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Abstract
Arabic sentiment analysis remains challenging due to linguistic diversity, dialectal variation, informal expressions, and noisy social media text. This thesis proposes an enhanced framework for binary Arabic sentiment classification by leveraging MARBERTv2 contextual representations and task-specific transformer adaptation. Experiments were conducted on the Arabic Sentiment Analysis Dataset (ASAD), comprising 26,785 positive and negative tweets. The study systematically evaluates traditional TF-IDF-based machine learning models, MARBERTv2-based CNN model and a fully fine-tuned MARBERTv2 model. The results demonstrate a clear advantage of transformer adaptation over traditional approaches. While the strongest TF-IDF baseline, SVM, achieved 90.76% accuracy and 90.69% F1-score, the CNN with partially unfrozen MARBERTv2 layers achieved 95.20% accuracy, 96.79% recall, and 95.28% F1-score. The fine-tuned MARBERTv2 achieved the best overall performance, reaching 95.26% accuracy, 94.73% precision, 95.86% recall, and 95.29% F1-score. These findings demonstrate that task-specific adaptation of MARBERTv2 provides powerful contextual representations for Arabic sentiment classification and achieves competitive performance without relying on complex transformer ensembles. 
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[bookmark: _Toc239362992][bookmark: _Toc689638998][bookmark: _Toc1815864348][bookmark: _Toc1126637890]Chapter 1 Introduction 
[bookmark: _Toc1983992020][bookmark: _Toc1404633896][bookmark: _Toc1765785126][bookmark: _Toc140997291]1.1 Overview 
Sentiment analysis is widely used in natural language processing because it helps identify the opinions, emotions, and attitudes expressed in text. Its importance has increased with the rapid growth of online communication, especially on social media platforms, review websites, and other digital spaces where users frequently share their views. In Arabic, sentiment analysis has received growing attention in recent years. However, recent survey studies still show that Arabic sentiment analysis is less mature than sentiment analysis in high-resource languages, particularly in modern deep learning settings [1]. One of the main problems in Arabic sentiment analysis lies in the different nature of the language itself. The fact that there are different dialects (like Modern Standard Arabic and many different dialects) that in general have different vocabulary, style and orthography, makes the classification even harder as this is especially true with colloquial texts (for example in social media). This problem worsens when the data is taken from different fields, (i.e. tweets, reviews, etc.) because the patterns may not be applied between this kind of fields, e.g. if the approach works with reviews it might not be accurate with tweets. Besides, some recent studies have shown that cross-domains and cross-dialects sentiment analysis is still hard and needs better solutions to face the variation in Arabic contexts [2]. Furthermore, the development of Arabic sentiment analysis systems does not only depend on the best model but, on the fact of using solid and updated benchmarks. Some recent works have proved that some Arabic sentiment benchmarks are still weak and do not reflect correctly the effectiveness of a new proposed model, therefore the quality of the benchmark is also fundamental [3]. At the same time, recent research suggests that hybrid approaches are still promising for Arabic sentiment classification. Combining transformer-based contextual representations with traditional text features may be useful because sentiment in Arabic can appear through both contextual meaning and surface-level lexical patterns. Some recent studies on Arabic dialect sentiment classification also support this direction by showing the value of integrating transformer representations with traditional features such as TF-IDF [4]. Also, Arabic sentiment analysis is now focusing more on domain variation, benchmark quality, and combining different features. So, it makes sense to look at a framework that uses domain-adaptive transformer feature extraction and machine learning classification in this study.


[bookmark: _Toc1410809488][bookmark: _Toc2104528743][bookmark: _Toc1239611790][bookmark: _Toc576720103]1.2 Problem Definition 
Arabic sentiment analysis still has many challenges because Arabic texts are different in dialects, domains, and writing styles. Also, this makes sentiment classification difficult, especially when the data is not the same as the training data. Also, working well on one model does not mean all results will be good. It can give poor results when the text is noisy, informal, or from special domain. Also, the problem is more complex in social media data, where there are many dialects, non-standard spelling, and informal words.


[bookmark: _Toc1999976096][bookmark: _Toc2009107045][bookmark: _Toc480636870][bookmark: _Toc1174772343]1.3 Thesis Objectives 
This study's primary objective is to explore some more effective method for the task of Arabic sentiment analysis. For this purpose, it employs domain-adaptive transformer features and machine learning for the classification task. Additionally, it aims at enhancing the quality of sentiment classification for Arabic language texts, especially when these texts are from divergent domains and writing styles. Meanwhile, it pertains to how the combination of transformer features with classification could be more effective. Moreover, it aims at constructing a more enhanced and balanced method for the task of Arabic sentiment analysis particularly in more complex context.


[bookmark: _Toc1670938521][bookmark: _Toc1904088119][bookmark: _Toc788146917][bookmark: _Toc1336804428]1.4 Thesis Contribution 
This study is expected to contribute to Arabic sentiment analysis in the following ways:
· It proposes a framework that combines domain-adaptive transformer-based feature extraction with machine learning classification. Specifically, MARBERTv2 is employed to extract contextual sentiment-aware features from Arabic text, which are then passed to conventional machine learning classifiers for sentiment prediction.
· It evaluates the proposed framework on the ASAD dataset, assessing its effectiveness in classifying the sentiment of Arabic tweets under real-world, noisy social media conditions.
· The study establishes TF-IDF-based Logistic Regression and Support Vector Machine (SVM) models as baseline approaches and compares their performance with MARBERTv2-based models. 
· The experimental results examine the effect of different representation and adaptation strategies, including fixed transformer representations, CNN-based contextual representations, partial transformer-layer fine-tuning, and full MARBERTv2 fine-tuning.


[bookmark: _Toc1727294803][bookmark: _Toc1462200156][bookmark: _Toc1566737677][bookmark: _Toc1181415541]1.5 Thesis Organization 
The remainder of the thesis is structured as follows:
Chapter 2: provides background and related work about Arabic tweet sentiment analysis. Also, it talks about machine learning, deep learning, and transformer-based methods. In addition, it shows some recent studies about Arabic sentiment analysis.
Chapter 3: outlines the proposed approach of the study, including the dataset, preprocessing steps, feature extraction process, classification models, and evaluation metrics.
Chapter 4: presents the experimental results and discussion of the proposed framework, including the performance of the models and the comparison between the proposed approach and the baseline methods.
Chapter 5: concludes the study by summarizing the main findings, highlighting the limitations, and presenting directions for future work.


[bookmark: _Toc648512954][bookmark: _Toc1927366966][bookmark: _Toc1059495441][bookmark: _Toc1837620021]Chapter 2 Background and   Related Work 
[bookmark: _Toc619028644][bookmark: _Toc1121922444][bookmark: _Toc928660460][bookmark: _Toc716408177]2.1 Introduction
This chapter provides the background for Arabic tweet sentiment classification. It begins by explaining sentiment analysis and the main challenges that appear in Arabic sentiment analysis, especially in social media and dialectal contexts. It then reviews the main approaches used in sentiment classification, including machine learning, deep learning, and transformer-based models. It also presents the evaluation metrics used in this study and discusses recent related work to clarify the research gap behind the proposed framework.

