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Arabic sentiment analysis is an important task in natural language processing because it helps
identify opinions, emotions, and attitudes expressed in Arabic text. With the advent of social media
and online communication such as reviews, this task has become of greater importance. However,
Arabic sentiment analysis remains challenging because Arabic includes Modern Standard Arabic
and many regional dialects, which differ in vocabulary, spelling, grammar, and writing style. In
addition, social media text often contains informal expressions, emojis, repeated letters, sarcasm,
code-switching, and noisy writing. This survey reviews Arabic sentiment analysis methods,
challenges, and future directions. It discusses traditional machine learning methods, deep learning
models, transformer-based models, and hybrid approaches used in Arabic sentiment classification.
The reviewed studies show that transformer-based models such as AraBERT, MARBERT, and
CAMeLBERT have improved Arabic sentiment analysis because they can represent words
according to context. The survey also shows that hybrid approaches are promising because they
can combine the strengths of different models and text representations. However, challenges such
as dialect variation, domain differences, dataset limitations, noisy user-generated text,
computational cost, and evaluation inconsistency still remain. Future research should focus on

more diverse datasets, robust models, efficient hybrid methods, and clearer evaluation benchmarks.

Keywords: Arabic Sentiment Analysis; Machine Learning; Deep Learning; Transformer

Models; Hybrid Approaches
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@ 1. Introduction

Sentiment analysis is a key task in natural language processing (NLP). It refers to the task of
extracting opinions, emotion, attitudes, and stance expressed in written data. It has gained more
attention with the rapid increase of online communication, and it is widely used on social media,
review websites, discussion forums, and other Internet sources where users express their opinion
in textual format every day. Arabic sentiment analysis has attracted recent interest; however, it is
a more challenging task than in high-resource languages due to the linguistic nature of Arabic.
e Arabic language exists in different forms, such as Modern Standard Arabic and many dialectal
Arabic forms, which can differ in vocabulary, lexicon, writing style, and grammar. This variation
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makes automatic sentiment classification more difficult, especially in noisy and informal user
generated data such as tweets and comments that include emojis, spelling errors, repeated
characters, emphasis and sarcasm, code-switching and mixing different dialects. The problem is
also more difficult across domains where sentiment systems learned from one domain, such as
product review domains, may not work well in other domains, such as forums or news comments.
For example, the same words or expressions might have different sentiment interpretation or
importance across domains or dialects, and the variation of this becomes even more diverse over
social media. Main past work shows that cross-domain and cross-dialect Arabic sentiment
classification remains a hard problem and more robust methods are needed to account for this
linguistic variation (EI Mekki et al., 2021). Moreover, a recent survey showed that Arabic
sentiment analysis is still less advanced than in high resource languages especially in the area of
deep learning and transformer based deep models (Shi & Agrawal, 2025). The development of
Arabic sentiment analysis passed through three major stages. Traditional Machine learning
classifiers, such as logistic regression and support vector machines were widely applied in
combination with term frequency-inverse document frequency (TF-IDF) features. Later, Deep
neural network models, such as convolutional neural networks and long short term memory were
used to learn more useful text features from data. Recently, transformer based models, such as
AraBERT, MARBERT, and CAMeLBERT were demonstrated to have powerful contextual
understanding ability when representing Arabic texts. Some of these models are especially useful
for dialectal and noisy Arabic texts. The main issues with existing work are that most models are
tested on smaller datasets, specific dialects or limited domain settings, some models are
computationally expensive or are hard to understand, and benchmark quality, data bias, data pre-
processing and evaluation setting can influence the results. Therefore a general survey is needed
to review existing state of the art methods for Arabic sentiment analysis, highlight strengths and
shortcomings of them, and suggest practical future directions. This survey paper categorizes
Arabic sentiment analysis methods into three main classes: traditional machine learning
approaches, deep learning approaches, and transformer based approaches, and also presents
hybrid approaches combining the contextual representation power of transformer models with
deep learning or machine learning classifiers. The value of this survey is that it defines the
challenges of Arabic sentiment analysis and proposes practical future directions to develop
balanced, domain-sensitive, and more efficient methods.

Previous Studies

In this section, the common Arabic sentiment analysis approaches are discussed. The approach
used is traditional machine learning approach, deep learning approach, Transformer-based
approaches, and the most commonly used evaluation metrics. This section is crucial to illustrate
the evolution of Arabic sentiment analysis approaches starting from the use of feature-based

classifiers up to advanced and sophisticated methods based on contexts.

