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Abstract
Purpose – This paper investigates the automatic identification of Arabic dialects within the Gulf Cooperation 
Council (GCC) countries and regional dialects across Saudi Arabia. Dialect identification (DI) is critical for 
enhancing natural language processing (NLP) applications in the Arab world, where significant dialectal 
variations exist.
Design/methodology/approach – Using two newly constructed Twitter corpora, GAC-6 (~ 1.7M tweets across 
six Gulf dialects) and SDC-5 (~ 790K tweets across five Saudi dialects), we develop a multi-DI framework that 
leverages deep learning and transfer learning. We train long short-term memory (LSTM), BiLSTM and a 
fine-tuned Arabic bidirectional encoder representations from transformers (AraBERT) model and benchmark 
them under a single, fair protocol against strong classical baselines – logistic regression, linear support vector 
machine, multinomial Na€ıve Bayes, Random Forest and a soft-voting ensemble – trained on character n-gram 
(2–5) and word n-gram (1–3) features using bag-of-words/ term frequency and inverse document frequency 
(TF-IDF) representations.
Findings – Transformer-based transfer learning yields the best performance: AraBERT achieved superior 
performance, with macro-F1 score of 90.1% on GAC-6 and 90.6% on SDC-5. This exceeded the strongest 
non-transformer baselines by þ2.5 macro-F1 (vs. the ensemble) and þ1.2 (vs. BiLSTM) on the respective 
datasets and by wider margins against other classical models. To assess robustness under domain shift, we also 
report results on public benchmarks (NADI, QADI), where the transformer remains state-of-the-art among the 
compared systems.
Originality/value – The paper introduces a novel approach by focusing on Arabic dialects in a specific region 
and using advanced NLP techniques for dialect differentiation. It is the first to use the large, specialized datasets 
GAC-6 and SDC-5 for DI.
Keywords Arabic dialects, Dialect identification, Comparative analysis, Deep learning, Transfer learning, 
Machine learning
Paper type Research article

1. Introduction
The task of dialect identification (DI) has become increasingly important in the field of 
language identification and natural language processing (NLP) [1]. DI refers to the process of 
differentiating between members of the same language family and automatically categorizing 
the language vocabulary used by a particular group of people into the geographical region to 
which the native speaker belongs [2]. The rise of social media platforms like Twitter and 
Facebook has significantly increased the exposure and use of various Arabic dialects in online 
communications across the Arab world [3].
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Arabic, known for its complex semantics, elaborate grammar and extensive morphological 
diversity, features a wide range of dialects and significant variability in word interpretation [3]. 
For example, the word ( دقع ) can mean “necklace,” “knots” or “contract” depending on its 
context. Arabic is divided into two main forms: Modern Standard Arabic (MSA) and 
Colloquial Arabic [4, 5]. Unlike MSA, these dialects are typically employed in casual settings, 
including social media and are characterized by their non-standardized and often unstructured 
spelling [6].
Dialectal Arabic exhibits significant morphological, lexical, phonetic, phonological and 

syntactic variations from MSA, with differences at both macro (regional) and micro (local) 
levels [7]. At the macro level, dialects are categorized into Gulf, Egyptian, North African 
(Maghrebi), Levantine and Iraqi [8]. The Gulf region features distinct dialects within each 
country, while Saudi Arabia shows micro-level diversity, including Najdi, Hijazi, Southern, 
Northern and Eastern dialects, each dominant in specific areas. Figures 1a and 1b illustrate 
these variations, highlighting the nuanced differences within the Gulf and Saudi Arabia.
Growing interest in Arabic DI stems from increased online interactions and the rise of 

written dialects on social media. Research includes binary classification (dialects vs. MSA) 
and multi-way classification (country-level dialects) [1]. Recognizing dialectal variations is 
crucial for NLP tasks like sentiment analysis, translation and hate speech detection [9].
This paper focuses on automatically identifying Arabic dialects from social media text 

using machine learning (ML) and deep learning approaches. We examined Gulf Arabic – 
spoken in Saudi Arabia, Kuwait, Bahrain, Qatar, the UAE and Oman – and explored Saudi 
regional variations. Using a dataset from Ref. [10], we developed tweet-level models for DI, 
distinguishing Gulf dialects effectively. This study included deep learning architectures 
(LSTM, BiLSTM, fine-tuned AraBERT) and traditional classifiers, with a comparative 
analysis against benchmark datasets.
The key contributions of this study are summarized as follows:

(1) We used corpora from Ref. [10] to build an advanced Arabic DI framework, 
combining classical ML with deep learning and transformer-based models.

