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Abstract

Communication using modern Internet technologies has revolutionized the ways that

humans talk, write, and other types of exchange information. Despite all the advan-

tages made available by information and communication technology, its applicability

is still limited due to problems caused by personal attacks or pseudo-attacks, which

are called toxic contents. These toxic contents may be in the form of texts including

online chats, emails, speeches, or even images or clips on social media platforms.

Since cyberbullying via the usage of toxic digital content on an individual may have

severe consequences, it is important to design and implement various techniques to

automatically detect cyberbullying from social media content using machine learn-

ing and deep learning approaches. During a cyberbullying detection process, word

embedding techniques are used to represent the words for text analysis, typically in

the form of a real-valued vector. These vectors encode the meaning of the word such

that the words that are closer in the vector space are expected to be similar in mean-

ing. The extracted embeddings are then used to identify if a digital input contains

cyberbullying content. Feeding strong word representations to classification methods

is an important issue. In this thesis, the effect of ELMo is evaluated against three

other word embeddings namely, TF-IDF, Word2Vec, and BERT using various deep
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learning and machine learning algorithms. In addition, an ensemble technique based

on machine learning models using Elmo word embeddings is proposed to evaluate

the effect of ELMo word embedding on the proposed model and compare the results

with other base deep learning and machine learning algorithms. The results showed

that the ELMo word embeddings have the best results when combined with neural

network-based machine learning models.
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Chapter 1

Introduction

In today’s life, different types of data, including texts, speeches, and images, are

being generated everywhere all over the world. This is due to the advancement of

Information and Communication Technology (ICT) that has led to the explosion of

online communication, social networking, and other related applications. Commu-

nication by using the opportunities of the modern internet has revolutionized how

people talk, write, send images, and different types of human interaction.

1.1 Cyberbullying Concept

People would like to be in contact with each other over social media for many reasons,

including expressing their ideas and opinions, engaging in forums and discussions,

and receiving feedback about their views via interactive media. Despite all the advan-

tages made available by ICT, its applicability is limited due to the problems caused

by personal attacks or pseudo-attacks via toxic contents. These hazards include fake

news, insults, harassment, and, more generally, comments that may hurt someone’s
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feelings. The poisonous content may be in the form of texts, including online chats

and emails, speeches, or even images or clips on all social media platforms. Since

a cyberbullying incident on a person can have a long-lasting negative impact that

might even lead to suicide, it is essential to design, implement and evaluate vari-

ous techniques to detect cyberbullying from social media content automatically. It

is even more crucial when it comes to cyberbullying in school-age children. Such

cyberbullying may include uploading pictures of an individual without their per-

mission and spreading rumors about other children at school using email or social

media. The abusers use different technologies such as texting and social networking

to bully, harass, stalk or intimidate a peer. The United Nations sexual and repro-

ductive health agency [1] defines digital bullying as “the act of violence perpetrated

by one or more individuals that are rooted in gender inequality, and it is committed,

assisted, aggravated, and amplified in part or entirely by the use of information and

communication technologies against a person based on their gender”. It is beyond

the scope of this thesis to write about the definition, boundaries, rules, and regula-

tions related to cyberbullying. Instead, in this thesis, the way that computer helps

to overcome this problem is investigated.

1.2 Preprocessing

The process of cyberbullying detection includes preprocessing of the inputs at the

first stage. In the case of cyberbullying detection for text contents, many actions are

required to perform the preprocessing. Based on Asudani et al. [2] data cleansing

is an essential preprocessing step that includes removing text with empty content,
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converting the character to lowercase, and removing hyperlinks as basic actions. It

is also usual to eliminate punctuations, blank spaces, newline characters, and digits.

After that, the tokenization process is performed. In general, tokenization means

substituting a sensitive data element with a non-sensitive equivalent, referred to as

a token with no extrinsic or exploitable meaning or value. However, based on what

Van Hee et al. mentioned [3] as part of preprocessing in cyberbullying detection,

tokenization is defined as the act of breaking up a sequence of strings into pieces such

as words, keywords, phrases, symbols, and other elements called tokens. Tokens are

usually single words, phrases, or sometimes whole sentences sentences. The next step

of preprocessing is stemming and lemmatization in order to transform the words in

the text to a standard base form, and to normalize the text for smoother processing.

Stemming refers to techniques that extract words’ basic form, usually by removing

affixes. As an example, the process of extracting “do” from different words like

“doing, does, done” is performing by cutting the branches of the root of “do”. The

word “do” is used intentionally to show that cutting affixes is not always an easy

task, like cutting the words “worker, working, worked” to the word “work.” On the

other hand, lemmatization is the phenomenon of grouping different inflected forms

of a word into a single item. It usually uses a vocabulary and morphological analysis

of words to remove inflectional endings toward returning to a basic structure for a

word. Stemming uses the stem of the word leading to the pure meaning of a word,

whereas lemmatization brings up the contextual meaning of the words where it is

being used. It provides a channel toward what is behind the words in terms of the

purpose and intention of the writer. The preprocessing phase is more elaborated

on in the literature review section. More explanations about different steps in data
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preprocessing, including removing URLs, hashtags, and usernames, detecting and

replacing slang and abbreviations by expansions, removing repeating characters, spell

checking and correction, replacing a word with contractions, and replacing negations,

are discussed by Tolba et al. [4].

1.3 Word Embedding

As the second step after preprocessing the data, the word embedding techniques

are used to represent the words for text analysis. The word representations are

typically in the form of a real-valued vector that encodes the meaning of the word so

that they are closer in the vector space and are expected to be similar in meaning.

Word embedding paves the way for representing textual data ready to be fed to the

ML tools for further analysis toward cyberbullying detection. Word embedding is

a mapping from the words space with different dimensions to real numbers space

with much lower dimensions. This brings simplicity and reduces the computational

burden while processing the texts. As usual in mapping problems, neural networks

support word embedding techniques in many ways.

Word to Vector (Word2Vec) word embedding model was designed and presented

in a paper by a Mikolov et al. [5] in 2013. As expected by a teamwork group from

Google, the paper includes a theoretical basis for what has been proposed and con-

siders all the practical advantages of research work. Word2Vec is not the only word

embedding technique proposed by the Google team. Bidirectional Encoder Repre-

sentations from Transformers (BERT) which introduced by Delvin et al. [6] has also
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been offered by the Google team in 2018. It is an unsupervised language represen-

tation capable of creating word embedding that represents the semantics of words

in the context they are used by employing deep learning advantages. Nonetheless,

many word embedding techniques have been reported in the literature to solve real-

life issues in the context of NLP and cyberbullying detection applications. A review

of different word embedding techniques, including Bag of words, TF-IDF, Word2Vec,

Glove embedding, Fastext, and ELMo (Embeddings for Language models) is given in

Polamuri et al. paper [7]. A complete description of word embedding along with the

examples is also provided Dharma et al [8]. Since ELMo is more under this thesis’s

focus, it is introduced more in detail in Chapter 2.

1.4 Classification

As the third stage in the cyberbullying process, it is necessary to classify the extracted

embeddings to identify if digital input content is cyberbullying and should be filtered

or is okay to be transmitted and distributed in the network. Since classification in

broad terms is used in many applications, many classification methods have been

proposed for embedding classification toward cyberbullying detection. Only survey

papers in which many methods have been explained and compared are referred to

prevent a lengthy section.

Classification techniques for cyberbullying detection and filtering may be di-

vided into two main categories: ML-based and neural network-based methods. A

list of both methods has been comprehensively discussed by Asudani et al [2]. As
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the ML-based methods, one may refer to traditional ones like Support Vector Ma-

chine (SVM), Random Forest (RF), Logistic Regression (LR), Gaussian Naive Bayes

(GNB), Multinomial Naive Bayes (MNB), and AdaBoost. Each of the methods has

its advantage, disadvantages, and limitations. For example, SVM maps the input

to a high-dimensional feature space. It assumes the input data is linearly separable

in geometric areas, which is not the case in many datasets and applications. RF

employs a tree-based classifier with a voting mechanism and randomly distributed

vectors. LR analyzes the relationships between the existing independent variables

to predict a dependent data variable. In GNB, it is assumed that each feature is

usually distributed. In MNB, the performance is somehow related to the number of

times a relevant phrase may appear in an email. AdaBoost is an improving method

that uses several poor learners who perform relatively well.

The other category also involves many well-known promising methods like deep

learning schemes, including LSTM, a Recurrent Neural Network (RNN) variant.

To avoid overfitting, which is an annoying phenomenon while working with neural

networks, GlobalMaxPool1Dlayer has shown promising results. The method extracts

higher-level features and reduces the spatial dimension of the activation maps without

sacrificing information. Two characteristics of the neural networks usually play a

role in the performance of a neural network-based method. They are structure and

learning rule which is used to train the neuro-structure.

A similar explanation may be found by Parvin et al. [9] where CNN is widely used

in many text classifications. They can deal with syntactic and semantic features of

the contents to be analyzed. BiLSTM, another popular method, extracts contextual

information from all the past and future available features. Gated Recurrent Unit
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(GRU) captures the sequence information of various time scales capable of working

with large data sequences. In order to prevent a lengthy introduction, different refer-

ences are referred in following for more in detail explanation about the classification

methods which provided by Nandhini et al. [10], Jagannath et al. [11], Cuzcano et

al. [12], and Talpur et al [13].

Although the so-called ensemble method is among the classification methods, it

is explained separately and more in detail because it is used in this thesis. Each

proposed classification method has advantages, disadvantages, and limitations. To

benefit and examine the performance of all of the methods, a combination of different

classifiers is used to develop a specific predictive model while exploiting the individual

classifier’s strength by Parvin et al [9]. It is essential to come up with a formalism

to weight each method and its affecting parameter based on its level of efficiency

and effectiveness. As of today, two techniques have been proposed for selecting the

weights, which are the Average Ensemble (AE) method (taking the same weights for

all involving techniques) and Weighted Ensemble (WE) method, where the weights

are defined based on criteria. In AE, softmax probabilities of the participating models

are limited, and then the class with the highest chance is considered the output. In

a sense, it works like the winner takes all learning methods.

On the other hand, the WE offers specific weights to the base classifiers softmax

outcome based on heuristics and prior results based on Das et al. research work [14].

In other words, ensemble learning is an approach to raise the overall accuracy of a

classification system by utilizing multiple classifiers like traditional machine learning

algorithms such as Näıve Bayes, support vector machine, random forest, and a deep

learning-based conventional network classifier as Kilimci et al. discussed [15].
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1.5 Datasets, Practical Results, and Evaluation

Methods

It is a usual practice to investigate the performance of the proposed techniques in an

environment. A dataset is a collection of data from different sources related to the

research topic, in this thesis, automatic detection of cyberbullying. In cyberbully-

ing detection, the data is from various social media platforms like Kaggle, Twitter,

Wikipedia Talk pages, etc. The data in a dataset is labeled if the content is bully-

ing or not from different points of view, including but not limited to hate speech,

aggression, insults, and toxicity. It is important to ensure the dataset is balanced

because ML-based classifiers usually fail to cope with imbalanced training datasets,

as they are sensitive to the proportions of the different classes based what Brownlee

et al. [16] and Tolba et al. [4] are mentioned in their research work. This is not the

only criterion for choosing a proper dataset for training the cyberbullying detection

system. In the upcoming literature review section, more datasets are introduced,

which have been used in different research works. As shown in this thesis, many re-

searchers from academia and large corporates are working on cyberbullying detection

in many ways. Text is one of the data formats where cyberbullying may happen,

and as a subclass, email cyberbullying detection is under intensive investigation.

The achieved practical results show the increasing performance of these detection

systems and algorithms, which is discussed more in detail in the literature review

section. These methods are supposed to be compared based on specific effective

evaluation techniques. Evaluation of an automatic cyberbullying detection system is

related to assessing different parts of such a system, primarily word embedding and
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classification. The ultimate goal of the assessment is to compare the characteristics

and accuracy of varying word embedding models and classification techniques of a

detection system with a quantitative and representative metric. There is a large vari-

ety of metrics, which are discussed in the next section. Some well-known techniques

are well addressed by Wang et al. [17]including Good testing data, Comprehension,

High correlation, Efficiency, and Statistical significance.

1.6 Motivation

Cyberbullying is a real-life issue that comes from the development and global use of

ICT solutions in today’s life. It endangers everyone’s life especially children, mean-

ing the future psychological health of societies is at real risk. The most effective

way of this risk analysis and management may be found in the world of AI and data

analytics. Cyberbullying detection owes its development to many AI-based methods.

This means a set of semantic and sentiment analysis through data pre-processing,

word embeddings, classification and dataset handling and finally, evaluation is per-

formed to make sure that the toxic concepts are well detected in a text in an enough

and accurate manner. The problems to be studied in this thesis are related to the

above-mentioned issues. The encountered questions will be answered in this thesis

are:

• How is the effect of different word embedding techniques in the results of cy-

berbullying detection system?

• How is the effect of different categories of learning models such as neural-based

models, tree-based models, and ensemble base models?
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• Between precision and recall which evaluation metric in cybebullying detection

task is more important?

1.7 Contributions

Many researchers have investigated each one of the above-mentioned research top-

ics and questions. There are advantages and disadvantages associated with each

one. After all, developing more accurate solutions that take the advantage of other

reported research works and avoiding their drawbacks and weaknesses is essential.

