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Abstract. Sentiment analysis (SA) is a multidisciplinary field that aims to pre-
dict sentiment tone or attitude expressed in a text, SA using social media data
has become a popular topic especially during critical events such as natural dis-
asters, social movements and recently the spread of the Coronavirus Pandemic.
Sentiments can be expressed explicitly or implicitly in text and identifying these
expressions can be challenging. SA in Tunisian dialect is particularly difficult
due to the complexity of the language, its morphological richness and the lack of
contextual information. Recently, deep learning (DL) models have been widely
adopted in the field of SA, especially in the context of Arabic SA. These models,
such as Bi-directional LSTM networks (Bi-LSTM) and LSTM networks, have
shown to achieve high accuracy levels in sentiment classification tasks for Arabic
and dialectical text. Despite the successes of DL models in Arabic SA, there are
still areas for improvement in terms of contextual information and implicit mining
expressed in different real-world cases. In this paper, the authors introduce a deep
Bi-LSTM network to ameliorate Tunisian SA during the spread of the Coronavirus
Pandemic. The experimental results on Tunisian benchmark SA dataset demon-
strate that our model achieves significant improvements over the state-of-art DL
models and the baseline traditional machine learning (ML) methods. We believe
that this contribution will benefit anyone working on Tunisian pandemic manage-
ment or doing comparative work between Tunisian and other jurisdictions, which
can provide valuable insights into how the public is responding to the crisis and
help guide pandemic management decisions.

Keywords: COVID-19 - Social Media - Sentiment Analysis - Tunisian Dialect -
Deep Learning - Bi-LSTM - Text Processing - Pandemic governance - Public
Health
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1 Introduction

Arabic is the official language of 27 countries and spoken by over 400 million people.
The language has two commonly used varieties: Modern Standard Arabic (MSA) and
Dialectal Arabic (DA). MSA is used in formal written and oral communication, while DA
is used in informal exchanges [1]. DA is divided into two main groups: Middle Eastern
(Mashriq) and North African (Maghrebi) dialects. Mashriq dialects include Egyptian,
Levantine, and Gulf dialects, while Maghrebi dialects include Algerian, Tunisian, and
Moroccan dialects [2].

DA is prevalent on social media and microblogging channels, but it poses challenges
for thematic classification and SA [6]. These challenges include a lack of resources for
these dialects, as some dialects are better researched than others. Additionally, Arabic is a
morphologically rich and complex language with complex morphosyntactic conventions,
irregular forms, and numerous dialectal variants with no spelling norms. This makes it
difficult to learn robust general models about Arabic text without proper processing.
Furthermore, there are fewer resources available for Arabic sentiment analysis, such as
sentiment dictionaries and annotated corpora, compared to French or English. These
challenges have led to a significant interest in Arabic sentiment analysis [3].

SA is the process of identifying and extracting specific sentiments from text using
Natural Language Processing (NLP), computational linguistics, and data mining tech-
niques. It can be applied at different levels of analysis, such as document level, sentence
level, aspect level, and word level. In addition, SA in Arabic dialectical text is an impor-
tant and timely topic, as Arabic is one of the most widely spoken languages in the world
and is the official or native language of many countries [4].

Tunisian dialect is a subset of the Arabic dialects spoken in the Maghreb region.
The goal of this work is to develop an efficient SA tool for Tunisian textual produc-
tions on Facebook networks during the spread of Coronavirus Pandemic. Despite recent
progress in the study of this dialect, there is still important work to be done. However,
the development of these tools faces several challenges, including a limited number and
availability of resources and a lack of standard linguistic rules for this dialect [5]. This
makes the task of sentiment classification more complicated as there is no agreement on
semantic analysis conventions [3].

In our approach, we have proposed a deep Bi-LSTM sentiment classification model
to improve the state-of-the-art performance of Tunisian dialectical SA. Our contribution
can be summarized as follows:

1. We examine the benefits of our pre-processing method such as tokenization,
punctuation removal, light stemming and Latin character removal.

2. Our work has used the bidirectional Deep LSTM with the ability to extract contextual
information from the feature sequences of Tunisian dialectical sentences.

3. Our Bi-LSTM model significantly outperforms other DL models and the baseline tra-
ditional ML algorithms in terms of accuracy and F1-measure on Tunisian benchmark
SA dataset.

The rest of this paper is organized as follows. We will first provide an overview of
some related recent work on approaches and methods of Arabic and Tunisian dialectical
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SA. Then, in Sect. 3, we will detail our Tunisian dialectical SA system using the deep Bi-
LSTM learning model. Section 4 provides the experimental study, the results obtained
and the discussion. Finally, Sect. 5 gives the conclusion of this paper and highlights
future works.