(2) We compared the proposed models using benchmark datasets, demonstrating their 
state-of-the-art performance.

Figure 1. The map shows: (a) the six GCC countries and (b) Saudi subregions covered by each dialect. Source: 
iStock/Getty Images (Standard License). Adapted by the authors
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This paper is structured as follows: Section 2 reviews Arabic DI literature. Section 3 describes 
the dataset. Section 4 outlines the identification models. Section 5 presents experimental 
results and Section 6 concludes with future research directions.

2. Related work
Arabic DI classifies Arabic texts into predefined dialects, a task complicated by shared slang 
and vocabulary across many dialects and lack of standardized orthography [4, 11]. This area 
has seen significant research within Arabic NLP [12], employing traditional ML and advanced 
methods like deep neural networks (DNNs) and pre-trained language models. Research has 
explored various ML models, analyzing character and word level features for dialect 
differentiation. Initial studies focused on differentiating specific dialects from MSA, with 
methods ranging from Naive Bayes classifiers for sentence-level identification [13] to 
utilizing word and character n-gram features in a multinomial Naive Bayes (MNB) model 
[14]. Other approaches include using Naive Bayes and support vector machines (SVMs) to 
identify multiple Arabic dialects from online and social media data [15] and rule-based 
systems combined with SVMs for distinguishing MSA from Moroccan colloquial [5]. 
Additionally, a rule-based system was developed to improve web search effectiveness for 
Najdi dialect users [16].
A Random Forest (RF) classifier using word and character n-gram features, enhanced with 

Egyptian lexicon-based elements, was developed to differentiate between dialectal Egyptian 
and MSA in tweets [17]. ML techniques like Linear SVM, Bernoulli Naive Bayes and MNB 
classifiers were utilized for Arabic DI at the word and sentence levels [7]. It was demonstrated 
that linear SVM classifiers and meta-classifiers can significantly enhance the accuracy of 
Arabic DI, marking a shift from broader studies to more detailed approaches [18]. Extending 
this trend, models were introduced to classify dialects across 25 cities in the Arab World, 
providing a more detailed examination of regional variations [19].
Deep learning and transfer learning have significantly impacted NLP tasks, including 

automatic DI [4]. A dataset of tweets from 18 Arabic dialects was developed to train 
classifiers, including SVM and fine-tuned models like multilingual bidirectional encoder 
representations from transformers (mBERT) and Arabic BERT (AraBERT), for country-level 
DI [9]. Arabic DI was explored through a character-level model targeting Saudi dialects using 
classical ML and a character-based convolutional neural networks (CNN) combined with 
bidirectional long short-term memory (BiLSTM) [1]. Similarly, a hybrid CNN-BiLSTM 
model was employed for this task [2]. Other studies implemented LSTM with pre-trained 
continuous bag-of-words (CBOW) word embeddings for Arabic DI [20, 21], while methods 
involving LSTM, Word2Vec embeddings and classifiers based on symmetric Kullback-
Leibler divergence and MNB were introduced for DI [22].
A range of deep and traditional ML models, including CNN, LSTM, convolutional LSTM 

(CLSTM), BiLSTM, bidirectional gated recurrent unit (BiGRU) and BiLSTM with attention, 
were applied for DI [23]. DNN such as CNN-LSTM, CNN, BiLSTM and CLSTM were also 
utilized for Arabic dialectal text identification [24]. Earlier methods often treated all words 
with equal importance, without prioritizing word significance uniformly. In contrast, a three-
stage neural model was introduced to emphasize dialectal words, enhancing the model’s 
capacity to identify dialect-specific traits more accurately [4].