2.1. Sentiment Analysis using Machine Learning
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Another frequently adopted method in sentiment analysis is (ML) where the text is converted into
numerical features such as bag-of-words and (TF-IDF), and then classification models are used
to assign the sentiment class. In the field of Arabic sentiment analysis, logistic regression, (SVM),
naive Bayes, decision tree, and XGBoost were employed as classifiers to classify the texts into
positive, negative and neutral sentiments. They have been employed because of their simplicity,
interpretability and are practical to variety of text classification works but, due to Arabic’s rich
morphology, variety in dialects, spelling in an informal manner, and social media's writings
(noisy), the ML methods' performances rely heavily on the quality of preprocessing and feature

extraction steps (Alyami & Olatunji, 2020; Taher, 2024).

2.1.1. Logistic Regression

Logistic Regression is one of the traditional machine learning classifiers for text classification
and sentiment analysis which approximates the probability that a text belongs to a specific
sentiment class using numerical features obtained from it. It is often used along with (TF-IDF) in
text feature representation. It is relatively fast, easy to explain, and simpler classifier that makes
its efficient use for several classification tasks. However, it relies on the quality of features
extracted and it cannot effectively understand complex contexts or specific slang meanings that

can occur in the text (Aljabri et al., 2021; Taher, 2024).

2.1.2. Support Vector Machine

Support vector machine (SVM) is another classification technique popular for use in sentiment
analysis. This technique identifies a classification boundary based on the features of each text in
numerical form to separate them into sentiment classes. This machine learning classifier performs
well on many text-based categorization issues, primarily as it works well with feature spaces that
have high dimensionality such as (TF-IDF) vectors. In terms of Arabic language-based sentiment
classification, (SVM) is employed for various text based content like tweets, into various
sentiment types. Just like all the machine learning techniques, this model can be significantly

affected by issues such as processing, the characteristics of features, and the challenges involved
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in interpreting various dialect and informal word usages of the Arabic language (Alyami &

Olatunji, 2020).
@ 213 XGBoost

XGBoost is a machine learning model based on gradient boosting decision trees. It builds several
@ decision trees step by step, where each new tree tries to correct the errors made by previous trees.
In sentiment analysis, XGBoost can be used after converting text into numerical features such as
TF-IDF. It is useful because it can model non-linear relationships between features and sentiment
@ classes. However, it still depends on the quality of text representation and may require careful
parameter tuning. In Arabic sentiment analysis, this can be difficult when the data includes

dialects, noisy writing, and informal social media language (Alghamdi, 2024; Taher, 2024).

(12 2.2. Sentiment Analysis using Deep Learning

Deep learning (DL) is a subset of machine learning that uses neural networks in learning patterns
from data. (DL) models can automatically learn text features instead of using more manually
designed features to carry out a task like sentiment analysis. These models can capture word
@ order, localized expressions and patterns within a sentence, etc. (DL) models have been used in
the analysis of Arabic sentiment, as Arabic text presents many challenges such as morphology,
dialectal variations, and non-standard word usage. These models, however, have been found to
demand more data, training time and more hyperparameter tuning (Elhassan et al., 2023; Minaee

etal., 2021).
a 2.2.1. Convolutional Neural Network (CNN)

Convolutional neural network (CNN), which is one of the deep learning methods, are suitable for

classifying the text, for the sentiment classification, (CNN) finds meaningful local patterns in text

such as short word phrases or combination of words related to positive/negative tone, as they are
capable of extracting features by themselves. The drawback is they may perform poorly where
sentiment depends on distant context, relationship of distant words and context of entire sentence

(Elhassan et al., 2023; Minaee et al., 2021).

° 2.2.2. Long Short-Term Memory (LSTM)
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Long short-term memory (LSTM) is a recurrent neural network model designed to process
sequential data. In sentiment analysis, (LSTM) reads the text as a sequence of words and learns
how earlier words may affect later meaning. This makes it useful for capturing sentence structure
and word order. In Arabic sentiment analysis, (LSTM) can help model longer expressions and
contextual sentiment clues. However, it may require more training time and can be affected by

limited or noisy Arabic datasets (Basiri et al., 2021; Alosaimi et al., 2024).

2.2.3. Bidirectional Gated Recurrent Unit (BiGRU)

Bidirectional gated recurrent unit (BiGRU) is a deep learning model based on recurrence and
capable of reading text from front to back and from back to front. This mechanism enhances the
learning of context prior to and subsequent to each word. In the task of sentiment analysis,
(BiGRU) can perform well when a word meaning is reliant on other nearby words and is more
straightforward than several recurrent architectures. However, the efficiency is largely reliant on
the training data set as well as the configurations made on the model (Alhumoud, 2024; Almagqtari

et al., 2024).

