could be obtained using two methods: Continuous Bag of Words (CBOW)
and Skip Gram (SG) models. In order to get a better representation of
words, it is recommended to train the corpus using the huge corpus.
Word2Vec has shown to be effective in a wide range of Natural Language
Processing (NLP) tasks [48].

1. Continuous Bag of Words (CBOW) Model

The context for a particular target word is provided by
surrounding words in the CBOW model as shown in Figure 2.2. The
word representation is built by maximizing the (log-) probability of
predicting the target word given its context. The CBOW model has
a simplistic neural architecture in which the nonlinear hidden layer
Is eliminated and the projection layer is shared by all words [49].
The model optimizes the following for a given target word w; and its
context {Wic,...,Wt+1,.. .,Wic

vl

1
m Z log[P(Wi| Wiy ooy Weet, Wity s Wege)] (D
t=1

Where |v| donates the number of words in the corpus and ¢

donates the size of the dynamic context of w;.
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INPFUT FROJECTION

W(t-2)

W(i-1) SUM  ourpPUT

W(t)

W(t+1)

W(t+2)

CBOW

Figure 2-2 CBOW Model [50]

2. Skip-Gram (SG) Model

In contrast to the CBOW model, the skip-gram (SG) model
calculates the current word using context words as shown in Figure
2.3. It has a similar architecture in that the neural network's input
and output are reversed [50]. Each word vector in a corpus is trained
to maximize the (log-) probability of creating neighboring words.
Given a set of training words {Wt.,...,wic}, the model maximizes
the average (log) probability of predicting the context of the current
target word [49]:

1 vl t+c
DD, . loglPGwiwo) @)
t=1 j=t—c,j#t

Where |v| donates the number of words in the corpus and ¢

donates the size of the dynamic context of w;.
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PROJECTION OUTPUT

INFUT SUM

w(t) >

Skip-gram

Figure 2-3 Skip-Gram Model [50]

e Skip-Gram Negative Sampling (SGNS) Model

Skip-Gram Negative Sampling seeks to maximize the similarity
of words when they appear in the same context and minimize it when
they occur in different contexts. SGNS trains a neural network to
calculate the probability of encountering a context word ¢ given a
target word w sliding symmetric window throughout a subsampled
training corpus with uniformly sampled window size from the range
[1,win]. Each observed (w, c) pair is combined with a random selection
of words (2 <k <20) based on the training size, and the loss function
Is computed [51].

k
LS = 1og oM W) + ) Ewiopyony 10go(= Wy W1 (3)

=1

Where P,(w) is the distribution from which the noise words w;
are sampled, and more frequent words are more likely to be chosen as

negative samples.
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» Pre-trained Embeddings

Word Embedding is a powerful deep learning approach for creating
words and documents vector representations. For training and generating
an appropriate vector for each word, Word2vec requires very large corpora.
Google, for example, utilize around 100 billion words to train Word2vec
algorithms then re-released pre-trained word vectors with 300 dimensions
[46]. Hence, Pre-trained Word Embeddings are embeddings learnt in one
task and applied to another comparable task. These embeddings are trained

on large datasets, stored, and then applied to different tasks [52].

2.9 Topic Modeling

Nowadays, topic modeling has received a lot of attention in the area
of research. It is utilized in a variety of fields, most particularly in
information retrieval and natural language processing. The goal of topic
modeling is to discover a predefined number of topics. Topic modeling is
an unsupervised technique based on statistical ideas that require no prior
knowledge of the data. It has the ability to greatly assist users in

understanding text corpora [53].

Clustering and topic modeling are quite similar in that they both need
the number of categories to be defined ahead of time and do not require
labels to operate. Using probabilistic approaches, topic models extract a
collection of topics, and each topic contains a set of words. They extract a
number of topics from a text corpus, with each topic characterized as a
statistical distribution of a set of words. This is done via the use of

probabilistic models [53].

One of the most common topic modeling techniques (LDA) and the

most recent topic modeling technique (LDA2Vec) linked to approaches

26



Chapter Two Theoretical Background

addressed in information retrieval and machine learning literature are as

follows.

2.9.1 Latent Dirichlet Allocation (LDA)

The Latent Dirichlet Allocation (LDA) is the most popular topic
modeling technique, which is a probabilistic obstetrical model used to
represent any combination of separated data. The purpose of LDA is to
determine which topics a document belongs to, based on the words in it
[54].

LDA is a three-layer Bayesian probability model and a
comprehensive document generating model. Figure 2.4 illustrates a
graphical model representation of LDA based on [55]. The observable
variable is denoted by the shadow circle w, whereas the other latent
variables are denoted by non-shadow circles. The boxes are "plates"
representing the replicates. The outer plate denotes the documents, while
the inner plate denotes the recurrent selection of latent topics and words
inside a document. The document-topic distribution is represented by 0,
and each is derived separately from the symmetric Dirichlet prior a. The
topic-word distribution is designated as ¢, and each is derived from a
symmetric Dirichlet prior 3. Based on these concepts and notations, LDA
assumes the following generating process for each document in the corpus
[56].

1. Choose N ~ Poisson ().
2. Choose 0 ~ Dir (a).
3. For each of the N words w, :
a. Choose a topic z, ~ Multinomial (0).

b. Choose a word w, from p(wp|z,,), a multinomial
probability based on topic z.
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BED
oo —@

Figure 2-4 Graphical model representation of LDA [55]

M

2.9.2 LDA2Vec

Christopher Moody presented LDA2Vec in [15], a hybrid approach
that combines the sparse document-topic representation of a corpus utilized
in traditional topic modeling techniques such as the LDA with the
innovation of word embeddings. LDA2Vec was developed for solving one
of the fundamental limitations of traditional topic modeling approaches:
the lack to benefit from recent advances in distributed word representation,
such as the Skip-gram representation presented in Word2vec. As
previously discussed, word embeddings have had a significant impact on
the field of NLP across a wide range of applications, and the development
of hybrid topic models that leverage these distributed word representations
to account for semantically meaningful relationships between words has
led to advances in topic modeling as well as the development of state-of-
the-art topic models.

From an implementation standpoint, the LDA2Vec model modifies
the Skip-gram Negative Sampling (SGNS) objective from [47] to learn
document-wide feature vectors in synchronization with discovering
document weights that are loaded onto topic vectors [15]. Figure 2.5
illustrates the LDA2Vec model workflow and details of the model are

provided below.
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e Loss Function
The total loss term L in (4) is the sum of the Skip-gram Negative

Sampling loss L;;? with the addition of a Dirichlet likelihood term

over document weights, L* which is discussed later. The loss is

conducted using a context vector,c;, pivot word vector w;, target word

vector w;, and negatively-sampled word vector w; [20].

L=1%+ Z;L;;? (4)

L?fg =logo (¢, w;) + Xl ylogo (—¢;-w;)  (5)

e Word Representation

The Skip-gram Negative Sampling loss indicated in (5) tries to
distinguish context word pairs that exist in the corpus from those randomly
sampled from a "negative™" pool of words. This loss is reduced when the
observed words are totally segregated from the marginal distribution. Pairs
of pivot and target words (j,i) are recovered when they co-occur in a
moving window scanning through the corpus. The pivot word is used to
anticipate the neighboring target word for every pivot target pair of words.
Each word is represented as a fixed-length dense distributed representation

vector, which is utilized in both the pivot and target representations [20].
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Figure 2-5 The LDA2Vec model's workflow [15]
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e Document Representation

LDA2Vec embeds words and document vectors in the same space
and trains both representations at the same time. Both spaces are
effectively connected by combining the pivot and document vectors.
The context vector in LDA2Vec is intentionally meant to be the sum
of a document vector and a word vector, as seen in (6) [15]:

G = +d (6)

e Document Mixture

LDA2Vec generates a document vector from a mixture of topic

vectors by constraining the document vector d; to project onto a set

of latent topic vectors t,, t4, ..., t;, . Each weight is a fraction that

denotes the membership of document j in the topic k [20].

