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Abstract

This paper proposes a model that classifies the Arabic dialect of 26

different dialects from a given text. We used the dataset provided

by MADAR Shared Task on Arabic Fine-Grained Dialect Identifica-

tion, sub-task 1. 19 teams participated in this task, and the highest

accuracy achieved by the winning team was 67.33%. Our model’s accu-

racy outperforms that by 0.785%. The proposed model consists of

3 classifiers and then ensembles the predictions from the classifiers

to predict the result. We used both n-grams features and probabil-

ity predictions from the 6-label dataset provided by the organizers.

Our model achieves 68.15% accuracy and 68.01% macro F1-score.

Keywords: Arabic Dialects , Arabic NLP ,Ensemble models, Machine
Learning, n-grams

1 Introduction

Natural Language Processing (NLP) is a branch of artificial intelligence (AI).
NLP aims to find a complex meaning for the language. This field has many
tasks, such as finding the similarity between two words or sentences, or even
more complex tasks such as question answering. In the past several years, there
has been interest from the researchers in processing the Arabic language. The
Arabic language is one of the most spoken languages in the world. The Ara-
bic language is spoken or written in three ways. The first one is the Modern
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Standard Arabic (MSA), the second one is Classical Arabic (CA), which is the
older style of Arabic, and the third one is dialects. The Arabic dialects are
different from each other; for example, the used words are different for each
geographical region, or even the word itself can be used in a different pronun-
ciation. This exact situation led to an interest in investigating the features of
each dialect in the Arabic language.

Dialectal Arabic classification is challenging due to the limited and unavail-
ability of resources. In the 2019 MADAR project, the organizers provided two
datasets distributed on two tasks for Arabic Fine-Grained Dialect Identifica-
tion. Subtask 1: MADAR Travel Domain Dialect Identification, and subtask 2:
MADAR Twitter User Dialect Identification. This research focused on subtask
one that provides data for 25 Arab cities and MSA.

We propose a novel approach to identifying the dialect using the available
corpus to train our ensemble model. Our model consists of features combina-
tions of n-grams in both word and character level and Term Frequency–Inverse
Document Frequency (TF-IDF) n-grams in both word and character level. We
used two machine learning classifiers, Multinomial Naive Bayes(MNB) and
Logistic Regression(LR), in addition to the OneVsAll strategy with MNB. Our
model outperformed the highest accuracy obtained by the winning team in the
MADAR Travel Domain Dialect Identification task.

This paper is organized to propose our model to identify the dialect of a
piece of text using Machine Learning algorithms. In section II, we overview
the previous research in dialect identification. In section III, we mentioned and
analyzed the dataset. In section IV, we describe the methodology of this work.
In section V we present and discuss the results. Finally, Section VI concludes
this research.

2 Related work

Dialect identification is considered a challenge in Arabic Natural Language
Processing (NLP) field; most of the researchers focused on Modern Standard
Arabic (MSA) besides the difficulty to detect the dialect due to the large
number of Arabic dialects that differ in linguistic analyses against MSA [1].

Some previous studies adopted Naive Bayes for dialect identification; Fatiha
et al. [2] achieved an accuracy of 98% in identifying 18 dialects by using
character-based n-gram Markov language models, specifically bi-gram model,
and Naive Bayes classifier. Also, The authors [3] used a voting model over two
simple (MNB, BNB) classifiers with two categories of lexical features unigrams
as word level and 4, 5 grams as character level.

In [4], the authors generated new training samples using data augmen-
tation; they generated six sentences from each sentence. They used n-gram
features in both word and character levels; they also extracted a vector of size
26 for each sentence representing each dialect’s language model probability.
These features were used with a Multinomial Naive base classifier. The authors
mentioned that using deep learning such as RNN, CNN, or BERT will not
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achieve reasonable accuracy. Their highest accuracy score was 66.42%, 84.54%
in Region-level Accuracy, and 74.71% in Country-level Accuracy.

The authors of [5] achieved the highest accuracy score in MADAR shared
task last year. In the beginning, the authors reported their experiments using
LSTM and Word2vec in this task, which got 58.33%, 49.74% F1-score, respec-
tively. On the other hand, they achieved 67.31% F1-score, and 67.73% accuracy
using several features to train their model; they used words uni-gram, words
bi-gram, character level n-grams from 1 to 5 with and without considering
space between words, and 26 likelihoods estimated by the 26 unigram language
models. These n-gram values came after many experiments on the develop-
ment dataset. The final set of features was used with a Multinomial Naive
Bayes classifier.

The authors of [6] proposed different models as an ensemble of deep learning
models for the Multi Arabic Dialect Applications and Resources (MADAR)
dataset. The best model among them achieved an F1 macro averaged score of
65.66%. This ensemble model consists of a neural network trained on Character
TFIDF and Word TFIDF, with MNB using log probability averaging.

