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Abstract

Nowadays in the age of technology, a tremendous amount of data is being generated online and
offline every day. Likewise, so many people today are sticking to the internet using
telecommunications equipment to keep up with their public relations and other global
disclosures. Meanwhile, misinformation or fake news generators have been working to get more
reputation in the mind of their followers by monetizing their content through splashy headlines,
and body by sharing virally. Because of that, identifying fake news is an extremely difficult
challenge for the news industry and journalists, and the tools for doing so have become critically
important. So, to handle this problem stance detection is needed to verify the veracity of the
news. Stance Detection is a task to automatically identify whether a particular news headline
“Agrees” with, “Disagrees” with, “Discusses,” or is Unrelated to a particular news article.
Which is if the news headline is defined to be “unrelated” to the news article, it indicates a high
probability of the news being “Fake”. So, in this study, we proposed to utilize the Deep (LSTM
and BILSTM) and Machine (Logistic Regression and Random Forest Classifiers) learning
algorithm/model with different feature extraction on Afaan Oromo News Stance Detection.
Because, feature extraction is useful to reduce dimensions and get the best feature from the
dataset by selecting and combining variables into features, thus, effectively reducing the amount
of data. Besides, in this study, we have used a newly collected and annotated, eight hundred and
eighty (880) pair of headline and body of Afaan Oromo News Dataset, and around 2M
unannotated Afaan Oromo News Domain words are used to develop pre-trained word
embedding model. Also, the text preprocessing activities of normalization, tokenization, text
cleaning, and stop word removal were just a few of the NLP tasks that were carried out in this
work. In our experimentation, we built a FastText embedding model from collected corpus, and
it shows high accuracy than one hot encoding. Finally, the result of our Deep and Machine
Learning models is compared and BILSTM has great accuracy with 75% accuracy, 76%
precision, and 75% fl-score and Random Forest Classifiers have got 70% accuracy, and 68%
precision, and 67% f1-score.

Keywords: Stance Detection, Machine Learning, Deep Learning, Afaan Oromo
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Chapter One: Introduction

This chapter is the introduction part of this thesis report which comprises the background, the
motivation behind this study including a statement of the problem, research questions to be
answered, the significance of the study, objective of the study to be achieved, scope, limitations,
and organizations of the thesis.

1.1 Background of the Study

Different natural language applications, including speech recognition, sentiment analysis, fake
news identification, extremism detection, document classification, and other related NLP
applications, are now oversimplified by natural language processing (NLP), machine learning
(ML), and deep learning [1].

According to the 2021 World Bank statistics report, Ethiopia is one of the most populous nations
having more than 117 million population in Africa next to Nigeria [2], and it is a multilingual
and multi-ethnic country. Also, the Oromo people are the largest ethnic group in Ethiopia and
make up the third-largest single nationality group in Africa and have a population of about more

than 40 million people in Ethiopia [3].

Afaan Oromoo is an Afro-Asiatic language that is Cushitic in its origin. The Oromo people and
other nearby ethnic groups in the Horn of Africa speak it mostly. About 85% of Oromo speakers
live in Ethiopia, mainly in the Oromia region. In Ethiopia, it is the language that is most
extensively used. After Arabic, Hausa, and Swahili, it is the fourth most frequently spoken
language in Africa and the most extensively spoken Cushitic language. More than a further half
million live in portions of northern and eastern Kenya. Other African nations like Tanzania,
South Africa, Uganda, Libya, Egypt, and Sudan also have smaller populations of emigrants who
speak it there. Significant numbers of people from other ethnic groups that interact with the
Oromo also speak it as a second language, such as the Nilo-Saharan-speaking Kwama in

northwest Oromia and the Omotic-speaking Bambassi.

Likewise, the Qubee Afaan Oromo Latin script is used to write Afaan Oromo, the mother tongue
language of the Oromo ethnic group [3]. Currently, Afaan Oromo serves as the official language

of Oromia, the largest regional state among Ethiopia's present federal states. Since it is an official



language, primary and junior secondary schools in the area also use it for instruction [4]. At
some universities in the Oromia regional state, it is also a field of specialization at the diploma,

bachelor's degree, and master's degree levels [3].

The invention of the internet in the ‘90s has changed the day-to-day life of humans forever. In
today’s world especially in Ethiopia, the internet plays a critical role in all aspects of life, last
decade, internet usage grew exponentially. For example, DataReportal [5] estimates that as of
July 2022, there would be 4.7 billion social media users worldwide, 29.83 million of whom are
from Ethiopia. This statistic highlights the global social media networks' and users' rapid growth.

Particularly, Facebook is the most popular social media site worldwide, including in Ethiopia.

As internet usage grew exponentially; at the same time, security breaches also increased at an
alarming rate now across the world. Therefore, as the threat and pattern have been varying
dynamically, it has become impossible to predict such a risk using conventional or heuristic
methods that were used in the past. As the result, it affects the way people are socially
interconnected, use information, communicates, interact and opinionize. So, to address dynamic
threats in security, many researchers proposed various new models to dynamically find unusual
behaviors on the internet or social media and help the systems take appropriate actions to stop
security breaches.

Correspondingly, today Fake News is one of the greatest security threats [6]. According to [7]
paper Fake News has emerged as a threat to excellent journalism and informed public dialogue
and it is defined as made-up stories published in forms like those of traditional real news that is
created with the purpose to deceive. Also, the phrase "Fake News" is used to describe
manufactured news or propaganda that spreads false information through both traditional and
non-traditional media outlets, including print, television, and social media [8]. Similarly, Fake
news is deliberate misinformation fabricated with intention of deception, misleading, grabbing
attention, or even a financial and political gain. Additionally, the main reasons for disseminating
such information are to deceive the reader, harm the reputation of a third party, or profit from
sensationalism. Likewise, as a result, it has increased political polarization and partisan conflict

in some countries.

Many Researchers had done a lot using tools like artificial intelligence (Al) and natural language

processing (NLP) techniques to create systems that might quickly identify Fake News.
2



Nevertheless, identifying fake news is a difficult process to do since models must summarize the
news and contrast it with the real news to label it as fake. Furthermore, it's a difficult task to
compare the proposed news with the actual news because both are very subjective and
opinionated.

So, to overcome these challenges stance detection or identification is the primary method that is
used for detecting fake news in the experimental model. Stance Identification is a distinct
method of identifying fake news. Similarly, Stance Detection is the process of automatically
detecting the relationship between two pieces of text. Its ways of determining the relationships
between headline and body of the text from a news article [7]. But if any relationship exists
between them there are four possible classifications:

1. The article's body of text Agrees with the headline.

2. The article's body of text Disagrees with the headline.

3. The article's body of text Discusses with the headline.

4. The article's body of the text is unrelated to the headline (i.e., it doesn't deal with the

same subject).

Also, Figure 1.1 shows the classification of stance by comparing the headline and body pair of
the news article and classifies the pair as related or unrelated, and the related pair is further
classified into agrees, disagree, and discuss. The related one detailed classification and unrelated
is broad. Also, stance detection is the foundation for various tasks, such as analyzing online
debates, determining the authenticity of rumors on Twitter, and understanding the argumentative

structure of persuasive essays.

Therefore, the stance is one of the most significant indicators of news veracity or authenticity. In
this study, we will examine the stance of Afaan Oromo news article headlines on their body texts
by assuming that the headlines and body texts will be relevant. Because it is a crucial step in the
identification of fake news. Besides using this concept, we employ different machines and deep
learning to predict whether the title is in agreement with the article's content. Then if the result is

not related, it’s considered as fake news.



Agrees

Headline Di

classifier

Discusses

Unrelated

Figure 1.1: Overview of Stance Classification Approach

Besides, now a day Natural Language Processing (NLP) is used by many researchers to detect
abnormal behavior such as Fake News, Hate Speech, Extremism, and Stance Classification.
Making computers understand statements or phrases written in human languages is the goal of
the Al and linguistics field known as "natural language processing,” or NLP [9]. The goal of
natural language processing is to meet people’s desire to communicate with computers in natural
language while also simplifying their lives. Because of that NLP automatically analyzes text and

assigns it to one of the categories based on its content.

Besides, among NLP Machine Learning (ML), Deep Learning (DL) models, and the methods
provide greater detection of abnormal behavior or such as fake news or pattern, and help the
application in preventing intrusion dynamically better than a traditional approach. Whereas ML
is the study of computer algorithms that improve automatically through experience and by the
use of data [10]. It is seen as a part of artificial intelligence. Machine learning algorithms build a
model based on sample data, known as "training data"”, to make predictions or decisions without
being explicitly programmed to do so. Machine learning algorithms are used in a wide variety of
applications, such as in medicine, email filtering, and computer vision, where it is difficult or
unfeasible to develop conventional algorithms to perform the needed tasks.

However, due to their superior performance, DL approaches have been used in many NLP tasks.

4



It uses many processing layers to learn hierarchical data representations and has achieved
cutting-edge outcomes when applied to natural language processing (NLP) [11]. DL has been
successfully used to develop natural language processing since the beginning of 2010,
revitalizing both quantitative language research and Al engineering [12].

We proposed in this study, to explore a power full DL and ML algorithms to predict the stance,
given a news article and news headline pair. Depending on how similar the news article content
and headlines are. These are Logistic Regression, Random Forest classifiers, LSTM, and
BiLSTM with different similarity measures (cosine and Jaccard similarity) and word

vectorization techniques (TF-IDF, one hot encoding, and FastText).

1.2 Motivation of the Study

The difficulty that we discussed above in section 1.1 motivated us to do this research. Because
fake news producers have been using the internet as a weapon to spread false information for
political or financial gain, which has already had disastrous effects on individuals, groups, and

even the government [13].

Besides, with more media exposure and its evident detrimental effects on society, false/fake
news has grown into a severe issue. In general, fact-checking is still a tiresome task that requires
users to report false information to social network service providers so that it can be manually
reviewed, suppressed, or completely removed from the platform. This task is challenging for

humans because users speak a variety of languages.

Also, the news will be presented in the form of a headline and body, as a result identifying the
fake news is very tedious. Hence, we were inspired to study Stance Detection for the Afaan
Oromo language is one of the important tasks to tackle the actual problem in the first place.
Additionally, we also want to be part of the development of improving detection systems and as
a contributor to publicly available datasets (consisting of the headline and body of the news) for

future research.



1.3 Statement of the Problems

Nowadays in the age of technology, a tremendous amount of data is being generated online and
offline every day. Fake news, on the other hand, makes up an unprecedented amount of the data
that has flooded the internet and is created to draw viewers, influence their beliefs and choices to
increase clickthrough revenue, and have a significant impact on major events like war and
conflict as well as politics [14]. So, spreading intentionally misleading information leads to

reader confusion.

Obtaining and spreading information through social media platforms has become extremely
trouble-free, which makes it difficult and nontrivial to detect based merely on the content of
news. Therefore, identifying fake news is an extremely difficult challenge for the news industry
and journalists, and the tools for doing so have become critically important. Since manually
verifying facts is a very time-consuming process, the automatic detection of fake news has
garnered a lot of interest in the Natural Language Processing (NLP) field as a means of reducing
the laborious and time-consuming human activity of fact-checking [14], [15]. Nevertheless, even
for automated systems, the challenge of determining the veracity of news remains quite

challenging [16].

Ethiopia has more than 80 ethnic groups and as many languages. Oromo is the largest number
among them. Besides, the population of Oromo is the first from Ethiopia and 3rd largest single
nationality group in Africa. In addition, the Afaan Oromo language has a large speaker
population but is one of the under-resourced languages, and only a small number of
computational linguistic resources have been created for it. Additionally, very little work has
been done in terms of developing useful higher-level internet or computer-based applications. As
well, Afaan Oromo fake news detection study is in its early stages. For this reason a people
distribute fake news while hiding behind their screens, and is a difficult issue in Ethiopia,

especially in Oromia online community.

Furthermore, many researchers has been strive to control the distribution of fake news using
stance detection techniques on a highly resourced languages like English and Chinese, Arabics
and etc. Those work however, due to differences in morphological structure with Afaan Oromo

language, such techniques cannot be directly used for Afaan Oromo. As well, this is the first



work done for the Afaan Oromo language and has never been done before. Therefore, it is
crucial to keep an eye out for and report instances of fake news as soon as possible to stop their
growth and potential development into violent or hate crimes that endanger the lives of people,
their families, their communities, and the nation by comparing a headline with a body of text

from an Afaan Oromo news article to determine what relationship.

Bassically, stance detection based on the level of agreement between headline and body of a
news is more preferable than classifying a news merly into binary class such as fake or real, took
small size of dataset which many scolars are used to detect Afaan Oromo Fake News. But, to
solve the above problem identifying Afaan Oromo fake news articles by understanding what
other news organizations are reporting about the same topic could be a valuable first step. This
step is known as Stance detection. Stance detection has always been an important foundation for
various tasks, such as analyzing online debates determining the authenticity of rumors on

Twitter, or understanding the argumentative structure of persuasive essays [14].

Therefore, the purpose of this study is to detect the relevance of the headline and body Afaan
Oromo news written on social media as Agree, Disagree, Discuss, or Unrelated using different
feature extraction, machine learning, and deep learning by building a new annotated dataset from
the different social media platforms.

1.4 Research Questions

This research work intends to answer the following three research questions.

RQ1: Which deep learning algorithm and word representation is better for Afaan Oromo News

Stance Detection?

RQ2: Which Machine learning algorithm and feature extraction will perform best for Afaan

Oromo News Stance Detection?

RQ3: From Deep Learning or Machine Learning for Afaan Oromo News Stance Detection,

which can better be outperforming?



1.5 Objectives of the Study
1.5.1 General Objective

The general objective of this thesis is to develop Afaan Oromo News Stance Detection that can
efficiently detect stance of the news posted in Afaan Oromo on different social media using a

Machine Learning and Deep Learning Model.

1.5.2 Specific Objectives

To achieve the general objective the following specific objectives are set. To:

v' Review related work concerning machine learning and deep learning concepts, and
principles that are used to detect stance of the news.

v" Collect headline and body of Afaan Oromo News and prepare the dataset for model
training.

v'Identify best learning model parameters to optimize model performance.

v Evaluate performance of Afaan Oromo News Stance Detection model’s using performance
evaluation metrics.

v’ Custom best performed model for Afaan Oromo News Stance Detection.

1.6 Scope and Limitations
1.6.1 Scope of the Study

The study focuses on introducing a Stance Detection model for the Afaan Oromo language using
a different machine and deep learning models. The study aimed to train the dataset on TF-IDF,
Cosine Similarity, Jaccard Similarity, One Hot Encoding, and FastText-based feature extraction
methods; and to use a training test split for model performance evaluation with different metrics.
As there is no available dataset for the language considered in this study, building a new dataset
is required. The dataset is built by collecting pair of headlines and bodies of Afaan Oromo News

feeds from different social media platforms.



1.6.2 Limitation of the Study

This study's limitations result from three main issues. The first one has to do with the creation
and annotation of enormous datasets, and it includes confusion and biases about the dataset
annotators as well as imbalances within and outside of classes across various types of
viewpoints. The other problem is that we only had a low-end GPU, which prevented us from
performing more GPU-intensive tasks like automatic hyperparameter tuning. The third one is
Fake news producers used pictures and videos to convince people in addition to the text format

to spread rumours, however in our research we are mainly focused only on the text part.

1.7 Significance of the Study

Our study becomes the groundwork for further research in the areas of Machine and Deep
Learning for the Afaan Oromo language especially to solve the Fake News problem. Also, it may
be used as a part of applications such as hate speech detectors, extremist detectors text

summarization, information extraction, and information retrieval.

1.8 Organization of the Study

There are five chapters in this thesis. The Overview of Afaan Oromo, Stance Detection or
Classification, word representation techniques, and related works are reviewed in the second
chapter, which also explores the definition of stance classification and the strategy and algorithm
utilized for automatic stance classification. Afaan Oromo news dataset pre-processing, word
embedding, the proposed model, and evaluation metrics are just a few of the methodologies
covered in detail in Chapter Three. Chapter Four describes in detail the experiments we

conducted using our models, while Chapter Five presents the Conclusion and Recommendations.



Chapter Two: Literature Review
2.1 Introduction

The review of literature is the subject of this chapter. A literature review is a means to survey
scholars, journals, and any other sources related to fake news, stance detection, misinformation,
and propaganda in various languages in particular with the application of Machine Learning and
Deep Learning. It helps us for more understand the area, provide a clear description, to
summarize, compare, and critical evaluation of other related works concerning the research
problems being investigated. It also includes some general background information on the Afaan
Oromo language as well as some of the language's distinguishing characteristics.

2.2 A Brief Overview of Afaan Oromo

Ethiopians are ethnically diverse, with the most important differences based on linguistic
categorization. Ethiopia is a mosaic of about 100 languages that can be classified into four
groups. The vast majority of languages belong to the Semantic, Cushitic, or Omotic groups, all
part of the Afro-Asiatic language family. A small number of languages belong to a fourth group,

Nilotic, which is part of the Nilo-Sahara language family [17].

From those groups, the most prominent Cushitic languages are Oromo, Somali, and Afar. Oromo
IS native to the western, southwestern, southern, and eastern areas of the country. Somali is
dominant among inhabitants of the Ogaden, while Afar is most common in the Denakil Plain
[17].

When came to Oromo (also known as Afaan Oromo) is one of the major languages that are
widely spoken and used in Ethiopia and some neighboring countries like Kenya and Somalia
[18][19].

