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Abstract

Online social networks (OSNs) have changed the way humans communicate. They seem to
have transferred their real-life means of communication and their social behaviors to digital
forms on the virtual social media. With this move to the "new world", they have not only
adapted some of the already existing forms of communication to fit the new milieu, but
they have also adopted new forms of communication provided by OSNs. With commu-
nications being shifted increasingly to OSNs, especially after the outbreak of COVID-19
pandemic, the need for tracking and understanding human behaviors online has risen. Also
discovering emerging trends and concerns in order to understand the corresponding online
social behavior (OSB) that best reflects its offline settings has become a necessity. Further,
voicing out concerns and communicating timely trends are not restricted to a single spo-
ken language; Facebook alone reported that two-third of its users speak languages other
than English. Besides, the informal and slang nature of conversations and communica-
tion has become the new norm on social media platforms which, in turn, has triggered
the need to understand foreign languages and even their dialects in order to be able to
widely monitor OSB within countries and across the world. This is particularly vital to
ensure stability and well-being in societies and to enhance the quality of decision-making
in smart cities. Despite all those challenges, we have been able to analyze the users’ OSBs,
based on the users’ textual and visual forms of communication as a first step. This does
not involve literal translation, i.e. rendering a text from one language to another without
considering the sense of the text, but rather includes examining the geo-cultural contex-
tualization of OSN communications. This is significant as behavior is the outcome of a
culture and is manifested through word use (language/dialect in this case). In response,
we propose a multimedia framework for modeling domain-independent OSB in different
languages and dialects used on OSNs. Unsupervised and supervised learning approaches
have been utilized in developing the components of the proposed framework. The first
component refers to content-localization based machine translation and is responsible for
capturing the multi-lingual multi-dialectal aspect of OSN conversations using AI power.
The second component is responsible for modeling textual and visual OSB using machine
learning and deep learning algorithms. The third component presents topic modeling and
dynamic topic interpretation and is responsible for inferring hidden patterns from a stream
of multi-lingual-dialectal data and providing comprehensible interpretations as a step to-
wards facilitating the analysis of the predicted OSB. Further, new datasets have been
proposed and constructed to develop and evaluate our proposed AI-models. In addition to
our comprehensive experimentations conducted to evaluate the proposed framework, our
large-scale analysis of COVID-19 pandemic has reinforced the capability of our proposed
solution to recognize concerns and trends, along with reliability to analyze multi-lingual-
dialectal OSBs, using real OSN data collected from North America and Middle East regions.
This thesis presents a comparative analysis of OSB and data discoveries in Canada, USA,
Lebanon and Saudi Arabia.
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Chapter 1

Introduction

It is needless to say that online social networks (OSNs) have transformed communication
from just simple phone text messages to today’s instant and temporary stories, and the
dynamics of social communication have significantly changed in the past years. The number
of OSN users has mounted from 970M in the last decade to 5B users in 2023. Those users
actively use OSN platforms worldwide as an everyday medium for communication and
content sharing; this figure constitutes more than 60% of the world’s population. It is
worth noting that mobiles have contributed a great deal in the rise of the number of social
users, as ≈ 99% access OSNs from their smart phones.

Social media has provided people with a wide range of opportunities to communicate
on a large scale and to constantly share visual contents, respond to textual comments, or
update statuses -be it a permanent post on a timeline or a temporary story. In response to
shared posts, users reply or comment soon enough, which creates a sense of a real-life form
of communication. That being said, social media has not only created an indispensable
need to share a content and be shared, but has also become an integral part of people’s
daily activities as evident by statistics1 (Figures 1.1 and 1.2).

Figure 1.1: Social media statistics - Monthly actives users - 2023, according to
Forbes1.

OSN platforms can be considered ideal forums that reveal a great deal about people’s
interaction and reaction to both hard news and soft news such as elections, pandemics,

1https://https://www.forbes.com/advisor/business/social-media-statistics

1

https://https://www.forbes.com/advisor/business/social-media-statistics


Figure 1.2: Social media statistics - Age group - 2023, according to Forbes1.

weather extremes, soccer games, food or fashion. A wide array of people from different
places of the globe share their views and perspectives regarding most of the stories that have
become globalized due to interconnectedness. A perfect example of social media reach is
seen in the way the world communicated during COVID-19 pandemic. The communications
during that period shifted to online social networks (OSNs) where people would not only
read and share timely information about warnings, announcements and statistics, but also
voice out their reactions regarding the social measures taken to halt the spread of this
infectious disease.

Humans communicate through utilizing different types of language, and they reflect
their thoughts, opinions, feeling, and behavior through the use of words, tone, pace, facial
expressions, body language, etc. Ever since people turned to social media to communicate
their everyday details, they have transferred with them their means of communication
and their social behaviors to a digital form. Those means, which were either introduced
by the OSN platforms or have been adapted by users to fit the new medium, include
but not restricted to verbal-written communication, pictorial communication, and video
communication.

Understanding and analyzing human online social behaviors through the users’ textual
and visual forms of communication have become feasible. With over 50% of the world
population creating daily personal contents on social media, OSNs definitely host human
digital replicas that preserve users’ identities and all communications expressed in digital
forms. From such forms we can detect whether the users are happy about a movie or
dissatisfied with a product, for example. Research efforts have been exerted to interpret and
analyze different types of online social communication. In this context, substantial progress
has been made in examining behaviors, sentiments and emotions- positive and negative- of
social users in the past few years [8,17,19,35,214,218]. Special attention has been placed on
violence and hate behaviors through implementing intelligent systems that detect various
phenomena of toxicity on social media for the purpose of maintaining social stability [13,17,
33,151]. In this context, recognizing sentiments, emotions and toxic behavior on OSNs has
served as a valuable tool to monitor public health during pandemics, for example [17]. In
addition, detecting and examining other sentiments and feelings such as sarcasm and humor
on OSNs have been an active research arena in social media analysis to understand people’s
true opinions [70–72]. Lately, studying the behaviors of optimism and pessimism has been
utilized to reduce the negative attitude on social media [11, 12]. However, analyzing such
behaviors on OSNs is not applicable to many languages especially those that branch into
different regional dialects. This is due to the limitation and insufficiency of their resources
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required to build the necessary models. With the world having been shifted to online
communications, this limitation triggers an urgent necessity to address this gap and discuss
adequate and flexible solutions that facilitate the understanding of online social behaviors
in smart cities, within and across geographical regions, with the goal of improving the
authority decision-making and hence, citizens’ QoL.

1.1 Research Motivation

The concerns of the domain-specific online social behavior (OSB) modeling shed light on
the importance of generalizing the social behavior learning independently of any other
domains. Current OSB models trained using domain-specific datasets, usually come with
the concern that they do not generalize to other domains [17] since they latch to the
information of the domain they have learned from [17, 228]. Besides, existing publicly
available datasets have been either collected with pre-defined topics and keywords or noisily
annotated [104, 222]. Conversely, general knowledge of models is more effective in terms
of speed and cost. An advantage of the general knowledge of models is that it would
help with speeding up the learning process of specific domains or the process of domain
adaptation. Another advantage for building general domain-independent models is that a
reasonable performance in terms of resources and training can be obtained at a lower cost
than building a model for every domain. Those two features have motivated us to take
the first step towards solving the domain-free problem and creating a domain-independent
multimedia online social behavior dataset. Our proposed dataset follows high quality
protocols and techniques to address the purpose of this thesis. Note that -in this thesis-
we study two types of behaviors: sentiment and expression toxicity.

People use different languages, native or/and non-native, to communicate and share
information on different social media platforms. According to Facebook, two-third of its
users use languages other than English, of which Arabic, Spanish, and French are among
the top languages used on OSNs. In order to accurately and automatically analyze online
communications expressed in different languages and dialects, intelligent models need to be
built with the capability of understanding the communication expressed in those languages
and their dialects in order to better preserve the meaning in their contexts. The semantic of
expressions may vary across languages and dialects due to several factors, such as language
development, the influence of other languages on the native language and the cultural
influences [106,210,229]. There is diversity in the dialect people use to express opinions and
emotions, depending on socio-cultural contexts. Therefore, semantic orientation varies with
cultural differences. For instance, the Arabs, who constitute 11M active users on Twitter
and create over 27.4M tweets everyday [10], do not all use Standard Arabic on social media;
instead, they use dialectal Arabic common in social communications especially in informal
conversations. However, dialectal Arabic, which differs significantly from Standard Arabic,
varies from one region to another [237] in terms of phonology, morphology, syntax, and
lexicons. So far the existing works that have utilized Standard Arabic resources for online
social behavior analysis have not been able to perform well on dialectal Arabic data in the
context of online social analysis [185] due to the fact that the resources for dialectal Arabic
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are scarce. Also, the research trend tends to solve a specific problem in a specific language or
dialect [2,10,30,71,89,110,150], instead of utilizing the already existing resources to analyze
OSB in low-resource languages and dialects. This can be seen in the huge discrepancy of
resources between languages, where very few have a high-resource status while many others
are low-resourced. English, for instance, is a high-resourced language while > 70% of OSN
users speak languages other than English, of which Arabic, Spanish, and French are among
the top used languages on social media yet they are considered low-resourced languages.
This research trend limits its current systems to generalize to other different domains and
languages [17,19,228]. Moreover, the expensive cost (i.e. in terms of HW/SW requirements,
time, efforts, cost, and human labor) for building a resource for each language and dialect
has definitely contributed to the under-resourced status of existing multi-lingual-dialectal
systems. Researchers are obligated to address the shortcomings of this current practice
and study reliable yet inexpensive solutions that minimizes the dependency of domains
and languages/dialects in modeling online social behaviors. This thesis addresses this
limitation and proposes a framework that is specifically designed to handle the multi-
lingual-dialectal aspect of online social behavior analysis on social media. The proposed
framework is cost-effective and aims to minimize the language and domain dependency
issue to analyze various online social behaviors on online social media.

The immense amount of social media publicly published data from various domains
on different topics and trends triggers an urgent need for compiling such massive data for
the purpose of exploring the underlying topics, concerns and trends in a timely manner,
and facilitating the analysis of online social behaviors. However, it is nearly impossible
to achieve this manually. Consequently, machine intelligence is inevitably necessary to
automate the monitoring of online stream of conversations and discover hidden topics and
trends, as well as coherently interpret them. The unsupervised learning methods make it
possible to achieve this goal fast and without prior human knowledge involved. However,
these methods are sensitive to data noises, which is a normal phenomenon in OSN data. It
is well-known that social media data suffers from noises such as uncontrolled visual content,
misspellings, slang usage, and the intense use of abbreviations as a result of the limited
writing-space capacities. This challenge requires a careful handling of the OSN data for
the intelligent models to learn and perform well. In response, we propose a methodology
for data exploration and dynamic interpretation, as described in this thesis.

1.2 Research Objective

The main objective of this thesis is to leverage the multi-lingual multi-dialectal contents
of social media in modeling domain-independent online social behaviors. To effectively
analyze multi-lingual-dialectal online social behaviors, a model capable of handling the
local cultural expressions of different languages and dialects has to be created. In order to
achieve this, a high quality mechanism is needed to handle not only the unique nature of
each language but also the different dialects within the same language, in order to guarantee
the reliability of a developed model that adequately understands the expressions in context,
and then accurately delivers an analysis of the underlying OSB of interest.
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Previous studies on multi-lingual OSB analysis have some limitations or flaws. They
adopt classical translation to bridge the gap of resource insufficiency of low-resourced lan-
guages. Moreover, they totally overlook the dialects within each language, and in so doing,
they fail to consider the local culture of the language or dialect as a key factor. All of
this leads to incomprehensible target text by native speakers specially when dealing with
collocations, idioms, proverbs, preposition usages. As a result, the reflection of the under-
lying online reactions and social behaviors (e.g. sentiment or emotions) is misinterpreted
and misconceived. In response, this thesis aims to take into consideration and pay special
attention to the local culture of a language that resides within the wealth of introspective
OSN data for the purpose of adhering to the real meaning of the communicated expressions,
and hence be able to automatically expand the analysis of various online social behaviors
across different languages and dialects. To achieve this, our research is divided into four
main stages. First, we develop content-localization based machine translation models to
localize OSN contents from a source language to the specific culture of the target language
or dialect. The objective of this stage is to make it possible to exploit resources of both
low-resourced and high-resourced languages and dialects in order to be able to reliably
analyze online social behaviors in different languages and dialects on online social media.
Second, we focus on designing and developing a domain-independent models to track the
online social behaviors in different domains across different languages and dialects. The
objective of this stage is to minimize the dependency of domains in order to be able to
generalize our model to solve OSB analysis in various domains. Note that this thesis con-
siders two types of social behaviors as a case study: sentiment and toxic speech. In the
third stage, we utilize images as a supplementary language-independent approach where a
universal language of visual images and emotions are used to model online social behavior.
The objective of this stage is to compensate for missing or insufficiency of language re-
sources since images are language-independent medium for expression. Also, it provides a
visual view for users’ reactions in which it enriches the online social behavior analysis since
images can convey a lot of information in a single glance. In the final stage, we develop a
model for OSNs real-time data exploration and coherent dynamic interpretation to be used
as a complementary tool to facilitate the analysis of online social behaviors. The objective
of this model is to automatically infer insights and trends from OSN data and dynamically
generate comprehensive interpretations of those insights and trends.

This thesis tackles the complexities of analyzing OSBs in different domains and across
different languages/dialects. It achieves this by outlining a specific process consisting of
several requirements as follows:

• Support the textual and visual domain-independent prediction and analysis of online
social behaviors. This will support generalizing OSB models to different domains.
This requirement is addressed in chapter 4 and 6.

• Support the multi-lingual-dialectal predictions of online social behaviors. This will
support the content localization of OSN messages from a source language to a target
language and dialect. This will be used to create missing and/or insufficient resources
for low-resourced languages. The visual analysis also supports the cases where data
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resources of a language is missing or insufficient. This requirement is addressed in
chapter 5 and 6.

• Detect hidden insights and trends from OSN data streams and automatically provide
dynamic interpretations for those inferred insights and trends which will be used to
utilize the analysis of online social behavior. This requirement is addressed in Chapter
7.

We summarize the key research questions that this thesis addresses as follows:

• How to effectively analyze online social behaviors in different domains of different
languages and dialects?

• Do differences in dialects affect the analysis of OSB?

• Can we adapt general online social behavior models to domain-specific problems?

• How to infer high level insights and trends from OSN data stream? And can the
inferred insights and trends be automatically and coherently interpreted in different
languages/dialects?

1.3 Research Challenges

The extensive flow of information streams could efficiently be handled using AI powers to
continuously keep track of public current states since it is nearly impossible to manually
monitor huge loads of online data flow. While developing our domain-independent multi-
lingual-dialectal online social behavior model, we encountered the following challenges:

• OSN Open Platforms:

Social media platforms like Twitter and Facebook are open platforms (i.e. domain-
free platforms) where people can talk about anything and everything varying from
expressing personal opinions in politics to chanting for favorite sport team and review-
ing products and movies. In the literature, researchers tend to propose customized
solutions for specific domains [110] such as customized sentiment model for soccer
fans [7] or sentiment model for movie reviewers [197]. While this approach works
well on problems of similar specific domains, it has been proven that it does not gen-
eralize well to other domains since they latch to the information of the domain they
have learned from [17, 19, 228]. Indeed, it is resource-expensive and time-consuming
to build a model for every domain especially with the continuous content generation
on OSNs. COVID-19 pandemic is a great example that shows that those domain-
specific models do not work well on a newly emerged data of different domain. This
thesis addresses this issue and studies the domain-independent online social behavior
analysis as an attempt to minimize the dependency of domains to solve online social
behavior analysis.
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• Language Diversity and Informal Communication:

The more the social communities expand, the more challenging it is to manage the
information streams. There are numerous user-generated contents on OSNs that
have not been exploited sufficiently, especially for multi-lingual-dialectal purposes.
Classical translation across languages has proven to be ineffective in analyzing on-
line social behavior [175] since it ignores the context of messages. As mentioned
above, creating a data resource for every problem is not a cost-effective solution and
that is seen in the scarce data resources of low-resourced languages like Arabic. In
this thesis, we address this gap and propose a content-localization based machine
translation approach in order to allow for the exploitation of resources in low and
high resourced languages and dialects while preserving the semantics and contexts
of contents, and hence generate a relevant analysis for online social behavior in the
language of interest.

• Data Noise and Information Overload

Online social networks encourage unstructured data format that does not follow
grammar conventions. It is well-known that social media data suffers from noises such
as misspellings and the intense use of abbreviations due to the limited writing-space
capacities. Images in social media are freely shared. Thus, it is extremely complex
to find the relationship between this diverse data and its online social behavior (e.g.
sentiment) orientation, which makes the semantic gap problem very serious [125].
Such informal and noisy nature of data makes social media analysis more challenging
compared to the analysis done on a data of structured format. The data noise
combined with the extensive size of OSN data bring difficulties to the modeling
of online social behaviors. This thesis tackles this issue by utilizing high-quality
techniques and approaches that reduce the sensitivity to data noises with the goal to
overcome the mentioned challenges.

• Data Imbalance

It is a common phenomenon to have data imbalance on online social behavior datasets
collected through OSNs [26]. Literature [226] suggests that having balanced dataset
would improve the learning process. However, it is too expensive and time consuming
to balance the data while preserving the natural distribution to avoid biases. This
thesis responses to the data imbalance challenge and proposes solutions to overcome
its limitations with the objective of improving the learning of online social behaviors.

• Dataset Construction

Actually, building a dataset from scratch is very costly and time-consuming. Dur-
ing the process of creating our datasets, we have observed the following challenges:
(1) data collection requires extensive efforts to search and match the required data,
including data fetching, retrieval, cleaning, and filtering of the data. (2) data anno-
tation and translation need domain experts. It is very hard to have experts agree to
work on a large volume of data, and even if they do, the cost in terms of time and
expenses is very high, let alone the tediousness of the task.
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1.4 Thesis Contributions

We summarize the contributions of this thesis as follows:

1. Propose a multi-lingual-dialectal framework for domain-independent online social
behavior analysis.

2. Design and construct content-localization based translation dataset designed to trans-
late OSN conversations (i.e. tweets) from multiple languages (i.e. English, French,
and Spanish) to Arabic multi dialects (i.e. Gulf, Levantine/Shami, Iraqi, and Yemeni).

3. Develop and implement content-localization based neural machine translation models
designed to translate OSN conversations (i.e. tweets) between multiple languages (i.e.
English, French, and Spanish) and Arabic multi dialects (i.e. Gulf, Levantine/Shami,
Iraqi, and Yemeni).

4. Design and develop intelligent multimedia models for domain independent online
social behavior analysis in multiple languages/dialects.

(a) Design and construct a domain-free multimedia dataset for sentiment analysis.

(b) Develop multi-lingual-dialectal textual classifiers for sentiment and toxic behav-
ior analysis using tweet texts.

(c) Develop a multi-modality visual classifier for visual sentiment behavior analysis
using tweet images.

5. Design and implement an OSN-specific multi-lingual model for topic modeling and
dynamic topic interpretation using OSN conversations (i.e. tweets) as a step towards
facilitating the online social behavior analysis.

1.5 Thesis Organization

The rest of this thesis is organized as follows: Chapter 2 reviews the background related to
the work presented in this thesis. Chapter 3 presents an overview of our proposed frame-
work for modeling domain-independent online social behavior in different languages and
dialects. The design and development of the domain-independent online social behaviors is
described in Chapters 4 , while a comprehensive description of the design and development
of multi-lingual-dialectal online social behaviors is detailed in Chapter 5 and 6. Chapter 7
presents comprehensive details of topic modeling and dynamic topic interpretation followed
by the conclusion and future directions in Chapter 8.
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Chapter 2

Related Work

2.1 Background

2.1.1 Online Social Behavior (OSB)

In real- life settings, people’s communicative interaction is governed by the means of
symbolic-based cultural systems, part of which are the shared rules of language and other
verbal and non-verbal collective symbolic systems. [192]. Communication could "include
the information that people acquire, through inference, from all kinds of interactors partic-
ipating in material medium," [192]. The entire set of communications taking place during
an interval of time with reference to a group of people can define what it is called a behav-
ioral system [191]. Accordingly, "a behavioral system is composed of all people-artifacts,
people-people, people-extern, artifact-artifact, and artifact-extern interactions relating to
the members of a specific household or community or society" - Michael Schiffer [192].
An operation of behavioral system could be looked at as a repetition of its constituent
interactions [192]. In this context, Schiffer [192] claims that communication and behavior
are related to each other, and both consist of people-people, people-artifact interactions.
Similarly, Hannema [90] claims that "when we interact with others, anything we do com-
municates. Behavior is communication and communication is behavior". Further, Schiffer
distinguishes between human behavior seen in stimulus and response and the causes of
behavior such as goal and intention.

With the evolvement of social media from information exchange to virtual meeting
places, people seemed to have moved their real-life communications to digital format by
using social media platforms, where individuals interact with each other and with virtual
entities within same or different geo-locations at different times. As a result, new definitions
of communication and behavior have been introduced. That being the case, we can observe
a repetition of interactions that share common characteristics (e.g. positive reviews on
a new product). According to Schifer, a human behavior is formed of its constituent
interactions that share common characteristics. Since the focus of this work is on the
communication on social media, we refer to the behavior as online social behavior (OSB).
Online social behavior (OSB), or online interpersonal behavior, can be seen in sentimental
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and emotional feelings (i.e. positive or toxic sentiment for instance) expressed towards an
event or a situation. The events could be soft news stories like a soccer game, movies,
and fashion or hard news stories like extreme weather, a coup d’état, an epidemic or a
pandemic.

2.1.2 Online Communication Language

Online communication language refers to the communicating mediums used among OSN
users to interact with each other. These mediums take the forms of spoken languages,
pictorial and iconic interactions, mouse-click style interactions, audio conversations, and
video communications. The spoken language-based communications are conveyed through
verbal, textual and/ or pictorial interactions. Like in real-life settings, language production
requires that the person communicating have prior knowledge of the language(s) of interest
in order to have successful back-and-fourth communications. Spoken languages all around
the world extend to various dialects and even sub-dialects of ‘the one’ language; hence,
they are not limited solely to the official languages within geographical regions, which
makes it sometimes hard to understand a conveyed message. Nevertheless, pictorial-based
communications enable people to universally communicate across languages and dialects
without the need for prior understanding of a specific speech; hence, unlike verbal lan-
guage that introduces language-dependent interactions, images communicate information
through their visual elements, such as colors, scenes, shapes, and faces, etc. An image of
a smiling face, for instance, can denote happiness and positivity. This sentiment can be
expressed pictorially, without the need for a verbal expression. Static/animated images,
emoticons, and emojis are all examples of pictorial communication over online social net-
works. The availability of such different types of online communications give rise to the
need for utilizing their unique characteristics in the modeling of online social behavior on
OSNs.

2.1.3 General Knowledge vs Specialized Knowledge

Knowledge, in general falls under two types, general knowledge and specialized knowledge.
General knowledge can be defined as a broad range of knowledge that covers a variety
of topics in different domains, whereas specialized knowledge is more in-depth knowledge
about a particular topic or domain. While specialized knowledge is more in-depth than gen-
eral knowledge and can be helpful for solving complex problems in specific domains [227],
it is often less transferable than general knowledge and somehow limits its applicability
to solve a wider range of problems. Conversely, general knowledge is more diversified and
more capable of understanding a wide range of topics; hence, it is more capable of pro-
viding flexible solutions to challenges in various fields and domains. [47, 83]. Having a
strong foundation in general knowledge can serve as a valuable asset in a broader range of
fields and provide learners with a broad base that helps them adapt to different areas of
interest efficiently [47]; thus, one can remark that general knowledge sets a solid ground
to specialized knowledge [47]. By the same token, the global education system implements
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the progressive specialization approach [47, 135, 213]. Progressive specialization approach
is based on the idea that learners should start with "a broad general education", a broad
foundation of knowledge, and then gradually specialize as they move through the different
levels of education (i.e. college and beyond). The shift from general to specialized educa-
tion is a natural progression as learners progress through their education. In high school,
for instance, students typically take a variety of courses in different subjects, such as En-
glish, math, science, and history. In college, they begin to narrow their focus on the field of
their interest, and in graduate school, they specialize even further and gain the skills and
knowledge they need to be successful in their field. The progressive specialization is widely
accepted as a sound approach to education as it allows students to be more versatile and
adaptable in the workforce [213]. The effectiveness of the progressive specialization theory
in education highlights the importance of general knowledge throughout learning process
especially in the early stages of learning [135,213].

Based on what has been mentioned, the ability of general knowledge to provide a
solid foundation to effective understanding and solving more specialized problems is what
motivated us to adopt the general knowledge approach and utilize its benefits for machine-
learning-based modeling for online social behaviors. Note that we refer to general knowl-
edge as domain-free knowledge or domain-independent knowledge interchangeably. In this
thesis, we define domains as specific areas of topics where words and expressions are used
in a particular way. Domains could be broad such as "politics" or "healthcare", or narrow
such as "movie reviews" or "product reviews".

2.1.4 Traditional Machine Learning Algorithms

2.1.4.1 Gradient Boosting Machines

Gradient boosting is one type of ensemble learning. Unlike classic learning approach,
ensemble learning approach combine a set of weak learners to construct one strong learner
[116]. In contrast to the bagging technique where the models are made independently, the
models in the ensemble boosting technique are made sequentially by iteratively minimizing
the error of earlier learnt models [50]. It learns a predictive model by combining the M
additive tree models (f0, f1, f2, ..., fM) to predict the results (Eq.2.1).

f(x) =
M∑︂

m=0

fm(x) (2.1)

The tree ensemble model is optimized by reducing the expected generalization error L
according to Eq.2.2:

L =
n∑︂
i

(yi − yî)
2 (2.2)

L is a loss function that measures the delta loss between the target yi and the prediction
yî of a data point.
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There are three fundamental reasons listed by Dietterich [60] to use an ensemble-based
methods:

• Statistical: combining and averaging multiple learners provide a better generaliza-
tion on the learning of data which in turns, reduce the risk of choosing inadequate
classifiers.

• Computational: during learning, it is computationally difficult for an algorithm
to search for a local optima in order to learn the best representation (i.e. decision
boundaries) of the data. Neural network algorithms, for instance, utilize gradient
descent to minimize the loss function during the training to learn the best model.
In this case, there is only one starting point for the local search. With the ensemble
algorithms, we have an advantage of having multiple starting points for the local
search. This may provide a better approximation of the true function (i.e. decision
boundary) than an individual classier does.

• Representational: there are cases where a single classifier is not able to learn a
decision boundary that separate different classes, or the decision boundary is very
complex. Here comes the advantage of the ensemble-based learning where it provides
different decision boundaries learnt from different classifiers.

For the reasons mentioned earlier, we believe that using ensemble gradient boosting
helps to increase the robustness of classifiers while decreasing their variances and biases.
The nature of the boosting technique could decrease errors as it reduces the failures of
individual classifiers while optimising their advantages at the same time. Hence, a more
reliable model could be produced. In this work, we utilize two powerful gradient boosting
algorithms: Extreme Gradient Boosting (XGB) and Light Gradient Boosting Machine
(LGBM). They are the state-of-the-art algorithms from the gradient boosting family. XGB
was introduced in 2016 [50] and LGBM was introduced by Microsoft in 2017 [111]. We
train XGB and LGBM classifiers to give the sentiment class (i.e. positive, neutral, negative)
based on the five types of features explained later on in Section 4.3.1.1.

2.1.4.2 Extreme Gradient Boosting (XGB)

XGB [50] is an ensemble tree-based method that implements a gradient boosting machine
learning framework for regression and classification problems. XGB grows trees using
level-wise algorithms. It differs from RF in the way it grows, orders, and combines the
results. XGB uses different algorithms for splits finding. Exact Greedy and Approximate
algorithms were introduced first in [50]. Histogram-based algorithm was then proposed
to be used for the splits finding after LGBT algorithm was invented. When histogram is
used, trees grow in leaf-wise manner.

The method works by bucketing features values into group of bins to construct features
histogram. The splitting is performed on the bins instead of on the features. The bucket
bins are constructed before each tree is built, hence, it speeds up the training which in
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turns reduces the computation complexity. In this work, we use the histogram method
for deciding the best split. During the parameters turning, we found out that the three
algorithms yield similar results. Therefore, we decided to go with histogram method since
it takes faster training time on large sparse datasets, than the other splitting algorithms.

The decision to make a split is based the loss value that the split produces. The split
will happen if the loss value exceeds a certain threshold, otherwise, the split will be ignored.
This shows the advantage of leaf-wise gradient boosting methods over the RFs in reducing
the number of splits while keeping the quality of the splits.

Furthermore, XGB uses sparsity-aware split algorithm that works on sparse vectorized
textual data (i.e. the case in our work). When computing the split, the sparsity-aware
split algorithm proposes to ignore the zero features, and then allocates all the data with
zero values to the side of the split that reduces the loss the most.

2.1.4.3 Light Gradient Boosting Machine (LGBM)

LGBT [111] is another gradient boosting algorithm that uses a leaf-wise algorithm to grow
trees vertically.

A leaf that reduces the loss the most is chosen to split and grow the tree. LGBM uses
histogram-based method to find best splits candidates.

LGBM is able to deal with uneven data distributions. Its natural design allows it to
deal with data imbalance through the Gradient-based One-Side Sampling (GOSS) tech-
nique. GOSS is a sampling algorithm that indicates the importance of data instances.
Its main function is to concentrate on data samples with larger gradients and ignore the
data with small gradients. The assumption is that the data with small gradients have
lower errors; thus they are already well trained. Therefore, GOSS proposed to ignore these
less-informative data points and use the rest to compute the information gain when find-
ing the best splits. However, this will result in a bias problem towards the sample with
larger gradients, and will change the original distribution of the data. To solve this issue,
GOSS performs a random sampling on the data with small gradients while keeping all the
samples with large gradients. Because the sample would still be biased towards the data
with large gradients, GOSS increases the weights (i.e. adding a constant multiplier) of the
data instances with small gradients when computing the information gain.

In addition, LGBM uses Exclusive Feature Bundling algorithm to handle sparsity in
datasets. It combines mutually exclusive features in a nearly lossless way resulting in
reducing the number of features while keeping the most informative ones.

2.1.4.4 Support Vector Machine (SVM)

SVM algorithm has shown a robust performance in text classification [223]. The goal of
SVM is to select a hyperplane that maximizes the margin between the closest instances of
the two classes.
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Sentiment analysis in this work is a multi-class classification. SVM is by default a
binary-class classifier. We follow "one-vs-all" approach to solve the multi-class classification
problem using SVM. Note that we attempt to use linear kernel in our experiments. The
initial experiments with non-linear SVM have shown a decreased learning performance.

2.1.4.5 Logistic Regression

Logistic regression is considered one of the best discriminative models. It learns the poste-
rior class probability directly from the training data. Its goal is to find a decision boundaries
between classes in the feature space. The posterior probability, in binary classification, is
given by applying the sigmoid function on a linear combination of given inputs. Logis-
tic regression can be generalized to work on multi-class classification problems by using
softmax function to derive the posterior probabilities by normalizing a given feature vector
to probability values values between [0, 1].

2.1.4.6 Multinomial Naïve Bays

Naïve Bayes is a probabilistic classifier. Though it is called naive, it performs well in
text categorization [172]. The core of the algorithm is based on Bayes theorem. The
Multinomial Naïve Bayes (MNB) classifier assumes multinomial distribution so that it
can be used with discrete features like words counts in text classification. In our work, we
attempt to use the Multinomial Naïve Bayes classifier for our three-class sentiment analysis
problem.

2.1.4.7 Random Forest (RF)

Random Forest (RF) is an ensemble tree-based classification algorithm. It uses bagging
techniques in which trees are fully grown to their maximum extent. The trees, in RF,
are trained independently using a random sample of data. Every tree in RF is generated
based on bootstrapped training instances and a random set of features. Each learnt tree
is a weak learner. By combining all the weak learners, we have one final strong model.
The overall prediction of the RF is computed based on the majority votes from all the
individual weak learners (i.e. individual trees). RF has shown a robust performance to
noise and overfitting problems that would affect a single decision tree [180]. Moreover, RF
can efficiently handle large size of data and is inherently suited for multi-class problems.

2.1.5 Deep Learning Algorithms

2.1.5.1 Long Short Term Memory (LSTM)

LSTM is an extension of standard Recurrent Neural Networks (RNN) which is capable
of learning long-term dependencies between words in sequences. LSTM was desinged to
overcome the gradient vanishing issue that RNNs suffer from. It was designed with internal
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mechanism (i.e. gates) that regulates the flow of information. Its architecture consists of
three gates (i.e. input gate, forget gate, and output gate) to decide how much information
should flow in (i.e. to remember) and out (i.e. to forget) at the current time step. LSTM
models process a sentence word by word and assume that each current state depends
only on its previous one. LSTMs process a sequence of words in a forward direction
where bidirectional LSTMs (biLSTMs) process the textual sequences in both backward
and forward directions. This mechanism allows for more information to be available for
the network to improve word contextualization. In this thesis, we train an LSTM model
using GLOVE embeddings on both sentiment and hate classification tasks for evaluation
purposes.

2.1.5.2 Convolutional Neural Networks (CNN)

CNN is a feed-forward neural network that is biologically-inspired variants of multilayer
perceptions. It tends to recognize textual patterns directly from texts with minimum
preprocessing applied before feeding sequence of words to the network. A CNN’s hidden
layer consists of a convolutional layer, pooling layer, and fully connected layer. CNNs
strengthen their power from the convolutional layers that are stacked on top of each other
with each one capable of extracting unique patterns independently of prior knowledge or
human effort. The patterns could be expressions of multiple sizes (i.e. 2, 3, or 4 adjacent
words). In this thesis, we build a CNN model with GLOVE embeddings as input features
for sentiment and hate classification tasks. We do this step for evaluation purposes.

2.2 Online Social Behavior (OSB) Analysis: State-of-
the-Art

2.2.1 Domain-Independent OSB and Existing Datasets

There exists a number of online social behaviors that have been studied in the literature
however most of them follow on the domain-dependent approach. Many researchers have
focused on domain-specific sentiment analysis [7,63,108,152,178,179]. Studies on product
reviews and political voting forecasts are examples on domain-specific sentiment analysis
[125,152]. This extends to the methodology that previous studies adopted to collect their
datasets. Authors in [6] used emotion keywords to collect tweets while others [8] used
domain-related keywords (e.g. event-related or topic-related) and hashtags and smiley
emojis [59] to build their dataset. Similar to sentiment behavior, recent trends in toxic
speech related researches have focused on specific targets such as racism or aggression
[33,76,171,228]. Accordingly, the datasets have also been featured according to the targeted
focuses. Authors in [236] studies the offensive language in tweets using a domain-specific
keyword based dataset while Waseem and Havoy targeted racism and sexism to analyze
hate speech on online social media [224].
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A closer look at the existing publicly available sentiment datasets reveals a number
of limitations that restrict our purpose for this thesis. One of the major limitations in
some of the existing datasets is the focus on the polarity or the valence of the tweets,
thus ignoring the neutral sentiment class [63, 152, 204]. For example, Go et al. in [82]
constructed a large Twitter training dataset with 1.6 million tweets using positive and
negative emoticons as noisy labels. Authors in [170] used similar labeling approach for
positive and negative sentiment however they added a neutral class using 44 newspaper
and magazine accounts. T4SA [215] is a text-image sentiment dataset where annotations
of images were given based on the sentiment of the corresponding text. Automatic or noisy
dataset annotation approach [27, 104] compromises the knowledge quality of the learning
process. Dmitry et al. [59] utilized 50 hashtags and 15 smileys as labels for sentiment and
no-sentiment categories. For the sentiment category, two human-judges manually labeled
the 50 hashtags and used them to collect tweets and construct a hashtag-based sentiment
dataset. Ten Amazon Mechanical Turk workers labeled 15 smileys with mood states that
were used to collect tweets and construct a smiley-based sentiment dataset. For the no-
sentiment category, they randomly selected tweets with no hashtags or smileys. Besides the
limitation of being restricted to sentiment and no-sentiment labels, relying on hashtags and
mood smileys might not truly reflect the sentiment of the tweet. Moreover, tweets in some
of the existing datasets were retrieved and labeled with respect to trending topics, specific
events or products. For instance, in [82] test data, they manually labeled a set of 177
negative tweets and 182 positive tweets that were collected using queries related to specific
companies, events, locations, music, movies, people and products. Sanders dataset 1, the
Dialogue Earth Twitter Corpus 2 and the Health Care Reform datase [203] are other domain
specific datasets that are publicly available. Tweets included in these datasets are manually
labeled for sentiment with respect to specific topics. For example, Apple, Google, Microsoft
and Twitter in the Sanders dataset, weather and gas prices in the Dialogue Earth Twitter
Corpus, and 8 targets including: Health care, Reform, Obama, Democrats, Republicans,
Tea party, Conservatives, Liberals, and Stupak in the Health Care Reform dataset. Even
SemEval [182], a well-known dataset that is widely used to evaluate sentiment analysis
methods, is constructed based on 200 English trending topics and popular events. MVSA
[161] is a text-image sentiment dataset that was constructed based on a set of emotional
keywords. In addition to the above limitations, the annotation methodology for most
of the manually annotated datasets have some ambiguities. Authors in [82, 203] did not
report a detailed description of the data collection and annotation procedures such as the
annotators’ selection criteria, the number of annotators, their demographic information,
and the agreement among them. Moreover, training and evaluation have been conducted
on small datasets [40,63,204] and many works have not handled the OSNs cultural language
such as iconic emotions (i.e. emojis and emoticons) [27, 79, 152]. It has been repeatedly
reported that training deep neural networks using large datasets yields better results than
the training using small datasets [64]. Also, iconic emotions contain sentimental clues that
would greatly contribute in sentiment learning [19, 99]. In addition to the small data size
limitation, most of the exisitng sentiment datasets are either image-based only [40,233] or

1http://www.sananalytics.com/lab
2www.dialogueearth.org
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textual-based only [7,59,108,152,170,179,182] but did not consider both texts and images
while constructing the datasets. Even though cross-domain sentiment learning has been
addressed, many studies focus on adapting sub-domain to one another while considering
the main domain to be the same [63,153,178]. This approach would not generalize well on
various domains since those models will latch on to domain-specific information [228].

Similar limitations were found in the existing toxic speech behavior datasets where
these datasets have focused on studying one aspect of the multifaceted toxic language be-
havior. Authors in [236] used keywords such as "gun control, conservatives, liberals" and
constructions such "she is, they are"- with an assumption that these keywords are often
included in offensive messages- to build an offensive dataset. A hate speech dataset [33]
was constructed based on women or immigrants as targets to construct this dataset where
abusive and spam aspects were considered by Antigoni [76] in building an abusive dataset.
Authors in [189] targeted the problem of aggression and misogynistic identification for three
languages on social media. However, iconic emotions (i.e. emojis and punctuation-based
emoticons) were ignored. OSNs specific feature such as exclamations marks, words with
repetitive characters (e.g looool) were ignored even though they contain strong sentimental
insights [19]. Another limitation of the existing dataset is that some existing datasets are
small in size. Hind et al. [4] proposed using domain-specific word embedding to detect
white supremacist hate speech if it existed on social media. The evaluation was conducted
on balanced dataset collected from Twitter and Stormfront forum. However, the size of
the proposed training set is quiet small (i.e. 4588 messages) to be able to build a robust
classifier. This would raise concerns regarding model generalization and model overfitting.
The previous studies have shared one approach which is focusing on studying one aspect
of the multifaceted hate language behavior (e.g. racism or aggression). Following the same
approach, the hate datasets were designed and crafted to focus on a specific aspect of
hate language. However, this focus makes it limited and difficult to identify general hate
language across various events on social media. Authors in [171] investigated the abusive
language generalization across datasets of different abusive focuses. Their findings and
observations concluded that models trained using datasets with a broader coverage of phe-
nomena are more robust in capturing a wider range of abusive language contents. Similar
observation was found in the work [228] where authors claimed that supervised learning
using domain-specific datasets performs poorly on cross-domain datasets due to the reason
that they are attached to the domain-specific information. Their results demonstrated the
effectiveness of using domain-independent abusive lexicon to detect abusive language in
cross-domain social media datasets. Waseem etal. [225] confirmed the possibility of ob-
taining high-performance models to detect hate and abusive language when built using
composite datasets. However, no considerations have been given to OSNs-specific features
such as exclamation marks, words with repetitive characters, or iconic emotions (i.e. emo-
jis and emoticons) that are capable of emphasizing the literal meaning of messages or even
reversing it [53].