The authors in [7] participated in DSL 2016 competition [8] where they
had to classify the Arabic dialect between six different dialects. The authors
achieved the first rank in the competition using an SVM classifier with TF-IDF
N-gram features. Their best feature set were character bi-grams, tri-grams,
4-grams, and 5-grams. Their highest accuracy was 51.36% on the test data.

The organizers of the DSL competition [8] published a report about all
submissions. They allowed the teams to use outside data to train their models.
One of the teams that used outside data increased their accuracy by 3.5% only.
They achieved 49.7% using only the provided training data, and 53.2% when
they used outside data with the provided training data. Also, it is worth men-
tioning that one of the teams used deep learning and achieved 43.8% accuracy,
which is 7.6% less than the winning team.

The authors in [9] were the first researchers to work on a fine-grained Ara-
bic dialect classification. They classified 25 labels, including the MSA (Modern
Standard Arabic). Their best features were a combination of n-gram both on
word and char level, in addition to char/word 5-gram language model. These
features were used with Multinomial Naive Bayes and achieved a 67.9% accu-
racy score. They claim that this accuracy can be achieved by using sentences
with an average of 7 words for training, while using sentences with 16 words
average length can achieve 90% accuracy.

3 Dataset

The dataset is from MADAR Travel Domain Dialect Identification subtask
1 [10]. It is a parallel sentence in the Arabic language from the travel domain;
the data was cleaned and balanced in each corpus. MADAR shared task
aimed to classify the sentence into the related Arabic dialect or MSA from
26 labels. In our experiment, we used both corpus MADAR-Corpus-26 and
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MADAR-Corpus-6 to train our model.

The MADAR-Corpus-26 dataset covers 25 Arab cities and MSA. Also, it
was already divided into a train, validation, and test set. Table 1 shows the
distribution of the data respectively were 41,600, 5,200, and 5,200 parallel
sentences, and the number of instances on each class. The 25 Arab cities:
(Aleppo, Alexandria, Algiers, Amman, Aswan, Baghdad, Basra, Beirut, Beng-
hazi, Cairo, Damascus, Doha, Fes, Jeddah, Jerusalem, Khartoum, Mosul,
Muscat, Rabat, Riyadh, Salt, Sana’a, Sfax, Tripoli, Tunis).

As for MADAR-Corpus-6, it covers 5 Arab cities and MSA. The 5 Arab
cities are Beirut, Cairo, Doha, Tunis, and Rabat. It also was divided into a
train and validation set, 54,000, 6,000 respectively parallel sentences, and the
number of instances on each class is shown in Table 1.

Table 1 Number of instances in the dataset.

CORPUS instances Train Dev Test
CORPUS-26 overall # 41,600 5,200, 5,200

per class 1,600 200 200

CORPUS-6 overall # 54,000 6,000 -

per class 9,000 1,000 -

The provided data for the first task focuses on the travel domain, and thus,
dealing with a specific domain should increase our chances of achieving a high
score in the classification task.

4 Methodology

In this section, we present the pre-processing techniques, extracted features,
and our good and bad models. The results are obtained after various tests
using a different combination of various models and various types of features.

4.1 Deep learning models

Deep learning models are commonly used when working with text because
they can handle the complexity of the language and capture the relationships
between words within the text. However, in this task, deep learning models did
not outperform the basic n-gram with the machine learning models method.
We tested different embedding features such as BERT embedding, Aravec,
Fasttext. Also, we tested the combination of BERT embedding with n-grams
features. None of the embeddings got promising results. Some of the previ-
ous work, such as [6], reported that using some of the deep learning methods
scored around 50% f1-score. Hence, we did not go further with the deep learn-
ing models and focused on improving the results using the standard machine
learning models.
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4.2 Preprocessing

We experiment with different pre-processing steps, and we ended up deleting
the dots “.” and the double spaces as a pre-processing step.

Many experiments are tested using our model to find the optimal pre-
processing steps. When we trained the model with pre-processed data, the
overall model’s accuracy decreased. Meanwhile, the overall model’s accuracy
increased when we trained the models on both pre-processed and raw data. In
detail, we trained LR on the pre-processed data; and we trained the OneVsAll
MNB and MNB classifier on the raw data. This method increased our overall
model by 5.8%.

4.3 Features Extraction

Based on the previous works that listed in section II, most of the research
used N-gram features to train models for Arabic dialects classification such
as [2] [5] [9] and TF-IDF [6]. As well [7] used a combination of them. We
built our best model based on many experiments on different combinations of
n-grams [11], and TF-IDF n-grams [12] in both word and character level. And
then, we used FeatureUnion from sklearn [13] to concatenate all extracted
features into a sparse representation.

