[1] Abdelminaam et al. proposed a comprehensive framework for Arabic Opinion Mining (AOM) by comparing traditional Machine Learning (ML) and Deep Learning (DL) techniques across multiple Arabic dialects and Modern Standard Arabic (MSA). In the preprocessing stage, they used the Information Science Research Institute Stemmer (ISRI Stemmer) to remove noise from data; the models used for ML are Term Frequency–Inverse Document Frequency (TF-IDF) with N-grams, while Arabic Vector (AraVec) word embeddings were used as input for the DL models . The study evaluated six ML algorithms, namely Decision Tree (DT), Logistic Regression (LR), k-Nearest Neighbors (KNN), Random Forest (RF), Support Vector Machine (SVM), and Naïve Bayes (NB), along with three DL models, namely Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), and Multiplicative Long Short-Term Memory (mLSTM). The models were evaluated on three benchmark datasets (TEAD, ATSAD, and ASTD) using Hold-out and 10-fold cross-validation. The experimental results proposed that the mLSTM model consistently achieved the best performance, reaching 99.75% on the TEAD dataset, 97.52% on the ATSAD dataset, and 96.45% on the ASTD dataset, outperforming all traditional ML methods and the other DL models.


[2] Brihi et al. proposed a hybrid framework for Arabic Sentiment Analysis (ASA) targeting the Yemeni Arabic Dialect (YAD) by using Machine Learning (ML) and Deep Learning (DL). In the preprocessing stage, they use a modified Information Science Research Institute (ISRI) Stemmer for the Yemeni dialect. They proposed a framework that evaluated lexicon-based methods, multiple ML classifiers, several DL models including Multilayer Perceptron (MLP), Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Long Short-Term Memory (LSTM), and Gated Recurrent Unit (GRU), as well as hybrid architectures such as CNN-LSTM, CNN-BiLSTM, CNN-GRU, CNN-BiGRU, and stacked DL-ML models with Random Forest (RF) and Linear Support Vector Classifier (LinearSVC) as meta-learners. Experimental results proposed a hybrid stacking model that achieved the highest performance, reaching 94.71% accuracy using RF as the meta-learner and 94.28% accuracy using LinearSVC, outperforming all standalone lexicon-based, ML, and DL approaches for Yemeni Arabic sentiment analysis.



[3] Al–Anzi et al. This paper proposed a Region-Wise Arabic Dialect Identification (ADI) framework that classifies Arabic speech into regional dialects by utilizing a pre-trained speech classification model and deep learning techniques. For the preprocessing stage, they applied Discrete Fourier Transform (DFT) followed by Mel-Frequency Cepstral Coefficients (MFCC) feature extraction. Feature selection was performed using Analysis of Variance (ANOVA), Kendall’s Tau, Spearman’s Correlation, and Recursive Feature Elimination (RFE), while data imbalance was handled with Adaptive Synthetic Sampling (ADASYN), Random Oversampling, and Synthetic Minority Oversampling Technique (SMOTE). The study employed the Klaam pre-trained speech classification model as the base model and tested Artificial Neural Network (ANN), One-Dimensional Convolutional Neural Network (1D CNN), and Two-Dimensional Convolutional Neural Network (2D CNN) architectures. The results obtained higher performance with 1D CNN reaching 94.28% testing accuracy and 95.55% validation accuracy, outperforming traditional machine learning models and the transformer-based AraBERT model for Arabic dialect classification.
 