The abovementioned limitations and current practices of generating specific resources
for every domain independently for social media analysis, requires high cost and extensive
efforts in term of resources, time, effort, domain experts, and human labor. Aiming to
overcome the above limitations and to complement the existing OSB datasets, This thesis
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proposed two approaches to address all the mentioned issues. First, it proposes a new
domain-independent dataset that follows a high quality protocol for domain-independent
data collection and annotation. The domain-free multimedia sentiment dataset (DFMSD)
[1] was constructed for multimedia sentiment behavior analysis. It is to note that the
choice of sentiment behavior to construct our dataset is due to the fact that the sentiment
represents a seed for many further applications and research domains such as user behavior
analysis and prediction [125]. The DFMSD dataset considers the subjective and objective
aspects of sentiment (i.e. positive, negative, neutral). Also, it provides a decent data size
and a high quality psychologist-based manual annotation and the DFMSD was constructed
free of restrictions to any domains or keywords as an attempt to bridge specific domains
mismatches [19]. It also can be used to enhance learning of sentiment in the domain-specific
problems by transferring the general sentiment knowledge instead of starting from scratch.
To the best of our knowledge, this thesis presents one of the first studies to build a general
(i.e. domain-independent) sentiment datasets for online social media analysis. Second, this
thesis proposes to combine different phenomena of an OSB as an attempt to expand the
model learning to a wider and deeper patterns of the corresponding OSB of interest. This
approach was applied to the toxic speech behavior analysis on OSN as case study in this
thesis. The findings in [225, 228] support our decision to combine different phenomena of
toxic speech in order to expand the scope of toxic behavior identification on social media.

2.2.2 OSB Modeling

2.2.2.1 Traditional Machine Learning Approach

The interest in sentiment analysis keeps increasing among researchers as it represents
a seed for many further research domains [43, 125] such as fine-grained emotion analysis,
psychological human needs analysis, and smart cities. Many sentiment analysis works have
been done on both long texts (i.e. document-level) [177] and short-texts (i.e. message-level)
[218]. The average length of a document-level text is 241 tokens in IMDB dataset [234].
Unlike a long text, the short text has an average length of ≈ 81 tokens which is the average
length that we have observed in our dataset. In this work, we focus on analysing short
tweets. We believe that short texts provide concise expression and require lower features
space than long texts.

For text classification, the performance of classifiers is highly dependent on selected
features. The right features will guarantee good learning output. In text classification,
BOW using TF or TF-IDF is the most popular feature. Its effectiveness directly depends
on the quality of the dataset it was derived from. Most of the sentiment classification
studies use BOW as one of the features to build their models [161, 177, 196]. Since BOW
ignores the order of words which in turn ignores the context of texts, n-gram techniques
provide a partial solution to the lack-of-context problem [129,212]. It has been shown that
using BOW and n-grams features is insufficient for sentiment learning [8, 214]. Consider-
ing specific features containing or representing opinion information has proven to better
improve the sentiment learning than when only BOW is used. Authors in the study [124]
showed that linguistic feature has enhanced the learning performance over BOW feature
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on MVSA dataset. Similarly, frequency of POS feature has demonstrated a better classifi-
cation performance than BOW feature when trained on Latent Dirichlet Allocation (LDA)
algorithm [214].

Although individual features such as sentiment lexicon or BOW are necessary for senti-
ment learning, they are far from enough to yield good results [128]. Integrating BOW with
sentiment-rich clue features has shown to be more effective in the sentiment analysis [25].
The integration of emoticons with BOW as proposed in the study [219] has boosted the
sentiment learning performance by 13% than when using BOW feature only. Aloufi and
Elsaddik [8] showed that combining sentiment lexicons and POS features with the BOW
feature also improves the sentiment learning process. The use of sentiment lexicons is shown
to be necessarily informative for the sentiment classification [148] especially for the minor
classes in cases where the classes are imbalanced. The results provided by Zhu et al. [161]
showed that using SentiStrenght sentiment lexicon yielded better performance than BOW-
TF for the minor class. When using sentiment lexicons for training sentiment models, we
actually combine two learning approaches as suggested in literatures [7, 56, 114, 124]: (1)
statistical machine learning approach and (2) lexicon-based approach. When using features
other than BOW, the occurrence of feature and frequency of occurrences [81, 148] are the
two popular approaches to use in sentiment analysis. We adopt the two approaches in our
proposed features.

Previous works on sentiment analysis have focused mostly on support vector machine
(SVM), naïve -bayes (NB), logistic regression (LR), random forests (RF), and decision trees
(DS) to build sentiment classifiers [125]. The reason that they are the most applied classi-
fiers is due to the better performance they provide in comparison to other classifiers such
as k-nearest neighbour (KNN). Pang and Lee [161] used NB, maximum entropy (ME), and
SVM to learn sentiment from texts. The result showed that SVM was the winner among
the other classifiers. Bilal et al [35] conducted a similar sentiment analysis research using
NB, DT, and KNN algorithms. NB classifier has shown better performance than DT and
KNN methods. Another sentiment analysis work done by Wan and Gao [218] on Airline
Service twitter dataset, showed that RF outperforms NB, SVM, Bayesian Network, and
DT when conducting binary classification while DT outperforms the others when training
on three classes. Also, four classifiers were used in training a binary sentiment model in
the work [212] and the results showed that SVM was the winner among NB, ME, and
stochastic gradient descent (SGD). Recently, deep learning algorithms have achieved very
good results in sentiment analysis domain [231]. It differs from machine learning in its
ability to learn features directly from data. However, explainability of features and learn-
ing can be heuristically understood [61]. In contrary, machine learning along with feature
engineering, would easily offer such explainablity and interpretability of learning and fea-
ture importance especially for unstructured texts. The availability of sentiment resources
created by domain experts, makes it easier and faster to craft features and hence reduce
the computational complexity of deep learning. In this work, we propose to use machine
learning along with feature engineering in order to understand our dataset (DFSMD) and
to provide explainable evaluation of its quality on the sentiment learning.

Recently, researchers have proposed to use ensemble classifiers (a combination of mul-
tiple classifiers) to build more accurate sentiment classifiers for textual contents on OSNs
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[116]. It has been found that ensemble methods are effectively capable of scaling out as
data volume increases. In Lin and Kolcz research [127], individual models are trained
independently and then evidences from each model are combined for the final prediction.
Predictions from the ensemble method have been shown to be better than predictions from
individual classifiers. This type of ensemble uses bagging approach and is based on taking
the majority votes of all the classifiers [60]. Another type of ensemble uses boosting ap-
proach that utilizes the weighted average to build a strong learner from weak ones [190].
Adaptive Boosting (AdaBoost) and Gradient Boosting (GBM) are the most common tech-
niques of the boosting ensemble. In this thesis, we have used the GBM method, as it
proves to well handle the high dimensionality and high sparseness problems [26], which
is an advantage in the case of sentiment analysis. We have experimented with two pow-
erful GBM algorithms: (1) Extreme Gradient Boosting (XGB) [50] and Light Gradient
Boosting Machine (LGBM) [111]. Authors in [105] proposed to use XGB with lexical and
embedding features for emotional analysis of tweets. Combining the XGB model with the
convolutional neural network model has shown an improvement in the overall performance
of the proposed system. The capabilities of XGB to cope with large-scale data has allowed
the ensemble model to improve its overall performance. Another work [110] proposed to
build an XGB sentiment classifier for financial news and headlines. When training on com-
bination of uni-gram and bi-gram feature, the XGB model has shown to be more effective
than when training on other features of TF-IDF and paragraph vector features. Again, a
sentiment model learnt using XGB algorithm has shown to outperform other algorithms
(i.e. SVM and Gradient Boosting Trees (GBT)) when evaluating Telugu news collected
from news websites [149]. The model was trained to recognize the polarity (i.e. positive
and negative) of news texts in Telugu language. An LGBM model was trained on telephone
conversations data for the purpose of finding the sentiment intensity of the conversations.
The LGBM model showed a powerful advantage with 4% better performance than LR
model on a combination of text and audio data. TF-IDF was the only textual feature used
to train the LGBM. Fan et al. [69] built a sentiment model for recognizing the opinions
(i.e. positive, neutral, and negative) of English national team fans during FIFA World Cup
2018. They trained LR, XGB, and LGBM models independently on tweets using word-
based and character-based TF-IDF features. Then they calculated the weighted average
of all the three predictions from the three proposed models as the final predicted result.
The results were promising and showed that the sentiment peaked when the England team
were scoring victorious. However, the work did not report the performance of individual
classifiers; instead, it reported the result after combing all the three classifiers in terms of
weighted performance average. In our work, we propose to train both XGB and LGBT
using five types of features. To the best of our knowledge, this thesis presents one of the
first works to build a general sentiment (i.e. domain free) model based on LGBM using
our domain-free dataset (DFSMD).

2.2.2.2 Deep Learning Approach

Traditional machine learning requires feature engineering as an essential prestep to design,
extract, and select a set of chosen features. The quality of model learning directly depends
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on the quality of the selected features. Therefore, domain knowledge is essential in deciding
features that have importance to the problem in hand. This actually adds a dimension of
challenges ranges from finding domain experts to the complexity of translating knowledge
into data features. This complexity is specially true for the uncontrolled nature of data
coming from an open-platform online social media. Open platform encompasses various
domains, topic, and different languages and even dialects. This very openness leads to
resource insufficiency, which in turn makes it significantly harder to craft features for every
task in every language and dialect.

The advancement of deep neural networks has led to a substantial improvement in Nat-
ural Language Processing (NLP) tasks including sequence classifications [87] and computer
vision tasks [18, 122, 123, 221, 239]. Neural networks come with the capacity of mitigating
the complexity of feature engineering and provide self-learning of data or feature represen-
tations. While memory neural networks with attention mechanism have been widely used
to capture the sequential information of texts [49], CNNs [24, 100] have been popular for
solving image recognition and classification problems [24,123]. Comparing transfer learning
in computer vision to that in NLP few years ago, transfer learning in computer vision was
by far more successful in performing computer vision tasks. Earlier NLP efforts had been
put to exploit previous knowledge by using textual embeddings [38,174] to avoid restarting
training from scratch. Although these embeddings were trained on huge volumes of data,
they still suffer from context-independence problem which means that word representations
are the same regardless of their surrounding context. More recently, transformer-based lan-
guage models such as BERT [112] and GBT-2 [176] have made a groundbreaking milestone
in transfer learning in NLP. These models are capable of alleviating the complexity of fea-
ture engineering and overcoming the limitation of context-independence issue. BERT has
achieved state-of-the-art results in learning semantics of textual expressions for various
problems including sentiment [63,204,222] and hate speech analyses [171,225,228].

Recent studies on using BERT models for sentiment analysis have focused on domain-
specific analysis [63, 152, 178, 179] and the polarity aspect of the sentiment while ignoring
the objectivity part of texts [63, 152, 204]. Moreover, training and evaluation have been
conducted on small datasets [63, 204] and many works have not handled the OSNs cul-
tural language such as iconic emotions (i.e. emojis and emoticons) [27,79,152]. It has been
repeatedly reported that training deep neural networks using large datasets yields better re-
sults than the training using small datasets [64]. Also, iconic emotions contain sentimental
clues that would greatly contribute in sentiment learning [19, 99]. In addition, automati-
cally or noisy annotated data has been used to train BERT-based sentiment model [27,104]
which in turn compromises the knowledge quality of the learning process. Even though
cross-domain sentiment learning has been addressed, many studies focus on adapting sub-
domain to one another while considering the main domain to be the same [63, 153, 178].
This approach would not generalize well on various domains since those models will latch
on to domain-specific information [228]. This thesis addresses all the mentioned issues.
First, it considers the subjective and objective aspects of sentiment (i.e. positive, negative,
neutral). Second, it provides a training dataset (DFSMD) of a decent size and of high
quality psychologist-based manual annotation. Third, it provides a domain-free dataset
(DFSMD) that was constructed free of restrictions to any domains or keywords. Fourth,
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it proposes a domain-free BERT-based sentiment model to bridge specific domains mis-
matches [19]. It also can be used to enhance learning of sentiment in the domain-specific
problems by transferring the general sentiment knowledge instead of starting from scratch.
To the best of our knowledge, this thesis presents one of the first studies to build a general
sentiment model based on BERT language model.

BERT models have shown state-of-the-art performance in detecting hate speech on so-
cial media [53, 146]. Marzieh et al. [147] trained BERT-based models for different hate
speech categories: racism/sexism and hate/offensive. The overall results showed that
BERT-based models yielded excellent performance. Offensive language was studied in [160]
using BERT pre-trained model as a base for modeling offensive classifier using OffensEval-
2019 dataset. BERT-based model was shown to outperform classical machine learning
methods in identifying offensive language in tweets. However, iconic emotions (i.e. emojis
and punctuation-based emoticons) were ignored. OSNs specific feature such as exclama-
tions marks, words with repetitive characters (e.g looool) were ignored even though they
contain strong sentimental insights [19]. Authors in [189] targeted the problem of aggres-
sion and misogynistic identification for three languages on social media. Their approach
included using BERT pre-trained model yet no fine-tuning was conducted. They reported
that BERT-based model had shown a better performance on binary classification than that
of multi-class classification. Hind et al. [4] proposed using domain-specific word embedding
with BERT model to detect white supremacist hate speech if it existed on social media.
The evaluation was conducted on balanced dataset collected from Twitter and Stormfront
forum. However, the size of the proposed training set is quiet small (i.e. 4588 messages)
to be able to fine tune BERT architectures. This would raise concerns regarding model
generalization and network’s overfitting.

The previous studies have shared one approach which is focusing on studying one
aspect of the multifaceted hate language behavior (e.g. racism or aggression). Following
the same approach, the hate datasets were designed and crafted to focus on a specific
aspect of hate language. However, this focus makes it limited and difficult to identify
general hate language across various events on social media. Authors in [171] investigated
the abusive language generalization across datasets of different abusive focuses. Their
findings and observations concluded that models trained using datasets with a broader
coverage of phenomena are more robust in capturing a wider range of abusive language
contents. LSTM-based models were shown to outperform models based on linear support
vector classifier. In this work, we propose exploiting transfer learning using pre-trained
BERT model as well as OSN-specific emotion hints like iconic emotions, in order to build
our hate classifier.

2.2.3 OSN-based Multilingial Multidialectal OSB Understanding

2.2.3.1 Language Machine Translation

Th advent of social media has revolutionized the language that people use for communica-
tion; the informal nature of conversations and communication has become the new norm
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on online social media platforms like Twitter. This is plainly evident in the Arabic lan-
guage where the urban dialect has become the dominant communication language instead
of Modern Standard Arabic (MSA) that is different from the dialectal Arabic in terms of
morphology, lexicons, and expressions. As a result, existing translation systems designed
for MSA would fail to work well with Arabic dialects. In light of this, it is necessary to
adapt to the informal nature of communication on OSNs by developing translation systems
that can effectively handle the various dialectal Arabic language, besides the MSA. Un-
like MSA that shows advanced progress in translation systems such as Google Translate,
little efforts have been exerted to utilize Arabic dialects for machine translation systems.
The main limitation contributing to the immaturity of Arabic dialect translation systems
is the insufficiency of data resources and datasets. Only few efforts have been made to
create contents and build datasets for dialectal Arabic. The Bible was among the first
data resources that was translated into Arabic Moroccan 3 and Tunisian dialects 4. In
the context of online data, Zbib et al. [237] created Egyptian-to- English and Levantine-
to-English dataset collected from dialectal Arabic weblogs and online user groups 5. The
translation from Arabic to English was carried out through crowdsourcing technique on
Mechanical Turk by Arabic users. Bouamor et al. [41] used a subset of 2K sentences from
Zbib’s dataset and extended the translation to Palestinian, Syrian, and Tunisian dialects.
The authors asked native dialectal Arabic speakers to do the translation from Egyptian
sentences to their own native dialects. Later, Bouamor et al. [42] created parallel-phrase
and parallel-sentence datasets that cover various city-level Arabic dialects. The corpus was
created by translating a subset of phrases and sentences taken from the Basic Traveling
Expression Corpus (BTEC) [208]. Even though those Arabic dialect datasets were created
as an attempt to support the Arabic multi-dialect translation systems, they reveal a num-
ber of issues that might limit the translation performance of Arabic multi dialects systems
on online social networks (OSNs). This claim is based on nine observed reasons: (1) the
size of translated sentences to each dialect is small; some datasets are as small as 2K per
dialect [42], (2) translation was done by non-professional translators and it is unknown if
the translators were native in Arabic dialect and native (or at least fluent in English) to
ensure accurate translation [237], (3) translators were not checked if they were familiar
with informal and slang English and with OSNs language (i.e. active on social media), (4)
some datasets are domain dependent 6, [208] and might not be adapted to other domains,
(5) idiomatic expressions were not taken into consideration, (6) most of the datasets did
not consider identical sentence translation to different dialects, (7) ONSs cultural expres-
sions were not included in the datasets nor translation, (8) code-borrowing terms were not
taken into consideration, (9) the translation criteria and guidelines for most of the datasets
have some ambiguity or even absent [41,42,237]. Aiming to overcome the above limitations
and to complement the existing Arabic dialectal datasets for machine translation on so-
cial media, we propose an OSN-based multi-lingual-dialect Arabic dataset (OSN-MLMD).
OSN-MLMD is created by contextually translating English tweets into Spanish, French,
and four main urban dialects: Gulf, Yemeni, Iraqi, and Levantine/Shami. To the best of

3https://www.biblesociety.ma
4https://www.bible.com
5https://catalog.ldc.upenn.edu/LDC2012T09
6https://www.biblesociety.ma, https://www.bible.com
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our knowledge, we are the first to construct a multi-lingual-dialectal parallel translation
dataset between English, Spanish, French and dialectal Arabic for machine translation
that is optimized for social media informal language. Moreover, we are the first to create
a guideline framework that is applicable for translating not only a foreign language into
different Arabic dialects , but also from a language to any other language and dialect.

Machine translation models trained on MSA data are not capable of performing well in
translating from and into Arabic dialects [185]. Hence, research efforts have been made to
enrich such models to explicitly handle the translation of Arabic dialects. The very first
efforts towards building an Arabic dialectal machine translation were based on statistical
learning approach [186, 187]. Some studies adopted the approach of appending dialect to
MSA as a preprocessing step [187,187,188]. Other studies adapted MSA-to-English systems
to dialectal data [186]. Recently, deep learning methods have become more dominant
than statistical learning approach, and neural machine translation (NMT)has shown to
outperform STM with the state-of-art results [183]. NMT for Arabic dialects has not
been extensively explored; however, some work on translating Arabic dialects using NMT
has been recently introduced. Baniata et al. [31] designed a recurrent neural network-
based encoder-decoder neural machine translation model that uses multi-task learning with
individual encoders for both MSA and dialects and with a shared decoder. Transformer
neural networks have become an alternative to sequence-to-sequence neural networks for
neural machine translation. Shapiro and Duh [195] trained transformer-based models for
MSA, Egyptian, and Levantine dialects. Their results showed that training a model on
multidialectal data is able to benefit the translation of unknown dialect. Sajjad et al. [185]
found that transformer based NMT models performed better translations when trained
on large-scale datasets compared to small sized datasets in the settings of training from
scratch. On the other hand, their results revealed that using transfer learning through fine-
tuning pretrained NMT models (i.e. on MSA) improved the learning of Arabic dialectal
translations. In our work, we use transformer networks and transfer learning in order to
train our NMT models using our proposed OSN-MLMD dataset.

2.2.3.2 Visual Multi-Modality OSB Analysis

Visual OSB analysis for social media intends to extract the information related to the online
social behavior of interest from the visual content shared by social media users. Visual
sentiment analysis is an example of the online social behaviors that has been given attention
in research recently. Initial efforts have considered establishing a direct mapping between
sentiment orientation and visual features for visual sentiment analysis on OSNs [23, 200].
However, it has been found that the methods that are based on low-level features do
not apply to visual sentiment analysis on OSNs due to that fact that images are freely
shared (i.e. conveying a wide range of topics from different domains) on social media and
that the relationship between the visual data and its sentiment orientation is extremely
complex [125]. It is important to mention that the emotional semantics of visual contents
shared on social media are indirectly driven by cognitive semantics, hence the usage of
low-level features introduces a problem of a semantic gap [125]. Recently, researchers have
utilized deep learning methods for visual sentiment analysis [18, 48, 109, 121, 233] to fill
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the semantic gap between the low-level features and sentiment orientation. Deep learning-
based methods make the sentiment predictions more interpretable as it transforms visual
low-level features into an abstract feature space in which they benefit the analysis of
emotional semantic for visual content on online social media. Although deep learning-
based approach has achieved some progress in visual sentiment analysis on social media,
current studies have not sufficiently given enough attention to the objects in visual content
[125]. This means that the process of visual perception is ignored while establishing the
mapping between image pixels and sentiment orientation. This thesis addresses this gap
and proposes to consider two types of objects in images for visual perception: (1) faces to
extract facial emotions and (2) texts to extract sentimental hints. Further, the unreliability
of sentiment annotations in existing datasets affects the quality of visual sentiment models
and hence increases the difficulty of network training. In this thesis, we propose a domain-
free multimedia sentiment dataset (DFMSD) [1] that follows a high quality and strict
protocol for data collection and annotation.

Facial Expression Recognition (FER) in the wild of online social media (OSNs) is ex-
tremely challenging due to the uncontrolled condition of images being shared. In addition
to real faces, there exist animated faces that can be seen in images- like memes for example.
Also, due to the uncontrolled condition, those faces might come with variant head poses,
occlusions, and face deformation and blur under unconstrained conditions. However, in the
past few decades, a great progress has been made in FER where different learning meth-
ods that achieved good performance are used. Some of the methods like SVM, Bayesian
Network, and Neural Networks require a pre-step to extract facial features before they
are used for facial emotion classification which adds substantial effort and computational
overhead [45,54,73,194]. Deep learning based methods combine both facial feature extrac-
tion and facial emotion classification into one single stage and break the dependency on
the hand-crafted features [93, 101]. Convolutional Neural Networks (CNNs) have a natu-
ral inductive bias for learning feature representations from images, and thus have shown
a promising performance in FER [122, 123, 221, 239]. However, the CNN-based models
can be sensitive to image occlusion complex backgrounds, or variant head poses to name
few [120]. Recent studies have shown that vision transformers(ViT) are robust against
image occlusion and disturbance [102, 132, 155] which justifies our decision to use ViT as
the backbone of our FER model on OSNs.

The novel transformers [62] have become the state-of-the-art method in NLP tasks, and
recently it has been applied in computer vision tasks [95, 134]. Visual Transformers have
achieved a remarkable performance in image classification tasks [62,139] and outperformed
CNNs in terms of computational efficiency and accuracy [62]. ViT was designed based
on the attention mechanism which has proven to be a key element for image classification
to achieve high performance robustness. ViT uses the attention mechanisms directly on
a sequence of input image patches without depending on CNNs where attention is either
used in conjunction with it (i.e. with CNNs) or to replace some components of the CNNs.
When trained on enough data, ViT outperformed the performance of similar state-of-art
CNNs with four times fewer computation resources and four times better efficiency and
accuracy [62]. Unlike CNNs, which have small local receptive fields in each layer, the
multi-head self attention layer allows the ViT to embed information globally (i.e., attend
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to global features) across the overall image. Moreover, the model learns to encode the
relative location of image patches so that it reconstructs the image structure.

ViT has shown to perform the best when trained on large-scale data; that was man-
ifested in its performance on ResNet against ImageNet [62]. This means ViT is able to
generalize well on image classification tasks when trained on large-scale data compared to
when trained on small datasets. Researchers [18,120] benefit from such vision transformers
models trained on large-scale data by exploiting transfer learning approach that uses pre-
trained weights to finetune transformer architecture on smaller datasets. Authors in [120]
have adopted ViT transfer learning to learn an FER model through one stage finetuning
with using pretrained weights from a transformer based Deit-S model. Ma et al. [131] have
shown the positive impact of using pretrained weights (i.e. obtained from ImageNet-21K)
when training their transformers based FER model compared to when the training was
conducted from the scratch. While there have been vision transformers based FER models,
to the best of our knowledge we could not find studies that apply vision transformers on
visual sentiment classification tasks. Transfer learning has addressed the problem of small
datasets (i.e. given the fact that it is time, cost, resource consuming to build large-scale
manual annotated datasets) for image classification problems including FER and senti-
ments. To further compensate for the small datasets, existing studies suggest overcoming
the difference between source task and target task when using transfer learning, through
a two-stage finetuning strategy [113, 156]. First stage finetuning shifts the learning from
the source task to the target task while second stage finetuning refines the learning in the
target task [140]. The two-stage strategy has shown to outperform the one-stage finetun-
ing on FER tasks that use small datasets [140,220]. In this work, we adopt the two-stage
strategy to build our ViT based FER and sentiment models.

Several efforts have been made to analyze the sentiment and emotion using textual
and visual modalities [168]. In the context of textual sentiment analysis, Alzamzami and
El Saddik [17] attempted domain independent sentiment analysis using DL transformers
network and showed that their model is able to adapt to various domains including sport
and movie reviews. Image sentiment recognition is an area of research interest as well. Sun
et al. [205] designed an algorithm that discovers affective regions and supplementing local
features in images top boost the performance of visual sentiment analysis. Multimodal
emotion and sentiment recognition has had an equally active research area in the last few
years. P. Fortin et al. [169] proposed a multimodal architecture for emotion recognition
system that performs predictions in the absence of one or two modalities by using a classifier
for each combination of text, image, and tags. Another work by Nan Xu et al. [201] where
an interplay of visual and textual content for sentiment recognition was modeled based on
a co-memory network.

The learning of multimodal sentiment recognition requires a feature extraction method
and fusion strategy [65]. Most of the previous work on multimodal emotion and sentiment
recognition use low level features (e.g. SIFT for visual modalities and Glove for textual
modalities) or deep features [65]. Features that are extracted a pre-trained deep learning
models are called deep features. They are extracted after a DL model is trained using a
labeled dataset. Existing studies on facial recognition have extracted deep features from
pre-trained facial recognition networks, and similarly pre-trained text deep models have
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been used to extract text features for emotion and sentiment and analysis [65]. Such
studies highlight that the deep features yielded better performance compared to low-level
features. CNNs pre-trained models are widely used for deep feature extraction due to
its natural inductive bias. Authors in [169] used DenseNet-121 pretrained on ImageNet
to extract deep features for image, text, and tag models before they concatenate these
features and feed them to a two fully-connected layers for final predictions. Similarly,
authors in [115] used CNNs based pretrained models for deep feature extraction; VGG16
for image features and BalanceNet for textual features. A hybrid of intermediate and late
fusion approaches was implemented based on CNNs to concatenate the features for the
final sentiment predictions. In this work, we follow multimodality approach in [115, 169]
and propose to use three transformer based pre-trained deep models to extract features
for image, facial emotion, and text. We adopt the intermediate fusion approach to fuse
image, facial emotion, and textual features and feed them to an MLP architecture in order
to build our multimodal sentiment classifier. To the best of our knowledge, we are the
first to use transformer based fusion approach with three pre-trained transformers based
models to extract features for multimodal sentiment analysis on OSNs.

2.2.4 OSN-based Data Exploration and Dynamic Interpretation

Bag-of-words (BOW) and Term-Frequency-Inverse-Document-Frequency (TFIDF) features
at the n-gram level have been widely used with LDA and NMF algorithms for topic model-
ing in social media [198,206] particularly in COVID-19 related social analysis [14,119,167].
Many of these studies have only accommodated removing canonical stopwords (e.g. "the",
"and") during the pre-possessing step to construct features. However, removing canonical
stopwords does not entirely solve the problem of the existence of common uninformative
words, which will definitely affect the quality of the topic models. For example, LDA mod-
els trained without removing common words will produce topics with high probabilities
of uninformative words. To overcome this issue, literature suggests removing domain-
specific [193] and corpus-specific stopwords [66]. Such methods have been proven effective
in enhancing coherence across topics. Authors in the work [137] took it further and showed
that lemmatizing the corpus and limiting the vocabulary of news collections to only nouns,
has improved the semantic coherence of topic models. However, reporting news is one
part of social media data. OSNs platforms are open; hence the data flow spectrum is
broad ranging from reviewing a product, expressing frustration, to reporting news. Ignor-
ing other part-of-speech tags will result in throwing important information that can be
found in nouns and verbs for example. Incorporating different part-of-speech tags for topic
modeling [57] has shown to produce reasonable topics on a small Twitter dataset. In this
thesis, we apply the same approach but on a large scale datasets.

While topic models are proven effective in extracting latent patterns (i.e. themes or
topics) out of social media data [107], they fall short in providing human-friendly interpre-
tations for these topics [85]. Manual interpretation of topics is subject to human bias [138].
Moreover, given the diversity of OSNs contents and huge data volumes makes the avail-
ability of domain experts to annotate data for various problems, a difficult task. Early
researches on topic labelling focused on exploiting external knowledge resources in order
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to automatically label topics of topic models. However, this approach is not applicable to
OSNs data streams since the emerging social contents and events discussed in OSNs might
not exist in these external resources in a timely manner [32]. Later, the focus redirected
towards labelling topics with the most representative single words based on the output
of topic models [136]. Single words provide generic meaning, which makes it difficult for
users to create the main idea when single words of topic models are combined. In addition,
single words may often be homonyms (i.e. they sound the same and have the same spelling
but do not have related meanings) or polysemous (i.e. the word is used to express different
meanings depending on the context). In this context, Qiaozhu et al. [138] proposed the use
of phrase labels to automatically label LDA-style topics. The results of their questionnaire
showed that people prefer phrases over words for topic comprehension. However, their
approach depends on NLP techniques (i.e. chuncking, POS tagging, and n-gram) which is
resource and time consuming. Additionally, the approach focuses on topics derived from
static well-formatted documents (i.e. news articles and scientific article) which is the case
in the work [92] as well. Recently, Amparo et al. [32] have tackled this issue and presented
the topic labelling of Tweets as a summarization problem. The results demonstrated that
the topic labels generated by their method showed that the use of summaries, as topic
labels outperformed the use of top n words resulting from LDA model. However, the
output summaries consist of single words computed using methods based on TextRank
and TFIDF where the latter was shown to yield the best labels. Given the dynamic size
of topics ranging from being small to large, TFIDF would fall short on small data sizes.
Recently, a phrase-based topic labelling approach [74] has been developed based on OSNs
activities parameters (i.e. views and likes). However, phrases of length two were only
considered. The meaning of a sentence varies with the order and length of its constituting
words (e.g. noun-verb-adjective phrase). In this work, we propose to use RAKE algorithm
for automatic topic interpretation as it solves the mentioned issues of current topic labelling
methods. To the best of our knowledge, this work is the first to address these issues and
to utilize RAKE algorithm for automatic interpretation of LDA-style topics using OSNs
data.
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Chapter 3

Multimedia Multi-Lingual-Dialectal
Online Social Behavior Framework: An
Overview

Figure 3.1 illustrates our proposed framework. The framework is designed and developed to
model domain-independent online social behavior through different languages and dialects
on social media contents. Its applications could be widely utilized with diverse contexts.
Based on the application objective, data of interest will be crawled from a social media
platform (i.e. Twitter for this work). The collected data includes textual and visual con-
tents that will go under cleaning process before it is saved and set in an appropriate format
for the preprocessing and feature extraction steps later on. The online social behavior will
be recognized and interpreted automatically using the developed models that will be ex-
plained through an overview description of the main components. Then, the data analysis
engine will take the results from the main components and produce an analysis of interest
be it temporal based, geo-location-based, language/dialect based, or topic-based analysis.

The design and development of domain-independent online social behavior analysis are
discussed in Chapter 4. The details of developing multi-lingual-dialectal online social be-
havior models are presented in Chapter 5 while the process of designing and implementing
a visual online social behavior model is discussed in Chapter 6. Chapter 7 presents the
development of multilingual topic modeling and dynamic topic interpretation.
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Figure 3.1: The proposed multimedia multi-lingual-dialectal framework for mod-
eling domain-independent online social behavior.

3.1 Content-Localization based Machine Translation

Two third of the users on OSNs use languages other than English to access and publish
posts and contents. Further, the informal nature of social media conversations appears to
be the most common form of communication given that informality differs widely between
languages in form of dialects. Arabic language is an example that its dialectal form is used
more often than standard form on social media. The complexity with Arabic language
is that it has many different dialects varying not only from country to country but also
from region to region within the same country. This results in under-resourced status for
dialectal languages like Arabic. Given the expensive cost for building resources for each
language and dialect and to solve different tasks, we propose using content-localization
based translation approach for online conversations of different languages/dialects. Using
this approach, we aim at solving the resource insufficiency of an under-resourced language
by translating its contents into a high-resourced language and hence be able to use the
available resources -in term of data and models- of that language. A comprehensive de-
scription of this component is detailed in Chapter 5.

3.2 Multimedia Online Social Behavior Modeling (OSB)

We study -in this thesis- two types of online social behaviors: sentiment and toxicity in
OSN conversations (i.e. tweets in this thesis). The decision for choosing those two online
social behaviors has come according to the wide array of applications and domains including
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cyber security and public health, that will benefit from such the recognition and analysis
of such behaviors.

The domain-dependent approach comes with the concern that they do not generalize to
other domains [1,17,228] since they latch to the information of the domain they have learned
from. Our OSB component, instead, mainly focus on the domain-independent approach to
model and analyze online social behaviors in social media. While texts require a knowledge
of their spoken language, images speak universal language. Universal language of images
refers to visual contents and emotions where no language is needed to interpret its contents.
We exploit images for online social behavior analysis as an attempt to provide an ability
to extend the analysis of online social behavior especially when there is a shortage and
lack of sufficient resources (i.e. datasets and models) in different languages and dialects.
The details of developing the proposed intelligent models for online social behavior are
described in Chapters 4, 5, and 6.

3.3 Topic Modeling and Dynamic Topic Interpretation

The main objective of this component is to explore and find patterns in social media data
and then generate explainable interpenetration of these patterns. Unsupervised learning
approach is used in the modeling for this component. This component consists of two
main sub-components: topic modeling and topic interpretation. Topic modeling approach
is adopted to explore hidden patterns in large datasets and discover latent topic within
data without prior human knowledge involved. Topic modeling methods are sensitive to
data noises, which is a normal phenomenon in OSNs data. Therefore, the topic modeling
adopted for this work is designed with criteria to fit the challenging unstructured and noisy
nature of social media data as an attempt to maximize the efficiency of extracting useful
information and recognizing hidden insights from social media data. Topic interpretation
sub-component is responsible for automatically generating coherent interpretation of the
inferred topics resulted from topic models since manual topic interpretations requires hu-
man efforts and can be easily biased towards subjective opinions [136]. The interpretations
are decided to be generated in a dynamic-length phrase format. The reason for this deci-
sion is that single words create difficulties to comprehend the main meaning of topics while
sentences are too specific and might miss other aspects of topics. In this work, we use the
topic modeling and interpretations as complementary tools to facilitate the understand-
ing of online social behavior analysis. A comprehensive description of this component is
detailed in Chapter 7.

3.4 Data Analysis

The data analysis engine uses the outputs of OSB and DEI engines and generates an ana-
lytic story from different views: temporal and topic-based, geo-region, and language/dialect
analysis. In temporal analysis, the online social behavior is illustrated in a time-line man-
ner (i.e. over days, months, seasons, etc). Theme-based (i.e. topic-based) analysis provides
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non-linear analysis that is based on the themes and patterns found throughout the given
datasets. Geo-region based analysis illustrates the analysis based on the geo-region that
the OSN messages generated from. Finally, language/dialect based analysis provides a
cultural view based on the spoken language/dialect of OSNs conversations.

33



Chapter 4

Domain-Independent Online Social
Behavior Modeling

4.1 Introduction

This chapter presents the definition of online social behavior studied in this thesis, followed
by the details of design and implementation of the textual sub-component of the domain-
independent "Online Social Behavior" component illustrated in Figure 3.1.

Sentiment, emotion, sarcasm, and humor to name few, have been studied individually
in existing works. However, - to the best of our knowledge - there is no existing work
that categorize them all together under one umbrella and provided a descriptive standard
definition for them.

People, in real-life settings, interact using means of symbolic-based cultural systems like
language in which the shared rules of language and other symbolic systems govern these
interactions or communications [192]. Communication in turn could be defined to “include
the information that people acquire, through inference, from all kinds of interactors partic-
ipating in material medium” [192]. The entire set of communications taking place during
an interval of time with reference to a group of people can define what it is called a be-
havioral system [191]. Therefore, “a behavioral system is composed of all people-artifacts,
people-people, people-extern, artifact-artifact, and artifact-extern interactions relating to
the members of a specific household or community or society” - Michael Schiffer [192].
An operation of behavioral system could be looked at as a repetition of its constituent
interactions [192]. In this context, Schiffer [192] claims that communication and behavior
are related to each other, and both consists of people-people, people-artifact interactions.
Similarly, Hannema [90] claims that “when we interact with others, anything we do com-
municates". Behavior is communication and communication is behavior.” Further, Schiffer
distinguishes between human behavior seen in stimulus and response and behavior’s causes
such as goal and intention.

People migrating their real-life communications into digital format on social media
where we witness individuals interacting with each other and virtual entities within same or
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different geo-locations in different times. Projecting these definitions of communication and
behavior on the virtual social world where people interact with people and entities in virtual
medium, we can observe a repetition of interactions that share common characteristic.
According to Schifer, a human behavior is formed of its constituent interactions. Therefore,
a repetition of a set of interactions that share common characteristic form a behavior. Since
the focus of this work is on the communication (i.e. textual and visual posts) on social
media, we refer to the behavior as online social behavior (OSB). Online social behavior
(OSB) can be seen in the sentimental and emotional feeling expressed towards, for example,
a soccer match or in language politeness of students’ conversations on virtual campus to a
hate speech voiced against a certain group. There exists a number of online social behaviors
that have been studied in the literature, however, most of them follow on the domain-
dependent approach. The domain-dependent approach comes with the concern that they
do not generalize to other domains since they latch to the information of the domain they
have learned from [1,17,228]. Our OSB component, instead, mainly focus on the domain-
independent approach to model and analyze online social behaviors in social media. We
study two types of online social behaviors: sentiment and toxicity in OSN conversations.
The decision for choosing those two online social behaviors has come according to the wide
array of applications and domains including cyber security and public health, that will
benefit from such the recognition and analysis of such behaviors. In this thesis, we present
two types of online social behavior: sentiment and hate. Note that this chapter presents the
details for textual online social behavior modeling while the visual online social behavior
modeling is discussed in Chapter 6.

The trend among researchers is to build online social behavior models for each domain
independently; sentiment is one example of this trend [7,110]. This actually is very costly
due to the following reasons: (1) Data collection needs to be customized to the target
domains. This actually is very costly due to the following reasons: (1) Data collection
needs to be customized to the target domains. This requires extensive efforts to search and
match the required data. (2) Data annotation needs domain experts. It is very hard to
have experts agree to annotate a large volume of data, and even if they do, the cost in terms
of time and expenses is high, let alone the tediousness of the task. (3) Individual OSB
models share the base knowledge (for example in sentiment behavior: like, dislike, love,
hate) regardless of the domains they fall under. "Ronaldo was a disappointment in today’s
match" and "Trump is such a disappointment" reflect negative sentiment even though both
sentences are from different domains. Therefore, there is redundancy in preprocessing and
training sentiment models for different domains. Also, the domain-dependent approach
comes with the concern that they do not generalize to other domains [1,17,228] since they
latch to the information of the domain they have learned from. The challenges of the
domain-specific OSB modeling shed the light on the importance of generalizing the OSB
learning independently of any domains. This general knowledge of models would, in turn,
help in speeding up the learning process of specific domains or the process of domains
adaptation. Instead of learning a model from scratch, the prior knowledge learnt through
general OSB would act as a base knowledge to start from there. Another advantage for
building general OSB classifiers is that reasonable performance in terms of resources and
training can be obtained at a lower cost than building a model for every domain. In this
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work, we focus on adopting the domain-independent approach in modeling and analyzing
our online social behaviors. The nature of data shared on Twitter is different from the
nature of reviews which tend to be predominantly negative or positive. In this thesis, we
consider two techniques to solve the domain-independent OSB:

1. Constructing a domain-free OSB dataset (i.e., sentiment in this thesis). Our proposed
dataset (DFSMD) [1] was collected free of predefined filters and annotated based on
the perspective of the owners of social media posts and not the annotators’ point of
views.

