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User opinions and feedback about mobile applications are significant sources of in-
formation for application developers. These reviews provide valuable details from the
users about the applications such as bugs, most liked features, and enhancement re-
quests. The massive number of reviews for each application makes it infeasible for
developers to manually extract useful information from these app reviews. Automatic
classification and sentiment analysis of app reviews will help developers to better
explore and analyze users’ opinions about their applications. FExisting research has
investigated various techniques and approaches for app review analysis but they have
mostly considered app reviews written in the English language. Due to the widespread
use of Arabic, its complexity, and variations from English, our thesis addresses sen-
timent analysis and classification of app reviews written in the Arabic language. To

accomplish that, we developed our own datasets of Arabic app reviews as there are no
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publicly available datasets. Our datasets contain two subsets, one including approxi-
mately 30k labeled app reviews for sentiment analysis, and the other contains almost
3k reviews that are labeled for classification of Arabic app reviews. Using our datasets,
we employed machine learning, deep learning and natural language processing (NLP)
techniques to analyze the sentiments of Arabic app reviews. Leveraging a bidirectional
gated recurrent unit (Bi-GRU) classifier, we achieved an F1-score of 0.87 on the sen-
timent analysis task, and recorded an F1-score of 0.60 on a four-class classification

problem. Based on the analysis of our results, interesting conclusions and future work

are presented.
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CHAPTER 1

INTRODUCTION

Smartphones are becoming prevalent worldwide, as well as developing software
applications (Apps) for these devices [2]. The number of smartphone users has
increased from 2.5 billion to 3.2 billion from 2016 until 2019 and is expected to grow
in the coming years [3]. Those users, in their day-to-day life, are dealing with apps
that they download from distribution platforms (Application Stores), such as Apple’s
App Store and Google’s Play Store. As per a recent statistic [4], the number of
available apps in the first quarter of 2020 was 2.56 million in Google’s Play Store and
1.85 million in Apple’s App Store. With this enormous number of apps, developers
should enhance their applications, i.e., fixing bugs and adding new features requested
by users; otherwise, users might move out and download alternative apps.

Application stores can be used as a communication channel between users and
developers. Users can rate the app on a scale of one to five (Star Rating), and they
can write an App Review: textual feedback about their experience with the app. On
the other hand, developers, in their applications, can ask users to rate the app and

write a review about it. Additionally, they can view users’ ratings and reviews about
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Figure 1.1: Examples of app reviews from Google Play and Apple’s App Store.

their apps and respond to any review. This interactive channel can greatly help
developers improve and maintain their applications to satisfy users’ needs. Figure 1.1
describes two examples of app reviews from both application stores, Google’s Play
Store and Apple’s app store. In red, the average star rating for the app is highlighted,
as well as examples of app reviews with its associated star rating.

App reviews are considered a rich source of information for app developers because
they might include bug reports, feature requests, Ul or UX issues. Usually, app
reviews with their associated star ratings reflect the satisfaction level of app users,
which is valuable for app developers to maintain customers and their needs. Although
reviews sound like a straightforward source of information for developers, some
reviews are irrelevant and useless for app development [5]. Another challenge is

the massive number of reviews per app. For example, in Apple’s App Store, there



are approximately 23 million reviews only for the Instagram app [6] and over 90
thousand reviews for the Tawakkalna app (a COVID-19 app in Saudi Arabia, that
was launched in April 2020 [7]). As a result, it is almost impossible to manually
read and analyze app reviews to extract useful data especially with a large volume
of reviews. To solve this problem, researchers have suggested automatic approaches
for the analysis and classification of app reviews using natural language processing
(NLP) and machine learning techniques [8], [9], [10], [11], [12], [13].

One research direction regarding app reviews is sentiment analysis of app reviews,
which can be described as the process of assigning a quantitative value to the text
of an app review [13]. This value reflects the mood or emotion of the author (app
user), and it has one of the following values: positive, negative, or neutral. Table
1.1 presents examples of app reviews and their associated sentiments in both English

and Arabic. Sentiments of user feedback are beneficial for developers to measure the

Table 1.1: Examples of app reviews and sentiments in English and Arabic languages.

Review Text Sentiment | Language
Aelyedl oo 53 Jgols Loty Jus jlses | Positive Arabic
Mo - ¢ o | Negative Arabic
oyl ze C\.’:}g s b &) &> | Neutral Arabic
Nice and very useful application. Positive English
This game is a waste. Don’t download it. Negative English
It is not easy to play with but I like it. Neutral English

satisfaction level of users about their apps. Researchers have also used sentiment
while exploring and analyzing app reviews. Hoon et al. [14] manually extracted the
sentiments of app reviews to test the alignment between review text and its associated

star rating. Liang et al. [15] proposed a sentiment analysis approach to examine



the influence of sentiments on app sales. Guzman and Maalej [13] extracted app
features from app reviews and then assigned a sentiment value for each feature. Their
proposed work was then extended by Guzman et al. [16] to provide app developers
with a feature-based information retrieval system, where developers can search for a
specific feature and explore users’ sentiments and opinions about that feature.

Another research direction regarding app reviews is app review classification, where
app reviews are classified into different categories based on the topic discussed in
each review. Studies usually define their taxonomy of app review categories as a
first step toward classifying app reviews. For example, Maalej and Nabil [17] defined
the following four categories of app reviews: bug reports, feature requests, wuser
experiences, and ratings. Samples of app reviews classified into different categories
are presented in Table 1.2 and Table 1.3. Arabic app reviews were extracted from
our labeled dataset, and English app reviews were extracted from Maalej’s dataset

[17]. Classification of app reviews is performed after defining a set of categories for

Table 1.2: Examples of classifying Arabic app reviews into different categories.
Review Text Category

Lt e fos o8] LY 5ol | Bug Report
) 5l S gl G»L;JJ\ Bug Report
gl Joe Oligusd) e Cb"'“’ Improvement Request
g ) Al fgdas 6,‘,5? Improvement Request
il C’w sl A C’\J o> | Rating
Lgsbdm LoDy Leall oS (oM Y) o &alll wa S | Rating
L ll il o il i @saalls WIS e | Others
o gl o3y W cad Lo Sa b iy U1 | Others

app reviews or by using a predefined set of categories used in previous literature. For

example, Oh et al. [18] defined three categories for app reviews: functional bug, func-



Table 1.3: Examples of classifying English app reviews into different categories.

Review Text Category

It says error to collect calls, it needs to be fixed. Bug Report
Won’t open. Keeps timing out. Bug Report
The app just needs a more accessible speaker button. Feature Request
Please add support for animated GIFs! Feature Request

I use this app to explore back roads, I recommend reading

Exbori
the users guide. User Experience

This app has helped me control my phones battery usage. User Experience
Good app I really like the functionality and flexibility. Rating
Worst app, do not download it. Rating

tional demand, and nonfunctional request. A different categorization was introduced
by Panichella et al. [11], including information seeking, information giving, feature
request, problem discovery, and others category. In the literature, classification of
app reviews was performed either manually or automatically. Automatic approaches
include rule-based and machine learning-based approaches. Manual analysis and
classification of app reviews have been performed by Ha et al. [10]. They classified
app reviews into 18 different topics and 37 subtopics. Pagano and Maalej [12]
manually classified app reviews into 17 topics, and then topics were grouped into
4 themes. Regarding rule-based approaches, Maalej and Nabil [17] classified app
reviews using string matching techniques to search for keywords in app reviews. They
manually defined a set of keywords for each app review category that will be used
in their string matching algorithm. For example, the keywords crash, issue, and fix
are indicators for the bug report category, and the keywords please, add, and need
are related to the feature request category. Different machine learning approaches
have been utilized to automatically classify app reviews. For example, Oh et al.

[18] utilized the support vector machines (SVM) algorithm, while Gu and Kim [19]



used a maximum-entropy (MaxEnt) classifier in a multi-class classification problem.
Panichella et al. [11] compared the classification performance of five machine learning
approaches, naive bayes (NB), logistic regression (LR), support vector machines
(SVM), and two variations of the decision tree (DT) algorithm. Maalej and Nabil
[17] also evaluated the performance of three machine learning algorithms. However,
they tackled the classification of app reviews as a binary classification problem and
a multiclass classification problem. They compared the performance of the proposed
machine learning algorithms using both approaches. A recent study by Aslam et
al. [20] proposed an approach based on convolutional neural network (CNN) for
classifying app reviews. Their approach outperformed the state-of-the-art approaches
in the classification of app reviews. In this research, we are going to utilize deep

learning to classify app reviews into predefined set of categories.

1.1 Research Motivation

To the best of our knowledge, most of the previous studies considered app re-
views written in English. The Arabic language is spoken by approximately 275
million people worldwide, making it the sixth most spoken language worldwide
in 2021 [21]. In addition, as of January 2020, Arabic was the fourth most used
language on the internet, with more than 5% of internet users in the world [22].
Existing research has already explored sentiment analysis and related techniques

for opinion mining in the Arabic language including different domains such as



book reviews [23], hotel reviews [24], and movie reviews [25]. Recently, opinion
mining of mobile application reviews in Arabic has gained considerable interest
from the research community. Areed et al. [26] proposed a lexicon-based approach
to analyze the sentiments of Arabic app reviews. They first extract aspects from
each review, and then a sentiment is extracted for each aspect. Finally, aspects
and their corresponding sentiments are aggregated and summarized. Chader et
al. [1] proposed two approaches for sentiment analysis of Arabic app reviews, a
lexicon-based and a machine learning one. In their machine learning approach, they
compared different algorithms, support vector machine (SVM), naive bayes (NB),

k-nearest neighbors (KNN), artificial neural networks (ANN) and decision trees (DT).

Another motivation is that opinion mining of user reviews has been discussed
and explored by the research community in different domains including Book Reviews
(goodreads website [27]), Hotel Reviews (Booking.com website [28]), Product Reviews
(Amazon website [29]), Movie Reviews (IMDb website [30]), and App reviews (mainly
from Google Play and App Store). User reviews of each domain have their own char-
acteristics in terms of review length, vocabularies used, etc. Additionally, analyzing
reviews of each domain has different challenges and opportunities.

Another challenge is related to the size of labeled datasets. Deep learning techniques
perform better with large labeled datasets [31]. The problem can be attributed to the
shortage of manual labor to apply annotation for the collected datasets.

App reviews are mostly written using smartphone keyboards; thus, they include noise

such as spelling mistakes, extra symbols, and non-Arabic words. Additionally, users



tend to use informal language and different Arabic dialects when writing app reviews.
Taking this into consideration, cleaning, preprocessing, and then classifying app re-
views are open and challenging tasks.

Although the research interest in analyzing Arabic app reviews is expanding, it is
still in its early stages with no publicly available datasets for Arabic app reviews to
the best of our knowledge. It is true that the research community has well explored
the field of app reviews in the English language, but the Arabic language has its
own characteristics and challenges; hence, it needs to be investigated. Another inter-
esting question to be explored is the feasibility of translating Arabic app reviews to
the English language and then applying state-of-the-art techniques for analyzing and

classifying app reviews.

1.2 Research Contributions

Regardless of the growing interest in Arabic sentiment analysis in recent years, the
context of mobile applications has not yet been well investigated [1]. Limited works
have addressed sentiment analysis of Arabic app reviews, and there is no work regard-
ing the classification of Arabic app reviews. Moreover, to the best of our knowledge,
there is no public dataset available for Arabic app reviews. Accordingly, our research

contributions are summarized below:

1. Public Datasets of Arabic App reviews
In this research, two different datasets were collected and prepared for senti-

ment analysis and classification tasks of Arabic app reviews. All datasets will



be accessible to the public to enable research in the field of Arabic app reviews.
The first dataset is related to the sentiment analysis of Arabic app reviews. In
this dataset, app reviews were annotated by positive and negative classes for
sentiment analysis tasks. The annotation was performed automatically based
on the star rating of each app review. The second dataset is related to the clas-
sification of Arabic app reviews. The annotation of this dataset was outsourced

using a crowdsourcing platform.

. Investigating Deep Learning Approaches for Sentiment Analysis of
Arabic App Reviews

Recurrent neural network (RNN) approaches were proposed and evaluated us-
ing a bidirectional gated recurrent unit (Bi-GRU). The sentiment models were
trained and evaluated to detect the sentiments of Arabic app reviews. We also

investigated the use of different NLP techniques and precomputed embedding.

. Investigating Deep Learning Approaches for Classification of Arabic
App Reviews

Most previous studies defined app review categories based on the manual analy-
sis of app reviews. Recurrent neural network (RNN) approaches were proposed
and evaluated using a bidirectional gated recurrent unit (Bi-GRU). These clas-
sifiers were trained and evaluated on a multiclassification problem. We also
investigated the use of different NLP techniques and precomputed embedding.
In addition, data augmentation techniques were utilized to balance and increase

the size of our dataset.



1.3 Thesis Structure

Our thesis is organized as follows: Chapter 2 presents the literature review highlights
of some important related works. The first parts in this chapter discuss studies in
the classification and the sentiment analysis of app reviews that are written in the
English language. Moreover, work done in opinion mining written in Arabic will
be covered, including book, movie, and app reviews. In Chapter 3, we explain the
detailed process of data collection and preparation. We also present, the identification
of our criteria for collecting app reviews, explanations about the annotation process for
sentiment analysis and for classification tasks. Additionally, details about the collected
data are described in this chapter. In Chapter 4, we describe our methodology for
sentiment analysis of Arabic app reviews, including data preprocessing, classification
models, experimental setup and evaluation measures. The results and discussions
of our sentiment analysis experiments are reported, including augmentation-based
and translation-based experiments. In Chapter 5, we describe our methodology for
the classification of Arabic app reviews, including data preprocessing, classification
models, experimental setup and evaluation measures. The results and discussions of
our experiments regarding the classification of app reviews are reported, including
augmentation-based and translation-based experiments. Finally, Chapter 6 discusses

the conclusion, contributions, limitations, and potential future works for this research.
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CHAPTER 2

LITERATURE REVIEW

Mobile application stores were launched in 2008 [32], introducing a new experience
for users to share their opinions about mobile applications, and for developers to
benefit from users’ reviews and enhance their applications. The first paper regarding
app review analysis was released to the public in 2012 and has gained significant

research interest and movement since then [32].

This brief literature review highlights some popular datasets of app reviews and
discusses some important work related to sentiment analysis and the classification of
app reviews. Moreover, we explored the key literature and datasets of Arabic user
reviews in different related domains as we did not find any published work on app
reviews in Arabic language. Finally, we covered papers on the sentiment analysis of

Arabic app reviews.
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2.1 App Review Datasets

In this section, we describe the available datasets on app reviews that have been
used for the sentiment analysis and the classification of app reviews. We will discuss
private datasets first, followed by publicly accessible datasets; other than that,
datasets and their descriptions will be listed based on the publication date, from the

earliest to the latest.

Starting with a private dataset, Ha and Wagner [10] manually classified reviews

from Google’s Play store. They gathered app reviews from 59 selected free appli-
cations while ignoring paid applications because of its lower download rate. They
collected a total of 556 app reviews which were then classified into 37 categories.
Another private dataset was collected from Google’s play store by Oh et al. [18].
They gathered more than 1.5 million reviews of 24,000 selected apps. Each app
review consists of the app name, the app category, star rating, submission date,
device, review title, and review text. To prepare the dataset for supervised machine
learning classifiers, a sample of 2800 reviews was extracted and then labeled as
functional bug, functional demand, or nonfunctional request.
Pagano and Maalej [12] collected more than one million reviews from the top 25 free
and paid applications in each app category of Apple’s app store. They randomly
selected 528 reviews to be classified manually into 17 topics, and then topics were
grouped into 4 themes; community, requirements, rating and user experience.

Zhang et al. [33] collected app reviews for the WeChat app in Apple’s app store. For
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sentiment analysis tasks, they created a dataset of 145,263 reviews, including 109,901
positive reviews, 23,654 negative reviews, and 11,688 neutral reviews.

Hoon et al. [14] empirically tested the alignment between the sentiments of review
text and the star rating. They collected app reviews from the top 25 free health
and fitness apps in Apple’s app store. Their dataset contains 29,182 reviews that
comprise the following fields: star rating, review title, and review text. App reviews
were manually classified into five sentiment classes; positive, negative, inconsistent
positive, inconsistent negative, neutral, and spam.

Gu and Kim [19] proposed SUR-Miner, an automatic platform for app review
summarization. To collect their dataset, they chose 17 popular Android applications
from selected popular app categories. Each app review contains the submission date,
star rating, review title, and review text. For classification tasks, they sampled a
total of 2000 reviews from each app. Two researchers manually labeled the sampled
reviews into five categories; aspect evaluation, praises, feature requests, bug reports
and others. For app reviews in the “aspect evaluation” category, opinions and
sentiments corresponding to each aspect were extracted. The labeled data were then
used for app review classification and for aspect-based sentiment analysis of app
reviews.

Lin et al. [34] collected their dataset from a certain car-hailing app with a total
of 10,000 reviews. The data were reduced to 9200 reviews after extracting only
positive and negative reviews and then were used to train and evaluate deep learning

classifiers on analyzing the sentiments of app reviews.
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Moving to public datasets, Guzman and Maalej [13] extracted app features from
each app review and assigned sentiments to each feature. Their dataset of app
reviews was collected from selected apps of both platforms (Android and iOS). The
dataset consists of the review title, review text, submission date, username of the
reviewer, star rating, and app version. Manual coding for 32,210 reviews was applied
to extract app features and to assign sentiments. Very positive, positive, neutral,
negative, and very negative are the sentiment classes used by Guzman and Maalej.
Maalej and Nabil [17] crawled app reviews from Google’s paly store and Apple’s
app store. They collected over one million reviews for 1100 free and paid apps
from Apple’s app store, and gathered 146, 057 reviews for 40 free and paid apps in
Google’s play store. Their dataset includes the review text, review title, app name,
app category, app store, submission date, username, and star rating. They manually
classified a random sample of 4400 reviews into four basic types: bug reports, feature
requests, user experiences, and ratings.

Martens and Johann [35] evaluated the importance of utilizing Emoji as features for
sentiment analysis of app reviews. To collect app reviews, they selected the top five
free and paid apps from selected app categories. More than 7 million reviews were
collected and analyzed. Each app review consists of 10 fields, including the reviewer’s
username, review title, review text, star rating, and submission date.