2.3. Sentiment Analysis Using Transformer-Based Models

Transformer-based models are recent deep learning models widely used in many natural language
processing tasks. These models use an attention mechanism to represent the relationships between
words in a sentence, which means that the words can be represented in the context in which they
are used, as opposed to representing words as standalone words, this is very beneficial for Arabic
sentiment analysis as the word can have different meanings depending on the dialect, context and
writing style of the sentence, and we will be able to cater for different styles and contexts,
therefore being most useful for Arabic text classification comparing to other traditional machine
learning and simple deep learning models (Devlin et al., 2019; Antoun et al., 2020; Abdul-
Mageed et al., 2021; Inoue et al., 2021).

2.3.1. AraBERT

AraBERT is an Arabic transformer-based model designed for Arabic language understanding. It

was pre-trained on large Arabic text data to support different Arabic natural language processing
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tasks. Regarding the sentiment analysis tasks, AraBERT models the context of each Arabic word,
so that the Arabic word representations will improve classification where the expressions or the
structure of the sentence is changing and thus, AraBERT is also a widely adopted architecture in
the Arabic sentiment classification task, due to its powerful Arabic representation, but its
accuracy might not improve with slang and noise on the social media, and also it might perform
differently according to the dataset used in pre-training and fine-tuning the model (Antoun et al.,

2020; Alosaimi et al., 2024).

2.3.2. MARBERT

MARBERT was developed as an Arabic transformer-based language model, with special
emphasis on dialectal Arabic and the analysis of social media texts. The model was trained on
large volumes of Arabic tweets and online vernacular, making it highly suitable for Arabic
sentiment analysis tasks on datasets containing social media text that may contain dialects,
informal orthography, and other sources of noise typical of user-generated language. This allows
MARBERT to grasp contextual meanings in social media Arabic more effectively than models
that primarily focus on standard Arabic. MARBERT could pose challenges, however, if further
adaptation (fine-tuning) is needed or computational limitations are a concern when using

conventional approaches (Abdul-Mageed et al., 2021; Belbachir, 2023).

2.3.3. CAMeLBERT

CAMEeLBERT is another Arabic pre-trained language model developed to support Arabic natural
language processing tasks across different language variants. It was introduced to study the effect
of Arabic language variety, model size, and task type on model performance. In sentiment
analysis, CAMeLBERT can represent Arabic text based on context and can be useful for both
formal and dialectal Arabic. But like all transformer-based models, performance is based on

dataset, task target domain, and fine-tuning (Inoue et al., 2021; Mansour et al., 2025).

2.4. Performance Metrics

Performance metrics are used to evaluate how well sentiment classification models predict the
correct sentiment labels. In classification tasks, the results are commonly described using four

outcomes: true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN).
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TP and TN refer to correctly classified positive and negative cases, while FP and FN refer to
incorrectly classified cases. Common metrics used in sentiment analysis include accuracy,
precision, recall, and F1-score. Accuracy measures how many predictions were right across the
board, precision measures how many of the predicted positives were right, and recall measures
how many of the right positives were found. F1-score, similarly to the accuracy calculates the
balance of precision and recall as one index. It is used for instance to determine accuracy when
used for comparing accuracy between datasets and algorithms used for text classification or

sentiment analysis (Jurafsky & Martin, 2025; Terven et al., 2025).

Accuracy = (TP + TN) / (TP + TN + FP + FN) (1)
Precision = TP / (TP + FP) (2)
Recall = TP / (TP + FN) 3)
Fl1-score =2 X (Precision % Recall) / (Precision + Recall) 4)

3. Related Work

In this section, a number of selected recent research articles related to Arabic sentiment analysis
are presented. They are chosen based on their nature of using machine learning, deep learning,
transformer-based models and hybrid models for Arabic sentiment classification. The selected
articles in this paper represent some of the important directions of the field including dialectal
sentiment analysis, noisy social media text, benchmark datasets, transformer-based models and

hybrid classification approaches and are summarized in Table 1 following in chronological order.

Belbachir (2023) used MARBERT with lexical and emoji-based filtering for sentiment analysis of
Algerian Arabic tweets. The study showed that targeted filtering can slightly improve the F1-score
in dialectal Arabic sentiment classification. It is important because it focused on Algerian Arabic,
which is one of the less-covered Arabic dialects in sentiment analysis. However, its results are

limited to one dialect and may not generalize to other Arabic dialects.
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Alosaimi et al. (2024) proposed a hybrid model that combines AraBERT with long short-term
memory for Arabic sentiment analysis. The model was tested on Arabic benchmark datasets and
achieved high accuracy. This study is relevant because it shows the value of combining
transformer-based representations with sequential deep learning. However, the study was based

mainly on benchmark datasets and may not fully represent noisy social media text.

