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ABSTRACT
Due to the increasing of social media usage, it has become necessary to combat the spread of

false information and decrease the reliance on information retrieval from such sources. Social
platforms are under constant pressure to come up with an efficient method to solve this problem
because users' interaction with fake and unreliable news leads to its spread at an individual
level. This spreading of misinformation adversely affects the perception of important activity,
and as such, it needs to be dealt with using a modern approach. This research presents a deep
learning based fake news detection using a multi-head attention for Amharic language. This
research proposes multi head attention-based BI-LSTM, ensemble of CNN-LSTM, and LSTM
which are state-of-the-art and NLP approaches. The goal of this research is to analyze Amharic
text and classify news taken from social media as fake or real. To evaluate the news
classification system, this research collects about 2400 news from different social and Main
stream Media. This research also tries to investigate the effect of removing Amharic language
stop words during preprocessing stage on the Amharic language fake news detection process.
The proposed multi-head attention model outperforms other deep learning models such as BlI-
LSTM, CNN, LSTM, and CNN-LSTM by 7%, 7%, 16%, and 7% respectively. The BI-LSTM,
CNN, CNN-LSTM produces almost equal classification accuracy. Results shows that applying
stop words drop the accuracy of the fake news detection by 2.83% while examine on propose

attention-based.

Keywords: Amharic Fake news detection, Natural Language Processing (NLP), Stop word, Self-
Attention Model
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CHAPTER ONE
INTRODUCTION

1.1Background of the Study

Internet and social media allow access to news information much easier and comfortable. Often
Internet users can follow the events of their interest in online mode, and the spread of mobile
devices and Smartphones makes this process even easier [1]. The importance and use of these
devices and platforms are enormous. However, this enormous potential becomes a greater threat
if it misleads users with false information. As an increasing amount of our lives interacting,
online through social media and platforms, people tend to seek out and consume news from these
online media rather than traditional news organizations [2]. Many reasons make people to be
attracted to these platforms: (i) it can be accessed using simple and handheld devices like
smartphones, tablets, and PCs. (ii) it is very easy to write news, share, comment, and discuss any

issue and also it is very cost-effective.

The spread of fabricated news results in an instability of a country. For instance, in the past 5
years, Ethiopia has been unsettled due to the spread of information and news through these
media made the political revolution which boosts antigovernment protests to achieve their goals
faster than expected. These dangers come after the spread of fake, fabricated, manipulated, and
imposter news divides the society, and currently, Ethiopia is in danger more than ever to stand as

a nation.

In recent years, to help online users identify important and valuable information, there has been
extensive research on establishing an effective and automatic framework for online fake news
detection. However, Fake news detection on social media presents unique characteristics and
challenges that make the detection challenge. Some of these challenges include: (i) Identifying
credible social information from millions of messages is challenging, due to the heterogeneous
and dynamic nature of online social communication. More specifically, it is difficult to
distinguish online truthful signals from fake and anomalous information, since the fake news is
intentionally written to mislead readers [2]. (ii) The linguistic-based features extracted from the
news content are not sufficient for revealing the in-depth underlying distribution patterns of fake
news [2]. Auxiliary features such as the credibility of the news author and the spreading patterns

of the news play more important roles for online fake news detection. However, exploiting this
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auxiliary information is challenging in and of itself as users’ social engagements with fake news
produce data that is big, incomplete, unstructured, and noisy. (iii) Online social data is time-
sensitive, which means that they occur in a real-time pattern, and represent the trending topics

and events.

In Ethiopia, there has been no means of detecting fake news that is fleeing freely without any
restrictions, and there should be some mechanism to detect this fake news. This research

proposes efficient Amharic language fake news detection.

1.2 Motivation

Over ongoing years, the quick and dangerous improvement of online news stages has seen broad
development in the quantity of phony news. These days, counterfeit news is irritating, prominent,
diverting, and everywhere. It significantly affects the two people and society. So it is critical for
building a viable discovery framework for counterfeit news ID. The fundamental attributes of
phony news can be summed up as follows:
The volume of false news: With no confirmation methodology, everybody can undoubtedly
compose counterfeit news on the computerized world utilizing various stages. These individuals
and associations are intentionally made to disseminate deceptions, purposeful publicity, and
disinformation, regularly for monetary or political addition. Hence, a gigantic measure of phony
substance is dispersed through the media, even without clients' mindfulness.
The assortment of phony news: There are a few close meanings of phony news, like reports,
parody news, counterfeit audits, deception, counterfeit promotions, fear inspired notions, bogus
explanation by legislators, and so on, which influence each part of individuals' lives. With the
expanding fame of web-based media, counterfeit news can rule the popular sentiments, interests,
and choices. Moreover, counterfeit news changes the way that individuals collaborate with
genuine news. Some phony news is made deliberately to deceive and befuddle clients,
particularly youthful understudies and individuals who have no expectation in light of a social
and financial issue (Forbes.com). We can see from the current circumstance of Ethiopia that
online phony news is significant and expansive into each part of our day-by-day life.
The following points are the key motivations for this research work

» Counterfeit news via web-based media has been happening for quite a while;

notwithstanding, there is no endless supply of the term counterfeit news". To all the more
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likely guide the future headings of phony news location research, suitable explanations
are fundamental.

» Web-based media has ended up being an amazing hotspot for counterfeit news dispersal.
There are some arising designs that can be used for counterfeit news recognition in web-
based media. An audit of existing phony news location techniques under different web-
based media situations can give a fundamental comprehension of the cutting-edge
counterfeit news recognition strategies.

» Counterfeit news location via online media is as yet in the early time of advancement,
and there are as yet many testing issues that need further examination. It is important to
examine potential exploration bearings that can improve counterfeit news identification

and relief capacities.
1.3Statement of the Problem

In the current digital world, information sharing becomes through different platforms but not
everything in these platforms the fake news is indeed the most challenging issue for the public
and government. Fake news can destroy many things if it is not controlled. One of the best
examples is the Arab revolution which spread within just a few months and destroyed Libya and
other Arab countries. This fake news can lead to negative effects or even manipulation of public
events. One of the unique challenges of detecting fake news is how to identify fake news about
recent events in the Amharic language. The task of detecting fake news has tested a variety of
labels from misinformation to rumors; to spam. There has been a large body of work surrounding
text analysis of fake news and similar topics such as rumors or spam. Language in Ethiopia
especially the Amharic language has characters (fields) more than 380 Unicode representations
(U+1200-U+137F) this language is morphologically complex. There are two directions to detect
text deception. The first of which is based on separate handheld features, which can capture
linguistic and psychological causes, however, these features failed to classify text well, which
limits performance. The second approach is based on a convolutional neural network model that
learns document-level representation to discover deception text. Neural network models have
been used to learn semantic representations for NLP tasks and it reaches the highest competitive
result According to [3] and also in NLP. But the most difficult thing is datasets which is the

reason why news detection fake was not successful in the past because it was small and included
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unrealistic news. One of the gaps that will be addressed in this research is multilingualism for

detecting fake news.
1.4 Research Questions

This research on Amharic fake news detection addresses the following research questions.
RQ1 [performance enhancement]; Can Multi-head attention model improve the performance of
Ambharic fake news detection?