=2 - - -

di =pjo-totpji-tit-+pp-t (7)

e Sparse Membership
The document weights p;; are sparsified by optimizing the
document weights with respect to a Dirichlet likelihood with a low

concentration parameter o:

L* =22 (@ —Dlogpjx  (8)
The overall objective in (8) assesses the likelihood of document
j in topic k summed across all available documents. The intensity of
this term is regulated by the tuning parameter lambda. This simple
likelihood promotes the document proportions coupling in each
topic to be sparse when alpha is less than (1) and homogenous when
alpha is more than (1) [20].
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2.10 Clustering validation methods

Clustering is an unsupervised learning approach in which labels are
not given or, in certain situations, do not exist. Although there are
automated and semi-automatic data labeling approaches, they may not be

accurate enough to confirm clustering.

Cluster validation is a technique for measuring the efficiency of
various clustering algorithms. This aids in avoiding identifying patterns in
a random dataset. There exist three types of cluster validation approaches

to evaluate the goodness of the clustering result [57].

e Internal cluster validation: evaluates the goodness of a clustering
structure using internal information from the clustering process
without referring to external information (having no labels).

e External cluster validation: comparing cluster analysis results to
an externally known outcome, such as class labels. This approach is
typically used to select the optimal clustering algorithm for a given
data set.

e Relative cluster validation: examines the clustering structure by
modifying the parameters for the same technique (For example,
varying the number of clusters k). It is frequently used to determine

the optimal number of clusters.

Because data labels exist in this study, external measures are used,
which consist of seven measures: Purity, Precision, Recall, F1-score,
Rand-Index (Accuracy), Jaccard Index, and Normalized Mutual
Information. They are some of the most often used validation methods in
the literature, and they are employed in this study to validate the quality of
the clustering. The sub-sub sections that follow will provide a very brief

overview of the mentioned evaluation metrics [57].
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Some of these measures are calculated using the widely used
computing confusion matrix, which is made up of four values: True
Positives (TP), True Negatives (TN), False Positives (FP), and False
Negatives (FN) [58]. As seen in Table 2.2, these components combine to

generate the Confusion Matrix.

Table 0-2 Confusion Matrix

Same Cluster Different Cluster
Similar documents True Positives (TP) False Negatives (FN)
Different documents False Positives (FP) True Negatives (TN)

The clustering confusion matrix is built on all possible combination-

pairs of all documents selected from all clusters [7], where:

e TP: denotes that the two documents are similar and belong to
the same cluster.
e FN: denotes that the two documents are similar and belong to
different clusters.
e FP: denotes that the two documents are different and belong to
the same cluster.
e TN: denotes that the two documents are different and belong to
different clusters.
Purity
Purity is a metric for determining how pure a cluster is in relation
to its dominant class [7]. The percentage of all objects of dominating
classes in each cluster in relation to the total number of objects is then

used to calculate purity:
1
Purity = N Z maxj|wk N cj| 9
k
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Where N is the total number of objects, k denotes the number of
clusters, and wy, the dominating class, whereas the true class is ¢; . The
higher the purity value, the better the clustering, with a maximum value
of one of the dominant classes in a cluster representing all objects in
that cluster.

2.  Precision
Precision (P) is the ratio of the number of relevant documents to the
total number of documents in all clusters [59].

P(j) = 2 (10)

J
Where n; ; is the number of correct members of the class label i in

cluster j, and n; is the total number of members of the cluster number j.

Based on the confusion matrix values, precision can be calculated

according to the following formula:

Precision = r 11
recision = TFP (11)

3. Recall

For each cluster, the Recall metric is dependent on the relevant class
label. The recall is calculated by dividing the total number of relevant
documents in the collection by the number of relevant documents in all

clusters [60].

RG,j) =~ (12)

l
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Where n; ; is the number of correct members of the class i in cluster j,

an n; is the number of original members of the class number i.

Based on the confusion matrix values, recall can be calculate according

to the following formula:

TP

Recall = 7p ¥ 7N (13)

4. F1-score

F1l-score [61] is a common external quality metric that combines
information retrieval precision and recall ideas. It's also known as the F-
Score or the F-Measure. The F1-score of cluster j and class i is calculated

as follows:

2 X P(i,j) X R(i, ) (14)
P(i,j) + R (i,))

F@i,j) =
5. Rand Index (Accuracy)

The Rand Index calculates the percentage of accurate clustering
decisions. Clustering may be thought of as a sequence of pair-wise
selections in which it is intended to assign two documents to the same
cluster if and only if they are similar [62]. The formula for calculating the
Rand index is as follows:

TP+TN

R — i = (15)
and — index = o T b T EN

6. Jaccard Index

The Jaccard index measures the similarity between the clustered values
and the true values to assess the capability of the clustering technique to
find similarities between data objects and performance based on these
similarities [63]. According to the confusion matrix, The Jaccard index is

defined as follows:
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d — index = ——— (16)
Jaccar index = TP+ FN + FP

7. Normalized Mutual Information (NMI)

Normalized Mutual Information is an information-theoretic measure of
how much information is shared between a clustering and a ground-truth
classification that may discover nonlinear similarity between cluster
members [63]. The NMI is calculated using (17).

NMI = [XY)
(X,Y) = (17)

JHX) x H(I)

Where: X represents class labels and Y represents cluster labels. 1(X,

Y) represents mutual information between X and Y. H(X) and H(Y)
indicates the entropy of X and Y, respectively. A higher NMI value
indicates more mutual information, resulting in, more similarity between

clusters
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Chapter Three The Proposed Approach

3.1 Introduction

In this chapter, the steps followed to achieve the key aim of the current
thesis are described. This includes proposing an approach for clustering
Arabic documents using the topic modeling technique. The architecture of
this model is depicted first; then, the stages of text pre-processing, text
representation, training model, and testing model are discussed

subsequently.

3.2 Outline of the Proposed Approach

There are five stages in the proposed approach. Each stage comprises
sub-steps in order to accomplish the study objectives and meet its main
goal. As described in Figure 3.1, these steps are Text collection, Text pre-

processing, Text representation, Topic Modeling model, and Evaluation.

The first stage is collecting text data; the dataset utilized in this
approach comprises a collection of documents, the contents and sources
of which will be identified later. Text pre-processing is the second one,
which includes a number of sub-steps to prepare the proposed approach
inputs. The third one is the text representation; after constructing the
vocabulary taken from the dataset, documents represents as document
vectors and the word embeddings vectors will be represented in one of
two ways: learning embeddings from scratch or using Pre-trained word
vectors. The topic modeling model using LDA2Vec algorithm is
described in the fourth stage. The final stage is the evaluation of the

outcomes of the model, and many methods were used to do so.
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3.3 Collecting Text Data

In the current approach, Arabic articles news dataset collected by
Diab Abuaiadah et.al, [64] has been used. Where the researchers chose the
number, type, and source of categories as the initial stage in creating the
dataset. After examining numerous published articles on Arabic document
classification and scanning from well-known and trustworthy Arabic
websites, nine primary categories were chosen: Art, Economy, Law,
Politics, Literature, Health, Religion, Technology, and Sport. Documents
from each discipline were manually collected and sorted, with each
document weighing up at roughly 2 kilobits. Each document is allocated to
one category, so every document that looks to belong to more than one was

removed from the dataset. Table 3.1 lists the sources for each category.
Table 3-1 The Dataset

N°® | Size
Category Sources
Docs. | (MB)
http://www.egypty.com/all-arts.aspx;
Art 300 1.01 ] ]
http://www.elcinema.com/news/articles/2010/12/
http://news-all.com/;
Economy 300 1.01 http://www.spa.gov.sa/;http://all4syria.info

http://www.aljazeera.net/ebusiness/

http://www.se77ah.com; http://www.aljazeera.net;

Health 300 1.01 _
http://www.6abib.com/

http://www.eastlaws.com/News/NewsL.ist.aspx;

LAW 300 1.02
http://www.barasy.com/

http://www.almhml.com/ ; http://news-all.com/ ;

Literature 300 0.98
http://adab.akhbarway.com

http://news-all.com/ ; http://www.spa.gov.sa/

Politics 300 1.00 o ]
http://all4syria.info; http://www.aljazeera.net

Religion 300 1.08 http://news-all.com/ ; http://www.anbacom.com/

Sport 300 1.01 http://www.kooora.com/ ; http://www.soccerarabia.net/

http://news-all.com/; http://www.akhbarway.com/;

Technology | 300 1.06
http://www6.mashy.com
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There are five versions of the dataset:

1) V1: Documents with no preprocessing.