Almagqtari et al. (2024) proposed a hybrid model for sentiment analysis in Arabic consumer
reviews. The model used AraBERT, multi-channel CNN and bidirectional gated recurrent units.
They evaluated the model on Arabic reviews and obtained good results. This work exemplifies
how integrating contextual, local and sequential features can enhance sentiment classification.

However, the study focused on review domains rather than tweets or social media text.

Mansour et al. (2025) proposed a transformer-based ensemble model for dialectal Arabic sentiment
classification. This research compared the results of TF-IDF baselines, classical machine learning
models, deep learning models and transformer based models (namely CAMeLBERT, MARBERT,
and XLM-RoBERTa) over Arabic tweet datasets. The ensemble was successful and produced good
results on ASAD in particular. This paper is noteworthy as it directly produced models for dialectal
Arabic tweet sentiment analysis, although the ensemble model is somewhat complex and much

less interpretable than simpler models.

Jaber et al. (2025) proposed an ensemble machine learning approach using pre-trained embeddings
and voting methods for Arabic sentiment analysis. The study showed that ensemble machine
learning can still achieve strong performance when supported by effective embeddings. This
indicates that strong performance in Arabic sentiment analysis does not always require a fully
transformer-based pipeline. However, the approach remains more traditional compared with recent

transformer-based frameworks.

In summary, the state of Arabic sentiment analysis is shifting to hybrid and transformers-based
techniques, mostly for dialectal and noisy Arabic. Nevertheless, there are still existing challenges
that face the available work such as domain, dialect, dataset quality, model cost, and explainability.
The main objectives, methods, results, and limitations of the reviewed studies are summarized in

Table 1, Comparative Study of Related Work.

Table 1. Comparative Study of Related Work
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Authors | Year Objective Dataset / Model Technique Key Result Limitation
Domain
Abdul- 2022 | To NADI 2022 Shared-task Winning system Benchmark
Mageed et benchmark Arabic tweets benchmark achieved 75.16 F1 | paper, not a
o al. dialect systems in sentiment single
identification subtask standalone
and dialectal model
sentiment
analysis on
Arabic tweets
° e Abdel- 2022 | To identify NADI 2022 Prompt-based, Achieved 1st place | Designed
Salam dialect and Arabic tweets fine-tuned and with 75.15 F1-PN | mainly for
sentiment in multitask BERT shared-task
nuanced ensemble setting
Arabic tweets
Bayrak 2022 | To improve NADI 2022 Domain-adapted Best sentiment Lower than
and Issifu nuanced Arabic tweets MARBERT and model achieved stronger
Arabic Arabic BERT 74.29 Macro F1- recent
dialect and models PN ensemble
sentiment systems
identification
through
domain
adaptation
Qaddoumi | 2022 | To build an NADI 2022 Average ensemble | 72.49 Macro-PN- Simpler
ensemble for | Arabic dialect of Arabic BERT F1 on dev and ensemble
Arabic tweet | tweets models 69.86 F1-PN on performed
sentiment ranked test 3rd below top
analysis systems
Belbachir | 2023 | To improve SemEval-2023 MARBERT with | Improved from Focused on
sentiment Task 12 Algerian | lexical and emoji- | 0.732 F1 to 0.736 one dialect
analysis of Arabic tweets based filtering F1 only
Algerian
Arabic tweets
Alosaimi 2024 | To improve Benchmark AraBERT LSTM | Reported accuracy | General
a et al. Arabic Arabic sentiment above 97% benchmark
sentiment datasets setting, not
analysis tweet-specific
using a
hybrid model
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Baniata 2024 | To address Arabic dialect Switch Achieved 84.02% High
and Kang Arabic sentiment Transformer with | accuracy in one computational
dialect datasets Mixture of setting cost
sentiment Experts
analysis
using
advanced
transformers
Almagqtari | 2024 | To improve ACRD, HARD, AraBERT, Multi- | 96.92% on ACRD, | Review-
et al. Arabic LABR Arabic channel CNN, 96.68% on HARD, | based, not
sentiment reviews BiGRU 92.93% on LABR | tweet-based
classification
in consumer
reviews
Alawneh 2024 | To study the | ASTC Arabic CNN-LSTM with | Best setup Evaluated on
et al. effect of Twitter corpus preprocessing and | achieved 91.85% one tweet
preprocessing emoji encoding accuracy dataset only
and emoji
encoding on
Arabic tweet
sentiment
analysis
Mansour 2025 | To improve ASTD, ASAD, Ensemble of 90.4% average Ensemble is
et al. dialectal TEAD Arabic CAMeLBERT, accuracy, 87.7% heavier and
Arabic tweets MARBERT, F1,95% F1 on less
sentiment XLM-RoBERTa ASAD interpretable
classification and others
with
transformer
ensembles
Aljomah 2025 | To classify MARSA noisy Fine-tuned 92% accuracy and | One noisy-
et al. noisy Arabic | Arabic text CAMeLBERT vs | 91.5% F1-score text dataset
sentiment AraBERTv02- only
text using twitter and
transformers MARBERT
Jaber etal. | 2025 | To improve ArTwitter, Pre-trained 92.43% accuracy More
Arabic Syria_Tweets embeddings, and 92.00% F1- classical than
sentiment ensemble voting score on ArTwitter | recent
analysis transformer
using frameworks
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embeddings
and ensemble
ML
Alharbiet | 2025 | To evaluate Multi-dialect Shared-task Top system Domain is
al. sentiment hospitality systems achieved 0.81 reviews, not
analysis for reviews Micro-F1 tweets
Arabic
dialects in
hospitality
domain
Alghamdi | 2026 | To analyze SESA-CSD Small language 95.50% accuracy Code-
et al. Saudi- Saudi-English models, best with | and 95.53% switching
English code- | code-switching XLM-RoBERTa Macro-F1 with 3% | focus, not
switching social media text and 11% fully Arabic-
sentiment improvement over | only tweets
and introduce baseline
a new dataset
Alsahafi 2026 | To analyze 33,300 tweets CNN, LSTM, Best model Domain-
et al. sentiment of | from X (Twitter) | CNN-BiLSTM, achieved 83.37% specific to
Arabic tweets BiLSTM attention | accuracy Riyadh
during with AraBERT Season
Riyadh embeddings
Season

