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Department of Information The Arabic language is a complex language with little resources; therefore, its limita-
Systems, College tions create a challenge to produce accurate text classification tasks such as sentiment
;’;2‘;22”};?;;nggforma“O” analysis. The main goal of sentiment analysis is to determine the overall orientation of
University, Riyadh 11451, a given text in terms of whether it is positive, negative, or neutral. Recently, language
Saudi Arabia models have shown great results in promoting the accuracy of text classification in

English. The models are pre-trained on a large dataset and then fine-tuned on the
downstream tasks. Particularly, XLNet has achieved state-of-the-art results for diverse
natural language processing (NLP) tasks in English. In this paper, we hypothesize that
such parallel success can be achieved in Arabic. The paper aims to support this hypoth-
esis by producing the first XLNet-based language model in Arabic called AraXLNet,
demonstrating its use in Arabic sentiment analysis in order to improve the predic-
tion accuracy of such tasks. The results showed that the proposed model, AraXLNet,
with Farasa segmenter achieved an accuracy results of 94.78%, 93.01%, and 85.77%

in sentiment analysis task for Arabic using multiple benchmark datasets. This result
outperformed AraBERT that obtained 84.65%, 92.13%, and 85.05% on the same data-
sets, respectively. The improved accuracy of the proposed model was evident using
multiple benchmark datasets, thus offering promising advancement in the Arabic text
classification tasks.
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Introduction
The internet and social media have become a promising platform for learning, sharing
opinions, and exchanging ideas. Twitter is a popular social network application that
allows users to share both their positive and negative opinions about everything, as well
as their day-to-day thoughts on life. As a result, this platform led to an increase in the
amount of data available on the web, due to which many researchers started showing
interest in this data for mining. This was aimed at enabling decision-making in different
fields and providing many techniques to increase efficiency in the use of this data.

One of these recent fields of study is known as sentiment analysis. It is the study of
people’s opinions and emotions around issues, events or topics [1]. Sentiment analysis
is defined as the process of computationally classifying opinions expressed in a piece of
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text as positive, negative, or neutral. This process can also be referred to as natural lan-
guage processing (NLP).

A lot of research was conducted to improve the performance and accuracy of senti-
ment analysis. The progress of sentiment analysis has passed through various stages. At
the beginning, sentiment analysis was performed using rule-based and statistical meth-
ods (unsupervised learning), which offered low accuracy and did not generalize well.
Then, supervised machine learning algorithms such as Naive Bayes and decision trees
were used to overcome the issues with traditional unsupervised methods [16], which
also provided improved accuracy results. In 2013, the introduction of deep learning
algorithms such as convolutional neural network (CNN) and long short-term memory
(LSTM) models advanced the field of sentiment analysis with improved results [18].
However, it was the introduction of transformers back in 2017, that contributed to the
achievement of the state-of-the-art accuracy for several natural language processing
tasks including sentiment analysis [36, 49]. Although these language model transform-
ers have shown impressive improvement in the sentiment analysis of text in the English
language [24—28]. However, only few research were conducted on using pre-trained lan-
guage models for the sentiment analysis of Arabic texts [29, 30]. The Arabic language is
complex in nature because of its rich morphological system. This nature, together with
the lack of its resources and less attention on Arabic, imposes challenges on the advance-
ment of Arabic sentiment analysis research [2].

In this paper, we conduct sentiment analysis to analyze and determine the polarity of
Arabic tweets, in which opinions are highly unstructured and are either positive, neutral,
or negative. Specifically, we aim to improve the performance and capabilities of Arabic
natural language processing (NLP) tasks through introducing an Arabic language model
by pre-training the state-of-the-art XLNet model on a large-scale Arabic corpus to pro-
duce the first XLNet-based language model in Arabic. We call this model AraXLNet.
Our goal is to demonstrate its use in improving the result accuracy of Arabic sentiment
analysis. Using benchmark datasets from the literature, the proposed model was found
to offer improved results in sentiment analysis task for the Arabic language.

The remainder of the paper is organized as follows: “Background” section provides a
chronological background about this area of research. “Methodology” section offers a
detailed overview of the methodology used in this paper. “Results” section outlines the
experiments and results. Then, in “Discussion” section, we discuss our results. Finally,
“Conclusion” section describes the conclusion.

Background

Sentiment analysis

In recent times, sentiment analysis has become an active research topic in the areas of
data mining and NLP that analyzes people’s opinions, sentiments, and emotions for
entities such as products, services, organizations, and events. Since the usage of social
media platforms is increasing day by day, they provide users with better capability to
easily exchange news, opinions, and ideas among each other. Consequently, the amount
of user-generated content attracted researchers’ interest who began analyzing and stud-
ying users’ posting behavior to discover useful information and make right decisions. In
terms of businesses, this allowed companies to promote their products, gather data, and
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analyze the opinions of their clients, leading to an improvement in the productivity of
the companies and enhancing their work. Furthermore, this also helped companies keep
in touch with their clients.