2. Combining various phenomena of an OSB (i.e., hate speech in this thesis). The UN
1 warns that the communications during COVID-19 pandemic could be exploited to
instigate discrimination, stereotyping, stigmatization, racism and xenophobia, all of
which fall under the umbrella of hate behavior according to several universal defini-
tions of hate speech 2, [52, 164]. Updating its policy guidelines, Twitter has warned
against the use of hate language. It disallows promoting "violence against, threaten,
or harass other people on the basis of race, ethnicity, national origin, caste, sexual
orientation, gender, gender identity, religious affiliation, age, disability, or serious dis-
ease". Accordingly, it is understandable that hate behavior embodies violence, abuse,
or harassment language which indicates that hate language consists of multifaceted
contexts.

Recent trends in hatespeech-related researches have focused on specific targets such
as racism or aggression [171,228]. Accordingly, the datasets have also been featured
according to the targeted focuses, thus introducing a challenge of identifying universal
patterns of hate language across social media. This approach makes hate detection a
domain-dependent task. That being said, the requirements to build different models
and datasets to capture different hate language phenomena should increase notably
with the presence of limited resources of domain experts and high expenses of datasets
manual annotation. The challenge of modeling domain-dependent hate language
sheds light on the importance of learning general patterns of hate language. This
general knowledge of models helps not only in capturing a wide spectrum of hate
behavior across social media, but also in controlling and detecting the spread of hate
contents regardless of their types. In this thesis, we combined various phenomena of
violence and hate languages as an attempt to build a generalized hate model capable
of detecting general patterns of hate language on social media.

4.2 Datasets

This section lists and describes the datasets used for modeling, evaluating, and analyzing
the domain-independent online social behavior.

1https://www.un.org/
2https://ec.europa.eu/commission/presscorner/detail/en/qanda_20_1135
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4.2.1 Domain Free Multimedia Sentiment Dataset (DFMSD)

In this section, we describe the procedure for the construction of the DFSMD, including
data collection, preparation and annotation. We propose a sentiment dataset as sentiment
is the base for other online social behaviors; classification of mood, sarcasm recognition,
and hate speech detection are examples of the tasks covered by sentiment analysis [39].

4.2.1.1 Dataset Collection

Twitter APIs were used to collect our set of tweets. The fetching process was free of
keywords, in order to respect our purpose of creating a generalized dataset independent of
topics and emotions. The tweets were collected worldwide from five different dates, chosen
randomly to ensure that many of the topics and events discussed daily were covered. To
ensure that the content of all tweets was appropriate and distinct, we created a filter to
exclude tweets with inappropriate, non useful content (i.e. tweets with only hashtags or
links), and retweets. The collection process included only English tweets, since English
was the common language among participating annotators. Each tweet entity is described
with a set of attributes including creation time, message, tweet user, location and an image.
Note that not all the tweets necessarily come with images or a location. A total of 70,228
tweets were collected during the data collection.

4.2.1.2 Dataset Preparation

The collected data from the previous section was noisy and contained tweets with non-useful
content. As a result, we performed two runs of cleaning. First, we created three cleaners:
1) to remove mentions to ensure text granularity, 2) to remove links since annotators won’t
open them, 3) to remove duplications. We used regular expressions to ensure the quality
of the cleaning process. Second, we manually read and evaluated the tweets and excluded
all the tweets with meaningless contents ( i.e tweets auto-generated by applications). The
same is applied to tweeted images; we excluded the tweets that came with inappropriate
or unrelated images. A sample of 39,000 tweets (i.e. out of 70,228 raw collected tweets)
was randomly selected for the manual evaluation. Three English speakers participated
in evaluating and choosing the useful tweets. Each evaluated 13,000 tweets that had
been cleaned using the first cleaning step. A total of 12,800 tweets were selected for the
annotation process.

4.2.1.3 Dataset Annotation

Our dataset annotation was designed based on a set of criteria for both annotators and
questions. Quality control was considered as a tool to monitor the behaviour of annotators
and to ensure the quality of the data being annotated. To access an acceptable number
of sentimental opinions on our tweet set, we used a survey method as a way to acquire
as many annotators as possible. To ensure the quality of the resulting annotations, we
carefully decided on three main aspects: annotators, questions, and tweet subsets.
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4.2.1.3.1 Annotators

In order to create a dataset with high quality annotation, we required that all annotators
speak fluent English and possess a high level of education. Many studies reflect the fact
that the way people express their opinions and perceive other people’s opinions are subject
to cultural and gender differences [78, 229]. Accordingly, annotators of both genders and
of different cultural backgrounds should be considered in order to limit the bias in the
annotation.

An email invitation was sent to email list provided by university of Ottawa. The invita-
tion included a questionnaire asking for personal and demographic information. According
to our criteria, 58 out of 65 participants were qualified to participate. 24% of the partic-
ipants are native and 76% fluent English speakers. The participants are of both genders
(57% male, 43% female) and of different cultural backgrounds (East Asian 33%, South
Asian 38%, Middle Eastern 21%, African 7%, and North American 1%).

4.2.1.3.2 Questions

Each tweet message was associated with a sentiment question on a 3-level scale (positive,
neutral, negative). On each tweet message evaluation, there was a confidence question on a
5-level scale, ranging from 1 (i.e. not confident) to 5 (i.e. very confident). If a tweet came
with an image or images, the same questions are asked to evaluate the sentiment of the
image(s). In addition, a third question is asked to evaluate if the image(s) is related to the
tweet, followed by a confidence question for evaluating the answer. The reason for adding
the confidence question in our survey is to show the strength of the sentiment evaluation
provided by the annotators. This will be used for two purposes: 1) as a factor to resolve
disagreements between annotators, if they exist, 2) as an indicator to exclude tweets with
unclear sentiment.

4.2.1.3.3 Tweets Subsets

The tweet dataset was divided into 20 subsets. Every annotator was assigned to only
one group. Therefore, each tweet group had at least four annotators. Previous studies
suggested that average of 4 non-expert annotators are required for annotation tasks [202].
Our strategy of dividing the tweets into groups was to ensure that the annotation process
was not tedious for our participants. Therefore, they were able to provide a high level
of concentration in order to carefully evaluate tweets and provide consistent sentiment
understanding.

In an effort to increase the speed of the annotation process while also ensuring con-
sistency, annotators were provided with a web-based annotation tool. Guidelines were
provided to the annotators explaining the annotation task as well as some examples of
annotated tweets for reference. The most important guideline focused on asking the an-
notators to evaluate the feeling/opinion of the authors when they posted these tweets.
Annotators needed to register an account on the survey website. We proposed this service
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so that the annotators could stop the annotation at any time and resume safely where they
had stopped, at a later time. Only one tweet was displayed at a time. The message and
image(s), if any, were shown to the annotators along with the questions and the answer
fields. A hidden timer started once a tweet was displayed and stopped when the next
tweet was shown. We provided a counter for each annotator to give them a sense of their
progression. Once annotators were done with their tweets, the results were saved under
their identity.

The annotation process was split into three phases where the first and second phases
are combined and then followed by the third one. The first phase acts as a qualification
phase, intended to test the annotators’ efficiency and exclude the annotators whose work
did not meet the required standards. An annotator is qualified if she labels in agreement
with a domain-expert. All annotators were provided with tt test tweets (i.e. 200 in our
case), obtained from a dataset annotated by three expert psychologists [6]. They were
asked to annotate the test tweets with one of the three sentiment states: positive, neutral,
negative. Their results were then compared with the sentiment labels of the psychologists
to measure the qualification agreement agr(a) as shown in equation 4.1

agr(a) =
n

tt
∗ 100 (4.1)

where a is an annotator, n is the number of matched sentiment labels between annotator
a and psychologists, and tt is the size of the test tweets.

Table 4.1: DFSMD statistics

Labels Tweets Number Images Number

Positive 6,683 4,851

Negative 2,275 966

Neutral 2,983 4,427

In the second phase, the actual annotation was performed in two rounds, giving the
annotators enough time to rest between the rounds. In each round, annotators were divided
into ten groups, each with at least four individuals. For each group, the assigned annotators
were given 640 tweets and asked to answer the sentiment questions (4.2.1.3.2). Note that
each group had a distinct set of tweets. To preserve the quality of our dataset, we combined
the test tweets with the to-be-annotated tweets, as a quality control technique. This way
we ensured the annotator’s mental state was constant when evaluating both types of tweets,
and hence eliminating possible biases. As a result, a sentiment evaluation with the same
standard for both types of tweets could be obtained. The duration timer is another quality
control metric we considered in the annotation process. A hidden timer started when a
tweet was displayed and ended when the next tweet was shown. Its role was to measure the
time annotators took to evaluate tweets, ensuring that they took enough time to carefully
review each tweet before assigning an appropriate label.

Based on the qualification agreement measurement and the duration timer results,
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three annotators were excluded. They showed a lower agreement rate (less than 50%)
with the psychologists, and in comparison to the majority of the other annotators, who
agreed on more than 50% of the tweets. The low agreement rate could have been a result
of these annotators selecting the labels randomly, which could be evidenced by examining
the timers, or caused by language barriers, which could lead to difficulties in understanding
the tweet’s slang, idiom or context. The other 55 annotators were considered as qualified
and could move to the third annotation phase.

The third phase involved the construction of our final dataset, DFSMD. We constructed
the DFSMD based on the following rules: the label was assigned to each tweet within the
dataset based on a majority vote among annotators in each of the 20 groups. In 1,848 cases,
tweets equally achieved sentiment disagreements. For instance, two annotators thought
that a tweet was positive and another two thought that it was neutral. In such cases, we
resolved this conflict by considering the confidence answers that the annotators provided.
If the confidence score of all the annotators of one opinion x1 was greater than the other
opinions x2 or x3, then opinion x1 was the sentiment of the corresponding tweet. A total
of 859 (i.e. out of 1,848 tweets with disagreement) were excluded from the dataset due
to the inability to resolve the disagreement between the annotators. Table 4.1 shows the
sentiment distribution of DFSMD. The DFSMD3 is released for public use.

4.2.2 Hate Datasets

In order to train our hate speech classifier, we use four available datasets published in
previous studies:

• HatEval 2019 The English tweet dataset [33] was constructed based on women
or immigrants as targets of hate speech in this dataset. The tweet annotations did
undergo two steps: (1) by non-expert annotators using crowd sourcing mechanism,
(2) then two domain-expert annotators reviewed the annotated tweets. The inter-
agreement in annotating the dataset scored 83%. The data set contains a total of
13000 tweets, out of which 5470 tweets are labelled hate speech.

• OffensEval 2019 The dataset [236] was annotated for categorizing offensive/non-
offensive language on twitter. The offensive language is defined as insult or threat
contexts. If offensive language is directed towards individuals, groups, or others, it is
annotated as hate speech. The annotation was done by domain experts using crowd
sourcing approach. The dataset consists of 13240 tweets, 4400 of which are labelled
offensive and hate speech.

• Antigoni Dataset 2018 The tweet dataset [76] was manually annotated using the
crowd sourcing approach.

It consists of hate, abusive, spam, and normal labels. The results have shown that
there was confusion between abusive and hate labels during the annotation process,

3http://www.mcrlab.net/datasets/dfsmd/
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so we decided to combine both under the hate label. We removed the spam label
which resulted in a total of 60702 tweets; 28587 of which are normal and 32115 are
hateful.

• Waseem and Hovy 2016 The tweet dataset [224] was annotated for racism and
sexism types of hate language. The tweets were reviewed by the authors [224] and
then by domain experts.

The labels of these datasets were binarized into two labels: hate and non-hate. This
approach was adopted in previous studies [4, 171] and it has been proven effective. The
number of hate tweets in our dataset is 39593 where the normal tweets are 46753, which
brings the overall total size to 86346 tweets.

4.3 Methodology

4.3.1 Traditional Machine Learning Approach

Figure 4.1: Framework for traditional ML-based online social behavior modeling.

Figure 4.1. illustrates our framework for the domain-free sentiment classification for
short texts. We follow the same framework used in general classification problems. The
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data acquisition component is responsible for collecting data based on filter-free criteria.
We used Twitter Stream API for this job. Then, the retrieved data underwent a clean-
ing process to finally generate the Domain-Free Sentiment Multimedia Dataset (DFSMD).
Further details on the data collection can be found in our earlier work [1]. Before the data
is passed to the sentiment engine, it is split into training and test sets in order to facilitate
the learning and evaluation processes. The sentiment engine consists of four components:
data preprocessing, feature engineering, sentiment learning, and sentiment model. In the
preprocessing phase, the data is prepared based on criteria to keep the important parts
of the data that utilize the sentiment learning (explained in details in Section 4.4.). The
preprocessed data is then used to extract meaningful features in the feature engineering
component, and represented them in a vector format. Both data preprocessing and feature
engineering process the data in three phases in order. This is because extracting some fea-
tures is dependent on the existence of pieces of information that will be removed eventually
before the data is fed into the sentiment learning component. A classification algorithm
is selected in the sentiment learning component and its parameters are tuned as a prior
step to the learning process. While only the training data is fed into the sentiment learn-
ing component, both training and test sets are evaluated by the learnt sentiment model.
Finally, the result is expressed as a one class of positive, neutral, or negative. The details
of the components are presented in the following sections.

4.3.1.1 Feature Engineering

As seen in Section 4.4, sentiment classification on large textual datasets requires a lot of
preparation work on the back end. This step is important in order to transform a text into a
format that an algorithm can use. The transformation process, which involves representing
textual data numerically, is called "feature extraction".

Words and other attributes of text represent either discrete (i.e. frequency of words)
or categorical (i.e. presence of words) features. In feature engineering, we aim at mapping
these words and attributes into real-valued vectors. We have used different techniques to
choose the numerical representations of the textual features.

In this work, we have used different types of features, including Bag-Of- Words (BOW),
n-gram, sentiment lexicons, and linguistic hints. We have also used features representing
OSNs culture such as iconic emotion, and hashtag. Detailed description of the features is
presented in the following subsections.

4.3.1.1.1 Bag-of-Words (BOW)

BOW is a well-known technique in text processing. It generates a list of words, called
vocabulary, from a dataset. Each tweet is represented as vector with each word represented
with a numerical value depending on the used numerical representation method. For
example, a word is given 1 value if it is present in the vocabulary or 0 if otherwise. Another
technique is the frequency of occurrences of the words of a text in the vocabulary. The two
most common approaches to numerically represent a text are: (1) Term Frequency (TF)
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which represents the number of time a word occurs in a tweet with respect to its total
number of occurrences in the whole dataset, (2)Frequency-Inverse Document Frequency
(TF-IDF) which represents the level of importance of a word in the whole dataset. In this
work, we have adapted the TF approach since it shows better performance over TF-IDF
during our initial experiments.

4.3.1.1.2 n-gram

BOW ignores the word order, which results in ignoring the context of texts. To solve
this, n-gram technique is incorporated to extend the BOW model where a document is
represented as n consecutive words [129]. The literature suggests the order of n <=3
consecutive words. In our work, we investigate the impact of using uni-gram, bi-gram, and
tri-gram. We use TF approach for our features vector representation.

The n-gram feature vector consists of each n consecutive words in a tweet, as seen
below:

• Uni-gram feature: the vector will be of m dimension where m is the size of our
constructed vocabulary. Each item in the uni-gram vector represents a word from
the vocabulary list.

• Bi-gram feature: the vector will be of m− 1 dimension where m is the size of our
constructed vocabulary. Each item in the bi-gram vector represents a two-consecutive
words from the constructed vocabulary.

• Tri-gram feature: the vector will be of m − 2 dimension where m is the size of
our constructed vocabulary. Each item in the bi-gram vector represents a three-
consecutive words from the constructed vocabulary.

4.3.1.1.3 Formal-word Sentiment Lexicons

Various resources of sentiment lexicons have been developed so that sentiment learning
benefit from textual sources [80]. Each lexicon was built based on a philosophy including
but not limited to coarse grained or fine-grained sentiment classification: what part of text
to annotate, single-word level or n-gram level. As a result, we propose to use two different
lexicon resources: (1) AFINN-111 Lexicon (AFINN) [159]: it contains 2,477 words which
were built based on Affective Norms for English Words (ANEW). Each word is annotated
with score ranging from 1 to 5 or from -5 to -1 for positive and negative words, respectively,
(2) NRC Hashtag Sentiment Lexicon (NRC) [143]: It contains 54,129 words extracted from
775,000 tweets. The tweets are automatically labelled based on the polarity of hashtag such
as "amazing", and "terrible".

We have extracted two features, based on the presence of words from our tweets, in
the used lexicons. Each feature represents the frequency of positive and negative words,
respectively, for each individual lexicon.

For AFINN lexicon, the features extracted are:
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• Affin-positive-feature: contains the frequency of positively scored words (i.e. in a
tweet) which exist in Affin .

• Affin-negative-feature: contains the frequency of negatively scored words (i.e. in
a tweet) which exist in Affin .

For NRC lexicon, the features extracted are:

• NRC-positive-feature: contains the frequency of positively scored words (i.e. in a
tweet) which exist in NRC .

• NRC-negative-feature: contains the frequency of negatively scored words (i.e. in
a tweet) which exist in NRC .

4.3.1.1.4 Slang Sentiment Lexicons

OSNs users tend to use their daily informal language when interacting online [25]. Fur-
thermore, they use many abbreviations for faster communication and due to limited space
provided for writing. Hence, the daily informal language used provides a more convenient
tool for communication than a formal language does. As a result, we propose to use a
sentiment lexicon designed for online slang language to collect useful information related
to expressing opinions or emotions which might be missed in the formal-word lexicons. In
this thesis, we use SlangSDlexicon [230]. SlangSD contains 96462 slang words labelled as
positive, neutral, or negative. The three features created, based on the presence of words
from our tweets in the SlangSD lexicons, are as follows:

• SlangSD-positive-feature: contains the frequency of positively scored words (i.e.
in a tweet) which exist in SlangSD.

• SlangSD-neutral-feature: contains the frequency of neutral scored words (i.e. in
a tweet) which exist in SlangSD .

• SlangSD-negative-feature: contains the frequency of negatively scored words (i.e.
in a tweet) which exist in SlangSD .

4.3.1.1.5 OSNs Linguistic Hints

Beside using slang language in OSNs, the use of intensifiers like all-caps and character
repetition would indicate a strong sentiment. Studies have shown that intensifiers are
widely used in online conversations [124]. Therefore, we believe that they will be useful to
build our classifiers. We extract four types of linguistic-hint features:

• All-caps presence feature: contains the presence of all-caped words, like "HOR-
RIBLE", in a tweet.
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• All-caps frequency feature: contains the occurrences frequency of all-caped words
in a tweet.

• Letter-repetition presence feature: contains the presence of words with consec-
utive repetitive letters, like "beeest", in a tweet.

• Letter-repetition frequency feature: contains the occurrences frequency of f
words with consecutive repetitive letters in a tweet.

• Exclamation-mark presence feature: contains the presence or absence of excla-
mation mark in a tweet. Literature states that the use of exclamation mark could
indicate a strong feeling [34]. In addition, sentences ending with exclamation mark
would convey emotion rather that stating a fact.

• Exclamation-mark frequency feature: contains the frequency of exclamation
mark in a tweet. Previous works claim that consecutive use of exclamation mark
would increase the attention to the feel of the opinion expressed [34].

• Question-mark frequency feature: contains the frequency of question mark in a
tweet. Consecutive question marks are a sign of opinion intensification [143].

4.3.1.1.6 Iconic Emotion

Punctuation-based emoticons and emojis have become a ubiquitous part of OSNs culture.
Users intensively use them when communicating online. Sometimes, users tend to empha-
size them as they express their feelings more than words do, as well as to save space for
more information to share. The latter case is especially for Twitter since it limits posts to
140-280 words. Emoticons and emojis have proven to have an important communicative
role in areas like opinion expression and conversation ambiguity clarification [96]. In this
thesis, we follow two approaches to extract the features related to the use of emoticons
and emojis: (1) their presence/absence, (2) the sentiment they provide. For the sentiment
approach, we utilized AFFIN-emoticons lexicons [159] and emoji sentiment lexicon [163].

For emoticons, the features extracted are:

• Emoticon presence feature: contains the presence or absence of emoticons in a
tweet.

• Emoticon-positive frequency feature: contains the frequency of positively scored
emoticons (i.e. in a tweet) which exist in AFFIN-emoticon lexicon.

• Emoticon-negative frequency feature: contains the frequency of negatively scored
emoticons (i.e. in a tweet) which exist in AFFIN-emoticon lexicon.

For emojis, the features extracted are:

• Emoji presence feature: contains the presence or absence of emojis in a tweet.
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• Emoji-positive frequency feature: contains the frequency of positively scored
Emojis (i.e. in a tweet) which exist in emoji sentiment lexicon.

• Emoji-negative frequency feature: contains the frequency of negatively scored
Emojis (i.e. in a tweet) which exist in emoji sentiment lexicon.

4.3.1.1.7 Hashtag

The presence of a hashtag in online posts gives a weight to the aspect it represents whether
it is a topic, event, or emotion. It is specific to Twitter and its popularity has expanded
to cover all social media arenas such as Facebook, Instagram, and Flicker. A hashtag
summarizes the overall opinion of texts. Its short length nature makes the choice of its
word(s) reflect stronger feeling or opinion. In the example "players didn’t show their best
today. # shame", the hashtagged word "shame" emphasizes a negative sentiment more
than the message of the tweet itself. In this thesis, we explore hashtag as an individual
type of feature. We extract two features from this section:

• Hashtag presence feature: contains the presence or absence of hashtags in a tweet.

• Hashtag frequency feature: contains the frequency of hashtags in a tweet

4.3.1.2 DFMSD Dataset Classes Features Relation

The first part of Table 4.2. shows the frequency of the top 10 words from our dataset in
positive, neutral, and negative classes. We have observed that most of the top 10 words
are stop words. We have also observed that the frequency of their use appear to be nearly
equal among the positive, negative, and neutral classes. For example, the word "my" is
used ≈ 17% and 16%, and 11% times in positive, negative, neutral classes respectively.
Note that the frequency of the word "my" for the neutral class appear to be far less than
the positive and negative classes. This is due to the class imbalance. Besides, the neutral
class has the minority number of instances in comparison to the positive and negative
classes. However, the percentage of its term frequency is close to the other classes. This
observation follows Zipf’s law that states that words with low usage frequency rank are
used more often while words with high usage frequency rank are used rarely [170]. From
this observation, we claim that the use of stop words to find a relationship between the
features of our classes, will not be of help. So, we decided to remove the stop words. In
this analysis, we have used 21641 terms, after removing the stop words. The second part
of Table 4.2 shows the top 10 words among the three classes after removing the stop words.
Now we can see that some of the words started to give useful information about positive
class like "happy" and "love". They have much high frequency in positive class than in
other classes. There are still some high frequent words that provide neutral sentiment (e.g.
"day" and "just"); however, those words will not impose an importance in learning the
positive class characteristics.
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Table 4.2: Top 10 term frequencies from our dataset, with and without stop
words for positive, negative, and neutral classes.

Top 10 term frequencies with stop words for DFSMD analysis

Word Positive Frequency Negative Frequency Neutral Frequency

the 2453 2891 1114

to 2170 1948 931

and 1286 1203 478

you 1403 902 508

in 1085 1056 473

of 1041 1045 520

is 971 1062 445

for 1167 809 478

my 1143 767 338

it 796 896 317

Top 10 Term frequencies without stop words for DFSMD analysis

Word Positive Frequency Negative Frequency Neutral Frequency

exam 442 341 259

just 301 423 171

day 470 266 77

like 270 344 179

love 564 51 38

today 338 181 76

time 208 219 92

tomorrow 107 357 37

new 254 133 101

happy 442 25 9
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In order to find a relationship between the features in different classes, we need to
decide on a metric that can capture the characteristics of words belonging to each class.
By using the frequency metric only, as seen in Figure 4.2. for the positive and negative
classes, we are not able to infer any meaningful relationships between the features of the
classes. We have observed that most of the words fall below 600 usage frequency which
makes it difficult to infer a meaningful correlation. On the other hand, very few words
have high frequency from which we can infer an inverse relation between the words in two
different classes. For example, high frequent words in positive classes have low frequency
usage in negative class. It is important to mention that stop words were removed for the
purpose of analysing our dataset (DFSMD) and were kept for the learning process.

Figure 4.2: Relationship between positive and negative classes in term of term
frequency metric.

So, the assumption here is that high frequent words that appear in a class more than
in another will be useful features to learn that class. Accordingly, we have used Eq.4.2 to
compute the ratio of a word belonging to a class with respect to the total frequency of the
same word in all the classes. Also, we have used Eq.4.3 to calculate the ratio of a word
belonging to a class with respect to the overall frequency of the same class.

fki(w) =
frequencyki(w)∑︁C

c=1 frequencykc(w)
(4.2)

gki(w) =
frequencyki(w)∑︁

frequencyki
(4.3)

Eq.4.2 yields good results in cases where the frequency of words belonging to a class
is very high compared to the other classes. For example, the word "fabulous" has 7
occurrences in positive class where it appears 0 times in negative and neutral classes.
However, the frequency of occurrences of these words is too low to consider as features to
learn the class. Therefore, it is not possible to generalize a relationship from this equation.
From Eq.4.3 we could not capture useful characteristics of words to be used as a useful
measure to learn distinct classes since the ratio reflects the same information as the word
frequencies. Besides, we already have seen the limitation of using only frequency to find
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a relationship. To overcome these limitations, we use Commulative Distributed Function
(CDF) as a metric to reflect the meaning of both equations and, hence, to recognize the
characteristics of important words for individual classes. CDF at value w is defined as
follows:

CDF (w) = P (X ≤ w) (4.4)

Where X is a real random variable and P is the probability that X takes a value ≤ w.

We compute CDF for both fk(wi) and gk(wi) in order to reflect their meanings over
the words distributed among individual classes in term of accumulative manner.

Finally, we combine the CDF results for both fk(wi) and gk(wi) in a hope to provide a
better capture of the characteristics of important words for each class. We use Harmonic
Mean (Eq.4.5) due to its nature of equalizing weights given to all data points to avoid any
bias towards high data points.

H =
n∑︁n
i=1

1
xi

(4.5)

Where n is the size of data points and xi is a data point.

From Figure 4.3(a). we can infer that there is a relationship between words in pos-
itive and negative classes. Points with positive/negative high frequency have low nega-
tive/positive frequency. This can be seen in the data points close to the upper left corner
and points close to the bottom right corner, respectively. Data points with positive CDF
harmonic mean greater than 0.5 and less than 0.5 for negative CDF harmonic mean repre-
sent the important words for the positive class. The same applies to negative and neutral
class as illustrated in Figure 4.3(c). From the same figure, we can see that the number of
important words for the neutral class is less than that of the negative class. This is due
to the class imbalance for the neutral class. On the other hand, we are not able to draw
a clear relationship in the case of positive and neutral classes as seen in Figure 4.3(b).
They seem to share many words with close usage frequencies. This is not surprising since
neutral words tend to be closer to the positive side than to the negative one. In other
words, the negative expressions tend to be strongly subjective. If we have three centroids,
one for each class, the centroid of neutral class will be closer to positive centroid than to
the negative one.
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(a) CDF Harmonic Mean for negative
against positive.

(b) CDF Harmonic Mean for positive
against neutral.

(c) CDF Harmonic Mean for negative
against neutral.

Figure 4.3: Commutative Distribution Function (CDF) Harmonic Mean for class
rate and class frequency for every pair of classes: (positive, negative), (positive,
neutral), and (negative, neutral).
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The findings from this section show the quality of the dataset we proposed to use since
we were able to determine the important words for the classes. Therefore, we claim the
effectiveness of our word features, as they reflect an obvious association to the sentiment
classes, in contributing to sentiment learning process.

4.3.2 BERT-based Deep Learning Approach

The advancement of deep neural networks has led to a decent improvement in several
Natural Language Processing (NLP) tasks including sequence classifications [87]. Neural
networks come with the capacity of mitigating the complexity of feature engineering and
provide self-learning of data or feature representations. While memory neural networks
with attention mechanism have been widely used to capture the sequential information of
texts [49], CNNs [24,100] have been less popular. Comparing transfer learning in computer
vision to that in NLP few years ago, transfer learning in computer vision was by far more
successful in performing computer vision tasks. Earlier NLP efforts had been put to exploit
previous knowledge by using textual embeddings [38,174] to avoid restarting training from
scratch . Although these embeddings were trained on huge volumes of data, they still
suffer from context-independence problem which means that word representations are the
same regardless of their surrounding context. More recently, transformer-based language
models such as BERT [112] and GBT-2 [176] have made a groundbreaking milestone in
transfer learning in NLP. These models are capable of alleviating the complexity of feature
engineering and overcoming the limitation of sequence-to-sequence issues (e.g., context-
independence and negation issues) that are especially found when using machine learning
approach. BERT has achieved state-of-the-art results in learning semantics of textual
expressions for various problems including sentiment [63,204,222] and hate speech analyses
[171,225,228].

BERT [112] is a multi-layer bidirectional Transformer encoder model. It uses Trans-
formers’ attention mechanism [216] to understands the inter-relationship among all words
in a sentence. Transformers use an encoder to read input texts and a decoder to produce
predictions of given tasks. For BERT, only the encoder is considered since its objective
is to build language models. BERT model was built based on three concepts: (1) con-
textualized word representations, (2) transformers architecture, (3) pre-training language
models on large corpus to be used for NLP task-specific fine tuning. Due to its deeply
bidirectional contextualization, BERT provides a deeper sense of language contexts than
single-direction models do. The contextual representation of a word considers both left
and right contexts unlike single direction models that consider only the context of single
direction. Two strategies are applied to learn the contextual representations: Mask Lan-
guage Model (MLM) and Next Sentence Prediction (NSP). Before feeding input tokens
into BERT, some percentage of the tokens are randomly masked by MLM model which
then predicts the original value of masked tokens only based on the context of unmasked
tokens. This way, the information about the predicted tokens is ensured not to leak to
next layers. Next comes the role of NSP model where pairs of sentences (A,B) are se-
lected from the data corpus. NSP model trains a binary classifier to predict whether the
following sentence B is the actual next sentence of A. This is important to understand the
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relationship between sentences and to obtain language models that have a deeper sense of
a language flow and context. The resulted high-level contextualized word representations
are transferable to a downstream of NLP tasks (e.g. task-specific fine turning).

Online	Social	Behavior	Modeling

Sentiment	Analyzer Hate	Analyzer

Classifier	 Training

Model	Evaluation
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Figure 4.4: Framework for DL-based online social behavior modeling.

Our study focuses on two types of online social behaviors: sentiment and hate behaviors.
Figure 4.4 illustrates the proposed methodology followed in order to build sentiment and
hate analyzers. Supervised classification approach is adopted in the modeling of OSB.
The data preprocessing is performed independently of the DEI modeling. The processed
data is fed into the training component. The Classifier Training component demonstrates
the proposed neural network architecture. The BERT layer consists of BERT pre-trained
embeddings which are representations of words and their relation to each other in n-
dimension. BERT pre-trained model is fine-tuned by training the entire BERT architecture
on our datasets in order to alleviate possible biases resulted from pre-training on Wikipedia
corpus [178]. BERT-base-uncased model is used in this work. It consists of twelve layers
and uses 110M parameters. A feed-forward neural network layer used as a classification
layer is appended to the BERT layer. The classification layer produces logits that indicate
the likelihood of a tweet belonging to a class. Soft max layer is used to normalize the
output logits and calculate the probability of classes. The training is conducted by back
propagating the errors throughout our architecture and updating the weights of the pre-
trained weights and the weights of the appended layer based on our datasets. The models
are optimized using Adams optimizer. Early Stopping Approach is used to avoid over-
fitting the neural network on the training data and improve the generalization of the
models. Finally, we evaluate and test our models on the validation and test sets before
generating the final prediction results. The prediction of sentiment analyzer is one of three
classes: positive, negative or neutral sentiments, whereas the hate analyzer predicts one of
two classes: hate speech or non-hate speech.

4.4 Data Preprocessing

Preprocessing data is a very essential step in machine learning in general. It prepares
the resource knowledge for the machine models to learn from. High quality preprocessing
ensures the quality of the learning process. The objective of preprocessing data is to remove
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excess noise, which could affect the learning performance, and retain useful information.
Following are the preprocessing steps we propose to use:

• Removing Retweets

• Removing extra whitespaces

• Removing encoding symbols: Since we use Twitter data, we might encounter
cases where HTML encodings have not been converted into text. Hence, there was a
need to clean this noise.

• Removing user mention: User mentions do not provide any opinion hints; there-
fore, we decided to remove them.

• Removing URLs: Even though URLs provide information, they might contain long
texts, images, or videos. This requires different preprocessing steps. Therefore, we
decided to remove them.

• Converting text to lower case: Treating a word that appears capitalized in the
beginning of a sentence and the same word appearing lowered in the middle of a
sentence would result in redundancy, hence declining performance accuracy. In ad-
dition, keeping words with upper case initials is not useful in building our sentiment
model since we do not do Entity Recognition or any related tasks. We generally
look for words that capture opinion, sentiment, or emotion. However, we exploit the
sentiment clues that might exist in all-caps [124] words before we convert texts into
lower case.

• Expanding abbreviations: to replace abbreviation words with sequence-of-words
format. This step processes contraction words "e.g. we’re", negation words (e.g.
"don’t"), and slang words "e.g. ppl, bro".

• Fixing slang, negation, and repetition: In OSNs, users tend to use abbreviations
to express opinions due to the limited space. Also, they tend to use their daily
language (i.e. informal or slang) and probably with the same tone they speak in
real life. For example, when a strong opinion occurs, users tend to intensify words
that express what they feel. "I LOOOOVE this pic" and "It isn’t easy to 4gv" are
example of how OSNs people tend to use short form in posts. Human eyes understand
the abbreviations when encountering them because they know the origins of these
abbreviations. The same analogy applies to learn our models. In our work, we apply
three types of cleaners to put the words in our corpus to their original forms: (1)
fixing slang: to replace slang words used in OSNs to its original terms like "bff "
will be replaced by "best friend forever". (2) fixing negation: to replace abbreviated
negation words to its original components. In "she isn’t worried" example, we see a
problem of the negation word "isn’t" after tokenization; the word "t" (i.e. "not") will
be meaningless. In "she isnt worried" example, the model will treat "isnt" differently
than "isn’t" and eventually they will be learnt as different tokens even though they
are the same. Hence, this would harm our model learning. As a result, we replace
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"isn’t" and "isnt" by "is not". (3) fixing repetition: to remove character repetition
and replace it with a single character. For example, word "niiice" will be replaced
by "nice". Note that the repetition is fixed only if the repetition of consecutive
characters is greater than 2. This is to ensure the originality of words that inherently
consist of two consecutive characters. We believe in the importance of this step as
it ensures the generality of learning sentiments of words (i.e. especially when using
sentiment lexicons) regardless of their positions in sentences. It is worth to mention
that we take a note of all-cap words and character repetition before the cleaning
process in order to use them in feature engineering later on.

• Removing special characters and numbers: Numbers and most special char-
acters do not contain sentiment insights; as a result, we decided to ignore them in
this thesis. However, punctuation-based emoticons and emojis will be extracted and
the presence of Twitter special symbols like hashtag(s) will be noted before removing
them to be used later in the feature engineering. We believe that the hashtagged
text, emoticons, and emojis provide useful information related to opinions or senti-
ments [1, 142]. Hence, they would improve the performance of the learning.

• Converting iconic emotion into textual format: to convert emojis and emoti-
cons into textual representations [98].

• Tokenizing text: Text tokenization is the process of segmenting the text into mean-
ingful words called tokens. The meaning of the whole text depends on these words.
Therefore, it is an essential step in text classification as it helps capture the relations
of words in text.

• Removing stop words: Many works in the literature proposed to drop stop words
when training a textual classifier. This is because some stop words such as "is" and
"be" will not drive the sentiment learning [26, 212]. However, removing stop words
in the context of sentiment analysis could be problematic especially if the context is
affected. For example, if "I, she, is, not" are stop words, then the sentence "I thought
she is not happy" would be learnt as a positive sentiment which is not true at all.
This step is applied to the traditional learning approach only; stop words are kept in
when training models using deep learning method.

Therefore, we decided to include this cleaning step in this work to investigate whether
stop words removal will cause sensitivity to the sentiment performance or not.

Note that all the preprocessing steps were implemented using regular expressions NLTK,
spaCy toolkit. Bert tokenizer was used for the tokenization of BERT-based model.
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4.5 Experiment Design & Evaluation Protocol

4.5.1 Traditional Machine Learning Approach

We will investigate the capabilities of the state-of the art LGBM algorithm in learning a
three-class sentiment using five types of features on the DFSMD dataset. We will then
conduct evaluation comparisons of LGBM with SVM, Logistic Regression, Multinomial
Naïve Bays, Random Forest, and Extreme Gradient Boost (XGB) using the same dataset.
The objective of our experiments is to compare different algorithms in order to find the
best player with the best settings of features. To achieve this, we propose to conduct four
types of experiments: (1) to explore the optimal size of word features, (2) to study the
sensitivity of keeping/removing stop words on the sentiment learning, (3) to study the
effect of different subsets of features, (4) to investigate the role of hashtagged words and
slang words in the sentiment learning from OSNs texts. The DFSMD dataset is used for
training and testing and it is randomly split into 60% for training and 40% for testing.

During initial experiments, we observed that our classifiers had produced some wrong
predictions on negative and neutral data samples more than on the positive samples. An
interpretation of this behavior is related to the fact that the models encountered class
imbalance. Previous studies [226] state that relatively balanced class distribution yields
better results. By following the same approach of collecting the dataset, we did data
augmentation to partially balance the negative class since it has the lowest ratio (19%).
The class distributions have become 46%, 33%,21% for positive, negative, neutral classes
respectively. It is valid to do data augmentations to fix the imbalance problem [110]. We
did not use the sampling technique since we wanted to keep the data natural as much as
possible, and to avoid creating biases in our data, as well.

For the evaluation metrics, we use accuracy, precision, recall and F-Score as they are
commonly used in classification evaluation. Since our problem is a multi-class classification
and our dataset is imbalanced, we attempt to use micro average F-Score for the evaluation.
Micro average F-Score is computed by aggregating the contributions from all the classes
instead of averaging individual contribution for each class like in macro-average F-Score.
The accuracy is defined as the ratio of the correct predicted samplers to the total number of
samples in a test set. Precision, recall and F-Score give a better view of model performance
than accuracy alone does. They are calculated as illustrated in the following equations:

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F − Score =
2× P ×R

P +R

(4.6)
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4.5.2 Deep Learning Approach

Sentiment and hate are the two social behaviors studied in this work. We evaluated the
performance of BERT for sequence classification algorithm using DFSMD dataset for sen-
timent learning and Hate dataset for hatespeech learning. We then conducted evaluation
comparisons of the BERT-based models with other algorithms for sequence classification
including LSTM, biLSTM, CNN-LSTM, and CNN-biLSTM, using the same datasets. Fig-
ure 4.5 illustrates the architectures that we have used in our experiments.

For BERT pre-trained model, BERT-base-uncased was used. It consists of 12 blocks
of transformers, 768 hidden layers, 12 attention heads, 110M parameters. During the fin-
tuning process, the learning rate was set to 2e-5, epochs were set to 6, and the batch size
was 16.