Also, it’s considered to be one of the five most widely spoken languages among the roughly one
thousand languages of Africa [19]. So, it is difficult to identify the actual number of Afaan
Oromo-speaking society (as a mother tongue), due to a lack of appropriate and current
information sources, but according to Ethnic Composition taken in 2020, it was estimated that 40

% percent of Ethiopians are ethnic Oromo.
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Besides first language speakers, several members of other ethnicities who are in contact with the
Oromos speak it as a second language, for example, the Omotic-speaking Bambassi and the
Nilo-Saharan-speaking Kwama in northwestern Oromia [20]. Currently, Afaan Oromo is the
official language of the Oromia regional state (which is the largest Regional State among the
current Federal States in Ethiopia). Being the official language, it has been used as a medium of
instruction for primary and junior secondary schools in the region. Moreover, the language is
offered as a subject from grade one to grade twelve throughout the schools of the region. Few
works of literature, a number of newspapers, magazines, educational resources, official

credentials, and religious documents are published and available in the language.

2.2.1 Afaan Oromo Writing System

Afaan Oromo language uses Latin based script called Qubee, which has been adopted and
become the official script of Afaan Oromo since 1991. The Afaan Oromo writing system is a
modification to the Latin writing system. Thus, the language shares a lot of features with English
writing with some modifications. The Afaan Oromo writing system of the language known as
“Qubee Afaan Oromoo” is straightforward which is designed based on the Latin script. Thus,
letters in the English language are also in Oromo except for the way it is written. According to
Hundaol B. in paper [20], Afaan Oromo is a phonetic language, which means that it is spoken in
the way it is written. Unlike English or other Latin-based languages, there are no skipped or
unpronounced sounds/alphabets in the language. The Qubee Afaan Oromo writing system has 33
letters that consist of all 26 English letters with an addition of 7 combined consonant letters
which are known as “Qubee Dachaa”. These include ch, dh, sh, ny, ts, ph and zy. All the vowels
in English are also vowels in “Qubee”. These are a, e, 0, u and i. vowels have two natures in the
language and they can result in indifferent meaning. The natures are short and long vowels. A
vowel is said to be short if it is one. If it is two, which is the maximum, then it is called a long
vowel. Consider these words: lafa (ground), and laafaa (soft). In a word where the consonant is

doubled the sounds are more emphasized. For example, dammee (sweety), and damee (branch).

2.2.2 Punctuation Marks in Afaan Oromo

Punctuation is placed in the text to make meaning clear and reading easier. Analysis of Afaan

Oromo texts reveals that different punctuation marks follow the same punctuation pattern used in
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English and other languages that follow Latin Writing System. Like English, the following are

some of the most usually used punctuation marks in the Afaan Oromo language.

+ “Tuqaa”, Full stop (.): Like English full stop is used at the end of a sentence and
also in abbreviations.

+ “Mallattoo Gaafii”, Question mark (?): is used in an interrogative or at the end of
a direct question.

+ “Mallatto Waraabbii”, Quotation Marks (“ ): is used to show what someone
said.

+ “Rajeffannoo”, Exclamation mark (!): is used at the end of command and
exclamatory sentences.

£ “Qooduu”, Comma (,): is used to separate listing in a sentence or to separate the
elements in a series.

+ “Tuqlamee yookiin Tarreessaa”, Colon (:): the function of the colon is to separate
and introduce lists, clauses, and quotations, along with several conventional uses,
etc.

+ But “Hudha”, Apostrophe (*):Unlike the English language apostrophe () is not a
punctuation mark in Afaan Oromo, rather it is part of words. For example, har’a

(today), re’ee (goat), etc.

2.2.3 Afaan Oromo Morphology

Like in a number of other African and Ethiopian languages, Afaan Oromo has a very complex
and rich morphology [21]. It has the basic features of agglutinative languages involving very
extensive inflectional and derivational morphological processes. In agglutinative languages like
Afaan Oromo, most of the grammatical information is conveyed through affixes, such as
prefixes, infixes, and suffixes attached to the root or stem of words. Although Afaan Oromo
words have some prefixes and infixes, suffixes are the predominant morphological features in the
language. Almost all Afaan Oromo nouns in a given text have person, number, gender, and
possession markers, which are concatenated and affixed to a stem or singular noun form. In
addition, Afaan Oromo noun plural markers or forms can have several alternatives. For instance,
in comparison to the English noun plural marker, s (-es), there are more than ten major and very

common plural markers in Afaan Oromo including -oota, -oolii, -wwan, -lee, an, een, -eeyyii, -
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00, etc. The construction and usages of such alternative affixes and attachments are governed by
the morphological and syntactic rules of the language [22]. Afaan Oromo nouns have also
several different cases and gender suffixes depending on the grammatical level and classification
system used to analyze them. Also, Afaan Oromo language words can be categorized into nouns, verb,

adverb, adjective, pronoun, and prepositions.

2.2.4 \Word Structure

The word, in Afaan Oromo “jecha” is the basic unit of a language. It is also a unit of language
that comprises one or more sounds that can stand independently and make sense. Also, the words
of Afaan Oromo may run from very few monosyllabic words to polysyllabic words with up to
seven syllables. The writing system of the language is straightforward, which means, it is written
as it is read and read as it is written.

Afaan Oromo words are also differentiated from one another by white space characters. Hence,
the task of taking an input sentence and inserting legitimate word boundaries, called word
segmentation (tokenization) for information retrieval purposes, is performed by using the white
space characters [23]. The word is the smallest unit of a language. There are different methods
for separating words from each other. However, most of the world language including English
uses the blank character (space) to show the end of a word. Some long words are been cut in
written form (abbreviation), with the symbols "/*, ".", and therefore this symbol should not
determine a word boundary. The usual parenthesis, brackets, quotes, and all kinds of marks, are

being used to show a word boundary in Afaan Oromo.

2.2.5 Sentence Structure in Afaan Oromo

Afaan Oromo and English are different in their syntax and sentence structure. Afaan Oromo
language uses subject-object-verb (SOV) language because it has a flexible or variable word
order Subject-verb-object (SVO) is a sentence structure where the subject comes first, the verb
second, and the third object. For instance, in the Afaan Oromo sentence “Hundeen barsiisa dha”
or preferably “Inni barsiisa dha” or “barsisaa dha Hundeen? “Hundeen “is a subject, “barsiisa”
is an object and “dha” is a verb. For that reason, it has an SOV structure. The translation of the
sentence in English is “Hunde is a teacher” which has an SVO structure because it has a fixed

word order.
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2.2.6  Word Segmentation

The word is the smallest unit of a language. There are different methods for separating words
from each other. This method might vary from one language to another. In some languages, the
written or textual script does not have whitespace characters between the words. However, in
most Latin languages a word is separated from other words by a white space character. Afaan
Oromo is one of the Cushitic families that use Latin script for textual purposes and it uses white
space characters to separate words from each other. For example, “Lammeessaan Finfinnee
Deeme”. In this sentence, the word “Lammeessaan”,” Finfinnee” and” Deeme” are separated
from each other by a white space character. Therefore, the task of taking an input sentence and
inserting legitimate word boundaries, called word segmentation, is performed using the white

space characters.

2.3 Natural Language Processing

Natural Language Processing (NLP) refers to a set of theoretically oriented computational
techniques for automating the analysis and representation of human language. Also, in the days
of punch cards and batch processing, when analyzing a sentence may take up to fractions of
seconds, NLP researchers have advanced to the point where it can currently process millions of

web pages in less than a second [24].

Besides, NLP makes it possible for computers to comprehend natural language just like people
do. Natural language processing employs artificial intelligence to translate real-world
information into a form that a computer can comprehend, whether the language is spoken or
written. Computers have programs for reading and microphones for audio collection, much as
humans have various sensors, such as ears for hearing and eyes for seeing. Computers have
programs to process their different inputs, just as people have brains to process that input. The

input is eventually translated into code that the computer can comprehend during processing.

To improve the ability of intelligent machines to communicate with humans using language,
such as natural language processing (NLP) is used. There is now a greater need and demand for
data-driven methods to automate semantic analysis due to recent improvements in computing

power and the accessibility of enormous volumes of linguistic data. Generally, its major goal is
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to achieve human-like language processing for a variety of activities or applications [25] using

machine learning and deep learning techniques.

2.3.1 Machine Learning

Along with natural language processing, machine learning is a branch of research that examines
the use of computing techniques to transform empirical data into useful models by learning from
experiences. Additionally, it falls under the umbrella of artificial intelligence, which is widely
defined as a machine's ability to mimic intelligent human behavior without explicitly being

programmed.

Machine learning problems are categorized into mining functions. Each machine learning
function specifies a class of problems that can be modeled, solved, and categorized into three
categories Supervised, Unsupervised, and Reinforcement. Which are Supervised machine
learning models are trained with labeled data sets, which allow the models to learn and grow
more accurately over time, Unsupervised machine learning, a program looks for patterns in
unlabeled data and can find patterns or trends that people aren’t explicitly looking for, and
Reinforcement machine learning trains machines through trial and error to take the best action by

establishing a reward system.

Traditional statistics and intelligence groups gave rise to the discipline of machine learning.
Machine learning has risen to prominence in the recent ten years by efforts of large firms like

Google, Microsoft, Facebook, Amazon, and others [26].

Also, machine learning is playing a great role in natural language (text & speech) processing,
genetic sequence analysis, robotics, customer (financial risk) evaluation, terrorist threat
detection, fake news detection, compiler optimization, semantic web, computer security,

software engineering, computer vision (image processing), etc.

2.3.2 Deep Learning

Deep learning has contributed to the evolution of text analysis due to its effectiveness in tasks
linked to the automatic processing of natural languages, such as text summarization, word
prediction, and text classification. In accordance with the specified level of granularity, it is
widely used to identify the polarity of various text length levels [27].
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Deep learning involves employing deep neural networks to extract a method for handling a task
from vast amounts of data. The task can be as simple as classification or as challenging as
complex thought. In other words, deep learning refers to a collection of methods that, when
given a sufficiently sizable and pertinent input dataset, are capable of producing the best possible
outcome for any problem. Deep learning is the method of identifying and examining pertinent

structures and features in data to find a solution to a problem [28].

Deep learning-based models have outperformed conventional machine learning-based methods
in a range of text classification tasks, including sentiment analysis, news categorization, question

answering, and natural language inference [29].

2.4 Overview of Stance Detection or Classification

The term "Stance Detection™ refers to the process of automatically determining whether a text's
author supports or opposes a specific objective as visualized in Figure 2.1. It is also referred to as
"stance classification”. Additionally, it is a part of opinion mining and is performed alongside
sentiment analysis. The key distinction is that systems are used for sentiment analysis if a
passage of text is good, negative, or neutral. In contrast, methods used in stance detection
ascertain the author's favorable attitude toward a specific target, even when the objective isn't
specifically stated in the text. Additionally, the articles may convey a favorable impression of
one of the entities it discusses, but one can also infer that the author is opposed to the designated

target (an entity or a topic) [16][30].

Besides, the definition of stance is the statement of the speaker's perspective and assessment of a
particular proposition. In analytical research evaluating public opinion on social media,
especially on political and social matters, stance detection plays a significant role and plays a
great role in different problems as shown below in Figure 2.1.

For example, social themes like feminism, abortion, and climate change have been frequently
chosen as target topics for stance detection on social media. Similar to this, political issues like
elections and referenda have long been contentious and have been employed in stance detection
to gauge popular sentiment [31]. Generally, the stance detection process is also known as
perspective and viewpoint detection, in which perspectives are identified by expressing stances

toward an object of a controversial topic.
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Additionally, Stance Detection has recently become a significant research issue in the fields of
information retrieval (IR), social media analysis, and natural language processing (NLP). Also, it
can help with a variety of activities like fact-checking, rumor detection (verification),
misinformation and disinformation detection, fake news detection, and rumor detection. So,

Stance is one of the most important indications of news authenticity.
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Figure 2. 1: Stance Detection and Related Problems [30]

17



Text ~ .

/;! :_ ."Ir -".';.l nst A
| What you - 1 - ~ !

p # write ™, . /,f N ; .I._ - (;l/f_ 7

/ s - =\ _

.' \ "--.__‘- 4 _: Ll --."'_ o ,\

I Stance . ' )
. f .

//‘\ } 7 Detection A ?‘_ Meither \--J

Target 4 et . b
8 .."f \\.\ . =ty !

What we are |~
interested in

Figure 2. 2: An illustration of the stance detecting process in a schematic [47]

2.5 Stance Detection vs Sentiment Analysis

As we gave some clues about Stance Detection, sentiment analysis is a potent text analysis tool
that uses machine learning and deep learning algorithms to automatically mine unstructured data

(such as social media, emails, customer care issues, and more) for opinion and emotion.

Unlike sentiment analysis, stance detection mainly focuses on identifying a person’s standpoint
or view toward an object of evaluation, either to be in favor of (supporting) or against (opposing)
the topic. This is usually inferred by a mixture of signals, besides linguistic cues, such as the
user’s feelings, personality traits, and cultural aspects. Sentiment analysis is mostly approached
as a linguistic agnostic task that focuses on leveraging a given text’s linguistic properties to
identify the polarity of the text, while stance detection can take an additional paradigm by
leveraging non-textual features such as networks and contextual features to infer the user’s

stance [31].

In paper [31] Sentiment analysis focuses on determining the text's polarity, which can be

deduced without the necessity for a specific target of interest, such as "I am glad.” As a result,
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equation 2.1 can be used to express the sentiment analysis model. T is a piece of text, and the
result is often one of the three labels “positive,” "negative,” or "neutral.” However, the primary
sentiment result can be expressed in a variety of ways, including regression, multi-level polarity,

and binary polarity.
Sentiment (T) = {Positive, Negative, Neutral}.......................oooini. Equation 2.1

The polarity of a text is inferred using a preset set of targets in another type of sentiment
analysis. Target-based sentiment analysis is the common name for this type of study. The

categorization challenge in this form of sentiment analysis can be described as follows:
Sentiment (T\G) = {Positive, Negative, Neutral}...........................oL Equation 2.2

The target or the subject of the evaluation is represented by the input G in equation 2.2. Still, the
raw text is the main component used in this type of sentiment analysis to determine polarity. To
evaluate the general attitude toward the target, a distinct target G must be set in advance for
stance detection. The characteristics of the social actor can be used to develop the fundamental
type of posture detection on social media. Thus, the two primary inputs for this type of stance
identification are 1) text T or user U, and 2) a given target G, as shown in equation 2.3.

Stance (T, U, G) = {Agree, Discuss, Disagree, Unrelated}.......................... Equation 2.3

Generally, while sentiment analysis and stance detection are connected, however, they are not
the same. Because, sentiment analysis determines if the claim of the text is positive, negative, or
neutral, or infers the speaker's opinion from the text. Stance detection, on the other hand, requires
systems to ascertain favorability towards a predetermined target of interest.

2.6 Challenges of Stance Detection/Classification

The task of stance detection and classification is difficult. Because postings and comments made
on well-known social media and microblog sites, like Facebook and Twitter, can be utilized to
determine the stance taken by the author. It is not always easy for an outsider to tell whether the
author feels in favor of, against, or is neutral toward the topic about which they are writing
because the posts that people make on the forums are frequently brief and are directed toward a

specific audience who will understand the context [45]. Additionally, knowing the contextual
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information and the unstructured syntax of articles/comments is difficult, and the small size of

the dataset degrades the performance of the models.
2.7 Approaches and Techniques of Stance Detection/Classification

To address the problem of stance classification/detection, six approaches, namely manual-based
approach, machine learning approach, deep learning approach, and ensemble learning approach

are frequently used.

2.7.1 Manual Based Approach

News is delivered in the form of the headline and body of news. So, in the manual approach,
experts of news classification groups analyze the sentiment similarity between them and classify
them into one class with high accuracy. Although subject matter specialists will dispute how to
categorize a stance, on the other hand, it takes more time and is consequently more expensive

than automatic algorithms.

2.7.2 Stance-Based and Sentiment Approach

Stance and sentiment analysis are sub-fields of natural language processing (NLP). Both sub-
fields share similar connotations, and they both involve some common NLP methodologies (e.g.,
feature extraction and classification) to achieve the goal of determining the stance or sentiment

of any text or article accurately.

In the Sentiment approach, the novel enhanced method such as preprocessing to clean and normalize
text (e.g., remove stop-words), generating the features vector by creating and fusing the dictionaries is
used to identify the stance of the text or article. Similarly, in this approach, the term frequency-inverse
document frequency (TF-IDF) scores and sentiment information are used to select the features [49]. And

evaluate the methods using a different machine learning algorithm.

But, in the Stance detection approach, the relationship between truthfulness and proposition is
used to classify the stance. In this approach, an article enters into the algorithm, then the
algorithm would search for relevant articles from reliable news media and then compare the
propositions (agree, disagree, unrelated, or discuss) between the input article and its relevant
articles. Then the results will be collected as a table and then apply machine learning techniques

to determine the relationship between truthfulness and proposition to detect fake news [32].
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2.7.3 Ranking-Based Approach

Specifically, stance detection is used to detect four kinds of stances (agree, disagree, discuss, and
unrelated) of the news towards a claim. Classification-based algorithms tried to tackle the stance
detection problem. However, classification-based algorithms make a strong assumption that there
is a clear distinction between any two stances, which may not be held in the context of stance
detection. But, the ranking-based method compares the true stance and false stances and

maximizes the difference between them to improve detection performance [33].

2.7.4 Machine Learning Approach

The machine learning approach learns the future from the data observed, by learning the intrinsic
connections between texts and their labels by using pre-labeled samples as training data. The
two-step procedure is used by the majority of traditional machine learning-based models.
Besides, several carefully prepared traits are pulled from the news for a claim in the first step.
And the attributes are fed into a classifier in the subsequent stage, which generates a prediction.
The two-step approach has a lot of issues. For example, to achieve high performance, for
instance, depending on handcrafted features demands time-consuming feature engineering and
analysis. The employment of neural approaches has been studied as a means of easing the
restrictions brought on by the use of hand-crafted qualities. A machine-learned embedding
model, which is the main element of these techniques, transforms text into a low-dimensional
continuous feature vector, doing away with the need for manually created features [34]. Also,

machine learning can be roughly divided into three categories:

Supervised learning : A human topic expert is required to manually classify or assign a number
of training headlines and article bodies to each category in the majority of automated stance
detection/classification systems. This classification system first examines the statistical
occurrences of each concept in the example news/text before creating a model or classifier for
each category, which is then used to automatically identify the stance. The machine updates its
model as fresh news is processed, sort of learning the classification. In supervised learning, the
categorization is seen as learning from training instances. The data (observations, measurements,

etc.) are supervised when they are categorized into predetermined groups. In order to assign the
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test data to these courses, it appears as though a "teacher" has assigned the classes (supervision)
[35].