One of the important applications of analyzing user-generated content is sentiment
analysis. It refers to the analysis of people’s opinions, sentiments, and emotions towards
entities such as products, services, organizations, and events. The most common use of
sentiment analysis is classifying text into a binary class (positive or negative) or multi-
class (three or more classes). Moreover, sentiment analysis can be done on different
structural levels of the text, including the document, sentence, and word [34]. It aims
to determine the polarity of the text through sentences that evidently show whether the
reaction of the author is positive, negative, or neutral [1]. Many researchers have studied
the concept of sentiment analysis and tried to gain accurate results from the classifica-
tion of texts using different machine learning (ML) techniques [16—23] and pre-trained
universal language models [24—-28], which has achieved a great deal of success in the
English language. However, doing the same for text in Arabic is considered a challenge
by researchers because of the diversity in its terminology and grammar, apart from the
fact that there is only a small number of available resources and studies analyzing Ara-
bic texts. Furthermore, English sentiment analysis provides much better results since
there are more models for it, as compared to those available for Arabic. Indeed, only few
attempts have been made to create pre-trained language models for the sentiment analy-
sis of Arabic tweets (e.g., AraBERT and hULMonA) [29, 30].

Natural language processing methods
NLP is a branch of computer science that intends to facilitate communication between
machines and human beings. The main idea behind it is to create an automated environ-
ment to understand the human language and the meaning of certain utterances being
analyzed. NLP is very significant, as it makes a major impact on our daily lives. Senti-
ment analysis is one of the most popular applications that uses this subfield of NLP [32].
NLP employs various ML algorithms, which classify a given instance into a set of
discrete classes. Classification algorithms must be trained to work on a dataset by first
introducing them to a training set, which will then enable them to come up with a set
of rules that shall govern the algorithm. Hence, each instance (example) should be clas-
sified into one of the categories specified in the training phase. Most classification algo-
rithms originally only allow discrete input values, but they were developed to accept
inputs in any form, discrete or continuous. However, the output is always in the discrete
form. Decision tree, support vector machine (SVM), naive Bayes, and k-nearest neigh-
bors (KNN) are examples of classification algorithms that have showed reasonable accu-

racy and performance [7].

Decision trees

A decision tree is basically a graph that relays a branching method that projects every
possible outcome of a decision. It is one of the predictive modeling approaches used in
statistics, data mining and ML. The other names for decision tree models are classifica-
tion trees or regression trees [39]. Decision trees have many advantages: they are simple
to understand and interpret, require little data preparation, are capable of handling both
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numerical and categorical data, perform classification without much computation, and
can handle continuous and categorical variables. On the other hand, they are also unsta-
ble, complex, unwieldy, and costly in addition to posing analysis limitations, not being
suitable for the prediction of continuous attributes, and typically performing poorly with
many classes and small datasets [39].

Support vector machine (SVM)

SVM is a distinctive classifier formally defined by a separating hyperplane. In other
words, given labeled training data (supervised learning), which means that each of them
belongs to a specific class, the algorithm outputs an optimal hyperplane that classifies
new examples [40]. It is based on the idea of decision planes that define decision bound-
aries. A decision plane is the entity that separates a set of objects belonging to differ-
ent classes. SVM has shown empirically good performance with successful applications
in many fields, such as bioinformatics, medicine, and text and image recognition [39,
51-52]. For example, Al-Twairesh et al. [2] applied SVM to a large dataset of 2.2 million
Arabic tweets. They observed that the classification performance was highly affected by
the number of classes. Less performance was related to more classes, so they suggested
adding more instances for three-way and four-way classification models to improve their
performance.

Naive Bayes

The naive Bayes classifier basically depends on the independence assumption. It has
many properties. First, it reduces the parameter’s numbers. Second, in comparison to
the decision tree, it does not carry forward an explicit search during training. Third,
training it is a swift process and only requires a small amount of data so it can estimate
the parameters necessary for classification. Fourth, it is important to mention that the
naive Bayes classifier can handle both discreet and streaming data. Additionally, it has
proven to be effective in complex real-world situations [40]. For example, Hanhoon, Yoo,
and Han [16] applied a senti-lexicon-based naive Bayes algorithm to perform a senti-
ment analysis of restaurant reviews. Their proposed method reduced the gap between
the positive and negative prediction accuracy.

K-nearest neighbor (KNN)

KNN is a super classifier method. To provide some context, a classifier is a machine that
is able to predict a category (label or class) exactly like a number being conducted after
performing a function. KNN makes a prediction for a query based on numbers of the
closest neighbors in a given classified training set. The evaluation of distance or simi-
larity between observations (instances) is usually done by using usually the Euclidean
distance, the Minkowski distance or the Mahalanobis distance [39, 40]. In general,
KNN uses instance-based learning which means it uses historical data to evaluate new
instances. This methodology guarantees a low error rate that is no worse than the mini-
mum achievable error rate, given the distribution of the data. It is especially suitable for
a huge set of data that could approach infinity [40]. For example, Vidushi and Sodhi [17]
explained sentiment analysis as a process that extracts opinions and information from
the text, which works as a text classification problem. They extracted the data, applied
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the feature selection method, such as the chi-square method, and information gain
(the chi-square method was used to check variable dependency). Following this, they
assigned a score for each word based on its duplication in the document to check the
polarity of the word using the TF-IDF score-based approach. The last step in this study
was to apply the classifications technique, for which they used the naive Bayes algorithm
and KNN algorithm. They found that naive Bayes algorithm showed a better result than
the KNN algorithm.

Lexicon-based approach

The lexicon-based approach basically utilizes a sentiment dictionary with scored opin-
ion words and matches it with the data to define polarity. This technique is mainly used
for sentiment analysis [1]. It has two types: (1) The dictionary-based approach is based
on the manually annotated and collected terms that expand through the search of the
synonyms and antonyms on a dictionary such as WordNet. This approach cannot han-
dle context orientations and domain-specific information [37]. (2) The corpus-based
approach provides a dictionary related to a particular domain, which is formed by a set
of opinion terms. This set expands upon searching for the related words using statistical
and semantic techniques [37].