2) V2: Documents with stop words removed.

3) V3: Documents after stop words removed and stemmed with the
Light10 algorithm.

4) V4: Documents after stop words were removed and stemmed with
Chen’s algorithm.

5) V5. Documents after stop words removed and stemmed with

Khoja’s algorithm.

They can be accessed through http://diab.edublogs.org/dataset-for-arabic-

document-classification/, version 1 is used, which contains the raw data.

There are 2,700 documents, 300 in each category, with 878,726 terms and
96,859 unique terms [7].

3.4 Text Pre-processing

The second stage of the proposed approach is pre-processing. Text
documents are preprocessed at this stage since the raw data is not in the
optimal format. Text documents are cleaned of unimportant and
undesirable data at this stage. In the current thesis, several pre-processing
methods are used, as indicated in the following subsections. Algorithm 3.1

depicts the pre-processing steps of text documents that have raw data.

3.4.1 Tokenization

Tokenization is carried out in this approach by breaking out the text
document into words depending on the spaces between them. The
tokenization method for each text document is explained in Step 2 of
Algorithm 3.1,
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3.4.2 Removing Stop words

The procedure of removing stop words® is shown in Step 3 of
Algorithm 3.1. A large list of Arabic stop words was used in this approach.
It contains 750 stop words. The researcher added additional stop words,

increasing the total to 872. Table 3.1 shows examples of Arabic stop words.

Table 3-2 Examples of Arabic Stop Words

Arabic Arabic Arabic Arabic Arabic Arabic
word word word word word word
ol Ul i oS 13La P
oS [RX BLES e 1) px
il o s O\s e A oAt
Al &l ol o ol Eud
<L oY) Js¥) B & o8
Ll & e N & Nia
da die ) g sl Lay
g Ladic KYS s aQ aa
sale ) N ) e alal S
NETTe 4le Js) Jdss all 3 A

3.4.3 Text Cleaning and Normalization

It is not possible to move directly from raw text to fitting a machine
learning or deep learning model; first, the text must be cleaned. There are
several text preparation methods that may be necessary, and the method of
choice is totally based on the natural language processing tasks. The

process of cleaning text in this approach includes, removing punctuation,

! https://github.com/mohataher/arabic-stop-words
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special characters, numbers, non-Arabic letters, Arabic diacritics,

normalizing the Arabic Alef alphabet, and Ta-Marbuta.

1. Removing Punctuations and Special characters
In-text pre-processing, removing unnecessary information such as
punctuations and special characters is essential. Punctuations explain
how a sentence is constructed, how it should be read, and how it
should be understood. Examples of punctuations and special
characters are: "', ", '#,'$', '%', ‘&', """, '(, ), ", +L L L U Y,
< s e @ LW T Y L L Y, '~ The procedures
for removing punctuation and special characters from text are
explained in Step 4.1 of Algorithm 3.1.
2. Removing Numbers
Because the model deals with text, the numbers may not provide
much information for text processing, so they are removed from the
text. Step 4.2 in Algorithm 3.1 explains the procedure followed in
removing numbers from texts.
3. Removing Non-Arabic Letters
Algorithm 3.1, Step 4.3, describes the process of removing non-
Arabic letters from texts. All uppercase [A-Z] letters from A to Z, as
well as all lowercase [a-z] letters from a to z, are included.
4. Removing Arabic diacritics
Avrabic diacritics (short vowels) are diacritical marks put above or
below ordinary consonant letters. These diacritics are the fatha 4%l
the kasra 3 24, and the dahmma 421, In addition, there are two other
essential marks: the sukoon ¢4\ and the shaddah 333, Step 4.4 of

Algorithm 3.1 explains removing Arabic diacritics procedure.
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5. Normalizing Arabic Alef alphabet
Alef or (Alif) is the most utilized letter in Arabic owing to the
several sounds it represents. In addition, this leads to numerous
different forms and shapes to distinguish each sound. The different
forms of the alef )] have been replaced with plain alef () as

explained in step 4.5 in Algorithm 3.1.

6. Normalizing Ta- Marbuta
Step 4.6 in Algorithm 3.1 illustrates normalizing the feminine

ending, Ta-Marbuta 3, to ha ».

Algorithm 3.1: Pre-processing of Text Documents

Input: Texts is a set of text documents
Output: Set of tokens (SOT)
Begin:

1. Stepl: //Read Texts

L

Step 2: /I Splitting text into tokens (Tokenization)

3. For T in Texts do

4. Extract all tokens (ET) based on space between words
5. Tokens set=ET /I Set of tokens
6. End For

7. Step 3. // Removing Stop words

8. i=1

9. LSW = list of Arabic stop words

10.  While i <= length of Tokens_set then

11.  Begin
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12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

217.

28.

29.

30.

31.

32.

End

If Token [i] existed in LSW then

replace Token with white space

i=i+1
End If
End while
Step 4:

=1

While i <= length of Tokens_set do

Begin

If Token [i] in Tokens_set then

Step 4.1:

Step 4.2:
Step 4.3:
Step 4.4:
Step 4.5:

Step 4.6:

i=i+l
End If

End while

RP = Removing punctuations and special characters
from Tokens_set

RN = Removing numbers from Tokens_set

RNAL = Removing non-Arabic letters from Tokens_set
RAD = Remove Arabic diacritics from Tokens_set
RAlef = Replacing )i, |, by ! in Tokens_set

RTa = Replacing 3 by » in Tokens_set

Replace RP, RN, RNAL, RAD with
white space

Return set of tokens that contains important tokens (SOT)
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3.4.4 Arabic Stemming

Words in the Arabic language are made up of root sets, which show
the basic meaning of a word with the addition of affixes that change the
pronunciation. Accordingly, Arabic Light Stemmer based on root
extraction stemmer (Information Science Research Institute (ISRI)) is used
in this study. The utilized stemmer comprises of numerous phases as
indicated in Algorithm 3.2.

Algorithm 3.2: Arabic Light Stemmer

Input: Set of Tokens (SOT)

Output: LS, list of light stemming words

Begin:
1. SOT, list of words from preprocessing step
2. LS={}
For win SOT do
4, If wnotin LSWthen  //exclude stop words from being
Processed
5. w = removing ("s" /[remove connective ‘5’
6. w = removing prefix32 //remove prefixes with lengths three and two
7. w = removing suffix32 // remove suffix with length three and two
8. If w.Length >=3 Il keep words with length 3 or greater
9. LS.append(w)
10. End If
11. End If
12. End For
13. Return list of stemmed words LS
End
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3.4.5 Calculating word frequency

Word frequency investigates the significance of words in a text or
group of texts by counting the number of times particular words appear.
Raw and relative frequency counts, as well as percentages, are included.
Algorithm 3.3 explain the steps of counts the frequency of each word in
the text.

Algorithm 3.3: Word frequency
Input: LS, List of stemmed words
Output: dictionary of words and its counts
Begin:

1. counts = ()

2. For word in LS:

3. If word in counts:

4. counts[word] +=1
5. Else:

6. counts[word] =1
7. End For

8. Return counts

End

3.4.6 Removing Low-Frequency Words

One of the difficulties in dealing with text is that the number of feature
words accessible in the dataset is just too huge. The number of features
available might possibly number in the tens of thousands. Limiting the

number of input features is recommended in order to decrease modeling
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computational costs and, in some cases, improve model performance. In
current study, all terms that contain less than (25) occurrences are

eliminated.

3.4.7 Creating Vocabularies

First, a list of unique words from the text documents was compiled.
Such words are referred to as vocabulary. A list of features is produced
from all of the words, with each feature consisting of a pair (key, token).
The key indicates the feature's index in the list, while the token refers to
the feature itself. The vocabulary of the standard dataset has 96,859
features. In the current approach, the python package (vocab) has been used

to create the vocabulary as illustrated in Algorithm 3.4.