Semi-Supervised Learning : It has been suggested to use both unlabeled and labeled data using
a process called semi-supervised learning, presuming that data with comparable attributes will
have similar labels [36]. This learning architecture addresses circumstances where labeled data is
deficient and unlabeled data is plentiful. The text classification issue is innately flawed in this

circumstance.

Unsupervised learning : It identify a group or clusters of related documents as well as the
relationship between them. This approach, also known as clustering, does not require a pre-
existing category structure, it eliminates the necessity for training sets. Clustering algorithms, on
the other hand, are not always good at selecting categories that are intuitive to human users. As a

result, clustering is frequently used in conjunction with supervised learning techniques.

These methods locate a collection of connected texts of news with its claim as well as the
connections between them. This strategy sometimes referred to as clustering, does not call for a
pre-existing category structure and does away with the need for training sets. On the other hand,
clustering algorithms are not always effective at choosing categories that make sense to human

users. Because of this, clustering is commonly combined with supervised learning strategies.

2.7.5 Deep Learning (Neural Network) Approach

Artificial Neural Networks (ANNSs) are computer programs that mimic the neural networks in the
human brain to solve issues. They commit to learning how to complete challenging activities and
are given guidelines to monitor their development. Neural networks typically consist of nodes

(neurons) that work together to form a layer and they are connected to create a network [37].

A neural network with several hidden layers is referred to as a deep neural network (DNN), also
known as deep learning (DL). The three primary parts of a network are the input layers, hidden
layers, and output layers. In recent years, deep learning models have excelled in the fields of
speech recognition and computer vision.

Learning word vector representations using neural language models has been the main focus of
much of the research on deep learning for natural language processing. likewise classifying the

word vectors that were learned. The most common deep learning algorithms used for Stance
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classification include Recurrent Neural Networks (RNN), which see the text as a series of words
and are intended to capture word dependence and text structure, and Convolution Neural
Networks (CNN), which have been trained to recognize textual patterns such as key phrases are
used to detect the problem of stance [38][39]. From categories of RNNs, we will use different
machines and deep learning techniques in our work to perform Stance Detection/classification.

Because they can find the relationships between the items.

Recurrent Neural Network (RNN) : RNNs can capture the underlying sequential aspect of
language, where units can be characters, words, or even sentences. RNNs execute sequential
processing by modeling units in sequence. Based on the words that came before them in the
phrase, words in a language develop their semantic meaning. Also, context and time are
important to RNN. RNN's basic tenet is the discovery of links between a given item (for
example, a word) and its immediate surroundings. With the intention of capturing word
conditions and content structures for content categorization, RNN-based models view content as
a word arrangement. Recurrent neural networks keep track of previous computations in memory
and use that memory to inform the computation of the current output [40]. An RNN can be
thought of as a collection of straightforward neural layers with the same parameters, as shown in

Figure 2.3 below.
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Figure 2. 3: An illustration of the Recurrent Neural Network Architecture
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The formulas that govern the computation happening in RNN are as follows:

v The input at time step t is Xt. One-hot vector X1, for instance, might correspond to the
second word of a phrase.

v The hidden state at time step t is called St. It is the network's memory. St is calculated using
the input at the current step and the prior hidden state as follows: St =f (Uxt + Wst-1). The
first hidden state, st-1, which must be calculated, is commonly initialized to all zeroes in the
function f, which is typically a non-linearity like tanh.

v Ot is the result from step.

The most well-known RNN variant is the Long Short-Term Memory (LSTM) architecture,
which is designed to better capture long-term situations. The gradient vanishing or exploding
issues that affect vanilla RNNs are addressed by the introduction of a memory cell that can retain
values across arbitrary time intervals and three gates (input gate, output gate, and forget gate) to
control the flow of information into and out of the cell. RNNs are typically effective in recalling

the local structure of a word sequence.

Long Short-Term Memory (LSTM) : In the domains of deep learning and artificial
intelligence, the LSTM artificial neural network is used. In contrast to conventional feedforward
neural networks, LSTM has feedback connections. An RNN of this type may process complete
data sequences in addition to single data points [41]. Besides, LSTM has additional forget gates
over the simple RNN. So, it enables overcoming the vanishing and exploding gradient, and long-
term dependency problem. Also, Long-term dependence learning is a specialty of recurrent
neural networks known as LSTMs. Numerous recurring neural network modules make up every
recurrent neural network. A single tanh layer, for example, would be the structure of the iterating
module in a conventional RNN. The LSTM also uses this iterating structure, but it has more
additional neural network layers and gates that specifically interact. The cell state is tightly
controlled by structures known as three gates: input, forget and output gates, it calculates the
hidden state by taking a combination of these three gates as per the equations below [42].
Besides, the LSTM can modify or add information, and regulate the information using those
gates. Finally, Figure 2.4 illustrates the LSTM Architecture.
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Figure 2. 4: An illustration of the Long Short-Term Memory Architecture

2.7.6 Ensemble Learning Approach

Ensemble learning is a method for solving specific computational intelligence problems by
carefully generating and combining several models, such as classifiers or experts. To enhance a
model's performance (classification, prediction, function approximation, etc.) or lessen the
likelihood of making a mistaken choice of a subpar model, ensemble learning is typically used
[43].

Random Forest is one of the ensemble learning methods applied to stance classification (RF). To
cover the training dataset, the Random Forest algorithm has the ability to merge several decision
trees. According to Shenoy et al study's stance identification on Twitter data was carried out
using an ensemble of Random Forest, Support Vector Classifier (SVC), and Multi-Layer
Perceptron (MLP) [44].

2.8 Word Representation Methods for Stance Detection/Classification

Word representation is central to natural language processing [45]. In addition, it effectively
represents enormous amounts of text and captures their semantic similarity, word representation

is crucial in natural language processing. So, word embedding techniques such as One Hot
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Encoder and word vectorizers like TF-IDF term weighting are followed in many studies for

stance classification problem.

2.8.1 TF-IDF Term Weighting

TF-IDF emphasizes both a word's frequency in a certain document (headlines and article bodies)
and how infrequently it appears in all other documents. By employing TF-IDF, the document
(headlines and article bodies) is transformed into vectors, and each word's score is determined
using the inverse document frequency and term frequency formulas rather than the bag of words
model's 1 or 0. Because the scores determined by the TF-IDF model separate one text from

another, it typically beats the bag of word models.

TF: - Term Frequency is a way to give a word more weight based on how often it appears in the
document. Given that each document may vary in length, the term frequency should be divided
by the total amount of words or terms in the text. Furthermore, this can lead to bias as a term
would be used considerably more frequently in lengthy texts than in shorter ones.

Number of Times t appear ina Document)

T.F(t) = (

) s Equation 2.4
Total Number of Term in the Document

IDF: - Contrary to Document Frequency, Since Term Frequency treats every word identically,
we must devise a method for determining a term's importance in relation to the entirety of the
document. We need to give unusual words greater weight while downplaying frequently

occurring ones to reduce the negative effects of stop words and more common terms.

Total Number of Documents

IDF(t) =log e ( ) T Equation 2.5

Number of Document with a term tin it

The Inverse Document Frequency and Term Frequency (TF-IDF) technique stress both the
frequency with which a term appears in a certain text and how infrequently it does so in all other
publications [46]. By employing TF-IDF, the text is transformed into vectors, and each word's
score is calculated using the inverse document frequency and term frequency formulae rather
than the 1 or 0 of the bag of words approach. Because the TF-IDF model's scores discern across

different texts, it typically beats the bag of word models. TF-IDF can be calculated as

TF-IDF = TEX IDF = TF X 10G (50) +- v v Equation 2.6
DF



In this instance, N stands for the overall number of texts in the text, while DF stands for the

number of texts where the word appears.

2.8.2 One Hot Encoding

One hot encoding can be defined as the essential process of converting the categorical data
variables to be provided to machine and deep learning algorithms which in turn improve
predictions as well as classification accuracy of a model. The most common approach to
converting categorical features to a suitable format for use as input to a machine or deep learning
model is one-hot encoding.

Also, for word representation tasks, one-hot representation is the simplest and most direct
technique. With this technique, each word is represented by a binary vector of fixed length.
Besides, one-hot word representation embeds each word into a |v|-dimensional vector. Given a
fixed set of vocabulary V= {wl, w2..., wv|} V={wl,w2,...,w|V[}, one very intuitive way to
represent a word w is to encode it with a |v|-dimensional vector w, where each dimension of w is
either 0 or 1. Only one dimension in w can be 1 while all the other dimensions are 0. Formally,
each dimension of w can be represented as

Wi = {1ifw=wi

................................................... Equation 2.7
0 otherwise quation

One-hot word representation, in essence, maps each word to an index of the vocabulary, which

can be very efficient for storage and computation. As an example, Figure 2.5 can be examined.

F{omesris\ word V

Rome = [1, O, & Y 3 Oy O, ,\O]
Paris = [0 L1z Oz QO O O, # 0]
Ltitalyr = [0, 0, 1., Q. O, Q.. > 0]
France = [O, 0; 0, 1, O, 0O, «w O]

Figure 2. 5: Illlustration of One Hot Encoding
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As we can see from the above Figure 2.5 hot encodes every word has its value in a vector.
According to Lean Yu et al [47] one, hot encoding shows high accuracy, great robustness, and
needs less computational time. Categorical features are frequently preprocessed for machine
learning models using One Hot Encoding. Eventhough, when the number of new variables are
increased it takes to many predictors, and produces multicollinearity among the various
variables, wich lowering the model’s accuracy, but word embedding is a solution to overcome

this problem.

2.8.3 Word Embedding

Word embedding is the encoding of a word within a real-valued vector that encodes the meaning
of a word, with words that are close to one another in the vector space being compared for
meaning. Word embedding models are used to turn words into vectors. Word embedding may be
a group of techniques for modeling factual language in the field of NLP. It gathers information
about words' semantics and syntactic structure and maps words and phrases to vectors of real
numbers [54]. In various applications, including information retrieval, stance detection, and fake
news detection, word similarity can be calculated via word embedding [55] by associating each
word with a vector. Because, the related words and similar vectors are connected in the vector

representation [38].

Also, it is a collection of methods for converting each word in a vocabulary into a real-valued
vector with a predetermined vector dimension, typically hundreds of dimensions. This method
trains the vector values to resemble a neural network by assigning each phrase to a separate
vector. Word embedding maintains semantic similarity because the vectors are learned in a way
that makes words with related meanings have close or comparable representations in the vector
space. Finally, there are varous types of word embedding techniques, but word2vec and FastText

are frequently used methods.

Word2Vec: It is proposed by Mikolov et al. for word representation, it has been shown that
Neural Network architectures are more convenient and efficient because of their simple
projection layer instead of multiple hidden layers. To achieve a good quality word representation
Word2vec architecture is designed to be trained over a fairly large amount of data. Word vector
representation of Mikolov et al. has two neural network architectures, namely CBOW and skip-

gram model.
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Continuous Bag-of-Words (CBOW) Architecture

In CBOW architecture, the vector representation of a given word is determined by its
neighboring words, from where the semantics of the word can be captured. The output layer of
the architecture holds the vector representation of a word after the model trained over the
average vectors of accompanying words. Here the architecture doesn't influence by the order or

location of words in the document as it uses the principle of bag-of-word.

Input Projection Output
W (t-2)
Wt-1)
W)
W(t+1)
W (t+2)

Figure 2. 6: CBOW Model Architecture

Continuous skip-gram Architecture

This model, instate of predicting the vector of target words, works in a reverse way of the
continuous Bag-of-Word model. It predicts the accompanying words from the given word, which
appears in the middle of the sequence relative to its position in the input words [27]. Even though
CBOW architecture is preferable for smaller datasets, the continuous skip-gram model is more

efficient for a large amount of data to be seen.
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Figure 2. 7: Continuous skip-gram Model Architecture

FastText: In addition to word2vec embedding techniques that is the pre tranined embedding
techniques that used in several text encoding methods. FastText model develops supervised and
unsupervised learning algorithms to produce vector representations for words using a neural
network. In this concept, each word is represented as a collection of character n-grams in
addition to the original word. This gives the ability to preserve or express the denotation of
prefixes, suffices, and other short words that could occur as n-grams in other sentences.
Additionally, it is utilized to resolve word2vec problems, which cannot make advantage of the

text's internal structure, which streamlines the procedure and improves model accuracy.
2.9 Text Similarity Measuring Techniques
2.9.1 Cosine Similarity

Similarity measurement is a major computational burden in document. But, cosine similarity is
one of the most popular that used to measure the similarity of two different texts [48]. It is a
metric used to measure how similar the documents are irrespective of their size specially used to
measure the similarity between the article body and headline. In paper [7] Cosine similarity is
used as a feature to indicate the similarity between the body and headline. By converting the

headline and body texts to vectors respectively, to indicate the frequency of each word.
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Mathematically, it measures the cosine of the angle between two vectors projected in a multi-
dimensional space. Applications like data mining, document classification, stance detection, and
information retrieval use machine learning and cosine similarity. For instance, it is possible to
process a database of documents so that each phrase is given a dimension and a corresponding

vector that correlates to the frequency of that term in the document (headlines and body of

articles).
~
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Figure 2. 8: Cosine Similarity

Whereas

e 0 isthe angle between the vectors,
e A-Bis the dot product between A and B and calculated as

. — T = ?.t. 1y = o
A-B=A"B Eazl A;B; AlBl+Ang‘l""+A“B“'.....Equation 2.8

e ||A|| represents the L2 norm or magnitude of the vector which is calculated as

4] = /A3 + 43... A7

........................................... Equation 2.9
The similarity might range from -1 to +1 in value. Greater cosine similarity is shown by

larger cosine values, which are produced by smaller angles between vectors. For instance,
the angle between two vectors with the same orientation is 0, and their cosine similarity is 1.
Additionally, perpendicular vectors have a cosine similarity of 0 and a 90-degree angle
between them. However, opposite vectors have a cosine similarity of -1 and an angle of 180

degrees between them.
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2.9.2 Jaccard Similarity

In Natural Language Processing understanding the similarity between two objects is a universal
problem. Likewise, in Machine Learning similarity measures are used for the detection,
classification, and segmentation of the text or document. To do so, Jaccard Similarity is used,
because it’s the most intuitive and straightforward similarity measure. It’s often used for

comparing the similarity, dissimilarity, and distance of the data set [57].

The size of the intersection divided by the size of the union of two sets is known as the Jaccard
Similarity, which was first used by Paul Jaccard. In simple terms, Jaccard Similarity is
determined as the number of objects the two sets have in common divided by the total number of
objects. If two datasets share the same members, the similarity term will be high. Conversely, if
the two sets have no members in common, then the term will be low. The higher the term, that
indicate the more similarity between the headlines and bodies of the news. So, among the
machine learning model, it’s preferable to measure the similarity between headlines and bodies
of the news. Measuring the Jaccard similarity coefficient between the headlines and bodies is the
result of the division between the number of features that are common to all divided by the

number of properties as shown below.

__ |HNB| .
J(H,B) = JHUB| 7 F e Equation 2.10

Where H = headline of the news
B = body of the news

2.10 Steps for Stance Detection/Classification
2.10.1 Collecting Dataset from Different Sources of News

The first stage of stance detection or classification is dataset collection. So, a dataset is a set or
collection of ordered data. This set is presented in a form of columns and rows in which every
column describes a particular variable and each row corresponds to a given member of a dataset.
So, we collected the headline and article body from different types of news sources (news

sources are listed in chapter 3) and predicted their stance.
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2.10.2 Dataset Preprocessing

Pre-processing is a data mining technique that transforms incomplete and inconsistent raw data
into a machine-understandable format. This is highly required in stance classification since not
every term or feature in the dataset is useful for classification. So, several tasks are performed
sequentially on texts to preprocess those are tokenization, stop word removal, stemming, and

normalization.

2.10.3 Tokenization (Split) and Stop Word Removal

Tokenization is the technigue of splitting headline and article body in a dataset into vectors of
words that are used in word embedding or one hot encoding system. Whereas, stop words are
very common words that exist in the text and have very minor importance in terms of features
and are irrelevant to the work. Therefore, some words in Afaan Oromo are also very frequent in
a dataset, for example, “tti”, “tiin”, “itti” etc... are common in a dataset. So, by removing the
stop words, we reduce the processing time and save space otherwise taken by meaningless words
mentioned above. The implementation of both activities is done using a python programming

tool.

2.10.4 Normalization

The process of normalization involves organizing a list of words into a more predictable
sequence. When preparing text for further processing, this is useful. Words are transformed into
a standard format so that other operations can use the data without running into problems that
might impede the process. To eliminate conflicting interpretations of the same word due to lower
and upper case, we stretched the short form into the exact form in our case and changed all

words to lowercase.

2.10.5 Training and Evaluating the Classifiers

After all the above activities are done, different evaluation metrics, such as accuracy, confusion
matrix, and a graphical representation of performance are used to evaluate the models or

algorithm.
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2.11 Related Works

D. Gurmessa [3] came up with Afaan Oromo Fake News Detection Using Natural Language
Processing and Passive-Aggressive. The Author designed a system that involves preprocessing
like tokenization, Normalization, stop word removing and abbreviation resolving including
feature extraction like Term frequency-inverted document frequency, term frequency, and hash
to know word importance that appears in the news and word appears in the corpus and N-grams
which are a powerful Natural Language Processing technique to capture semantic and syntactic
sequences was also used. The authors used all possible combinations of feature extraction
techniques and Natural language processing techniques with a passive-aggressive classification
algorithm which performs an accuracy of 97.2% with a classification error of 2.8%. However,
the author used binary class classification to detect fake news which is real, or fake. In addition,
he used a train test split. So that there is a high probability of model overfitting. There is no other

method that the author used to handle model overfitting.