GloVe [174], a pre-trained word-embedding, was used to train LSTM, biLSTM, CNN-
LSTM, and CNN-biLSTM models. The data preprocessing steps and experiment setups
were the same as those of the BERT-based models.
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Figure 4.5: The neural network architectures used for comparison with our
BERT-based models. (1) for LSTM, (2) for biLSTM, (3) for CNN-LSTM,
and (4) for CNN-biLSTM

The DFSMD and Hate datasets were used for training, validation, and testing sentiment
and hate models, respectively. The datasets were randomly split into 70% for training,
15% for validation and 15% for testing. We used accuracy, precision, recall, and F-Score,
commonly used for classification evaluation, as evaluation metrics. Precision, recall and
F-Score give a better view of model performance than accuracy alone does.
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4.6 Results and Analysis

4.6.1 Traditional Machine Learning Approach

4.6.1.1 Size of Word Features

In this experiment we will investigate the optimal number of word features to be used
in building our sentiment classifier. Based on the findings from Section 4.3.1.2, we claim
that the words extracted from our dataset have distinguishing characteristics for classes
especially for the positive and negative classes. From our dataset, we have extracted 21310
vocabulary words including stop words and 21030 words excluding stop words, which is
a large number. Therefore, we need to find out a reasonable number of words to use as
features to train our sentiment classifiers. We choose to examine word sizes of 1000, 2000,
3000, 4000, and 5000 on six classifiers using BOW and n-gram features. Note that the
sizes represent the maximum number of words based on their term frequency TF . For
n-gram models, we examine uni-gram, uni-bi gram, and uni-bi-tri gram models. While
investigating the number of features, we explore the impact of removing and keeping stop
words on the sentiment learning process. As a result, our experiments are conducted on
six different combinations of BOW and n-gram models with and without stop words. The
results are illustrated in Figure 4.6.
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Figure 4.6: Performance of TF-BOW and n-gram with/without stop words using
different vocabulary sizes evaluated by accuracy. Ug, Bg, and Tg stand for uni-
gram, bi-gram, and tri-gram, respectively. wSW, woSW stand for with stop
words and without stop words, respectively.
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From the results, we see that the best performance occurs with uni-gram model when
keeping stop words. This finding should not be surprising since we use short texts (i.e.
tweets) of length average of ≈ 76 tokens. In other words, stop words seem to be of
importance in learning sentiment in this work. On the other hand, uni-bi gram and uni-bi-
tri gram models work better when removing stop words. However, their overall performance
did not exceed uni-gram model when stop words were kept. As a result, we consider uni-
gram model with keeping stop words in our sentiment classification.

Table 4.3: F-Score, precision, and recall for positive, negative, and neutral classes
when using all proposed features.

LR MNB SVM RF XGB LGBM
F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall

Positive 0.79 0.75 0.83 0.78 0.71 0.88 0.78 0.75 0.81 0.75 0.67 0.84 0.77 0.73 0.82 0.79 0.77 0.81
Negative 0.76 0.71 0.8 0.73 0.67 0.82 0.76 0.73 0.8 0.7 0.68 0.72 0.74 0.71 0.77 0.77 0.74 0.8
Neural 0.36 0.5 0.28 0.14 0.59 0.08 0.4 0.48 0.34 0.2 0.39 0.14 0.33 0.45 0.26 0.41 0.48 0.35

According to the results depicted in Figure 4.6, the optimal size window seems to differ
between uni, bi, tri grams when keeping or removing stop words, among the six classifiers.

For example, the logistic regression (LR) and Multinomial Naïve Bays (MNB) models
have the best performance at words size of 5000 when using uni-gram with stop words.
Words size of 1000 shows to be the best with Support Vector Machine (SVM) model when
using uni-gram and keeping stop words. Random forest (RF) classifier shows best similar
results when using 4000 and 5000 words with and without stop words on uni-gram model
and with stop words on uni-bi gram, respectively. For Gradient Boost (XGB) model, the
best performance appears to be similar among all the size windows on uni-gram including
and excluding stop words and (uni − bi − tri)-gram including stop words. Even though
(uni − bi − tri)-gram model with stop words seems to have the best performance, the
difference in performance accuracies is almost negligible. Finally, uni-gram with stop
words wins at 2000 size window when training Light Gradient Boosting Machine (LGBM)
classifier.

Since we consider uni-gram with stop words model as it yields the best performance for
all the classifiers, we consider the size windows where each classifier works the best. Then,
we average all the sizes and use the average as the maximum number of word features to
train our classifiers for the rest of the experiments. The average of maximum number of
features used in this work is 3000 words.

4.6.1.2 Cross Features Subsets

Table 4.4. shows the results of six sentiment classifiers of fifteen cross combinations of
our proposed feature types explained in Section.4.3.1.1. We split the experiments into
four stages: (1) examining individual feature types, (2) examining formal lexicon (FL)
feature with different combinations of the rest of the feature types excluding bag-of-words
(BOW) feature, (3) examining BOW feature with different combinations of the rest of
the feature types. We decided to examine FL and BOW as main features in stage 2
and 3 due to their highest contributions in sentiment learning among the other feature
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types. From the same table, we can see that using BOW features only yielded the highest
performance accuracy and F-Score among all the classifiers, followed by FL feature. While
their accuracy scored above 60% and average F-Score (i.e. micro) is above 0.60, the rest
of feature types scored less than 50% accuracy and 0.50 micro average F-Score when used
individually. Linguistic hint features (Lngs) seem to perform better than iconic emotion
(Emt-Emj), slang lexicon (SL), and hashtag that comes at the lowest performance rank.
This finding shows an evidence of the association between our word features and sentiment
classes. Hence, our classifiers are able to properly learn the distinguishing characteristics
for each class. In addition, the result of using FL feature shows that a high percentage of
our dataset vocabulary is contained in the lexicons, which also shows the distinguishing
characteristics of our word features. Moreover, we have observed that the more formal
lexicons we add, the better vocabulary coverage we obtain, which in turn improves the
sentiment learning. In this work, we have decided to use two formal lexicons as discussed
in Section 4.3.1.1.

Table 4.4: Performance of fifteen cross features sets on six classifiers evaluated
by accuracy and F-Score.

LR M-NB SVM RF XGB LGBM
Features Accuracy F-MacAve F-MicAve Accuracy F-MacAve F-MicAve Accuracy F-MacAve F-MicAve Accuracy F-MacAve F-MicAve Accuracy F-MacAve F-MicAve Accuracy F-MacAve F-MicAve

BOW 67.65 0.611 0.68 66.18 0.611 0.672 64.68 0.6 0.654 61.68 0.531 0.604 60.51 0.465 0.605 65.86 0.573 0.656
Formal Lexicon (FL) 62.32 0.455 0.62 61.7 0.448 0.614 62.3 0.454 0.62 61.89 0.48 0.625 62.46 0.48 0.624 61.96 0.479 0.624
Slang Lexicon (SL) 46.26 0.21 0.46 46.26 0.21 0.46 46.26 0.21 0.46 48.53 0.342 0.485 50.07 0.35 0.492 48.41 0.348 0.492
Linguistic (Lngs) 48.84 0.355 0.499 47.84 0.274 0.483 48.84 0.355 0.499 48.78 0.355 0.5 50.28 0.355 0.498 48.83 0.355 0.499

Emoticon-Emoji (Emt-Emj) 47.2 0.246 0.475 46.62 0.25 0.47 47.22 0.246 0.475 47.2 0.246 0.475 47.58 0.247 0.475 47.2 0.247 0.475
Hashtag 45.88 0.246 0.475 45.88 0.25 0.47 45.88 0.246 0.475 45.88 0.246 0.475 46.3 0.247 0.475 45.88 0.247 0.46
FL+Lngs 62.27 0.478 0.622 61.16 0.453 0.612 62.35 0.477 0.622 60.96 0.486 0.605 64.55 0.502 0.622 62.49 0.505 0.619

FL+Lngs+SL 63.23 0.497 0.634 61.87 0.468 0.625 63.11 0.491 0.632 58.76 0.519 0.594 65.09 0.512 0.636 63.04 0.527 0.634
FL+Lngs+SL+Emt-Emj 64.8 0.541 0.648 63.85 0.472 0.637 64.94 0.512 0.647 60.47 0.546 0.604 66.19 0.561 0.651 64.79 0.57 0.648

FL+Lngs+SL+Emt-Emj+Hashtag 65.79 0.57 0.653 64.68 0.495 0.649 65.29 0.54 0.655 61.78 0.543 0.605 66.58 0.584 0.655 65.68 0.584 0.648
BOW+FL 69.01 0.582 0.682 68.5 0.636 0.666 65.03 0.63 0.685 65.22 0.571 0.646 68.53 0.591 0.66 69.1 0.63 0.688

BOW+FL+SL 68.51 0.59 0.687 68.5 0.517 0.669 65.49 0.617 0.686 64.96 0.54 0.643 68.5 0.542 0.661 68.65 0.603 0.68
BOW+FL+SL+Lngs 69.03 0.626 0.69 68.75 0.627 0.688 66.1 0.611 0.661 65.23 0.559 0.652 69.81 0.566 0.673 69.15 0.616 0.692

BOW+FL+SL+Lngs+Emt-Emj 70.13 0.647 0.704 69.19 0.637 0.697 66.25 0.629 0.674 66.2 0.573 0.665 70.46 0.591 0.684 70.96 0.647 0.707
All 71.1 0.635 0.707 69.74 0.552 0.69 67.86 0.648 0.707 66.25 0.551 0.656 71.01 0.612 0.687 71.79 0.654 0.712

Despite the low performance that slang, linguistic, iconic emotion, and hashtag features
show when used individually, they still provide some sentiment signs that would enrich the
sentiment learning. This can be seen from the results of stages 2 and 3 in two observations.
First, their performance accuracy is approximately close to 50% and micro average F-
Score approximately close to 0.50. Even though this percentage is not high enough, it
still shows that these features might carry some sentiment information that could be used
as supplementary features along with BOW and formal lexicon features. Second, the
more features we combine the better learning performance we obtain. In stage 2, LGBM
model trained solely on formal lexicon features yields performance accuracy of ≈ 62%
(micro average F-Score of 0.62). When combining formal lexicon with linguistic feature
the performance stays the same; however, when adding the slang feature, the accuracy
and F-Score slightly improved to 63% and 0.63, respectively. The performance accuracy
improves to ≈ 64.8% (micro average F-Scoreof ≈ 0.65) with the addition of the iconic
emotion feature. When combining formal lexicon features with the rest of the features, the
performance improved by ≈ 3% more than when the model was trained on formal lexicon
alone. The other five classifiers show similar results.

In stage 3, we consider BOW as a base feature and combine it with different subsets
of features. Combining the two most contributing features has shown to boost the perfor-
mance by ≈ 7% more than when LGBM, LR, MNB, XGB models were trained on only FL
feature. The same classifiers trained on BOW only improved by ≈ 2-3% when combining

59



Table 4.5: F-Score, precision, and recall for positive, negative, and neutral classes
when using slang lexicon feature only.

LR M-NB SVM RF XGB LGBM
F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall

Positive 0.63 0.46 1 0.63 0.46 1 0.63 0.46 1 0.61 0.497 0.789 0.608 0.502 0.77 0.609 0.501 0.776
Negative 0 0 0 0 0 0 0 0 0 0.407 0.463 0.364 0.44 0.47 0.413 0.435 0.472 0.404
Neutral 0 0 0 0 0 0 0 0 0 0.008 0.106 0.004 0.002 0.091 0.001 0 0 0

BOW and FL features. As illustrated in Table 4.4., combining BOW with all the feature
types yields the best performance among all the classifiers and all different feature subsets.
Compared to the performance of models when trained only using BOW, accuracy of LGBM
model has improved from 65.86% to 71.79% when combining all the features together. The
same results apply to LR, MNB, SVM, RF, and XGB when all the features are combined.
Even though slang lexicon feature and linguistic feature show to have sentiment signals,
they do not seem to add value when they are not combined together in a feature subset.
This can be seen in two cases: (1) when linguistic feature is combined with formal lexicon
feature, (2) when slang lexicon feature is combined with BOW and formal lexicon features.
However, when slang lexicon and linguistic features are combined together, they seem to
add a little value to the learning process. This shows that the tweets might contain slang
words written with intensifiers such as "WTH" and "looool". Moreover, precision and
recall of the linguistic feature for neutral class is zero among all the classifiers. This is
not surprising because intensifiers like all-caps and repetitive-characters are usually used
when there is an opinion that needs to be stressed on. On the other hand, the precision
and recall for positive and negative class are quite reasonable and reflect the performance
of the classifiers and the distribution of the positive and negative classes. In addition,
internet language of emoticons, emojis, and hashtags have shown to have an impact on
the sentiment learning among all the classifiers. Emoticons and emojis have proven to
enhance the classification accuracy from 63% to ≈ 64.8% in LGBM model when combined
with formal lexicon, linguistic, and slang lexicon features. Furthermore, adding the hash-
tag feature to the previous combination has shown to increase the LGBM model accuracy
to ≈ 65.7%. This result is consistent when combining emoticons and emojis with BOW,
formal lexicon, slang, and linguistic feature while training LGBM model. The performance
accuracy has improved from 69% (i.e. using BOW and FL) to ≈ 71%. It further improved
after adding the hashtag feature to reach ≈ 71.8%. In terms of precision and recall for
neutral class when training using only emoticons and emojis features, they are shown to
have zero values. Again this is not surprising; emoticons and emojis are usually used for
emotional expression such as "smiley face" and "angry face". Based on this finding, we
have observed that people use emoticons and emojis to express subjective opinion rather
than objective ones.

LGBM model shows the best learning performances in term of accuracy and F-Score,
followed by LR. Further, MNB and XGB models are shown to be strong competitors
followed by SVM model. However, the only problem with XGB is that it is too slow to
converge in comparison with the other five algorithms. This result is consistent with the
findings of LGBM’s authors [111] where XGB has shown a noticeably slower convergence
rate and less learning performance than LGBM. RF classifier is shown to have the weakest
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performance among the rest. This shows the efficiency of gradient boosting algorithms
compared to the bagging technique adopted by RF. Gradient boosting techniques used in
LGBM and XGB make use of trees with fewer yet better quality splits instead of growing
trees to their maximum extent. Also, the techniques used in LGBM shows their strength
in dealing with difficult cases (i.e. neutral class in our case since it is the minority class).
LGBM has learnt neutral class with F-Score value of ≈ 0.41 in comparison with 0.4,
0.36, 0.32, 0.20, 0.13, for SVM, LR, XGB, RF, MNB (shown in Table 4.3.). As a result,
we attempt to use LGBM, with all the proposed features to build our general sentiment
classifier using our dataset.

The main limitation of the proposed dataset is the data imbalance, especially for the
neutral class. Despite this fact, our models give good performance results even on neu-
tral class for some classifiers. Positive and negative classes scored the highest learning
performance values. For some of the models, an acceptable performance was yielded for
the neutral class. Table 4.3. illustrates our models performances across the three classes,
positive, negative, neutral. From this result, we have observed that our dataset contains
separating characteristics for the three classes in which the classifiers could successfully
learn from. Further, the proposed OSN-specific features have proven their supplementary
effect on the sentiment learning. Another limitation is that this study focused on predict-
ing explicit sentiments from social media texts but was not designed to predict implicit
sentiments contained in sarcastic texts. Despite this limitation, the iconic features (i.e.
emojis and emoticons) could assist in recognizing sentiments in this case.

4.6.1.3 Cross-Domain Sentiments

In this section, we will present two experimental scenarios for cross-domain sentiment
prediction: (1) examining our general sentiment classifier (i.e LGBM) on datasets of two
domains: movie reviews and sports, (2) examining domain-specific sentiment models (i.e.
movie reviews and sports) on our general sentiment dataset (DFSMD).

We trained two domain-specific LGBM models; one for IBDM movie reviews and an-
other for sports (CL’16-’17) tweets. We used the same exact experimental settings and
features (i.e. all proposed features combined) that we used to train our general LGBM
model. We split the data into 60% for training and 40% for testing. The LGBM sen-
timent model trained on IMDB two-class dataset performs well at accuracy score of ≈
86% (micro Ave. F-Score of 0.86), whereas LGBM classifier trained on three-class sports
CL’16-’17 dataset yields an acceptable learning performance at ≈ 57% of accuracy (micro
Ave. F-Score of 0.57) ).

We conducted our experiments on three datasets as shown in Table 4.6. For IMDB and
CL datasets, we used a subset of their instances for the purpose of our evaluation.

Table 4.7 presents the results of adapting our general domain sentiment model (LGBM)to
domain-specific sentiment datasets. It can be seen that it is effective to adapt general sen-
timent modelling to domain-specific sentiment analysis. Our LGBM general model shows
a good sentiment prediction performance on both movie reviews and sports tweets, for
positive and negative classes. Our LGBM model was able to recall 51%, 67% (precision
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Table 4.6: Details of three sentiment datasets used in cross-domain experiments.
DFSMD is used for general domain sentiment, IMDB is used for movie reviews
domain sentiment, and CL’16-’17 is used for sport domain (Champions League)
sentiment.

DFSMD [7] IMDB [133] CL-’16-’17 [8]

Source Twitter IMDB Twitter

Text Length Ave 81 1270 82

Instances 14,488 25,000 14,000

No. of Positive 6683 11500 5150

No. of Negative 4822 11500 4275

No. of Neutral 2983 - 5442

of 0.60, 0.71) of the positive, negative instances of IMDB dataset. We observed that the
positive recall is lower than the negative one. This could be due to the fact that review
texts have special dictionary and sentence patterns that do not necessarily exist in general
conversations. However, our general LGBM model could correctly recognize > 50% of the
positive class with 62% precision. The result is actually promising since our LGBM was
trained on short texts to learn three classes, while IMDB reviews are of long texts (see
Table 4.6) and only consist of two classes. This finding indicates that people generally use
the common words and phrases to express opinions, regradless of the texts lenght. Again,
this shows the quality of our dataset (DFSMD), in terms of data contents and annotation,
for sentiment classification. In addition, our LGBM classifier performs even better on the
sports CL’16-’17 dataset; it could successfully recall 71%, 64% (precision of 0.74, 0.71) of
positive, negative instances. This is not surprising as the CL’16-’17 dataset consists of
short text tweets. We can see that the recall of our general LGBM model is slightly lower
in the sports domain than that of the movies reviews. This is due to the fact that sports
domain reserves a special language where many terms and phrases indicate sentiments
contrary to those of general original sentiments [7].

Table 4.7: Sentiment performance of our general sentiment LGBM model on
two domain-specific datasets: IMDB movie reviews and CL’16-’17 tweets.

Positive Negative

Precision Recall F-Score Precision Recall F-Score

General DFSMD -> IMDB 0.62 0.51 0.56 0.6 0.67 0.63

General DFSMD -> CL’16-’17 0.74 0.71 0.73 0.71 0.64 0.67

Generalizing domain-specific sentiment modelling is shown to be less effective than
adapting general sentiment modelling to domain-specific analysis. From Table 4.8, we can
observe that domain-specific LGBM models could not properly learn the negative instances
of the general dataset even though they yield good learning performance on the positive
instances. This implies that domain-specific data introduces learning confusion to general
sentiment [7] as some terms might indicate negative sentiments in a specific domain but
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Table 4.8: Sentiment performance of two domain-specific LGBM models trained
individually on IMDB and CL’16-’17 datasets. The sentiment performance was
evaluated on our general sentiment dataset DFSMD.

Positive Negative

Precision Recall F-Score Precision Recall F-Score

IMDB -> General DFSMD 0.69 0.94 0.79 0.82 0.41 0.54

CL’16-’17 -> General DFSMD 0.79 0.58 0.67 0.81 0.43 0.56

positive sentiments in general domain.

4.6.2 Deep Learning Approach

The results of modeling two online social behaviors, sentiment and hate, are demonstrated
and discussed in this section. Following, a detailed analysis of the sentiment and hate online
behaviors during the pandemic, is provided for the duration between December 2019 and
November 2020 for both Canada and USA. The analysis presents two views: temporal and
topic-based analysis.

4.6.2.1 Hate Behavior

Table 4.9: The performance of five deep learning algorithms for sequence clas-
sification for hate classification in terms of accuracy, precision, and recall.

LSTM biLSTM CNN-LSTM CNN-biLSTM BERT
Accuracy 85 Accuracy 85 Accuracy 85 Accuracy 85 Accuracy 86
Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score

Normal 0.83 0.9 0.87 0.85 0.88 0.86 0.84 0.9 0.87 0.86 0.86 0.86 0.88 0.84 0.86
Hate 0.87 0.79 0.83 0.85 0.81 0.83 0.87 0.8 0.83 0.84 0.84 0.84 0.85 0.89 0.87

Table 4.9 summarizes the learning performance of four algorithms for sequence classi-
fication using pre-trained GLOVE embeddings as features, and compares them with our
proposed BERT-based classifier using its pre-trained embedding as features. It is impor-
tant to mention that the embedding features were fine-tuned during the training. In terms
of accuracy, it is shown that BERT-based classifier performs the best in detecting normal
and hate contents in social messages compared to the other four algorithms. The other four
algorithms show equal performance in terms of accuracy. However, LSTM and biLSTM
classifiers show a bias towards learning the majority class (i.e. normal class). This can be
seen in the relatively high variance between the recall values of normal and hate classes with
the normal class value being the higher. Also, the lower value of normal precision and hate
recall explains that the LSTM and biLSTM models have over learned the majority class
(i.e. normal), and hence started to introduce a degree of confusion in correctly classifying
hate class (i.e. the minority). Adding a layer of CNN to LSTM and biLSTM has helped
solve the issue of bias learning and improve the overall learning performance in detecting
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hate speech in texts. Combining CNN as a mechanism to find important features, and
bidirectional learning mechanism has shown to enhance the hate learning process, more
than when combining CNN with a single-direction LSTM. The variance between the recall
values of normal and hate classes has decreased while still maintaining high scores of recall
and precision for both classes. In comparison with CNN-biLSTM classifiers, BERT calssi-
fier has shown more robust capabilities in tackling the issue of bias learning towards the
majority class. The attention and bidirectional mechanisms adopted by BERT algorithm
have proved their effectiveness in improving the quality of learning the two classes, more
than CNN and bidirectional mechanisms could achieve. From Table 4.9, we can see that
the hate F-Score of BERT model has improved from 0.84 (of CNN-biLSTM) to 0.87 and
precision scores for both classes have improved from 0.86 and 0.84 (of CNN-biLSTM) to
0.88 and 0.85, respectively.

From the results, we can see that the attention and bidirectional learning mechanisms
adopted by BERT show more efficiency in textual sequence classification than CNN com-
bined with bidirectional learning mechanisms do.

4.6.2.1.1 English Case Study: Hate Behavior Analysis during COVID-19 Pan-
demic in USA and Canada

We have utilized our BERT-based hate classifier to analyze the hate speech behavior during
COVID-19 pandemic in North America. The details of COVID-19 data collection for both
USA and Canada can be found in Chapter 7. Figure 4.7 shows the overall hate behavior
detected in Canada and USA during three periods of the COVID-19 pandemic. We see
that hate behavior in USA is slightly higher than it is in Canada.

Figure 4.7: Percentages of hate behavior in Canada and USA during periods 1
(Dec 2019 - Apr 2020), 2 (May 2020 - Aug 2020), and 3 (Sep 2020 - Nov 2002)
of COVID-19 pandemic.

In Figures 4.8 and 4.9, an exploratory analysis of hate behavior in both Canada and
USA is demonstrated. We provide a detailed analysis and interpretation from two views:
temporal analytic view and topic-based analytic view.

Figure 4.8 illustrates online social hate behavior at the very early signs of the virus
and during the pandemic (December 2019 - November 2020). Generally speaking, online
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hate behavior seems to have been lower in Canada than in USA except for the month
of December 2019; the people in Canada seem to have been more upset about the virus.
However, the number of COVID-related tweets during this month was very low (154 tweets)
compared to the number of tweets afterwords (4M+ tweets). In USA, hate behavior marked
the lowest in December 2019, and that was when the news started to talk about the novel
Coronavirus just before the outbreak of the pandemic. Then, the hate behavior started to
increase (in USA) till it hit its highest in February 2020 which marked the beginning of
the pandemic. It also increased during February 2020 in Canada. By this time, the corona
virus had been all over the news and people started to panic. Surprisingly, during the start
of the quarantine and lockdown (i.e. March), the hate behavior decreased in both Canada
and USA. Later from April till May 2020, it slightly increased in USA during April and
then it decreased again in May. In Canada, it almost flattened out after March. From
June till November, it can be seen that hate behavior was higher than it was before May
especially for USA; two spikes were found in the months of July and October for both
Canada and USA as seen in Figure 4.8.

Figure 4.8: Temporal comparisons of hate behavior over twelve months between
Canada and USA before and during COVID-19 pandemic.

Out of the twelve topics discussed during period 1 (Dec 2019 - April 2020) of the
pandemic in North America (Figures 4.9(a) and 4.9(b)), we have noticed that Canada has
a single hate spike (i.e. topic of "Trump&China") while USA has two hate spikes (i.e.
topics of "Social Distancing" and "Trump&China"). The inferred topics for Canada and
USA are listed in Table 7.7 and Table 7.8, respectively.

"Trump&China" topic in Canada and USA focus mainly on Trump’s blaming China
for the COVID virus outbreak. On this topic, USA shows higher hate score than Canada
does. From our extracted topic phrases, we can see that among the mostly used phrases in
this topic are: "lie trump", "trump blames china", "trump wartime president", "president
trump shame", and "president trump beat china". The second highest spike in USA is on
the topic related to social distancing and wearing mask. Phrases like "social sick", "social
crazy", "fear mask", "stupid trump" provide a hint that people were not happy with social
distancing and the policy of wearing masks. Again, we see hate content in topic "Face-
Masks&Food-Stores" that talks about wearing masks while shopping at stores. In Canada,
We observe a less hate behavior for wearing mask. Apparently, wearing masks policy has
an association with hate content during the pandemic. Moreover, People in USA did not
show hate speech in the topic of "Community-Health Support" While in Canada we detect
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a slight increase in the hate behavior on the "community support" topic (i.e. as compared
to USA). A sample of tweets related to this topic (i.e. in Canada) is given below:

• "don’t forget, he has a habit of repurposing emergency funds to his wall. Watch for the
noise to start about immigrants carrying the virus and showing up at the southern border".

• "Child care staff who are overworked and grossly underpaid will once again be left holding
the bag. Close childcare centers, too!".

• "How stupid you guys looked when @jkenney announced medical emergency in Alberta.
Please hold your horses now and see why it was important to do emergency you idiots".

Covid-19 death toll topic did not show a sign of hate speech in Canada while the
hate speech on the same topic increased in USA. The tweets related to this topic were
mostly news. From this, we observe that the Canadian news have less sharp reporting
tone than that of the American’s. Quarantine and staying home topic shows a very low
hate behavior in both Canada and USA. Actually, our topic model and interpreter showed
that people enjoyed being quarantined; keywords like "song", "movie", "fun", "dance",
"dog", "walk", "laugh", "stayhome", "staysafe", are indicators that the quarantine could
have been associated with spending good time while staying home. Cancelling sport game
events, a topic talked about during the pandemic, seems to have upset people in USA
more than it did with people in Canada. The effect of the pandemic on economy was
also discussed in Canada and USA. People in both countries showed low hate behavior.
"Pandemic-State in Quebec" topic in Canada was related to the home care in Quebec
province. We observe a slight increase in the hate behavior in this topic and this might be
associated with the high number of cases that hit Montreal city particularly.

It is observed that people were more adapted to the quarantine during period 2 (May
2020 - Aug 2020) more than they were during period 1 of the pandemic; topics were
mostly discussing songs, movies, tv shows, birthday, hair, and food as seen in Figures
4.9(c) and 4.9(d). These topics have mostly shown low hate behavior compared to topics
directly related to the pandemic such as "Trump&China" and "Sympathy Attitude" where
people have expressed blames and resentments as a result to friends, family or jobs loss
for example. "OMG! THATS SO, SO HORRIBLE.. I’M STUNNED. WTF KIND OF
WORLD IS THIS? SO MANY CONDOLENCES TO ALL FAMILY, FRIENDS AND
THE MANY ANIMALS LEROY TOUCHED SUCH A WASTEFUL, STUPID LOSS"
and "I lost around 12 friends to the virus be it online friends, lose them it’s painful. You
feel anger, sadness; great loss, you go through the stages of grief. Trump would be acting
way differently if he lost friends?" are examples of how resented people were. Similarly,
"Hair" topic has shown a slight sign of hate speech as a result of barber shops being closed
(e.g. "i need someone to get rid of the hair on my scalp i hate it", "I hate his hair").

The curve in Figure 4.9(e) illustrates that the hate behavior in Canada is more relaxed
than it is in USA (Figure 4.9(f)). Topics inferred during period 3 (Sep 2020 - Nov 2020),
from USA, reflect the political situation (i.e. elections) in the area. five out of eleven
topics are related to Trump, Biden, and election with Trump related topics representing
the highest hate signs. Similar behavior is found in "Trump&Biden Election" topic in
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Canada as well. Interestingly, community support related topics, in Canada, have shown
lower hate scores in period 2 and 3 compared to its score during period 1.

(a) (b)

(c) (d)

(e) (f)

Figure 4.9: Comparisons of Hate behavior between Canada and USA over topics
inferred during periods 1 & 2 & 3 of COVID-19 pandemic. P1 (Dec 2019 - Apr
2020) is depicted in (a) and (b), P2 (May 2020 - Aug 2020) is dipected in (c)
and (d), P3 (Sep 2020 - Nov 2020) is depicted in (e) and (f).
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4.6.2.2 Sentiment Behavior

Table 4.10: The performance of five deep learning algorithms for sequence clas-
sification for sentiment classification in terms of accuracy, precision, and recall.

LSTM biLSTM CNN-LSTM CNN-biLSTM BERT
Accuracy 71 Accuracy 71 Accuracy 70 Accuracy 71 Accuracy 75
Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score Precision Recall F-Score

Positive 0.79 0.79 0.79 0.73 0.86 0.79 0.78 0.78 0.78 0.78 0.8 0.79 0.81 0.81 0.81
Negative 0.72 0.8 0.76 0.74 0.76 0.75 0.73 0.77 0.75 0.73 0.79 0.76 0.81 0.83 0.82
Neutral 0.46 0.38 0.41 0.49 0.28 0.36 0.46 0.43 0.44 0.48 0.39 0.43 0.5 0.47 0.48

In Table 4.10, we report the performances of five deep models for sentiment classifica-
tion. The first four models were trained using pre-trained GLOVE embeddings as features
and BERT-based model was trained using its pre-trained embedding as features. It is
important to mention that the embedding features were fine-tuned during the training.

Table 4.10 shows that BERT-based classifier outperforms LSTM, biLSTM, CNN-LSTM,
and CNN-biLSTM in sentiment learning. BERT model yields by far the best learning re-
sults for the three classes with F-Scores of 0.81, 0.82, 0.48 for positive, negative, and
neutral, respectively. The nature of BERT algorithm, that is using attention and bidirec-
tional learning mechanisms together, allows it to boost the learning performance across
the three classes in the presence of imbalance class distribution. BERT algorithm has im-
proved the overall learning of majority class (i.e. positive) by ≈ 2% and by ≈ 8%, ≈%12
for negative class and neutral class (i.e. minority class). The overall learning improvement
is evaluated in terms of F-Score metric. It is strongly able to distinguish between classes
especially for positive and negative. Both precision and recall scores for both classes are
very high. Neutral class has been always challenging in sentiment classification [19]. How-
ever, BERT classifier was able to correctly recall 47% of the neutral instances at 50% of
precision. The corresponding confusion matrix shows that the BERT model predicts 31%
of neutral class as positive and 21% of neutral class as negative. This is not surprising
since negative expressions tend to be strongly subjective. Therefore, positive expressions
would be closer to neutral than negative sentiment [19].

We have observed that biLSTM introduces bias in learning the majority class. The
positive recall score is higher compared to the negative and neutral recall scores, which
makes the variance between them high as well. The corresponding confusion matrix shows
that the model predicted 15% of the negative class as positive and 8% of the negative
class as neutral. Similarly, with neutral class, 46% was predicted as positive and 25%
as negative. We have observed the same behavior in biLSTM when modeling the hate
behavior (Table 4.9).

Using CNN as a filtering mechanism along with biLSTM has demonstrated good per-
formance in reducing the sensitivity to class imbalance shown by biLSTM and in improving
the learning of the minority class (i.e. neutral). The neutral F-Score has improved from
0.41 (i.e. when using LSTM only), 0.36 (i.e. when using biLSTM only) to 0.44, 0.43 when
CNN was combined with LSTM and biLSTM, respectively. This shows evidence that CNN
was able to find important features and filter out unimportant ones. Feeding the impor-
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tant features to LSTM with bidirectional mechanism has proven to slightly enhance the
learning of sequence classification for sentiment analysis on imbalance dataset.

According to our results, we have found that BERT algorithm provides robust capa-
bilities for sequence classification for sentiment and hate speech. It has shown excellent
performance in learning binary classification and multi-class classification. In addition, it
has been proven effective in dealing with class imbalance as discussed previously in the
results.

4.6.2.2.1 English Case Study: Sentiment Behavior Analysis during COVID-19
Pandemic in USA and Canada

Figures 4.10 and 4.11 illustrate the sentiment predictions of our BERT-based sentiment
classifier and provide two views of exploratory analysis, temporal and topic-based. Overall
during the pandemic, the sentiment tends to be more negative in USA than it is in Canada
(as seen in Figure 4.10). The details of COVID-19 data collection for both USA and
Canada can be found in Chapter 7.

The temporal analysis of COVID-19 in North America has shown a negative behavior
since the very beginnings of the pandemic that is back in December 2019 when the negativ-
ity is shown to be higher in Canada than in USA. However, the number of COVID-related
tweets during this month was very low (154 tweets) compared to the number of tweets
afterwords (4M+ tweets). The negative behavior increased during the months of January
and February 2020. Then it decreased over the next three months with Canada exiting the
negative zone and entering the positive zone, as depicted in the Figure After May 2020 we
again witnessed an increase in the negative behavior for both Canada and USA.

Figure 4.10: Temporal comparisons of sentiment behavior over twelve months
between Canada and USA before and during COVID-19 pandemic.

To facilitate the understanding of the sentiment behavior over time, we provide a deeper
analysis about the topics that people were discussing during the pandemic on OSNs plat-
forms (Figure 4.11). Having the topics at hand, the reasoning of temporal analysis can be
achieved. In other words, we can understand the reasons and causes of behavior changes
over time. This will help clarifying the story of events. Quarantine topic has shown a high
positive behavior in both Canada and USA, for periods 1, 2, and 3, with Canada showing
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more positive vibes. This is compatible with the increase in the sentiment positivity in
the months of March, April, and May 2020. During these three months, the discussed
topics were mostly related to quarantine and staying home. This also explains the low
hate behavior that we found in these topics. Our topic model and interpreter confirm this
by inferring topics including watching TV, reading books, cooking and baking, as well as
providing a set of keywords and phrases (e.g. "fun", "laugh", "dance", "favourite love
song listen", "fun food easy food", "stay safe", etc) that people used in the conversations
related to these topics. Community support and Health care is anther topic that shows
high sentiment positivity. This is not surprising since many of the conversations were re-
lated to community and health support including mental health, as shown in the extracted
keywords and phrases in Table 7.7 Topic 2 - Period 3 and Table 7.8 - Topic 1 - Period
2. Health-care and front-line workers have provided and received great support through
OSNs in USA. This is depicted in the high positive sentiment seen in Figure 4.11(b) -
"Public-Health and Support" topic. Some of the supportive tweets were praying to work-
ers and some were from families or friends who have members working in hospital. This
is confirmed by the keywords and phrases extracted by our topic model and summarizer.
"Pray", "happy", "love family", "hospital worker pray" are examples of the positive vibes
that people embraced while interacting with this topic. A high level of negative sentiment
is shown in the conversations related to Trump and China, for both Canada and USA
during periods 1, 2, and 3. Phrases like "trump hoax", "trump blame china", "president
trump beat china" reflect a high negative vibes inferred by our sentiment model. Reporting
COVID-19 cases and death toll has also shown negative sentiment throughout the topic
discussions with USA showing more negative behavior than Canada did. In addition, top-
ics related to wearing masks have shown a degree of negative behavior in Canada and USA.
Moreover, discussing the economy and financial situation during the pandemic appears to
have a more negative impact on people in USA than those in Canada.

During period 1 (i.e. Dec 2019 - May 2020 ) in Canada, our topic model inferred
the topic "Public Figures Tested Positive" (Figure 4.11(a)) that discussed mainly famous
figures that tested positive. UFC fans, apparently, were not happy about the fighting games
being cancelled because of the player Jacare being infected with COVID-19. According to
the results, Stephen Miller does not seem to have enough fans in Canada; people showed
neither sympathy nor support when he tested positive. Hence, we see the negative reflection
in our results. This supports the detected hate behavior found in this topic. 68% of
the tweets related to Boris Johnson implied negative sentiment. This again shows an
unwelcoming attitude among people in Canada. Topics inferred during period 2 (i.e. May
2020 - Aug 2020) have shown dominant positive sentiments in both Canada and USA
(Figures 4.11(c) and 4.11(d)). However, the number of tweets related to COVID-19 (i.e.
mentioning covid related keywords) has decreased during June to Aug and the tweets were
mostly discussing politics and publich health restrictions. This can be shown in the high
negative behavior during months of June till Aug 2020. On the contrary to period 2, period
3 (i.e. Sep - Nov 2020) has generally shown high negative behavior in comparison to the
sentiment during period 2 of the pandemic as seen in Figures 4.11(e) and 4.11(f)). Further,
topics discussed in USA during this period have mostly shown dominant negative behavior
except for "Public Health" and "Trump Supporters" topics showing relatively high positive
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sentiments. Canada on the other hand, enjoyed more positive vibes, than USA did during
period 3, across its topics with three of which being dominated by positive conversations.

(a) (b)

(c) (d)

(e) (f)

Figure 4.11: Comparisons of sentiment behavior between Canada and USA over
topics inferred during periods 1 & 2 & 3 of COVID-19 pandemic. P1 (Dec 2019
- Apr 2020) is depicted in (a) and (b), P2 (May 2020 - Aug 2020) is dipected
in (c) and (d), P3 (Sep 2020 - Nov 2020) is depicted in (e) and (f).

The main limitation of this work is the non-dynamic topic modeling that does not an-
alyze the evolution of topics over time. Despite this limitation, our proposed topic models
have shown good performance results in discovering patterns and inferring topics from
the challenging noisy unstructured-formatted OSNs data. Combining TFIDF with NLP
techniques and carefully preparing our data and crafting our features have successfully con-
tributed in building topic models that are capable of handling the OSNs data, as reported
in our results and analysis. Another limitation is that this work focus on predicting explicit
hate and sentiment contents from OSNs messages, however, it was not designed to detect
hidden hate or sentiments contained in sarcastic messages. Despite this fact, emojis and
emoticons (he iconic features) were considered as an attempt to assist in recognizing hate
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and sentiments in this case. An additional limitation of this thesis is data imbalance found
in our sentiment dataset (i.e. especially for the neutral class). However, the proposed
BERT-based sentiment model provide excellent performance results even on neutral class.
We believe that the attention and bidirectional mechanisms adopted by BERT algorithm
have minimized the bias towards the majority classes and have shown a very acceptable
performance on recognizing the minority class (i.e. neutral). This can be shown in the
results reported in this thesis as well as the large-scale analysis.
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Chapter 5

Content-Localization based
Multi-Lingual-Dialectal Online Social
Behavior Modeling

5.1 Introduction

This chapter provides extensive description of the design and implementation of two compo-
nents of the proposed thesis framework (Figure 3.1) : (1) the "Content-Localization based
Translation" component, and (2) the textual sub-component of the content-localization
based "Online Social Behavior Analysis" component.