2 Related Work

SA aims to classify subjective texts into two or more categories. The most obvious are
negative and positive. We refer to this problem as Binary Sentiment Analysis. Some
works contain a third category for neutral text. We refer to this problem as Ternary
Sentiment Analysis. A final option is to consider sentiment based on a rank score or
rating system, such as the 5-star rating system. This is known as Multi-Way Sentiment
Analysis [6]. Thus, ML, lexicon-based, hybrid and DL approaches are among the existing
research on Arabic and Tunisian dialectical SA approaches.

2.1 Machine Learning Approach

ML is the most applied approach in SA, where algorithms are trained on labeled data to
predict the sentiment of a given text. Shoukry et al. [7] performed SA of tweets written in
Egyptian dialects and MSA. They have collected 1,000 tweets, consisting of 500 positive
and 500 negative tweets, and they have used standard n-gram features. Then, they have
experimented with two classifiers, Support Vector Machines (SVM) and Naive Bayes
(NB), to classify the sentiment of the tweets.

In [8], authors have created a SA method for both informal Arabic and MSA to assess
the sentiment in social media. They used the K-Nearest Neighbors (KNN) algorithm as
a classifier to classify 1,080 Arabic reviews from social media and news websites. In [9],
authors have used two ML algorithms, SVM and NB to perform SA on Arabic reviews
and comments from the Yahoo Maktoob website. Abdul-Mageed et al. [10] have created
a supervised system for Arabic social media named SAMAR. The system was built using
an SVM classifier.

In [11], authors have presented the Tunisian SA Corpus (TSACH), which focuses
on the Tunisian dialect. They have collected 17,000 user comments from the official
Facebook accounts of Tunisian radio and television stations. To test the performance of
their collected corpus, they have employed three ML algorithms, Multilayer Perceptron,
Multinomial Naive Bayes and SVM.

Salamah et al. [12] have collected 340,000 tweets in the Kuwaiti dialect. To measure
the performance of the suggested corpus, they have used three ML algorithms, Random
Forests (RF), SVM J48, and Decision Trees (DT).

2.2 Lexicon-Based Approach

The lexicon-based approach also known as knowledge-based approach is another com-
monly used method for Arabic sentiment analysis, especially when there is limited

1 https://github.com/fbougares/TSAC.
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labeled data available. It involves using pre-existing sentiment dictionaries containing
words and their associated sentiment scores to identify and classify the sentiment of a
given text. The sentiment dictionaries used in this approach are created manually by
annotating words with sentiment polarity (positive, negative, neutral) or assigning them
a sentiment orientation score (score between 0 and 5). The overall sentiment of a text
is then computed by aggregating the sentiment scores of the individual words in the
text [13]. This method can be fast and effective, but its accuracy may be limited by the
quality and completeness of the sentiment dictionary used.

In [14], authors have presented a system consisting of two parts. The first part is a
free online game that aims to build a lexicon of positive and negative words, while the
second part is a SA system that classifies reviews based on their sentiment, using the
lexicon created in the first part. This approach leverages the knowledge of users who
participate in the online game to build the sentiment dictionary, which can be used for
SA in the second part of the system. Al-Ayyoub et al. [15] have created a lexicon of
120,000-word Arabic linguistic terms by collecting a large number of articles from the
Arabic news website. This lexicon includes Arabic linguistic features, which can be used
in SA to classify the sentiment of text written in Arabic, as it provides a comprehensive
list of words and their sentiment scores.

In [16], authors have proposed to investigate the impact of pre-processing techniques
on SA of Tunisian dialect. They have compared the performance of two SA models,
a lexicon-based model and a supervised ML-based model (SVM and NB). The results
showed that including pre-processing methods such as emoji handling, negation tagging,
and stemming improved the performance of the SA of Tunisian dialect.

In [17], authors have proposed a subjectivity SA system for Egyptian tweets and have
developed a new Arabic lexicon by combining two existing standard Arabic lexicons
(ArabSenti and MPQA) with two Egyptian Arabic lexicons. The new lexicon consisted of
900 tweets (300 positive, 300 negative, and 300 neutral) and the results showed that their
lexicon-based model outperformed with an accuracy of 87%. This study highlights the
importance of considering dialect-specific lexicons in SA and the potential improvement
it can bring to the performance of SA models.