Algorithm 3.4: Creating Vocabularies

from vocab import Vocab

import numpy as np

Input: documents: (the input documents)
max_length: (the maximum number of words per document, If the document
Is shorter than this number, it will be padded to this length)
skip: (int) Short documents will be padded with this variable up until
max_length)

nlp: is a spaCy NLP object. Useful for not instantiating the object multiple times.
Output: vocab, dictionary (Keys are the word index, and values are the string. The pad
index gets mapped to None)
Begin:
1. voc = Vocab()

2. If nlp is None:
3. nlp = Arabic()
4. data = np.zeros((len(documents), max_length) , dtype="int32")
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5. data[:] = skip

6. For row, doc in enumerate(nlp.pipe(documents)):

7. text = str(doc)

8. data[row ,:length] = dat[:length]

9. dat = voc.word2index(s.split(), train=True)

10. uniques = np.unique(data)

11. vocab = {v: voc.index2word(v) for v in uniques if v !=skip}
12. vocab[skip] = '<SKIP>'

13. return vocab

End

The following example explains the result of building vocabularies process:

Document 1
" aniall Ay jedl il el (5 sus Led 530 e A sanall i) gl Apaigh) uSla 5 Sile AS yd CiRES "
Document 2
i EM\@ﬂ\u\JuY\gﬁuJPﬁ)ﬂ‘ﬁ_\c@}mM AS}iénw}L% uLAJLA‘\S)ﬁ:eALuu "
vocab = {0; '@aiS', 1: AS 8| 20 'Sl Sl 3: asgdl) 4 il sell!, 5 'Al gasdll', 6:

'Qc" 7: 'L@J}Sd" 8: 'é}u" 92'“—1\}3;”' ’ 10 l:‘é_j‘)’d\l’ 11 "é.l;ld\', 12 va%Ml’ 13 'QL\J\A"
14: 'Ga s, 15: 'aa', 16: 'zl 17" Ae!) 181" o2, 19: "W ) san' 20: ' A}

3.5 Creating a Vector of Features

One of the most fundamental problems in text mining and information
retrieval (IR) is text representation. The text was represented as a feature
vector space, with each document being an array of features. The length of

the vector is the same for all documents because it depends on the length
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of the feature. To prevent having features that are overly huge, tokens are

only considered features if they occur more frequently than other features.

3.5.1 Documents Representation

The documents in this model are represented by BOW model. BOW
turns text into a matrix of word occurrences within a document. The
collection of documents is represented as a Term Document Matrix

(TDM), which is a m x n matrix with the following properties:

= Rows (i=1,m) indicate words from the collection of documents.

= Columns (j=1,n) represent documents from the documents
collection.

= Cell ij stores the occurrences of the word i in the context of the

document j.

Table 3.3 illustrate documents representation in Term Document Matrix.

Table 3-3 Term-Document matrix

D1 D2 D3 D4
W1 1 4 3 1
W2 3 0 1 2
W3 0 3] 4 6
w4 0 1 0 2
W5 6 3 0 0

3.5.2 Words Representation (Word Embeddings)
1. Learning Embeddings from Scratch
In this case, the word embedding vectors are created from scratch.

The Word2vec algorithm was used to generate word embeddings vectors
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from a document collection in which words with related meanings are
represented similarly.
2. Pre-trained Word Embeddings
Pre-trained word embeddings are embeddings that have been learned
in one task and may be utilized to solve another comparable task. As they
are taught on huge datasets, Pre-trained word embeddings capture a word's
semantic and syntactic meaning. They have the ability to improve an NLP

model's performance.

3.6 Topic Modeling
Once the pre-processing stage has completed its role, the pre-
processed text will be sent to the topic-modeling system. The topic-

modeling system will attempt to find ‘'topics' from the pre-processed text.

The LDA2Vec has been used as a topic-modeling technique in this
approach to determine and group the various topics covered by 2700
documents. The system contains two stages, the training stage, and the

testing stage.

3.6.1 LDA2Vec Model /Training Stage

LDA2Vec is developed by modifying the Skip-gram Negative-
Sampling (SGNS) aims to use document-wide feature vectors while
concurrently learning continuous document weights loading onto topic
vectors. In LDA2Vec, the power of Word2vec is paired with the

interpretability of LDA. This recipe requires three architectural changes:

1. Bringing together global document topics and local word patterns.
2. Word vectors that are dense but document vectors that are sparse.

3. Mixture models for interpretability.

The procedure of the LDA2Vec technique is described in section 2.9.2,
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In the training stage, The LDA2Vec method has some parameters.
The parameters include the number of documents (n_docs), number of
topics (n_topics), number of vocabulary (n_vocab), number of dimensions
in a single word vector (n_units), negative sampling power (power),
number of negative samples (n_samples), term frequency

(term_frequency) and sampling temperature (temperature).

The pre-processed text has been passed through the LDA2Vec method to
extract hidden/latent topics and saves the extracted topics as feature topics.
Algorithm 3.5 explain the LDA2Vec Method procedure.

Algorithm 3.5: LDA2Vec Method

Input: n_docs, n_topics, n_units, n_vocab, term_frequency, n_samples, power,

temperature, doc_lengths, pretrained,

Output: Loss data for Negative Sampling
Begin:
1. LDA2Vec (n_docs, n_topics, n_units, n_vocab, term_frequency,
n_samples, power, temperature)
2. Stepl: (A latent vector is randomly initialized for every document in the
corpus)
- Given an array of document integer indices, returns a vector for

each document. The vector is composed of topic weights projected

onto topic vectors. According to the equation:

—

di =pjo-to+pj1-ti+ - +DPjx- i

3. Step 2: Calculate the log likelihood of the observed topic proportions.

According to the equation:

LY =A% (@ —1)logpj
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4. Step 3: Create context vector by sum the document vector and word vector.

According to the equation:

C] = (U] + d]
5. Step 4: Using the negative sampling to calculate the gradient for a few

sampled negative examples. According to the objective function

explained in the equations:

L=1L1%+ z;L;’

1ned

"9 = loga (¢ W) + Zielogo (~5 W)

End

For model successfully trains and identifies a set of topics for a given
dataset, the output saved in an npz file (a zipped archive of files called after
the variables they contain) that includes topic_term_dists vectors,
doc_topic_dists vectors, doc_lengths, vocab, and term_frequency values.

Algorithm 3.6 describes the LDA2Vec training stage procedure.

Algorithm 3.6: LDA2Vec Model-Training Stage

Input: n_docs, n_topics, n_units, n_vocab, term_frequency, n_samples, power,
temperature, doc_lengths, pretrained, epochs

Output: npz file (data), which containes (topic_term_dists vectors, doc_topic_dists
vectors, doc_lengths, vocab, and term_frequency values).

Begin:

1. Stepl: Train_model = LDA2Vec (n_docs, n_topics, n_units, n_vocab,
term_frequency, n_samples, power, temperature)
2. Step2:  If pretrained = True:

I use pre-trained vectors

3. Step3: For epoch in range (epochs)
4. Begin:
53




Chapter Three The Proposed Approach

5. Step3.1: data = Collects a dictionary of word, document and topic

distributions.

6. Step3.2: data['doc_lengths'] = doc_lengths

7. Step3.3: data['term_frequency'] = term_frequency
8. Step3.4:  Predict word given context and pivot word.
9. End For

10. Return data

11. End

3.6.2 LDA2Vec Model /Testing Stage

As a test stage, a set of documents is picked as a test set from the
dataset. Then, one by one, these documents are labeled with certain topics.
Using the model to identify the topics of test documents, started by
examining each word in the test document to see whether it corresponded
to the training stage vocabulary. The probability of these words is
calculated using the topic_term_dists vectors that obtained from training
stage. Then, based on the total of the word probabilities, analyzed the
summation of the word probabilities for each document, and the topic with
the highest probability is the topic of this document. Algorithm 3.7

illustrate the procedure for this stage.