The main idea of the lexicon-based approach is to define the polarity of opinions based
on the used lexicon found in a text. This contracts with training a model with large data-
sets as done in deep learning, which is widely used and achieves better classification
accuracy when compared to the lexicon-based approach [37]. For example, Al-Twairesh
et al. [15] proposed a hybrid method that integrates the corpus-based approach with
the lexicon-based method for the sentiment analysis of Arabic tweets. They mention
that the use of sentiment lexicon features was the best way to enhance classification
performance. The idea is to obtain features from the text and then apply the corpus-
based method on the features to reach the best classification result. However, they pre-
sented three levels of classification: two-way classification (positive and negative), which
secures 69.9 as the best F1 score; three-way classification (positive, negative, and neu-
tral) with the F1 score of 61.63; and four-way classification (positive, negative, neutral,
and mixed) with the F1 score of 55.07.

Deep learning

Traditional ML algorithms, such as decision trees and SVMs, are not efficient when they
work with high dimensional data, unlike the deep learning that increase the benefit pro-
portionally to the amount of data [6, 8-10, 53, 56]. Additionally, traditional ML algo-
rithms require extracting the features manually from the input by providing the system
with the related features of the input to classify the output. On the other hand, in deep
learning, the related features are automatically extracted from the input data.

Deep learning consists of artificial neural networks (ANN) with many layers.
ANN s are computational techniques inspired by human central nervous systems that
are capable of ML and pattern recognition. They are usually presented as systems of
interconnected neurons that can compute values from inputs by feeding informa-
tion through the network. Further, the network consists of three or more neuron
layers [11]: The input layer consists of a collection of neurons set in one row, and the
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Fig. 1 Simple neural networks and deep networks [54]

nodes are assigned to a value in the input stage. The hidden layer (processing layer)
consists of a collection of neurons set in one or more rows according to the depth of
the process needed. Finally, the output layer consists of a collection of neurons fewer
than the previous layers. Moreover, there are two types of network architectures, as
shown in Fig. 1: single layers that consist of the input, output, and one hidden layer
(simple neural network), and multiple layers that consist of more than one hidden
layer (deep learning neural networks).

Training the network is done by feeding it large datasets and modifying the weight
for each neuron until the final result is similar to the real result. Training allows the
network to learn from the static data and determine the network weights. The most
famous type of training is the back propagation technique, which is a supervised
learning technique as the network is trained with an expected answer [38]. The per-
formance of the network must be tested after the training. The first signal is given
by the percentage of correct classifications of the training set. When the network
is tested with a set of similar data, which was not used during training, the perfor-
mance will be more relevant. In the test step, the input data is fed into the network
and the required values are compared to the network’s output values. Therefore,
the performance of the trained network will depend on the agreements or disagree-
ments of the results [11, 38].

For example, Reshma et al. [18] attempted to identify and classify the news as
either negative or positive. They focused on developing a system using ML and NLP
techniques. They used a document term matrix to represent the frequency of the
terms that occur in the news and applied the classification technique SVM. They
prepared the training data by using Valence Aware Dictionary and Sentiment Rea-
soner (VADER), which uses a library that offers the benefit of self-classifying the
sentiment without the necessity for any previous data. Moreover, they also used deep
learning algorithms to enhance system reliability and make a successful model that
efficiently handles the complexity. The neural network provided better results with
96% for the training accuracy and 85% for the testing accuracy. Wu et al. [55] pro-
posed a multiple-context-aware and cascade CNN structure for scene text detection.
Furthermore, Maha Heikal et al. [14] proposed a model to improve the accuracy of
Arabic sentiment analysis by combining convolutional neural network (CNN) and
long short-term memory (LSTM), which achieved an F1 score of 64.46% when it was
applied to 10,000 Arabic tweets.
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Fig. 2 Pre-training and fine-tunning procedures for BERT [26]

Language models

Language models refer to the reuse of a pre-trained model with pre-existing language
knowledge, which is called transfer learning. It is currently very popular, because it per-
forms better, faster, and requires rich data to train deep neural networks [36]. Transfer
learning with language models have recently shown to achieve the state-of-the-art accu-
racy for several NLP tasks [29, 36].

A language model is an algorithm for learning such a function, which estimates the
probability of the next word and provides context between similar words and phrases.
A deep neural network language model is based on neural networks that are pre-trained
on a web-scale unlabeled text dataset with a general-purpose training objective before
being fine-tuned on various downstream tasks [31]. Several language models have been
developed in literature for the English language.

Howard et al. [24] proposed universal language model fine-tuning (ULMFiT), which
was an efficient and successful transfer learning method used in NLP tasks. They found
that the proposed method works well on wide text classification tasks, reducing the error
rate by 18-24% on most datasets, and provides high performance. However, the ULM-
FiT model is useful for NLP of non-English languages as well as for tasks with a small
number of classified data. Moreover, they observed that deep learning models need to
be trained from scratch with a large dataset so they can achieve better results after many
NLP tasks.

Devlin et al. [26] explained the significance of deep bidirectional pre-training for
language representations that was used on the BERT model, which stands for Bidirec-
tional Encoder Representations from Transformers. BERT was the beginner model that
displayed advanced performance on a huge suite of sentence-level data. Furthermore,
BERT pre-trained text pairs using the next sentence prediction task on both the left and
right context. They found that BERT was simple, powerful, and successful in dealing
with many sets of NLP tasks. Figure 2 shows the pre-training and fine-tuning procedures
associated with BERT.

