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Abstract

Sentiment analysis is a field of research that consists in analyzing the sensations, attitudes, and emotions of
individuals towards entities such as products, services, and economic organizations. Likewise, the demand
for Arabic Sentiment Analysis has grown rapidly due to the extensive use of the Arabic language in social
media networks and has generated considerable interest from the research community. Arabic is one of the
widely used languages on social networks. However, its morphological complexities, its dialect varieties,
and its relatively few resources make it a challenging language for sentiment analysis. The main goal of our
study is to implement and compare the performance of ASA by exploiting machine learning and deep
learning models to automatically determine the sentiments by classifying them as positive or negative. For
that, this study implements and evaluates a deep learning model namely the long short-term memory
(LSTM) model, and three machine learning algorithms: Support vector machines (SVM), Logistic
Regression (LR), K-Nearest neighbours (KNN). These classifiers are applied on the Arabic-Review (ARev)
database that is manually annotated and collected from many Arabic resources. The results show that SVM
and LR models are the best performing classifiers with an accuracy of 92% and 93% respectively.
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1. Introduction

Sentiment Analysis (SA) refers to the use of natural language processing (NLP) and machine learning to identify
and characterize the sentiment/polarity expressed in a piece of text [1][2]. It allows mining the immense increasing
resources of shared opinions such as social networks, review sites, and blogs.

The reach of the Internet continues to expand globally. According to the International Data Corporation (IDC),
the large amount of digital data generated globally exceeded 33 zettabytes in 2018, with an expected increase of
175 zettabytes by 2025. And the number of internet users worldwide has grown to 4,000 billion users. In recent
years, the emergence of social media platforms as a medium of communication, and their influence on governance,
development, diplomacy, and business has led to the generation of huge amounts of rich data that could be used
to measure people's opinions and attitudes towards products, events, persons, news, or issues.

Many NLP researchers were attracted by this field and started exploring the applications of SA, and many research
communities are working to improve this area from basic linear approaches to more complex deep neural network
models [3]. However, much research has focused on English as it is the dominant language of science while other
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languages have fallen behind. Recently, the increase of web content in Arabic, especially on social media, has
seen an explosive growth rate in the number of internet users (130 million Arabs in January 2018) [4]. This has
increased the demand for Arabic Sentiment Analysis (ASA) due to the heavy use of Arabic in social networks.
As a result, there is now an evolving body of work on ASA. Arabic which is highly inflectional and derivational
is an important language as far as the cultural, historical, and social aspects. Furthermore, it faces many challenges
and raises important issues for SA due to its complex morphology and structure. The wide variation found in the
Arabic language where there is Modern Standard Arabic (MSA), Classical Arabic (CA), and Dialects is one of
the biggest challenges in building Arabic NLP resources. As a result, in some tasks, it may be necessary to create
stand-alone resources for each variation where the available tools that were built for MSA cannot be adjusted for
the other variations and vice-versa [5]. Indeed, the texts produced by social sites are unstructured. This is due to
such factors as lack of standardization, misspellings, missing punctuation, repetitions, and non-standard words.
Despite the importance of SA, and the various SA research that has been carried out over the past decade, the
growth of this research has been quite slow. therefore, the analysis of Arabic sentiments still needs improvement.

The objective of this study is to implement and compare machine learning and deep learning models to
automatically determine the sentiments of comments posted in several domains (tourist, news, sports, and politics)
by classifying them as positive or negative. To do so, this work implements the deep learning algorithm: LSTM,
and three machine learning algorithms: SVM, LR, and KNN. These four algorithms are applied to the ARev
database that is manually annotated and collected from many Arabic resources. In this respect, 10,000 comments
were tagged from the most popular Algerian Facebook pages. Added to this are the datasets of ‘LABR’, ‘Elsahar
and al.’, and ‘Mataoui and al.’. Furthermore, the study carried out trains an Arabic word embedding model suitable
for ASA.

This paper is structured as follows: Section 2 presents the most famous works that are interested in ASA, in
addition to citing and discussing some recent works implemented by machine learning and deep learning models.
In section 3, the ARev dataset is presented by specifying its preprocessing steps. Then, the four classification
models implemented in this study are described and clarified. The mathematical formulae of the parameters used
to test and compare the four classifiers are placed in section 4 where the findings of the study are discussed and
interpreted. Finally, section 5 offers the conclusion of this work and ends with a future perspective on the current
topic.

2. Related works

Sentimental analysis is a subfield of Natural Language Processing NLP where there is a lot of work done for the
English language, but it is noted that there is little research concerning the Arabic language and its dialects.
Presented in this context are the famous works interested in ASA.

