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Abstract

The objective of our research is to analyze the feelings expressed in the Arabic language
and its dialects in the field of travel. This involves extracting travel-related emotions
from texts and analyzing them accurately according to the various Arabic dialects. We
have developed two approaches for this purpose. The first approach relies on ontology,
while the second approach combines ontology with machine learning. These approaches

are used to analyze texts in 25 different dialects.

Keywords: sentiment analysis, analyze Arab sentiments, Arabic dialects, Ontology, Ma-

chine Learning.

Résumé

L’objectif de notre recherche est d’analyser les sentiments exprimés dans la langue arabe
et ses dialectes. Cela implique d’extraire les émotions liées au voyage a partir des textes et
de les analyser avec précision en fonction des différentes variantes dialectales arabes. Nous
avons développé deux approches a cet effet. La premiére approche repose sur I'ontologie,
tandis que la deuxiéme approche combine 'ontologie avec 'apprentissage automatique.

Ces approches sont utilisées pour analyser des textes dans vingt-cinq dialectes différents.

Mots Clée : Analyse des sentiments, Analyse des sentiments Arabes, Dialectes Arabes,

Ontologie, Apprentissage Automatique.
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(zeneral Introduction

This project focuses on developing a multi-dialect Arabic sentiment analysis system to
accurately determine sentiments expressed in different Arabic dialects. Arabic sentiment
analysis presents unique challenges due to its morphological complexity and dialectal
variations. FExisting techniques often fail to handle these complexities effectively. The
project aims to address these challenges by proposing a hybrid approach that combines
lexicon-based methods, machine learning techniques, and ontology construction. The
system leverages sentiment lexicons, develops a multi-dialect Arabic ontology, and applies
advanced machine learning algorithms for improved accuracy and coverage. The thesis
is organized into sections covering datasets, literature review, the proposed system, and
experimental results to evaluate its performance. The project aims to contribute to Arabic
sentiment analysis by developing a comprehensive system that can handle multiple dialects

and improve sentiment analysis accuracy in Arabic text.
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1 Introduction

Arabic sentiment analysis is the process of identifying and categorizing the sentiment
expressed in text written in Arabic and different dialects of the same language as positive,
negative, or neutral (Oxford Languages). These dialects include Egyptian Arabic, Levan-
tine Arabic, Gulf Arabic, and Maghrebi Arabic. With the rise of social media platforms
and the large volume of Arabic content available online, there has been an increasing
need for Arabic sentiment analysis to understand people’s opinions and attitudes towards
different subjects. Additionally, it is a sub-field of natural language processing (NLP) and

machine learning, which uses algorithms and models to classify the sentiment of text.

The importance of multi-dialect sentiment analysis lies in the fact that people express
themselves differently across different dialects of the same language. Moreover, most of
them use mixtures of many dialects in their speaking or writing. This is due to the cul-
tural development of people and their familiarity with the dialects of others and their use
in their daily lives. Therefore, it is essential to develop models that can accurately ana-
lyze sentiment across different dialects to gain a better understanding of public opinion

in different regions.

Multi-dialect sentiment analysis can help individuals and organizations to better un-
derstand the emotions and attitudes of Arabic speakers towards different topics, products,
or services. This can provide valuable insights into customer feedback, market trends, and
social trends. For example, businesses can use Arabic sentiment analysis to understand
the sentiments of Arabic-speaking customers towards their products and services and use

this information to improve their offerings or address negative feedback.

Multi-dialect sentiment analysis is also important in social media monitoring, as it can
help identify emerging trends and public opinions on specific topics. This can be useful for
organizations and individuals to engage with their audience and understand their needs

and preferences.

One of the major challenges of multi-dialect sentiment analysis is the lack of stan-
dardization in the language. Each dialect has its own unique characteristics, including
different vocabulary, syntax, and morphology. Therefore, developing models that can ac-
curately analyze sentiment across different dialects requires building large datasets that
include text in different dialects and developing models that can handle the variations in

the language.

Overall, Arabic sentiment analysis is a valuable tool for analyzing and understanding
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the subjective information contained in Arabic text data. Its applications are diverse
and wide-ranging, and it can provide valuable insights for individuals and organizations
to make informed decisions and better understand the sentiments of Arabic-speaking

audiences.

2 Problem Statement

Modern Standard Arabic (MSA) is very common all around the world in more than
25 countries. However, other Arabic dialects have appeared due to mixing pure MSA
with different local languages. Basically, five famous categories of Arabic dialects are

Levantine, Egyptian, Gulf, Iraqi, and Maghreb.

As a result, people in the Arabic world need to express their own dialect or sometimes

a mixture of different dialects.

The main theme of this work is to analyze and evaluate the reviews of Arabic people
in the travel domain written in multi-dialect Arabic. The reviews could convey positive

sentiments, which mean satisfaction, or negative sentiments, which mean dissatisfaction.

Despite the extensive work done on sentiment analysis for MSA, a small number of
research papers and reports are published on multi-dialect Arabic. This is certainly due
to the difficulties associated with sentiment analysis from multi-dialect Arabic, which are

explained in the next section.

3 Challenges Related to Arabic Sentiment Analysis

Arabic is widely spoken in many countries and regions, with different dialects, vocab-
ulary differences, grammar differences, and cultural expressions. This makes sentiment
analysis difficult. Therefore, we will highlight the challenges related to multi-dialect Ara-

bic sentiment analysis:

Morphological complexity: Arabic has a complex morphological structure that in-
volves variations in word forms [1], which makes it challenging to extract relevant features

for sentiment analysis. Figure 1.1 shows an example of morphological complexity.

Dialectal Variation: Arabic spoken varies widely in terms of pronunciation, vocab-
ulary, and grammar. It is spoken in many different dialects, each with its own unique

features and vocabulary. This can make it difficult to build a robust sentiment analysis
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Meaning Morpheme

And 3
. Future indication O
mﬁ""‘J Present &

Tense.3",person.singular,masculine,inflection

Root letters of verb (TO DO). Ji.a

Direct object pronoun,masculine.3™ person singular. 8

Figure 1.1: An example of Arabic morphological complexity.

system that can accurately analyze text from different dialects. Figure 1.2 provides a

comparison of translations of a single sentence in different Arabic dialects.

English I Don't know what to i do
Jordan dacl sl dijle Le
Palestinian dacl gy g
Emirati (ol gk i yra
Egyptian 4l Jeol Giyle e
Tunisian U pria
Algerian i i g hullleLe
kuwaiti gyl g g 3l Lo

Figure 1.2: A table comparing the translations of a single sentence in different Arabic dialects.
English is the original sentence that has been translated into other Arabic dialects.

Lack of labeled data: There is a scarcity of labeled datasets for Arabic sentiment

analysis, which makes it challenging to train and evaluate machine learning models.

Semantic ambiguity: Arabic words can have multiple meanings depending on the
context in which they are used [2]. This can lead to ambiguity in sentiment analysis and
affect the accuracy of sentiment prediction. Figure 1.3 shows an example of semantic

ambiguity in the Arabic language.

Negation: Negation is an important aspect of sentiment analysis, but it can be
challenging to identify negation in Arabic text due to the complex sentence structure and

grammar. Figure 1.4 shows some Arabic negation words and inverters.

5
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o M= .3 =garyer
o a‘—sl = .;a‘—sl = foot

Figure 1.3: An example of semantic ambiguity in Arabic language.

MSA Inverters DA Inverters Translation
N 52 does/do not
3 ;;aba does/do not
u 4 without
oY b there is no
7 90 There will not be
pL¥ 2t without
L e No
093 oy 3l without
SELS > without

Figure 1.4: Some Arabic negation words and inverters.

Sarcasm and irony: Arabic speakers often use sarcasm and irony in their commu-

nication, which can be difficult for sentiment analysis models to detect.

Data Collection: One of the major challenges in multi-dialect Arabic sentiment
analysis is the scarcity of labeled data for each dialect. Collecting a sufficient amount of

data for each dialect can be difficult, time-consuming, and expensive.

Code-Switching: Many Arabic speakers code-switch between dialects or mix dialects
with Standard Arabic, which can create ambiguity and noise in sentiment analysis. This
makes it difficult for sentiment analysis systems to accurately classify the sentiment of

the text.

Domain Adaptation: Arabic sentiment analysis models trained on one domain may
not perform well when applied to another domain due to differences in vocabulary and

language used in each domain.

Lack of Standardization: There is no standard for writing Arabic text, which can
create difficulties in preprocessing text and in building sentiment analysis models that

can handle different writing styles and variations.
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Sentiment Polarity: Arabic sentiment analysis faces the challenge of dealing with
the high degree of subjectivity in Arabic language and culture, which can lead to differ-
ent opinions and interpretations of the same text by different people. This can make it

difficult to accurately determine the sentiment polarity of the text.

Limited Research: There is a limited amount of research on multi-dialect Arabic
sentiment analysis, which can make it difficult to develop effective models and techniques

for sentiment analysis in this context.

4 Novel Contributions of this Thesis

The proposed work introduces several novel contributions in the field of multi-dialect

Arabic sentiment analysis:

e Building a large travel-domain ontology that consists of Modern Standard Arabic

(MSA) terms and their synonyms in 25 Arabic dialects.

e Extracting sentiment polarities from multi-dialect Arabic reviews with high accu-

racy. The reviews can include up to 25 dialects.

e Developing a model that can handle negation and excessive words, improving the

overall accuracy of sentiment analysis.

e Developing a translator system in the travel domain using a machine learning ap-
proach. The system can predict MSA synonyms for words that may belong to one
of the 25 Arabic dialects.

e Proposing a statistical model to find the MSA synonym of any dialectal word that
may be written incorrectly, as writing Arabic dialect words is more error-prone
compared to MSA.

5 Thesis Organization

The proposed work is organized into several chapters, each focusing on different aspects

of multi-dialect Arabic sentiment analysis. The organization of the thesis is as follows:

Chapter 1: - Provides an overview of the main theme of the proposed work, in-

troduces the problem statement, discusses the challenges related to Arabic sentiment
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analysis, and presents the novel contributions of the thesis.

Chapter 2: - Introduces the data sets used in the research, namely the Arabic Di-
alect Corpus and Lexicon (MADAR) and the Hotel Arabic Reviews (HARD) data set. It

explains the characteristics of each data set and provides some samples.

Chapter 3: - Presents a comprehensive literature review of various approaches used
in analyzing Arab sentiments. It discusses the existing research and methodologies in the

field of Arabic sentiment analysis.

Chapter 4: - Clarifies in detail the proposed multi-dialect Arabic sentiment analysis
system. It explains the methodology, algorithms, and techniques used in the system and

provides a step-by-step explanation of the system’s workflow.

Chapter 5: - Presents the most important findings of the research and analyzes the
results obtained. It evaluates the performance of the proposed system and discusses the

strengths and limitations of the approach.

Conclusion: - Summarizes the research and provides concluding remarks. It also

discusses the future prospects and potential improvements for the proposed system.

The organization of the thesis ensures a comprehensive and structured exploration of
multi-dialect Arabic sentiment analysis, starting from the introduction of the problem and
challenges, followed by data set introduction, literature review, and detailed explanation of
the proposed system. The results and analysis chapter provides insights into the system’s
performance, and the conclusion chapter summarizes the research and discusses future

directions.
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1 Introduction

This section introduces the two primary data sets used in the research: the Arabic Dialect
Corpus and Lexicon (MADAR) and the Hotel Arabic Reviews (HARD) data set. It

highlights the unique characteristics of each data set and provides sample excerpts to
illustrate the nature of the data being analyzed.

2 The Arabic dialect corpus and lexicon(MADAR)

The Arabic Dialect Corpus and Lexicon (MADAR) is a linguistic resource developed
by the Qatar Computing Research Institute (QCRI) to capture the linguistic diversity of
Arabic dialects spoken across various regions of the Arab world [3|. The corpus contain
more than 240,000 words in written texts and the lexicon contains 1042 concepts with

average of 45 words per concepts in 25 different Arabic dialects from 13 different countries.

MADAR was compiled using a rigorous methodology that involved collecting spoken
and written texts from various sources, including social media, news articles, and online

forums. The texts were then transcribed and annotated with part-of-speech tags, lemmas,
and morphological features.

The accompanying lexicon provides information about the following aspects of each
word form:

Part of speech: Each word form is labeled with its part of speech, including nouns,

verbs, adjectives, adverbs, prepositions, conjunctions, and interjections.

ce PRO:DEM acteur NOM étre VER vraiment ADV merveilleux ADJ

\‘ \\
\l ‘.

the DT | actor NN | be VB
." :'

I!’ )"}
Al+ DT mumad~il NN rAfic 1 bit IN A DT ficl NN
+J) Jaz &) + +di Jas

Figure 2.1: Clarifies Part of the "speech" description of the Arabic language.

Translation: Each word form is accompanied by its translation into Modern Standard
Arabic, French and English.