Liu et al. [25] presented a replication study of the BERT pre-training model called
RoBERTa (robustly optimized BERT approach), which simply outperforms the per-
formance of BERT methods. They trained the new model for a longer period with
big data using longer sequences, eliminating the predicted objective of the following
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Table 1 Comparison of XLNet with Bert and Roberta [28]

Model Method Accuracy (%) F1-Score
(SQuAD1.1)?
(%)
BERT Bidirectional transformer with masked language model MLM 72.0 90.9
and next sentence prediction NSP
RoBERTa BERT without NSP 83.2 94.6
XLNet Bidirectional transformer with permutation-based modeling 854 95.1

2SQuAD1.1 is a large-scale dataset contains questions and answer

sentence, and powerfully changing the masking pattern connected to the training
data. They found that the performance was improved by using RoBERTa and not
BERT. Moreover, Lan et al. [27] discussed the difficulties of using the BERT model
which are related to the increase in the model size that affects the graphics process-
ing unit (GPU) and tensor processing unit (TPU) memory and leads to a longer
training time. They presented a solution that worked on minimizing memory usage
and enhancing the training speed by using fewer parameter reduction techniques.
The designed architecture called A Lite BERT (ALBERT) was scaled better than the
original BERT and provided better results. However, ALBERT used two-parameter
reduction techniques that improved performance. The first one, broke down the
large vocabulary matrix into two small matrices. The second technique inhibited the
parameter from expanding. Additionally, ALBERT is more expensive because of the
higher structure architecture.

Yang et al. [28] proposed a new pre-training model that outperforms BERT on
many tasks called XLNet. They mentioned that BERT overlooked dependency among
the masked positions, as well as it faced some problem from a pretrain-finetune
discrepancy. Accordingly, they added bi-directional context to the autoregressive
Transformer-XL model architecture to build the XLNet model. They also applied a
permutation language modeling objective to integrate the benefit of autoregressive
(AR) language modeling and autoencoding (AE), which are the most effective pre-
training methods. However, XLNet achieved significant improvement over previous

pre-training objectives on several tasks. This includes the following:

+ XLNet increases the predicted log-likelihood of a sequence by using permutation
operation, which taught each position to allow the usage of contextual informa-
tion from whole positions. It identifies online databases that include many of the
studies related to emotion detection and prediction in online social networks.

«+ It improves the performance of many tasks that have a large text sequence by
combining Transformer-XL with pre-training (Transformer-X consists of the seg-
ment recurrence mechanism and relative encoding scheme).

+ It does not suffer from data corruption and pretrain-finetune discrepancy.

+ It enhances the architecture designs for pre-training.

» It achieves high accuracy results when compared with other models as demon-
strated in Table 1.
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Table 2 Comparison between hULMonA and AraBERT [29, 30]

Dataset hULMonA (%) AraBERT v0.1/v1 (%)
BERT 95.7-95.7 96.2/96.1
RoBERTa 67.7-69.9 92.2/92.6
XLNet 51.1-524 58.9/59.4

However, for the Arabic language, only a few attempts have been made to construct
pre-trained LMs in Arabic. Arabic is the fourth most used language on the internet
with 400 million speakers in 22 different countries. Arabic language has a complex
nature because of its rich morphology and different dialects. In addition, it is a rich
language written from right to left without capitalization and each character’s shape
changes according to its position in the word. The original BERT has a multilingual
model (mBERT) that was trained simultaneously on Wikipedia dumps for 100 languages
including Arabic. Other than that, there are only two documented attempts to construct
Arabic LMs.

The first attempt for constructing a single LM in Arabic was hULMonA designed by
Obeida ElJundi et al. [29]. They developed the first universal language model in Arabic,
which was used for Arabic classification tasks. They found that hULMonA performed
well with several Arabic datasets and obtained the new state-of-the-art outcome in
Arabic sentiment analysis. The second attempt invovled AraBERT designed by Wis-
sam Antoun et al. [30], who developed a model that pre-trained BERT for the Arabic
language. They found AraBERT gave advanced results on many downstream tasks for
the Arabic language, such as the sentiment analysis method named entity recognition
and the question-answering tasks. AraBERT is 300 MB smaller than the original BERT
and exhibited higher performance results when compared with mBERT. Table 2 displays
the comparison of results (F1-Accuracy) obtained using hULMonA and AraBERT from
the sentiment analysis task. In fact, AraBERT performs well for different Arabic dia-
lects/accents within the Arabic language across various countries. Hence, the results in
Table 2 reveal that for Arabic sentiment analysis, both versions of AraBERT outperform
hULMonA on most tested datasets and achieved better results.

However, the aforementioned XLNet has achieved state-of-the-art results in diverse
NLP tasks in English [28]. We hypothesize that the same success can be achieved for
Arabic that will outperform the previous two models in classifying Arabic text (hUL-
MonA and AraBERT), which were formerly known to achieve more accurate results. We
aim to support the hypothesis by developing a model based on XLNet to classify Arabic
tweets.