In today’s digital and global age, ≈ 52% of internet users access and post information
in their own language and dialects. While 75% of world’s population do not speak English,
French, Arabic and Spanish come as the most spoken languages after English on social
media. In order to accurately analyze social behaviors of social users who speak different
languages, we need to understand the expressions of the languages they use to share and
communicate their opinions and thoughts. Current approaches to solve the multilingual
aspect on OSNs is to use language independent resources like textual emojis and emoti-
cons and hashtags [97], use language-dependent data resources [13, 30, 71, 151], or to use
translation approach between languages [28,58,77]. The first approach could be used as a
supplementary tool to assist the analysis of social behavior, but it may miss more impor-
tant information residing in original texts. The challenge with the translation approach
is that it heavily depends on the quality of the parallel translation datasets [211]. Low
quality datasets imply low quality models and vice versa [58, 211]. In light of this, while
the resource for the English language is fairly sufficient to study different types of social
behaviors such as sentiment and hate, similar resources for other languages like Arabic are
still immature. The main reason that the resource for Arabic is insufficient is that it has
many dialects along with the standard version. Arabs do not use the standard Arabic in
their day-to-day communications and conversations. They use the dialectal version of the
Arabic language instead. The challenge in this aspect is that each Arabic region speaks
a different dialect with different morphology, lexicons, and expressions including idiomatic
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expressions. Unfortunately, social users transfer this phenomenon into the digital social
media platforms, which in turn has raised an urgent need and great challenges to build
suitable datasets and AI models resources for different systems and applications. Decent
efforts on building Arabic dialect-based datasets for sentiment, emotion, and hate speech
analysis [13, 29, 30, 88, 151] have been found in the research community. However, they
reveal a number of limitations: (1) only one type of behavior is considered in building
the datasets (e.g. only sentiment or only hate speech) in most of the related researches,
(2) only one dialect is considered in building datasets, (3) the size of datasets for training
neural networks models is small, (4) the datasets are domain dependent and might not
be adapted to other domains, (4) the data collected was restricted to keywords and ge-
ographical regions with an assumption that the collected data from a specific geo-region
represents the spoken dialect of that region; actually this is not necessarily true as stan-
dard Arabic and other dialectal expressions could be unintentionally included, and this
may negatively affect the quality of the dataset, and therefore the learning performance
for a specific dialect will be affected as well. In this work, we try to overcome the aforemen-
tioned issues (i.e., of building new datasets for every language/dialect to solve individual
domain OSB problems) by proposing content-localization based translation approach that
efficiently allows exploiting existing OSB resources between low-resource and high-resource
languages/dialects, and hence minimizing the cost of OSB modeling for individual domains
and in specific languages/dialects. The first step towards modeling our translation models
is to translate our English domain free multimedia sentiment dataset (DFMSD) into four
Arabic dialects (i.e. Gulf, Iraqi, Yemeni, and Levantine/Shami). We do not accept word-
to-word translation; instead, we implement a contextual translation of tweets from English
to multi-dialect Arabic.

5.2 OSN based Multi-Lingual Multi-Dialectal Arabic Trans-
lation Dataset (MLMD)

Our dataset is designed to offer high quality translation models to translate contents on on-
line social networks (OSNs) where people mostly use informal and slang language to express
feelings, opinions, and thoughts. The goal of this dataset is to offer a high-quality resource
to translate informal and slang English into informal and slang multi-dialect Arabic. Our
translation strategy is based on the content localization approach and not word-to-word
translation. Content localization translation approach is more precise since it translates
contents to be culturally relevant and easy to understand in context. In addition, id-
iomatic expressions are considered when localizing our English dataset. Moreover, quality
control is applied to monitor the translators’ work and ensure the quality of the translated
datasets. To guarantee the quality of the final translations, we carefully decided on three
main aspects: translators, data subsets, and translation strategy.
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5.2.1 Translators

We require that all participants are professional translators, native in the Arabic dialects,
and native or fluent in English, and familiar with informal and slang English. Also, the
translators are required to have a social involvement on social media (i.e. Twitter, Face-
book, YouTube or any other platform) using both English and native Arabic dialect. Fur-
thermore, females and males and translators are considered in our translation task to
minimize bias in translation; many studies [78, 229] reflect that the way people perceive
other’s opinions and express theirs are subject to gender differences.

Initially, we wanted to use crowdsourcing platforms to do our translation, but there
were not enough native dialect Arabic workers there, and for some dialects there were zero
workers. Alternatively, we asked professional translators who are native in Arabic dialects
to conduct the translation task. An invitation email was sent to a list of professional
translators for the Gulf, Iraqi, Yemeni, and Levantine/Shami dialects. The invitation
included a questionnaire asking for their personal and demographic information as well as
their social involvement on social media. In order to qualify a translator, we first conducted
individual audio calls with potential translators to make sure they are native in their Arabic
dialect. Then each candidate undergoes 2-stage qualification test as follows:

1. Qualification Test Stage 1:

(a) We provide the translator with a list of English test tweets that have been care-
fully chosen to include slang expressions, social medial language expressions, and
idiomatic expressions. We provide the translator with our translation guidelines
and ask them to localize the tweets in their native Arabic dialect while preserv-
ing the context, tone, and content.

(b) A corresponding native Arabic dialect speaker will check the translation to ap-
prove or decline.

2. Qualification Test Stage 2:

(a) If the translator passes qualification test stage 1, we provide the first chunk
of tweets (i.e. 500 tweets) to be translated, and then we check 50% of the
translated tweets randomly.

(b) A corresponding native Arabic dialect speaker will check the translation to ap-
prove or decline. If the translator passes the qualification test stage 2, he/she
is qualified as a translator in our translation task.

According to our criteria, 13 out of 39 translators were qualified to participate in our
translation task: three translators for Gulf, Yemeni, and Iraqi dialects and four translators
for Levantine/Shami dialect. 54% of the participants are females and 46% are males.
All the candidates are native in their spoken Arabic dialect, native or fluent in English,
familiar with informal and slang English, and have social presence and engagements on
social media.
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5.2.2 Tweets Subsets

The English tweets to be translated are taken from our DFMSD dataset [1] and ≈ 500
sentences with idiomatic expressions are appended to the tweets list resulting in a total
size of 15000 sentences. The data is divided into three subsets, each consisting of 5000
sentences. For each dialect, an individual annotator is asked to translate one subset only
(i.e. 5000 sentences) into his/her native Arabic dialect. For the Levantine/Shami dialect,
there is one subset of 5000 sentences that has two translators to work on; each has done
2500 sentences. The duration of the translation took around 5 months (starting from June
2021 till October 2021). Our strategy for dividing the data into small subsets and providing
the translators with long period of time is to ensure that they feel comfortable while doing
this arduous task, hence perform with high level of concentration, carefully understand
the sentences, and provide consistent and accurate translations. We have 15000 translated
sentences for each dialect, which brings the total of the translated sentences to 60000.

5.2.3 Translation Strategy

For our translation, we adopt the content localization translation approach where trans-
lating the texts does not only convey a near-equivalent meaning but also addresses and
integrates linguistic, cultural, tone, and contextual components of the texts. Same words
might convey different meaning in different dialects; for example, the word “chips” refers to
fried thin potato chips in North American English while it refers to “fries” in UK English.
The same applies for different dialects in Arabic language. An example of this, the word
"ú


æ
.
kA�" in Gulf dialect refers to a friend while in Lebanese dialect it refers to boyfriend.

Since the dataset has been collected from social media (i.e. Twitter in this work) and
the tweets are mostly expressed in a day-to-day spoken language, the translation from
English to multi dialectal Arabic will be customized to OSN cultural language. Thus, we
take into consideration a number of additional criteria (i.e. in addition to the content
localization based translation approach):

1. (1) Consideration of OSN cultural language and expressions: iconic emotion (e.g.
emoticons, emojis), slang abbreviations, and hashtag words should be kept in the
translated texts while preserving their occurrence order and their context. Hashtag
words are translated into the corresponding Arabic dialect.

2. (2) Consideration of Informal Language: informal language is used in casual settings
like in daily conversations. It includes slang words like "lol", abbreviations like "idk",
and usually shorter sentences like "imo ur walking fast" or "OMG, I just got a new
job!".

3. (3) Consideration of idiomatic expressions: an idiomatic expression should not be
word-to-word translated. Instead, it should be translated to convey the context or
its equivalent idiomatic expression in the corresponding dialect while preserving the
context of the original text.
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4. (4) Consideration of language code borrowing: code borrowing refers to using one
primary language but mixing in words from another language to fit the primary lan-
guage. For example, the word "lol" is used and written using the Arabic alphabet as
"ÈñË" ; similarly, the word "pistachio" is used and written using the Arabic alphabet

as " ñJ

�
�A
�
J��
K."

In this work, four main Arabic dialects are studied: Gulf, Yemeni, Iraqi, and Levan-
tine/Shami. The qualified Translators are provided with a subset of English sentences and
translation guidelines that cover the above criteria. In addition, they are advised to convert
mainly proper nouns into Arabic letters where applicable – for example names of people (
"John" to " 	

àñk. "), and names of places ("Lebanon" to " 	
àA
	
JJ. Ë"). The translators are also

advised to pay attention to the spelling as any misspelling would harm the quality of the
translation. Upon the completion of the translation task, the translators are asked to do a
round of proofreading before they submit the final translations. Note that the translation
is done for each dialect individually with the corresponding dialect translators.

5.3 Content-Localization based Neural Machine Trans-
lation (NMT) Modeling

5.3.1 Preprocessing

• Removing extra whitespaces

• Removing encoding symbols

• Removing user mention

• Removing URLs

• Converting text to lower case: it is applied to English words existing in the data.

• Removing special characters and numbers

• Removing tashkeel and harakat: tashkeel or harakat refer to all the diacritics placed
over or below letters. For example, " 	

àA
�
J
�
�
�
�." becomes 	

àA
�
J��.",

• Normalizing Hamza: Normalizing Hamza forms into one form. For example: "Cë


@"

becomes "CëZ".
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Figure 5.1: Neural machine translation framework.

5.3.2 Sequence-to-Sequence Transformers Model

We use the sequence-to-sequence Transformers architecture depicted in Figure 5.2 [130]. It
consists of 12 layers of encoder and 12 layers of decoders with model dimension of 1024 on
16 heads. On top of both encoder and decoder, there is an additional normalization layer
that was found to stabilize the training. We use pretrained weights from mBART [130,209]
model that was pre-trained on 25 languages. It has been proven that transfer learning
offers a rich set of benefits including improving the efficiency of model training and saving
of time and resources since building a high-performance model from a scratch requires
a large amount of data, time, resources, and efforts. Therefore, we use the fine-tuning
learning approach [17,220] to train Transformers machine translation models as an attempt
to solve the limitations [19] of small datasets and domain adaptation. For our Arabic
dialects models, we use our proposed multi-dialectal datasets to finetune the mBART [130]
pretrained model. The model learns parallel translation from informal and slang English to
informal and dialectal Arabic. We have four models corresponding to four dialects: Iraqi,
Yemeni,Gulf,and Levantine/Shami. Figure 5.1 illustrates the general framework followed
in training our neural machine translation models.
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ing our multi-lingual-dialectal NMT models.

79



5.3.3 Experimental Results & Analysis

The purpose of this section is to assess the performance of our proposed NMT models.
We present the experimental design, evaluation protocol, and then we report results and
discuss findings.

5.3.3.1 Experiment Design and Evaluation Metrics

For evaluation purposes, we design four experiment scenarios:

• We train sequence-to-sequence (seq2seq) with attention models using our proposed
dataset; one model for each dialect of four. We then compare the performance of
seq2seq models with our proposed Transformers based models.

• We conduct a two-way cross-dialect evaluation of our proposed NMT models (i.e.
English-Arabic) on the four Arabic dialects (Levantine, Gulf, Iraqi, and Yemeni)
using the test sets of the four models. Each model was tested on a different test set
that was chosen randomly. The purpose of this experiment is to assess the quality
of our proposed MLMD dataset and to investigate the differences of dialects within
a language (i.e. Arabic in this research) in order to examine whether the translation
quality of messages within the same language is affected.

• We conduct transitive translation evaluation from non-English languages to Arabic
dialects. We use transitive property as following:

if A = B and B = C, then we know A = C

We adopt the transitive property to fit our case as following:

let’s assume A = English sentences, B = Arabic translation of A, C = Spanish
translation of A, D = French translations of A, then

if B− > A and C− > A, then B− > C

Similarly,

if B− > A and D− > A, then B− > D

We manually translate a subset of English sentences (i.e. from our MLMD dataset)
to Spanish and French. Then, we train NMT models from/to Spanish and French
to/from Arabic dialects [20].

• We conduct an evaluation comparison between our proposed NMT models against
GPT3.5 [44] and GPT4 [166] models as an attempt to assess the translation perfor-
mance of our NMT model.
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For the evaluation metrics, we use BLEU and ROUGE metrics. BLEU metric is rec-
ommended for the translation tasks as it conducts robust assessment over the quality of
translation fairly quickly. ROUGE complements BLEU in terms of evaluation where it
focuses on recall; while BLEU is precision oriented. Therefore, we use F-Score of BLEU
and ROUGE.

The data was split with ratio of 90% for training and 10% for testing. The default
settings of mBART were adopted during model training.

5.3.4 Results and Analysis

5.3.4.1 Performance of the Proposed NMT Models

Table 5.1 shows that Transformers-based models outperform seq-to-seq with attention mod-
els that were trained without transfer learning approach. Transformers models that were
trained through finetuning a pretrained model (i.e. mBART in this work) yield by far
better translation with an improvement of ≈ 20 points for Yemeni, 37 points for Iraqi, ≈
35 points for Gulf, and ≈ 33 points for Levantine/Shami.

The nature of Transformers that use multi-head self-attention allows the models to
learn better word contextualization, and hence yielded better results in terms of F-Score
of BLEU and ROUGE. The self-attention enables contextualizing every word in various
positions with respect to the whole sequence. This solves the homonym problem where
similar words might have different meanings in different contexts. This problem was shown
in the performance of seq-to-seq with attention models (Table 5.1) where attention is used
to connect recurrent states of encoder with the recurrent states of decoder. In addition,
learning a model from scratch requires a huge size of data so that the model can converge
properly. However, transfer learning technique has solved the problem related to limited
and/or small data resources. As seen in Table 5.1, leveraging the transfer learning in
learning our NMT models has tremendously improved the models’ performance.

Table 5.1: Comparison results between sequence-to-sequence with attention and
sequence-to-sequence Transformers -in terms of F-Score(BLEU, ROUGE)- using our
proposed multi-lingual-dialect dataset. The results represent the English to Arabic
dialects models.

Yemeni Iraqi Gulf Levantine/Shami

seq-to-seq with attention 11.3 2 13.1 2

seq-to-seq Transformers 31.4 39.8 34.9 34.6

5.3.4.2 Cross-Dialect Evaluation of the Proposed NMT Models

Tables 5.2 and 5.3 illustrate the results of eight models translated from/to English to/from
four Arabic dialects. English to Arabic-Levantine model (Table 5.2) performs the best on
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Table 5.2: Performance results of four English to Arabic-dialect models -in terms of F-
Score(BLEU, ROUGE)- using our proposed multi-lingual-dialectal dataset. The four
models represent machine translators from Arabic-Levantine, Arabic-Gulf, Arabic-
Iraqi, and Arabic-Yemeni, to English.

M
od

el

Test Set En -> Ar-Levantine En -> Ar-Gulf En -> Ar-Iraqi En -> Ar-Yemeni

En -> Ar-Levantine Test Set-1a 34.6 29.6 21.1 21

En -> Ar-Gulf Test Set-2a 28.4 34.9 22.6 27.3

En -> Ar-Iraqi Test Set-3a 19.9 22.8 39.8 20.8

En -> Ar-Yemeni Test Set-4a 19.1 28.1 20.1 31.4

Table 5.3: Performance results of four Arabic dialects to English models -in terms
of F-Score(BLEU, ROUGE)- using our proposed multi-lingual-dialectal dataset. The
four models represents machine translators from English to Arabic-Levantine, Arabic-
Gulf, Arabic-Iraqi, and Arabic-Yemeni.

M
od

el

Test Set Ar-Levantine -> En Ar-Gulf -> En Ar-Iraqi -> En Ar-Yemeni -> En

Ar-Levantine -> En Test Set-1b 51.3 45.1 40.1 40.3

Ar-Gulf -> En Test Set-2b 43 48.5 40.3 42.3

Ar-Iraqi -> En Test Set-3b 38.2 39.3 50 37.1

Ar-Yemeni -> En Test Set-4b 39.7 40.5 37.2 43.2

the Levantine test set with F-Score of 34.6 that is better by ≈ 5-14 points when compared
to its performance on the other dialects. The same observations are seen in the English
to Arabic-Gulf, English to Arabic-Iraqi, and English to Arabic-Yemeni with F-Scores of ≈
35, 40, and 31.4, respectively. The results of Arabic dialects to English are shown to be
consistent with the results of English to Arabic dialects where dialectal models perform
the best on its native test set.

It can be observed -from the results in both tables (5.2 and 5.3)- that Levantine models
are closer to Gulf models than Iraqi and Yemeni models are, whereas Gulf models are
closer to Levantine and Yemeni models than to Iraqi models. Iraqi models are shown to
be closer to Gulf than to Levantine and Yemeni, while Yemeni models are closer to Gulf
than to Levantine and Iraqi. Actually, these findings reflect the real-life fact that Levantine
and Gulf people can understand each other’s dialects better than they understand Iraqi’s
and Yemeni’s. This is due to that fact that Levantine and Gulf dialects use similar words
but different pronunciations more than in the case with the Iraqi dialect. On the other
hand, Iraqi dialect shares more words with Gulf dialect than Levantine and Yemeni dialects
do. Similarly, Yemeni people can understand the Gulf dialect better than the Iraqi’s and
Levantine’s.

Our results show that there are differences in expressions between dialects within the
same language (i.e. Arabic in this thesis) and that is shown in models performing the best
on their native data. A model of a particular dialect is shown to be capable of preserving
the context of messages when translating the messages to/from its native dialect, while it
might miss transferring the context to the other non-native dialects (as shown in Tables 5.2
and 5.3). This finding highlights the importance of understanding the information in its
native language and dialect while preserving the context at the same time. This is crucial
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for decision makings in applications where the precision of understating information impact
the analysis of the problems in hands (i.e. online social behavior analysis in this thesis).

5.3.4.3 Performance Comparison between the Proposed NMT Models and
Large Language Models (LLMs)

Tables 5.4 and 5.5 show performance comparisons of our English-dialectal Arabic (i.e., Lev-
antine and Gulf dialects) NMT models against the translation performance of GPT3.5 [44]
and GPT4 [166] models. The results show that our models outperform the GPT3.5
and GPT4 models in translating from/to English to/from informal dialectal Arabic us-
ing tweets. Our results have also revealed that GPT3.5 and GPT4 models are not capable
of translating to informal dialectal Arabic as evidenced by their poor performance in term
of F-Score(BLEU ROUGE) metric (Table 5.4). In addition, our NMT models are shown to
be better at understanding and translating local Arabic dialects into English compared to
GPT3.5 and GPT4 models. This is evident from the reported results, which demonstrate
the superior performance of our proposed NMT models (Table 5.5). The observed per-
formance behavior of GPT models might be due to the facts that these LLMs have been
dominantly trained on English data. The limited exposure of LLMs to dialectal Arabic
data might hinder their ability to capture the unique expressions, grammar, and cultural
references prevalent in these dialects, leading to unnatural and inaccurate translations as
reported in Tables 5.4 and 5.5. It is important to mention that our NMT models, GPT3.5,
and GPT4 models were evaluated on the same test set. This ensures a fair comparison
and therefore allows for a more accurate performance assessment of our proposed NMT
models.
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Table 5.4: Comparison of the translation performance between our proposed
NMT models against GPT models (GPT3.5 and GPT4) using informal social
media messages (i.e., tweets). The tweet translation is from English to four
Arabic dialects.

Ar-Dialect Model F-
Score(BLEU,ROUGE)

Levantine/Shami

GPT4 0.072620469

GPT 3.5 0.061804148

Our model 34.6

Gulf

GPT4 0.067356286

GPT 3.5 0.058850802

Our model 34.9

Iraqi

GPT4 0.046998601

GPT 3.5 0.043390178

Our model 39.8

Yemeni

GPT4 0.057397155

GPT 3.5 0.050376419

Our model 31.4
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Table 5.5: Comparison of the translation performance between our proposed
NMT models against GPT models (GPT3.5 and GPT4) using informal social
media messages (i.e., tweets). The tweet translation is from four Arabic dialects
into English.

Ar-Dialect Model F-
Score(BLEU,ROUGE)

Levantine/Shami

GPT4 0.2737502

GPT 3.5 0.218327815

Our model 51.3

Gulf

GPT4 0.242276302

GPT 3.5 0.195508991

Our model 48.5

Iraqi

GPT4 0.21725176

GPT 3.5 0.170278056

Our model 50

Yemeni

GPT4 0.206334108

GPT 3.5 0.166573635

Our model 43.2

Figure 5.3 illustrates a list of example translations generated by our proposed models
and Google Translate [103], from/to English to/from Arabic four dialects. Please note
that all the sample translations were examined and approved by bilingual people with
native to near-native bilingual language proficiency. In Figure 5.3, we demonstrate that
our proposed models have successfully met the four criteria they were designed to meet (as
discussed earlier in this chapter), as follows:

• Content localization:

Sentences 8 and 12 show how the idiomatic expression "the exam was a piece of cake"
is localized differently to the Levant and Gulf dialects. Both dialects use different
terms to express the same sentence in English. Levantine dialect uses term " 	á�
ë"

to describe "easiness" while Gulf uses term "ÉîD�" to describe "easiness". Also, the

word "exam" means "�m
	
¯" in Levantine dialect while it is "PAJ.

�
J
	
k@" in Gulf dialect.

The word "�m
	
¯" has another meaning in Gulf dialect and it means "to check, to

examine, or to inspect" and it is never used to describe "exam" as it is the case in
Levantine dialect. Sentences 5, 18, and 23 are other examples of content localization
between dialects. Levantine, Gulf, and Iraqi describe "raining heavily" differently;
they use different words to describe "raining" and different exaggeration terms. For
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"raining", Levantine uses "ú



�
æ
�
�
�
�", Gulf uses "Q¢Ö �ß", and Iraqi uses "p 	Q

�
K". To express

exaggeration, Levantine uses "Q�

�
J»" whereas Iraqi uses " �éÓñ»". Moreover, month

"May" is expressed as "PAK



@" in Levantine while it is "ñK
AÓ" in Gulf and Yemeni, as

seen in sentences 9, 16, and 28. Sentence 19 also shows how the model localizes
the sentence; it knows that the corresponding term "cats" is "���." and "now" is

expressed as " 	á�
m
Ì'@" in Gulf dialect. Sentence 7 illustrates that the model successfully

transferred the context of the sentence from Levantinian dialect to English. The
real translation of sentence 5 "ÉJ
¢

�
��Ó

	
¨AÓX ©Ó ÉJ
J.ë �

	
m�
�
� 	á«

�
èPAJ.« AÖß
X" is ""Dima

is an idiot person with an empty brain". The literal meaning of "ÉJ
¢
�
��Ó

	
¨AÓX"

is "rectangular brain" while it its real meaning is "empty brain, ignorant or not
very intelligent". Our model did no do a literal translation; instead it translated
"ÉJ
¢

�
��Ó

	
¨AÓX" as "retarded brain" which is correct.

• Consideration of OSN cultural language and expressions:

Sentences 2, 3, 26 show that our models are capable of handling OSN culture language
like hashtags, and slang abbreviations. sentence 2 "kinda finished my work" was
correctly localized to its Levantine corresponding translation "ú



Î
	
ª
�
�

�
I�Ê

	
g AÓ A«ñ

	
K".

The slang word "kinda" was correctly translated as " AÓ A«ñ
	
K". "kinda" in sentence 3

was also correctly translated to ø


ñ
�
�" which means "a little bit" to describe "kinda

bored" as "a little bit bored" with the expression "5 �Z ú


G
.
I. ªËZ hP .

	
àA
�
®ë 	P ø



ñ
�
�".

In addition, the model could recognize the slang abbreviation "Ima" and localized it
to "hP" which means "I will" in Levantine dialect. Sentence 20 "sorry idk" contains
an abbreviation for "I don’t know" in which our model detected and correctly trans-
lated it into its Gulf expression " é 	Q̄«AÓ". In sentence 26, hashtag "#KeepFighting-
Michael" is three words ("Keep", "Fighting", and "Michael") written in a one word.
Our model could recognize the three words and correctly translated them into its cor-
responding Iraqi dialect and connected them by a "_" as "É¾K
AÓ_É

�
KA
�
®
�
K_ú



Í@_ �

é
�
®K. @#".

Similarly, in sentence 33 where hashtag "#DavidDraiman" and "#TheLight" are
composed hashtags. Our model recognized them, but here it preserved their English
names and only converted the English letters into Arabic alphabets and connected
them by "_" as " 	

àAÖß
PX_YJ

	
®K
X#" and " �

IK
B_ @
	
X#"

• Consideration of Informal Language:

Sentence 10 "let’s try booking for a flight, fingers crossed it works out" is localized to
a Gulf translation as " �é��
ñ»

	
àñº

�
K hP é<ËA

�
�
	
� @ ,

�
éÊgP 	Qj. m

�
	
' ÈðAm�

	
' A

	
KñÊ

	
g". The context

of informal phrases "fingers crossed" and "works out" were correctly transferred to
the translated sentence as " é<ËA ��	

� @" which means "God willing" and " �é��
ñ»
	
àñº

�
K"

which means "to be good". Similarly, in sentence 1 where expressions "what the
hell!" and "weirdo" were translated to its Levantine expressions "! �éÊ 	ª �

�ËAë ñ
�
�" and
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" �éJ. K
Q
	
«". The Levantine expression "! �éÊ 	ª �

�ËAë ñ
�
�" indicates an exclamation of anger,

annoyance, or surprise and its literal meaning is "what is this thing". The expression
in sentence 11 "he’s screwed!" is an informal way of saying that a person is in trouble.
Our model translated it into "! YJ
ªË@ H. Ag. " which is a common local Gulf way of
expressing that someone is in a bad situation when things gone wrong. The literal
meaning of "! YJ
ªË@ H. Ag. " is "he brought Eid celebration" which has nothing to do
with its real context. Note that Eid is religious celebration for Muslims which is
celebrated twice a year: the Fitr and the Adha. The term "utterly spectacular"
was localized to Gulf expression " �èQÓ 	á 	�m.

�'

" which is, again, a common local way in

Gulf to express how beautiful things are; the literal translation of " �èQÓ 	á 	�m.
�'

" is "very

crazy" which has a different meaning in English and is far from its real context. " �èQÓ"
is an exaggeration term corresponding to "very" in which it is locally used in Gulf
and its literal meaning is "once". In sentence 6, "I’m craving" was localized to the
Levantine expression of "ú



ÍAK. ¨ ©ËA£" that has a literal meaning of "up in my mind".

Sentence 22 shows an example of an Iraqi way of saying "dog" as "I. Êg. " as Iraqis

pronounce alphabet "¼" as "h. " whereas other dialects do not. The original term

for "dog" across majority of Arabic dialects is "I. Ê¿" especially in Levantine and

Yemeni dialects; they never pronounce "¼" as "h. ". Fortunately, our models have
properly learnt dialects and our Iraqi model could successfully localize the translation
of "ÉJ
Ôg. @Yg. @

	
Yë I. Êm.

Ì'@" into "this dog is so beautiful" while the Levantine model
was not able to detect the whole context and translated the sentence into "this ice
is so beautiful"; it translated term "I. Êg. " as "ice" instead of "dog".

• Consideration of idiomatic expressions:

Our models show effective handling of translating idiomatic expression across the
four Arabic dialects. The English idiom "raining cats and dogs" was properly local-
ized into Levantine, Gulf, and Iraqi dialects (sentences 5, 18, and 23). Although the
literal meaning of this idiom refers to the animals cats and dogs, our models have
effectively learnt its actual context and not its literal meaning. Interestingly, our
model could translate the Arabic-Gulf expression ("QK
 	Q

	
« Q¢Ò

�
JK.") of "raining heavily"

into an English idiomatic expression as "it’s raining like cat and dog". Another exam-
ple is the idiomatic expression "im over the moon" that actually means "extremely
happy" but its literal meaning " is to be literally over the moon". Our model was
able to learn the idiom’s context and successfully transferred the actual context into
a Yemeni translation as "�Òj

�
JÓ A

	
KY
�
¯"; "�Òj

�
JÓ" in Yemeni dialect means "excited".

"no-brainer" is also an English idiomatic expression with a literal meaning of "no
brain", but actually it means "very easy". Our model learnt the context meaning
of "no-brainer" and translated it into "ÉîD� P@Q�¯", which means "an easy decision".
In sentence 32, the English idiom "no pain no gain" was successfully localized into
the Yemeni dialect as "I. ª

�
K

	
àðYK. l

�'
. P

�
��. AÓ" where words " 	

àðYK. ,
�

��. AÓ" are used

87



locally by Yemenis to say "no", " l�'. P" which means "winning" to say "gain", and

"I. ª
�
K" means "tiredness" to say "pain".

• Consideration of language code borrowing:

OSN slang expression "looool" (in sentence 4) was correctly detected as a laughter or
funny expression and was translated as "ÈðñË" which is the same English word (i.e.
pronounced in Arabic similar to its English pronunciation but expressed in Arabic
alphabets. Similarly, in sentence 3 where the abbreviation "ps5" (i.e. PlayStation 5
video game device) was translated to its corresponding Arabic alphabets ("5 �Z ú



G
.
")

while preserving its pronunciation in English. Sentence 33 follows the same transla-
tion pattern where the word "#TheLight" translated into its corresponding Arabic
alphabets " �

IK
B_ @
	
X#". The name "gaku shibasaki" was also converted to its corre-

sponding Arabic alphabets as "ú


» A�AJ. �


�
� ñ» Ag. ".

Figure 5.3 illustrates how well our proposed NMT models perform against Google
Translate at translating informal social media messages from/to English to/from four
Arabic dialects (i.e., Levantine/Shami, Gulf, Iraqi, and Yemeni). The table shows that
our NMT models were able to localize the tweets between English and dialectal Ara-
bic in term of idiomatic expressions, informal local expressions, social media-cultural ex-
pression, and language code borrowing. In contrary to our NMT model, Google Trans-
late did not produce dialectal Arabic translations; instead, it only translated English
tweets into Modern Standard Arabic (MSA). Google Translate has also shown a weaker
performance at understanding idiomatic expressions and hence producing word-to-word
translation as seen in the examples "it was raining cats and dogs" meaning "it was
raining heavily", "the exam was a piece of cake!" meaning "the exam was easy!", and
"ÉJ
¢

�
��Ó

	
¨AÓX ©Ó ÉJ
J.ë �

	
m�
�
� 	á«

�
èPAJ.« AÖß
X" meaning "Dima is a stupid person with dump

brain", which were word-to-word translated by Google Translate; unlike our NMT models
that have successfully produced contextual translations of these examples. Informal local
expressions and social-media cultural expressions were shown to be mistranslated by Google
Translate; "he’s screwed" was translated into Arabic as "he is drunk", "sorry idk him" was
translated into Arabic as "sorry I know him", and "ÈAJ
« AK
 I. ÓQ

�
K

�
I

	
�K." meaning "trump’s

daughter, guys" was translated from Gulf-Arabic into "Trump’s daughter, kids". Unlike
our NMT models that were able to translate "ÉJ
Ôg. @Yg. @

	
Yë I. Êm.

Ì'@" from Iraqi-Arabic into
English as "the dog is so beautiful", Google Translate was not able to recognize the Iraqi
dialect that uses word "I. Êm.Ì'@" as equivalent to the English word "dog". While Google

Translate correctly translated "QK
 	Q
	
« Q¢Ò

�
JK." into "it is raining heavily", our NMT models

took the translation further and almost localized "QK
 	Q
	
« Q¢Ò

�
JK." into the English idiomatic

expression as "it’s raining like cat and dog". Levant people use word "PAK
 @" to describe the

month of "May" while Gulf people use word "ñK
AÓ". Our NMT models were able to localize
the translation of month "May" into its local equivalent for both Levant and Gulf dialects
while Google Translate translated "May" as "ñK
AÓ" for both Arabic dialects.
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Original Sentence Google Translator Our Models' Translation Dialect
1 what the hell! she is a weirdo راوطلأا ةبیرغ اھنإ !میحجلا قحب Levantine ةبیرغ يیھ !ةلغشلاھ وش 
2 kinda finished my work ام اعًون يلمع تیھنأ Levantine يلغش تصلخ ام اعون 
3 kinda bored. Ima play ps5 Levantine 5 سء يب بعلء حر .ناقھز يوش ps5 بعلا انا .للملا نم عونب رعشأ
4 Looool it's so funny ادج كحضم ھنإ لوول Levantine يلسیب ریتك لوول 
5 it was raining cats and dogs ابلاكو اططق رطمت تناك Levantine !ریتك يتشت مع تناك 
6 Im craving a tuna sandwiche! !ةنوتلا ةریطش يھتشأ انأ Levantine !انوت شیودناس يلاب ع علاط ریتك 
Dima is a stupid person with an oblong brain لیطتسم غامد عم لیبھ صخش نع ةرابع امید 7 always a dumb person with a retarded brain Levantine
8 The exam was a piece of cake ةكعكلا نم ةعطق ناحتملاا ناك Levantine نیھ ریتك يش ناك صحفلا 
9 Shes graduating in May ویام يف جرخت اھنا Levantine رایأب جرختتح 

10 
lets try booking for a flight, fingers crossed it works 
out رملأا حجن دقل ،ناریط ةلحر زجح لواحنل Gulf ةسیوك نوكت حر cاشنا ،ةلحر زجحن لواحن انولخ 

11 he's screwed! !لمث دقل Gulf !دیعلا باج 
12 the exam was a piece of cake ةكعكلا نم ةعطق ناحتملاا ناك Gulf لھس يش ناك رابتخلاا 
13 Im feeling down today مویلا طابحلإاب رعشأ Gulf مویلا ةنلاعز 
Trump's daughter, kids  لایع ای بمارت تنب 14 trump girl y’all Gulf
It's raining heavily ریزغ رطمتب 15 it’s raining like cat and dog Gulf
16 She’s graduating with a bachelor’s degree in May ویام رھش يف سویرولاكبلا ةجردب جرختتس Gulf ویام يف سویرولاكب ةجردب جرختتح 

17 
california dreamin’ of with training on the pacific 
coast
- utterly spectacular! #teamredontour

 !امًامت لھذم - ئداھلا طیحملا لحاس ىلع بیردتلاب اینروفیلاك ملحت
#teamredontour 

 ننجی يش -يداھلا طیحملا لحاس ىلع بیردتلاب ملحأ ةسلاج
 !ةرم

 نودیر_قیرفلا_ةلوج# 
Gulf

18 it was raining cats and dogs ابلاكو اططق رطمت تناك Gulf هرازغب رطمت 

19 
mission cats in a box complete. now for a trip to 
the vets.
they are not happy!

 ءابطلأا ىلإ ةلحرل نلآا .ةلماك قودنص يف ططقلا ةمھم
!ءادعس اوسیل مھ .نییرطیبلا  

 طبزلل ةلحرل نیحلا .تصلخ قودنصلا يف سسبلا ةمھم
Gulf !اوحرف ام .يرطیبلا

20 sorry idk him ھفرعأ فسآ Gulf ھفرعام فسا 

21 it was raining cats and dogs ابلاكو اططق رطمت تناك  
Gulf هرازغب رطمت 

This fetch is very beautiful لیمج ادج اذھ بلجلا 22 this dog is so beautiful Iraqi

23 It’s been raining cats and dogs all day.
I’m afraid the roof is going to leak.

 نأ ىشخأ .مویلا لاوط بلاكلاو ططقلا رطمت ءامسلا تناك دقل
.برستی فوس فقسلا Iraqi .برستی حار فكسلا ونا فیاخ ينا .مویلا لك ةموك خزت اد 

24 
Now people are watching the replay.
I didn’t even do anything! #Scared of #Periscope. 
👀 Haha!

 نم فوخلا# !ىتح ءيش يأ لعفأ مل .ةداعلإا نودھاشی سانلا نلآا
!اھاھ �� .بوكسیریبلا#  

 !يش يا تیوسم ينا .يلب ير نوفوشی اد سانلا ھسھ
Iraqi !ھھھھھھھ .بیوكسیریب# نم تیقلق# 

25 no-brainer ریكفت نودب Iraqi لھس رارق 

26 Currently Michael Schumacher’s weight is arround
45kg!!!! #Unbelievable #KeepFightingMichael

 قدصی لا# !!!! مجك 45 يلاوح ایًلاح رخاموش لكیام نزو غلبی
لكیام لاتقلا لصاو#  

 كدصا_ادم# !!!غك 45 يلاوح روشكام لكیام نزو ایلاح
Iraqi لكیام_لتاقت_يلا_ةقبا#

27 
gaku shibasaki now playing fantastic levels … will 
give best suppoto japan national team ... I wish all 
best

 معد لضفأ مدقیس ... ةعئار تایوتسم نلآا يكاسابیش وكاج بعلی
قیفوتلا لك ىنمتأ ... ينطولا نابایلا بختنمل  

  ...ةبیھر تایوتسمب نلاا بعلی يكاسابیش وكاج
Yemeni ریخلا لك ىنمدا ...ةینابایلا ءاضعءلل معد لضفء بیجتش

28 She’s graduating with a bachelor’s degree in May ویام رھش يف سویرولاكبلا ةجردب جرختتس Yemeni ویام يف سولاكبلا ةجردب جرختتب 
29 I am feeling down today! !مویلا طابحلإاب رعشأ Yemeni !مویلا سیاخ روعشب سساح انا 
30 I got the job im over the moon رمقلا قوف انأو ةفیظولا ىلع تلصح دقل Yemeni سمحتم اندق ةفیظو تیقل 
31 he's screwed our day! !انموی لمث دقل Yemeni !انموی عیض 
32 No pain no gain حبر لا ,ملأ لا Yemeni بعت نودب حبر شبام 

33 Dont let hope become a memory #DavidDraiman
#Disturbed #TheLight

رونلا# برطضم# نامیارد دیفید# ىركذ حبصی لملأا عدت لا Yemeni تیلا_اذ# ءاتسم# نامیرد_دیفید# ةركذ ریصت لملاا يلختلا 

Figure 5.3: A sample of generated translations by our proposed NMT models
and Google Translate [103]. The translations are from/to English to/from four
Arabic dialects: Levantine, Gulf, Iraqi, and Yemeni.
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5.3.4.4 Transitive-Translation to Arabic-Dialects Evaluation

Table 5.6 presents the results of French and Spanish to/from Arabic dialects NMT models
[20]. Spanish to Arabic-Gulf NMT model is shown to have the highest learning performance
(F-Score of 37 points) followed by Spanish to Arabic-Gulf (F-scoe of 36 points) and then
French to Arabic-Levantine (F-Score of 35 points). The F-Score of the models are ≥ 35
points and that is comparable to the ones of the English to Arabic dialects models. This
result confirms the quality of our proposed MLMD dataset and that is shown in the models
ability to learn the translation of the Arabic dialects even with the transitive translation
approach (i.e. English sentences were translated into French and Spanish, and then the
Arabic translations of English sentences were associated with the French and Spanish
translations).

Table 5.6: Performance results of three transitive-translation based models -in terms
of F-Score(BLEU, ROUGE)- using our proposed multi-lingual-dialectal dataset. The
three models represent Spanish to Arabic-Levantine, Spanish to Arabic-Gulf, and
French to Arabic-Levantine.

M
od

el

F-Score(BLEU, ROUGE)

Es -> Ar-Levantine 37.1

Es -> Ar-Gulf 36.2

Fr-> Ar-Levantine 35.2

Please note that a subset of our MLMD English sentences were manually translated
into French and Spanish languages. That is due to the time constraint and difficulties we
faced in finding professional native or near native bi-lingual translators that are committed
to work on a large dataset. The subset of the sentences was randomly chosen but do
not contain idiomatic expressions. To the best of our knowledge, this is the first work
which proposes an NMT model that translates OSN messages from/to French and Spanish
to/from Arabic dialects. Levantine and Gulf dialects were chosen with French and Spanish
language for the purpose of evaluating our proof-of-concept- case studies conducted in
Chapter 4.