Methods like Word2Vec and Bert have been used in conjunction with different deep

learning models for cyberbullying detection. ELMo has been known as a very effec-

tive method for word embedding in many applications. In this thesis, the ELMo is

employed as a word embedding technique, which in conjunction with deep learning

models and Multi-Layer Perceptron (MLP) classifier, has provided us with a novel

structure to perform cyberbullying detection on well-known datasets. The proposed

system benefits from the most critical and influential tools for word embedding and

classification that paves the way for more accurate results. In addition, the effect

of ELMo word embedding on the two tree-based machine learning models, namely,

Decision Tree and Random Forest, are considered. An ensemble model is also used

to minimize the output error by using a weighted scheme that benefits from all the

machine learning models. Therefore, the contribution of this thesis may be briefly

stated as follows:

• The ELMo model is implemented as a top layer of two tree-based learning

algorithms Decision Tree and Random Forest and a neural-based model which is
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Multi-Layer Perceptron(MLP). The impact of ELMo word embeddings on these

three models is evaluated and compared. To the best of our knowledge, the

combination of ELMo with the Decision Tree has not been used previously. The

results showed that ELMo word embeddings on MLP provided better results

than the previous research works using MLP with TF-IDF word embedding.

• An ensemble stacking model using the ELMo word embeddings that combines

the most effective available methods, including Random Forest, Decision Tree,

and MLP as the base learners, is proposed and evaluated against the base

learners and the deep neural-based models.

• An extensive comparative evaluation is conducted on the impact of ELMo

word embedding on the four deep neural-based learning models: Dense, Con-

volutional Neural Network, Long Short-Term Memory model, and Bidirectional

Logn Short-Term Memory model. Six different datasets were used to evaluate

the performance of the models using three metrics. Results demonstrate the

advantage of ELMo on cyberbullying detection when combined with neural

network-based machine learning models.

• The results of this thesis are published in Proceedings of the 3rd International

Conference on Data Science and Machine Learning (DSML 2022) with the

title of “Performance Evaluation for the use of ELMo Word Embedding in

Cyberbullying Detection”
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1.8 Thesis Organization

The rest of this thesis is organized as follows. In Chapter 2, a comprehensive litera-

ture review and related research works are discussed. Chapter 3 introduces the em-

ployed methods where the ensemble model and ELMo play the main rule. In Chapter

4, the achieved practical results are presented by introducing proper datasets, fol-

lowed by a discussion and comparative evaluation in Chapter 5. At the end, the

conclusion and future work are presented in Chapter 6.



Chapter 2

Background

In this chapter a brief description about the Sentiment Analysis, ELMo word em-

bedding and the evaluation metrics are provided.

2.1 Semantic and Sentiment Analysis

“The Semantic and Sentiment Analysis (SSA) technique is frequently used for cy-

berbullying detection in texts, as it helps to classify data into positive or negative

classes” based on Dessi et al argument [18]. In semantic analysis, a meaning from a

text is drawn. It is performed by computer programs that understand and interpret

sentences, paragraphs, or whole documents. It analyzes analyzing the grammatical

structure and identifies relationships between individual words in a particular con-

text. On the other hand, very closely, sentiment analysis employs Natural Language

Processing (NLP) techniques, text analysis methods, and general computational lin-

guistics to systematically identify, extract, quantify, and study affective states and

personal information like the ones analyzed in cyberbullying detection topic. They

13
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both use different types of supervised Machine Learning (ML) techniques for per-

forming the whole process as the core of cyberbullying detection techniques. In such

a case, it is essential to have access to a rich datasets to train efficiently and suffi-

ciently. More specifically, it has been shown that Neural Networks (NN) and Deep

Learning (DL) models are capable of reproducing cognitive functions where strong

resemblance and mimicking of the human brain is essential.

2.2 ELMo

ELMo was first introduced by Peters et al. [19] as a new type of deep contextual-

ized word representation that models both complex characteristics of words. The

architecture of ELMo model is shown in figure2.1.

Figure 2.1: A typical ELMo structure reproduced from Perters et al. [19]
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As shown in figure 2.1, ELMo is based on two Bidirectional layers which process

the representation of word in two passes. ELMo is capable of analyzing the syntax

and semantics of the texts in a very prominent manner. In this embedding model,

each token is assigned a representation that is a function of the entire input sentence.

This feature makes ELMo different from other representations. A pre-trained bidi-

rectional Long Short Term Memory(LSTM) by a coupled language model objective

on a large text corpus is first used. A linear combination of the stacked vectors

is learned to improve performance over just using the top LSTM layer. Since the

procedure starts from a language model this method is called Embedding from Lan-

guage Model. The performance of ELMo have been examined by applying it across

a diverse set of six benchmark NLP tasks. The benchmarks are question answering,

textual entailment, semantic role labeling, coreference resolution, named entity ex-

traction, and sentiment analysis. ELMo improves the performance of the embedding

tasks in many senses which has been discussed in the paper.

Several famous word embedding methods used for text representations such as

BERT, ELMo, and Convolutional Neural Network (CNN), have been reviewed by

Zhou et al [20]. In this paper instead of using a fixed embedding for each word,

ELMo is used where context are used as new features to dynamically adjust embed-

dings of words. The word vectors are learned functions of the internal states of a

deep bidirectional language model which is pre-trained on a large text corpus. ELMo

captures semantic or relationships as well as syntactic, relationships. That is why

it achieves good results in solving the problem of polysemous words and outperform

previously existing word embeddings. It includes two training processes, namely, gen-

erating context-independent word embeddings based on character level embeddings,
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and then using a bi-directional language model to generate context-dependent word

embeddings. ELMo word representations is different from other word embeddings as

it is a functions of the entire input sentence.

In a research work published by Liu et al. [21], the top two-layers of a recurrent

neuro-structure is employed for computation realization based on character convolu-

tions.

Many references have explained the well-known ELMo context embedding. Ac-

cording to Liu et al. [22], “the ELMo model generalizes traditional word embeddings

in the sense that it extracts context-dependent representations from a bidirectional

language model”. The bidirectional model consists of a forward a LSTM layer and

a backward LSTM layer. In such a case at each layer, the contextualized represen-

tations are the concatenation of the left-to-right and right to-left representations.

Based on Modha et al. research work [23] ELMo has the potential of solving

the problem of polysemy of the word by generating different embedding of the same

word depending upon the context in which the word appears. This means more

accuracy and reliability in cyberbullying detection by empowering the machine to

learn semantic. The authors have shown that the future of cyberbullying detection

is highly dependent on contextual pre-trained language models, such as BERT and

ELMo.

A comparative study on different methods for hate speech detection using word

embedding technique has been introduced by Khanna et al. [24]. The various models

under study include Word2Vec (Skip-Gram, CBOW), GloVe, Fast-Text and ELMo.

Among all, ELMo may be referred which is based on a recurrent neural network
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approach using LSTMs. It calculates multiple vector representation of a word de-

pending on the context of that word. It works in a bi-directional manner rather than

computing single word representation. It computes a matrix, which represents the

word in accordance to its co-occurrences with other words. In an interesting inter-

pretation, ELMo may keep in mind the context of the word while inferring vector

representations on new words. The model uses LSTM cells which are made of a

feedback neural network connection. For evolving the prediction process, the model

learns by predicting the following word to an already fed and its immediate prior

word. It has been shown that ELMo better detects hate speech.

A more in detail explanation about ELMo and its mathematical basis is found

by Augustyniak et al [25]. ELMo has also been used for online hate speech recog-

nition by Naseem et al [26]. It basically helps to better identify abusive language

and hate speech. The paper presents Deep Context-Aware Embedding for the detec-

tion of Hate speech and abusive language on twitter. The procedure has enhanced

the quality of the tweets by considering polsemy, syntax, semantic, OOV words as

well as sentiment knowledge and concatenated to form input vector. It uses ELMo

where character level representation with CNN and deep BiLSTM on top of vectors

from CNN-character level representation to generate deeper contextual words are

used. Each word vector generated by ELMo contains context information of words

within the content by using pre-trained ELMo model with a 1,024 dimensions ob-

tained using the 1 Billion Word Benchmark containing about 800M tokens of news

crawl data from WMT 2011. As mentioned before, among different word embedding

methods, ELMo is a method for representing a sequence of words as a correspond-

ing sequence of vectors. Therefore, there is a mapping from sequence of words to
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a vector space. It uses a bi-directional LSTM that produces word-level embeddings

from the character-level tokens as the inputs. It is worth mentioning that ELMo

instead of using a dictionary of words and their corresponding vectors, it analyses

words within the context that they are used paving the way for extracting the con-

cept out-of-vocabulary words. One benefit of using ELMo is that it may be used

in unsupervised schemes. It is a context-sensitive method that produces different

representations for a word where under the same spelling, there is different meaning.

2.3 Evaluation Metrics

In this study, three evaluation metrics are used to compare the effect of different

word embeddings on the performance of deep learning and machine learning models.

These metrics are precision, recall, and f1 score, which will be described briefly below.

2.3.1 Precision

In a classification problem, there are positive and negative samples. After model

prediction, the predicted samples will be compared with the actual positive and

negative examples. As a result, the confusion matrix is formed, which is depicted

below figure 2.2.

Based on the confusion matrix, there are four variables which are True Posi-

tives(TP), False Positives(FP), False Negatives(FN), and True Negatives(TN). The

TP is the predicted samples that are predicted correctly. In reality, the FP is the

negative samples, but the model predicts them as positive ones. The FN is the in-

stances incorrectly predicted as negative while they are positive. And the TN are
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Figure 2.2: A general scheme of confusion matrix

the samples that are predicted correctly as negative samples.

Based on the above brief introduction, the precision definition is the rate of

correctly predicted true samples by all the positive predicted samples. In this study,

the precision will answer this question: “ What proportion of the predicted samples

are toxicity?”. In other words, it shows the ratio of correctly identified toxicity

samples in each class to all the toxicity instances in that class. The precision formula

is demonstrated in equation 2.1. The precision shows the accuracy of the minority

class.

Precision =
TruePositives

TruePositives+ FalsePositives
(2.1)
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2.3.2 Recall

Considering the definitions of the variables in the confusion matrix, calculating re-

call is dividing the number of correctly predicted positive samples by all the actual

positive instances. The equation 2.2 shows the recall formula.

Recall =
TruePositives

TruePositives+ Falsenegatives
(2.2)

In this study, the recall is going to answer the below question:

“What is the percentage of the actual toxic comments that are predicted correctly?”

In other words, recall provides an indication of missed positive predictions.

2.3.3 F1 score

The f1 score combines both precision and recall in one number that captures both

properties. The formula for f1 score is given as:

F1 score =
2× precision× recall

precision+ recall
(2.3)

As shown in equation 2.3, the f score is a harmonic mean of precision and recall.



Chapter 3

Related Works

Researchers have recently done several works in NLP and text analysis in social

media to detect cyberbullying. They used various ML algorithms such as SVM,

Ensemble models, Linear Regression, and Naive Bayes. In addition, they used the

DL models on different datasets such as Twitter, Facebook, FormSpring, and many

others. This chapter reviews the most recent and reputable references in the field. In

this chapter, the main subjects are the published papers and how the researchers treat

different issues in the field. The articles are reviewed after emphasizing preprocessing

methods, word embedding techniques, classification algorithms and learning schemes,

datasets, evaluation criteria, metrics, achieved accuracy, and results. Some of the

reviewed papers are targeted more in detail as they may be considered the basis for

this thesis.

21
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3.1 Litreature Review on Learning Algorithms

One of the primary references for this thesis is a paper published by Dessi et al. [18]

as the result of collaboration between German and Italian institutes and universities.

The paper is similar to research work by Saeed et al. [27] with some modifications

in the approach and, consequently, yielding better result. The primary goal in this

paper is to ease online communication on textual platforms without being hurt by in-

sults, harassment, fake news, and in general toxicity. It employs DL techniques where

no pre-defined hand-picked features are required. This is one step toward entirely

Artificial Intelligence (AI) based techniques for both detection and prevention toward

protecting the reader from being hurt during online chatting. A general drawback,

however, is the real-time computational burden in DL-based techniques that need to

be addressed. Word embedding technique is one of the main parts of the proposed

methods in which words are represented in Sentiment Analysis. Bidirectional En-

coder Representations from Transformers (BERT) [28], as a deep bidirectional and

unsupervised language representation, along with other methods is also used in this

paper [18]. Like other neural network-based methods, the amount of available data

for training the network is critical for the success of the proposed method. Dessi

et al. [18] used balancing the dataset before applying it to the learning process.

This helps to get better results with less error. In addition, the paper has compre-

hensively employed four different methods in deep learning to determine the most

efficient one. Those four employed deep learning models are Dense, CNN, and LSTM

layers to detect various toxicity levels within online textual comments. As for word

embedding techniques, Dessi et al. [18] has examined Word2Vec [5], [29] and BERT



23

[28] algorithms to achieve the best possible results. The paper’s novelty comes from

the fact that it transforms the problem of multi-class multi-label classification into

many binary single-label classification problem. As soon as the system is trained by

using a rich dataset, then a set of sample is applied. Each binary classifier predicts

whether that underlying toxicity is present or not in the sample. No need to mention

that, similar to many other methods, a preprocessing technique is employed to pre-

pare the data while training the system. However, it does not require a significant

amount of process. To show the performance of the proposed method, the authors

have employed the dataset released by a Kaggle competition [30]. The dataset is

collected from Wikipedia comments and manually labeled into six different toxicity

classes. It consists of training and test files. The authors have concluded that toxic-

ity can be identified by machine and deep learning approaches that use syntactic and

semantic information extracted from the text. They have shown the LSTM-based

model outperforms other models in detection toxicity. They have also demonstrated

how word embeddings may represent the domain knowledge in various ways, and

a unique model for all cases might be insufficient. This might be due to the case

dependency of the proposed method.