2.3 Hybrid Approach

The hybrid approach merges the strengths of both ML and lexicon-based approaches.
Briefly, it leverages the high accuracy of ML and the stability of the lexicon-based
approach to improve overall performance. Authors in [18] have proposed a hybrid SA
method that combined lexicon-based and ML approaches. They used the SentiStrength
English lexicon for translation and applied Maximum Entropy (ME) and KNN for classi-
fication. In [19], authors have developed a semantic model called ATSA (Arabic Twitter
Sentiment Analysis) that uses supervised ML algorithms (NB, SVM and semantic anal-
ysis) and a vocabulary built from freely available dictionaries like Arabic WordNet. The
performance of the model improved compared to the basic bag-of-words representation
with an increase of 5.78% for the NB classifier and 4.48% for the SVM classifier.
Soliman et al. [20] have tested and evaluated different configurations to develop an
Arabic SA tool. They have conducted three experiments. The first experiment used the
SVM-based approach, the second experiment used only the lexicon-based approach with
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SSWIL lexicon, and the third experiment combined both the SSWIL lexicon and the
SVM-based approach. In [21], authors have tackled the SA of dialectical Arabic words
and MSA by using the SVM and NB classifiers. To handle dialectical words, they have
employed a dialect vocabulary that maps dialectical words to their corresponding MSA
words.

2.4 Deep Learning Approach

DL models are based on neural network architectures to model high-level abstractions
in data and to automatically extract features and perform complex tasks such as SA [22].
These models often outperform traditional ML methods in terms of accuracy and can
handle noisy and unstructured data, making them well suited for SA tasks. Only a few
studies have explored DL models in Arabic dialect text and Tunisian dialect.

Masmoudi et al. [23] have created a corpus of 43K comments in Tunisian dialect from
Tunisian supermarkets’ Facebook pages and have tested its performance using CNN,
LSTM, and Bi-LSTM models. The best results were achieved by LSTM and Bi-LSTM,
with an F-Measure of 87%. In [24], Jerbi et al. have proposed a DL approach for SA of
code-switched Tunisian Dialect. They have evaluated the performance of four variants
of RNNs: LSTM, Bi-LSTM, deep LSTM, and deep Bi-LSTM. The results, based on the
TSAC corpus [11], showed that a deep LSTM model achieved the highest accuracy of
90% compared to other DL models.

Authors in [25] have introduced the TUNIZI? corpus as a SA dataset for Tunisian
Arabizi®. The corpus consists of 17K comments collected from YouTube, written using
Latin characters and numerals. The dataset is balanced with 47% positive and 53%
negative comments and has been preprocessed for analytical studies and NLP tasks. In
[26], Bsir et al. have explored the Bi-LSTM learning model for Arabic SA with the
ability of extracting the semantic information to predict the sentiment of Arabic text.
Experiments showed that their proposed model achieves significant improvements in
the Accuracy and Fl-measure results over the existing models and it can handle both
forward and backward dependencies from feature sequences.

3 Proposed Methodology

Basically, our approach consists of three major phases: Firstly, the data exploration phase,
where we explore an online corpus of Tunisian Facebook comments during the spread of
Coronavirus Pandemic. During this phase, we thoroughly analyze the data to gain insights
and understanding of the content. Secondly, the data pre-processing phase, where we
apply various techniques to preprocess the collected data and make it suitable for further
analysis. This involves tasks such as cleaning the text, removing irrelevant information,
handling dialectical words, and performing other necessary transformations. Finally, the
model training phase where we train and test our deep Bi-LSTM model and evaluate it
as compared to several ML classifiers (e.g., SVM, DT, NB, etc.) and DL models (e.g.,
LSTM, CNN, etc.)

2 Arabizi: Arabizi refers to Arabic written using the Roman script.
3 https://github.com/chaymafourati/TUNIZI-Sentiment- Analysis- Tunisian- Arabizi-Dataset.
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3.1 Data Exploration

The CTSA* dataset (Corona Tunisian Sentiment Analysis) constitute a good represen-
tative sample of the Tunisian Facebook comments and posts during the COVID-19
pandemic. The dataset covers the prevalent topics discussed on Facebook during the
critical period from 28™ June to 27" August 2021, when the Pandemic started to spread
in Tunisia. We have analyzed the textual content of Tunisian Facebook posts; in partic-
ular, we have identified the most-frequent words, hashtags, posts and comments posted
in this period and tracking their frequency over time, as the virus started to disperse in
many Tunisian governorates. Figure 1 shows the time series (over days) of the top 10
most frequent words.