RQ2 [Annotation]: How to identify fake news that is published in the Amharic language?

RQ3 [Effect of stop word removal]: What is the effect of stop word removal on the Amharic
language fake news detection?

1.5 Objectives

1.5.1 General Objectives
The general objective of this research is to develop fake news detection mechanisms for Amharic

languages using state of the art approach.

1.5.2 Specific Objectives
The following specific objectives are identified to realize the general objective:
» Proposing an efficient way of detecting fake news that is posted in the Amharic language
> Preparing a fake news dataset for Amharic language.
» Suggesting the best fake news detection mechanism.
» Experiment on the performance of detecting fake news.

» Comparing the performance of NLP, deep learning mechanisms for detecting fake news.
1.6 Scope and Limitation

Fake news is very difficult and sophisticated problem to tackle, as of nowadays because even the
term fake has a controversial definition because to identify news content whether it is fake or not
is unconditional. This research is mainly concerned with fake news detection on local languages
which addresses the current research gap but the lack and shortage of data set on the languages to

be used is one of the limitations of the research.
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1.7Contributions

This research will have a contribution to the analysis of Amharic fake news review by
classifying the news as fake or real. This research uses Long Short-Term memory based fake
news detection with multi head attention mechanism that can handle the context of a text. This

research work has the following contributions

» Performing analysis to identify the gaps on the previous developed fake news
detection system.

» This research work collects Amharic news data set for future researches.

» Comparing the state-of-the-art deep learning approaches to identify the best approach

for Amharic language.

1.8 Application of Results

The spread of fake news has a cynical impact on our society in the past decade, it is clear that the
impact it’s putting in the norms and how we observe information. The development of fake news
detection mechanisms is vital for the entire digital community and also for future researchers can
be benefited from the datasets by improving into large data corpus it can be achieved a more

accurate detection mechanism.
1.9 Thesis Organization

The rest of this document is organized as follows. Chapter Two discusses a general overview of
Ambharic Language, challenges in developing Amharic fake news detection, and how the LSTM
and Word2vec algorithm works.

Chapter Three discuss previous research works on both resource-rich and Amharic language
state-of-the-art works for fake news detection. Our proposed work for Amharic fake news
detection will be elaborated on in Chapter four of the document. The experimental setup,
experiments evaluation metrics, results, discussions on results are discussed in Chapter five of
the document. Finally, Chapter six discusses the conclusion and future research directions on

Ambharic fake news.
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CHAPTER TWO
LITERATURE REVIEW AND RELATED WORKS

2. 1 Fake News Analysis Approaches

Fake news analysis is a process of developing an automated fake news detection system from
sources like unstructured text, images/videos, and references to other sources. There are many
tools and techniques to develop an automated fake news detection system from user generated

data. Fake news detection approaches may use the following possible solutions and techniques.

(i) Gathering and indexing of information published in the internet in order to cross-reference
current news with the previous one. (ii) Image processing techniques for image comparison
and content analysis. (iii) Text analysis techniques, Reputation scoring (to identify reliability
of person and/or information source) providing the news, Reputation of the content. (iv)
Webpage providing/forwarding news (v) Machine learning techniques for content features
analysis and Analysis of semantics by means of applied ontology, and Comparison, of the
similar news published by different information sources —in that case we can use common
data mining techniques for text analysis [4]. Figure 2.1 shows suggested approaches for fake

news detection approach.

Hereby, in this paper they focus on image processing techniques for photo content verification,
as presented in the next sections.

Many machine learning methods are proposed and studied to address the problem of fake news.
These are classified by feature extraction techniques and model extraction techniques. In this
research, the methods used are NLP, Naive bays, CNN, and deep learning methods, and compare
the results that are conducted in the experiment and come up with the best method to achieve the

objectives.

2.1.1 Machine Learning Based Fake News Analysis

Fabricated news can be detected using natural language processing (NLP) techniques by
applying term frequency-inverse document frequency (TF-IDF) of bi-grams and probabilistic
context-free grammar detection to news articles [5]. The dataset was tested on various

classification algorithms such as support vector machines (SVMs), stochastic gradient descent,
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gradient boosting, bounded decision trees, and random forests. The algorithm was found that TF-

IDF of bi-grams fed into a Stochastic Gradient Descent model results in an accuracy of 77.2%.

Fake news detection using naive Bayes classifier that achieved a classification accuracy of
approximately 74%, and whose results suggest that fake news detection problem can be

addressed with artificial intelligence methods [6].

2.1.2 Deep Neural Networks Based Fake News Analysis

The model that integrates capture (C), score(S) and integrates (I) modules combine the three
generally agreed upon characteristics of fake news such as the text of an article, the user
response it receives, and the source users promoting it, for a more accurate and automated
prediction (). The first module is based on the response and text that employs the use of a
recurrent neural network (RNN) to capture the temporal pattern of user activity. The second one
learns the source characteristic based on the users' behavior, and then the third module integrates
both of them to classify whether an article is fake or not [7].

Gilda, S., and et al develop a deep learning-based fake news detection using different word
representations approach such as TF-IDF on unigrams and bigrams with cosine similarity fed
into a dense neural network, BoW without unigrams and bigrams with cosine similarity fed into
a dense neural network, and Pre-trained embeddings (Word2Vec) fed into dense neural network
[8]. Tf-Idf word vector representations when propagated through a dense neural network give an
accuracy of 94.21% which outperform existing model architectures that give 89.23%, 75.67%
respectively. The Word2Vec based latent space representation is not able to capture the word

semantic level importance if the news article length is very large [8].

2.1.3 Image Processing Techniques for Fake News Detection

Photo and video content is an essential part of media coverage, often more attracting a content
consumer’s attraction than information provided as a text. Image processing is become popular
due to the development of specific software tools [4]. Fake photos can be linked to both factual
(true) news and totally faked information shared online. These fake photos might be posted due
to propaganda reasons, but also for strengthening the intended message and for inducing

emotions.
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Michal Chora’s and et al developed Image processing techniques for verification of photo
content and detection of fake images [4]. The paper employed 800 unmodified images (original)
and 921 images with additional elements added. The paper employs the SURF algorithm to
extract features from blocks, and the FLANN algorithm for matching.