[bookmark: _Toc658503442][bookmark: _Toc606752121][bookmark: _Toc493360798][bookmark: _Toc1132836511]2.2 Background
[bookmark: _Toc1320245202][bookmark: _Toc535614777][bookmark: _Toc2094840472][bookmark: _Toc558037398]2.2.1 Introduction to Sentiment Analysis
Sentiment analysis, or opinion mining, is a common task in Natural Language Processing (NLP). It is mainly used to identify the sentiment expressed in text, such as whether the text is positive, negative, or neutral. In some studies, more detailed sentiment classes are also used depending on the dataset and the aim of the research. So, these days have become more important because people share a lot of text every day on social media, review sites, forums, and other places online. So, sentiment analysis became more important. Moreover, it is also beneficial for many aspects such understanding customers' comments, following the public opinions, checking products and watching brands. It definitely plays a significant role in the social media, whereby the people are giving their views directly and very transparently. Yet, it is not easy to conducting a sentiment analysis; as the meaning of the utterance could be changeable due to the context, sarcasm, negation, ambiguity or single word. But for Arabic language, it is more complex because of the existence of Modern Standard Arabic and many dialects that are differing by the word choice, spellings and style; whereas on the social media, it will be more extreme as the users usually confuse the dialects, encrypt the words by using repetitive alphabet, EMOJIs or others. Also, sentiment analysis can be done at document-level, sentence-level, or aspect-level. In tweet classification, short-text sentiment analysis is particularly important because each tweet is usually treated as one unit for prediction. Arabic sentiment analysis may also use binary, three-class, or multi-class settings depending on the dataset and the purpose of the study. In this study, the task is formulated as binary sentiment classification. Neutral tweets are excluded, and the remaining tweets are classified as positive or negative. This gives a more focused way to classify Arabic tweet sentiment. Over time, sentiment analysis methods have moved from traditional feature-based approaches to machine learning, deep learning, and transformer-based models. The following sections review these approaches and explain their relevance to Arabic sentiment analysis [5][6].

[bookmark: _Toc1754333722][bookmark: _Toc288412314][bookmark: _Toc1290870910][bookmark: _Toc1415650861]2.2.2 Sentiment Analysis using Machine Learning
Machine learning is used in sentiment classification by training models on labeled data. Also, the text is converted into features, and TF-IDF is often used in this step. After that, machine learning models like Logistic Regression, SVM, and XGBoost are used for sentiment classification [7].

[bookmark: _Toc1944765570][bookmark: _Toc988819836][bookmark: _Toc767404044]2.2.2.1 Logistic Regression
Logistic Regression is a common machine learning model for sentiment analysis. Also, before using it, the text data is changed to numbers, for example by using TF-IDF. Then, the model is trained on labeled data to find patterns and predict the sentiment. Researchers usually include Logistic Regression because it is straightforward and gives reasonable results, especially as a baseline model, as shown in Figure 1. Even so, it mainly depends on the quality of the extracted features, and this makes it less capable of understanding contextual meaning compared with newer models [8].

[image: ]
Figure 1. Sample Logistic Regression Function S-shaped curve [9].

[bookmark: _Toc2056878563][bookmark: _Toc775630504][bookmark: _Toc814335863]2.2.2.2 Support Vector Machine
Support Vector Machine is a well-known machine learning model in sentiment analysis. It is commonly applied after converting text into numerical form using feature extraction methods such as TF-IDF. The main idea of this model is to classify the text by identifying a separating boundary between different sentiment categories. Many studies use Support Vector Machine because it is effective in handling text classification problems and can produce good performance in many cases, as shown in Figure 2. However, its results are still influenced by the quality of the extracted features, which means it may not represent contextual meaning as effectively as more recent deep learning and transformer-based models [10].

[image: ]
Figure 2. Support Vector Machine (SVM) decision boundary with maximum margin [11].

[bookmark: _Toc191187073][bookmark: _Toc1532001653][bookmark: _Toc58292779]2.2.2.3 XGBoost
XGBoost is also used in sentiment analysis as a feature-based machine learning model. In most cases, the text is not used directly, but is first changed into numerical representation using methods such as TF-IDF. These features are then used to train the model so it can distinguish between sentiment classes. Aِlso its included in some sentiment analysis studies cause it applies a tree-based boosting strategy, so that can be improve classification performance in feature-driven tasks, as shown in Figure 3. However, its performance still depends on the numerical representation of the text, which makes it less effective in understanding context when compared with deep learning and transformer-based approaches [12].
[image: ]
Figure 3. XGBoost sequential boosting process [13].

However, machine learning models are still important in sentiment analysis because they provide clear baseline results. Their effectiveness is closely related to the preprocessing stage and the quality of feature extraction. Also, their ability to represent contextual meaning is more limited than that of newer techniques. Also, in Arabic sentiment analysis, this problem is more difficult. There are many dialects and complex morphology. Also, the informal style is common, especially in tweets [14].

[bookmark: _Toc915002327][bookmark: _Toc1545741825][bookmark: _Toc482158974][bookmark: _Toc784313222]2.2.3 Sentiment Analysis using Deep Learning
Deep learning is a branch of machine learning used in sentiment classification. These models do not depend on feature extraction methods such as TF-IDF as in machine learning (ML), because they can learn text representation automatically from the input data. On the other hand, models such as CNN, LSTM, and BiGRU are often used to classify text based on the patterns learned during training [15].

[bookmark: _Toc503955050][bookmark: _Toc2021243802][bookmark: _Toc582136733]2.2.3.1 Convolutional Neural Network (CNN)
Convolutional Neural Network is also used in sentiment analysis as a deep learning model. In text classification, it learns useful patterns from the input text and uses them in the classification process. CNN is often applied because it can detect important parts of the text that support the sentiment decision, as shown in Figure 4. However, it may be less effective when the text requires understanding longer word relations compared with some other deep learning models [16].

[image: ]
Figure 4. The architecture of a CNN for text classification [17].

[bookmark: _Toc1104242939][bookmark: _Toc462359699][bookmark: _Toc1599120111]2.2.3.2 Long Short-Term Memory (LSTM)
Long Short-Term Memory is used in sentiment analysis to classify sequential text data. Instead of treating words independently, it follows the order of the sequence during learning. This allows the model to make use of information that appears across the text when predicting the sentiment class, as shown in Figure 5. However, it often requires more training effort than simpler models [18].
[image: ]Figure 5. LSTM structure diagram [19].

[bookmark: _Toc227742973][bookmark: _Toc749004439][bookmark: _Toc2137022611]2.2.3.3 Bidirectional Gated Recurrent Unit (BiGRU)
Bidirectional Gated Recurrent Unit is also applied in sentiment analysis as a deep learning model. It reads the sequence from both directions, which gives the model access to information from the beginning and the end of the text. This can support sentiment classification by providing a better view of the sequence, as shown in Figure 6. However, the model result is still affected by the training data and parameter settings [20].

[image: ]
Figure 6. Architectural diagram of the BiGRU model [21].

Deep learning models are widely used in sentiment analysis. CNN, LSTM, and BiGRU are common examples in text classification. At the same time, their results still depend on the quality of the data, and how the model is designed, especially for Arabic text [22].

[bookmark: _Toc781642886][bookmark: _Toc141294968][bookmark: _Toc1037499391][bookmark: _Toc920067309]2.2.4 Sentiment Analysis Using Transformer-Based Models
Transformer-based models are used in sentiment analysis. These models help represent the meaning of text based on context. Also, they have a lot of advantages, one of them is the ability to understand the same word differently depending on the surrounding words. However, in Arabic sentiment classification, it is common to use models such as AraBERT, MARBERT, and CAMeLBERT [23].

[bookmark: _Toc1046677962][bookmark: _Toc75292052][bookmark: _Toc296853875]2.2.4.1 AraBERT
AraBERT is a transformer-based model introduced for Arabic language understanding. It was pre-trained on large Arabic text corpora and presented as a model can support different Arabic NLP tasks. Cause of this, it has been used in tasks such as sentiment analysis and text classification, as shown in Figure 7 [24].
[image: ]
Figure 7. The feature extraction model architecture based on MTL and AraBERT [25].

[bookmark: _Toc1097902017][bookmark: _Toc1984387113][bookmark: _Toc1081960975]2.2.4.2 MARBERT
MARBERT is an Arabic transformer-based model developed with a stronger focus on dialectal Arabic and text from social media. It was trained on a large amount of Arabic data, including informal content, cause of this its become a useful for tasks that involve noisy and dialectal text. For this reason, it has been used in Arabic sentiment classification, as shown in Figure 8 [26].
[image: ]
Figure 8. The fine-tuned MARBERT model architecture [27].

