
People‘s Democratic Republic of Algeria
Ministry of Higher Education and Scientific Research

Kasdi Merbah University of Ouargla
Faculty of New Technologies of Information and Communication
Department of Computer Science and Information Technology

Doctoral Thesis
Thesis submitted in partial fulfillment of the requirements for the degree of PhD

3rd cycle in computer science.

Option :

Artificial Intelligence

A Transfer Learning-Based Approach for Arabic
Sentiment Analysis

Presented by

M r Mohammed Elsadiq BARMATI

Jury members

President: Ahmed KORICHI Professor, University of Ouargla, Algeria

Supervisor: Bachir SAID M.C.A, University of Ouargla, Algeria

Examiner: Oussama AIADI Professor, University of Ouargla, Algeria

Examiner: Hocine MERABTI M.C.A, University of Ouargla, Algeria

Examiner: Mounir BEGGAS M.C.A, University of El-Oued, Algeria

Examiner: Said GADRI M.C.A, University of M’sila, Algeria

2025/2026



For my parents.
For my little family.

For my sisters and brothers.



Acknowledgements
First and foremost, all praise and gratitude are due to Allah, the Almighty, for
granting me the strength, perseverance, and opportunity to complete this research.
His guidance and blessings have been instrumental throughout my academic journey,
and without his blessings, this achievement would not have been possible.

I would like to express my deepest gratitude to my supervisor, BACHIR Said,
for his unwavering guidance, invaluable insights, and continuous support throughout
the course of this research. His mentorship has been instrumental in shaping both
the academic and personal dimensions of this dissertation.

Heartfelt thanks are also directed to the distinguished jury members — Prof.
Ahmed KORICHI, Dr. Oussama AIADI, Dr. Hocine MERABTI, Dr. Mounir
BEGGAS, and Dr. Said GADRI for generously dedicating their time and expertise
to the evaluation of this work and for their constructive observations that enhanced
its academic merit.

With deep affection and enduring respect, I dedicate this work to my father,
Abdelkarim, whose strength, guidance, and unwavering encouragement have been
a constant source of motivation. Above all that, he has been a truly good and
caring father, for which I am deeply grateful.

I also honour the memory of my late mother, whose love, sacrifice, and lasting
influence continue to inspire all that I strive to accomplish. My heartfelt gratitude
extends as well to my stepmother, whose kindness, support, and presence have
been a meaningful part of this journey.

To my beloved wife and our little family, I owe my deepest love and thanks.
Your patience, support, and faith in me have sustained me through every challenge
and given true meaning to this journey. Your presence has been my greatest
comfort and motivation.

I extend heartfelt thanks to my brothers and sisters for their support, encour-
agement, and belief in me. Their companionship and solidarity have been a pillar
of strength throughout this endeavor.

Lastly, I am sincerely thankful to all those who have supported me in any form,
my friends, my colleagues, and my mentors. Each contribution, no matter how
small, has played a part in making this work possible.

ii



�
	
jÊÓ

	
X @


,
�
éJ
ªJ
J.¢Ë@

�
é
	
ªÊË @

�
ém.
Ì'AªÓ ú




	
¯

�
éK
Qëñm.

Ì'@ ÐAêÖÏ @ 	áÓ
�
éJ
K. QªË@

�
é
	
ªÊË @ ú




	
¯ Q«A

�
�ÖÏ @ ÉJ
Êm

�
�
' Yª

�
K


�
éK
ñ

	
ªÊË @

�
HAÒ�Ë@ ú




	
¯ é

�
K @YJ


�
®ª

�
K 	áÒº

�
Kð .

�
éJ
K. QªË@ �ñ�

	
JË @ ú




	
¯ Q«A

�
�ÖÏ @

	
­J


	
��

�
�ð YK
Ym

�
�
' I. Ê¢

�
JK


©


KA
�
�Ë@ Ð@Y

	
j
�
J�B@ð ,

�
HAj. êÊË @ ¨ñ

	
J
�
Kð , Y

�
®ªÖÏ @ ú




	
¯Qå�Ë@

�
�A

�
®
�
J
�
�B@ É

�
JÓ ,

�
éJ
K. QªÊË

�
éJ

	
J
	
ªË @

Z @X


B@ úÎ«

�
éK
YJ
Ê

�
®
�
JË @ h.

	
XAÒ

	
JË @

�
èPY

�
¯ 	áÓ

�
Ym�

�
' �
HAK
Yj

�
JË @ è

	
Yë .

�
éK
Q

	
j�ËA¿

�
éK


	PAj. ÖÏ @
�
H@Q�
J.ª

�
JÊË

.
�
�J


�
¯YË@

É
�
®
	
JË AK. ÕÎª

�
JË @ úÎ«

	
à@YÒ

�
JªK


	áK
Qº
�
JJ.Ó

	áK
PA£@


�
éËA�QË@ è

	
Yë ÐY

�
®
�
K ,

�
�AJ
�Ë@ @

	
Yë ú




	
¯

. Q«A
�
�ÖÏ @ ÉJ
Êm

�
�
' Z @X



@
	á�
�j

�
JË

h.
	
XAÖ

	
ß 	áÓ

�
é
�
®
�
J
�
�ÖÏ @

�
éJ
�

	
JË @

�
HCJ


�
JÒ
�
JË @

	á�
K. l .
×YK


�
IJ
k ,¡



�A�ñË@ XYª

�
JÓ Èð



B@ PA£B



@



ñJ.

	
�
�
JË @ 	P 	QªK
 AÓ ,

�
é�

	
�Aj.

�
JÓ Q�


	
«

�
éJ

	
®J

	
��

�
�ð

�
éK
XY«

�
H@

	Q�
Óð , A
��
®J.�Ó

�
éK. PYÖÏ @

�
éJ
K. QªË@ ÉK
ñj

�
JË @

.
�
éJ
ÓA

�
�Ë@

�
éj. êÊË @

�
HA

	
KAJ
K. úÎ« ém.

�


'A
�
J
	
K

�
I

�
J�.
�
K


@ AÒ» ,

�
HAÓñÊªÒÊË

�
èXYª

�
JÓ PXA�Ó l .

×X Q�.« Q«A
�
�ÖÏAK.

	
­J


	
��

�
� :

�
é¢�. @

Q��Ó ÐAêÓ
�
HC

�
K

	
YJ


	
®
	
J
�
JË ÐAêÖÏ @ XYª

�
JÓ ÕÎª

�
JË @ ÐY

	
j
�
J��


	
¯ , ú




	
GA
�
JË @ PA£B



@ AÓ



@

�
HBñjÖÏ @ úÎ« Õç



'A
�
¯ ¼Q

�
�
�
�Ó Q

	
®
�
�Ó Ð@Y

	
j
�
J�AK. ,

�
éj. êÊË @ YK
Ym

�
�
'ð ,

�
éK
Q

	
j�Ë@

	
¬A

�
�
�
�» @ð ,Q«A

�
�ÖÏ @

�
éK
XAg



@ h.

	
XAÒ

	
JË @ úÎ« h.

	
XñÒ

	
JË @ @

	
Yë

�
�ñ

	
®
�
K H. PAj.

�
JË @

�
HQê

	
£


@ .

�
éÒêÓ É¾K. �A

	
g

	Q�
ÓQ
�
K ½

	
¯ð

. èPñ»
	
YÖÏ @ ÐAêÖÏ @

	á�
K.
�
é»Q

�
�
�
�ÖÏ @

�
é
	
Q̄ªÒÊË éËC

	
ª
�
J�@ É

	
�

	
®K. ,

�
éÒêÖÏ @

,
�
éJ
K. QªËAK. Q«A

�
�ÖÏ @ ÉJ
Êj

�
JË ©

�
�ñ

�
JÊË ÉK. A

�
¯ð YgñÓ Ég ZA

	
JK. ú




	
¯

	
àA
�
JK
PAÒªÖÏ @

	
àA
�
KAë ÑîD�

��
�

èAJ.
�
�
	
K @

�
HAJ
Ë

�
@ QK
ñ¢

�
�ð , A

�
J
ÓQë ÐAêÖÏ @

�
ék.

	
YÖ

	
ß ÉÒ

�
�
�
�

�
éJ
ÊJ.

�
®
�
J�Ó

�
éJ

�
Jm�'.

�
HAgQ

�
�
�
®Öß.

�
éËA�QË@ Õ

�
æ
�
J
	
m�
�
'ð

. ÐAêÖÏ @ XYª
�
JÓ ÕÎª

�
JË @

�
HAÒJ
Ò�

�
� 	áÖÞ

	
� �

éJ
ËðYm.
Ì'@

�
H@

	Q�
ÖÏ @ l .
×Xð ,

�
é��

	
m×

,
�
éJ
K. QªË@

�
é
	
ªÊË @ ú




	
¯

�
éK
Q

	
j�Ë@

	
¬A

�
�
�
�» @ ,

�
éJ
K. QªË@

�
é
	
ªÊËAK. Q«A

�
�ÖÏ @ ÉJ
Êm

�
�
' :

�
éJ
kA

�
J
	
®ÖÏ @

�
HAÒÊ¾Ë@

.
�
�J
ÒªË@ ÕÎ

ª
�
JË @ , É

�
®
	
JË AK. ÕÎ

ª
�
JË @ , ú



Í
�
B@ ÕÎª

�
JË @ , AÖ

	
ß


B@

�
èXYª

�
JÓ

�
HA

	
KAJ
J. Ë @ , ÐAêÖÏ @ XYª

�
JÓ ÕÎª

�
JË @

iii



Abstract
Arabic sentiment analysis is a critical task in natural language processing (NLP)
that involves identifying and classifying sentiments expressed in Arabic text.
Its complexity arises from the language’s rich morphology, widespread dialectal
variation, and frequent use of figurative expressions such as sarcasm. Although
traditional machine learning models have contributed to the field of NLP, they
often fail to capture these linguistic subtleties, limiting their effectiveness in real-
world applications.

This dissertation introduces two novel transfer learning architectures to advance
Arabic sentiment analysis: a multimodal framework and a multi-task learning
(MTL) framework. The first architecture combines textual representations from
pre-trained Arabic transformer models with tabular categorical and numerical
features to form a multimodal input. Evaluated on the ArSenTD-Lev dataset,
this approach demonstrates that incorporating heterogeneous modalities enhances
sentiment classification performance.

The second architecture employs an MTL strategy that simultaneously performs
sentiment classification, sarcasm detection, and dialect identification using a shared
transformer encoder and task-specific decoders. By leveraging shared contextual
knowledge and inter-task Interrelatedness, the MTL model enhances generalization
and reduces overfitting. Empirical results across benchmark datasets, including
ArSarcasm, ArSenTD-Lev, ASTD, and NADI, validate the superior performance
of the proposed MTL model over conventional single-task baselines.

Collectively, the multimodal and MTL frameworks contribute to a unified and
scalable solution for Arabic sentiment analysis. The dissertation concludes by
outlining future research directions, including hierarchical task modeling, task-
specific attention mechanisms, and the direct integration of tabular features into
MTL architectures to further enhance task interaction and model interpretability.

Keywords: Arabic sentiment analysis, Arabic sarcasm detection, Multi-task
learning, Multimodal data, machine learning, transfer learning, Deep learning.
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Résumé
L’analyse des sentiments en arabe constitue une tâche essentielle du traitement
automatique du langage naturel (TALN), consistant à identifier et à classifier
les émotions exprimées dans les textes arabes. Sa complexité découle de la
richesse morphologique de la langue, de la grande diversité dialectale et de l’usage
fréquent d’expressions figuratives telles que le sarcasme. Les modèles traditionnels
d’apprentissage automatique peinent souvent à saisir ces subtilités linguistiques,
limitant ainsi leur efficacité dans des contextes d’application réels.

Cette thèse propose deux architectures novatrices basées sur l’apprentissage
par transfert pour faire progresser l’analyse des sentiments en arabe : un cadre
multimodal et un cadre d’apprentissage multi-tâches (MTL).

La première architecture intègre des représentations textuelles extraites de
modèles transformeurs pré-entraînés en arabe avec des caractéristiques tabulaires
catégorielles et numériques, constituant une entrée multimodale. Évaluée sur le jeu
de données ArSenTD-Lev, cette approche démontre que l’inclusion de modalités
hétérogènes améliore les performances de classification des sentiments.

La seconde architecture adopte une stratégie MTL permettant d’apprendre
simultanément la classification des sentiments, la détection du sarcasme et l’identifi-
cation des dialectes à travers un encodeur transformeur partagé et des décodeurs
spécifiques à chaque tâche. En tirant parti de connaissances contextuelles partagées
et des synergies inter-tâches, le modèle MTL favorise une meilleure généralisation
et atténue le surapprentissage. Les résultats empiriques sur les jeux de données
ArSarcasm, ArSenTD-Lev, ASTD et NADI valident la supériorité du modèle MTL
proposé par rapport aux approches mono-tâche classiques.

Les approches multimodale et MTL forment une solution unifiée pour l’analyse
des sentiments en arabe. En conclusion, la thèse suggère des recherches futures, telles
que la modélisation hiérarchique des tâches et l’intégration de données tabulaires
pour améliorer l’interprétation et l’interaction entre tâches.

Mots-clés : Analyse de sentiment en arabe, Détection du sarcasme arabe
Apprentissage multi-tâches, Données multimodales, Apprentissage automatique,
Apprentissage par transfert , Apprentissage profond.
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Chapter 1

General introduction

1.1 Introduction
Traditionally, surveys have served as the principal methodology for eliciting public
opinion on various issues. This process typically involves administering a structured
questionnaire to a representative sample of individuals, allowing for a controlled
exploration of their attitudes [1]. However, the rapid proliferation of internet
access and the emergence of social media platforms such as X (formerly Twitter)
and Facebook have transformed how opinions are generated, disseminated, and
analyzed. These platforms have not only revolutionized interpersonal communication
but also introduced new mechanisms for aggregating and interpreting public
sentiment in real time.

This shift has led to the emergence of Sentiment Analysis (SA), the subject
explored in this thesis. The aim of SA is to identify and classify opinions expressed
in a text. Unlike traditional methods that rely on closed-ended survey instruments,
sentiment analysis leverages vast volumes of unsolicited, user-generated content
to assess public opinion dynamically. The technique is particularly applicable to
social media texts, where users express sentiments about diverse topics ranging from
political discourse and social issues to commercial products and services. Among
social media platforms, X (Twitter) has become especially prominent due to its
concise message format and real-time nature, offering a rich source of data for
mining public attitudes. Sentiment analysis seeks to detect the polarity of such
expressions, classifying them into categories such as positive, negative, or neutral.

Over the past decade, sentiment analysis has emerged as a prominent area
of inquiry within both academic and commercial contexts. It has also become
an integral component of data-driven decision-making in various industries. For
instance, platforms such as LexisNexis 1 utilize sentiment analysis to monitor
consumer perceptions and brand engagement by analyzing content from news outlets.
Similarly, tools like IBM SPSS2 provide quantitative sentiment summaries derived
from large datasets to help organizations better understand customer preferences
and behavioral trends. In the media sector, prominent news platforms including

1http://www.lexisnexis.com/risk/data-analytics.aspx
2http://www-01.ibm.com/software/analytics/spss/
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Politico3 and The Washington Post 4 employ sentiment analytics to present public
opinion data concerning political figures and policy issues. Moreover, sentiment
analysis plays a vital role in the financial sector, where institutions such as Wall
Street integrate it into algorithmic trading systems. Technologies like OpFine 5

exemplify the application of sentiment-driven analytics to assess real-time financial
developments and market movements [2].

The early applications of sentiment analysis focused primarily on product reviews,
particularly those on e-commerce platforms such as Amazon 6, where star ratings
provided easily quantifiable labels for supervised learning tasks. This facilitated
the development of annotated datasets and spurred interest in sentiment detection
across more complex text types, such as blogs, news articles, and online forums. As
Twitter gained popularity, its real-time stream of public commentary became an
invaluable resource for researchers, enabling applications ranging from commercial
opinion tracking to public safety monitoring, such as earthquake detection [3].
Despite its utility, most sentiment analysis studies have historically focused on
homogeneous sources like customer reviews, and only recently have models begun
to generalize to more heterogeneous and nuanced forms of social media content.

Furthermore, while sentiment analysis has demonstrated substantial success in
product evaluation and consumer feedback, its application to socially and politically
charged discourse presents additional challenges. These include the presence of
sarcasm, implicit sentiment, and the use of idiomatic or dialectal expressions all
of which are common in social media communication. Consequently, questions
remain regarding the appropriateness of conventional sentiment analysis techniques,
originally designed for structured product reviews, for interpreting the complex
affective signals embedded in informal digital interactions.

In the context of the Arabic language, sentiment analysis research initially lagged
behind due to linguistic complexity, lack of resources, and the rich dialectal variation
across the Arab world. However, recent years have witnessed a significant growth in
scholarly interest and research output. Early efforts by Ahmad et al. [4] and Almas
and Ahmad [5] applied grammatical analysis to sentiment classification in Arabic
financial news articles, marking some of the first contributions to the field. Since then,
the body of literature on Arabic sentiment analysis has expanded steadily, addressing
various linguistic and computational challenges unique to the Arabic language.

1.2 Research Motivation
Sentiment analysis has attracted considerable attention across both academic and
industrial domains, emerging as a vital tool for extracting and interpreting affective
information from text. Significant advancements have been made in the development
of sentiment analysis models. Nevertheless, the field remains an active and evolving
area of research due to the linguistic diversity and complexity found across the

3http://news.cnet.com/8301-13772
4http://www.washingtonpost.com/politics/mention-machine
5http://www.opfine.com/
6https://www.amazon.com/
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world’s languages. Among these, in recent years, the Arabic-speaking population
has demonstrated growing engagement with social media platforms especially X
(Twitter) where users express opinions on a wide array of social, political, and
cultural topics, including events. These developments provide public institutions
and researchers with a valuable opportunity to apply sentiment analysis techniques
to Arabic social media content, enabling the assessment of public response to
government policies and social developments.

Despite the growth of Arabic sentiment analysis as a research area, the field
continues to face substantial linguistic and technical challenges. Arabic is a
morphologically rich and syntactically complex language, exhibiting a high degree
of ambiguity, numerous irregular forms, and diverse dialectal variations that lack
standardized orthographic conventions. These characteristics complicate natural
language processing (NLP) tasks and limit the generalizability of models trained on
Modern Standard Arabic (MSA) when applied to dialectal content. Furthermore,
the scarcity of publicly available annotated resources and NLP tools for Arabic
especially those targeting regional dialects significantly hampers progress in this
domain, in contrast to the extensive resources available for English.