Rahman et al. [36] fetched a dataset from the Github website [37] to be used for the
sentiment analysis of app reviews. App reviews in the dataset were collected from
selected popular apps on Google’s play store. The dataset is balanced, containing a

total of 20,000 reviews; 10,000 are reviews with a 5-star rating, which was labeled
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positive, and the other 10,000 are reviews with 1-star and 2-star ratings, which was
labeled negative.

Gupta and Kamthania [38] utilized machine learning techniques to analyze the
sentiments of app reviews. They collected their dataset from 10,000 selected apps
on Google’s play store, and the first 100 most relevant reviews from each app were
selected. The dataset contains a total of 64,295 reviews, and it was reduced to 29,692
reviews after removing null values and duplicate reviews. The app name, review text,
sentiment label, and sentiment polarity score are the most important fields in their

dataset. The dataset is publicly accessible on the Kaggle website [39].

A summary of the mentioned datasets, sorted by publication date, is presented
in Table 2.1. To the best of our knowledge, most of the datasets in the app review
domain considered app reviews that are written in the English language. In our work,
we collected Arabic app reviews and prepared datasets for sentiment analysis and

classification tasks.

2.2 Sentiment Analysis of App Reviews

This section presents related works on the sentiment analysis of app reviews. We first
discuss manual and rule-based sentiment analysis approaches followed by machine

learning approaches.

Starting by manual analysis of app reviews, Hoon et al. [14] empirically tested
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Table 2.1: Summary of datasets used in studies related to sentiment analysis and the
classification of app reviews (AAS: Apple’s App Store, GPS: Google’s Play Store).

ID Reference Year | Size Source Public | URL
DS1 | Ha and Wagner [10] 2013 | 556 GPS No -
DS2 | Oh et al. [18] 2013 | 2800 GPS No -
DS3 | Pagano and Maalej [12] 2013 | 528 AAS No -
DS4 | Hoon et al. [14] 2013 | 29,182 AAS Yes [40]
DS5 | Zhang et al. [33] 2014 | 145,263 | AAS No -
DS6 | Guzman and Maalej [13] 2014 | 32,210 AAS, GPS | Yes [41]
DS7 | Maalej and Nabil [17] 2015 | 4400 AAS, GPS | Yes [41]
DS8 | Gu and Kim [19] 2015 | 2000 GPS No -
DS9 | Martens and Johann [35] 2017 | 7,396,551 | AAS Yes [41]
DS10 | Rahman et al. [36] 2020 | 20,000 GPS Yes [37]
DS11 | Gupta and Kamthania [38] | 2021 | 64,295 GPS Yes [39]
DS12 | Lin et al. [34] 2021 | 9200 - No -

the alignment between sentiments of review text and numerical star rating. They
manually classified app reviews into five sentiment classes based on review text and
star rating. They found that short reviews up to five words have sentiment words
that are consistent with the numerical star rating.

Another work on manual analysis was produced by Guzman and Maalej [13]. They
employed natural language processing (NLP) techniques to produce a list of features
from app reviews. After that, they extract the sentiments of each feature. Finally,
they applied topic modeling techniques to group the identified features and their
related sentiments into more meaningful high-level features to help developers analyze
users’ reviews. Guzman et al. extended the previous study by introducing DIVERSE
[16], an information retrieval system based on features extracted from app reviews
and their associated sentiments. The system provides app developers with variant
samples of users’ opinions and experiences about queried features.

Liang et al. [15] proposed a lexicon-based approach called multifacet sentiment
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analysis (MFSA). It analyzes the sentiments of app reviews to examine the influence
on app sales. They studied reviews from two viewpoints, service quality and product
quality. The authors found that more positive reviews on the service and product
quality aspects result in higher sales.

Evaluating the importance of emojis as emotional sentiment features was explored
by Martens and Johann [35]. More than 7 million reviews were collected and
analyzed by first extracting emojis from review text. After that, SentiStrength [42], a
lexicon-based sentiment analysis tool was used, after extending it to consider emoji.
The authors concluded that using emojis as emotional sentiment features in app

review analysis is a meaningful addition.

Moving to machine learning approaches, Zhang et al. [33] utilized machine
learning algorithms for the sentiment analysis of app reviews. Their dataset contains
approximately 150 thousand reviews labeled positive, negative, and neutral based
on the star rating of each review. Reviews with 4 and 5 stars were labeled positive,
reviews with 1 and 2 stars were labeled negative, and reviews with 3 stars were
labeled neutral. The authors compared the sentiment classification performance of
support vector machines (SVMs) and naive Bayes (NB) algorithms. They achieved
an Fl-score of 0.81 with the SVM classifier and an Fl-score of 0.82 with the NB
classifier.

Rahman et al. [36] also compared the performance of different machine learning
classifiers on the sentiment analysis of app reviews. They used a public dataset of

20 thousand app reviews including 10 thousand positive reviews and 10 thousand
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negative reviews. The data were labeled using the star rating, where reviews with 5
stars were labeled positive, reviews with 1 and 2 stars were labeled negative, and the
remaining reviews were ignored. Stemming and stop word removal were performed
on the review text as a preprocessing step. The authors compared the performance
of the following machine learning algorithms: k-nearest neighbors (KNN), random
forest (RF), support vector machine (SVM), decision tree (DT), and naive Bayes
(NB). They achieved the highest performance of 0.89 F-measure score with the SVM
classifier followed by the RF classifier with 0.86 F-measure score.

Gupta and Kamthania [38] proposed a logistic regression classifier for predicting
the sentiments of app reviews as positive or negative. To evaluate their model,
they used a publicly accessible dataset of app reviews that contains the 100 most
relevant reviews of 10,000 selected applications. The dataset contains a total of
29,692 reviews after removing null values and duplicate reviews. They performed
different preprocessing techniques, including stemming and removal of stopwords,
punctuations, numbers and special characters. They achieved a performance of 0.56
F1-score.

Lin et al. [34] proposed a deep learning approach to analyze the sentiments of
app reviews. Their dataset contains 9200 reviews labeled positive and negative.
Different variations of the long- and short-term memory (LSTM) neural network
were evaluated and compared on the sentiment analysis task. The best performance
achieved was with the bidirectional LSTM classifier with an attention mechanism

[43], where the performance score was 0.98 F-measure.
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Finally, a summary of important data extracted from previously discussed studies
is presented in Table 2.2. Additionally, the performance evaluation results of super-
vised machine learning techniques are summarized in Table 2.3 and sorted by the
performance score.

Some of the previous works utilized machine learning techniques to extract the sen-
timents from app reviews and most of them considered English app reviews. In our
work, we analyze the sentiment of Arabic app reviews by utilizing NLP techniques
for preprocessing and using deep learning algorithms to predict the sentiments from
review text. Related works regarding Arabic sentiment analysis will be discussed in

Section 2.4.
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Table 2.2: Summary of data extracted from studies related to SA of app reviews.

Ref. Study Title Year Dataset Preprocessing Approach Features Remarks
Classify reviews to
Remove non-alphanumeric
Awesome!: Conveying satisfaction Dictionary-based Review Text, Star sentiment classes based on
Hoon et al. [14] 2013 DS4 characters, Remove
on the app store manual classification Rating review content and star
Non-English words
rating
Sentiment Analysis on Reviews of
Zhang et al. [33] 2014 DS5 - SVM, NB Review Text -
Mobile Users
Sentiment Score is
How do users like this feature? a
Guzman and Lexical-based assigned to features
fine grained sentiment analysis of 2014 DS6 - Review Text
Maalej [13] (SentiStrength [42]) extracted from each app
app reviews
review.
Information retrieval
Guzman et al. Retrieving Diverse Opinions from POS tagging, Stopwords system based on app
2015 Ds6 DIVERSE Review Text
[16] App Reviews removal, Lemmatization features and its
sentiments
‘What in consumer reviews affects
the sales of mobile apps: A
Liang et al. [15] 2015 - POS tagging, MFSA Review Text -
multifacet sentiment analysis
approach
Martens and On the Emotion of Users in App Lexical-based Emoji were included in
2017 DS9 - Review Text
Johann [35] Reviews approach sentiment scoring process.
A Sentiment Analysis Based
Rahman et al. Approach for Understanding the Stemming, Stopwords KNN, RF, SVM, DT,
2020 DS10 Review Text -
[36] User Satisfaction on Android removal NB
Application
Gupta and Study of sentiment on Google Play Stemming, Stopwords
2021 DS11 Logistic Regression Review Text -
Kamthania [38] Store Applications removal
Sentiment analysis of low-carbon
Lin et al. [34] travel APP user comments based 2021 DS12 - LSTM Review Text -
on deep learning




Table 2.3: Summary of machine learning approaches and performance scores extracted
from studies related to the sentiment analysis of app reviews.

Reference Classifier | Dataset| DS Size # of F-measure
Classes

Rahman et al. [36] | NB DS11 29,692 2 0.42
Rahman et al. [36] | KNN DS10 20,000 2 0.53
Gupta and

Kamthania [38] LR DS11 29,692 2 0.56
Zhang et al. [33] SVM DS5 145,263 3 0.81
Zhang et al. [33] NB DS5 145,263 3 0.82
Rahman et al. [36] | DT DS11 29,692 2 0.85
Rahman et al. [36] | RF DS11 29,692 2 0.86
Rahman et al. [36] | SVM DS11 29,692 2 0.88
Lin et al. [34] LSTM DS11 9200 2 0.96
Lin et al. [34] Bi-LSTM DS11 9200 2 0.98

2.3 Classification of App Reviews

In app review classification, reviews are classified into different types or categories
based on the topic discussed in each review. In this section, key works performed
in app review classification will be discussed. We first present manual classification

approaches followed by automatic and machine learning approaches.

Starting with manual approaches, Ha et al. [10] manually examined and classified
reviews from Google’s Play store using a list of 18 topics and 37 subtopics. Based on
the review content, different topics can be assigned to each app review. Their goal
was to understand what app users are writing about in their feedback.

Another study regarding manual analysis and categorization of app reviews was
The study investigated user behavior in

performed by Pagano and Maalej [12].
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providing feedback, the impact of app reviews on app popularity, and inspected the
content of app reviews. App reviews were classified manually into 17 topics, and then

topics were grouped into 4 themes.

Moving to studies about the automatic classification of app reviews. Guzman
et el. [44] relied on the categories found by Pagano and Maalej [12] to form their
taxonomy of 7 categories relevant for software evolution. The authors then used
their taxonomy to investigate and compare the prediction performance of various
machine learning algorithms, which are naive Bayes (NB), support vector machine
(SVM), logistic regression (LR), and neural networks (NN). They also utilized three
variations of ensembles using majority voting. Stemming and stopword removal
were performed on review text and title and used as features after converting it to
vectors. The set of 11 additional features used are star rating, number of words and
characters in the review, number of lower- and upper-case characters, number of

[1%k}

exclamation marks, symbols, and spaces, average word length, ratio of positive
sentiment words, and ratio of negative sentiment words. The authors reported the
best prediction performance, with an average of 0.64 F-measure for the NN classifier.
Oh et al. [18] utilized the SVM algorithm to automatically classify app reviews
into their 3 predefined categories. Manual analysis for a sample of 2800 reviews
was performed to identify the review categories. The authors extracted a set of
keywords that were used in each of the predefined categories, and it was used later

as a feature for the machine learning classifier. Their approach was evaluated using

different combinations of the following features: star rating, word count of app
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review, and word count of category keywords. The best performance achieved was
0.86 F-measure, using a combination of all three features.

To enhance software maintenance and evolution, Panichella et al. [11] proposed a
taxonomy of app categories that is relevant for these software engineering tasks.
Three features were used to train different machine learning algorithms, including
preprocessed review text, extracted sentiments, and extracted recurrent linguistic
patterns (NLP heuristics). The authors compared the classification performance of
five machine learning approaches, naive Bayes (NB), logistic regression (LR), support
vector machines (SVM), and two variations of decision trees (DT). They achieved a
performance of 0.72 F-measure with the decision tree algorithm.

Maalej and Nabil [17] designed and applied different probabilistic techniques to
automatically classify reviews into four basic types: bug reports, feature requests,
user experiences, and ratings. They used a list of features, including review text, star
rating and review length. Two additional features were extracted from app reviews:
sentiments and verb tense. The authors compared and evaluated the performance of
app review classification using three different approaches: naive Bayes (NB), decision
tree (DT), and maximum entropy (MaxEnt), a probability distribution estimation
technique that was utilized in previous literature for text classification tasks [45].
The best performance was achieved using the NB algorithm: 0.75 F-measure for
binary classification with all features, and 0.54 F-measure for multiclass classification
with all features. Maalej and Nabil made their dataset publicly available, and it will
be used in part of our research experiments and will be called for short: Maalej’s

dataset.
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Gu and Kim [19] proposed SUR-Miner, an automatic platform for app review
summarization. The approach was evaluated in three different tasks; app review
classification, aspect-opinion extraction and sentiment analysis of app reviews. The
authors utilized Pagano’s taxonomy [12] by selecting the top four categories and
merging the remaining categories into one category called the others category. By
leveraging the MaxEnt classifier, they achieved 0.75 F-measure on the classification
of app reviews.

A recent study by Aslam et al. [20] proposed a deep learning approach to classify
app reviews into different categories. The authors used predefined categories and
datasets from the work done by Maalej and Nabil [17]. In their proposed approach,
DCAR: a deep learning-based classification approach for app reviews, they utilized
two additional features, statistical information about each reviewer and about each
app. These features along with the features of Maalej were fed into a convolutional
neural network (CNN) model to predict the category of each app review. DCAR
achieved an F-measure of 0.95, outperforming the state-of-the-art approaches and
other machine learning classifiers that were compared with, namely, long short-term
memory (LSTM), support vector machines (SVM), naive Bayes (NB), multinomial

naive Bayes (MNB), and random forest(RF).

Previous works related to the classification of app reviews are summarized in
Table 2.4. Additionally, the performance evaluation results of supervised machine
learning techniques used are presented in Table 2.5 sorted by the performance score

from lowest to highest.
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As discussed, six studies utilized machine learning approaches in their work, and
only two studies utilized deep learning approaches. Moreover, previous studies used
different features to train their classifiers, including review text, star rating, and
extracted sentiments.

Various sets of classes and categories were identified in previous works. Additionally,

most of the discussed literature considered English app reviews.

In our work, we identify our own list of app review categories. After that, we
classify app reviews written in the Arabic language by utilizing NLP and deep learning
approaches to predict the review category based on the content of each review. In
our experiments, review text will be used as the main feature to train our classifica-

tion models. The use of other features and metadata will be considered in future work.

This work proposes the use of a recurrent neural network (RNN)for classifying
Arabic app reviews. To the best of our knowledge, none of the previous literature
studies utilized Recurrent Neural Network (RNN)-based approaches to classify app
reviews. However, some studies have utilized RNNs for other tasks related to app
reviews, such as automating developers’ responses to app reviews [46], and predicting

the contradiction between the review text and the star rating [47].
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Table 2.4: Summary of data extracted from studies related to classification of app reviews (Preprocessing symbols: STW:
StopWord Removal, SPC: Spelling Correction, STEM: Stemming, LEM: Lemmatization).

Ref. Study Name Year | Dataset | Preprocessing | Approach Features
Ha and Do android users write about Manual
Wagner electric sheep? examining 2013 DS1 - . . Review Text
. . classificagtion
[10] consumer reviews in google play
Pagano . _
Maalej [12] P Y d
Facilitating developer-user .
Oh ct al. interactions with mobile app 2013 DS2 STEM SVM Rev‘l ew Text, Star
[18] : : Rating, Word Count
review digests
G an et Ensemble methods for app NB, SVM, Review Text, Review
WAL €0 eview classification: An 2015 | DS6 | STEM, SWR LR, NN, Title, 11 additional
el. [44] :
approach for software evolution Ensembels features
How can i improve my app? .
. o . Review Text,
Panichella | classifying user reviews for 92015 DS6 STEM, SWR NB, SVM, Sentiments, NLP
et al. [11] | software maintenance and LR, DT .
) heuristics
evolution
Review Text, Review
Maalej Bug report, feature request, or ’ .
and Nabil | simply praise? On automatically | 2015 DS7 LEM, SWR NB, DT, Length, Star Rating,
[17] classifying app reviews MaxEnt Sentiment, Verb
Tense
Gu and What Parts of Your Apps are .
Kim [19] Loved by Users? 2015 DS8 SPC MaxEnt Review Text
Aslam et gzsgglgi;zz?&cgte;?i? jtwork 9020 DS7 SPC, SWR, CNN, LSTM, | Maalej’s features,
al. [20] PP LEM RF Sentiments, App Info

Reviews




Table 2.5: Summary of machine learning approaches and performance scores extracted
from studies related to app review classification.

Ref. Classifier| Dataset ]?S 7 of F-Measure
Size Classes
Panichella et al. [11] | LR DS6 1421 5 0.42
Maalej and Nabil [17] | DT DS7 4400 4 0.42
Maalej and Nabil [17] | MaxEnt DS7 4400 4 0.47
Guzman et el. [44] NB DS6 4550 8 0.51
Guzman et ol. [44] | LR DS6 | 4550 8 0.52
Maalej and Nabil [17] | NB DS7 4400 4 0.54
Guzman et el. [44] SVM DS6 4550 8 0.55
Guzman et el. [44] NN DS6 4550 8 0.64
Panichella et al. [11] | NB DS6 1421 5 0.65
Panichella et al. [11] | SVM DS6 1421 5 0.66
Panichella et al. [11] | DT DS6 1421 5 0.72
Gu and Kim [19] MaxEnt DS8 2000 5 0.75
Aslam et al. [20] MNB DS7 4400 4 0.81
Aslam et al. [20] NB DS7 4400 4 0.83
Aslam et al. [20] SVM DS7 4400 4 0.84
Oh et al. [18] SVM DS2 2800 3 0.86
Aslam et al. [20] LSTM DS7 | 4400 1 0.90
Aslam et al. [20] RF DS7 4400 4 0.90
Aslam et al. [20] CNN DS7 4400 4 0.95

2.4 Arabic User Reviews

Previous literature related to opinion mining of mobile app reviews considered English
user reviews. However, there are related works in opinion mining of Arabic user
reviews in different domains such as books, hotels, products, and movies rather than
mobile applications. This section discusses the public datasets of Arabic user reviews
in different domains. After that, survey papers on Arabic sentiment analysis will be

covered. Additionally, related works on Arabic app reviews will be presented.
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2.4.1 User Review Datasets

Aly and Atiya [48] produced a large-scale Arabic book review (LABR) dataset. They
also performed two experiments, classification of users’ sentiments and prediction of
star ratings. Another work on Arabic book reviews was conducted by Al-Smadi et
al. [23], who proposed the first aspect-based sentiment analysis approach for Arabic
book reviews. Al-Smadi et al. produced a human annotated Arabic dataset (HAAD)
based on the LABR dataset.