2.1 Sentiment analysis for the Arabic language

In 2020, Hassan and al. published the work described in detail the field of (ASA) [6]. They presented the different
difficulties and challenges related to this field and then specified the main steps needed from corpus construction
to the interpretation of the results. All the techniques and approaches implemented have been well explained and
presented in this work in the form of a comparative study.

In 2021, Rahab and al. presented in a chapter the main challenges and recent advances in the field of ASA [7].
They started their paper by describing the difficulty of the Arabic language and its morphology, followed by the
main approaches of classification, and then in the form of a literature survey, they cited the works published since
2011 that are relevant to the ASA field by explaining all the technique used and the results found. In this work,
the authors not only present the main challenges of ASA but also propose solutions and recommendations.
However, many challenges remain unresolved. Some of these are cited below:

e  Arabic Language Complexity

e Dialectal and Non-Arabic Content (Diglossia)

e  Arabizi or Romanized Arabic

e  Proper Nouns Translation

2.2 Word embedding:

Rana and al. published in 2018 a work to improve Arabic word embedding by incorporating morphological
annotations into the embedding model [8]. By using linear compositionality, they managed to fit the generated
word vectors to their lemma forms, and then they used sentiment analysis, subjectivity, and Arabic analogy to
evaluate the effectiveness of their approach where the results obtained show improvements over those existing in
the literature of ASA.

In 2020, Faris and al. exploited the word embedding technique for the topic of automatic detection of cyber hate
speech written by the Arabic language [9]. The idea of this work is to propose a new deep learning approach based
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on the hybrid of two different classifiers that are convolutional neural network (CNN) and long-term memory
network (LSTM). The evaluation database of the approach was a collection of tweets that represent hate
expressions written in the Arabic language. The word embedding and deep learning implemented in this work
allow to properly classify the tweets as normal or hateful.

In this work published in 2021, the authors proposed an unsupervised approach domain adaptation for Arabic
Cross-Dialect and Cross-Domain based on the Word Embedding technique [10]. During the experimental phase,
they adopted the fine-grained and coarse-grained taxonomies of Arabic dialects. The results show that the
proposed approach increases the performance by exactly 20.8% compared to the BERT approach (zero-shot
transfer).

2.3 Deep learning and machine learning in ASA

This part begins with the work of Bolbol and al. published in 2020, which is interested in the sentiment analysis
of a set of Tweets written in Arabic, they implemented and compared three machine learning classifiers which
are: (1) K-Nearest Neighbors (KNN), (2) Decision Tree (DT) and (3) Logistic Regression (LR) [11]. For the
experimental part, they evaluated their approach on four Arabic text datasets. Moreover, four evaluation measures
are used which are successive: precision, recall, f-measure, and accuracy. In the case of large datasets, the (LR)
classifier achieves a better accuracy rate (93%) than the others, but for the case of small datasets (e.g., AJGT and
ASTD datasets), the KNN and LR classifiers achieved better results than the DT classifier.

The approach proposed by El-Affendi and al. in 2021 is called the multilevel parallel attention neural (MPAN)
model, which represents a new deep learning method [7,12]. They computed simultaneous contextualized
embeddings at character, word, and sentence level by using a simple PBES: Positioning Binary Embedding
Scheme. To produce better accuracies, the proposed approach computes at the output level the concatenated
multilevel attention vectors. The results found are very encouraging; they obtained 94.25% for a tertiary
classification collection and 95.61% for a binary classification collection. The validation of the model on a
collection of IMDB film reviews (public data) gives an accuracy of 96.13%.

Finally, in 2021, the model entitled Deep ASA: Deep learning for Arabic Sentiment Analysis is exploited to
predict the polarity of opinions and sentiments written in Arabic [13,14]. The proposed approach is based on two
types of recurrent networks, which are LSTM and Gated Recurrent Unit (GRU). The approach shows that it is
more robust to the data dependency problem. The results found in the experimental phase are very competitive.
On the one hand, the accuracy found ranged from 81.11 to 94.32% and on the other hand, the classification error
rate compared to the state-of-the-art models was reduced by 26%.

3.  Methodology
3.1 ARev dataset

As shown in figure 1, after data consolidations, our preprocessing steps consist of three main phases: The data
cleaning, the data transformation phase, and the data reduction.

3.1.1 Data collection:

The model is evaluated for the Arabic Text Sentiment Analysis task, and it is based on the ARev (Arabic Reviews)
dataset [15]. ARev is built from four sources. The first is taken from 10,000 comments that were tagged as positive
and negative comments, chosen from the 100,000 comments of the most popular Algerian Facebook pages. Added
to this is the LABR dataset of book reviews [16]. This study also used the ‘Elsahar and al.” dataset which is a
multi-domain dataset [17]. The last dataset used is that of ‘Mataoui and al.” which contains commentary data in
Algerian Arabic [18] (Table 1).