[bookmark: _Toc578191441][bookmark: _Toc702662351][bookmark: _Toc1608813540]2.2.4.3 CAMeLBERT
CAMeLBERT is one of the Arabic pre-trained language models introduced for Arabic NLP tasks. The related paper focused on the effect of language variant, model size, and task type on model performance. Based on this, CAMeLBERT was presented as a model that can support Arabic text classification under different Arabic forms, as shown in Figure 9 [28].

[image: ]
Figure 9. CAMeLBERT architecture.
Transformer-based models have shown strong results in recent Arabic sentiment analysis studies. So, this is especially clear in Arabic models that were applied to sentiment tasks and dialectal or noisy text. Although these models usually need more computation and careful fine-tuning, they are still among the most suitable choices for Arabic sentiment classification. Cause of this, they are an important part of the proposed framework [29]. As shown in Table 1, compares the main sentiment analysis approaches used in Arabic NLP.
Table 1. Comparison of sentiment analysis approaches in Arabic NLP.
	Approach
	Common Models
	Suitable Data
	Main Advantage
	Main Limitation

	Machine Learning
	Logistic Regression, SVM, XGBoost
	Structured or relatively clean text represented using features such as TF-IDF
	Strong baseline models, efficient, interpretable, and useful for comparison
	Limited ability to capture semantic relations, word order, and contextual meaning

	Deep Learning
	CNN, LSTM, BiGRU
	Sequential text with semantic patterns, including noisy text with word dependencies
	Better representation learning than traditional machine learning and improved ability to capture local and sequential patterns
	Requires more training data, more tuning effort, and higher computational cost

	Transformer-Based Models
	AraBERT, MARBERT, CAMeLBERT
	Arabic tweets, dialectal text, and noisy social media data
	Strong contextual modeling and better suitability for complex Arabic sentiment analysis tasks
	Requires more computational resources and careful fine-tuning


[bookmark: _Toc1128076144][bookmark: _Toc1011892716][bookmark: _Toc1268508771][bookmark: _Toc2013995682]2.2.5 Performance metrics
To evaluate the performance of the sentiment classification models used in this study, four standard performance metrics were used: accuracy, precision, recall, and F1-score. These metrics are commonly used in classification tasks because they help assess model performance clearly. In classification tasks, the evaluation is usually based on four possible outcomes. True Positives (TP) are the cases that are correctly classified as positive, while True Negatives (TN) are the cases that are correctly classified as negative. False Positives (FP) are the cases that are incorrectly classified as positive, whereas False Negatives (FN) are the cases that are incorrectly classified as negative. Accuracy measures the proportion of correctly classified instances out of the total number of instances. It gives a general indication of the model’s overall performance. The accuracy is calculated using Eq. (1) [30].

	Accuracy = (TP + TN) / (TP + TN + FP + FN)
	(1)



Precision measures the proportion of correctly predicted positive instances out of all instances predicted as positive. It shows how accurate the positive predictions are. The precision is calculated using Eq. (2) [31].

	Precision = TP / (TP + FP)
	(2)



Recall measures the proportion of actual positive instances that are correctly identified by the model. It shows how well the model can detect positive cases. The recall is calculated using Eq. (3) [31].

	Recall = TP / (TP + FN)
	(3)



F1-score combines precision and recall into a single value by taking their harmonic mean. It is useful when both precision and recall need to be considered together. The F1-score is calculated using Eq. (4) [31].

	F1-score = 2 × (Precision × Recall) / (Precision + Recall)
	(4)