Algorithm 3.7: LDA2Vec Model-Testing Stage

Input: stemmed_words is a pre-processed test document,
n_topics is the number of topics,
data is the output of the training stage.

Output: doc_to_topic is a topics distribution of test documents
Begin:
1. Stepl Initialized doc_to_topic = [[]]*len(stemmed_words)
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2. Step2:
3. Step3:
4.

© ©o N o o

10.

11.
12.

13.
14.
15.
14.
15.

17. End

Initialized variable m=0
For text in stemmed_words:
Begin:

Step3.1: tokens = str(text).split()

Step3.2: topic_weight = np.zeros(n_topics)

Step3.3: For token in tokens:

Begin:
If token in data['vocab']:
ind = data['vocab'].index(token)

For i in range(n_topics):

topic_weight[i] += data['topic_term_dists'][i][ind]
/len(tokens)

End For
End If
End For
Step3.4: doc_to_topic[m] = topic_weight
End For

16. Return doc_to_topic

3.7 Evaluation

Since, the 'topics' generated by the LDA2Vec model can be

considered as clusters, so can applied different clustering evaluation

methods to test clustering accuracy and quality, including: Purity,

Precision, Recall, F1-score, Normalized Mutual Information, Accuracy or

Rand-Index, Jaccard Index (explained in section 2.10), and testing topic

distribution per document.
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Chapter Four Experimental Results and Discussion

4.1 Introduction

This chapter discusses the results of each stage of the proposed
approach, which was described in chapter three. The results of all stages
are organized in the order in which they appeared in Chapter Three. This
chapter also compares the outcomes of the proposed approach to the results
of comparable studies. On the other hand, the current chapter starts with
the hardware and software requirements for implementing the proposed

approach.

4.2 Hardware and Software Requirements
The proposed approach is implemented using the following hardware

and software requirements.

Hardware: Processor Intel i7, RAM 8GB, Storage 1000 GB,
Freq.1.8GHz 2.00GHz,

Software: Operating System: Windows10 pro-64-bit.
Programming language: Python language

IDLE: the approach is implemented by Python 3.8.3 Jupyter
Notebook, Anaconda 3.

4.3 The Dataset

The dataset that has been used to train the model is presented by [64]
as described in section (3.3) of chapter three. The dataset has five versions;
we utilized Version 1, which includes the original documents. Figure 4.1
shows an example of a document and the document's content. The dataset
comprises 2,700 documents organized into nine categories, each with 300
documents. The total word count is 878,726, with a vocabulary size of
96,859 and an average length of 1966.68. Figure 4.2 displays a histogram
of documents lengths.
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4.4 Results of Text Pre-processing

The results of the pre-processing stage are shown after performing
tokenization to split words, cleaning text, and normalization by removing
irrelevant information. The outcomes of the pre-processing stage were a

collection of tokens.

= Tokenization
Table 4.1 displays the results of splitting the text of a document into

its constituent words.
Table 4-1 Tokenization

Text before | ole i Cpe iall go 5alal pall (8 ((m) Gossdl W) e oy 0S5 o

Tokenization (s oAY) 33 (8 1992) jas 4 1993
,Iej\l ’l al ’l(l ,lwl ’I)l ’lw}‘):‘éll ,")1_.\3.;;" ,‘L}AQ' ’I?E:‘I ,'OS;' ’lejl ]

Text after o
’l1 992| ’l)l ,")AAA‘ :él ’l1 993' ,leLcl :dég‘ "O:\Q‘)t\:\d\' ,'(_.J#Q' ,'Jj.;w"

Tokenization

[ i.l ’l ' ,'LS_).AS”' ,IJM‘I ’I‘;l

» Removing Arabic Stop Words
In-text mining, unimportant words, known as stop words, are
removed from the original text. Table 4.2 demonstrates a sample of text

before and after removing stop words.

Table 4-2 Removing Arabic Stop words

ualsall 3 48 il aae e o ldie) plef 8 D) @ gl of Sy
sl jali )50 (8 4w g al ) J 5 ¢ Y1 lilal) de gan 4c] B any

Text before

Tokenization

L« OUalsy
Text after Ao gane 4ie) 5 Judusall 48 jLaall o )l¥ie) Glef LBl e ol Sy
Tokenization @ ol y ladall jals g aay o Y1 culalal)
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» Removing Punctuations and Special Characters
Punctuation and special characters have been removed from all
texts. Table 4.2 shows an example of the text before and after the

punctuation and special characters are removed.

Table 4-3 Removing Punctuations and Special Characters

e

Text before Removing | ¢sos Jile 61 daeall a8 g5 5¥) (S all i) IS
Punctuations and | )l JS& e bl gladll & (V50 bl 84 44 8)

Special Characters Al

Text after Removin R . . .
: DA 55 Jble 61 Arandl a8 5 ) 5V (5 S pall il (S

Punctuations and ) . . I
Alle 3l JSE Je (A paall glasll & Y 50 e 84

Special Characters

= Removing Numbers
The numbers are removed because they may not provide much
information for text processing. Table 4.4 shows a sample of the original

text before and after the numbers are removed.

Table 4-4 Removing Numbers

Text before ) i .
) O Jee) 33 10,700 s> Dl (8 2 g 4l (63 ganall (8IS
Removing o L )
bl 427324 L 43000 5 0 4095
Numbers
Text after . .
WM L')@_'md\.n:_\'éd:\u ’Q\PQ‘Juy\é#ﬁd\gJN\ﬂsj
Removing o
Numbers

= Removing Non-Arabic Letters
Table 4.5 demonstrates the result of removing non-Arabic letters

from the text.

60



Chapter Four

Experimental Results and Discussion

Table 4-5 Removing Non-Arabic Letters

Text before
Removing Non-
Arabic Letters

oal BY) Fud Sles L) e (EpsSon) "o s dadlall AS a0 cuilel
s e s s S 2 (CD/DVD) "6 b 2" o=l il s 4 ) 5l
Lo Y1 (5,8 3l el 8 (Discproducer PP-100) "100

Text after
Removing Non-
Arabic Letters

Lol el BY) mw Jlea 8B Ge o) "0l Asallall 38580 cuile
2 (100-) "100-2 .o 59 3Saad” naall (/) " .S " L=l il 5
Lo Y1 58l 3 gl

7. Removing Arabic diacritics

The Arabic language features short vowels that produce varied

pronunciations. They are grammatically required but are removed in

written Arabic texts. The result of removing Arabic diacritics from the

text is shown in Table 4.6.

Table 4-6 Removing Arabic diacritics

Text before

Removing Arabic
diacritics

Cud e oalie SN 3} tume (8 Al coleal) 2y giaall L) (g

(G535 %% plal o 15kl 1) shental 2313 130 5523 sl

Text after
Removing Arabic

diacritics

Al e salie elllu 13 ) tcuma (8 Al celeall 4 giadl L) (g
{0523 0 addal (o) sl s (I ) smaianld Glea 13 ¢ 1al) 3 500 Cuall

8. Normalizing theArabic Alef alphabet

Replacing the different forms of the alef [i] with plain alef () as

seen in the example in Table 4.7
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Table 4-7 Normalizing Arabic Alef alphabet

e

Text before Lealad) Cie elay )1 4y st S aladll JDIA Leidle dadill jlasdd Chlaiad

Normalizing | aalis "o Jbac¥) 38 Cancay 35l daapll W53 70 050 L
Alef eSSl Tl ) e ) oyl e gLl

Text after o)) Lmaliail e olay )W) Ay ga) o labeill JMA Lgile Jadil) jla) cadlacind

Normalizing o glaall a9 e jlac V) B B Camiay 5 e Jae pll Y 00 70 00 e
Alef SenSall hadill 1) Je bl o 588 e

9. Normalizing Ta- Marbuta

Table 4.8 shows an example of how to normalize the feminine ending,
Ta-Marbuta 3, to ha »

Table 4-8 Normalizing Ta- Marbuta

Text before ) ) )
Normalizing . o
5 bzall LoDl e g dailall Lo BT 5 L) g8 Cus (e (aliatily)
Ta- Marbuta
Text after ) . ;
Normalizing . = o
ookl LEtle i g anilall by T 5 ladi) ¢ Cua e (albaidy)
Ta- Marbuta

= Arabic Stemming

This involves removing affixes like prefixes and suffixes from words.
This can assist in the reduction of the number of words in the feature space.