The overall objective of this research is motivated by the goal of developing
a robust sentiment analysis framework. The focus is particularly on social media
discourse written in dialectal Arabic, which often deviates from formal syntactic
norms. Addressing this challenge is essential for producing accurate and contextually
aware sentiment classification systems.

1.3 Research Objectives
The primary objective of this research is to enhance the performance and applicability
of sentiment analysis in Arabic social media contexts, particularly by addressing
the linguistic and computational challenges associated with dialectal Arabic. This
study proposes the use of a multi-task learning (MTL) framework grounded in
transformer-based models. This approach leverages the interrelation between
sentiment classification and two linguistically relevant auxiliary tasks: sarcasm
detection and dialect identification. Both tasks are highly pertinent to Arabic,
where the presence of sarcasm and dialectal diversity can significantly alter the
polarity and semantic interpretation of text. By training a shared model across
these tasks, the research aims to exploit inter-task dependencies and improve
generalization across different language varieties.

In addition to textual representations, this study also incorporates structured
tabular features including categorical and numerical features using particular
combining methods. The integration of such features is intended to enhance
model interpretability, robustness to informal language, and adaptability to un-
derrepresented dialects

The key research objectives are as follows:

• Investigate the limitations of current Arabic sentiment analysis
methods, particularly in handling dialectal variation, informal expressions,
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and the scarcity of annotated resources for social media texts.

• Implement a multi-task learning (MTL) framework that jointly per-
forms sentiment classification, sarcasm detection, and dialect identification,
thereby enhancing contextual understanding and improving task-specific
generalization.

• Evaluate and fine-tune transformer-based pre-trained language
models under both single-task and multi-task configurations, and assess
their performance across various Arabic dialects.

• Empirically compare the proposed MTL models with single-task
baselines, using both intrinsic (e.g., F1-score, accuracy) and extrinsic (e.g.,
robustness to dialects and sarcasm) evaluation metrics.

• Assess the impact of incorporating dialect identification and sarcasm
detection as auxiliary tasks in improving the accuracy and generalizability
of sentiment classification models on social media texts.

• Integrate structured tabular features, such as categorical and numerical
features, with deep contextual embeddings to enrich the representation of
Arabic social media text.

• Validate and quantify the performance of the proposed architectures,
demonstrating their strengths and potential for real-world applications

1.4 Contributions
This dissertation presents several key contributions to the field of Arabic sentiment
analysis, with a particular focus on leveraging multi-task learning and multimodal
integration to address the challenges posed by dialectal variation, sarcasm, and
limited resources in Arabic natural language processing (NLP). The contribu-
tions span theoretical advancements, methodological innovations, and empirical
validations, and are organized as follows:

• Combination of Tabular Features with Text feature: This research
introduces a new integration of structured tabular features comprising both
categorical and numerical attributes with text. The combined representation
enriches the model’s understanding of Arabic social media content and
improves classification robustness.

• Development of a Multi-Corpus MTL Model for Dialectal Arabic
Sentiment Analysis: A new multi-task learning model is proposed that
leverages multiple Arabic corpora. By employing transformer-based Arabic
language models, this approach enhances classification performance across
diverse dialects and domain-specific datasets, contributing to cross-corpus
generalizability.
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• Comprehensive Evaluation of Single-Task and Multi-Task Trans-
former Models: A systematic evaluation of both single-task and multi-task
learning frameworks is conducted using transformer-based language models.
This includes empirical comparisons across tasks such as sentiment analysis,
sarcasm detection, and dialect identification to determine their individual and
joint contributions.

• Empirical Evidence for Task Interrelated between Sentiment and
Sarcasm Detection: Through detailed experimentation, this dissertation
demonstrates that incorporating sarcasm detection as an auxiliary task can
significantly improve sentiment classification performance in Arabic. This
finding supports the hypothesis that sentiment polarity and sarcasm presence
are interrelated phenomena that benefit from joint modeling.

• Integration of Arabic Dialect Identification to Resolve Lexical
Ambiguity: This study incorporates Arabic dialect identification as an
auxiliary task within the multi-task learning (MTL) framework to mitigate
the semantic ambiguity caused by dialectal variation.

1.5 Thesis structure
This dissertation is organized into six main chapters, each systematically addressing
the components of the research, from theoretical underpinnings to experimental
evaluation and final conclusions. Apart from the opening chapter, which provides
the general introduction, the structure of the dissertation is as follows:

• Chapter 2 presents the foundational background necessary for understanding
the research. It begins with an overview of sentiment analysis, including its
approaches and associated challenges. It then shifts focus to the complexities of
processing Arabic, examining its linguistic characteristics, dialectal variation,
and specific challenges in NLP. Special attention is given to Arabic transformers
and the principles of multi-task learning (MTL), which constitute core
components of the proposed methodology.

• Chapter 3 surveys prior research in Arabic sentiment analysis. It is divided into
subsections covering lexicon-based approaches, traditional machine learning
techniques, and recent advances in deep learning. It also discusses develop-
ments in transfer learning and multi-task learning for NLP, focusing on their
applications to Arabic language processing. The chapter identifies gaps in the
literature that this research aims to address.

• Chapter 4 presents the core contributions of the dissertation. It includes
detailed descriptions of the proposed models and methodologies, such as
integrating structured tabular features, dialect identification, and sarcasm
detection tasks within a multi-task learning framework.
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• Chapter 5 reports the experimental setup and results. It provides compre-
hensive details on datasets, preprocessing techniques, evaluation metrics,
baseline comparisons, and experimental configurations. The performance of
the proposed models is analyzed across various tasks, including combining
methods, single-task and multi-task scenarios. Each experimental series is
discussed in detail to evaluate the efficacy of auxiliary tasks and feature
integration.

• Finally, chapter 6 summarizes the main findings of the research, discusses
their implications for Arabic NLP, and reflects on the limitations encountered.
It also outlines directions for future work, such as expanding dialect coverage,
improving model generalizability, and incorporating multimodal and real-world
deployment aspects.
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Chapter 2

Overview of Sentiment Analysis
and Arabic Natural Language
Processing

2.1 Introduction
As Web technologies expand, the volume of user-generated content on social
media platforms and web forums increases, necessitating advanced techniques like
sentiment analysis (SA) to extract opinions from large textual datasets. SA involves
Natural Language Processing (NLP) techniques to analyze and classify sentiments,
distinguishing positive and negative views toward products and services [6, 7]. This
task is particularly challenging for Arabic, which has a rich morphology, dialectal
variations, and complex syntax. To address these challenges, transfer learning has
proven to be a robust and scalable solution in Arabic language processing. By
leveraging pre-trained models on high-resource languages, transfer learning enables
the application of this knowledge to low-resource languages like Arabic, improving
sentiment classification performance [8].

Moreover, multi-task learning (MTL) approaches have also enhanced SA for
Arabic by enabling models to simultaneously learn related tasks. This shared
learning improves the generalization and accuracy of the models[9]. These ad-
vancements in transfer learning and MTL have significantly improved sentiment
analysis for Arabic, enabling more accurate sentiment extraction from social media
and other platforms, thus enhancing applications in marketing, brand reputation
management, and political sentiment tracking.

2.2 Sentiment analysis
Sentiment analysis (SA), also referred to as opinion mining, constitutes a pivotal task
within the broader field of natural language processing (NLP). It involves identifying
and extracting subjective information from text, thereby facilitating the assessment
of opinions, emotions, and attitudes embedded in language. SA plays a crucial role
across diverse applications, including social media monitoring, customer feedback
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analysis, product review aggregation, and political discourse evaluation. The social
media platforms such as X (Twitter), Facebook, and YouTube have heightened the
need for automated SA systems capable of capturing public sentiment efficiently.
These systems are increasingly influential in shaping decision-making processes
across academic research, industry practices, and individual consumer behaviors [10].

SA can be utilised in differing aspects of society and interests for example it can be
used in business, public concerns, commercial or in politics. Within the commercial
sector, sentiment analysis is systematically employed to monitor brand reputation,
evaluate customer satisfaction, and guide data-driven digital marketing strategies.
Prominent platforms such as Google Product Search and TripAdvisor integrate
automated sentiment analysis systems to process and synthesize user-generated
reviews. These analytical outputs have a measurable impact on strategic business
decisions and consumer purchasing patterns. Moreover, sentiment analysis within
the public sector has been utilized as an example to evaluate societal attitudes toward
vaccination during the COVID-19 pandemic, thereby supporting health authorities
in mitigating misinformation and refining public communication initiatives [11].

Furthermore, SA has been applied to gauge public opinion in political contexts.
Studies have employed SA techniques to analyze Arabic online texts, facilitating
the understanding of public sentiment toward political events. These applications
underscore the versatility of SA as a tool for real-time opinion tracking and strategic
decision-making across diverse domains[12].

2.2.1 Sentiment analysis approaches
As illustrated in 2.1 there are three main approaches to the sentiment analysis
process: Lexicon-Based, Machine Learning, and Hybrid approaches. Table 2.1
illustrates the strengths and weaknesses of sentiment analysis approaches.
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Figure 2.1: Overview of sentiment analysis approaches.

Lexicon-Based approach

The lexicon-based approach relies on predefined sentiment lexicons, which contain
words or phrases annotated with their sentiment polarity (i.e., positive, negative,
or neutral). This method estimates the overall sentiment of a text by aggregating
the sentiment scores of its individual words [13].

Lexicon-based approaches can be categorized into:

• Dictionary-based methods: The dictionary-based approach to sentiment
analysis relies on the identification of opinion-bearing words through lexical
resources. This method begins by manually constructing a seed list of
sentiment-laden terms, a process often constrained by the limited availability
of domain-specific opinion words. To expand this lexicon, external linguistic
resources such as dictionaries and thesauri are consulted to retrieve seman-
tically related synonyms and antonyms. These related terms are iteratively
incorporated into the original seed list, allowing the sentiment lexicon to evolve
and achieve greater lexical coverage. The process continues until a sufficiently
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comprehensive and contextually appropriate set of sentiment expressions
is developed, enabling more accurate sentiment classification across varied
textual data [14].

• Corpus-based methods: The corpus-based approach to sentiment analysis
involves the construction and iterative expansion of a list of opinion seed words
by leveraging patterns derived directly from domain-specific textual corpora.
These seed words typically consist of general sentiment-bearing terms that
are contextually grounded in the subject matter of the discourse. Through
co-occurrence statistics and contextual association measures, the lexicon is
enriched with additional sentiment expressions identified within the corpus.
This method often integrates statistical techniques such as pointwise mutual
information or chi-square tests with semantic orientation analysis to capture
nuanced sentiment variations across different contexts. The corpus-based
approach thus facilitates a more adaptable and domain-sensitive sentiment
classification, as it reflects the linguistic characteristics and sentiment trends
present within the target corpus [14].

Although lexicon-based methods are interpretable and do not require labeled
data, they struggle with issues like domain dependency, context sensitivity, and
negation handling [15]. For Arabic sentiment analysis, lexicon-based methods often
fail to account for dialectal variations, requiring the development of specialized
resources such as the Arabic Sentiment Lexicon (ArSenL) [16].

Machine learning approach

The machine learning approach to sentiment analysis encompasses supervised,
semi-supervised, and unsupervised learning paradigms. It involves the automated
extraction and utilization of features from textual data to perform classification
through a multi-stage analytical process. This methodology is particularly favored in
large-scale text classification tasks due to its capacity to process extensive datasets
with minimal human intervention. Each of the three approaches—supervised,
unsupervised, and semi-supervised—offers distinct advantages depending on the
availability of annotated data and the specific application context.

• Supervised Learning Approach: Supervised machine learning remains
a predominant approach in sentiment analysis classification, widely adopted
due to its effectiveness in structured prediction tasks. This method requires
two distinct datasets: a labeled dataset used for training the model and a
separate dataset employed for evaluation and validation. The performance
and reliability of the resulting classifier are highly contingent on the quality
and correctness of the annotated training data; mislabeling within the training
set can significantly degrade model accuracy. Common algorithms used in
supervised sentiment classification include Decision Trees (DT), Naïve Bayes
(NB), and Support Vector Machines (SVM), which have been shown to deliver
competitive results across various domains [17].
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• Unsupervised Learning Approach: Unsupervised learning techniques
operate without reliance on labeled datasets, making them particularly
suitable in scenarios where data annotation is impractical or unavailable.
These methods derive patterns and insights directly from input data by
identifying inherent structures, often through clustering or dimensionality
reduction. Algorithms such as K-means clustering and Word2Vec have been
widely utilized in large-scale sentiment analysis, especially in social media
contexts, where vast amounts of unstructured data are prevalent. Despite
their scalability, unsupervised models necessitate substantial data repositories
to achieve meaningful and accurate representations. Furthermore, the absence
of labeled guidance can increase the risk of generating ambiguous or inaccurate
outputs, potentially necessitating the adoption of more robust supervised
learning alternatives [18].

• Semi-Supervised Learning Approach: Semi-supervised learning integrates
the strengths of both supervised and unsupervised learning paradigms to
address limitations associated with the scarcity of labeled data. This approach
is particularly advantageous when acquiring labeled examples is resource-
intensive, yet a large volume of unlabeled data is available. In semi-supervised
frameworks, models are trained on a small subset of labeled data alongside a
significantly larger pool of unlabeled data, allowing for improved generalization
and performance [19]. By leveraging the structure and distribution of unlabeled
data, semi-supervised methods effectively enhance learning accuracy while
reducing annotation costs. This approach has shown considerable utility
in natural language processing tasks, including sentiment analysis, where
annotated corpora are often limited [20].

Hybrid approach

Hybrid approaches combine lexicon-based and machine-learning techniques to
improve sentiment classification accuracy. These methods typically integrate lexicon-
based sentiment scores as additional features in machine learning or deep learning
models [21]. By leveraging both linguistic knowledge and statistical learning, hybrid
models can better handle context-dependent sentiment and nuanced language
usage. Some hybrid techniques also utilize ensemble learning, where multiple
classifiers are combined to enhance robustness and generalization [22]. This approach
helps mitigate individual model weaknesses, leading to improved performance
across diverse datasets. Hybrid sentiment analysis methods are particularly useful
for languages with complex morphology, such as Arabic, where context greatly
influences meaning.

Transfer Learning Approach to Sentiment Analysis

The widespread and continuous use of social media for cross-platform communication
has generated vast volumes of user-generated content, necessitating automated
sentiment analysis systems capable of domain-specific generalisation. Traditional
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deep learning approaches, such as the convolutional neural networks (CNNs)
employed by Sharath and Tandon [23], have been utilized for tweet-based sentiment
classification. Although these models demonstrated efficacy, they required extensive
domain-specific training corpora, which limits scalability and adaptability across
domains and dialects.

To address such limitations, transfer learning has emerged as a robust alternative,
enabling pretrained language models to be fine-tuned on specific sentiment analysis
tasks. Rather than training models from scratch, transfer learning leverages
generalised linguistic knowledge from large-scale pretrained models and adapts this
knowledge often in low-resource or domain-specific contexts. This is particularly
advantageous for Arabic sentiment analysis, where the variability in dialects, slang,
and domain-specific expressions complicates traditional model training.

Authors in [24] and [25] highlighted challenges arising from informal text,
emoticons, and contextual ambiguity in Twitter data. Deep learning models
that integrate transfer learning, such as fine-tuned transformers, offer improved
performance in such cases by encoding semantic and syntactic patterns during
pretraining. These models—e.g., BERT or AraBERT [26] can retain sequential
and contextual information while being adapted to sentiment classification tasks
through supervised fine-tuning.

Unlike conventional CNNs, which require extensive domain-specific data and
manual feature engineering, transfer learning models capture deep linguistic repre-
sentations that generalise across topics and text types. [27] advocates for neural
language models capable of generating word embeddings that reflect complex
semantic structures. These capabilities make transfer learning particularly effective
in multilingual or morphologically rich contexts languages, such as Arabic.

Transformers

Transformers, introduced by Vaswani in [28], represent a seminal advancement
in the field of natural language processing (NLP), providing a framework that
significantly departs from earlier sequential models such as Recurrent Neural
Networks (RNNs) and Long Short-Term Memory networks (LSTMs). Unlike
its predecessors, which process input sequences sequentially in a step-wise manner,
the Transformer architecture employs a fully attention-based mechanism. This
design enables parallelization during both training and inference, resulting in
significantly improved computational efficiency and scalability. At the core of the
Transformer model, as illustrated in Figure 2.2, lies the self-attention mechanism,
which allows the model to weigh the relevance of different tokens within a sequence
when constructing contextual representations.

self-attention mechanism enables the network to weigh the importance
of different tokens in an input sequence relative to one another, regardless of
their positional distance. This is accomplished through the computation of scaled
dot-product attention, where the input is transformed into queries, keys, and
values, allowing the model to dynamically adjust its focus based on the contextual
relevance of tokens. The architecture of transformer consists of an encoder-decoder
structure, with each encoder and decoder layer composed of multi-head self-attention
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mechanisms and position-wise feed-forward networks. Additionally, the use of
positional encoding compensates for the absence of recurrence, encoding the order
of the sequence directly into the input embeddings.

Transformer are particularly well-suited for transfer learning due to their
capacity to model contextual relationships in text through self-attention mechanisms
and their ability to scale effectively with increased data and computational resources
[28]. Pretrained Transformer-based models, such as BERT [29], serve as foundational
encoders or decoders that can be fine-tuned on a wide range of tasks, including
sentiment analysis, question answering, and named entity recognition.

From a theoretical standpoint, the Transformer’s ability to model long-range
dependencies and capture global context without suffering from vanishing gradients
has been critical to its success. Furthermore, its design facilitates fine-tuning
on downstream tasks through transfer learning, which has become a prevalent
paradigm in modern NLP research and applications.
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Figure 2.2: The encoder-decoder structure of the transformer architecture [28].

2.2.2 Sentiment analysis challenges
Despite the significant advancements, sentiment analysis still faces several chal-
lenges including:

• Ambiguity and Sarcasm: Many sentiment expressions exhibit ambiguity

14



or sarcasm, making it difficult for models to accurately determine sentiment
polarity. Sarcasm often conveys negative sentiment using positive words, which
can mislead traditional classifiers. For example, the phrase "Great! Another
delay!" appears positive but expresses frustration. Addressing such challenges
requires context-aware models and advanced linguistic understanding [30].

