X/
X4

Scientifi
o2 Resoarch
0.00 Publishing

Journal of Software Engineering and Applications, 2023, 16, 287-300
https://www.scirp.org/journal/jsea

ISSN Online: 1945-3124

ISSN Print: 1945-3116

Artificial Intelligence Model to Detect and
Classify Arabic Dialects

Iman S. Alansari

Computer Science Department, College of Computer Science and Engineering, Taibah University, Madinah, Saudi Arabia

Email: iansari@taibahu.edu.sa

How to cite this paper: Alansari, L.S. (2023)
Artificial Intelligence Model to Detect and
Classify Arabic Dialects. Journal of Software
Englheenhgaud Applications, 16, 287-300.
https://doi.org/10.4236/jsea.2023.167015

Received: June 28, 2023
Accepted: July 28,2023
Published: July 31, 2023

Copyright © 2023 by author(s) and
Scientific Research Publishing Inc.

This work is licensed under the Creative
Commons Attribution International
License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

[ONom

Abstract

The Arabic Dialect (AD) detection method involves analyzing the matching
sound wave for various characteristics that identify the speaker’s dialect.
Among these features are accent, intonation, stress, vowel length, vowel type,
and other acoustic characteristics. Data from different speakers of different
dialects is usually used in training machine learning algorithms. Based on this
data, an algorithm is created to accurately identify the speaker’s dialect.
Arabic dialects can be detected and classified using several models and tech-
niques available in literature. Various models have been proposed from dif-
ferent perspectives. Therefore, this paper discussed different studies about
AD for building an understanding of conceptual deep learning model to
detect and classify Arabic dialects. The model captured the semantic, syntac-
tic, and phonological characteristics of these dialects using Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks (RNNs). The
proposed model consists of six stages: Natural Language Processing (NLP)
stage, feature engineering techniques, neural networks, language models, op-
timization techniques, and evaluation techniques. Each stage of the proposed
model has several techniques that can be used to detect and classify AD. The
accuracy and capability of the proposed model will be performed in the future
work.

Keywords
Al Arabic Dialect, CNN, RNN

1. Introduction

There are many varieties of Arabic languages spoken around the world, includ-
ing Modern Standard Arabic (MSA), which is one of the most spoken languages
in the world. There are several ways in which MSA is used in a formal commu-
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nication as well as written Arabic language, including culture, media, and educa-
tion in the Arabic world. MSA is, however, not the native language of the Arabic
people all over the world since Arabic has a wide variety of dialects depending
on the region in which it is spoken in the country. Additionally, Arabic is a reli-
gion language that includes a wide variety of religious discourses, ranging from
historical and literature texts [1] [2] [3].

The Arab world uses email more than any other communication method, in-
cluding diary entries, dialogues, and social media platforms like Twitter. Dialec-
tal Arabic is usually used in these communications. Media, education, and gov-
ernment use Modern Standard Arabic (MSA), the most commonly used Arabic
form [4]. Arabic dialects are mostly used in informal settings for everyday
communication, such as during interactions with friends and family [4]. Several
verbal dialects of Arabic, along with other terms native to the region, are also
associated with this language. The Arabic dialect used by Arab nations serves as
a means of interacting with various dialects of the language spoken by Arab na-
tions, while also serving as a shared language among them [5]. There are many
Arabic dialects in the Arabic-speaking world that have become native languages
of speakers. AD is one of these dialects. Despite many semantic, syntactic, mor-
phological, and lexical similarities that Arabic dialects share with Modern Stan-
dard Arabic varieties (MSA), they exhibit significant differences across almost all
language subsystems.

An artificial intelligence system refers to a mechanism or process that simu-
lates human intelligence processes using machines, specifically computers [6].
Several processes contribute to the learning process, such as learning (the acqui-
sition of information and rules for using it), reasoning (application of the rules
to reach approximate or definite conclusions), and self-correction [7] [8]. Al is
used in many different applications, such as expert systems, speech recognition,
and machine vision, as shown in Figure 1. There are several fields in which ar-
tificial intelligence is used, such as medicine, finance, and engineering. This
technology has numerous applications, such as enhancing the efficiency of tasks
and processes, as well as creating more accurate and reliable results. In addition
to automating manual processes, it can also be used to improve customer service
and improve customer relationships. The implementation of artificial intelli-
gence has facilitated the automation of repetitive and tedious tasks in businesses,
thus leading to significant cost and time savings. Additionally, Al can be used to
make predictions about future events and identify patterns in the data for the
purpose of future predictions [9] [10]. Nevertheless, Al has been used in soft-
ware engineering for bug classification [11] and source code summarization. Bug
classification helps identify and classify bug reports, so developers can prioritize
and address critical reports first. Source code summarization is the task of
creating a concise and accurate summary of code, which can be used as a refer-
ence by developers [12].