It is worth mentioning that for the researchers in the NLP field, it is essential to

have the whole picture regarding word embeddings, which capture lexical semantics

in numerical form to handle the abstract semantic concept of words. On the other

hand, neural network-based methods, especially deep learning techniques, have been

investigated extensively in many applications such as text classification, knowledge

mining, question-answering, and so on. In a recently published survey paper by

Wang et al. [31], the authors have reviewed related works in the literature where
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word embeddings techniques based on deep learning techniques have been used. The

paper depicted the timeline of word embeddings technique in recent years as shown

in Figure 3.1

Figure 3.1: A timeline of the recent development of key network structures and

models of word embeddings since 2013 to 2020 reproduced from Wang et al. research

work [31]

As shown, BERT is one of the most recent successful methods in the field. Other

methods such as, the language model, the neural network-based language model,

Word2Vec, and Glove are categorized as classical models. The advantages and dis-

advantages of the methods are discussed based on the concept of Out of Vocabu-

lary(OOV). This concept include words that not only they do not exist in the vocab-

ulary but also they do not appear in the existing training corpus. The words come

from five sources: emerging common vocabulary, proper names, professional nouns,

research field names, and other terminologies such as the name of a new product

and the name of a literary work such as a movie or a book. FastText, MorphoRNN,

and MWE, are among the reviewed techniques for tackling out of vocabulary cases.

There are several challenges in the field. For instance, understanding the actual

context is necessary to develop an accurate solution. The popular models such as

ELMo [19], OpenAI-GPT [32], and BERT [28] need to know how to select keywords

that can change the emotion of a sentence. In other words, these models need to
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understand how context affects the meaning of a word. Another challenge in the

field is the existence of different structures for different languages. Therefore, there

has been a growing interest in the approaches that are capable of word embedding

in other languages. Particularly there are developed methods that perform well in

the Chinese language, including CWE which introduced by Qiu et al. [33]. The pa-

per also refers to powerful computational tools, namely, neural networks, that have

shown promising results in different applications, including but not limited to nat-

ural language processing. Some examples of learning models disscuses in the paper

are RNN, CNN, LSTM, and GRU.

The paper by Asudani et al. [2] is related to as more related to the application

discussed in this thesis. As discussed in the introduction, email classification to ham

or spam content is very interesting and has been under the intensive focus of the

researchers. It is hard to determine the semantic and syntactic meaning of words

in a high-dimensional feature vector form. Asudani et al. [2] examine the effective-

ness of the pre-trained embedding model for classifying emails using deep learning

classifiers such as the LSTM and CNN models. Global vectors (GloVe) and BERT

pre-trained word embedding are employed to identify the relationship between the

words in order to categorize the emails. Well-known datasets like SpamAssassin

and Enron are used in the experimentation. To evaluate each method, the confu-

sion matrix, accuracy, precision, recall, F1-score, and execution time with 10-fold

cross-validation are computed. Machine learning and deep learning algorithms are

used to classify if an email is spam or not based on its content. The results show

that the CNN model with GloVe embedding gives slightly better accuracy than the

model with BERT embedding and traditional machine learning algorithms. It is also
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concluded that both machine learning classifiers, and the SVM model outperform

other machine learning methodologies in the first set of experiments. The second set

of experiments compares the deep learning model performance without GloVe, and

BERT embedding. The experiments show that GloVe embedding can help in faster

execution with better performance on large datasets. The investigation reveals that

the CNN model with GloVe embedding gives better accuracy when compared with

the model with BERT embedding and the traditional machine learning algorithms.

Automatic document classification tasks owe their progress to the concept of word

embeddings. For simple texts, the classification is easy, however, it is a complicated

task when dealing with complex texts like hierarchical text organizes the text into a

hierarchy. Stein et al. [34] have studied such texts using experimentation and analy-

sis. It is worth noting that a hierarchical structure exists when a multi-class task has

a large set of categories. The hierarchical structure benefits both during the learning

and prediction processes. It is essential to realize how a classification system takes

advantage of the hierarchy. There has been many approaches in the literature that

exploits the hierarchical structure of the target categories during the classification

processes. It includes flat, where the hierarchy is ignored by “flattening” it to the leaf

nodes level. It works with any standard multi-class classification algorithm during

the training and testing phase. For evaluation criteria, some indices like precision,

recall, and F1 measure are not rich enough to measure the performance of a method

designed for hierarchical classification. Therefore, micro-average and macro-average

are used as proper performance indices. The paper has discussed different methods

like linear classification, gradient tree boosting, and CNN-based methods. As for

word embedding generation methods, GloVe, word2vec, and FastText with publicly
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available data have also been practiced. It is shown that FastText achieves an F1

of 0.893 on a single-labeled version of the RCV1 dataset, meaning that using word

embedding is a promising approach for hierarchical text classification.

Within the context of word embedding and natural language processing, confer-

ence resolution is the task of finding all expressions that refer to the same entity in a

text. Conference resolution is necessary when dealing with cyberbullying detection

and prevention. It is also useful when summarizing document, answering question,

and extracting information. Poumay et al. [35] have addressed two issues one is the

trade-off between performance and embedding size and the other is comparison of

embeddings within and across families in the context of Event and Entity Conference

Resolution (EvCR & EnCR). The families include static, contextual, and character

embeddings. Static embeddings, such as Word2Vec, FastText, and GloVe, create a

one-to-one mapping between words and their vector representations. On the other

hand, contextual embeddings consider the context of a given word, meaning that

their vector representations change depending on surrounding terms. One may refer

to ELMo, a BiLSTM trained in this context on a language modeling task. BERT is

also based on a transformer architecture and trained on a masked language modeling

task. The last family is character embeddings that learn vectors based on character

sequences. The proposed method in this paper is a modification of the research work

by Barhom et al. [36] model. They have removed one, two, or three embeddings

from the original model in the first group of models. In the second group, the static

embedding has been changed to Word2Vec (Skip-gram) or FastText, and finally, in

the third group, the contextual embedding is changed to BERT or GPT-2. Although

the modification is not that major, the achieved results are promising while being
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applied on the ECB+ dataset [37]. It is shown that the smallest model achieves

similar performance (F1 score of 68.43%) to the previous state-of-the-art in EvCR

(F1 score 69%) presented by Kenyon et al. [38]. In contrast, they have shown that

the largest model converged faster during training as it took only 14 epochs. This

means that size and runtime are not correlated.

Another important application, as far as authorities are concerned is crisis aware-

ness during an emergency. Nowadays, social media play an essential role during

crises, and they are counted as a vital communication tool that provides first-hand

information for situational awareness. On the other hand, the easy spread of rumors

and misinformation on popular platforms such as Twitter and Facebook makes this

proper communication channel less valuable unless a tool is provided to filter crisis

tweets. The idea of building “generalized” and ready to use classifiers for filtering

crisis tweets has been discussed by Li et al. [39]. The authors proposed a simple

feature-based adaptation approach, where tweets are represented as dense numeric

vectors of reduced dimensionality using either word embedding or sentence encod-

ings. Several types of word embeddings and sentence encodings have been compared

to realize what embeddings/encodings are more suitable for use in crisis tweet clas-

sification tasks. In addition to using pre-trained word embeddings, the authors have

trained crisis-specific word embeddings with their crisis tweets. Three types of word

embeddings, Word2Vec, GloVe, and FastText, used as pre-trained word embeddings

on Wikipedia or Twitter data, and crisis word embeddings were explicitly trained on

the crisis tweet corpus. As with many other papers, the authors have used several

simple ways to combine the word embeddings into reduced tweet representations.

Mean, MinMaxMean, and TF-IDF are the three ways that were used for creating
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the representation. While performing extensive experiments with the representations

generated from word and sentence embeddings, they try to realize what representa-

tions are more suitable for crisis tweet classification tasks. The experiments are also

extended toward using different supervised learning algorithms to gain insights into

classifiers that generalize well from embeddings. As for sentence embeddings, the

authors used Smooth Inverse Frequency, InferSent, and Universal Sentence Encoder

on TensorFlow models that are trained with the same data as the InferSent models

but with different model architectures. The supervised learning algorithms that are

used in this study are Gaussian Naive Bayes (GNB), Random Forest (RF), K Nearest

Neighbors (KNN), and Support Vector Machines (SVM). For practical reasons, the

following datasets have been used by Li et al. [40]; 1) CrisisLexT6; 2) CrisisLexT26;

and 3) 2CTweets. Through extensive experimental results, the authors have con-

cluded in an emergent disaster, the first classification task to be addressed is the

classification of tweets as relevant or non-relevant to the disaster. Subsequently, rel-

evant tweets can be classified as informative and non-informative and into specific

situational awareness categories such as injured people, damaged infrastructure, etc.

According to the paper results, the relevant versus non-relevant classification task

can be addressed using a “generalized” classifier that employs Twitter pre-trained

GloVe embeddings with MinMaxMean tweet representations provided to the SVM

classifier. Furthermore, the informative versus non-informative classification task is

addressed by a “generalized” classifier that employs CrisisGloVe embeddings with

MinMaxMean tweet representations provided to the SVM classifier.

Hate speech detection is among the other critical applications of word analysis.

The so-called knowledge-rich solution to hate speech detection by incorporating hate
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speech embeddings to generate a more accurate representation of a given text has

been introduced by Mohaisen et al. [41]. The methodology is based on constructing a

hate speech dictionary in a semi-supervised fashion. Figure 3.2 illustrates the general

idea on hate content detection used in many articles.

Figure 3.2: Simple model of hate content detection reproduced from[41]

Once the word and hate speech embeddings are generated, they are concate-

nated and fed into neural network models, i.e., MLP, BiLSTM, and CNN in order to

train the classification models. A well-known word to vector technique, namely, the

Word2Vec model is used to generate a 300-dimensional word vector for each word.

A Boolean scalar value represents whether a given the word is a hate speech term

or not. The hate speech dictionary denoted by DictHS is extracted from instances

labeled as hate speech or offensive language from popular hate speech datasets. For

other situations (non-hate), a dictionary containing neutral samples is constructed

and denoted by DictNeutral. As for evaluating the proposed model, two well-known

datasets are used to train the learning system and assess the system performance.

The datasets are HASOC-2019 and HSOF-3. The instances from both datasets are

extracted from social network platforms and manually labeled by humans. This

manual labeling is considered a drawback of the proposed method. A combination of

both datasets is also examined in this paper. Based on the results, the CNN model

has achieved the best performance in all cases for all datasets in terms of macro
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F1 score measure. The combined datasets has also led the system to more accurate

results.

As mentioned before, among the cyberbullying detection cases, we may refer

to hate speech detection in social media. Like many other cyberbullying detection

cases, a proliferation of deep-learning-based approaches have been reported by Malik

et al. [42] for hate speech detection. It has also investigated a variety of datasets

and compared 14 deep and shallow models. The paper’s primary focus is on the

practical performance measures, including the detection accuracy, the computational

efficiency, the capability in using pre-trained models, and the domain generalization.

As for word embeddings techniques, the paper has used TF-IDF, Glove-based word

embeddings, and advanced transformers. To examine different situations, the detec-

tors are evaluated on three large hate speech detection datasets that contain different

types of toxic tweet categories from various data sources. The authors address the

effectiveness of other popular detection models on different hate speech datasets, the

role of pre-training, and wether generalization of methods is possible for detecting

bullies in different contexts. Three widely-used datasets, namely, Davidson, Founta,

and Twitter Sentiment Analysis, have been used to train and evaluate the models. In

addition to the traditional classifier, the combination of deep models with Glove and

Transformers-based word embeddings has been examined separately. The results are

compared using metrics of precision, recall, F1 score, Macro F1 score, and Weighted

F1 score. In conclusion, the combination of BERT, ELECTRA, and Al-BERT with

neural network-based classifiers detect more accuratley than the other methods on

the three benchmarks. In terms of computational efficiency, transformers-enabled
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classifiers are much more costly than the other models. Al-BERT is the most time-

consuming model among the transformers, followed by the BERT model. Small

BERT is the most efficient transformer model. Deep classifiers like BiLSTM are also

computationally costly.

Nowadays, the terms like “profane,” “hate,” and “offensive” are used interchange-

ably, and hence these have been classified under a broader category of “Toxic” content

in social media. Toxic context detection has been studied by Malik et al. [43]. The

paper considers embeddings, including BERT and FastText, along with a set of Ma-

chine Learning e.g.,(LR, SVM, DT, RF, XGBoost) and Deep Learning algorithms

e.g.,(CNN, MLP, LSTM). Moreover, various Machine Learning algorithms are per-

formed as the Ensemble Learning methods of Stacking and Bagging. Similar to other

reported research works tokenization, basic stemming, and lemmatization techniques

are all performed in the preprocessing phase. The proposed strategy of Malik et al.

research work [43] is shown in figure 3.3

Figure 3.3: Proposed strategy by [43]

As seen, a combination of two datasets, namely, the HASOC’20 competition and

the ALONE datasets, are used for training and evaluation. The proposed method
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has been evaluated by using merged datasets. It has been shown that combining

BERT embedding with CNN offeres the best results. It has also been demonstrated

that CNN understands and efficiently identifies appropriate patterns in the case of

small sequences of words and when there is noise in the dataset.

Cyberstalking is a growing anti-social problem affecting human society as a sub-

set of cyberbullying. Different types of cyberstalking include Trolling and flaming,

Excluding, Masquerading, Mobbing, Denigrating, Outing, and Harassing. There-

fore, cyberstalking detection has been under intensive study. Six popular supervised

machine learning algorithms, as Logistic Regression, SVM, Random Forest, Deci-

sion Trees, K-Nearest Neighbor, and Naive Bayes, are investigated by Gautam et

al. [44] to address intelligent cyberbullying detection. In this study, there are six

preprocessing steps used for that includes tokenization, normalization, stemming,

lemmatization, noise removal, and removing stop words. As feature extraction, Bag

of Words and TF-IDF are used. The metrics for measuring the performance of algo-

rithms are accuracy, precision, recall, F1 score, training time, and prediction time.

By using datasets from Kaggle and some other sources, a mixed dataset that con-

tains Twitter tweets and comments from Facebook and YouTube is composed. The

experimental results show that Logistic Regression (92.6% with BOW and 92% with

TF-IDF) and Support Vector Machine (92.5% with TF-IDF and 91.9% with BOW)

are the top performer algorithms for both datasets using the two feature extraction

methods.