Another work by Al-Smadi et al. [24] was about the sentiment analysis of Arabic
hotel reviews, where they utilized a reference dataset prepared in the Semantic
Evaluation Workshop 2016 (SemEval-2016). Regarding movie reviews, Rushdi-Saleh
et al. [25] provided OCA: an opinion mining corpus of Arabic movie reviews that
have been labeled positive and negative.

ElSahar and El-Beltagy [49] produced and publicly released large datasets for Arabic
sentiment analysis in different domains, including hotels, movies, restaurants and

products reviews.

One of the major challenges regarding Arabic app reviews is the lack of public
datasets. On the other hand, there are many public datasets for opinion mining of
user reviews in other domains, as discussed previously. Table 2.6 summarizes some
of the popular datasets for analyzing Arabic user reviews in other domains. In this
work, one of the contributions is to produce and publicly release datasets of Arabic

app reviews to enable and encourage research work in the sentiment analysis and
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classification of Arabic app reviews.

Table 2.6: Summary of the most popular public datasets in user reviews of other
domains (rather than mobile applications).

ID DS Name Size | Domain Source Ref. | Public Link
DS01 | LABR 63,257 | Book Reviews Goodreads.com [48] [50]
DS02 | HAAD 1513 | Book Reviews Goodreads.com [23] [51]
DS03 | SemEval-2016 | 15,562 | Hotel Reviews Booking.com, TripAdvisor.com | [52 53
DS04 | OCA 500 | Movie Reviews Different web pages 25 54
DS05 | HTL 15,572 | Hotel Reviews TripAdvisor.com 49 55
DS06 | RES 10,970 | Restaurant Reviews | Qaym.com, TripAdvisor.com 49 55
DS07 | MOV 1524 | Movie Reviews Elcinema.com 49 55
DS08 | PROD 4272 | Product Reviews Souq.com 49 55

2.4.2 Arabic App Reviews

Recently, opinion mining of mobile application reviews in the Arabic language has
gained considerable interest from the research community. In this section, we discuss
survey papers in the field of Arabic sentiment analysis to discover related works on
the sentiment analysis of Arabic app reviews. After that, we present related works
on the sentiment analysis of Arabic app reviews. Related works will be organized

based on the publication date, starting by the earliest.

Saudy et al. [56] explored the area of utilizing Arabic sentiment analysis for
the requirements evolution of mobile applications. In their survey paper, they
aimed to help application developers enhance the software evolution process of their
applications. They investigated trends of Arabic sentiment analysis, including the
techniques, approaches and classifiers used. All the datasets of user reviews in the
investigated studies were collected from different sources rather than application

stores. Examples of such sources are Twitter, Booking.com, etc. Saudy et al. [56]
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discovered challenges related to Arabic sentiment analysis, including the lack of

public datasets.

Two comprehensive surveys explored the field of opinion mining and sentiment
analysis in the Arabic language. The first survey by Al-Ayyoub et al. [57] published
in 2019 does not include studies that were published after 2018. The authors
covered more than 280 papers on Arabic sentiment analysis from domains including
movies, books, hotels, and products reviews. The second study by Badaro et al. [58]
published in 2019 also did not include studies published after 2018. Additionally, a
recent systematic literature review (SLR) of Arabic sentiment analysis, published in

2020, included papers from the start of 2013 until the end of 2018.

None of the listed surveys mention any paper regarding the sentiment analysis
of Arabic app reviews. The discussed survey papers highlighted important tips and

guidelines for the sentiment analysis of Arabic user reviews.

Moving to works on the sentiment analysis of Arabic app reviews, Areed et al. [26]
proposed an aspect-based approach to analyze the sentiments of Arabic app reviews
collected from government mobile apps. Their approach consists of three steps.
They first extracted aspects from each app review. After that, sentiment polarity
classification is carried out to extract the sentiment of each aspect. Finally, aspects
and their corresponding sentiments are aggregated and summarized. The authors

adopted a dataset of government app reviews that was collected by Algaryouti et
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al. [59]. They manually annotated the dataset after extracting 2011 Arabic reviews.
NLP techniques were applied to the annotated data before generating a sentiment
lexicon, which was then used along with a rule-based approach for aspect-based
sentiment classification. As a result of their experiment, they achieved a performance

of 0.91 F-measure on the aspect-based sentiment analysis of Arabic app reviews.

Another study in the domain of Arabic mobile app reviews was performed by
Chader et al. [1]. They proposed two approaches for the sentiment analysis of app
reviews written in three languages, namely, French, Arabic, and Algerian Arabic.
They utilized lexicon-based and machine learning techniques. Their dataset contains
more than 50 thousand reviews from Algerian applications. Most of the reviews were
collected from Google’s Play Store, and a Google form was used to collect reviews
in the Algerian dialect. After removing duplicates and nontextual reviews (emojis),
the data were reduced to 34,838 reviews. Manual data annotation was performed
as positive, negative, or others (irrelevant reviews). Reviews with other labels were
discarded, which resulted in 18,222 positive and negative reviews. In their machine
learning approach, they compared different algorithms, namely, support vector
machine (SVM), naive Bayes (NB), k-nearest neighbors (KNN), artificial neural
networks (ANN) and decision trees (DT). The best performance achieved was when

using KNN, which recorded an F-measure of 0.77.

Regardless of the growing interest in Arabic sentiment analysis in recent years, the

context of mobile applications has not yet been well investigated [1]. Limited work has
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addressed the sentiment analysis of Arabic app reviews, and there is no work regarding
the classification of Arabic app reviews. Moreover, to the best of our knowledge, there
is no public dataset available for Arabic app reviews. In this research, we aim to
produce and publicly release public datasets for Arabic app reviews, to be utilized for
sentiment analysis and classification tasks of Arabic app reviews. Another goal is to
apply sentiment analysis and classification for Arabic app reviews by utilizing NLP

and deep learning techniques.
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CHAPTER 3

DATA COLLECTION AND

PREPARATION

This chapter explains the detailed process of data collection and preparation. The
remainder of this chapter is organized as follows. Section 3.1 presents our criteria
for selecting mobile apps to collect their app reviews. In section 3.2, we explain the
data collection techniques and describe details and statistics about our collected data.
Finally, section 3.3 illustrates the annotation process of our data for sentiment analysis
and app review classification tasks and presents details and statistics of the annotated

datasets.

3.1 Criteria of Data Collection

In this section, we will identify our criteria for dataset collection. Defining criteria
for data collection requires surveying previous literature to determine the guidelines

and rules applied for selecting mobile apps. Based on that, we decide and define our

33



own criteria.

Criteria for selecting mobile apps can vary based on the objectives of the research
work. For example, Zhang et al. proposed an approach for change request localization
using information from app reviews; hence, their criteria was to gather app reviews
from selected open-source mobile apps to enable localization of change requests in the
source code [60]. Similarly, Gao et al. suggested a framework to identify emerging app
issues by analyzing app reviews [61]. In their framework, they used the official app
changelogs as a ground truth. Therefore, their criteria was to select apps with detailed
changelogs to facilitate the validation process of their framework. Other criteria for

app selection from previous literature are summarized below:

Select apps from the list of popular apps in the app store [62], [63], [64], [17],

46], [61], [13].

o Select apps from different categories (games and photography are examples of
app categories) in the app stores to ensure the diversity of app reviews [65], [64],

[17], [61], [13].

 Select apps from different mobile platforms (iOS and Android are examples of

platforms) [61].

 Select government apps (apps deployed by the government) [66].

The most common practice used in the literature was to choose apps based on

app popularity and rating. In our case, our goal is to collect and build a dataset of
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Arabic app reviews; hence, we will consider apps that are popular for Arab users.

Additionally, we defined our own criteria for selecting mobile apps as follows:

1. Select popular apps from both platforms (iOS and Android) to ensure general-

ization of app reviews.

2. Apps were selected from different categories to ensure diversity in the collected

app reviews.

3. Select government apps that are developed by the government of Saudi Arabia

to target more Arab users.

After applying these criteria, the total number of selected apps was 306 apps, where
191 were Android apps and 115 were iOS apps. Additionally, the included govern-
ment apps are 42 apps from both platforms. Check Table A.1 and Table B.1 in the
appendices to see the detailed list of selected apps and their categories in the Android

and iOS platforms respectively.

3.2 Data Collection

The second step after developing criteria for data collection is to start the procedure
of gathering app reviews from the list of selected apps. In this section, we will discuss
the approaches and techniques used for gathering app reviews from app stores. We
will also mention details and statistics about the collected data and preview samples

of collected app reviews.
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3.2.1 Techniques for Collecting App Reviews

App reviews are available on app stores such as Google’s Play Store (for Android
OS) and Apple’s App Store (for iOS). These are the main repositories of mobile
applications from the top-two mobile operating systems worldwide. In the literature,
some researchers applied manual web crawling techniques directly on these two
repositories to collect app reviews. Malik et al. developed their own web scrapper to
collect app reviews from the app stores’ official web-pages [62], as did Martens and

Maalej [67].

Many other techniques are available to be used for gathering app reviews from
Android and iOS platforms. For example, a closed-source API can be used to collect
app reviews from the Android [68] and iOS [69] platforms and it supports the Arabic
language. Additionally, an open-source API, called Android-market-api [70], can
be used for the Android platform. Most of the available APIs are paid and require
subscriptions. Alternatively, manual web scrapping and crawling techniques can be

used as in [71], [72], [73].

In our case, we used manual web scrapping techniques [71] to obtain the list of
top apps from the official websites of Google’s Play Store [74] and Apple’s App Store
[75]. We also applied manual web scrapping on the official Saudi national portal for
government services [76] to collect the list of Saudi government apps. After that, we

collected Arabic app reviews for these apps from both the Android and iOS platforms.
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For Google’s Play Store, we used a Python tool called Google Play Scraper [77],
which supports different languages, including Arabic. For Apple’s App Store, we used

another Python tool called the App Store Scraper [78].

3.2.2 Details about Our Collected Data

In this section, details and statistics about the collected Arabic app reviews are pre-
sented. Important statistics about the data are listed below with a short description

for each:

o Number of words: App reviews are texts that consist of one or more words.
In the number of words field, the number of all words in all reviews of the dataset
is counted, where a word can be counted more than once if it is mentioned many

times in the same app review or appeared in another app review.

o Number of unique words: in the number of unique words, only unique words
in all app reviews in the dataset are counted, while repeated words are counted

only once.

o« Maximum length of an app review is the length of the longest app review

in the dataset in terms of the number of words.

e Minimum length of an app review is the length of the shortest app review

in the dataset in terms of the number of words.

« Average length of app reviews is the average length of an app review among

all app reviews in the dataset. It can be calculated by dividing the sum of all
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lengths of app reviews by the total number of reviews in the dataset.

In our dataset, we collected 418,804 reviews for 191 apps from Google’s Play Store.
Table 3.1 shows a sample review collected from the Play Store. Regarding Apple’s
App Store, we collected 34,435 reviews from 115 apps. Table 3.2 presents a sample
review from the App Store. The following is a description of the main fields that

appear in the two tables that presented app review samples of each application store:

e “Score” or “rating” is a numerical value reflecting the star rating of the app

given by the reviewer on a scale of one to five stars.

e “Content” or “review” is the textual feedback or the app review text provided

by the user, expressing his or her opinion about the app.

o “appName” is the application name that has been reviewed by the user.

The total number of collected reviews is 453,239 reviews, and the platform distribu-
tion is presented in Figure 3.1. Important statistics about the dataset are described
in Table 3.3, and the star rating distribution is plotted in a bar chart in Figure 3.2.
As you can notice from the star rating distribution, 73% of the ratings are five stars
and 16% are one star, while the remaining reviews are almost equally distributed
among two, three, and four stars. Additionally, the longest and shortest app reviews

are presented in Table 3.4.
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Table 3.1: Sample review collected from Google’s Play Store

Field Name Field Value

reviewld gp:AOgpTOE-1_8dvoG-rhrOhRtFt9qrkR...
userName yeso belal

userImage https://play-lh.googleuserc...gmpA /photo.jpg
content ade sl o 2l Ly g jlies gk

score 5} )

thumbsUpCount 0

reviewCreatedVersion | 2.1

at 12/25/2020 11:41:10 AM

replyContent nan

repliedAt nan

appld com.sejel.eatamrna

appName Eatmarna

Table 3.2: Sample review collected from Apple’s App Store

Field Name | Field Value

userName Joad jjﬁﬁ

review W= 0 3gme 8 ands) Sllamy Ladlsg pdarg A 8 VI gl
title L 8 Cgdod

isEdited FALSE

date 7/9/2019 16:45

rating 2

appld 1004966456

appName Absher App

Table 3.3: Statistics about our collected Arabic app reviews.

Field Value
Number of words 2,589,986
Number of unique words | 269,956
Maximum length 576
Minimum length 3
Average length 5

3.3 Data annotation

Data annotation is the activity of labeling data to be used for supervised machine
learning tasks. Having the labeled data will help the machine learning model recognize

patterns in the input data. In this section, we describe the process of data annotation
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Figure 3.1: Distribution of platforms in our collected Arabic app reviews.

Number of Reviews

350000

300000

250000

200000

150000

100000

50000

332485

Five

20284
I

Four

15420
[ |

Three
Star Rating

10346

Two

74704

One

Figure 3.2: Star rating distribution of our collected app reviews.
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Table 3.4: The longest and the shortest reviews from our collected Arabic app reviews.
Longest Review

Dylouadl ael Slias 0

Shortest Review

(B 50y) Jos 4l

of our Arabic app review dataset. The rest of this section is organized as follows.
In section 3.3.1, we will explain the process of labeling app reviews for the purpose
of sentiment analysis. Section 3.3.2 presents the details of labeling app reviews into

different categories to be used for app review classification.

3.3.1 Data Annotation for Sentiment Analysis

Sentiment analysis is the action of assigning a quantitative (positive or negative)
value to a short text reflecting the emotions or mood of the author [13]. We will
use supervised machine learning techniques to analyze the sentiments of Arabic app
reviews; hence, we need to label our dataset first. In this section, first, we will explain
the detailed process for annotating our data. After that, we will discuss the data
preparation details. Finally, details and statistics about the produced dataset will be

presented.

Data Annotation Process

We used the star rating field from each review to automatically assign sentiments
for app reviews. There are two approaches. The first one is to assign “positive”
sentiment for reviews with ratings of five and four stars and assign “negative”
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sentiment for reviews with ratings of one and two stars. In the second approach, the

“negative”

“positive” sentiment is assigned for reviews with only five stars, and the
sentiment is assigned for reviews with only one star. Reviews with ratings of three
stars (“neutral” sentiment) are ignored in both approaches because our sentiment

classification problem is a binary classification problem considering only positive and

negative sentiments.

To select one of the two approaches, we conducted an experiment to determine
which star rating class is more accurate in reflecting the sentiment of the review text.
In our experiment, we randomly selected 400 reviews from our dataset and 100 reviews
from each star rating class except the three star class because it is not included in either
approaches. After that, two participants were trained and asked to manually label
the 400 reviews as “positive” or “negative” sentiment. To avoid bias in the labeling
process, the samples were randomly reordered and the star rating column was removed
from the data. Then, the prepared data were given to each participant to carry out
the labeling process independently. After the labeling process was finished by both
the trained participants, they resolved all conflicts in the labeling and agreed on the
final labels for all reviews. The final version of the manually labeled data will be used
as a ground truth to compare the two approaches of automatic labeling. Finally, the
same 400 reviews were automatically labeled based on the star rating of each review,
where reviews with five and four stars were labeled as “positive” and reviews with
one and two stars were labeled as “negative”. The accuracy of the automatic labeling

process is computed and presented in Table 3.5. It is clear from the table that the
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accuracy of using reviews of five and one stars only to assign sentiments is significantly
more accurate than using reviews of two and four stars. Hence, we selected the second
approach to automatically label our data because it uses reviews of only one and five

stars, and it is 10% more accurate than the first approach as shown in Table 3.6.

Table 3.5: Accuracy of automatically labeling the sentiments of app reviews based on
star rating.

. . Correctl Wrongl
Star Rating # of Reviews Classiﬁe(}; Classige}(’i Accuracy
1 100 95 5 0.95
2 100 73 27 0.73
4 100 69 31 0.69
5 100 84 16 0.84

Table 3.6: Comparison of two approaches for automatically labeling the sentiments of
app reviews.

. Correctly | Wrongly
Approach # of Reviews Classified | Classified Accuracy
First Approach 100 / star 321 79 0.80
Second Approach 100 / star 179 21 0.90

Data Preparation

To prepare our data for the sentiment analysis task, we first filtered out reviews with
short text lengths of two words and less. The resulting dataset size compared to the
original size was 192,171 out of 418,804 Android reviews and 23,746 out of 34,435 iOS
reviews. The second step is to select reviews with a star rating of only five-stars and
one-star, where reviews with five stars will be labeled as “positive” and reviews with
one star will be labeled as “negative”. In the final step, data balancing was performed
using undersampling between the “positive” and “negative” classes. Table 3.7 presents
the size of our app review dataset throughout these steps.
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Table 3.7: Dataset sizes during preparation steps for SA.