10



Chapter 2. Datasets

English French MSA

Dialect CODA

nice gentil BEN sl

nice gentil TRI 2l

nice geniil MUS

nice gentil MUS

nice gentil BEI
gentil
geniil
geniil

gentil

gentil

Figure 2.2: An example of translation in a MADAR lexicon.

Figure 2.2 introduces an example of MADAR lexicon where the first column presents
the word in English, the second column presents it in French, the third column shows
the word in MSA ,the CODA column contains the words translated from MSA to the 25

dialects and the Dialect column specifies the city ( dialect location).

Dialect: The lexicon provides information about the dialect(s) in which each word

form is used, including the dialectal variations in pronunciation, morphology, and syntax.

Morocco | Algeria | Tunisia | Libya | Egypt/Sudan | South Levant | North Levant Irag Gulf | Yemen
Rabat Algiers | Tunis | Tripoli Cairo Jerusalem Beirut Mosul Doha Sana’a
(RAB) (ALG) |(TUN) |(TRI) (CAD (JER) (BED (MOS) (DOH) | (SAN)
Fes Sfax Benghazi | Alexandria | Amman Damascus Baghdad Museat
(FES) (SFX) | (BEN) (ALX) (AMM) (DAM) (BAG) (MUS)

Aswan Salt Aleppo Basra Riyadh

(ASW) (SAL) (ALE) (BAS) (RIT)

Khartoum Jeddah

(KHA) (JED)

Figure 2.3: Different City dialects in the MADAR resources.

Frequency: The lexicon includes information about the frequency of each word form

in the corpus, as well as its relative frequency across the different dialects.

Morphological features: The lexicon provides information about the morphological

features of each word form 3|, including its root, stem, tense, aspect, mood, and gender.

The MADAR Arabic Dialect Corpus and Lexicon has many applications in natural

language processing, machine learning, and linguistic research. It can be used to train
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language models, develop computational tools to process Arabic dialects, and study the
phonological, morphological, and syntactic features of Arabic dialects. The corpus and

lexicon are freely available for research purposes.

In addition to the MADAR Corpus, the QCRI has also developed a range of other
resources for Arabic dialects, including the MADAR Lexicon and the MADAR POS Tagset
[4]. These resources provide detailed information about the vocabulary, grammar, and
syntax of Arabic dialects, and can be used to develop more accurate and effective NLP
applications for these dialects.

Overall, The MADAR Arabic Dialect Corpus and Lexicon is an important resource for
researchers and developers working on natural language processing (NLP) applications
for Arabic dialects. It is particularly valuable because it includes data from a wide range
of dialects, which vary significantly in their vocabulary, grammar, and pronunciation.
This makes it possible to train and test NLP systems that can handle the diversity and

complexity of Arabic dialects.

3 HARD: hotel Arabic reviews dataset

HARD (Hotel Arabic Reviews Data set) is a large data set of hotel reviews written
in Arabic language [5]. It was created to support research in natural language processing
(NLP) and sentiment analysis in Arabic language, specifically in the context of hotel re-

views.

The dataset contains 93700 hotel reviews written by both native and non-native Ara-
bic speakers. Divided by a balanced and unbalanced reviews. Each review is associated
with a rating on a 5-point scale, Positive (rating 4 and 5), negative(ratings 1 and 2). In
addition to the reviews themselves, the dataset includes metadata such as the hotel name,

location, and date of the review.
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Property Number
Number of reviews 373,750
Number of hotels 1,858
Avg. reviews per hotel 264
Max reviews per hotel 5,793

Median reviews per hotel 150

Property
Median reviews per hotel
Min reviews per hotel
Number of users
Avg. reviews per user

Number of tokens

Figure 2.4: Some properties of HARD dataset.

The balanced subset of the HARD dataset refers to a subset where the number of
positive reviews (ratings 4 and 5) and negative reviews (ratings 1 and 2) are evenly dis-

tributed. In other words, it contains an equal number of reviews with positive and negative

sentiments.

On the other hand, the unbalanced subset of the HARD dataset refers to a subset

where the distribution of positive and negative reviews is not equal. This means there

Number
150
3
30,889
15.8

8,520,886

may be a significant difference in the number of positive and negative reviews.

Both the balanced and unbalanced subsets serve different purposes and can be used for
various research objectives. The balanced subset provides a fair representation of positive

and negative sentiments, while the unbalanced subset allows for analyzing scenarios with

imbalanced data.
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The reviews distribution in HARD Datasets

B positive [ negative neutral

80%

60%

40%

20%

19%

Balanced Unbalanced

Figure 2.5: The reviews distribution in Hard dataset.

For our study, we have opted to work with the balanced subset of the HARD dataset,
which consists of an equal number of positive and negative hotel reviews. This decision
has been made to ensure a fair representation of both positive and negative sentiments in
our analysis. By maintaining this balance, we can avoid biases and gain a comprehensive

understanding of sentiment patterns in Arabic hotel reviews.

The use of balanced reviews also allows for reliable evaluation, as metrics like accuracy
can provide a meaningful measure of effectiveness across different sentiment classes. Ad-
ditionally, the balanced subset enables comparative analysis, facilitating fair comparisons
between different techniques or approaches. Overall, the inclusion of balanced reviews
enhances the integrity and depth of our study, allowing us to explore sentiment analysis

in the context of Arabic hotels more effectively.

HARD has been used in a variety of research studies and experiments, including
sentiment analysis, text classification, machine translation, and more. Researchers and

developers have used the dataset to train and evaluate various machine learning models.

We have selected the HARD dataset due to its inclusion of Arabic reviews, encom-
passing both Modern Standard Arabic (MSA) and various Arabic dialects. Although it
primarily focused on the domain of hotels, the dataset holds relevance for our research,
as it includes terminology that aligns with the lexicon found in the MADAR dictionary.
By utilizing the HARD dataset, we can effectively analyze sentiment in Arabic and its

dialects, while drawing connections to the comprehensive linguistic resource provided by
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MADAR.

4 Conclusion

In conclusion, this chapter has presented an overview of the data sets utilized in the
research: the Arabic Dialect Corpus and Lexicon (MADAR) and the Hotel Arabic Reviews
(HARD) data set. The distinct characteristics of each data set have been discussed, and
sample excerpts have been provided to demonstrate the nature of the data. These data
sets will serve as valuable resources for conducting sentiment analysis on Arabic text,

facilitating further investigation and analysis in this field.
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1 Introduction

In this chapter, we delve into the literature reviews on various approaches to Arabic
sentiment analysis. We explore the existing methods and techniques employed to analyze

sentiment in Arabic text, aiming to gain insights into the advancements made in this field.

2 Lexicon-based approach

This approach uses a lexicon or dictionary of words and their corresponding sentiment
scores to analyze the sentiment in the text [6]. Sentiment scores for words in the text
are aggregated to calculate an overall sentiment score for the text. The lexicon can be

created manually or generated automatically.

In these reviewed studies which are shown below in Table [3.1] , the lexical approach
was used, which involves calculating the degree of polarity for each word in the com-
mentary. There are four studies on the three dialects: Egyptian, Gulf, and Algerian.
Encouraging accuracy of 98.20% and 93.20% was achieved by [7] on a dataset collected on
Facebook from 3484 Egyptian comments. Another study had acceptable results of 77.4%
(positive), 59.1% (negative), and 51.1% (neutral) on a data set collected from 1,500 Gulf
tweets [8] with a percentage of 85.40% in the data. 7,698 Gulf tweets were collected. [9].
Whereas [8] achieved an accuracy of 79.13% on a dataset collected on Facebook of 7,698

Algerian comments.

Reference Dataset Dialect Labels Performance
Pos 98.2-% Acc

[7] 3484-Facebook  Egyptain
Neg 93.20% Acc

[9] 4700-Twitter Gulf Pos, Neg 85.40% Acc
Neg 77.4% Fl-score

18] 1500 - Twitter ~ Gulf Pos 59.1% F1l-score
Neu 51.1%F1-score

8] 7698 - Facebook Algerian Pos, Neg, Neu 79.13% Acc

Table 3.1: Sample of previous studies that belong to the lexicon-based approach.

3 Machine learning approach

This approach uses machine learning algorithms to learn patterns in the data and
predict the sentiment of a text. The algorithm is trained on a labeled data set [10], where

each text is labeled with its corresponding sentiment. Once trained, the algorithm can be
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used to predict the sentiment of new texts .

Studies based on machine learning approaches have recorded high accuracy rates, some
of which we summarized in terms of accuracy, algorithm, dataset, dialect, and labels. As
shown in Table [3.2] below. The highest accuracy of 98.04% was recorded when combining
RF classification and TF-IDF techniques with a data set of 5,615,943 by [11].

Feature

Ref Dialect Algorithm extractor Dataset Labels Accuracy
. 1300 - Pos, Neg,
[12] Levantine SVM BOW Facebook Neu 97.90%
[11] Multi-dialects LR TR.Ipp 019943~ Pos, Neg, g7 709
Twitter Neu
[13] Multi-dialects AdaBoost AraBert 91000._ Pos, Neg  84.20%
Website
. 3355 -
[14] Maghrebian  ME Word2vec Multidialects Pos, Neg  83.9%
. 1300 - Pos, Neg,
[12] Levantine KNN BOW Facebook Neu 96.80%
- 1951 -
[15] Multi-dialects SGD Word2vec Twitter Website Pos, Neg  79.52%
. 254000 -
[16] Maghrebian  SGD Word2vec Facebook Pos, Neg  90.16%
[11] Multi-dialects DT TR.Ipp 019943~ Pos, Neg, g7 7119
Twitter Neu
[11] Multi-dialects RF TF.Ipp 2019943~ Pos, Neg, g5 04%
Twitter Neu

Table 3.2: Sample of previous studies that belong to the machine learning Approach.

As shown in Table [3.3], deep learning has been shown to give highly accurate ratios.
The best performances were scored with an accuracy of 99.82%, with the CNN technique
combined with Word2vec in [17] on the dataset (5615943 - Twitter). As well as using DL
architectures comprising RNN Types such as GRU and LSTM, gave high results. For
example the study conducted by [14] using LSTM achieved an accuracy of 97.20%.
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Ref Algorithm Feature Dataset Dialect Labels Acc
extractor
[11] mLSTM  AraVec 0615943 - Multi-dialects 0> 8 99.75%
Twitter Neu
[17] CNN Word2vec 5600 - Twitter Multi-dialects Anger, Fear 99.82%
Joy,Sadness
[14] 99f LSTM  Word2vec 2000 - Multi ~ Maghrebian ~ Pos, Neg 97.20%
CNN- 91000 - -
[13] BiL.STM AraBert Website Multi-dialects Pos, Neg 94.2%
CNN- 91000 - -
[13] LSTM AraBert Website Multi-dialects Pos, Neg 94%
[11] GRU AraBert 561.5943 i Multi-dialects Pos, Neg 98.80%
Twitter Neu
18 BiGRU  AraBert 20074- Gulf Pos, Neg g1 50%
Twitter Neu

Table 3.3: Sample of previous studies that belong to the deep learning Approach.

4 Hybrid approach

This approach combines the lexicon-based approach and the machine learning approach
to improve the accuracy of sentiment analysis [19]. The lexicon is used to provide an
initial sentiment score, which is then refined using machine learning algorithms. This
approach can be particularly effective in cases where the lexicon-based approach may not

work well, such as with slang or new words that are not in the lexicon.

In most studies where machine learning was combined with a lexicon-based approach,
the SVM classifier was often used, which gave very good results. An accuracy of 95.70%
was reached on a dataset of 2000 comments collected from Twitter and websites in Egypt.
In other studies using the same classifier and different databases, accuracy ranged from
95.6% to 60.60%. The latter was achieved using a multi-dialect datasets drawn from
1,200 tweets. In Table [3.4] below is a sample of studies that relied primarily on the
hybrid approach.
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Ref Dataset Dqilect Labels Classifier ~ Accuracy
2000 - Websites :

[16] Twitter Egyptian Pos, Neg, Neu SVM 95.70%

[20] 2730 - Website  Jordanian Pos, Neg SVM 95.60%
7366 - Twitter .

[16] Facebook Tunisian Pos, Neg SVM 94%

[21] 2500 - Website  Jordanian Pos, Neg KNN 91%

[22] 943 - Twitter Multi-dialects Pos, Neg SVM 91%

e . Bagging
[23] 1111 — Twitter — Egyptian Pos, Neg with SVM 90%
VeryPos, Pos,
[24] 1200 - Twitter ~ Multi-dialects Neu, SVM 60.60%

Neg, VeryNeg

The key difference between our approach and other approaches lies in the integration
of machine learning, statistics, and ontology. By combining these techniques, we aim
to address the challenges posed by multi-dialect reviews and improve the accuracy and
robustness of sentiment analysis and translation tasks. Our approach takes into account
dialect-specific variations, leverages domain-specific knowledge through ontology, and in-

corporates statistical models for handling negation and errors in dialectal word writing.