Methodology

In recent days, online social networks such as Twitter have become a popular plat-
form for different users to express their opinions and ideas without limitations. As of
the first quarter of 2019, Twitter averaged 330 million monthly active users with 500
million tweets being sent per day [3, 5]. The prospect of collecting and analyzing this
data attracted many researchers in text mining and the NLP field [4, 12, 13]. Twitter
provides access to the massive amounts of available data through Twitter application
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programming interfaces (APIs). Recently, there have been many studies that addressed
sentiment analysis in Arabic by using traditional machine learning, however, only few
studies utilized deep learning approaches. As discussed earlier, deep learning algorithms
were more efficient than machine learning algorithms with high dimensional data;
they also provided better prediction accuracy. Moreover, deep learning automatically
extracted the features from the input, while machine learning was manually extracted
[6, 8]. Therefore, in this paper, we propose an Arabic language model based on deep
learning (neural network), and we call it AraXLNet. It identifies the sentiment of Arabic
textual data. The proposed model is based on pre-training the state-of-the-art XLNet
language model using an Arabic dataset. According to our knowledge, no previous study
has attempted reaching this particular objective. In the next section, we present the
XLNet language model, followed by our proposed model.

XLNet Language Model

These days, pre-training deep neural networks on a large-scale dataset is very popu-
lar, because it performs better, faster, and achieves high accuracy for several NLP tasks
[36]. One of the new pre-training models is XLNet, which is based on a generalized
permutation language modeling objective. XLNet was developed by Carnegie Mellon
University and Google researchers in 2019 [28]. It was designed to find a solution for
the drawback of the autoencoding method used by BERT and other popular language
models [28]. Accordingly, they applied a permutation language modeling objective to
integrate the benefit of autoregressive (AR) and autoencoding (AE) language modeling
and also to achieve significant improvement of many pre-training models on several
tasks [28]. However, we compared BERT and XLNet for language pre-training. Given
a text sequence Xx=I[Xy,..., Xp], BERT performs pre-training based on denoising auto-
encoding.x : &: corrupted version (by setting a portion of tokens in x to a special symbol
[MASK]), x x: the masked tokens. The training objective is to reconstruct x % from % x:

T

T
max log 0 (Tclk\) ~ Z my log po (x¢|%) = Z my log
-1 t—1

exp (H9 (a?)tTe(xt))
> €xp (H@ (%) tTe(x’))

(1)

where m =1 indicates x, is masked, Hgpy,: Transformer that maps a length-T text
sequence x into a sequence of hidden vectors Hg(x) = [Hg(x);; Hg(X); -...; Hg(x)1]-

In comparison, XLNet is based on the permutation language modeling objective. T:
the length of sequence x, Z;: the set of all possible permutations, z, and z<t denote the
t-th element and the first t-1 elements of a permutation z €€ Z. [28].

T
E, ~ 1 0 <
max E; ~ 27 [Z og pO (xzt |z, t)‘| ()

t—1

When comparing Eq. 1 and Eq. 2, we observed that BERT is based on an independence
assumption unlike XLNet, which naturally avoids the independence assumption. BERT
suffers from pre-train finetune discrepancy due to input noise ([MASK]), which never
happens in downstream tasks. On the other hand, XLNet does not suffer from this issue,
because it is not dependent on any input corruption [28]. To clarify the difference, let us
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Table 3 Comparison between BERT and XLNet [28]

Dataset BERT (%) XLNet (%)
SQIAD1.1 928 94.0
SQUAD2.0 855 87.8
RACE 751 774
MNLI 87.3 884
QNLI 93.0 939
QQpP 914 91.8
RTE 74.0 944

consider a simple example [New, Zealand, is, a, country], where the [New, Zealand] is
the predicted target. BERT and XLNet will reduce the following objectives:

OBERT = logp(New|is country) + logp (Zealand|is a country)
OperT = log p(New!|is country) + log p (Zealand|New, is a country)

Now, notice that the XLNet is capable of finding the dependency between two tokens
[New, Zealand], which BERT is unable to. Furthermore, XLNet allows for different fac-
torization orders, which will assist the model to learn and collect information from all
positions on both forward and backward sides as described in Fig. 3.

Therefore, XLNet, with its features to permutate language modeling and specify cap-
ture bidirectional contexts, outperformed BERT on different NLP tasks and performed
a new state-of-the-art model. Table 3 shows a comparison between the two models with
several different dataset [28].

Arabic Specific XLNet Model: AraXLNet
Transfer learning involves reusing of a pre-trained model that has some language knowl-
edge already. It is currently very popular because it performs better and faster than all

Page 11 of 21
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the other approaches on NLP problems [29, 36]. In this paper, we propose an XLNet-
based model for Arabic, which we call AraXLNet and consists of three main steps: (1)
Pre-training the state-of-the-art language model (XLNet) on large collected Arabic data-
sets that do not require annotations; (2) Fine-tuning the pre-trained language model
(AraXLNet) on annotated Twitter Arabic dataset for sentiment analysis, where the
tweets are manually annotated as either positive, negative, or natural; (3) Adding a clas-
sification layer on top of the fine-tuned AraXLNet language model for the aim of senti-
ment classification.

Pre-training and fine-tuning datasets

In order to pre-train our model, we collected a large Arabic corpus that is publicly avail-
able for researchers. This dataset (outlined below) contained 60,667,300 sentences from
different corpora:

OpenSubtitles' provides access to a corpus of textual data available in 65 languages.
This dataset is pre-formatted, making one sentence appear per line, and does not require
any complex pre-processing, unlike more commonly used text datasets such as Wikipe-
dia. The Arabic corpus from this dataset contains 60 million different sentences.

HARD (Hotel Arabic Reviews Dataset) contains 93,700 hotel reviews collected from
Booking.com website. It contains both modern standard and dialectal Arabic reviews
[45].