2.2 Fake news analysis

In recent years, fake news (or rumor, misinformation) detection has gained particular attention in
the literature. A major track of existing studies aims at developing machine learning-based
classifiers to automatically determine whether a news story spreading in a social media
environment is fake based on a variety of news characteristics. A few early studies try to detect
fake news based on linguistic features extracted from the text content of news stories. [10], [11]
they proposed neural network architecture to accurately predict the stance between a given pair
of a headline. They have used different model variations like TF-IDF on unigrams and bigrams
with cosine similarity fed into a dense neural network and get an accuracy of 94.31%. Using a
finely tuned TF-IDF — Dense neural network (DNN) model, they were able to outperform
existing model architectures by 2.5% and they were able to achieve an accuracy of 94.21% on
test data. Sherry Girgis et al,2018 studied and used a purely deep learning perspective by RNN
technique models (vanilla, GRU) and LSTMs. They have shown the difference and analysis of
results by applying them to the dataset that was used called LAIR.

It is clear in this study that the results they found are close, but the GRU is the best of the results
that reached (0.217) followed by LSTM (0.2166) and finally comes vanilla (0.215). Due to these
results, they increase accuracy by applying a hybrid model between the GRU and CNN
techniques on the same data set and reached a better result. Monther Aldwairi and Ali Alwahed
[12] come up with a solution that utilizes users to detect and filter out sites containing false and
misleading information. they use simple and carefully selected features of the title and post to
accurately identify fake posts. The experimental result they have shown has 99.4% accuracy and
they have used four classifiers: Bayes Net: Bayes network learning using various search
algorithms and quality measures. Bayes Network classifier provides data structures such as
network structure, conditional probability distributions, etc., and facilities common to Bayes
network learning algorithms such as K2 and B. Logistic: Class for building and using a

multinomial logistic regression model with a ridge estimator. Random Tree: Class for
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constructing a tree that considers K randomly chosen attributes at each node. It performs no
pruning and has an option to allow estimation of class probabilities (or target mean in the
regression case) based on a hold-out set (back fitting). Naive Bayes: Class for a Naive Bayes
classifier using estimator classes. They compared these classifiers using Precision, Recall, F-
Measure, and, ROC. And as their result suggest logistic classifier has the highest precision,
99.4% and therefore the best classification quality they have suggested is Logistic and Random
Tree classifiers had the best recall that is the best sensitivity of 99.3%. The measure combines
precision and recall, the Logistic and Random Tree classifiers outperformed other sat 99.3%.
Kelly and et al performs a research that considers previous and current methods for fake news
detection in textual formats while detailing how and why fake news exists in the first place [13].
The paper discusses on Linguistic Cue and Network Analysis approaches and proposed a three-
part method using Naive Bayes Classifier, Support Vector Machines, and Semantic Analysis as
an accurate way to detect fake news on social media. Arjun Roy et al have developed various
deep learning models for detecting fake news and classified them into the pre-defined fine-
grained categories at first, they have developed models based on Convolutional Neural Network
(CNN) and Bi-directional Long Short Term Memory (Bi-LSTM) networks [14]. The
representations obtained from these two models are fed into a Multi-Layer Perceptron Model
(MLP) for the final classification. Their experiments on a benchmark dataset show promising

results with an overall accuracy of 44.87%, which a high accuracy at that time.
2.3 Fake News Analysis for Amharic Language

Fantahun Gereme and et al develop fake news detection for the Amharic language. The author
collected ETH_FAKE: a novel Amharic fake news detection dataset with fine-grained labels,
which was collected from various multi-domain sources. Considering the lack of quality
Amharic word embedding, the paper has prepared AMFTWE: Ambharic fast text word
embedding with sub-word information [15]. The developed fake news detection model
performed very well using word embedding, cc_am_300 and AMFTWE. The model exhibited a
higher performance when AMFTWE was used compared to cc_am_300, which could be
attributed to the quality of our word embedding, which was trained on a relatively huge corpus

[15]. While using the 300- and 200-dimension embedding, the developed model scored
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validation accuracy above 99%. This good performance could be attributed to both the fake news

detection model and the quality of the word embedding.

2.4 Challenges in Developing Fake News

"Fake News" is a term used to represent fabricated news comprising misinformation
communicated through traditional media channels like print, and television as well as non-
traditional media channels like social media. The general motive to spread such news is to
mislead the readers, damage the reputation of any entity, or gain from sensationalism [8]. Fake
news is greatly being shared via social media platforms like Twitter and Facebook. These
platforms offer a setting for the general population to share their opinions and views in a raw and
unedited fashion [8].

Technologies such as Artificial Intelligence (Al) and Natural Language Processing (NLP) tools
offer great promise for researchers to build systems that could automatically detect fake news
[8]. However, the classification of fake news is challenging due to its vague definition and
tensions related to freedom of speech [1]. Even trusted news agencies that are readily available
in content production systems, e.g. Associated Press, are not easy to verify [4]. In addition,
comparing proposed news with the original news itself is a daunting task as it’s highly subjective

and opinionated [8].
2.4.1 Challenges in Developing Amharic Fake News Detection

Ambharic (A 9 &, Amarafifia), with the only African-origin script named Ethiopic/Fidel, is the
second most spoken Semitic language in the World, next to Arabic, and it is the official working
language of the Ethiopian government [15]. As more Ethiopians are living outside their home,
the Amharic language speakers in different countries of the world are also growing. In
Washington DC, Amharic has gotten the status as one of the six non-English working languages
[15]. Despite this, the Amharic language is one of the “low-resource” languages in the world,
which lacks the tools and resources important for NLP (natural language processing) and other

techno-linguistic [15].

Linguistic resources play crucial roles in the development of fake news detection tools.
However, “low-resource” languages, mostly African languages, such as Ambharic, lack such
resources and tools [15]. To the best of our knowledge, for the Amharic language, there are no
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fake news detection datasets and we find only one work done to detect fake news written in the
Ambharic language. In addition, there is a lack of quality of Amharic word embedding. The
available Amharic corpora are not sufficient and some of them are not freely open to the public.
This is a total disadvantage, not being able to benefit from technology solutions [15].

The CNN models are widely used for image classification and detection purposes while also
being used for sentence classification [16].

Different types of ensemble methods are bagging, boosting, and stacking. Another factor we use
is the attention mechanism. In recent years, attention has emerged out as a widely used and
important tool in field of deep learning [17]. Attention can be defined as a vector derived as
output of dense layer of network using the soft max function. Before attention, one needed to
compress all the input information into a fixed length vector. However, a sentence with large
number of words would result in loss of important information. Attention partially fixes this
problem by helping the network in learning as to where it should pay attention in the input

sequence for each item in the output sequence.