3. The dataset
The Arabic tweet dataset was systematically compiled by Ref. [10] through Twitter’s 
Streaming application programming interface (API) using the Tweepy Python library (https:// 
www.tweepy.org/), with collection parameters strictly limited to Arabic-language content 
(‘lang:ar’ filter). To ensure dialectal purity and regional specificity, a multi-layered filtration 
protocol was implemented: First, lexical analysis was conducted using comprehensive, peer-
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reviewed dialect lexicons – the Mojam dictionary for Gulf variants [25] and another list for the 
Saudi dialect [26] – enabling precise differentiation between MSA and regional vernacular. 
Second, user profile metadata was rigorously verified, with particular attention to geolocation 
markers and self-reported location data. Third, stringent activity thresholds were enforced, 
requiring minimums of 500 historically accumulated tweets per user account and 3þ words 
per individual tweet to ensure both data richness and linguistic substance.
Following the established protocols of [10], annotation quality control was implemented 

through a three-tier system: Two primary annotators with formal linguistic training 
independently classified all samples, while a third senior linguist resolved discrepancies 
through consensus-building sessions. This rigorous approach specifically addressed the well-
documented challenges of crowdsourcing in classification tasks [27], particularly issues of 
annotator inconsistency and task comprehension that emerge in fine-grained linguistic 
categorization tasks.
The following datasets were constructed to represent the linguistic diversity of the Gulf 

region include:

(1) The Gulf Arabic (GAC-6) corpus, which encompasses dialects from six Gulf 
countries: Saudi Arabia, Bahrain, Kuwait, Oman, Qatar and the Emirates. This dataset 
includes approximately 1.7 million tweets.

(2) The Saudi Dialect (SDC-5) corpus, which contains around 790,000 tweets that reflect 
the five main dialects of Saudi Arabia: Hijazi, Najdi, Southern, Northern and Eastern.

Figure 2 illustrates the dialect distribution across the datasets. Specifically, Figure 2a presents 
the country-wise breakdown for the GAC-6 Corpus, while Figure 2b shows the dialect 
distribution in the SDC-5 Corpus. Notably, there is a significant imbalance in the number of 
tweets per dialect. While this reflects real-world linguistic diversity, it may challenge model 
performance, particularly for underrepresented classes.

4. Dialect identification models
The objective of the DI task is to assign a specific dialect label to a given text [28–30]. There 
are two primary levels of Arabic DI [31]:

(1) Coarse-grained identification: This approach develops a model to calculate the 
percentage of dialectal content within a particular sentence.

(2) Fine-grained identification: This method classifies a sentence according to its dialect.

This study treats Arabic DI as a multi-class classification task, emphasizing fine-grained 
sentence-level identification using an extensive dataset of Arabic Gulf and Saudi dialects.

Figure 2. Tweet counts (in thousands) for each dialect in the two corpora. Source: Authors’ analysis of GAC-6 
and SDC-5 datasets
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Various ML and deep learning models have been widely employed for DI, each offering 
distinct advantages and disadvantages [1, 3, 15]. The subsequent section provides an overview 
of the models employed in the experiments, beginning with classical ML methods and 
advancing to deep learning approaches and transformer-based algorithms.

4.1 Machine learning-based models
ML is widely applicable across various NLP tasks, showing promise for the DI task [32–34]. 
To train classifiers, two Python libraries were utilized: Scikit-learn and the Natural Language 
Toolkit (NLTK). Scikit-learn, an open-source library, offers a vast array of ML algorithms for 
classification, clustering and regression [35]. NLTK provides comprehensive tools and 
resources for numerous NLP applications [36].