Ensemble learning uses multiple classifiers to increase accuracy for classification

purposes, including cyberbullying identification. Kilimci et al. [15], different docu-

ment representations have been used and the advantage of word embeddings along
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with use of an ensemble of classifiers for text classification have been used. The

authors employed basic learning algorithms such as Näıve Bayes, SVM, Random

Forest, and a deep learning-based convolutional network. The proposed method

used eight different datasets in both English and Turkish languages. Experimental

results demonstrate that using heterogeneous ensembles together with deep learn-

ing methods and word embeddings enhances the classification performance of texts.

Moreover, according to the experimental results by the authors, RF and CNN are

the best performing single classifiers. The accuracy performance of single classi-

fiers can be ordered as: RF>CNN>MNB>SVM>MVNB where MVNB is the least

performance. Another conclusion of this paper is that using a set of heterogeneous

ensemble of classifiers increases the performance slightly when compared with a single

one, especially when a deep learning CNN classifier is set to the ensemble system.

Extracting individuals’ behavior from texts and assigning textual units to the

emotion from predefined emotional connotations is highly related to cyberbullying

detection technique. Most research works consider the English language as the plat-

form for emotion detection. However, Parvin et al. [9] has studied emotion from the

under-resourced language Bengali. They used an ensemble-based model for classify-

ing textual emotions into six classes: anger, disgust, fear, joy, sadness, and surprise.

The corpus contains 9000 Bengali texts and 22 standard classifier models based on

three deep learning techniques: CNN, GRU, and BiLSTM. In addition, different

ensemble strategies and embedding models (i.e., Word2Vec, FastText) have been

comprehensively studied. Similar to other works, preprocessing was used to remove

all the noises as well as the extra information. The deployed feature extraction meth-

ods include BoW, TF-IDF, Word2Vec, and FastText. Figure 3.4 depicts the whole
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concept by Parvin et al [9].

Figure 3.4: The whole concept of emotion detection by Parvin et al. [9]

It uses ML techniques like Logistic Regression, Decision Tree, Random For-

est, MNB, SVM, and DL classifiers like CNN, BiLSTM, and GRU. Two datasets

are employed for training, validation, and testing. One is Bengali Youtube Com-

ment Dataset and the other is Extended Bengali Emotion Dataset with six emo-

tion classes (anger, disgust, fear, joy, sadness, surprise) both in Bengali, English.

The experimental result demonstrates that the ensemble of CNN and BiLSTM (i.e.,

CNN+BiLSTM) outdo all other models by acquiring the highest weighted F1-score

of 62.46% (for EBEmoD) and 67.57% (for BYCD), respectively.

Different types of neural networks are used for text analysis and detection sys-

tems. Carta et al. [45] have proposed an approach that operates a multi-class

multi-label discussion classification within six toxicity classes in order to create a

safe space to provide conversation without any risk of attack among users. They

have exploited the Apache Spark extensive data framework and several word embed-

dings to handle this job. A dataset of comments taken from Wikipedia’s talk page,

according to a Kaggle challenge, has been employed to demonstrate the performance
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of the proposed method. The novel components used in the proposed method include

the Apache Spark and Machine Learning library (MLlib), the semantics of words ob-

tained by the word representations, and a considerable number of reviews taken from

Udemy. The use of rich datasets may offer more consistent and accurate results for

the models. The proposed method is unique because it is a scalable and flexible

and uses Apache Spark and the MLlib library for toxicity detection. By initializing a

large dataset collected in past work by Dessi et al. [46] from Udemy reviews, different

combinations of word embeddings have been employed to evaluate the performance

of the proposed approach. One contribution of the paper is to turn the multi-label

multi-class problem into six different binary classification problems. A large num-

ber of experiments were run using five state-of-the-art word embeddings, including

GloVe6, Google News dataset, SNAP Amazon dataset8, FastText10, and Dranziera.

The paper concludes that adopting word embeddings while using supervised meth-

ods can improve the accuracy in comparison with to the baselines approaches that

do not adopt word embeddings.

Several researchers have investigated the effectiveness and performance of deep

learning algorithms in detecting insults in Social Commentary. Like other reviewed

papers in this chapter, Iwendi et al. [47], four deep learning models, namely, BiL-

STM, GRU, LSTM, and RNN, have been used for insult identification. In the pre-

processing phase, tokenization, stemming, lemmatization, and removal of stop words

are performed. Then deep BiLSTM is employed for insult detection or prediction

followed by use of linguistic methods are used to evaluate the results. The Kaggle

dataset, which is rich one, was used to detect insults over social media platforms.

The paper has strong contribution and the experimental results are obtained using
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“Google Colab.” It also offers visualization techniques to show the performance of

the proposed scheme. A comparison between all the DL algorithms shows that the

BiLSTM model achieves high accuracy and F1-measure scores in contrast to RNN,

LSTM, and GRU in detecting the insults in Social Commentary.

3.2 Litreature Review on ELMo Technique

Similar to cyberbullying detection, text summarizing, which is extracting the data

from the document and generating the short text of the document, has attracted the

attention of researchers in the field of NLP. The application provided by Gupta et al.

[48] is usually performed using either an extractive text summarizer or an abstract

text summarizer. The paper has focused on retrieving the valuable amount of data

using the ELMo embedding in extractive text summarization.

In a recently published paper, Ulcar et al. have shown the performance of ELMo

when applied on a multi-language platform [49]. Similar to other ELMo-based ap-

plications, the paper proposes pre-trained embeddings from the popular contextual

ELMo model for seven languages, namely, Croatian, Estonian, Finnish, Latvian,

Lithuanian, Slovenian, and Swedish. The proposed ELMo’s architecture has three

neural network layers. One set of embedding is achievable at the output of each

layer. The first layer is a CNN layer that operates on a character level. It is followed

by two BiLSTM layers, each consisting of two concatenated LSTMs. A weighted

average may be considered a straightforward and effective method for embedding

mapping in NLP applications, including cyberbullying detection. The weights are

adjusted through a training process. Although ELMo is trained on character level
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and can handle Out of Vocabulary(OOV) words, a vocabulary file containing the

most common tokens may also be used to boost the efficiency during the training

and the embedding process based on Ulcar et al. research paper [49]. Similar work

may be found by Bojkovsky et al [50].

It is normal to have noisy data in NLP tasks as given that they are collected

from crawling social media where people write their opinions in different formats

and languages. As a result in some work, such as Moradi et al. research work [51],

other types of character and word level methods were used to simulate setups where

in some input may be somewhat noisy or different from the data distribution on

which NLP systems were trained. They evaluated the performance of well-known

deep contextualized word embeddings such as ELMo, BERT, XLNet, and RoBERTa.

They used BERT, RoBERTa, and XLNet as both word embedding generators and

classifiers, however, the word representations offered by the ELMo were fed into one

dense layer. The results suggest that some language models can manage specific

types of noise more efficiently than others. ELMo scored higher than BERT, XLNet,

and RoBERTa on some character-level perturbations.

ELMo has also been used for emotion prediction by Witon et al [52]. In this

work, they removed the keywords related to emotion labels like anger, fear, disgust,

joy, sadness, and surprise from the tweet text, making the task of emotion prediction

rather implicit and challenging. An ensemble of classifiers is used for prediction.

Each classifier uses a sequence of CNN architecture blocks and ELMo as the input.

The authors have shown the superiority of their proposed structure when running

the method on different datasets.
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Irony detection in the Spanish variant using the ELMo approach has been dis-

cussed by Graca et al [53]. The main characteristic of ELMo that makes it differ-

ent from other word embeddings approaches is the use of multiple embeddings for

each word depending on its context. In such a case, the higher-level layers capture

context-dependent aspects of word embeddings while lower-level layers capture the

model aspects of syntax. Graca et al. [53] have used the top layer for each word and

the bottom layer as average function to group the words within a sentence.

Deep learning algorithms, coupled with word embeddings in detecting cyberbul-

lying texts, are the topic of much of the research work by Al-Hashedi et al [54]. In

a matrix of choices, three deep learning algorithms, GRU, LSTM, and BiLSTM, are

combined with word embeddings models, such as Word2Vec, GloVe, Reddit, and

ELMo models, are used to examine the effectiveness and accuracy of a possible con-

figuration for cyberbullying detection. Similar to many other research works, data

preprocessing steps, including oversampling, are performed on the selected datasets

associated to social media. A typical dataset in the literature, e.g., Formspring, has

been used for performance evaluation. Formspring is a social site that provides a plat-

form for users to ask any question to other users. It consists of 12,772 posts. Based

on extensive experimental results, BiLSTM performs best with ELMo in detecting

cyberbullying texts. As another performance index, the average time taken for the

training of each model has also been measured based on which GRU outperforms

compared to other methods.

The readers are referred to Wang et al. research paper [55] as another sur-

vey on the use of a deep learning model in combination with deeply contextualized

word embeddings such as BERT, and ELMo. In this paper, the authors conducted
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experiments to study both classic and contextualized word embeddings in text classi-

fication. For the encoder of the sequence of text, they employed CNN and BiLSTM.

They selected four benchmarking classification datasets with variable average sam-

ple lengths: 20NewsGroup, The Stanford Sentiment Treebank dataset, the arXiv

Academic Paper dataset, and Reuters-21578 (Reuters). In addition, they considered

both single-label classification and multi-label classification. This study claims that

the selection of CNN over BiLSTM for document classification tasks is better than

sentence classification. As the second task in this study, they applied CNN and

BiLSTM on both ELMo and BERT. Based on the reported results, BERT surpasses

ELMo, especially for lengthy datasets when compared with classic embeddings, both

achieve improved performance for short datasets, while no improvement was observed

for more extended datasets.

As another other application in the field of medication, Zhu et al. [56]have

introduced a contextual word embedding model for clinical concepts extraction for

automatic annotation of clinical problems. They have trained an ELMo model in a

corpus with a mixture of clinical reports and relevant Wikipedia pages in the clinical

domain to recognize the relevant methods for medication. Similar work in the domain

of clinical applications may be found by Jiang et al [57].

A survey on embeddings in Clinical Natural Language Processing has been given

by Kalyan et al [58]. Various medical corpora and their characteristics and medi-

cal codes have been discussed in this paper. The paper also explores that ELMo

generates context-dependent vector representations and hence accounts for the pol-

ysemy nature of words Embeddings for Out of Vocabulary(OOV), misspelled, and

rare words. The main disadvantage of ELMo is that it is computationally intensive,
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and memory requirements increase with the corpus size. ELMo is different from

other well-known embedding techniques as it uses all three-layer vectors. That is to

say that the final representation of a word is obtained as a task-specific weighted

average of all the three-layer vectors. ELMo vectors are deep as a result of they

come through three-layer vectors and they are also context-sensitive. ELMo vectors

assign different representations to a word depending on its context, making it more

accurate and versatile. They can be used everywhere, like traditional embeddings in

all languages and applications.

As another application of sentiment analysis in medical data analytics, one may

refer to research published by Zhang et al. [59] for studying public opinions on

Human Papilloma Virus (HPV) vaccines on social media using machine learning-

based approaches that will help us understand the reasons behind the low vaccine

coverage. The paper describes how ELMo and other transfer learning approaches

analyze the public sentiment on HPV vaccines on Twitter.

3.3 Litreature Review on Other Word Embedding

Techniques

There are few papers investigating cyberbullying detection for the languages. To

detect cyberhate speeches on Twitter in the Arabic language, Farsi et al. [60] has

proposed a deep learning-based scheme. Datasets selection followed by preprocess-

ing in the first stage that emphasizes Arabic language is used. Word embedding

techniques are used in the second stage, followed by model development, usually

deep learning models in order to produce Arabic Vector(AraVec) word embeddings.
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After running experiments, the evaluation phase is performed at the final stage by

choosing a set of evaluation indices. In conclusion, the results of the AraVec word

embedding approach with the recurrent convolutional networks were outstanding and

competent.

As mentioned before, the datasets and richness of the data used for training is

an important issue. While the use of large datasets is essential in assessing the

performance of the methods. It is necessary to explore the potential advantages

small datasets in developing efficient word embeddings in deep learning models. Soto

et al. [61], different word embedding techniques, including Word2Vec, Wang2Vec,

FastText, and GloVe, were applied to text datasets with sizes in the order of a billion

tokens. The classifiers are pre-trained, and their performance is evaluated using small

datasets with sizes of thousands of tokens. The proposed method has three stages:

text pre-processing, language models representing the target application’s language,

and classification models for sentiment analysis. Four language models used in this

paper are Word2Vec, Wang2Vec, FastText, and the GloVe model. A CNN performs

the classification task. Considering the authors’ affiliation, they have used datasets

from the Brazilian Portuguese language, Pelle et al. [62], from the Politics and Sports

sections of a Brazilian news website where a total of 10,336 comments were posted

on 115 news from the website collected. The size of the dataset is minimal for the

classification task. The paper concludes that the accuracy and F1 score are similar

together. In certain applications, trade-offs between accuracy and training time

is advantageous, even though these “local dataset” embeddings are much smaller

regarding the token number. It has been shown that GloVe is the best method for

NILC-embedding, and FastText is the best method for dataset-specific embedding.
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Due to multilingualism, it is a usual practice in social media to use two or more

languages in the same sentence, known as code-mixed text. It poses even more

challenges for classic NLP tools trained on monolingual corpora due to non-standard

variations in the spelling, grammar, and writing in foreign scripts. Banerjee et al. [63]

has compared pre-trained models and created an ensemble model for code-mixed data

of hate speech classification task on Hindi-English data. The paper has used Twitter

API consisting of 4575 Hindi-English code mixed in the Roman script with manual

annotation as the dataset. The four pre-trained models, BERT, Roberta, XLNet,

and DistilBERT, are practiced and compared with CNN’s results. The following

metrics have been used to evaluate the models: precision, recall, F1 score, Macro

Average, and Weighted Average. The authors have concluded that the proposed

ensemble models outperform the existing methods.