• Domain-Specificity: The meaning of sentiment-laden words varies across
domains, necessitating domain adaptation techniques. For instance, the
word "hot" is positive in the context of food (e.g., "hot and delicious soup")
but negative in weather-related discussions (e.g., "hot and unbearable day").
Sentiment analysis models trained on generic datasets often struggle when
applied to domain-specific data [31].

• Negation Handling: The presence of negation words (e.g., not, never,
hardly) significantly alters sentiment meaning. For example, "not bad" carries
a positive sentiment despite containing a negative word. Traditional sentiment
analysis approaches often fail to capture such nuanced expressions, requiring
linguistically sophisticated models that incorporate negation scope detection
and context-aware sentiment reversal techniques [32].

• Data Imbalance: Many sentiment analysis datasets suffer from class im-
balance, where the neutral sentiment class is overrepresented compared to
positive and negative sentiments. This imbalance can lead to biased models
that favor the dominant class, reducing classification performance for minority
sentiment categories. Re-sampling techniques, cost-sensitive learning, and
data augmentation methods are often employed to mitigate this issue and
improve model robustness [33].

• Linguistic Diversity Across Languages Sentiment analysis systems often
struggle with the wide variability in linguistic structures among different lan-
guages. Each language exhibits unique syntactic, semantic, and grammatical
rules, making it difficult to design universal models that perform consistently
across multilingual settings [34].

2.3 Arabic language in natural language process-
ing

Arabic is a widely spoken Semitic language with unique linguistic characteristics
that present both challenges and opportunities in NLP. Its complex morphology,
dialectal diversity, and script ambiguity make it a critical research area. Arabic
consists of Modern Standard Arabic (MSA) and numerous dialects, each with
distinct grammatical and lexical variations, complicating NLP tasks like tokenization,
sentiment analysis, and machine translation.

Arabic Natural Language Processing (ANLP) has enjoyed increasing attention
in recent years, with several cutting-edge systems developed for a wide range of
applications, including sentiment analysis, sarcasm detection, speech synthesis,
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machine translation, data retrieval, and text-to-speech conversion [35]. These
systems face a range of complex issues due to the unique structure of Arabic,
necessitating specialized models capable of handling these challenges. ANLP
applications must address several inherent linguistic features of the Arabic language,
such as its rich morphology and diverse dialects. Consequently, successful systems
must be capable of reconciling these linguistic complexities to provide effective
and consistent language processing outcomes.

This section examines key challenges, characteristics, and features of Arabic
NLP, providing examples of its practical applications.

2.3.1 Difficulties with Arabic language
Although natural language processing (NLP) has made significant progress, Ara-
bic continues to pose considerable challenges due to its complex linguistic and
structural features:

Morphological Complexity

Arabic is a morphologically rich language, employing a root-and-pattern system
where words are derived from three-letter roots combined with specific patterns to
convey different meanings. This nonconcatenative morphology leads to a high degree
of inflection and derivation, complicating tasks such as tokenization, lemmatization,
and part-of-speech tagging. For instance, the root "k-t-b" I.

�
J» can generate words

like "kataba" (he wrote), "maktab" (office), and "maktaba" (library) [36].

Diglossia

Arabic exhibits diglossia, characterized by the coexistence of Modern Standard
Arabic (MSA) and various regional dialects. MSA is used in formal contexts,
while dialects are prevalent in everyday communication. The significant differences
between MSA and dialects pose challenges for NLP systems, as models trained
on MSA may not perform well on dialectal text [36].

Dialectal Variability

Arabic dialects vary significantly across regions, affecting vocabulary, pronunciation,
and syntax. This variability means that NLP models trained on one dialect may
not generalize well to others, necessitating the development of multi-dialectal
resources and models [37].

Orthographic Challenges

The Arabic script is written from right to left, and letters change shape based on
their position in a word. Additionally, short vowels (diacritics) are often omitted
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in writing, leading to ambiguity. For example, the sequence "ktb" I.
�
J » can

be read as "kataba" �
I.

��
J
�
» (he wrote) or "kotob" �

I.

��
J
�
» (books), depending on

the context [36].

2.4 Characteristics of the Arabic language

2.4.1 The Arabic Language Features
The Arabic language, a Semitic language known for its complex and unique
morphology, is the official language of 22 countries and spoken by over 400 million
people globally [38]. It ranks as the fourth most widely used language on the
internet and is among the top ten most-used languages online [39]. Arabic uses an
alphabet of 28 letters and is written from right to left. Its structure follows a free
word order governed by specific rules, with a morphology based on the derivation
of root words through various intonations [40].

Arabic exists in two primary forms: Modern Standard Arabic (MSA), the
formal and standardized variant used in media, literature, and academic settings
across the Arab world, and dialectal Arabic, the colloquial form used in everyday
communications. MSA adheres to classical grammatical structures derived from
the Quran and boasts a vast vocabulary. In contrast, dialectal Arabic, while rooted
in MSA, varies significantly across regions, with distinct lexical choices, grammar,
and phonology specific to different countries [41]. Social media communication
predominantly employs dialectal Arabic, which diverges from MSA in terms of
phonology, morphology, and syntax.

Dialectal Arabic is divided into several major subgroups, including Levantine,
Gulf, Maghrebi, Egyptian, Iraqi and others [36]. This linguistic diversity, along
with the absence of standardized references, poses significant challenges for ANLP.
ANLP systems must account for the contextual variations in meaning and structure
that arise from these different forms of the language. For example, the root word "
�
I.

��
J
�
»" (katab, "write") can generate various forms, such as " �

I.

��
J
�
º
�
K " (taktob,

"she writes") and " ��
I

�
�.

��
J
�
»" (katabat, "she wrote"), which differs from how language

processing works in English and other languages.

2.4.2 The Difference Between English and Arabic Language
Significant linguistic divergences exist between English and Arabic, encompassing
lexical, grammatical, and syntactic dimensions. Lexical discrepancies include
phenomena such as non-vocalisation, lexical insufficiencies, polysemy, and variances
in connotation and collocation. On the grammatical and syntactic levels, contrasts
emerge from differences in word order, gender and referential structure, verb tense
and aspect usage, prepositional structures, definite article usage, and coordination
mechanisms. Unlike English, which includes silent letters and complex orthographic
combinations, Arabic follows a largely phonetic spelling system in which each letter
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corresponds to a distinct phoneme. For instance, in the word ‘thing’ the ‘th’ sound
in the English language is reduced to the �

H character in Arabic .
Arabic further differs in that it does not utilize a linking verb equivalent to

“to be” in present tense constructions and lacks an indefinite article altogether.
Moreover, Arabic script is inherently case-insensitive and is written from right to left.
This results in significant morphological variation, as the shape of a letter changes
depending on its position within a word—initial, medial, or final. Letters with
connective properties can be joined in both handwritten and typographic contexts.

Gender in Arabic is expressed grammatically and naturally: all nouns are
either masculine or feminine. Natural gender pertains to animate beings, whereas
grammatical gender applies to inanimate objects. Feminine nouns are often formed
by appending the suffix " �

H" (ta) or " �è" (ta marbuta) to the masculine form [42]
2.4.3. These fundamental structural differences render the direct application of
English-based Natural Language Processing (NLP) tools to Arabic inadequate.
Consequently, dedicated ANLP frameworks are required to address the unique
linguistic features of the Arabic language.

2.4.3 Examples of Arabic Natural Language Processing
Singular and Plural

In both Modern Standard Arabic (MSA) and dialectal Arabic, non-imperative
sentences exhibit morphological variation in verb forms depending on the gender
of the referent. These gender-based verbal inflections are systematically reflected
in verb morphology [43], as illustrated in Tables 2.1, 2.2 and 2.3.

Table 2.1: The Arabic Language Features - Sentences phrased by male and female
speakers in singular examples.

English Arabic Gender

He wrote the report
QK
Q

�
®
�
JË @ I.

�
J» ñë

howa kataba altaqreer
Masculine

She wrote the report
QK
Q

�
®
�
JË @

�
I�.

�
J» ù



ë

hiyya katabat altaqreer
Feminine

Sentences phrased by male and female speakers in different tenses.
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Table 2.2: The Arabic Language Features - Sentences phrased by male and female
speakers in different tenses.

English Arabic Tense Gender

I write the report
QK
Q

�
®
�
JË @ I.

�
J»


@

akatob altaqreer
Present simple Masculine / feminine

I wrote the report
QK
Q

�
®
�
JË @

�
I�.

�
J»

katabat altaqreer
Past simple Masculine / feminine

Sentences phrased by male and female speakers in plural.

Table 2.3: The Arabic Language Features - Sentences phrased by male and female
speakers in plural examples.

English Arabic Tense Gender

We write the report
QK
Q

�
®
�
JË @ I.

�
Jº

	
K

naktob altaqreer
Present simple Masculine / feminine

We wrote the report
QK
Q

�
®
�
JË @ A

	
J�.
�
J»

katabna altaqreer
Past simple Masculine / feminine

Gender

Nouns may be assigned to gender classes in languages that exhibit grammatical
gender systems [44]. In such systems, the gender of a noun is often determined
by its morphological or phonological structure. This feature presents challenges
when translating grammatical gender from English into Arabic—both in Modern
Standard Arabic (MSA) and dialectal varieties—due to structural and semantic
differences. The literature highlights that gender-related ambiguities frequently
arise from generalisations in English pronouns such as "I," which are rendered as
A
	
K


@ in Arabic. The accurate treatment of gender distinctions is particularly critical in

Arabic due to its sensitivity to gender agreement in verbs, adjectives, and pronouns
[45]. Illustrative examples are provided in Tables 2.4,2.5,2.6 and 2.7.
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Table 2.4: The Arabic Language Features – Gender examples.

English Arabic Gender

I am a tourist (male)
l�


'A� A

	
K


@

ana sae’h
Masculine

I am a tourist (female)
�
ém�


'A� A

	
K


@

ana sae’hah
Feminine

The concept of grammatical gender comprises a two-tiered semantic framework.
At its core, it often aligns with biological distinctions, denoting male and female
categories. In Arabic, this is exemplified by gender-specific nouns such as Ég. P

(rajul, man) and �
è


@QÓ@ (imra’ah, woman). However, in contrast, certain occupational

or role-based nouns, such as "doctor" or "driver," are generally treated as gender-
neutral unless contextually specified. Arabic morphology incorporates gender
markers, and many nouns exhibit gender-specific morphological features. Typically,
nouns ending in characters such as ø (alif maqsura), �è / è (taa marbuta), or
Z @ (alif hamza) are classified as feminine [44]. These morphological cues serve as
essential indicators for gender agreement in Arabic syntax and semantics.

Suffixing

Suffixing – The linked taa’( é �)

Table 2.5: The Arabic Language Features - Suffixing – The linked taa’ examples.

English Arabic (male) Arabic (female)

Lawyer
ú


×Am×

mohami

éJ
ÓAm
×

mohamiyah

Secretary
Q�

�
KQº�

secretaire

èQ�

�
KQº�

secretairah
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Suffixing – al Alif al Maqsūra (ø)

Table 2.6: The Arabic Language Features - Suffixing – al Alif al Maqsūra examples.

English Arabic Gender

The oldest brother
Q�.»



B@ p



B@

al’akh al’akbar
Masculine

The oldest sister
øQ�.ºË@

�
I

	
k


B@

al’okht alkobra
Feminine

Suffixing – al Alif al Mamdūdah ( ZA �)

Table 2.7: The Arabic Language Features - Suffixing – al Alif al Mamdūdah examples

Single Arabic (male) Arabic (female)

Single
H.

	Q«


@

a’azab

ZAK.
	Q«

‘azbaa’

Negation

Negation in English is expressed through the use of auxiliary verbs and particles such
as "do not," "does not," "did not," and "no," which function to reverse the polarity
of a statement. Examples illustrating these forms are presented in Table 2.8.
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Table 2.8: The Arabic Language Features – Negation examples.

English Arabic (MSA and dialectal Arabic)

Do not, does not = B Do not give up
ÕÎ�

�
��

�
�B

la tastaslem

Did not = ÕË He did not sleep all night
ÉJ
ÊË @ È@ñ£ Õ

	
æK
 ÕË

lam yanam twal allayl

No= ��
Ë / B / ¨ñ
	
JÜØ smoking No

	á�

	
gY

�
JË @ ¨ñ

	
JÜØ

mamnoo‘ altadkheen

Free Word Order

Arabic is characterized by a relatively free word order, a feature that significantly
distinguishes it from English. According to [46], the Arabic language accommodates
several permissible syntactic structures, including subject-verb-object (SVO), verb-
subject-object (VSO), verb-object-subject (VOS), and object-verb-subject (OVS)
[47]. This syntactic flexibility enriches Arabic’s grammatical complexity and
makes it uniquely suited for various expressive constructions. In contrast, English
predominantly adheres to the SVO structure, and deviations from this norm
are typically ungrammatical. Table 2.9 illustrate these differences, where all
configurations are considered syntactically valid in Arabic (marked with checkmarks),
while only the SVO order is acceptable in English, with other arrangements denoted
as incorrect (xmarks).

Table 2.9: The Arabic Language Features - Free word order examples.

Sentence Form English Arabic

SVO The girl walks slowly ✓
✓Z¡J. K. ú



æ
�
�Ö
�
ß �
I

	
�J. Ë @

albento tamshi bebote’

VSO Walks the girl slowly ✗
✓Z¡J. K.

�
I

	
�J. Ë @ ú



æ
�
�Ö
�
ß

tamshi albento bebote’

VOS Walks slowly the girl ✗
✓ �
I

	
�J. Ë @ Z¡J. K. ú



æ
�
�Ö
�
ß

tamshi bebote’ albento

OVS Slowly walks the girl ✗
✓ �
I

	
�J. Ë @ ú



æ
�
�Ö
�
ß Z¡J. K.

bebote’ tamshi albento

Arabic exhibits morphological agreement between the subject and verb, allowing
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for considerable syntactic flexibility through free word order. This linguistic feature
enables the distinction between the subject and object based on inflectional markings
rather than fixed word positions. The semantic equivalence of various word orders
in Arabic stands in contrast to English, which adheres to a rigid subject-verb-object
(SVO) structure [48]. For instance, while adverbs in English typically precede the
verbs they modify, Arabic permits adverbs to appear either before or after the verb.
Consequently, the morphological and syntactic analysis of Arabic is substantially
more complex than in English and other Indo-European languages, particularly
due to its rich inflectional morphology and syntactic variability.

Proper Nouns in the Arabic Language

A closer examination of gender shifts in referents reveals that such changes have
significant implications at both the phrasal and sentential levels. These morphologi-
cal variations influence adjective conjugation, agreement, and syntactic structure,
as demonstrated in Table 2.11.

Table 2.10: The Arabic Language Features - Proper Nouns in the Arabic Language
examples.

English Arabic

A big castle
In Arabic, castle = masculine,

which makes big = masculine

Q�
J.» Qå�
�
¯

qaser kabeer

A big car
In Arabic, car = feminine,

which makes big = feminine

èQ�
J.» èPAJ
�

sayarah kabeerah

Changing Verbs According to Gender

Authors in [49] have emphasized that in Arabic, the verb is influenced by the gender
of the subject. This variation extends beyond the verb itself, affecting multiple
lexical components within a sentence. Table 2.10 illustrates these gender-dependent
morphological and syntactic shifts.

Table 2.11: The Arabic Language Features - Changing Verbs According to Gender
examples.

English Arabic Gender

One of my students did not

attend the session

�
é�Êm.

Ì'@ ú


G
.
C£ Yg@ Qå

	
�m�'
 ÕË

lam yahdor ahad tolabbi algalsah
Masculine

One of my students did not

attend the session

é�Êm.
Ì'@ ú




�
GAJ. Ë A£ øYg@ Qå

	
�m�

�
' ÕË

lam tahdor ehda talebati algalsah
Feminine
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Using a Nominal Phrase with the Pronouns ’He’ or ‘She’

Authors in [50] notes that in English, noun phrases such as "a smart manager" are
gender-neutral; neither the determiner nor the adjective requires inflection to match
the gender of the head noun. In contrast, Arabic exhibits full agreement in gender
and number between the determiner, adjective, and the head noun. Consequently,
when the head noun is feminine, both the adjective and determiner must reflect
this morphological change. This distinction is exemplified in Table 2.12.

Table 2.12: The Arabic Language Features - Using a Nominal Phrase with the Pronouns
’He’ or ‘She’ examples.

English Arabic Gender

He is a smart manager
ú


»
	
X QK
YÓ ñë

howa modeer dhaki
Masculine

She is a smart manager
�
éJ
»

	
X

�
èQK
YÓ ù



ë

hiyya modeerah dhakiyah
Feminine

2.4.4 Morphological differences between MSA and Arabic
dialect

Modern Standard Arabic (MSA) and Arabic dialects differ significantly in morphol-
ogy, with crucial implications for natural language processing applications. MSA
exhibits a templatic morphological system rooted in classical Arabic, characterized by
root-pattern structures and extensive affixation [51]. For example, the verb kataba (
�
I.

��
J
�
», "he wrote") derives from the root k-t-b and appears in templatic forms like yak-

tubu �
I.

��
J
�
º
�
K
 ("he writes") and maktūb �

H. ñ
��
J
�
º
�
Ó("written"), marking voice, tense,

and case through inflectional morphology.
Conversely, Arabic dialects display a simplified morphological systems that

diverge from MSA. Dialects often eliminate categories such as dual number and
grammatical case. For example, the MSA dual form kitaban ( 	

à
�
A
�
K. A
��
J»� , "two books")

is rendered as kitabin ( 	á
�
�

�
K. A
��
J»� ) in Egyptian Arabic, merging the dual with the plural

[52]. Dialectal verb conjugations also diverge; the MSA future marker (�- or
�	

¬
�
ñ
�
�) becomes ha ( Aë) in Egyptian Arabic (e.g., ½�

�
Ò

��
Ê
�
¿ Aë, "I will call you") and Rah (
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h �P)- in Levantine (e.g.,
�
½
�
ª
�
Ó ú



¾
�

�
k@� h �P, "I will talk to you").