4.1.1 Learning features. For DI, we employ two lexical feature sets: character n-grams (2–5 
grams) and word n-grams (unigrams to trigrams), denoted as C2–5 and W1–3, respectively. 
Character n-grams capture morphological variations between dialects, such as affixation [33], 
while word n-grams identify dialect-specific words [6, 37]. These features are extracted using 
Bag-of-Words (BOW) count vectorization and TF-IDF. BOW counts n-gram frequencies, 
treating each as an independent feature [38]. TF-IDF weights words by their term frequency 
and inverse document frequency, emphasizing informative but less frequent terms [38]. 
The TF-IDF formula is provided below [38]:

W x;y ¼ tf x;y·log N=df xð Þ; (1)

where tf x,y is the frequency of word x in document y divided by the total words in the corpus, N 
is the total number of documents and df x represents the number of documents containing 
word x.

4.1.2 Training classifiers. We trained supervised models – logistic regression (LR), linear 
SVM, multinomial Naive Bayes (MNB), RF and an ensemble classifier – on the target 
dataset (see Section 3) to classify tweets by dialect. LR evaluates word probabilities and uses a 
logistic function to identify decision boundaries [15, 39], making it effective for text 
classification [40]. SVM maximizes the margin between labels by finding an optimal 
hyperplane [15, 41]. MNB calculates label probabilities based on word frequencies, treating 
features independently [42, 43]. RF builds multiple decision trees to reduce overfitting [44]. 
The Ensemble model combines classifiers like SGD, MNB and LR using soft voting for 
superior multi-class performance [7, 18], leveraging individual strengths for better results, as 
shown in Figure 3.

Figure 3. The structure of the ensemble model. Source: Illustration by the authors
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4.2 Deep learning models
Deep learning models have achieved state-of-the-art results in DI [21, 45]. To identify dialects 
in tweets, we implemented several deep learning and transformer-based models, including 
LSTM, BiLSTM and fine-tuned AraBERT. Using the Keras library [46] with TensorFlow 
[47], we streamlined the development and training of these models, leveraging Keras’s 
intuitive and high-level interface for efficient implementation.
LSTM model, a type of recurrent neural network, excels in handling long-range 

dependencies and sequential data, making it highly effective for DI [48]. Unlike feed-forward 
networks, LSTMs preserve sequential integrity, which is crucial for tasks like DI, by using 
input, forget and output gates to retain relevant information [4, 49]. We employed a 
word-based LSTM model with an embedding layer using FastText [50] to generate 300-
dimensional word embeddings, capturing morphological and semantic variations through 
CBOW and skip-gram models [51, 52]. The LSTM layer consists of 100 hidden units, a 20% 
dropout rate and a recurrent dropout of 0.2 to enhance robustness. The model concludes with a 
softmax layer that classifies inputs into five dialect classes for the Saudi corpus and six for the 
Gulf corpus, as illustrated in Figure 4.
Bidirectional LSTM (BiLSTM) extends the traditional LSTM by processing sequences in 

both forward and backward directions, capturing past and future context to improve 
performance [24]. Building on the word-based LSTM architecture, we used FastText [51] for 
the embedding layer, leveraging CBOW to capture morphological and semantic nuances. 
The BiLSTM layer contains 128 hidden units to analyze input sequences bidirectionally, 
followed by a dense layer with 5,000 units to ensure robust learning and prevent overfitting. 
The model outputs dialect classifications through a softmax layer.
Fine-tuned AraBERT – BERT [53] and its derivative, AraBERT, have demonstrated 

exceptional performance in various NLP tasks [54, 55]. AraBERT, pre-trained on Arabic news 
content, is tailored for Arabic language tasks [56, 57]. For dialect classification, we fine-tuned 
AraBERT by adding a dense layer and a softmax classifier to predict dialect classes. The model 
was optimized using the Adam optimizer with a learning rate of 3e�5, trained over five epochs 
with a batch size of 16. The configuration included a maximum sequence length of 129 tokens 
and categorical cross-entropy as the loss function.

5. Results analysis and discussion
As detailed in the previous section, the experimental analysis progressed from classic ML 
methods to the adoption of advanced deep learning models. In this section, we present the 
performance results of the models discussed. The dataset was partitioned into an 80% training 
set and a 20% testing set, with the results reported here based on the testing set.