Thus, the purpose of this research is to build a conceptual deep learning mod-

el that can be used to develop a method for determining and classifying dialects
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Figure 1. Artificial intelligence techniques based on evolutionary taxonomy [13].

of Arabic. Therefore, this proposed model identified and classified Arabic di-
alects according to their characteristics. This model is expected to accurately
predict Arabic dialects based on text in the dataset.

This study proposed a conceptual deep-learning model that can be used to
detect and classify Arabic dialects. This model combined Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs) to capture the se-
mantic, syntactic, and phonetic features of dialects. CNNs can be used to extract
semantic and syntactic features, such as word and phrase structures, from di-
alects. RNNs can be used to extract phonetic features, such as intonation, pro-
nunciation, and stress, from dialects. Subsequently, the model can be trained
using a dataset of dialectal audio recordings.

The proposed model exhibits more accurate and efficient way to detect and
classify Arab dialects than traditional approaches. However, the scope of this
study is limited to the development of the conceptual deep learning model, whe-
reas the experimental data will be discussed in future work.

This paper is structured as follows: Section 2 presents related works, and Sec-
tion 3 discusses the methodology. The results and discussion are presented in
Section 4. The conclusions and future work of this study are discussed in Section
5.

2. Related Works

Several security assessment models and framework have been proposed in the
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literature. For example, the authors in [14] investigated ANSI/API Security Risk
Assessment methods for developing proactive security policies that respect
threats. The researchers in [15] proposed a security framework which consists of
four stages: risk assessment, implementation of security risk controls, monitor-
ing and review. The researchers in [16] introduced a security risk management
model for Saudi organizations. Several factors were proposed in this model such
the security policies and process, the size and culture of the organizations. The
authors in [17] proposed a model for communicating and implementing infor-
mation security policies. They examined present information security policy
progress and methods from secondary sources. This was to gain a deeper under-
standing of the processes critical to the development and life cycle of informa-
tion security policies. As part of the proposed model, the various steps involved
in developing, implementing, and evaluating an effective information security
policy are described.

There is growing interest in identifying Arabic dialects as a new research area
in the fields of Machine Learning (ML) and Natural Language Processing (NLP).
Dialectal Arabic text (DA) has become an important means of informal com-
munication online because of the substantial use of dialectal Arabic text. In this
new context, the emergence of a new form of textual data online has been inse-
parably mixed with the standard MSA. This research work is mainly focused on
constructing dialectal corpora [18], in addition to differentiating between MSA
and the varieties of DA in terms of language classification.

The authors in [18] have described a general approach for recognizing DA
text in Modern Standard Arabic (MSA) text in a small sample size of 1.6K sen-
tences, which was used as an example of DA text recognition. As a result of the
project, they produced annotated text at the sentence and word level.

It was reported by [19] that the percentage of DA in MSA could be measured.
In addition, further research on DA has been greatly enriched by the construc-
tion of the public Arabic Online Commentary (AOC) dataset, which was devel-
oped by [20]. The dataset was analyzed based on data collected from online
Arabic forums. The authors used crowdsourcing to classify it into the following
six classifications: MSA, Egyptian, Gulf, Iraq, Levantine, and Maghrebi, as well
as three additional labels.

The authors in [21] utilized a small subset of the AOC to identify whether a
given text was either MSA or DA (the Egyptian dialect, ie., EGP) using a super-
vised SVM classifier to determine the status of the text. The accuracy of the SVM
classifier was 85.5%.

Furthermore, in [22], researchers used a dataset consists of five Arabic di-
alects, namely Levantine, Gulf, Egyptian, Maghrebi, and Iraqi, and achieved a
results of 81% for accuracy.