Figure 5.4 illustrates a sample of translations (i.e. generated by our proposed models)
from/to French and Spanish to/from Arabic dialects (i.e. Levantine and Gulf in this case
study). It is important to note that all the sample translations were examined and approved
by bilingual users with native to near-native bilingual language proficiency. The participant
users approved that the contexts of the original messages were properly transferred -along
with the corresponding dialect expression- into our generated translations. "Oh mon Dieu!"
is an informal expression to say "oh my god or for god sake!" which was correctly translated
into the Levantine expression "! ú



G
.
PAK
 that indicates an exclamation of anger, annoyance, or

surprise. "bizarre" is a common French word to describe someone or something as "weird or
strange". The expression "�j

	
®Ë@" is a very local way of saying "exam" in Levantine dialect,

which could mean "check or examine" in other dialects like Gulf and Yemeni. Our Levantine
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model could successfully recognize it as "exam" and generate the sentence translation as
"L’examen était très facile". "L’examen" in French refers to "exam" in English. Similarly,
with expression "ú




�
æ
�
�
�
�" which means "raining" in the informal Levantine dialect; our model

correctly translated it into French as "il pleuve tellement". "pleuve" is the French word
for "raining".

Original Sentence Our Models' Translation Language Dialect
1 Oh mon Dieu! elle est bizarre  ةبیرغ يیھ !يبر ای

French Levantine

2 J’ai terminer mon travail.  يلغش تصلخ
3 Je voudrais un sandwich au fromage.  !ةنیج شیودنس يدب

4 Dima est un personne stupide avec un cerveau 
retardé.  رخءتم غامد عم يبغ صخش امید

5 L'examen était très facile نیھ ریتك ناك صحفلا

6 il ریتك يتشت مع تناك  pleuve tellement

7

Los expertos nos informan constantemente de 
que pasamos demasiado tiempo mirando la 
televisión y nos advierten que eso no es bueno 
para la salud

 رضحن مع لیوط تقو يضقنم ونء امیاد انوربخیب ءاربخلا
 ةحصلل حینم شم ادیھ ونء انورذحیونویزفلتلا

Spanish Levantine

8

dos de los amigos de eli trabajaron de forma 
independiente durante toda la semana ilustrando 
y escribiendo este libro de dragones, lo hicieron 
durante su tiempo libre

 مع عوبسءلا لك لقتسم لكشب يلیء ـل يتاقفر نم نینت تلغتشا
 مھغارف تقوب يشلاھ ولمع تانینتلا بتكلاھ وبتكی و وروصی

9 ¡Respira profundo! No te preocupes. Estoy aquí 
para ayudarte.  .كدعاسءل نوھ انء .قلقت ام !قیمع يخرتسا

10 Tan emocionado por el verano.  فیصلل ةسمحتم ریتك

11  مع وش فوشو ولحلا ثدحلاھب دوجوم نوك ونأ میظع ریتك يش
 ریصی

¡es tan bueno estar presente en este evento y ver 
lo que está sucediendo!

12  !كلاح روبجا .طوسبم نوكت حر كنا دكأتم انأ و موی لك مستب
 سأی# قلق#  طوسبم#

te sonríes todos los días y estoy seguro de que 
estarás feliz. ¡adrígate! #feliz #ansiedad 
#desesperanza

13

Los expertos nos informan constantemente de 
que pasamos demasiado tiempo mirando la 
televisión y nos advierten que eso no es bueno 
para la salud

 و نویزفلتلا علاطن ریثك تقو يضقن اننا انوربخی امیاد ءاربخلا'
'ةحصلل سیوك وم اذھ ھنا انورذحی  

Spanish Gulf

14

dos de los amigos de eli trabajaron de forma 
independiente durante toda la semana ilustrando 
y escribiendo este libro de dragones, lo hicieron 
durante su tiempo libre

 نومسرنی عوبسءلا لوط لقتسم لكشب ولغتشا ھباحصء نم نینثا
 مھغارف تقو يف هووس اذ نینتلا باتك نوبتكی و

15
Vi esta película durante el fin de semana - ¡estuvo 
genial! #willsmith estuvo increíble. 

 !عءار ناك -عوبسءلا ةیاھن ةلطع يف ملیفلا اذھ تفش
 كحضت_روص# كحضم# .عءار ناك ثیمس_لیو#

16
Mi teléfono duró toda la noche. #4s 
#impresionado  ةرھبنم# س_4# .لیللا لوط سلج يلاوج

17 en زنبور_كرام_ةكبش# رایخ لھجلا تامولعملا رصع يف la era de la información, la ignorancia es la 
elección de #markrobbinsnetwork.

18  ٩ل تزاف اھناشع ةیوناثلا ناغوف ةسردم يف انتقیدصل كوربم
 ...قیفوتلاب . ةیضایرلا كروی ةیعمج بقلب هرم

felicitaciones a nuestra mejor amiga de la escuela
secundaria de fugan por ganar el título de la club 
jurassic por novenas veces. buena suerte...

Figure 5.4: A sample of generated translations by our proposed NMT models
using the transitive translation approach. The translations are from three
models: French to/from Arabic-Levantine, Spanish to/from Arabic-Levantine,
and Spanish to/from Arabic-Gulf.
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5.4 Multi-Lingual-Dialectal Online Social Behavior (OSB)
Modeling

This section presents the methodology followed in modeling and evaluating our proposed
framework for multi-lingual-dialectal online social behavior analysis.

5.4.1 Methodology

MLMD Online Social Behavior Modeling
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Figure 5.5: Multi-lingual-dialectal online social behavior framework.

Figure 5.5 illustrates the framework proposed to model multi-lingual-dialectal online social
behaviors [21].

The framework depicted in Figure 5.5 is proposed as an attempt to minimize the de-
pendency of languages and dialects in modeling online social behaviors. This framework
is designed in a way that reduces the cost of building resources (i.e. data and models) for
every language and dialect to perform OSB-related tasks by allowing exploiting existing
resources (i.e. data and models) between low-resource and high-resource languages. To
achieve this, we propose translating OSN data, namely messages, using content-localization
approach (more details are discussed in Section 5.3. This way the context of contents is
transferred to the language and even to the dialect of interest; hence, we can exploit ex-
isting resources to solve the problem in hand without building the needed resources (i.e.
data and/or models) from scratch. This can be done in two scenarios: (1) localizing the
contents of an existing data resource (i.e. collected, cleaned and filtered, and annotated
dataset) to a low-resourced target language and/or dialect and using the translated content
to train and build a model of the language and/or dialect of interest, (2) localizing the data
of interest from a low-resource language and/or dialect to a high-resource language and/or
dialect and using the already existing resource (i.e. model trained in a high-resourced
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language and/or dialect) to solve the problem of interest. According to the literature, ana-
lyzing online social behavior in its native language produces better analysis, hence, we opt
to use the first scenario to conduct the OSB analysis in this thesis. Further, deep learning
approach is adopted for the training of online social behaviors and that has been covered
and explained in details earlier in Chapter 4

5.4.2 Experimental Results & Analysis

In this section, we examine our multi-lingual-dialectal approach for solving the analysis of
online social behavior tasks in different languages and dialects.

5.4.2.1 Experimental Design and Evaluation Protocol

We design our experiments to answer the following question: can we exploit exist-
ing resources from a high-resourced language and/or dialect to solve an OSB
problem in a low-resourced language and/or dialect using content-localization
translation approach?

We propose two experimental scenarios to answer the above-mentioned question:

• We translate an existing annotated dataset (i.e. source language/dialect) for a social
behavior (i.e. sentiment in this experiment) using our proposed NMT models, into a
target language/dialect. Note that we preserve the source annotations of the source
dataset. Then, we train an OSB model using this translated dataset. Finally, we
evaluate the trained models on external datasets under the condition that the con-
tents of the external datasets should be in the native target language and/or dialect.
English to Arabic-Levantine, English to Arabic-Gulf, and French to Arabic-Levantine
are chosen as case studies for our proof of concept. In this experiment, we translate
the English sentiment dataset SemEval 2013/20 [154, 182] to Arabic-Levantine and
Arabic-Gulf dialects, using our proposed NMT models. The translated dataset will
be used later to train Arabic sentiment classifier for Levantine and Gulf dialects. The
same process is applied to the French sentiment dataset (FTSAD) [89]; it is trans-
lated to Arabic-Levantine dialect to be used later for training an Arabic-Levantine
sentiment classifier. The purpose of this experiment is to examine the validity of our
proposed approach across languages and dialects.

• We translate an existing annotated dataset X (i.e. from one source language/dialect)
for a social behavior (i.e. toxic speech in this experiment) using our proposed NMT
models into two target dialects, aandb of the same language Y (i.e. Arabic in this
thesis). Note that we preserve the source annotations of the source dataset. Then, we
train two OSB models using these translated datasets, one for each dialect (datasets
dY a, dY b). After that, we choose an external dataset of dialect Ya. Finally, we evaluate
the trained models (i.e. models mY a,mY b) on the external dataset of dialect Ya. The
contents of this external dataset have been written and annotated in its native dialect
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by native speakers Ya. English to Arabic-Levantine, English to Arabic-Gulf, Spanish
to Arabic-Gulf, and Spanish to Arabic-Levantine are chosen as case studies for our
proof of concept. In this experiment, we translate the English hate speech dataset
Hateval [33] to Arabic-Levantine and Arabic-Gulf dialects, using our proposed NMT
models. The same process is applied to the Spanish hate dataset [145]; it is translated
to Arabic-Levantine and Arabic-Gulf dialects to be used later for training an Arabic-
Levantine and Arabic-Gulf hate classifiers. The purpose of this experiment is to
investigate the effect of different dialects of the same language on the modeling and
analysis of the online social behaviors on social media.

The translated versions of datasets (i.e. translated SemiEval 2013/2017, translated
French FTSAD, translated Hateval, translated Spanish HateSpeech, to Arabic dialects
using our proposed NMT models) have been used for training and validating sentiment and
hate models, respectively. The datasets have been randomly split into 80% for training and
20% for validation. We evaluate our models on the validation set during training- every
100 steps- to track its learning progress. We have implemented early-stopping approach
to regularize the learning of the model during training in order to prevent any potential
overfitting to the training data. For evaluation measures, we have used accuracy, precision,
recall, and F-Score, commonly used for classification evaluation, as evaluation metrics.
Precision, recall and F-Score give a better view of model performance than accuracy alone
does.

5.4.2.2 Datasets

We list below the datasets we have used for modeling and evaluating our proposed approach
for multi-lingual-dialectal online social behavior analysis.

• SemEval-2013/2017 Sentiment Dataset [154,182]: We have combined the sen-
timent English datasets of SemEval 2013 and 2017, and removed the neutral class.
This has resulted in ≈ 15,000 tweets. We, then, have balanced the classes until we
finally have a total of 11,024 tweets, out of which 6,500 are positive tweets and 4,523
are negative tweets.

• French Twitter Sentiment Analysis Dataset (FTSAD) [89]: This dataset con-
tains 1.5 million French tweets translated from English to French. We have randomly
sampled 20,000 tweets with a balanced distribution between positive and negative
classes.

• Saudi Banks Dataset [9]: This dataset contains Arabic-Saudi tweets from four
Saudi banks. The dataset has been manually annotated by two people. The dataset
contains 8,669 negative tweets and 2,143 positive tweets.

• Saudi Vision-2030 Dataset [15]: This dataset contains tweets discussing several
aspects of Saudi Vision 2030. The manually annotated tweets have yielded 2,436
positive tweets and 1,816 negative tweets.
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• ArSentD-Lev [30]: This dataset consists of 4,000 tweets collected from the Arabic
Levant region. The dataset has been manually annotated through the crowd-sourcing
approach. There are 1,232 positive tweets and 1,884 negative tweets.

• OCLAR datasets [165]: OCLAR is an opinion corpus for Lebanese Arabic reviews.
It contains customer reviews on restaurants, hotels, hospitals, etc., collected from
Google Maps and Zomato website. The positive class contains all reviews rating
from 1 to 3 (3,465 reviews), while the negative class contains the reviews with rating
values from 1 to 2 (451 reviews).

• HatEval Dataset [33]: This English dataset has been constructed based on women
or immigrants as targets of hate speech. The tweets have undergone two steps:
(1) tweet annotations by non-expert annotators using crowd sourcing mechanism,
(2) then two domain-expert annotators reviewed the annotated tweets. The inter-
agreement in annotating the dataset scored 83%. The dataset contains a total of
13,000 tweets, out of which 5,470 tweets are labelled hate speech.

• Spanish HateSpeech Dataset [145]: This dataset is a subset of a bigger multi-
lingual hate speech dataset that consists of 13 languages, one of which is Spanish.
We extracted the Spanish samples. This resulted in a total number of 12,423 texts,
out of which 4,239 are labeled as hate speech.

• Let-Mi datasets [150]: This dataset consists of Levantine tweets annotated for
detecting misogynistic behavior on online social media. This dataset, which consists
of 2,654 hate tweets and 2,586 non-hate tweets, has been annotated manually by
Levantine people.

• L-HSAB datasets [151]: This dataset has been constructed and manually anno-
tated for Levantine hate speech detection on social media. It contains a total of 5846
tweets, out of which 3,650 do not contain hate contents while 2,196 contain hate
speech content.

• COVID-19 datasets - Lebanon [235]: This dataset has been collected from
Twitter during COVID-19 pandemic in 2020. Geo-coordinates of Lebanon were used
to collect and retrieve tweets in Arabic language during the COVID-19 pandemic.
This dataset is used for evaluation purposes in our COVID-19 case study.

• COVID-19 datasets - Saudi Arabia [5]: This dataset has been collected from
Twitter during COVID-19 pandemic in 2020. Geo-coordinates of Saudi Arabia were
used to collect and retrieve tweets in Arabic language during eight consecutive days;
14-21 of March 2020. This dataset is used for evaluation purposes in our COVID-19
case study.
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5.4.3 Results and Analysis

5.4.3.1 Performance of NMT-based OSB Models

The results in Table 5.7 presents the performance of the proposed OSB models that were
trained using the translated dataset (i.e. translated from English and French to Arabic
Levantine and Gulf dialects using our proposed NMT models). The results in Table 5.7
depict the models’ performances using the validation set split of the same data that the
models were trained on.

Table 5.7: The performance of three sentiment models on the validation set in terms
of accuracy, precision, and recall. The models represent English to Arabic-Levantine,
English to Arabic-Gulf, French to Arabic-Levantine.

M
od

el

Validation Precision Validation Recall Validation F-Score Accuracy

En->Ar-
Levantine

0.86 0.86 0.86 86

En->Ar-Gulf 0.86 0.86 86 86

Fr->Ar-Levantine 0.75 0.75 0.75 75

The English to Arabic-Levantine and English to Arabic-Gulf are shown to perform the
same in terms of accuracy (86%), precision (0.86), and recall (0.86), followed by French
to Arabic-Levantine model that scored 75% of accuracy, 0.75 points of precision and re-
call. There could be two reasons that the French to Arabic-Levantine models have shown a
slightly less performance than the English-to Arabic models: (1) the NMT model of French
to/from Arabic-Levantine dialect is trained on a subset of data compared to the English
to/from Arabic dialects NMT models that are trained on the whole dataset (as explained
previously in Section 5.3.4.4), (2) the pre-trained embeddings of large language models
-that we have fine-tuned during our training- are different for each language; hence, this
might have affected the learning performance of our French-Arabic OSB model. However,
all the three models are shown to have effectively learnt the sentiment classes (i.e. positive
and negative) using the translated dataset (i.e. by our proposed NMT models), and this is
shown in the high performance metrics with at least 75% for accuracy, precision, and recall.
Figures 5.6, 5.7, and 5.8 illustrate the high frequency words used for positive and negative
classes for each model of the three. The words in the figures corresponding to the positive
class (5.6(a), 5.7(a), and 5.8(a))-, reflect positive sentiment such as " �é�Òj

�
JÓ" meaning "ex-

cited", "I. J
£" meaning "good", " 	á 	�m�'
" meaning "so good", " �é£ñ��. Ó" meaning "happy",

" AJ.kQÓ" meaning "hello", "úÎg


@" meaning "better or more beautiful", "©
K@P" meaning "spec-

tacular", "½j 	
��
" meaning "funny", "CîD�ð Cë



@" meaning "welcome". Figures related to

the negative class (5.6(b), 5.7(b), and 5.8(b)) also reflect negative sentiment such as "É�J�¯"

meaning "killing or murder", "¡Ê
	
«" meaning "wrong or mistake", "Zú



æ�" meaning "bad",

"H. Qå
	
��
" meaning "beat", "ú



æ
.

	
«" meaning "stupid or dumb", " 	

àC« 	P" meaning "sad or up-
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set", "I. ª�" meaning "difficult", " �
HAÓ" meaning "died", "ú



¾K.



@" meaning "crying". From

this, we can claim that our sentiment models are able to effectively learn sentiment from
our translated data and to successfully distinguish between positive and negative classes
which, in turn, proves the effectiveness of our multi-lingual-dialectal NMT models that
have shown solid capability of transferring the context of OSN messages from language
/dialect to another language/dialect.

(a) Word-cloud for positive messages. (b) Word-cloud for negative messages.

Figure 5.6: Word-cloud generated from messages classified as positive or negative
sentiment by our English to Arabic-Levantine sentiment model.

(a) Word-cloud for positive messages. (b) Word-cloud for negative messages.

Figure 5.7: Word-cloud generated from messages classified as positive or negative
sentiment by our English to Arabic-Gulf sentiment model.

(a) Word-cloud for positive messages. (b) Word-cloud for negative messages.

Figure 5.8: Word-cloud generated from messages classified as positive or negative
sentiment by our French to Arabic-Levantine sentiment model.
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Table 5.8: The performance of English to Arabic-Levantine, English to Arabic-Gulf,
French to Arabic-Levantine, sentiment models, on external sentiment datasets, in
terms of accuracy, precision, and recall.

F-Score (Positive) F-Score (Negative) Accuracy

M
od

el

En -> Ar-Gulf
evaluated on
Saudi Banks Dataset [9]

0.76 0.93 89

En->Ar-Gulf
evaluated on
Saudi Vision-2030 Dataset [15]

0.6 0.7 66

En -> Ar-Levantine
evaluated on
ArSentD-Lev [30] + OCLAR
datasets [165]

0.83 0.82 83

Fr->Ar-Levantine
evaluated on
ArSentD-Lev [30] + OCLAR
datasets [165]

0.81 0.7 77

While Table 5.7 presents the performance of the models using the validation set, Table
5.8 summarizes the performance of the models using external datasets. Each dataset that
corresponds to a specific dialect is used to evaluate the model that has been trained on the
same dialect (i.e. Levantine dataset is used to evaluate the Levantine model and the Gulf
to evaluate the Gulf model). English to Arabic-Gulf OSB model is evaluated on two Saudi
(i.e. Gulf dialect) sentiment datasets: Saudi Bank Reviews dataset [9], and Saudi Vision
2030 dataset [15]. The results show that the model is able to distinguish between both
classes (i.e. positive and negative) in both datasets; it has performed at a positive f-score
between 0.6-0.76, negative f-score between 0.7-0.93, and over all accuracy between 66%-
89%. It can be observed that the English-Gulf model performs better on negative class
than it does on positive class. After investigating the data, it has been found that there
is mislabeling or ambiguity in some sentences as to whether they belong to the positive or
negative class, as shown in the following examples:
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The mislabeling and ambiguity of labeling is a common issue found in existing datasets.
This in fact affects the learning and evaluation process of online social behavior modeling.
It is an ongoing challenge that labeling datasets, especially for online social behavior like
sentiment, still puzzles the researchers in this area [125]. Overall, our English to Arabic
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Gulf model has shown a reliable performance in detecting the online sentiment behavior.
Below are three examples of a correct predicted sentiment examples:
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A similar learning performance has been found in positive and negative classes from
the English to Arabic-Levantine model on two Levantine sentiment datasets: ArSentD-
Lev [30] and OCLAR [165]. The English to Arabic-Levantine model has scored a high
learning accuracy of 88% with capability of separating positive and negative classes at
positive and negative f-score of 0.83 and 0.82, respectively. Finally, the French to Arabic-
Levantine has shown a competitive performance to the English to Arabic-Levantine model
at classification accuracy of 77% with 0.81 f-score for positive class and 0.7 f-score for
negative class.

5.4.3.1.1 Dialectal-Arabic Case Study: Sentiment Behavior Analysis during
COVID-19 Pandemic in Lebanon and Saudi Arabia

Figure 5.9 illustrates the sentiment predictions of our NMT-based sentiment classifiers (i.e.
Arabic-Levantine and Arabic-Gulf classifiers) on two COVID-19 datasets; one for Lebanon
and the other for Saudi Arabia . Generally speaking, the sentiment tends to be more
negative in Lebanon with 87% of negative sentiment than it is in Saudi Arabia with 65%
of negative sentiment during COVID-19 pandemic in 2020. (as seen in Figure 5.9).

Figure 5.9: Overall sentiment behavior in Lebanon and Saudi Arabia during COVID-
19 Pandemic.
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Figure 5.10 provides a temporal view of sentiment behavior during the second week
of March 2020, when COVID health measures were implemented in Saudi Arabia during
COVID-19 pandemic. Overall, the sentiment is shown to decrease over time (as seen in
Figure 5.10) especially after a positive spike on day 15 of March 2020. The temporal
sentiment analysis for Lebanon is not provided in this case study due to the reason that
date and time information is not available in the original Lebanon dataset [235].

Figure 5.10: Sentiment behavior over time in Saudi Arabia during COVID-19 Pan-
demic. The units are days according to the Saudi dataset [5].

To facilitate the understanding of the sentiment behavior in Figures. 5.9 and 5.10,
we provide a deeper analysis of the topics that people were discussing on OSNs platforms
during the pandemic (Figure 5.11). Having the topics at hand, we are able to deduce the
reasoning of the temporal abstract analysis. In other words, we can understand the reasons
and causes of the inferred behavior. This has helped us to get a clearer picture of the story
of events. The topics of both Lebanon and Saudi Arabia show an overall negative sentiment
behavior with Lebanon having more negative vibes than Saudi Arabia does; while Saudi
Arabia shows a more positive sentiment in two topics (i.e. quarantine/activities and online
shopping), Lebanon shows a positive sentiment in only one topic (i.e. online shopping)
only.

(a) (b)

Figure 5.11: Comparisons of sentiment behavior between Lebanon and Saudi Arabia
over inferred topics from COVID-19 data collected from Lebanon and Saudi Arabia
during the pandemic.
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A wider exploratory analysis for the topic groups shown in Figure 5.11 is illustrated in
Figures 5.12 and 5.13. The CVOID topic (Figure 5.11(a)) in Lebanon clearly shows a high
negative sentiment, and the subtopics of the COVID topic shown in Figure 5.12, point out
where the negative sentiment mainly come from. Subtopics like "virus", "China news",
"John Hopkins", and "curfew" are shown to contribute to the high negativity in the COVID
topic, while topics like "infected cases report" and "traditional treatment recipes (e.g.
honey and lemon)" are shown to have positive sentiments. The politics topic in Lebanon
has the highest negative sentiment among all other topics; the underlying subtopics of the
politics topic explain the negative behavior by the residents of Lebanon toward interna-
tional and regional news. It is interesting that the discussions on "Saudi Arabia" followed
by "Kuwait" and "Jordan" subtopics, have shown a slight positive sentiment compared to
the rest of other politics subtopics. Lebanon local events are discussed through subtopics
shown in Figure 5.12(c), where subtopics "Hizb" and "Lebanon debates/news" show the
highest negative sentiment followed by subtopics "citizens" and "private sector". The local
subtopic "marriage", on the other hand, is the only subtopic among the other four that
shows a majority of positive sentiment. Subtopics of economy and sport are shown to
have a majority of negative vibes with sport showing a slight positive sentiment. The topic
"online shopping" has an overall positive sentiment; however, its subtopic "order" is shown
to have a negative sentiment compared to the "offers" subtopic that is shown to have high
positive sentiments.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.12: Subtopics of the topics inferred from Lebanon COVID-19 dataset for
sentiment behavior analysis in Lebanon.

Taking a look at the subtopics of Saudi Arabia (Figure 5.13, we can notice that the peo-
ple in Saudi Arabia are calmer and more relaxed than the people in Lebanon. It is clearly
evident that the people in Saudi Arabia enjoy online shopping as it is used more often
there than it is in Lebanon; many offers for "delivery services", "education services", "in-
ternet services offers", "discount codes” and "decor" can be observed in Saudi data during
COVID-19 pandemic (i.e. in 2020) compared to only "discount codes" that were available
in online shopping in Lebanon during COVID-19 pandemic in 2020. Moreover, People in
Saudi seem to have had fun during the quarantine; the variety of activities’ subtopics seen
in Figure 5.13(d) show high positive vibes in most subtopics except for subtopics "moth-
ers’ situation" and "sleep and boredom"; the former expresses increased levels of mothers’
frustration during the COVID-19 quarantine and the latter expresses the boredom during
quarantining at home. The rest of the activities subtopic such as "tv series", "activities",
"books and reading", "games", "music", and "reading holy Quran" illustrate high positive
sentiment, especially in "activities" and "reading holy Quran" subtopics which show the
highest positive sentiment. This observation reflects the religious spirit among Saudis, to
whom Islam is a very important part of their life, and that all Saudi citizens and many of
Saudi foreign residents are Islam believers. Many local Saudi topics are discussed through
the subtopics in Figure 5.13(c). Subtopics such as "private sector", "students and dis-
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tant education", "in-mosque praying hold", "hydro and bills", "Saudi banks" and "rents"
show mostly negative sentiments. Subtopics that show positive sentiments are related to
religion like "Ramadan", and support like "donation", "citizens’ support", "thank-you to
health workers", and surprisingly "quarantine". The positive sentiment associated with
the "quarantine" subtopic reflects that the Saudi citizens seem to be willingly accepting
and encouraged to respect the stay-at-home measure in order to prevent the spread of the
corona virus. The sentiment of politics subtopics in Saudi Arabia (Figure 5.13(b)) seems to
be more relaxed than its corresponding in Lebanon (Figure 5.12(b), where positive senti-
ments are barely seen. Sport topic has shown to have negative sentiment in both Lebanon
and Saudi Arabia. The same negative sentiment has been found in sport topic in USA and
Canada during the period of December, 2019 to April, 2020.

(a) (b)

(c) (d)

(e) (f)

Figure 5.13: Subtopics of the topics inferred from Saudi Arabia COVID-19 dataset
for sentiment behavior analysis in Saudi Arabia.

5.4.3.2 Cross-Dialect Performance of NMT-based OSB Models

Table 5.9 lists the performance results of our proposed hate OSB models that are trained
on the translated datasets (i.e. translated from English and Spanish to Arabic Levantine
and Gulf dialects, using our proposed NMT models). The results depicted in the table
present the models’ performances using the validation set split of the same data that the
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Table 5.9: The performance of four hate models on the validation set in terms of
accuracy, precision, and recall. The models represent English to Arabic-Levantine,
English to Arabic-Gulf, Spanish to Arabic-Levantine, and Spanish to Arabic-Gulf.

M
od

el

Validation Precision Validation Recall Validation F-Score Accuracy

En->Ar-
Levantine

0.72 0.72 0.72 72

En->Ar-Gulf 0.73 0.73 0.73 73

Es->Ar-
Levantine

69 0.68 0.68 69

Es->Ar-Gulf 0.69 0.7 0.7 71

models have been trained on. As seen in Table 5.9, all models (i.e. The English-Arabic and
Spanish-Arabic hate OSB models) have yielded solid performances in terms of accuracy
between 69%-73%. The overall precision and recall for both hate and non-hate classes are
quite high (i.e. at least ≈ 0.7 scores), which indicates that the models have efficiently
learnt representative features that are able to detect the hate content correctly from the
data.

Table 5.10: The performance of English to Arabic-Levantine and English to Arabic-
Gulf hate models on an external hate speech dataset in Levantine dialect, in terms
of accuracy, precision, and recall.

M
od

el

En –> Ar-Levantine evaluated on Let-Mi dataset [150]

Hate No-Hate

Precision Recall F-Score Precision Recall F-Score Accuracy

En->Ar-
Levantine

0.76 0.67 0.71 0.71 0.79 0.75 73

En->Ar-
Gulf

0.81 0.38 0.51 0.6 0.91 0.72 65

In Tables 5.10 and 5.11, we take a step further to assess our models on real datasets
that have been constructed and annotated manually in a native language and dialect; the
Levantine L-HSAB dataset, whose content is native Arabic Levant, has been collected from
Levant geo-regions. For English models, it is clearly shown that the English to Arabic-
Gulf model is not able to detect hate (i.e. or toxic) expressions in Arabic-Levantine dialect
(i.e. messages in Let-Mi dataset [150]); While English-Gulf model has been able to recall
only 38% of the hate contents, the English-Levantine model has been able to efficiently
recognize hate contents expressed in its native dialect and recall 67% of the hate messages
at as high precision as 76% while maintaining its ability to separate non-hate contents at
a high performance as well (i.e. 71%, 79% for precision, recall, respectively). Similarly,
the Spanish-Gulf model has shown a lower capability of detecting hate contents (i.e. toxic)
expressed in a different dialect (i.e. Levantine) than its own dialect (i.e. Gulf). The
Spanish-Gulf model has been able to recall only 54% of hate messages compared to the
Spanish-Levantine model that has recalled 67% of hate contents at a precision score of 66%
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Table 5.11: The performance of Spanish to Arabic-Levantine and Spanish to Arabic-
Gulf hate models on an external hate speech dataset in Levantine dialect, in terms
of accuracy, precision, and recall.

M
od

el

Es –> Ar-Levantine evaluated on L-HSAB dataset [151]

Hate No-Hate

Precision Recall F-Score Precision Recall F-Score Accuracy

Es->Ar-
Levantine

0.66 0.68 0.67 0.8 0.79 0.8 75

Es->Ar-
Gulf

0.7 0.54 0.61 0.76 0.86 0.8 74

while simultaneously keeping a high performance in distinguishing non-hate messages with
as high as 80% of f-score of precision and recall.

Below we list example sentences expressed in Arabic-Levantine dialect, which the
English-Gulf and Spanish-Gulf models have classified as non-hate contents, while our
English-Levantine and Spanish-Levantine models have been able to classify as hate (i.e.
toxic) contents.
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As seen in the examples above, the same language has got different localized dialects;
an expression in a certain dialect means something else in another and it is used in a
different context. Ignoring such a feature can negatively impact the learning models so
much that they end up generating misleading outputs. For instance, the Levantine idiom
" A 	KQk. A
K.

�
éK
AÓQå� -which means "shoes in our foot"- is a very local expression that Levan-

tine people use in a negative situation (i.e. usually when in anger and it is used for
swearing); however, the Gulf people do not use this idiom with the same structure; its
equivalence though can be "ú
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"bury you, bury your heart, father of thong-sandal, hold or fold your tongue, troubling
person"- are used exclusively by Levantine people to express anger or dissatisfaction.

This finding highlights the importance of distinguishing dialects of the very same lan-
guage and their localized contextual meanings. Overlooking those differences results in
inaccurate understanding of the target dialect, which in turn leads to misleading and im-
precise analysis of online social behaviors.

5.4.3.2.1 Dialectal-Arabic Case Study: Hate Behavior Analysis during COVID-
19 Pandemic in Lebanon and Saudi Arabia

We have utilized our NMT-based Arabic-Levantine and Arabic-Gulf hate classifiers to an-
alyze the hate speech behavior during COVID-19 pandemic in Lebanon and Saudi Arabia.
Figure 5.14 shows the overall hate behavior detected in Lebanon is > 2x greater than the
hate behavior detected in Saudi Arabia.

Figure 5.14: Overall hate behavior in Lebanon and Saudi Arabia during COVID-19
pandemic.

Figures. 5.15 and 5.16 demonstrate an exploratory analysis of hate behavior in both
Lebanon and Saudi Arabia. We provide a detailed analysis from two views: temporal and
topic-based analytic views. Figure 5.15 illustrates online social hate behavior as a time-
line from Day 14 till Day 21 of March 2020. This period was when the announcements
of restriction measures took place. From the figure, we can see that the hate behavior
has slightly increased over time till it hits two spikes on days 20 and 21. On day 19
of March 2020, Saudi Arabia implemented a number of restriction measures such as in-
mosque praying suspension. On day 20, March 2020, all domestic flights and train trips
were suspended, and all shopping stores and supermarkets were to close from 8:00pm till
6:00am. Those series of measures explain the hate spikes in Saudi Arabia on days 20 and
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21 of March 2020 during the COVID-19 pandemic. Note that the temporal hate analysis
for Lebanon is not provided in this case study due to the reason that the date and time
information is not available in the original Lebanon dataset [235].

Figure 5.15: Overall hate behavior in Saudi Arabia during COVID-19 Pandemic.

As observed earlier, hate behavior in Lebanon is higher than that in Saudi Arabia during
COVID-19 in 2020, especially in topics related to politics and local events, where the hate
behavior scores the highest (Figure 5.16. Saudi Arabia show a slight hate behavior only
in topics related to COVID-19 and politics; however, the detected hate behavior in Saudi
Arabia is still ≈ 2x lower than that in Lebanon. COVID topic in Saudi Arabia (Figure
5.16(b)) is slightly higher in hate score compared to its corresponding in Lebanon (Figure
5.16(a)); this indicates that the people in Saudi Arabia seem to have been more upset
about the virus spread and its consequences. "Sport" topic in both Lebanon and Saudi
Arabia shows an insignificant level of hate behavior, while topics "economy", "quarantine
activities", and "online shopping" score zero hate behavior in both Lebanon and Saudi
Arabia.

(a) (b)

Figure 5.16: Comparisons of hate behavior between Lebanon and Saudi Arabia over
inferred topics from COVID-19 data collected from Lebanon and Saudi Arabia during
the COVID-19 pandemic.

Figure 5.17 shows the hate behavior detected in Lebanon subtopics associated with the
topic categories depicted in Figure 5.16(a). The subtopic "curfew" in COVID topic (Figure
5.17(a) has a high hate behavior compared to the other subtopics; this subtopic is actually
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responsible for making the hate behavior in COVID topic noticeable. Politics topic, which
has the highest hate score during the COVID-19 pandemic in Lebanon, discusses eighteen
subtopics (Figure 5.17(b)), out of which are "Iran", "Egypt", "Uyghur Muslims", and
"Trump peace plan". Those subtopics show the highest hate behavior in the politics topic.
During the COVID-19 pandemic in 2020, hate behavior has been detected in discussed local
topics such as "Hizb which refers to Hizb Allah", "private sector" followed by "marriage
and relationships" in Lebanon as seen in Figure 5.17(c). An insignificant hate behavior has
been detected in "oil" subtopic (Figure 5.17(d)) associated with economy and "Alzamalik
Egypt" subtopic associated with sport (Figure 5.17(f)). Zero hate behavior has been found
in subtopics related to online shopping (Figure 5.17(e)). It is interesting to observe that
Trump related subtopic of politics (Figure 5.17(b)) has zero hate score; this is not the case
with "Trump" topic discussed in USA and Canada, where the hate score is high. The low
hate behavior of "Trump" topic in Lebanon is due to the fact that most of the tweets talk
about Trump report news, unlike the North America’s tweets that seem to be opinionated
against "Trump" by American and Canadian citizens and residents.

(a) (b)

(c) (d)

(e) (f)

Figure 5.17: Subtopics of the topics inferred from Lebanon COVID-19 dataset for
hate behavior analysis in Lebanon.

Generally speaking, online hate behavior is shown to be lower in Saudi Arabia and
that is clear in the subtopics associated with the topic categories depicted in (Figure
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5.18. Half of the topics and their subtopics report insignificant amount of hate presence
and some report zero hate presence (Figures 5.18(d), 5.18(e), and 5.18(f)). The "curfew"
subtopic of COVID topic has shown a spike in Saudi Arabia (Figure 5.18(a), which exhibits
people’s anger after implementing the quarantine restriction. Another COVID related
subtopic "sterilization and masks" shows a hate behavior and this is due to the masks
and sanitizers being insanely expensive or out of stock. Another presence of hate behavior
found in politics subtopics especially in "Iran" and "Erdogan" (Figure 5.18(b)) scores
the highest hate level among the other politics subtopics. Throughout the local topics
discussed in Saudi COVID-19 data, subtopics "private sector", "in-mosque praying hold",
and "internet complaints" show a slight amount of hate behavior (Figure 5.18(c)). The
hate behavior detected in "private sector" reflects peoples’ complaints about private sector
being late in implementing restriction measures during the pandemic in Saudi Arabia.
Religion is an essential part of life in Saudi Arabia; people go to mosques five times a day
to perform five prayers every day. Therefore, implementing the measure of closing down
mosques during the pandemic in Saudi Arabia was a major frustration to many, and that
might explain the slight presence of hate behavior in the associated subtopic. The hate
behavior detected in "internet complaints" subtopic is expected; during the pandemic all
schools, universities, and work shifted to online, and people were instructed to stay home;
however, some suffered from internet connection issues, which is most likely the cause of
hate behavior.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.18: Subtopics of the topics inferred from Saudi Arabia COVID-19 dataset
for hate behavior analysis in Saudi Arabia.

5.4.3.3 COVID-19 insights between North America and Middle East

A large-scale analysis on COVID-19 data in North America and Middle East has been
conducted in this thesis as a proof of concept of our framework. Our exploratory analysis
on COVID-19 data shows that the overall sentiment has been negative in USA, Canada,
Lebanon, and Saudi Arabia. However, hate speech is shown to be the highest in Lebanon
during COVID-19 pandemic; this is not due to the pandemic alone but it is also a protest
against the wretched economic situation over there. Further, People in the Middle East are
shown to be more interested in talking about international politics, with Lebanon showing
a higher interest and more aggressive language usage when discussing politics than the
case in Saudi Arabia. On the other hand, North America (i.e. USA and Canada) seems to
have been concerned over the political issues related to the north continent like elections.
"Trump" related topic seems to have opinionated tweets in North America, while it has
been mostly news reports in the Middle East region. In addition, our analysis reveals a
religious culture in Middle East through communicating prayers like "oh lord protect us
and help us", encouraging worship practices on social media like reading the Quran and
studying the Hadith, and expressing concerns over some restriction measures related to
religion like the closure of mosques during the COVID-19 pandemic. This is barely the
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case in North America where a small portion of messages have included religious content.
NBA, hockey, and wrestling are shown to have been popular sports in North America
while soccer is shown to have been the premium sport in Middle East. Fans of all sports
in both continents have shown negative vibes mostly due to the sudden disturbance and
cancellation of sport games during the pandemic. Public health seems to have been of
concern for American and Canadian citizens, while local political issues have concerned
Lebanese even during the pandemic. Saudis seem to have had local concerns related to
religion (e.g. in-mosque praying hold) and services like internet and hydro during the
pandemic. On the other hands, USA, Canada, Lebanon, and Saudi Arabia have shared
the same concerns over distant learning and working from home as well as masks and
sanitizers. Online shopping, promotions, and services have been shown to be used more in
the Middle East (i.e. especially in Saudi Arabia) than it has in North America during the
pandemic.
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Chapter 6

Visual Online Social Behavior Modeling

6.1 Introduction

In this chapter, we explain our work on modeling the visual sub-component of the "Online
Social Behavior Analysis" main component depicted in Figure 3.1.

People express their feelings, thoughts, and opinions in different visual ways, such as
posting laughing faces, sunny beaches, or memes, on online social networks (OSNs), which
contain diverse types of images. Images and visuals sometimes express feelings more clearly
than words. On Twitter alone, tweets with images receive 89% more likes and 150% more
retweets. In this work, we focus on exploiting different pieces of information within images.
The aim is to analyze online social behavior (i.e., sentiment in this thesis) as a support tool
for textual-based analysis or to understand online social behaviors on online social networks
(OSNs) when textual-based tools are limited or even unavailable. One major challenge of
developing systems for OSNs is their uncontrolled content; users have the freedom to
populate data under open circumstances in an unstructured manner. OSN users have the
control to start a trend or share a thought, which makes social media an open platform
that is not restricted to any particular domain. This has raised a need to build flexible
models and systems that are able to adapt or generalize to different domains -which is the
main objective of this work. This introduces a technical challenge that arises from the lack
of available datasets that can be used to train models that can be adapted or generalized to
different domains. Researchers tend to construct datasets according to their specific domain
of interest. We recognized this issue in our earlier study [19] and attempted to resolve it
by proposing Domain Free-Multimedia-Sentiment Dataset (DFMSD). Our findings in [19]
revealed that specific domain sentiment models do not generalize well on different domain-
specific data. Unlike domain-specific models, general sentiment models have been shown
to adapt well to domain-specific sentiment datasets. Note that our previous models (i.e.
in previous chapters) were designed for textual tweets only. In this chapter, we investigate
domain-independent sentiment extraction from visual content and conduct experimental
evaluations using our image dataset (DFMSD). The images were collected under criteria-
free conditions for use in models that work in the wild. The dataset contains different
types of images that are categorized into three types: images containing faces, images
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containing text, and images containing no faces/text. Our assumption is that each image
type contributes valuable information that is embedded within the images and can be used
to enhance the learning of sentiment behavior on online social media. In this chapter, we
use sentiment as an online social behavior case study since we have constructed our own
visual sentiment dataset. The sentiment includes three classes: positive, negative, and
neutral.