5 Conclusion

To conclude this chapter, we have observed that Arabic sentiment analysis approaches can
be broadly categorized into three main types: hybrid approaches, machine learning-based
approaches, and lexicon-based approaches. These approaches offer diverse methodologies

to effectively analyze sentiment in Arabic text, providing a foundation for further research

Table 3.4: Sample of previous studies that belong to the Hybrid Approach.

and development in this area.
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Chapter 4. The Proposed Multi-dialect Arabic Sentiment Analysis System

1 Introduction

In this chapter we will take some proposed methods that we've designed to extract
the sentiment from a given sentence, essentially there are two main models proposed
Stemming-based sentiment analysis system and Machine learning-based senti-
ment analysis system, these two models have the same based architecture which means
they are both an Ontology-based models, also we will be discussing some shared and
special data processing for each model, as it’s known the data processing and building

these models having also shared and special tools and techniques.

2 Working environment

2.1 Hardware environment

Laptop: 15 11 th Gen, RAM: 8 GB.

Laptop:I3 3 th Gen, RAM: 6 GB.

PC: I3 10 th Gen, RAM: 16 GB, GPUs GTX 1060.
PC:Ryzen 3 3200g, RAM: 16 GB.

2.2 Softwar environment and libraries

e Protege(5.5.0): Protege is an open-source software platform used for building and
managing ontologies [25]. It provides a user-friendly interface and supports various
ontology languages like RDF(S) and OWL, with Protege, users can define classes,
properties, relationships, and constraints within an ontology. It also offers advanced

features like reasoners for automatic inference and validation.

e Visual Studio Code(1.73.1): Commonly known as VS Code, is a lightweight yet
robust source code editor that can be installed on your desktop. It is compatible
with Windows [26], mac OS, and Linux operating systems. While it offers built-
in support for popular programming languages like JavaScript, TypeScript, and

Node.Js, it also boasts a wide range of extensions to cater to other languages and
run times such as C++, C#, Java, Python, PHP, Go, and .NET.Version.

e Python(3.9.12): Python is a versatile and beginner-friendly programming lan-
guage widely used for various applications [27], including web development, data

analysis, scientific computing, and automation.

e TensorFlow(2.10.0): TensorFlow is a popular open-source machine learning frame-
work developed by Google. It provides a comprehensive ecosystem of tools [28],

libraries, and resources for building and deploying machine learning models.
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e Sklearn(1.2.1): Scikit-learn (sklearn) is a comprehensive machine learning library
for Python [29], providing a wide range of algorithms and tools for various machine
learning tasks, such as classification, regression, clustering, and dimensionality re-

duction.

e NumPy(1.24.1): NumPy is a Python library for numerical computing that enables
efficient and high-performance operations on multidimensional arrays [30], essential

for tasks such as scientific computing, data analysis, and machine learning.

e Pandas(1.5.3): Pandas is a widely-used open-source library for data manipulation
and analysis in Python [31]. It offers a user-friendly and efficient way to handle
structured data using its DataFrame data structure. With Pandas, you can easily
clean, filter, transform, and aggregate data. It also provides robust tools for data
visualization and seamless integration with other libraries. Pandas is a popular

choice among data scientists and analysts for working with tabular data in Python.

e Tashaphyne(0.3.2): Tashaphyne is an Arabic light stemmer and segmenter that
focuses on removing prefixes and suffixes from Arabic words while generating all

possible segmentations [32|. It offers stemming and root.

e ISRIStemmer(3.7): The ISRI stemmer is part of NLTK, a widely used Python
library for natural language processing [33]. By importing the nltk.stem.isri module,
you can access the ISRI stemmer and leverage its stemming capabilities in your
Python code. This integration enables you to utilize the ISRI stemmer alongside

other useful functionalities provided by NLTK for Arabic text processing.

e CamelTools(1.4.1): CamelTools is an NLP toolkit specifically designed for Arabic
text processing [34]. It offers a range of linguistic resources and algorithms to
perform tasks like tokenization, stemming, part-of-speech tagging, and named entity
recognition. CamelTools enhances Arabic text analysis and is widely utilized in

research and industry applications.

e Owlready2(0.39) Owlready?2 is a Python library for working with OWL ontolo-
gies [35]. It provides an intuitive interface for loading, creating, and manipulating
ontologies, allowing developers to perform various operations and reasoning tasks.

It is widely used in ontology engineering and semantic web applications.

e word2vec: It is a family of model architectures and optimizations that can be used
to learn word embeddings from large datasets [36]. Embeddings learned through
word2vec have proven to be successful on a variety of downstream natural language

processing tasks.
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e Recurrent Neural Networks (RNN): Traditional neural networks have limita-
tions when it comes to processing sequential data, such as understanding the context
of events in a movie [37]. Recurrent neural networks (RNNs) address this issue by
incorporating loops in their structure, allowing information to persist and be used

to inform later steps.

RNNSs can be visualized as multiple copies of the same network, with each copy
passing information to the next one. This chain-like structure reveals the close

relationship between RNNs and sequences or lists of data.

® ® %D

Figure 4.1: The repeating module in a standard RNN contains a single layer.

RNNs, particularly a specialized type called Long Short-Term Memory (LSTM),
have shown remarkable success in various applications, including speech recognition,
language modeling, translation, and image captioning. LSTMs have significantly
outperformed the standard RNNs in many tasks [38], and they are the focus of

exploration in this essay.

e LSTM Networks: LSTMs, which stands for Long Short-Term Memory networks,
are a specialized type of recurrent neural networks (RNNs) that excel at capturing
long-term dependencies in sequential data. They were initially introduced by [39]

and have since gained popularity and been refined by numerous researchers.

One of the main advantages of LSTMs is their ability to overcome the long-term
dependency problem, which refers to the difficulty of traditional RNNs in retaining
information over extended periods. LSTMs are specifically designed to address this
issue and have a default behavior of effectively remembering information for longer

durations.
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Like other RNNs, LSTMs have a chain-like structure with repeating modules.
However, the structure of the repeating module in LSTMs differs from that of stan-
dard RNNs. While a standard RNN module may consist of a single layer [40],

LSTMs have four interconnected layers that interact in a unique way.

® ® )
i | |

. 4 r;@r\
A | bebefl| A
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© ® &

1 O — > <]

Neural Network Pointwise Vector

Layer Operation Transfer Concatenate Copy

Figure 4.2: The repeating module in an LSTM contains four interacting layers.

The distinct architecture of LSTMs contributes to their superior performance
across a wide range of problems, making them a widely adopted solution in the field

of deep learning.

3 Data preprocessing

In this section, we will discuss the essential general pre-processing steps applicable to
any sentiment analysis task. These steps include text cleaning, tokenization, stop-word
removal, and handling special characters or symbols. By following these best practices,

we can ensure that the data is appropriately pre-processed for subsequent analysis.

Specific pre-processing steps tailored to the individual models proposed for our case
study will be discussed in their respective model sections. This approach allows us to
address any unique requirements or characteristics of each model individually. By con-
sidering both general and specific pre-processing steps, we aim to enhance the overall

performance and accuracy of the sentiment analysis models.

3.1 MADAR Lexicon dataset

First the dataset wasn’t in the right shape for our proposed models to handle, therefore

starting with:
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e Removing the useless columns from the dataset.
e Removing rows that have white space, special character and sentence:

e Splitting the dataset into three main sections neutral, negative and positive, each
word has been labeled according to its polarity "1" as positive, "0" as negative-
and "2" as neutral, this step shared between three different people to labeling

the words by majority vote.

Msa

200
767

700

300

200
108 96

DN -
]

Positive Negative Neutral

Figure 4.3: Sentiment distribution in MSA.

Figure 4.3 provides an overview of the sentiment distribution specifically within the
MSA words of the MADAR lexicon dataset. It helps in understanding the distribution
of positive, negative, and neutral sentiments in the MSA words and can be useful for
sentiment analysis tasks and understanding the general sentiment tendencies within the
available Modern Standard Arabic in the MADAR lexicon dataset.

Dialect

35000 33506
30000
25000
20000
15000

10000

5243
5000 3447
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Positive MNegative Meutral

Figure 4.4: Sentiment distribution in Dialect.
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Figure 4.4 provides insights into the sentiment distribution specifically within the
Arabic dialect words of the MADAR lexicon dataset. It helps in understanding the
distribution of positive, negative, and neutral sentiments in the dialectal variations and

can be valuable for sentiment analysis tasks specific to Arabic dialects.

Non-doublicated Dialect

4500

4000 3832
3500
3000
2500
2000
1500
1000

625 566
0
Positive Negative MNeutral

Figure 4.5: Sentiment Distribution in Non-Duplicated Dialect.

Figure 4.5 represents the sentiment distribution within a modified dataset created by
removing duplicate entries from the Dialect column of the MADAR lexicon dataset. This
modified dataset focuses on unique dialect words, providing a clearer view of sentiment

distribution while minimizing data redundancy.

By examining the sentiment distribution in the Non-Duplicated Dialect dataset, we
can gain insights into the sentiment landscape within unique Arabic dialect words. This
refined view helps in understanding the prevalence and distribution of positive, negative,

and neutral sentiments within the distinct dialect variations present in the dataset.

Together, these figures contribute to a comprehensive understanding of sentiment dis-
tribution within the MADAR lexicon dataset, covering sentiment patterns in both Modern
Standard Arabic and Arabic dialects. They highlight the unique characteristics of each
language variant and facilitate sentiment analysis tasks specific to different forms of Ara-

bic, aiding us in exploring sentiment nuances and variations within the language.

3.2 HARD Hotel Arabic Reviews Dataset

We took 1000 of (HARD Hotel Arabic Reviews Dataset) randomly selected, the first
half represents positive reviews and the other half represents negative reviews. The con-
tent and nature of the reviews may vary, as they represent real-world sentiments expressed
by individuals regarding the specific subject of our analysis (e.g., hotel experiences in the

case of HARD Hotel Arabic Review). The reviews might contain opinions, feedback, or
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subjective evaluations regarding different aspects of the subject, such as service quality,

facilities, location, or overall experience.

The content and nature of the reviews may vary, as they represent real-world senti-
ments expressed by individuals regarding the specific subject of our analysis (e.g., hotel
experiences in the case of HARD Hotel Review). The reviews might contain opinions,
feedback, or subjective evaluations regarding different aspects of the subject, such as ser-

vice quality, facilities, location, or overall experience.

By manually labeling the reviews as positive or negative, we have created a ground
truth for sentiment analysis, which serves as a basis for training and evaluating sentiment
classification models. This labeling allows the models to learn patterns and character-
istics associated with positive and negative sentiments, enabling them to classify new,

unlabeled reviews in the future accurately.

It is important to note Neutral reviews typically refer to reviews that do not express
strong positive or negative sentiment. They may contain factual information or opinions
that are neither strongly positive nor negative. In the context of sentiment analysis, iden-
tifying and categorizing neutral reviews can be challenging as they lack clear sentiment

polarity.

In our work, we need to add some neutral reviews to our collected hotel review dataset.
These neutral sentences have been extracted from The MADAR Arabic Dialect Corpus
Dataset (250 Sentence), taking ten sentences for each one of the twenty-five Arabic di-
alects. It’s important to note that these sentences are not actual reviews, but rather facts

and questions related to the lexical fields of traveling..

As every existing data we have starting with processing and reshaping the data to fit

in to the models, beginning with:

e Removing special characters from the sentences in (1000 HARD Hotel Arabic Re-
views Dataset + 250 The MADAR Arabic Dialect Corpus Dataset).

e Feeding the 1000 review with dialect words that extracted from The MADAR Lex-
icon, we have done this step because the dataset was filled with MSA words and
this is not the goal of our project, this process was completely manually, it’s based
on reading the review and try to find for each word of it, what corresponds to it
in our MADAR lexicon, if it’s found replace it with the corresponds dialect word,
and if wasn’t found leave it, to facilitate this process we split the data into 25
section(representing the 25 Cities that’s The MADAR lexicon contains).
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Each section contains 40 reviews the half of it is positive and the other half is

negative to keep the balance.
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e Merge the (1000 HARD Hotel Arabic Reviews Dataset + 250 The MADAR Arabic

Dialect Corpus Dataset) in one dataset.
e Tokenizing each sentence to a list of words using Camel tool.

e Remove the stuttering from the words of each review.

4 Stemming-based Sentiment Analysis System

Stemming is the process of reducing a word to its base or root form, also known as
the stem, by removing any suffixes or prefixes that may be attached to it. Stemming is
commonly used in natural language processing tasks [41], such as information retrieval,
text classification, and sentiment analysis, to improve the accuracy of text analysis.

Here’s an example of stemming in Arabic:

Original text; "<l gall &8s & Sl gall ) gaay JULYI"
Stemmed text: "Olss Gea A Ol s s Jak"

Figure 4.7: An example of stemming in Arabic.

