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Abstract

Sentiment analysis is a core task in Natural Language Processing (NLP), widely applied
in sectors such as digital marketing, politics, and customer feedback systems. However,
its application to Arabic dialects—particularly the Algerian dialect—remains challeng-
ing due to linguistic diversity, lack of standardized orthography, and the prevalence of
non-standard scripts like Arabizi. Existing works are often limited to Modern Standard
Arabic or fail to effectively capture dialect-specific nuances.

To address these limitations, this work proposes a late fusion architecture that com-
bines contextual embeddings from two complementary pre-trained models: DziriBERT,
specialized for Algerian dialect, and MARBERT, trained on a broad set of Arabic di-
alects. The fused representations are then passed to a BiLSTM classifier, selected for
its strong capacity to capture sequential context.

Experiments conducted on two real-world datasets—Djezzy and BrandDZ—demonstrated
the effectiveness of this approach. The BiLSTM-based late fusion model achieved ac-
curacies of 0.83% , respectively, These results confirm that integrating dialectal and
broader Arabic representations, along with appropriate sequence modeling, leads to
more robust and reliable sentiment classification for under-resourced dialects such as
Algerian Arabic.

Keywords: NLP, Sentiment analysis, Algerian dialect, Arabic dialects, Late fusion,
Arabizi
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Résumé

L’analyse des sentiments est une tache fondamentale du traitement automatique du
langage naturel (TALN), largement utilisée dans des domaines tels que le marketing
digital, la politique et les systemes de retour client. Toutefois, son application aux di-
alectes arabes—en particulier le dialecte algérien—reste difficile en raison de la diversité
linguistique, de ’absence de normes orthographiques, et de 'utilisation fréquente de
scripts non standard comme 1’Arabizi. Les travaux existants sont souvent limités a
I’arabe standard moderne ou ne parviennent pas a saisir efficacement les spécificités
des dialectes.

Pour répondre a ces limites, ce travail propose une architecture de fusion tardive
combinant les représentations contextuelles de deux modeles préentrainés complémen-
taires : DziriBERT, spécialisé dans le dialecte algérien, et MARBERT, entrainé sur
un ensemble large de dialectes arabes. Les représentations fusionnées sont ensuite
transmises a un classifieur BiLSTM, choisi pour sa capacité a capturer le contexte
séquentiel.

Les expériences menées sur deux jeux de données réels—Djezzy et BrandDZ—ont
démontré l'efficacité de cette approche. Le modele basé sur la fusion tardive avec
BiLSTM a atteint des précisions de 0,83% , Ces résultats confirment que l'intégration
de représentations dialectales et arabes diversifiées, associée a un modele séquentiel
adapté, permet une classification des sentiments plus robuste et fiable pour les dialectes
sous-ressourcés comme l’arabe algérien.

Mots-clés: NLP, Analyse de sentiment, Dialect Algérien,dialectes arabes, , Fusion

tardive, Arabizi
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General introduction

Over the past decade, the field of artificial intelligence has witnessed rapid advance-
ments, particularly in the branch of Natural Language Processing (NLP), which has
become a cornerstone in the development of intelligent applications capable of un-
derstanding and interpreting human language in a way that closely resembles human
comprehension. Among the vital applications of this field is sentiment analysis, which
aims to identify the emotional attitudes and impressions embedded in written or spoken
texts, and classify them as positive, negative, or neutral sentiments.

This application has found wide usage in various domains, including digital mar-
keting, service quality monitoring, opinion analysis on social media, and even in the
political arena to understand public orientations. Despite the significant successes
achieved in sentiment analysis for formal languages such as Modern Standard Arabic
and English, the processing of dialects—especially the Algerian dialect—still poses a
major challenge in this field.

This difficulty stems from the unique characteristics of the Algerian dialect, which
is distinguished by its multilingual roots, incorporating vocabulary and structures from
French, Amazigh, and Modern Standard Arabic. Additionally, the lack of standardized
and agreed-upon writing conventions results in significant variability in text represen-
tation. The scarcity of structured linguistic resources, such as labeled datasets and
dictionaries specific to Algerian dialect, also limits researchers’ ability to develop ac-
curate and efficient models.

The importance of this work lies in addressing the challenges of sentiment analy-
sis in texts written in Arabic dialects, particularly Algerian Arabic. To this end, the
project proposes an innovative hybrid approach based on late fusion of representations
extracted from two advanced language models: DziriBERT, specifically trained on
Algerian dialectal texts, and MARBERT, designed to handle the diversity of Arabic
dialects. These representations are integrated within a BiLSTM-based classification
architecture, which is well-suited for capturing contextual dependencies in text. This
setup aims to enhance the model’s ability to accurately distinguish between different
sentiment categories in a linguistically non-standard and complex environment.
Empirical experiments have demonstrated the superiority of this approach over many

traditional and modern models, opening promising prospects for the development of



more specialized and reliable sentiment analysis tools for the Algerian dialect.

This work is structured into three chapters.

The first chapter introduces key concepts in Natural Language Processing (NLP),
focusing on the Arabic language and the unique challenges of processing the Algerian
dialect.

The second chapter reviews existing research in sentiment analysis, covering both
traditional and deep learning methods, with attention to dialectal Arabic advance-
ments.

The third chapter outlines the proposed methodology, detailing data preparation,

model design, and experimental results.
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Chapter 1. Background

1.1 Introduction

Since machines can not handle human natural language, appears the necessity for
Natural language processing techniques. In this chapter we present the basic theoretical
principles of Natural language processing. We try to clarify and cover the subject
from different sides by defining every related aspect to the topic from the overall to
the detailed. Beginning with Natural language processing definition, branches and
Applications followed by a an overview about Arabic languages and it’s categories and

the difficulties of applying NLP techniques on the Arabic text.

1.2 Natural Language processing

1.2.1 Definition

Natural Language Processing (NLP) is a subfield of Artificial Intelligence (AI) that
draws from computational linguistics and focuses on modeling human language. NLP
enables computers to understand, interpret, and generate human language in both
spoken and written forms. This involves converting natural language into structured
data, allowing machines to perform tasks such as speech recognition, sentiment analysis,
and the generation of questions and responses.

NLP systems are often viewed as pipelines, consisting of multiple logical stages of
data processing. Natural language—such as English or Arabic—is the way humans
naturally communicate, having evolved through use and repetition. Unlike program-
ming languages, natural language can be spoken or written and is often ambiguous and
complex. Today, machines are increasingly capable of understanding and interacting
using natural language, as seen in technologies like Amazon’s Alexa, Apple’s Siri, and

Google Assistant.
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Figure 1.1: Position of NLP in AI [1].

Natural language processing exists since 1940s, at that time NLP systems were
implemented manually with code as a set of rules. Since 1990s most of the NLP
researches are relied on machine learning. This latter provides automatic learning by
using a huge amount of examples to build systems can deal with NLP, yet the biggest
advantage of Machine learning for NLP is the accuracy []

1.2.2 Historique du NLP

After World War II, early attempts at machine translation—such as the 1954 George-
town experiment—relied on simple grammatical rules, but proved limited in flexibility.
Alan Turing introduced the concept of the “universal machine” and the Turing Test.
Meanwhile, Noam Chomsky challenged rule-based approaches, laying the foundation
for formal language theory.

In the 1960s and 70s, symbolic NLP emerged, using more advanced rule-based
systems. Projects like ELIZA simulated human conversation. During the 1980s and
90s, researchers like Levesque introduced ontologies and began exploring statistical
methods.

With the rise of the internet in the 1990s and 2000s, probabilistic models like naive
Bayes and Support Vector Machines (SVMs) were combined with hand-crafted rules,
notably by search engines like Google. Tools such as NLTK and spaCy made it easier
to develop more advanced NLP systems.

From the 2000s onward, deep learning revolutionized NLP through word embed-
dings and neural networks. Models like RNNs, CNNs, and LSTMs became common
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for processing text sequences. The introduction of attention mechanisms—especially
through the landmark paper Attention is All You Need (2017)—]led to the development
of Transformers, which drastically improved performance.

In 2018, Google introduced BERT, a bidirectional Transformer model, later adapted
into French versions like CamemBERT and FlauBERT. Since then, increasingly pow-
erful models have emerged, including those by OpenAl such as Ada, Curie, Davinci,
and ChatGPT [E]

Expérimentation

1954 a Georgetown
1950:
Début du NLP 1957  Bag-of-words
1966 ELIZA: 1¢ chatbot
1972 Invirsedocument
1960 - 1970: requency
NLP symbolique
1977 N-gram

Systéme basé sur
des cadres

-
=

1986

2010-2023:
Essor du Deep
learning

Figure 1.2: Historique du NLP [2].
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1.2.3 NLP branches

We can define two aspects for NLP:

Natural Language Understanding (NLU) is a subfield of Natural Language
Processing (NLP) that analyzes components of speech to help computers understand
and interpret human language. Through machine learning, NLU models continuously
improve by learning to identify syntax, context, linguistic patterns, specific meanings,
sentiment, and user intent. This capability enables seamless human-computer interac-
tion []

Natural Language Generation (NLG) | on the other hand, involves the use of
artificial intelligence to automatically produce written or spoken content from struc-
tured data. This allows chatbots to access internal or third-party data sources and

generate meaningful responses based on the retrieved information []

1.2.4 NLP in action

Evaluation &
Optimization

Figure 1.3: NLP in action [4].



Chapter 1. Background

Text input and data collection

In Natural Language Processing (NLP), text input and data collection are fundamental
steps, as they provide the raw material needed to train language models. This data
is gathered from various sources such as social media, forums, emails, and documents.
Data collection goes beyond simply inputting text—it involves structured methods like
web scraping, database querying, and extracting user-generated content from online
platforms. The quality and diversity of the collected data directly impact the effec-
tiveness of NLP models, enabling them to understand dialects, slang, and specialized
vocabulary. A thorough and diverse data-gathering process improves the performance
of NLP applications such as chatbots, translation systems, and sentiment analysis
tools [4].

Text preprocessing

Text preprocessing is a vital step in NLP that prepares raw text for effective analysis
and modeling. It begins with tokenization, which breaks the text into smaller units
like words or phrases. This helps NLP algorithms better process the text. The next

ERTE
1

step is removing stopwords—common words like "the,” ”is,” and ”"and”—to focus on
more meaningful content. Additional techniques include stemming and lemmatization,
which reduce words to their base or dictionary forms, helping standardize and simplify
the text.

Other preprocessing tasks include converting text to lowercase, removing punctu-
ation, special characters, and extra spaces, all of which contribute to consistency and
cleaner data. These steps improve the quality of the input, allowing NLP models to per-
form tasks such as classification, sentiment analysis, and translation more accurately

and efficiently [4].

Text representation

Text representation in NLP is the process of converting raw text into structured, nu-
merical formats that machine learning models can interpret. One basic method is Bag
of Words (BoW), which represents text by word counts or frequencies, ignoring word
order. While simple and efficient, BoW often results in high-dimensional and sparse
data.

An improvement over BoW is TF-IDF (Term Frequency-Inverse Document Fre-
quency), which assigns weights to words based on their importance within a document
and across a corpus, helping highlight meaningful terms while downplaying common
ones.