Morphological innovation in dialects is further shaped by contact with colonial
languages. For instance, Maghrebi Arabic incorporates French morphology, evident
in forms like telefon̄ıt ( �

I�

	
Kñ

	
® J
 Ê J


�
K) ("I phoned"), adapted from téléphoner [52].

Dialect-specific clitics also vary significantly: the MSA object pronoun -hu ( �é �,
"him") becomes -o or -u in dialects, as in shafto (ñ �

J
	
�̄ A

�
�
� ) ("she saw him") in

Egyptian Arabic [53].
These variations complicate core NLP tasks such as sentiment analysis, hate

speech detection, or sarcasm detection.

2.4.5 Characteristics of the Arabic Language Relevant to
Sentiment Analysis

Authors in [54] emphasize that Arabic is a morphologically rich language, wherein
extensive syntactic and semantic information is encoded at the word level. Unlike
English, which exhibits relatively limited morphological variation, Arabic words can
manifest in numerous surface forms due to their complex inflectional morphology.
This linguistic richness presents significant challenges in adapting sentiment analysis
systems originally developed for English, particularly those that rely on lexical-level
features. Directly applying such systems to Arabic often results in data sparsity and
reduced accuracy, as a single Arabic lemma may correspond to multiple inflected
forms, as illustrated in Table 2.13.

Table 2.13: Example of multiple forms of Arabic verbs .

English word Arabic word Forms in English Forms in Arabic

love I. k (root) hub

I love I. k�

�

@

��
@’ uhibo

He loves ��
I. m�

�
�
'

’ yuhibu

She loves ��
I. m�

�
��
' tuhibu

They love
�	
àñ

��
J. m�
�
�
'

 yuhbuna

We love �
I. m�

�
�	
'’ nahibu

In English, verbs such as love exhibit limited morphological variation and
typically maintain a consistent lexical identity. Conversely, in Arabic, a single
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verb root may generate a wide array of surface forms due to its morphologically
rich structure. This phenomenon significantly complicates sentiment analysis, as
the same lexical root may produce dozens of derivational or inflectional variants.
Compounding this issue, many Arabic first names, especially family names, originate
from adjectives, thereby increasing the potential for lexical ambiguity in sentiment
classification [55]. As illustrated in Table 2.14, this overlap between proper nouns and
sentiment-bearing adjectives poses a unique challenge in Arabic NLP. Traditional
solutions employ part-of-speech (POS) tagging to distinguish between proper nouns
and adjectives through pattern recognition. However, this approach is notably
less effective in dialectal Arabic due to the reduced accuracy of available POS
taggers for non-standardized varieties.

Table 2.14: Examples of Arabic names.

Arabic name Adjective

ÉJ
�.
	
K Nabil ÉJ.

	
JË @ Noble

YJ
ª� Saeid �
èXAª�Ë@ Happy

éÊJ
Ô
g
.

Jamiluh ÈAÒm.
Ì'@ Beautiful

The presence of diacritics and the morphologically rich nature of the Arabic
language result in multiple words derived from the same root that may convey
divergent or even contradictory emotional orientations. This complexity presents a
significant obstacle in sentiment analysis, particularly when employing stemming
techniques intended to reduce words to their roots for polarity identification.
Such approaches may lead to incorrect sentiment classification, as semantically
incompatible words can share identical roots. Table 2.15 illustrates examples of
sentimentally inconsistent terms that originate from the same Arabic root.

Table 2.15: Arabic is morphologically rich.

Arabic word In English Sentiment Root

I. «C
�
K talaeub Manipulate Negative -1

I. ªË laeib
I. ªÊK
 yaleab Plays Positive +1
	Q�
J
Ö

�
ß tamyiz Discrimination Negative -1 	Q�
Ó miz

	PAJ

�
JÓ@


iimtiaz Excellent Positive +1

The challenges outlined in this section underscore the necessity of applying
advanced linguistic preprocessing techniques for effective sentiment analysis of
Arabic tweets. A thorough understanding of the linguistic features of Arabic
and the complexities inherent in social media content highlights that Natural
Language Processing (NLP) tools developed for Modern Standard Arabic (MSA)
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often exhibit limited efficacy when applied to dialectal Arabic. Furthermore, dialectal
variations differ significantly across Arabic-speaking regions; hence, NLP tools
tailored for one dialect, such as Egyptian Arabic, may perform poorly when applied
to others, such as Saudi Arabic.

2.4.6 Arabic transformers
Transformers have significantly advanced NLP, particularly in tasks involving
low-resource languages such as Arabic. Given the complexity of the language,
transformer-based models trained specifically on Arabic data have become essential
for achieving state-of-the-art performance in various NLP tasks. Early attempts to
apply multilingual models, such as mBERT and XLM-RoBERTa, revealed promising
results; however, their performance on Arabic-specific tasks was limited due to the
underrepresentation of Arabic data during pretraining [39, 56].

To address these challenges, several Arabic-specific transformer models have been
developed. AraBERT, introduced by Antoun et al. [57], was one of the first mono-
lingual BERT-based models trained on large-scale Arabic corpora, including news
and social media text. AraBERT significantly improved the accuracy of downstream
tasks such as sentiment analysis and named entity recognition. Subsequent models
like AraELECTRA [58] and MARBERT [26] extended this work by incorporating
additional dialectal data and leveraging different pretraining objectives. For instance,
MARBERT was specifically trained on a massive corpus of dialectal Arabic tweets,
demonstrating superior performance in sentiment analysis and dialect identification.

These models contribute to a growing ecosystem of Arabic NLP resources,
enabling fine-tuned applications in areas like hate speech detection, sarcasm
identification, and multi-dialect classification. They also highlight the importance
of pretraining on diverse and representative data to ensure robustness across
dialects and domains.

2.5 Multi-Task Learning for NLP
Humans possess the remarkable ability to learn multiple tasks simultaneously, often
transferring knowledge acquired from one task to facilitate learning in another. For
instance, the motor skills and strategies developed while learning to play tennis can
enhance the acquisition of squash skills, and vice versa. This cognitive capability
has inspired the development of Multi-Task Learning (MTL) in machine learning, a
strategy designed to emulate such human learning patterns. MTL seeks to jointly
train models on multiple related tasks, enabling the sharing of inductive biases and
learned representations across tasks. By leveraging inter-task relationships, MTL
aims to improve the generalization performance of all tasks involved, particularly
when they exhibit underlying commonalities or share domain-specific features [59].
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2.5.1 Foundations of Multi-Task Learning
A fundamental prerequisite for effective multi-task learning (MTL) is the relatedness
between tasks and their associated data. MTL is most effective when tasks are
positively correlated, that is when they share similar objectives or overlapping data
distributions. These tasks mutually benefit from shared lower-level representations,
enhancing prediction consistency across tasks [59]. In MTL frameworks, the hidden
representations learned by one task are often preferred by others, which allows
feature sharing and fosters the discovery of complex feature interactions.

Recent advances in deep neural architectures, such as BERT [29], have facilitated
MTL through flexible encoder-decoder structures capable of adapting to various
tasks with minimal modification. As authors in [60] demonstrated, larger networks
tend to yield better performance in MTL settings due to increased capacity for
learning task-specific and task-invariant features.

MTL enhances data efficiency by enabling each task to learn from the information
encoded in related tasks. Moreover, tasks often exhibit distinct noise distributions,
and when trained together, this diversity acts as an implicit data augmentation
mechanism, encouraging more robust and generalizable feature representations.
This mitigates overfitting and improves performance on the related tasks [61].
MTL is particularly advantageous for low-resource tasks, which can be improved
through co-training with high-resource tasks from related domains [62] [63] thereby
amplifying training signals and stabilizing learning outcomes.

Furthermore, recent studies have shown that multi-task models often converge
faster than their single-task counterparts, as auxiliary tasks can provide gradient
signals that help escape poor local minima and guide optimization towards more
effective regions of the parameter space [64]. This leads not only to improved
predictive performance but also to more stable and interpretable learning outcomes.

2.5.2 Components of MTL for Text Classification
To implement MTL in text classification, different components are designed to
balance shared feature learning and task-specific customization. These components
must be optimized to prevent negative transfer (where one task detracts from
the performance of another). Below are key architectural strategies employed
in MTL for text classification:

Shared and Task-Specific Layers

Shared and task-specific layer architectures represent one of the most fundamental
and widely adopted designs in multi-task learning (MTL), particularly in text
classification. As shown in 2.3 This architecture segregates the model into two
major components: shared layers and task-specific layers. Shared layers, typically
comprising embeddings, recurrent or Transformer blocks, whereas Task-specific
layers appended atop the shared structure, are responsible for learning discriminative
features tailored to each task’s objective [64].
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Figure 2.3: MTL Shared and Task-Specific Layers architecture.

Encoder-Decoder architectures

Encoder-decoder architectures have also been explored in multi-task learning (MTL)
frameworks for sentiment analysis, particularly when the problem is framed as a
text-to-text task. In such settings, the architecture as illustrated in Figure 2.4
comprises a shared encoder that transforms input text into a high-dimensional latent
representation, followed by task-specific decoders that generate outputs tailored
to each downstream task. While encoder-decoder models are traditionally more
prevalent in generative tasks such as text summarization or question answering,
recent work has adapted them for classification-oriented tasks like sentiment analysis
by rephrasing classification as a generation problem. This design allows the model
to leverage shared semantic representations across tasks while accommodating
task-specific output spaces, thereby improving generalization and robustness in
low-resource or multi-dialect scenarios [65] [66].

The encoder-decoder paradigm in MTL enables both information sharing and
task specialization. By leveraging a shared encoder, the model captures universal
linguistic and contextual features across tasks, while the decoders adapt these
representations for specific outputs [67].
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Figure 2.4: MTL Encoder-Decoder architectures.

Parameter Sharing Strategies

In MTL parameter sharing strategies allows for interaction and information flow
between tasks, facilitating the sharing of learned representations across tasks.
MTL parameter sharing has two main approaches 2.5: hard parameter sharing
and soft parameter sharing.

Hard Parameter Sharing Hard parameter sharing is the most commonly used
approach in MTL for text classification [59]. The models in this paradigm share the
lower layers (often encoder layers) across all tasks, while the upper layers are for task-
specific outputs. This method significantly reduces the risk of overfitting and allows
efficient representation learning across tasks. The shared layers capture general
linguistic or semantic features, while task-specific layers adapt this representation
to individual task requirements.

Models such as the Multi-Task BiLSTM or Multi-Task CNN architectures
are frequently used in this context, especially in sentiment analysis and sequence
classification tasks [68] [69]. Hard sharing is particularly effective when the tasks
are closely related.

Soft Parameter Sharing Soft parameter sharing offers more flexibility than
hard sharing by maintaining separate models for each task, but with constraints
that encourage the parameters to be similar [70]. This architecture allows the
model to learn more nuanced representations for each task while still benefiting
from cross-task information.
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This approach is more suited to tasks that are only loosely related or vary
significantly in linguistic structure. For instance, a model designed to jointly
perform named entity recognition (NER) and text classification may adopt soft
sharing to accommodate the syntactic complexity of NER and the semantic focus
of classification [64].

Figure 2.5: MTL Hard and Soft Parameter Sharing architectures.

Multi-Head Attention for MTL

Multi-head attention has become a fundamental mechanism in deep learning
architectures, particularly in Transformer models, due to its ability to capture
complex feature interactions across multiple representation subspaces [28]. In
the context of multi-task learning (MTL), multi-head attention offers unique
advantages by enabling the model to attend differently to shared information for each
task. Through parallel attention heads, the model can learn task-specific patterns
while simultaneously leveraging shared knowledge across tasks. Recent research
has extended multi-head attention for MTL by designing task-specific attention
heads, where each head focuses on optimizing a particular task while allowing
inter-task communication through shared heads [9] [71]. This structure not only
improves task-specific performance but also enhances the generalization of the shared
representation. Furthermore, adaptive attention mechanisms have been proposed,
wherein the model dynamically selects or reweights attention heads based on the
task context, further promoting efficient knowledge sharing and reducing negative
transfer [72]. Thus, multi-head attention frameworks significantly contribute to
advancing MTL by offering flexible, dynamic, and scalable representations suited
to the varying needs of multiple learning objectives.

2.5.3 Evaluation and Optimization in Multi-Task Learning
Multi-task learning (MTL) requires specialized optimization strategies to address
several challenges: differing task difficulties, unbalanced gradients, and conflicts
between task objectives. Without appropriate optimization, negative transfer can
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occur, where learning one task degrades performance on others. Effective evaluation
and optimization strategies ensure robust, balanced learning across multiple tasks.

The canonical MTL objective is expressed as minimizing a weighted sum of
task-specific losses:

LMTL =
T∑

i=1
λiLi(θ) (2.1)

where T denotes the number of tasks, Li(θ) is the loss for task i given model pa-
rameters θ, and λi are task-specific weights [73]. Simple static weighting often leads
to suboptimal learning, motivating the need for dynamic and adaptive strategies.

Dynamic Weighting Strategies

Dynamic weighting mechanisms adjust λi during training to accommodate varying
task difficulties. Authors in [74] introduced uncertainty-based weighting, assigning
lower importance to tasks with higher homoscedastic uncertainty:

LMTL =
T∑

i=1

(
1

2σ2
i

Li(θ) + log σi

)
(2.2)

where σi is a learnable parameter representing the uncertainty of task i. This
method stabilizes training, particularly for tasks combining classification and regres-
sion.

Standley et al.[75] proposed Dynamic Weight Averaging (DWA), which adjusts
task weights based on the relative rate of loss descent, prioritizing slower-converging
tasks to prevent domination by easier tasks.

Gradient Balancing Techniques

Gradient balancing addresses the disparity in gradient magnitudes across tasks.
GradNorm [76] dynamically scales task gradients to match a target training rate:

LGradNorm =
T∑

i=1

∣∣∣Gi − Ĝi

∣∣∣ (2.3)

where Gi = ∥∇θ(λiLi)∥2 represents the norm of the task gradient, and Ĝi

adjusts according to the relative decrease in task losses.

Conflict Resolution in Gradients

MTL often suffers from gradient interference, where gradients from different tasks
point in opposing directions. To mitigate this, Chen et al. [77] introduced PCGrad
(Projected Conflicting Gradient), modifying gradients through projection:

gi ← gi −
g⊤

i gj

∥gj∥2 gj (2.4)
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whenever g⊤
i gj < 0. This ensures that task zz are adjusted to reduce destructive

interactions. More recent approaches, such as CAGrad [78], further generalize
conflict resolution by optimizing a common descent direction across tasks.

Meta-Learning for Weight Optimization

Meta-learning frameworks offer an additional frontier for optimizing MTL. Guo
et al. [79] proposed dynamic task prioritization, where validation performance
guides the adjustment of task weights during training. These methods treat task
weighting as a meta-optimization problem, enabling models to adapt dynamically
to shifting task complexities and improving generalization.

Evaluation Methodologies

Robust evaluation of MTL models requires metrics beyond average task accuracy.
Authors in [80] framed MTL as a multi-objective optimization problem, highlighting
the principle of Pareto optimality, wherein the performance of one task cannot be
improved without causing a degradation in the performance of at least one other
task. Evaluation strategies frequently involve trade-off analysis, per-task reporting,
and visualization of task performance landscapes.

Overall, successful optimization in MTL hinges on dynamic, gradient-aware,
and conflict-resolving strategies, combined with evaluation methodologies that
account for task trade-offs and fairness.

2.6 Conclusion
This chapter provided a comprehensive overview of sentiment analysis, discussing
major approaches including lexicon-based, machine learning-based, hybrid, and
transfer learning methods, with special attention to the role of transformers.
Challenges specific to sentiment analysis, particularly in low-resource settings,
were highlighted. The discussion then focused on the Arabic language within the
context of natural language processing (NLP), emphasizing its unique characteristics
and significant differences from English. The chapter outlined the difficulties posed
by Arabic language processing, examined linguistic features relevant to sentiment
analysis, and presented examples of Arabic NLP applications. Morphological
distinctions between Modern Standard Arabic and Arabic dialects were explored to
demonstrate their impact on computational models. Arabic transformer models were
introduced as a recent advancement to address these challenges effectively. Finally,
the chapter explored Multi-Task Learning (MTL) for text classification, detailing its
foundational principles and critical components, including shared and task-specific
layers, encoder-decoder structures, parameter sharing strategies, and the use of
multi-head attention within transformers. This chapter thereby established the
theoretical and technical basis necessary for developing advanced, Arabic-specific
sentiment analysis systems using deep learning and MTL frameworks.
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Chapter 3

Literature review

3.1 Introduction
This chapter provides a comprehensive review of existing research in the field of
sentiment analysis, with particular emphasis on applications to the Arabic language.
Since most online content is unstructured, considerable effort is required to convert it
into structured and meaningful information using a variety of analytical techniques
and approaches. Recently, sentiment analysis has gained considerable attention
within the research community as an effective method for knowledge representation
and understanding public opinion. However, Arabic sentiment analysis presents
unique challenges due to the language’s morphological richness, dialectal variations,
and complex syntactic structures. To address these difficulties, recent studies
have proposed the integration of multi-task learning (MTL) frameworks, which
enable simultaneous learning of related tasks to enhance model generalization and
performance. This chapter critically examines the literature on sentiment analysis
methodologies, with a specific focus on Arabic-language contexts, and discusses
how MTL-based solutions are emerging as a promising approach for overcoming the
linguistic and computational challenges associated with Arabic sentiment analysis.

3.2 Arabic Sentiment Analysis
Arabic sentiment analysis plays a crucial role in applications such as social media
monitoring, market research, and political opinion mining. However, several
linguistic challenges make sentiment classification in Arabic particularly complex.
A major issue is the language’s diglossia, where Modern Standard Arabic (MSA)
coexists with numerous regional dialects that differ significantly in vocabulary,
syntax, and morphology [81]. These dialects are often used in informal settings such
as social media, creating variability that traditional models struggle to manage.
Additionally, Arabic’s morphological richness, where a single root can produce
numerous word forms through complex derivational patterns, further complicates
the sentiment analysis process [82].

Models that aim to address these issues must be capable of handling both
MSA and dialectal Arabic while also managing orthographic variation and code-
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switching phenomena frequently observed in online platforms. For example, social
media texts often contain slang, phonetic spellings, and borrowed words, which
conventional tokenization and embedding strategies may fail to capture effectively.
Furthermore, the detection of sarcasm presents an additional layer of complexity in
Arabic sentiment analysis, as sarcastic expressions can invert the intended polarity
of a statement. This challenge has been highlighted in recent research emphasizing
the need for sarcasm-aware sentiment classification models [83].