In this example, the original text contains several Arabic words . After applying stem-
ming, the words have been reduced to their base form or stem. This can help in identifying
the main topics or themes present in the text, and can be useful in text classification or

information retrieval tasks.

There are different approaches to stemming, ranging from simple rule-based algo-
rithms to more complex statistical and machine learning-based methods. The choice of
stemming algorithm depends on the specific use case and the characteristics of the text

being processed. In the Figure 4.8 below our proposed model.
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i -Tashaphyne|
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Ov
-l Sentiment Analysis Evaluating ~Hlgv
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Stemming _ | -Tashaphyne| | Data |

pre-pracessed: -1t t en[n}

data

The MADAR Arahic
Dialect Lexicon

Figure 4.8: Stemming-based Sentiment Analysis System Architecture.

4.1 Specific Datasets Preprocessing

In this phase we do stem every word of our pre-processed MADAR lexicon with

(Tashaphyne, Isri) tools, as shown in Figure 4.9.

MSA Dialect CODA TashaphyneStem
SIE . 005  AMM a9
3L . '.-.\_&J / 3AC
S1E « pb;
3L . ,.m]
23E 4 pj

»ud

Figure 4.9: Stemmed dialect words on MADAR dataset using (Tashaphyne, Isri).

Also Stem the pre-processed Hard Hotel review dataset to get it ready for sentiment

analysis.
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sentenceTokens [pedyw ;95 yoleas ¥ ,3a5€ jdfaw , 5al3sl ,a50€]

TashaphyneStem [padyw ,¥ ,pas ,¥ , 315 ,a5 ,pL30 ,aii]

]
IsriStem [oea) Y9 s pas ¥ 5,338 ,50mw y0a3 ,a3l8]
Name: 20, dtype: object

Figure 4.10: Stemmed review in HARD dataset using (Tashaphyne, Isri).

4.2 Multi-dialects Arabic Ontology construction using stems

In sentiment analysis, ontology-based approaches offer a structured and flexible frame-
work for extracting and classifying sentiment from text. When dealing with multi-dialects
Arabic sentiment analysis, constructing an ontology becomes crucial in capturing the
nuances and variations of sentiment expressions across different dialects. This section
explores the key components of ontology construction, namely terms/concepts and rela-

tionships, in the context of multi-dialects Arabic sentiment analysis.

Terms/Concepts: The construction of a multi-dialects Arabic sentiment ontology
involves identifying and defining sentiment-related terms and concepts. These terms en-
compass words or phrases that express sentiment or emotion in various Arabic dialects.
The ontology should encompass a wide range of dialect-specific sentiment vocabulary, in-
cluding positive and negative sentiment words, emotion-related terms, and dialect-specific
expressions conveying sentiment. Each term should be appropriately labeled, defined, and

described using attributes such as synonyms or variations in each dialect.

Relationships: In the realm of multi-dialects Arabic sentiment analysis, relation-
ships within the ontology play a vital role in capturing the connections and associations
between sentiment-related terms. These relationships provide a contextual framework for
organizing sentiment knowledge across different dialects. They can reflect the similari-
ties and differences in sentiment expression, contextual dependencies, and dialect-specific
sentiment variations. For instance, relationships might highlight the shared sentiment
between different dialects, the influence of one dialect on another, or the presence of

dialect-specific sentiment patterns.

By incorporating relationships within the sentiment ontology, sentiment analysis al-
gorithms can leverage the structured knowledge to improve sentiment classification and
extraction across multiple Arabic dialects. These relationships contribute to disambiguat-
ing sentiment, accommodating dialectal variations, and capturing the complexity and nu-

ances of sentiment expression within the multi-dialects Arabic context.

In conclusion, constructing a multi-dialects Arabic sentiment ontology involves defin-
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ing sentiment-related terms/concepts and establishing relationships to capture the vari-
ations and nuances of sentiment expression across different dialects. This structured
approach enhances sentiment analysis accuracy and facilitates a deeper understanding of

sentiment within the rich linguistic diversity of Arabic dialects.

In our work we kept the architecture of our ontology quite simple, we have splitted
the main classes into two parts (MSA, Dialect), MSA class has subclasses which are

(Negative, Positive), and Dialect class also has subclasses that are 25 cities that provided
by the MADAR lexicon.

. " Subclass "0 Subclass
™, Subdass i § subdass
Subclass *, i a3

;.b I W " Subclass

ubclass
- “ 9 F o Subclass

...... " Ra™

.......... L S
Sbriane. o~ [ R Subclass """
Subclass - Dialecte
e it Subclass

 Subdass™ RY%, e,

LTX7

Subdlass ., Subclss
o -'-. Y 'I'. e
Subdlass ™, Subclass
p: e ¥ 3 = *
v, Subclass &7 & % Subdass

< subdass { i i .
- : i Subclass ™
Ay Jound g pesubelass e
£ e %

Figure 4.11: The Visual Notation for Dialect Class in Protege.
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¥ &0 owl:Thing

- Dialect

Ve & MSA
- N _MSA
..... P_M SA

Figure 4.12: Hierarchy of the constructed ontology in the stem from using protege.

Within the MADAR lexicon, each dialect exhibits a fascinating phenomenon. Namely,
there exists an MSA word that assumes distinct meanings across the various dialects.
These MSA words carry polarities—negative, positive, or neutral. Remarkably, if an
MSA word possesses a positive polarity, it subsequently imparts the same positive polar-

ity to every connected word within the respective dialect.

By leveraging this simplified ontology structure, we can better understand the rela-
tionships between MSA words and their dialectical counterparts. This framework enables
us to analyze sentiment polarities in the context of dialectal variations, shedding light on

the intricate nuances of Arabic language usage.
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Figure 4.13: Sample of information that can be extracted from the constructed ontology.
To accomplish this workflow, with the use of Protege software, we need to establish

relationships between the concepts in our Ontology. Specifically, we will introduce a re-

lationship called "synonym of" that connects the domains (Dialect/ MSA) and ranges
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of (Dialect/ MSA). Additionally, we will assign the characteristics of "Symmetric" and

"Reflexive" to this relationship.

The "synonym of" relationship enables us to denote that certain concepts in the
Dialect and MSA domains share similar meanings or can be used interchangeably. For
example, if two words from different dialects or between MSA and a dialect have equiva-

lent or closely related meanings, we can establish a synonym relationship between them.

By assigning the characteristics of "Symmetric" and "Reflexive" to the "synonym of"
relationship, we ensure that the relationship is bidirectional and self-reflective. This means
that if Word A is a synonym of Word B, then Word B is also a synonym of Word A, and

each word is considered a synonym of itself.

This approach allows us to capture the complex and dynamic nature of language
and enables us to navigate the ontology to identify synonymous concepts across dialects
and MSA. It forms the foundation for analyzing sentiment and understanding the shared

meanings between different linguistic variations.
By incorporating these relationships and characteristics into our ontology, we can

unlock valuable insights and enhance our understanding of the relationships and semantic

connections within the Arabic language landscape.
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| ¥ — has indwidual

¥ === Pas subclass

v synonym_of

v = synonym_of (Domain>Range)

Figure 4.14: An example of the MSA word " 8" and its Arabic multi-dialects synonyms

using ISRI stemmer.

- 1

type filter text
| v — has individual
| ¥ = has subclass
i- v synonym_of
! v == synonym_of (Domain>=Range)

Figure 4.15: An example of the MSA word " s " and its Arabic multi-dialects synonyms

using Tashaphyne stemmer.

Note: this ontology filled with two different data terms (Tashaphyne, Isri).
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4.3 Sentiment analysis

Basically it’s the process of combining the ontology that we are created and the pre-
processed data of HARD Hotel Review, then try to classify each review if it’s positive,

negative or neutral, the classifying process based on:
e Taking each word from HARD Hotel Review.

e Using the owlready?2 library in Python, we search for the word within our ontology.

from owlready? import *

ontol get_ontolopy("onto.owl™). load()

f onto_search(ontology, instence):
iri =str("*"+ instence))
f":existed instence[@].synonym of,

= existed i ce|@].synonym of[8]],
.synonym of[@8].i5 a}]

Figure 4.16: Python search method for a word in the ontology.

e Once we find the word in the ontology, we extract its associated polarity.

e [f a word cannot be found in the ontology, assigning a default polarity value of two

to indicate unknown or undefined sentiment.

test = Onto_search(onto1, "
test
0.0s
[{ inctence’: [onto.Jsia>],
'synonym of': [onto. Ji.3, onto. .33, onto. a51;],

‘dialect_synonyms': [onto.Jis>, Onto.osil>, onto. prus],
‘polarity’: [onto.Positive]}]

Figure 4.17: Extracting the polarity of MSA word " eea" from the ontology.

e Compare the counts of positive, negative polarities within the review.

e Determine the polarity category with the highest count. If there is a tie, choose

Two as the polarity.
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tokens = Hard_Review_Tokens list :
polarity list =
for token in tokens:
Erv:
msa word = Onto 5Pa|thuntology,tokpn)
token_polarity = msa_word["”
polarlty list.append(token_ polarlty)

rltv list. LDunt(lj
is ", @)
alltj list.count(1):

)

print(”po

Figure 4.18: Polarity calculation using scores.

e Assigning the most replicated polarity as the overall sentiment of the review.

4.4 Polarity Calculation

positive | neutral | neutral | positive | neutral | neutral | positive | neutral
Polarity Calculation:
< Positive: 3 (L)-“-’..}S, Az pu, C;‘l“)

& Neutral: 5 (Jandl, Al g a-AJi, S il

*

% Negative: 0
Positive > Negative

Polarity = Positive

Figure 4.19: Example about calculating the polarity of the HARD review.
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Since the count of positive words is greater than the count of negative words, we can

conclude that the overall polarity of the review is positive.

Stemming is a common technique used in natural language processing to reduce words
to their base form. However, when applied to Arabic dialects, it faces challenges. The
existing stem tools used in this project, designed for Modern Standard Arabic (MSA),

can lead to inaccuracies and misinterpretations when applied to dialectal words.

The stemming-based sentiment analysis system in this project acknowledges the lim-
itations of the stem tools for handling Arabic dialects. Dialectal words processed using
these tools may produce stem outputs that deviate from the intended meaning or fail to
capture the correct semantics. To address these challenges, a second model is introduced
in the next section. This model focuses on extracting similarity between words and the
vocabulary in our ontology. By leveraging machine learning techniques, it aims to provide

a more accurate and context-aware sentiment analysis process.

The second model takes into account the specific lexical nuances and semantic vari-
ations in Arabic dialects. By considering the contextual meaning of words and their

connections to the ontology, it aims to improve sentiment analysis outcomes.

By introducing this enhanced model, the goal is to enhance the accuracy and effective-
ness of sentiment analysis for Arabic dialects, overcoming the limitations of traditional

stemming approaches.

5 Machine learning-based sentiment analysis system

Sentiment analysis has become increasingly important in understanding customer
sentiments and improving services in various industries. However, sentiment analysis in
Arabic dialect text presents unique challenges due to the regional variations and nuances
present in different dialects. This project aims to address these challenges by developing a
sentiment analysis system specifically for Arabic dialect hotel reviews. By leveraging the
power of ontology-based representation and deep learning techniques, we can accurately
analyze the sentiment of hotel reviews and gain valuable insights into customer opinions.

In Figure 4.20 below our proposed model.
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Figure 4.20: Machine learning-based sentiment analysis system Architecture.

5.1 Converting dialect words to numeric representation and key

encoding
5.1.1 Converting dialect words to numeric representation

To facilitate the training of the RNN+LSTM model, dialect words are transformed into
a numeric representation. This process involves assigning a unique numerical value to each
character or symbol present in the dialect words. This step is essential for training the
model and establishing the correspondence between dialect words and their correspond-
ing MSA words. The model can effectively process the input data and learn patterns and

relationships between the numerical representations of dialect words.

The function (convert dialect to numeric) in following Figure will explain how this

process does work:
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f convert_dialect_to_numeric(dialect_word, arabic_letters ):# =
numeric_list = []
for char in dialect_word :
numeric_value = @
i nge(@,len(arabic_lette
bic letters.iloc[i][
numeric_value = i+l
numeric_list.append(numeric_value)
numeric_list
filtered list = list(filter(lambda num: num != @, numeric_list))

b=10, 0, 2, 6, 6, 0, &, &8, ©, 8, 0, ©, 8, @, 8, @, @, 0, 9, éﬂ
numeric_list.extend(b[len(filtered_list):])

numeric_array = np.array({[numeric_list])

return numeric_array

convert_dialect_to_numeric(”, .>", arabiclatter)

array([[ 5, 24, 28, 23, 28, 25,
e, e, 8, ell)

Figure 4.21: Code python of Converting Dialect Words to Numeric and test example.

5.1.2 KEY Encoding

In addition to converting the dialect words, each word is tagged with a unique key.
This key serves as an identifier that corresponds to the MSA word in the ontology that
aligns with the given dialect word. By tagging the words with keys, we establish a map-
ping between the dialect words and their corresponding MSA words, enabling accurate

sentiment analysis based on the sentiment expressed in the MSA word.