2.4.2 Summary of Related Works

Table 2.1 Summary of Related Work

Authors & year

Title

Method and algorithm

Result

Granik, M., &
Mesyura, V. [6]

Fake news detection
using naive Bayes

Classifier

Naive Bayes classifier

Achieved an accuracy
of 74%.

Aswini Thota [8].

Deep learning-based
fake news detection
using different word

representations G

Tf-1df word vector

representations

Word2Vec achieved an

accuracy of 94.21%.

A. Thota, P. Tilak, S.
Ahluwalia, N. Lohia, S.
Ahluwalia, and N.
Lohia, [10]

“Fake News Detection:

A Deep Learning
Approach,”

TF-IDF on unigrams
and bigrams with
cosine similarity fed

into a dense neural

TF-IDF on unigrams
and bigrams achieved
an accuracy of 94.31%,

and on finely tuned TF-
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network, Using a finely
tuned TF-IDF — Dense
neural network (DNN)

IDF-DNN achieved an
accuracy of 94.21%.

Fantahun Gereme [15].

“Low-Resource”
Languages: Amharic
Fake News Detection
Accompanied by
Resource Crafting.

Information.

Word embedding,
cc_am_300 and
AMFTWE.

Using the 300- and
200-dimension of the
proposed model they
achieved an accuracy
of 99%.
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CHAPTER THREE
RESEARCH METHODOLOGIES

3.1 Research Methodology

The key goal of this chapter is built the methodology to carry out the study. This study followed
experimental research design and applied different methods starting from problem identification,
define the objectives, Design and prototype development, testing and evaluating the
performance. This is the procedure used in evaluating the various predictive Deep learning
approach and algorithms using the imported custom data sets from social media. The chapter
also deals with the Explanation of the software tool used to apply various algorithms to data
preprocessing, feature selection classification, and prediction. Also observation and analysis of
Ambharic language raw data, back ground and limitation case study natural language processing

outlying done.

In this research iteration requires several data collection instruments or strategies that range in
complexity, design, etc. interpretation, and administration; each technique is suitable to get
certain type of information [18]. Data collection techniques such as interviews, questionnaire,
direct observation, and document analysis have been used in different studies. Those common
approaches help us to collect sufficient and effective data sources. Mostly collected from public
service provider, organizations, digital platforms, are the popular once. [18] [19] [20] For this
study data collected from Facebook API. Figure 3.1 shows the overall research methodology

followed in this research work.
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Figure 3. 1 Research Methodology
3.2 Research Design

The research design relates to the overall methodology to coherently and logically combine the
different components of the analysis. In order to meet the general and specific aims of the

research, and to solve the problem by answering the research questions, different methods are
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used. After deciding the area of interest, the first step was performing literature review to get

previous works Fake news on the area of different languages and methods.

3.2.1 Understanding the Problem domain

Since political language on TV interviews, Facebook updates, and Twitter posts is mainly short
sentences, detecting fake news is more difficult than detecting misleading reviews. Fake news
can have a wide-ranging negative impact, and it can also influence or even exploit major public
events. Various Amharic text lexicon data are currently inaccessible, structured, or supported by
NLP. The most difficult aspect of this research is filtering selected raw data into a proposed
model that is both accurate and answers the research questions After identifying the problem, the
requirement or data collection was the first step in developing the proposed system. The needed
data and user requirements were gathered in this study using a python code to extract raw data

from the Facebook API and news organizations.

Data interpretation involves a closer look at the data. This move involves gathering sample data
and determining which data depending on form and scale would be necessary. In terms of the

models, it attempts to illustrate for this analysis, and check the usefulness of the results required.

Data must be checked for completeness, redundancy, missing values, and attribute value
plausibility. It is best if the assumptions made during the project understanding phase are
justified in terms of representativeness, formativeness, data accuracy, and the presence or

absence of external variables by the end of the data understanding process.

3.2.2 Preparation of the data

Good data planning makes it easier to manipulate raw data, which is often unstructured and
chaotic, into a more organized and usable form that is ready for further study, for accurate
analysis, limits errors and inaccuracy that can occur to data during processing. The entire
planning process consists of a number of main operations including data profiling, cleaning,
integration, and transformation, and makes all processed data more formal and easier to achieve

prepared model targets.

One of the main advantages of establishing a systematic method for data preparation is that
consumers can waste less time identifying and structuring their records. This is the main step on

which the progress of the whole method of exploration of information depends; it typically

15| Page



absorbs about half of the entire effort of study. It can entail data sampling, running, data
cleaning, such as testing the completeness of data records, eliminating or correcting noise, etc.

meeting clear input criteria to be included in our model as expected.

3.2.3 Data Source

Identifying source of data is one of the primary tasks in fake news detection. This research work
identifies source of real and fake news from several social and news agencies some of these are:
(i) Fana broadcasting is an organization the stream news and different multimedia program
through local and international stream platforms Fana Broadcasting Corporate began operations
in 1994 with obsolete equipment and insufficient manpower, but with a unique and innovative
style in the country's broadcast media industry. (ii) Walta broadcasting has added a number of
values since its inception in 1986. It is the owner of a massive library that houses text and audio
files on a broad range of Ethiopian issues. And other data were collected from Facebook and

other social Media.

3.2.4 Software Tools

This research mainly uses python, which is a high-level programing language that's interpreted
by a python interpreter. Many features make python the best choice of language for machine
learning and Artificial Intelligence (Al). Among the essential features textual analytics, its open
source, and efficient in solving machine learning criteria like the handling of massive data sets

and statistical computing.

3.3 Word Representations Approaches

The aim of language modeling is to learn a common probability of a given word series occurring
in texts. The preprocessed data should be changed to a format that is suitable to the neural
network classier. Mainly, there are most common-word representation approaches; like bag of

words and word embedding.

3.3.1 Bag of Words Model

The Bag of Words (Bow) model is extremely easy to understand, execute, and it provides tons of
versatility to configure your unique text. In Bag of words, word lists are paired with their amount
of occurrence per document [21] [22]. The Bag of words representation model may use Unigram,

Bigram, Trigram, or N-gram for creating a vocabulary of a document that is used to classify the
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document [23]. During a BOW model, sentences are represented as multi-set of their words that

disregards the order and disregards the context during which the word occurred [8].

3.3.2 Term Frequency- Inverse Document Frequency (TF-1DF)

Term Frequency-Inverse Document Frequency (TF-IDF) weight gives us an indication of how

important a given word is for a sentence or document in relation to the entire corpus [8].

3.3.3 Word Vector Representation

Word embedding is essentially a type of word representation that bridges the human
comprehension of language to that of a computer. Word embedding is real-valued
representations for text by embedding both the semantic and syntactic meanings obtained from
an unlabeled large corpus and are perhaps one of the key advances for the remarkable
performance of deep learning methods in challenging NLP (natural language processing)

problems, such as content-based fake news detection [15].