As the field matures, the development of dialect-aware and morphologically
informed models is increasingly recognized as essential for accurate Arabic sentiment
analysis. Addressing these challenges is crucial for building robust systems that
can generalize across different genres, dialects, and linguistic phenomena in real-
world Arabic text.

3.3 Lexicon-Based Approaches
Lexicon-based approaches have played a foundational role in Arabic sentiment
analysis. A prominent example is the work of Badaro et al. [84], who introduced
the ArSenL lexicon, a resource modeled after the English SentiWordNet. ArSenL
integrates the Arabic WordNet (AWN) and the Standard Arabic Morphological
Analyzer (SAMA), cross-referenced with the English SentiWordNet, and is available
via a web-based graphical interface. Similarly, authors in [85] proposed an Arabic
Sentiment Lexicon (ASL) developed from a seed list of positive and negative words.
They employed a semi-supervised method to extend the lexicon to approximately
2,000 words—comprising 800 positive, 600 negative, and 600 neutral terms. However,
since the resource was built using the general-purpose AWN, its coverage of
domain-specific sentiment expressions remains limited and potentially insufficient
for capturing the full range of sentiments present in Arabic-language reviews.

Abdul-Mageed et al. [86] advanced the field by constructing the SANA lexicon,
a large-scale sentiment resource for Modern Standard Arabic (MSA) as well as
Egyptian and Levantine dialects. SANA was developed through the integration of
multiple approaches, including automatic translation from English sentiment lexica,
manual curation, and statistical modeling. The final resource contained 224,564
entries. However, the presence of duplicate entries and inconsistent labeling reduced
its overall effectiveness for downstream applications. A complementary approach
was presented by Ayyoub et al. [87], who proposed an unsupervised sentiment
classification system tailored to Arabic tweets. After collecting and preprocessing
the data, they constructed a sentiment lexicon with numerical polarity scores ranging
from 0 to 100. Sentiment classes were assigned as follows: scores above 60 were
labeled positive, scores between 40 and 60 were considered neutral, and scores below
40 were classified as negative. The sentiment score of a sentence was calculated
by aggregating the polarity scores of its constituent words. Despite achieving an
accuracy of 86.89%, this method did not effectively handle dialectal variation, which
limits its applicability across diverse Arabic linguistic contexts.

In response to the limitations of existing approaches in addressing dialectical
nuances, authors in [88] proposed a four-phase framework. The first phase involved
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selecting 300 sentiment seed words from the SentiStrength [89]lexicon. The second
phase augmented the lexicon with synonyms of these seed words. In the third
phase, a term frequency weighting method was employed to identify additional
relevant terms. Finally, the fourth phase incorporated dialectal Arabic terms into
the lexicon. Sentiment analysis was then performed using this enriched lexicon,
relying on a basic polarity computation method that did not account for linguistic
phenomena such as negation or intensification. The proposed system achieved an
accuracy of 70.05% across various lexicon expansion stages but remained limited
in effectively modeling dialectal intricacies.

Building on this line of research, authors in [90] introduced three distinct lexicon-
based methods for Arabic sentiment analysis. One of these methods extended the
basic lexicon model by incorporating mechanisms to handle contextual polarity
specifically negation and intensification. By addressing these linguistic features, their
enhanced model achieved a higher accuracy of 91.75%, significantly outperforming
earlier methods such as that of [88].

Efforts to explore dialectal Arabic in sentiment lexicon development remain
relatively sparse. Notable among these is the work of Mataoui et al. [91], who
focused on Algerian dialectal Arabic, a variety characterized by frequent code-
switching between Arabic and French. The researchers developed three lexicons: (1)
a subset of an Egyptian dialect sentiment lexicon tailored to Algerian usage, (2) a
manually compiled list of commonly used negative terms in Algerian Arabic, and (3)
a list of intensifiers. Two system configurations were evaluated. The first operated
at the phrase level and achieved satisfactory alignment with sentiment-labeled
expressions. The second performed word-level analysis by applying normalization
and tokenization processes, including language detection and stemming. Arabic
tokens were stemmed directly, while non-Arabic tokens were first translated into
Arabic before stemming. The system then matched stems with sentiment lexicon
entries to compute semantic orientation. The authors manually annotated the
sentiment polarity of 7,698 Facebook comments written in both MSA and Algerian
dialect. Combining the two configurations, the model achieved an overall accuracy
of 79.13%.

Further refining lexicon-based models, authors in [90] reaffirmed the benefit of
accounting for contextual linguistic features. Their lexicon-based method integrating
negation and intensification mechanisms confirmed earlier findings, yielding an
accuracy of 91.75%. In contrast, Al-Moslmi et al. [92] highlighted that lexicon-
based approaches are particularly advantageous for unlabeled data, as they facilitate
automatic polarity labeling using pre-defined sentiment lexica. They demonstrated
that sentiment could be effectively estimated by matching words and phrases in
the input text to lexicon entries.

In another domain-specific application, authors in [93] developed a lexicon-based
sentiment analysis model focused on Arabic tweets related to the Syrian civil war.
Using a bag-of-words representation, tweets were classified as either positive or
negative by comparing their content to an Arabic sentiment lexicon. Although
the system achieved a classification accuracy of 68%, it lacked analysis of critical
linguistic factors such as intensification and negation, and did not address dialectal
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Arabic, limiting the comprehensiveness of its performance assessment.

3.4 Machine Learning-based Approaches
machine learning approaches have also played a foundational role in Arabic sentiment
analysis. A prominent example is the work of Abdul-Mageed et al. [94] where they
introduced the SAMAR system for subjective sentiment analysis, utilizing a diverse
dataset that included Modern Standard Arabic (MSA) and various Arabic dialects
words. Their work considered multiple domains, such as political, economic, sports,
and entertainment news, drawn from sources like Wikipedia, tweets, online chats, and
news forums. However, the SAMAR system showed limited effectiveness, particularly
for tweets, where the sentiment classification yielded a low F-score of 49.41%.

Authors in [95] explored a four-level sentiment polarity classification using a
dataset of approximately 815 Arabic comments collected from local Saudi Arabian
online newspapers. Their model, trained with 620 comments and tested on 195,
achieved an impressive accuracy of 85%. This work focused on handling negation
and sentiment ambiguity in Arabic text, though it did not address the issue of
irrelevant comment filtering during preprocessing.

In a related study, Itani et al. [96] focused on the creation of an annotated corpus
from posts on Facebook pages like ’The Voice’ and ’Al Arabiya.’ Their goal was
to improve natural language processing for Arabic dialect, specifically addressing
sentiment classification. They employed multiple classifiers, such as decision trees
(DT), support vector machines (SVM), and k-nearest neighbors (KNN).

Further advancements were made by Nabil et al.[97], who conducted a four-way
sentiment classification of Arabic tweets, dividing them into objective, subjective
negative, subjective positive, and mixed categories. Their dataset, comprising
10,006 manually annotated Arabic tweets, was processed using a variety of machine
learning algorithms, including Naïve Bayes (NB), SVM, and stochastic gradient
descent. They found that using n-grams as features for multi-way classification
failed to yield satisfactory results, especially without preprocessing steps.

authors in [98] developed a sentiment analysis model for Saudi and Jordanian
dialects. Their approach, which involved custom stop-word lists and light stemming,
showed improvements by incorporating n-grams into the Bag-of-Words (BOW)
representation. Their experiments indicated that the Maximum Entropy classifier
performed best with trigrams.

Alomariet al. [99] analyzed 1,800 Jordanian tweets, categorizing them as negative
or positive. By comparing Naïve Bayes and SVM classifiers, they found that SVM
outperformed Naïve Bayes, achieving an F-score of 88.27%. Their research focused
on different preprocessing techniques, including various stemming methods, and
indicated that combining SVM with Term Frequency-Inverse Document Frequency
(TF-IDF) worked most effectively.

Al-Rubaiee et al. [100] explored sentiment analysis for tweets from King Abdul-
Aziz University students, using 2,000 tweets collected via the Twitter API. Their
study applied light stemming, stop-word removal, and tokenization to Arabic text,
but it faced challenges due to the relatively small dataset, suggesting that larger
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datasets would improve the performance of their machine learning models.
Al-Horaibi et al. [101] proposed an emotion detection model for Arabic tweets,

collecting 14,984 tweets using the Twitter API. They processed the data using
Python libraries and applied classifiers such as Decision Tree (DT) and Naïve Bayes
(NB). However, the use of English NLP tools led to suboptimal performance, as
these tools were not well-suited for Arabic dialects.

Sghaier et al.[102] introduced a multi-algorithm sentiment analysis approach
using KNN, SVM, and Naïve Bayes classifiers, achieving impressive accuracy rates
(93.9% and 93.87% for SVM and NB, respectively). However, their study was
limited by a small dataset of only 250 documents, and the lack of negation handling
may have impacted results.

Baly et al.[103] delved into the challenges of sentiment analysis for Arabic tweets,
focusing on dialectal variations and increased noise in the data. They created a
typology of tweets to improve sentiment classification and employed SVM with
POS tagging and lemmatization, yielding an accuracy of 55.70%.

Rahab et al. [104] worked on sentiment analysis for Algerian newspaper
comments, experimenting with word-weighting strategies and classifiers such as
KNN, SVM, and NB. The best results, with an accuracy of 75%, were achieved using
Naïve Bayes combined with light stemming. Their study focused on a limited dataset,
consisting of only 92 comments, which constrains the generalizability of the findings.

Mulki et al. [105] contributed to Arabic sentiment analysis during the SemEval
International Workshop, tackling Twitter sentiment analysis as part of a subtask.
Their study compared supervised and lexicon-based models and concluded that the
supervised model provided the best performance, particularly when no stemming
was used.

Maghfour et al. [106] focused on Moroccan Arabic and MSA Facebook comments.
Their two-stage classification approach, incorporating light stemming for dialectical
texts, improved classification accuracy and minimized stemming errors. However,
they noted that this method would face difficulties in larger and more diverse
multi-dialect datasets.

Sayed et al. [107] developed a multidimensional sentiment analysis system for
Arabic using a dataset of 6,318 reviews from Booking.com. Their experiments
with nine different classifiers, including KNN, RC and SVM, revealed that Ridge
Classifier (RC) performed the best in terms of recall, precision, and F1 score. They
also highlighted the importance of preprocessing steps, such as stemming and
stop-word removal, in enhancing classification accuracy.

Finally, Baly et al. [108] represented ArSentD-LEV, a multi-topic corpus
specifically designed for target-based sentiment analysis in Arabic Levantine tweets.
The dataset addresses the linguistic complexity inherent in Levantine dialects
and offers fine-grained annotations that go beyond document-level sentiment. It
captures sentiment directed at specific entities or targets within tweets, facilitating
more nuanced analysis. ArSentD-LEV overcomes challenges related to dialectal
variation, informal language, and limited resources by focusing on a specific regional
dialect, thereby enabling more accurate sentiment detection and opinion mining
in a real-world social media context.
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3.5 Deep Learning-based Approaches
Deep learning has demonstrated transformative capabilities across a range of
domains, including Artificial Intelligence, Computer Vision, and the Internet of
Things [109]. In the field of Natural Language Processing (NLP), the impact
of deep learning methods has been particularly significant, especially in tasks
such as sentiment analysis. With Arabic being a morphologically rich and
dialectally diverse language, the adoption of deep learning methods for sentiment
classification has provided promising outcomes compared to traditional machine
learning techniques.Two foundational components in deep learning-based sentiment
analysis are the representation of textual data and the modeling of its linguistic
features. Text is commonly represented using traditional approaches like Bag-of-
Words (BoW), or more advanced word embedding techniques such as Word2Vec
[110] and GloVe [111], which are designed to capture both semantic and syntactic
nuances. These embedding methods are particularly critical for effectively processing
the intricate linguistic structures and variability found in Arabic dialects. In Arabic
sentiment analysis, deep learning models are typically categorized into three major
architectures: Convolutional Neural Networks (CNNs), Recurrent Neural Networks
(RNNs), and hybrid neural models. Each of these approaches brings distinct
advantages and limitations, particularly in addressing the challenges posed by
the linguistic features of Arabic.

CNN-based Models

Convolutional Neural Networks (CNNs) have been successfully adapted for sentiment
analysis task. Kim’s seminal work [112] demonstrated that CNNs, when combined
with pre-trained word embeddings, could perform competitively on various sentence
classification tasks. In the Arabic context, CNNs have been used effectively to
capture local patterns in text, such as key phrases or expressions indicative of
sentiment, while maintaining computational efficiency. For instance, Alayba et
al. [113] applied CNNs to Arabic tweets and demonstrated their capability to
outperform traditional classifiers in binary and ternary sentiment classification
tasks. Further advancements include deeper CNN architectures, such as the
Very Deep Convolutional Neural Network (VDCNN) proposed by Conneau et
al. [114], which has inspired deeper modeling in Arabic texts. In a similar vein,
one-dimensional CNNs have also been applied to Arabic sentiment datasets by
Johnson and Zhang [115], revealing that convolutional layers can effectively model
hierarchical features in Arabic scripts. Nevertheless, CNNs often struggle to capture
long-range dependencies in sentences, a notable limitation when dealing with
Arabic’s free word order and syntactic variability.

RNN-based Models

Recurrent Neural Networks (RNNs), and particularly their variants such as Long
Short-Term Memory (LSTM) and Gated Recurrent Units (GRUs), are widely
recognized for their ability to model sequential data [116, 117]. This capability
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makes them especially suitable for processing natural language where context and
word order significantly affect meaning. In Arabic sentiment analysis, RNNs have
been instrumental in handling longer texts, such as customer reviews or opinion
articles, where sentiments are context-dependent and influenced by surrounding
words. Tang et al. [118] demonstrated that hierarchical RNN architectures,
incorporating both sentence-level and document-level features, improve sentiment
classification performance. This approach has been adapted in Arabic by various
researchers to capture the intricacies of Modern Standard Arabic (MSA) and regional
dialects. For instance, Alharbi et al. [119] utilized bidirectional LSTMs on Arabic
tweets, enabling the model to consider both past and future contexts, which proved
beneficial in detecting subtle sentiment cues. However, despite their advantages,
RNNs face limitations such as difficulty in modeling long sequences and high
computational costs. These shortcomings have led researchers to explore alternative
or complementary architectures, including attention mechanisms and Transformer-
based models, to better handle the structural and semantic variability in Arabic.

Hybrid Neural Network Models

Hybrid models combine multiple neural architectures or integrate other mechanisms
such as attention layers, ensemble techniques, or meta-learning frameworks to
enhance the performance of sentiment analysis systems. In Arabic sentiment analysis,
hybrid approaches have been particularly valuable due to the language’s diglossia
and morphological richness, which often require more sophisticated modeling than
what single-architecture models can offer. For example, Yang et al. [120] introduced
a hierarchical attention network, which has been used in Arabic sentiment research
to prioritize sentiment-bearing words and phrases within larger textual contexts.
The attention mechanism, by explicitly highlighting influential terms, addresses
the RNN’s limitation in treating all context words equally.

Challenges and Future Directions

While deep learning approaches offer considerable promise for Arabic sentiment
analysis, several key challenges persist. First, most deep learning models require
large annotated corpora, yet publicly available Arabic sentiment datasets especially
for dialects remain limited. Manual annotation is costly and time consuming, and
automatic labeling often introduces noise due to the lack of reliable sentiment
lexicons for Arabic dialects. Second, deep learning models often require high
computational resources, limiting their accessibility for researchers without access
to GPUs or specialized hardware. Third, the generalization of models across
different dialects and domains remains problematic. A model trained on Levantine
Arabic tweets, for instance, may not perform well on Gulf Arabic reviews due
to lexical and syntactic differences. In conclusion, deep learning has significantly
advanced Arabic sentiment analysis, enabling more accurate and context-aware
models. However, future research must continue to address challenges related to data
scarcity, computational demands, and cross-dialect generalization. The integration of
hybrid models, attention mechanisms, and transfer learning techniques will be critical
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in overcoming these limitations and advancing the state of Arabic sentiment analysis.

3.6 Transfer Learning-based Approaches
Transfer learning has revolutionized the field of natural language processing (NLP),
providing robust solutions for tasks in low-resource languages such as Arabic. The
core principle of transfer learning is the adaptation of knowledge learned from
a resource rich source domain to a related target domain with limited labeled
data [121]. This framework has proven particularly beneficial for Arabic sentiment
analysis, a field that faces significant challenges due to the linguistic complexity
of Arabic, its rich morphology, and its diglossic nature. Arabic comprises Modern
Standard Arabic (MSA) and a multitude of dialects that differ significantly at the
phonological, lexical, and syntactic levels [122]. These characteristics complicate
supervised learning, as manually annotated data is scarce, especially for dialects.
Transfer learning has thus become a key methodology to bridge this resource gap
and enhance performance in Arabic sentiment analysis.

Historically, early applications of transfer learning in sentiment analysis were
grounded in instance-based transfer, which involves reusing or reweighting specific
source domain examples based on their relevance to the target domain [123].
These methods aim to align data distributions through importance sampling or
instance selection. For Arabic, authors in [124] implemented instance reweighting
mechanisms to adapt MSA-trained models to dialectal datasets. While these
approaches showed moderate success, they often struggle with scalability and
robustness when applied to neural architectures. Furthermore, they rely on accurate
estimation of instance similarity, which is particularly difficult in morphologically
rich languages such as Arabic.

A more scalable strategy in deep learning settings is feature-representation
transfer, which involves learning abstract features that generalize well across
domains. With the emergence of word embeddings like Word2Vec [125], GloVe
[126], and fastText [127], cross-domain feature sharing became feasible. Arabic NLP
benefited from cross-lingual embedding techniques such as MUSE [128], which align
multilingual vector spaces and allow for leveraging resources from high-resource
languages to support Arabic tasks. Recent transformer-based models further
extend this principle, AraBERT [57] represents one of the earliest BERT-based
models specifically adapted for the Arabic language. It was pretrained on a corpus
exceeding 200 million sentences sourced from a wide range of Arabic texts. The
model demonstrated state-of-the-art performance across multiple sentiment analysis
and text classification benchmarks. AraBERT effectively illustrates the strength
of feature representation transfer, as it is capable of capturing intricate syntactic
and semantic patterns that are shared across various Arabic dialects.