5.1 Evaluation metrics
We evaluated model performance using accuracy, precision, recall and F-score metrics, as 
applied to the corpora in Section 3. Accuracy measures the percentage of correctly classified

Figure 4. The structure of the LSTM model. Source: Illustration by the authors
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tweets, while precision, recall and F-score provide a comprehensive assessment of dialect 
prediction effectiveness. In the equations, TP denotes true positives, FP false positives, TN 
true negatives and FN false negatives.
The following standard equations were used to calculate accuracy (Acc), precision (P), 

recall (R) and F-score metrics [58].

Acc ¼
TP þ TN

TP þ FN þ TN þ FP 
; (2)

P ¼
TP 

TP þ FP 
; (3)

R ¼
TP 

TP þ FN 
; (4)

F-score ¼ 
2P·R 
P þ R 

: (5)

The F-score is widely employed as an evaluation metric across multiple NLP tasks including 
text classification, named entity recognition [59] and extractive summarization [60]. However, 
for DI tasks, this metric exhibits two well-documented limitations: first, its performance 
degrades significantly with imbalanced class distributions, which frequently occur when 
analyzing minority dialects; second, its binary classification heritage makes it unsuitable for 
complex multi-class dialect scenarios.
These limitations motivate the adoption of the F-score’s multi-class extensions. The micro-

F1 and macro-F1 variants address these issues. Both extensions have proven effective in 
comparable NLP tasks such as sentiment analysis [61] and question answering systems [62]. 
For the current DI analysis, we employ macro-F1 due to its demonstrated superiority in 
handling imbalanced class distributions, a characteristic feature of dialectal datasets.
We adopt macro-F1 as the primary evaluation metric, as it ensures balanced assessment 

across all dialects. Unlike micro-F1, which is biased toward majority classes, macro-F1 
computes the F-score for each class independently and averages them, giving equal weight to 
both rare and dominant dialects. This is particularly critical in DI, where skewed data 
distributions could otherwise lead to misleading performance estimates.
Consider a scenario where a model is trained to identify two dialects: dialect A, which is 

well-represented with 950 samples and dialect B, which is comparatively rare, appearing only 
50 times. If the model achieves 95% precision and recall for dialect A but only 50% for dialect 
B, the micro-F1 score remains high at 92.75%, suggesting strong overall performance. 
However, the macro-F1 score drops significantly to 72.5%, offering a more balanced and 
revealing assessment. This contrast highlights how micro-F1 can give an inflated sense of 
accuracy by leaning heavily on majority classes, whereas macro-F1 reflects the true challenges 
posed by underrepresented dialects in a more equitable manner.
For macro-F1, we calculate the arithmetic mean of the individual F-scores of each class 

(5dialect), as follows:

macro-F1 ¼ 
P

F-score of each dialect
number of dialects 

: (6)

The receiver operating characteristic (ROC) curve plots the TP rate against the FP rate as the 
decision threshold varies, making explicit the sensitivity–specificity trade-off; its area under 
the curve (AUC) condenses performance into a threshold-independent scalar between 0 and 1, 
where 0.5 indicates random guessing and 1.0 indicates perfect separability. For multi-class DI

Applied 
Computing and 

Informatics

Downloaded from http://ftp.nowpublishers.com/aci/article-pdf/doi/10.1108/ACI-02-2025-0067/10668308/aci-02-2025-0067en.pdf by guest on 01 August 2026



(e.g. distinguishing Najdi vs. Hijazi Arabic or Kuwaiti vs. Emirati within GAC-6/SDC-5), 
per-dialect one-vs-rest ROC curves reveal which varieties are most confusable, while macro-
and micro-averaged AUC provide complementary corpus-level summaries that are 
comparatively stable under shifts in class prevalence. High AUC means the model reliably 
ranks examples from the target dialect above non-target ones, regardless of where the 
operating threshold is set. ROC analysis also supports principled operating-point selection to 
reflect application costs (for instance, prioritizing higher recall for minority dialects at 
acceptable false-alarm rates). Although precision–recall curves can be more informative under 
extreme imbalance, ROC/AUC remain a rigorous basis for model comparison and ranking, 
with significance assessable via bootstrap resampling.