Platform | Original Size Short Reviews Excluded | After Balancing
Android | 418,804 192,171 14,850
iOS 34,435 23,746 14,850
Total 453,239 215,917 29,700

Details and Statistics of our Sentiment Analysis Dataset

Our sentiment analysis dataset is a balanced dataset that contains 29,700 reviews
where there are 14,850 reviews for each sentiment class. Arabic app reviews in this
dataset were collected from 294 different apps on both platforms, and the distribution
of platforms is presented in Figure 3.3.
analysis dataset are available in Table 3.8.

dataset are described in Table 3.9. Additionally, the longest and the shortest app

reviews are presented in Table 3.10.

Samples of reviews from our sentiment

Some important statistics about the

Table 3.8: Samples of reviews from our sentiment analysis dataset.

Review Text Sentiment | App Name | Platform
[RvS Cfb Gek23 | positive Tawakkalna | ios
ade 3l e e eley éb Gek2s | positive Absher android
axsing L3S 00 OUMe! | negative Youtube ios
wn bl oS Bow.. o 1 srr | megative Amazon android

Table 3.9: Statistics about our sentiment analysis dataset.

Field Value
Number of words 337,816
Number of unique words | 51,094
Maximum length 576
Minimum length 3
Average length 11
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Figure 3.3: Distribution of platforms in our sentiment analysis dataset.

Table 3.10: The longest and the shortest reviews from our sentiment analysis dataset.
Longest Review | Sentiment

Dylouadl del Sz 0
Dylowad) el Ellizs o

negative

Shortest Review | Sentiment

sl pld) gkl | negative

3.3.2 Data Annotation for App Review Classification

App reviews are a rich source of information for application developers. It contains
useful details from the users about the application such as reporting bugs, praising
the app, and requesting new features. Classifying app reviews into different categories
(e.g., bug reports and feature requests) is very helpful for application developers. In
this section, we first define the categories that will be used in the labeling process.

After that, we will explain in detail the process of labeling app reviews into the
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predefined set of categories. Finally, we will present statistics and details of our

classification dataset.

Defining Categories of App Reviews

To define our set of categories for app reviews, we explored previous literature for
commonly used categories of app reviews. A summary of popular categories of app
reviews is presented in Table 3.11. The most common category is improvement requests
which include recommending improvements to the app or requesting new features by
the app users. The bug report category is related to problems in the app to be fixed,
such as crashes and errors. In the rating category, users express their opinion about
the app either by praising or dispraising the app. Finally, the other category contains
reviews that do not fit into any of the previous categories, such as spam and irrelevent
reviews. Table 3.12 shows our identified set of app review categories with descriptions
of each category. These categories were selected based on their usage popularity in the
literature and their relevance to software development and evolution. Improvement
request and bug report categories are important for developers and relevant to software
maintenance and evolution, as reported by Panichella et al. [11] in their taxonomy of

user review categories.

Table 3.11: Literature summary for popular categories of app reviews.

Y Y

Category Name Usage Count | References

Improvement request 8 [10], [12], [44], [18], [11], [17], [19], [79].
Bug report 6 [12], [44], [18], [17], [19], [79].

Rating 5 [10], [12], [44], [17], [19]

Others 3 [12], [19], [79].
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Table 3.12: Our set of app reviews categories with description of each category.
Category Name Category Description
Requesting new features, recommending enhancements in
future versions of the app, asking for content (e.g. books
and movies), and suggesting modifications for existing

Improvement Request

features.
Bug Report Reporting problems in the app (e.g. crashes and errors).
Rating E'Xpres's'ing opinion about the app by praising or
dispraising.
Others Reviews that does not fit any of the categories above (e.g.

spam and noise reviews).

Data Annotation Using Crowdsourcing

To construct our machine learning model for classifying app reviews, we need to label
each review in our dataset to one of the predefined sets of categories. To accomplish
this task, we utilized crowdsourcing services, such as Amazon Mechanical Turk [80]
where the labeling task is outsourced to a group of people, called workers, coders or
contributors, who can perform the labeling task. We choose to work with the Appen!
crowdsourcing platform [81] because it is cheaper and has quality control mechanisms

that will help us attain higher quality results.

The details of annotating our data of Arabic app reviews using the Appen crowd-

sourcing platform are explained below:

1. To create a new labeling job, you either select one of the existing job templates
or create your own template from scratch. In our case, we selected a template

called “Classify Text” which is used to classify text into predetermined classes.

2. After that, we imported our data simply by uploading it to the platform. Adding

1Link to the Appen platform: https://appen.com/.
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more data is possible and will not override the uploaded data.

. Then, we moved to the process of designing our job page by first adding instruc-
tions for contributors (coders) to help them understand the labeling process.
Our instructions include an overview of the job, steps and tips to accomplish
it, a description for all our predefined categories (labels) and real examples of
app reviews for each category. Figure 3.4 shows all examples we provided for

contributors.

. As a part of job design, we created form questions using a mapper, provided
by the platform, to map our uploaded data to the form. In the form questions,
contributors can select only one category for each app review. Figure 3.5 presents
a screenshot of one question from the Appen platform. In our form questions,
we included the name of the application to help contributors understand the

review content and its context.

. To ensure labeling quality, we created test questions which is one of the most
important quality control mechanisms in the Appen platform. To create a test
question, the job author provides the answer to one row of the provided data; in
other words, he will provide the correct label (category) of one app review. Test
questions are used for two purposes; first, to create an entry quiz for contributors,
where they must pass the quiz to start working on the labeling job. Additionally,
test questions are used to track contributors’ performance while working in the
job. When a contributor answers a test question and his/her answer does not

match the answer provided by the job owner, his/her accuracy decreases. If the
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Improvement Request

In this example, the user is asking to add a login feature from multiple devices,
and this is considered as an improvement request.

s
]
2021 4,428 *ok ok

T U Sy Uy Ul L IS o 1 (e il U 0 e 20 0l S S s ) )
101555 U U g (20" i e Y 10, (als S35 e (i) all el n

Bug Report

In this example, the user is complaining about specific shortness in the app which
is the loading time being too long after updating the app, which is clearly

Besho 1
B i
* March 8,2021
i 55 503 5 it g o il 3K Gl g 28 330 s, Lkl gy )

ST RTES TR N

reporting a bug about the performance of the application.

7 Thamer AlRowidhan
N i@
* % % % % March 5, 2021

Rating

In this example, two reviews, the first one is praising the app in general and ki 18l e 0m 0 S2
thanking everybody contributing to the success of the app, and the other one is Islam El Njar ®
dispraising the app in general being bad especially in creating and canceling . * March 4, 2021

appointments, both reviews should be considered rating reviews. el olilly aa i Lo a5

KF SFRSF
i
* % & % % March 7,2021

Others

e ek

Muhamed |
* December 17,2020

In this example, both reviews are irrelevant and does not fit into any of the
categories above, and the second one is a spam review.

Figure 3.4: Examples for each app review category provided in job instructions.

total accuracy of a contributor went below the minimum threshold (in our case,
90%), he/she could not continue working in the job, and all his/her answers

were discarded and removed.

6. To start accepting contributors for our job, we launched the job after specifying
job settings and the number of judgments per app review. In job settings, we
disabled Google Translate plugins for contributors to ensure that the meaning
and the context of app reviews are not lost after translation to other languages,
which is considered a quality control mechanism. Regarding the number of
judgments per app review, we choose to have five judgments per app review,
which means that five contributors will label each app review, so in the final
output, we will have five labels for each app review. Having five different opinions

for each app review will increase the accuracy of the labeled data.

As a result of using the Appen platform, we labeled 2900 app reviews, and each

review was labeled by five contributors. Thus, we have a total of 14,500 judgments
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Application Name:"Tawakkalna" App

Review Text :
-\_WIJA\J”I 5)] )} ..,“"" Jsa. CL.)..A_ i );\ u'“ ;\_uw;a J.a Jls:..;“;'l RLY) \_}l)—ﬂ-h cj}.a )#:_1 EI_I;..

Which category best fits the review text?
O Improvement Request

O Bug Report

O Rating

O Others

Figure 3.5: Example of a question from our labeling job.

(5 judgments per review). For each app review, we select the label (category) with
the highest number of judgments (majority vote). Table 3.13 shows samples of
the labeled app reviews with their associated five judgments. In the first four app
reviews in the table, all five contributors agreed on the category of each app review.
Additionally, in the fifth and sixth examples, there is a majority agreement on the
category with four votes. In the seventh and eighth examples, there is a majority
agreement on the rating category with three votes versus two votes for another
category, so both reviews will be labeled under the rating category. However, in
the last example (number nine), there is a clear tie between contributors on the
rating and others categories with two votes for each, and such cases require manual
resolution. To find all tie cases, we analyzed all the labeled data and found that
there were approximately 400 tie cases out of 2900 reviews. To resolve tie cases, first,
we extracted all tie cases and reordered them randomly. After that, the extracted

reviews were given to an expert to manually label them without looking to the five
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judgments, to avoid bias while labeling. The expert labels for the tie cases were

considered instead of the previous labels.

Appen’s team recommends auditing the output dataset after the labeling job is
finished. As a final step, we performed the auditing process for the dataset to estimate
the labeling accuracy. First, we randomly reordered all the labeled app reviews.
Second, we extracted 10% of the labeled reviews. Third, the reviews were given to
an expert to label them manually. After manually labeling the reviews, we checked
the manually labeled reviews against the labels produced by the Appen platform. We

found that the labeling accuracy is promising with approximately 0.80 accuracy score.

Table 3.13: Samples of the labeling output using Appen platform.
Categories key: IR: Improvement Request, BR: Bug Report, R: Rating, O: Others.

. Judgments
No. App Review i 5 3 1 5
L | agmse s oJ el ) 5 iasdll Ll s Blo) sl | IR [ IR [ IR | IR | IR
2 ¢ydodl Ay femY gokdl | BR [BR | BR | BR| BR
3 P das o S| oy BB 5 R | R | R | R R
4 ST, DY AY yal desdl gl gl | O | O [ O [ O | O
5 i) C;A)\.w R | R| R | R O
6 JI U fem ¥ gokdl eV o [BR[BR[BR[BR| O
7 Y JIys1 SO R R[R| O
g | s ordEldes e ol sl L e g R g
an ) g 4SSl

Details and Statistics of our Classification Dataset

Our labeled dataset for Arabic app review classification is not balanced, and it
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contains 2900 reviews collected from 289 applications in Apple’s app store and
Google’s play store. Figure 3.6 is a pie chart presenting the distribution of platforms
in the dataset, and Figure 3.7 is a bar chart describing the distribution of the
categories in the dataset. From the bar chart, we can observe that 42% of the labeled
reviews are under the rating category, and 28% are labeled as bug reports. The
remaining reviews are almost equally distributed between improvement requests and
other categories. Samples of reviews from our app review classification dataset are
shown in Table 3.14. Some important statistics about the dataset are described in
Table 3.15. Additionally, the longest and shortest app reviews are presented in Table

3.16.

Android

50%

Figure 3.6: Distribution of platforms in our app review classification dataset.
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Figure 3.7: Distribution of categories in our app review classification dataset.

Table 3.14: Samples of reviews from our app review classification dataset.
Categories key: TR: Improvement Request, BR: Bug Report, R: Rating, O: Others.

Review Text Category | App Name Platform
alll LS Al J) C\»u‘ IR 8 Ball Pool android
Geekd) B ddard) L) 5 Lens Ls Blo) sl IR CITC ios

ASew 43 3 & Jomy Jskle J5all aw | BR | Citizen Account | android

8, 0l 2S5l b BR Google Maps ios

Slias o ST gt I jlies R ALKAHRABA | android
by lo Sl G»Lsf)\ R Mawared ios

| Sy ndl LadS” s 80le] 4S8 O Ashanak android
cppoanadl o Loz 4 0] Eatmarna ios

Table 3.15: Statistics about our app review classification dataset.

Field Value
Number of words 39,300
Number of unique words | 12,337
Maximum length 576
Minimum length 3
Average length 13
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Table 3.16: The longest and the shortest reviews from our sentiment analysis dataset.
Longest Review | Category

Dylowal) sl ALz 0
&Jj\.».a.i\ J&;\ KIY) o

others

Shortest Review | Category
Led @.«qd\ c.,as\ rating

3.4 Conclusion

In the data collection and preparation phase of this research, we collected a total
of 453,239 Arabic app reviews of 306 popular and government apps from Google’s
Play Store and Apple’s app store. We produced two datasets out of these reviews,
one for sentiment analysis and the other for app review classification. The sentiment
analysis dataset was annotated automatically, using the star rating field, to positive
and negative classes. The size of this dataset is 29,700 reviews, where there are 14,850
reviews for each class. The second dataset was prepared for the classification of Arabic
app reviews. It was annotated using a crowdsourcing platform into four predefined
categories: bug reports, improvement requests, ratings, and others. The produced
dataset has a total of 2900 reviews, 1000 for training, 900 for validation and 1000 for

testing.
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CHAPTER 4

SENTIMENT ANALYSIS OF

ARABIC APP REVIEWS

Sentiment analysis is the action of assigning a quantitative (positive or negative)
value to a short text reflecting the emotions or mood of the author [13]. To extract
the sentiments from text, there are two main approaches. The first approach is a
lexicon-based approach where the sentiments of a document are calculated from the
semantics of its words and sentences. This approach requires no training to extract
the sentiments. Unlike the first approach, the machine learning approach requires
building a classifier and training it on a labeled dataset [82]. In this part of our
research, supervised machine learning techniques are used to extract the sentiments
from Arabic app reviews. Our sentiment analysis problem is treated as a binary
classification problem, where each app review should have either a “positive” or a

“negative” sentiment. “Neutral” sentiments were not included in our research.
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In this chapter, we performed the following experiments:

1. Sequence modeling using RNNs: three different RNN models, such as
GRUs, were compared to find the best model for the sentiment analysis of Ara-
bic app reviews. In this experiment, we used a sample of 5000 reviews extracted

from our labeled sentiment analysis dataset.

2. Applying different word embeddings: the best model from the previous
experiment was trained and evaluated on our sentiment analysis dataset using
different word embeddings: trained word embeddings, pretrained word embed-

dings, and pretrained word embeddings with fine-tuning.

The remainder of this chapter is organized as follows. Section 4.1 describes the
methodology of our experiments, which includes data preprocessing, classification
models, experimental setup and evaluation metrics. In Section 4.2, the experimental

results and related discussions are presented.

4.1 Methodology

This section will discuss the methodology of our sentiment analysis experiments. First,
preprocessing for our sentiment analysis dataset was applied and discussed in Sec 4.1.1.
We mentioned the details of our classification models in Sec 4.1.2. Finally, Sec 4.1.3
explains our experimental setup and Sec 4.1.4 describes the performance measures
used for model evaluation. An overview of our sentiment analysis experiments is

presented in Figure 4.1.
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Figure 4.1: Block diagram explaining our methodology for the sentiment analysis of
Arabic app reviews.

4.1.1 Data Preprocessing

To improve the performance of our machine learning models, we employed NLP tech-
niques, including text cleaning, stopword removal, Arabic letter normalization, and
lemmatization. Details of each preprocessing step are explained in the following sub-

sections.

Text Cleaning

App reviews are mostly written using limited smartphone keyboards, thus they include
noise such as numbers, extra symbols, and /or non-Arabic words [61]. Our goal in this
step is to clean Arabic reviews from such noise and to produce more meaningful and
analyzable reviews for our machine learning models. We used regular expressions to

perform most of the following cleaning tasks:

« Remove all uniform resource locators (URLs) from each app review.
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o Remove numbers from each app review.

e Remove punctuation characters using the list of punctuation provided by
Python. We also added Arabic punctuation characters such as reversed question

marks.

o Strip diacritical marks in Arabic language (also called Tashkeel), and strip
Kashida which is a type of justification used in Arabic language (also called
Tatweel). Examples of app reviews before and after removing Tashkeel and

Tatweel are presented in Table 4.1.

 Normalize Arabic letters (e.g., (¢ s¢8¢1). We mean by normalization here, trans-
forming the letter from its different forms to its standard form. An example of
such transformation is to transform the letter “alif” from its several forms “|”,

“i”, “7, “I” to its standard form “)”. We used the PyArabic [83] Python library

to perform normalization of Arabic letters.

« Remove non-Arabic words from each app review using PyArabic [83] Python

library.

Table 4.1: Examples of app reviews before and after removing Tashkeel and Tatweel.
Review with Tashkeel Gebd 10e JE Sy s 1
Review without Tashkeel | s.kd) ks Je S 150
Review with Tatweel [SE ) S—— GAU g
Review without Tatweel I o @U e
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Stopword Removal

To filter out stopwords from our dataset, we used three lists of Arabic stopwords. The
first list contains approximately 250 stopwords, and it was provided by the Natural
Language Toolkit (NLTK) [84], a Python [85] library. The second list is the largest
publicly available list of Arabic stopwords, which includes 750 words [86]. As a third
list, we added ourselves a few words that we think will not affect the semantics of
the sentence when removed, such as app, application, and game. Table 4.2 describes
the average length of an app review before and after applying stopword removal using

different stopword lists.

Table 4.2: Effect of stopwords removal on the average length of app review (in words)
using different lists of Arabic stopwords.

Original Average Length (AL) | 11 words
AL after removing 1° list 9 words
AL after removing 279 list 8 words
AL after removing 3"¢ list 10 words
AL after removing all lists 7 words

Lemmatization

Lemmatization is the activity of converting different forms of a word to their roots or
basic form by splitting off prefixes and affixes [87], [88]. For example, “ c.ai”, “ oo,
“M”, and “v.@pp,aj” become “C“é';” after lemmatization. This process can help
machine learning classifiers by uniting words with similar meanings but various

language forms, which will decrease the number of unique words in the dataset [13].

This will assist the classifier in focusing on the most important words in the dataset.
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To summarize, Table 4.3 presents an example of applying data preprocessing steps
to a sample review. In the text cleaning step, Arabic diacritical marks, Tatweel, and

punctuation marks were removed. In the stopword removal step, the words: “ Je7,

and “lda” were removed. In the normalization step, the Alef letter “” was normalized

W

to its original form “1”, and the letter “¢” was normalized to its original form “¢”. In

the lemmatization step, five Arabic words were lemmatized.