Table 2 illustrates our experiments for this phrase, our final set of features
are explained as follows:

4.3.1 TF-IDF n-grams

TF-IDF is a statistical measure that represents the importance of the words
or characters in documents regards the corpus [12]. It generates a vector
from the text by determining the parameters of the ’analyzer’ for words or
character (char), in addition to the ’char wb’ option, which generates char-
acter n-grams only from text inside word boundaries. Our experiments used
TF-IDF n-grams features and set transformation weight for each one. For
character level, we used a transformation weight of 0.9, while for the character
level with word boundary, we used a transformation weight of 1.1 and (1-5)
n-gram ranges for both of them. As shown in Table 2 the highest accuracy of
67.19 for test data achieved using TF-IDF ‘char wb’ for (1-5) n grams, and
TF-IDF ‘char’ for (1-5) n grams.

4.3.2 N-Grams

N-Grams [11] is a probabilistic language model that generates a contiguous
sequence that reflects the occurrence of words in a text in a specific size of a
window such as a unigram for size 1, bigram for size 2, or trigram for size 3.
In our experiments, we create ngrams for word level with a transformation
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weight of 0.6. The range of n-gram from 1 to 2, as shown in Table 2 the
highest score achieved using the unigrams and bigrams (1-2).

N-Grams Features Accuracy F1-Score
TFIDF
char wb

TFIDF
char

N-Gram
word

DEV TEST DEV TEST

- - 1-2 62.73 62.88 62.75 62.79

- - 1-3 62.53 62.61 62.53 62.54

- - 1-4 62.38 62.42 62.38 62.34

1-3 - - 59.35 57.02 59.08 56.99

1-4 - - 64.04 62.48 63.87 62.52

1-5 - - 65.17 63.15 65.10 63.21

- 1-3 - 58.17 55.67 57.89 55.60

- 1-4 - 62.92 62.35 62.75 62.32

- 1-5 - 64.29 63.77 64.19 63.68

1-3 1-3 1-2 66.94 66.06 66.86 66.05

1-4 1-4 1-2 68.40 67.02 68.32 67.00

1-5 1-5 1-2 68.67 67.19 68.70 67.20
Table 2 This table shows MNB results using the following transformer weights 1.1, 0.9,
and 0.6, respectively. These numbers are reported without using the six label probability
features

4.4 Model Architecture

The following is a brief explanation of the machine learning classifiers used in
our ensemble model:

Multinomial NB [14] Multinomial Näıve Bayes is a specific instance
from the Naive Bayes classifier considered to be a supervised learning algo-
rithm. Näıve Bayes [15] is derived from Bayes Theorem; it is used for
calculating the conditional probability for each of the features in the model,
the probability that something will happen, given that something else has
already occurred. while Multinomial Naive Bayes classifier uses a multinomial
distribution for each of the features [16].

Logistic Regression (LR) [17] [18] It is a machine learning algorithm
for regression and classification. Logistic regression is commonly used for a
binary classification task and can be used for multi-class classification. LR
uses the logistic function to model a binary model and make the predicted
value binary (either 0 or 1), the sigmoid function is applied to squash the val-
ues from values in the range (0-1) into binary. LR for multi-class classification
can be done by setting ’ovr’ as the ’multi class’ parameter. Based on that LR
uses the one-vs-rest (OvR) scheme for classification, OvR is a model applied
as a classifier for each class independently, which converts the problem into a
binary classification as it predicts an example whether it belongs to a specific
class or not, this process is repeated for all the classes, then it chooses the
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class with the highest score for each example.

OneVsAll strategy This method’s main idea is converting a multi-class
classification problem into a binary classification problem. This is done by
considering one class as the first class and the other classes as the second class.

Fig. 1 Our proposed Model

For training the model, we used all the provided data from MADAR corpus-
6 and corpus-26; the difference between them is illustrated in section III. In
the beginning, we used corpus-6 to generate a six-label probability for the 26-
corpus data, then we extracted the best features based on many experiments
conducted as represented in Table 2. The combination of features with the
transformation weight as follows: N-grams (unigrams and bigrams) shown in
Figure 1 as CountVectorizer (1,2) with a transformation weight of 0.8, and TF-
IDF n-grams (1,5) for character level as shown in Figure 1 as TfidfVectorizer
char (1,5) with a transformation weight of 0.9, and TF-IDF n-grams (1,5)
for char level with word boundaries as shown in Figure 1 as TfidfVectorizer
char wb (1,5) with a transformation weight of 1.1. Then we used MNB with
an alpha value equal to 0.009 to predict the probability of the six classes for
the Corpus-26 training and testing data. This model achieved an accuracy of
92.5%. Because of this high accuracy, these six numerical features increase our
overall accuracy for the corpus-26.