Ali K. Chaudhry et al [49] introduced Stance Detection for the Fake News Challenge:
Identifying Textual Relationships with Deep Neural Nets. They were focused on stance
detection, which means identifying whether the particular news headline “agrees” with,
“disagrees” with, “discusses”, or is unrelated to a particular news article to allow journalists and
others to more easily find and investigate possible instances of “fakes news.” Authors used
several deep neural network-based models to tackle stance detection problem which ranges from
relatively simple feed-forward networks to elaborate recurrent models featuring attention and
multiple vocabularies. Accordingly, the Authors found that an LSTM-based bidirectional
conditional encoding model using pre-trained Glove word embedding delivered the best
performance. Which is 97% classification accuracy on the dev set. However, there was a class
imbalance problem and the authors did not handle it. Similarly, model overfitting was not
checked.

B. Molla [50] introduced Amharic stance classification using deep learning. In this study, the
author used a multi-task learning approach to build an Amharic stance classification model. The
model jointly learns sentiment classification, target identification, and stance classification tasks
at the same time. The author collected a dataset from social media by employing web-scraping

and they prepared the dataset by filtering the collected corpus using keywords to extract
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comments or tweets. They build an android stance annotator application that has cloud-based
data storage to annotate the collected dataset. The author used CNN and Bi-LSTM algorithms to
build the model that classifies stances automatically to determine whether the owner of a text is
in support, against or neutral towards a topic or target. The model achieves F1-score of 86% for
target identification, 65% for stance classification, and 50% for sentiment classification.

However, it is three class classification with very low F1-score.

D. Gurmessa et al [51] studied Afaan Oromo Text Content-Based Fake News Detection using
Multinomial Naive Bayes. In this paper, the authors explore the application of natural language
processing techniques with multinomial naive Bayes to detect fake news on 752 news datasets.
The dataset was prepared in collaboration with linguistic and journalism experts of the Afaan
Oromo language. They used Term frequency, and term frequency-inverse document frequency
(TF-IDF) of unigram and bi-grams. Therefore, the authors also reported that the term frequency
of unigram of the model identifies fake news sources with an accuracy of 96%., having slight

effects on recall. However, they used too small news datasets having two class classifications.

The importance of the work of stance classification was brought on by the requirement to
recognize and disprove misleading information[52]. Stance classification entails figuring out
how a piece of text feels about a particular assertion. In this paper, the authors explore the
sequential approach techniques with LSTM to classify the Rumours Stance to identify the
attitude of Twitters users using ten different events in breaking news by including their
conversation. Similarly, the authors also reported that; the LSTM-based sequential model
identifies Rumours Stance with an accuracy of 78.4%.

In the [53] paper the authors used Stance-In-Depth Deep Neural Approach to Classify the Stance
of English News Articles. The researchers collected and organized a dataset in the form of
(headlines, and body pairs) but to increase the dataset, and extract new features from the dataset
they associated each headline with multiple bodies. Also, they employed different deep learning
approaches like LSTM, BIiLSTM, and RNN tested in TensorFlow with Graphics Processing Unit
(GPU). In this paper, the researchers showed that the RNN models are good in the classification
of detailed classes. Whereas, the BiLSTM model achieved the best accuracy of 83.4% for broad

classification.
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Table 2.1: Summary of Related Works

Authors & Year

Title

Method & Finding

Gaps

D. Gurmessa (2020)
[3]

Afaan Oromo Fake News
Detection Using Natural
Language Processing and
Passive Aggressive

TF-1DF with passive
aggressive
classification algorithm
has got Accuracy of
97.2%

Binary class (Fake and Real)
classification to detect fake news
and model overfitting were not
checked.

Ali K. Chaudhry et
al (2017) [49]

Stance Detection for the Fake
News Challenge: Identifying
Textual Relationships with

Deep Neural Nets

LSTM-based
bidirectional with 97%
classification accuracy

on the dev set.

However, there was a class
imbalance problem and the
authors did not handle it.

B. Molla (2021)
[50]

Ambharic stance classification

using deep learning

CNN and Bi-LSTM in
combination with an
F1-score of 65% for

stance classification.

However, it is three class
(Support, Against, and Neutral)
classification with very low F1-

score.

D. Gurmessa et al
(2020) [51]

Afaan Oromo Text Content-
Based Fake News Detection
using Multinomial Naive

Bayes

Multinomial Naive
Bayes with an accuracy
of 96%.

They used too small news
datasets having two class (Fake
and Real) classifications. Which

is 752 news datasets.

E.Kochkina et al
(2017) [52]

Sequential Approach to
Rumour Stance Classification
with Branch-LSTM

An LSTM-based
sequential model with

an accuracy of 78.4%.

However, it is three class (favor,

against or neutral) classification.

G. Rajendran et al
(2018) [53]

Stance-In-Depth
Deep Neural Approach to
Stance Classification

BiLSTM with an
accuracy of 83.4% for

broad classes.

Even though it's good for broad
classification it's bad for detailed
classification, especially F-scores
of each class.
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Chapter Three: Research Design and Methodology

3.1 0verviews

This chapter discussed the design and development methodology we used to detect and classifies
Afaan Oromo News Dataset using a deep learning model and different machine learning
algorithm. In the first section, we illustrated and discussed on proposed model architecture, then
discussed the source of the Afaan Oromo News Dataset and the methods we used to preprocess.
On the second we discussed methods of vector representation and feature extraction. Thirdly we
describe implemented models, and the activation function, and lastly gave some clues on how to

evaluate the performance of the models using performance evaluation metrics.

3.2 Research Design

The research design is the structure or procedure that we used to answer the research questions.
These procedure includes type of research to be designed to conduct the study, as depicted in
Figure 3.1. In this study, we design an experimental research approach because we have
performed an experiment to train and test for prepared dataset and respond to research questions
using prepared dataset. Because of these, among various research approaches we followed
quantitative research to identify research objective and build learnining models to prove the

concept as explained below.

Literature Review: To identify this study nowadays goes over what stage in the previous study. Different
previous studies, approaches, methods, and techniques will be reviewed to use them, identify the gap, and

fill in this presented study.

Gap identification: Identifying a gap is a way of finding the problems that are not covered in

previous works.

Data Collection, Annotation and Preprocessing: The dataset was collected, prepared, and

preprocessed as suitable for the model to answer the research questions experimentally.

Word Vector Generation: After the dataset is preprocessed and word vocabulary is generated it
should reperented in the form of real-valued vector to capture the syntactic and semantic

similarity between the words.
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Model Building: After the dataset is ready for the model, the next step will be to build and train

the model with the prepared dataset.

Model Evaluation: The performance of the proposed Afaan Oromo News Stance Detection
model is evaluated using various model evaluation techniques, and the best-performing model is
identified.

Literature Review and Data Collection Data Word Vector Model Model
Gap Identification ] ) ) o :
and Annotation Preprocessing -~ Generation Building Evaluation

Figure 3. 1: Flowchart of Methodology for Afaan Oromo News Stance Detection

3.3 Afaan Oromo News Dataset Collection Method

3.3.1 Afaan Oromo News Dataset Source

Despite being spoken by more than one-third of the population and being an official language of
Oromia State, Afaan Oromo is still a severely underutilized language for NLP research.
It lacks linguistic resources like a standardized and pre-trained dataset in the area of fake and stance
classification or detection. So, to solve all those lacks we built a new dataset that was written in Afaan

Oromo text what we call ‘Qubee’.

Also, Afaan Oromo news datasets were collected and labeled manually because the accounts and
pages can post the news in different languages, and they were collected from sources that have
relatively large amounts of followers on Facebook like Afaan Oromo British Broadcasting
Corporation (AOBBC), Afaan Oromo Voice of America (AOVOA), Afaan Oromo Fana
Broadcasting Corporation (AOFBC), Oromia Media Network (OMN), Oromia Broadcasting
Network (OBN), etc.

The dataset includes the body and the headline of the news, and the label for relatedness (stance)
of the body of the article with the headline. Also, the dataset consists of 880 pairs of news such
as bodies and headlines along with their stances. Stance has four categories by measuring the
level of agreement that the headline and body of news they have: Agree, Disagree, Discuss, and
Unrelated. As an initial stage toward building an automated solution for identifying fake news,

Afaan Oromo Stance News Dataset (AONDS) is targeted to solve the stance detection problem.
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The aim of solving stance detection is to determine the relatedness of news articles and headlines

of the news. Distribution across 4 stances is presented in Table 3.1.

Table 3.1: Afaan Oromo News Stance Dataset Statistics

Stance N® of Each In Description

Category Category Percentage

Agree 220 25% Headline agrees with the claim made in the
news article

Disagree 220 25% Headline disagrees with the claim made in the
news article

Discuss 220 25% Headline discusses the same topic as the news
article but is not exactly agree

Unrelated 220 25% The headline does not discuss the same topic as
a news article

Total 880 100%

3.3.2 Afaan Oromo News Dataset Preprocessing

In the process of cleaning the input dataset (body and headline) for further analysis, we have
used various data preproccessing techniques to prepare the wholly cleaned dataset. Because,
texts shared on social media frequently include a lot of extraneous material, including hashtags,
HTML scripts, special characters, URLS, and others, which does not directly used by learning
algorithms. To do so, a lot of sequence of steps such as cleaning and removing special
characters, numbers, and punctuation marks except apostrophe (hudha), tokenization, stop word
removal, and normalization were applied to the collected datasets as shown in the below-

preprocessing flow out Figure 3.2.
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Dataset Preprocessing Flow Out

AONDS has pair Cleaning and Removing
of Headline and Special Characters,
AONDS ArticleBody. Numbers, and Punctuation (Split)
Marks except Apostrophe
(Hudha)

Tokemzation

-

¥
Preprocessed | Remowving — | Normalization

Dataset of AONDS Stop Word

Figure 3. 2: Afaan Oromo News Dataset Preprocessing Flow Out

Tokenization (Split) : it is a process of dividing lengthy text of strings into smaller units, or
tokens using space. Tokenization can be applied to the dataset for further preproccessing such as
normalizing individual tokens, and removing stop words from the text. Frequently, longer
passages of text are tokenized into phrases, and then those sentences are tokenized into words,
etc. These tokens may be specific words, such as (nouns, verbs, adverbs, pronouns, articles,
conjunction, preposition, punctuation marks, numbers, and alphanumeric). After a short passage
of text has been properly tokenized, additional processing is typically carried out. Text
segmentation and lexical analysis are other names for tokenization. To address the structure of
all stance news datasets, we first tokenize the news paragraph into sentences and then sentences
into words. Without taking into account their significance or connection to the tokens, the body
and headline contents are chopped into these sequences of tokens.

The way that words are separated from one another in the dataset varies depending on the
language. Additionally, some languages do not employ characters or white space to divide words
in their documents. For instance, special character sets are used by languages like Chinese,
Japanese, Korean, and Arabic to avoid using white space to separate words in sentences or texts.
White space is used to separate words from one another in sentences in languages with Latin

script, though.
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For instance, the text “Barri haaraa kunis bara milkii akka ta'u hawwii gaban ibsaniiru”
tokenized as ‘Barri’,’haaraa’,’kunis’,’bara’,’milkii’, ‘akka’, ‘ta’w’, ‘hawwii’, ‘gaban’, ‘ibsaniiru’
which means “He wished the new year a year of success”.

Therefore, tokenization is utilized in this study to break up the input text, including the article
body and headline, into a list of tokens at the word border (based on the white space character),
without taking into account their relationship or significance. Also, those set of tokens is used to

carry out additional preprocessing.

{ Input: Line of string
Output: token list

read from a file

do

read character sequence from a file

if character i1s space, newline,,... tab return or.

assign character sequence before the characters to token
end if

while (not end of file)

Figure 3. 3: Pseudo Code for Tokenization

Normalization: The text has to be normalized before being processed further. Identical text can be
written in a different formats by different users and then machines understand those words
differently. To handle this problem text normalization is employed in this study. The most
common text normalization technique is lowercasing, which is used to convert a text to the same
case (upper or lower). All words are placed on an equal basis via normalization, which enables

processing to move along smoothly [23].

Using the same word with inconsistent spelling is a prevalent problem in the Afaan Oromo
writing system. There may be instances of uneven spelling in corpora that should be used for
system evaluation. Words that convey the same concept are therefore interpreted differently by
the system if those words are not replaced with consistent word formats across the corpus. As a

result, each word in the document will have many index terms associated with it.

As a result, the computation time of the system will increase, occupying more space, and its

efficiency (precision) will decrease. To lessen problems of this kind, all terms with various forms
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but the same meaning are transformed into a common format. For instance, even though the
Afaan Oromo word "Mootummaa,” which means "Regime,” has the same meaning in both
spellings, it is written as "Mootummaa" at the beginning of the phrase and "mootummaa” in the
middle. To accommodate these variations across the corpora, case normalization is used. To
ensure that the system can comprehend it all equally in our example, all text within the corpus is

transformed to the most common case format, which is lower case.

Stop Word Removal: all words in the document have no equal contribution to find the
relationship between headlines and body of the news rather than increasing the training time of
learning algorithms. In this work, stop word removal methods is utilized to remove irrelevant
words from the dataset. Words that are often used in the collection of documents are not
effective discriminators. They are referred to as stop words. Stop words are minor words in a
language that, when employed as features in text classification, produce noise. These are terms
that are frequently used in many sentences to aid in the structure of the sentence or to link ideas.
Stop words are eliminated because doing so shrinks the size or amount of space the index takes
up. In this study, we prepared a stop word list which is attached to Appendix A. A sample

collection of Afaan Oromo stop words is provided in Table 3.2.

Table 3.2: Sample Afaan Oromo Stop Words Lists

Hamma Eenyuu Kee Hanga Isheef Ala
Booda f Ammoo Aanee Ati Booddee
Amma Fuullee Immoo Kun Dura isiniif
Akka Garas Akkasumas An Duuba Jala
Dhaan Gama Inni Ana Eegasii Koo
Eega Enu Ani Isaanirraa Irraa Gara




/ 1. Open the File \

2. Read Stop Word Lists
3. Do
Convert the file into lowercase
Tokenize the file and assign 1t to a string
For token in the string
If the token is not in Stop Word Lists

Continue

Else
Remove the token from the file

End If
End For

\ While End File /

Figure 3. 4: Pseudo Code for Word Removal

3.4Word Vector Representation

Once the dataset preprocessing step is done on the prepared dataset, and the dataset is wholly
cleaned and it is then ready for the learning algorithm. However, the machine learning algorithm
does not directly work with textaual data. Textual data must be converted into feature vectors

using various feature extaraction or word embedding techniques.

3.4.1 Feature Extraction Methods

The most crucial step in identifying/classifying a given piece of news as agree, disagree, discuss,
or unrelated (headlines and article bodies) is transforming the news item into a vector that
contains the crucial properties that are needed to identify the nature of the news [51]. This is one
of the problems with text classification is that frequently occurring features have an impact on
the performance and accuracy of the classifiers. So, it is better to perform feature reduction to
reduce the dimensions of large feature. For that purpose the TF-IDF feature extraction techiques

are used.
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TF-IDF (Term Frequency-Inverse Document Frequency): The TF-IDF feature extraction method is
designed to overcome the problem of bag of word feature extraction method and its performace
is still comparable to novel feature representation. With this facts, this methods is proposed for
this study. This technique is works by considering the frequency of the words and how
frequently the words occur in all documents. The term TF-IDF stands for “Term Frequency-
Inverse Document Frequency”, so this technique is used in machine learning algorithms to
extract features by combining with other techniques such as word verlap, and cosine similarity
measure. Similarly, Term Frequency and Inverse Document Frequency are two components of
TF-IDF that are used to measure the similarity of the headlines and bodies in news. Term
Frequency identifies the local importance of a word by its occurrence in a news, whereas inverse
document frequency identifies the signature words, which do not appear more often across the
news with a high TF-IDF is a significant word that is important for the news in consideration,

has a high frequency in the news but is not a common word across other texts.

Correspondingly, the term frequency-inverse document frequency quickly represents the text in
machine learning algorithms than word embedding. Also, TF-IDF represents words in the form
of word vectors using TfidfVectorizer to capture the similarity between news headlines and
bodies by extracting the words with the lowest and highest idf. Therefore, in this research, a
python module TfidfVectorizer from scikit-learn is used. TfidfVectorizer weights the word counts
by a measure of how often they appear in the news headlines and bodies. These vectorizers were
used in combination with n-grams range (1, 2) which means unigrams and bigrams and Logistic

Regression, Random Forest classifiers, and some preprocessing tasks.

Word Overlap: After TF-IDF is extracted, the word overlap function is applied to extract extra
features from the final preprocessed dataset. Similarly, the word overlap is calculated from the
length of common words between body and headline, and the length of all the words of body and
headline.

Cosine Similarity: once the feature of inserted dataset are extracted using TF-IDF, then
wordoverlap and cosine similarity employed to measure the similarity between Afaan Oromo
news headline and body by coverting to sparse of vectors to indicate the frequency of the words

that exists in the dataset.
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One Hot Encoding: A machine can only understand numbers and cannot understand the text
in the first place, this essentially becomes the case with Deep Learning & Machine
Learning algorithms[56]. The categorical data variables are converted using one hot encoding
before being fed into a machine and deep learning algorithms, which enhance model accuracy
in terms of predictions and classification. Preprocessing categorical features for machine
learning models is frequently done using one hot encoding. This kind of encoding generates a
new binary feature for each potential category and gives each sample's feature a value of 1 for
the category it originally belonged to. One hot encoding is a crucial step in the feature
engineering process used to develop training methods, especially in deep learning.
Correspondingly, feature engineering helps us to extract the similarity of documents by

producing new features to enhance the accuracy of the model.