Table 4.3: Example of applying preprocessing steps on our dataset.
Original App Review " cﬁ\)\) e M\ s ‘_;.c ))\Jf- \Jg.i sti
After Text Cleaning c‘\)\} el kel s e Dy 1S Jjj
After Stopwords Removal Wy Jrood) Gedad) Dy > | J}o\
After Normalization i;\)\) o) Gl Sy 1S J 3
After Lemmatization g5l Joor Gy Ji S Jg8)

Finally, the impact of applying data preprocessing was to reduce the number of
unique words in the dataset by 63% as explained in Table 4.4. This will minimize the
number of parameters to be learned by the machine learning classifier, which results

in more robust training process.

Table 4.4: Impact of text cleaning and lemmatization on the number of unique words.

# of Unique Words | Reduction Rate
Original dataset 51,094 words -
Cleaning only 39,869 words 22%
Lemmatization only 21,238 words 58%
Cleaning + Lemmatization 18,836 words 63%

4.1.2 Classification Models

In this section, a background about the proposed classification models is presented
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and a detailed architecture of each model is described.

Model Definition

An RNN is a deep learning system that is utilized in different NLP problems [89]. RNN
models stimulate the human brain when reading and understanding sentences. This
model adopts the same principle of the human brain when reading sentences, word
by word, by holding over memories of previous words, which gives the reader a better
understanding of the meaning implied by the sentence [90]. RNNs suffer from gradient-
exploding and gradient-vanishing problems [91] which make these models more difficult
to train especially when capturing long-term dependencies. To address this issue,
Gated Recurrent Unit (GRU) has been proposed and has shown high effectiveness in
various NLP tasks [92]. Another variant of the unidirectional GRU is the Bidirectional
Gated Recurrent Unit (Bi-GRU), which keeps memories from previous states as well

as future states and this will improve the accuracy of the final output [93].

Model Architecture

Three different RNN models were utilized for sentiment analysis experiments, namely,
RNN, GRU, and Bi-GRU. Figure 4.2 presents the architecture of our models. From
the previous figure, the input is one app review converted to sequences of word
vectors (wv) using word-level one-hot encoding. The first hidden layer in all models is
an embedding layer, which is used to represent the words of each app review as dense
vectors. Words with similar meanings will have similar word vectors. The embedding

layer can be trained or pretrained. Weights are randomly initialized for trained word
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Figure 4.2: Architecture of our deep learning models for sentiment analysis.
embeddings and updated during training, while in pretrained word embeddings,
weights are precomputed. For most experiments, pretrained word embeddings were
used. We leveraged the pretrained AraVec [94] model that was trained by Soliman et
al. [95] on the Twitter dataset. The dimension of the pretrained embeddings is 300

and it contains approximately 1.5 million words (1,476,715 words).

The output of the embedding layer is the input for the next layer of each model,
RNN, GRU, or Bi-GRU. Each of these layers has 128 units. Next, the output from
the neuron layers is passed to a Dense [96] layer with 128 neurons followed by a
dropout [97] layer with a 0.7 dropout value. The dropout layer is used to reduce
overfitting of the model by randomly activating and deactivating some neurons in

these layers.

Finally, a dense layer with one neuron combines all neurons from the previous layer

to a fully connected layer and uses sigmoid as an activation function to ensure that
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the output is either 0 (negative sentiment) or 1 (positive sentiment). The sigmoid

function, denoted by o(x), can be calculated using the following equation:

o(x) = (4.1)

Binary cross entropy was used as a loss function for all models. The selected optimizer
was Adam [98] with a learning rate of 1e-3 for optimizing the parameters of the model

[99).

4.1.3 Experimental Setup

To implement our classification models, we used the Keras library [100], [90], a Python
library for deep learning based on TensorFlow [101]. TensorFlow is a Python library
for machine learning and artificial intelligence applications provided by Google. To
perform our experiments, we utilized Google Colaboratory (Google Colab) [102], which
is a research project from Google suited for running machine learning projects on
powerful hardware resources. The platform employs the Jupyter notebook service

[103] to run Python code interactively through the browser [104].

4.1.4 Evaluation Measures

For performance evaluation of our classifiers, two metrics were used, which are based
on the following four important measures: true positive (TP), true negative (TN), false
positive (FP), and false negative (FN). These measures are used to indicate correct

and incorrect predictions for each sentiment analysis model. Table 4.5 presents the
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confusion matrix for sentiment classification of app reviews. In this context, we can

define the confusion matrix as follows:

o True positive (TP) is the number of app reviews with positive sentiment and

was correctly predicted to be positive.

o True negative (TN) is the number of app reviews with negative sentiment and

was correctly predicted to be negative.

« False positive (FP) is the number of app reviews with negative sentiment and

was wrongly predicted to be positive.

o False negative (FN) is the number of app reviews with positive sentiment and

was wrongly predicted to be negative.

Table 4.5: Confusion Matrix for sentiment analysis of app reviews.

] . Predicted
Confusion Matrix Positive | Negative
Actual Positive Sentiment TP FN
h Negative Sentiment FP TN

Based on this confusion matrix, we apply two performance metrics to evaluate our
proposed sentiment analysis models. These metrics are Accuracy and F1-Measure (F'1-
score). Accuracy can be defined as the percentage of correctly predicted sentiments of

app reviews among all app reviews. It can be calculated using the following formula:

TP+ TN
TP+TN+ FP+ FN

(4.2)

Accuracy =
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The F1-score is a combination of two metrics: precision and recall. For imbalanced
datasets, when there are more app reviews with negative sentiments than positive
sentiments, for example, a classifier that always predicts negative sentiments will
obtain higher accuracy, which can be misleading. In such cases, using precision and
recall is advisable. Precision is the ratio of correctly predicted app reviews with
positive sentiments out of all app reviews predicted as positive sentiment. Recall is
the ratio of correctly predicted app reviews with positive sentiment out of all app
reviews with true positive sentiment. Precision and recall can be calculated using the

following equations:

Precisi TP TP (43)
recision = = .
No.of All PredictedasPositiveSentiment TP + FP
TP TP
Recall = (4.4)

No.of All Actual PositiveSentiment ~ TP+ FN

In this research work, we use the harmonic mean of precision and recall, which is the

F1-score. 1t can be calculated using the equation below.

Precision * Recall
F =2 4.5
Loeore * Precision + Recall (45)

4.2 Results and Discussions

This section presents and discusses the results of our experiments in sentiment analysis

of app reviews.
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4.2.1 Model Selection

We compared three RNN models, namely, RNN, GRU, and Bi-GRU to select the
best model. Table 4.6 presents the performance evaluation of the three models. The
F1-score recorded in the table is the macro average. The Bi-GRU model outperforms

other models with an accuracy score of 0.77 and 0.77 Fl-score.

Table 4.6: Performance comparison of three RNN models in the sentiment analysis of
Arabic app reviews.

Model Accuracy | Fl-score
RNN 0.70 0.70
GRU 0.76 0.75
Bi-GRU 0.77 0.77

4.2.2 Experiment Results

We selected the best model from the previous experiment and trained it using the
whole labeled sentiment analysis dataset. The dataset size is 29,700 and it was
divided as follows: 11,700 for training, 8000 for validation, and 10,000 for testing.
Different embedding configurations were applied, including trained word embeddings,
pretrained word embeddings, and pretrained word embeddings with fine-tuning.
First, trained word embeddings were used, where weights were learned during the
training process without setting weights from pretrained models. Second, pretrained
word embeddings were utilized with static weights from a pretrained model, and
these wights were not updated during training. Third, pretrained word embeddings

with fine-tuning, where weights are initialized from a pretrained model and updated

during training.

66



Table 4.7 describes the output of the three experiments. The highest performance

was 0.87 accuracy and 0.87 Fl-score, and achieved when using the Bi-GRU model

with pretrained word embeddings and fine-tuning.

Table 4.7: Evaluation results of three models with various embedding configurations

for sentiment analysis of Arabic app reviews.

Model Accuracy | Fl-score
Trained Embedding 0.86 0.86
Pre-trained Embedding 0.86 0.86
Pre-trained Embedding + Fine-tuning 0.87 0.87

4.2.3 FError Analysis

In this section, we analyzed and discussed wrongly classified samples by our senti-

ment analysis classifier. Table 4.8 presents different examples that are misclassified

by our sentiment analysis model. In the first two app reviews in the table, the

Table 4.8: Misclassified examples from our sentiment analysis model.

# Review Text Label Prediction

1 / g’\p: L«?/M i J,,aai Negative Positive

2 s & V'au e J'Q LSS jles b L Jeo 56! Negative Positive
Gl

3 U.a_- ) JM Ll ('Ubﬁ Lo g «.5“ A~ | Positive Negative
fsd W 5,8 dan 3ol>= dalll by

4 el g = <’ uw ojb- i dﬁf 7 | Positive Negative

Gedsily V‘Q Sl eha bzel OWYI @:J\ |ia | Negative Positive

6 I el lay glade ogl> e aall | Negative Positive

misclassification occurred because of incorrect labels during the data labeling process

which was based on the star rating, in which the reviewer provided a star rating

that does not reflect the content of the written app review. For example, in the first
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review, the reviewer wrote, “It is the best game I have played in my life”, and he
provided a rating of one star for the app, which resulted in a wrong label. In short,
our classification model classified these two examples correctly based on the review
content but it was considered a misclassification case because of the incorrect labels

provided by the reviewer.

In the third and fourth misclassification examples, it is difficult to decide whether
the review is positive or negative because each review contains two contradictory
opinions. These examples are considered difficult to classify for humans rather than

machines.

Finally, the last two app reviews were quite easy examples and were misclassified
by our sentiment analysis model. This can be attributed to the existence of some

positive words in each review, which confused our classification model.

4.2.4 Compare Best Model with Other Models

In this section, we compared the performance of our best model with the work of
Chader et al. [1]. To the best of our knowledge, this is the only work that applied
machine learning techniques to extract the sentiments of Arabic app reviews. Table 4.9
presents our best results compared with different machine learning techniques applied
by Chader et al. [1]. As presented in the table, our proposed approach outperformed

the other approaches and techniques.
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Table 4.9: Comparing the performance of our proposed approach to the work on
Arabic app reviews by Chader et al. [1].

Reference Classifier | DS Size | # of Classes | F-measure
Chader et al. [1] SVM 3547 2 0.72
Chader et al. [1] DT 3547 2 0.74
Chader et al. [1] ANN 3547 2 0.75
Chader et al. [1] NB 3547 2 0.76
Chader et al. [1] KNN 3547 2 0.77
Proposed Approach | Bi-GRU 29,700 2 0.87
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CHAPTER 5

CLASSIFICATION OF ARABIC

APP REVIEWS

5.1 Introduction

App reviews contain valuable information that help app developers in maintaining
and enhancing their apps. Users write their feedback about a certain app as app
reviews in app stores (Google’s Play Store and Apple’s App Store). Some feedback
are informative for developers and others are not [87]. Helpful reviews contain, for
example, complaints about bugs, inconvenience in the app, requests for enhancements
and new features. In this part of the research, we utilized supervised machine learning
techniques to classify Arabic app reviews into our pre-defined categories, discussed in
Chapter 3 Sec 3.3.2. Our four categories or types of app reviews are: improvement
requests, bug reports, ratings, and others. Our classification problem is dealt with as
multiclass classification problem where the classification model predicts only one of

the four categories.
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In this chapter, we performed three sets of experiments listed below:

1. Sequence modeling using RNN: three different deep learning models were
compared to find which model performs better in categorization of Arabic app

reviews.

2. Applying pretrained word embeddings: the best model from the previous
experiment was trained and evaluated on our classification dataset using pre-

trained word embeddings, and pretrained word embeddings with fine-tuning.

3. Improving our classification model: we applied different techniques to im-
prove the performance of our model, including balancing the dataset by under-
sampling, using a special loss function, and utilizing data augmentation to bal-

ance and increase the size of our dataset.

The remainder of this chapter is organized as follows. Section 5.2 describes the
methodology of our experiments, which includes data preparation and preprocessing,
classification models, experimental setup and evaluation metrics. In Section 5.3, the

experimental results, discussions and improvements are presented.

5.2 Methodology

This section will discuss the methodology of our classification experiments. First,
description of our labeled classification dataset is provided in Sec 5.2.1. Second, pre-
processing of our dataset was applied and discussed in Sec 5.2.2. Third, in Sec 5.2.3 we

mentioned the details about our classification models. Finally, Sec 5.2.4 explains our
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experimental setup and Sec 5.2.5 describes the performance measures used for model

evaluation. An overview of our classification experiments is presented in Figure 5.1.

Noise — e
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Figure 5.1: Block diagram explaining our methodology for the classification of Arabic
app reviews.

5.2.1 Dataset

For Arabic app reviews classification, we labeled 2900 reviews using Appen crowd-
sourcing platform as described in Chapter 3, Section 3.3.2. We are going to use 1000
reviews for training, 900 reviews for validation, and 1000 reviews for testing. Figure
5.2 shows the distribution of reviews categories in our labeled dataset. In our labeled
classification dataset, 52% of the reviews was from Android platform, and 48% from

iOS platform, see Figure 5.3.

5.2.2 Data Preprocessing

To improve the performance of our machine learning models, we employed NLP tech-
niques, including stopword removal, review text cleaning, Arabic letter normalization,
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Figure 5.2: Distribution of reviews categories for our labeled classification dataset.
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Figure 5.3: Distribution of platforms for our labeled classification dataset.
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Table 5.1: Effect of stopword removal on the average length of an app review (in
words) using different lists of Arabic stopwords.

Original Average Length (AL) | 13 words
AL after removing 1% list 11 words
AL after removing 2"¢ list 10 words
AL after removing 379 list 12 words
AL after removing all lists 9 words

and lemmatization. Details of each preprocessing step are explained in the following

subsections.

Stopword Removal

To filter out stopwords from our dataset, we used three lists of Arabic stopwords. The
first list contains approximately 250 stopwords, and it was provided by the NLTK
[84], a Python [85] library. The second list is the largest publicly available list of
Arabic stopwords, which includes 750 words [86]. As a third list, we added ourselves
a few words that we think will not affect the semantics of the sentence when removed,
such as app, application, and game. Table 5.1 describes the average length of an app

review before and after applying stopword removal using different stopword lists.

Text Cleaning

App reviews are mostly written using limited smartphone keyboards; thus, noise such
as numbers, extra symbols, and/or non-Arabic words [61]. Our goal in this step is to
clean Arabic reviews from such non-informative words and symbols and to produce
more meaningful and analyzable reviews for our machine learning models. Most of

the following cleaning tasks was performed using regular expressions:
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« Remove all uniform resource locators (URLs) from each app review.
o Remove numbers from each app review.

o Remove punctuation characters using the list of punctuation provided by
Python. We also added Arabic punctuation characters such as reversed question

marks.

o Strip diacritical marks in Arabic language (also called Tashkeel), and strip
Kashida which is a type of justification used in Arabic language (also called

Tatweel).
« Normalize Arabic letters (e.g., ¢ 9¢8cl).
e Remove non-Arabic words from each app review using PyArabic [83] Python
library.
Lemmatization

Lemmatization help machine learning classifiers by uniting words with similar mean-
ings but various language forms, which will decrease the number of unique words in
the dataset [13]. This will assist the classifier in focusing on the most important words
in the dataset. Table 5.2 describes the impact of lemmatization and text cleaning on

the number of unique words when applied on our dataset.

5.2.3 Classification Models

In this section, a background about the proposed classification models is presented
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Table 5.2: Impact of text cleaning and lemmatization on the number of unique words
in our classification dataset.

# of Unique Words | Reduction Rate
Original dataset 12,337 words -
Cleaning only 10,453 words 15%
Lemmatization only 5952 words 52%
Cleaning + Lemmatization 5629 words 64%

and a detailed architecture of each model is described.

Model Definition

An RNN is a deep learning system that is utilized in different NLP problems [89].
RNN models stimulate the human brain when reading and understanding sentences.
This model adopts the same principle of the human brain when reading sentences,
word by word, by holding over memories of previous words, which gives the reader a
better understanding of the meaning implied by the sentence [90]. RNNs suffer from
gradient-exploding and gradient-vanishing problem [91] which make these models more
difficult to train especially when capturing long-term dependencies. To address this
issue, GRU has been proposed and has shown high effectiveness in various NLP tasks
[92]. Another variant of the unidirectional GRU is the Bi-GRU, which keeps memories
from previous states as well as future states and this will improve the accuracy of the

final output [93].

Model Architecture

Three different RNN models were utilized for app review classification experiments,
namely, RNN, GRU, and Bi-GRU. Figure 5.4 presents the architectures of our

models. In the previous figure, the input is one app review converted to sequences
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Figure 5.4: Architecture of our deep learning models for app review classification.

of word vectors (WV) using word-level one-hot encoding. The first hidden layer in
all models is an embedding layer, which is used to represent the words of each app
review as dense vectors. Words with similar meanings will have similar vectors. The
embedding layer can be trained or pretrained. Weights are randomly initialized for
trained word embeddings and updated during training, while in pretrained word
embeddings, weights are precomputed. For most experiments, the precomputed
embeddings were used. We leveraged the pretrained AraVec [94] model that was
trained by Soliman et al. [95] on the Twitter dataset. The dimension of the pretrained

embedding is 300 and it contains approximately 1.5 million words (1,476,715 words).

The output of the embedding layer is the input for the next layer of each model,
RNN, GRU, or Bi-GRU. Each of these layers has 128 units. Next, the output from
the neuron layers is passed to a Dense [96] layer with 128 neurons followed by a
dropout [97] layer with a 0.7 dropout value. The dropout layer is used to reduce

overfitting of the model by randomly activating and deactivating some neurons in
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these layers.

Finally, a dense layer with one neuron combines all neurons from the previous
layer to a fully connected layer and uses softmax as an activation function, which
calculates the probability for each class. The final output of the model will be the
class or category which has the highest probability. The softmax function, denoted

by o(2);, can be calculated using the following formula:

o(2)i=—=xg—— 5.1
(2) S (5.1)

Where z is the input vector to the Softmax function, and each z; is an element of
that input vector. K is the number of classes in the multiclass model. The term in
the denominator of the equation is the normalization term, used to ensure that each
output value are in the range between 0 and 1, and all outputs sum up to 1.