The effect of the configuration for generating word embeddings on the classifica-

tion performance has been studied extensively by Yang et al. [64] using a Twitter

election classification task that aims to detect election-related tweets in Venezuela

and the Philippines. They studied the impact of the background dataset that was

used in training the embedding models and the parameters of the word embedding

training process. These parameters are the context window size, dimensionality, and

the number of negative samples, on the attained classification performance. The

paper, through extensive experiments, has shown that choosing the correct word

embedding model for use with CNN leads to statistically significant improvements

over various baselines such as Random Forest and SVM with TF-IDF. It is worth

noting that election-related tweets are usually ambiguous, and it is often difficult for

human assessors to agree on their relevance to the election based on Bermingham et
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al. research paper[65]. The paper also suggests that the best setup for parameters

such as the context window and dimensionality might differ from one task to another.

Various techniques has been evaluated by Bharti et al. [66] that automatically

detect cyberbullying from tweets by using machine learning and deep learning ap-

proaches. The main questions answered in this paper are whether the use of pre-

trained word embedding could serve as a representation for the words instead of

handcrafted features and whether a more extensive dataset can be constructed by

intelligently merging the smaller ones. Various deep learning strategies to overcome

the requirements of feature engineering have been developed in this paper. For evalu-

ation, multiple evaluation parameters such as accuracy, precision, recall, Area Under

the Curve (AUC), and Receiver Operator Characteristic (ROC) have been used. Us-

ing the “bag of words,” various classification algorithms like naive Bayes, random

forest, decision tree, XGBoost, SVM, and logistic regression have been employed

for cyberbullying detection. The authors have concluded that the GloVe word em-

bedding technique and BiLSTM offer the best results on the dataset with accuracy,

precision, and F1 score of 92.60%, 96.60%, and 94.20%, respectively.

Passi et al. [67] have proposed a DNN-based model that includes CNN, LSTM,

BiLSTM, and BiLSTM with attention. The purpose of the proposed method is to

overcome three main bottlenecks in cyberbullying detection: being specified for only

one social media platform, being selected for only one topic of cyberbullying, and

relying on carefully handcrafted features of the data. The proposed method is a

systematic approach that analyzes cyberbullying on various topics across multiple

Social Media Platforms(SMPs) and applies transfer learning for cyberbullying de-

tection tasks. It also takes care of the imbalance dataset, where oversampling can
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solve the problem. Three different types of social networks, namely, teen-oriented

Q&A forum (Formspring), large microblogging platform (Twitter), and collabora-

tive knowledge repository (Wikipedia talk pages), have been used as datasets. In

this paper, the authors employed four learning models of Logistic Regression, SVM,

Random Forest, and Naive Bayes, to detect and assign Bully, Racism, Sexism, and

Attack labels on the content of the three aforementioned datasets. Measurement

indices are Precision, Recall, and F1 score. The paper has also investigated the level

of transfer learning in each of the schemes. It has concluded that DNN models cou-

pled with transfer learning can be used for cyberbullying detection on various topics

across multiple SMPs using three datasets and four DNN models.

Many researchers adopted the idea of using a different set of different existing

methods by Behzadi et al [68]. The authors used various compact BERT models

and fine-tune them with hate-speech data. The process has been shown in figure

3.5 As shown in figure 3.5, the data is processed into the three classes of normal,

Figure 3.5: The proposed pipeline process for cyberbullying detection reproduced

from Behzadi et al. [68]
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abusive, and hateful ones in the pipeline. The texts are tokenized with a pre-trained

BERT tokenizer with a corresponding pre-defined vocabulary set and produce a token

dictionary. Instead of the final layer of the BERT model, a dense layer with size 3

(3 different classes) is used. The softmax layer then produces probability scores for

each category. The class with a maximum probability score will deliver the final

predicted label. A Focal Cost has been used as the cost function. The proposed

method, which relies on transfer learning and fine-tuning compact BERT models,

has shown that it presents better (faster and more reliable) results than the previous

work without metadata. The accuracy of 0.91, precision of 0.92, and recall of 0.91

on the hate-speech dataset are remarkable in this study.

Evaluation criteria is an essential issue in evaluating the performance of the pro-

posed methods for text analysis. In a review paper by Wang et al. [17], the authors

have studied many word embedding models for language processing applications

along with their properties. The evaluation indices or evaluators are categorized

into intrinsic and extrinsic ones where the quality of a representation is independent

of specific NLP tasks and downstream task performance metrics are evaluated, re-

spectively. The paper has reviewed many word embedding methods based on their

techniques. The reviewed methods include the Neural Network Language Model,

CBoW and skip-gram, Co-occurrence matrix, FastText, N-gram model, Dictionary

model, and Deep contextualized model. These models more or less possess prop-

erties like Non-conflation, Robustness against lexical ambiguity, Demonstration of

multifacetedness, Reliability, and Good geometry based on specific definitions that

authors offered. As the goal of evaluators is to compare characteristics of different
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word embedding models with a quantitative and representative metric, it is neces-

sary to aim for a good testing data, comprehensiveness, high correlation, efficiency,

and statistical significance. The paper classify the evaluators are either intrinsic or

extrinsic. The intrinsic evaluators test the quality of a representation independent

of specific NLP tasks and directly measure the syntactic or semantic relationships

between the words. The intrinsic evaluators may refer to word similarity, word

analogy, and concept categorization. The extrinsic evaluators evaluate the NLP

downstream task directly. As of extrinsic evaluator, one may refer to POS tagging,

chunking, named-entity recognition, sentiment analysis, and Neural Machine Trans-

lation (NMT). While many factors affect word embedding quality, it is difficult to

consider a perfect evaluation method for testing the word subspace for linguistic re-

lationships because it is difficult to understand precisely how the embedding spaces

encode the linguistic relations. The paper concludes that linguistic ties and proper-

ties captured by word embedding models differ from how humans learn languages.

As a result, the word embedding models perform well in some specific applied tasks.

That is why it is difficult to find a word embedding model that consistently performs

well in all tasks. Feeding a large amount of generic data can be inefficient and even

hurt the performance of a word model since different task-specific data can lead to

contending results. Instead, it is necessary to feed task-specific data to a model.

Challenges due to the characteristics of unstructured text in social media are

increasing. As a result, selection of a proper feature extraction method impacts

the performance of the classification. As the selected word embedding can capture

semantic, syntactic sequences, and even context around words, a similar study by

Dharma et al. [8] aims to compare the accuracy of three word embedding methods,
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namely Word2Vec, GloVe, and FastText, on text classification when using the CNN

algorithm. UCI KDD Archive has been used as the dataset. The selected dataset

is divided into 11,986 training data and 7,991 test data. The results show that the

FastText method for word embedding offers the best accuracy in the classification

process. The difference in the accuracy of the three methods is not crucially signifi-

cant. Hence it can be concluded that its usage depends on the applied data set.

It is interesting to note that NLP techniques are being used in various appli-

cations, including biomedical applications where word embedding plays the leading

role in capturing beneficial semantic properties of the words. Wang et al. [69] have

used four types of data to train a word embedding technique to realize which is more

efficient in medical texts. The sources are clinical notes, biomedical publications,

Wikipedia, and news. The authors proposed a new method for generating word em-

beddings for the medical datasets. Since in medical affairs, the physician’s judgment

and cure strategy are conducted both qualitatively and quantitatively, this authors

use randomly selected medical terms for the qualitative evaluation. In terms of quan-

titative evaluation, both intrinsic and extrinsic evaluation has been used to assess the

word embeddings’ ability that captures medical semantics by measuring the seman-

tic similarity between medical terms using four published datasets. For the extrinsic

evaluation, the word embeddings are applied to multiple downstream biomedical

NLP applications, including clinical Information Extraction (IE), biomedical Infor-

mation Retrieval (IR), and Relation Extraction (RE), with data from shared tasks.

The authors are from the Department of Health Science Research and the conclusion

is based on the real-life experiences of the physicians that was summarized in the

tables. Based on the evaluation results presented in the paper, the conclusion is
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that the word embeddings trained on EHR and MedLit can capture the semantics of

medical terms better than those trained on GloVe and Google News. They have also

concluded that the medical semantic similarity captured by the word embeddings

trained on Electronic Health Records and MedLit are closer to human experts’ judg-

ments than those trained on GloVe and Google News. It is worth noting that the

performance of the oriented architectures is somehow dependent on the employed

data for training. The extrinsic quantitative evaluation shows that the word embed-

dings trained on EHR achieved the best F1 score of 0.900 for the clinical IE task,

and the word embeddings trained on Google News had the best overall F1 score of

0.790 for the RE task.



Chapter 4

The Proposed Method

This chapter provides some details about the roadmap and the steps that we took in

this thesis. As shown in figure 4.1, in this thesis, the workflow is divided into three

tasks: first, comparing the effect of ELMo in combination with different learning

algorithms. Second, considering the impact of ELMo with three other embedding

models when the same learning models are used. And third, proposal of a stacking

model using ELMo word embeddings as the input and three machine learning models

as the base learners followed by comparison of the proposed scheme with the used

learning algorithms.

The structure of this chapter is as follows. First, a brief description of the general

preprocessing techniques and the employed methods is given. Then, we describe the

used word representation in this thesis and explain it in detail. After that, the

classification methods and the evaluation process are elaborated.

50
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Figure 4.1: The workflow in this study

4.1 Required Pre-processing

Today’s life is highly dependent on data. Data are being generated, transmitted,

stored, and analyzed in many aspects of life, including social, medical, technical af-

fairs, etc. Based on Dekker [70], “there are four reasons for preserving and publishing

the datasets, which are: first, by posting a dataset, others can verify a research work.

Second, if the research takes a long time, preserving the aspects of data related to

the research work is essential. Third, the datasets can be used in diverse problems

and improve innovations. Last, the valuable datasets can provides income for the

researcher”. Kaggle website [71] is one of the primary resources that publish rich

datasets and provide some competition for programmers. This thesis uses a dataset
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from one of the competitions offered by Kaggle. The details of the dataset are de-

scribed in Chapter 5. But the question here is whether the raw data, especially text

data, is usable or not. One possible answer is that the information in a database

becomes meaningless information without undergoing significant changes by having

an appropriate dataset preprocessing. More in detail, using preprocessing techniques

helps to extract valuable information from the dataset in terms of data cleaning, data

integration, data transformation, and data reduction. These mentioned concepts de-

fine different methods that are used in this thesis. In the first step in preprocessing

is the concept of data cleaning [72] concept is used. It generally means removing

incorrect, incomplete, and inaccurate records from the datasets and replacing them

with appropriate data. In addition, the missing values are imputed with relevant

documents in data cleaning. Binning, Smoothing, Regression, and Clustering are

the methods used for data cleaning. In this thesis, we use the methods that are sub-

branch of regression. In general, regression means handling data when unnecessary

data is present. The unnecessary data in text type means the URLs, emoticons, and

stopwords. Stopwords are the most commonly used words in any language, such as

articles, prepositions, pronouns, etc. This thesis uses removing the URLs, emoticons,

and stopwords for handling these data. The next step in preprocessing of the data

used in this thesis, is Data Transformation [72]. In Data Transformation, the changes

to the records of data are made to the format and the structure of data. Smoothing,

Aggregation, Discretization, and Normalization could be used in Data Transforma-

tion. Smoothing means removing the noise from the data. In text data, changing

the data text to lowercase can be an example of this technique as is used in this

thesis. The last step of preprocessing in this thesis is to split the multi-class dataset
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to six different binary datasets. For this aim, each category of the dataset is copied

to a new dataframe. In NLP, the Natural Language Toolkit(NLTK) is the famous

library that can be used for preprocessing a text data [73]. It has several functional-

ities such as tokenization, lemmatization, stemming, removing the stop words, etc.

As mentioned before, in this study, some of the stop words are maintained because

they can enrich the text’s semantics and improve the results. The reason is that

some of the stop words or punctuation, such as the pronouns or “*” in a comment,

can signify cyberbullying. For example, in a sentence like “F**k U” both pronouns

and punctuation have the signs of cyberbullying. If the model eliminates them in

the preprocessing step simply because they are not written formally, then the model

will lose one of the records that can learn from it. Therefore, there are two main

performed preprocessing steps in this study. First, the whole text is converted to

the lower case using the data transformation methods in order to have consistency

in the text. Second, the sentences based on length are either padded or truncated to

a certain number of words as the neural network models need input with the same

shape and size. For converting the text to lowercase, one could use the NLTK library.

For padding and truncating, the length of the sentence is checked at first. Then if

the length of sentence is more than 100, only the first 100 words of each sentence are

kept, and if the length of the sentence is less than 100, 0 is added at the end of the

sentence to make the length of sentence 100.
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4.2 Employed Word Embedding

In this section describes the word embeddings and their role in text classification.

Then, we elaborate more details on the word representation deployed in this thesis.

As both the deep learning and machine learning models do not accept textual

data, the data is required to be transformed into a numerical type. Several word

representation models take the textual input and output a numerical array as the

embeddings. As mentioned in the literature review, there is a timeline for word rep-

resentations in recent years which started in 2013 with the introduction Word2Vec by

Mikolove et al. [5]. A year later, Glove is introduced based on deriving the relation-

ship between the words from statistics. The models were further revolutionized by

proposing neural-based models such as FastText, and ELMo. It did not take long for

the transformers to emerge, as the BERT model was introduced to the NLP world.