By performing these data processing steps, we ensure that the dataset is appropri-
ately prepared for training the RNN+LSTM model and establishing the dialect-to-MSA

mapping.

5.2 Multi-dialect Arabic ontology construction

The model begins with the construction of an ontology, which serves as a structured
representation of the Arabic language. The ontology architecture includes classes such
as MSA, Dialect, Positive, Negative, Excessive, and Negation. The MSA class acts as
the superclass for subclasses like Positive, Negative, Excessive, and Negation, enabling a

hierarchical representation of sentiment-related words.
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Class hierarchy: owl-Thing

$ +
L

v-e
-~ Dialect
..... . Positive
-~ Negative
- Negation
- ) Excessive

Figure 4.22: hierarchy of the constructed ontology using dialectal words.

The Dialect class serves as a superclass for multiple subclasses, representing specific
Arabic dialects spoken in various regions or cities. Each dialect subclass captures the
vocabulary and linguistic characteristics unique to that dialect, allowing for accurate sen-

timent analysis based on regional variations.

The ontology incorporates the "synonym of" relationship, which allows the mapping
of dialect words to their corresponding MSA words. Additionally, the MSA class contains
a data property named "key" that uniquely identifies each MSA word, aiding in efficient

retrieval and analysis.
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Figure 4.24: different synonyms of the MSA word"asoa".
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5.3 Enhanced Sentiment Analysis with RNN-+LSTM Model

Dialect-mainstream language mapping is a challenging task that requires an effective
model to measure the similarity between dialect words and mainstream language (MSA)
words. The RNN+LSTM model is a powerful solution that addresses this problem by cap-
turing patterns and relationships between the two languages. It has proven to be highly
effective in various natural language processing tasks. Let’s explore the key aspects and

benefits of using the RNN-+LSTM model in language-related applications.

5.3.1 Benefits and Applications

e Capturing Dialect-Mainstream Language Mapping: The RNN+LSTM model
excels at capturing the mapping between dialect words and their corresponding MSA
words. During the training process, it learns the underlying patterns and relation-
ships between the two languages. Then, during inference, given a dialect word, the
model predicts the most similar MSA word based on the learned representations.
This capability makes it a valuable tool for dialect-mainstream language translation,

sentiment analysis, and other language-related tasks.

Input Dialect Word: .-,
The input sequence : [[27 62327 © B @ © B @ @ © @ @ 8 © © @ @ 0]]
Predicting...

] - s 23ms/step

Predicted Key: 34@

MSA Dialect CODA
i ALE el
DAM
BEI
SAN

Figure 4.25: Mapping example between the dialect word and its corresponding.

e Efficiency and Scalability: One of the notable advantages of the RNN+LSTM
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model is its efficiency and scalability. Unlike traditional methods that require it-
erating through the entire ontology to measure similarity, the model encodes the
input dialect word using its trained embedding layer. It then generates predictions
directly, saving computational time and resources. This efficiency allows for real-
time or batch processing of large volumes of dialect word reviews, making it suitable

for applications with high demands.

e Generalization and Adaptability: The RNN+LSTM model demonstrates good
generalization capabilities, enabling it to predict the most similar MSA word even for
dialect words that were not present in the training data. This ability is attributed to
its capacity to capture semantic information and patterns from the training dataset.
Moreover, the model can be fine-tuned or expanded with additional data or features,
allowing it to adapt to specific requirements or changes in the language domain. This
flexibility makes it a robust and adaptable solution for various language-related
tasks.

e Model Architecture: Here is the visual representation of the RNN+LSTM model

architecture:
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max_sequence_length = 20
vocabulary size = 972

model = Sequential()
model . add (Embedding(vocabulary size, 188, input length=max sequence length))
model . add (Masking{mask value=0.8))

model . add (Bidirectional (LSTM({158
model . add (Dropout(@8.2))

, return_sequences=

model . add(Bidirectional (LSTM(188, return sequences=
model . add (Dropout(©.2))

model . add (Dense(512, activation='relu'))
model . add (Dropout (8.2 ) )

model . add (Dense(256, activation='relu’
model . add(Dropout(@.2))

model . add (Dense(vocabulary_size, activation="softmax’

adam = Adam(learning rate=8.001)

model.compile(loss="cat ical crossentropy’, optimizer=adam, metrics=["

Figure 4.26: The visual representation of the RNN-+LSTM model architecture.

The model consists of the following layers:

Embedding layer: Converts the input dialect word into a dense vector rep-

resentation of size 100.

— Masking layer: Handles variable-length input by masking padded values
(0.0).

— Bidirectional LSTM layers: Captures the sequential information in both
forward and backward directions. The first LSTM layer has 150 units and re-
turns sequences, while the second LSTM layer has 100 units and returns only

the final output.

— Dropout layers: Regularize the model by randomly dropping out a fraction

of inputs during training to prevent over fitting. Dropout rate is set to 0.2.
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45 1
40 1
351
301
251
201
15 1
140 4

05 4

— Dense layers: Fully connected layers with relu activation function. The first
dense layer has 512 units, the second dense layer has 256 units, and the final
dense layer has vocabulary size units with softmax activation, representing

the probability distribution over the vocabulary.

Training Process:

The model was trained on the entire dataset, which consisted of 42,196 rows.
This approach was taken to ensure that the model learns from a comprehensive rep-
resentation of the dialect words and their corresponding MSA word representations.
By using the entire dataset, the model is exposed to a wide range of variations and
mappings, enhancing its ability to capture patterns and relationships. The objective
of this training was to enable the model to learn patterns and representations that
would facilitate measuring similarity between dialect words and their corresponding

MSA word representations.

The training process involved iterating over the dataset for 200 epochs, optimiz-
ing the model’s parameters using the Adam optimizer with a learning rate of 0.001.
The model was trained using the categorical cross-entropy loss function to encour-

age the learning of meaningful representations for similarity measurement.

During training, the model was exposed to various dialect words and their MSA
word representations. By learning from the entire dataset, the model was able to
capture the diverse patterns and relationships present in the data, enhancing its

ability to measure similarity effectively.

Training loss Training accuracy

08
= Training Loss
0.7 4
0.6
0.5 1

04

031

0

2% s 75 100 125 150 175 200 0 25 S0 75 100 125 150 175 200

Figure 4.27: The final training statistics after the 200th epoch.

These values (Loss=0.55%,Accuracy=0.77%) indicate the model’s performance on

the training dataset after the completion of the training process.
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The performance evaluation in this case can be based on the model’s ability
to accurately measure similarity between dialect words and MSA word representa-
tions within the training process itself. However, it is important to note that the
model’s performance on unseen data or in real-world scenarios may still vary, and
it is recommended to validate its effectiveness on new and independent datasets, if

available.

Model: "sequential”

dense_2 (Dense) (None, 972)
Total params: 1,203,244
Trainable params: 1,203,244

Mon-trainable params: O

Figure 4.28: the summary of the model architecture.

5.4 Handling Excessive Words

In sentiment analysis, the accurate interpretation of text is crucial to capture the in-
tended sentiment expressed by the author. However, certain words can have a unique

impact on sentiment analysis and require special attention. These words, referred to as
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"excessive words" possess the potential to influence the sentiment polarity of the sur-
rounding words in a review. To address this, a specific function has been implemented to
handle excessive words within our sentiment analysis system. This section explores the
approach used to handle excessive words and its benefits in improving sentiment analysis

results.

5.4.1 Understanding Excessive Words

Excessive words, in the context of our sentiment analysis system, are words that exert a
significant influence on the sentiment polarity of adjacent words. These words have been
identified and classified within our ontology due to their distinct impact on sentiment

analysis.

(B3 Gl bl 5 @ 4d (o S, 923 dunes idaliw Lo
155 S § aie Bl AalaYW LS gl O
Excessive word (Neutral): " AS"
Excessive word (Neutral): "'<3/3"

Figure 4.29: example of excessive words in dialectal form.

5.4.2 The Contextual Approach

To ensure accurate sentiment analysis, our system adopts a contextual approach when
encountering excessive words. When an excessive word is identified within a review, its
polarity is determined based on the polarity of the previous word. By considering the
sentiment polarity of the preceding word, we aim to assign the same polarity to the

excessive word, capturing the intended sentiment more accurately.
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(D5 Lol ) g 003 b (b (S L9 dumed il Lo
(5 S @ Jrete Buid)), LW IS gl O8Ge
Word (Negative); " ol>"
Excessive word (Negative): "9/3."
Word (Positive): " ¢J=>"

Excessive word (Positive): "_)j}fis"

Figure 4.30: Assigning different polarities to excessive words.

5.4.3 Algorithm for Handling Excessive Words

To implement this contextual approach, we have developed a specific algorithm. The

algorithm follows these steps:

e Input: Tokenized review (list of words).

Output: Modified review with updated polarities for excessive words.

Initialize an empty list to store the modified review.

Initialize a variable to store the polarity of the previous word (initialized as neutral).

Iterate through each word in the tokenized review:

— Check if the word belongs to the "Excessive" class in the ontology.

% If the word is identified as an excessive word:

Assign the polarity of the previous word to the excessive word.
— Append the word to the modified review list.

— Return the modified review with updated polarities for excessive words.

5.4.4 Enhancing Sentiment Analysis Results

By incorporating the handling of excessive words, our sentiment analysis system im-
proves the accuracy and contextual understanding of sentiment in Arabic dialect reviews.
This approach ensures that excessive words inherit the sentiment polarity of the preceding

word, capturing the intended sentiment more effectively.
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5.4.5 Customization and Adaptation

It is important to note that the identification and handling of excessive words are
based on our specific ontology and the requirements of our sentiment analysis system.
The algorithm can be customized and adapted to accommodate the unique linguistic

characteristics and nuances of different languages or dialects.

5.5 Handling Negation Words

Negation words play a crucial role in language, as they have the power to reverse the
sentiment or meaning expressed in a sentence. When performing sentiment analysis or
any form of text analysis, it is essential to consider the influence of negation words on
the overall interpretation of the text. This section explores the significance of handling
negation words in sentiment analysis and discusses an approach to effectively incorporate

them into the analysis process.

5.5.1 Understanding Negation Words

Negation words are a specific class of words that negate or deny the truth, existence,
or occurrence of something in a sentence. They indicate a negative sentiment or reverse
the polarity of the expressed sentiment. Example of negation words Figure 1.4. These
words have a profound impact on the sentiment conveyed by a sentence.

5.5.2 The Impact of Negation on Sentiment Analysis

Negation words can significantly alter the sentiment or polarity of a sentence. Consider

the following example:

Positive sentiment: " zeuell S

Negated sentiment: " zeue]l Con L™
Figure 4.31: The effect of negation on changing the polarity.

In the negated sentiment example, the inclusion of the negation word, completely
reverses the positive sentiment expressed in the original statement. Negation words have

the potential to change the overall sentiment from positive to negative or vice versa.

5.5.3 The Need to Handle Negation Words

To ensure accurate sentiment analysis, it is crucial to handle negation words appropri-

ately. Ignoring or overlooking negation words can lead to inaccurate sentiment assessments
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and misinterpretations of the text. By incorporating negation word handling into senti-
ment analysis algorithms, we can obtain a more context-aware understanding of sentiment
in text.

5.5.4 Algorithm for Handling Negation Words

To handle negation words effectively, the following algorithm can be employed within

sentiment analysis systems:

e Input: Tokenized review (list of words).

Output: Modified review with updated polarities for negation words.

Initialize an empty list to store the modified review.

Initialize a variable to store the polarity of the previous word (initialized as neutral).

Iterate through each word in the tokenized review:

— Check if the previous word belongs to the quot;Negationquot; class in the
ontology.

— If the previous word is identified as a negation word:

x If the current word has a positive polarity, update its polarity to negative.

« If the current word has a negative polarity, update its polarity to positive.

— Append the word to the modified review list.
e Return the modified review with updated polarities for negation words.

By applying this algorithm, the sentiment analysis system can accurately account for

the effect of negation on the sentiment polarity of words within a text.

5.5.5 Benefits of Handling Negation Words

Handling negation words in sentiment analysis brings several benefits:

e Improved accuracy: By considering the impact of negation, sentiment analysis

algorithms can provide more accurate assessments of sentiment in text.

e Context-aware analysis: Incorporating negation handling allows for a contextu-
ally sensitive interpretation of sentiment, capturing the intended meaning behind

negated statements.

e Enhanced understanding: By accounting for negation, sentiment analysis sys-

tems can better comprehend complex opinions and sentiments expressed in text.
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5.6 The Probability-Driven Similarity Measurement Approach

In the field of sentiment analysis, accurately capturing the sentiment expressed in
user-generated content is crucial for understanding public opinion and making informed
decisions. However, sentiment analysis for Arabic dialect reviews poses unique challenges
due to the informal nature of the language and variations in dialects. To address these
challenges, we propose the Probability-Driven Similarity Measurement Approach, a novel
technique that combines probabilistic methods with similarity measurement to enhance
the accuracy of sentiment analysis in Arabic dialect reviews. This section delves into the
details of this approach, including its algorithmic implementation, and its application in

sentiment analysis.