Table 4.9 provides an illustration of text after Arabic light stemming.
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Table 4-9 Arabic Stemming

Text before | s Jem 7o ) cilald G 591 Gl g b il ORI e (Ll Caadie)

using Arabic | <l jau (midis dad 5y 48K D g il 32l C¥ane il

Stemming TN
Text after of v e i e -
) ) e\.ﬂo.\.a\.ﬁde@md@»CmuMBMJ\AP\)AMJﬂud)}:&_\buW\
using Arabic . e e e
: (S8 (8 e jru addt Al ) 48S A g
Stemming

10. Creating Vocabularies

The set of unique tokens in the documents collection is referred to as
the vocabulary. From all of the words, a list of features is created, with
each feature consisting of a pair of words (key, token). Figure 4.3 presents
some of the vocabulary found in the dataset, which had 49,592

vocabularies after pre-processing.
11. Removing Low-Frequency Words

Limiting the amount of input features is recommended in order to
decrease modeling computational costs and, in some cases, improve model
performance. All words with less than twenty-five occurrences are
removed from vocabulary. Figure 4.4 shows the top 25 most frequent
words in the dataset. The horizontal axis represents the word repetitions,

while the vertical axis refers to the most repeated words.
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SO T sl 16 el 1B s’ 14 1Al 13 alalgdl 2 il 1 '@, 10}
15 JAast 114 e ' 13 e 112 el (11 aad 110 oo 19 [\ S8
Jadlad’ 122 158421 'S 20 e 119 i 18 ) 17 ') 116 sl
Joold! 129 [l 128 an e’ 127 i ) 126 ['adl ' 125 'z ok 124 'adlad' 123
:37 o' 136 ,'usdy' 135 ['Glas' 134 [zl 133 ' s 132 euas" 131 'dll’ 130
44 ' pasd 143 ['dar 142 [OW 141 Ea' 140 'deast 139 eliad' 138 e sl
51 k) 150 'dul 149 ['Gaad 148 [l 147 ey 146 e 145 ['daxd
58 J'sals' 157 ['hna' 156 ' 155 'adila’ 154 'Jsesd' 153 ' adt 152 "angd
5 2%l 164 a5 163 'zobw' 162 'Sl 161 ' Geal’ 160 "Gl 159 ' s
72 kel 171 [ 170 el 169 'read' 168 annk' 167 'l 166 ')y

{on 2227077 A1 176 ['dall 175 ' Sxd (T4 o alE (73 Mg

5

Figure 4-3 Some of the vocabularies found in the dataset
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[v ~~.Sv ,lm\l ;(”LL'." ;d}lﬂ_}v ’IJIAS\I "g._tt'\S' ,')—\i‘jﬂ' ,v i L&t P ’ld}y ,vb\‘)t_.mv "ASLA' ,'?S:‘é'

Top 25 words in Dataset

E

(g

by gk

e

Words
b

EE ERE R T

; 3
R

¢ b
v &

=)
2
S
=]
8

1000 1500
Count

Figure 4-4 Top 25 most frequent words in the dataset.
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Following the completion of the pre-processing procedures, the text
was completely devoid of unnecessary information that may have
influenced the proposed approach's accuracy. Using a Word Cloud, Figure
4.5 visualizes text before preprocessing while Figure 4.6 visualizes getting

text after preprocessing.

cLu
Lo a o Se

)Leéemddm d-\-'\ il

WM

Figure 4-6 Text after implementing the Pre-processing
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4.5 Results of Words Representation

1. Learning Embeddings from scratch

In this case, the word embedding vectors are constructed from

scratch using the words2vec skip-gram model outlined in section 2.8.2.

The vectors of word embeddings are generated from a document

collection in which words with comparable meanings are represented

similarly.

2. Pre-trained Word Embeddings

» fastText (cc.ar.300.vec): 300-dimensional

vectors trained on

Wikipedia using a fastText [65] is used as pre-trained word

embeddings in the current study. The pre-trained vectors for a

specific vocab are visualized in Figure 4.7.
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Figure 4-7 Pre-trained vectors for a specific vocab
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4.6 Results of the LDA2Vec Model
The data set comprises 2,700 documents divided into a training set

and a test set with split ratios of 70-30 and 80-20, respectively.

Following the pre-processing stage and stemming, the dataset is

contained:

1. In 70-30 ratio: 350,629 total words with a vocabulary size of
41,295 in 1890 documents.

2. In 80-20 ratio: 400,718 total words with a vocabulary size of
44,171 in 2160 documents.

During the training stage, the LDA2Vec technique is used to
cluster and extract "topics/clusters” from the dataset. The
configuration of the experiments follows the methodology of the
proposed approach specified in Figure 3.1. The LDA2Vec model is
trained across the dataset in individual mini-batches (128) at a time
using the Adam optimizer for two hundred epochs and the number of

topics is (9).

In the testing stage, the number of documents is (810 and 540) in
30-70 and 80-20 ratios, respectively. New documents testing is

carried out in accordance with the procedure stated in section 3.6.2.

To analyze the accuracy and quality of generated topics/clusters,
metrics such as purity, precision, recall, F1-score, accuracy (rand
index), Jaccard-index, and normalized mutual information are

applied, as well as examining the topic distribution over documents.
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= Experiments and Results

Several experiments are conducted to evaluate the validity of the
proposed approach in clustering Arabic text documents, as shown

below.

- The first set of experiments is carried out to evaluate a range of
LDA2Vec parameters are evaluated by varying the negative sampling
exponent (power) B = 0.5; 0.75; 1.0 and the number of “negative”
samples k = 5; 15, covering the two techniques of words representation,
learning embeddings from scratch and pre-trained word embeddings.

Tables 4.10 and 4.11 show the results of the first set of experiments.

Table 4-10 Comparison of LDA2Vec model results with negative sampling power
B =0.5; 0.75; 1.0, Negative Sampling number k=5 and split ratio 70-30

Dataset Split Training 70% Testing 30%
Negative sampling _ _ _
Power =05 B=0.75 =10
Negative K=5 K=5 K=5
Sampling number
Word LEs P.re- LEs P‘re- LEs P're-
Representation from trained from trained from trained
scratch WEs scratch WEs scratch Wes
Purity 0.8358 | 0.8604 | 0.8913 | 0.8641 0.8259 | 0.8259
Precision 0.8698 | 0.8926 | 0.9019 | 0.8753 | 0.8404 | 0.8476
Recall 0.7802 | 0.8271 | 0.8654 | 0.8617 | 0.7925 | 0.7777
Fl1-score 0.8155 | 0.8471 | 0.8793 | 0.8658 | 0.8109 | 0.7994
Rand index 0.9070 | 0.9214 | 0.9362 | 0.9397 | 09168 | 0.9144
(Accuracy)
Jaccard index 0.6396 | 0.7052 | 0.7627 | 0.7570 | 0.6564 | 0.6363
NMI 0.6991 | 0.7533 | 0.7784 | 0.7723 | 0.7068 | 0.7211

Bold numbers indicate the best value while underlined numbers represent the

second-best value.
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Table 4-11 Comparison of LDA2Vec model results with negative sampling power
B =0.5; 0.75; 1.0, Negative Sampling number k=5 and split ratio 80-20

Dataset Split Training 80% Testing 20%
Negative sampling _ _ _
Power B=0.5 B=0.75 B=1.0
Negative Sampling K=5 K=5 K=5
number
Word LEs P're- LEs P're- LEs P‘re-
Representation from trained from trained from trained
scratch WEs scratch WEs scratch WEs
Purity 0.7685 | 0.8018 | 0.8888 | 0.8833 [ 0.8314 | 0.8574
Precision 0.7674 | 0.7517 | 0.8951 | 0.8987 | 0.9091 | 0.8936
Recall 0.7407 | 0.7666 | 0.8515 | 0.8833 | 0.7185 | 0.8092
F1-score 0.7379 | 0.7461 | 0.8712 | 0.8826 | 0.7890 | 0.8341
Rand index 09121 | 0.9195 | 0.9520 | 0.9551 | 0.8920 | 0.9369
(Accuracy)
Jaccard index 0.5882 | 0.6216 | 0.7419 | 0.7910 | 0.5606 | 0.6796
NMI 0.6979 | 0.7390 | 0.8026 | 0.8334 | 0.6598 | 0.7923

As the best results are achieved with the 80-20 split ratio and
negative sampling power 3 = 0.75, the model is trained by changing the
number of negative samples K=15 and comparing the results to those
obtained with K= 5, while keeping negative sampling power = 0.75
constant. Table 4.12 displays the results obtained.
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Table 4-12 Comparison of the LDA2Vec model results with a number of negative
samples k = 5, 15 and negative sampling power 3 = 0.75.