Categorical cross entropy was used as a loss function for most models. For imbalanced
datasets, a special loss function was used, called Focal Loss [105], which penalizes
instances that are easy-to-classify more lightly than hard to classify instances. The
selected optimizer was Adam [98] with a learning rate of le-3 for optimizing the

parameters of the model [99].

5.2.4 Experimental Setup

To implement our classification models, we used the Keras library [100], [90], a Python

library for deep learning based on TensorFlow [101]. TensorFlow is a Python library
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for machine learning and artificial intelligence applications provided by Google. To
perform our experiments, we utilized Google Colab [102], which is a research project
from Google suited for running machine learning projects on powerful hardware re-
sources. The platform employs the Jupyter notebook service [103] to run Python code

interactively through the browser [104].

5.2.5 Evaluation Measures

For performance evaluation of our classifiers used for classification of app reviews, two
metrics were used, which are Accuracy and F1-measure (F1-score). Accuracy can be
defined as the percentage of correctly predicted sentiments of app reviews among all

app reviews. It can be calculated using the following formula:

TP+TN
TP+TN+ FP+ FN

(5.2)

Accuracy =

F1-score is the harmonic mean of two metrics, which are Precision and Recall. Using
F1l-score is recommended for our classification dataset because it is imbalanced. It

can be calculated using the equation below.

Precision * Recall
F =2 )
Leeore * Precision + Recall (5:3)

5.3 Results and Discussions

This section presents and discusses the results of our experiments in the classification
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of Arabic app reviews.

5.3.1 Model Selection

In this experiment, we compared three RNN models, namely, RNN, GRU, and Bi-
GRU to select the best model. Table 5.3 presents the performance evaluation of the
three models. The F1-score recorded in the table is the macro average. As shown in
Table 5.3, the Bi-GRU model outperforms other models with 0.54 accuracy score and

0.32 F1l-score.

Table 5.3: Performance comparison of three RNN models in classification of Arabic
app reviews.

Model Accuracy | Fl-score
RNN 0.43 0.27
GRU 0.51 0.29
Bi-GRU 0.54 0.32

5.3.2 Experiment Results

We selected the best model from the previous experiment and trained it using the
whole labeled classification dataset. The dataset size is 2900 and it was divided as
follows: 1000 for training, 900 for validation, and 1000 for testing. Two embedding
configurations were applied, trained word embeddings and pretrained word embed-
dings. Table 5.4 describes the output of our experiments. The highest performance
was 0.65 accuracy and 0.50 Fl-score, and achieved when using Bi-GRU model with
pretrained word embeddings. It is worth noting that utilizing pretrained embeddings

produced better F1-score. This can be attributed to the small size of our classification
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dataset, in which trained embeddings are not reliable.

Table 5.4: Evaluation results of comparing our best model with various embeddings.

Model Accuracy | Fl-score
Trained Embedding 0.54 0.32
Pre-trained Embedding 0.65 0.50

5.3.3 Results Discussion and Improvements

The best model from our experiment achieved low performance. This can be attributed

to the following reasons:

1. Imbalanced dataset: Figure 5.5 shows the distribution of our training dataset
where app review categories are imbalanced. In such cases, during the learning
process of the machine learning model, one class will be preferred over other

classes which leads to low performance.

2. Data scarcity: the small size of our training dataset is another possible reason
for our unsatisfactory results. Deep learning systems are data hungry and require

larger datasets to achieve adequate results.

We applied different techniques to overcome these weaknesses. The following subsec-
tions describes the proposed techniques and presents the experimental results after

applying each technique.

Under-sampling

To balance our dataset, we performed under-sampling on the training dataset by
randomly reducing app reviews of each category to the number of app reviews of
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Figure 5.5: Distribution of app review categories for our training dataset.
the least category. Figure 5.6 presents the distribution of our training dataset after
under-sampling. Our best model was trained on the balanced dataset and recorded
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Figure 5.6: Distribution of review categories for our training dataset after data bal-
ancing using under-sampling.

an Fl-score of 0.505. Table 5.5 shows a slight improvement in the performance of our
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model after under-sampling.

Table 5.5: Performance results of our best model with imbalanced data compared
with balanced data by under-sampling

Model Training Size | Accuracy | F1l-score
Imbalanced 850 0.654 0.499
Under-sampling 392 0.551 0.505

Special Loss Function

Another solution to deal with imbalanced datasets is to utilize special loss functions.
In our experiment, we leveraged a function called Focal Loss [105]. It applies down
weighting by penalizing easy-to-classify instances more lightly than hard to classify

instances. Focal Loss can be represented using the following formula:

=n

FocalLoss = Z(z — p")log(pi) (5.4)

=1

where (i —p’)7 is the modulating factor that was added to implement down weighting
[105]. We retrained our imbalanced dataset using the Focal Loss function and achieved
a slightly better F1-score of 0.508. Table 5.6 presents a performance comparison of our

best model by applying the under-sampling technique and the special loss function.

Table 5.6: Performance results of our best model with imbalanced data compared with
balanced data by under-sampling, and imbalanced data using special loss function.

Model Training Size | Accuracy | Fl-score
Imbalanced 850 0.654 0.499
Under-sampling 392 0.551 0.505
Imbalanced + Focal Loss 850 0.635 0.508
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Data Augmentation

The previous techniques tackled the issue of imbalanced datasets. Although there
were improvements in the performance, the overall performance needs further en-
hancements. In addition, the data scarcity problem has not yet been resolved. One
solution is to label more data for our classification task, but it becomes unlikely be-
cause of the shortage of manual labors and the limited resources of this research work.
Alternatively, data augmentation techniques were used to produce more training data
from our original training dataset.

Data augmentation is the process of generating artificial data from available dataset.
Augmentation in NLP field still immature in contrast to Computer Vision field [31].
To perform data augmentation, we utilized a pretrained word embedding model to
produce new app reviews that are semantically similar to the original app reviews and
we copied the same assigned label from the old app review to the newly produced
review. The pretrained AraVec [94] model was utilized in our data augmentation pro-
cess. Examples of augmented Arabic app reviews are presented in Table 5.7.

Two types of augmentation were applied: Flat Augmentation (FA) and Balanced

Table 5.7: Examples of augmented Arabic app reviews.
Labels key: IR: Improvement Request, BR: Bug Report, R: Rating, O: Others.
# Review Text Augmented Text Label
1 Cgdoad) Clay Lgls Cudss by Ly | BR
b JyJ Jo> 8.4 et
61 48 gonlly oy Lo 50 ded) | &7 s 7 e 4
M\&ww\;ﬂb%ﬂ\ o ‘

Augmentation. In flat augmentation, app reviews of each category were multiplied
by a similar multiplication factor (MF) and the produced datasets are not balanced.
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Table 5.8: Example of data augmentation process to balance our classification dataset.
BF': Bug Report, IR: Improvement Request, O: Others, R: Rating, FA: Flat

Augmentation, and BF: Balanced Augmentation.

Data Size | BR | IR O R
Original Data 3000 700 | 100 | 500 | 1700

FA | Multiplication Factor X2 X2 X2 X2 X2
Output Data 6000 1400 | 200 | 1000 | 3400
Original Data 3000 700 | 100 | 500 | 1700

BA Multiplication Factor X2 x3 x15 x3 x1
Output Data 6000 1500 | 1500 | 1500 | 1500

On the other hand, in balanced augmentation, app reviews of each category were

multiplied by a different multiplication factor depending on the category size and the

output datasets are balanced. Table 5.8 presents an example of the produced datasets

after applying flat and balanced augmentation using the multiplication factor (x2).

Distribution of datasets after applying flat and balanced augmentation is presented in

Figure 5.7.
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In our experiment, we used three multiplication factors (2, 5, and 10) and
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Figure 5.7: Distribution of our training dataset after applying different techniques.

we trained our best model on the produced datasets. The performance results of our

85



flat augmentation experiments are presented in Table 5.9. The results of our balanced
augmentation experiments are summarized in Table 5.10. We can conclude that the
performance of our model improve as we increase the size of the training dataset and

having balanced datasets for training impacted the performance positively.

Table 5.9: Performance results of our best model with imbalanced datasets using flat

augmentation.
Model Training Size | Accuracy | Fl-score
Imbalanced (x2) 1700 0.630 0.547
Imbalanced (x5) 4250 0.674 0.579
Imbalanced (x10) 8500 0.662 0.595

Table 5.10: Performance results of our best model with imbalanced datasets using flat

augmentation.
Model Training Size | Accuracy | Fl-score
Balanced (x2) 1700 0.631 0.564
Balanced (x5) 4250 0.641 0.578
Balanced (x10) 8500 0.662 0.601

Results Summary

To summarize, we compared three RNN models on our classification dataset and the
best model was Bi-GRU. We utilized pretrained word embeddings which improved
the performance. After that, we used different techniques to improve the results of
our model including, using special loss function, balancing the training dataset using
under-sampling, increasing and balancing the dataset by data augmentation.

Table 5.11 presents the configurations and options utilized in our app review classifi-
cation experiments. Table 5.12 presents F'1-score results summary of different exper-
iments for the classification of Arabic app reviews and Table 5.13 shows the accuracy
results summary.

86



From the results summary, it can be noticed that usage of special loss and pretrained
embedding enhances the performance of classifiers. Also, there is a proportional rela-
tionship between the size of the training data and the performance scores: when we
have more training data, we got better model performance. In addition, data balanc-
ing positively improves the performance of classifiers. The most right bottom F1-score
have achieved the highest performance among other models and configurations with
0.60 Fl-score. This confirms the advantage of using data augmentation (DA) tech-
niques for data balancing, utilizing pretrained word embedding, and leveraging special

loss functions, and emphasizes the benefits of using DA to balance the data.

Table 5.11: Summary and overview of configurations and options utilized in our ex-
periments for the classification of Arabic app reviews.

Model Name Model Description

Bi-GRU Our best Bi-GRU model

Bi-GRU + Loss Bi-GRU model with Focal Loss function

Bi-GRU + Embed Bi-GRU model with pretrained Embeddings

Bi-GRU + Embed + Loss Bi-GRU model with pretrained Embeddings and
Focal Loss

Table 5.12: Fl-score results of different experiments for Arabic App Review Classifi-

cation.

Dataset Name Train Size | Bi-GRU | Bi-GRU+Loss | Bi-GRU+Embedding | Bi-GRU+Embedding+Loss
Imbalanced 850 0.315 0.323 0.499 0.508
Under-sampling 392 0.276 0.302 0.505 0.516
Imbalanced (x2) 1700 0.343 0.333 0.514 0.547
Imbalanced (x5) 4250 0.363 0.383 0.540 0.579
Imbalanced (x10) 8500 0.400 0.460 0.580 0.595

Balanced (x2) 1700 0.357 0.399 0.551 0.564

Balanced (x5) 4250 0.412 0.447 0.569 0.578

Balanced (x10) 8500 0471 0.489 0.590 0.601
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Table 5.13: Accuracy results of different experiments for Arabic App Review Classi-

fication.

Dataset Name Train Size | Bi-GRU | Bi-GRU+Loss | Bi-GRU+Embedding | Bi-GRU+Embedding+Loss
Imbalanced 850 0.564 0.580 0.645 0.635
Under-sampling 392 0.265 0.300 0.551 0.563
Imbalanced (x2) 1700 0.600 0.590 0.652 0.630
Imbalanced (x5) 4250 0.590 0.590 0.670 0.674
Imbalanced (x10) 8500 0.530 0.590 0.650 0.662

Balanced (x2) 1700 0.474 0.514 0.642 0.631

Balanced (x5) 4250 0.488 0.512 0.623 0.641

Balanced (x10) 8500 0.588 0.552 0.641 0.662
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CHAPTER 6

CONCLUSION AND FUTURE

WORK

Analyzing app reviews is critical for app developers to understand and satisfy users’
needs and to facilitate app development and maintenance tasks. It is practically in-
feasible for app developers to manually extract useful information from app reviews,
especially with the massive volume of reviews per app and the amount of noise they
include. To solve this problem, automatic approaches for analyzing and classifying app
reviews have been proposed and discussed in the literature. Most existing research
has discussed English app reviews, and a limited number of studies have explored
Arabic app reviews. As far as we know, there are no datasets of Arabic app reviews
that are publicly accessible. In this thesis, we collected a large dataset of Arabic app
reviews and annotated samples of the dataset for sentiment analysis and classifica-
tion tasks. Moreover, we trained and evaluated different machine learning classifiers

on sentiment analysis and classification of Arabic app reviews. We also empirically
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evaluated the effectiveness of applying data augmentation on the model performance,
and we explored the feasibility of translating Arabic app reviews to English language
and then applying sentiment analysis and classification to the translated reviews. In

this chapter, research contributions, limitations and future work will be discussed.

6.1 Contributions

The contributions of this research are summarized below:

1. Two Public Datasets of Arabic App reviews
In this research, two datasets were collected and prepared for the sentiment
analysis and the classification of Arabic app reviews. All datasets will be acces-
sible to the public to enable research in the field of Arabic app reviews. The first
dataset is the sentiment analysis dataset, in which app reviews were annotated
by positive and negative classes for sentiment analysis tasks. The annotation
was performed automatically based on the star rating of each app review. The
size of the balanced dataset is 29,700 reviews, where there are 14,850 reviews
for each class. The second dataset is related to the classification of Arabic app
reviews. The annotation was outsourced using a crowdsourcing platform. App
reviews was labeled into four categories: bug reports, improvement requests,
ratings, and others. The resulting dataset has a total of 2900 reviews, 1000 for
training, 900 for validation and 1000 for testing. The distribution of categories
is described as follows: 1212 reviews for the Rating category, 800 reviews for

the Bug Report category, 542 reviews for the Others category, and 346 reviews
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for the Improvement Request category.

2. Sentiment Analysis of Arabic App Reviews
Recurrent neural network (RNN) approaches were proposed and evaluated us-
ing a bidirectional gated recurrent unit (Bi-GRU). Our best model achieved
an F-Measure score of 0.87 after applying different NLP techniques and using

precomputed embedding.

3. Classification of Arabic App Reviews
Recurrent neural network (RNN) approaches were proposed and evaluated us-
ing a bidirectional gated recurrent unit (Bi-GRU). Our baseline model achieved
an F-Measure score of 0.319, was improved to 0.499 with pretrained embedde-
ings, and further improved to achieve 0.508 by utilizing special loss function for
imbalanced datasets. Our best performance was an Fl-score of 0.601 and was
achieved after applying data augmentation to balance the training dataset along

with utilizing pretrained word embeddings and special loss function.

6.2 Limitations

The limitations of our research are as follows:

o The small dataset size is considered one limitation of our work. Machine learning
classifiers work better with large datasets, as we concluded when applying data
augmentation to increase the dataset size. This limitation can be attributed to

the shortage of manual labor to apply annotation for the dataset which can be
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considered another limitation for this work.

o Another limitation is the shortage of available Arabic resources regarding text
preprocessing, such as Arabic spelling correctors, Arabic stemmers and Arabic
lemmatizers. Few resources are available with modest capabilities and still needs

to be improved.

e The limited number of previous studies regarding the analysis of Arabic app
reviews and the unavailability of public datasets for Arabic app reviews are
limitations of this work. We can also consider our work on classifying Arabic
app reviews the first work in the field, hence, no previous work to benchmark
and compare with. Exploring a new field, facing its challenges, and overcoming

its obstacles are more difficult and challenging.

6.3 Areas for Improvements

There are some recommendations to improve this work which are described below:

e The use of additional non-textual features to improve the performance of the
classification models. Examples of non-textual features are: star rating, review

sentiment, and review length.
e The utilization of transformers and attention-based models.

o The utilization of contextual embeddings such as BERT and AraBERT.
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6.4 Future Work

Possible future work related to the sentiment analysis of Arabic app reviews include
three-class classification problem (positive, negative, and neutral), five-class problem
by predicting the star rating of Arabic app reviews, and multilabel classification where
one app review can be labeled as positive and negative. The future work related
to Arabic app review classification is to extend the classification work to multilabel

classification where one app review can belong to multiple categories.
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APPENDIX A

DETAILS OF SELECTED

ANDROID APPS

Table A.1: Details of Selected Android Apps

App Name Category
High Heels! Action
Girl Genius! Puzzle
Sculpt people Simulation
Pencil Rush 3D Casual
Perfect Date 3D Simulation
Blob Runner 3D Action
Pixel Rush Casual
Going Balls Casual
Impostor vs Crewmate Action
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Continuation of Table A.1

App Name Category
My Town : Hotel Free Educational
UNIVERSE Entertainment
Stick Clash Casual
Water Sort Puzzle Color Puzzle
Thief Puzzle Puzzle
My Story - Mansion Makeover Puzzle

Tawakkalna (Covid-19 KSA)
Absher

Tabaud (COVID-19 KSA)
ABSHER individuals

Fat Pusher

TikTok

Eatmarna

Shift Race

WhatsApp Messenger
Phone Case DIY
Telegram

Snapchat

Likee - Let You Shine

Join Clash 3D

Health & Fitness
Productivity
Health & Fitness
Productivity
Arcade

Social

Travel & Local
Casual
Communication
Simulation
Communication

Social

Video Players & Editors

Arcade
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Continuation of Table A.1

App Name Category
Tricky Track 3D Arcade
noon shopping Shopping
Roblox Adventure
Sehhaty Health & Fitness

SHEIN-Fashion Shopping Online

Instagram

Type Spin

Madrasti

Clubhouse

Emoji Puzzle!

imo free video calls and chat
Amazon Shopping

DOP 2: Delete One Part
Smash Colors 3D

My Town

Twitter

SHAREit - Transfer & Share
One Booster

Al Rajhi Mobile

StarMaker

Shopping
Social
Racing
Education
Productivity
Puzzle
Communication
Shopping
Puzzle
Music
Educational
Social

Tools

Tools
Finance

Music & Audio
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Continuation of Table A.1

App Name

Category

Hitmasters

HungerStation

Google Translate

Red Imposter

Z0OO0OM Cloud Meetings
Fashion queen

Cura

Google Play Games

Wacky Run

SuperVPN Free VPN Client
Minecraft

Grand Theft Auto: San Andreas
Desert Maps - Saudi Arabia
RFS - Real Flight Simulator
Bloons TD 6