[bookmark: _Toc2104373917][bookmark: _Toc547631352][bookmark: _Toc325232659][bookmark: _Toc779345172]2.3 Literature Review
This section introduces recent related studies in Arabic sentiment analysis and focuses on Arabic tweets, dialectal content, noisy user-generated text, and transformer-based sentiment classification. The purpose of this review is to identify the main research directions in recent literature, underline the strengths and limitations of prior work, and clarify the academic position of the proposed study. The reviewed studies also help establish the research limitations that motivate the use of a machine learning approach with a transformer-based framework on the ASAD dataset. 
Abdul-Mageed et al. [32] presented the NADI 2022 shared task for dialect identification and dialectal sentiment analysis on Arabic tweets. The study did not focus on a single standalone model but rather established a benchmarking framework to evaluate different systems on nuanced Arabic tweet data. The results showed that the winning system achieved an F1 score of 75.16 in the sentiment subtask. This study is important because it provides a clear benchmark for Arabic tweet sentiment analysis and demonstrates the performance level that strong systems achieved in a competitive setting. However, as a shared-task paper, its main contribution is evaluation and comparison rather than proposing a reusable sentiment framework.  
Abdel-Salam et al. [33] developed a system for dialect and sentiment identification in nuanced Arabic tweets using an ensemble of prompt-based, fine-tuned, and multitask BERT models on the NADI 2022 dataset. Their system got first place in the sentiment subtask with F1-PN score 75.15. Also, it showed that using different BERT-based methods can work well for Arabic tweet sentiment analysis, especially when there are small dialect differences. However, the system was made mainly for a shared-task, so it is not easy to use in normal research work.
Bayrak and Issifu [34] explored domain-adapted BERT-based models for Arabic dialect identification and sentiment analysis on tweets. The authors used MARBERT and other Arabic BERT models with special preprocessing for Arabic on NADI 2022 tweets. The best sentiment model got 74.29 Macro F1-PN. Also, it shows that domain adaptation and preprocessing are important when working with Arabic tweets that have many dialects. And, the performance was still lower than the best recent ensemble systems. And that means domain adaptation alone may not be enough to get the best results. 
Qaddoumi [35] presented an ensemble system for Arabic tweet sentiment analysis. The system was a simple averaging of the Arabic BERT-based models provided on NADI 2022 Subtask 2. They placed third place, with 72.49 Macro-PN-F1 in the development set, and 69.86 F1-PN in the test set. After present their system, it can be seen that a simple ensemble can be strong for Arabic tweet sentiment analysis. However, this system performance was still inferior to the top system in the same benchmark.
Belbachir et al. [36] proposed a sentiment analysis system for Algerian Arabic tweets. It used MARBERT with lexical and emoji-based filtering on the SemEval-2023 Task 12 dataset. Also, the filtering step improved the F1 score from 0.732 to 0.736. However, the improvement was small. On other hand, it shows that targeted preprocessing can help sentiment classification in dialect Arabic. Also, the study is important because it works on Algerian Arabic, which is not common in Arabic sentiment analysis. However, the main limitation is that the results are only for one dialect, so it is hard to use them for all Arabic tweets.  
Alosaimi et al. [37] proposed a hybrid model for Arabic sentiment analysis by combining AraBERT with LSTM. Also, they tested this model on four Arabic sentiment benchmark datasets. And for improving classification performance, they need to use a transformer and sequential learning as the main goal. Also, the model achieved accuracy above 97%, which shows good potential for combined models in Arabic sentiment analysis. However, the experiments used only benchmark datasets, not Arabic tweets, so maybe the results do not apply directly to noisy or dialectal social media text.
Baniata and Kang [38] developed a Switch Transformer model for Arabic dialect sentiment analysis with Mixture of Experts. The model was tested on Arabic dialect datasets with three-polarity and five-point settings. The result showed 84.02% accuracy. Also, it showed that advanced transformer models can help with sentiment classification in Arabic, cause of dialects and non-standard writing make it difficult. However, the model needs more computation, so on the other hand, it may not be practical for lightweight academic use.
Almaqtari et al. [39] developed a hybrid model for Arabic sentiment analysis using AraBERT, multi-channel CNN, and BiGRU on three Arabic review datasets. The accuracy reached 96.92% for ACRD, 96.68% for HARD, and 92.93% for LABR. The study also reported that the advantage of combining contextual, local, and sequential features can improve classification performance. Meanwhile, the addressed sentiment analysis of reviews rather than tweets.
Alawneh et al. [40] examined the effect of preprocessing and emoji encoding on Arabic sentiment analysis by using a CNN-LSTM framework on the Arabic Sentiment Twitter Corpus (ASTC). And the best result was 91.85% accuracy. This was after several preprocessing steps. In addition, the steps were to keep non-Arabic words, remove punctuation, use Snowball stemming, change emojis to Arabic text, and use Keras embeddings. Meanwhile, the main importance is that tweet preparation is very important for Arabic sentiment classification, especially in social media, where people use informal language and emojis. However, the main limitation is that the experiments were only done on one tweet dataset.
Mansour et al. [41] proposed a transformer-based ensemble model for dialectal Arabic sentiment classification. Also, the study compared TF-IDF baselines, machine learning models, deep learning models, and transformer models like CAMeLBERT, MARBERT, and XLM-RoBERTa on ASTD, ASAD, and TEAD datasets. The ensemble yielded some of the highest performances, with 90.4% mean accuracy, 87.7% F1 and 95% F1 on ASAD. As a result, it is presently one of the reference systems for Arabic tweet sentiment analysis. Due to that, the best system was still an ensemble, and in consequence it is more complex and less easy to interpret than a single system.
Aljomah et al. [42] explored Arabic sentiment analysis on noisy text by using a pre-trained transformer model. Also, the authors fine-tuned CAMeLBERT and compared it with AraBERTv02-twitter and MARBERT on the MARSA dataset. Fine-tuned CAMeLBERT got 92% accuracy and 91.5% F1-score. This is important because noisy Arabic tweets are hard to classify because of spelling variation, informal words, and dialects. However, the experiments were only on one noisy-text dataset. Also, the study showed that fine-tuning transformers is useful for noisy Arabic social media sentiment tasks.
Jaber et al. [43] developed an ensemble machine learning approach for Arabic sentiment analysis using pre-trained embeddings and ensemble voting on ArTwitter and Syria_Tweets. The results showed strong performance, including 92.43% accuracy and 92.00% F1-score on ArTwitter. This study is useful because it shows that traditional ensemble machine learning can still achieve high results when supported by strong embeddings. It also reminds us that strong Arabic sentiment performance does not always require a fully end-to-end transformer pipeline. Nevertheless, the method remains more classical in design than recent transformer-based sentiment frameworks.
Alharbi et al. [44] presented the AHaSIS shared task on sentiment analysis for Arabic dialects using a multi-dialect hospitality review dataset. One of the top-performing system achieved a Micro-F1 score of 0.81. So,  the study a useful reference for dialect-sensitive evaluation in Arabic sentiment analysis. But, still cause the dataset is based on hospitality reviews rather than tweets, its relevance to tweet sentiment classification remains indirect.
Alghamdi et al. [45] examined sentiment analysis in Saudi-English code-switching text and introduced the Saudi-English Sentiment Analysis Code-Switching Dataset (SESA-CSD). Several small language models were evaluated, and the best result came from XLM-RoBERTa, which achieved 95.50% accuracy and 95.53% Macro-F1. These results are strong and recent, and they are also connected to Saudi social media language use. However, the study focuses on code-switching rather than fully Arabic-only tweets, so it is closer to a supportive reference than a directly matching one.
Alsahafi et al. [46] performed sentiment analysis using deep learning methods on Arabic tweets during Riyadh Season. For this, the authors created a dataset out of 33,300 tweets from X and compared CNN, LSTM, CNN-BiLSTM, and BiLSTM with attention with AraBERT embeddings. The best performance was obtained by BiLSTM with attention with AraBERT embeddings, with an accuracy of 83.37%. This is interesting as a more recent work, it concerned tweets and it was linked to the Saudi social media context. However, it is hard to generalize the results to other Arabic tweet dataset due to the fact that the dataset is linked to one event domain only.
[bookmark: _Toc517745418][bookmark: _Toc135517876][bookmark: _Toc1968557315][bookmark: _Toc1355440710]2.4 Comparative Analysis of Related Work
From the literature reviewed, it appears that Arabic sentiment analysis has advanced quite far in recent years, and these studies focus much on shared tasks for benchmark-oriented research, such as competitions designed around analyzing a corpora of Arabic Tweets (and other micro-blogs and SMS) that tend to be found in dialect-rich environments and for this specific task. In addition, these experiments are useful in providing baselines in terms of performance, and are a reminder that sentiment classification is challenging in the domain of Arabic social media. However, some of the experiments are designed to be used in challenge settings and as such their systems may not be easily used as straightforward research application systems. However, much of the work on Tweets and dialectal text is very relevant to this work project while in addition, some experiments relied on Arabic Tweets or noisy social media texts. That showed in better result because of preprocessing, dealing with emojis, and the use of dialects. Regarding to best result in sentiment analysis of Arabic tweets, it should not be only depending on the model, but also depend on dataset and on text preparation before classification. This is relevant in this work because dataset ASAD contained social media content. Thus, use of informal language and dialects is predictable. Also, there is switch from classical ML to deep learning, and now to transformer-based models. Despite the fact that classical ML still can be used as a baseline, particularly through the use of tf-idf features. There are greater numbers of studies, using neural networks based and transformer-based models. To reach better understanding. On the other hand, hybrid deep learning models also performed well, particularly those that employ contextual embeddings (such as in Trans and CapBERT) using an LSTM or a bi-GRU. Moreover, many high-performing deep learning models were tested on general benchmark or review datasets, and not specifically on Twitter data; thus, a direct comparison for classifying sentiment of Arabic social media content becomes difficult. Furthermore, models that base their predictions using transformer architecture are the state of the art for recent classifying sentiment in Arabic. Studies with the MARBERT, CAMeLBERT, XLM-RoBERTa, and similar transformers outperform traditional approaches, particularly where the input contained dialect or noise in the Arabic language. In the work of Mansour et al., machine learning, deep learning, and transformer models were compared across the ASTD, ASAD, and TEAD datasets. Their best ensemble model achieved 95.6% accuracy, 95% precision, 95% recall, and a 95% F1-score on the ASAD dataset. Their best classifier was an ensemble system. Therefore,this approach is more complicated and difficult to understand than applying one single model. Moreover, a solution still needs to be broken down. The authors of most recent state-of-art research work combine ensemble system, treat them as benchmark comparisons, or try using different datasets which are not exactly same as the conducted task. Hence, the proposed project departs to the alternative framework through the application of domain-adaptive transformer feature extraction with machine-learning classifier to the ASAD dataset. The project applied TF-IDF with Logistic Regression and SVM as baseline models, while MARBERTv2 was used as the main transformer model. The working and methods of the studies discussed above are summarized in Table 2, Comparative Study of Related Work.
Table 2. Comparative Study of Related Work
	Authors
	Year
	Objective
	Dataset / Domain
	Technique / Model
	Key Result
	Limitation

	Abdul-Mageed et al.
	2022
	To benchmark dialect identification and dialectal sentiment analysis on Arabic tweets
	NADI 2022 / Arabic tweets
	Shared-task benchmark systems
	Winning system achieved 75.16 F1 in sentiment subtask
	Benchmark paper, not a single standalone model

	Abdel-Salam et al.
	2022
	To identify dialect and sentiment in nuanced Arabic tweets
	NADI 2022 / Arabic tweets
	Prompt-based, fine-tuned, and multitask BERT ensemble
	Achieved 1st place with 75.15 F1-PN
	Designed mainly for shared-task setting