As a result, FastText, ELMo, and BERT are considered as the newly emerged word

embeddings in this field, whereas Word2Vec, Glove, and TF-IDF are considered as

the traditional word embeddings. In this thesis, we try to determine the effect of

ELMo embedding on machine learning, deep learning algorithms, and an ensemble

model as well as to address the advantages and disadvantages of this representation

when it is used in different classification models. Moreover, we compare the impact

of ELMo is compared with three other word representations: TF-IDF, BERT, and

three versions of Word2Vec(mimickedWord2Vec [74], domain-trainedWord2Vec, and

pre-trained Word2Vec). In the following sub-section, a brief description of TF-IDF,

BERT, and mimicked Word2Vec is given, and in the next one, the history and the

structure of the ELMo are explained more in detail.
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4.2.1 Baseline word embeddings

This sub-section briefly explains the baseline word embedding models used in this

thesis. The TF-IDF, mimicked Word2Vec, and BERT are the word embeddings

used in the baseline paper [18], and in this thesis, they are replicated to verify the

reported results. The main contribution of the word embedding techniques is using

ELMo with different learning algorithms.

Classical Word Embedding techniques

To compare the effect of ELMo word embedding on the cyberbullying detection task,

we used Dessi et al. paper[18] as the baseline paper. The reason for this selection is

that this paper uses three different word embeddings and applied them to the same

machine learning and deep learning algorithms. The TF-IDF and three versions of

Word2Vec are used as the classical word embeddings. These two word embeddings

are replicated in this thesis to verify the reported results. The TF-IDF offers a sta-

tistical measure that evaluates the importance or relevance of string representations

in a document. The term frequency means how many times a word appears in a

document, and the inverse document frequency illustrates how common (or uncom-

mon) a word is amongst the corpus. By multiplying these values together, TF-IDF

value is generated for a term. Sklearn library [75] provides a prepared package for

this word embedding, that is easy to use. The Word2Vec makes vectors of the words

that are distributes the numerical representations of word features. Word2Vec can

use two different architectures to create the word embeddings: Continuous Bag of

Word(CBoW) and Skip-gram. The explanation of how these two architecture work

is not in the scope of this thesis. Word2Vec is trained on the Google News dataset
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(about 100 billion words). The baseline paper published by Dessi et al. [18] used

three versions of Word2Vec, which are pre-trained, domain-trained, and mimicked

[74]. The pre-trained Word2Vec can be accessed from Gensim library [76], and the

Domain-trained word embeddings are trained on the original dataset provided by

the Kaggle. Mimicked word embedding model is a character-level Recurrent Neural

Network(RNN). It produces the embeddings of Out Of Vocabulary words that do not

exist within the original model that was used to represent the text data. Still, they

are inferred by developing syntactic similarities of words in the original vocabulary

presented by Pintr et al [74]. In this thesis, we use the results of mimicked Word2Vec

to compare the ELMo and TF-IDF results.

Bidirectional Encoder Representations from Transformers (BERT)

The novelty of BERT is that it is based on transformers, which means it is designed

to pre-train deep bidirectional representations from the unlabeled text by jointly

conditioning on both left and right of the text. The reported results by Delvin

et al. [6] show that a language model which is bi-directionally trained can have

a more profound sense of language context than single-direction language models.

BERT is pre-trained on two NLP tasks: Masked Language Modeling (MLM) and

Next Sentence Prediction. The purpose of MLM is to hide a word in a sentence

and predict what word has been masked based on the context. In Next Sentence

Prediction, the program has to indicate whether two given sentences have a logical

relationship or not. The BERT model can be a good competitor for ELMo as they

are both based on bidirectional training. we use the results of the effect of word

embedding on the learning algorithms from the baseline paper.
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4.2.2 Embedding from Language Model(ELMo)

The ELMo word vectors are computed using two layers Bidirectional Language

Model(BiLM), where each layer has a forward and backward pass. This architec-

ture uses a character-level CNN to illustrate the words of a text string into a raw

word array as the input to the first layer of the ELMo model. The forward pass

generates the information about a word and the context before it, whereas the back-

ward pass contains the representations about the word and the context after that.

Combining these two sets of information produce the input for the next layer of

BiLM. One of the main reasons for selecting ELMo word technique is that despite

of being a new word embedding and context based technique, it can address the

problem of polysemy in toxic detection task. Basically polysemy means when a term

in a sentence have two different meanings. In such situation we can take advantage

of ELMo word embeddings because, The ELMo word representation is the weighted

summation of the raw word vectors and the two intermediate word vectors. Thus,

the assigned ELMo vector to a comment is a function of the whole sentence contain-

ing that word. This way, a specific term with two or more distinct meanings has

different embeddings.

The ELMo word embeddings can be used from either AllenNLP [77] or from

TensorflowHub [78]. One of the advantages of the ELMo word embedding is that it

is trained on a large text corpus of 5.5 billion words, and the smaller version had a

training set of about 1 billion words. ELMo has learned a lot of linguistic knowledge

and operate satisfactorily on large datasets. In this thesis, the ELMo embeddings

are generated separately using the AllenNLP library for the machine learning model

and then passed as the input to the model.



58

In this procedure, the cleaned data frame is tokenized and converted to a dic-

tionary with three fields: text, label, and tokens. Each array of tokens related to a

sentence is fed to the embed sentence function of the ELMo embedder and generates

a set of embedding for each token. The average of the representations made for each

token in a sentence is then calculated to have a single embedding for each sentence.

The figure 4.2 shows this procedure.

Figure 4.2: The process of generating ELMo word representation for machine learn-

ing algorithms

For the deep learning algorithms implemented using Tensorflow layers, the ELMo

embedding is called from Tensorflow Hub using two output versions: “default” and

“elmo.” The “elmo” version generates embeddings for each word in a sentence. This

output version is used for LSTM and BiLSTM models as they can process sequences

with different lengths. On the other hand, the “default” version is used in CNN and

Dense model as they need fixed length input. The “default” version provides the

average of all words ELMo embeddings in a sentence.
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4.3 Employed Classification Methods

In this section, the Classification models and their structure are briefly explained.

As mentioned before, the classification model are included deep learning models

and machine learning models. In addition an ensemble model is proposed over the

machine learning models.

4.3.1 Tree-based Machine Learning Algorithms

In this thesis, two tree-based learning algorithms, Decision Tree and Random Forest

are used to consider different machine learning algorithms. The Decision Tree is one

of the widely used supervised machine learning algorithms, as it can handle different

types of data (e.g., nominal, numerical, textual, and so on). This advantage is the

main reason for using Decision Tree in this detection task. The Decision Tree builds

a model where the data is continuously split according to specific parameters. The

algorithm starts with a root node and is divided into children nodes according to

a given set of rules. In this thesis, the “Gini” is used as the criterion because the

calculation of the “Gini” index is faster. The “best” option is to use for splitter

parameter in the decision tree model. The Random Forest model is composed of

multiple Decision Trees. The outcome of the Random Forest is based on the outputs

of the Decision Trees. In other words, by using the majority votes, it chooses the best

output as the final label for the input. The Random Forest reduces the overfitting

of datasets and increases precision. This is one of the main reasons that, in this

thesis, the random forest model is used. The key difference between the decision

tree and the random forest is that the random forest creates a random subset of
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features, which ensures low correlation among decision trees. The random forest

model accepts different parameters but the two important ones are “n estimators,”

which shows the number of decision trees used, and “criterion.” As for the number

of estimators in this thesis, 100 decision trees are used. Like the decision tree, the

“Gini” index is used for the criterion.

4.3.2 Multi Layer Perceptron

The Multi-Layer Perceptron (MLP) is chosen in this thesis as a neural-based machine

learning model. MLP is the development of a simple feed-forward neural network.

Given a set of features and a target, the MLP can learn a non-linear function ap-

proximation for either classification or regression [79]. The ability to learn non-linear

functions and models in real-time (online learning) is counted as the advantage of

the MLP. The MLP classifier provided by sklearn is a classifier that trains using

backpropagation. In this thesis, the MLP model is composed of a single layer with

100 nodes that is implemented by using the scikit-learn library.

4.3.3 Dense Model

A deeply connected neural network is called a Dense Model. Deeply connected means

that each dense layer takes their inputs from all the previous neurons. Each dense

layer performs a matrix-vector multiplication. This thesis uses three Dense layers

with 1024, 64, and 1 neuron. They can reduce the input size of numerous nodes to a

few nodes with weights that can be used to predict the input label. This is because

they are densely connected layers. Figure 4.3 shows the structure of the used model
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in this thesis.

Figure 4.3: The architecture of Dense model used in this thesis

As shown in the figure 4.3, the difference between our Dense architecture with

those in the literature, e.g., [80], [51], and [81] is in the number of layers and the

activation function. For instance, Madichetty et al. [80] used two-layer of dense,

while in this study, we used three dense layers with a different number of neurons.

Moreover, Madichetty et al. [80] used softmax as the activation function while we

used sigmoid as the activation function. Two other papers used only one dense layer

in their studies.

4.3.4 Convolutional Neural Network(CNN) Model

The CNN model has one or more convolutional layers. It has two layers that perform

the filtering operation. This configuration extracts more essential features from the

text. The most common use for CNNs is image classification. However, it can also

be used in the NLP field for speech recognition. This model can automatically detect

important features without any human supervision. The structure of the CNN used
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in this thesis is shown in figure 4.4.

Figure 4.4: The architecture of CNN model used in this thesis

As shown in figure 4.4, the model is created using two convolutional layers and

one dense layer. The text input feeds into an embedding layer which performs the

ELMo function on each sentence and then pass the output to the convolutional layers.

The kernel size for the first layer is 10 and for the second layer is 5.

Figure 4.5 shows the details of each layer of CNN model. As seen in the figure,

all the layers have the same number of neurons as mentioned in Dense layers so that

a better comparison can be performed.

4.3.5 Long Short Term Memory(LSTM) Model

The LSTM model is an updated version of Recurrent Neural Networks (RNN). It

uses two LSTM layers to perform the classification and memory blocks to keep the

record of the computations. This can help the model to understand the semantic
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Figure 4.5: The details of CNN’s architecture parameters

patterns of historical input data and use them in the currently processed data. The

structure of the implemented LSTM model in this thesis is shown in figure 4.6.

Figure 4.6: The structure of LSTM model used in this thesis

As depicted in figure 4.6, The textual inputs are fed to the embedding layer, and



64

the generated ELMo embedding is passed to as the input of the two LSTM layers.

The output of the second LSTM layer is transmitted through a dense layer with a

sigmoid activation function to provide the final label for each sentence.

Figure 4.7: The parameter details of LSTM’s architecture

Figure 4.7 shows the parameter details of the LSTM model. As it is seen, the

input layer has 1024 nodes. The four other hidden layers, two LSTM layers, and two

dropout layers. The two LSTM layers have 128 and 64 nodes. A similar number of

nodes is also considered for the dropout layers. The learning rate that is used in this

model is 0.0002.

4.3.6 Bidirectional Long Short Term Memory(BiLSTM)

Model

We use BiLSTM as the development of the LSTM model, the BiLSTM model. It

contains the bidirectional LSTM layers, which process the training data in two di-

rections, forward and backward, and pass to LSTM hidden layer. Then the results
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Figure 4.8: The structure of BiLSTM model used in this thesis

are combined by a shared output layer. As shown in figure 4.8, this model uses two

biLSTM layers followed by a dense layer with sigmoid activation function.

Figure 4.9: The details of BiLSTM model’s parameters

Figure 4.9 shows the structure of the BiLSTM more detail. The input layer with

1024 nodes is followed by four hidden layers. As mentioned above, each BiLSTM

layer is followed by a dropout. The first set of BiLSTM and dropout layers have 256

nodes, and the second set have 128 nodes. Same as the LSTM model the learning

rate is 0.0002.
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4.3.7 Ensemble Model

As the second objective of this thesis, we evaluate the performance of an ensemble

model using ELMo word embedding over the base learners and deep learning models.

The ensemble model selected for this task is the stacking model that is combined

with ELMo word embeddings. The stacking model learns how to best combine the

predictions from multiple existing models. The stacking mainly differs from two

other ensemble models, bagging and boosting, in two ways. First stacking often con-

siders heterogeneous weak learners, whereas bagging and boosting use homogeneous

weak learners. Second is the stacking structure which learns to combine the base

models using a meta-learner while bagging and boosting use weak learners follow-

ing deterministic algorithms. These are the main reasons for choosing the stacking

model instead of bagging and boosting. There are also two other types of ensemble

models which are blending and voting. The reason behind selecting stacking over

these two is that the voting has a very easy architecture and in this thesis we want to

experiment more complex architecture for the ensemble model. Moreover, by using

the voting we cannot find which classifier is more reliable, while stacking ensemble

model learn which classifier is more reliable. Another reason is that in the voting

the user will specify the weights to combine the models, while in stacking the base

learners are combined using a meta learner and create stack models. The blending

ensemble model is also a subtype of stacking model and we used the stacking model

which is more general over blending. As mentioned above, the architecture of the

stacking model includes two general components: the base learners and the meta

learners. Figure 4.10 shows this thesis’s proposed stacking ensemble model.

As shown in the figure 4.10, the ELMo embeddings are fed to three base learners:
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Figure 4.10: The structure of proposed stacking model

the random forest, MLP, and the decision tree. The data is divided into two portions:

Train data and Test data. The train data used to train each base learner. The test

data is applied to the trained base models, and the pair of predictions and the

expected outputs extracted from the train data form the training set for the meta

learner. The selected meta-learner for this thesis is logistic regression. The reason

behind this selection is the argument presented by Wang et al. [82] which is the

meta-learning can use gradient descent to have efficient parameters in parameter

space, and logistic regression can change the maximum likelihood estimation to a

minimum unrestricted optimization problem.