The most dominant approach today is parameter-based transfer learning,
where large pretrained language models (PLMs) are fine-tuned on downstream
tasks. BERT [29], GPT [129], and their multilingual variants, such as mBERT
and XLM-R [130], embody this approach. In Arabic sentiment analysis, both
multilingual and monolingual PLMs have been explored. MARBERT [26], for
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example, was trained on 1 billion Arabic tweets, including a large representation
of dialectal Arabic. It outperformed earlier models on sentiment and dialect
identification tasks, demonstrating the utility of domain-specific parameter transfer.
Likewise, QARiB [131] and AraELECTRA [132] have been introduced as Arabic-
specific transformer models with enhanced performance on sentiment and emotion
classification benchmarks.

Cross-lingual parameter transfer has also been investigated in contexts where
large-scale Arabic training data is unavailable. In this approach, models pretrained
on high-resource languages are adapted to Arabic through either zero-shot or few-
shot transfer learning. XLM-R [130], trained on 100 languages, has demonstrated
competitive performance in Arabic sentiment classification by leveraging shared
subword representations across languages [133]. Authors in [134] found that
multilingual PLMs such as XLM-R can outperform Arabic-specific models when
trained with proper tokenization and dialect-specific preprocessing. These results
suggest that under certain conditions, cross-lingual transfer can offer competitive
or even superior performance, especially when combined with domain-specific
fine-tuning.

An emerging and promising transfer approach is multi-task learning (MTL) [64],
in which multiple related tasks are trained jointly, encouraging the model to learn
generalized representations. In Arabic sentiment analysis, MTL has been used to
integrate sentiment classification with sarcasm detection, dialect identification, or
emotion recognition. For instance, Abdelrahman and mona [135] introduced SAIDS,
a system that jointly predicts sentiment, sarcasm, and dialect in Arabic tweets. By
leveraging dialect and sarcasm predictions as auxiliary tasks, the model enhances
sentiment analysis performance. Similarly, studies by Brahim et al.[136] showed
that training models to perform both sarcasm detection and sentiment analysis
led to more robust performance on informal Arabic text.

Domain-adaptive pretraining (DAPT) and task-adaptive pretraining (TAPT)
represent more refined approaches to transfer learning. These techniques involve
continuing the pretraining phase on unlabeled data that is either domain-specific or
task-specific, thereby narrowing the domain discrepancy between the source and
target data distributions [137]. For example, continuing AraBERT’s pretraining on
Arabic tweets (TAPT) prior to sentiment analysis fine-tuning has shown significant
gains in classification accuracy [57]. Similarly, [26] applied (DAPT) to MARBERT
using large volumes of dialectal tweets to better adapt to user-generated social media
content. These refinements enable models to specialize their general knowledge in
ways that are directly relevant to the target application.

Adversarial transfer learning [138] is also gaining traction in Arabic NLP
as advanced strategies for learning domain-invariant and task-discriminative
representations. Adversarial learning employs a domain classifier that penalizes
the model for encoding domain-specific features, thereby promoting generalizable
representations [139]. This approach has been adopted in Arabic sentiment tasks
to mitigate distributional mismatches between MSA and dialects [140].

Despite the progress, several challenges persist. First, dialectal diversity remains
a major obstacle. Arabic dialects vary significantly across regions, and their digital

42



presence (e.g., tweets, comments) is often noisy and unstandardized [141]. Many
pretrained models, even those tailored to Arabic, perform unevenly across dialects.
MARBERT attempts to address this through dialectally diverse pretraining data,
but dialect-specific fine-tuning remains necessary. Second, code-switching, which is
common in North African and Levantine regions, poses challenges to monolingual
models, and cross-lingual transformers like XLM-R that have only partially mitigated
this issue [142]. Third, evaluation benchmarks are not standardized across Arabic
variants, making it difficult to fairly compare models. Datasets such as ASTD
[97], ArSenTD-Lev [108], and LABR [143] differ widely in dialect, domain, and
annotation schemes.

Looking ahead, researchers are increasingly combining transfer learning with
semi-supervised and unsupervised methods to overcome data bottlenecks. Weak
supervision, pseudo-labeling, and data augmentation techniques such as back-
translation are being used to generate synthetic labeled data for fine-tuning [144].
For example, multimodal transfer learning that integrates textual, visual, and
acoustic signals is gaining attention for sentiment tasks on social media, particularly
platforms like TikTok or Instagram where emojis, images, and slang interact
with textual sentiment [145].

Transfer learning has become indispensable in Arabic sentiment analysis. From
early instance reweighting techniques to sophisticated PLMs like BERT, XLM-R
and GPT the ability to leverage external knowledge has significantly improved
the performance and generalizability of sentiment classification systems. While
challenges such as dialectal variation, data sparsity, and noise persist, new paradigms
such as multi-task learning, DAPT offer promising pathways forward. Continued
innovation in transfer learning will undoubtedly play a central role in developing
scalable, accurate, and dialect-aware sentiment analysis systems for Arabic in
the years to come.

3.7 Multi-Task Learning-based Approaches
Multi-Task Learning (MTL) [64] has become a prominent technique in natural
language processing (NLP), particularly in resource constrained or linguistically
complex environments. In the case of Arabic Sentiment Analysis (ASA), MTL has
proven to be a viable approach to mitigating challenges posed by dialectal diversity,
ambiguity in sentiment-laden expressions, and the difficulty of detecting sarcasm.
Unlike traditional single-task learning (STL) approaches, MTL allows a model to
jointly learn related tasks such as sentiment classification and sarcasm detection by
sharing representations across them. This strategy can lead to better generalization,
faster convergence, and robustness against overfitting, especially when annotated
data is limited, as is often the case with Arabic dialect corpora.

The foundational principles of MTL were introduced by Caruana [59], who
argued that tasks sharing common structures could benefit from joint optimization
by leveraging shared inductive biases. When models are trained concurrently on
multiple tasks, the shared parameters encourage the learning of more general and
transferable features. This is particularly useful in ASA, where sentiment cues
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may depend heavily on dialectal context and may be confounded by ironic or
sarcastic tone. Dialectal Arabic introduces lexical and syntactic variation that
challenges sentiment classifiers trained on Modern Standard Arabic (MSA), often
resulting in reduced accuracy [146]. Therefore, models that can simultaneously
recognize dialect and infer sentiment are more effective than models trained on
sentiment labels alone. Moreover, the presence of sarcasm within a text further
complicates sentiment analysis, as conventional models typically fail to detect
sarcastic expressions, thereby reducing classification accuracy.

In recent years, transformer-based language models such as BERT [29], RoBERTa
[147], and XLM-R [130] have been adapted to Arabic, giving rise to Arabic-specific
variants like AraBERT [57], MARBERT [26], and CAMeLBERT [148]. These
models provide deep contextualized embeddings that are particularly suited for
downstream tasks, including ASA. While most of these models were originally
applied in single-task settings, several studies have recently explored their utility in
multi-task configurations. For instance, authors in [136] organized a shared task
on Arabic sarcasm and sentiment detection, demonstrating that sarcasm detection
is not only a challenging task on its own but also beneficial when integrated with
sentiment analysis in a multi-task learning framework. Models submitted to this
task showed that joint modeling improved sentiment prediction, especially in cases
where sarcasm altered the polarity of the sentence.

Building on these insights, the authors’ findings in [135] confirm that auxiliary
tasks provide complementary information that enhances the model’s ability to
disambiguate sentiment in complex expressions. By learning dialect-specific nuances
and recognizing sarcastic cues, the model achieved higher F1 scores on benchmark
datasets compared to its single-task counterparts. This underscores the utility of
MTL in contexts where sentiment labels alone do not provide sufficient supervision
due to variability in language usage across different dialects.

Despite these promising results, challenges remain. One persistent issue is the
scarcity of large-scale, high-quality annotated datasets that contain aligned labels for
multiple tasks. While datasets like ArsentD-Lev [108], ArSarcasm [149] and ASTD
[97] have supported research in sentiment and sarcasm, few corpora offer multi-
task annotations that cover dialect, sentiment, and other subtasks simultaneously.
Consequently, some researchers rely on distant supervision, weak labeling, or
synthetic data augmentation, which introduces noise and may limit generalization.

Multi-Task Learning has demonstrated clear benefits in Arabic Sentiment
Analysis by enabling models to learn more comprehensive and context-sensitive
representations. As research progresses, the development of unified multi-task
datasets and further exploration of task selection strategies will be essential to
unlock the full potential of MTL in Arabic NLP.

3.8 Conclusion
This chapter has presented a comprehensive review of the literature pertinent to
Arabic sentiment analysis, tracing the evolution of methodological approaches and
the progression of technological frameworks in the field. The chapter commenced
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with an overview of Arabic sentiment analysis, emphasizing the linguistic challenges
posed by morphological complexity, and dialectal variation, all of which necessitate
specialized tools and techniques.

Subsequently, a focused review of lexicon-based approaches was provided,
detailing early efforts that relied on curated sentiment dictionaries and rule-based
systems. While foundational, these methods were shown to be limited in scalability
and adaptability, particularly in processing dialect-rich and context-dependent
Arabic data. This led to an examination of traditional machine learning techniques,
where classifiers such as SVMs and Naïve Bayes were applied to sentiment-labeled
corpora. These methods demonstrated modest performance improvements but
remained heavily reliant on feature engineering and domain-specific preprocessing.

The chapter then transitioned to deep learning approaches, highlighting the
advent of neural network architectures such as CNNs, RNNs, and LSTMs. These
models enabled automatic feature extraction and demonstrated significant gains in
sentiment classification accuracy. Nonetheless, their performance was constrained by
limited annotated Arabic corpora and the challenge of generalizing across dialects.

The emergence of transfer learning represented a paradigm shift, allowing
pre-trained transformer models such as AraBERT, MARBERT, and multilingual
BERT to be fine-tuned for Arabic sentiment tasks. This section underscored the
effectiveness of these models in leveraging large-scale language representations,
even in low-resource settings, and discussed key advancements in cross-lingual
and cross-dialectal transfer.

Finally, the review addressed multi-task learning (MTL) frameworks, which
jointly model sentiment analysis alongside auxiliary tasks. These architectures
were found to enhance performance by capturing shared linguistic representations
and mitigating task-specific overfitting. Notably, MTL has shown promise in
addressing the nuances of Arabic sentiment analysis, particularly in informal
and user-generated content.
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Chapter 4

Methodology / Proposed Methods

4.1 Introduction
In recent years, Arabic sentiment analysis has emerged as a critical area of research
within natural language processing (NLP), driven by the increasing volume of
user-generated content across social media platforms. Arabic sentiment analysis is
a challenging task due to the language’s complex morphology, rich lexical variation,
and the lack of standardized orthography across dialects. These linguistic intricacies
are further complicated by the presence of sarcasm, informal expressions, and
dialectal ambiguity, which significantly degrade the performance of conventional
text-based classification models. To address these challenges, this chapter proposes
two new architectures that aim to enhance the robustness and accuracy of Arabic
sentiment classification. The first approach leverages multimodal learning to
integrate multimodal data sources textual, categorical, and numerical within
a unified framework. By utilizing the ArsenTD-Lev dataset, which includes
some specific annotations, this approach exploits the potential of multimodal
representations to mitigate information loss inherent in text-only models. The
second approach explores the use of Multi-Task Learning (MTL) mechanism for
joint optimization across three tasks: Arabic sentiment classification (ASA), Arabic
sarcasm detection (ASD), and Arabic dialect identification. By sharing a common
transformer encoder and allowing for task-specific decoders, the model captures
shared linguistic features while maintaining task-level distinctions. This joint
learning strategy is particularly effective in low-resource settings and enhances
the model’s ability to disambiguate sentiment in sarcastic or dialectally diverse
contexts. These two proposed architectures aim to push the boundaries of current
methodologies in Arabic sentiment analysis by introducing strategies that are both
scalable and adaptable to real-world data complexity.

In this chapter, Section 4.2 provides an in-depth overview of Enhancing Arabic
Sentiment Analysis through Multimodal-Toolkit approach , while Section 4.3 focuses
on the architecture of the Multi Task Learning for Multi-dialect Arabic Sentiment
Classification and Sarcasm Detection approach.
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4.2 Enhancing Arabic Sentiment Analysis
through Multimodal-Toolkit: A Study
on Levantine Arabic Dataset

In this work, we aimed to enhance the accuracy of Arabic sentiment classification
by incorporating a multimodal learning approach. We utilized a toolkit designed to
integrate multimodal data including text, categorical, and numerical features for
both classification and regression tasks. As shown in figure 4.1 our framework is
primarily based on Transformer models, with an additional combining module in
Table 4.2 that fuses the outputs of the Transformer encoder with external features.
This fusion generates rich, multimodal representations that are subsequently passed
to downstream classification or regression layers.

Figure 4.1: The proposed architecture using the Multi-modal toolkit.
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4.2.1 Data Preparation
In this work, we focused on dialectal Arabic, specifically the ArsenTD-Lev dataset.
As shown in table 4.1 the dataset includes not only textual content but also
structured information such as categorical and numerical features. This multimodal
nature enhances the suitability of the dataset for comprehensive sentiment analysis,
particularly for Levantine dialects. These dialects often exhibit significant deviations
from Modern Standard Arabic in both form and expression, making them challenging
for traditional models. By incorporating both textual and structured data, the
dataset provides a richer, more nuanced understanding of sentiment, especially
in the context of dialectal variations.

Tweet Country Topic Sentiment Expression Target
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Table 4.1: An example of a ArsentD-Lev classification dataset. Each row is a data point
consisting of text, categorical features, and numerical features [108].

4.2.2 Model Architecture
The proposed architecture as shown in figure 4.1 incorporates a BERT-based
encoder to extract high-level features from textual input. In addition to textual data,
categorical and numerical features are preprocessed and integrated using a combining
module 4.2. This module takes the encoded text features (x), categorical features
(c), and numerical features (n) to generate a unified multimodal representation
(Z). The combined representation is then passed through a fully connected layers
to produce the final sentiment prediction. This architecture ensures the effective
incorporation of multimodal data sources by allowing the model to leverage the
complementary strengths of textual, categorical, and numerical inputs for improved
sentiment classification performance.
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Table 4.2: The included combining methods in the combining module. Uppercase bold
letters represent 2D matrices, lowercase bold letters represent 1D vectors. b is a scalar
bias, WM represents a weight matrix, and || is the concatenation operator.

Combine Feature Method Equation

Text only Z = x

Concat Z = x||c||n

Gating on categorical Z = x + αH

and numerical features H = gc ⊙ (WMcc) + gn ⊙ (WMnn)

and then sum (Gating) [150] +bH

α = min( ||x||2
||h||2 β, 1)

gi = R(WMgi[i||x + bi)

where β is a hyperparameter

and R is a non-linear activation function

Weighted feature sum

on text, categorical, Z = x + wmc.WMcc + wmn.WMnn

and numerical features

(Weighted Sum)

4.3 Multi Task Learning for Multi-dialect Arabic
Sentiment Classification and Sarcasm Detec-
tion

In this study, we propose a model based on a Multi-Task Learning (MTL) framework
designed to concurrently address three essential Arabic NLP tasks: sentiment
classification, sarcasm detection, and dialect identification. The goal is to leverage
shared representations to enhance generalization and performance across these
related tasks. Among the various MTL strategies discussed in the literature, the
hard parameter sharing which has been adopted in this work is the most prevalent
approach in deep learning and NLP. The hard parameter sharing parameter allows
for the joint learning of shared parameters across tasks, thereby facilitating efficient
training and promoting the extraction of generalized linguistic features. To assess the
effectiveness of this approach, we conduct a comparative evaluation between MTL-
based models and their Single-Task Learning (STL) counterparts. The architecture
of the proposed MTL network is depicted in Figure 4.3.

Sentiment classification and sarcasm detection are closely related tasks, as
sarcasm often modifies the intended sentiment of a given expression [151]. To
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capitalize on this relationship we propose an MTL framework designed for joint
training on Arabic Sentiment Analysis (ASA), Arabic Dialect Identification, and
Arabic Sarcasm Detection (ASD). This framework is also designed to address
challenges arising from lexical ambiguity, where identical words may convey different
meanings across dialects. The overall framework for multi-dialect Arabic sentiment
and sarcasm prediction is presented in Figure 4.2.

Figure 4.2: The structure of the suggested MTL framework.

4.3.1 Proposed model
In our proposed framework, a transformer encoder serves as a shared representation
layer to extract contextualized embeddings from the input across all tasks 4.3.
The input sequences are tokenized using the WordPiece tokenizer [152], which
segments the text into subword units. Special tokens are appended to each sequence:
the classification token [CLS] is placed at the beginning of the sequence, and
the separator token [SEP] is appended at the end of the sequence to indicate the
boundary of the input. The [CLS] token embedding is used for classification purposes,
while [SEP] denotes the conclusion of the input sequence. Let Yt represent the count
of unique labels, and Ct represent the count of unique classes. Given a sentence
S = [CLS], s1, s2, . . . , sn, [SEP ] as a tokenized input, the transformer encoder
module will generate an output X = ECLS, E2, E3, . . . , EN of size [Do, N ]ϵRDoxN ,
where Do = 768 and N = 2 + n and Do denotes the final hidden layer dimension
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of the transformer encoder.

X = TransformerEncoder(S) (4.1)

Figure 4.3 presents the architecture of our model, which employs a transformer
encoder as a shared representation layer across three classification tasks: Arabic
sentiment analysis, Arabic sarcasm detection, and Arabic dialect identification.
This shared encoder is subsequently followed by task-specific fully connected layers,
each tailored to the individual objectives of the respective tasks.

The model receives as input a sentence S, which is first processed using the
WordPiece tokenizer. This tokenizer decomposes the text into subword units to
effectively manage morphological richness and out-of-vocabulary terms. These
subword units are then mapped to token embeddings of dimensionality 1024
(assuming AraBERT model). The resulting embeddings are fed into the shared
transformer layer.

The transformer layer consists of 16 attention heads and 24 transformer layers,
each with 1024 hidden units per layer. This shared layer is designed to encode
the contextual information from the input sentences. It produces a sequence of
hidden states, denoted as X, where each token in the input sequence is represented
by a contextual embedding of size 1,024.