Datasets Type of language Description

LABR [16] Book reviews

Standard Arabic Hotel reviews, restaurant reviews, product reviews, attraction reviews,|
Elsahar and al. [17] movie reviews

Mataoui and al. [18] Algerian Dialect Comments

Table 1. Various datasets used
3.1.2  Data pre-processing:

Most Arabic works using traditional methods have emphasized some pre-processing techniques. For this work a
tokenization process is used. Through this process, the text is divided into units delimited by spaces or punctuation
marks, the results are called tokens [19]. Then noise is removed to eliminate unwanted characters from the text.
We start with removing non-Arabic letters, numbers, usernames, external links, and hashtags. After that, we
proceed to the technique of normalization that converts a list of words to a more uniform sequence [20]. To do
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that, we remove punctuation marks and Tashkeel (diacritics), then we delete repeated characters and duplicate
letters. (Figure 1).

Data Data Data Data
Consolidation Cleaning Transformation Ruduction

Figure 1. Preprocessing steps of ARev dataset

Table 2 present the statistics of the dataset after preprocessing and deleting the duplicate elements.

Positive Negative
Total comment 24900 24900
words 1180600 1345000
Average words in.each comment 47 53
characters in each comment 253 294

Table 2. ARev dataset Statistics

The next step is feature selection/extraction. The purpose of this technique is to find the most pertinent features
for the classification task, and the reduction of both dimensionalities of the feature space and processing time. The
methods used for extracting features from the text into vectors are Bags of words (BOW) and TF-IDF.

3.2 Models of classification:

In this section, the four classifiers used in this work are presented and compared in terms of accuracy and
performance. It should be mentioned that the training of these models is done on two portions of our dataset,
where we reserved 15% for testing (3740 negatives, 3740 positive) and 85% for training (21192 positives, 21192
negative). The execution of our work is implemented on Google Colab (free version).

3.21  SVM model:

Support vector machines (SVMs), which are based on sound mathematical theory, fall within the human research
development area of learning techniques [21]. The simplest case of SVMs is when the training data comes only
from two different classes (+1 or -1), which is called binary classification. The idea of SVMs is to search for a
hyperplane (straight line in the case of two dimensions) that best separates these two classes (figure 2).

A

Class AO
Q

Figure 2. SVM binary

The separating hyperplane is represented by the following equation (1):
(Precision * Recall )

(Precision + Recall )

Fl1-score(11)=2% H(x) = wT x + b (1)
Where w is a vector of m dimensions and b is a term.
The decision function, for an example x, can be expressed as follows:

Since the two classes are linearly separable, there are no examples that lie on the hyperplane, that satisfy H(x)=0.
The following decision function should then be used:
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Classe = 1Si H(x) > 0(2)
Classe = —1SiH(x) <0
Classe = 1SiH(x) > 1 (3)
Classe = —1SiH(x) < -1

The power of the SVM algorithm is in the kernel [22], the linear function is:

m .
Wx+b=b+> o X x" (4)
i=1
where o and x(i) are a vector of coefficients and a training example. The following two elements are replaced:
x by the output of a given characteristic function g(x).

The scalar product by a function K (X, X(i)) =g (X) )

g(x(1)) called a kernel where [22]:

3.2.2  Logistic Regression model:

Logistic regression is a mathematical model that combines a set of predictor variables (X) with a binomial random
variable (Y) [23]. It is commonly used in the field of artificial intelligence (Al) and machine learning. Regression
is a linear modelling technique, which studies the relationship between the main variable and explanatory
variables. It is called logistic when there is a logistic function relationship between the variable of interest and the
other variables. Logistic regression is also a multivariate analysis model, which can take different forms: binary
or multinomial, logistic, or linear plus [24].

In the case of binary logistic regression, we get a simple answer with a choice between two solutions, that is, a
binary type results like yes or no, true, or false, success or failure [24]. Mathematically, we try to find all the limits
which separate the classes by applying the following formula [25]:

L
f(u)=>"y™ 1og(1+ g ) +(1—y Y log(1+€"*)(6)
n=1

Such as:

e L represents the number of data — points.
ey (n) is the label of data — point n.

e s is the matrix of instances.

e uis the weight vector.

3.2.3  KNN model:

In machine learning, the k nearest neighbors’ method KNN is a supervised learning model, it does not require any
training step. The classification by this algorithm is done by calculating the distance between the training data and
the test data to finally obtain the nearest neighbors [26, 27]. Two different strategies are applied to find the short
distance between the points, the first one is based on the calculation of the Euclidean distance, and the second one
is done by calculating the cosine similarity between the test and training data. For the case of this work, the first
strategy was used [28].