Word embedding is a dispersed representation of text in an n-dimensional space. These are
important for the resolution of most NLP problems [24]. Word Embedding often referred to as
distributed semantic model or distributed represented or semantic vector space or vector space
model [24]. When you read these names, you come across the word semantic, which means that
related words can be categorized together [25]. There is a well-known word embedding
algorithms such as Word2Vec [25] [24], Glove, and Fast Text.

Glove: Global vectors for Word Representation (GloVe) are learned by first constructing a co-
occurrence matrix of all the words in the corpus, and the dimensions are then reduced by matrix
factorization methods. Researchers have trained and created GloVe models on multiple corpora

and made them available to the public [8].

3.3.4 How Word2Vec Works?

Word2vec is a two-layer neural net that takes a text corpus and produces a set of vectors by
“vectorizing” the words. Word2Vec is a predictive model as the model is designed to predict the
word given a context window [8]. Word2vec is not a deep neural network; instead, it turns text
into a numerical form that deep neural networks can understand. The purpose of word2vec is to

group vectors of similar words together in a vector space.
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For improved word representation, Word2vec is the technique/model to build word integration. It
catches several exact syntactic and semantic words. The idea of word2vec method is that appear
in similar ways have related implications. It takes feedback from large corpora and produces a
word vector for each word. Embedding’s: continuous-bags-of-words (CBOW) and skip-gram
models [25].

In the representation of uncommon terms or phrases, the Skip Gram model is more accurate and
works very well with a limited amount of details. To create a model such that the word in the
middle is given "jumped", the model would be able to predict or produce the terms surrounding
it. "The", "cat", "over", "the", "puddle". Here, the word "jumped" is considered the context. This
sort of model called a Skip Gram model[25] [24]. Every word has been trained against the
meaning in the CBOW template. One way is to treat {"The", "cat", ’over", "the’, "puddle"} be
able to forecast or produce the central word as a context and from these words "jumped". This
type of model is called the Continuous Bag of Words (CBOW) Model. Depending on the amount
of training data Skip-gram models are efficient for a limited number of training details whereas
CBOW is efficient with a huge volume of data for training. Fig 3.2 shows the CBOW and Skip-

gram word2vec representations.
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Figure 3. 2 Two forms of word2vec architectures [43]
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3.4 Introduction to Artificial Neural Network (ANN)

Acrtificial Neural Networks (ANNSs) are machine simulation tools that have recently appeared and
are commonly recognized in many fields for modeling complex real-world problems. ANNs can
be characterized as structures consisting of densely interconnected adaptive basic processing
elements (called artificial neurons or nodes) capable of performing massively parallel data
computing. Basically, the ANN was influenced by the human nervous system. It is based on
hypotheses of vast interconnection and parallel processing architecture of the biological system
human neurons have various types of phases, method, even stages of producing certain
observable output, beginning from observing and extracting information through the neural
process and eventually determining what the output will be. An ANN model is a data-driven
mathematical model that has the potential to solve problems with machine learning neurons[26]
[27].

Acrtificial neural networks (ANNSs) are relatively modern computing methods that have been
commonly used to solve many complex real-world problems. The attractiveness of ANNSs
derives from their exceptional information processing characteristics, which are primarily related
to non-linearity, high parallelism, fault and noise resistance, and learning and generalization
capacities. ANN learning is done iteratively, as the network provides samples of instruction,
close to the way to gain experience. Most researches mentioned ANN to properly learn if it is

capable of managing.

1) Imprecise, blurry, noisy and probabilistic information without significant adverse
effects on the level of response.

2) The mission it had learned from unfamiliar ones was generalized.
A special aspect belonging to intelligent systems, biological or otherwise, is the capacity to learn.
Training is used in artificial systems as the method of modifying the system's internal
representation in response to external stimuli so that it can execute a specific task, there are three
key layers in the typical form of ANNs, namely: an input layer, a hidden layer, and an output
layer. In an ANN, the data layers for input and output are practically independent of each other.
Very frequently, it is apparent that one or more hidden layers are often interconnected by weight
matrices, biases, and multiple activation functions between the input and output layers [26].

ANN models have their own limitations like sequential data problems, time series problem on
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text competition problem ANN models predict the next word is related to the position this could

be on the word or sentences in the previous position.

Based on this ANN model drawback recurrent neural network introduces to maintain the model
RNN is also a class of ANN [26].
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Figure 3. 3 Typical Artificial Neural Network (ANN) architecture [29]
3.5 Recurrent Neural Network (RNN)

Application of machine learning have a lot of attraction in last few years there are a couple of big
categories that able to magnify and being popular specially identifying pictures and sequence to
sequence translation that could be speech to text or one language to another, most of the former
are done in conventional neural network (CNN) and most of the latter are done In the recurrent
neural network(RNN) especially long-term memory(LSTM) for this analysis, also this research

try to deploy the LSTM neural network.

Neural network-based approaches have achieved a significant range of natural language
workflows. Recently incredible improvement on different problems such as recognition of
expression, language modeling, translation, captioning of images, and recurrent Neural Networks

are a class of artificial neural networks that are applicable to different problems.

RNN has a "memory" that remembers all the details about what has been determined. It uses the
same parameters for each input as it executes the same task on all inputs or hidden layers to
create the output. This reduces the complexity of the parameters as opposed to other neural
networks. Decisions made by RNN are dependent on what is learned in the past and things learn

during training. It has an input layer, one or more hidden layers and an output layer in structure.
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RNNs have chain-like systems with repeated modules with the idea to store essential data from

previous processing phases using these modules [28] [26].
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Figure 3. 4 sequential processing in RNN [26]
LSTM introduced by Hoch Reiter & Schmidhuber (1997) [26] Long Short Term Memory is the
basic persistent RNN architecture that can benefit from our experience of classifying, processing
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and predicting time series of uncertain time lags. LSTMs have proved more precise than

traditional RNNs for modeling temporal sequences and long-range dependencies [29] [26].

The back-propagation algorithm is the most widely used learning algorithm to train NNs. The
principle of back propagation is to distribute the error from the output into the input, where the

weights are periodically adjusted to a default value.

LSTM’s have the capability of learning long term dependencies, and this enables RNN's take a
long time to recall the inputs. The LSTM contain in a memory of their information can be
considered as a gated cell where the cell decides whether to save or delete information based on
the importance the LSTM network assigns to the information [29] [28]

3.5.1 Long Short -Term Memory (LSTM) Architecture

The LSTM network can store, write, read, and delete information on its memory. The memory of
LSTM is similar to computers memory LSTM networks are embedded in a hidden layer(s)
composed of so-called memory cells. There is a hidden process for every phase and feature to
perform well with the neural network Each of the memory cells has three gates to retain and

change its cell state to forget the gate, the input gate, and the output gate [27].