For each classification task, the output X from the shared transformer encoder
is passed through a task-specific fully connected layer (FCL), also referred to as a
dense layer. These layers project the high-dimensional contextual representation
X into a lower-dimensional, task-specific sentence-level embedding, denoted as Zi

for task i. This transformation is formally represented in Equation 4.2.

Zi = FCLayeri(X) (4.2)

An activation function is subsequently applied to the sentence-level representa-
tion Zi to produce the final task-specific classification output. In this framework, the
softmax activation function is employed for the Arabic sentiment classification and
Arabic dialect identification tasks, enabling multi-class predictions. For the Arabic
sarcasm detection task, a sigmoid activation function is utilized to support binary
classification. These operations are formally defined in Equations 4.3, 4.4, and 4.5.

SSentiment = Softmax(Z1) (4.3)

SSarcasm = Sigmoid(Z2) (4.4)

SDialect = Softmax(Z3) (4.5)
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Figure 4.3: The Structure of our Multi-Task Learning network.

4.3.2 Loss Function
Our framework setup enables the second and third tasks to contribute information
for the primary task training by calculating the model’s loss using Equation 4.6.

L =
∑

(x,y)∈Ω1

L1(x, y) +
∑

(x,y)∈Ω2

L2(x, y) +
∑

(x,y)∈Ω3

L3(x, y) (4.6)

Where L1 is the loss for the primary task, L2 and L3 identified as the loss for
the secondary and the third tasks, respectively. L is used to calculate the total
loss for every single sentence in the dataset Ωi.

We employed the binary cross-entropy loss for Arabic sarcasm detection, as
presented in Eq. 4.7.

H(y, p) = −[(1− y). log(1− p) + y. log(p)] (4.7)
Where p is the predicted probability that the input belongs to class 1, and

y is the true label (0 or 1). We used another cross-entropy loss formula in the
case of Arabic sentiment classification and Arabic dialect identification with C
classes, as shown in Eq. 4.8:
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H(y, p) = −
C∑

i=1
yi. log(pi) (4.8)

Where y is a one-hot encoded vector representing the true class (e.g., [0,1,0] for
the second class in a 3-class problem), p is a vector of predicted class probabilities for
each class and log(pi) computes the natural logarithm of the predicted probability
for class i.

The utilization of the Adam optimizer is employed within our framework to
enhance the performance of the model. In each epoch, the suggested algorithm
computes the Li gradient for each batch to adjust the parameters.

4.4 Conclusion
In this chapter, we presented two new architectures aimed at addressing key
challenges in Arabic sentiment analysis: (1) Enhancing Arabic Sentiment Analysis
through Multimodal-Toolkit, and (2) Multi-Task Learning for Multi-Dialect Arabic
Sentiment Classification and Sarcasm Detection. The first architecture integrates the
Multimodal Toolkit to process heterogeneous data sources, with a particular focus
on dialectal Arabic datasets. Specifically, we employed the ArsenTD-Lev dataset,
which encompasses not only textual data but also categorical and numerical features,
making it particularly well-suited for our study. By incorporating multimodal data,
our aim was to enhance the performance of sentiment analysis models beyond the
capabilities of text-only approaches. In the second architecture, we employed a
Multi-Task Learning (MTL) algorithm built upon a pre-trained Arabic language
model to jointly perform sentiment classification and sarcasm detection. We claim
that having the ability to accurately detect sarcasm is essential for improving
the overall reliability of sentiment classification, particularly in dialectal and
informal Arabic contexts.

Although detailed experimental evaluations and comparisons with state-of-the-
art methods will be presented in the following chapter, the proposed architectures
establish a solid foundation for advancing Arabic sentiment analysis within the
field of natural language processing. Future research will aim to further refine both
models, enhancing their scalability and extending their applicability to a broader
spectrum of Arabic dialects and diverse real-world scenarios. Such advancements
are anticipated to improve the generalizability and robustness of the models, thereby
increasing their effectiveness in sentiment classification tasks.
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Chapter 5

Experimental analysis

5.1 Introduction
Arabic sentiment analysis remains a challenging task due to the language’s
complexity. To address its limitations, this chapter presents two complementary
studies aimed at enhancing dialectal Arabic sentiment analysis by exploring both
multimodal data integration and multi-task learning strategies.

The first study investigates the effect of integrating tabular (structured) features
with textual data to improve sentiment classification performance in dialectal Arabic.
Specifically, we utilize the ArSenTD-Lev dataset to evaluate whether integrating
tabular features with text-based embeddings can further enhance classification
outcomes. Through a series of controlled experiments, we compare the results of
combining approaches with the state-of-the-art text-only baseline models’ results.
The results provide empirical evidence that structured data can complement deep
contextual embeddings by supplying syntactic and statistical cues that are often
underrepresented in purely textual inputs.

The second study focuses on leveraging multi-task learning (MTL) using
transformer-based architectures to jointly model sentiment classification, sarcasm
detection, and dialect identification. Recognizing the interdependence of these
tasks in real-world language understanding, where sarcasm often alters sentiment,
and dialect affects both. In this study, we proposed and evaluated several MTL
configurations on ArSarcasm, ArSentD-Lev, NADI and ASTD datasets. Our results
demonstrate that shared learning across related tasks allows models to extract
richer, more generalizable representations, leading to improved performance on each
task compared to single-task learning (STL) baselines.

This chapter offers a comprehensive perspective by combining these two
directions (tabular feature integration and multi-task learning) on the potential of
combining data modality (textual vs. structured) and learning paradigms (single-
task vs. multi-task) in advancing Arabic sentiment analysis.
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5.2 Experimental analysis of Enhancing Ara-
bic Sentiment Analysis through Multimodal-
Toolkit

In this work, we conducted a series of comprehensive experiments to evaluate the
effectiveness of integrating tabular features with textual data using the ArsenTD-Lev
dataset. The primary objective was to assess whether the incorporation of structured
information could enhance the performance of models in dialectal (Levantine dialect)
Arabic sentiment analysis. To this end, we systematically compared our proposed
feature combination approach against several robust baseline models widely used
in the sentiment analysis literature.

5.2.1 Experimental Setting
Each feature combination strategy presented in Table 4.2 was empirically evaluated
through experimentation. The model was trained to perform Arabic sentiment
classification by optimizing the cross-entropy loss function. Training was conducted
over 3 to 5 epochs using a learning rate of 2e-5 and a batch size of 32. A summary
of the experimental results is provided in Table 5.1.

5.2.2 Evaluation Metrics
To assess the performance of the model, we employed the F1-score, a widely used
evaluation metric that harmonizes precision and recall into a single measure. As
defined in Equation 5.1, the F1-score provides a balanced representation of the
model’s accuracy, particularly in cases of class imbalance.

F1− Score = 2× (Recall × Precision)
(Recall + Precision) (5.1)

Precision quantifies the proportion of correctly identified positive instances among
all instances predicted as positive, whereas recall measures the model’s capacity
to retrieve all actual positive instances within the dataset.

5.2.3 Compared Baselines
To provide a comprehensive evaluation of the proposed feature combination methods,
we benchmarked their performance against several widely adopted baseline models
in sentiment analysis. These models include:

XLM-T: A multilingual transformer model specifically optimized for social
media text, particularly Twitter. XLM-T demonstrates robust performance in
multilingual contexts, making it particularly suitable for sentiment classification,
text categorization, and language identification tasks involving diverse linguistic
data [153].
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GigaBERT: An extensively scaled-up version of the BERT architecture [154],
GigaBERT is designed to process vast corpora with greater depth. Its increased
capacity enables the learning of intricate linguistic representations, thereby achieving
superior performance across a range of natural language understanding tasks [155].

AraBERT: A transformer-based model tailored specifically for Modern Standard
Arabic (MSA) and dialectal variants. AraBERT has consistently outperformed
multilingual baselines on a range of Arabic NLP benchmarks, establishing itself
as a foundational model for Arabic language processing tasks [155].

Arabic-ALBERT: A lightweight adaptation of BERT for the Arabic language,
Arabic-ALBERT retains high performance while significantly reducing computa-
tional complexity. Its efficiency makes it particularly advantageous for scenarios
requiring lower resource consumption without compromising linguistic accuracy
[156].

Table 5.1: Comparison of combining methods with results on the baseline transfomers
using F1 score metric, the best performing model is in bold

Model Text only Concat Gating Weighted Sum

XLM-T 56.50 63.25 59.04 66.29

Giga BERT V4 48.17 59.00 52.00 58.00

Arabertv0.1 54.57 42.85 54.95 54.49

Arabertv0.2-base 54.26 55.60 49.76 57.22

Arabertv0.2-large 54.01 41.39 58.90 59.83

Arabic-ALBERT-base 48.47 51.61 40.87 50.83

Arabic-ALBERT-large 45.59 59.49 51.30 61.65

5.2.4 Experimental Results and discussions
As presented in Table 5.1, XLM-T consistently outperforms other models in Arabic
sentiment classification, achieving the highest F1-scores across various feature
combination strategies. This superior performance is largely attributable to the
architecture of XLM-T, which is well-suited for capturing semantic relationships
between text pairs. Among the evaluated fusion strategies, the Weighted Sum
approach yielded the best results, surpassing Concat, Gating, and text-only
combining methods. AraBERT-based models displayed variable performance, while
Arabic-ALBERT models generally exhibited lower effectiveness. These findings
confirm that the integration of multimodal data significantly enhances Arabic
sentiment analysis performance compared to using only textual data.
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5.3 Experimental analysis of Multi-task learning
for multi-dialect Arabic sentiment classifica-
tion and sarcasm detection

In this study, both single-task and multi-task learning (MTL) paradigms were
examined using state-of-the-art pre-trained Arabic language models, including
AraBERT, MARBERT, and AraELECTRA. MTL architecture was explored by
leveraging diverse datasets and pre-trained models during the training phase, aiming
to evaluate its effectiveness in enhancing performance across related tasks such
as sentiment classification and sarcasm detection.

5.3.1 Datasets
Data collection is a critical component of machine learning, often requiring
substantial time and resources, with no guaranteed assurance of its direct relevance
to the intended task. In this study, we utilize three benchmark datasets that are
integral to the development and evaluation of the proposed framework: ArSarcasm,
ArSentD-Lev, NADI, and ASTD datasets.

ArSentD-Lev is a sentiment-labeled Arabic Twitter dataset focused on the
Levantine dialect [108]. It comprises 4,000 tweets annotated for sentiment, topic,
and sentiment target. The dataset presents significant linguistic and contextual
challenges due to its coverage of diverse domains such as politics, religion, sports,
entertainment, and personal topics. Tweets were systematically collected to ensure
balanced representation across four Levantine countries: Syria, Jordan, Lebanon,
and Palestine. A detailed summary of the dataset’s characteristics is provided
in Table 5.2.

Table 5.2: Details of the different annotations of the ArSentD-Lev dataset.

Topic Sentiment Expression

Sports 12.12% Positive 20.1% Explicit 73.6%

Religions 9.83% Very positive 10.7% Implicit 4.3%

Personal 32.6% Very negative 16.3% None 22.1%

Politics 37.63% Negative 30.8%

Entertainment 4.35% Neutral 22.13%

The Arabic Sentiment Tweets Dataset (ASTD) [97] is a substantial annotated
corpus comprising 10,006 tweets primarily sourced from Egyptian Arabic. The
tweets are categorized into four sentiment classes: Positive, Negative, Neutral,
and Mixed. This dataset is particularly valuable for advancing Arabic sentiment
analysis. It captures the nuanced linguistic expressions and sentiment cues present
in dialectal Arabic across a wide array of topics.
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The ArSarcasm dataset [149] consists of approximately 10,547 manually
annotated Arabic tweets, curated for the dual tasks of sarcasm detection and
sentiment analysis. Annotations were performed by native arabic speakers, with
sarcasm labels divided into sarcastic and non-sarcastic categories, wheras sentiment
labels classified as positive, negative, or neutral. This dataset was constructed by
re-annotating entries from previously established corpora, including ASTD [97] and
SemEval 2017 [157]. Additionally, it includes dialect annotations to enhance its
utility in dialect-specific analysis. A detailed summary of the dataset’s structure
and annotation schema is presented in Table 5.3.

Table 5.3: Details of the different annotations of the ArSarcasm dataset.

ArSarcasmsarcasm ArSarcasmsenti

Dialect Non-Sarcastic Sarcastic Negative Neutral Positive Total

MSA 6,431 631 1,893 42,01 968 7,062

Levantine 433 118 239 178 134 551

Egyptian 1,584 799 1,179 733 471 2,383

Gulf 397 122 200 218 101 519

Maghrebi 20 12 18 10 4 32

Total 8,865 1,682 3,529 5,340 1,678 10,547

The Nuanced Arabic Dialect Identification (NADI) dataset [158] comprises a
large collection of Arabic tweets annotated with arabic Country and Provinces
labels. Developed as part of the NADI shared tasks, this dataset serves as a pivotal
resource for advancing research in Arabic dialect identification. It spans tweets
from 21 Arab countries and 100 provinces, rendering it the most extensive and
granular Arabic dialect corpus to date. For the purposes of this study, we labeled
the dataset with the respective dialects to support dialect identification experiments.
A detailed overview of the NADI dataset is provided in Table 5.4.
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Table 5.4: Details of the different annotations of the NADI dataset.

Country Name Provinces Total % Dialect

Algeria 7 2,214 7.15 Maghrebi

Bahrain 1 238 0.77 Gulf

Djibouti 1 271 0.88 Djiboutian

Egypt 21 6,635 21.43 Egyptian

Iraq 12 3,816 12.33 Levantine

Jordan 2 634 2.05 Levantine

Kuwait 2 592 1.91 Gulf

Lebanon 3 905 2.92 Levantine

Libya 5 1,6 5.17 Maghrebi

Mauritania 1 255 0.82 Maghrebi

Morocco 5 1,579 5.10 Maghrebi

Oman 6 1,615 5.22 Gulf

Palestine 2 624 2.02 Levantine

Qatar 2 399 1.29 Gulf

Saudi Arabia 10 3,455 11.16 Gulf

Somalia 1 312 1.01 Somalian

Sudan 1 312 1.01 Maghrebi

Syria 5 1,595 5.15 Levantine

Tunisia 4 1,122 3.62 Maghrebi

UAE 5 1,548 5.00 Gulf

Yemen 4 1,236 3.99 Gulf

Total 100 30,957 100 /

5.3.2 Data-Preprocessing
Pre-processing refers to the systematic transformation of raw data into a structured
and analyzable format suitable for machine learning algorithms. This step is often
indispensable in data mining and analysis pipelines, as it significantly enhances
the quality and accuracy of model outputs by reducing noise, standardizing input
formats, and ensuring data consistency [159].

In this framework, we employed the Python module “Arabert_preprocessing”,
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which offers a suite of functions specifically designed to preprocess Arabic dialectal
text for compatibility with AraBERT-based models. This module performs essential
linguistic normalization tasks, including diacritic removal, character normalization,
word segmentation, and sentence tokenization. It integrates the Farasa library
alongside the BertWordPieceTokenizer to generate input tensors optimized for
AraBERT encoders. These preprocessing steps are critical in mitigating the
morphological and orthographic complexity of Arabic, thereby enhancing the
downstream performance of sentiment analysis models [160].

5.3.3 Evaluation Metrics
We measures the performance of the recommended framework using the following
standard indicators.

a. Accuracy is a common evaluation metric for classification models. As given in
Eq. 5.2 it measures the ratio of correct predictions to the total number of predictions.

Accuracy = (TN + TP )
(TN + TP + FN + FP ) (5.2)

b. A useful measure called F1-Score that can evaluate two classifiers. It combines
both recall and precision into one metric as given in Eq. 5.3.

F1− Score = 2× (Recall × Precision)
(Recall + Precision) (5.3)

Where Precision measures how often the model correctly identifies the positive
class. It refers to the ratio of true positive cases out of all predicted positive cases,
which includes false positives (FP) and true positives (TP), as stated in Eq. 5.4.

Precision = TP

(FP + TP ) (5.4)

Recall reflects how well a model identifies all the positive instances in a dataset. It
is also called sensitivity. The calculation involves dividing the count of true positives
(TP) by the total of true positives (TP) and false negatives (FN), as given in Eq. 5.5.

Recall = TP

(FN + TP ) (5.5)
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5.3.4 Experimental settings
The experiments were conducted using Google Colab Pro [161], equipped with an
NVIDIA A100 GPU (40 GB VRAM), 32 GB of RAM, and approximately 100 GB
of storage. Model implementation and training were carried out using the PyTorch
deep learning framework [162]. The dataset was divided into three subsets: 80%
for training, 10% for validation, and 10% for testing. The evaluation set helps in
adjusting parameters and making iterative improvements. While the test set provides
an unbiased assessment of the model’s final capabilities. By using 80% of the data
for training, we ensure the model has ample exposure to a wide range of examples,
which enhances its ability to generalize to new, unseen data. We also fine-tuned
the Multi-Task Learning (MTL) model by optimizing both shared and task-specific
layers. This was achieved through the careful selection of key hyperparameters.
All transformer-based models were configured with a maximum input sequence
length of 512 tokens. The learning rate was set to 2× 10−5 and optimized using
the Adam optimizer [163]. Batch sizes ranged between 16 and 32, depending on the
model and GPU memory constraints. A dropout rate of 0.1 was applied to mitigate
overfitting. Each model underwent end-to-end training for an average of 5 to 10
epochs, ensuring robust convergence and improved generalization performance.

5.3.5 Comparison details
To evaluate our findings, we developed distinct baseline models for each task in
one scenario for single-task model comparison, and additional comparisons that
integrate all tasks in other scenarios for multi-task learning model assessment.

Single task models

In this experiment, we compare the performance of transformer models, including
AraBERT, MARBERT, and ARAELECTRA, on the specified datasets as single-
task learning models.

MTL models

Experiments shown in Tables 2.6, 2.7, 2.8, and 2.9 illustrate the performance of our
proposed models in comparison to baseline models, based on tasks (binary, ternary,
and quaternary combinations) as MTL models on the specified datasets.