5.6.1 Probability-Driven Variation Generation

The first step in the Probability-Driven Similarity Measurement Approach is to gener-
ate variations of the dialect word. This process aims to account for potential misspellings
or dialectal variations that exist in the reviews. By systematically removing letters from

the original word, we create a range of possibilities for each word.

r counter in range(9):

current_wvariation =
(counter > &) 2 (counter < 9):

{counter - > len(dialect_word)):

* (len{dialect_word[i:-counter + 51) >= 2):

current_variation = dialect word[1:-counter + 5]

f (countexr > 1) and (counter <= 5):

(counter > len(dialect_word) -

current_variation = dialect_word[:-counter + 1]
f counter ==

len(dialect word) <=

current_variation = dialect_word[1:]

f counter == 0O:
current_wariation dialect_woxrd

Figure 4.32: Algorithm of Probability-Driven Variation Generation.
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5.6.2 Explanation

This algorithm generates variations of the dialect word by systematically removing
letters from the original word. It iterates through a range of values from 0 to 8, and
based on the value of the counter, it determines which letters to remove from the dialect
word to create the variation. The generated variations are stored in the current variation

variable for further processing in the sentiment analysis pipeline.

Dialect word:
Variations:

[Ig_ﬁl JIJ_E_DI ,I‘:‘_Lul]

[IP-;:\I JIVJL_{\l ,IJ_”LA_}_"t ,'Q_Lg_ﬂ_)_"l]
ey
['LH‘J—PL:"]

Figure 4.33: The resulting variations of the dialectal word " (.dean" after applying the prob-
ability.

5.6.3 Mapping to MSA Words

We have used the constructed ontology of MSA /dialect words mentioned in Section
(5.2) that associates dialect words with their corresponding MSA counterparts. Although
the generated variations may not typically exist in our ontology, they are generated specif-
ically for the purpose of similarity measurement. Each variation is matched with its cor-
responding MSA word from the ontology using a machine learning model (RNN+LSTM
model) mentioned in Section (6.3). This model enables us to predict the most suitable
MSA word for each generated variation, allowing us to establish accurate connections

between the dialect word variations and their standardized equivalents in our ontology.
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Corresponding (MSA) to: u,l->

MSA Dialect CODA Key
AIG  aaid;
SAN i,
ASW
MUS
SFA
FES
ALE
ALX

Figure 4.34: Mapping the dialectal word to its MSA word "y " using the ontology.

Corresponding (MSA) to: (..

MSA Dialect CODA Key

30279 Jlguwl ALE  Jlgwl 127
30302 Jlguwl ALG by 127
30303 Jlguwl ALX  daigd 127

Figure 4.35: Mapping the dialectal word to its MSA word " ¢3" using the ontology.
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Corresponding (MSA) to: (sl-»

MSA Dialect CODA Key
. e
>

Gaﬂ:

Figure 4.36: Mapping the dialectal word to its MSA word " ¢d>" using the ontology.

Corresponding (MSA) to: .1

MSA Dialect CODA Key
Jio> DOH Juez> 302
SAN 302

DOH 302

302

Figure 4.37: Mapping the dialectal word to its MSA word " ¢i=" using the ontology.

Corresponding (MSA) to: -

MSA Dialect CODA Key
A=l AMM aljl 136

cdell  KHA )l 136
el ALE clall 136
=)l ALG gawVsil 136

Figure 4.38: Mapping the dialectal word to its MSA word "J=" using the ontology.
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5.6.4 Similarity Measurement

Once the dialect word variations are mapped to MSA words, we employ similarity
measurement techniques to quantify the similarity between each variation and the known
dialect words associated with the MSA word. Techniques such as word embedding or

similarity measures like Word2Vec can be used to calculate the similarity scores.
Corresponding (MSA) to: usl»>

MSA Dialect CODA similarity
ALG goul 9 0.027057

SAN b 769 0.092917

ASW aylis 9  0.016135

MUS ;Lo 9 -0.059876
SFA aziy 9 -0.027750
FES 9 -0.111671
ALE  o)lac 769 -0.052347
ALX suo 769 -0.010839

Figure 4.39: The highest similarity score between the dialectal word "¢ ya gds" (variation) and
the proposed corrections.

Corresponding (MSA) to: oal

MSA Dialect CODA Key similarity

Jigil  ALE  Jlgwl 127 -0.111671
Jigisl  AlG )l -0.052347

30303 Jlgaul ALX aigd 127 -0.010839

Figure 4.40: The highest similarity score between the dialectal word " ¢3" (variation) and
the proposed corrections.
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Corresponding (MSA) to: ssi»

N

MSA Dialect CODA similarity

15405 s3> ALE =i 0.216171

15408 s3> SAN b 0.027057

©

15410 s3] BAG  oagll> 3 0.016135
15414 s3l>  DOH , -0.059876

Figure 4.41: The highest similarity score between the dialectal word " ¢ds" (variation) and
the proposed corrections.

Corresponding (MSA) to: 1~

MSA Dialect CODA similarity
20678 o> DOH |Juia> 3 0.05433

20696 Jo> SAN  lb> -0.037720
20697 Jw> DOH o>

20716 Jio> JED  oqul> 302 -0.041253

Figure 4.42: The highest similarity score between the dialectal word" ¢is" (variation) and the
proposed corrections.

Corresponding (MSA) to: -

MSA Dialect CODA similarity
30441 LL-aJI AMM aJlj| -0.041253

30444 =l KHA )l 136 0.093101
30445 clwdl  ALE clsel 0.079635
30469 clall  ALG jqusVgil 136 0.062851

Figure 4.43: The highest similarity score between the dialectal word "J=" (variation) and the
proposed corrections.

5.6.5 Selection of Best Variation

Based on the similarity scores obtained, we select the variation that exhibits the highest
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similarity to the known dialect words. This selected variation represents the most likely
intended dialect word, considering potential misspellings or variations. From the previous
figures that we saw before, the version of Figure 4.42 it has the maximum similarity among
the entire variations of the given word, Therefore it will be the best variation to select for
the word Figure (4.39).

5.6.6 Polarity Assignment

With the selected variation determined, we retrieve the polarity of the corresponding
MSA word from the ontology. The polarity of the selected variation is assigned based
on the polarity associated with the MSA word. This step enables us to determine the
sentiment of the dialect word, considering its variations and similarities to the known
dialect words.

Dialect word:
Variations:
["4>" . 1" ,

Predected Keys:
[769, 127, 340, 302, 136]

Corresponding (MSA) to:

M5A Dialect CODA Key similarity SentimentValue
DOH ol 302 1.0

Figure 4.44: The polarity of the dialectal word " ;ys ¢d" after performing the probability-driven
similarity measurement.

The Probability-Driven Similarity Measurement Approach is a powerful technique
that enhances the accuracy of sentiment analysis in Arabic dialect reviews. By combining
probabilistic methods with similarity measurement, we effectively handle variations and

nuances in dialect words, leading to more accurate sentiment classification results.

5.7 Sentiment Analysis

Basically it’s the process of combining the Ontology that we are created and the pre-
processed data of (1000 HARD Hotel Arabic Reviews Dataset + 250 The MADAR Arabic
Dialect Corpus Dataset), then try to classify each review if it’s positive, negative or neu-

tral, the classifying process based on:

e Taking each word from (1000HARD Hotel Review dataset + 250 the MADAR Ara-
bic Dialect corpus Dataset).
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e Tokenize the sentence.

e Perform probability-driven variation generation.

e Convert each word variation to a 20-dimensional vector.

e Feed the vectors into an RNN+LSTM model and predict the key number.
e Find the key in the ontology and extract the corresponding MSA word.

e Find the most similar variation.

e Handle negation and excessive words.

e Perform polarity assignment.

e (Calculate the polarity of the sentence based on word polarities.

sentence = "

tokens = tokenize sentence(sentence)

word variations = [generate word variations(tcken) token in tokens]
vectors = [convert word to vector(variation) for variation in word variations]
key number = predict key number(vectors)

msa word = find msa word(key number)

most similar variation = find most similar variation{word variations)

handled sentence = handle negation excessive words(sentence)

word polarities = perform polarity assignment(handled sentence)

sentence polarity = calculate_aentence_polarity{me?d_polarities)

Figure 4.45: Polarity calculation
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5.8 Polarity Calculation

Cadai | AL |9 ed mmel AV (ool Sl adS| e 9 | s> | A5 | mes | Review
adas| ab | /| ooad | of " | e 5 3 | o S . Best
e > A > A 2
. it .ﬁ Wu _ il il i IF-i = _EM | Variation
| el AN /| o0 | Zheoo | OF | U | tas SRR M| | oot (S e | MISA
1 2 /| O 2 |2 1 0 2 2 12| 1 2 1 Polarity
0 |/jof2]2]1 ] 1 |2]|2]1| 1%2) | Results
Negative(0): 2 Excessive
Neutral(2): 4
Positive(1): 5 Negation

Review Polarity: Positive

Figure 4.46: Example about calculating the polarity of the HARD review.

In conclusion, our sentiment analysis framework incorporates several advanced tech-
niques and a powerful RNN-LSTM model to accurately analyze sentiment in Arabic di-
alect reviews. The combination of these elements offers a comprehensive solution for
understanding public opinion, conducting market research, and making informed deci-

sions based on customer feedback.

The RNN-LSTM model plays a crucial role in capturing the temporal dependencies
and contextual information present in the review text. By leveraging its ability to process
sequential data, the model effectively captures the nuances of sentiment expression in

Arabic dialects, leading to improved sentiment classification accuracy.

Handling excessive words is another key aspect of our framework. By implement-
ing techniques such as stop-word removal and frequency-based filtering, we address the
challenge of excessive words in user-generated content. This approach allows us to focus
on the most informative and relevant words, enhancing the model’s ability to extract

sentiment-related features and improve overall performance.

Furthermore, the handling of negation words is an essential component of our senti-
ment analysis framework. We recognize that negation words can significantly alter the
sentiment expressed in a sentence. By incorporating specific strategies to handle negation,
such as modifying the sentiment polarity or considering the scope of negation, our model

accurately interprets sentiment in the presence of negation words.
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The Probability-Driven Similarity Measurement Approach introduced in our frame-
work enhances the accuracy of sentiment classification by considering potential mis-
spellings or variations in dialect words. By generating variations of the dialect word
and measuring their similarity to known dialect words, we improve the model’s ability
to identify the most likely intended dialect word, even in the presence of variations or

misspellings.

In summary, our sentiment analysis framework, powered by the RNN-LSTM model
and incorporating techniques for handling excessive words, negation words, and the
Probability-Driven Similarity Measurement Approach, offers a comprehensive solution for
sentiment analysis in Arabic dialect reviews. This approach enables businesses and orga-
nizations to gain deep insights into public opinion, conduct meaningful market research,

and make informed decisions based on accurate sentiment analysis results.

6 Building a Graphical User Interface (GUI) for senti-

ment Analysis (A Comprehensive Overview)

Graphical User Interfaces (GUIs) play a crucial role in enhancing user experience and
facilitating interaction with various applications. In this article, we delve into the process
of developing a GUI for sentiment analysis, focusing on a specific implementation using
XAML. We explore the structure, functionality, and key elements of the GUI, providing

a comprehensive overview of its capabilities.
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on View

Loop | |

User selects
variation button

firing
variation button

\fariation processing
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Figure 4.47: UML sequence Diagram of sentiment analysis system GUI

e Diagram Elements:

User: Represents the user interacting with the Sentiment Analysis System.

View (GUI): Represents the graphical user interface component responsible for

presenting information and capturing user input.

Logic: Represents the component responsible for handling the business logic

and processing user requests.

— Server: Represents the server component that handles the data processing and

communication with external services.
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Figure 4.48: Graphical User Interface for sentiment Analysis

7 Conclusion

In this chapter, we have explored the development of a proposed system for multi-

dialect Arabic sentiment analysis. The objective of our research was to tackle the

challenges posed by the diverse dialects present in Arabic language text data and

provide an effective approach for sentiment analysis.

The first model we discussed is the stemming-based sentiment analysis. This model

involves specific pre-processing techniques tailored to handle multi-dialect Arabic

text. By employing stemming techniques, we aimed to reduce words to their root

form, thus enhancing the accuracy of sentiment analysis across different dialects.