Researchers in previous studies proposed to establish a direct mapping between senti-
ment orientation in images and visual features to solve visual sentiment analysis problem on
social media [125]. However, images are freely shared on social media and their sentiment
semantics are indirectly driven by cognitive semantics. This means that the relationship
between the diverse OSN images and their sentiment orientation is extremely complex.
Therefore, the usage of low-level features on social media images introduces a challenge
of a semantic gap [125]. Researchers have utilized deep learning methods for visual sen-
timent analysis [48, 109, 121, 233] to fill the semantic gap between the low-level features
and sentiment orientation. Deep learning-based methods make the sentiment predictions
more interpretable as it transforms visual low-level features into an abstract feature space
in which they benefit the analysis of emotional semantic for visual content on online social
media. Although deep learning-based approach has achieved some progress in visual senti-
ment analysis on social media, current studies have not sufficiently given enough attention
to the objects in visual content [125]. This means that the process of visual perception is
ignored while establishing the mapping between image pixels and sentiment orientation.
This thesis addresses this gap and proposes to consider two types of objects in images for
visual perception: (1) faces to extract facial emotions and (2) texts to extract sentimental
hints. Further, the unreliability of sentiment annotations in existing datasets affects the
quality of visual sentiment models and hence increases the difficulty of network training.
In this thesis, we propose a domain-free multimedia sentiment dataset (DFMSD) [1] that
follows a high quality and strict protocol for data collection and annotation.

6.2 Datasets

This section presents popular datasets used for textual and visual sentiment analysis and
facial emotion recognition on big data, in addition to our new sentiment multimedia dataset
(DFSMD) [1].

• Twitter for Sentiment Analysis (T4SA) [215]: T4SA is a multimedia (i.e. texts
and images) sentiment dataset that contains 1 million tweets with 1.5 million
images. Texts were noisily annotated with three sentiment classes: positive, negative,
and neutral. The images were annotated based on the sentiment associated with the
texts. Due to the quality of the neutral class annotation observed during initial
experiments, the model introduced confusion between the neutral class and both
positive and negative classes. As a result, we removed the neutral class from TS4
dataset for our training purposes. T4SA dataset is used for the first stage finetuning
of the basic visual sentiment modeling in this work.
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• AffectNet [144]: AffectNet is the current largest facial emotion recognition in the
wild dataset that was manually annotated. It consists of 1M facial imagesthat are
greyscale with 48*48 pixels; 44K of which were manually annotated with eight facial
emotions: neutral, happy, sad, surprise, fear, disgust, anger, and contempt. Since
we study the sentiment in the wild on social media, there exit animated and cartoon
images, especially faces in memes, for example. Therefore, we convert AffectNet
images into animated version and combine those animated images with the original
ones. The modified version of AffectNet dataset is used for the first stage finetuning
of our facial emotion recognition modeling in this work. Note that we convert the
images of AffectNet to greyscale since we use FER-2013 data for building our final
FER model for this work.

• FER-2013 [84]: FER-2013 is a well-known facial emotion recognition dataset that
has been used extensively in modeling FER models and applications. It consists
of 35K images that are greyscale with 48*48 pixels. The facial images were manu-
ally annotated with seven emotions: angry, disgust, fear, happy, sad, surprise, and
neutral. FER-2013 dataset is used for building our FER model used in this work.

• DFMSD [1]: Domain free multimedia sentiment dataset (DFMSD) is our newly
introduced dataset for visual and textual sentiment analysis. It was designed and
constructed to work in the wild and to be able to deal with uncontrolled conditions in
online social media. DFSMD was collected using Twitter Stream API. The protocol
followed to collect and annotate DFSMD makes it distinguished from other datasets
as data collection process was not restricted to any keywords, domains, locations,
or any predefined retrieval criteria. The annotation questions and annotators of the
dataset were selected carefully to minimize any possible biases during the annota-
tion. Moreover, the annotators of the dataset were selected on the basis of providing
sentiment agreement with three expert psychologists. The DFSMD consists of 14,488
tweets which contain 10244 images. 46% (i.e.6683 tweets) of the tweets are positive,
33% (i.e. 4822) are negative, and 21% (i.e. 2983) are neutral. The images distribu-
tion follows 47% belonging to the positive class, 10% belonging to the negative class,
and 43% belonging to the neutral class. Note that texts and images were annotated
separately in a way that the annotation of texts does not affect the annotation of the
images. We decided to extend our sentiment image dataset by following the same
collection and annotation approach used earlier as an attempt to improve the deep
learning performance and to minimize the problem of a sever class imbalance. The
first version was published in an earlier study [1]. Figure 6.1 illustrates a sample of
our images annotated in positive, negative, and neutral sentiment classes.
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(a) Positive images. (b) Positive images. (c) Negative images.

Figure 6.1: A sample images, from our DFSMD dataset, that were manually
annotated into positive, negative, and neutral classes.

6.3 Method

This section presents in detail the method we followed to model our multi-model visual
social behavior analysis; it includes data preprocessing, datasets, and all the approaches
we adapted for our final model.

6.3.1 Preprocessing:

The step of preprocessing is very important for the learning process; we clean, denoise,
prepare the data before we feed to the VIT training. The image preprocessing consists of
the following steps:

• Face detection: we use the face detection algorithm proposed in [46] that uses facial
keypoints to detect faces. The face detector finds four coordinates of region of interest
(ROI) of faces then the detected face(s) is cropped, and all irrelevant background is
discarded. Also faces that are far and not clear are discarded with respect to the
ratio of the face and the image size. If the ratio is less than a predefined threshold we
discard the face. with respect to an image and if their value is less than a predefined
threshold. This step is applied to the facial emotion recognition modeling part.

• Color to greyscale conversion. This step is applied in the facial emotion recognition
modeling part.

• Data augmentation: it increases the size of dataset and deal with imbalance be-
tween classes since deep learning works better with more data. We use 2 types of
augmentation one for training and another for testing:

– Training-time: Images are randomly resized in the range of (224,350), and then
center-cropped by cropping size of (224, 224). Then the images are randomly
flipped.
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– Testing-time: Images are resized to (256,256), then cropped using 10-crop tech-
nique. 10-crop technique resizes an image to (256,256) and apply 5 crops (upper-
left, upper-right, lower-left, lower-right, center) with a cropping size of (224,224)
and then apply L-R flipping which will result in 10 cropped-flipped images. Fi-
nally, we use the average prediction of these 10 images [94]. This step is ap-
plied in basic visual sentiment modeling and facial emotion recognition modeling
parts.

• Text detection and extraction: we use Optical Character Recognition (OCR) to
detect and recognize texts from images. Extracted words are not in sorted order
after OCR extraction, hence, we sort the extracted words in order of their occurrence
using contours detection; to separate the different lines. Then, we simply process the
contours left to right to sort the words within lines. Finally we apply quantization on
heights with a pre-defined threshold to group words in the same line together. This
step is applied in the textual-images part.

6.3.2 Visual Transformers Model

Figure 6.2: The architecture of visual Transformers [62] used in training our
models.

Visual transformers (Vit) [62] – which was introduced recently in 2020- is used as the
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deep learning architecture in our work. ViT has been a competitive alternative to CNNs for
image recognition tasks. It outperforms the current-state-of-the-art CNNs by four times
in terms of computational efficiency and accuracy [62] especially on big date regimes. In
big data regimes, the inductive biases put in CNNs are not needed; instead ViT can learn
those biases by itself. Shallower layers of ViT are able to localize attention (i.e. attend to
local pixels) and globalize attention (i.e. attend to global pixels) compared to CNNs which
only have local small receptive fields in shallower layers. The advantage of shallower layers
being able to attend to local and global pixels in images is that it allows the ViT model to
learn how and when to attend and the bias is not needed anymore. Because of its efficiency
in handling big data regimes [62], it can be widely used in systems and applications related
to online social networks -where data sizes are huge- with remarkable performance.

A high-level overview of the ViT architecture is given in Figure 6.2. An input image
is split into patches and then flip the patches in order and flatten out them. A linear
projection is applied to the flattened patches and then we add a positional encoding before
we feed them to the multi-layer transformer encoder. The structure of a single encoder
consists of a multi-head attention module and multi-layer perceptron module. The output
of the encoder is then fed not a multi-layer perceptron head which is used a classification
module that yields class predications.

6.3.3 Threshold-Moving

Data imbalance is a common phenomenon in sentiment datasets collected through OSNs
[1, 19, 26]. This is also observed in our DFSMD dataset. Although the literature [226]
suggests that a balanced dataset would improve model learning, it is too expensive to
balance the data while simultaneously preserving the natural distribution to avoid biases.
To overcome the class imbalance issue in this work, we propose fusing the threshold-
moving approach with the sentiment learning process as an attempt to enhance the learning
performance of our models. It has also been proven that the transformer architecture [17]
is effective in dealing with class imbalance.

The default decision threshold (i.e. 0.5) for classification problems with class imbalance
might negatively impact the learning performance and hence yield poor results. The default
decision threshold might not represent the optimal interpretation of a model’s predicted
probabilities. As such, a simple approach to improve the classification performance on
an imbalanced data is to tune this hyperparameter (i.e. threshold) that is used to map
the predicted probabilities to class labels. The process of tuning this hyperparameter is
called threshold moving. In this work, we calculate the optimal threshold using grid search
approach. We search threshold values for a model and consider the best value that yields
the best performance in terms of our evaluation metric. We apply threshold moving during
the training process in such a way that in each validation iteration (i.e., epoch) we examine
a range of threshold values on the predicted class probabilities in order to find the best
threshold. The threshold that achieves the best performance (i.e. in terms of evaluation
metric) is then adopted for the model (i.e. at the current iteration or epoch). Upon
the completion of the training, the model with the best performance is chosen to make
predictions on new data.
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6.3.4 Two-Stage Strategy

Transformers have been shown to perform best when trained on large-scale datasets [62,
112]. This means that transformers are able to generalize well on classification tasks when
trained on large-scale datasets compared to when trained on small datasets. With the
limitation of existing datasets, which are small in size, researchers have exploited the
transfer learning approach to benefit from transformer models pretrained on large-scale
datasets. Given that it is expensive to curate large-scale datasets of high quality in terms
of time, cost, and human labor, transfer learning offers a reliable solution for learning
classification tasks using small datasets. To overcome the differences between source and
target tasks, the strategy of two-stage learning (i.e., finetuning) has been recommended in
the literature [140,220] to compensate for the limitation of small datasets.

Transfer learning offers a rich set of benefits including improving the efficiency of model
training and saving of time and resources since building a high-performance model from a
scratch requires a large amount of data, time, resources, and efforts. Therefore, we use a
two-stage learning approach [220] to train ViT models as an attempt to solve the limitation
of small labeled datasets. We implement the first stage fine tuning on huge-size datasets
to maximize the benefits of transfer learning. We use a ViT architecture with pretrained
weights from ImageNet-21K dataset [62]. The whole ViT architecture was retrained for
the first stage fine tuning. For the basic sentiment model, we use TS4 dataset to finetune
the ViT pretrained model. The model learns two sentiment classes: positive and negative.
To overcome the class imbalance between the two classes, we fuse the threshold moving
approach with the sentiment learning process in this part. For the facial emotion expression
model, we finetune the pretrained ViT model using a modified version of AffectNet dataset.
The modified version of the AffectNet dataset includes its original images in addition to
the same images converted into animated version. The model learns eight classes: neutral,
happy, sad, surprise, fear, disgust, anger, and contempt.

For the second stage fine tuning, we initialize the ViT architecture with the weights
obtained from our first stage fine tuning. The last fully connected layer is replaced by a
new MLP head for both models: basic sentiment and facial emotion models. For the basic
sentiment classifier, it outputs two classes: positive and negative. our DFSM dataset is
used for the second stage finetuning with adopting the threshold moving approach during
the process of sentiment learning on the positive and negative classes. The finetuning in
the second stage is done through training the whole ViT architecture. We take the output
of the last layer (i.e. high level representations of the mode) and feed it as features to our
visual multimodal sentiment classifier. The facial emotion classifier outputs seven classes:
angry, disgust, fear, happy, sad, surprise, and neutral. FER-2013 dataset is used to finetune
the AffectNet pretrained model obtained from our first stage finetuning. The finetuning in
the second stage is done through training the whole ViT architecture. We take the output
of the last layer (i.e. high level representations of the mode) and feed it as features to our
visual multimodal sentiment classifier.
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6.3.5 Visual Deep Multi-Modality Fusion

The learning of multimodal sentiment recognition requires two components: a feature ex-
traction method and a fusion strategy. In this work, we adapt the multimodality approach
in [115,169] and propose training three separate transformer-based deep models to extract
features from three types of images (i.e., tasks): images containing faces, images containing
text, images containing no faces/text. We adopt the intermediate fusion approach to fuse
the extracted features and feed them to an MLP architecture to build our final multimodal
online social behavior model (i.e. a sentiment model as a case study in this thesis). To the
best of our knowledge, we are the first to use a transformer-based fusion approach with
pretrained transformer-based models to extract features for multimodal sentiment analy-
sis on OSNs. Additionally, we believe that we are the first to fuse the threshold-moving
approach with the learning process using the transformer architecture.

Figure 6.3: The proposed architecture for ViT-based multi-modality fusion for
visual online social behavior analysis.

We use the architecture of intermediate fusion to fuse our deep learning based models
with a goal of building a multi-modality online social behavior model. Figure 6.3 illustrates
our proposed architecture for developing multi-modality online social behavior classifier
(i.e. a sentiment case study in this work). The intermediate fusion allows for data fusion
at different stages of model deep learning as it offers flexibility to fuse features at different
depths. Deep learning based multi-modal data fusion has shown great improvement in
learning performance [65, 169]. The input for the intermediate fusion is the higher-level
representations (i.e. features) obtained through multiple layers of deep learning. Hence,
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the intermediate fusion in the context of multi-modal deep learning is the simultaneous
fusion of different model representations into a hidden layer so that the model learns a
representation from each of the individual model. This layer where the fusion is done
at is called a fusion layer. This work proposes a ViT-based fusion for a multi-modality
visual online social behavior analysis. Three models -single-modality sentiment, facial
emotion, textual sentiment) are trained using the backbone of Transformers (i.e. ViT for
visual contents and BERT for textual contents). Then those models are used to extract
deep features before all are fused to form one joint feature that will be fed into an MLP
classification head.

6.4 Experimental Results and Analysis

This sections presents the experimental results and analysis for the visual models. The
details of modeling the textual model is covered in Chapter 4.

the first-stage fine-tuning of ViT architecture was implemented with pretrained weights
obtained from ImageNet-21K dataset for both single-modality sentiment and FER models.

6.4.1 Performance of Single-Modality Visual Sentiment Model

6.4.1.1 First Stage Finetuning

We implement the first-stage fine-tuning of ViT architecture using T4S4 dataset. Due to
a poor quality annotation of the neutral class (i.e. after preliminary experimentation),
we decided to train the model on the positive and negative classes. Table 6.1 shows the
performance of our ViT-based single-modality sentiment model in the first-stage finetuning.
Table 6.1 shows the results of the performance when fusing threshold-moving with the
training. The threshold-moving has shown to absolutely enhance the learning performance
by six points in term of accuracy, eight points in term of positive F-Score, and five points
in term of negative class. This model will be used for image generic deep feature extraction
in order to learn our multi-modality visual sentiment classifier.

Note that we present the learning performance (ie. without threshold moving applied)
for three classes as well. The behavior of during the training has shown that the neutral
instances confuses the model between both positive and negative classes.

6.4.1.2 Second Stage Finetuning

In Table 6.2, we demonstrate the performance of our second-stage ViT model using the im-
ages from our DFMSD dataset. Based on the first-stage pretrained model, The performance
accuracy of of learning two classes (i.e. positive and negative) (i.e. with threshold-moving
technique fused during the training) is 81% with F-Score scores of 0.86, 0.7 for positive and
negative classes, respectively. Further, the results of second-stage finetuning has shown the
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Table 6.1: The performance of first-stage single-modality ViT sentiment model
on T4SA dataset.

Precision Recall F-Score Accuracy

Positive Negative Neutral Positive Negative Neutral Positive Negative Neutral

Binary
classes

0.64 0.61 - 0.58 0.67 - 0.61 0.64 - 63

Binary
classes
with
threshold
moving

0.69 0.69 - 0.69 0.69 - 0.69 0.69 - 69

3 classes 0.51 0.48 0.47 0.37 0.54 0.55 0.43 0.51 0.51 49

effectiveness of the two-strategy finetuning approach; the learning performance has greatly
improved by 12 points in term of accuracy, 29 points in term of positive F-Score, 8 scores
for negative F-Score. We observe that the performance for the neutral class has decreased
in term of precision whcih explains an introduced confusion with the other classes. Overall,
the model performs well in distinguishing between positive and negative classes since it has
high F-Score scores > 0.70 and recall scores ≥ ≈ 0.60 for both classes.

Table 6.2: The performance of second-stage single-modality ViT sentiment
model on images from our DFMSD dataset.

Precision Recall F-Score Accuracy

Positive Negative Neutral Positive Negative Neutral Positive Negative Neutral

Binary classes
with threshold
moving

0.88 0.67 - 0.84 0.73 - 0.86 0.7 - 81

3 classes 0.77 0.66 0.36 0.67 0.54 0.55 0.72 0.59 0.44 61

6.4.2 Performance of Facial Emotion Model

To train all FER models, all faces have be to be detected and cropped as explained in the
preprocessing section.

6.4.2.1 First Stage Finetuning

We implement the first-stage fine-tuning of ViT architecture using AffectNet dataset. The
model achieved ana ccuracy of 59% with F-Score of 0.59 for 8 classes.

6.4.2.2 Second Stage Finetuning

Based on the weights obtained from the first-stage ViT finetuning using AffectNet, we
implement the second-stage finetuning with the pretrained weights obtained from the first

121



stage, using FER2013 dataset. Table 6.3 illustrates that effectiveness of the two-stage
strategy in enhancing the learning performance -in term of precision, recall, and accuracy-
between multiple classes. This can be obviously observed in the recall of the model that
has been greatly improved by 7 points when applying two-stage strategy compared to only
using one stage for finetuning. This model will be used for facial emotion deep feature
extraction in order to learn our multi-modality visual sentiment classifier.

Table 6.3: The performance of second-stage ViT FER model on FER-2013
dataset.

Precision Recall F-
Score

Accuracy

FER2013- one-stage 0.68 0.62 0.64 69

Fer2013- two-stage 0.71 0.7 0.7 70

6.4.3 Performance of Multi-Modality Visual Sentiment Model

Table 6.4 shows the effect of using the extra information of facial emotion and texts residing
in images, in addition to the information of images themselves. Fusing ViT features of
our FER and single-modality models has shown a slight improvement in the performance
compared to the performance of the single-modality ViT sentiment model, in term of
accuracy and F-Score for both positive and negative classes. While fusing single-modality
sentiment and FER features noticeably improves the negative precision (i.e. by 6 points),
it drops the recall of the positive class (i.e. by 4 points). However, fusing textual and
facial emotion features along with the single-modality sentiment stabilizes the learning
and further improves the overall performance for all the classes in term of F-Score. In
more details, negative precision improves by 4 points without affecting the positive recall
and similarly positive recall improves by 3 points without affecting the negative recall.

We further examine the effect of fusing facial emotion and text features with the single-
modality sentiment on three classes: positive, negative, and neutral. It can be seen from
Table 6.4 that the overall F-Score of the model improves -especially for the negative and
neutral classes- when fusing the three types of features compared to only two.
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Table 6.4: Performance of fusing three types of ViT-based deep features ex-
tracted from three pretrained models: single-modality sentiment, facial emo-
tion, and textual sentiment. The performance is evaluated in term of accuracy,
precision, recall, and F-Score.

Precision Recall F-Score Accuracy

Positive Negative Neutral Positive Negative Neutral Positive Negative Neutral

Single-modality Sentiment
model (ViT)

0.88 0.67 - 0.84 0.73 - 0.86 0.7 - 81

MLP (Sentiment + FER ViT
deep features ) - 2 classes

0.86 0.73 - 0.88 0.69 - 0.87 0.71 - 82

MLP (Sentiment + FER +
text ViT+BER Tdeep fea-
tures) - 2 classes

0.88 0.71 - 0.87 73 - 0.87 0.72 - 82

MLP (Sentiment + FER ViT
deep features ) - 3 classes

0.73 0.66 0.43 0.77 0.54 0.44 0.75 0.59 0.44 64

MLP (Sentiment + FER +
text ViT+BERT deep fea-
tures) - 3 classes

0.75 0.64 0.42 0.73 0.57 0.5 0.74 0.6 0.46 64
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Chapter 7

Topic Modeling and Dynamic Topic
Interpretation

7.1 Introduction

In this chapter, we present our proposed "Topic modeling and Interpretation" compo-
nent (Figure 3.1) that is responsible for developing real-time topic modeling and dynamic
interpretation models customized for social media contents.

Give the continuous and heavy information flow during on social media, there is an
urgent need to discover global and local trends, concerns, and issues in real time, yet
it is nearly impossible to achieve this manually. The unsupervised learning nature of
topic modeling methods makes it possible to achieve this goal fast and without prior
human knowledge involved. However, these methods are sensitive to data noises, which
is a normal phenomenon in OSNs data. It is well-known that social media data suffers
from noises such as misspellings and the intense use of abbreviations due to the limited
writing-space capacities. This challenge requires a careful handling of the OSNs data in
order for the topic modeling methods to perform well. Given the issues of data noises
and short lengths, proper techniques are needed to extract every informative piece of
information from messages while synchronously removing the unnecessary noises residing
within these messages. Although topic modeling methods are proven effective in capturing
hidden insights from the social data, it is not capable of providing a coherent interpretation
of the inferred insights [138]. However, studies [14, 232] still depend on using the top n
words resulted from these topic models to interpret the topics (i.e. discovered insights
or clusters) on social media. Another cheap alternative that has been considered is to
interpret the topics manually. Manual topic interpretations requires human efforts and
can be easily biased towards subjective opinions [136]. Both approaches are not applicable
for pandemic-friendly systems which require accurate and instant interpretations in order to
make proper decisions. According to the literature, people prefer phrases over single words
to understand topics [138]. They claim that combining single words creates difficulties to
comprehend the main meaning of topics while sentences are too specific and might miss
other aspects of topics. Given the diversity of conversations on OSNs, finding the optimal
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length of phrases that best describe a topic is challenging. Current methods rely on a fixed
sliding window for phrases which might limit the comprehension of topics. Some topics
might use longer or shorter phrase-expressions than the other and this cannot be controlled
on open platforms like OSNs that encourage unstructured data format.

This work exploits the Natural Language Processing (NLP) techniques as pre-requirements
to topic modeling in order to maximize the learning performance of topic models on OSNs.
In addition, unsupervised learning approach is used to find phrases of dynamic sizes that
provide coherent interpretations of the inferred topics automatically. We use the data ex-
plorations and interpretations as complementary tools to facilitate the understanding of
online social behavior. This work is an attempt to assist in catering to public safety and
psycho-social needs towards providing measures for developing healthy coping strategies
to reduce the psycho-social instabilities for events like pandemics. It could also create
opportunities for tracing individuals or groups responsible for violent incitement as it has
been proven that it is possible to infer this type of information through OSNs [22,184].

7.2 Background

This section presents a background overview of the methods used to design the proposed
framework. The background is composed of three parts: topic modeling, phrase extraction,
and deep sequence classification.

7.2.1 Topic Modeling

Topic modeling is an unsupervised learning technique that detects patterns of words and
expressions within datasets, and automatically determines clusters of similar words and
phrases that best characterize a set of texts. Recently, topic models have been increasingly
used to explore and infer insights from social media data [107, 158, 162]. Both traditional
learning and deep learning approaches have been used to learn hidden topics from social
media data [3, 14, 107, 235]. Latent Drichelet Allocation (LDA) [37], Non-negative Matrix
Factorization (NMF) [118], BERTopic [86] are examples of the most prominent algorithms
for topic modeling in social media analysis.

7.2.1.1 Traditional Topic Modeling Approach

In this section, we provide an overview of two traditional topic molding algorithms; Latent
Dirichlet Allocation (LDA) and Non-Negative Matrix Factorization (NMF).

7.2.1.1.1 Latent Dirichlet Allocation (LDA)

LDA [37] is a probabilistic generative algorithm that utilizes Bayesian framework and
Dirichlet distribution. It treats a collection of data as a mixture of latent themes or topics,
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where each topic is considered a multinomial distribution over a fixed vocabulary. LDA
considers two matrices to determine the hidden patterns of topics: document topic density
matrix θ and word topic density matrix ϕ. The word matrix ϕ has two dimensions K and V
where K is the number of topics and V is the vocabulary size. Any value of ϕk,v represents
the likelihood of word v = 1, 2, ..., V belonging to topic k = 1, 2, ..., K. The document
matrix θ has also two dimensions K and D where K is again the number of topics and D
is the number of documents. A value of θd,k signifies the probability with which a topic
k = 1, 2, ..., K is likely to appear in a given document d = 1, 2, ..., D. Since LDA uses
probability distributions from the Dirichlet family, it requires two Dirichlet priors; one for
θ and another for ϕ. Each of the priors is governed by K (i.e. the number of topics)
parameter and a prior parameter. It is referred to the prior parameter (i.e. α for ϕ and
β for θ) as a model hyper-parameter which it affects the specificity of document-topic and
word-topic distributions.

7.2.1.1.2 Non-Negative Matrix Factorization (NMF)

Unlike LDA, NMF is a deterministic algorithm that uses a decomposition technique for
multivariate data where non-negative constraint is necessary for learning topics. It factor-
izes a high-dimensional data matrix X = (Xj,i)) into lower-dimensional matrices A and B
such that X ≈ AB. The aim of the factorization is to find hidden themes (i.e. topics)
within data. The values of X, A, and B and their coefficients are non negative. The
X matrix is a term-document matrix with dimensions D ×W where D is the number of
documents and W is the number of words in the corpus vocabulary. Xj,i represents the
frequency of word jth in document ith. The frequency of words can be replaced by their
corresponding TF-IDF weights. A is a document topic matrix with dimension D×K and
B is a K×W word topic matrix, where K is the number of topics. A and B are computed
by optimizing a loss function that is solved using gradient descent methods. Since we are
dealing with large and unstructured datasets, we use the NMF algorithm developed by
Renbo and Vincent [238]. The algorithm is optimized to handle the issues of processing
large datasets and the existence of outliers.

7.2.1.2 Deep Learning Topic Modeling Approach

LDA and NMF topic modeling algorithms require efforts for hyperparameter tuning in
order to predict meaningful clusters or topics. BERT-based (i.e. Transformer-based) topic
modeling approach [86], on the other hand, alleviates this requirement by leveraging pre-
trained language models (PLMs or LLMs) that learn the contextual representations of
words unlike LDA and NMF that learn on count data and ignore the order and context of
words. There are four main components of BERT-based topic modeling (BERTopic [86]):

• Transformer Embedding: this component is responsible for building dense embedding
vectors by learning the semantic relationship between words using the transformer
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architecture [86]. This step is very important to build a high quality embeddings as
it will affect the learning of topic modeling and hence inferring comprehensive topics.

• Dimensionality Reduction: this component compressed the high dimensionality of the
resulted embeddings into a lower-dimensional space. It is well-known that clustering
algorithms are sensitive to the high dimensionailty of features [86]; hence this step is
crucual for the clustering component to work efficiently. UMAP (Uniform Manifold
Approximation and Production) [86] - a dimensionality reduction technique- is used
to capture and preserve the global and local high-dimensional word representations
(i.e. features) in lower dimensions.

• Clustering: this component is responsible for clustering the low-dimension embedding
vectors into groups of similar embeddings. HDBSCAN [86] -a hierarchical density-
based clustering technique- is used to cluster the resulted low-dimesnion embedding
while handling irregular cluster shapes and identifying outliers at the same time. The
advantage of HDBSCAN technique is that it does not force input data in clusters
but recognizes that some data points could be outliers. This in turn helps to extract
topic representations more accurately.

• Topic Extraction: this component extracts topics for the created clusters resulted
in the clustering step. This step implements a class-based TF-IDF (c-TF-IDF) [86]
-a modeified version of TF-IDF- technique to identify the most relevant key words
given all data points in a cluster, independently of the clustering process.

7.2.2 Phrase Extraction

Phrase extraction is a process concerned with the automatic extraction of a set of repre-
sentative phrases that express the aspects of textual contents [91]. Supervised and unsu-
pervised methods have been widely used for phrase extraction [173]. In this work, we are
interested in studying the unsupervised learning approach as it does not require annotated
data. Manual data annotation for phrase extraction is prone to human subjectivity as
well as it is inefficient; it not only takes a lot of time and requires a lot of effort, but it
is also costly. Statistical and graph-based ranking approaches have been widely adopted
to extract phrases from textual collections. TFIDF at n-gram [199] level is a well-known
method used for statistical-based phrase extractions. However, one of its drawbacks is
that it requires large data to produce good results. In addition, it needs to be combined
with n-gram technique in order to process multi-word phrases, and this is computation-
ally expensive and time consuming especially when using longer n-grams. Furthermore,
n-gram considers n consecutive words but does not take into consideration the occur-
rences of words in a complete phrase or sentence. TextRank [141] and SingleRank [217]
were among the first graph-based algorithms that were developed for phrase extraction.
They use words co-occurrence information in order to find candidate phrases. Later on,
SGRank [55] and PositionRank [75] algorithms proposed to incorporate statistical and po-
sitional information along with the information of words co-occurrences. These algorithms
rely on natural language processing (NLP) techniques like POS and n-grams to form key
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phrases. They utilize POS tagging to use lexical units of specific part of speech limited
only to nouns [55,75,141,217], adjectives [55,75,141,217], or verbs [55]. Given the short ex-
pression and multilingual nature of social media data, this introduces two limitations: (1)
ignoring important information residing in different lexical units other than nouns, verbs,
and adjectives, (2) increasing the resource cost of having different POS tagging system for
different languages. Another limitation of the previously mentioned algorithms is that they
analyze words co-occurrences within a fixed sliding window. This disables the flexibility of
fine-grained measurement for words associations within a collection of data (i.e. individual
data subsets of topics). Rapid Automatic Keyword Extraction (RAKE) [181], a domain-
independent language-independent algorithm for phrase extraction, is able to overcome
the limitations in the previous studies. It undoubtedly fits the scope of this study for four
reasons. First, RAKE overcomes the TFIDF limitation on small datasets inasmuch as it is
designed to perform on dynamic-size individual documents (i.e. topic data subsets) rather
than on the entire corpus. Second, it is not constraint to specific language structure; this
greatly fits the unstructured nature of social media data that does not follow grammar
conventions and is full of misspelled words. Third, it reduces the computational overhead
of NLP tasks such as POS tagging and n-grams. Fourth, its flexibility allows it to extract
phrases of all possible lengths, free of fixed-sliding-window constraint and without the ad-
ditional computations of n-grams. This is beneficial in exploiting every possible piece of
information within short messages which, in turn, will improve the quality of online social
data interpretation.

7.2.2.1 Rapid Automatic Keyword Extraction (RAKE)

RAKE [181], a graph-based algorithm, was designed based on the assumption that a key
word consists of multiple words that are rarely split by punctuation or stop words. Stop
words could be canonical or uninformative words. The remaining words are assumed to be
informative and are referred to as content words. RAKE takes two inputs: stop word list
and punctuation list (i.e. word punctuation and phrase punctuation). The extraction pro-
cess starts with splitting a given text into a set of candidate key words at the occurrence of
pre-defined word delimiters. Next, the set of candidate keywords is split into a sequence of
consecutive words at the occurrence of phrase delimiters and stop words. The consecutive
words within a sequence together form a new candidate keyword (i.e. phrase). A graph of
word-word co-occurrences is created to be used in computing the scores of the candidate
words and phrases. Three scoring metrics were proposed: Word Degree deg(word) calcu-
lates the words that have often occurrences in a document as well as in longer candidate
phrases, Word Frequency freq(word) computes the words that occur frequently without
taking into consideration the word-word co-occurences, and Ratio of Degree to Frequency
deg(word)
freq(word)

. For the purpose of this work, we use the Degree of Words deg(word) as a metric
to compute phrases scores. The score of a candidate phrase is calculated as the sum of its
words scores.

128



7.2.2.2 TextRank

TextRank [141] is a graph-based ranking algorithm used for keyword and phrase extraction.
TextRank uses the word co-occurrence statistics to compute scores of words and extract
phrases from texts. It uses the co-occurrence information to build a word graph. Two
processes are applied before the graph is constructed: (1) words are filtered using POS
mechanism and only nouns, verbs, and adjectives are used, (2) a sliding window value is
defined. Each word in the graph represents a vertex and an edge between any two words
is added if the two words co-occur within the pre-defined sliding window. A weight is
assigned to every edge in the graph and its value represents the number of times a word
co-occur within the sliding window. Each vertex is assigned with a score that reflects
its importance and is computed in an iterative manner using PageRank algorithm. After
convergence, the top n scored words are selected as keywords. Phrases are constructed if
adjacent keywords are found in the resulted keywords.

7.3 Methodology

Figure 7.1: Proposed methodology for data exploration and interpretation.

The main objective of this section is to explore and find patterns in social media data
and then generate explainable interpenetration of these patterns. Topic modeling is one
approach to explore these patterns in large datasets and discover latent patterns (i.e. topic
within data). The general framework used in unsupervised learning for topic modeling is
followed in this thesis. In Figure 7.1 - Topic Modeling, the methodology used to build
our topic model is illustrated. The data preprocessing of topic modeling is designed based
on the criteria to increase the topic relevance and minimize uninformative parts of the
data. According to the literature [67, 68], the data dominated by stopwords and general
uninformative words is semantically uninterpretable as it reduces the reliability and utility
of topic models. Accordingly, we consider removing two types of stopwords: (1) canonical
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words ("the", "or") and dataset-specific words that have a very high and very low usage
frequency. Vocabulary is limited to nouns, verbs, adjectives, and adverbs to increase the
topic semantic coherence and to minimize the shortcomings of topic modeling algorithms
like LDA and NMF, which treat all vocabulary words as having equal importance [137].
We adopt the suggestion made by Lau etal. [117] that lemmatizing data improves the topic
coherence. The pre-processed data is then used to extract influencing features in the feature
engineering component. Different types of features are investigated in the hope of finding
effective ones that fit the short and unstructured nature of OSNs data (more details can
be found in Section. 7.7). The topic model is trained and evaluated using the engineered
features. To explore and learn the topics, unsupervised learning approach is used. During
the model evaluation, a series of sensitivity tests of hyper-parameter tuning are run in
order to find the optimal set of values that produce the highest semantic coherence across
topics. The output of the topic model will be k topics. For each topic, we consider the
top n keywords and the corresponding subset of data. It is important to mention that
the traditional topic modeling approach is adopted for English data since the resources for
preprocessing and feature engineering are quite adequate. This, in turn, allows to reduce
the expensive computation and high-end hardware requirements by deep learning approach
to perform the learning process.

Even though tradition topic learning approach is computationally lighter that deep
learning approach, it requires sufficient hyperparameter tuning, prior topic size selection,
and adequate resources and efforts to reduce data noises through preprocessing data, en-
gineering and selecting high-quality features. Low-resourced languages like multidialectal
Arabic lack such resources (e.g. POS, stemming, lemmatization, stopwrods, etc.) for each
and every dialect. As a result, it is risky to implement traditional topic modeling methods
on such noisy data like the multidialectal Arabic on social media. Contrary to traditional
topic learning, deep learning is able to learn high and low level features directly from data
without the involvement of domain experts [231]. In addition, deep topic learning like
BERTopic [86] is less sensitive to data noises than traditional topic learning is. This is be-
cause BERTopic is able to locally and globally attend to important words and phrases even
with the presence of some noise [86]. In this work, we adopt the deep learning approach
to learn topics from multidialectal Arabic data.

After the themes (i.e. topics) have been inferred, they are fed into the topic interpre-
tation component to facilitate the interpretations of the topics; hence providing us with a
deeper understanding of the topics automatically. Using the top n keywords only is ineffi-
cient in interpreting the coherent meaning of topics [138]. A good interpretation of a topic
should convey two characteristics: capturing the meaning of the topic, and distinguishing
topics from one another. Single words fall short on these characteristics as they lack the
context of phrases and sentences [138]. In more details, single keywords are too general and
might miss the semantic relationship to form the main idea of the topics. Phrases, on the
other hand, add context to single words, hence providing stronger coherence. Moreover,
phrases by nature are broad so they are able to capture the overall meaning of topics [138].
In this thesis, we propose the use of unsupervised phrases extraction approach. Automatic
Rapid Keywords Extraction (RAKE) algorithm is utilized to find topic phrases. Figure
7.1 - Topic Interpretation describes our proposed methodology to extract phrases of topics.

130



First, the data subset for each topic is pre-processed independently. This process is similar
to that of topic modeling; however, in phrases extraction stopwords are not removed and all
the part of speech tags are not pre-processed. Second, RAKE algorithm is used to extract
keywords and phrases from each topic data subset. The weights of the extracted keywords
and phrases are computed using the degree of word metric deg(word) that calculates the
words that have often occurrences in a document as well as in longer candidate phrases.
Third, keywords and phrases based on the top n keywords (i.e. resulting from our topic
model) are selected. Before selecting RAKE keywords and phrases, the keywords (i.e. re-
sulting from our topic model) duplication across topics are removed. The reason to remove
the duplication is to make unique interpretations that distinctively represent each topic.
Finally, the keywords and phrases are ranked according to the weights of the corresponding
keywords and phrase degrees. The output phrases have various lengths with minimum of
two. To choose the optimum length of phrases, the average length of phrases for each
topic is calculated. After calculating the average, phrases with more general dimension
and phrases with more specific dimension than the average are considered. This is done
by selecting shorter phrases and longer phrases than the average length.

7.4 Datasets

7.4.1 Topic Modeling Dataset

• English Datasets:

Two English COVID-19 datasets were collected from Twitter using three filters: (1)
geo-location coordinates for both USA and Canada, (2) English language only, and
(3) Covid-19 related keywords such as "covid19, covid, corona, corona virus, virus,
pandemic). One dataset was collected for USA and the other for Canada. COVID-19
related keywords were used to retrieve the data. The list of the keywords includes
covid-19, covid19, covid, corona virus, corona, and virus. The collection was con-
ducted in three periods over a duration that extends from December 2019 to Novem-
ber 2020: period-1: December 2019 to April 2020, period-2: May 2020 - August 2020,
period-3: September 2020 - November 2020. We used geo-location coordinates to de-
fine the geographical regions to retrieve the tweets from. The two English COVID-19
datasets were used for modeling the unsupervised learning components of DEI and
analyzig the COVID-19 pandemic in over the duration between December 2019 to
November 2020 in both USA and Canada.

• Multidialectal Arabic Datasets:

Two Arabic COVID-19 datasets were collected from Twitter during COVID-19 pan-
demic in 2020. Geo-coordinates for Lebanon and Saudi Arabia were used to collect
COVID-19 data in Arabic language from both countries using Covid-19 related key-
words, according to the owners of both datasets [5,235]. The two Arabic COVID-19
datasets were used for modeling the unsupervised learning components of DEI and
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analyzig the COVID-19 pandemic in two countries and two dialects: Lebanon (i.e.
Levantine dialect) and Saudi Arabia (i.e. Gulf dialect).

7.4.2 Phrase Extraction Evaluation Dataset

Tsix dataset [157] was used to evaluate phrase extraction using RAKE algorithm on social
media data (i.e. tweets). Tsix dataset consists of 32970 tweets that were categorized
into six topics: brexit, election, isis, nobel, note7, and spacex. Each group of tweets (i.e.
belonging to a topic) was assigned into a cluster. Each cluster was assigned a summary
reference which composes of candidate sentences selected by two human annotators.