More advanced methods include word embeddings like Word2Vec and GloVe, which

map words into continuous vector spaces and capture semantic relationships between



Chapter 1. Background

them. These vectors allow models to understand word meanings based on usage.

The most recent advancement is contextual embeddings from models like BERT,
which generate dynamic word vectors based on the context in which words appear.
This allows for a deeper understanding of language and improves performance in tasks

like named entity recognition, question answering, and machine translation [4].

Feature selection

Feature selection in NLP is essential for improving the performance and efficiency of
machine learning models by identifying the most relevant features from text data. It
begins with filter-based methods like chi-square tests and mutual information, which
rank features independently using statistical measures.

Next, wrapper-based methods evaluate different subsets of features during model
training to find the best combination based on performance metrics such as accuracy
or F1 score. While more accurate, these methods are computationally intensive.

Embedded methods combine the advantages of both filter and wrapper techniques
by integrating feature selection directly into the model. Examples include LASSO
regression and decision trees, which automatically reduce or eliminate less important
features during training.

By focusing on the most meaningful features, these methods reduce noise and com-
putational load, enhancing model accuracy in tasks like sentiment analysis, topic mod-

eling, and machine translation [4].

Model selection training

Model selection and training are critical steps in NLP that greatly influence the success
of tasks like classification, regression, or sequence prediction. The process begins with
choosing an appropriate model based on the task’s complexity and data characteris-
tics. Simpler models like logistic regression may suffice for basic tasks, while advanced
models like BERT or GPT are better suited for complex, context-rich applications.

Once a model is selected, training involves feeding it preprocessed text data to learn
patterns and relationships. The dataset is typically split into training, validation, and
test sets to ensure robust learning and generalization. During training, the model uses
a loss function to measure error and applies gradient descent to optimize performance.

An essential part of training is hyperparameter tuning, which adjusts elements like
learning rate, batch size, or network depth to enhance performance. Techniques like
grid search or random search are used to find the best settings.

Finally, model evaluation uses metrics such as accuracy, precision, recall, and F1
score to assess how well the model performs on unseen data. A careful approach to

model selection, training, tuning, and evaluation helps build strong NLP systems that
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deliver accurate and meaningful results across various applications [{].

Model deployment inference

Model deployment and inference are the final stages in an NLP project, where the
trained model is moved into a production environment to handle real-time data and
generate predictions. Deployment involves setting up infrastructure like servers and
APIs to ensure the model is accessible, scalable, and can perform efficiently in real-
world applications.

Once deployed, the model performs inference, analyzing new data to produce out-
puts such as classifications, translations, or sentiment scores. This enables practical
use in tasks like customer support automation, content recommendation, or real-time
language translation.

To maintain performance, continuous monitoring is essential. Key metrics such as
response time and accuracy are tracked to detect issues and identify areas for improve-
ment. Over time, model updates and maintenance—including retraining with new
data—are necessary to adapt to evolving needs and ensure the model remains accurate
and effective.

By carefully managing deployment, inference, and ongoing updates, organizations
can fully leverage NLP models to enhance their applications and achieve strategic

goals [4].

Evaluation optimization

Assessment and refinement are essential steps in developing effective NLP models,
ensuring they meet performance goals and function reliably. Evaluation involves testing
the model using metrics such as accuracy, precision, recall, F1 score, and AUC-ROC
to measure how well it performs on tasks like classification or sentiment analysis. This
is typically done using a test set the model hasn’t seen before to fairly assess its
generalization ability.

Following evaluation, optimization aims to boost model performance by tuning hy-
perparameters (e.g., learning rate, batch size, number of layers) using techniques like
grid search, random search, or Bayesian optimization. Structural changes or regular-
ization may also be applied to prevent overfitting and improve generalization.

Another key part of refinement is feature engineering, which enhances input quality
by selecting or generating more informative features and reducing irrelevant ones, thus
improving prediction accuracy.

Finally, continuous monitoring and retraining are crucial once the model is de-
ployed, ensuring it stays accurate and effective as data changes over time. By combin-

ing thorough evaluation, ongoing optimization, and active maintenance, organizations

10
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can build robust NLP models that deliver reliable and actionable insights [{].

Iteration improvements

Iteration and improvement are key to building robust NLP models, enabling continu-
ous refinement through repeated cycles of training, evaluation, and adjustment. Each
iteration allows for testing changes in architecture, hyperparameters, or feature engi-
neering to identify what enhances performance.

Improvements are based on insights gained from experiments, helping correct weak-
nesses and meet evolving needs. This may involve adopting advanced techniques like
transformer models or contextual embeddings to better handle language complexity
and real-world challenges.

The iterative process also includes performance monitoring and user feedback to
detect issues such as performance drops or data shifts. Insights from end-users or
experts help tailor the model to practical needs, ensuring ongoing relevance.

By continuously learning from results and feedback, NLP models can adapt to new
challenges, maintain high accuracy, and stay effective in a variety of applications. This
feedback-driven, iterative approach ensures the model remains reliable, impactful, and

aligned with user expectations [4].

1.2.5 NLP Applications

Below are some applications of NLP [2]:

e Machine Translation: Machine translation systems, such as Google Translate
or DeeplL, use NLP to translate texts from one language to another. Some translators
are also capable of automatically detecting the input language.

e Automatic Text Generation: Large Language Models (LLMs) can generate
coherent and contextually relevant text based on a given prompt, opening possibilities
for creative writing, blog content, etc. Text generation is also used in virtual assistants
and chatbots.

e Sentiment Analysis: This is the process of classifying the emotional intent
of a text. Typically, the input of a sentiment classification model is a piece of text,
and the output is the probability that the expressed sentiment is positive, negative,
or neutral. Sentiment analysis is used, for example, to classify customer reviews on
various online platforms.

e Topic Modeling: This is a text analysis technique used to discover patterns
or latent themes within a corpus of documents. The goal of topic modeling is to
automatically extract topics or themes from large sets of unlabeled texts, without a
human having to predefine these themes. This is especially useful for recommending

documents based on an initial document and for identifying trends.

11
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e Text Classification: The most common use case is spam detection. This is a
widespread binary classification problem in the NLP field, aimed at classifying emails
as spam or not. Spam detectors take as input the text of an email as well as various
other subtexts such as the title and the sender’s name. They aim to determine the
probability that the email is spam. Email service providers like Gmail use such models
to improve user experience by detecting unsolicited and unwanted emails and moving
them to a designated spam folder.

e Grammatical Error Correction: Grammar correction models encode gram-
matical rules to correct the grammar of a text. This is mainly a sequence-to-sequence
task, in which a model is trained with an ungrammatical sentence as input and a cor-
rect sentence as output. Online grammar checkers like Grammarly and word processing
systems like Microsoft Word use these systems to offer a better writing experience to
their users.

e Text Summarization: This consists of shortening a text to highlight the most
relevant information.

e Speech Recognition: These are algorithms that can identify a speaker’s voice,
convert spoken words into text, and interpret the underlying meaning. Apple’s Siri and
Amazon’s Alexa are tools that use NLP to listen to user requests and find responses.
Many companies also integrate these models into their Customer Relationship Man-

agement (CRM) systems to improve the customer experience [2].

1.2.6 NLP advancements

Natural Language Processing (NLP) has a wide range of applications across numerous
fields. Search engines like Google, Bing, and Yahoo use NLP to interpret user queries,
index content, and rank results to deliver the most relevant information. Sentiment
analysis is employed to detect emotions or opinions in text—such as product reviews
or social media posts—helping businesses better understand customer feedback.

Chatbots and virtual assistants like Siri, Alexa, Google Assistant, and Cortana
rely on NLP to understand and respond to user requests in natural language. Machine
translation services such as Google Translate, Deepl., and Microsoft Translator utilize
NLP to translate text between languages accurately.

Text classification, another important application, involves categorizing text into
predefined categories and is widely used in spam filtering, document classification, and
automated tagging. Information extraction helps identify and extract key data from
text, such as through Named Entity Recognition (NER). Text summarization tools
create concise versions of longer texts, which is particularly useful for news articles and
reports.

Plagiarism detection tools like Turnitin and Grammarly use NLP to identify copied
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or paraphrased content in academic and professional documents. In healthcare, NLP
is used to analyze medical records and scientific literature for tasks like disease clas-
sification and clinical data extraction, supporting automated medical assistants and
enhanced patient care.

In the financial and business sectors, NLP assists in analyzing news articles, market
reports, and social media trends to forecast market movements. Recommendation sys-
tems on platforms such as Netflix, Amazon, and YouTube leverage NLP to understand
user behavior and deliver personalized content suggestions. NLP also plays a key role
in fake news detection by identifying and classifying misleading or false content.

Language learning applications like Duolingo use NLP to create customized exer-
cises and provide personalized feedback to learners. Additionally, in cybersecurity,
NLP is used to analyze logs and communications to identify threats and malicious
activities. These examples highlight the powerful and versatile role of NLP in trans-

forming and enhancing various industries [4].

1.3 Arabic language

Arabic language [5] is a Semitic language spoken by approximately 420 million peo-
ple. It is the official language in approximately 22 countries. Arabic is a broad term
that encompasses three distinct groups: classic Arabic, modern Standard Arabic and
dialectal Arabic.

1.3.1 Classic Arabic (CA)

is primarily defined as the Arabic used in the Qur’an and the earliest literature from
the Arabian peninsula, but it also serves as the foundation for much literature up to

the present day.

1.3.2 Modern Standard Arabic (MSA)

(Alfus’ha in Arabic) is the variety of Arabic that has been retained as the official
language in all Arab countries and as a common language. It is basically a modernized
version of classical Arabic. Standard Arabic is not the first language most Algerians
pick up. MSA is learned at school and through exposure to formal broadcast programs

(such as the daily news), religious practice, and newspapers.

1.3.3 Dialectal Arabic

Also known as colloquial Arabic or vernaculars are spoken dialects of Arabic. They are

not written, unlike classical Arabic and MSA. These dialects have a hybrid form with
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numerous variations. They are influenced by both ancient indigenous languages and
European languages such as French, Spanish, English, and Italian. The differences in
these dialects of spoken Arabic throughout the Arab world can be significant enough to
render them incomprehensible to one another. As a result of the significant differences
between dialects, we can regard them as distinct languages based on the geographical
location in which they are practiced. As a result, the majority of the literature describes

Arabic dialects from an east-west perspective [].

1.4 Algerian dialect (AD)

In Algeria, as in other places, spoken Arabic differs from written Arabic. Algerian
dialect has a vocabulary inspired by Arabic, but the original words have been phono-
logically altered, with many new words and phrases. loanwords from French, Turkish,
and Spanish. Like all Arabic dialects, Algerian Arabic has dropped the case endings
of the written language.

Algerian dialect is not used in schools, on television, or in newspapers, which typi-
cally use standard Arabic, English, or French, but is more likely to be heard in songs,
if not only in songs. Algerian houses and streets Algerian Arabic is widely spoken. The

vast majority of Algerians use it every day [6].

1.4.1 Characteristics of Algerian Dialect

Algerian Arabic is the language spoken in Algeria that is distinguished by a lack of
standardization and writing resources. It is regarded as a language with insufficient
resources. It is not the same as Modern Standard Arabic in any aspect of linguistic
representation, including morphology, syntax, lexicon, and phonology.