	Bayrak and Issifu
	2022
	To improve nuanced Arabic dialect and sentiment identification through domain adaptation
	NADI 2022 / Arabic tweets
	Domain-adapted MARBERT and Arabic BERT models
	Best sentiment model achieved 74.29 Macro F1-PN
	Lower than stronger recent ensemble systems

	Qaddoumi
	2022
	To build an ensemble for Arabic tweet sentiment analysis
	NADI 2022 / Arabic dialect tweets
	Average ensemble of Arabic BERT models
	72.49 Macro-PN-F1 on dev, 69.86 F1-PN on test, ranked 3rd
	Simpler ensemble performed below top systems

	Belbachir et al.
	2023
	To improve sentiment analysis of Algerian Arabic tweets
	SemEval-2023 Task 12 / Algerian Arabic tweets
	MARBERT with lexical and emoji-based filtering
	Improved from 0.732 F1 to 0.736 F1
	Focused on one dialect only

	Alosaimi et al.
	2024
	To improve Arabic sentiment analysis using a hybrid model
	Benchmark Arabic sentiment datasets
	AraBERT + LSTM
	Reported accuracy above 97%
	General benchmark setting, not tweet-specific

	Baniata and Kang
	2024
	To address Arabic dialect sentiment analysis using advanced transformers
	Arabic dialect sentiment datasets
	Switch Transformer with Mixture of Experts
	Achieved 84.02% accuracy in one setting
	High computational cost

	Almaqtari et al.
	2024
	To improve Arabic sentiment classification in consumer reviews
	ACRD, HARD, LABR / Arabic reviews
	AraBERT + Multi-channel CNN + BiGRU
	96.92% on ACRD, 96.68% on HARD, 92.93% on LABR
	Review-based, not tweet-based

	Alawneh et al.
	2024
	To study the effect of preprocessing and emoji encoding on Arabic tweet sentiment analysis
	ASTC / Arabic Twitter corpus
	CNN-LSTM with preprocessing and emoji encoding
	Best setup achieved 91.85% accuracy
	Evaluated on one tweet dataset only

	Mansour et al.
	2025
	To improve dialectal Arabic sentiment classification with transformer ensembles
	ASTD, ASAD, TEAD / Arabic tweets
	Ensemble of CAMeLBERT, MARBERT, XLM-RoBERTa and others
	Accuracy 95.6%، Precision 95%، Recall 95%، F1-score 95%
	Ensemble is heavier and less interpretable

	Aljomah et al.
	2025
	To classify noisy Arabic sentiment text using transformers
	MARSA / noisy Arabic text
	Fine-tuned CAMeLBERT vs AraBERTv02-twitter and MARBERT
	92% accuracy, 91.5% F1-score
	One noisy-text dataset only

	Jaber et al.
	2025
	To improve Arabic sentiment analysis using embeddings and ensemble ML
	ArTwitter, Syria_Tweets
	Pre-trained embeddings + ensemble voting
	92.43% accuracy, 92.00% F1-score on ArTwitter
	More classical than recent transformer frameworks

	Alharbi et al.
	2025
	To evaluate sentiment analysis for Arabic dialects in hospitality domain
	Multi-dialect hospitality reviews
	Shared-task systems
	Top system achieved 0.81 Micro-F1
	Domain is reviews, not tweets

	Alghamdi et al.
	2026
	To analyze Saudi-English code-switching sentiment and introduce a new dataset
	SESA-CSD / Saudi-English code-switching social media text
	Small language models, best with XLM-RoBERTa
	95.50% accuracy, 95.53% Macro-F1, with 3%–11% improvement over baseline
	Code-switching focus, not fully Arabic-only tweets

	Alsahafi et al.
	2026
	To analyze sentiment of Arabic tweets during Riyadh Season
	33,300 tweets / X (Twitter)
	CNN, LSTM, CNN-BiLSTM, BiLSTM + attention with AraBERT embeddings
	Best model achieved 83.37% accuracy
	Domain-specific to Riyadh Season


[bookmark: _Toc983598075]2.5 Chapter Summary
This chapter presented the main background of Arabic sentiment analysis, particularly on social media text and dialectical Arabic. It first described the term sentiment analysis, the challenges faced by researchers, the important of sentiment analysis, and the settings used for sentiment classification task in previous research. Also, the traditional machine learning approaches, deep learning approaches, and the transformer-based approaches. In addition, this chapter illustrated the usage of the latest transformer-based approaches in modern Arabic sentiment analysis researches on social media, and dialectical Arabic. It also discussed about the metrics of performance in sentiment classification as they are important to evaluate the performance of models and compare between different approaches. Moreover, the studies reveal that there are many recent approaches achieved better results by using deep learning and transformer-based models. However, most of these studies do not exactly fit with the current task, so a focused and practical framework for Arabic tweet sentiment classification is still requiring. Based on the review, the domain-adaptive transformer feature extraction and machine learning classification applied on the ASAD dataset is used in the proposed project. Traditional machine learning models are used as baselines, MARBERTv2 is used as the main transformer model. Overall, this chapter provides the backgrounds for the methodology in the next chapter.


[bookmark: _Toc1330126208][bookmark: _Toc579661853][bookmark: _Toc152500130][bookmark: _Toc1100758200]Chapter 3 Proposed Methodology
[bookmark: _Toc1001418307]3.1 Introduction
This chapter presents the proposed approach for binary sentiment classification of Arabic tweets. It describes the complete experimental workflow, beginning with dataset preparation and preprocessing and continuing through feature representation, model training, and performance evaluation. The approach was designed to compare different modeling strategies under a consistent experimental setting. 

[bookmark: _Toc1523245160]3.2 Proposed Framework
The proposed framework outlines the main stages followed in this study for Arabic sentiment classification. As illustrated in Figure 10, the framework begins with the ASAD dataset and proceeds through data preparation, text preprocessing, feature representation, classification, and performance evaluation. Neutral tweets are excluded to formulate the task as binary classification between positive and negative sentiments. Three modeling strategies are evaluated. The first uses character-level TF-IDF features with Logistic Regression and Support Vector Machine. The second combines contextual CLS representations extracted from MARBERTv2 with the same classifiers. The third evaluates neural adaptation approaches, including fine-tuned MARBERTv2 and two CNN-based configurations. All models use the same data partitions and are evaluated using accuracy, precision, recall, and F1-score. The subsequent sections explain each stage of the framework in detail.

[bookmark: _Toc1631677505][image: ]
Figure 10. Proposed Framework.
[bookmark: _Toc1203292383]3.3 Dataset Description
This study uses the Arabic Sentiment Analysis Dataset (ASAD), a large benchmark dataset developed for sentiment classification of Arabic tweets [47]. The original dataset contains approximately 100,000 tweets labeled as positive, negative, or neutral. The tweets were collected between May 2012 and April 2020 and include Modern Standard Arabic and several Arabic dialects, such as Khaleeji, Hijazi, and Egyptian Arabic. For this study, the train_all_ext.csv and test1_labeled.csv files were combined. Missing values and tweets with duplicate Tweet IDs were removed, and neutral tweets were excluded to formulate the task as binary sentiment classification between positive and negative sentiments. After these steps, the final dataset contained 26,785 tweets, including 13,401 positive and 13,384 negative instances.  Figure 11 illustrates distribution of Positive and Negative Tweets Across the Dataset Partitions.
[image: ]Figure 11. Distribution of the dataset.