3.4.2 Word Embedding Techniques

Word embedding is the representation of a word with a vector and used in many NLP tasks like
automatic machine translation, text classification, etc. Initially is designed to solve the problem
of TF-IDF feature extraction method which only consider the morphological relationship
between words, and even ignores the order of the words in the given text. However, Word
embedding method can captures the semantic relationship between a words, that means it place
related words into nearby vector. For this work, we eployed FastText Method which is a family
of word2vec technique that inserts similar words into the vector space nearby. FastText is used
for this work, because the model holds the semantics relation of the word in the text and it gives

good results for both large and small dataset sizes.

It is a collection of methods for converting each word in a vocabulary into a real-valued vector
with a predetermined vector dimension, typically hundreds of dimensions. This method trains the
vector values to resemble a neural network by assigning each phrase to a separate vector. Word
embedding maintains semantic similarity because the vectors are learned in a way that makes

words with related meanings have close or comparable representations in the vector space.

A group of language models and feature selection techniques are together referred to as word
embedding, sometimes known as word representation. A low-dimensional continuous space into

which textual words or phrases are mapped is its fundamental objective. For instance, the term
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"itoophiyaa" means Ethiopia, which can be denoted as [-0.00030857, -0.01012581, 0.00823148,
0.02573184,0.03544683, ...]™, where M is the hyperparameter.

Then, complex NLP activities that rely on these real-valued vectors can be filtered and carried
out. Semantic and syntactic information about words is both encoded by word embedding; the
former primarily relates to the meaning of the words, while the latter refers to their structural
functions. It is a fundamental step in the processing of natural language. At a high level, the
majority of models attempt to reduce the difference between prediction values and target values

in order to optimize a loss function.

Word2vec Approach: An NLP tool called Word2vec takes a text corpus as input and turns words
into vectors. Proximity in vector space denotes semantic or functional similarity. The resulting
word vector file can be utilized as a feature in a number of machine learning and natural
language processing applications. To compute and provide continuous dense vector
representations of words with high-quality variance and that capture similarity in both context

and meaning, Google created this model in 2013.

These unsupervised techniques may take a sizable text corpus, produce a dictionary of potential
worlds, and produce dense word embeddings for each word in the vector space that a dictionary
denotes. The total number of vectors is essentially equal to the size of the dictionary, and you can
generally define the size of a word embedding vector. As a result, this dense vector space has a
substantially lower dimensionality than the high-dimensional sparse vector space created using
conventional Bag of Words models.

Word2vec employs a single fully connected hidden layer neural network. The number of words
in the vocabulary that were used to train the hidden layer's size and determine the dimensions of
the output word vector equals the number of neurons in the input layer. The output layer is the

same size as the input layer in terms of size.

Besides, in the below fast text building flows out we trained the pre-trained fast text word
representation using skip-gram, 2019078 words total, with a vocabulary size of 144415 and Max

sentence length is 4003.
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Flow Out of Generating fastText Representation
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Figure 3. 5: Flow out of Generating FastText Word2vec Representation

3.5Proposed Models

After we pre-process the dataset and generate word vector using different encoding methods
such as FastText, one hot encoding, and TF-IDF, then we represent it in numeric form or feature
vectors and that vector is given to different deep learning models and machine learning
algorithms to develop Afaan Oromo news stance detection model.

3.5.1 Model Selection Techniques

The main objective of this study is to develop Afaan Oromo news stance detection model, that
figure out the relationship between the headline and body of the news. To our knowledge, there
is no best model for one problem, one model may better for one problem and fails for others. To
select the machine learning and deep learning algortithms for Afaan Oromo news stance
detection model we set some criterion such as, type of problem we have, the model that most
widely used and successful in previous study, and lastly making an experiment between them to
identify the best performed model to design Afaan Oromo news stance detection model. To
develop Afaan Oromo news stance detection model we have proposed two machine learning
model and two deep learning models. As far as our knowledge, there is no any research
conducted on Afaan Oromo news stance detection previously, thus, we have assessed both
machine learning and deep learing algorithms for Afaan Oromo news stance detection to identify
the best suitable learning algorithm for this work. In this study, the logistic regression and

random forest machine learning is proposed because of their successful applications in previues

47



studies, and their relatively good accuracy, robustness, and easy of use and the two deep learning
algorithms such as LSTM, and BiLSTM are proposed, since they have capability to interpret the
text as a sequence of words and learn their correlations. These four proposed models are trained
with newly collected dataset and the best performed model is selected experimentally to design

Afaan Oromo news stance detection model.

3.5.2 Machine learning Model for Afaan Oromo News Stance Detection

Logistic Regression: is a powerful supervised machine learning algorithm used for binary and
multiple classification problems (when a target is categorical) [58]. It’s a statistical analysis
method to predict binary and multiple outcomes, such as Related (which is further divided into
agree, disagree, and discuss) or Unrelated, based on prior observations of a data set and feature
set. Since a logistic regression (LR) model offers the intuitive equation for categorizing issues
into binary or many classes, it is used. We performed to extract the feature, hyperparameter
tuning, and set different parameters such as regularization strength to get the best result for
prepared datasets, while multiple parameters are tested before acquiring the maximum accuracies
from the LR model. Mathematically, the logistic regression hypothesis function can be defined

as follows.

1
1 4 o (Bo = BiX) Equation 3.2

Fig (X)) =

In the [59] paper the output of logistic regression is converted to a probability value using a
sigmoid function; the goal is to minimize the cost function to arrive at the best probability. The

cost function is calculated in accordance with the equation below.

log ( hy(x)), y=1, )
Cost (hg(x), ) =1 =, 7 T Equation 3.3
~log (1= hy(x)), y =0
Random Forest Classifiers: A popular supervised machine learning algorithm for classification
and regression issues is random forest classifiers on various samples, it constructs decision trees
and uses their average for classification and majority vote for regression. It can handle large

datasets efficiently. Also, we perform feature extraction, and different hyperparameters such as
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max_features, n_estimators to increase the predictive power, random_state to increase the speed,

and the like to produce a higher level of accuracy in predicting outcomes.

Random Forest Classifiers work with bagging and boosting techniques to create a different
training subset from sample training data with replacement & the final output is based on
majority voting and combines weak learners into strong learners by creating sequential models

such that the final model has the highest accuracy consequently.

Bagging, also known as bootstrap aggregation, is a method for lowering the variance of an
estimated function of prediction. Bagging is effective when used with low bias, and high
variance techniques like classification trees. An important development in bagging is the use of
random forests, in which many trees related to décor are grouped together and then averaged.
With no increase in variance, Random Forest improved bagging by reducing tree-to-tree linkage.
Since they are easier to train and tune, random forest performance often resembles that of

boosting.

The weighted decrease in node impurity divided by the likelihood of reaching that node is used
to determine a feature's relevance. The node probability can be computed by dividing the total
number of samples by the number of samples that reach the node. The feature is more significant
the higher the value. Besides, Random Forest follows feature importance concepts to improve

the model performance by employing feature selection.

3.5.3 Deep learning Model for Afaan Oromo News Stance Detection

Long Short-Term Memory (LSTM): It is a member of the recurrent neural networks (RNN)
group, which are neural networks that are built to deal with sequential data by sharing their
internal weights across the sequence. RNN is well-liked with sequential data since each unit
remembers the condition of the preceding unit. An input layer, an output layer, and a number of
hidden recurrent units with memory gates are all features of RNNs [8]. The RNN is used to

process a sequential data and process text as a sequence of words to process various NLP tasks.
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Figure 3. 6: Architecture of Recurrent Neural Network (RNN)

Despite of the RNN model is good in processing a sequential data, it fails in recalling long
dependency of the sequence. And also, it has a problem of vanishing gradiant and exploiding
problem. The one best variants of RNN model that overcome the shortcoming of default RNN is
LSTM with a better memory capablity. The LSTM model has a main component hidden layer
that is known as the LSTM layer which is like a text fold based on the number of sequence
inputs[28]. It consists of three gates known as forget gate, input gate, and output gate that
maintain the movement of information, which passes through the layer. This gate processes data
from the input sequence and is important to be learned and remembered. It also discards anything
that is not necessary. In each gate, multiple activation functions are used such as tanh and
sigmoid activation that determine which information passes through the layer. LSTM layer also
contains memory known as cell state where all important information is stored that is to be
passed in the next layer. Because of those causes, calculation time, and costs and LSTM forgets
and remembers things selectively, which makes it an improvement over RNNs. Figure 3.7 shows
the architecture of the LSTM layer.
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Figure 3. 7: Architecture of LSTM

Bidirectional Long Short-Term Memory (BiLSTM): The LSTM and RNN have used only the
previous output in current state, but not future information when learn sequence correlation. And
then, the network may lost extra information which helps the model to learn sequence
correlations. The address this problem, the BiLSTM is utilized for this study purpose, and it uses
both backward and forward information at each steps, as depicted in Figure 3.8. BILSTM is a
recurrent neural network used largely for natural language processing [6]. It uses data from both
sides and, unlike regular LSTM, the input flows in both directions as a potent tool for modeling
the sequential relationships between words and phrases. Besides, every component of an input
sequence has information from both the past and present because of this, BILSTM can produce
more meaningful output, by combining LSTM layers from both directions. Additionally, the
BiLSTM model is used in some NLP areas, such as sentence classification, translation, and

entity recognition.

In conclusion, BILSTM reverses the direction of information flow by adding one extra LSTM

layer. It simply means that in the additional LSTM layer, the input sequence flows backward.
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The outputs from the two LSTM layers are then combined in a variety of ways, including
average, sum, multiplication, and concatenation. To illustrate, the unrolled BiLSTM is presented

in below Figure 3.8.

outputs |
A

backward
layer LSTM LSTM LSTM - -
A A A
forward __L [ |STM LSTM LSTM }—> -«
layer
inputs Xt Xt Xt+1

Figure 3. 8: Architecture of Bi-LSTM

3.5.4 Dense Layer

Basically, any Neural Network which is used for text processing consists of one or multiple
layers. So, from that layer, the Dense layer is the regular deeply connected neural network layer
in LSTM. It is the most common and frequently used layer. In general, it receives input from all
the neurons of the previous layer in the form of a single-dimension shape (1-D array). To do so,
So, the Flatten () method is used between the LSTM and dense layer to convert a
multidimensional matrix to a single-dimensional matrix. Besides, the Flatten () method in neural

networks, a non-linear function is used as an activation function.

The last layer of the proposed model is a fully connected dense layer, which produces a single
output as a result. This layer is followed by a softmax activation function. Softmax activation is
used for multi-class classification. We have used softmax activation in our dataset because it
contains four classes (agree, disagree, discuss, and unrelated). We used Adam as the optimizer

for testing purposes. The batch size used in testing is 64 and the number of epochs is set to 50.
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3.5.,5 Flatten Layer

Once the model has learned the features, it is ready to flatten the final feature map and feed it to
a neural network for classification purposes. However, dense layers take vectors as input (which
are 1D), while the output is a 3D tensor. Therefore, flattened layers are used to convert the data
into a 1D array for inputting it to the next layer. For example, a 20x100 input matrix into a
2000x1 vector.

3.5.6 Activation Function: ReLU, Softmax and Sigmoid

There are different types of activation functions, among that the rectified linear unit [ReLU] in
the hidden layer and the softmax in the output layer, were utilized in the development of the deep
learning model. By adding nonlinear features to the data in the current layer and choosing which
neuron inside the model layer should be triggered, activation functions are utilized to scale the
input. This process of passing information from one layer to the next continues for each layer
that has been specified in the model. Every deep learning model uses the ReLU activation

function to some extent in order to achieve the greatest performance results.

ReLU function produces an output that is identical to the input if the value is positive, while zero

if the input is negative.
R(OX) =mMaX (0, X).uenreniniieiieee e e Equation 3.4

R(x) is the output of the function where it depends on the value of x where if the value of x is
less than 0 then R(x) will be 0 and the value of R(x) will be equal to the value of x if it’s positive.
This function is good for classification problems where it produces a result in the form of

probability of classification.

In neural networks, the sigmoid function is utilized as an activation function. Additionally, it is a
non-linear function; the weighted sum of the inputs is a non-linear function of the output of this
unit. The activation function, which is displayed in one layer of the neural network below,

denotes a special form of the logistic function as (x) or sig(x).
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Figure 3. 9: A Sigmoid Unit in a Neural Network

Since, the problem at hand is multi-class classification, we have used Softmax activation function at the
output layer. For, the softmax activation is used to assign the confident value for each and every classes,

and then, the one with highest probability value is selected as a correct class of the stance.

3.5.7 Adam Optimizer

Based on the adaptive estimate of first-order and second-order moments, Adam optimization is a
stochastic gradient descent technique. Adam's optimization approach, which iteratively updates
network weights depending on training data, has recently gained a wider acceptance for deep
learning applications in computer vision and natural language processing. It's used because it's
simple to implement, computationally efficient, requires little memory, is invariant to diagonal
gradient rescaling, works well with large datasets and parameter problems, is appropriate for
non-stationary goals, and works well with noisy or sparse gradient problems. Additionally,
hyperparameters are intuitive and typically only need minor adjustments. Stochastic gradient
descent keeps a constant learning rate (called alpha) throughout training for all weight changes.
As learning advances, each network weight (parameter) has its own individual adjustment rate
maintained. Based on Equation 3.5, these algorithms used the first m¢and the second (vt) moment
vector that initializes the timestamp to calculate the learning rate of the model.

{}!- 1 f— (}z

........................ Equation 3.5
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3.5.8 RMSProp (Root Mean Squared Propagation)

The gradient descent optimization algorithm has an extension known as Root Mean Squared
Propagation or RMSProp [60]. The purpose of RMSProp is to either speed up the optimization
process, by reducing the number of function evaluations necessary to reach the optima or to
enhance the capabilities of the optimization method, adjusting the learning rate, minimizing the

size of the gradient steps, and fitting deep learning neural networks to producing best outcomes.

3.6 Performance Evaluation Metrics Used

In this study, a variety of predictive model performance evaluation criteria, including accuracy
(A), precision (P), recall (R), Fl-score (F), and confusion matrix, are utilized to assess the
effectiveness of the chosen predictive models. The model performance is assessed using an
accuracy metric. These metrics is used to determine the proportion of all drawing strategies that
the deep learning or machine learning algorithms has correctly identified. The model

performance validation procedure has shown in below Equation 3.6, 3.7, 3.8, and 3.9.

Accuracy:- it is a common model performance evaluation metric in many industries to evaluate
the generalization capability of the learning model on unseen data. It exhibits what percentage of
our test dataset in correctly classified.

True Positive + True Negative

A= — — . — e Equation 3.6
True Positive+False Positive+False Negative+ True Negative

Equations 3.7 and 3.8 are used to calculate precision and recall. As seen in equation 3.9, the F1-

score is the harmonic mean of the precision and recall.

True Positive

P = — vt TSRO Equation 3.7
True Positive+False Positive

The ratio of correctly categorized positive class values to the total of incorrectly and correctly
classified positive class values are used to calculate the precision. It provides information on how

factual the model is.

True Positive .
R = — TP T U PP Equation 3.8
True Positive+False Negative
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The ratio of correctly categorized positive values to the total of correctly classified positive
values and mistakenly labeled negative values is used to calculate a recall rate. It provides

information on how complete the model is.

Precision*Recall

Fl o= 2 ke Equation 3.9

Precision+Recall

The F1-score evaluates the model's precision for each class. When the dataset is unbalanced, the
F1-score metric is typically applied. As the AONDS is likewise unbalanced, we employ the F1-
score as an assessment metric to demonstrate the completeness of the proposed model while

calculating the class-wise accuracy.

Confusion Matrix: In this study, we have a confusion matrix of 4 x 4 dimensions, with the four
classes (Agree, Disagree, Discuss, and Unrelated) representing the dataset labels. A confusion
matrix is used to show a more thorough breakdown of the incorrect and appropriate
classifications for each Afaan Oromo News Stance class. The reason for this is that we can
tabulate the percentage of accurate and wrong classifications for each class. We can determine

the other metrics from the confusion matrix.

Table 3.3: Confusion Matrix for Proposed Stance Classifications

Predicted Values

Agree Disagree Discuss Unrelated

Agree True False False False
Agree Disagree Discuss Unrelated

§ Disagree False True False False
§ Agree Disagree Discuss Unrelated
% Discuss False False True False
< Agree Disagree Discuss Unrelated
False False False True

Unrelated Agree Disagree Discuss Unrelated
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3.7Proposed Model Architecture

The overall objective of this study is to design AONSD model, that automatically classifies the news
articles with stance labels of either agree, disagree, unrelated, or discuss. The dataset was
manually collected from different known social medias such as OBN, AOBBC, etc, and
reviewed by two experts to ensure the correctness of the dataset. And then, the collected dataset
is not directly feed into learning algorithms, because it is a fully of noise that affect the model’s
performance, due to this fact, it must be preprocessed before it given into the model as an input.
Therefore, various NLP text preprocessing methods such data cleaning, stop word removal,

tokenization and normatlization are utilized in this study.