Similar subset of AOC was employed in another study [23] using more fea-
tures, and the results were able to significantly boost the performance of the
classifier while producing a binary output (Ze., MSA or EGP).

The authors in [24] produced better results for their binary classifier when
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compared to n-grams when they used lexical and morphological features rather
than just n-grams in their study on Twitter data.

According to [25], a number of different classifiers based on bigrams using
Naive Bayes have been proposed to characterize 18 different Arabic dialects with
an overall F1-measure of approximately 78% have been achieved.

Similar work was proposed in [26] to classify four dialects: Levantine, Egyp-
tian, Saudi, and Iraqi. It consists of two parts, each containing different types of
data. In the first case, there is a small corpus of manually annotated instances,
and in the second case, there is a large collection of words crawled from the Web
using wordmarks.

The authors in [27] used deep learning techniques such as word2vec in order
to be able to identify the equivalent words from different dialects of the Arab
world. In this research, a set of Arabic dialect corpora was merged and extended,
followed by the application of deep learning techniques to achieve the best re-
sults with dialectal word synonyms based on the existing Arabic dialect corpora.

In [28], the authors investigated an end-to-end model to improve Dialectal
Arabic Speech Recognition (DASR) based on deep learning to improve the ac-
curacy of the speech recognition process. This approach is based on a hybrid
model composed of a Convolutional Neural Network (CNN) in conjunction
with Long Short-Term Memory (LSTM), which is referred to as (CNN-LSTM).

The authors in [29] introduced a novel transcribed corpora for Yamani Arab-
ic, Jordanian Arabic, and multi-dialect Arabic. It was also found that several
baseline deep neural models were developed for end-to-end recognition of
Arabic dialects using sequence-to-sequence deep neural networks.

The authors of [30] examined different approaches for identifying dialects in
Arabic broadcast speech. Using a speech recognition system, phonetic and lexi-
cal features were obtained, as well as bottleneck features, using an i-vector
framework. Their study examined both generative and discriminative classifiers,
and a multi-class Support Vector Machine (SVM) was used to combine both
features.

An algorithm based on Recurrent Neural Networks (RNN) was developed in
[31] to classify dialects based on four dialect regions, namely the Maghreb, Le-
vantine, Gulf (along with Iraqi), and Nile. In this study, a dataset was retrieved
from the MADAR corpus, consisting of more than 110,000 sentences.

According to [32], researchers trained a dialect classification model using the
AOQOC dataset. The authors used six deep learning methods and found that bidi-
rectional RNNs classified Arabic text into MSA, Egyptian, Gulf, and Levantine
texts with a total of 82.45% accuracy.

A novel Arabic resource with dialect annotations was described by [33]. The
findings resulted in a large monolingual dataset called the Arabic Online Com-
mentary Dataset, which contains an extensive collection of dialectal Arabic con-
tent.

Researchers in [34] classified Arabic Facebook posts using two approaches.

First, syntactic features were used to express opinions using patterns common to
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different Arabic dialects. This pattern was highly accurate even when tested
against a new corpus. The focus of this approach was on informal Arabic texts,
which has never been studied before.

An Arabic Dialect Dataset (ADD), which consists of a corpus of audio samples
related to healthcare issues, was developed and made publicly available by [35]
[36] [37] The datasets developed for this project have multiclass labelling. This
study revealed that the datasets were subject to bias as there may be lack of train-
ing samples for several classes. Table 1 summarizes the existing studies on AD.

As a part of this study, existing studies about AD have been reviewed using
different datasets such as Egypt, Gulf, Moghrabi, Levantine, Iraqi, Yemeni, and
Sudani datasets as shown in Figure 2. It can be concluded that Arabic dialects
have many differences in terms of pronunciation, lexical terms, syntactic struc-
ture, and morphological features. Therefore, there is a significant lexical differ-
ence between Arabic dialects. In this region, the local language has a significant
influence on lexical variation. Turkish, Kurdish, and Persian are the native lan-
guages of Levant and North Africa, respectively. In syntactic structures, words
are ordered differently, and sentences are used differently [38] [39]. The dialects
of the Arabian Peninsula tend to use a conservative word order. A further dif-
ference between dialects is morphological, with Levantine and North African di-
alects being more conservative than those of the Arabian Peninsula [40] [41]
[42]. Moreover, some studies have examined automatic dialect identification,
which involves classifying text into one of various dialects of Arabic using Deci-
sion Trees (DT) and Support Vector Machines (SVM). In addition, Arabic di-

alect language models have also been developed.