LABR (Large-Scale Arabic Book Reviews) includes 63,000 book reviews written in
Arabic and collected from the website Goodreads.com. It is considered one of the largest
Arabic sentiment datasets [46].

BRAD (Books Reviews in Arabic Dataset) contains 510,600 book reviews in modern
standard and dialectal Arabic that collected from GoodReads.com. This dataset is an
extension of LABR [47].

After pre-training the model and producing AraXLNet, we use fine-tuning datasets,
which are annotated Twitter Arabic datasets for sentiment analysis, on the pre-trained
language model (AtraXLNet). Specifically, we use four different annotated benchmark
Twitter datasets:

AraSenTi is comprised of Arabic tweets for sentiment analysis; they are written in the
Saudi dialect and modern standard Arabic. The dataset contains 17,573 tweets labelled
with four classes: positive, negative, neutral and mixed. It is considered one of the largest
annotated datasets of Saudi tweets [2].

SemEval is a training and testing dataset used for the SemEval-2017 Task of senti-
ment analysis on Twitter. It classifies whether the sentiment of the message is of positive,
negative, or neutral. It contains more than 70,000 tweets in Arabic and English, which is
available for researchers [41].

AJGT (Arabic Jordanian General Tweets) contains 1,800 tweets that are manually
annotated as either positive or negative. The tweets are formulated in the Jordanian dia-
lect [48].

! https://www.opensubtitles.org/ar.
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ASTD? (Arabic sentiment tweets dataset) contains over 10,000 entries. This dataset is
labelled with four classes: neutral, negative, positive, and mixed.

Data pre-processing

Before feeding the data into the model to be built, the data must be cleaned. Data clean-
ing can be performed by removing URLs, hashtags tags (#), mention (@), numbers,
non-Arabic words, and any irrelevant parts of the collected tweets. However, the Ara-
bic language has a complex nature and structure, where each word can have different
shapes and share the same meaning. This is mainly due to the rich morphology of Ara-
bic [33]. To handle this issue, first, we segmented the words using Farasa segmentation
module. Then, we used the SentencePiece tokenizer that XLNet requires for data input.
The Farasa segmentation module is a more accurate and fast text processing toolkit
for Arabic text and outperforms many state-of-the-art for many Arabic segmenters
[44]. Additionally, Farasa is built on SVM-rank with linear kernels that uses a variety
of lexicons, features, and vocabulary items to rank possible word segmentations. The
XLNet model requires a special format to be applied on the data. The first one is called
[CLS], which will be added at the beginning of every sentence and the second one is
called [SEP], which will be added at the end of every sentence. XLNet uses the Senten-
cePiece tokenizer to perform sub-word tokenization and directly convert the text into
an ID sequence [28]. SentencePiece is an open-source text tokenizer and detokenizer
essentially for neural network-based text processing systems that predetermine the
vocabulary size before training the model. By implementing that, we are benefited by
designing a model without having any concern of language-specific resources [35]. The
pre-processing stage for the pre-training data takes into consideration the complexities
of the Arabic language. Therefore, it will aid the model to function better by reducing the
required vocabulary size by excluding unnecessary redundant tokens in order to reduce
the language complexity [30].

Model Pre-Training

To capture the different properties of a language, we first constructed a large-scale Ara-
bic language model (AraXLNet) by pre-training the state-of-the-art language model
(XLNet) on large collected Arabic datasets that do not require annotation, after pre-pro-
cessing our datasets in the previous step. We chose to train the model from scratch as
opposed to training it from an existing model or checkpoint by setting init_checkpoint
to none. We ran the training script using train.py, where model_dir is the output direc-
tory for the pre-trained model and record_info_dir defines the input TFRecords file of
our dataset. Further, we set train_batch_size to 32, which is convenient with the TPU
platform in which GPU is better to decrease the train_batch_size and increase num_
core_per_host. After the training finishes, we used pytorch® transformers (transfomer-
cli) to change this Tensorflow* model to pytorch model in order to fine-tune our model

2 http://www.mohamedaly.info/datasets/astd.
3 https://pytorch.org.

* https://www.tensorflow.org/.
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with sentiment analysis. The output of this part is the extracted word embeddings which

are the distributional representations of each word in the designed corpus.

Model fine tuning

Most social media platforms and Arabic datasets contain dialects. Dialects have no
standards or a codified form and are influenced by region-specific slang [33]. Thus, fine-
tuning the pre-trained general domain AraXLNet on the downstream task with anno-
tated data was completed to adapt it to the new textual features. For this task, we first
modified our pre-trained model to give outputs for classification; then, we trained the
model on the annotated Twitter dataset until that the entire model was well-suited for
sentiment classification. The Pytorch library included a set of interfaces designed for
a variety of NLP tasks. However, these interfaces were embedded on top of a trained
model, where each interface is designed to support a specific NLP task. We used XLNet-
For-Sequence Classification that took our trained model as a parameter with a single
linear layer added on top for classification. Therefore, our pre-trained model and the
additional untrained classification layer with the input annotated Twitter data were
trained together on our specific task. So, the final result was the fine-tuned AraXLNet
for sentiment analysis.

The input arrays on AraXLNet requires to be of the same size. We operated this by
assigning maximum sentence length to be equal to (128) then padding and truncating
the inputs until each input sequence length were the same (all become of length MAX_
LEN) using the available Python function called pad_sequences that takes the truncating
and padding as parameters, and assigning them to the "post" value, which will force the
padding and truncating to be at the end of the sequence and not at the beginning. We
performed the training loop by following the following steps: (1) We set the model in
train mode and computede gradients, (2) unpacked the data inputs, (3) loaded the data
onto the GPU for more acceleration, (4) flushed the gradients calculated in the previous
step (in pytorch the gradients are cleared by default), (5) started the forward pass that
fed the input data through the network, (6) commenced the backward pass that moved
backward to the end to compute the late start, (7) reported for the network to update
parameters using optimizer.step(), (8) and finally, monitored the training progress by
tracking variables.