In this section, we present their most important characteristics [[7]:

Lexical characteristics : Like other Arabic dialects, the Algerian dialect has been
impacted over centuries by languages such as Berber, Spanish, French, Italian, and

Turkish.

Morphological characteristics : Algerian dialect also has different morphological
aspects, consisting essentially of a simplification of some inflections and the inclusion
of new clitics as follows:

- The casual endings in nouns and verbs mood are lost;

- The indicative mood is the one that is used as default unlike the other moods that

are not used;
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- The dual and the feminine plural vanished. And they have been absorbed into the
masculine plural;
- The first and second person of the singular form are conjugated in the same way,

for example, ;‘thank you/I ‘Skart

Orthographical characteristics : There are two causes for the orthographic vari-
ance in Arabic dialect word writing [g]:

-The absence of an orthographic standard due to the lack of codification and standard-
ization of Arabic dialects.

-The phonetic distinctions between the Algerian dialect (ALG) and MSA.

1.4.2 Difficulties of Arabic language processing

NLP plays a key role in the preparation stage for every Arabic language matter. When
applying NLP techniques to the Arabic language, several challenges appear beyond
what is expected for English. The Arabic language consists of 28 distinct characters
that are written from right to left. There are Arabic language features that are in-
herently challenging for Arabic NLP researchers and developers.These features include
the nonconcatenative nature of Arabic morphology, the absence of the orthographic
representation of Arabic short vowels from contemporary Arabic texts, and the need
for an explicit grammar of MSA that defines linguistic constituency in the absence of
case marking.

Another big issue with the Arabic script is that the letters change shape based on
their position in the text. The originality of the words is a final challenge; 85 percent
of Arabic words were formed from their roots [9]. Important aspects such as anaphoric

relations, subjectless sentences, and discourse analysis must be described.

1.5 Conclusion

Humans use natural language to communicate with each other. To achieve the goal
of understanding natural language by machines, natural language processing (NLP)
techniques were invented and developed.

Since NLP is the pillar domain to any text handling technique, in this chapter,
we focused on natural language processing by presenting a brief NLP definition and
its branches. In addition, we displayed a set of NLP applications. Then we defined
the Arabic language and its groups and also spotted the light on the Algerian dialect.

Finally, we mentioned some difficulties withArabic language processing.
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2.1 Introduction

As communication on the internet keeps growing, social media platforms have also
become powerful spaces where people can express themselves and influence millions of
other persons. This constant interaction has changed almost everything about life
such as social, political, commercial or cultural lives thus requiring sentiment analysis
to help understand dynamics in public opinions. In a famous quote from Edward
Bulwer-Lytton “The pen is mightier than the sword” he highlights the role played by
free speech. Even though this freedom encourages self-expression, there are fears that
if not properly used, these channels of communication may affect individual rights and
even societal norms.

Sentiment analysis has a special importance in multilingual settings and e-commerce
since customer sentiment understanding is vital for informed decisions and effective

strategies development.

2.2 Sentiment Analysis

2.2.1 Definition of Sentiment Analysis

Sentiment analysis (SA) , also known as Opinion mining (OM), is the computational
study of people’s beliefs, attitudes, and feelings concerning a subject. The object may
stand in for people, things, or subjects. Reviews are more likely to cover these subjects.
You can use either SA or OM interchangeably. They both convey the same notion.
On the other hand, several researchers claimed that SA and OM had rather different
ideas [[10].

Sentiment analysis finds and evaluates the sentiment expressed in a text, whereas
opinion mining gathers and examines people’s opinions about an object. As a result, the
goal of SA is to gather viewpoints, determine the emotions they convey, and categorize

their polarity .

2.2.2 Types of Sentiment Analysis

There Are so many types on Sentiment Analysis :

Graded Sentiment Analysis:

There are three main categories in sentiment analysis: positive, negative, and neutral.
However, sentiment analysis can also capture a broader range of emotions, such as

happiness, sadness, and anger, depending on the context and application needs. For
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instance, in e-commerce platforms, customer product reviews reflect sentiment. Con-
sider the review: ”"This product is great, delivered on time, and I'm very satisfied.” The

true sentiment or emotion expressed by the customer here is positive or happy []

® 9 @

M'p'E'xD'E'“-:'I'IDE The iJ'r.H.‘ll.II.'ti:- . .
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fantastic! KN

Figure 2.1: Sentiment analysis grades [11].

Emotion Detection :

On the other hand, emotion detection is the process of recognizing different kinds of

human emotions in text , images or audios, like anger, happiness, or depression. There

% N M

are instances when terms like “emotion detection,” "affective computing,” ”emotion

analysis,” and "emotion identification” are used interchangeably []

Figure 2.2: Emotion classes in sentiment analysis[11].

Multilingual sentiment analysis :

The birth of the Internet meant people started voicing their views on all sorts of things
like products, services, happenings, and politics through sites, blogs, and social me-
dia in myriad languages , So they added another type of sentiment analysis called ”
Multilingual sentiment analysis”. Analyzing opinions in multilingual texts is multilin-
gual sentiment analysis (MSA). This creates hurdles like language differences, cultural
nuances, linguistic subtleties, plus resource-constrained tongues lacking quality data.
Resource constrained languages suffer from a dearth of wellcurated or suitably tagged
data for effective use [@] .
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2.2.3 Sentiment Analysis Levels

To apply sentiment analysis we should define the text that will be analyzed in the case

of a study considered. Sentiment analysis can occur at generally three levels:

Document level: It determines the overall sentiment of a text (classifying a review as
positive, negative, or neutral). It works best when a single person writes the document

and expresses only one perspective on a single entity [[13].

Sentence level: it determines the polarity of each sentence contained in a text;
it usually involves subjectivity classification of the sentence (whether the sentence is
objective or subjective) and sentiment classification of subjective sentences (positive or

negative) [?].

Aspects/ Features level: It performs a more detailed analysis compared to other
levels. Based on the idea that an opinion consists of a sentiment and a target, it
identifies and extracts the features of an object that have been commented on by the
opinion holder and determines whether the opinion is positive, negative, or neutral.
This level of analysis enables the differentiation of aspects that are liked or disliked by
the authors of the texts, making it easier to identify potential areas for improvement
or treatment [13].

Sentiment analysis is extremely useful in social media monitoring because it pro-
vides an overview of the public’s opinion on certain topics. The ability to extract
insights from social web data is a practice that is widely adopted by companies around

the world; therefore, the use of sentiment analysis is both broad and powerful

2.3 Sentiment analysis methods

Generally, SA approaches can be divided into four categories: lexicon-based, traditional
machine-learning, deep-learning and hybridapproaches . Sentiment analysis approaches
are depicted in Fig 2.3 [14] .
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Dictionary-based approach
Lexicon-based

approaches

Corpus-based approach

Support vector maching
[SWhA)

Maive Bayes {NB)
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e Maximum entropy(ME)

— Decision tree (DT)

K-nearest neighbors {KNN)

Sentiment analysls methods —— ——  Loglstlc regression [LR)

———  Hybrid approaches

Convolutional neuwral
network (CMM)

Recurrent newral network
(RPN}

Deep learning-based

classifiers Gated recurrent unit [GRU)
Lang short term memaory
(LSTM)
Transformer-based models
| I i At Aspect-based sentiment

analysis [ABSA)

Transfer learning

Figure 2.3: Sentiment analysis methods[14]

2.3.1 Lexicon-based approach

Lexicon-Based or Subjective lexicons approach are collection of words where each word
has a score indicating the positive, negative, neutral and objective nature of text. In
this approach, for a given piece of text, aggregation of scores of subjective words is
performed i.e. positive, negative, neutral and objective word scores are summed up

separately. In the end there are four scores. Highest score gives the overall polarity of

the text []
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e Dictionary based approach

In this approach a set of opinion words are manually collected and a seed list is pre-
pared. Then we search for dictionaries and thesaurus to find synonyms and antonyms
of text. The newly found synonyms are added to the seed list. This process continues
until no new words are found. Disadvantage: difficulty in finding context or domain

oriented opinion words [[15].

e Corpus based approach

Corpus is collection of writings, often on a specific topic. In this approach, seed list is
prepared and is expanded with the help of corpus text.Thus it solves the problem of

limited domain oriented text. It can be done in two ways [15]:

Statistical approach: This approach is used to find co-occurrence words in the
corpus. Idea is that if the word appears mostly in positive text, then its polarity is

positive. If it mostly occur in negative text, then its polarity is negative .

Semantic approach: This approach calculates sentiment values by using the princi-
pal of similarity between words. Wordnet can be used for this purpose. Synonyms and

antonyms of given word can be found using this and sentiment value can be calculated.

2.3.2 Traditional machin learning classifiers

"Machine Learning is a field of study that gives computers the ability to learn without
explicitly being programmed.,” according to Arthur Samuel’s 1959 definition [16].

In general, machine learning is a relatively new use of artificial intelligence (AI)
that gives computers the capacity to autonomously learn from experience and get
better at it without explicit programming. The concept is to provide machines with
access to data so they can learn on their own. This is predicated on the machines’
ability to comprehend the structure of data and transform it into models that humans

can comprehend and use [17] .

Methods

Machine learning techniques are often categorized into two groups: Supervised Learning
for classification and regression, Unsupervised Learning for clustering . Additionally
machine learning methods include reinforcement learning and deep learning are two

more machine-learning techniques .
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Supervised Learning: The machine learning task of supervised learning involves
using sample input-output pairs to train a function that maps an input to an output.
From labelled training data, which consists of a collection of training instances, it infers
a function. The machine learning algorithms that require external aid are known as su-
pervised algorithms. The train and test datasets are separated from the input dataset.
An output variable from the train dataset needs to be categorized or forecasted. Every
algorithm picks up some sort of pattern from the training dataset and uses it to predict

or classify data from the test dataset [1§].

o Support vector machine (SVM) Support Vector Machines (SVM) are widely
used in sentiment analysis to classify text data based on sentiment, such as reviews,
social media posts, or comments. SVM works by finding the hyperplane that best
separates different classes in a high-dimensional feature space. In the context of sen-
timent analysis, these classes typically represent different sentiments such as positive,
negative, or neutral [19].

In the study ”Sentiment Analysis for Arabizi: Application to Algerian Dialect,”
the Support Vector Machine (SVM) algorithm played a key role in improving the
accuracy of sentiment analysis for texts written in the Algerian dialect using the Latin
alphabet (Arabizi). Thanks to its ability to handle high-dimensional data and nonlinear
classifications, SVM outperformed other algorithms such as Naive Bayes and Decision
Trees in classifying sentiments as positive, negative, or neutral. The results showed that
SVM achieved the best performance, with classification accuracy increasing from 76%
to 87% after applying preprocessing techniques, confirming its effectiveness in analyzing

non-standard texts and achieving more accurate and reliable classifications [20].

o Naive bayes (NB) Naive Bayes is a popular method for sentiment analysis, used
to automatically classify texts into positive, negative, or neutral categories. Based
on Bayes’ theorem, this algorithm assumes that the words in a text are independent
of each other, which simplifies the calculation of probabilities. It is often applied
to customer reviews, social media comments, or movie reviews. Its main advantage
is its speed and efficiency, even with large datasets. However, it can be improved
by integrating advanced natural language processing techniques to better capture the
context of words [21].