Table 1. Summarizes the existing studies on AD.
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Figure 2. Summaries of the existing studies on AD.

3. Methodology

This study aims to develop an integrated scalable deep learning model align with
the design science methodology [43] [44]. This model can be employed to effec-
tively identify and categories Arabic dialects. A conceptual model was developed
through an in-depth review of the existing literature on deep learning, Arabic
dialects, and design science research with the aim to create a conceptual model
that can be used in the future. For this purpose, a model has been developed to
capture the characteristics and distinction of the linguistic features of Arabic di-
alects in a system. It involves six stages of deep learning as shown in Figure 3.

1) Natural Language Processing (NLP) Methods: include part-of-speech
tagging, tokenization, and sentiment analysis:

a) Tokenization: tokenization of a text stream is the process of breaking it
down into meaningful symbols, words, or phrases, called tokens, to digest the

data. For example, an Arabic sentence like « du 2l ) allall c83” can be toke-
nized into “c3”, “dall”, € ”, G jadl”,

b) Part-of-speech Tagging: the part-of-speech tagging is used to determine
which word in a text belongs to a particular part of speech. For example, an
Arabic sentence like “Guadll ) il a3” can be tagged as follows: “c#3” (verb),
“QlWal” (noun), “I” (preposition), “4s 2l (noun).

¢) Sentiment Analysis: this process is called sentiment analysis, and it entails
identifying and extracting subjective information from texts using a set of statis-
tical algorithms. For example, an Arabic sentence such as 4w il ) callall Cad”
can be given a sentiment score of “positive”, since it expresses a positive action
(going to school).

2) Feature Engineering Techniques: this method applies feature engineering
techniques to extract semantic information from Arabic dialects for better un-
derstanding. Examples of this technique are clustering, classification, and vecto-

rization.
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Figure 3. Conceptual deep learning model that can
be used to detect and classify Arabic dialects.

a) Clustering: A clustering technique involves dividing data points into groups
based on their similarity using features generated through feature engineering. It
can be applied to categorize similar dialects into clusters based on their similari-
ties based on the vocabulary, syntax, and pronunciation used in each dialect of
Arabic.

b) Classification: Classification techniques are used to classify data points
based on their characteristics when feature engineering is used to assign labels to

them. For example, the origins or relationships among other dialects can be se-
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parated by classifying Arabic dialects based on the region where they originated.

¢) Vectorization: Features are converted into numerical vectors by vectorizing
text using features. In this case, machine learning models can be trained using
inputs created from Arabic sentences by vectorizing them and converting them
into numerical vectors via vectorization.

3) Recognizing and Choosing Security Risk Assessment Models

a) Convolutional Neural Networks (CNNs): To classify Arabic dialects, CNNs
extract several features from textual data. Using a CNN, the presence of pho-
nemes, syllables, and other linguistic features in text data can be detected to clas-
sify dialects.

b) Recurrent Neural Networks (RNNs): In machine learning, RNN analyze the
context of words within sentences. In addition to detecting sentence structures,
RNNs can also detect syntactic rules to classify them based on dialects. There-
fore, RNNs may be able to detect gender agreement. Besides, computer algo-
rithms can be applied for dialect classification.

¢) The language models: Word2Vec and GloVe are two programs available in
the market that represent dialect-specific words and phrases in Arabic dialects.
Natural language processing (NLP) uses popular language models such as
Word2Ve and GloVe. Examples of such tasks include machine translation, sen-
timent analysis, and text classification. These models are designed to capture the
complex structure and dialects of the Arabic language. Several examples have
been provided to illustrate this point.

d) Word2Vec: Using a shallow neural network, Word2Vec embeds words in a
vector format. Embeddings for words can be created using several Arabic di-
alects. There are three main dialects of Arabic: Standard Arabic, Egyptian Arab-
ic, and Gulf Arabic. From this model, the parameters are devised.

e) GloVe: As part of the global log-bilinear regression model, GloVe represents
words as vectors rather than as words embedded in matrices. Besides Maghrebi
Arabic, Levantine Arabic, and Iraqi Arabic, this model can also be used to create
language embeddings for a wide variety of Arabic dialects.