7.5 Data Preprocessing

preprocessing data is a very essential step in machine learning in general. It prepares
the resource knowledge for the machine models to learn from. High quality preprocessing
ensures the quality of the learning process. The objective of preprocessing data is to remove
excess noise, which could affect the learning performance, and retain useful information.
This work consists of two main components: data exploration and interpretation (DEI)
and online social behavior modeling (OSB). Each component is processed independently as
each requires a different preprocessing mechanism. Following are the preprocessing steps
we propose to use:

1. Removing HTML encoding symbols

2. Removing user mention

3. Removing URLs

4. Removing Retweets

5. Removing extra whitespaces

6. Converting text to lower case

7. Expanding abbreviations: to replace abbreviation words with sequence-of-words
format. This step processes contraction words "e.g. we’re", negation words (e.g.
"don’t"), and slang words "e.g. ppl, bro". This is applied to English data only.

8. Tokenizing text

9. Fixing repetition: to remove character repetition and replace it with a single
character. For example, word ’niiice’ will be replaced by ’nice’. We believe in the
importance of this step as it ensures the generality of learning.

10. Converting iconic emotion into textual format: to convert emojis and emoti-
cons into textual representations [98].
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11. Removing special characters and numbers

12. Removing stop words: We use two types of stop word lists: (1) standard list by
standard libraries like NLTK, (3) customized list that is constructed manually by
empirical experiments. According to the literature, this step has a major impact on
topic predictions.

13. Removing words with high and low frequencies: to remove words of frequencies
greater than 60% and less than 10 occurrences per the dataset.

14. Tagging Part of Speech: labeling words with grammatical description. We do this
step to include only adjectives, adverbs, nouns, proper nouns, and verbs. The aim is
to increase the efficiency of topic modeling performance. This is applied to English
data only.

15. Removing short words: We assume that words with a single character does not
have an independent meaning, hence, they do not contribute to the learning process.
words of length less than 2 are removed.

16. Lemmatization: lemmatization to change each word into its original form. The
objective is to reduce the size of vocabulary by conflating terms with related meaning.
This is applied to English data only.

7.6 Experiment Design & Evaluation Protocol

The objective of topic inference (i.e. exploration) experiments is find comprehensive topics
that represent given data in order to facilitate the analysis of online social behavior. We
divide the experiments into two categories:

• Traditional Topic Modeling: The objective of this experiment category is to find
a topic modeling algorithm and feature type that yield the best performance to find
the optimal number of topics within given OSNs datasets. Two types of experiments
were conducted for this purpose: (1) studying two topic modeling algorithms: LDA
and NMF. (2) studying two types of features: BOW and TFIDF. We investigated
the performance of the LDA and NMF with both features BOW and TFIDF on two
datasets (i.e. COVID-19 collected during the period 1 - December 2019 to April
2020): (1) COVID-19 – Canada, (2) COVID-19 – USA. This yields a total of eight
experiments for the topic modeling. We run a series of sensitivity tests to determine
the best values of model hyper-parameters as summarized in Table 7.1. The tests
were performed in sequential manner; one parameter at a time by keeping the others
constant and then we run them over the datasets. For training, words with ≤ 10
occurrences and > 60% of occurrences in a dataset were filtered out. To assess the
topic model performance in finding the optimal size, coherence score was used as
an evaluation metric. Note than the experiments in this category are conducted on
English data.
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• Deep Learning Topic Modeling: BERTtopic [86] is used on multidialectal Ara-
bic data to learn and infer representative topics from COVID-19 datasets for both
Lebanon and Saudi Arabia. We use pre-trained Arabic language model as embed-
dings. Since we use a deep learning technique in this experiment, feature engineering
and selection are not required. Also, it is not needed to define the number of top-
ics in advance as BERTopic [86] uses HDBSCAN clustering algorithm that does not
allow to specify the number of clusters in advance. We use two COVID-19 Arabic
datasets to evaluate to Arabic dialects; one for Arabic-Levantine dialect [235], and
another for Arabic-Gulf dialect [5]. We used coherence score [207] as a metric for our
performance evaluation. A coherence score for a topic is calculated by measuring the
degree of semantic similarity between high scored words within the topic.

Table 7.1: The selected hyperparameters used for tuning before training LDA
and NFM models.

Model Parameter Value

LDA
Number of topics: K Range from 2 to 14
Dirichlet hyperparameter: alpha α Range between 0.01 to 1.
Dirichlet hyperparameter: beta β Range between 0.01 to 1.

NFM
Gradient Descent step size: kappa Range between 0.1-0.5
Number of topics: K Range from 2 to 14

For topic interpretation (i.e. phrase extraction), we found out that the phrase length of
three has the highest average frequencies in all the topics for Canada, USA, Lebanon, and
Saudi Arabia datasets. We considered the lengths of two and four to add a more general
dimension before and a more specific dimension after, than the phrases of length three. We
evaluated RAKE algorithm on Tsix dataset using ROUGE metric [126]. ROUGE, Recall-
Oriented Understudy for Gisting Evaluation, is a well-known metric used for evaluating
automatic summarization of texts. It works by comparing the automatically generated
summaries to human-generated summaries. ROUGE-N metric computes the overlap of
n-grams between the automatic and human summaries. In this work, we are interested
in evaluating the recall of our phrase extractor by examining the percentage of n-grams,
in our generated phrases, that exist in the reference phrases. In addition, we compare
RAKE algorithm to other two phrase extraction algorithms, TextRank and TFIDF using
the same dataset. In this thesis, we set the n-gram to 4-gram and therefore the evaluation
was performed using ROUGE-1, ROUGE-2, ROUGE-3, and ROUGE-4. In this thesis, we
use keywords (i.e. single words) and phrases of lengths 2-4 and hence the decision to use
4-grams in this experiments. Accordingly, TFIDF and TextRank models were built at the
4-gram level. We were able to fix the sliding window for TextRank to maximum 3 due to
hardware limitation.
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7.7 Results and Analysis

7.7.1 Topic Modeling

We present the results of the methodology we follow for modeling key topics using OSNs
short texts. For this experiment, we use two datasets related to COVID-19; one for Canada
and another for USA. It is worth mentioning that stopword filtering has shown a major
impact on the overall topic modeling learning. The following experiments were conducted
on all the data after removing stopwords.

7.7.1.1 Traditional Topic Modeling Approach

7.7.1.1.1 Learning Features

To find the best representative features, we have considered using three types of textual
features: Bag-of-Words (BOW), Time-Frequency-Inverse-Document-Frequency (TFIDF)
and n-gram. Our empirical experiments have shown an improvement in learning when
uni-gram and bi-gram were combined together. To find the optimal number of topics, two
experiments were conducted by combining uni-bi-gram with BOW and TFIDF. Figure7.2
illustrates the performance results of LDA and NMF models using BOW and TFIDF in
order to find the best topic model for OSNs data. The BOW and TFIDF features were
constructed based on uni-bi-gram features. According to the results, LDA model performed
better with TFIDF features than it did with BOW features in both datasets. Unlike LDA
model, NMF model performed better with BOW than it did with TFIDF.

Overall, LDA model trained using TFIDF features outperformed NMF model trained
using BOW features. For Canada dataset, LDA-TFIDF model maintained the highest
scores for topic sizes of 11 to 14. It also scored the highest for topic size of 7. Similarly,
LDA-TFIDF model maintained the highest scores for topic sizes of 4 to 14 in USA dataset.
This shows that TFIDF method works well with OSNs texts since they are huge in volume
while short in length and hence the content is limited per message post. As a result, the
need to spot influencing words, to learn different topics, arises. TFIDF method, which
plays at word level, measures the relevance of words but not the frequency; it represents
documents about "computers", for example, far from documents about "batteries". This
gives it the advantage of choosing influencing vocabulary and reducing the complexity
of training since using the entire vocabulary in training [36] is expensive. By using the
TFIDF weights, the chance that rare words are sampled would increase (i.e. which is the
goal to improve the topic learning on short texts documents of a large size). This results
in making them have a stronger influence on topic assignment. This is the same reason
why it is recommended to remove stop words before training an LDA model.

7.7.1.1.2 Topics Size

Table 7.3, shows the results of the hyper-parameter tuning for the LDA and NMF models.
The best values of the model hyper-parameters have been chosen based on the top 10
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(a) Canada

(b) USA

Figure 7.2: Performance of four topic models to find the optimal topic size for
Canada and USA, in terms of coherence score.

highest coherence scores. The set of hyper-parameters values that has the majority of the
highest coherence score are selected. The values of LDA alpha α and beta β and NMF
kappa are shown to be fixed for the top 10 highest coherence scores. For the number of
topics parameter K, it ranges between values of 6 and 14. However, no exact value was
given. Therefore, we selected the best hyper-parameters values as suggested in Table 7.3
to determine the exact number of topics for topic modeling training. Note that we select
2 as the minimum number of topics and 14 as maximum. We then run another process of
tuning with respect to the number of topics. Figure7.2 illustrates the performance of LDA
and NMF models over a range between 2 and 14 topics with the hyper parameters alpha α
and beta β fixed at 0.01 and 0.51 for LDA models, and kappa fixed at 0.2 and 0.3 for NMF-
BOW and NMF-TFIDF models, respectively. Twelve topics are shown to score the highest
coherence by LDA-TFIDF model for both datasets before the performance decreases and
flattens out. Similar observation was claimed by Yuxin et al. [51] where LDA showed more
robust performance on full sentences than NMF did. To find the optimal number of topics
for the other two periods (i.e. May 2020 - August 2020, September 2020 - November 2020),
we follow the same steps mentioned previously using LDA-TFIDF. Table 7.2 summarizes
the optimal number of topics resulting from LDA-TFIDF models for Canada and USA
datasets. The results represents three periods during the pandemic: December 2019 -
April 2020, May 2020 - August 2020, September 2020 - November 2020).

Table 7.4 shows the results of our LDA-TFIDF model on Canada and USA datasets.
We select the top 30 keywords in this thesis but due to a limited writing space, we only
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Table 7.2: The optimal number of topics for Canada and USA datasets for three
periods during the pandemic. The optimal topic sizes were determined based
on the highest coherence scores for each dataset.

Canada USA

Topic Size Coher-Score Topic Size Coher-Score

Period-1 12 0.44 12 0.43

Period-2 13 0.4 10 0.4

Period-3 10 0.43 11 0.5

list the top 20 keywords of sample topics inferred by our LDA-TFIDF model during for
three periods during the pandemic. Note that the keywords listed in the table are before
removing the duplications across topics.

Table 7.3: The optimal hyperparameters values for LDA and NFM models,
resulted from hyper-parameter tuning process using two COVID-19 datasets.

Model Parameter Best Value

LDA
Number of topics: K 6-14
Dirichlet hyperparameter: alpha α 0.01 for both BOW and TFIDF
Dirichlet hyperparameter: beta β 0.51 for both BOW and TFIDF

NFM
Gradient Descent step size: kappa 0.2 for BOW,

0.3 for TFIDF
Number of topics: K 7-14
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Table 7.4: Top 20 keywords for sample topics inferred by LDA-TFIDF model,
for Canada and USA datasets, during three periods of the pandemic.

Canada USA

Period 1

Topic 1 love, quarantine, life,
hope, home, stayhome,
pandemic, walk, safe, dog,
work, fun, hair, isolation,
toronto, enjoy, song, kid,
ontario, normal, friend

quarantine, nyc, lock-
down, song, york, stay-
home, pandemic, quar-
antinelife, love, youtube,
stayathome, brooklyn,
movie, home, street,
walk, elon_musk, photo,
fun, staysafe

Topic 2 trump, china, americans,
chinese, president, world,
response, america, blame,
bad, death, die, country,
lie, government, kill, pan-
demic, vaccine, fauci, be-
lieve, white_house

trump, china, americans,
president, obama, lie,
blame, response, death,
chinese, die, election,
country, america, pan-
demic, world, hoax,
government, state, kill

Topic 3 canada, news, cure, world,
petition, big_banks,
canadian_authoritie,
publish, media, expert,
chronic_ink, elon_musk,
poor, investigation_stock,
fight, warrant_senator,
superbug, contact_trace,
conspiracy_theorie,
cargill_close

spread, sick, die, mask,
stop, home, bad, work,
wear_mask, stupid, safe,
kid, open, wear, test,
life, wearing_mask, un-
derstand, risk, crazy

Period 2

Topic 1 case, death, test, mask, re-
port, health, number, die,
spread, vaccine, positive,
ontario, canada, school,
flu, wear, cdc, testing, risk,
news, patient, confirm

pandemic, vaccine, test,
health, death, patient,
work, school, case, risk,
impact, cdc, testing,
learn, die, business, cri-
sis, spread, report, care

Topic 2 hair, beautiful, pretty,
wear, idk, mask, cut, hurt,
eye, face, head, black,
white, love, brain, nose,
ask, point, cough, blue,
lady, cat

nan, love, eat, bad, food,
taste, chicken, thread,
pizza, dinner, karen,
cook, slogan, cake, meat,
ready, boo, lunch, yup,
ugh

Topic 3 trump, die, china, ameri-
cans, death, president, kill,
country, lie, america, dead,
bad, vote, stop, world,
response, state, blame,
pandemic, hoax, election,
biden

trump, death, die,
americans, china, kill,
president, country, dead,
america, lie, biden,
spread, vote, pandemic,
response, state, rnc,
mask, stop

Period 3

Topic 1 trump, biden, election,
vote, president, ameri-
cans, die, stop, joe, lose,
country, america, lie, win,
disappear, believe, plan,
death, rally, task_force,
president_elect, hoax

trump, die, americans,
biden, country, kill, lose,
dead, president, lie, care,
american, china, vote,
economy, life, america,
election, job, death

Topic 2 pandemic, business, im-
pact, work, support,
health, job, community,
learn, pay, challenge,
market, canada, program,
money, plan, care, crisis,
service, recovery, economy,
government

mask, wear, spread,
celebrate, rally, trump,
stop, super_spreader,
event, biden, party,
crowd, celebration, safe,
social_distancing, street,
social_distance, forget,
supporter, sick

Topic 3 vaccine, pfizer, effec-
tive, news, early, trial,
pfizer_biontech, cure,
study, test, mink, den-
mark, science, announce,
infection, mutate, human,
antibody, research, candi-
date, develop, data_signal

vaccine, pfizer, test,
positive, effective,
ben_carson, news,
election, disappear,
pfizer_biontech,
chief_staff,
mark_meadow, trump,
trial, early, result,
white_house, announce,
percent_effective, analy-
sis
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7.7.1.2 Deep Learning Topic Modeling Approach

Table 7.5: The performance of BERTopic models in term of coherence scores
on Lebanon and Saudi Arabia COVID-19 datasets. The number of topics is
determined automatically by BERTopic during training.

Topic Size Coher-Score

Lebanon 100 0.1

Saudi Arabia 100 0.1

Table 7.5 illustrates the performance of two BERTopic-based models that have been trained
on two Arabic datasets; COVID-19 in Lebanon (i.e. Arabic-Levantine dialect) and COVID-
19 in Saudi Arabia (i.e. Arabic-Gulf dialect). Both are shown to perform at 0.1 of coherence
score on topic size of 100 that has been determined by BERTopic during the training
process. It can be observed from Table 7.3 that the inferred topics are meaningful and
that the top terms for each topic provide a general idea about the inferred topics. For
instance, topic 1 in Lebanon talks about Jordan during the COVID-19 pandemic whearas
topic 1 in Saudi Arabia talks about staying home and quarantine within Saudi Arabia.
COVID cases reports and death tolls are seem to be discussed in topic 9 in Lebanon and
topic 2 in Saudi Arabia. Topics 6, 7, and 8 -in Lebanon- discuss political issues that were
ongoing during COVID-19 pandemic in 2020. Topics 8, 9, and 10 - in Saudi Arabia- discuss
local issues that happened during the COVID-19 pandemic back in March 2020. Saudis
are seem to have had positive times during the COVID-19 quarantine and that is shown
in the activities topic inferred from the Saudi dataset. Both Lebanon and Saudi Arabia
have communicated soccer sport during the COVID-19 pandemic in 2020 and that is clear
in topic 18, 17 in Lebanon, Saudi respectively.
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Figure 7.3: Top 5 keywords for sample topics inferred by BERTopic-based mod-
els, for Lebanon and Saudi Arabia COVID-19 datasets.

7.7.2 Topic Interpretation

Table 7.6 shows the performance of phrase extraction models using a tweet dataset (i.e.
TSix). The evaluation was conducted on the top 30 phrases resulted from each model.
At 4-gram level, RAKE model has been shown to outperform TFIDF and TEXTrank
models in terms of execution time and ROUGE-n recall scores. RAKE model was able
to recall 80% of the single keywords existed in reference sentences whereas TextRank and
TFIDF recalled 60% and 50% of the keywords presented in the reference sentences. At
2-gram level, RAKE model was the winner in recalling 60% of phrases with length 2,
followed by TextRank model with 40% of length-2 phrases recall and 25% recall by TFIDF
model. Similarly with phrases of lenth 3 and 4, RAKE model yielded the best performance
followed by TextRank and TFIDF models. Even though TextRank was shown to be the
second best, it required ≈ 12 more times (i.e. 972 seconds) than RAKE (81 seconds) did.
Other limitations of TextRank are fixed sliding window and phrase length boundaries; it is
not able to dynamically extract phrases of varying lengths. This is shown in its ability to
recall single words (60% of recall) while its performance deteriorated for phrase extraction.
Like TextRank, TFIDF model also suffer from the limitation of phrase length boundaries;
n-gram has to be fixed prior phrase extraction. In addition, TFIDF model has shown to
have a weak performance in extracting keywords and phrases from small-sized data. The
average data size per a cluster (i.e. document) in TSix dataset is 36 tweets. This is not
surprising as TFIDF algorithm needs a decent amount of data in order to find influencing
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words with respect to a whole document.

These results show the effectiveness of RAKE model for phrase extraction on OSNs
data. Its advantages lay in its dynamic ability to extract phrases of varying lengths (i.e.
not constrained to fixed sliding window nor fixed phrase length) and it works at a message
level (i.e. it is not constrained to either small nor large datasets).

Table 7.6: A comparison between RAKE, TFIDF and TextRank algorithms for
phrase extraction using Tweet TSix dataset. The performance is evaluated in
terms of execution time and ROUGE-n recall metric; where 4 ≥ n ≥ 1

TFIDF TextRank RAKE

ROUGE-1 0.5 0.6 0.81

ROUGE-2 0.25 0.41 0.6

ROUGE-3 0.14 0.31 0.44

ROUGE-4 0.06 0.21 0.32

Execution Time (seconds) 82 972 81

Table 7.7 and Table 7.8 list the results of our RAKE-based phrases extracted from our
COVID-19 datasets of Canada and USA. The tables show a sample of topics keywords and
phrases for Canada and USA during the three periods defined in this thesis. The keywords
in the Tables are the output of our LDA-TFIDF model after removing the duplicates
across the topics and then ranking them based on their RAKE weights. We can detect an
improvement in the quality of the keywords after removing the duplicates. For example,
in Canada topic 3 - Period-1 (Table 7.4), we see that the top 4 keywords are common in
other topics. This duplication not only degrades the quality of the topic description but
also adds ambiguity. After removing the duplications we notice that the comprehensibility
of the topic has enhanced (Table 7.7). RAKE produces scores based on the frequency
of phrases in each topic. Therefore, the high frequency of phrases of a certain topic (i.e.
after choosing the most influencing words resulted from the LDA-TFIDF model) indicates
that people are indeed talking about this topic. Thus, it has become clear that the topic
3 discusses Elon Musk and Tesla. Additionally, we see that the inferred phrases (Table
7.7) take it further and show that topic 3 is about Elon Musk and Tesla in the Canadian
news (e.g. "social media bbc news", "cure cbs news") and that Elon Musk might reflect
negative vibes (e.g. "elon musk threaten", "fight elon musk tweet") during the pandemic
in Canada.

Looking at the keywords of topic 4 in Canada (Table 7.7), we are unable to understand
what the main idea of the topic is. They only provide names of prominent figures like
British Prime Minister "Boris Johnson", American government official "Stephen Miller",
and public events like "UFC" (Ultimate Fighting Championship). Thanks to the topic
interpreter that has provided details about the keywords by adding contexts, which facil-
itated the understanding of the topic. For instance, phrases of length 3 have added some
information about Boris Johnson; the phrases "boris johnson die" and "save boris john-
son" bring forth the idea that Boris Johnson is undergoing some critical situation. The
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idea of the topic is wrapped up in phrases of length 4; now we know that Boris Johnson
has been tested positive "boris johnson tests positive", and this explain the phrases "boris
johnson die" and "save boris johnson". In the case of Stephen Miller, however, we are
able to conclude that he was tested positive "stephen miller test positive" in a phrase of
length 4 only while no information was mentioned in phrases of lengths two and three (i.e.
top 10 phrases of length 2 and 3). With respect to UFC, phrases of length 2 are about
cancelling ufc: "ufc cancel". Phrases of length 3 add more details to phrases of length
2; we now know that the fight game cancellation is associated with the player Jacare, a
Brazilian mixed martial artist,: "fightcancelled jacare ufc". Also UFC has something to do
with testing positive "ufc card test positive" (i.e. a phrase of length 4). We already have
the knowledge, from phrases of length 3, that UFC game cancellation might be associated
with the player Jacare. Put together we can infer that Jacare might have been tested
positive and that is why the game was cancelled. Another example can be seen in USA
Topic 4 - Period-1 (Table 7.8). Phrases of lengths 2, 3 and 4 add more dimension to the
topic readability and comprehensibility than single keywords do. In phrases of length 2,
we notice that sport season is the topic talked about the most. Phrases of length 3 explain
further and mention spring sport season, high school sport, sports season during pandemic
and NFL/NBA season, for instance. They reveal also that the topic is about travel season
and future travel plans. Phrases of length 4 add up more details to the season, sport and
travel that they were cancelled. Additional information was also revealed, in phrases of
length 4, that baseball was among the sport activities in high schools. It is worth noting
that such details are not highlighted when using LDA’s single keywords exclusively.

Table 7.4 lists the results of our RAKE-based phrases extracted from COVID-19 datasets
of Lebanon and Saudi Arabia. The table shows a sample of topic keywords and phrases
used during COVID-19 pandemic over there. By looking at the keywords of topic 3-Saudi
Arabia (Table 7.4), we can see that these keywords are mainly about the private sector:
"�A

	
mÌ'@ ¨A¢

�
®Ë@" meaning private sector, "ÉÒªË@" work, "¨A¢�

®Ë@" sector, " 	á�

	
ª
	
£ñÖÏ @" employ-

ees, " �
HA¿Qå

�
�Ë @" companies, "ú



×ñºmÌ'@" governmental, and " 	

­
	
£ñÓ" an employee. However,

this set of single keywords is not contextualized, therefore, the message is not conveyed.
Thanks to our topic interpreter that provides details about the keywords by adding con-
texts which has facilitated the understanding of the topic. Phrases of length 3 and 4 have
added some information about the private sector and employees; the phrases of length 3
("Y 	

� �A
	
mÌ'@ ¨A¢

�
®Ë@" meaning private sector is against, "�A

	
mÌ'@ ¨A¢

�
®Ë@

	á�

	
®
	
£ñÓ" private sec-

tor’s male employees, "�A
	
mÌ'@ ¨A¢

�
®Ë@

�
HA

	
®
	
£ñÓ" private sector’s female employees) indicate

that the private sector is against its employees of both genders male and female. The idea
of the topic is wrapped up in phrases of length 4; the phrases
"ÐñÊ 	¢Ó ú



j�Ë@ �A

	
mÌ'@ ¨A¢

�
®Ë@" meaning the private health sector is oppressed,

" �
H@P@Q

�
®Ë @

	
àñÊëAj.

�
JK
 �A

	
mÌ'@ ¨A¢

�
®Ë@" private sector is ignoring the decisions,

"I. Ê¢Ó �A
	
mÌ'@ ¨A¢

�
®Ë@

�
�C

	
«@" shutting down the private sector is a requirement,

"ÉÒªË@ �
�J
Êª

�
JK. �A

	
mÌ'@ _ ¨A¢

�
®Ë@ Ð@ 	QË @



" forcing the private sector to suspend work, have added

more context to complete the idea of the topic; the employees of private sectors seem to have
been complaining about the private sector not abiding by the Corona virus measures im-
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plemented by the authorities during the early stages of the pandemic back in 2020, and de-
manding that the employees go to the work place instead of quarantining at home. Similar
to topic 3-Saudi Arabia, the phrases of length 2, 3 and 4 ("�ºÊ

	
®
�
J
	
K

�
HC�Ê�Ó" meaning Net-

flix series, "YK
Yg. É�Ê�Ó" a new tv series, " �
I�A

	
¯ É�Ê�Ó" the Fast tv series, "ú



»Q

�
K É�Ê�Ó"

a Turkish series, "�ºÊ
	
®
�
J
	
K ÐC

	
¯@ ÕÎ

	
¯" Netflix movies, " 	

àAÓ 	P
�
HC�Ê�Ó ø



	P éJ


	
¯AÓð" nothing like

old tv series, " éÓñÊ 	¢Ó �ºÊ
	
®
�
J
	
JË AK.

�
HC�Ê�Ó

�
IJ.k. " I found Netflix series that are underrated,

"ÐC 	
¯@

�
H@YëA

�
�Ó È l�



'A�

	
�" recommendations of movies to watch, " �

HAJ
ËAª
	
¯ ÉJ
ÒÔ

g
.
éÊJ
ÊË @ ÕÎ

	
¯"

the movie tonight nice activities), have wrapped up the context of topic 8-Saudi Arabia,
whose single keywords set includes " �

HC�Ê�Ó" meaning tv series, "ÕÎ
	
¯" a movie, " �

�A£"

Tash is an 80’s Saudi comedy show, and " �
H@YëA

�
�Ó" views. Unlike the single keywords

that have failed to convey the message, those phrases have manifested that some people
in Saudi have been watching globalized movies and series, giving recommendations, and
voicing out their opinions on movies. Further, we are unable to understand what the main
idea of topic 9 in Saudi Arabia is, by just looking at the keywords. The set of single words
that includes ("© 	

�ð" meaning a situation, " �é 	Jk. " heaven " �
HAêÓB@" mothers, " �éÖÏ 	P" a guy,

" 	á�
g. ð
	Q��ÖÏ @" married couples, " �

HAg. ð
	QË @" the wives ) does not communicate a clear mes-

sage. In contrast, phrases of length 2 bring forth that the topic talks about the back then
situation of mothers and married couples at home during the pandemic. New variables,
children and fathers, have been detected in phrases of length 3 ( " 	

àB@ ZAK.

�
B@ ©

	
�ð" meaning

fathers’s situations now , "ÑêËA 	®£@ �
HAêÓB@ ÈAg" mother’s situation their children ). Those

variables have provided new details that serve the over all message of the topic. The other
longer phrases like " �

HAg. ð
	QË @

�
èA
	
K AªÓ

�
éÖÏ 	P A

	
J
�
Q̄
	
¯ @" meaning get lost man! wives’ sufferings"

and "Õæ


mk
.

�
é
	
Jk.

	
àA¾ÖÏ @ Éªm.

�
�
' �
ék. ð

	QË @ ú
�
æ
	
K


B@" the female spouse makes the place heaven or hell,

conclude that those mothers and fathers have been suffering during the quarantine. The
latter phrase reflects a universal cultural concept that female spouses are responsible for
the happiness or the misery of marriage life, "happy wife happy life".

Phrases of maximum lengths are mostly discarded since long phrases (i.e. sentences)
do not provide the overall meaning of the topics. instead they only show one part of the
whole topic. A case example can be seen in Canada topic 4 - Period-1 (Table 7.7). The
maximum-length phrase says "prime minister british prime minister boris johnson tests
positive". The long phrase only shows one part of the topic and did not show the whole
picture that the topic was talking about famous figures who tested positive. Another
example can be seen in topic 8 of Saudi Arabia (Table 7.4). The long sentence
"Qj��. CÖ

�
ß �
I�
�Ó@

	
àñ�XPA

�
�
�
�K
P

�
HQ�
K. ðP Pñ�ÖÏ @ð ø




	Q�
�Pñº�
	á
�
KPAÓ h. Q

	
jÒÊË ÕÎ

	
¯ ñ

�
JÊË

�
IÊÒ» @

É
	
�
	
¯


B@ AÒîE




@ @YK. @

�
éª
�
¯ñ
�
JÓ

�
éK
Aî

	
DË @

	
�ñÒ

	
ªË@ úæî

�
D
	
JÓ ÕÎ

	
®Ë @"

meaning "I just finished watching a movie directed by Martin Scorsese and filmed by Robert
Richardson. I was enchanted by the thrilling and unpredictable aspect of the movie...",
provides a specific sub-detail about the topic which, again, shows only one part of the whole
topic. This finding is supported by the results obtained by Qiaozhu [138] that sentences
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might not be accurate to capture the general meaning of a topic as they might be too
specific.

Overall, the results show the effectiveness of our topic models and phrase extractors
in automatically identifying and interpreting topics inferred from OSNs data. It has big
benefits in minimizing the human intervention in identifying and interpreting topics which
in turns facilitates the real-time topic modeling and interpretation with minimized need to
human approvals.

The main limitation of this component is the non-dynamic topic modeling that does not
analyze the evolution of topics over time. Despite this limitation, our proposed topic models
have shown good performance results in discovering patterns and inferring topics from
the challenging noisy unstructured-formatted OSNs data. For traditional topic modeling,
combining TFIDF with NLP techniques and carefully preparing our data and crafting our
features have successfully contributed in building topic models that are capable of handling
the OSNs data (i.e. English in this work), as reported in our results and analysis. Deep
learning approach has reliably solved the problem of insufficient NLP preprocessing tools
for Arabic multi dialects; BERTopic model has shown a superior performance in inferring
meaningful topics from OSN dialectal-Arabic data while maintaining robustness against
the noise residing within the data.
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Chapter 8

Conclusion

8.1 Conclusion and Closing Remarks

This thesis proposes a novel multi-lingual-dialectal framework for modeling multimedia
domain-independent online social behavior on social media. We address the limitation of
domain dependency in modeling online social behavior and we propose to build domain-
independent data resources and models to analyze online social behaviors. Our results
confirm the efficacy of the domain-independent approach when our domain-free sentiment
model has been able to adapt to different domains (i.e. sports and movie reviews) while
domain-dependent models have failed to generalize to general domain. Similar observa-
tion has been detected when modeling hate behavior on social media. Without doubt,
the informal and slang nature of conversations has become the dominant mode for com-
munication on social media. Not only this, but variety of foreign languages -other than
English- have been increasingly used in social talks and conversations. Accordingly, mon-
itoring systems for online social behavior have to extend their ability to understand and
analyze interactions expressed in different languages and even dialects. Current resources
(i.e. data and models) are not efficiently exploited as researchers tend to provide solutions
to a specific problem in a specific language and dialect instead of utilizing the already
existing resources especially those in high-resourced languages. Building a new resource
itself is challenging and costly in terms of time, efforts, cost, and human labor. It is diffi-
cult to have domain experts or workers to commit to properly annotate a large volume of
data. The data construction step is very crucial since the learning performance is directly
affected if it is done improperly, and this is an ongoing issue that still puzzles researchers
up to this moment. As researchers, we are obligated to address the limitations of this cur-
rent practice and provide reliable and inexpensive solutions to minimize the dependency of
languages and/or dialects in modeling online social behaviors on social media. In response,
we propose a framework that targets a low-resource language (i.e. Arabic in this thesis)
and exploits visual contents as a universal language that could provide insights about on-
line social behaviors. We propose a multi-lingual translation dataset (MLMD) to/from
multi-dialectal Arabic in an attempt to contribute in the enrichment of the low-resource
status of multi-dialectal Arabic resources. This dataset is then utilized for building neural
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machine translation (NMT) models from/to multi languages to/from Arabic multi dialects
(Levantine, Gulf, Iraqi, and Yemeni). Note that the proposed NMT models are optimized
for OSN data. Our experimental results have illustrated a superior performance of our
proposed multi-lingual-dialectal NMT models when compared against Google Translate
and two LLM models: GPT3.5 and GPT4. Further, our NMT models have been proven
effective as a tool to build OSB models for low-resource languages/dialects as evidenced by
our proof-of-concept COVID-19 case study on two low-resourced Arabic dialects (Arabic-
Levantine and Arabic-Gulf) where we exploited existing resources in English, French, and
Spanish (i.e. high resourced languages). The results have shown that NMT-based OSB
models (sentiment and hate in this thesis) yield superior performance in learning all classes
for both classification tasks (i.e. sentiment and hate analysis tasks) in both Arabic dialects
(Arabic-Levantine and Arabic-Gulf). Not only this, but our OSB models have proven their
capability in recognizing local contexts across different dialects of the same language (Ara-
bic in this thesis). This has been shown in Arabic-Levantine hate classifier being able to
detect hate contents in data from Lebanon whereas the Arabic-Gulf hate classifier failed
to recognize the presence of hate speech from the very same set of data. This finding con-
cludes that OSB models trained for a specific dialect of a language does not perform well
on another dialect of the very same language. This actually highlights the importance of
the contextualization of communication content for a specific language and its dialect(s).
Ignoring this aspect leads to misleading analysis on the underlying online social behavior
of OSN communications.

Inspired by emojis that speak a universal language through iconic expressions, we adopt
a supplementary language-independent approach where a universal language of visual im-
ages and emotions are used to model online social behavior. However, images on social
media are uncontrolled, noisy, and freely shared; they are not defined by structured char-
acteristics which, in turn, brings serious challenges in finding a relationship between such
images and their emotional/sentimental semantics that are indirectly driven by cognitive
semantics. Accordingly, we propose a visual multi-modality classifier that leverages ob-
jects in images. Three types of images are considered in this thesis: image with text,
image with face, and image with neither face nor text. The corresponding experiments
show that exploiting facial emotion (i.e. face object) and textual information (i.e. text
object) extracted from images contributes in enhancing the learning of visual online social
behavior. Note that sentiment behavior has been considered as a case study to examine
our proposed approach.

In order to facilitate the understanding of predicted online social behaviors, we propose
using topic modeling and phrase extraction methods for discovering hidden patterns and
inferring topics, trends, and concerns as well as automatically providing coherent inter-
pretation of the inferred topics without human effort involved. It is known that unsuper-
vised traditional topic models are sensitive to noise, a natural phenomenon in OSNs data.
Accordingly, Natural Language Processing (NLP) techniques have been exploited as pre-
requirements to topic modeling in order to maximize their learning performance on OSNs
data (i.e. English data in this case). Traditional topic models, like LDA and NMF, work
well under the condition that data contains the minimum amount of noises. Minimizing
or removing noise from data is possible with the availability of reliable preprocessing tools
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(e.g. POS, lemmatization, stemming, etc.) that are adequately found in high-resourced
languages like English. Such resources are insufficient or even missing in low-resourced lan-
guages like Arabic and its dialects, hence, traditional topic models would fail to converge
and provide meaningful topics from a given OSN data. While traditional topic learning
comes with the advantage that it requires a cheaper hardware resource and performs at
a lower computational complexity than deep learning does, deep learning, especially the
transformers architecture, omits the pre-requirement of data cleaning/preparation and fea-
ture engineering; instead, transformer models learn contextualized features directly from
the data while being robust against the noise presence. Since language preprocessing tools
to clean data noises are not available for Arabic dialects, deep learning approach has proven
to be extremely helpful in exploring multi-dialectal Arabic data even though it requires
advanced and expensive hardware resources and performs at a high computational com-
plexity. The results show that both traditional and deep learning topic models produce
coherent topics on real data collected in real-time from Twitter. Topic models describe
inferred topics through a set of keywords; however, single keywords alone are not enough
to help comprehend the main meaning of topics. Sentences also are too specific and might
miss other aspects of topics. Conversely, short meaningful phrases provide a clearer inter-
pretation of the topics. Given the diversity of conversations on OSNs, finding the optimal
length of phrases that best describe a topic is challenging. Some topics might use longer
or shorter phrasal expressions than the others, and this cannot be controlled on open plat-
forms like OSNs, which encourage unstructured data format. This thesis addresses this
issue and utilizes the language-independent RAKE algorithm that handles the dynamic-
length generation of comprehensible phrases that best describe the inferred topics from
OSNs data in different languages and dialects.

A large-scale analysis on COVID-19 data in North America and Middle East has been
conducted in this thesis as a proof of concept for our framework. Our exploratory analysis
for two far-apart continents confirms the influence of geo-region, culture, and religion on
the social behavior of users on the virtual world of social media. It has been observed that
religion has a significant impact on culture in the Middle East region. Religion teaches
coping mechanisms; this seems to have relaxed the Middle Eastern region during COVID-
19 pandemic as the lowest percentage of toxic speech has been found in Saudi Arabia
where prayers to Allah has taken a large part of OSN communications. Not only this, but
also the sense of community and belonging has been very noticeable through the various
campaign initiatives for donation and community support like "Forijat", which is a Saudi
service that allows the public to donate funds to help people who have been imprisoned
because of their inability to clear debts. On the other hands, political instability seems
to have a negative effect on people who inhabit a region. Lebanon has been found to not
only have a high amount of sad vibes but also to score the highest percentage of toxic
behavior during COVID-19 pandemic. This is possibly not due to the pandemic alone but
it is also a protest against the wretched economic situation over there. Further, North
America seems to have been conservative and concerned over the local issues related to
the north continent like elections and public health. "Trump" related talks, for instance,
seems to have been opinionated in North America, while it has been mostly news reports
in the Middle East region.
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8.2 Future Directions

While this thesis demonstrates the feasibility of multi-lingual-dialectal online social behav-
ior modeling, it can be extended and improved in several ways:

• Targeting dialects of other languages: As discussed in Chapter 5, dialects within the
same language are different; adopting a dialectal model on another different dialect
leads to false OSB detection. Languages like Spanish has many dialects including
Argentinian, Spain-Spanish, Ecuadorian, and Mexican. Therefore, an immediate
extension to this thesis would be to develop OSB models that capture the local sense
of these dialects in OSN communications. Unfortunately, dialectal resources for many
languages are insufficient or almost none-existent.

• Consideration of videos and speech for multi-lingual-dialectal OSB modeling: Video
and voice OSN communications contain an immense amount of dialectal contents
that have not been well exploited for OSB analysis on social media. Integrating
visual, speech, and textual information to model multi-lingual-dialectal OSB would
lead to enriched analysis of social behaviors that are being increasingly generated
over social media.

• Consideration of ontology approach for OSB modeling: OSN data is different from
any other types of data; it does not follow a unified structure as OSN platforms
encourage free sharing of contents. It is challenging to find a relationship between
such data and emotional/sentimental semantics (i.e. especially in visual content) as
they are driven indirectly by cognitive semantics. It is near to impossible to control
the content generated on social media; however, it is possible to control the structure
of the cognitive component and customize it to OSB modeling. This would alleviate
the computational complexity of deep learning methods and the main dependency
of feature engineering, and hence domain experts in traditional machine learning
approach.

• Modeling and assessment of other online social behaviors: This thesis studies senti-
ment and toxic speech behaviors. We believe that expanding the set of online social
behaviors to include emotion, sarcasm, and optimism (to name a few) would provide
access to multiple views and perspectives of citizens’ behaviors within and across
smart cities.

• Construction of larger data resources: collecting and expanding our existing data
resources are necessary to advance this work and expand its applications. We plan
to enrich the under-resource status of Arabic dialects by expanding our MT dataset
to include the rest of the dialects that we have not targeted in this thesis. We also
plan to expand our Spanish and French MT datasets to include the different dialects
of Spanish and French.

• Generation of automatic multimedia stories: This thesis provides temporal, spatial,
cultural, and topic-based views of OSB analysis on social media. However, creating

151



multimedia stories at the current stage of this work requires handling the information
overload of textual and visual content [16] in order to choose a set of the most
representative messages, images, topics that best describe each view. In the future,
we plan to use certain techniques to estimate how many messages and images per
view will be used and which messages and images will represent each view in order
to automatically generate enriched multimedia stories that reflect the sense of smart
cities from different angles.
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