There are some researches doing improve LSTM architecture [44] they try to maintain some part
of LSTM model and called LSTM like architecture forget gate about the gate is substituted by a
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practical input-output gates. These LSTM improvements, now abbreviated LSTWM, are named

with working memory [44].

There are different approaches applied to reshape LSTM architecture on different researches
they also difficult and complex to manipulate when it compared to the base LSTM architecture
so it is preferred to continue use standard LSTM architecture. As it mentioned before LSTM
contain different units called memory blocks. That have memory cell with each self-connection
temporary information that still in progress with those gate list input gate, forget gate, output
gate so each memory block contains those three objects to work effectively. The structure of a

memory cell is represented as follow figure

Figure 3. 5 Structure of LSTM neural unit [27] [45]

3.5.2 How Long Short-Term Memory (LSTM) Works

The first move will be building an LSTM network is to classify information that is not needed
and will be excluded from the cell in that step. Sigmoid function is deciding and identifying also
excluding data that takes the last LSTM unit output (ht—1) at time t—1 and with the current input
(Xt) at time t. In addition, the sigmoid function decides which portion of the old output can be
removed.

¢ (Sigmoid layer): sigmoid function decides which part of the old output would be eliminated or
kept for current state. To perform this operation, it uses forget gate value range between 0 and 1
step in constructing an LSTM network

ft = o(Wf [ht—1,Xt] +bf)....[26]
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1) Decide the information delete

The first step of LSTM is to determine which information can release from the cell state. This
decision is made by the sigmoid layer, this layer looks at the value of ht-1 output and Xt input,
determines the value in the range from 0 to 1 for each Ct-1 state. If the layer is returned 1, this
means that this value should be left (remember) if O is excluded from the cell state. To use only
relevant data and pass for the next state it matters wheatear the information deleted or kept for
this specific task it uses sigmoid function namely called forget layer (or ft). Finally, the sigmoid
function scales all activation values to the range between 0 (forgotten completely) and 1

(completely remember).

ft = o (WE[ht—1, Xt] +b) rrovveeereeeeen. (3.1) [27] [45]

Figure 3. 6 Forget layer of LSTM Network [27] [45]

2) Deciding what new information store

The next step is to specify which new knowledge can store in cell state perform this firstly
sigmoid function needed to decides which values are going to update when each iteration new
information flow those connected networks. This operation it has two main sections of the
sigmoid layer and second half of the tanh layer. Layer of Sigmoid this is called the "input gate
layer “which determines which values we'll updated or ignored (0 or 1), and second, tanh layer

(establish new values for candidates who should be applied to the network).
it=c (Wi. [htl, xt] + bi) -------=---=mmmmmmmmemem- (3,2)

Ct=tanh (WC. [ht-1, Xt] + bC) -----=----------- (3,3)
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Figure 3. 7 New information store

3) Update the old cell state into the new cell state

Change the old cell state to the new cell state Update the old cell state by multiplying the new
cell state with what you have forgotten before, and then adding the latest candidate cell state. The

new candidate values are scaled by how much each state value wanted to change [26] [27].

Ct=ft *Ct-1+it* Ctr-mmmmmmmmmmmmmmmnee (BA) .. [26] [27]

Figure 3. 8 Memory cell update layer of LSTM Network
4) Final step, decide the output values
The neural network output layer captures and transmits the information accordingly in the manner
it has been programmed to provide. The output value (ht) step is based on the state (Ot) output
cell, but is filtered. A sigmoid layer first specifies which parts of the cell state are formed by the
cell to output, the output of the sigmoid gate (Ot) is multiplied by the new values created by the
tanh layer from the cell state (Ct), with a value ranging between—1 and 1.

Ot =6 (Wo [ht—1, Xt] +b0) -------- (3.5)

Yo RN C1 N () J——— (3.6)
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Figure 3. 9 Output layer of LSTM Network [26] [27].
The forward layer output sequence, h {{", is iteratively calculated using inputs in a positive
sequence from time T—n to time T—1, while the backward layer output sequence, h™ {{, is

calculated using the reversed inputs from time T—nto T—1 [30].

One specific detail that differences when comparing the LSTM and BILSTM methods is that the
consistency is achieved at a slower rate in the case of the BILSTM models compared to the
LSTMs. In fact, when referring to the BILSTMSs, two LSTM networks are applied to input data
as follows: first, the input sequence is processed via the first LSTM network, in the so-called
"forward layer" while, second, the inverted input sequence is entered through another LSTM

model, thus receiving the "backward layer".

3.6 Convolutional Neural Networks (CNN)

Convolutional Neural Networks (CNN) are very similar to ordinary Neural Networks: they are
made up of neurons that have learnable weights and biases. A CNN consists of an input and an
output layer, as well as multiple hidden layers. The hidden layers of a CNN typically consist of

convolutional layers, pooling layers, fully connected layers and normalization layers

CNN has been successful in various text classification tasks. In “Kim Y. Convolutional Neural
Networks for Sentence Classification. 2014”, Kim showed that a simple CNN with some hyper
parameter tuning and static vectors like Glove vector and word2vec CNN can achieve excellent

results on text classification.

* The use of word vectors allows CNN to use its state of art parameter sharing for reduction in

calculation and govern the overall text features.
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» ReLU: stands for Rectified Linear Unit for a non-linear operation. The output is f(x)
=max (0, x). REL U’s use is to introduce non-linearity in our CNN.

» Pooling: The pooling layer reduces the height and width of the input to the layer. It
helps reduce computation, as well as helps make feature detectors more invariant to
its position in the input

» Padding: It allows you to use a CONV layer without necessarily shrinking the height
and width of the volumes. This is important for building deeper networks, since

otherwise the height/width would shrink as you go to deeper layers.
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Figure 3. 10 Convolutional Neural Network Architecture

3.7 Multi-Head Attention Model

Emergence of Attention improves the performance of neural machine translation applications
[31]. Self-attention or intra-attention has been used successfully in a variety of tasks including
reading comprehension, abstractive summarization, and textual entailment and learning task-
independent sentence representations [32]. There are two most commonly used self-attention

functions such as scaled dot product attention, and multi-head attention [32].

Given the same set of queries, keys, and values, Self-Attention model combines the knowledge
from different behaviors of the same attention mechanism, such as capturing dependencies of

various ranges (short range or long range) within a sequence. In language modeling, Self-
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Attention focuses on words that form queries [32]. Self-attention focuses on relationship among

words that form the sentence that calculates attentions, or relevance between queries, and keys.