4) Optimization Techniques as a rule, there are two main categories of
Arabic dialect models used for training:

a) Gradient Descent: To minimize the error between the predicted output and
the targeted output, the parameters of the model are adjusted so that the model’s
predicted output is as close as possible to the targeted output. Gradient descent
can be stochastic, mini-batch, or momentum, with the former being the most
common type.

b) Backpropagation: The model weights are updated by propagating errors
from the output to the input layer. Examples of these include dropout mode,
batch normalization, and reverse-mode autodiff.

5) Evaluation Techniques: There are many metrics that can be used to eva-
luate the performance of a model, including precision, recall, and F-score.

6) Precision: In math, precision is a measure of the proportion of predictions

that are correct compared to all predictions within a set. By identifying words
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native to a dialect, the precision can be used to measure the accuracy of a model
for classifying spoken Arabic dialects.

7) Recall: Compared with all possible correct predictions, recall measures the
proportion of correct predictions made by the model. For instance, a recall
measurement could be used to evaluate a model for classifying spoken Arabic
dialects based on its ability to identify words from the dialect being evaluated,
which are also used in other dialects.

a) F-Score: F-Score measures the balance between precision and recall. An
F-Score can be used to evaluate the accuracy of a model in identifying not only
native Arabic words but also words from that dialect, which are also used in

other dialects when analyzing spoken Arabic dialects.

4. Results and Discussion

This study reviewed existing studies on AD involving different datasets, includ-
ing Egypt, Gulf, Moghrabi, Levantine, Iraqi, Yemeni, and Sudanese. Artificial
intelligence has been used to detect and classify Arabic dialects using conceptual
and supervised learning. Rule-oriented systems, Support Vector Machines, and
n-grams have been employed in the past to detect and categorize Arabic dialects.
Despite these advantages, there are some limitations, such as the need to ma-
nually create features and pre-process the data prior to analysis. To overcome
these limitations, this paper introduces a conceptual deep learning approach
based on deep learning concepts to detect and classify Arabic dialects using six
stages as follows Natural Language Processing (NLP), feature engineering tech-
niques, neural networks, language models, optimization techniques, and evalua-
tion techniques. To prepare the data for further analysis, the model used a varie-
ty of techniques during the NLP stage. The tokenization process involves toke-
nizing, stemming, removing stop words, and tagging words based on its parts of
speech. The Feature Engineering techniques are used to extract and numerically
represent the characteristic features from the data. For analysis purposes, these
data must be collected. Neural networks are used to identify patterns and make
predictions based on the accessible data. This stage uses several neural network
architectures to classify data based on dialects, including Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs), prior to the Recur-
rent Neural Network stage. Moreover, data context understanding, and expres-
sion can also be improved by using language models. Particularly, this model
uses regularization and dropout techniques to improve its performance. Fur-
thermore, the model will be evaluated using different evaluation techniques as
well as cross-validation. The effectiveness of the model can be evaluated by test-
ing it using unseen data. The model can be refined and tuned to further improve

its performances.

5. Conclusion

There are several factors contained within each acoustic wave that are used to

DOI: 10.4236/jsea.2023.167015

296 Journal of Software Engineering and Applications


https://doi.org/10.4236/jsea.2023.167015

I. S. Alansari

identify the dialect of a speaker in AD identifiers. As a result, in this study, we
have developed a model for detecting and classifying ADs. As a result of com-
bining convolutional neural networks (CNNs) and recurrent neural networks
(RNNs), a model that captures the semantic, syntactic, and phonological cha-
racteristics of extensive dialects is developed. In the proposed model, there are
six stages such as Natural Language Processing (NLP), Feature Engineering
techniques, neural networks, language models, optimization techniques, and
evaluation techniques. There are several techniques that can be applied at each
stage of the process to detect and categorize AD in this study. In future work, it
will be possible to verify the accuracy of the proposed model by conducting ex-
periments to verify it. Moreover, to improve the accuracy of the model, further
work will include an investigation of alternative datasets and hyperparameter
tuning as methods to improve the model’s accuracy. In addition, the research
endeavor seeks to find ways to improve the efficacy of the model, as well as inte-

grating genetic and medical imaging data into the model to enhance its efficacy.
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