[bookmark: _Toc466089411]3.4 Data Preprocessing
Data preprocessing was applied to improve the quality of the Arabic tweets before training the models. URLs, user mentions, hashtags, retweet markers, and unwanted symbols were removed. Sentiment-related emojis were converted into Arabic words, such as حب, سعيد, حزين, and غاضب. Some Arabizi symbols were also converted into their corresponding Arabic letters. Arabic letters were normalized, while diacritics and Tatweel were removed. Repeated letters and punctuation marks were reduced, numbers were converted into Arabic words, and extra spaces were removed. Stemming, lemmatization, and stop-word removal were not applied to preserve the meaning and dialectal information of the tweets. Table 3 presents examples of Arabic tweets before and after preprocessing.
Table 3. Examples of Arabic Tweets Before and After Preprocessing.
	Before Preprocessing
	After Preprocessing

	أخييييييييراً 😍😍 هرمنا لأجل هذا اليوم😭❤ #موسم_جدة @SJofficial https://t.co/XeRpXuBHY6
	اخيرا حب حب هرمنا لاجل هذا اليوم حزين حب

	دايم تبهرونا بالتميز في كل التفاصيل ♥️👏🏻 @Turki_alalshikh #الوعد_الرياض
	دايم تبهرونا بالتميز في كل التفاصيل حب تصفيق

	أحلى شي في أزمة كورونا كلها 💙💙💙 شكراً وزارة الثقافة 😍 https://t.co/jTdYX0VOE1
	احلي شي في ازمه كورونا كلها حب حب حب شكرا وزاره الثقافه حب


To better understand the processed tweets, word clouds were generated from the positive and negative training tweets. Figure 12 shows the most frequent words in both sentiment classes after preprocessing. The positive word cloud includes words such as حب, جميل, and شكرا, while the negative word cloud contains common dialectal words such as مش, ليش, and يعني. Common Arabic and dialectal words remained because stemming and stop-word removal were not applied.

[image: ]Figure 12. Word Clouds of Positive and Negative Tweets After Preprocessing.

[bookmark: _Toc204713732]3.5 Feature Representation
Feature representation is the process of converting processed text into numerical features that classification models can understand and use. In this study, three feature representations were used according to the requirements of the classification models. Character-level Term Frequency–Inverse Document Frequency (TF-IDF) features were used for the traditional machine learning models, MARBERTv2 CLS features were used for the machine learning models, and MARBERTv2 token representations were used for the neural models.

[bookmark: _Toc1173259950]3.5.1 Character-Level TF-IDF for Machine Learning Models
TF-IDF is a statistical method that converts text into numerical weights based on the importance of textual patterns in the dataset. A pattern receives a higher weight when it appears frequently in a particular tweet but is less common across the other tweets. In this study, character n-grams within word boundaries were used to capture short textual patterns, spelling variations, and dialectal forms in Arabic tweets. The TF-IDF vectorizer was fitted using the training tweets and then applied to the validation and test tweets. The extracted sparse numerical features were used as input for Logistic Regression and Support Vector Machine. The TF-IDF configuration used in this study is presented in Table 4.
Table 4. TF-IDF parameters
	Setting
	Value

	Analyzer
	Character n-grams within word boundaries

	N-gram range
	2–5

	Maximum features
	150,000

	Minimum document frequency
	2

	Sublinear term frequency
	Enabled



[bookmark: _Toc749841813]3.5.2 MARBERTv2 Model
For the machine learning , the CLS token is a special token added at the beginning of each input sequence. Its final hidden representation provides a single numerical vector that summarizes the contextual meaning of the entire tweet. MARBERTv2 was used to extract this representation because it was developed for Arabic dialects and social media text [26]. Each tweet was tokenized and padded or truncated to a maximum sequence length of 128 tokens. The final hidden representation of the CLS token was then extracted as a 768-dimensional feature vector. These contextual features were used as input for Logistic Regression and Support Vector Machine, forming the machine learning approach.

[bookmark: _Toc1164678183]3.5.3 MARBERTv2 Token Representations for Neural Models
Token representation assigns a contextual numerical vector to every token in a tweet instead of representing the entire tweet with one vector. This allows neural models to identify important local patterns and relationships among the tokens. Each tweet was represented as a sequence of 128 token vectors, with 768 features for each token. For the TextCNN model using frozen MARBERTv2 features, the token representations were extracted before training and remained unchanged. For the CNN model combined with the last four MARBERTv2 layers, the token representations were updated during training. Table 5 summarizes the MARBERTv2 representation configuration used in this study.
Table 5. MARBERTv2 parameters
	Setting
	Value

	Pre-trained model
	UBC-NLP/MARBERTv2

	Maximum sequence length
	128 tokens

	Padding
	Maximum length

	Truncation
	Enabled

	CLS feature vector size
	768

	All-token representation size
	128 × 768




[bookmark: _Toc1139234956]3.6 Machine Learning Models
This section presents the machine learning models evaluated using the feature representations described in Section 3.5. Logistic Regression and Linear Support Vector Machine (Linear SVM) were trained separately using character-level TF-IDF features and 768-dimensional MARBERTv2 CLS features. Accordingly, four model configurations were evaluated. Table 6 presents the hyperparameters used for these models.
Table 6. Hyperparameters of the Machine Learning Models
	Feature Representation
	Model
	C
	Maximum Iterations
	Calibration

	Character-level TF-IDF
	Logistic Regression
	5.0
	1,000
	—

	Character-level TF-IDF
	Linear SVM
	0.5
	2,000
	Three-fold

	MARBERTv2 CLS Features
	Logistic Regression
	0.5
	1,000
	—

	MARBERTv2 CLS Features
	Linear SVM
	0.1
	2,000
	Three-fold


The regularization parameter (C) was selected using GridSearchCV based on the validation F1-score. A PredefinedSplit was used to preserve the predefined training and validation partitions during model selection. After selecting the optimal value, each classifier was retrained using the combined training and validation sets. CalibratedClassifierCV with three-fold cross-validation was applied to the Linear SVM models to generate class probabilities. A random seed of 42 was used to support the reproducibility of the experiments.
[bookmark: _Toc271931045]3.7 Deep Learning Models
Deep learning models use neural network layers to learn complex patterns from data. This study used a Convolutional Neural Network (CNN), which applies filters to identify important local patterns in token sequences. Two CNN configurations were evaluated using the MARBERTv2 token representations described in Section 3.5.3.

[bookmark: _Toc1755111602]3.7.1 CNN with Frozen MARBERTv2 Features
Frozen features are representations extracted from a pre-trained model without updating its parameters during classifier training. In this model, MARBERTv2 was used as a fixed feature extractor, while only the CNN classifier was trained. Each tweet was represented by a 128 × 768 matrix. Four one-dimensional convolutional layers with kernel sizes of 2, 3, 4, and 5 were used to capture patterns of different lengths. Each layer contained 256 filters followed by the Rectified Linear Unit (ReLU), which retains positive values. Global max pooling selected the most important feature from each filter. The outputs were then combined and passed through dropout and a two-unit classification layer. The architecture is presented in Table 7.
Table 7. Architecture of CNN with Frozen MARBERTv2 Features.
	Layer
	Configuration
	Activation
	Description

	Input
	128 × 768
	—
	Frozen MARBERTv2 token features

	Convolution
	256 filters with kernel sizes 2, 3, 4, and 5
	ReLU
	Extracts local textual patterns

	Global Max Pooling
	One value per filter
	—
	Retains the most important features

	Concatenation
	1,024 features
	—
	Combines the convolution outputs

	Dropout
	0.50
	—
	Reduces overfitting

	Output
	2 units
	—
	Predicts positive or negative sentiment


The model was trained using the Adam optimizer with a learning rate of 1 × 10⁻³, a batch size of 64, and cross-entropy loss. CosineAnnealingLR gradually adjusted the learning rate. Training continued for a maximum of 100 epochs, with early stopping after six epochs without improvement in the validation F1-score.