Multi-Head Attention is a type of attention that allows you to do exactly the same attention
process or procedure in every head at the same time [32]. This procedure enables parallelization
of Self-Attention mechanism. Multi-Head Attention concatenates the outputs of the different
representation heads, and you put the concatenated matrix through fully connected layers [32]. In
practice, dot-product attention (multi-head) attention is much faster, and more space space-
efficient [32]. Figure 1 below on the left side shows a scaled-dot product self-attention. Whereas,
the figure on the right side is a Multi-Head Attention consisting of h number of self-attention
layers that runs in parallel [32]. Figure 2 below shows parallel execution of several self-attention

models.
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Fig 3.11: Details of multi-head attention building blocks (Afouras, T, and et al., 2018)
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CHAPTER FOUR
PROPOSED FAKE NEWS DETECTION

This research develops fake detection models for the Amharic language. The developed models
are i) LSTM model, ii) LSTM + Bi directional LSTM ensemble model, iii) CNN+ LSTM
ensemble model, and LSTM model with attention mechanism.

Additionally, comparison with machine learning algorithms specifically with Naive Bayes, and
Support Vector Machine (SVM) has also been done in the continued subsection to measure their
relative performance with deep learning methods on the same datasets. Figure 4.1 shows the

steps followed from data collection up to classification of news as or real.

MNews Organization Face book
Data collection
h 4
Remove non amharic -
e Tokenization
E— Annotate Data > Data Split
Remove numbers,

hash tags, Stop word removal
punctuations

A 4

Vectorization

|

MNeural Network

Classification  [€————— «——— Feature extraction Extr?ecattltlr:gglstlc
Trained Model

A

Figure 4. 1 Data Collection and Annotation with development process
4.2 Data Collection
To develop a fake news detection model, data collection is the first and fundamental step that
encompasses collecting a user-generated contents from blogs or social media like Facebook,
Twitter, and others. Scraping is the process of collecting user-generated content from social

media and blogs. This research uses a python code for collecting raw data in the form of
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unstructured data because they are expressed in different vocabularies, ways of writing and

others.

4.3 Data Preparation (Preprocessing)

Data preparation is a major step in data analysis that encompasses many techniques mainly data
transformation, data cleaning, and data reduction to make the collected data clean and suitable
for analysis. In data preparation, non-textual contents and contents that are unimportant for the

analysis are first identified and eliminated.

Natural Language applications use consecutive data preparations approaches due to many
reasons, for example, real-world data is full of impurity and incompleteness, data preparation
generates a small amount of quality data set than the original one which improves the efficiency
of data mining algorithms and results in high-performance mining systems, this research come

up with the following approaches for cleaning the collected data.

» Eliminating non-textual contents and symbols like hashtags, URLS, links and others [21]
[33].

» Removing non-Amharic words

» A consistent tokenization rule should be applied to split sentences into words and treat
each punctuation as a separate token word tokenizer from NLTK is used in this thesis.
Also this research assumes that punctuation elements, including capitalization, the
presence of question marks and exclamation marks, etc., tend to identify hateful

expression, and cannot simply be dismissed.

4.3.1 Tokenization
Tokenization is one of the preprocessing steps in NLP. Tokenization is splitting the text into

smaller units and each unit is called tokens. Tokenization mostly is the first step in pre-
processing of the input review. The input for this activity is the actual review which is going to
be categorized. This activity reads a sequence of characters as a string and tokenizes them using
predefined list of delimiters such as new lines and space [20].

Separate tokens are properly separated, such as punctuation marks, words, email addresses, links,
numbers, abbreviations, etc. This process detects the boundaries of a written text; Tokenizing of
a given text depends on the characteristics of language of the text which it is written. The
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Ambharic language has its own punctuation marks that demarcate words in a stream of characters.

The tokenization of text on this component uses Amharic punctuation marks and white space.

4.3.2 Normalization
Preprocessing tasks such as normalization, tokenization, stop word and number elimination,

stemming, weighting words, and dimension reduction are performed. Dimension reduction is
performed by moving varying Amharic characters with similar sound to a standard type, and by
changing punctuation marks to space. After all these preprocesses, datasets are prepared in a
matrix form, which is accompanied by the preparation and testing of training and evaluation data
sets. Normalization is one of the steps used to get clean data from unstructured textual data. After
tokenization, then normalization of homophones is followed. Amharic writing system has
homophone characters, characters with same pronunciation but different symbols; for example, it
is common that the character N and 4~ are used interchangeably as N ¢- and A% to mean work,
also U, A or "7 should be changed to the same form because they have the same punctuation all
represent one alphabet called “ha”. Such types of inconsistencies in writing words are handled

by replacing characters of the same sound by a common symbol.

There are two levels of normalization these are character level normalization, and word-level
normalization. Short forms of characters that are usually written using forward slash “/””) and
period (.”), for example, MPA & L N +C can be written as M 4, A+C, A 8N ANN as A .A
and 2h+C as &/C.

4.3.3 Punctuation Removal
Punctuation in natural language provides the grammatical context to the sentence. Punctuations

such as a comma, question mark, full stop, and others might not add much value in

understanding the meaning of the sentence [8].

Ambharic text analysis demonstrates that different Amharic Punctuations markers are employed for
distinct purposes. There are roughly 17 punctuation marks of which just a few of them are regularly used
and have representations in Amharic software [8]. Some local and foreign punctuation is used in the
Ambharic writing system. However, only a few of these are employed in practice, particularly in computer-
generated writing. The word-separator is a character that separates two words. (: LA+ 7 o), two
square dots arranged like colon (:), and sentence-separator (:: A &%t 7 ™1 ), four square dots arranged in
a square pattern (: :), are the basic punctuation marks in Amharic writing system that are used

consistently. In Amharic language 34 Words are separated by two dots (: UA *+ 7 &), However, it is not
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seen in modern typesetting. In typesetting its place is almost completely taken over by blank space. The
end of the sentence is marked by a square-formed four dots. Lists in Amharic text are separated by an

equivalent of comma (: 7 MA A<ZH) and (¢ &CN A< H) which is the equivalent of semi-colon.

2

Moreover, the language borrows some punctuation marks from foreign languages such as (? ,!, “,”, .., /,
\, etc.).

4.3.4 Stemming

Stemming After tokenizing the data, is a process of changing the words into their original form,
and decreasing the number of word types or classes in the data. Stemming is a technique to
remove prefixes and suffixes from a word, ending up with the stem. Using stemming we can
reduce inflectional forms and sometimes derivationally related forms of a word to a common
base form [8].