”Sentiment Analysis using Naive Bayes Algorithm” is an article that dis-
cusses the role of the Naive Bayes algorithm in sentiment analysis, where its success
rate ranges between 75% and 90%, depending on data quality and sample size. The
algorithm performs well with short and simple texts but may struggle with under-
standing complex expressions such as sarcasm. Its performance can be improved using

techniques like TF-IDF or word embeddings, yet it remains less accurate compared to
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more advanced algorithms like SVM or deep neural networks [21].

o Decision tree (DT) Decision Trees (DT) are widely used in sentiment analysis
to classify texts into categories such as positive, negative, or neutral. For instance, a
study applied DT algorithms to analyze movie reviews on IMDB and Twitter data,
achieving classification rates of 94.00 % and 82.76 %, respectively [22].

Another research compared several supervised learning algorithms, including Deci-
sion Trees, for sentiment classification in product reviews, demonstrating the effective-
ness of these models in detecting expressed sentiments [23].

These studies highlight the utility of Decision Trees in sentiment analysis, offering
clear interpretation and the ability to handle non-linear relationships between textual

data features.

o K- nearest neighbors (KNN) The k-Nearest Neighbors (KNN) algorithm is a
widely used method in sentiment analysis for classifying textual data, such as product
reviews, social media posts, and user comments. KNN operates on the principle that
similar data points are close to each other in the feature space.

In sentiment analysis, the process begins with feature extraction from the text, often
utilizing techniques like n-grams. These features are then used to train the KNN model,
which learns to associate specific feature sets with particular sentiments—positive,
negative, or neutral.

A study titled ”Sentiment Analysis Approach Based on N-gram and
KNN Classifier” explores this methodology by combining n-gram feature extraction
with KNN classification to analyze sentiments in Twitter data. The experimental
results demonstrate that this approach achieves good performance in terms of precision,
recall, and accuracy, outperforming other methods like the Support Vector Machine
(SVM) classifier in certain cases [24] .

o Logistic regression (LR) Logistic regression is commonly used in sentiment
analysis to classify texts into positive or negative categories. For example, one study
compared several machine learning algorithms, including logistic regression, to analyze
tweets in English, Filipino, and Taglish, and found that logistic regression had the best
accuracy with a rate of 81% [25].

Additionally, another research applied regularized logistic regression to online re-
views, achieving a true positive rate of 94.9 in sentiment classification [26] .

These studies demonstrate the effectiveness of logistic regression in sentiment anal-

ysis, especially when combined with appropriate text data preprocessing techniques.
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Unsupervised Learning : In unsupervised learning, the training data is unknown
and unlabeled, so the learning algorithm is left to find commonalities between its inputs
data. Without the aspect of known data, the input cannot be guided to the algorithm,
which is where the unsupervised term originates. Unsupervised learning goal is discov-
ering and modelling the hidden patterns, or the underlying structure in the given input
data, so as to learn about the data, which is fed to the learning algorithm and used to
train the model, that help to find features which can be useful for categorization. The
trained model tries to search for a pattern and give the desired response. As unlabeled
data are more numerous and obtainable than labeled data, machine learning methods
that facilitate unsupervised learning are particularly valuable. Otherwise, we cannot
get precise information, and the results are less accurate, because the input data is not
known and unlabeled by humans, the machine requires doing this itself. Unsupervised
learning is commonly used for transactional and preprocessing data, during exploratory

analysis, or to pre-train supervised learning algorithms [27].

Reinforcement Learning : Richard in [2§], defined reinforcement learning as the
learning of a mapping from situations to actions, to maximize a scalar reward or rein-
forcement signal. The learner is not told which action to take, as in the most forms of
machine learning, but instead must discover which action produces the highest reward
by trying them. Reinforcement Learning algorithms is a zone of Machine Learning
inspired by behaviorist psychology and biological learning systems . It deals with
learning via interaction and feedback; it solves tasks with trial and error by acting in
an environment and receiving rewards for it. Reinforcement learning contrasts with
other machine learning approaches in that the algorithm is not explicitly told how to
perform a task, but works through the problem on its own. It is about making decisions
sequentially, where the output depends on the state of the current input, and the next
input depends on the output of the previous input. Therefore, we do not give labels

to each decision but we give labels to sequence of dependent decisions .

2.3.3 Deep learning-based classifiers

By using a hierarchy of concepts, deep learning is a type of machine learning that lets
computers learn from experience and comprehend the world. The computer taught
itself how to handle and absorb data [29] .

It operates on a network of synthetic neurons that are modeled after the human
brain. The neurons in this network are arranged in tens or even hundreds of layers,
each of which receives and processes data from the layer above it [29].

Neural networks and deep learning differ in the depth of the model; deep learning

is a term for intricate neural networks. It has to do with feature extraction and trans-
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formation, which try to establish a connection between inputs and the corresponding
neural responses that the brain produces. Elaborate patterns of how information can
flow across the model confer complexity. The most popular deep learning algorithms
are : Convolutional Neural Network (CNN) ,Recurrent Neural Networks (RNN) , Long
short term memory Networks (LSTM)s [29].

« Concolutional neural network (CNN) Convolutional Neural Networks (CNN)
are widely used in sentiment analysis to extract local features from texts and improve
the accuracy of emotion classification. For example, one study demonstrated the ef-
fectiveness of CNNs by combining them with Bi-LSTM models to analyze customer
reviews, achieving significant accuracy in sentiment detection [30].

Another research applied CNNs to tweet data from the Weibo platform, achieving
an F1 macro-average score of about 0.73, highlighting the robustness of this approach
in sentiment classification [31].

These studies show that CNNs, by capturing local text structures effectively, play

a key role in enhancing the performance of sentiment analysis systems.

e Recurrent neural network (RNN) Recurrent Neural Networks (RNNs) are
highly effective tools for sentiment analysis due to their ability to process sequential
data and understand context in texts. Unlike traditional models, RNNs have recurrent
connections that allow past information to influence current outputs, making them
well-suited for handling text, where the meaning of a word often depends on previous
words in a sentence.

For example, in the study ”Character Gated Recurrent Neural Networks
for Arabic Sentiment Analysis”, an improved RNN model based on character-
level representations was used for sentiment analysis in Arabic texts. This model
demonstrated high efficiency in understanding the complexities of the Arabic language
and handling challenges such as variations in word forms and dialect diversity. It was
trained on a large dataset of labeled Arabic texts, achieving high accuracy in sentiment
classification [32].

This example highlights the importance of using RNNs for sentiment analysis, es-
pecially in languages with complex structures. By leveraging RNNs, businesses and
organizations can gain precise insights into customer interactions and opinions, leading

to better decision-making.

o Long short term memory (LSTM) Long Short-Term Memory (LSTM) net-
works are widely used in sentiment analysis to process text sequences and identify
expressed emotions. For instance, one study applied LSTM to analyze movie reviews

on IMDB, achieving an accuracy of 86.1 % in sentiment classification [33].
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Additionally, another research used LSTM to analyze tweets, achieving 90 % accu-
racy in detecting expressed sentiments [34] .
These studies demonstrate the effectiveness of LSTM in sentiment analysis, partic-

ularly when combined with appropriate text data preprocessing techniques.

2.3.4 Tansformer-based models

BERT or Bi-directional Encoder Representations from Transformers was proposed by
Jacob Devlin in 2018.1t is the first deeply bidirectional, unsupervised NLP model that
makes use of transfer learning method.

BERT is a pre-trained, bi-directional language model, capable of giving considera-
tion to the context of tokens that appear before and after a selected token. In simple
words we can say, BERT can read a text in left to right and right to left direction,
giving each word a proper meaning by keeping in mind both contexts, in one single
iteration. In addition to being deeply bidirectional, it also has a unique feature that
it can be easily applied to perform any new NLP task with slightest changes to the
pre-training model. These slightest changes often consist of applying an additional
output layer to the pre-trained model [35].

Several variants of BERT have been developed to optimize its performance or adapt

the model to specific needs:

RoBERTa (Robustly Optimized BERT Pretraining Approach): This version
optimizes BERT training by removing the task of predicting the next sentence and using
dynamic masking. RoBERTa is trained on larger data sets and with larger batches,

leading to better performance on various natural language processing tasks.

ALBERT (A Lite BERT): ALBERT reduces the size of the BERT model by
sharing parameters across layers and factoring embeddings. This approach reduces the
number of parameters while maintaining comparable performance, making the model

lighter and faster to train.

DistilBERT: This version is a distillation of BERT that reduces the model to 60%
of its original size while retaining 95% of its performance. DistilBERT is faster and less

resource intensive, making it suitable for applications requiring increased efficiency.

ELECTRA: ELECTRA introduces a new training method where a small model gen-
erates plausible substitutions for masked tokens, and a larger model must identify these

replaced tokens. This approach improves training efficiency compared to traditional
masking used in BERT.
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DeBERTa (Decoding-enhanced BERT with Disentangled Attention): De-
BERTa modifies the architecture of BERT by separating positional and token encod-
ings throughout the attention mechanism. This approach allows for better capture of
the relationships between words and their positions in a sentence, thereby improving
contextual understanding.

These variants demonstrate the continued evolution of natural language process-
ing models, each providing specific improvements to address various performance and

efficiency needs.

2.4 Sentiment Analysis Domain of Application

One of the most important needs of businesses and organizations in the real world is
to find and analyze consumer or public opinions about their products and services .
Knowing the opinions of existing users regarding a specific product is also interesting
for individual consumers. Sentiment analysis paves the way to several and interesting
applications, in almost every possible domain. Other projects have as a long-term
goal the clarification of politicians’ positions, such as what public figures support or
oppose, to enhance the quality of information that voters have access to. figure [2.4]

shows some of real world applications of sentiment analysis [@]

Brand Sentiment

aims to understand how

people feels about a given

Sentiment
Analysis

Product
recommendation

if you like a novel or song,

Customer satisfaction

measures the happiness of
a customer about a product

it's likely you like similar

novels or songs

or service recened

Figure 2.4: Some Applications of Sentiment Analysis [36].
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2.5 The Challenges of Sentiment Analysis :

Sentiment analysis faces several challenges, such as high computational costs, informal
writing styles, and linguistic variability. In this study, we explore the common issues
that emerge when analyzing particular forms of sentiment structures. Key obstacles in

sentiment analysis include:

e Language Issue : In Sentiment Analysis, English is widely used because of
the abundance of resources like lexicons, dictionaries, and corpora. However, there is
growing interest among researchers in applying Sentiment Analysis to other languages,
such as Arabic, Chinese, and German. As a result, they face challenges in developing
essential resources, including lexicons, dictionaries, and corpora, for these languages
B7].

e Fake Opinion : Often referred to as a fake review, it describes fraudulent or
deceptive evaluations intended to mislead readers or customers by providing dishonest
negative or positive opinions about a product or service, often aiming to harm its
reputation. Such spam messages undermine the effectiveness of sentiment analysis
across various domains. Despite this societal challenge, the field of opinion mining has

witnessed significant progress in sentiment analysis (SA) [37].

e Neutral reports of events: Before describing events or situations, the speaker
must express their emotional state, as it is unclear whether the account is meant to
reflect an emotional bias or to convey a specific emotional condition (such as happiness,

anger, cheerfulness, or sadness) [3§].

e Sarcasm : Sarcasm is a common phenomenon on social media and presents chal-
lenges for analysis, not only for automated systems but also for human interpretation.
Its influence on sentiment is considerable, yet it is often overlooked in social media
studies due to its inherent complexity. Although some systems have been developed
to detect sarcasm, limited research has focused on evaluating its impact on sentiment

in tweets and incorporating it into automated sentiment analysis tools [39].
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2.6 E-Commerce and Recommendation Systems

2.6.1 Overview and Definition recommendation Systems

A recommender system is largely used to evaluate consumers’ interests, habits, and
preferences while selecting a certain product or service. This information comes from
a variety of sources, including the user’s buying history . These data are then used
to estimate if the user would purchase the same product or a comparable product
variety in the future. Filtering technology is used to improve the algorithm in this
regard . When a product is purchased, it is given a ranking, and data are processed by
analyzing the ranked products and the user list [9]. Some algorithms assign weights to
products, and then select the highest-ranked or most-weighted products from the list
to recommend to the consumer [40].