[bookmark: _Toc1657380847]3.7.2 CNN with the Last Four MARBERTv2 Layers Unfrozen
Partial fine-tuning updates selected layers of a pre-trained model while keeping the remaining layers frozen. In this model, the last four MARBERTv2 encoder layers were updated during training, allowing the token representations to adapt to the sentiment classification task [26]. The CNN used the same kernel sizes and number of filters as the frozen model. Batch normalization was applied to stabilize the convolution outputs, while dropout was used to reduce overfitting. Table 8 presents the architecture.
Table 8. Architecture of the CNN with the Last Four MARBERTv2 Layers Unfrozen.
	Layer
	Configuration
	Activation
	Description

	MARBERTv2
	Last four encoder layers unfrozen
	—
	Produces task-adaptive token features

	Convolution
	256 filters with kernel sizes 2, 3, 4, and 5
	ReLU
	Extracts local textual patterns

	Batch Normalization
	Applied after convolution
	—
	Stabilizes training

	Global Max Pooling
	One value per filter
	—
	Retains the most important features

	Concatenation
	1,024 features
	—
	Combines the convolution outputs

	Dropout
	0.60
	—
	Reduces overfitting

	Output
	2 units
	—
	Predicts positive or negative sentiment


Mixout with a probability of 0.90 was used to limit large changes in the pre-trained weights, while label smoothing of 0.10 reduced overconfident predictions. The model was trained using AdamW with a learning rate of 7 × 10⁻⁶ and a batch size of 16. A cosine scheduler with a 10% warmup period and gradient clipping of 1.0 were applied. Early stopping was used after 15 epochs without improvement in the validation F1-score.


[bookmark: _Toc1248266021]3.8 Transformer-Based Models
Transformer-based models are pre-trained language models that learn contextual relationships between tokens in a text. Unlike traditional models, they can represent the meaning of each token according to its surrounding context. This study used MARBERTv2 because it was pre-trained on Arabic social media text and is suitable for processing Arabic dialects [26].
[bookmark: _Toc349621573]3.8.1 MARBERTv2 Fine-Tuning
MARBERTv2 was fine-tuned end-to-end for binary sentiment classification using positive and negative labels. The input tweets were tokenized, truncated, and padded to a maximum sequence length of 128 tokens. Table 9 presents the fine-tuning configuration used in the experiment.
Table 9. MARBERTv2 Fine-Tuning Configuration
	Parameter
	Value

	Pre-trained model
	UBC-NLP/MARBERTv2

	Number of labels
	2

	Maximum sequence length
	128 tokens

	Learning rate
	1.2 × 10⁻⁵

	Training batch size
	8

	Evaluation batch size
	16

	Maximum number of epochs
	10

	Weight decay
	0.01

	Warmup ratio
	0.1

	Learning-rate scheduler
	Cosine

	Evaluation and saving strategy
	At the end of each epoch

	Best-model selection metric
	Validation F1-score

	Early-stopping patience
	3 epochs

	Random seed
	42 


The model was evaluated on the validation set after each epoch. The checkpoint with the highest validation F1-score was retained, and training was stopped when the F1-score did not improve for three consecutive epochs. The selected checkpoint was then evaluated on the held-out test set.


[bookmark: _Toc1169037471]3.9 Chapter Summary
This chapter presents the methodology used for binary Arabic sentiment classification. It began by describing the proposed framework and the ASAD dataset. Only positive and negative tweets were selected, and the data was divided into training, validation, and test sets using stratified sampling. The preprocessing steps were then explained, including text normalization, removal of noise, and treatment of Arabic letters and social media elements. Three feature representations were used: character-level TF-IDF features, MARBERTv2 CLS features, and contextual token representations. Logistic Regression and SVM were evaluated using TF-IDF and MARBERTv2 CLS features. Two CNN configurations were also applied: one using frozen MARBERTv2 token features and another with the last four MARBERTv2 layers unfrozen. In addition, MARBERTv2 was directly fine-tuned for sentiment classification. The validation set was used for model selection and early stopping, while the test set was reserved for final evaluation. Model performance was assessed using the accuracy, precision, recall, and F1-score metrics described in Section 2.2.5. The next chapter presents and discusses the experimental results.
















[bookmark: _Toc571163620]Chapter 4 Experimental Results and Discussion
[bookmark: _Toc1611808879]4.1 Introduction
This chapter presents the results obtained after applying the proposed binary Arabic sentiment classification framework to the ASAD dataset. Three model families are examined: machine learning classifiers, deep learning architectures, and transformer-based models. All models were developed using the same held-out test set to ensure a fair comparison. Their performance was assessed using accuracy, precision, recall, and F1-score. The results are organized according to the model categories, followed by a comparison and discussion of the main findings, the study limitations, and a summary of the chapter.

[bookmark: _Toc1617321629]4.2 Experimental Setup
The experiments were conducted using the binary version of the ASAD dataset, which contained 26,785 tweets: 13,401 positive and 13,384 negative. Using stratified sampling with a random seed of 42, the dataset was divided into 18,749 training samples (70%), 2,679 validation samples (10%), and 5,357 testing samples (20%). The experiments included Logistic Regression and Linear SVM using character-level TF-IDF and MARBERTv2 CLS features, a TextCNN model using frozen MARBERTv2 representations, a CNN model with the last four MARBERTv2 layers unfrozen, and a fully fine-tuned MARBERTv2 model. The experiments were implemented in a Jupyter Notebook using Python and the NumPy, Pandas, Scikit-learn, PyTorch, and Hugging Face Transformers libraries. PyTorch 2.13.0 was used with Metal Performance Shaders (MPS) as the computational device. The best hyperparameters and model checkpoints were selected based on the validation F1-score. All models were evaluated using the same held-out test set to ensure a fair comparison, and their final performance was measured using accuracy, precision, recall, and F1-score.

[bookmark: _Toc1180746943]4.3 Results of Machine Learning Models
The machine learning classifiers were evaluated using two feature representations. The traditional models used character-level TF-IDF features, while the models used the contextual CLS features extracted from MARBERTv2. Logistic Regression and SVM were tested with both representations. Table 10 summarizes their performance on the test set.
Table 10. Performance of ML Models 
	Feature Representation
	Model
	Accuracy
	Precision
	Recall
	F1-score

	Character-level TF-IDF
	Logistic Regression
	0.9061
	0.9163
	0.8940
	0.9050

	Character-level TF-IDF
	SVM
	0.9076
	0.9146
	0.8993
	0.9069

	MARBERTv2 CLS Features
	Logistic Regression
	0.9050
	0.9107
	0.8981
	0.9044

	MARBERTv2 CLS Features
	SVM
	0.9055
	0.9127
	0.8970
	0.9048



[bookmark: _Toc72015316]4.4 Results of Deep Learning Models
Two CNN models were evaluated using the contextual token representations generated by MARBERTv2. The first model used frozen MARBERTv2 features, while the second model allowed the last four MARBERTv2 layers to be updated during training. Table 11 presents their performance on the test set. Figure 13 presents the training and validation learning curves of the CNN model with the last four MARBERTv2 layers unfrozen.
Table 11. Performance of Deep Learning Models on the ASAD Test Set.
	Model
	Accuracy
	Precision
	Recall
	F1-score
	Selected Epoch

	CNN with Frozen MARBERTv2 Features
	0.9406
	0.9394
	0.9422
	0.9408
	12

	CNN with the Last Four MARBERTv2 Layers Unfrozen
	0.9520
	0.9382
	0.9679
	0.9528
	31