Panda Gamepad Pro (BETA)
Grand Theft Auto: Vice City

Hitman Sniper

My PlayHome : Play Home Doll House

My PlayHome Stores

Action

Food & Drink
Tools

Action
Business

Role Playing
Medical
Entertainment
Action

Tools

Arcade
Action

Travel & Local
Simulation
Strategy
Tools

Arcade
Action

Casual

Casual




Continuation of Table A.1

App Name

Category

Radarbot Pro

My PlayHome School

Infinite Flight - Flight Simulator

MX Player Pro

DiskDigger Pro file recovery
Torque Pro (OBD 2 & Car)
Five Nights at Freddy’s
Stickman Legends

My PlayHome Hospital
Construction Simulator 2014
0&D

ePSXe for Android

Grand Theft Auto III
Bully: Anniversary Edition
My Town : Beach Picnic
DamonPS2 Pro

Nova Launcher Prime
Geometry Dash

Human: Fall Flat

PGT: Pro GFX

Maps & Navigation
Casual

Simulation

Video Players & Editors
Tools
Communication
Action

Action

Casual

Simulation

Music & Audio
Arcade

Action

Action

Educational

Action
Personalization
Arcade

Puzzle

Tools
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Continuation of Table A.1

App Name

Category

My Town : Daycare

Evertale

Rayman Fiesta Run

The Room

PUBG MOBILE - DREAM TEAM
BIGO LIVE

Tango

Yalla Ludo

Garena Free Fire - The Cobra
YoYo

Azar - Video Chat

Rise of Kingdoms:

Revenge of Sultans

State of Survival
TopTop-Online Mak-ha
WOLF

Ahlan-Free Group Voice Chat
StreamKar

Nida Harb 3

Lords Mobile

Educational
Role Playing
Action

Puzzle

Action

Social

Social

Board

Action
Entertainment
Communication
Strategy
Strategy
Strategy
Social
Entertainment
Entertainment
Social
Strategy

Strategy
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Continuation of Table A.1

App Name Category
Yalla - Free Voice Chat Rooms Entertainment
YoHo Social
Lamour Social
Top War: Battle Game Strategy
imo beta free calls and text Communication
Mobile Legends: Bang Bang Action
Chamet Social
INVASION Strategy
Clash of Clans Strategy
MICO Social
Brawl Stars Action
Mafia City Strategy
Evony: The King’s Return Strategy
Hakuna Entertainment
Hello Yo Social
Call of Duty®: Mobile Action
HAGO-Let’s hang out! Social
Empires & Puzzles: Epic Match 3 Puzzle
Tinder Lifestyle
Baloot VIP Card
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Continuation of Table A.1

App Name Category
StarChat-Group Voice Chat Room Entertainment
Google One Productivity
Gardenscapes Casual
Frontier Justice Strategy
SayHi Chat, Meet New People Social
Shahid Entertainment
LivU Social
8 Ball Pool Sports
Jawaker Trix Card
Love Pins Puzzle
Nonolive Entertainment
iRecorder - Video Recorder Tools
AlAhliToken Finance
Bad Girls Wrestling Rumble Adventure
Jeruk Live Entertainment
Wartfare Strike Strategy
Free VPN Key Tools
Stacky Dash Action
House Life 3D Simulation
Ultra Stream Entertainment
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Continuation of Table A.1

App Name Category
Find My Phone Whistle Personalization
Puzzle King Puzzle
Floward Shopping
Girls Face Emoji Remover Photography
Brainzzz Puzzle
Hyper Jobs Casual
( Tetamman ) Medical
Ashanak Communication
Mawid Health & Fitness
(Mawared) Health & Fitness

Kollona Amn

Asefni

Monshaat Windows

Ministry of Environment, Water & Agriculture
Public Pension Agency | PPA

Saudi Council of Engineer

Sakani

Ministry Of Justice - MOJ

VAT

Baladi 940

Tools

Medical
Productivity
Business
Business
Business

House & Home
Productivity
Business

Business
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Continuation of Table A.1

App Name Category
CITC KSA Communication
Saudi Post Tools
Watani - We hear you Lifestyle
Tameni Health & Fitness
Virtual Kindergarten Education
Safeer Students Education
Tawasul - Ministry of Education Education
Jawazat Productivity
Fazaah 998 Productivity
Ministry of Commerce (KSA) Business
Maroof Shopping
ALKAHRABA Business
My job information Business
Citizen Account Productivity
together to monitor Business
GOSI Business
Aqar advisor - Customer Business
Saudi Regulations Manual Books & Reference
Zakaty Finance
Enjoy Saudi Entertainment
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Continuation of Table A.1

App Name

Category

Roads

Qur’an of the Prophet’s city

Business

Books & Reference
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APPENDIX B

DETAILS OF SELECTED IOS

APPS

Table B.1: Details of Selected iOS Apps

App Name Category
Tabaud (COVID-19 KSA) Health & Fitness
Sehhaty Health & Fitness,Medical
Tawakkalna (Covid-19 KSA) Health & Fitness
( Tetamman ) Medical,Health & Fitness
( Sehha ) Medical,Health & Fitness
Ashanak Business
Mawid Health & Fitness,Medical
(Mawared) Health & Fitness,Medical
Madrasti Education
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Continuation of Table B.1

App Name

Category

Absher

Kollona Amn

Asefni

Monshaat Windows

Ministry of Environment, Water & Agriculture

Public Pension Agency
Saudi Council of Engineers
Sakani

Ministry Of Justice - MOJ
VAT

Saudi Airports

Baladi 940

Eatmarna

CITC KSA

Saudi Post

Watani - We hear you
Tameni

Virtual Kindergarten
Tawasul - Ministry of Education

Jawazat

Productivity

Utilities

Medical, Utilities

Business

Utilities

Business

Utilities,News
Business,Social Networking
Reference,Productivity
Business,Finance
Travel,Navigation
Utilities

Travel, Business

Business
Utilities,Lifestyle
Reference,Lifestyle
Health & Fitness,Lifestyle
Education,Entertainment
Education, Utilities

Utilities,Productivity
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Continuation of Table B.1

App Name

Category

Fazaa Service

Ministry of Commerce (KSA)
Maroof

Discounts

Fatoraty

ALKAHRABA

My job information

Citizen Account

together to monitor

GOSI

Agar advisor - Customer
Saudi Regulations Manual
Enjoy Saudi

Roads

Qur’an of the Prophet’s city
Clubhouse

ABSHER individuals
TikTok

Snapchat

Microsoft Teams

Utilities,Reference

Utilities

Shopping,Business

Shopping, Lifestyle

Finance

Utilities,Finance

Business
Productivity,Utilities
Business

Utilities,Business
Business,Finance

Utilities

Entertainment, Travel
Business,Productivity
Productivity,Books

Social Networking
Productivity
Entertainment,Photo & Video
Photo & Video,Social Networking

Business,Productivity
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Continuation of Table B.1

App Name

Category

YouTube

Telegram Messenger
Instagram

Google Maps
AlRajhi Mobile
Pinterest

Facebook

Akinator

Gmail

Amazon

ALBAIK Delivery
Google Chrome
ToYou

3D Live Wallpapers & HD Themes
PicsArt

mystc KSA
HungerStation
Roblox

Jahez

Cute CUT Pro

Photo & Video,Entertainment
Social Networking,Productivity
Photo & Video,Social Networking
Navigation,Food & Drink
Finance

Lifestyle,Photo & Video

Social Networking
Entertainment, Trivia,Games,Family
Productivity,Social Networking
Shopping, Lifestyle

Food & Drink,Lifestyle
Utilities,Productivity

Shopping

Lifestyle,Entertainment

Photo & Video,Social Networking
Utilities,Reference

Food & Drink,Lifestyle

Games,Adventure, Entertainment, Action

Food & Drink

Photo & Video,Entertainment
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Continuation of Table B.1

App Name

Category

Minecraft

Forest

LumaFX

Bully: Anniversary Edition
Tube Browser for youtube
Radarbot Pro

ProCam 8

Notability

DrawTextPath
CamScanner +

GTA: Liberty City Stories
Safety Photo+Video Pro
Free Tone

Granny Smith

AdBlock

Yalla Ludo

Azar

Tango

Yalla

Rise of Kingdoms

Games,Simulation,Adventure
Productivity,Lifestyle

Photo & Video,Productivity
Games,Adventure, Action

Utilities

Navigation, Travel

Photo & Video
Productivity,Education

Photo & Video

Productivity, Business
Games,Action,Adventure
Utilities,Photo & Video

Social Networking, Utilities
Games,Casual Entertainment,Racing
Utilities,Productivity

Games,Social Networking,Board,Family
Social Networking

Social Networking, Entertainment

Entertainment,Social Networking

Games,Role-Playing,Strategy
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Continuation of Table B.1

App Name

Category

Tinder

State of Survival
Garena Free Fire
Frontier Justice
Clash of Clans
Ludo STAR
Lamour-Live
Top War
LinkedIn
Hakuna

MICO
StarMaker

Call of Duty
Skout

YouTube Music
Gardenscapes
Homescapes
OSN - Streaming App
SayHi Chat

Infltr

Lifestyle,Social Networking
Games,Role-Playing,Strategy
Games,Action,Adventure
Games,Strategy,Role-Playing
Games,Action,Entertainment,Strategy
Games,Family,Board, Entertainment
Social Networking
Games,Strategy,Role-Playing

Business

Entertainment

Social Networking, Entertainment
Music,Social Networking

Games,Action

Social Networking, Lifestyle
Music,Entertainment
Games,Entertainment,Puzzle,Simulation
Games,Entertainment,Puzzle, Simulation
Entertainment, Lifestyle

Social Networking,Photo & Video

Photo & Video,Lifestyle
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Continuation of Table B.1

App Name

Category

Texas Hold’em Poker
CamScanner

Twitch

Mafia City

Likee

Anghami

Games,Card,Entertainment,Casino
Productivity, Business

Photo & Video,Social Networking
Games,Strategy

Photo & Video,Social Networking

Music,Entertainment

111




1]

2]

REFERENCES

A. Chader, L. Hamdad, and A. Belkhiri, “Sentiment analysis in google play
store: Algerian reviews case,” in International Symposium on Modelling and

Implementation of Complex Systems. Springer, 2020, pp. 107-121.

V. T. Dhinakaran, R. Pulle, N. Ajmeri, and P. K. Murukannaiah, “App review
analysis via active learning: reducing supervision effort without compromising
classification accuracy,” in 2018 IEEE 26th International Requirements Engi-

neering Conference (RE). 1EEE, 2018, pp. 170-181.

(2020, aug) Number of smartphone users from 2016 to
2021. [Online].  Available: https://www.statista.com/statistics/330695/

number-of-smartphone-users-worldwide/

J. Clement. (2020, sep) Number of apps available in leading app stores as of 1st
quarter 2020. [Online|. Available: https://www.statista.com /statistics/276623/

number-of-apps-available-in-leading-app-stores/

M. Tavakoli, L.. Zhao, A. Heydari, and G. Nenadi¢, “Extracting useful software

development information from mobile application reviews: A survey of intelli-

112


https://www.statista.com/statistics/330695/number-of-smartphone-users-worldwide/
https://www.statista.com/statistics/330695/number-of-smartphone-users-worldwide/
https://www.statista.com/statistics/276623/number-of-apps-available-in-leading-app-stores/
https://www.statista.com/statistics/276623/number-of-apps-available-in-leading-app-stores/

[10]

[11]

[12]

gent mining techniques and tools,” Ezxpert Systems with Applications, vol. 113,

pp. 186-199, 2018.

(2023, feb) Instagram on the app store. [Online]. Available:  https:

//apps.apple.com /us/app/instagram /id389801252

(2022, feb) Tawakkalna (covid-19 ksa) on the app store. [Online]. Available:

https://apps.apple.com/sa/app/tawakkalna-covid-19-ksa/id1506236754

b

R. Chandy and H. Gu, “Identifying spam in the ios app store,” in Proceedings

of the 2nd Joint WICOW /AIRWeb Workshop on Web Quality, 2012, pp. 56-59.

A. Heydari, M. Tavakoli, and N. Salim, “Detection of fake opinions using time

series,” Expert Systems with Applications, vol. 58, pp. 83-92, 2016.

E. Ha and D. Wagner, “Do android users write about electric sheep? examining

consumer reviews in google play,” in 2013 IEEE 10th Consumer Communica-

tions and Networking Conference (CCNC). 1EEE, 2013, pp. 149-157.

S. Panichella, A. Di Sorbo, E. Guzman, C. A. Visaggio, G. Canfora, and H. C.
Gall, “How can i improve my app? classifying user reviews for software main-
tenance and evolution,” in 2015 IEEE International Conference on Software

Maintenance and Evolution (ICSME). 1EEE, 2015, pp. 281-290.

D. Pagano and W. Maalej, “User feedback in the appstore: An empirical study,”
in 20138 21st IEEE international requirements engineering conference (RE).

IEEE, 2013, pp. 125-134.

113


https://apps.apple.com/us/app/instagram/id389801252
https://apps.apple.com/us/app/instagram/id389801252
https://apps.apple.com/sa/app/tawakkalna-covid-19-ksa/id1506236754

[13]

[14]

[15]

[16]

[17]

[18]

E. Guzman and W. Maalej, “How do users like this feature? a fine grained sen-
timent analysis of app reviews,” in 2014 [EFE 22nd international requirements

engineering conference (RE). 1EEE, 2014, pp. 153-162.

L. Hoon, R. Vasa, G. Y. Martino, J.-G. Schneider, and K. Mouzakis, “ Awesome!
conveying satisfaction on the app store,” in Proceedings of the 25th Australian

Computer-Human Interaction Conference: Augmentation, Application, Innova-

tion, Collaboration, 2013, pp. 229-232.

T.-P. Liang, X. Li, C.-T. Yang, and M. Wang, “What in consumer reviews
affects the sales of mobile apps: A multifacet sentiment analysis approach,”

International Journal of Electronic Commerce, vol. 20, no. 2, pp. 236260, 2015.

E. Guzman, O. Aly, and B. Bruegge, “Retrieving diverse opinions from app
reviews,” in 2015 ACM/IEEE International Symposium on Empirical Software

Engineering and Measurement (ESEM). 1EEE, 2015, pp. 1-10.

W. Maalej and H. Nabil, “Bug report, feature request, or simply praise? on
automatically classifying app reviews,” in 2015 IEEE 23rd international re-

quirements engineering conference (RE). 1EEE, 2015, pp. 116-125.

J. Oh, D. Kim, U. Lee, J.-G. Lee, and J. Song, “Facilitating developer-user
interactions with mobile app review digests,” in CHI’13 Extended Abstracts on

Human Factors in Computing Systems, 2013, pp. 1809-1814.

114



[19]

[20]

[21]

[22]

[23]

[24]

X. Gu and S. Kim, “”what parts of your apps are loved by users?”(t),” in 2015
30th IEEE/ACM International Conference on Automated Software Engineering

(ASE). 1EEE, 2015, pp. 760-770.

N. Aslam, W. Y. Ramay, K. Xia, and N. Sarwar, “Convolutional neural network
based classification of app reviews,” IEEFE Access, vol. 8, pp. 185619-185 628,

2020.

E. Duffin. (2022, feb) The most spoken languages  world-
wide. [Online].  Available: https://www.statista.com/statistics /266808 /

the-most-spoken-languages-worldwide/

J. Clement. (2020, jun) Most common languages used on the internet as of jan-
uary 2020, by share of internet users. [Online|. Available: https://www.statista.

com/statistics/262946 /share-of-the-most-common-languages-on-the-internet/

M. Al-Smadi, O. Qawasmeh, B. Talatha, and M. Quwaider, “Human annotated
arabic dataset of book reviews for based sentiment analysis,” in 2015 3rd Inter-
national Conference on Future Internet of Things and Cloud. TEEE, 2015, pp.

726-730.

A.-S. Mohammad, O. Qwasmeh, B. Talatha, M. Al-Ayyoub, Y. Jararweh, and
E. Benkhelifa, “An enhanced framework for aspect-based sentiment analysis of
hotels’ reviews: Arabic reviews case study,” in 2016 11th International Confer-
ence for Internet Technology and Secured Transactions (ICITST). 1EEE, 2016,

pp- 98-103.

115


https://www.statista.com/statistics/266808/the-most-spoken-languages-worldwide/
https://www.statista.com/statistics/266808/the-most-spoken-languages-worldwide/
https://www.statista.com/statistics/262946/share-of-the-most-common-languages-on-the-internet/
https://www.statista.com/statistics/262946/share-of-the-most-common-languages-on-the-internet/

[25]

[26]

[27]

28]

[29]

[30]

[31]

32]

M. Rushdi-Saleh, M. T. Martin-Valdivia, L. A. Urena-Loépez, and J. M. Perea-
Ortega, “Oca: Opinion corpus for arabic,” Journal of the American Society for

Information Science and Technology, vol. 62, no. 10, pp. 2045-2054, 2011.

S. Areed, O. Algaryouti, B. Siyam, and K. Shaalan, “Aspect-based sentiment
analysis for arabic government reviews,” in Recent Advances in NLP: The Case

of Arabic Language. Springer, 2020, pp. 143-162.

(2022, feb) goodreads website. [Online]. Available: https://www.goodreads.

com/

(2022, feb) Booking.com website. [Online|. Available: https://www.booking.

com/

(2022, feb) Amazon website. [Online]. Available: https://www.amazon.com/

(2022, feb) Imdb website. [Online|. Available: https://www.imdb.com/

C. Shorten, T. M. Khoshgoftaar, and B. Furht, “Text data augmentation for

deep learning,” Journal of big Data, vol. 8, no. 1, pp. 1-34, 2021.

W. Martin, F. Sarro, Y. Jia, Y. Zhang, and M. Harman, “A survey of app store
analysis for software engineering,” IFEFE transactions on software engineering,

vol. 43, no. 9, pp. 817-847, 2016.

L. Zhang, K. Hua, H. Wang, G. Qian, and L. Zhang, “Sentiment analysis on

reviews of mobile users,” Procedia Computer Science, vol. 34, pp. 458465, 2014.