Top 10 most frequent words

— gt
-t COVID-19

25%
—— )
—— g
il

e Ministére

10%

5%

0%

NRONE IS R AU U U S e e R S T )
FARCHEAEL LA MR R o ¥ S s"\)4;')e""\"»nr"..vw\'»"’.gf";\?q'».\v‘»ifaﬁ"{\’)

Fig. 1. Time series of the frequency (in percentage of Facebook posts) of top 10 most frequent
word for the period of 28" June to 27! August 2021.

The 10 most-frequent words shown in Fig. 1 appear to belong to two distinct cate-
gories: those related to COVID-19 (such as “santé”, “COVID-19”) and those related to
prayers and supplications (such as “ 4", “God”). The frequency of the word “ |’ rose
early on when news about the virus started to spread, as it may reflect discussions about
whether the pandemic is a punishment from God. The frequency of the word declines
over time but rises again as the virus starts to spread more widely in Tunisia. Thus,
we have collected more than 40,000 posts and comments from Facebook. We obtained
9,396 Tunisian French code-mixed posts after cleaning the corpus. Table 1. shows the
distribution of Emotion tags in the code-mixed corpus. We used hashtags related to the
Covid-19 pandemic, recent sanitary trends and words which depict emotions in Tunisian
dialect like (““ 0\>,3, “far7an” for happy, etc.).

Afterwards, we have utilized language identification for each word to have a better
understanding of the corpus, using the tool® from the study [27]. We have shown the

4 https://www.kaggle.com/naim99/tsnaimmhedhbiv?2.
5 https://github.com/irshadbhat/litcm.
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distribution of words present in the corpus between Tunisian Dialect (Arabic and Arabizi)

and Latin languages in Table 2., which provides insight into the code-mixing nature of
the data.

Table 1. Distribution of Emotion tags in the code-mixed corpus.

Emotion Related emojis | Sentences
Happy 725
Sad 1457
Angry © 1118
Disgust ® 349
Fear 937
Surprise ® 83
Total - - 4669

Table 2. Distribution of total and unique words in the code-mixed corpus.

Language Word Count Unique Words
Tunisian Dialect 17631 8517

Latin 11309 6031

Total 28940 14548

3.2 Data Pre-processing

The collected corpus must be preprocessed for use. Figure 2 depicts the data pre-
processing pipeline.

Tunisian Dialect Latin Languages
3
( Treatment for Emojis | e m
m Preprocessing [ Treatment for Numbers ] Splitting -
Anglis ( Treatment for chatwords ) 70% Training
[ Stopwords Removal ]
CTSA Dataset.csv [ Light Stemming ] PreprocessedCorpus.csv

Fig. 2. The pipeline of the data pre-processing phase.
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Noise Removal

As the corpus’s comments are web scrapped, chances are they contain some URLs,
HTML tags, and links. Since these tags are useless, it is better to remove them for effec-
tive classification results. Thus, Noise removal involves eliminating special characters,
mentions, hashtags, and multiple whitespaces.

Treatment for Emojis & Numbers

Tunisian Facebook users frequently use emoji and emoticons instead of words to express
emotions. To preserve this information, a small emoji-to-word converter has been devel-
oped. As for our treatment of numbers, two steps are taken: The first step is to remove
numbers that are not part of words, as numbers do not carry sentimental information
in SA. The second step is to replace numbers concatenated with letters with substitute
letters (e.g., 5 to kh and 7 to h, as seen in the case of Arabizi words.)

Treatment for Chat Words and Stopwords.

The treatment for chat words involves removing character redundancy while preserving
meaning (e.g., “ yyynks” to “ aks”, “Urgenceeeee” to “Urgence”). Also, common
chat words will be converted back to their original forms (e.g., “SIm” to “Salem’). We
have used the Unigram model to identify the frequent chat words. Recall that in our
contribution, we are interested in the SA of Tunisian French code-mixed posts and since
publicly available stopwords extraction tools work only with monolingual corpora such
as the example of NLTKO library, that’s why we have developed a multilingual stopwords
extractor. To do this, we have utilized two N-gram models (Unigrams and Bigrams) for
stopwords extraction and then manually reviewed the results to eliminate words that do
not carry significant meaning. As an illustration, some examples of stopwords in our
research are (“cette”, “ J=”, “eni”, “ =57, “inty”, “ (=7, etc.)