4. Challenges and limitations

This section discusses the main difficulties and limitations of Arabic sentiment analysis that still
exist, covering: the dialect variation, noisy text in social media, domain divergence and the
availability of data sets (El Mekki et al., 2021; Shi & Agrawal, 2025).

e Dialect variation-different Arabic dialects possess different vocabulary, spelling, and
expressions which are challenging to sentiment classification.

e Noisy social media text - tweets and online posts have features of emoji, misspelling,
sarcasm, hashtags, slang, and the informal style.

¢ Domain differences: a trained model on one domain (reviews) does not usually perform
well on a different domain (tweets).
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e Limitations of datasets -some datasets are very small and imbalanced or have specific
dialects and domains.

5. Future directions

This section includes the main future directions proposed to take our knowledge further for Arabic
sentiment analysis, which include creation of various datasets, enhancing robustness, minimizing

computational expense and using more transparent evaluation methods (Mansour et al., 2025; Shi
& Agrawal, 2025).

e Diverse datasets: Future studies should build larger datasets covering different dialects,
domains, and writing styles.

e Improved models: Existing models should be further improved to effectively handle
various dialects, noisy text and domain variations.

e Cost-effective hybrid techniques: Future systems should be both accurate and simple in
order to be practical.

e Concise assessments: New standard datasets and evaluation metrics should be a top
priority.

6. Conclusion

This survey reviewed recent methods, challenges, and future directions in Arabic sentiment

e @ analysis. It covered the techniques for Arabic sentiment analysis that are based on conventional

machine learning techniques, deep learning approaches, transformer-based models, and hybrid
systems. From the discussed research, it can be seen that the Arabic sentiment analysis area has
achieved significant progress during recent years, particularly through adopting transformer-based
models such as AraBERT, MARBERT, and CAMeLBERT. It appears that the use of these models
is a promising choice for analyzing sentiments of Arabic texts, especially dialectal and user-
generated texts, as it captures well contextual information in text. Nonetheless, there still remain
challenges such as dealing with the dialectal variations in Arabic language, noise in user-generated
text, different domains of texts, scarce dataset sizes, and non-standardized evaluation metrics. The
reviewed studies also show that hybrid systems are a promising direction as they combine
advantages of multiple models and representation approaches. Future work is to collect bigger
datasets, bigger domains, to build a more powerful model for cross dialect and cross domain
analyses, lower computational requirements and use a well-defined evaluation metric. In general
Arabic sentiment analysis is an area that is still developing, it should produce practical, efficient
and context-based model.
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