Data split Training 80% Testing 20%
Negative sampling _ _
Power B=0.75 B=0.75
Negative Sampling K=5 K=15
number
Word Representation LEs from | Pre-trained LEs from | Pre-trained
scratch WEs scratch WEs
Purity 0.8888 0.8833 0.8074 0.7759
Precision 0.8951 0.8987 0.8506 0.8505
Recall 0.8515 0.8833 0.7018 0.7611
F1-score 0.8712 0.8826 0.7527 0.7690
Rand index (Accuracy) 0.9520 0.9551 0.8687 0.8919
Jaccard index 0.7419 0.7910 0.5406 0.6143
NMI 0.8026 0.8334 0.6472 0.7482

In brief, the model produces better results when negative sampling
power 3 = 0.75, the number of "negative” samples k = 5, and the highest
accuracy is achieved when using pre-trained word embeddings for word

representation.

= As the results show, increasing the number of training documents has
improved the accuracy of the model.

= By considering the "topics™ generated in earlier experiments, the best
topics discovered are achieved with the 80-20 split ratio, = 0.75, k
= 5 when utilizing pre-trained word embeddings for word
representation, the model discovered nine topics as described in Table
4.13.
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Table 4-13 Topics discovered by LDA2Vec model.

Topic ID | Topic Label Top Words

Topic 1 Law abale | agie ) e ASaa | 4pigld | g | eliad aliad | alaidl | L s
Topic 2 Religion Cuaa sy, Hhail eled a K aaal | Jad | claa ol Al
Topic 3 Sport ol ause, dsbar ) b, WA Ok, e e gk | dtie ol e
Topic 4 | Economy i, 4l s, Al Jlud dgyma il (g omn, Clanl | agnd
Topic 5 Politics oy | Al sl | Janssl | allae | el el L yse ) 4l desSa | gl
Topic 6 Literature osaa Aliia) | jeld ol saual Nlal 4y el AgKa 4yl QS
Topic 7 Health Sl S saaa ol JGEI ade, el gLy gl sile
Topic 8 Art W, il e el el ke 4B ane) ) s sliS
Topic9 | Technology Juail | aS5d | ablee | dad | audd )| Olen, 4SS 4l CiSe | gula

1. The second set of experiments involves a verification experiment using

LDA, which is one of the most common topic modeling techniques. The

LDA model is trained using the same data as the LDA2Vec training,

which produced the best results. The generated topics are then evaluated

using the previously mentioned evaluation techniques; by comparing
these results to the LDA2Vec results, it can be noticed that the
LDA2Vec outperforms the LDA, as stated in Table 4.14 and part of

these results are displayed in Figure 4.8.

Table 4-14 Comparison of LDA and LD2Vec results

Model LDA LDA2Vec
Purity 0.7537 0.8833
Precision 0.8644 0.8987
Recall 0.7537 0.8833
F1-score 0.7644 0.8826
Rand index 0.8929 0.9551

(Accuracy)

Jaccard index 0.6047 0.7910
NMI 0.7144 0.8334
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LDA and LDA2Vec Models

1.2

1 08929 0.9551

0.8833 ' 0.8334

0.8 0.7537 0.7144
0.6
0.4
0.2

0

Purity Accuracy NMI

m DA mLDA2Vec

Figure 4-8 Comparison of LDA and LD2Vec results

As each document in the dataset is assigned to one category, and after
implementing the models, the distribution of topics has been examined
in three random documents from the training set, and the results are

given in Figures 4.9 and 4.10:

LDA Topics Distributions

100
90
9] 80
Qo
o 70
o 60
(S}
g 50
9 40 B Document 1
'g. 30 B Document 2
= 20
Document 3
o L |
0 - || ||
Topic | Topic = Topic | Topic = Topic Topic Topic Topic Topic
1 2 3 4 5 6 7 8 9
B Document 1 0 0 17 0 8 4 0 0 68
B Document2 2.4 4.4 1.8 0 12 0 0 86
Document 3 0 0 6 47 0 45 0 0

Topics number

Figure 4-9 Three random documents' topic distribution after implementing
LDA model.
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Topics Distribution of LDA2Vec model
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0 0 0
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0
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9

0
0
0

B Document 2

Document 3

Figure 4-10 Three random documents' topic distribution after implementing the

LDA2Vec model.

To summarize, The LDA is not particularly dependable, as it can be

seen from the results. The topics created by the model for documents are

not always accurate, which is the main reason for the model's decreasing

accuracy. Otherwise, LDA2Vec uses Word2vec to generate a document

vector, which improves its accuracy in the context of (word-topic),

probabilistic distribution. As it is noted in Figure 4.10, the model has a

significantly better distribution of topics. e.g., document (1) assigned to

100% of topic 7, while it belongs to more than one topic in the LDA model

and in different proportions as shown in Figure 4.8.

2. In the third set of experiments, the best results of the proposed

approach in this study are compared with the results of a method used

in a similar study for the same purpose on the same dataset, where

authors utilized a combined method (LDA and K-means algorithm) to

cluster Arabic documents. Table 4.15 demonstrate that the proposed

approach in this study performed much better than the method in [7].
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The strength of LDA2Vec comes in the fact that it not only learns word

embeddings (and context vector embeddings) for words, but it also

learns topic and document representations at the same time.

Results of LDA2Vec model and previous similar study

1.2

1

0.

o]

0.

(e}

0.

>

0.

N

0

B Method as in Study [7]
m LDA2Vec Model

Rand Jaccard

Precision Recall Fl-score
index index

0.7804 0.786 0.7832 0.9518 0.6436 0.7634
0.8987 0.8833 0.8826 0.9551 0.791 0.8334

B Method asin Study [7] ® LDA2Vec Model

Figure 4-11 Comparison of LDA2Vec Model Results to previos similar study [7]

4.7 Visualization of LDA2Vec Model Results
1. By utilizing a Seaborn Heatmap (which is a graphical

representation of data where values are depicted by color). It

highlights the relationship between documents and topics

(doc_topic_distribution). As shown in Figure 4.11, the document

names represent the Y-axis, the topic labels represent the X-axis,

and the color represents the accuracy of the document's

distribution in this topic, with the darker the color representing a

higher percentage of the topic distribution in this document.
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Documents Topics Distribution
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Topics Label

Figure 4-12 Documents Topics Distribution

2. Took a snapshot of the pyLDAVis output as shown in Figure 4.12.
The area of the circle shows the relevance of each topic over the
whole dataset, while the distance between the centers of the circles
indicates topic similarity. The histogram on the right side listed the
top 30 most relevant terms for each topic. LDA2Vec assisted in
extracting (9) main topics (as shown in Figure 4.13). For example,
in topic two, the most relevant terms found are ¢ g=baial ¢ 23l

s ¢ ¢l ¢ ayilzad etc, and this is very likely a topic for Law.
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Selected Topic: 2 [ Previous Topic ][ Mext Topic ” Clear Topic ] Slide to adjust relevance metric;i2) —
h=05 n.lu- ulz n.|4 uln
Intertopic Distance Map (via multidimensional scaling) Top-30 Most Relevant Terms for Topic 2 (14.6% of
0 50 100 150
P2
»» I
o
= [
. s
- [
ey |
v I
< [
wc. [
- [
~ I
’ ) )
de: I
s [
. . oy
. [
s Y 0
-« I
- I
o+ I
< I
<« [
= I
7 »; I
' o~ I
i _
s .
e
« I
Marginal togc distrbtion = I
Overall tenm frequency
RN B U ) [ Estimated term frequency within the selected topic
" B 1. saliency(term w) = frequency(w) * [sum_t plt | w) * loglpit | wip(t)}] for topics & see
: ) 2. relevance(term w | fopic t) = A" piw 1) = (1- A} * piw | thip{w): see Sievert & Shirley
0%

Figure 4-13 LDA2Vec Topics Visualization

4.8 Case Study
In practice, the proposed approach has been used to cluster theses for

postgraduate students at Babylon University in the Central Library. It was
used by collecting the titles and abstracts of theses for various fields. Table

4.15 illustrated the details of the collected data.