Once, the dataset preparation and preprocessing is complete, the textual data must converted to
vector formats, because the machine learning and deep learning models do not work directly
with textual data. To represent textual data with corresponding word vector we employed various
word representation methods such as FastText, TF-IDF, and One Hot Encoding. After feature
vector is ready for the learning model, then we built machine learning and deep learning model
with the correct hyperparameters. In this study, to develop Afaan Oromo News Stance detection
model, two machine learning algorithms such as Logistic Regeration and Random Forest and the
two deep learning algorithms such as LSTM and BIiLSTM are proposed, based on the criterion
we have set in model selection techniques explained in section 3.5.1. Lastly, the one that best
performed with newly collected dataset is taken experimentally to design Afaan Oromo News
Stance detection model. The classification is done based on the level of agreement between the
headline and the body assigned to the headlines. To do so, we have designed the architecture of
stance detection/classification for Afaan Oromo News. Similarly, our proposed architecture has
four (4) phases, namely, Preprocessing Phase, Features Extraction Phase, Training Phase, and

Prediction Phase, as shown in Figure 3.2.
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Figure 3. 10: Proposed Model Architecture
3.8 Working Environments

In order to execute the suggested solution to the issues stated in chapter one, this study used a
variety of development tools and software packages listed in Table 3.4 . The goal was to
accurately classify the stance of the Afaan Oromo News using machine and deep learning
techniques. Because of this, each suggested solution is implemented and tested using the Python
programming language, starting with the preprocessing stage and ending with the model
creation. To determine the best model, it is also used to assess the classifiers that have been

applied.
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Table 3.4: Tools and library Used in the Study

Tools
Tools Version Description
CoLab | ......... An effective tool for learning and quickly creating Python
(Colaboratory) machine and deep learning models is Google Colab. It
facilitates team development and is based on the Jupyter
notebook.

Python 3.7.13 | Python is an object-oriented, high-level, and flexible
programming language with dynamic semantics. It is used for
teaching machines to learn, and for analyzing an extensive
amount of data.

Microsoft Word 2021 Used for writing Thesis Documentation
Microsoft Excel 2021 Used for dataset preparation
Python Packages
Tensor Flowand | 2.8.2and | A high-level neural network framework called Keras works on

Keras 2.8.0 top of TensorFlow, which is an open-sourced end-to-end
platform and library for various machine learning tasks.

Pandas 1.35 It is an open-source package for data analysis that is fast,
powerful, flexible, and easy to use for tool manipulation which
is built on top of the python programming language.

Numpy 1.21.6 | Itis the fundamental package for scientific computing in python.
It is used to provide multidimensional array of objects, numbers,
and strings.

NItk 3.7 The Natural Language Toolkit (NLTK) is a Python development
environment for creating programs that use human language data
for statistical natural language processing (NLP).

Genism 3.6.0 Genism is a popular open-source natural language processing

(NLP) library used for unsupervised topic modeling and building

word to vectors.
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3.9 Deployment Environment

Tools and python packages which are discussed in section 3.8 have been deployed on a desktop
computer equipped with a processor HP Intel(R) Core (TM) i5-7200U CPU @ 2.50GHz 2.70
GHz (Giga Hertz) with 4 Gigabytes of physical memory, and 928 Gigabyte hard disk storage

capacity with Windows 10 Pro, 64-bit operating system are used.
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Chapter Four: Experiments and Result Discussion

4.1 Overview

In this chapter, we present our proposed model experimental setup and empirical evaluation.
Afaan Oromo News Dataset pre-processing, experimental setup, training procedure and
evaluation of the result are presented. Similarly, we have included techniques like vector
representation for Afaan Oromo News Domains, implementation of the proposed model,
hyperparameters values we used and the results of the proposed model are analyzed. Finally, the
comparison of the results based on our experiments is discussed and we compared with pre-

existing work.

4.2 Dataset Preprocessing for Model Training

In this study, we have collected AONDS in the form of CSV (comma-separated values) which
has 38710 words and is grouped into 880 tuples from sources that have relatively large amounts
of followers on Facebook. So, texts posted by humans on different sites and media have
inconsistencies, noise, incomplete information, and missing values which affect the performance
of models. Because of those consequences, dataset preprocessing is a necessary step before
building a model. Because Pre-processing is necessary to convert the data into a format that the

model can understand as well as to some extent improve dataset quality.

4.2.1 Loading AONDS

Lessening the time needed to build reliable machine learning algorithms or deep learning models
that are, the time from designing an algorithm to putting it into practice to produce the desired
model has become crucial with the rise in the use of deep or machine learning to solve real-time
problems. To do so, dataset Loading is the first step and most crucial task that goes into
modeling a deep learning and machine learning problem. So, for that purpose python
environments are used on Colab, because Google Colaboratory is a free Jupyter notebook
interactive development environment. On the first, we connect with a drive to read AONDS from
the stored directory. As explained in section 4.2 about data format, we load AONDS CSV file
format using python standard library which provides built-in modules CSV module and reader ()
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function. Besides, we used Pandas and pandas.read csv () function because it’s a very flexible

function to load data as DataFrame.

[ 1 from google.colab import drive

drive.mount('/content/drive/")

Loading AONDS

" dataset = pd.read_csv('/content/drive/MyDrive/Research /Machine lLearning/A0NDS.csv')
dataset.info()

[» <class 'pandas.core.frame.DataFrame’>

RangelIndex: 888 entries, 8 to 879
Data columns (total 5 columns):
Non-Null Count

=

8

(RN e

4

Column

Body ID
Headline
articleBody
Stance
stance_cat

888
888
880
888

non-null
non-null
non-null
non-null
non-null

dtypes: inté4(2), object(3)

memory usage: 34.5+ KB

Dtype
inte4
object
object
object
inte4

Figure 4. 1: Loaded and Information of AONDS Using Pandas

4.2.2 Preprocessing AONDS

As we discussed in the proposed model (section 3.5) we apply the preprocessing techniques on

AONDS for easy encoding as a sequence of integers which improves the performance of the

models as below.
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v" [7] nltk_stopwords = stopwords.words('/content/drive/MyDrive/Research /Machine_Learning/AfaanOromoStopkiord.txt")
stopwords_afaan_oromo = set(stopwords.words(’/content/drive/MyDrive/Research /Machine_Learning/AfaanOromoStopWord.txt'))
dataset['Headline'] = dataset.Headline.apply(lambda x:str(x))
dataset.loc[:, 'Headline'] = dataset['Headline'].apply(lambda x : str.lower(x))
dataset.loc[:, '"Headline'] = dataset['Headline'].apply(lambda x:" '.join(re.findall( ' [\w]+',x)))
dataset.loc[:, 'Headline'] = dataset[ 'Headline'].str.replace("[!IN(\)-\[\I{}:5:" VLN 2@H8RAE> ~]", ")
dataset.loc[:, "articleBody’] = dataset['articleBody’].apply(lambda x : str.lower(x))
dataset.loc[:, "articleBody'] = dataset['articleBody'].apply(lambda x:' '.join(re.findall('[\w]+',x)))

def remove_stopwords(s):
return ' '.join(word for word in s.split() if word not in stopwords_afaan_oromo)

dataset[ 'Headline'] = dataset['Headline'].apply(lambda x:remove_stopwords(x))
dataset['articleBody'] = dataset['articleBody'].apply(lambda x:str(x))
dataset['articleBody’] = dataset[ articleBody'].apply(lambda x:remove_stopwords(x))

Figure 4. 2: Implementation of all Preprocessed Phase

4.2.3 Sample of AONDS after Preprocessed

In Figure 4.3 we gave 5 samples of preprocessed AONDS to show whether or not the loaded
dataset is preprocessed. Especially the dataset is normalized as shown below and we have 5
columns like Body ID, Headline, articleBody, Stance, and stance_cat (stance categories) with

corresponding values.

dataset. sample(5)

Body 10 Headline articleBody  Stance stance cat
284 285 garaa garummaa qabnu marin hikaa dnimma Diyy... -~ hidhaa jiruus hilkamee taani deemu ammaleg fu.. - Disagree 1
01 waltadinsa shororkeesstootaa ja hayyootaatin  waggoota cheeraaf dina walituran tpifiumm... ~ Agree 0
[ - maalif ajjeesuu filaian wanti beeknu - saganticha bulchaa olaanaan godina waalaayitaa... Unrelated J
889 860 haaromsa masaraa mootummaa abbaa jfaarfufsi..  dhimmoota walifi dhufeenya biyyoota lameenii .. Unrelated ]
280 28 ministim muummes itijoophiyaa dr abiyyiahi..  sikeessaa bahuu geefteert hagachif waxwsir..  Disagres 1

Figure 4. 3: Sample of Preprocessed AONDS
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As we expressed in section 4.1, we have 880 tuples in our collected dataset. Also, Figure 4.4
illustrates the distribution of claims in each stance. As shown, that all stance label has equal
count. Therefore, it indicates that the collected dataset is balanced.

C» Text(e.5, 1., 'Division of Claims ')
Division of Claims

20 e | dtal[ 'Stance '].value_counts()
Aaree 1
® 100 :
Dlsagree 200
50 Discuss 208
Unrelated 208

Agree Disagree Discuss Unreiated MamE: Stance l dt}rpe: iﬂtﬁﬂ'l_

Stance

Figure 4. 4: Number of Claims in each Stance

4.3 Building Vector Representation for AONDS

Word embedding is a term used to describe how words are represented for text analysis.
Typically, it takes the form of a real-valued vector that encodes the meaning of the word with the
expectation that words that are close to one another in the vector space will have similar
meanings. So, instead of encoding the texts in the form of vectors, we used FastText, One Hot
Encoding, and TF-IDF techniques as we discussed in section 3.4. Where FastText represents the
word as an n-gram of characters. But One Hot Encoding represents texts/words as binary vectors,
in which texts are mapped to integer values to represent each text as a binary vector that is all
zero values except the index of an integer is marked with a 1. Besides, One Hot Encoding, unlike
other methods, is simple and fast to create and update the vector. TF-IDF transforms the text into
a usable vector by counting terms and computing TF-IDF scores of documents within the
training dataset, using Tfidftransformer and TfidfVVectorizer respectively. For the purpose of

word vectorization in this study, we used FastText and One Hot Encoding with Deep Learning
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and TF-IDF with the Machine Learning Algorithm. We then compared the classification results
to determine which vector representation and algorithm or model correctly classified our dataset
or highly performed. To create our word embedding, we used FastText from the Genism library.
Because this model creates word vectors by looking at the context in which words appear in
sentences. Also, words with similar contexts will be placed close together in the vector space.
Generally, once the word vector is generated and loaded into memory to form a dictionary later

to train the required models.

Train FastText Word Embedding using Python

[25] from gensim.models.fasttext import FastText
# Defining values for parameters
embedding size = 308
window_size = 5
min_word = 1
down_sampling = 1le-2

fast_Text model = FastText(word_tokens,
size=embedding size,
window=window_size,
min_count=min_word,
sample=down_sampling,
workers = 4,
sg=1,
iter=20)

Figure 4. 5: Implementation of FastText Word Embedding

t-5NE visualization for word_ “Paart)”
o Paartieents . s
[33] #Most Similar to a word paartii

400 o PaArtiitil fast_Text_model.wv.most_similar('paartii’)
Raartileen
00 . o Paartil [('paartiii’, ©.9997879266738892),
o Amaaraatiif _ ('paartiitii’, 0.9997167982635498),
. D o Paartiii daartileenis (‘paartiileen’, 0.9996658563613892),
o fAATHICENIS (‘partii’, 6.9996656170428101),
. ('paartiileenis’, ©.9996321797378911),
o Partii ('gurrattii’, 0.0996120876414734),
-400 — , Paartijleen (:amaatiiF:: ?:9995924%3439925Q),
. ('amaaraatiifi', @.9995886887417683),
00 00 7 00 a0 ('paartileen’, ©.9905705488357544),

% ('paartileenis’, @.9995790719985062)]

S o Amaatiif

Figure 4. 6: FastText word embeddings visualization using tsne and Similarity of Words
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The coefficients of each embedding can now be accessed by the word itself as a key from the
embedding index dictionary once the word embedding has been constructed and/or loaded into
memory. The next step is to set up the embedding matrix for each word in our data set's word
index. To see if a match exists in the pre-trained index, each tokenized word from the word index
is compared with the embedding index. Then, if a match is found, the word will receive the
associated coefficients; otherwise, all zeros will be applied. An embedding matrix that the deep

learning model can employ is created once all of the words in the iteration have been processed.

[ ] from gensim.models import Word2Vec
AONDS_ft=Word2Vec.load( " /content/drive/MyDrive/Research /Machine Learning/AONDS ft')
def setup_embedding_index()

embedding index=dict()
for i in range(len(AONDS_ft.wv.vocab)):
word = 1ist(AONDS_ft.wv.vocab)[i]
coefs = AONDS_ft[word]
embedding_index[word] = coefs
return embedding_index
embeddings_index = setup_embedding_index()
print(’Loaded %s word vectors.' % len(embeddings_index))

# create a weight matrix for words in training docs
embedding _matrix = np.zeros((vocab_size, 388))

for word, i in t.word_index.items(}:
embedding wector = embeddings index.get(word)

if embedding_wector is not None:
embedding matrix[i] = embedding wector

Figure 4. 7: Preparing Embedding Index
4.4Embedding Layer

In the embedding layer headline and body of the news are embedded separately as they are
preprocessed and tokenized separately, which is represented in a form of a vector and analyzed
using different deep learning models. To achieve this, we use the Keras Embedding layer by
specifying the parameter

sentence_input = Input(shape=(MAX_SENT_LENGTH,), dtype='int32")

embedded_sequences = Embedding(output_dim = hidden_size, input_dim = vocab_size, input_|I
ength = (MAX_SENT_LENGTH,),)(sentence_input)

heading_input = Input(shape = (MAX_SENTS_HEADING, MAX_SENT_LENGTH),dtype ="i
nt32")

66



heading_embedded_sequences = Embedding(output_dim=hidden_size, input_dim=vocab_size, \
input_length = (MAX_SENTS_HEADING,MAX_SENT_LENGTH,), \
weights = [embedding_matrix])(heading_input)

where MAX_SENT _LENGTH, MAX SENTS, and MAX_SENTS HEADING are used to

restrict the number of sentences in the headline and body of Afaan Oromo News Dataset, and

where hidden_size is 300 which is the same as the dimension of the pretrained FastText

dimension to represent each word.

4.5 Implementation of Proposed Model (Deep Learning Model)

Once we get the preprocessed AONDS, embedded vector, encoded and padded, and the
Vectorized headline and body of the article deep learning model or machine learning algorithms
are required to train. To do so, we gave some clues about implementations, architecture, how to
start training and making predictions, and layers of those models in the below section to know

which model is best performed on AONDS.

451 LSTM Model

Once we encoded and padded part of the headline and body, converted the class of
vectors(integers) into a binary class matrix, and split the training and testing dataset, then a deep
learning model is required to train a model. To do so, we developed LSTM in our experiment to
detect claims that occurred between Afaan Oromo Headline and Body news. Those claims are
categorized into Related and Unrelated, also the related claims are further categorized into
Agree, Disagree, and Discuss. LSTM is the most popular architecture among RNNs and is
designed to optimizer capture long-term dependencies. To address the gradient disappearing or
exploding difficulties faced with vanilla RNNs, LSTM incorporates a memory cell to store
values across arbitrary time intervals, as well as three gates (input gate, output gate, and forget

gate) to manage the flow of information into and out of the cell.

A language model would first use an input layer that learns the relation between headline and
body, in the embedding layer. Then the additional layer adds multiple elements-wise by creating
ReLU layers to manage the input dimension of all neurons. An LSTM layer consists of flatten-
layer LSTM cells that are processed the outputs of an additional layer to change its dimensions.

Finally, the outputs of the flatten-layer are processed and forwarded through a sigmoid activation
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function to predict or classify, and the Adam and categorical cross-entropy loss are used to
evaluate the performance of the model. In Figure 4.9 or part of the model summary, each layer of
LSTM trained around 2,217,900 total parameters.

Defining Model Architecture

('] input_headline = Input(shape=[64],name="input headline')
embedding headline = Embedding(vocab length,56,input length = MAX SEQUENCE LENGTH HEADLINE)(input headline)
dense_headline = Dense(16,activation="relu")(enbedding headline) #
input_body = Input(shape=[64],name="input body")
embedding body = Embedding(vocab length,50,input length = MAX_SEQUENCE LENGTH BODY)(input body)
dense_body = Dense(16,activation="relu")(embedding body) #
addition layer = concatenate([embedding headline,embedding body])
Istm = LSTM(units=64)(addition layer)
drop = Dropout(0.25)(1stm) #

flatten = Flatten()(addition layer) #
output = Dense(4,activation="sigmoid")(1stm)

model combined = Model(inputs=[input headline,input body],outputs=output)
model combined.compile(optimizer = ‘adam’,loss ="categorical crossentropy’,metrics = [ accuracy'])

Figure 4. 8: LSTM Model Implementation in Python

68



Model Architecture

[ 1 model combined.summary()

Model: "model_4”

Layer (type) Dutput Shape Param # Connected to

“input_headline (Inputiayer)  [(None, 641 e 0
input_body (InputLayer) [({None, 64)] 2] [1]
embedding 8 (Embedding) (None, 64, 58) 1887788 ["input_headline[@][&]"]
embedding @ (Embedding) (None, 64, 58) 1887788 ["input_body[@][e]"]
concatenate_4 (Concatenate) (None, &4, 18a) 5] [ "embedding_g[8][e] .