Recommendation systems were developed to address the issue of information over-
load in a variety of fields, including e-commerce, entertainment, and content platforms.
Users frequently demand assistance accessing large catalogs of products, movies, music,
articles, and other content. The goal is to help people discover relevant and tailored
items or material based on their choices, interests, and previous behavior. Recommen-
dation systems have the capability to generate personalized suggestions by analyzing
individual user preferences through data such as browsing history, purchase history,
reviews, and interactions [40].

Recommender systems strive to provide tailored recommendations for products or
services, enriching decision-making in the expansive landscape of internet informa-
tion. Across three fundamental domains—business, government, and education—a
plethora of systems has emerged, encompassing eight categories: e-government, e-
business, ecommerce/ e-shopping, e- library, e-learning, e-tourism, e resource services,
and e-group activities [10]. Particularly in e-commerce, these systems often propose
additional products for customers to explore from a vast array, with filtering methods

enhancing the presentation of personalized options [40)].

2.6.2 Role of Sentiment Analysis in Enhancing Recommenda-

tion Systems

Sentiment analysis plays a crucial role in enhancing recommendation systems by lever-
aging users’ opinions and emotions expressed in reviews and comments. Traditionally,
recommendation systems rely on explicit data such as product ratings. However, these
ratings are often insufficient or absent. Integrating sentiment analysis helps overcome
these limitations by providing implicit information about users’ preferences [41].

By analyzing user-generated texts, such as reviews and comments, systems can
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extract positive, negative, or neutral sentiments associated with specific product or
service features. This approach provides a more detailed understanding of users’ pref-
erences, allowing for more precise and personalized recommendations. For example, a
user may give a high rating to a restaurant while expressing concerns about the service
in their review. Sentiment analysis detects these nuances and adjusts recommendations
accordingly.

Studies have shown that integrating sentiment analysis improves the performance
of recommendation systems. For instance, research published in Sensors proposed a
combined approach using sentiment analysis and collaborative filtering, demonstrating
a significant improvement in recommendations through deep learning models analyzing
user sentiments [42].

Additionally, another study published in Future Internet explored the use of Bi-
LSTM models for sentiment analysis integrated into collaborative filtering techniques,
showing a notable improvement in recommendation accuracy in the e-commerce sec-
tor [43] .

2.7 Comparison study.

2.7.1 Case of Arabic Algerian dialect (Arabic Script)

In 2024, researcher Amin Abdedaiem and his team introduced FASSILA, the
first publicly available corpus designed specifically for fake news detection and sen-
timent analysis in the Algerian Arabic dialect (AD) written in Arabic script. The
dataset contains 10,087 sentences and over 19,497 unique words, sourced from so-
cial media platforms such as Facebook and YouTube, as well as manually created,
translated, and GPT-4-paraphrased sentences. Preprocessing steps included removing
special characters, Latin-script words, and normalizing all text into Arabic script. The
sentences were categorized by topic (e.g., politics, health, tourism) and annotated by
native speakers for truthfulness (real/fake) and sentiment (positive, negative, neutral),
achieving a Cohen’s Kappa score of 0.6488 for inter-annotator agreement on sentiment
labels.

The researchers evaluated both transformer-based models (AraBERTv02, MAR-
BERTv2, DziriBERT) and traditional machine learning classifiers (SVM, Logistic Re-
gression, KNN). MARBERTV2 achieved the best accuracy for fake news detection
(accuracy: 0.7898), while AraBERTv02 led in sentiment analysis (accuracy: 0.8392,
Fl-score: 0.8035). This work highlights the critical role of dialect-specific resources in

improving NLP performance in low-resource language settings [44].

30



Chapter 2. Related work

In 2021, Imane Guellil and other researchers introduced an innovative ap-
proach to sentiment analysis for Algerian dialect comments, combining both automat-
ically generated and manually reviewed corpora. The study involved extracting com-
ments from 226 popular Algerian Facebook pages using the Facebook Rest API with
MSA /DALG keywords, resulting in 7,926,504 comments after preprocessing steps such
as removing duplicates, special characters, and Tatweel characters. Arabizi messages
were transliterated into Arabic script using specific rules, and a machine translation
system was developed to translate between Arabizi and MSA. The researchers used
an automated method to construct a corpus lexicon by leveraging the Glosbe API,
translating an English lexicon into DALG and MSA, which resulted in 1,745 curated
sentiment terms. For classification, a comparison was made between shallow algorithms
(e.g., GaussianNB, LogisticRegression, RandomForest) and deep learning models (e.g.,
CNN, LSTM, Bi-LSTM), with Word2Vec and fastText used for feature extraction.
The best-performing machine learning model achieved an F1 score of 0.89 on the Test-
sentialg corpus, while CNN with fastText also reached an F1 score of 0.89, with better

results observed on the manually reviewed corpora [45] .
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Table 2.1: Case of Arabic Algerian dialect (Arabic Script)

- Transliteration

- Transliteration from Ara-
bizi to Standard Arabic

- Normalisation of Arabic

text

- Bag of Words

- SVM (Support Vector Machine)

- Random Forest

Facebook pages ( ”Wach-
t7ass” and ”"BrandtDZ”)

WORK Preprocessing feature extraction classification Dataset statistics Evaluation Pro- | Evaluation Results
tocol
[14] - Text cleaning Fine-tuned embed- | - Transformer-based models: FASSILA ( A corpus | 80% for training AraBERTv02 was the
- Translation ( Arabizi — | dings from pre-trained | « AraBERTv02 of 10,087 Algerian Dialect | 10% for testing best performer: (83.92%
arabe) transformer models: « MARBERTV2 sentences annotated ) 10% for validation Accuracy) .
- Normalisation of Arabic | « AraBERTv02 e DziriBERT
text « MARBERTvV2 - ML classifiers using embed-
e DziriBERT dings:
« SVM
« KNN
o Logistic Regression (LR)
o Decision Tree (DT)
o Naive Bayes (NB)
_[45] - Text cleaning - Word2Vec - Classifieurs classiques : Facebook com- | 80% for training - fastText + CNN: best
- Transliteration - fastText - GaussianNB (GNB) ments(Corpus constructed | 20% for testing result (89% accuracy)
- Translation ( Arabizi — - Logistic Regression (LR) automatically +corpus
arabe) - Random Forest (RF) reviewed manually)
- Normalisation of Arabic - SGDClassifier
text - LinearSVC
- Classifieurs profonds :
- CNN
- LSTM
- Bi-LSTM
_[20] - Text cleaning - TF-IDF - Naive Bayes - Comments from Algerian | - Cross-validation - SVM achieved the best

performance

racy)

accu-

(83%
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2.7.2 Arabic Algerian Dialect (Latin or Arabic script)

The study by Mazari and Djeffal (2022) presents an in-depth machine and deep
learning approach for sentiment analysis of social media comments in the Algerian di-
alect. The researchers constructed a dataset of 11,760 manually annotated comments
and trained Word2Vec models (CBOW and Skip-Gram) using over 466,000 texts to
semantically enhance the data. They applied several preprocessing techniques, includ-
ing transcription to Latin script and phonetic grouping, to address dialectal variability.
Six classifiers were tested: SVM, three Naive Bayes variants, CNN, and RNN. The best
accuracy (84.21%) was achieved using Multinomial Naive Bayes on transcribed data,
while the SVM reached 83.70% when combined with Word2Vec enhancement. Results
confirm the efficiency of text transcription and traditional ML models in dialectal sen-
timent classification [46] .

The study by Abdelli et al. (2019) proposes a supervised approach for sentiment
analysis of Modern Standard Arabic and the Algerian dialect. A large manually an-
notated dataset was collected, mainly from Facebook and other Arabic sources. Two
main methods were applied: Support Vector Machines (SVM) and Long Short-Term
Memory networks (LSTM), using TF-IDF and Word2Vec for word representation. Ex-
periments conducted on a balanced dataset of nearly 50,000 comments showed that
SVM outperformed LSTM, achieving an accuracy of 86%, confirming the effectiveness
of supervised methods combined with annotated resources for sentiment classification
in under-resourced dialects [47].

The study by Benmounah et al. (2023) introduces a deep learning approach for
sentiment analysis of Algerian dialect texts using Transformer-based models. The re-
searchers created a custom dataset of 45,000 manually annotated YouTube comments,
labeled as positive, neutral, or negative. Advanced preprocessing techniques were ap-
plied, including normalization, emoji handling, and character conversion. The model
was trained using an Arabic BERT variant and achieved a notable F1-score of 78.38%
and an accuracy of 81.74% on the test set. The results confirm the effectiveness of
using BERT for processing dialectal Arabic and highlight the value of tailored prepro-
cessing and dataset construction for improving sentiment classification performance in
under-resourced dialects [48].

the study by Guellil et al. (2020) explores a novel zero-effort approach to sen-
timent analysis of the Algerian Arabic dialect by leveraging existing resources from
related dialects. Instead of building new datasets, the researchers utilized manually
annotated sentiment corpora in Tunisian (TSAC) and Moroccan (ElecMorocco2016)
dialects, along with a large unannotated Maghrebi corpus (NorthAfrica). Several ma-
chine learning and deep learning models were evaluated, including MLP, LSTM, and
biLSTM. The best Fl-score of 83% was achieved using MLP with the Tunisian corpus,
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and LSTM with a combination of Tunisian and Moroccan corpora. This approach
outperformed previous models by 15%, demonstrating the feasibility of cross-dialect
resource reuse for sentiment classification in under-resourced Arabic dialects such as
Algerian [49)]

The study by Guellil et al. (2019) focuses on sentiment classification of Algerian
medical forum posts written in a mix of Algerian Arabic dialect and French. The re-
searchers constructed a domain-specific corpus by collecting patient reviews about med-
ications from Algerian online medical forums. After applying standard preprocessing
steps such as punctuation removal, lowercasing, stopword elimination, and lemmatiza-
tion, they used TF-IDF for feature extraction. Multiple machine learning classifiers,
including Naive Bayes, SVM, and Random Forest, were evaluated. The experiments,
conducted using 10-fold cross-validation, showed that the SVM model combined with
TF-IDF features achieved the best performance, with an accuracy of 87%. This work
highlights the challenges of processing code-switched text and emphasizes the need for

tailored NLP solutions in the Algerian context [50].
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Table 2.2:

Case of Arabic Algerian Dialect (Latin or Arabic script)

WORK| Preprocessing feature extraction classification Dataset statistics Evaluation Evaluation Results
Protocol
[46] - Text cleaning - Bag of Words ( | - Machine Learning (ML) : 11,760 comments (Face- | 90% training The best result was an
- Arabic-to-Latin  tran- | Term Frequency) « SVM book, YouTube, Twitter) 10% testing 83.70% accuracy using
scription - Word2Vec models: « Naive Bayes (BNB, MNB, GNB) | Versions tested: the SVM algorithm on
- Grouping (phonetic using | CBOW and Skip-Gram | - Deep Learning (DL) : « Raw/original dataset Latin-transcribed data

Soundex + similarity using « CNN e  Transcribed (Latin enhanced with CBOW
Levenshtein distance via « RNN characters) from Word2Vec.
FuzzyWuzzy ) o Enhanced with
Word2Vec
7] Text cleaning + Normali- | - TF-IDF (for SVM) «SVM (Support Vector Machine) | Comments in Algerian | 85% training SVM is better than
sation - Word2Vec CBOW e LSTM (Long Short-Term Mem- | dialect were collected from | 15% testing LSTM in this study (86%
(for LSTM) ory ) multiple sources, includ- Accuracy )
ing:
- Facebook  (Algerian
pages: ElBilad, Hafid
Derradji, etc.
- Multi-domain dataset
by Elsahar et al. (hotels,
restaurants, movies, etc.)
18] Text cleaning + Normali- | Tokenization with - Comparison of traditional | Personalized corpus of | 70% training The best model: BERT

sation

‘WordPiece tok-
enizer (linked to the
BERT model)

models such as : LSTM and Bi-
LSTM with BERT.

- Testing different versions
of BERT (BERT Arabic Base,
BERT Arabic Large).

45,000 annotated Algerian

YouTube comments

20% testing
10 % validation

Arabic Large, (Accuracy
81.74%.)
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[19] Text cleaning + Normali- | - Bag of Words (BOW) | - 4 machine models were | The study is based on 3 | For tradi- | The best model: LSTM
sation - Word2Vec tested: main datasets: tional ma- | and MLP, (Accuracy
- Doc2Vec Naive Bayes (NB) TSAC corpus (Tunisian | chine learn- | 88.74%.)
- FastTex - Logistic Regression (LR) dialect) ing
- Random Forest (RF) . ElecMorocco2016 corpus | 100% of the
- Support Vector Machines (SVC) | (Moroccan dialect) training .
4 deep models were tested: North Africa corpus | For Deep
- Multi-Layer Perceptron (MLP) (Maghrebi dialects) Learning
- Convolutional Neural Networks Models:
(CNN) 80% for train-
-  Long Short-Term Memory ing
(LSTM) 20% for testing
- Bidirectional LSTM (Bi-LSTM)
(60 Text cleaning + Normali- | -  TF-IDF (Term | - Naive Bayes - Corpus from Arabic- | - Cross- | - the best result obtained
sation Frequency-Inverse - Support Vector Machine (SVM) speaking medical discus- | validation is with SVM and TF-IDF

Document Frequency)

- Random Forest

sion forums

(87%)
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2.7.3 Case of Modern Standard Arabic

In the realm of contemporary Modern Standard Arabic sentiment analysis, [51]. In this
work, two distinct corpora were used. The first corpus, OCA, is already available and
freely accessible, while the second corpus, SANA, comprises 718 comments collected
from three Algerian newspapers and annotated by two Algerian Arabic native speak-
ers, with annotation agreement measured using the kappa coefficient. Sequentially, a
preprocessing step was applied, including translating comments in French, English, or
Arabizi into MSA, tokenization, stemming, stop word removal, and defining n-grams
and word vectors using methods such as TF, TO, TF-IDF, and BTO. For training,
they employed SVM with a linear kernel, Naive Bayes, and k-nearest neighbors (k=9),
using 10-fold cross-validation to prevent overfitting. The best accuracy for the OCA
corpus was 89% with Naive Bayes using Tri-gram and TO encoding, while the SANA
corpus achieved 75% accuracy with Naive Bayes using Bigram and TF encoding. A
notable finding was that light stemming’s benefits varied based on the corpus charac-
teristics [b1].

The study by Nabil et al. (2015) introduces LABR, the largest sentiment analy-
sis corpus for Modern Standard Arabic, containing over 63,000 book reviews collected
from Goodreads. Each review is rated on a 1-5 star scale. The dataset addresses
the lack of Arabic NLP resources and provides standard splits for training, validation,
and testing, supporting both sentiment polarity (positive, negative, neutral) and rat-
ing classification tasks. A variety of classical classifiers (SVM, Naive Bayes, Logistic
Regression, etc.) were evaluated, with SVM and Logistic Regression achieving top
performance, surpassing 70% accuracy on sentiment polarity tasks. Additionally, a
domain-specific sentiment lexicon was automatically extracted, demonstrating strong
effectiveness while drastically reducing feature dimensionality. The study emphasizes
LABR’s value as a foundational benchmark for future Arabic NLP research [52].

The study by Cherif and Belahbib (2018) presents a supervised machine learn-
ing approach for the automatic classification of scientific abstracts in the field of com-
puter science. The authors constructed a custom dataset consisting of abstracts col-
lected from digital libraries such as Scopus and IEEE Xplore, which were manually
annotated into predefined categories (e.g., Artificial Intelligence, Databases, Network-
ing). The preprocessing pipeline included PDF-to-text conversion, stop word removal,
and lemmatization using Stanford CoreNLP. For feature extraction, Term Frequency-
Inverse Document Frequency (TF-IDF) and Latent Dirichlet Allocation (LDA) were
employed to represent textual content. Classification was carried out using Support
Vector Machines (SVM), Naive Bayes, and Random Forest classifiers. A 10-fold cross-
validation protocol was used to evaluate performance. The best results were achieved
using SVM with TF-IDF features, reaching an accuracy of 92%. The study highlights
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the effectiveness of classical machine learning techniques combined with robust text
preprocessing and feature engineering in the domain-specific classification of scientific
literature [53].
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Table 2.3: Case of Modern Standard Arabic

WORK| Preprocessing feature extraction classification Dataset statistics Evaluation Evaluation Results
Protocol
b1 - Text cleaning - Extraction based on: | - SVM (Support Vector Machine) - SANA: Created from | 10-fold Cross- | Naive Bayes achieved an
- Normalisation — Unigrams, Bigrams, | - Naive Bayes (NB) three Algerian newspapers | Validation accuracy of up to 89.80%
Trigrams - k-Nearest Neighbors (KNN) (Echorouk, Elkhabar, En- on the OCA dataset.
— Use of weights: TF, nahar)
TO, TF-IDF, BTO - OCA: Existing corpus of
film reviews
_[52] - Text cleaning - Extraction based on: - SVM (Support Vector Machine) LABR (Large-Scale Ara- | 60% Training -SVM and Logistic Regres-
- Tokenization (Qalsadi) - N-grams (unigrams, | - Logistic Regression bic Book Reviews) 20% Validation | sion achieved the best per-
bigrams, trigrams) - Multinomial and Bernoulli Naive 20% Testing formance (75%)
- Tf-1df (Term | Bayes
Frequency-Inverse - K-Nearest Neighbors (KNN)
Document Frequency) - Linear Perceptron
- Stochastic Gradient Descent
(SGD)
- Passive-Aggressive Classifier
_[53} - Text cleaning - Bag of Words (BoW) | - Naive Bayes Corpus of 25,475 Facebook | 70% training CNN: 89.5%, best result
- Normalisation of Arabic - Multilayer Perceptron (MLP) comments (Algerians) 15% testing
text - Convolutional Neural Network 15% validation
(CNN)
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2.8 Conclusion

In short, this chapter has thoroughly looked at, Ai, machine learning as well as deep
learning where sentiment analysis has been over-viewed in the context of the Arabic
language. We selectively presented a table with the most relevant research papers;
each sub-field in the field of sentiment analysis for Arabic was represented with dif-
ferent aspects and perspectives. As for now, the successive part will pass throughout
summary of that literature to presenting our design and model for sentiment analysis
in Arabic context. In the next chapter, we will focus on methodology, techniques and
breakthrough of our approach. And we will explain everything based on foundations
of this chapter. Unlike other sentiment analysis models, through painstaking trial and
error and evaluation we aim to demonstrate the precision and relevance of our model

in analyzing the hidden sentiments embedded in Arabic language data.
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3.1 Introduction

Designing robust, maintainable, and scalable systems relies on the use of specific tech-
niques and methodologies. Among the most effective is the modular approach, which
involves dividing the system into smaller, manageable components that can be devel-
oped, tested, and maintained independently.

In this chapter, we will present the overall architecture of our system, detailing
its design principles and modular structure, as well as how these modules interact
and integrate to form a cohesive whole. We will also delve into each stage of the

architecture, providing an in-depth explanation of its role and functionality.

3.2 Contribution

Generally, for building a sentiment analysis system or any other similar system, we need
to divide our work into several steps, which allows us to work with each step separately
and fix any issues that may appear in the future in a non-complicated manner. The
global architecture of our system is composed of several layers or steps, each layer takes
an input and provides an output that is needed in the next layer. Figure 3.1 shows

this global architecture as a single entity
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Figure 3.1: Global proposed architecture.
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3.2.1 Data overview

In this SA work we will need a set of data represented in a textual form that comes as
csv/tsv or simple txt extension as a raw dataset. So we have collected two data sets
from different sources and relatively different content, but all of them fall into the field
of product reviews of any type, our data is pre-labled according to the sentiment of the
review or text as positive or negative or Neutral, and the table bellow represents the
collected data with their metadata.

Table 3.1: Datasets collection metadata

Dataset Dataset Total Re- | Class Source file
name/la- size views name/type

bel

Djezzy 709.9 kB 5320 Positives : 567 Algerian Re-

Neutrals : 2934 | view.csv
Negatives : 1819

BrandtDz 497.92 kB | 6737 Positives : 6737 | BrandtDz.xIsx
Neutrals : 6738
Negatives : 3511

Examples from the Dataset one of the most notable characteristics of our dataset
is its high linguistic diversity. The collected comments are primarily written in Algerian
dialect, but they appear in various forms: some are written using the Arabic script,
others in Arabizi (a Latin-script transliteration of Arabic that includes numbers), and
many comments include a mix of both forms within the same sentence. Additionally,
the French language is frequently used alongside Arabic or Arabizi, reflecting the mul-
tilingual reality of Algerian internet users. This variation in writing styles presents a

real challenge for natural language processing

e Djezzy Some examples of this dataset :
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Table 3.2: Dataset "Djezzy ”

Comment Language Mix | Sentiment
Makanch réseau pendant le weekend Arabizi + | Negative
French
NFNY e\}: d skl dle il 2y 0 e kil | arabe Neutral
‘:;‘)l, C)YK) JAK %3 3‘/.9}:.» L’}‘J 2&?\35\
Je suis tres satisfait des services de Djezzy french Positive
Conx tadkoum dayra ki lhaaaam w say arabizi Negative
maxi hayla (£b o %l> | arabe + Arabizi | Neutral
BrandtDz Some examples of this dataset :
Table 3.3: Dataset "BrandtDz ”
Comment Language Mix | Sentiment
Dok ngolha ljadati ted3ilk w Rak t3rf fifty fifty | Arabizi Positive
Awadi mafihach mdr 77 mais bn goood luck | Arabizi + | Negative
7777 anglais
Bonne nuit wida rbehti hew wajhi Arabizi + | Negative
French
Tres bon service, je recommande a 100 % French Positive
V‘@é Gab sl be eyl V.g,ols PPREL 4&!\} Arabic Negative

Dataset structure

e Djezeyy The dataset is organized in tabular form with the following columns:

45




Chapter 3.  Methodology and Results

Table 3.4: Structure of the "Djezzyy” dataset

Column Name | Type Description

name String Name or username of the person who wrote the com-
ment.

date DateTime | The date and time when the comment was posted.

likes Integer Number of likes or reactions the comment received

comment Text The content of the user’s review or message.

sentiment Categorical | Label annotated with the feeling expressed: posi-
tive, negative, or neutral.

source String The origin platform or context ( Facebook, instgram).