In a Euclidean space, the documents are represented as points. With this algorithm we can calculate the Euclidean
distance between two points (M = (x, y) and N = (a, b)) by applying the following equation [29]:

d(M,N)=f(x—a)’+(y—b)*(7)

The choice of the K-value to be used to predict with K-NN varies according to the dataset. Generally, the fewer
neighbors (a small number of K) are used, the more prone to underfitting. On the other hand, the more neighbors
(a larger number of K) are used, the more reliable the prediction will be.
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The image above left (figure 3) represents points in a 2D plane with three possible labeling types (red, green,
blue). For the 5-NN classifier, the boundaries between each region are quite smooth and regular. As for the NN
classifier, we notice that the boundaries are "chaotic" and irregular. The latter comes from the fact that the
algorithm tries to fit all the blue points into the blue regions, the reds with the reds, etc. It is a case of overfitting.

the data NN classifier 5-NN classifier
e » 3 . B S ol
24 Ea T Ex
. T R 4 . L,
v ¥, z » v, (RN 4 « =, [ENaN
. (1 . . L .
- . - -
_.' b "‘"' :‘ o‘ ".-"' - : ) 8 :' “. ‘?’J‘. .
e e : 9 TR

Figure 3. Effect of k in KNN
3.24  LSTM model:

Long Term Memory (LSTM) is a Recurrent Neural Network (RNN) architecture used in the field of deep learning.
It has feedback connections, unlike direct propagation neural networks. In our work, we implemented this model
using the TensorFlow library. To exploit word embedding, CBOW model are used, it based on Gensim which is
an open-source toolbox library in Python. For training the model, the following parameters were used:

The number of LSTM units = 64.

The batch size = 20.

Iterations = 100k.

Experiment and Result
4.1 Experiments setup:

The experiments were applied to the ARev dataset by using the Google Colab tool where we can take advantage
of the performance of TensorFlow for the LSTM model. Figure 4 below shows the process overview of the
classification followed in our experiments.

SVM Model
LR Model
ARev E:> Data E:> Model |
DataSet Preprocessing Training
[:::i> KNN Model
% LSTM Model

Figure 4. The methodology of our approach

We evaluated the performance of the classifiers used in this work by the following four metrics [30]:

Precision(8) = _TP Recall(9) = __™
(TP+FP) (TP +FN)
(TP+TN) (Precision = Recall )
Accuracy (10) = F1-score(11)=2x —
(TP+TN +FP+FN) (Precision + Recall)
Where:
e  TP: True Positive
e TN: True Negative
e FP: False Positive
o FN: False Negative
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4.2 Results and discussion:

Below are presented in detail the results found for this study’s tested with the ARev dataset:

F1-score Recall Precision Accuracy
Negative 92% 91% 93% 929
Positive 92% 94% 91% ’

Table 3. Results of SVM model

F1-score Recall Precision Accuracy
Negative 47% 42% 54% 51%
Positive 54% 60% 49%
Table 4. Results of KNN model
F1-score Recall Precision Accuracy
Negative 92% 91% 94% 93%
Positive 93% 94% 92%

Table 5. Results of LR model

For the LSTM model, it gave an accuracy value of 81%. However, we obtained best results with the LR model,
which scored the highest accuracy value of 93.0% and the average value of 92.5% for the F1-score (table 5). Next,
we arrived at the accuracy value of 92% for the SVM model that also gives an average of 92.5% for Recall (table
3). In the last position, the KNN model achieves the mean precision value of 51.5% and the accuracy value of
51.0% (table 4).

The results presented above show that the LR and SVM models perform better than the LSTM and KNN models.
Several reasons interpret these results, including firstly, the LSTM model works efficiently with a large dataset,
so when the bigger dataset, the better the accuracy. On the other hand, for the KNN model, we need adaptation of
some parameters which complicates the task of training the model. Finally, the choice between a positive and
negative sentiment (2 choices only) gives priority to both LR and SVM models.

5. Conclusion and future work

Nowadays, Arabic Sentiment Analysis is of great importance in many areas such as politics, production, and
services. Social networks are full of Arabic texts in which users express themselves on different topics where their
opinions are of a great interest for ASA research. For the ASA domain, deep learning and machine learning tools
and algorithms are indispensable for automatic data processing. In this context, we have used four classifier
models: SVM, KNN, LR and LSTM. These models allow us to classify a set of opinions and reviews into the
positive or negative ones.

The current study began with pre-processing the ARev database, which contains around 50000 comments and
reviews; 85% of the dataset was chosen for training and 15% for testing. The performance of the classifiers used
in this work was evaluated by four metrics: Precision, Recall, F1-Score, and Accuracy. The results show that the
SVM and LR models outperform the KNN and LSTM models.

In future work, we will work through the AraBERT model applied on a very large database of comments and
reviews written by the standard Arabic language and the Arabic dialects. In this respect, we will try to improve
ASA by evaluating the efficiency of one of the state-of-art models, namely the AraBERT model.
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