Implementation tools

We used Python in the Google Colab® environment, which is a cloud service provided
by Alphabet Inc. The environment is used to write and implement deep learning algo-
rithms in Python. In addition, Colab provides access to faster cloud tensor processing
unites (TPU) systems produced by Google for the purpose of accelerating operations.
Each TPU packs up to 180 teraflops with high-bandwidth memory onto a single board.
Accordingly, Colab Pro was used in this paper which provided high memory virtual
machines (VMs) that double the memory of standard Colab VMs. Additionally, it pro-
vides access to cloud TPUs for up to 24 h. In order to prepare our training environment,

> https://colab.research.google.com/.
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we used the Google Cloud Storage bucket® for the persistent storage of our training data
and model. It provides flexible, scalable, durable, and high-bandwidth storage as well as
allows read and write files to be stored on Cloud Storage buckets from Google Colab.

Evaluation matrices

In order to evaluate the fine-tuned model and determine if the classifiers are accurate in
capturing and predicting a pattern, we needed to assess the performance of the model.
A confusion matrix was used as an indicator for the accuracy of the classifier results, in
order to help to obtain a better analysis result. In general, this matrix was about measur-
ing the learning algorithm accuracy on a test/labeled dataset. The positive class was“yes”
and negative class was“no’, where P denotes the number of positive classes and N the
number of negative classes. Additionally, there were different terms that are used in the

confusion matrix which were as follows [42]:

« True positives (TP) refer to correct classifications labeled “positive”.

+ True negatives (TN) refer to correct classifications labeled negative “labeled”

« False positives (FP) refer to incorrect classifications where the outcome is the pre-
dicted class “yes’, but the actual class is “no”.

« False negatives (FN) refer to incorrect classifications where the outcome is the pre-
dicted class “no’, but the actual class is “yes”.

« Moreover, from the confusion matrices we computed a list of rates such as the fol-
lowing [43]:

+ Precision identifies the success degree of the classifiers in correctly predicting the
number of labeling dataset and the total number of labels in the test dataset that were

correctly predicted as positives.

Precision = TP/TP+FP

— Recall shows the success degree of the classifiers in correctly predicting a number
“ratio” of true positive-labeled dataset and a total number of positives and negative
labels in a test dataset.

Recall = TP/TP+FN

— F1-score is a collection of the precision and the recall, that gives the total overview of

the measured performance of the classifier.
F1-score = 2*(Recall * Precision) / (Recall + Precision)
— Support shows the number of the true response samples of the class in the dataset.

— Accuracy describes the degree of how the classifier classified and predicted docu-
ments correctly from the total number of all documents in a testing set.

Accuracy = TP4+TN/TP+FP+FN+TN

— Weighted avg calculates the precision of all classes merged together.

© https://cloud.google.com/.
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Table 4 Experiment 1 with AraSenTi dataset

Precision Recall F1-Score Support
0 0.95 0.96 0.95 1230
1 0.95 0.94 0.94 993
Accuracy - - 0.95 2223
Macro Avg 0.95 0.95 0.95 2223
Weighted Avg 095 095 095 2223
Table 5 Experiment 1 with ASTD dataset

Precision Recall F1-Score Support
0 092 1.00 0.96 347
1 1.00 0.67 0.80 148
Accuracy - - 0.93 495
Macro Avg 0.96 0383 0.88 495
Weighted Avg 0.94 093 0.93 495
Table 6 Experiment 1 with SemEval dataset

Precision Recall F1-Score Support
0 0.85 0.90 0.88 808
1 087 0.81 0.84 647
Accuracy - - 0.86 1455
Macro Avg 0.86 0.85 0.86 1455
Weighted Avg 0.86 0.86 0.86 1455
Table 7 Experiment 1 with AJGT dataset

Precision Recall F1-Score Support
0 0.94 0.85 0.89 190
1 0.79 092 0.85 170
Accuracy - - 0.88 360
Macro Avg 0.87 0.88 0.87 360
Weighted Avg 0.88 0.88 0.88 360

Weighted average = (TP of class 0 + TP of class 1)/(total number of class 0 + total

number of class 1)

— Macro avg computes the average precision, recall, and F1 of all classes.

Results

In this section, we assess our proposed model to identify sentiments in Arabic tweets
and present the test results of our classification experiment. We conducted several
experiments and observed the performance of each one in order to determine the best
approach based on the results. The following subsections present the results and outline
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Table 8 Experiment 2 with AraSenTi dataset
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Precision Recall F1-Score Support
0 0.96 091 0.94 1230
1 0.89 0.96 0.93 993
Accuracy - - 0.93 2223
Macro Avg 0.93 0.93 0.93 2223
Weighted Avg 093 093 093 2223
Table 9 Experiment 2 with ASTD dataset

Precision Recall F1-Score Support
0 087 1.00 093 347
1 1.00 033 0.50 148
Accuracy - - 0.88 495
Macro Avg 0.93 0.67 0.71 495
Weighted Avg 0.89 0.88 0.85 495
Table 10 Experiment 2 with SemEval dataset

Precision Recall F1-Score Support
0 0.87 0.84 0.86 852
1 0.79 083 0.81 603
Accuracy - - 0.84 1455
Macro Avg 0.83 0.83 0.83 1455
Weighted Avg 0.84 0.84 0.84 1455
Table 11 Experiment 2 with AJGT dataset

Precision Recall F1-Score Support
0 0.82 0.88 0.85 190
1 0.87 0.81 0.84 170
Accuracy - - 0.84 360
Macro Avg 0.85 0.84 0.84 360
Weighted Avg 0.85 0.84 0.84 360

the performances of AraXLNet with AraSenTi, ASTD, SemEval, and AJGT datasets for

both with and without Farasa.