5.2 Performance results
Table 1 shows the performance of classical and deep learning models on the GAC-6 and the 
SDC-5 corpus. Results are reported for the testing set, comprising 20% of the dataset.
We note that among classical models, the ensemble classifier leads with F-score of 87.6% 

on GAC-6 and 88.1% on SDC-5. For deep learning models, fine-tuned AraBERT achieves the 
highest F-score (90.1% on GAC-6 and 90.6% on SDC-5), outperforming BiLSTM. Overall, 
deep learning models, particularly AraBERT, consistently surpass classical methods across 
both datasets.

5.3 Comparison with benchmark datasets
To assess the effectiveness of the newly constructed dataset, comparative evaluation was 
carried out against established benchmark datasets commonly employed in Arabic DI 
research. The evaluation was based on two publicly available corpora:

(1) The NADI dataset [34], used in the Nuanced Arabic DI shared task, includes 20k 
training tweets, 4,871 development tweets and covers 18 dialects, with each tweet 
labeled by dialect.

(2) The QADI dataset [9] is a large, balanced collection of 540k non-genre-specific 
Arabic dialectal tweets, covering 18 country-level dialects.

Table 2 summarizes the datasets used in the comparative study, while Table 3 evaluates the 
different models on NADI, QADI and the new corpora using accuracy and macro-F1 metrics.
The corpora achieved higher accuracy and macro-F1 than state-of-the-art datasets like 

NADI and QADI. The BERT-based model scored macro-F1 of 90.1% and 90.6% on GAC-6 
and SDC-5, respectively, but performed lower on NADI (30.8%) and QADI (65.7%). This

Table 1. Performance results of various models on the Gulf Arabic Corpus (GAC-6) and Saudi Dialect Corpus
(SDC-5)

GAC-6 SDC-5
Model Acc macro-F1 Acc macro-F1

Logistic regression 80.8 80.9 86.6 87.9
Support vector classifier 83.6 84.6 85.8 86.7
Multinomial Naive-Bayes 78.8 79.2 82.6 82.4
Random forest 77.5 78.4 80.5 80.8
Ensemble classifier 86.8 87.6 87.7 88.1
LSTM 86.6 88.6 87.4 88.1
BiLSTM 87.8 88.9 88.9 89.4
Fine-tuned AraBERT 89.9 90.1 90.1 90.6
Source(s): Authors’ experiment
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success stems from the dataset’s large size and inclusion of smaller labels, enabling the model 
to generalize more effectively.

5.4 Discussion
For clarity, we include ROC curves and normalized confusion matrices to illustrate class 
separability and the specific pairs most often confused. Across both corpora, the ROC curves 
rise sharply with high AUCs, indicating strong separability between dialect classes: on 
GAC-6, per-class AUCs range from 0.981 to 0.990; on SDC-5, from 0.992 to 0.995 (Figure 5). 
The confusion matrices (Figure 6) reveal intuitive, linguistically plausible error patterns. In 
GAC-6, most classes achieve high recall (KSA ≈ 0.98; Qatar ≈ 0.86; Bahrain ≈ 0.88), while 
UAE shows the lowest diagonal (≈ 0.75) with its primary confusion toward Kuwait (≈ 0.13). 
In SDC-5, Hejazi, Najd, North and South exhibit strong diagonals (≈ 0.92-0.95), whereas East 
is somewhat lower (≈ 0.85) with small spillovers to Hejazi and Najd dialects.