At the same time, for corpus-26, we extracted the same features and trans-
formation weights we used for corpus-6 except for the CountVectorizer (1,2);
we used transformation weights of 0.6 instead of 0.8. Then we concatenated
the features to be used for training the model. After that, we pass the concate-
nated features into our ensemble model, consisting of OneVsAll MNB with an
alpha value equal to 0.125, Logistic Regression, and MNB with an alpha value
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Model Parameters Accuracy Precision Recall F1-Score
MNB alpha = 0.039 67.46 67.54 67.46 67.37

OneVsAll MNB alpha = 0.125 67.17 67.35 67.17 67.04

LR

multi class=’ovr’
penalty=’l2’
tol=0.0001

63.46 65.28 63.46 63.48

Ensemble - 68.15 68.21 68.15 68.01
Table 3 A comparison between each model’s performance and the performance of the
ensemble model. These results are reported using the test set.

equal to 0.039. The MNB with an alpha value equal to 0.039 is also trained on
the probability vector from the previous model of corpus-6. Finally, we com-
pare the results from both models, Logistic Regression and MNB; if they yield
the exact prediction, then the prediction will be the MNB prediction; if not,
the prediction will be the OneVsAll MNB predictions.

5 Discussion

Various classifiers were tested in order to find the highest accuracy. Our last
selected classifiers are Multinomial NB with an alpha value of 0.039, One Vs.
Rest Classifier with Multinomial NB with an alpha value of 0.125, and Logis-
tic Regression. As shown in Figure 1, our ensembling method is simple; we
consider our final prediction in two ways. The first one is that if the LR and
MNB have the exact prediction, this would be our final prediction. Otherwise,
we will consider the OneVsAll MNB prediction as our final prediction.

For example, we tested a sentence that was written in Moroccan delicate:
In MSA :
In Marrocon:

Multinomial NB classifier output is ”Rabat”, Logistic Regression classifier
output is ”Khartoum”, and the One Vs. Rest Classifier with Multinomial NB
output is ”Rabat”. Since the prediction from MNB and LR is not the same
prediction, the final prediction will be OneVsAll MNB prediction which is
”Rabat”.

In the beginning, we trained our model without pre-processing the data; the
final model did achieve a good accuracy of 67.75%. Then we tested the model
with the pre-processed data in more than one way. The first one is to train one
classifier on the pre-processed data while training the others on the raw data,
and so on. Our final result was achieved by training LR on the pre-processed
data and training the OneVsAll MNB and MNB on the raw data.

There is a slightly improvement on the results once we used the ensemble
model over using the MNB classifiers alone or the LR classifier alone. The fol-
lowing table 3 presents a comparison between the results of using the ensemble
models against using each model alone on the development data.

It is worth mentioning that the “alpha” parameter plays a huge role in
improving the results for the MNB classifier
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Team Accuracy F1 Precision Recall
Our team 68.15 68.01 68.21 68.15
[19] 67.29 67.32 67.6 67.29

[5] 67.33 67.31 67.73 67.33

[20] 67.03 67.2 67.53 67.08

[10] 66.48 66.31 66.68 66.48

[21] 66.31 66.28 66.56 66.31

[9] 67.75 67.89 68.41 67.75

[22] 64.75 64.74 65.01 64.75

Table 4 Comparison between our proposed ensemble model and the top 5 teams
participated in the MADAR competition. The last two rows are for the baselines

6 Results

Our ensemble model outperformed the results obtained by the MADAR com-
petition participants, below is table 4 that shows the comparison between our
score and their score on the same dataset.

7 Conclusion

This paper proposes an enhancement over the previous work on the Arabic
dialect detection field. We used MADAR shared task data to train and test our
model. Our best model achieves 68.1% accuracy. This model was built after
many experiments to develop the best combination of classifiers, pre-processing
steps, parameters, weights, and features.

Our ensemble model consists of MNB, Logistic Regression, and One Vs. All
MNB. It is trained on a combination of extracted features with weights. Such
as count vectorizer unigrams and bigrams with 0.6 as a weight for corpus-26
and 0.8 as a weight for corpus-6, TF-IDF character level (1-5) n grams with 0.9
as a weight, and TF-IDF character level (1-5) n grams with word boundaries
with 1.1 as a weight. The final prediction depends on the equality of MNB
and both Logistic Regression and One Vs. All MNB. If it is equal, then the
final prediction is the MNB prediction, and if it is not equal, then the final
prediction is One the Vs. All MNB predictions.

8 Future Work

This paper used one of the basic yet reasonably performing methods to detect
a given text’s dialect in the Arabic language. Many state-of-the-art models
were proposed to the machine learning and AI world in recent years, such as
BERT. For future work, we will consider training our own BERT model on
a domain-specific dataset to make it understand the Arabic language in that
specific domain better than the standard BERT models.

9 Compliance with Ethical Standards
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