[4]Alsuwaylimi, Amjad. A proposed hybrid model combining transcribed transcribes (transcribes) and two-way longitudinal networks (BiLSTM). machine learning, deep learning, and transformer-based models for Arabic dialect identification. The machine learning models included Logistic Regression (LR), Support Vector Machine (SVM), Random Forest (RF), Decision Tree (DT), K-Nearest Neighbors (KNN), Naïve Bayes (NB), Extreme Gradient Boosting (XGBoost), and Stochastic Gradient Descent (SGD). For deep learning, the study utilized a Bidirectional Long Short-Term Memory (BiLSTM) model with three different word representation techniques: TF-IDF, GloVe, and Word2Vec. Additionally, two transformer-based models, CAMeLBERT and ALBERT, were evaluated. Finally, the authors proposed two hybrid models, CAMeLBERT + BiLSTM and ALBERT + BiLSTM, to enhance Arabic dialect identification performance, with CAMeLBERT + BiLSTM achieving the best overall results. This addresses the challenges related to the diversity of Arabic dialects and the significant difficulty in automatically distinguishing them, particularly in informal texts on social media platforms datasets were building a new dataset collected from user comments on social media platforms, encompassing four major Arabic dialects: Egyptian, Jordanian, Gulf, and Yemeni. Initially, 198,233 comments were collected. The data underwent cleaning and preprocessing using Regular Expressions and the ar_corrector package in Python, including the removal of duplicate characters, English characters, special symbols, and unnecessary spaces, with the aim of improving data quality and increasing the accuracy of models. The results showed the superiority of the proposed models. The CAMeLBERT + BiLSTM model achieved the highest accuracy at 87.67%, while the ALBERT + BiLSTM model achieved 86.51%, outperforming all the traditional and deep learning models used for comparison. The results also showed that word representation using GloVe was more effective than TF-IDF and Word2Vec when using BiLSTM.  
[5] The author studied the automatic detection of Saudi Arabian dialects in social media writing using machine learningmachine learning models included Multinomial Naïve Bayes (MultinomialNB), Bernoulli Naïve Bayes (BernoulliNB), Logistic Regression (LR), Stochastic Gradient Descent Classifier (SGDC), Support Vector Classifier (SVC), Linear Support Vector Classifier (LinearSVC), and Nu-Support Vector Classifier (NuSVC). For deep learning, the study proposed a CNN–BiLSTM architecture, where a Convolutional Neural Network (CNN) was used for character-level feature extraction, followed by a Bidirectional Long Short-Term Memory (BiLSTM) network to capture sequential dependencies in the tex. The goal of this research was to distinguish between four main dialects (Hijazi, Najdi, Southern, and Hasawi) in short social media texts. A corpus of 3,768 sentences was collected, cleaned, standardized, and manually annotated for accuracy. The research was conducted in two phases: traditional machine learning models (Logistic Regression, SVM, Bayesian models and SGD) and a deep learning approach that combines CNN and BiLSTM with character-level input. The results indicate that traditional machine learning is superior to deep learning achieving a 40.9% rate for four-class classification, 47% for three-class and 64.5% for two-class tasks. The research demonstrates the effectiveness of character level representation for dealing with Arabic dialects and points to the difficulty of differentiating between similar Saudi dialects because of their linguistic similarities.  
  
  
[6] Brahim CHEROUATI, Youcef FEKIR, Mohamed SENOUCI proposed a comparative framework for the Algerian dialect (specifically, the dialect of Algiers), based on Natural Language Processing (NLP) techniques, machine learning algorithms(Support Vector Machine (SVM), Logistic Regression (LR),  Multinomial Naive Bayes (MNB)) and deep learning such as Convolutional Neural Network (CNN) and long Short-Term Memory (LSTM). The study aimed to develop a model able to train between the Algerian dialect and other Arabic dialects as well as for Arabic language applications with the objective of supporting Arabic language and dialect-related linguistic research. Dataset was used the PADIC (Parallel Arabic Dialect Corpus) database, which contains parallel texts in Modern Standard Arabic and five Arabic dialects, the Algerian dialect, the Annaba dialect, the Tunisian dialect, the Palestinian dialect and the Syrian dialect. The research was carried out to develop and evaluate automatic recognition models for Arabic dialects and there is a plan to expand the database in the future by adding more data of Algerian dialect to improve the performance of the models. The results of the study revealed that the TF-IDF method has a significant advantage over traditional models in dialect recognition. The LSTM model had the best performance with an average of 94%, which fell to 97% when trained between Algerian and Standard Arabic. This outperformed CNN, which had an average of 90%, as well as the SVM, LR, and MNB models, which reached approximately 88%. And deep learning models, especially LSTM, show a more marked degree of discrimination against Algerian dialects than traditional learning algorithm. 