BrandtDz The dataset is organized in tabular form with the following columns:

Table 3.5: Structure of the "BrandtDz” dataset

Column Name | Type Description
comment Text the content of the user’s review or message.
sentiment Categorical | Label annotated with the feeling expressed: posi-

tive, negative, or neutral.

3.2.2 Data Preprocessing and preparing :

This step is very important and critical in the sentiment analysis process, as the col-

lected data comes from different sources and exhibits a significant variation in writing

styles, especially considering the Algerian context.

Comments are often duplicated and may contain special characters or unwanted

words. All cleaning is carried out with the objective of obtaining a corpus with, on the

one hand, a minimal vocabulary, and on the other hand, a maximum of informative,

meaningful words that convey relevant information regarding polarity.

The details of all preprocessing procedures are provided below:
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Removing URL Removing hashtag Removing letter Removing
repition punctuation
Y
Tokenization Normalition Removing isolated Removing isolated
Lettre number

Figure 3.2: Pre-treatment process

The preprocessing phase is identified as the most important step in the sentiment
analysis process, as it is during this phase that we prepare the comments in order to
build a robust classifier.

As we can observe, on social media, users tend to write in a chaotic manner, and
comments may contain spelling mistakes, links, hashtags, GIFs, stickers, special char-
acters, etc., all of which must be removed in order to obtain a minimal, ready-to-use,
and unified corpus.

In fact, we keep the steps that are divided between regular and irregular languages

. such as :

« URL Removal: Any provided URL link generally has no real impact on whether
a comment is positive or negative. Therefore, we start by removing URLs from the
comment before proceeding with the remaining text.

Input: [chofo had l'article https:// tfahmo bzf swal7]

Output: [chofo had 'article tfahmo bzf swal7]

e Removing Punctuation: Punctuation marks, such as ™! | . : () ;% - ... 7 and
many others, typically lack meaningful significance in text data. Therefore, removing
them is a crucial preprocessing step to reduce noise and simplify the text
Input: [ya weldi hna Imohim mocharka????rba7na f sa7 hata nrb7o hna??]

Output: [ya weldi hna lmohim mocharka rba7na f sa7 hata nrb7o hnal

e Removing Hashtag : Hashtags are very representative in sentiment analysis as
they can easily shift the polarity of a sentence. We completely removed the hashtag
symbol from our corpus and kept only the accompanying word.

Input: [mradh ntouma Djezeyy]

Output: [mradh ntouma ]

e Repetition Removal: We removed letters repeated more than twice in a word

by reducing them to a single instance. The importance of this step lies in reducing the
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corpus size. Even though repetition can carry stronger sentiment, in a lexicon-based
approach, words written with varying numbers of repeated letters but meaning the
same are stored as the same word.

Input: [Waaaaaaaaw ces bien]

Output: [Waw ces bien]

e Removing Isolated Letters and Numbers: The goal of this step is similar
to removing stop words, except that this part doesn’t require a list beforehand; these
words don’t contribute to the corpus and don’t have the meaning to be analyzed, repre-
sented, and then calculated and taken into account. And since they are not meaningful,
neither are the numbers nor the letters, they will both be removed at this stage.
Input: [b ch7al edha offre |

Output: [ ch7al edha offre |

e Removing diacritics: Diacritical marks are also eliminated in this step because
these signs are not generally used in Arabic texts, and their presence causes ambiguity.
» Replace emoticons with their polarity: However, analyzing emojis presents certain
biases, notably that of the subjectivity of the person interpreting the meaning of the
comments.

Input: [ Rakom ghi Tachéklo 3lina <3 <3 |

Output: [ Rakom ghi Tachéklo 3lina |

3.2.3 Propostion

As part of this work, a hybrid architecture was adopted that leverages multiple text
representations generated by modern language models, namely DziriBERT and MAR-
BERT. These representations were combined using the Late Fusion technique and
then fed into a sequential classification model based on BiLSTM. This methodology
was chosen based on scientific and technical foundations aimed at improving classifica-
tion accuracy when dealing with linguistically complex texts, such as Algerian dialect
or Arabizi texts converted to Arabic.

DziriBERT is a language model specifically trained on real Algerian data primarily
sourced from social media platforms, making it well-suited for understanding the Alge-
rian dialect, including colloquial expressions, informal structures, and local variations
of the Arabic language. This type of model excels at capturing local contexts that gen-
eral models might fail to accurately grasp. Considering that the study’s data includes
texts converted from Arabizi to Arabic, using a model tailored to the Algerian envi-
ronment allows for a closer semantic representation of the original intended meaning.
MARBERT is a powerful Arabic language model trained on both Modern Standard
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Arabic and various Arabic dialects, especially from social media. It is good at under-
standing informal and dialectal language, making it a strong complement to DziriB-
ERT. While DziriBERT focuses more on Algerian dialect, MARBERT adds broader

dialect coverage and helps capture meaning across different Arabic varieties.

e Reasons for choosing Late Fusion Late Fusion is a technique that involves ex-
tracting features from each source or model independently, and then combining them
at a later stage (typically after the representation phase and before classification). This
approach allows each language model to process the data in its own way without in-
terfering with the other models.

Late Fusion was adopted in this work to fuse representations generated by two differ-
ent language models (DziriBERT and MARBERT) for several academic and technical
considerations:

Representational independence: This technique preserves the linguistic specificity
of each model. Each text is processed independently by each model, and the results are
merged after feature extraction, limiting negative interference between representations.
Contextual and semantic diversity: Late fusion combines the dialectal strength
of DziriBERT, which focuses on Algerian Arabic, with the wide dialectal and informal
Arabic coverage of MARBERT. This results in richer, more diverse semantic represen-
tations.

Simplicity and flexibility: Late fusion is easier to implement than early or inter-
mediate fusion, requiring no changes to model architecture or joint training. It also
supports scalability and experimentation with different model combinations.

Model tool variability: Since DziriBERT and MARBERT use different tokeniz-
ers and input formats, early fusion is impractical. Late fusion offers a practical and

effective solution for combining their outputs.

e Reasons to choose BiLSTM as the final classifier The BiLSTM (Bidi-
rectional Long Short-Term Memory) model was chosen as the final classifier for the
combined representations generated by DziriBERT and MARBERT, based on several
technical and functional properties that make it well-suited for text classification tasks
relying on deep contextual embeddings:

Bidirectional Processing: Unlike standard LSTMSs that process text in a single di-
rection, BiLSTM processes sequences in both directions—Ileft-to-right and right-to-left.
This allows the model to better understand the full context surrounding each word,
which is especially important in Arabic due to its flexible word order and rich mor-
phology.

Long-Term Context Retention: BiLLSTMs can retain relevant information over

long sequences, enabling them to capture relationships between distant words in a
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sentence. This helps improve semantic understanding, particularly in longer or more
complex Arabic texts.

Suitability for Sequence-to-Classification Tasks: BiLLSTM is naturally suited for
tasks where an entire sequence is analyzed to produce a single classification output,

such as sentiment analysis or text type classification—the focus of this work.

3.2.4 Evaluation metrics

In sentiment analysis, evaluation metrics are essential for assessing how accurately a
model can classify text into sentiment categories such as positive, negative, or neutral.
Since sentiment datasets are often imbalanced and misclassifications can distort anal-

ysis results, it is important to use a variety of metrics for a comprehensive evaluation.

Precision: represents a measure to check the quality of the model’s positive predic-
tions It’s calculated by looking at the ratio of the correctly predicted positive cases to

all the cases the model predicted as positive.

TP

Precision = 7—'P—{——F1P

Recall: is the proportion of true positive elements identified by the model, out of all
the actual positive elements in the dataset. It is calculated by dividing the number of

true positives by the sum of true positives and false negatives.

TP

)
Recall = 75——55

Accuracy: is a metric that measures the overall correctness of a model’s predictions
by comparing the total number of correct predictions to the total number of predictions
made. In simpler terms, accuracy tells us how often the model gets its predictions right

across all classes or outcomes.

TP+ TN
TP+TN+FP+FN

Accuracy =

Fl-score: is a metric that combines both precision and recall into a single value,
providing a balance between the two. It’s calculated by taking the harmonic mean of
precision and recall, giving equal weight to both. This makes it a useful measure for
evaluating the overall performance of a classification model, especially when the class
distribution is uneven or when both false positives and false negatives are important

considerations.

Precision - 11
F1 score — 2. ( recision - Reca )

Precision + Recall
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3.2.5 Results Analysis

We used five state-of-the-art models in Arabic natural language processing, with a
particular focus on dialect coverage. The first model, CNN, is a lightweight baseline
model suitable for short text classification. It was used in [53] and [45] and achieved
the best results.

The article [44] also used the DziriBERT model, a model pre-trained on Algerian
dialect data. AraBERT, a popular model in Arabic language processing tasks, was
trained on Modern Standard Arabic and a range of its dialects. MARBERT was also
used, focusing on Arabic dialects, particularly those spoken in the Gulf region.

Finally, we used the CAMeLBERT model, a dialect-aware, cross-linguistically de-
signed model developed by the CAMeL Lab, which has broad applicability across
various Arabic language varieties.