116


https://www.goodreads.com/
https://www.goodreads.com/
https://www.booking.com/
https://www.booking.com/
https://www.amazon.com/
https://www.imdb.com/

[34]

[35]

[36]

[37]

[41]

X.-M. Lin, C.-H. Ho, L.-T. Xia, and R.-Y. Zhao, “Sentiment analysis of low-
carbon travel app user comments based on deep learning,” Sustainable Energy

Technologies and Assessments, vol. 44, p. 101014, 2021.

D. Martens and T. Johann, “On the emotion of users in app reviews,” in 2017
IEEE/ACM 2nd International Workshop on Emotion Awareness in Software

Engineering (SEmotion). 1EEE, 2017, pp. 8-14.

M. Rahman, S. S. M. M. Rahman, S. M. Allayear, M. Patwary, F. Karim,
M. Munna, T. Ahmed et al., “A sentiment analysis based approach for under-
standing the user satisfaction on android application,” in Data FEngineering and

Communication Technology. Springer, 2020, pp. 397-407.

(2022, feb) Android apps reviews dataset. [Online]. Available:  https:

//github.com/amitt001/Android- App- Reviews-Dataset

A. Gupta and D. Kamthania, “Study of sentiment on google play store applica-

tions,” Awvailable at SSRN 3833926, 2021.

(2022, feb) Google play store apps | kaggle dataset. [Online|. Available:

https:/ /www.kaggle.com/laval8/google-play-store-apps

(2022, jan) http://hdl.handle.net/1959.3/364882. [Online]. Available: http:

//hdl.handle.net/1959.3 /364882

(2020, nov) Studies and datasets in app review analysis. [Online]. Available:

https://mast.informatik.uni-hamburg.de /app-review-analysis/

117


https://github.com/amitt001/Android-App-Reviews-Dataset
https://github.com/amitt001/Android-App-Reviews-Dataset
https://www.kaggle.com/lava18/google-play-store-apps
http://hdl.handle.net/1959.3/364882
http://hdl.handle.net/1959.3/364882
https://mast.informatik.uni-hamburg.de/app-review-analysis/

[42]

[43]

[44]

[46]

M. Thelwall, K. Buckley, G. Paltoglou, D. Cai, and A. Kappas, “Sentiment
strength detection in short informal text,” Journal of the American society for

information science and technology, vol. 61, no. 12, pp. 2544-2558, 2010.

V. Mnih, N. Heess, A. Graves et al., “Recurrent models of visual attention,”

Advances in neural information processing systems, vol. 27, 2014.

E. Guzman, M. El-Haliby, and B. Bruegge, “Ensemble methods for app review
classification: An approach for software evolution (n),” in 2015 30th IEEE/ACM
International Conference on Automated Software Engineering (ASE). 1EEE,

2015, pp. 7T71-776.

K. Nigam, J. Lafferty, and A. McCallum, “Using maximum entropy for text clas-
sification,” in IJCAI-99 workshop on machine learning for information filtering,

vol. 1, no. 1. Stockholom, Sweden, 1999, pp. 61-67.

C. Gao, J. Zeng, X. Xia, D. Lo, M. R. Lyu, and I. King, “Automating app
review response generation,” in 2019 34th IEEE/ACM International Conference

on Automated Software Engineering (ASE). 1EEE, 2019, pp. 163-175.

S. Sadiq, M. Umer, S. Ullah, S. Mirjalili, V. Rupapara, and M. Nappi, “Dis-
crepancy detection between actual user reviews and numeric ratings of google

app store using deep learning,” Fxpert Systems with Applications, vol. 181, p.

115111, 2021.

118



[48]

[49]

[51]

[52]

[53]

[54]

[55]

M. Aly and A. Atiya, “Labr: A large scale arabic book reviews dataset,” in
Proceedings of the 51st Annual Meeting of the Association for Computational

Linguistics (Volume 2: Short Papers), 2013, pp. 494-498.

H. ElSahar and S. R. El-Beltagy, “Building large arabic multi-domain resources
for sentiment analysis,” in Computational Linguistics and Intelligent Text Pro-

cessing. Springer International Publishing, 2015, pp. 23-34.

(2022, jan) Labr: Large scale arabic book reviews. [Online]. Available:

http://www.mohamedaly.info/datasets/labr

(2022, jan) Human annotated arabic dataset of book reviews for aspect based

sentiment analysis. [Online]. Available: https://github.com/msmadi/HAAD

M. Pontiki, D. Galanis, H. Papageorgiou, I. Androutsopoulos, S. Manandhar,
M. Al-Smadi, M. Al-Ayyoub, Y. Zhao, B. Qin, O. De Clercq et al., “Semeval-
2016 task 5: Aspect based sentiment analysis,” in International workshop on

semantic evaluation, 2016, pp. 19-30.

(2022, jan) Oficial repository of semeval-2016. [Online]. Available: http:

//metashare.ilsp.gr:8080 /repository /search/?q=semeval42016

(2022, jan) Oca: Arabic corpus of movie reviews. [Online]. Available:

https://sinai.ujaen.es/index.php/en /research /resources/oca-corpus

(2022, jan)  Large  multi-domain  resources for  arabic  senti-
ment analysis. [Online].  Available: https://github.com/hadyelsahar/
large-arabic-sentiment-analysis-resouces

119


http://www.mohamedaly.info/datasets/labr
https://github.com/msmadi/HAAD
http://metashare.ilsp.gr:8080/repository/search/?q=semeval+2016
http://metashare.ilsp.gr:8080/repository/search/?q=semeval+2016
https://sinai.ujaen.es/index.php/en/research/resources/oca-corpus
https://github.com/hadyelsahar/large-arabic-sentiment-analysis-resouces
https://github.com/hadyelsahar/large-arabic-sentiment-analysis-resouces

[56]

[57]

[58]

[59]

[60]

[61]

R. E. Saudy, E. S. Nasr, M. Alaa El Din, and M. H. Gheith, “Use of arabic
sentiment analysis for mobile applications’ requirements evolution: trends and
challenges,” in International Conference on Advanced Intelligent Systems and

Informatics. Springer, 2017, pp. 477—-487.

M. Al-Ayyoub, A. A. Khamaiseh, Y. Jararweh, and M. N. Al-Kabi, “A compre-
hensive survey of arabic sentiment analysis,” Information processing € manage-

ment, vol. 56, no. 2, pp. 320-342, 2019.

G. Badaro, R. Baly, H. Hajj, W. El-Hajj, K. B. Shaban, N. Habash, A. Al-Sallab,
and A. Hamdi, “A survey of opinion mining in arabic: A comprehensive system
perspective covering challenges and advances in tools, resources, models, ap-

plications, and visualizations,” ACM Transactions on Asian and Low-Resource

Language Information Processing (TALLIP), vol. 18, no. 3, pp. 1-52, 2019.

O. Algaryouti, N. Siyam, and K. Shaalan, “A sentiment analysis lexical resource
and dataset for government smart apps domain,” in International Conference

on Advanced Intelligent Systems and Informatics. Springer, 2018, pp. 230-240.

T. Zhang, J. Chen, X. Zhan, X. Luo, D. Lo, and H. Jiang, “Where2change:
Change request localization for app reviews,” IEEE Transactions on Software

Engineering, 2019.

C. Gao, J. Zeng, M. R. Lyu, and I. King, “Online app review analysis for
identifying emerging issues,” in Proceedings of the 40th International Conference

on Software Engineering, 2018, pp. 48-58.

120



[62]

[63]

[64]

[65]

[67]

[68]

H. Malik, E. M. Shakshuki, and W.-S. Yoo, “Comparing mobile apps by identify-
ing ‘hot’features,” Future Generation Computer Systems, vol. 107, pp. 659-669,

2020.

K. Srisopha, C. Phonsom, K. Lin, and B. Boehm, “Same app, different countries:
A preliminary user reviews study on most downloaded ios apps,” in 2019 IEEE

International Conference on Software Maintenance and FEvolution (ICSME).

IEEE, 2019, pp. 76-80.

K. Phetrungnapha and T. Senivongse, “Classification of mobile application user
reviews for generating tickets on issue tracking system,” in 2019 12th Interna-

tional Conference on Information € Communication Technology and System

(ICTS). 1EEE, 2019, pp. 229-234.

E. Noei, F. Zhang, and Y. Zou, “Too many user-reviews, what should app

developers look at first?” IEEE Transactions on Software Engineering, 2019.

O. Algaryouti, N. Siyam, A. A. Monem, and K. Shaalan, “Aspect-based sen-
timent analysis using smart government review data,” Applied Computing and

Informatics, 2020.

D. Martens and W. Maalej, “Towards understanding and detecting fake reviews
in app stores,” Empirical Software Engineering, vol. 24, no. 6, pp. 3316-3355,

2019.

(2020, apr) App reviews api for android apps. [Online]. Available:
https://42matters.com/docs/app-market-data/android /apps/reviews

121


https://42matters.com/docs/app-market-data/android/apps/reviews

[69]

[70]

[71]

[72]

73]

[74]

[75]

[76]

[77]

(2020, apr) App reviews api for ios apps. [Online]. Available: https:

//42matters.com/docs/app-market-data/ios/apps/reviews

(2013, jul) An open-source api for the android market. [Online]. Available:

https://code.google.com/archive/p/android-market-api/

(2021, nov) Beautiful soup. [Online|. Available: https://www.crummy.com/

software /BeautifulSoup/

(2020, nov) Scrapy. [Online]. Available: https://github.com/scrapy/scrapy

data miner.io. (2020, mnov) Data scrapper - google chrome ex-
tention. [Online]. Available:  https://chrome.google.com/webstore/detail /

data-scraper-easy-web-scr /nndknepjnldbdbepjfgmncbggmopgden

(2021, nov) Google play store. [Online]. Available: https://play.google.com/

store

(2021, nov) Apple app store. [Online]. Available: https://apps.apple.com/us/

genre/ios/id36

(2021, feb) Government mobile applications. [Online]. Available: https:

//www.my.gov.sa/wps/portal /snp/content /mobileGovernment

(2021, nov) Google play scraper. [Online]. Available: https://github.com/

JoMingyu/google-play-scraper

(2021, nov) App store scraper. [Online]. Available: https://github.com/
cowboy-bebug/app-store-scraper

122


https://42matters.com/docs/app-market-data/ios/apps/reviews
https://42matters.com/docs/app-market-data/ios/apps/reviews
https://code.google.com/archive/p/android-market-api/
https://www.crummy.com/software/BeautifulSoup/
https://www.crummy.com/software/BeautifulSoup/
https://github.com/scrapy/scrapy
https://chrome.google.com/webstore/detail/data-scraper-easy-web-scr/nndknepjnldbdbepjfgmncbggmopgden
https://chrome.google.com/webstore/detail/data-scraper-easy-web-scr/nndknepjnldbdbepjfgmncbggmopgden
https://play.google.com/store
https://play.google.com/store
https://apps.apple.com/us/genre/ios/id36
https://apps.apple.com/us/genre/ios/id36
https://www.my.gov.sa/wps/portal/snp/content/mobileGovernment
https://www.my.gov.sa/wps/portal/snp/content/mobileGovernment
https://github.com/JoMingyu/google-play-scraper
https://github.com/JoMingyu/google-play-scraper
https://github.com/cowboy-bebug/app-store-scraper
https://github.com/cowboy-bebug/app-store-scraper

[79]

[30]

[81]

[82]

[33]

[84]

[85]

[36]

[87]

L. Villarroel Pérez, “Mining mobile apps reviews to support release planning,”

Master’s thesis, Universidad Politécnica de Madrid (UPM), Madrid, Spain, 2015.

(2021, dec) Amazon mechanical turk. [Online]. Available: https://www.mturk.

com

(2021, dec) Appen platform. [Online]. Available: https://appen.com

M. Taboada, J. Brooke, M. Tofiloski, K. Voll, and M. Stede, “Lexicon-based
methods for sentiment analysis,” Computational linguistics, vol. 37, no. 2, pp.

267-307, 2011.

T. Zerrouki, “pyarabic, an arabic language library for python,” 2010. [Online].

Available: https://pypi.python.org/pypi/pyarabic

S. Bird, E. Klein, and E. Loper, Natural language processing with Python: ana-

lyzing text with the natural language toolkit. 7 O’Reilly Media, Inc.”; 2009.

(2021, dec) Python website. [Online]. Available: https://www.python.org

(2021, dec) Largest list of arabic stopwords. [Online|. Available: https:

//github.com/mohataher /arabic-stop-words

W. Maalej, Z. Kurtanovi¢, H. Nabil, and C. Stanik, “On the automatic classifi-
cation of app reviews,” Requirements Engineering, vol. 21, no. 3, pp. 311-331,

2016.

123


https://www.mturk.com
https://www.mturk.com
https://appen.com
https://pypi.python.org/pypi/pyarabic
https://www.python.org
https://github.com/mohataher/arabic-stop-words
https://github.com/mohataher/arabic-stop-words

[33]

[89]

[92]

93]

[94]

[95]

M. Abdul-Mageed, “Modeling arabic subjectivity and sentiment in lexical
space,” Information Processing € Management, vol. 56, no. 2, pp. 291-307,

2019.

Y. Pan and M. Liang, “Chinese text sentiment analysis based on bi-gru and self-
attention,” in 2020 IEEE /jth Information Technology, Networking, FElectronic
and Automation Control Conference (ITNEC), vol. 1. 1EEE, 2020, pp. 1983

1988.

F. Chollet, Deep learning with Python. Simon and Schuster, 2021.

S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural compu-

tation, vol. 9, no. 8, pp. 17351780, 1997.

M. M. Abdelgwad, T. H. A. Soliman, A. I. Taloba, and M. F. Farghaly, “Arabic
aspect based sentiment analysis using bidirectional gru based models,” Journal

of King Saud University - Computer and Information Sciences, 2021.

Y. Cheng, L. Yao, G. Xiang, G. Zhang, T. Tang, and L. Zhong, “Text senti-
ment orientation analysis based on multi-channel cnn and bidirectional gru with

attention mechanism,” IEEE Access, vol. 8, pp. 134 964-134 975, 2020.

(2021, dec) Aravec: a pre-trained distributed word representation. [Online].

Available: https://github.com/bakrianoo/aravec

A. B. Soliman, K. Eissa, and S. R. El-Beltagy, “Aravec: A set of arabic word
embedding models for use in arabic nlp,” Procedia Computer Science, vol. 117,
pp- 256265, 2017.

124


https://github.com/bakrianoo/aravec

[96]

[97]

98]

[100]

[101]

[102]

[103]

[104]

G. Huang, Z. Liu, L. Van Der Maaten, and K. Q. Weinberger, “Densely con-
nected convolutional networks,” in Proceedings of the IEEE conference on com-

puter vision and pattern recognition, 2017, pp. 4700-4708.

N. Srivastava, G. Hinton, A. Krizhevsky, I. Sutskever, and R. Salakhutdinov,
“Dropout: a simple way to prevent neural networks from overfitting,” The jour-

nal of machine learning research, vol. 15, no. 1, pp. 1929-1958, 2014.

D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,” in
3rd International Conference on Learning Representations, ICLR 2015, San
Diego, CA, USA, May 7-9, 2015, Conference Track Proceedings, Y. Bengio and

Y. LeCun, Eds., 2015. [Online]. Available: http://arxiv.org/abs/1412.6980

S. Mangal, P. Joshi, and R. Modak, “Lstm vs. gru vs. bidirectional rnn for script

generation,” arXiv preprint arXiv:1908.04332, 2019.

(2021, dec) Keras library. [Online]. Available: https://keras.io

(2021, dec) Tensorflow website. [Online|. Available: https://www.tensorflow.org

(2021, dec) Google colaboratory. [Online|. Available: https://colab.research.

google.com

(2021, dec) Jupyter notebook project. [Online|. Available: https://jupyter.org

E. Bisong, “Google colaboratory. berkeley, ca: Apress, 2019.”

125


http://arxiv.org/abs/1412.6980
https://keras.io
https://www.tensorflow.org
https://colab.research.google.com
https://colab.research.google.com
https://jupyter.org

[105] T.-Y. Lin, P. Goyal, R. Girshick, K. He, and P. Dollar, “Focal loss for dense
object detection,” IEEE Transactions on Pattern Analysis and Machine Intelli-

gence, vol. 42, no. 2, pp. 318-327, 2020.

126



VITAE

Name: Othman Mohammed Hussain Aljeezani

Nationality: Saudi

Date of Birth: December 06, 1993

Email:  u.othmanj@gmail.com

Permanent Address: Alaridh district, Madinah, 42314, Saudi Arabia

Academic Background: Bachelor of Science (BS) in Software Engineering from

King Fahd University of Petroleum & Minerals (KFUPM)

127



	ACKNOWLEDGMENTS
	LIST OF TABLES
	LIST OF FIGURES
	LIST OF ABBREVIATIONS
	ABSTRACT (ENGLISH)
	ABSTRACT (ARABIC)
	 Chapter Introduction
	Research Motivation
	Research Contributions
	Thesis Structure

	 Chapter Literature Review
	App Review Datasets
	Sentiment Analysis of App Reviews
	Classification of App Reviews
	Arabic User Reviews
	User Review Datasets
	Arabic App Reviews


	 Chapter Data Collection and Preparation
	Criteria of Data Collection
	Data Collection
	Techniques for Collecting App Reviews
	Details about Our Collected Data

	Data annotation
	Data Annotation for Sentiment Analysis
	Data Annotation for App Review Classification

	Conclusion

	 Chapter Sentiment Analysis of Arabic App Reviews
	Methodology
	Data Preprocessing
	Classification Models
	Experimental Setup
	Evaluation Measures

	Results and Discussions
	Model Selection
	Experiment Results
	Error Analysis
	Compare Best Model with Other Models


	 Chapter Classification of Arabic App Reviews
	Introduction
	Methodology
	Dataset
	Data Preprocessing
	Classification Models
	Experimental Setup
	Evaluation Measures

	Results and Discussions
	Model Selection
	Experiment Results
	Results Discussion and Improvements


	 Chapter Conclusion and Future Work
	Contributions
	Limitations
	Areas for Improvements
	Future Work

	 Appendix Details of Selected Android Apps
	 Appendix Details of Selected iOS Apps
	REFERENCES
	VITAE