Experiment 1 (AraXLNet with Farasa)

In this experiment, we aimed to examine and compare the performance of AraXL-

Net that pre-trained on the collected dataset and pre-processed it using Farasa. The
results for AraSenTi, ASTD, SemEval, and AJGT datasets are shown in Tables 4, 5,
6, and 7, respectively. The results shows an F1-Score that equals 0.95 for AraSenTi
dataset, 0.93 for ASTD dataset, 0.86 for SemEval dataset, and 0.88 for AJGT dataset.
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Table 12 AraXLNet compared with AraBERT and SVM

Model AraSenTi (%) ASTD (%) SemEval (%) AJGT (%)
AraXLNet with Farasa 94.78 93.01 85.77 8843
AraXLNet without Farasa 93.07 88.03 83.64 84.33
AraBERT 84.65 92.13 85.05 91.94
SVM 63.21 69.49 81.08 81.94

Experiment 2 (AraXLNet without Farasa)

In this experiment, we aimed to examine and compare the performance of AraXLNet
that pre-trained on the collected dataset and pre-processed it without using Farasa. The
results for AraSenTi, ASTD, SemEval, and AJGT datasets are shown in Tables 8, 9, 10,
and 11, respectively. The results shows an F1-Score that equals 0.93 for AraSenTi data-
set, 0.88 for ASTD dataset, 0.84 for SemEval dataset, and 0.84 for AJGT dataset.

Discussion
Based on the previous experiment results, we found that AraXLNet with the Farasa seg-
menter achieved better results on the sentiment analysis of Arabic tweets compared to
the second AraXLNet model that did not use Farasa during the pre-processing stage of
the dataset. As a baseline, we compared the performance of AraXLNet with the sec-
ond version of AraBERTv1 that used the Farasa segmenter, and with the support vector
machines (SVM), which is considered an effective classifier for classification and regres-
sion tasks for text mining [39]. The results of the conducted experiments showed that
the developed AraXLNet with Farasa segmenter achieved state-of-the-art results on
most of the datasets containing Arabic sentimental and outperformed both AraBERT
and SVM. Table 12 shows the results of applying AraXLNet to the Arabic sentiment
analysis compared to the AraBERT model and SVM using multiple benchmark datasets.
As a consequence, AraXLNet with Farasa achieved great performance with reference
to the sentiment analysis task using benchmark datasets. This good performance has
three explanations. First, the pre-processing techniques used with the pre-training data
took into consideration the complexities of the Arabic language. Second, the use of a
large Arabic vocabulary size (64 K) to develop AraXLNet has a major role to play in its
success. Third, the permutation operation that XLNet used was also of major signifi-
cance; this taught each position to allow the use of contextual information from whole
positions, so we made full use of the bidirectional context. Moreover, we found that the
model performance can be significantly improved by training it for a longer period of
time with more data spread over bigger batches.

Conclusion

As technology improves and the number of its users increases, there will be an
increase in the amount of data being stored. Consequently, there is a need to improve
NLP and text mining techniques to interpret data and extract interesting pat-
terns from it. Recently, language models have shown great results in promoting the
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accuracy of text classification in English. These models were pre-trained on a large
dataset and then fine-tuned on the downstream tasks. For example, XLNet model was
found to outperform BERT on many downstream tasks such as sentiment analysis in
English. However, only few research were conducted on using pre-trained language
models for the sentiment analysis of Arabic texts. Furthermore, the Arabic language
has a complex nature because of its rich morpho-logical system. Considering its
nature, the lack of resources, and the less attention that is paid to Arabic, Arabic sen-
timent analysis research is beset with challenges.

In this paper, we hypothesized that such parallel success of English sentiment analy-
sis can be achieved in Arabic. The paper aimed to support this hypothesis by pre-
training an XLNet-based language model with a large-scale Arabic dataset, and then
fine-tuning the pre-trained AraXLNet on different Twitter benchmark datasets. The
results showed that the proposed model, AraXLNet, with Farasa segmenter achieved
an accuracy results of 94.78%, 93.01%, and 85.77% in sentiment analysis task for Ara-
bic using multiple benchmark datasets, and outperforming AraBERT that obtained
84.65%, 92.13%, and 85.05% on the same datasets, respectively. The improved accu-
racy of the proposed model was evident using multiple benchmark datasets, thus
offering advanced improvement in the Arabic text classification tasks. This research
demonstrated AraXLNet use in Arabic sentiment analysis in order to improve the
prediction accuracy of such tasks in Arabic. We showed that the performance of
AraXLNet with Farasa achieved success with reference to the datasets of all the tested
Arabic tweets meant for sentiment analysis. This stands true compared to the latest
research on AraBERT models and to an SVM algorithm baseline. In future research,
the developed AraXLNet, could be fine-tuned to improve its overall performance of

the sentiment analysis of Arabic texts.
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