"embedding_o[8][a]"]
1stm_4 (LSTM) (None, 64) 42248 [ "concatenate_4a[e][e]"]
dense_14 (Dense) (MNone, 4) 268 ["1stm_a[e][e]"]

Total params: 2,217,988
Trainable params: 2,217,588
Mon-trainable params: @

Figure 4. 9: Layer of LSTM Model

input_headline | input: input_body | input:
[(None, 64)] | [(None, 64)] [(None, 64)] | [(None, 64)]
InputLayer output: InputLayer | output:
Y i
embedding 8 | input: embedding 9 | input:
(None, 64) | (None, 64, 50) (None, 64) | (None, 64, 50)
Embedding | output: Embedding | output:

\ /

concatenate_4 | input:
[(None, 64, 50), (None, 64, 50)] | (None, 64, 100)

Concatenate output:

Istm_4 | input:
LSTM | output:

(None, 64, 100) | (None, 64)

l

(None, 64) | (None, 4)

dense_14 | input:

Dense output:

Figure 4. 10: LSTM Model Architecture
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452 BILSTM

Recurrent neural networks like the bidirectional LSTM (BiLSTM) are frequently utilized when
the input's context is necessary. In a unidirectional LSTM, information moves from backward to
forward. Contrarily, a bi-directional LSTM employs two hidden states to allow information to
flow both forward and backward in addition to backward and forward. BiLSTMs are better able
to comprehend the context as a result. Using BiLSTM, the input data slice was escalated. Both
the prior and subsequent context of the words being evaluated can be taken into account by the
Bi-LSTM model. In our model, we have two layers of bidirectional long short-term memory,
then a layer of flattening, and finally a layer that is connected to a dense layer. A number of the

parameters employed in each layer of the BiLSTM are displayed in below Figure 4.11.

sentence_input = Input(shape=(MAX_SENT_LENGTH,),dtype="int32")
print(sentence input)
embedded sequences = Embedding(output_dim = hidden size, input dim = vocab size, input length = (MAX SENT LENGTH,),)(sentence_input)

1 LSTM = Bidirectional(LSTM(168, return_sequences = True))(embedded sequences)
1 dense = TimeDistributed(Dense(18@))(1 LSTH)

1 dense = Flatten()(1 dense)

sentEncoder = Model(sentence input,l dense)

body_input = Input(shape=(MAX_SENTS,MAX_SENT_LENGTH,),dtype = 'int32")
print(body_input)

body_encoder = TimeDistributed(sentEncoder)(body_input)
print(body_encoder)

1 LSTM_sent = Bidirectional(LSTM(168,return_sequences=True))(body_encoder)
1 dense_sent = TimeDistributed(Dense(188))(1_LSTM sent)

1 dense_sent = Flatten()(l_dense_sent)

heading_input = Input(shape = (MAX_SENTS HEADING, MAX_SENT_LENGTH),dtype = 'int32')
heading_embedded_sequences = Embedding(output_dim=hidden_size, imput_dim=vocab_size, \
input_length = (MAX_SENTS_HEADING,MAX_SENT_LENGTH,), \
weights = [embedding_matrix])(heading_input)
h_dense = Dense(16@,activation="relu")(heading_embedded_sequences)
h_flatten = Flatten()(h_dense)
article output = concatenate([1_dense_sent,h_flatten],name = 'concatenate heading')

news_vestor = Dense(188,activation = 'relu’)(article_output)
preds = Dense(4,activation = 'softmax')(neus_vestor)

model = Model([body_input,heading_input],[preds])

model.compile(loss="categorical crossentropy',optimizer="rmsprop’, metrics = ['acc'])

Figure 4. 11: Snipped Implementation of BILSTM Model
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o model. summary()

[» Model: "model 1"

Layer (type) Qutput Shape Param # Connected to

input 2 (InputLayer) [(None, 2@, 28)] 8 []

time distributed 1 (TimeDistri (None, 20, 2000) 6367100 ['input_2[@][0]"]
buted)

input 3 (InputLayer) [(None, 1, 20)] 8 []

bidirectional 1 (Bidirectional (None, 28, 200) 1680800 ['time_distributed 1[0][2]"]

)

embedding 1 (Embedding) {(None, 1, 28, 30@) 6526200 ['input_3[@][e]"]

time distributed 2 (TimeDistri (None, 28, 18@) 20100 ['bidirectional 1[@][@]"]
buted)

dense 2 (Dense) (None, 1, 28, 108) 38108 [ 'embedding 1[@][@]"]
flatten 1 (Flatten) (None, 200@) 8 ['time_distributed 2[0][2]"]
flatten 2 (Flatten) (None, 200@) 9 ['dense_2[@][@]"]
concatenate_heading (Concatena (None, 4808) 8 ['flatten_1[@][2]",

te) 'flatten_2[@][@]"]

dense_3 (Dense) (None, 100) 420100 ['concatenate_heading[8][@] ']
dense 4 (Dense) (None, 4) 424 [ 'dense_3[@][@]"]

Total params: 15,524,884
Trainable params: 15,524,884
Non-trainable params: @

Figure 4. 12: BiLSTM Model Layers
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C

input_2 input:

InputLayer | output:

[(None, 20, 207]

[(None, 20, 20)]

L

time_dismibuted_1(model) | input: input_3 input:
- (None, 20, 20) | (None, 20, 2000) [(None, 1, 200] | [(None, 1, 20)]
TimeDistributed(Functional) | output: InputLayer | output:
L L
bidirectional_I{lstm_1) | input: embedding_1 | inpur:
— - (Mone, 20, 2000y | (None, 20, 200) - (None, 1, 20) | (None, 1, 20, 200)
Bidirectional(LSTM) | outpur: Embedding | output:
1 X
time_distributed 2{dense 1) | input: ) dense 2 [ input: )
(None, 20, 200) | (None, 20, 100) (None, 1, 20, 300) | (None, 1, 20, 100)
TimeDistributed(Dense) | outpur: Dense | outpur:
flatten_1 | input: flatten_2 | input:
(None, 20, 100} | (None, 2000) (None, 1, 20, 100} | (None, 2000)
Flatten | output: Flatten | output:

o,

/

concatenate_heading

input:

Concatenate

oufpue

[(None, 2000), (MNone, 2000)]

(None, 4000}

L

dense_3

input:

Dense

output:

(Mone, A000)

(Mone, 100)

\

dense 4

nput:

Dense

QUIpUL:

(None, 100)

(None, 4)

Figure 4. 13: BiLSTM Model Architecture

4.5.2.1 Experiment Setups and Hyperparameter used for Train BiLSTM Model

In the final set of experiments, the proposed BiLSTM model is trained on 880 AONDS. So, the

training is performed using a development environment which is discussed in section 3.9 was

conducted using a Keras package-based prototype. We used an 80/20 split ratio for our dataset as

the training and testing split for the experiment. In terms of alternative hyperparameter

combinations, we used multiple experiment configurations, taking into account factors like the
maximum sequence length for the headline and body, embedding dimension, verbose, number of

epochs, activation function, loss, and optimizer type. We chose the hyperparameter values in
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Table 4.1 for the model's best performance after completing numerous experiments with various

settings using the dataset description provided above as a guide.

Table 4.1: Hyperparameter Values of BiLSTM

N© Parameter Values Description

1 | Number of Epoch 5 It’s the number of complete passes through
the training dataset.

2 | Word Embedding Word2vec Learns meaningful relations and encodes
the relatedness into vector similarity.

3 Optimizer rmsprop (Root Mean | Algorithms or methods are used to change

Squared Propagation) the attributes of the network such as
weights and learning rate to reduce the
losses.

4 Loss categorical_crossentropy | Used as a loss function for a multi-class
classification model where there are two or
more output labels.

5 Batch Size 50 No. of training examples that are
processed at a time.

5 Verbose 1 Used to detect overfitting while training a
model and validation accuracy is worse

6 Activation ReLu, and Softmax Help the network learn complex patterns in

Function the data.

4.6 Implementation of Machine Learning

As we stated in section 4.5 the machine learning algorithms such as Logistic Regression and

Random Forest Classifier are examined using different features extraction like TF-IDF and word

overlap, and Cosine similarity and Jaccard similarity are used to extract the similarity of the

headline and body of articles which makes enhance the accuracy of the algorithms. Besides, in

the below section, we only focus on the parameters, the evaluation metrics that we used, and the

results of each classifier.
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Table 4.2: Parameters we used to weight the text and Measure Similarity

N2 Parameters \ Values Used With
Text weight using TF-IDF
1 Lowercase True
2 ngram_range (1,1) means
(Unigram, Unigram) | Logistic Regression
3 max_features 1024 and Random Forest
Similarity Measure
1 Similarity Measure 1 Cosine Similarity
2 Similarity Measure 2 Word Overlap
3 Similarity Measure 3 Jaccard Similarity Random Forest

4.6.1 Logistic Regression Classifier + TF-IDF + Word Overlap + Cosine Similarity

Logistic regression is belonging to the family of supervised machine learning models. It is also
considered a discriminative model, which means that it attempts to distinguish between classes
(or categories). Also, it’s maximizing the log-likelihood function to determine the beta
coefficients of the model slightly under the context of machine learning. Within machine
learning, the negative log-likelihood is used as the loss function, using the process of gradient
descent to find the global maximum to arrive at the same estimations. Logistic regression can
also be prone to overfitting, particularly when there is a high number of predictor variables
within the model. Regularization is typically used to penalize parameters with large coefficients
when the model suffers from high dimensionality. So, to classify the prepared dataset which
consists of headlines and a body of news we employed feature selection and similarity measure
approaches such as unigram-bigram, TF-IDF, word overlap, and cosine similarity to train our

algorithms. Also, Figure 4.15 shows the extracted features using logistic regression.
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[1] Extracting Features..
-Extracting tfidf vectors..
Features with lowest and highest idf in the body vector:

Features with lowest idf:
['jedhan' "obbo' 'uu' 'magaalaa’ "tplf' "ture' 'bara' "hojii' 'jira" "aa']

Features with highest idf:
['amaasaadaar’ 'jabiinaaz' 'jabeessinee' "jabesnya' 'jabbaa' 'jabaafi’
"jaarsotiif' 'jaarsoliin' 'jaarrolii' 'ijaaramaniif’]
-Tfidf vectors extracted..
-Extracting word overlap..
1850it [@8:83, 551.76it/s]
452it [B@:686, 1858.58it/s]
G831t [B8:88, 1195.51it/s]
-Word overlap extracted..
-Extracting cosine similarity..
-Cosine similarity extracted..
-Combined features returned..

Figure 4. 14: Features Extracted with lowest and highest idf

4.6.2 Random Forest Classifier + TF-IDF + Word Overlap + Cosine Similarity

Besides, among supervised machine learning random forest classifier is the most popular
algorithm used for text or sentiment classification. Similarly, this algorithm is the best fit for a
large dataset. Also, this algorithm is improving its accuracy by working with bagging and
boosting techniques by creating strong learners through the sequential model. Moreover, we
examined different feature selection and similarity measure approaches like unigram-bigram,
TF-IDF, word overlap, and cosine similarity to train our algorithms used to classify claims of

Afaan Oromo News.

4.6.3 Random Forest Classifier + Jaccard Similarity

In this section, the term Jaccard Similarity known as similarity measurement approaches are
applied to the random forest classifier. Because Jaccard Similarity is specially used to measure
the similarity between two documents or texts it is more applicable to measure similarity
between headlines and body of news in stance classification problem. Therefore, if the headline
and body share the same members, the calculated Jaccard is high unless it’s less (we tried to

illustrate in Figure 4.15). Also, Figure 4.16 shows the performance of the algorithm.
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Figure 4. 15: Calculated Similarity using Jaccard Similarity

4.7 Tuning Hyperparameters

While using automatic hyperparameter tunning obviously reduces the overtiredness to the
scholar, it is often a very expensive move concerning the computational resource. So, to
moderate this problem we choose to tune on manually set up hyperparameter values. The
purpose of this manual hyperparameter tuning is to end up with a model that has a low
generalization error with a small runtime and memory budget we have. We arranged for a total
of 19 trials and bolded the highest accuracy as shown in Table 4.3 below and trained our
BiLSTM model.
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Table 4.3: Tuning Hyperparameters Train

Train | Learning Rate | Dropout | Optimizer | Epochs Batch- Loss Accuracy
No Size
1 0.001 0.05 rmsprop 10 50 0.8734 74.43%
2 0.005 0.35 rmsprop 15 50 1.1827 61.36%
3 0.001 0.2 rmsprop 15 25 1.5212 72.16%
4 0.002 0.2 Adam 10 50 1.0060 74.43%
5 0.001 0.25 Adam 5 50 0.8459 73.86%
6 0.0025 0.5 Adam 10 25 0.8950 73.86%
7 0.002 0.5 Adagrad 5 25 1.3214 39.20%
8 0.002 0.25 Adagrad 5 50 1.3519 34.09%
9 0.001 0.2 Adadelta 5 50 1.4015 28.98%
10 0.005 0.25 SGD 5 50 1.3221 33.52%
11 0.001 0.5 SGD 10 25 1.1651 56.82%
12 0.001 0.5 rmsprop 10 64 0.8406 72.16%
13 0.0025 0.5 rmsprop 5 128 0.9133 61.64%
14 0.002 0.5 rmsprop 5 160 1.0054 57.95%
15 0.002 0.5 rmsprop 10 160 0.7425 67.05%
16 0.0025 0.25 Adam 10 160 0.6777 75.00%
17 0.05 0.05 Adam 15 160 1.0307 72.16%
18 0.001 0.2 rmsprop 15 160 0.6940 72.16%
19 0.005 0.2 rmsprop 20 160 0.8147 71.02%

4.8 Results and Discussion

This section shows the outcomes of the classification process utilizing two machine learning
algorithms and two deep learning models. We presented the results of the AONSD using
different evaluation metrics such as Accuracy, Precision, Fl-score, and Confusion Matrix
(further clarified in chapter 3 under section 3.6) to evaluate the performance of the Model.
Besides, those performance metrics are illustrated in the form of a graph which is easily
interpreted and analyzed by the reader. For example Table 4.3, 4.4, and Figure 4.16-4.22
represents the results. To do so, we did a lot of experiments with different ML (LR and RF) and
DL (LSTM and Bi-LSTM) using different parameters to make hyperparameter tuning to find the

optimal accuracy. Finally, the results are compared to answer our research questions.

In the first experiment, we used One Hot Encoding with the LSTM model for extracting the

similarity between the headline and body of Afaan Oromo News. The second experiment was
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applying the word embedding techniques. We used the FastText algorithm with the proposed
model (BiLSTM) for word representation. The third experiment applied the TF-IDF + Word
Overlap + Cosine Similarity for feature extraction and similarity measure with Logistic
Regression and Random Forest algorithms. In the fourth experiment, we used Jaccard Similarity
to measure the similarity between the headline and body of Afaan Oromo News and train using

Random Forest.

Similarly, we compared the outputs of the first and second experiments. As a result, One Hot
Encoding with FastText word embedding is compared, and by analyzing the results from Table
4.3 we concluded that using FastText word embedding with BiLSTM is more effective for
capturing the semantic similarity between the headline and body of Afaan Oromo News as it

significantly improved the accuracy and supports all classes (RQ1).

Table 4.4: One Hot Encoding Performance of different models and algorithms

Models Accuracy | Loss Support
LSTM with One Hot Encoding 63.64% | 0.9233 | Class Agree
BILSTM with FastText 75% 0.6777 All

As can be seen from Table 4.3 above, LSTM using One Hot Encoding classifies or support only
class agree and high loss, whereas BiLSTM using FastText support all classes, and its loss is
very minimal. Because, as we know One Hot Encoding is easy to implement and works fast, but
it loses the inner meaning of the word in a sentence (it loses the context of the sentence).

Because of this one hot encoding is not suitable to classify the AONDS stance (RQ1).
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Class-wise F1-Score and Accuracy Comparison
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Figure 4. 16: Class-wise F1-Score and Accuracy Comparison

Figure 4.17 shows the comparison of the F1-score of three algorithms. Where as Random Forest
with Term Frequency-Inverse Document Frequency, Word Overlap, and Cosine Similarity has
the highest F1-score of Discuss and Unrelated stances and Random Forest with Jaccard has the

highest F1-score of Agree stances than other.

As can be seen from above Figure 4.16 class-wise F1-Score and accuracy comparison Random
Forest Classifiers using Term Frequency-Inverse Document Frequency, Word Overlap, and
Cosine Similarity techniques are outperforming others, which achieves F1-Agree, F1-Disagree,
F1-Discuss, F1-Unrelated, and Accuracy of 45%, 93%, 55%, 80%, and 70% respectively (RQ2).
So, this shows Cosine Similarity outperforms Jaccard Similarity for the task of Afaan Oromo

Stance Detection.
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4.8.1 Accuracy, F1-Score, Precision, and Recall of Random Forest

[1] Fitting Model..
-Random Forest Classifier
[2] Evaluating model..

Accuracy score for Random Forest Classifier = 8.695086432748538
Precision: ©.5676489

Reczll: @.695%9858
F1 score: 8.671583

precision recall fl-score  support

class 8(fgree) a.57 .38 e.45 45
class 1(Disagree) @.86 1.88 8.23 44
class 2(Discuss) 8.62 8.58 8.55 48
class 3{Unrelated) @8.67 1.88 8.28 34
accuracy e.7a 171

macro avg 8.68 8.72 8.68 171

weighted avg e.68 e.7a e.67 171

Figure 4. 17: Accuracy, F1-Score, Precision, and Recall of Random Forest

4.8.2 Confusion Matrix of Random Forest

-Done with Random Forest Classifier

Confusion Matrix for Random Forest Classifier

35

25

20

Predicted label
class 3{Unrelated) class 2(Discuss) class 1(Disaqree) class O{Agree)

[ ] [
class DiAgree) class 1{Disagree) class Z{Discuss) class I(Unrelated)
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Figure 4. 18: Confusion Matrix of Random Forest
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As we can see from the above Figure 4.18 (Confusion Matrix), the Random Forest + TF-IDF +
Word Overlap + Cosine Similarity algorithm classifies correctly 119 out of 171 Afaan Oromo
News, but around 52 of the news are classified incorrectly. Also, the above Figure 4.17
illustrated the model achieves an accuracy, precision, recall, and F1-score of 70%, 68%, 70%,

and 67% respectively.