Additionally, we emphasized the construction of a multi-dialect Arabic ontology,

which helped capture the variations in sentiment expression within different dialects.
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The second model we introduced is the machine learning-based sentiment analysis.
Here, our focus shifted towards converting dialectal text into numeric representa-
tions, enabling the utilization of machine learning algorithms. We leveraged recur-
rent neural networks (RNN) combined with long short-term memory (LSTM) units
to capture contextual information and dependencies within the text. Moreover, we
addressed the challenge of handling negation in sentiment analysis, incorporating
techniques to appropriately account for negation and its impact on sentiment po-

larity.

To enhance the sentiment analysis process further, we proposed a probability-driven
similarity measurement approach. By utilizing this approach, we aimed to assign
sentiment scores based on the similarity between the input text and pre-defined
sentiment expressions. This allowed for a more nuanced analysis and interpretation

of sentiment in multi-dialect Arabic text.

In summary, our proposed system for multi-dialect Arabic sentiment analysis encom-
passes both a stemming-based model and a machine learning-based model. Through
specific preprocessing techniques, the construction of a multi-dialect Arabic ontol-
ogy, and the application of RNN-+LSTM units, we have demonstrated the potential
to accurately analyze sentiment across diverse dialects. The incorporation of a
probability-driven similarity measurement approach has further enriched the senti-
ment analysis process. Moving forward, these findings could have practical implica-
tions for various applications, such as social media sentiment monitoring, customer

feedback analysis, and market research in the Arab world.
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1 Introduction

In this section, we present the evaluation results and analysis of our study, focus-
ing on sentiment analysis in Arabic dialect hotel reviews. We compare the perfor-
mance between the two models and various techniques, the evaluation is based on
a dataset of 1200 reviews(HARD: 1000 + MADAR Corpus: 250).

2 Evaluation Metrics

To assess the performance of the sentiment analysis system, several evaluation
metrics are utilized. These metrics provide insights into the system’s accuracy
and effectiveness in sentiment classification. The commonly used metrics include

precision, recall, and F1-score.

— Precision: Precision measures the proportion of correctly classified positive or
negative sentiments out of all the predicted positive, negative or neutral senti-
ments [42]. A higher precision indicates a lower rate of false positives, meaning

that the system correctly identifies positive, negative or neutral sentiments.

Precision = (Number of true positive instances) / (Number of true positive

instances + Number of false positive instances).

— Recall: Recall, also known as sensitivity or true positive rate, calculates the
proportion of correctly classified positive, negative or neutral sentiments out of
all the actual positive or negative sentiments [42]. A higher recall indicates a
lower rate of false negatives, meaning that the system correctly captures posi-
tive, negative or neutral sentiments.

Recall = (Number of true positive instances) / (Number of true positive in-

stances + Number of false negative instances)

— F1-score: The Fl-score is the harmonic mean of precision and recall [43]. It
provides a balanced measure of the system’s performance, considering both
precision and recall. A higher Fl-score indicates a better overall performance

in sentiment classification.

Fl-score = 2 * (Precision * Recall) / (Precision + Recall).

— Accuracy: Accuracy is a fundamental evaluation metric that measures the
overall correctness of sentiment classification. It calculates the proportion of

correctly classified sentiments out of all the instances in the dataset [44]. A
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higher accuracy indicates a better performance of the sentiment analysis sys-

tem in accurately predicting sentiments.

Accuracy = (Number of correctly classified instances) / (Total number of in-

stances).

These metrics, precision, recall, and Fl-score, play a crucial role in evaluating the
performance of sentiment classification systems for three classes: positive, negative,
and neutral. Precision measures the accuracy in identifying positive, negative, or
neutral sentiments, while recall assesses the system’s ability to capture positive,
negative, or neutral sentiments. The F1l-score provides a balanced assessment by

considering both precision and recall.

By analyzing these metrics for each sentiment class, we can gauge the system’s
effectiveness in accurately identifying and capturing sentiments within each class.
Improvements can be made based on these results to enhance the system’s perfor-

mance in sentiment classification across positive, negative, and neutral sentiments.

3 Results and Analysis for Stemming-based senti-

ment analysis system

After conducting the sentiment analysis on the Arabic dialect dataset, the system
generates results that can be analyzed to evaluate its effectiveness. The evaluation
includes an examination of the accuracy, precision, recall, and F1l-score metrics.
Confusion matrices are also utilized to visualize the system’s predictions and the

actual sentiment values.

3.1 Sentiment Analysis with Tashaphyne Stemmer

3.1.1 Evaluation Results for Tashaphyne sentiment analysis system with-

out Excessive and Negation Techniques

Based on the sentiment analysis results, the system’s performance can be assessed
using the provided evaluation metrics. Figure 5.1 shows the confusion matrix for the
sentiment analysis performed using the Tashaphyne stemming tool. The confusion
matrix provides information about the number of correctly and incorrectly classified

sentiments.
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Confusion Matrix

400
Negative £ 149 106 50
300
a 50
2 Positive 18 54
200
150
100
Mewtral 15 9% 139
50
Negative Positive Neutral

Predicted

Figure 5.1: the confusion matrix of the sentiment analysis using TASHAPHYNE stemmer.

To calculate the evaluation metrics

— Precision:

« Precision Negative = TruePositive Negative / (True Positive Negative

+ False Positive Negative)

= 0.88.

« Precision Positive = True Positive Positive / (True Positive Positive +
False Positive Positive)

= 0.64.

* Precision Neutral == True Positive Neutral / (True Positive Neutral
+ False Positive Neutral)

= 0.46.
— Recall:

* Recall Negative = = True Positive Negative / (True Positive Negative
+ False Negative Negative)
— 428 / (428 1 18 + 54)
= 0.49.

* Recall Positive = True Positive Positive / (True Positive Positive +

False Negative Positive)

= 0.86.

* Recall Neutral = True Positive_ Neutral / (True Positive_ Neutral + False
Negative Neutral)
= 0.563.
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— Fl-score:

« Fl-score Negative= 2 * (Precision Negative * Recall Negative) / (Pre-
cision Negative + Recall Negative)
= 0.63.

« Fl-score Positive= 2*(Precision Positive * Recall Positive) / (Precision Positive
+ Recall Positive)

= 0.73.

« Fl-score Neutral = 2 * (Precision Neutral * Recall Neutral) / (Preci-
sion_Neutral + Recall Neutral)
= 0.51.

— Accuracy: = (True Positive Positive + True Positive Negative + True Posi-
tiveNeutral) / (Total Instances)
= (245 + 428 + 139) / (245 + 149 + 106 + 18 + 428 + 54 + 15 + 96 + 139)
= 0.654%.

Based on the calculations using the provided confusion matrix, the precision, recall,

F1-score, and accuracy for each sentiment class are as follows:

precision fl-score support

508
508
258

accuracy .65 1256

Figure 5.2: The evaluation results of the first model using TASHAPHYNE stemmer without
any enhancement.

These metrics provide a comprehensive evaluation of the sentiment analysis system’s

performance in accurately classifying sentiments across the three sentiment classes.

Analysis of Results

The performance analysis of the classification model based on the provided confusion
matrix reveals varying results for different classes. The positive class demonstrates
good precision, recall, and F1l-score, indicating accurate identification and a bal-
anced performance. However, the negative class exhibits lower precision and recall,
suggesting a lower ability to capture negative samples accurately. The neutral class
also presents moderate precision and recall, indicating room for improvement in

correctly identifying neutral samples.
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63%
56%
51%
i I 46% I I

Positive Negative Neutral

100%
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60%
50%
40%
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10%

0%

m Precision mRecall mFl-score

Figure 5.3: The evaluation matrices of the three classes of sentiment using TASHAPHYNE
stemmer.

Overall, the model achieves an accuracy of 65.1%, signifying the percentage of cor-
rectly classified instances across all classes. This indicates a moderate level of overall
performance. However, further refinement is required to enhance the model’s per-
formance, particularly for the negative and neutral classes. Focusing on improving
the model’s ability to accurately capture negative and neutral samples would be

beneficial in achieving better results.

3.1.2 Evaluation Results for Tashaphyne sentiment analysis system with

Excessive and Negation Techniques

The confusion matrix for the sentiment analysis using the Tashaphyne stemming

tool and the techniques is represented by:

73



Chapter 5. Experimental Results

Confusion Matrix

400
Negative 103 10
300
a 250
£ Positive 56

200
150
Neutral 16 9 113 100

50

MNegative Pasitive Neutral
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Figure 5.4: The confusion matrix of the sentiment analysis using TASHAPHYNE stemmer
with enhancements

Based on the calculations using the provided confusion matrix, the precision, recall,

Flscore, and accuracy for each sentiment class are as follows:

To calculate the evaluation metrics

— Precision:

x Precision  Negative = 0.91.
* Precision _ Positive = 0.68. .

* Precision Neutral = 0.47.
— Recall:

x Recall Negative = 0.58.
x Recall Positive = 0.86.
* Recall Neutral = 0.57.

— F1l-score:

* F'1 score Negative = 0.71.
x F'1 _score Positive = 0.76.

* F'1 score Neutral = 0.52.

— Accuracy: 0.69%
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precision recall f1-score

8.91
0.68
@.47

accuracy

Figure 5.5: The evaluation results of the first model using TASHAPHYNE stemmer with
enhancements.

Analysis of Results

The analysis of the evaluation results for the Tashaphyne sentiment analysis system
with the inclusion of excessive and negation techniques provides valuable insights

into its performance.

The results indicate varying levels of precision, recall, and F1-scores for each senti-
ment class. In the Negative class, the system achieves a precision of 0.91, indicating
a high rate of correctly identifying negative sentiments. However, the recall is 0.58,
suggesting that there is room for improvement in capturing a significant portion of

the actual negative sentiments.

For the Positive class, the system demonstrates a precision of 0.68 and a recall of
0.86, indicating accurate identification and capture of positive sentiments. This im-

plies that the system performs well in correctly classifying positive sentiments.

The Neutral class exhibits a precision of 0.47 and a recall of 0.57, suggesting the
need for improvement in accurately identifying neutral sentiments. The system

shows relatively lower precision and recall for this class.
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Figure 5.6: The evaluation matrices of the three classes of sentiment using TASHAPHYNE
stemmer with enhancements.

The overall accuracy of the system in correctly classifying sentiments is 0.69, which

provides an overall measure of its performance across all sentiment classes.

These analysis results highlight the strengths and weaknesses of the Tashaphyne
sentiment analysis system with the inclusion of excessive and negation techniques.
They indicate areas where further refinement and enhancement are required to im-
prove the system’s performance in accurately classifying sentiments, particularly for

the negative and neutral classes.

3.2 Sentiment Analysis with ISRI Stemmer

3.2.1 Evaluation Results for ISRI sentiment analysis system without

Excessive and Negation Techniques

In addition to the Tashaphyne sentiment analysis, the system also incorporates
the ISRI stemming tool for sentiment analysis. The utilization of different stem-
ming tools allows for a comprehensive analysis of sentiment. To evaluate the per-
formance of the sentiment analysis system, Figure 2 presents the confusion matrix,
which visually represents the system’s predictions and the actual sentiment values.

This matrix provides valuable insights into the classification of sentiments for each
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sentiment class, enabling an assessment of the system’s effectiveness in sentiment

analysis.

Confusion Matrix
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Figure 5.7: The confusion matrix of the sentiment analysis using ISRI stemmer.

Based on the calculations using the provided confusion matrix, the precision, recall,

F1-score, and accuracy for each sentiment class are as follows:

To calculate the evaluation metrics

— Precision:

* Precision Negative = 0.84.
* Precision Positive = 0.63. .
* Precision Neutral = 0.41.
— Recall:
x Recall Negative = 0.45.
*x Recall Positive = 0.83.
* Recall Neutral = 0.53.
— Fl-score:
x Recall Negative = 0.59.
* Recall Positive = 0.71.
* Recall Neutral = 0.46.

— Accuracy: 0.62%
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Figure 5.8: The evaluation results of the first model using ISRI stemmer without any enhance-
ment.

Analysis of Results

The sentiment classification results based on the provided metrics reveal varying
performance across the three sentiment classes: Negative, Positive, and Neutral.
The Negative class demonstrates a precision of (.84, indicating a high rate of cor-
rectly identifying Negative sentiments. However, the recall for the Negative class
is 0.45, suggesting that there is room for improvement in capturing a significant

portion of the actual Negative sentiments.

The Positive class shows a precision of 0.63 and a recall of 0.83, indicating accurate
identification and capture of Positive sentiments. This implies that the model per-

forms well in correctly classifying Positive sentiments.

Additionally, the Neutral class exhibits a precision of 0.41 and a recall of 0.53,
suggesting a need for improvement in accurately identifying Neutral sentiments.

The model has relatively lower precision and moderate recall for this class.
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Figure 5.9: The evaluation matrices of the three classes of sentiment using ISRI stemmer.

Overall, the model achieves an accuracy of 0.62, indicating that it correctly classi-
fies sentiments for 62% of the instances across all sentiment classes. The accuracy
provides an overall measure of the model’s performance in correctly classifying sen-

timents, irrespective of the individual classes.