6. Conclusion
The task of identifying and distinguishing Arabic dialects in text continues to be challenging, 
primarily due to various factors such as the close relationship between dialects, leading to 
overlapping vocabularies and a common writing system. In this paper, we presented a 
framework for identifying Gulf and Saudi dialects by using several ML, deep learning and 
transformer-based methods. Two datasets were utilized for this task: the Gulf Arabic (GAC-6)

Table 2. Statistics about the datasets used for DI

New corpora Benchmark
Datasets GAC-6 SDC-5 NADI QADI

Size 1.7M tweets 790K tweets 20K tweets 540K tweets 
# of dialects 6 5 18 18
Dialects Saudi Arabia,

Bahrain, Kuwait, 
Oman, Qatar and 
United Arab 
Emirates

Hijazi, Najdi,
Southern, 
Northern and 
Eastern

Egypt, Iraq, Saudi 
Arabia, Algeria, Oman, 
Syria, Libya, Tunisia, 
Morocco, Lebanon, 
United Arab Emirates, 
Kuwait, Jordan, Yemen, 
Palestine, Bahrain, 
Bahrain and Sudan 

Saudi Arabia, Qatar,
Kuwait, Bahrain, Oman, 
United Arab Emirates, 
Yemen, Palestine, Egypt, 
Lebanon, Syria, Jordan, 
Libya, Iraq, Sudan, 
Tunisia, Mauritania and 
Djibouti

Source(s): Authors’ compilation of GAC-6, SDC-5, NADI and QADI datasets

Table 3. Results of the comparative evaluation of GAC-6, SDC-5, NADI and QADI datasets

GAC-6 SDC-5 NADI QADI
Model Acc macro-F1 Acc macro-F1 Acc macro-F1 Acc macro-F1

Traditional
ML-based
(baseline
models)

LR 80.8 80.9 86.6 87.9 36.8 19.1 60.1 56.2
SVM 83.6 84.6 85.8 86.7 40.9 19.4 62.5 57.6
MNB 78.8 79.2 82.6 82.4 35.3 16.4 59.3 55.8
RF 77.5 78.4 80.5 80.8 33.5 10.1 50.6 49.4
Ensemble 86.8 87.6 87.7 88.1 45.2 24.4 61.8 58.2

Traditional
DNN-based

LSTM 86.6 88.6 87.4 88.1 47.8 28.8 64.6 64.3
BiLSTM 87.8 88.9 88.9 89.4 46.9 25.3 63.6 63.1

BERT-based AraBERT 89.9 90.1 90.1 90.6 48.8 30.8 65.8 65.7
Source(s): Authors’ experiment
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corpus with ≈1.7M tweets, covering dialects from Gulf countries and the Saudi Dialect (SDC-
5) corpus with ≈790K tweets, focusing on Saudi dialects. Utilizing state-of-the-art models and 
methodologies, the proposed approach demonstrated strong effectiveness in identifying 
dialects within the Gulf region and within Saudi Arabia.
Employing a single, fair evaluation protocol, we compared a fine-tuned AraBERT 

transformer model against representative classical ML baselines – including LR, linear SVM, 
MNB, RF and a soft-voting ensemble – as well as DNNs (LSTM, BiLSTM). Using the GAC-6 
and SDC-5 corpora, AraBERT achieved the strongest results, with macro-F1 scores of 90.1% 
on GAC-6 and 90.6% on SDC-5. This represents an improvement of þ2.5 over the best 
classical ensemble and þ1.2 over the best deep model (BiLSTM), with even wider margins 
over other classical models: on GAC-6, gains ranged from þ5.5 (vs. SVM) to þ11.7 (vs. RF) 
and on SDC-5, from þ2.7 (vs. LR) to þ9.8 (vs. RF). To assess generalizability, the same 
models were evaluated on public benchmarks (NADI and QADI), where the transformer 
continued to achieve state-of-the-art performance.

Figure 5. The ROC curves for the best model on the dataset: (a) GAC-6 and (b) SDC-5. Source: Authors’ 
experiment

Figure 6. The confusion matrix on: (a) GAC-6 and (b) SDC-5, for the best model (transformer). Source: 
Authors’ experiment
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Future work will focus on improving the DI framework’s robustness through 
hyperparameter tuning, alternative weighting strategies and additional transfer learning 
models. We also plan to explore advanced data balancing techniques (e.g. synthetic minority 
over-sampling technique (SMOTE), undersampling and XGBoost) and data augmentation to 
mitigate class imbalance and enhance generalization.
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