76



Chapter Four Experimental Results and Discussion
Table 4-15 Collected Data Details
File L Thesis
Thesis Title Researchers Names  Year _
No. Field
Cand e liall agill 5 i jall Cadgll
. ; wbe dai s
1 el 3 oKl Gl ) il 2018 Health
. L;J\_L.nl\ APEONEAT WA
il Sleall
g laall lahass & i) jlaaY)
Ombad) JEkY) 8 oS AL S @lea die ay S Gaad
2 S 2022 Health
JIalL Leifdle 5 as 5l Cada (i e )
Sl Bl s )
A1 il s (e 4dia 53 J) il
Olalus pald dana
3 - el Galase Jlee! e Al ) 2017 Law
e Jale liae
LJI&A :\.u\Jd
aaadl Ay yall Gl e lia) Jilas
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The title and abstract of each thesis were saved in a separate file, and these

files were uploaded to the proposed system, and the distribution of topics

for each file was tested. The highest probability topic was picked as a topic

for this file (thesis), and the results are summarized in Table 4.16.

Table 4-16 Results of Case Study

File No. Topic ID Topic Label
1 7 Health
2 7 Health
3 1 Law
4 9 Technology
5 9 Technology
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Chapter Five Conclusion and Future Works

5.1 Conclusions
The main objective of the current thesis is to develop an approach that
uses a topic modeling technique to cluster Arabic documents. A recent

algorithm, LDA2Vec has been used as a topic modeling technique.

The developed approach comprises various steps that include text
collecting, text pre-processing, text representation, training and testing

stage, and evaluation.

In the conducted experiments, the optimal number of topics k has
been identified to be nine. Some experiments have been carried out on the
dataset with split ratios of 70-30 (1890 documents for training and 810 for
testing) and 80-20 (2160 documents for training and 540 for testing), with

changing the values for the LDA2Vec parameters.

The proposed approach produces better results when negative
sampling power B = 0.75, the number of "negative"” samples k = 5, and the
highest accuracy is achieved when using pre-trained word embeddings for
text representation. Furthermore, the proposed approach utilizing the
LDA2Vec technique outperformed LDA, achieving an accuracy which
0.95t0 0.89 for LDA. In addition, the approach accomplished better results

compared to a similar study as shown in Figure 4.11.

Furthermore, the proposed approach was used to identify some of the
thesis topics submitted by graduate students at the University of Babylon,
with the thesis title and abstract serving as input text. The proposed

approach accurately clustered the theses based on their field of study.
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Chapter Five Conclusion and Future Works

5.2 Future Works
This thesis work is conducted to explore the advantage of using topic
modeling to cluster Arabic text documents. After the implementation of the

proposed approach, the following future works can be listed:

» |nstead of relying on a unigram to produce word embeddings
vectors, it may be worthwhile to consider producing these vectors
by extracting n-grams words from the training corpus.

= Automatically set the number of topics.
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Abstract—Topic modeling is a type of statistical data mining
technique for discovering the abstract '"topics" that occur in a
collection of articles or documents and the most widely used topic
modeling technique is LDA. In our paper, we tested the
effectiveness of a recently developed topic modeling approach
(LDA2Vec) that was introduced by Chris Moody with our Arabic
dataset. LDA2Vec is a hybrid approach of LDA and a highly
popular word-embedding model (Word2Vec). Our goal is to find a
method for automatically clustering Arabic documents by topic
and categorizing them for use in a recommendation system and
searching. The performance of the model was evaluated using a
corpus of Arabic documents divided into nine categories. Despite
the grammatical variations between Arabic and English, the model
worked well with the Arabic language when it was implemented,
as we observed in our study. As a conclusion of our findings,
LDA2Vec gave (82.40%) accuracy over topics for test documents,
which is greater than LDA accuracy (67.96%), which was
evaluated with the same dataset.

Keywords— Arabic Topic Modeling, Text mining, LDA,
LDA2Vec, Clustering.

1. INTRODUCTION

In recent years, the majority of information on the Internet is
represented as texts. The amount of electronic text available on
the web is rapidly increasing because of the introduction of
online blogs, newspapers, and social networking sites; this
presents a significant challenge in terms of information retrieval
and extracting the relevant knowledge that is required.
Developing efficient strategies or tools for searching, indexing,
and organizing enormous amounts of data became a necessity.
Topic modeling is one of the strategies for extracting
documents' hidden meaning, as well as categorizing and
analyzing text data automatically [1][2].

Topic modeling is a type of statistical model and a form of
text mining used to arrange large collections of documents into
a smaller number of abstract "topics". Topic modeling has
gotten a lot of attention in the field of study in the previous
several years. It is employed in a variety of applications,
including information retrieval (IR) and natural language
processing (NLP).

Clustering is the most important unsupervised learning task;
as with all other problems of this type, it involves identifying a
structure in a set of unlabeled data, similar to topic modeling
[3].

Topic modeling and clustering are approaches that require a
number of categories to be defined in advance but no labels [4].
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LDA is a probabilistic topic model that identifies latent topics
in a large number of documents and assigns a probability
distribution to each document based on the discovered topics
[5]. Word2vec is a Neural Network (NN) model that uses a vast
corpus of text to learn word associations. To determine
semantic similarity, it calculates the cosine resemblance
between the word vectors. Words with similar meanings have
similar vectors, while words with different meanings have
different vectors [6]. LDA2Vec is a hybrid technique of LDA
and Word2Vec implemented by Chris Moody [7]. LDA2Vec
implements both words and topics into a single framework.
LDA2Vec result is a set of sparse document weight vectors, as
well as easily interpretable topic vectors. Although the
performance of LDA2Vec is similar to traditional LDA, using
automatic differentiation methods makes the method scalable to
the vast datasets.

In this paper, we applied the LDA2Vec technique to the
Arabic corpus, which is one of the most commonly used and
spoken languages in the world, with over 422 million people
using it. Arabic documents became increasingly common in
electronic form, so the need for clustering documents became
very necessary. Because of the unique morphological principles
of the Arabic language, there are few studies in the literature on
the retrieval or mining of Arabic electronic text documents [8].

We used a corpus of 2700 documents gathered via scanning
well-known and trustworthy Arabic websites, with different
categories such as Art, Literature, Religion, Politics, and others.

This paper is divided into six sections. The second section
reviews and discusses relevant studies in this domain. Section
three provides a quick overview of LDA, LDA2Vec, and the
topic extraction method from a corpus. Section four presents the
experiment design and processing techniques for training the.
The findings of the experiment are provided in section five. In
section six, we summarize the results of our experiment and
make recommendations for further research.

II. RELATED WORK

A few research papers deal with topic modeling utilizing the
LDA2Vec technique and apply it to document texts in English
and other languages. As far as we know, this is the first study
that applies topic modeling using the LDA2Vec technique for
clustering Arabic text documents.

C.Moody (2016) [7] proposed a modified LDA2Vec
model that is a combination of the LDA and the word2vec
models. He trained his model using the 20Newsgroups dataset
and the Hacker News Comments corpus. As a result, the method
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