[7] Talafha et al. proposed an automatic Arabic dialect identification system based on transformer models. The objective of the study was to identify Arabic dialects at the country level by exploiting the contextual representation capability of BERT. The experiment was conducted on NADI 2021 shared task dataset, which consists of 21,000 labeled tweets from 21 Arab countries, and a large unlabeled Arabic tweets corpus. Researchers developed an ensemble of fine-tuned Multi-Dialect Arabic BERT models and compared their performance against baseline systems. The proposed model achieved a Micro F1-score of 26.78% and was ranked among the top performing systems in NADI shared task . The study proved that transformer-based language models greatly enhance Arabic dialect identification by providing more detailed contextual representations than traditional machine learning approaches . The study used Multi-Dialect Arabic BERT (MDABERT) along with Ensemble Transformer approach. Several fine-tuned BERT models were combined to enhance country-level Arabic dialect identification. 
[8] El Mekki et al. proposed a BERT-based Multi-Task Learning (MTL) framework for Arabic dialect identification. The objective of the study was to classify Arabic texts into country-level and province-level dialects, and to distinguish Modern Standard Arabic (MSA). Experiments were performed on the NADI 2021 shared task dataset. The proposed framework was based on a shared BERT encoder with task-specific attention layers and individual classification heads. Experimental results showed that the Multi-Task Learning model consistently outperformed traditional single-task BERT models . The framework used a BERT-based Multi-Task Learning architecture with a shared BERT encoder, task-specific attention layers and individual classification heads. 
[9] Abdul-Mageed et al. proposed MARBERT, a transformer-based language model for Arabic dialectal language processing. The model was pre-trained on more than one billion Arabic tweets and evaluated on several benchmark datasets. MARBERT outperformed the previous transformer-based models with better F1-scores and demonstrated a big difference in the Arabic dialect identification. This work proposed MARBERT, a language model based on the transformer architecture of BERT and pre-trained on a large-scale corpus of Arabic dialects.



Summary table:
	Paper
	Models
	Dataset
	Link
	Limitation
	Base Model
	Result

	Arabic Opinion Mining Using Optimized Deep Learning Models (2021)
	ML: DT, LR, KNN, RF, SVM, NB. DL: LSTM, GRU, mLSTM (proposed)
	TEAD, ATSAD, ASTD
	IEEE Access, 2021. DOI: 10.1109/ACCESS.2021.3094173
	Performance decreases on imbalanced datasets (especially ASTD). The study is limited to recurrent models (LSTM, GRU, mLSTM) and does not investigate transformer-based architectures such as BERT or AraBERT.
	AraVec (Word2Vec pretrained embeddings)
	The proposed mLSTM achieved the best performance with 99.75% on TEAD, 97.52% on ATSAD, and 96.45% on ASTD, outperforming all ML models and the other DL models.

	A Hybrid Deep Learning-Machine Learning Stacking Model for Yemeni Arabic Dialect Sentiment Analysis (2025)
	Lexicon-Based, ML (LR, SVM, LinearSVC, SGD, RF, AdaBoost, XGBoost, MNB, BNB, KNN), DL (MLP, CNN, RNN, LSTM, GRU), Hybrid (CNN-LSTM, CNN-BiLSTM, CNN-GRU, CNN-BiGRU, Stacked DL-ML)
	45,862 manually annotated Facebook comments in the Yemeni Arabic Dialect (YAD) collected from Yemen Telecom, Yemen Mobile, YOU, and Sabafon
		



IEEE Access (2025). DOI: 10.1109/ACCESS.2025.3593204

	The study focuses only on the Yemeni dialect and one application domain (telecommunication Facebook comments). The authors also recommend using transformer-based models (e.g., BERT/AraBERT) in future work to capture deeper contextual information.
	Word2Vec (CBOW + Skip-gram) with TF-IDF, Lexicon features, and Feature Stacking
	The proposed Hybrid DL-ML Stacking model achieved the best performance with 94.71% accuracy using Random Forest (RF) as the meta-learner and 94.28% accuracy using LinearSVC, outperforming standalone Lexicon-Based, ML, and DL models.