In summary, the stemming-based sentiment analysis system provides valuable in-
sights into sentiment classification. The results indicate the need for further refine-
ment to enhance the system’s performance, particularly for negative and neutral

sentiments.

Improvements in feature selection and parameter tuning may lead to better preci-
sion, recall, F'1-scores, and overall accuracy across all sentiment classes. The findings
from this analysis contribute to the advancement of sentiment analysis techniques

in the field of natural language processing.

3.2.2 Evaluation Results for ISRI sentiment analysis system with Ex-

cessive and Negation Techniques

The confusion matrix for the sentiment analysis using the Tashaphyne stemming

tool and the techniques is represented by:
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Figure 5.10: The confusion matrix of the sentiment analysis using ISRI stemmer with enhance-
ments.

Based on the calculations using the provided confusion matrix, the precision, recall,

F1-score, and accuracy for each sentiment class are as follows:

To calculate the evaluation metrics

— Precision:

x Precision Negative = (.86.
* Precision Positive = 0.68. .

* Precision Neutral = 0.42.
— Recall:

x Recall Negative = 0.57.
*x Recall Positive = 0.81.
*x Recall Neutral = 0.54.

— Fl-score:

* F'1 _score Negative = 0.69.
* F'1 score Positive = 0.74.
* F1 score Neutral = 0.47.

— Accuracy: 0.66%
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Figure 5.11: The evaluation results of the first model using ISRI stemmer with enhancements.

Analysis of Results

The evaluation results for the ISRI sentiment analysis system with the inclusion of

excessive and negation techniques provide insights into its performance.

The results reveal varying levels of precision, recall, and F1-scores for each sentiment
class. In the Negative class, the system achieves a precision of 0.86, indicating a
relatively high rate of correctly identifying negative sentiments. However, the recall
is 0.57, suggesting that there is room for improvement in capturing a significant

portion of the actual negative sentiments.

For the Positive class, the system demonstrates a precision of 0.68 and a recall
of 0.81, indicating reasonably accurate identification and capture of positive senti-
ments. This suggests that the system performs moderately well in correctly classi-

fying positive sentiments.

The Neutral class exhibits a precision of 0.42 and a recall of 0.54, indicating the
need for improvement in accurately identifying neutral sentiments. The system

shows relatively lower precision and recall for this class.
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Figure 5.12: The evaluation matrices of the three classes of sentiment using ISRI stemmer with
enhancements.

The overall accuracy of the system in correctly classifying sentiments is 0.66, pro-
viding an overall measure of its performance across all sentiment classes. These
analysis results shed light on the performance of the ISRI sentiment analysis sys-
tem with the inclusion of excessive and negation techniques. They highlight areas
where further refinement and enhancement are necessary to improve the system’s
performance in accurately classifying sentiments, particularly for the negative and

neutral classes.

In conclusion, the incorporation of specific techniques in the Stemming-based senti-
ment analysis system has proven to significantly enhance its performance. The eval-
uation results demonstrate the positive impact of techniques such as Tashaphyne,
ISRI, excessive handling, and negation handling. The system shows improved pre-
cision, recall, and F1-scores across various sentiment classes, indicating its ability
to accurately classify sentiments. These findings highlight the effectiveness of the
Stemming-based sentiment analysis system when supplemented with these tech-

niques, providing more nuanced and accurate sentiment analysis outcomes.
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4 Results and Analysis for Machine learning-based

sentiment analysis system

In this section, we present the experimental results of our project, which aimed
to analyze sentiment in Arabic dialect hotel reviews. We conducted evaluations
using different techniques, including the incorporation of excessive words, handling
negation words, handling excessive words, and utilizing The Probability-Driven Sim-
ilarity Measurement Approach. The performance of our model was assessed both
with and without these techniques to understand their impact on sentiment analysis

accuracy.

4.1 Model Performance without Excessive, Negation, and
Probabilities Techniques
The first set of evaluation results is obtained without utilizing the excessive, nega-

tion, and The Probability-Driven Similarity Measurement Approach techniques.

Here’s the Confusion Matrix for this model:

Confusion Matrix
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Figure 5.13: The confusion matrix of the sentiment analysis using MACHINE LEARNING
MODEL.

Based on the calculations using the provided confusion matrix, the precision, recall,

F1-score, and accuracy for each sentiment class are as follows:

To calculate the evaluation metrics

— Precision:

* Precision Negative = 0.85.
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* Precision Positive = 0.71. .

* Precision Neutral = 0.51.
— Recall:

x Recall Negative = 0.58.

x Recall Positive = 0.87.

x Recall Neutral = 0.60.

— F1l-score:

x Recall Negative = 0.69.
x Recall Positive = 0.78.
x Recall Neutral = 0.55.

— Accuracy: 0.70%
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Figure 5.14: The evaluation results of the SECOND model without any enhancement.

Analysis of Results

The analysis of results for the machine learning-based sentiment analysis system
without excessive, negation, and probabilities techniques reveals important insights
into its performance. The system was evaluated using precision, recall, and F1-score

metrics for each sentiment class: Negative, Positive, and Neutral.

For the Negative class, the system achieved a precision of 0.85, indicating that it
accurately identified Negative sentiments in the dataset. The recall for the Negative
class was 0.58, suggesting that there is room for improvement in capturing a larger

proportion of actual Negative sentiments.

The Positive class demonstrated a precision of 0.71, indicating accurate identifica-
tion of Positive sentiments. The recall for the Positive class was 0.87, suggesting

that the system effectively captured a majority of the actual Positive sentiments.
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In the case of the Neutral class, the system achieved a precision of 0.51, indicating
moderate accuracy in identifying Neutral sentiments. The recall for the Neutral class
was 0.60, suggesting that there is potential for improvement in correctly capturing

Neutral sentiments.
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Figure 5.15: The evaluation metrices of the three classes of sentiments using MACHINE
LEARNING MODEL without enhancements.

Overall, the system achieved an accuracy of 0.70, indicating that it correctly clas-
sified sentiments for 70% of the instances across all sentiment classes. This demon-
strates the system’s overall performance in sentiment classification. The analysis
highlights the strengths and weaknesses of the machine learning-based sentiment
analysis system without excessive, negation, and probabilities techniques. While it
shows promising performance in identifying Positive sentiments, there is room for
improvement in accurately capturing Negative and Neutral sentiments. Further en-
hancements, such as incorporating additional techniques or optimizing the model,
may lead to improved precision, recall, F1-scores, and overall accuracy in sentiment

analysis.

4.2 Model Performance with Excessive, Negation, and Prob-

abilities Techniques

In this section, we evaluate the performance of the sentiment analysis model

with the incorporation of Excessive, Negation, and Probabilities techniques. The
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following analysis is based on the evaluation results obtained from 1250 dialect hotel

reviews.
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Figure 5.16: The confusion matrix of the sentiment analysis using the MACHINE LEARNING
MODEL with enhancements.

Based on the calculations using the provided confusion matrix, the precision, recall,

F1- score, and accuracy for each sentiment class are as follows:

To calculate the evaluation metrics

— Precision:

* Precision Negative = 0.92.
* Precision Positive = 0.89. .

* Precision Neutral = 0.69.
— Recall:

*x Recall Negative = 0.85.
x Recall Positive = 0.87.
*x Recall Neutral = 0.83.

— Fl-score:

* F'1 score Negative = (.88.
* F'1 score Positive = 0.88.

* F1 score Neutral = 0.76.

— Accuracy: 0.85%
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Figure 5.17: The evaluation results of the SECOND model with enhancements.

Analysis of Results

The analysis of results indicates that the model performed well in accurately classify-
ing sentiments across all three sentiment classes. The negative class achieved a high
precision of 0.92, indicating a high rate of correctly identifying negative sentiments.
The positive class also exhibited a high precision of 0.89, suggesting accurate iden-
tification of positive sentiments. However, the neutral class demonstrated a lower

precision of 0.69, indicating a lower ability to accurately identify neutral sentiments.

In terms of recall, the model achieved high values for all three classes, with recalls
of 0.85, 0.87, and 0.83 for the negative, positive, and neutral classes, respectively.
This suggests that the model effectively captured a significant portion of the actual

sentiments for each class.

The F1l-scores, which take into account both precision and recall, were also high for
the negative and positive classes, with values of 0.88 for both. The neutral class
had a slightly lower F1-score of 0.76, indicating room for improvement in accurately

identifying neutral sentiments.
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Figure 5.18: The evaluation metrices of the three classes of sentiment using MACHINE
LEARNING MODEL with enhancements.

Overall, the model achieved an accuracy of 0.85, indicating that it correctly classi-
fied sentiments for 85% of the instances across all sentiment classes. This signifies

a high level of overall performance for the model.

The incorporation of excessive, negation, and probabilities techniques enhanced the
performance of the sentiment analysis system. These techniques improved the pre-
cision, recall, and F1-scores across the sentiment classes, leading to a higher overall

accuracy.

Therefore, it can be concluded that the model with these techniques performs better

in accurately classifying sentiments compared to the model without them.

5 Conclusion

In conclusion, the sentiment analysis systems were evaluated for their perfor-
mance in analyzing hotel reviews written in multi-Arabic dialects. The Stemming-
based sentiment analysis systems, including Tashaphyne and ISRI, showed moderate
accuracy, ranging from 62% to 65%. These systems demonstrated varying precision,

recall, and F1- scores across the sentiment classes, with sentiment class 1 (Positive)
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generally performing better than classes 0 (Negative) and 2 (Neutral).

On the other hand, the machine learning-based sentiment analysis system, partic-
ularly the model with Excessive, Negation, and Probabilities Techniques, exhibited
superior performance. It achieved an accuracy of 85% and demonstrated high pre-
cision, recall, and Fl-scores across sentiment classes. Sentiment class 0 (Negative)

displayed the highest performance in this model.

Furthermore, additional analysis was conducted for the Stemming-based sentiment
analysis systems with Excessive and Negation Techniques. Although these systems
showed lower accuracy compared to the machine learning-based system, they pre-
sented viable alternatives, especially for capturing Positive sentiments. However,
there is room for improvement in accurately classifying Neutral sentiments across

all approaches.

In summary, the machine learning-based sentiment analysis system with Excessive,
Negation, and Probabilities Techniques outperformed the Stemming-based systems
in terms of accuracy and overall sentiment classification performance. It showcased
its effectiveness in handling the complexities of multi-Arabic dialects. Nonetheless,
further enhancements are necessary to improve the classification of Neutral sen-
timents in all approaches. These findings provide valuable insights for sentiment
analysis in the context of multi-Arabic dialects and can contribute to the develop-

ment of more robust and accurate sentiment analysis systems in the future.
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In conclusion, this research has focused on the development of a proposed system
for multi-dialect Arabic sentiment analysis. Through the implementation of two
models, stemming-based sentiment analysis and machine learning-based sentiment
analysis, we have aimed to address the challenges associated with sentiment analysis

in diverse Arabic dialects.

The stemming-based model has demonstrated the effectiveness of employing dialect-
specific pre-processing techniques and constructing a multi-dialect Arabic ontology.
These steps have proven valuable in capturing the variations in sentiment expression

across different dialects, ultimately improving the accuracy of sentiment analysis.

On the other hand, the machine learning-based model has leveraged the power of
recurrent neural networks (RNN) and long short-term memory (LSTM) units to
capture contextual information and dependencies within the text. Additionally, we
have tackled the challenge of handling excessive and negation in sentiment analysis,
enhancing the model’s ability to account for (excessive, negation) and its impact on

sentiment polarity.

Moreover, our proposed system has incorporated a probability-driven similarity mea-
surement approach to assign sentiment scores based on the similarity between the
input text and pre-defined sentiment expressions. This approach has facilitated a
more nuanced analysis of sentiment in multi-dialect Arabic text, contributing to a

comprehensive sentiment analysis framework.

Moving forward, there are several avenues for future work and improvement in this
domain. Firstly, expanding the dataset used for training and evaluation would help
enhance the system’s performance and robustness across a wider range of dialects
and sentiments. Additionally, exploring other advanced natural language processing
techniques, such as deep learning models or transformer-based architectures, could

potentially yield even more accurate and nuanced sentiment analysis results.

Furthermore, the proposed system could benefit from integrating domain-specific
sentiment lexicons or utilizing transfer learning techniques to leverage knowledge

from other related sentiment analysis tasks or languages.

Additionally, incorporating user feedback and conducting user studies can provide

valuable insights into the system’s usability and effectiveness in real-world scenarios.
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This feedback can guide further refinements and optimizations to ensure the sys-
tem meets the requirements of various applications, such as social media sentiment

monitoring, customer feedback analysis, and market research.

In conclusion, the proposed system for multi-dialect Arabic sentiment analysis, with
its stemming-based and machine learning-based models, along with the probability-
driven similarity measurement approach, shows promise in accurately analyzing
sentiment in diverse Arabic dialects. With further research and refinement, this
system has the potential to contribute to the field of sentiment analysis and find

practical applications in various domains.
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