Chapter 5

Performance Evaluation and Result

Analysis

In this chapter, the results from the deep learning models and machine learning

models are compared with the results provided by Dessi et al. [18]. Moreover, the

accuracy of the proposed stacking model is compared with the accuracy of the base

learners and deep learning models. The structure of this chapter is as follows; first, a

brief description of the used dataset is provided, and then the experimental setup is

elaborated. Next, the evaluation metrics used in this thesis are described, and then

the results of this research work are explained. Finally, the analysis of the results

and a comparative evaluation are presented at the end.

5.1 Dataset Description

The Kaggle website introduces competitions with rich datasets collected by well-

known companies such as Google, Meta, etc. These datasets are not only used in

68
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the defined competitions by Kaggle but are also they are used in other research

works as the primary datasets. In this thesis, one of the well-known datasets for

toxic comment detection from Kaggle is used. This dataset is from the Conversation

AI team, a research initiative founded by Jigsaw and Google, working on tools to

help improve the online conversation. One of the areas that they concentrate on is

the study of negative online behaviors, like toxic comments. The dataset contains

the comments from Wikipedia’s talk page edits. The dataset is manually labeled

with six labels: toxic, severe-toxic, obscene, threat, insult, and identity-hate. It is

composed of more than 200K comments. The original dataset contains both train

and test files, but given that in this thesis we perform a comparative evaluation task,

the used dataset is the one that is provided by [18]. The presented dataset by [18]

is a balanced dataset for each toxicity class where the number of positive examples

equals the number of negative ones. The number of comments in each category for

the balanced datasets is shown in Table 5.1

Dataset Toxic Severe Toxic Obscene Threat Identity Hate Insult

Num. of Records 42768 3924 24280 1378 22608 4234

Table 5.1: Distribution of six classes

5.2 Experiment Setup

In order to have a fair comparison with the baseline paper published by Dessi et

al. [18], in this thesis the experimental setup is used same as what is stated in the
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baseline paper. Thus, the experiments were run on 5-fold cross-validation. Moreover,

the 5 folds showed better results in terms of computational time and memory usage.

The selected batch size for each model is 8 in order to avoid noise in gradient.

The models are trained in 5 epochs because this number of epoch was fair in order

to avoid over fitting of the models. A binary cross-entropy is chosen as the loss

function. The optimizer is Adam, with the library’s default learning rate of 0.002.

To implement the ML algorithms, the Scikit-learn library is used. All the other

parameters are based on the model’s performance and previous experiences in the

competitor’s work. The experiments were conducted on Google Colab GPU with

High RAM of 26 GB memory.

5.3 Experimental Results and Result Analysis

This section discusses the results of our experiments. The results are divided into

three tasks. Each task has three tables that contain the results of the baseline

paper [18] and current research results on precision, recall, and F1 score. In the

first task, Dessi et al. [18] compared the effect of TF-IDF word embedding on three

ML models. In this study, the impact of ELMo word embedding is evaluated on

three machine learning models and compared with the effect of TF-IDF. The second

task is to assess the impact of ELMo word embedding on four deep learning models

and compare it with the impact of Mimicked Word2Vec and BERT model, which

are the results from the baseline paper. It is worth mentioning that, since Dessi et

al. [18] used three different versions of Word2Vec(pretrained, domain-trained, and

Mimicked) and based on their result analysis, the mimicked Word2Vec achieved the
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best results. Hence, the results of this study are compared against the Mimicked

Word2Vec. In the third task, we evaluate the effect of ELMo word embedding on the

proposed stacking model, and compared with the combination of ELMo and deep

learning and machine learning models. As the precision and recall are two numbers

for evaluating the performance of the classification, they may not have unit, but if

the obtained results in this thesis multiplied by 100, the results will be presented in

terms of percentage. Below is a more in detail analysis of each task.

5.3.1 Task 1: Result Analysis on Tree-based and Neural-

based Models

The first task is related to comparing the effect of ELMo on machine learning models

with the outcome of TF-IDF on the same models. Three ML models are used for

this task: Decision Tree, Random Forest, and MLP. Two of them are tree-based

models, and one of them is a neural-based model. The results are compared based

on precision, recall, and F1-score.
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Model Feature Toxic Severe Toxic Obscene Threat Identity Hate Insult

Decision

Tree

TF-IDF 0.859 0.847 0.926 0.917 0.819 0.887

ELMo 0.661 0.751 0.690 0.749 0.838 0.701

Random

Forest

TF-IDF 0.860 0.888 0.945 0.954 0.847 0.929

ELMo 0.800 0.890 0.821 0.865 0.861 0.822

MLP
TF-IDF 0.849 0.913 0.884 0.914 0.889 0.871

ELMo 0.855 0.901 0.891 0.937 0.902 0.872

Table 5.2: Comparison of precision of ELMo against TF-IDF using three basic ML

algorithms on six different datasets

Figure 5.1: Comparison of ELMo based on precision metric using ML models.

As shown in table 5.2, the TF-IDF has better results on the decision tree and

random forest model. In terms of precision, ELMo outperforms TF-IDF only when



73

combined with the MLP model on precision. The reason behind it could be the

structure and functionality of the tree-based models. The tree-based models split

features of a dataset and predict the labels in the leaf nodes. As a result, the tree-

based models can perform better as more features are splitted regarding an attribute.

In this case, the only component of the dataset is the text of comments that converts

to word representations. This way, the tree-based models do not get to use many

attributes; however, they are still be able to calculate how much the representations

are correlated to the labels.

Model Feature Toxic Severe Toxic Obscene Threat Identity Hate Insult

Decision

Tree

TF-IDF 0.855 0.947 0.929 0.891 0.927 0.891

ELMo 0.657 0.770 0.691 0.791 0.820 0.690

Random

Forest

TF-IDF 0.856 0.940 0.834 0.897 0.911 0.851

ELMo 0.718 0.855 0.760 0.821 0.890 0.752

MLP
TF-IDF 0.857 0.918 0.895 0.916 0.897 0.880

ELMo 0.859 0.927 0.871 0.921 0.978 0.895

Table 5.3: Comparison of recall of ELMo against TF-IDF using three basic ML

algorithms on six different datasets.

The table 5.3 shows the obtained results in terms of recall. Similar to what is

displayed in the table 5.2, the combination of ELMo with the MLP show better results

than the combination of TF-IDF with other machine learning models. Overall, the
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Figure 5.2: Comparison of ELMo based on recall using ML models.

tree-based models worked better with TF-IDF word embeddings. The one exception

is that the combination of ELMo and MLP underperforms slightly compared to TF-

IDF on the Obscene dataset. The comparison between the combination of ELMo

and three basic ML models have been shown in figure 5.2.

As described in section 4.3, the f1 score offers the best of both recall and pre-

cision. Table5.4 presents the reported values for f1 score from [18] for the TF-IDF

and the obtained f1 score in this study for the ELMo word embeddings. In general,

the obtained f1 scores for the combination of ELMo and MLP have about 1% im-

provements over the combination of the same model with TF-IDF. But for the two

other models, the Identity Hate dataset shows the same or better results when the

generated ELMo word embeddings are fed to the Random Forest.

5.3.2 Task 2: Result Analysis of Deep Learning Models

In the second task, the effect of feeding ELMo word embeddings to deep learning

models is compared to the results from the baseline study [18]. As mentioned before,
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Model Feature Toxic Severe Toxic Obscene Threat Identity Hate Insult

Decision

Tree

TF-IDF 0.857 0.894 0.928 0.903 0.869 0.889

ELMo 0.670 0.761 0.700 0.783 0.841 0.719

Random

Forest

TF-IDF 0.858 0.913 0.913 0.924 0.877 0.888

ELMo 0.761 0.871 0.791 0.846 0.879 0.790

MLP
TF-IDF 0.853 0.915 0.889 0.913 0.893 0.876

ELMo 0.860 0.918 0.901 0.929 0.881 0.883

Table 5.4: Comparison of F1-score of ELMo against TF-IDF using three basic ML

models on six different datasets.

the baseline results compare the effect of BERT and Word2Vec on the same deep

learning models, and between the three versions of the Word2Vec that they used. It

showed that the mimicked one offers a better results. In the following, three tables

are provided to show the obtained results in this study and the reported results based

on the performance metrics of precision, recall, and f1 score.
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Model Feature Toxic Severe Toxic Obscene Threat Identity Hate Insult

Dense

Model

Mimicked 0.868 0.926 0.880 0.933 0.881 0.873

BERT 0.828 0.912 0.844 0.867 0.874 0.841

ELMo 0.838 0.845 0.891 0.801 0.861 0.879

CNN

Model

Mimicked 0.836 0.886 0.856 0.927 0.860 0.847

BERT 0.801 0.899 0.819 0.842 0.824 0.831

ELMo 0.874 0.912 0.859 0.900 0.888 0.860

LSTM

Model

Mimicked 0.895 0.941 0.928 0.953 0.887 0.916

BERT 0.866 0.927 0.889 0.916 0.880 0.874

ELMo 0.681 0.962 0.943 0.970 0.943 0.961

BiLSTM

Model

Mimicked 0.910 0.939 0.929 0.941 0.902 0.920

BERT 0.875 0.933 0.892 0.913 0.900 0.889

ELMo 0.680 0.951 0.944 0.974 0.951 0.937

Table 5.5: Comparison on the precision of ELMo against BERT and mimicked

Word2Vec using DL models and the proposed stacking model on six different

datasets.

The effect of ELMo word embeddings on the four different deep learning models
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is presented in table 5.5. In a nutshell, the proposed combination of ELMo with

deep learning models outperforms mimicked Word2Vec or BERT word embeddings

for the same deep learning models. Specifically, in the LSTM model, using ELMo

word embeddings improved precision with a minimum of 2% and a maximum amount

of 5%. However, the ELMo model does not perform very well on the Toxic dataset

among all the models. As mentioned before, the pre-processing steps did not act on

these datasets because the punctuations and stop words affect the semantics of the

sentence. Since the Toxic dataset is the largest, having more irrelevant words are

unavoidable. Hence, these results are the consequent of having more stop words such

as “the,” “is,” in the Toxic dataset.

Table 5.7 displays the results in terms of recall metric. As shown, the combination

of ELMo with DL models has better results than BERT and mimicked Word2Vec in

most categories of the models. Similar to the precision metric, the ELMo does not

perform well in the Toxic dataset, but it surpasses the aggregation of BERT and DL

models in this specific dataset. With a closer look, feeding ELMo word embeddings

to deep learning models has about a minimum 1% and maximum 4% improvement

in recall when compared to the reported results by[18].
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Model Feature Toxic Severe Toxic Obscene Threat Identity Hate Insult

Dense

Model

Mimicked 0.844 0.914 0.877 0.932 0.882 0.857

BERT 0.817 0.917 0.821 0.891 0.865 0.827

ELMo 0.905 0.929 0.871 0.970 0.920 0.890

CNN

Model

Mimicked 0.865 0.919 0.870 0.918 0.879 0.849

BERT 0.812 0.911 0.832 0.872 0.842 0.821

ELMo 0.857 0.920 0.863 0.899 0.884 0.880

LSTM

Model

Mimicked 0.938 0.966 0.938 0.962 0.946 0.948

BERT 0.851 0.932 0.861 0.899 0.895 0.870

ELMo 0.889 0.949 0.952 0.951 0.982 0.952

BiLSTM

Model

Mimicked 0.921 0.963 0.945 0.944 0.934 0.935

BERT 0.841 0.941 0.852 0.900 0.857 0.866

ELMo 0.869 0.984 0.959 0.953 0.971 0.960

Table 5.7: Comparison of recall of ELMo against BERT and Mimicked Word2Vec

using DL model and the proposed stacking model on six different datasets
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Model Feature Toxic Severe Toxic Obscene Threat Identity Hate Insult

Dense

Model

Mimicked 0.844 0.914 0.919 0.931 0.880 0.863

BERT 0.855 0.917 0.913 0.877 0.855 0.83

ELMo 0.905 0.929 0.946 0.970 0.880 0.880

CNN

Model

Mimicked 0.865 0.919 0.901 0.922 0.869 0.847

BERT 0.812 0.911 0.904 0.849 0.832 0.826

ELMo 0.857 0.920 0.918 0.881 0.883 0.870

LSTM

Model

Mimicked 0.916 0.966 0.953 0.957 0.914 0.931

BERT 0.858 0.932 0.929 0.907 0.886 0.872

ELMo 0.760 0.949 0.955 0.960 0.961 0.970

BiLSTM

Model

Mimicked 0.915 0.963 0.951 0.940 0.916 0.927

BERT 0.856 0.941 0.937 0.905 0.874 0.877

ELMo 0.760 0.980 0.970 0.960 0.960 0.950

Table 5.6: Comparison of ELMo against BERT and Mimicked Word2Vec based on

F1-score using DL models on six different datasets.

Table 5.6 showed the f1 score results from the DL perspective. Based on what is

achieved in this experiment, the BiLSTM model, which has a complex architecture,
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gets the best results in combination with ELMo. This combination has outdone the

others with a minimum improvement of 2% and a maximum improvement of 4%.

It is interesting to observe that the combination of ELMo with the Dense model

has the best results against BERT and Mimicked word2vec word embeddings in

all six datasets. This combination obtains the same result as the combination of

the Dense model and Mimicked word2Vec just on the Identity hate dataset, which

is still the highest outcome for this dataset. Again, ELMo does not provide good

representations for the Toxic dataset.