Light Stemming

The light stemming approach involves removing a small set of suffixes and/or prefixes
to find the root of a word. Our contribution uses the ISRI stemmer from the Information
Science Research Institute (ISRI). It operates similarly to the Khoja stemmer, but without
utilizing a root dictionary. If a word cannot be rooted, the ISRI stemmer normalizes it by
removing specific end patterns and determinants instead of leaving it unchanged. It also
recognizes a set of diacritical marks and affix classes, as demonstrated by the example
(" 2o - oy, 1 5 - Ladd]”).

3.3 Model Training

After performing the processing of the Facebook posts, a vocabulary size was defined to
convert the words into vectors. The sentiment labels (positive, negative and neutral) were
encoded as well, and padding step was done to bring all the vectors to a specific length.
The Bi-LSTM network architecture included the following layers: the Embedding layer
to convert incoming words into vectors, the Bi-LSTM layer for processing the word
vectors, the Dropout layers to avoid overfitting, the Conv1D layer to summarize the

6 https://www.nltk.org.
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vector along one dimension, the Global MaxPooling1D layer to find the maximum
value in each feature map and finally the last layer as a fully connected layer with a
Softmax activation function and three neurons for the output predicted label (positive,
negative and neutral) producing a one-hot encoded result. Thus, Bi-LSTM combines
the two LSTM hidden layers to the output layer, improving the learning of long-term
dependencies and better model performance. Previous studies [22] have demonstrated
that bidirectional networks are more effective than standard networks in various areas,
including SA. The structure of a Bi-LSTM layer, made up of a forward and backward

LSTM, is depicted in Fig. 3. As the forward LSTM layer output sequence 7 ,1s obtained
in a common way as the unidirectional one, the backward LSTM layer output sequence

<h_, is measured using the reversed inputs from time ¢t — 1 to ¢t — n. Then, these output
sequences fed to o function to combine them into an output vector y;[19]. Similar to
the LSTM layer, the final output of a Bi-LSTM layer can be represented by a vector,
Y: = [Yt—n, . . ., Y1—1], in which the last element, y;_1, is the estimated analysis label for
the next iteration [28].

Fig. 3. The workflow of Bidirectional LSTM layer

4 Experiments and Results

4.1 Baseline and Evaluation Metrics

We have randomly divided our collected dataset into two corpora, 70% of the dataset for
training and 30% for testing. The number of training iterations (epochs) is fixed at 10 for
all experiments. To prevent overfitting, Dropout regularization is applied with a dropout
rate of 40%. The goal of the experiments is to find the optimal parameters for the model.
Notice that only the parameters that yield the best results are reported. To evaluate the
performance of our proposed SA system, we have conducted experiments using various
classification algorithms. The first set of experiments is designed to measure the perfor-
mance of traditional ML methods such as NB, SVM, RF and Logistic Regression (LR)
classifiers. These classifiers are applied to different combinations of preprocessed data.
For feature extraction, we have used three embedding models: Bag Of Words (BOW),
Term Frequency-Inverse Document Frequency (TF-IDF), and GloVe (Global Vectors for
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Word Representation). Furthermore, to evaluate the performance of our system as well
as the other classifiers, we have used the most widely popular measures retrieval namely,
Accuracy, Precision and Recall Their corresponding formulas are recalled respectively
in 1, 2 and 3, where #p, tn, fp and fp represent True Positive’, True NegativeS, False
Positive” and False Negative!? respectively.

p+1in
Accuracy = ——— (D
tp+m+fp+f
p
Recall = )
p+fp
Precision x Recall
Fimeasure = 2 % 3)

Precision + Recall

4.2 Experimental Results

In the experiment, DL models were performed using Keras!! library, while ML models
were performed using Scikit-Learn'? library. Table 3. displays the results of the ML
classifiers after applying the pre-processing method. Table 4. presents the results of the
second set of experiments, which were done using different configurations of DL models
during the training phase.

4.3 Discussion

Our study aims to present a new method for Tunisian Dialectical SA to surpass the
limitations of feed-forward models by considering multilingual contextual features and
Tunisian French code-mixed information in both directions (forward and backward) of
the Tunisian Dialectical written comments. From the results showed in Sect. 4.2, we can
highlight that our proposed method yielded the highest sentiment prediction accuracy
results. According to Tables 4. and 5., deep Bi-LSTM and Bi-LSTM outperformed other
DL models (CNN and LSTM) on the benchmark CTS A dataset. This is due to the fact that
Bi-LSTM networks can better capture context in the text by combining both forward
and backward hidden layers. This allows it to access both preceding and succeeding
contextual features, resulting in richer semantic information and the ability to make full
use of contextual information than the Unidirectional LSTM networks. Additionally,
according to Table 3., in which we have performed five ML algorithms applied with
three embeddings models (BOW, TF-IDF, GloVe), we can clearly see that DL algorithms
typically have better accuracy than traditional ML methods and as noted in [29], the SVM
becomes inefficient and costly when dealing with large training data as it is not capable of

7 The number of correctly classified positive comments.

8 The number of correctly classified negative comments.

9 The number of incorrectly classified positive comments.
10 The number of incorrectly classified negative comments.
1 https://keras.io.