[image: ]Figure 13. Training and Validation Learning Curves of the Partially Fine-Tuned CNN Model.
The learning curves show that the training performance continued to improve across epochs, while the validation performance reached its best level around epoch 31. Therefore, the checkpoint obtained at epoch 31 was selected for the final test evaluation. Figure 14 illustrates the difference between training and validation performance during the training process.
[image: ]Figure 14. Overfitting Analysis of the Partially Fine-Tuned CNN Model.
After the selected epoch, the training performance continued to improve while the validation performance showed limited improvement and the validation loss began to increase slightly. This indicates the beginning of limited overfitting. Early stopping and selecting the best checkpoint helped prevent the use of a later and more overfitted model. Figure 15 presents the confusion matrix of the CNN model with the last four MARBERTv2 layers unfrozen. The model correctly classified 2,506 negative tweets and 2,594 positive tweets. It misclassified 171 negative tweets as positive and 86 positive tweets as negative. The lower number of false negatives is consistent with the model’s high recall of 0.9679.
[image: ]
Figure 15. Confusion Matrix of the CNN with the Last Four MARBERTv2 Layers Unfrozen.
[bookmark: _Toc932464187]4.5 Results of Transformer-Based Models
MARBERTv2 was fine-tuned directly on the binary ASAD training set to classify tweets as positive or negative. The checkpoint with the highest validation F1-score was selected and evaluated on the test set. Table 12 presents the performance of the fine-tuned model.
Table 12. Performance of the Transformer-Based Model on the ASAD Test Set.
	Model
	Accuracy
	Precision
	Recall
	F1-score

	Fine-tuned MARBERTv2
	0.9526
	0.9473
	0.9586
	0.9529




[bookmark: _Toc92467335]4.6 Discussion of Findings
The machine learning models produced closely comparable results. Logistic Regression with character-level TF-IDF achieved the highest precision among these models, whereas SVM with character-level TF-IDF achieved the highest accuracy and F1-score of 0.9076 and 0.9069, respectively. This indicates that SVM provided a slightly better balance between precision and recall in the high-dimensional and sparse TF-IDF feature space. The two models based on fixed MARBERTv2 CLS features achieved similar but slightly lower results. Although the CLS representation contained contextual information, representing the entire tweet with one fixed vector may not have preserved all sentiment-related patterns required by the linear classifiers. In contrast, character-level TF-IDF effectively represented spelling variations, word fragments, and morphological patterns commonly found in Arabic tweets. Combining token-level MARBERTv2 representations with CNN substantially improved the results. The CNN with frozen MARBERTv2 features achieved an accuracy of 0.9406 and an F1-score of 0.9408, outperforming all traditional machine learning models. This improvement may be attributed to the CNN’s ability to process multiple contextual token representations and capture local sentiment patterns. Unfreezing the final four MARBERTv2 layers further increased the accuracy to 0.9520 and the F1-score to 0.9528. Its recall increased to 0.9679, although its precision decreased slightly compared with the frozen model. This shows that partial fine-tuning made the model more sensitive to positive sentiment, allowing it to identify more positive tweets while producing slightly more false-positive predictions. The learning curves and confusion matrix support these findings. Validation performance reached its best level around epoch 31, after which the training performance continued to improve while the validation loss began to increase slightly. This indicated the beginning of limited overfitting; therefore, the best checkpoint and early stopping were used to preserve generalization. The partially fine-tuned CNN correctly classified 2,506 negative and 2,594 positive tweets. It produced 171 false positives and only 86 false negatives, explaining why it achieved the highest recall among all evaluated models. Fine-tuned MARBERTv2 achieved the best overall accuracy of 0.9526 and F1-score of 0.9529. Compared with the partially fine-tuned CNN, it achieved higher precision but slightly lower recall, resulting in a more balanced performance. However, the difference between the two models was minimal, showing that adapting only the final four MARBERTv2 layers with CNN was nearly as effective as fine-tuning the entire transformer. Overall, fine-tuned MARBERTv2 improved accuracy by 4.50 percentage points and F1-score by 4.60 percentage points compared with TF-IDF with SVM. These findings demonstrate that MARBERTv2 provided its greatest benefit when its contextual representations were partially or fully adapted to the sentiment classification task. Compared with Mansour et al. [41], the transformer ensemble reported an accuracy of 0.9560 and an F1-score of 0.9500. Fine-tuned MARBERTv2 achieved slightly lower accuracy but a higher F1-score of 0.9529 using a single transformer model. The partially fine-tuned CNN also achieved a higher F1-score of 0.9528. Nevertheless, these small differences should be interpreted cautiously because preprocessing procedures, data splitting, and training configurations may differ between the two studies. Figure 16 summarizes the performance of all evaluated models and confirms that partial and full adaptation of MARBERTv2 produced the strongest results.
[image: ]Figure 16. Performance Comparison of All Evaluated Models.


[bookmark: _Toc482962800]4.7 Limitations
This study, although presents encouraging outcome, carries few limitations. First, the experimental setup was carried out using only the dataset ASAD, therefore the effectiveness cannot be directly generalized to other datasets. Second, ASAD includes mostly Arabic tweets and therefore the results cannot be wholly generalized to other domains or text or Arabic languages. Third, the neutral label was neglected, and our work focuses on a balanced setup for binary classification (only positive and negative). Thus, the results of this study do not truly reflect the real world sentiment distribution and the complicated three class positive, negative and neutral.

[bookmark: _Toc632325591]4.8 Chapter Summary
This chapter presented and discussed the experimental results of machine learning, deep learning, and transformer-based models. The findings showed that adapting MARBERTv2 to the sentiment classification task improved the overall performance compared with traditional models and frozen feature extraction. The results were also compared with the reference study, and the main limitations of the experiments were discussed. The next chapter presents the conclusion and recommendations for future work.


[bookmark: _Toc1859752612][bookmark: _Toc1613597103][bookmark: _Toc1429515599][bookmark: _Toc1668372437]Chapter 5 Conclusion and Future Work 

This thesis investigated an enhanced binary Arabic sentiment analysis framework and evaluated the effectiveness of domain-adaptive transformer representations in machine learning and deep learning classification tasks. The proposed framework was tested on the Arabic Sentiment Analysis Dataset (ASAD), but removed the neutral tweets from the dataset, transforming the task into a positive-negative binary classification. Stratified sampling was employed to split the dataset into training, validation, and test sets to provide a comparable basis for comparing models. The experimental framework compared traditional machine learning, hybrid machine learning, CNN-based models, and a directly fine-tuned transformer model. Character-level TF-IDF features were used with Logistic Regression and SVM as traditional baselines, while MARBERTv2 CLS representations were combined with the same classifiers to investigate the effect of contextual transformer features. In addition, two CNN configurations were evaluated using MARBERTv2 token representations: a CNN with frozen transformer features and a CNN in which the last four MARBERTv2 layers were unfrozen. Finally, MARBERTv2 was directly fine-tuned for binary sentiment classification. All models were evaluated using the same data partitions and the same evaluation metrics, including accuracy, precision, recall, and F1-score.
The results demonstrate that transformer adaptation provides a clear advantage over the traditional machine learning baselines. The directly fine-tuned MARBERTv2 model achieved the best overall performance. It obtained an accuracy of 95.26%, precision of 94.73%, recall of 95.86%, and F1-score of 95.29%. The results therefore support the use of domain-adaptive transformer models as an effective direction for improving Arabic sentiment classification. Several directions can be considered for future research. Firstly, the proposed models should be evaluated on an additional corpus (Arabic Sentiment) to evaluate the consistency of these improvements on different corpora and different linguistic expressions. Secondly, future work should investigate Arabic sentiment classification across domains. Sentiment expression differs among Arabic tweets, comments reviews, social conversations, etc, so this cross-domain evaluation will give an empirical test about the robustness of the trained models. Thirdly, additional Arabic varieties and multilingual and/or code-switching environments could be examined. This would allow the evaluation of the usefulness of the proposed framework for tackling the language diversity and variation specific to Arabic usage on social media.
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- =)

Input sequence X





image9.png
— Sigmoid function -~ . X
Linear Layer for classification {1 Fine-tuninglayer
1
Output Token
1*768 1*768 1*768 1*768 1*768  1*768  1*768  1*768  1*768  1*768 Embedding
7y 4 rS I s 4 4 I I S
12 layers of
transformers
encoder
2 2043 2478 2683 3 2043 7630 2683 99577 0
: Tokenization
[cLs] ol wal e [SEP] ol i paa Ly [PAD]
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