5.4 Results and discussion
We organized our experiments into four distinct series. In Experimental Series 1, we
evaluated single-task learning (STL) models to establish baseline performance.
Experimental Series 2 investigated the efficacy of multi-task learning (MTL)
by exploring binary, ternary, and quaternary task configurations, as detailed
in Tables 2.6 to 2.8. This series specifically aimed to assess the influence of
Arabic sarcasm detection on sentiment classification performance. Furthermore, we
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integrated Arabic dialect identification as an auxiliary task to enhance the overall
performance of the proposed models on both sentiment and sarcasm detection
tasks. In Experimental Series 3, we benchmarked our top-performing model, as
presented in Table 2.9, which achieved the highest F1-score and precision across
all evaluated datasets, against state-of-the-art methods reported in the existing
literature. Finally, in the last experimental series, we assessed the generalizability of
our best-performing models by applying them to a distinct dataset ASTD, as shown
in Table 2.10—to further validate and reinforce the robustness of our findings. The
configuration details of the evaluated model are as follows: MARBERT, Arabertv2-
large, and ARAELECTRA: are a single task models fine-tuned on all four datasets.
Other models: are Multi-Task Learning models with Arabert v2-large utilized
in the shared part and the mentioned datasets on the specific-task part. The
details are shown in Table 5.5.
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Table 5.5: Setup details of our MTL models.

Type Model Shared-Part Task-specific Part

Binary

MTLBinary1 Arabertv2-
large

ArSarcasmsenti

NADI

Sentiment classification

Dialect detection

MTLBinary2 Arabertv2-
large

ArSentD-Lev

NADI

Sentiment classification

Dialect detection

MTLBinary3 Arabertv2-
large

ArSarcasmsenti

ArSarcasmsarcasm

Sentiment classification

Sarcasm detection

MTLBinary4 Arabertv2-
large

ArSentD-Lev

ArSarcasmsarcasm

Sentiment classification

Sarcasm detection

Ternary

MTLTernary1 Arabertv2-
large

ArSarcasmsenti

NADI

ArSarcasmsarcasm

Sentiment classification

Dialect detection

Sarcasm detection

MTLTernary2 Arabertv2-
large

ArSentD-Lev

NADI

ArSarcasmsarcasm

Sentiment classification

Dialect detection

Sarcasm detection

MTLTernary3 Arabertv2-
large

ArSentD-Lev

ArSarcasmsenti

NADI

Sentiment classification

Sentiment classification

Dialect detection

MTLTernary4 Arabertv2-
large

ArSarcasmsarcasm

ArSarcasmsenti

ArSentD-Lev

Sarcasm detection

Sentiment classification

Sentiment classification

Quaternary MTLQuaternary Arabertv2-
large

ArSarcasmsarcasm

ArSarcasmsenti

ArSentD-Lev

NADI

Sarcasm detection

Sentiment classification

Sentiment classification

Dialect detection

5.4.1 Experimental series 1
In this scenario, we evaluated single-task learning baseline models across the
aforementioned datasets to identify the model that consistently yields the highest
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performance for integration into our proposed methodology. As shown in Table 5.6,
AraBERTv2-large demonstrated superior accuracy across all evaluated datasets
when compared to other baseline models. The only exception was observed in
the ArSarcasmsarcasm (sarcasm specific-task), where ARAELECTRA outperformed
AraBERTv2-large. This result may be attributed to the ARAELECTRA’s smaller
size and reduced number of parameters, which contribute to faster training times
and a lower risk of overfitting.

Table 5.6: Evaluation of single-task learning models. Best results are shown in bold.

ArSarcasmsenti ArSarcasmsarcasm ArSentD-
Lev

NADI

SC SD SC DI

Model Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

MARBERT 74.88 70.81 85.21 72.52 55.25 51.65 82.00 82.00

Arabertv2-large 75.83 72.89 85.97 73.29 58.75 57.50 83.00 82.93

ARAELECTRA 75.36 70.62 86.07 73.92 58.00 45.93 77.75 77.41

5.4.2 Experimental series 2
In this scenario, we conducted experiments with several multi-task learning (MTL)
models, utilizing AraBERTv2-large as the shared encoder across tasks. Table 5.7
presents the results for four different task pair combinations. The table shows that
the MTLBinary3 and MTLBinary4 configurations achieved the highest performance
on both sentiment classification (SC) and sarcasm detection (SD) tasks. This
improved performance can be attributed to the suitability of the ArSarcasm and
ArSentD_Lev datasets.

Table 5.8 presents the results obtained from four configurations involving the
Ternary of task combinations. Among these, the MTLTernary3 model demonstrates
the highest performance, achieving an accuracy of 77.06% on the ArSarcasmsenti

dataset and 61.50% on the ArSentD-Lev dataset. This performance gain is primarily
attributed to the dialectal variation correction facilitated by the inclusion of the
NADI dataset (dialect identification specific task). The dialectal differences between
ArSentD_Lev and ArSarcasmsenti, compounded by the constrained lexical coverage
of existing Arabic language models, are effectively mitigated through this auxiliary
task. Consequently, the model benefits from enhanced generalization and improved
cross-dialectal sentiment classification.

The MTLTernary4 model reported the highest F1-score across both
ArSarcasmsenti and ArSentD_Lev, achieving 73.44% and 58.67%, respectively.
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Additionally, it exhibited superior performance on the ArSarcasmsarcasm task,
with an accuracy of 86.16% and an F1-score of 74.53%. These results affirm
the model’s ability to benefit from shared learning signals across interrelated
sentiment and sarcasm tasks.

Further, Table 5.9 presents the results of the MTLQuaternary model, which
integrates all four tasks. This configuration achieved an F1-score of 72.94% on
the ArSarcasmsenti task, outperforming single-task models such as ARAELECTRA
and AraBERTv2, as previously shown in Table 5.6. On the ArSentD-Lev dataset,
MTLQuaternary also surpassed the ARAELECTRA baseline, obtaining an F1-
score of 54.61%.

These results validate the efficacy of the proposed MTL approach in leveraging
both global and task-specific contextual representations via shared and task-specific
parts. By learning across multiple datasets and tasks, the MTL models significantly
enhance generalization capability, classification accuracy, and computational
efficiency compared to their single-task models.

Table 5.7: Performance of Binary-task learning models. Best results are shown in bold.

ArSarcasmsenti ArSarcasmsarcasm ArSentD-
Lev

NADI

SC SD SC DI

Model Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

MTLBinary1 76.59 73.15 - - - - 82.75 82.70

MTLBinary2 - - - - 61.25 57.51 82.75 82.69

MTLBinary3 77.63 73.96 86.26 76.39 - - - -

MTLBinary4 - - 87.77 76.42 61.75 59.46 - -
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Table 5.8: Performance of Ternary-task learning models. Best results are shown in bold.

ArSarcasmsenti ArSarcasmsarcasm ArSentD-
Lev

NADI

SC SD SC DI

Model Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

MTLTernary1 74.98 72.78 85.59 73.35 - - 61.50 59.25

MTLTernary2 - - 85.88 72.34 59.69 55.78 59.25 56.23

MTLTernary3 77.06 73.14 - - 61.50 56.68 82.75 82.71

MTLTernary4 76.21 73.44 86.16 74.53 60.31 58.67 - -

Table 5.9: Performance of quaternary-task learning models

ArSarcasmsenti ArSarcasmsarcasm ArSentD-
Lev

NADI

SC SD SC DI

Model Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

MTLQuaternary 72.94 72.94 87.01 74.55 57.25 54.61 61.50 59.63

5.4.3 Experimental series 3
This study illustrates our top-performing model, distinguished by its superior
F1-score and precision across all employed datasets, with contemporary state-
of-the-art models.

As presented in Table 5.10, the multi-task learning (MTL) models consistently
outperform the single-task learning (STL) models in both F1-score and accuracy on
the ArSarcasm and ArSentD-Lev datasets. Notably, MTL models trained with two
dataset-task pairs demonstrated enhanced performance relative to those trained on
three or four tasks. This performance differential may be attributed to the effects of
data imbalance, which can adversely influence model optimization and generalization
across heterogeneous tasks. The findings demonstrate that training a multi-task
learning (MTL) model on a unified task type, such as sentiment classification using
multiple datasets characterized by diverse dialects, contextual domains, and class
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distributions, can significantly enhance the contextual representations learned by pre-
trained language models and yield superior outcomes than training on a single task.

However, on the NADI dataset which is used for dialect identification tasks,
the single-task learning (STL) model specifically AraBERTv2 has demonstrated
marginally superior performance compared to the multi-task learning (MTL)
configurations.

This outcome can be attributed to several factors. One prominent issue is
negative transfer or task interference, wherein the joint training of multiple tasks
results in mutual degradation of performance rather than helping performance.
Additionally, task dominance may occur in MTL settings, whereby tasks that are
inherently easier to learn such as sentiment classification or sarcasm detection
receive disproportionately more attention from the shared model capacity, thus
overshadowing more complex tasks like dialect identification. Another critical factor
is label granularity. Dialect identification involves fine-grained classification across
a large number of closely related dialects, whereas sentiment and sarcasm detection
tasks often rely on more coarse-grained labels (e.g., positive/negative/neutral/very
positive/very negative or sarcastic/non-sarcastic). This disparity may lead to
representation dilution, wherein the shared parameters in the MTL architecture
become biased toward learning more generalized representations that are less
effective for subtler distinctions required in dialect classification. In contrast, a
single-task learning (STL) model such as AraBERTv2, when trained exclusively on
the dialect identification task, retains its full model capacity for learning the fine-
grained linguistic distinctions necessary for accurate classification. This dedicated
focus allows the model to capture subtle phonological, morphological, and lexical
variations across dialects, thereby yielding superior performance relative to MTL
configurations.

Nevertheless, our findings do not suggest that multi-task learning (MTL) is
universally optimal across all tasks. Instead, underscore its effectiveness in enhancing
sentiment classification, particularly through the shared representations derived
from related tasks such as sarcasm detection, which mutually reinforce each other’s
performance. Figure 5.1 demonstrates the impact of incorporating sarcasm detection
as an auxiliary task on sentiment classification within multi-task learning (MTL)
models, compared to single-task learning (STL) models. The results clearly show
that most MTL models outperform STL models in sentiment classification, attaining
an F1-score of 73.96% and an accuracy of 77.63% on the ArSarcasmsenti dataset,
and achieving an F1-score of 59.46% and an accuracy of 61.75% on the ArSentD-
Lev dataset. Moreover, for sarcasm detection, the top-performing MTL model
significantly surpasses all other models, registering an F1-score of 76.42% and an
accuracy of 87.77% on the ArSarcasmsarcasm dataset.
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(a)

(b)

(c)

Figure 5.1: Experimental results of sarcasm detection and Arabic sentiment classification
tasks using different variety of models. (a) Evaluation of the models on ArSarcasmsenti

dataset. (b) Evaluation of the models on ArSentD-Lev dataset. (c) Evaluation of the
models on ArSarcasmsarcasm dataset.
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Table 5.10: Comparison of our best models with the state-of-the-art models.

ArSarcasmsenti ArSarcasmsarcasm ArSentD-
Lev

NADI

SC SD SC DI

Model Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

Acc
(%)

F1
(%)

MARBERT [26] - 71.50 - 76.30 60.38 - - -

ARAELECTRA[58] - - - - - 57.20 - -

FreezeArabic-

BERT mini[164] - - 83.98 - - - - -

AraBERT[57] - - - - 59.40 - - -

hULMonA[165] - - - - - 51.10 - -

AraBERT with

Ar-PuFi
Training[166]

- - - 76.00 - - - -

Arabertv2 75.83 72.89 85.97 73.29 58.75 57.50 83.00 82.93

ARAELECTRA 75.36 70.62 86.07 73.92 58.00 45.93 77.75 77.41

MTLBinary3 77.63 73.96 86.26 76.39 - - - -

MTLBinary4 - - 87.77 76.42 61.75 59.46 - -

MTLBinary1 76.59 73.15 - - - - 82.75 82.70

MTLBinary2 - - - - 61.25 57.51 82.75 82.69

MTLTernary3 77.06 73.14 - - 61.50 56.68 82.75 82.71

MTLTernary4 76.20 73.44 86.16 74.53 60.31 58.67 - -

MTLQuaternary 72.94 72.94 87.01 74.55 57.25 54.61 61.50 59.63
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5.4.4 Experimental series 4
To strengthen the conclusions of this study, our best performing models for sentiment
classification and sarcasm detection were additionally evaluated on an external
benchmark dataset, the Arabic Sentiment Tweets Dataset (ASTD) [97]. Table 5.11
summarizes the performance results of the binary-task learning models on ASTD.
The results indicate that multi-task learning (MTL) models consistently outperform
single-task learning (STL) models with respect to both F1-score and accuracy
across the evaluated dataset. This enhancement is primarily attributed to the
capacity of MTL models to mitigate overfitting during training by enabling the
model to generalize better through shared learning. Furthermore, the incorporation
of sarcasm detection significantly contributed to improved sentiment classification
performance within the MTL framework, and vice versa, highlighting the mutual
benefits of task synergy.

Table 5.11: Performance of Binary-task learning models on ASTD dataset. Best results
are shown in bold.

ASTD

Model Acc
(%)

F1
(%)

mBERT [154] - 46.30

AraBERT [57] - 57.50

Arabertv2 71.80 56.46

MTLBinary3 72.00 57.77

MTLBinary4 75.00 59.07

5.5 Conclusion
This chapter presented an extensive evaluation of two complementary approaches
aimed at improving Arabic sentiment analysis: the integration of tabular features
with textual inputs (Enhancing Arabic Sentiment Analysis through Multimodal-
Toolkit), and the application of multi-task learning (MTL) for (Multi-Dialect Arabic
Sentiment classification and Sarcasm Detection). The experimental findings reveal
several key insights regarding the effectiveness of these strategies in advancing
performance across dialectal Arabic datasets.

First, the incorporation of tabular features such, as numerical and categorical
data, demonstrated clear benefits when combined with transformer-based textual
encoders. Notably, the XLM-T model, when paired with the Weighted Sum
combination method, consistently achieved superior results, indicating that well-
designed feature integration can enrich semantic representations and mitigate
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limitations associated with text-only modeling. This finding emphasizes the
importance of multimodal learning in capturing nuanced linguistic patterns within
Arabic dialects, particularly the Levantine dialect.

Second, the MTL experiments confirmed that learning multiple related tasks
simultaneously can lead to improved generalization and performance, particularly
in sentiment classification and sarcasm detection. The shared representation space
facilitated knowledge transfer between tasks, allowing the model to learn more
robust and context-aware features. However, challenges such as task interference and
representational imbalance were also observed, especially in the dialect identification
task, suggesting that task compatibility and data characteristics are critical factors
in MTL design.

In conclusion, both studies highlight the significance of enriched input represen-
tations and multi-objective learning frameworks in advancing the effectiveness of
pre-trained language models for Arabic sentiment analysis. While each approach
contributes unique strengths, their integration presents a promising direction for
future research. Specifically, incorporating structured tabular features within multi-
task learning architectures may further optimize model performance across diverse
and linguistically rich Arabic datasets.
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Chapter 6

General Conclusion and Future
Work

6.1 General Conclusion
This dissertation investigated the complexities of Arabic sentiment analysis and
proposed advanced deep learning approaches to improve classification performance in
the presence of dialectal variation, morphological richness, and contextual ambiguity.
The research was grounded in a comprehensive exploration of sentiment analysis
methodologies, from traditional lexicon-based and machine learning approaches to
modern transfer learning frameworks, particularly those employing transformer-
based architectures. The focus on Arabic language processing highlighted the
challenges unique to the language such as dialectal fragmentation, scarcity of
annotated datasets, and the presence of sarcasm and demonstrated the need for
innovative solutions tailored to these constraints.

Building on this foundation, two new methodologies were proposed and evaluated.
The first introduced a multimodal architecture that integrates textual, categorical,
and numerical features using the ArsenTD-Lev dataset. This approach demonstrated
the effectiveness of combining tabular data to capture nuanced sentiment patterns,
particularly in dialectal contexts. The second contribution employed a Multi-Task
Learning (MTL) framework for simultaneous sentiment classification, sarcasm
detection, and dialect identification. This architecture capitalized on shared
linguistic representations to improve generalization across tasks, confirming the
interrelated nature of sentiment and sarcasm in Arabic textual data.

The experimental analyses conducted in this study provided empirical validation
of both methodologies. Results indicated that multimodal integration significantly
improves sentiment classification performance compared to using text-only method.
Additionally, the MTL framework outperformed single-task models by leveraging
task interdependencies, although certain challenges such as task interference and
imbalanced data representation were observed. These findings underscore the
value of transfer learning paradigms and task-specific tuning in achieving robust
Arabic NLP systems.

This research contributes to the growing body of work in low-resource language
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processing by advancing methods that enhance model adaptability, generalization,
and contextual understanding. It lays the groundwork for future studies aiming to
scale Arabic sentiment analysis across dialects and tasks, providing methodological
insights and architectural innovations that can be extended to other under-resourced
languages.

6.2 Future Work
While this dissertation presents significant advancements in Arabic sentiment
analysis, several avenues remain open for future exploration and enhancement.
First, the multimodal architecture developed in this work can be further extended
to include additional modalities such as audio, image, or video content with different
datasets. These media forms are increasingly prevalent in social media and can
provide essential context for understanding sentiment, emotion, or sarcasm in user-
generated content. Extending the model to handle these diverse data types would
broaden its applicability to tasks such as multimodal emotion recognition, fake
news detection, and cross-modal sentiment analysis.

Second, although the current Multi-Task Learning (MTL) framework demon-
strates improved performance across sentiment classification and sarcasm detection
further research is needed to mitigate issues related to task interference and negative
transfer. Future work could investigate adaptive weighting schemes or hierarchical
task modeling mechanisms to enhance cooperation among tasks.

A promising direction lies in the integration of structured tabular features
within the MTL framework. While this study separately evaluated multimodal
learning using tabular features and MTL using textual features, a unified model that
incorporates both could leverage the strengths of each modality. By enabling shared
and task-specific representations that jointly model text and tabular data, such
a system could better capture complex patterns across dialects and sentiment
expressions.

Additionally, future work should explore model interpretability and explain-
ability, particularly in real-world applications. As sentiment analysis systems are
increasingly used in domains such as healthcare, politics, and business intelligence,
understanding model decisions becomes essential. Methods such as attention
heatmaps and counterfactual examples tools adapted to Arabic NLP can increase
transparency and user trust in the deployed systems.

In conclusion, the integration of tabular features within a multi-task learning
framework presents an innovative frontier for Arabic sentiment analysis. Coupled
with advances in data augmentation, task optimization, and interpretability, these
future directions have the potential to build more robust, generalizable, and
contextually aware NLP systems for Arabic and other low-resource languages.
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