To evaluate the performance of the models, we defined a consistent set of parameters
to ensure a fair comparison across all approaches:

Cross-validation: 5-fold
Epochs: 5
Batch size: 32

Learning rate: le-4

o Results with Translation (Arabizi — Arabic) We followed the state-of-the-
art scenario as presented in Articles 1, 2, and 3, where preprocessing steps were applied
(such as removing URLs, hashtags, repetitions, isolated numbers, and isolated letters).
Then, a translation step from Arabizi to Arabic was performed in order to unify the
dataset. Similarly, we applied these steps to the Djezzy and BrandDZ datasets, where

the translation was carried out using a phonetic transliteration tool such as Yamli.

djezyy Here are the results after applying the models (dziribert and arabert and

marbert and camelbert and CNN) on the data set "djezzy” with translation

BrandDZ Here are the results after applying the models (dziribert and arabert and
marbert and camelbert and CNN) on the data set "BrandDZ” with translation
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Table 3.6: Results of dataset "djezzy ” with Translation

The model | accuracy| precision| recall macro- | fl(negative)fl(neutral) F1(positive
f1

Dziribert | 0.7551 | 0.7118 | 0.6386 | 0.6623 0.7331 0.8028 0.4511

Arabert 0.6781 | 0.7837 | 0.4742 | 0.4634 0.6112 0.7557 0.0233

Marbert | 0.7510 | 0.7117 | 0.6083 | 0.6310 0.7391 0.7979 0.3559

Camelbert| 0.7561 0.6882 0.6519 0.6662 0.7515 0.7983 0.4490

CNN + | 0.7368 0.7478 0.6017 0.6380 0.6783 0.7967 0.4390

Bag of

word

Table 3.7: Results of dataset "brandDZ 7 with Translation

The model | accuracy| precision| recall macro- | fl(negative)fl(neutral) F1(positive
f1

Dziribert | 0.7940 0.6903 0.6432 0.6587 0.3503 0.7572 0.8687

Arabert 0.7716 0.6460 0.6128 0.6238 0.2873 0.7284 0.8557

Marbert 0.7903 0.6753 0.6377 0.6509 0.3351 0.7455 0.8721

Camelbert| 0.7940 | 0.6752 | 0.6460 | 0.6570 0.3368 0.7648 0.8695

CNN 4+ | 0.8037 0.6940 0.6491 0.6624 0.3415 0.7692 0.8766

bag of

word

Results Without Translation (Raw Arabizi Text)

In this section, we excluded

the translation step from Arabizi to Arabic due to the absence of a reliable and validated

translation tool. This decision was made to avoid introducing noise or errors into the

input, which could negatively affect the performance of the BERT model.

djezyy Here are the results after applying the models (dziribert and arabert and
marbert and camelbert and CNN) on the data set "djezzy” Without Translation
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Table 3.8: Results of dataset "Djezzy ” Without Translation

The model | accuracy| precision| recall macro- | fl(negative)fl(neutral) F1(positive
f1

Dziribert | 0.8073 | 0.7968 | 0.7862 | 0.7913 0.8346 0.7637 0.7756

Arabert 0.7353 | 0.6784 | 0.6913 | 0.6840 0.7839 0.5495 0.7184

Marbert | 0.7874 | 0.7811 | 0.7700 | 0.7752 0.8131 0.7566 0.7560

Camelbert| 0.7850 | 0.7771 | 0.7601 | 0.7681 0.8171 0.7420 0.7454

CNN 4 [ 0.7039 | 0.6587 | 0.6645 | 0.6612 0.7557 0.5622 0.6657

bag of

word

BrandDZ Here are the results after applying the models (dziribert and arabert and
marbert and camelbert and CNN) on the data set "BrandDZ” Without Translation

Table 3.9: Results of dataset "brandDZ "Without Translation

The model | accuracy| precision| recall macro- | fl(negative)fl(neutral) f1(positive
f1

Dziribert | 0.8103 | 0.6961 | 0.6794 | 0.6867 0.3980 0.7716 0.8905

Arabert 0.7382 | 0.6472 | 0.5850 | 0.6020 0.3212 0.6629 0.8219

Marbert | 0.7757 | 0.6517 | 0.6405 | 0.6455 0.3369 0.7439 0.8558

Camelbert| 0.7836 | 0.6621 | 0.6558 | 0.6586 0.3574 0.7583 0.8602

CNN 4 [ 0.7054 | 0.6946 | 0.6758 | 0.6689 0.3256 0.7456 0.8187

bag of

word
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3.3 Ablation study

In our proposed sentiment analysis framework, we integrate DziriBERT and MAR-
BERT transformer models using a BiLSTM fusion architecture. The core design and
training parameters of this architecture are chosen to ensure a balanced trade-off be-
tween representation power, computational efficiency, and generalization across senti-
ment classes (Negative, Neutral, Positive).

We begin by concatenating the [CLS] embeddings from both pretrained transformer
models, yielding a combined input vector of 1536 dimensions. This vector is then fed
into a BILSTM layer with a hidden size of 256. The BiLLSTM captures contextual
dependencies in both forward and backward directions, which is essential in sentiment
analysis where word order and long-range dependencies significantly affect sentiment
polarity. The bidirectional setting effectively doubles the representational capacity by
maintaining both forward and backward hidden states, hence the final feature dimen-
sion passed to the classifier is 2 hidden size = 512.

To mitigate overfitting and promote regularization, we apply a dropout rate of 0.3
after the BiLSTM layer. This prevents the model from relying too heavily on specific
neurons during training. The final classification is handled by a fully connected layer
(fc) projecting the BiLSTM outputs into a num-classes = 3 space, aligning with our
sentiment classification goals.

Training-wise, we use a batch size of 32 to balance between stable gradient estimates
and GPU memory efficiency. The learning rate is set to 2e-5, a commonly effec-
tive setting for fine-tuning transformer-based architectures, especially when used in
conjunction with AdamW, a variant of the Adam optimizer that includes decoupled
weight decay for better generalization. We further use a linear learning rate scheduler
with warm-up, which gradually increases the learning rate at the beginning of training,
helping the model to converge more smoothly and avoid sudden weight updates. The
model is trained over 5 epochs, a sufficient number given the fine-tuning scenario and
the complexity of the model.

This architecture and configuration are specifically tailored for the task of Arabic sen-
timent classification on dialectal and multilingual social media text, where integrating
deep contextual embeddings with sequential modeling (via BiLSTM) enables the sys-
tem to robustly capture semantic and syntactic cues critical for accurate sentiment

prediction.

The following experimental results confirm this analysis, as we present the average

accuracy achieved across two different types of data:
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Dataset ”Djezzy”
(DziriBERT + MARBERT)

Table 3.10: Fusion with "bilstm ”

Evaluation of (DziriBERT + CAMeLbert) and Evaluation of

CAMeLbert

The model accuracy precision recall | macro- | fl1(negative)fl(neutral) f1(positive
f1

DziriBERT + | 0.8336 | 0.8239 | 0.8146 | 0.8190 | 0.8574 0.7909 0.8087

MARBERT

DziriBERT + | 0.8069 | 0.8072 | 0.7967 | 0.8018 | 0.8422 0.7744 0.7887

Dataset "BrandDZ”

of (DziriBERT + MARBERT)

Evaluation of (DziriBERT + CAMeLbert) and Evaluation

Table 3.11: Fusion with bilstm
The model accuracy precision recall | macro- | fl(negative)fl(neutral) f1(positive
f1
DziriBERT 4 | 0.8258 | 0.7146 | 0.6794 | 0.6926 | 0.4077 0.7808 0.8892
MARBERT
DziriBERT + | 0.8067 | 0.7231 | 0.6827 | 0.6976 | 0.4247 0.7787 0.8894
CAMeLbert

Table 3.12: Fusion with bilstm

Later, to assess the impact of the classification layer on the quality of the results,

we reused the same late fusion mechanism but replaced BiLSTM with a CNN layer.

Although the performance remained acceptable, it was lower compared to BiLSTM’s

results. This confirms that late fusion achieves its highest effectiveness when integrated

within an architecture capable of capturing the full sequential and contextual structure

of the text—something that BiLSTM provides. In contrast, CNN mainly focuses on

capturing local positional features, which makes it less capable of interpreting deep

contextual interactions between words in sentences containing linguistic and dialectal

code-switching.
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The following experimental results confirm this analysis, as we present the average

accuracy achieved across two different types of data :

e Dataset ”Djezzy”

of (DziriBERT + MARBERT)

Table 3.13: Fusion with CNN

Evaluation of (DziriBERT + CAMeLbert) and Evaluation

The model accuracy precision) recall | macro- | fl(negative)fl(neutral) f1(positive
f1

DziriBERT + | 0.8053 | 0.7994 | 0.7857 | 0.7922 | 0.8309 0.7715 0.7743

MARBERT

DziriBERT + | 0.7857 | 0.7603 | 0.7784 | 0.7687 | 0.8146 0.7360 0.7557

CAMeLbert

Dataset "BrandDZ”

of (DziriBERT + MARBERT)

Table 3.14: Fusion with CNN

Evaluation of (DziriBERT + CAMeLbert) and Evaluation

The model accuracy precision recall | macro- | fl(negative)fl(neutral) f1(positive
f1

DziriBERT + | 0.8007 | 0.6877 | 0.6820 | 0.6846 | 0.4087 0.7643 0.8809

MARBERT

DziriBERT + | 0.7778 | 0.7485 | 0.7722 | 0.7593 | 0.8075 0.7211 0.7494

CAMeLbert

BiLSTM Outperforms CNN: The results confirm that BiLSTM significantly outper-
forms CNN when applied with the late fusion technique, whether combining DziriBERT
with AraBERT or with CamelBERT. This superiority is attributed to BiLSTM’s ability

to capture contextual information in both directions, enabling a deeper understanding

of the full word sequence and the contextual relationships within the text.

and finnaly based on these experiments, we conclude that late fusion is an effective

strategy for leveraging the complementarity between language models, especially when
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each is trained on a different type of data (Modern Standard Arabic vs. dialect). How-
ever, the effectiveness of this fusion directly depends on the classification layer used.
BiLSTM has demonstrated superior performance in this context due to its ability to
capture full dynamic contextual representations, which is crucial for multi-source fused
representations. In contrast, CNN remains effective for tasks with limited context, but
it is less suitable in cases that require a comprehensive understanding of sentence-level

context, as is the case in multi-dialect text classification.

3.4 Conclusion

This chaptre demonstrated the effectiveness of late fusion in enhancing sentiment anal-
ysis for Algerian texts written in both Arabic and Arabizi. By combining representa-
tions from dialect-aware models like DziriBERT, MARBERT, and applying a BiLSTM
classifier, the model achieved strong performance, particularly in handling contextual
nuances. BiLSTM outperformed CNN due to its ability to capture sequential depen-

dencies .
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General Conclusion

This work addresses the use of artificial intelligence techniques in sentiment analy-
sis for the Algerian dialect. We proposed a new methodology based on merging the
representations generated by two Transformer-type language models, DziriBERT and
MarBERT, using the Late Fusion technique, then passing this combined representation
to a classifier based on a BiLSTM network.

The proposed methodology was evaluated on two Algerian dialect datasets: Djezzy
and BrandDZ. The results demonstrated the effectiveness of this approach, achieving an
accuracy of 0.83 on the Djezzy dataset and 0.81 on the BrandDZ dataset. These results
clearly outperformed the performance of each model individually, with the DziriBERT
model achieving an accuracy of 0.75 on the Djezzy dataset and 0.79 on the BrandDZ
dataset, while the MarBERT model achieved an accuracy of 0.77 on the Djezzy dataset
and 0.79 on the BrandDZ dataset.

These results confirm that merging the linguistic representations generated by dif-
ferent Transformer models can significantly improve sentiment classification perfor-
mance in the Algerian colloquial context. This approach also enables businesses and
organizations to gain a more accurate understanding of users’ sentiments and opinions,
helping them make quick and informed decisions.

In conclusion, the proposed methodology represents a promising step toward de-
veloping effective tools for sentiment analysis in resource-poor Arabic dialects. Future
work includes expanding this approach to other Arabic dialects, enriching the dataset
with more Algerian-language comments, experimenting with alternative architectures,

and optimizing model settings for better performance.
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