12 hetps://scikit-learn.org.
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Table 3. Experimental results obtained with machine learning classifiers on CTSA Corpus

Label prediction after pre-processing

Classifier + Metrics SVM RF LR NB DT
Embedding
Classifier + Recall 65.3264.53 | 69.16 72.1769.6774,91 | 73.82 | 71.6570.42
BOW F1- 71,14 65.78 72.23 | 71,78
Measure 70,09 74,57
Accuracy
Classifier + Recall 65.7462.58 | 70.0969.60 | 72.24 71.89 71,13 | 68.8664.97
TF-IDF F1- 69,94 71,49 75,12 72.12 | 69,29
Measure 75,84
Accuracy
Classifier + Recall 68.8965.47 | 71.9669.64 | 69.83 70.79 72.19 | 70.69
GloVe F1- 70,32 72,82 74,43 71.51 | 68.21
Measure 73,43 | 71,03
Accuracy

Table 4. Experimental results obtained with Deep Learning models on CTSA Corpus

Model Configuration Recall F1 score Accuracy
CNN (fully connected layer size = 100) 72.81 72.52 74.09
LSTM (dropout rate = 0.4) 69.54 70.89 72.89
RNTN 70.49 72.29 74.97
RNN 72.82 73.82 75.12
CNN + LSTM 75.42 76.08 77.62
Combined LSTM 75.12 74.17 76.79
Bi-LSTM 76.32 77.58 78.10

Table 5. Comparison of accuracy results of different DL models after applying light stemming

Classifier + Embedding | Metrics Deep Bi-LSTM | LSTM CNN
Without Stemming Recall 75.79 69.0575.78 | 74.17
F1- Measure | 74.24 75.92 75.42
Accuracy 77.89 74,40
Arabic Light Stemming | Recall 79.25 717.57 78.21 77.04
(ISRI Stemmer) F1- Measure |77.93 78.15 78,61
Accuracy 79,80 77,49
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handling such big size data. Moreover, when the training data is unbalanced and noisy, it
can negatively impact the SVM performance due to its high computational cost and low
generalization error [30]. For the RF algorithm, the complexity increases as the number
of trees in the forest and the number of training samples increase, because more trees and
more training samples increases the model’s complexity, leading to longer processing
times and higher computational resource requirements. Furthermore, our model was
improved by adding morphological features, including stems, to overcome the problem
of limited vocabulary, ambiguity issue and the lexical sparsity.

According to results in Table 5., experiments clearly indicate that using light stem-
ming leads to an average improvement of 2.56% across the three tested DL models.
According to similar studies [31, 32, 33], including morphological features, such as
stems, improved performance quality on data containing a mixture of Dialectal Ara-
bic and MSA. This approach offers several benefits, including improvement in senti-
ment prediction accuracy through the implementation of various Arabic pre-processing
techniques like punctuation removal, digits, tokenization, Latin characters removal,
light stemming and the ability to consider the code-mixed contextual information by
considering both forward and backward dependencies.

5 Conclusion and Perspectives

We tackled in this paper, the SA problem for Tunisian textual productions on Facebook
during the spread of the Coronavirus pandemic. To address this challenge, we have
proposed an efficient deep Bi-LSTM learning model to extract multilingual and code-
mixed contextual features, improving in richer semantic information to overall quality of
the sentiment prediction. Experiments on Tunisian benchmark dataset (TSAC) showed
the effectiveness of the deep Bi-LSTM model, outperforming state-of-the-art algorithms
in terms of accuracy and F1-measure. We believe that our model will contribute to future
exploration in the field of SA and text mining especially during critical events.

Our future works will focus on comparing the effect of different recent contextualized
word embeddings models such as BERT, ELMO, ULMFiT, XLNet and GPT-3 on their
previously presented DL model for Arabic dialectical SA. Additionally, we plan to study
the media press and news articles related to COVID-19 in order to identify bias and track
the spread of misinformation and fake news.
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