	Region-Wise Recognition and Classification of Arabic Dialects and Vocabulary: A Deep Learning Approach (2025)
	ANN, 1D CNN, 2D CNN with feature selection (ANOVA, Kendall's Tau, Spearman's Correlation, RFE) and data augmentation (ADASYN, Random Oversampling, SMOTE)
	4,071 Arabic audio clips covering MSA, Egyptian, Gulf, Levantine, and North African dialects
	https://www.mdpi.com/2076-3417/15/12/6516
	The study focuses only on speech-based dialect identification rather than text. The dataset covers five major dialects, while several low-resource dialects (e.g., Mauritanian, Bahraini, Sudanese) are not included. The authors recommend expanding the dataset and dialect coverage in future work.
	Klaam Pre-trained Speech Classification Model
	The proposed framework achieved 94.28% testing accuracy and 95.55% validation accuracy using the 1D CNN model, outperforming traditional ML models and AraBERT for Arabic dialect classification.

	Arabic dialect identification in social media: A hybrid model with transformer models and BiLSTM [4]
	machine learning (SVM, LR, RF, DT, KNN 
)  deep learning BiLSTM

	Data set created by the researcher himself 
	Arabic Dialect Dataset
	The study is limited to four Arabic dialects. 
	CAMeLBERT + BiLSTM 
	CAMeLBERT + BiLSTM achieved an accuracy of 87.67%, outperforming all machine learning and deep learning models. 

	Alsaheel, Alaa, et al. "Enhancing Arabic Dialect Classification with Deep Learning Techniques." 2025 5th International Conference on Emerging Smart Technologies and Applications (eSmarTA). IEEE, 2025.
	machine learning models (Logistic Regression, SVM, Bayesian models, and SGD) and a deep learning approach combining CNN and BiLSTM 
	3,768 short sentences written in the Saudi dialect on social media 
	The data presented in this study are available upon request from the author 
	The great similarity between the dialects made the process of distinguishing between them difficult and reduced the accuracy of the models. 
	Logistic Regression, SVM, Bayesian models, and SGD 
	accuracies of 40.9% for four-class classification, 47% for three-class, and 64.5% for two-class tasks 

	Automatic Recognition of the Algerian Dialect Based on Word-Level Machine Learning and Deep Learning Techniques[6] 
	Machine Learning models (SVM, LR, MNB) 
Deep Learning models (CNN, (LSTM) 

	PADIC (Parallel Arabic Dialect Corpus) 
	PADIC download | SourceForge.net
	It relies on the PADIC database, which includes a limited number of Arabic dialects. 
	The LSTM and CNN models achieved the best performance 
	Deep learning models outperform traditional models in dialect recognition 




	Paper
	Models
	Dataset
	Link
	Limitation
	Best Model
	Result

	Talafha et al. (2021)
	Multi-Dialect Arabic BERT, Ensemble
	NADI 2021
	https://aclanthology.org/2021.vardial-1.38/
	Country-level difficulty
	Ensemble Arabic BERT
	Micro F1=26.78%

	El Mekki et al. (2022)
	BERT+MTL
	NADI 2021
	https://aclanthology.org/2022.wanlp-1.50/
	High computational cost
	BERT+MTL
	Higher F1 than single-task

	Abdul-Mageed et al. (2021)
	MARBERT
	1B Arabic Tweets
	https://aclanthology.org/2021.acl-long.551/
	Large model
	MARBERT
	State-of-the-art
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