4.8.3 Accuracy, F1-Score, Precision, and Recall for the BiLSTM Model

[1] Fitting model..
-Fast Text + BiLS5TM Model
Accuracy: 8.75
Precision: ©.762982
Recall: @.7Ssg@o0ee
F1 score: 8_.751a32

precision recall Fl-score support

8 G.49 a.59 8.53 39

1 1.ea 8.96 a.98 45

2 a.74 a.57 a.64 51

3 g.79 a.9a @.84 47

accuracy a.75 176
macro avg g.7o a.75 a.75 176
weighted avg a.76 a.75 a.75 176

Figure 4. 19: Accuracy, F1-Score, Precision, and Recall for the BiLSTM Model
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4.8.4 Confusion Matrix of BiLSTM Model

-Done with BiL5TM™

Confusion Matrix for Fast Text 4+ BILSTM Model - 40
u IIIIIHIIIII 4 )
3o

43 1] o

25

20

Predicted Label

class 3{Unrelated) class 2{Discuss) class 1{Disagree) class O{Agree)

2 - u

i i i i
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Figure 4. 20: Confusion Matrix of BiLSTM Model

As we can see in the above Figure 4.20 (Confusion Matrix), the BiLSTM model classified
correctly 132 out of 176 Afaan Oromo News using 5 epochs, but around 44 of the news are
classified incorrectly. Also, the above Figure 4.19 illustrated the model achieves an accuracy,
precision, recall, and F1-score of 75%, 76%, 75%, and 75% respectively.
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4.8.5 Training and Validation Accuracy, Loss of BILSTM

Training and Validation Accuracy using BILSTM Training and Validation Loss using BiLSTM
14
10 Taining Accuracy Taining Loss
— Validation Accuracy 12 — Validation Loss
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2 4 B 8 10 2 4 b ] 10
Epochs Epochs

Figure 4. 21 Accuracy of BiLSTM and Loss of BiLSTM

v' Training and Validation Accuracy of BiLSTM

Figure 4.21 on the left side is shows the training and validation accuracy for the BiLSTM model.
This model achieved training and validation accuracy of 99.8% and 75% respectively. This

shows that the Bi-LSTM model is suitable to be used for drawing stance classification.
v" Training and Validation Loss of BiLSTM

Figure 4.21 on the right side is shows the training and validation loss of the BILSTM model.
Whereas the Validation loss for the training of the model starts at 1.2532 which constantly drops
until the third epoch and slightly drops until the tenth epoch and scored 0.6777 last loss, whereas
the training loss starts at 1.353 values and constantly dropped from the first epoch until the tenth
epoch and scores the last loss value of 0.0163. From our result that both last loss values are low,
which means it shows that the Bi-LSTM model performance is best.

4.8.6 Comparison of Proposed Model (Deep Learning) with Machine Learning Algorithm

By achieving an accuracy of 75%, the proposed model (BiLSTM) performs better than Random
Forest Classifiers algorithms (RQ3). According to Figure 4.22 the average precision, recall, and
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F1 score for all classes are 76%, 75%, and 75%, respectively. But, Random Forest Classifiers got

70% of accuracy, 68% of precision, 70% of recall, and 67% of F1 score.

Comparison of Proposed Model (BILSTM) with Machine Learning Algorithm (RF)

Score Values
&

30 -

20 1
N Accuracy

10 4 mm Recall
B Precision
H FlS5core

u p
Proposed Model (BiLSTM+FastText) RF+TF-IDF +Word Overlap+Cosine Similarity

Compariscn of Deep Learning and Machine Learning

Figure 4. 22: Comparison of Proposed Model (BiLSTM) with Machine Learning Algorithm (RF)

Because, as we know BIiLSTM, is a sequence processing model that consists of two LSTMs: one
taking the input in a forward direction, and the other in a backward direction. As a result, it
effectively increases the amount of information available to the network, which improved the

context available to the model to detect Afaan Oromo News Stance.
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Chapter Five: Conclusion and Recommendation
5.1 Conclusion

In this digital age, information disorder and the propagation of fake news are serious issues that
bring new challenges. Besides, Fake news has a proven and undeniable negative impact on
societal stability and the general public's psychological health. The first step in limiting its
dissemination and combating its detrimental impacts on society is to recognize and detect
disinformation. In order to do this, we have presented an approach in this research that uses

stance detection in addition to other common criteria to detect fake news.

An article's substance, which is its fundamental informative component, is crucial in determining
its level of trustworthiness. We proposed a model that is input to distinguish between false and
legitimate Afaan Oromo news by using linguistic characteristics depending on the content of the
article. So, to that, we tried to detect the stance of news by adding a stance feature to the
AONDS. Stance classification is the task of identifying whether an author of a text is Related
(Further categorized in to Agree or Disagree or Discuss) or Unrelated to the headline discussed
in the news. By identifying the connection between the article headline and article body, this
attitude value has assisted us in understanding the content.

Along with this additional feature, we have trained the proposed model with the help of the pre-
trained FastText technique. Because, FastText gives vector representations for the words not
present in the dictionary, which word2vec and glove both fail. Additionally, in this study, we
compared the one hot encoding with FastText, whereas the FastText embedding technique

outperforms to detect the Stance of Afaan Oromo News.

In this study, we have proposed BiLSTM which used pre-trained FastText, evaluated in terms of
their performance on the Stance of Afaan Oromo News, with Random Forest Classifier, Logistic
Regeneration, and LSTM. Whereas the proposed approach has achieved the highest performance
of 75% accuracy and comparable precision, recall, and F1-Score. Therefore, our experiments
shows that BiLSTM with FastText word embedding techniques improve the performance of

Stance Detection between headline and body of Afaan Oromo News.
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5.2 Contribution

We have contributed the following things for future researchers and anyone who is interested in

Afaan Oromo Stance Detection for Further Works.

v

We have prepared around 880 pairs of headlines and bodies of Afaan Oromo News and
built FastText vector representation from 132,610 words that will be later uploaded on
the GitHub repository for researchers.

Also, we have compared the FastText vector representation with One Hot Encoding, and
the result is that one hot encoding is proved as not suitable for Afaan Oromo Stance
Detection because it degraded in terms of accuracy.

We have shown that BiLSTM + FastText efficient than Random Forest Classifiers +
Word Overlap + Cosine Similarity for Afaan Oromo News Stance Detection.

Also, we have proven that feature extraction techniques such as Cosine Similarity
outperform Jaccard Similarity, using Random Forest Classifiers for Afaan Oromo News

Stance Detection.

5.3 Recommendation

In future work, the researchers recommended the following issues to be addressed.

v

v

Our model is trained with a limited dataset, extending the work with a large dataset can
be recommended task.

Exploring other word embedding techniques such as Bidirectional Encoder
Representations from Transformers (BERT) to inject external knowledge and understand
the relationships between headline and body of Afaan Oromo News or content.

Also, we suggest as future work classifying Afaan Oromo News (Pair of Headline and
bodies) using semantic relationships of phrases by observing synonym phrases is
recommended.

As we know on social media platforms, images, videos, and audio have become a part of
a news article to make it more informative and sensational at times. Whereas, fake news
articles are usually intervened with factual information that makes interpretation of the
contextual information difficult. So, as an extension of this work, we recommended

working with image, video, and audio use in the context-based detect systems.
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Appendices

Appendix A: Afaan Oromo Stopwords

'nu'l’, 'keessa', 'nu', 'ta’uyyu', 'moo', 'akka', 'gajjallaa’, 'waggaa', 'maqaa’, 'naa', 'si', 'itu', 'koo',

'kanaafi’, 'utuu’, ‘ati', 'yemmuu', ‘ala’, 'irratti’, 'ituu’, ‘ittumallee’, 'booda’, 'eega’, 'otoo’, 'haa’,
'magaa’, 'f', 'isaa’, 'akkam’, 'sadi', 'kanaafu’, 'hoo’, 'dudduuba’, ‘ana ', 'garuu ', ‘isaanirra’, 'wajjiin’,
‘akkam’, ‘jJara’, ‘isaanitiin’, ‘jechaa’, 'dura’, 'taan’, 'waliin', 'siif’, 'tti', ‘akkuma’', 'yommuu',
‘agarsiisoo', 'ishiif', 'fuullee', 'nu’i', 'yookiinimoo', muun', 'irraa', 'ha', 'ofi', 'oggaa’, 'ishee’, 'ani',
tiyya', 'natti’, 'woo', 'sii’, 'anee’, 'immoo’, 'kanaaf’, 'kuni’, 'inni’, ‘oliif', 'kun’, 'jala’, ‘otuu’, 'tanaafu’,
'kana, 'irraan’, 'fi’, 'jechaan’, "Jechuu’, 'sirraa’, 'gararraa’, 'nuu’, 'naa’, 'ituullee’, ‘ta'uyyu’, 'Kanaan',
'gidduu’, 'sinitti’, 'wajjin’, 'gubbaa’, 'ufuu’, ‘akkum', ‘jechoota’, 'ini', 'ishiirra’, 'otumalle’, 'moo’,
'naan’, 'yommi', 'isa’, 'teessan’, 'booda’, 'ishiirraa’, 'naan’, 'irraa’, ‘ergii’, '‘boodde’, 'iseen’, 'irra,
'saaniif', 'keenya’, 'isarraa’, 'sitti’, 'yookaan', 'manna’, ‘waan’, 'nuuf’, 'hogguu’, 'booddee’, ‘isaan’,
'yoo', 'isii', 'ta’uyyuu', 'fuullee’, 'ituu', 'akkasumas', 'ykn', 'jiru', 'biroo', 'gara’, 'gidduu', 'tahullee’,
'gubbaa’, "isiin’, 'dudduuba’, 'teenya’, 'isinii’, 'nurra’, 'yommu', 'woo’, 'utuu’, 'Jechaa’, 'irraan’, 'nuy’,
ille', 'gajjallaa’, 'siin’, 'yammu', ‘isaaniitiin’, 'kannatti’, 'yammuu', 'dabalatees’, 'siin’, 'silaa’
'‘hamma’, 'faallaa’, 'keeti’, 'yoo', 'tawullee', 'agarsiisoo’, 'otuu’, 'eenaa’, 'keetii’, 'simmoo’, 'innaa’,
‘erga’, 'yookaa', 'nurraa’, 'tanaafuu’, ‘teenya’, ‘isaanii', 'ni’, 'isaa’, 'dhaan’, ‘ofii', 'af', 'kanaatti’, 'ana’,
'naannoo’, 'malee’, 'osoo’, 'tiyya’, 'itti', ‘ogga’, '0soo’, 'isarra’, 'hoggaa’, 'ishii’, 'kanaafuu’, 'an’,
'keessatti', 'ta'ullee’, 'nati', 'fagaatee', 'sana’, 'isinitti', 'tau', 'teessan', 'ofii', 'yoom', 'waa’ee',
‘tawullee’, 'yookinim', 'mm’, 'keessan’, 'isa’, 'bira’, 'kiyya', 'warra’, 'isiniin’, ‘ta'ullee’, 'sigee’, 'nuti’,
'isaan’, 'narraa’, 'akka', 'hoggu’, 'mas’, 'yeroo', 'kan', ‘isheen’, 'yommii', 'tauu’, 'inni', 'keenyaa’,
‘alaa’, 'akkasi', 'odoo’, 'ol', ‘jechuu ', 'ammoo’, 'ennaa’, 'otuulle’, ‘ittaanee’, 'ituullee’, 'silaa’, 'too’,
'waggaa', 'kanaan’, 'isaanii’, ‘ta'uyyuu’, 'tana', 'nutti', 'kee', 'naaf’, 'ta’ulle', 'nu', 'isheenu', 'siqe’,
'tanaafi’, 'akkasu’, 'jechuun’, ‘isaanirraa’, 'tti', ‘wal’, 'yommii', 'fkn', ‘ani’, 'naannoo’, ‘isatti’, 'oggaa’,
ishiitti’, 'ittaanee’, 'warra’, 'keenna’, ‘eegasii’, 'jechaan’, 'isaani’, 'aanee’, 'amma’, ‘henna’, ‘itumallee’,
'siif', ‘'saniif', ‘alatti’, '00’, 'narra’, 'garuu’, 'sinitti’, 'ta’, 'mee’, 'bira ', ‘ta'ullee’, 'nuyi’, 'isaaf’,
‘otuullee’, 'na’, ‘'waan’, 'na’, 'lama’, 'amma’, ‘odoo’, 'yommuu', ‘gama’, ‘itumalle’, 'too’, 'ha’, ‘oliin’,
'duuba’, 'nuun’, ‘isaanitti’, 'ta’e’, 'nuy’, 'taaen’, 'isaani’, 'illee’, 'dugda’, 'akkum ', 'sana’, ‘sitti’, ‘ishiin’,
'saaniif', 'isee’, 'tanaaf’, 'fagaatee’, 'eegana’, 'gararraa’, 'isaatiin’, 'jechuu’, 'tana’, 'isiniif', 'sii’,
‘tanaafuu’, ‘waa'ee’, 'tahullee’, 'sun’, ‘giddu’, ‘irra’, "isin’, 'hin’, 'alla ', 'malee’, 'si’, 'saniif', 'lafa,
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'yookiin', 'yommiisimmo', 'ergii’, '00', itti', 'garas’, ‘akkuma’, 'tanaaf’, 'otoo’, 'simmoo’, 'naaf’,

‘fakkeenya’, 'waanalla’', 'hanga’, ‘henna’, fullee’, 'isinirraa’, 'fullee’, 'kanaa’', 'yemmuu', 'tanaafi’,

‘eega’, 'jala’, 'akkasumas’, 'otumallee’, 'yeroo', ‘alatti’, 'hanga’, ‘hogguu’, 'sirraa’, 'ati’, 'yookiin',

isini', 'an’, 'garas’, 'hoggaa’, 'jara’, 'ammo’, 'karaa’, 'yammuu', 'ala’, 'hoo’, ‘hamma ', 'sadii’

Appendix B: Supporting Result
Appendix B:1 Model Training Status

LSTM

Train on 2411 samples, validate on 683 samples
Epach 1/5

211/2411 | ] - 35 Ims/step -
Epoch 2/
2411/2411 | ] - 35 1ms/step -
Epach 3/5
2411/2411 | ] - 3 1ns/step -
Epach 4/5
2411/2411 | ] - 35 1ms/step -
Epach 5/

2411/2411 | ] - 3 1ms/step -
¢keras.callbacks.callbacks.History at Bx77aB64822d58)

Bi-LSTM

Model Fitting = BiLSTM Network

Epoch 1/18

5/5 [==============================] - 345 55/step -
Epoch 2/18

5/5 [==============================] - 105 4s5/step -
Epoch 3/18

5/5 [==============================] - 285 4s/step -
Epoch 4/18

5/5 [==============================] - 215 4s5/step -
Epoch 5/18

5/5 [==============================] - 265 55/step -
Epoch 6/18

5/5 [==============================] - 285 4s5/step -
Epoch 7/18

5/5 [==============================] - 285 45/step -
Epoch 8/18

5/5 [==============================] - 2035 4s/step -
Epoch 9/18

5/5 [==============================] - 285 4s/step -
Epoch 18/18

5/5 [==============================] - 225 4s5/step -

<keras.callbacks.History at @x7feff@lefeed>

loss: 1.3861 - accuracy
loss: 1.1721 - accuracy
loss: 1.866 - accuracy
loss: 1.8158 - accuracy
loss: 8.9975 - accuracy
loss: 1.3538 - acc:
loss: 1.8248 - acc:
loss: 8.7347 - acc:
loss: 8.5284 - acc:
loss: @.3755 - acc:
loss: 8.2343 - acc:
loss: @.1388 - acc:
loss: 9.8803 - acc:
loss: 98.8381 - acc:
loss: 98.8163 - acc

y 857601 -

» 85701 -

» 8.5761 -

» 85761 -

» 8.5761 -

8.3295

8.6747

B.7756

B.8622

8.9148

8.9673

8.9759

8.9%81

8.9972

: B.9986

val loss: 11878 -
val loss: 1.8368 -
val loss: 8.9320 -
val loss: 8.8937 -

val loss: 8.86%4 -

- val_loss:
- val_loss:
- val_loss:
- val_loss:
- val loss:
- val_loss:
- val loss:
- val loss:
- val_loss:

- val loss:

1.2532 -

1.8717

8.0445

8.80955

8.7552 -

8.6774 -

8.6658 -

8.6360 -

8.6339 -

8.6777 -

val accuracy
val accuracy
val accuracy
val accuracy

val accuracy

val_acc:
- val_acc:
- val_acc:
- val_acc:
val acc:
val_acc:
val acc:
val acc:
val_acc:

val acc:

: 0.8372

: 0.8372

: 0.8372

: 0.8872

: 0.8372

8.4545
@.5455
@.5852
8.6080
@.6534
8.7845
8.7273
8.7386
8.7386

8.75a@



Appendix B:2 Classification Reports

LR+TF-IDF+Word Overlap+Cosine Similarity

[1] Fitting Model..
-Logistic Regression
[2] Evaluating model..

Accuracy_score for Logistic Regression = @.6783625738994152
Precision: @.655543

Recall: @.678363
F1 score: B8.852115

precision recall fl-scorse support

class 6{Agree) 2.53 2.38 @.44 45
class 1({Disagree) 8.80 1.88 a.93 44
class 2({Discuss) 8.58 e.44 a.58 48
class 3{Unrelated) 2.65 1.88 e.79 34
accuracy 8.68 171

macro avg e.66 a.7e 2.606 171

weighted avg 8.60 2.68 @.85 171

RF+ Jaccard Similarity

[1:] Fitting Model..
-Random Forest Classifier + Jaccard Similarity
Accuracy: B8.4659806982808940
Preciszion: ©.658981
Recall: @.46598%9
F1 score: 8.400141

precision recall fl-score  support

=) 8.51 g.61 8.56 44

1 a8.2a g8.64 a.31 14

2 a.24 a.3a a.27 33

3 .97 G.42 a.ca 8%

accuracy 8.47 176
macro avg .48 8.5 8.43 176
weighted avg 8.66 e.47 e.58 176