5.3.3 Task 3: Result Analysis on Effect of ELMo on Stack-

ing, Deep Learning, and Machine Learning Models

The last task is to report the results of the proposed stacking model and compare

them with the obtained results of ELMo and the deep learning and machine learning

models. As mentioned before, the stacking model is a stack for the provided machine

learning models, the Decision Tree, Random Forest, and MLP, with a meta-learner

for choosing the final predictions.
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Model Toxic Severe Toxic Obscene Threat Identity Hate Insult

Decision Tree 0.661 0.751 0.690 0.749 0.838 0.701

Random Forest 0.800 0.890 0.821 0.865 0.861 0.822

MLP 0.855 0.901 0.891 0.937 0.902 0.872

Dense Model 0.838 0.845 0.891 0.801 0.861 0.879

CNN Model 0.874 0.912 0.859 0.900 0.888 0.860

LSTM Model 0.681 0.962 0.943 0.970 0.943 0.961

BiLSTM Model 0.680 0.951 0.944 0.974 0.951 0.937

Stacking Model 0.861 0.936 0.902 0.943 0.900 0.884

Table 5.8: Comparison of the effect of ELMo on machine learning, deep learning

and the proposed stacking model based on precision on six different datasets

Table 5.8 shows the results of ELMo on all the used models in this thesis and the

effects of feeding ELMo word embeddings to an ensemble model, which is a stacking

model in this case in terms of precision. Although the results od the proposed

stacking model’s results do not outperform other deep learning models, they showed

better performance than the base learners. As discussed earlier, the best combination

with ELMo among the machine learning models is the combination with MLP. The

precision of the stacking model with MLP is improved when feeding ELMo word

embeddings to a stack of base learners. On the other hand, having a closer look at
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the results, the deep learning models still have better results, specifically, the LSTM

and BiLSTM models.

Model Toxic Severe Toxic Obscene Threat Identity Hate Insult

Decision Tree 0.657 0.770 0.691 0.791 0.820 0.690

Random Forest 0.718 0.855 0.760 0.821 0.890 0.752

MLP 0.859 0.927 0.871 0.921 0.978 0.895

Dense Model 0.905 0.929 0.871 0.970 0.920 0.890

CNN Model 0.857 0.920 0.863 0.899 0.884 0.880

LSTM Model 0.889 0.949 0.952 0.951 0.982 0.952

BiLSTM Model 0.869 0.984 0.959 0.953 0.971 0.960

Stacking Model 0.881 0.908 0.894 0.941 0.895 0.901

Table 5.9: Comparison of effect of ELMo on machine learning, deep learning and

the proposed stacking model based on recall on six different datasets.

As shown in table 5.9, the best results in terms of recall mostly are toggling

between the dense model, BiLSTM model, and LSTM model. Again, the results

of the stacking model do not surpass all other models, but it showed better results

compared to the base learners in most cases. The MLP, as one of the base learners,

achieved better results than the ensemble model in Sever Toxic and Identity Hate

dataset. The stacking ensemble model obtained better results than the CNN model
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among the deep learning models.

Model Toxic Severe Toxic Obscene Threat Identity Hate Insult

Decision Tree 0.670 0.761 0.700 0.783 0.841 0.719

Random Forest 0.761 0.871 0.791 0.846 0.879 0.790

MLP 0.860 0.918 0.901 0.929 0.881 0.883

Dense Model 0.905 0.929 0.946 0.970 0.880 0.880

CNN Model 0.857 0.920 0.918 0.881 0.883 0.870

LSTM Model 0.760 0.949 0.955 0.960 0.961 0.970

BiLSTM Model 0.760 0.980 0.970 0.960 0.960 0.950

Stacking Model 0.865 0.922 0.910 0.940 0.898 0.890

Table 5.10: Comparison of effect of ELMo on machine learning, deep learning and

the proposed stacking model based on F1 score metric on six different datasets

The last table, table 5.10 shows the f1 score of all the models used in this study

using the ELMo word embeddings. This table presents the average results of the

third task, as it contains the f1 score. In general, the stacking ensemble model

has better f1 score results than the used base learners in this ensemble model with

an improvement of a maximum of 2%. Moreover, it outperforms the Dense and

CNN models applied to Identity Hate dataset. Interestingly, the proposed stacking

model achieved the best results after the dense model was used on the Toxic dataset
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compared to all other models.



Chapter 6

Discussion

In Chapter 4, the experimental results are reported in three tasks, where each task

presented related results in three tables. Each table was analyzed in the result

analysis section. In this chapter, all the tables are compared against each other.

6.1 Comparative Evaluation and Discussion

Looking closely at the recall and precision tables in chapter 4, the results obtained

on recall are symmetrically better than precision ones in the combination of ELMo

embeddings and all the ML, the DL, and the proposed stacking models. Based on

the definition of precision and recall, higher recall means that the model predicts

the most relevant results, and higher precision means that the model returns more

relevant results than the irrelevant ones. In other words, based on the definition of

False Positive and False Negative, described in section 4.3, predicting a false negative

has a much more significant impact than having a false positive in cyberbullying

detection because the false negatives in cyberbullying detection mean the bullying
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comments are predicted as the non-bullying ones. In contrast, the false positives

mean the non-bully instances are predicted as bullying contents. Cyberbullying

detection aims to find and predict the correct bullying instances and prevent the

occurrence. Therefore, if the model predicts the bully instances as the non-bully

ones, the damage is more significant. Thus, lower false negatives can help better

recall due to the nature of this thesis.

By comparing table 5.4 with table 5.10 precisely, it is worth mentioning that the

combination of TF-IDF with Random Forest shows close results to the combination

of ELMo word embedding to CNN model. This can pull up a dilemma in word

embedding and classifier choice. Of course, in these cases, considering conditions

such as the scope of the problem and the resources will be essential. In this thesis,

the results of ELMo with CNN show better performance even with 1% improvement.

Based on what is presented in table 5.10, it is interesting to mention that the

results of the BiLSTM model have about 3% improvement over the LSTM model

in some of the categories, whereas in table 5.6, the results for BERT and Mim-

icked Word2Vec using BiLSTM is either the same when these embeddings are fed

to the LSTM model or they have about 1% improvement over LSTM model. The

LSTM-based structure of the ELMo word embeddings could be a reason behind this

performance.

The results of ELMo on Dense, LSTM, and BiLSTM models are better than Mim-

icked Word2Vec and BERT. Although authors stated in[18] that the Dense model

had the worst results among the other deep learning models, in this study, we found

out that the combination of the Dense model with ELMo improves the outcomes

against the combination of this model with BERT, and mimicked Word2Vec.
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The other finding of this thesis relates to comparing stacking model results and

the profound learning model results. Surprisingly, the combination of BERT with all

of the deep learning models performed a combination of ELMo and stacking model

in most cases. Moreover, compared to the CNN model, the stacked ensemble model

performed very well in all categories.

From the results, this can be inferred that the TF-IDF algorithm is a good choice

as a word embedding for resources to be parsed with ML models such as Random

Forest and Decision Tree. Moreover, the results suggest that ELMo word embeddings

could be a good choice for ML algorithms which has a neural network-based, such

as MLP. Because the structure of ELMo word embeddings is based on a two-layer

bidirectional language model with two passes, forward pass and backward passes,

that solves the problem of polysemy in word representation. Surprisingly, between

BERT and ELMo embeddings, BERT performs worse on this task. The authors

in [18] think the reason that caused BERT’s undesirable results is that assigning a

different embedding to the same word is confusing to the training of the DL models.

However, as mentioned above, the strength of ELMo is that it can take the entire

input sentence into an equation when calculating the word embeddings. Therefore,

the selected word would produce different ELMo vectors in other contexts.

As discussed, the ELMo word embeddings are fed to a stacked ensemble model,

which is implemented using three base learners: Random Forest, Decision Tree, and

MLP. Comparing the results of the combination of ELMo with this stacking model

against the combination of TF-IDF with the three base learners showed that the first

combination of feeding the ELMo word embeddings to a stacking model performs

better than feeding TF-IDF to each base learner.This is an intriguing clue because



88

the combination of ELMo with each base learner was not more effective than the

combination of TF-IDF with the same models while applying the stacking ensemble

model to reverse the results. This means that word embedding does not have much

effect in this case, but what is decision maker is the choice of the classifier.

Figure 6.1: The heat map of f1 scores for all the combinations of word embeddings

and classifiers

Looking closely at the figure 6.1, overall, the best combination of word embed-

ding technique and classifier belongs to a combination of BiLSTM and ELMo word

embeddings with f1 score of 0.98 on the severe toxic dataset. In addition, the second

rank also feeds the ELMo word embeddings to deep learning models such as BiL-

STM, Dense, and LSTM with f1 scores of 0.97. Even the proposed stacked ensemble

model cannot outperform the deep learning models. Moreover, the reported results

by [18] for the combination of BERT and Mimicked Word2Vec did not perform better
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than proposed in this thesis. This means that in this problem, the ELMo word em-

beddings were more effective on the detection systems than the BERT or Mimicked

Word2Vec word embeddings.

6.2 Limitations

Having all the benefits that the ELMo presented in this problem, it had some limi-

tations, too, which are listed below.

• Although passing ELMo word embeddings to the classifiers caused outperform-

ing of the detection system against using other word embeddings techniques,

generating the ELMo word embeddings needs more computational resources

because for generating the ELMo word embeddings, the whole sentence is con-

sidered not word-by-word. Hence, applying the ELMo word embeddings on

massive datasets with lengthy sentences is not wise.

• As mentioned, the ELMo technique is a context-based word embedding method,

which is why this method is not a good fit for applications that only consider

words or phrases. The context of the sentence is not easily available.



Chapter 7

Conclusion and Future Work

7.1 Conclusions

Information and Communication Technology (ICT) has eased today’s life in many

aspects. Mainly, talking, writing, and sending images and other types of people

exchange of information is now formed based on communications using the modern

internet opportunities. Yet, many people are still worried about hazards from ICT,

including fake news, insults, harassment, and, more in general, comments that may

hurt someone’s feelings. These toxic contents may be in different forms like texts,

online chats, emails, speeches, or even images or clips on all social media platforms.

Cyberbullying is connected to the aforementioned issues that usually have a long-

lasting impact on the minds of the assaulted people leading to suicide in some cases.

To avoid this drawback of ICT, it is important to automatically design, implement

and evaluate various techniques to detect cyberbullying from social media content

using machine learning and deep learning approaches.

Through the thesis, we developed three main workflows. First, the effect of
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ELMo word embeddings on different Machine learning and deep learning algorithms

are evaluated against the impact of TF-IDF, Mimicked Word2Vec, and BERT on

the same learning models. Second, an ensemble model using three machine learning

models as the base learners and ELMo word embeddings as the input is proposed.

Third, the impact of ELMo on the proposed ensemble model is also evaluated against

all the single learning models. The results of the effect of TF-IDF, BERT, and

Word2Vec word embedding are reported by Dessi et al. [18].

Machine learning techniques are fundamental in any data analysis research work.

In this thesis, as the first task, three machine learning algorithms, Decision Tree,

Random Forest, and MLP, are examined for the machine learning model. More-

over, four deep learning models used Dense, CNN, LSTM, and BiLSTM for another

comparison task.

As the second task of this thesis, the performance of the proposed ensemble model

using ELMo word embedding is evaluated over the base learners and deep learning

models. We selected the stacking model to perform this task. The stacking model

learns how to best combine the predictions from multiple existing models. According

to our achievements, the proposed stacking model outperforms the base learners.

The ELMo embeddings are generated separately using the AllenNLP library and

then passed as the input to the model. The cleaned data frame is tokenized and

converted to a dictionary with three fields: text, label, and tokens. Each array of

tokens related to a sentence is fed to the embed sentence function of the ELMo

embedder and generates a set of embedding for each token in the tokens. The

average of the representations made for each token in a sentence is then calculated

to have a single embedding for each sentence. For the deep learning algorithms
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implemented using Tensorflow layers, the ELMo embedding is called from Tensorflow

Hub using two output versions: “default” and“ elmo.” The“ elmo” version generates

embeddings for each word in a sentence. This output version is used for LSTM and

BiLSTM models to process sequences with different lengths. On the other hand,

the“ default” version is used in CNN and Dense model as they need fixed length

input. The“ default” version provides the average of all words ELMo embeddings

in a sentence. The evaluation metrics used in this thesis are Precision, Recall, and

F1 score.

Toward a comprehensive evaluation, the following experiments and configurations

were used. The experiments were run on 5-fold cross-validation, and the selected

batch size for each model is 8. The models are trained in 5 epochs, and a binary

cross-entropy is chosen as the loss function. The optimizer is Adam, with the library’s

default learning rate of 0.002. To implement the ML algorithms, the Scikit-learn

library is used. All the other parameters are based on the model’s performance and

previous experiences in the competitor’s work. The experiments have been done on

Google Colab GPU with High RAM of 26 GB memory.

The experimental results and analysis have been elaborated in detail in previous

sections in different scenarios, including analysis of ML models, DL models, and the

effect of ELMo on Stacking, Deep Learning, and Machine Learning Models. The

results are tabulated in the thesis. From the results, this can be inferred that the

TF-IDF algorithm is a good choice as a word embedding for resources to be parsed

with ML models such as Random Forest and Decision Tree. Moreover, the results

suggest that ELMo word embeddings could be a good choice for ML algorithms

which has a neural network-based, such as MLP, because the structure of ELMo



93

word embeddings is based on a two-layer bidirectional language model which has

two passes, forward pass, and backward pass, which solves the problem of polysemy

in word representation. Surprisingly, between BERT and ELMo embeddings, BERT

performs worse on this task. The reason may be that BERT’s undesirable results

were assigning a different embedding to the same word is confusing to the training

of the DL models. However, as mentioned above, the strength of ELMo is that

it can take the entire input sentence into an equation when calculating the word

embeddings.

7.2 Future Work

The following is a list of future works that should be studied in the future:

• Consider the effect of ELMo word embedding on the highly imbalanced datasets

and test the balancing methods such as SMOTE on the dataset.

• Apply the ELMo word embeddings in combination with other ensemble models

such as bagging, boosting, and etc., and compare the results with the current

stacking model.

• Consider the use of the proposed approach in incremental learning. In other

words, train the ELMo model on streaming data, and feed the generated em-

beddings on the models. This can be done using the “River” library.
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