For example, argue, argued, argues and arguing will be reduced to argu [21]. The trouble with
stemming is that multiple words may be simplified to the same word. Amharic is morphological
rich language having many words with the attachment of different affixes to a stem. Stemming
can be applied to both inflectional morphology and derivational morphology or on either of the
two. Derivational morphology usually results in a change in class of word which may result in
some loss of semantic. This semantic loss of a word may create a negative effect on the
performance of system. For example, the Amharic word 84 (a judge or an arbiter) and 8%7 F
(judging) has the same stem 87 . However, these two words have different meanings. Amharic
language includes some prefixes and combination of prefixes and suffixes which create negative
meaning when they are applied to a given stem. This kind of semantic loss is not usually
witnessed during inflectional morphology, which usually involves grammatical features such as,
singular/plural, tense. The work on effect of preprocessing on Amharic sentiment analysis has
proved that stemming has negatively affect sentiment analysis [34]. Hence, this research work
does not incorporate stemming for preprocessing task. Figure 4.3 depicts a paragraph before and

after stemming is applied.

4.3.5 Stop Word Filtering
Stop words are insignificant words that do not provide much context in a language or hold less

information. These words will create noise when used as features in text classification. These are
words commonly used a lot in sentences to help connect thought or to assist in the sentence
structure. Articles, prepositions and conjunctions, and some pronouns are considered as stop

2

words. For example, conjunctions like “and”, “or” and “but”, prepositions like “of”, “in”,
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“from”, “to”, etc. and the articles “a”, “an”, and “the”. Such stop words which are of less
importance may take up valuable processing time, and hence removing stop words as a part of

data preprocessing is a key first step in natural language processing.

Removing stop words helps to reduce the dimensionality of a term space in Amharic, there are
common stop words which are used for grammatical purposes, such as 1@, 1NC, P9, AT, 11C
1%, etc, to classify records which are non-informative. In addition to the standard stop words,

there are also news relevant stop words including 7A6-, HINP4A, ANJF®<%, etc. This research use
Natural Language Toolkit — (NLTK) library to remove stop word [8]. Figure 4.4 shows a

paragraph before and after stop word removal is applied.

4.4 Developing Neural Network Model

4.4.1 Development Step
Neural net is a machine learning system that uses a network of functions, normally in another

form, to interpret and convert a data input from one form into a desired output.

Using neural networks or matrix factorization, the learning of word integration can be achieved.
One widely used word embedding method is Word2Vec, which is basically a computationally
efficient neural network prediction model that learns word embedding from text. This step
encompasses building LSTM model, an ensemble CNN and LSTM with and without attention

mechanism, and ensemble LSTM and Bi directional LSTM.

LSTM network is learned using these word embedding’s and classifies the words into the pre-
defined label categories as it mentioned model was utilized to classify the words based on the
word vectors generated by word2vec, LSTM is really effective on capturing long and short term
memory, takes vectors of word2vec as input from the dense layer. LSTM layer has a memory
unit that helps in adding and removing previous information. LSTM model, the network is
learned by using training data and tested data. The network consists of an embedding/input layer,

two hidden layers, and an output layer [2].

4.4.2 Sampling Technique
We split our data into Train, Validation and Test data sets. We allocated 80 % of our data to the
train set and the remaining 20% to the test set. The training data is further divided into validation

sets.
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4.4.3 Mult -head Attention approach

In this section, the multi head Self-Attention-based BiLSTM neural networks model is proposed
for the sentiment polarity classification for short texts. The proposed model consists of a word
encoder layer, a BILSTM layer, an attention layer and a softmax layer and relu activation. This
simultaneous and independent calculations is to decompose the attention in numerous heads. Its

more advance as several "linear views" from the same sequence.

BI-DIRECTIONAL LSTM
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Figure 4. 2 Proposed multi head attention based BI-LSTM model
4.5 Evaluation
After classification has finished, the performance of the classier is expressed using different
performance metrics such as recall, precision, F-score and accuracy. The evaluation metrics are
displayed using Scikit-learn python library. Training and validation ac curacies and losses are

also used as evaluation metrics.
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CHAPTER FIVE
RESULTS AND DISCUSSION

5.1 Performance Measures

Accuracy: Accuracy is often the most used metric representing the percentage of correctly
predicted observations, either true or false. To calculate the accuracy of a model performance,

the following equation can be used [35].

TP+TN
Accuracy = m - = = —(eq 1)

In most cases, high accuracy value represents a good model, but considering the fact that we are
training a classification model in our case, an article that was predicted as true while it was
actually false (false positive) can have negative consequences; similarly, if an article was
predicted as false while it contained factual data, this can create trust issues.) Therefore, we have
used three other metrics that take into account the incorrectly classified observation, i.e.,

precision, recall, and F1-score [35].
Recall: Recall represents the total number of positive classifications out of true class. In our

case, it represents the number of articles predicted as true out of the total number of true articles.

TP
TP+FN

Recall=——— — — — — (eq2)

Precision: Conversely, precision score represents the ratio of true positives to all events predicted
as true. In our case, precision shows the number of articles that are marked as true out of all the
positively predicted (true) articles:

TP
TP+FP

Precision = ————(eq3)

F1-Score: Fl1-score represents the trade-off between precision and recall. It calculates the

harmonic mean between each of the two.) Us, it takes both the false positive and the false

negative observations into account. F1-score can be calculated using the following formula:

F1 ) Precision * Recall 4
—_— = E3 —_—— —
score Precision + Recall (eq 4)
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Table 5. 1 depicts the confusion matrix

Predicted true Predicted false
Actual true True positive (TP) False negative (FN)
Actual false False positive (FP) True negative (TN)

True Positive (TP): when predicted fake news pieces are annotated as fake news.
True Negative (TN): when predicted true news pieces are annotated as true news.
False Negative (FN): when predicted true news pieces are annotated as fake news.

False Positive (FP): when predicted fake news pieces are annotated as true news.

DATA DESCRIPTION

Reliable
, [VALUE],
[PERCENTAGE]

Fake, 832, 56%

= Reliabel = Fake

Figure 5. 1 data properties
5.2 Experimental setup

This research work uses one personal computer for all experiments. Table 5.2 shows the

hardware and software specification of the machine used in all experiments

Table 5. 2 Experiment setup

Manufacturer LENOVO
Model G-50
Processor Intel® Core™ {7-4510U CPU @ 2.00GHz x 4

Memory(RAM) 8 GB

Operating System | Ubuntu 20.04 LTS
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Model Configuration: In addition to hardware and software specifications, configure the LSTM

network required for developing fake news detection model. In the experiment,

LSTM network is configured with the following parameters: one LSTM layer with 8
neurons, 20 epochs, 512 batch, 8 NB_WORDS (Embedding size), 'Adam' optimizer, 90% train
size, and 10% test size. main problem in training neural networks is the over-fitting and under
fitting [36] . Over fitting happens when a model learns the detail and noise in the training data to
the extent that it negatively impacts the performance of the model on new data. Generally
processing on training task it’s not improving to increase the performance, but its adding and

continue randomly learn training pattern.

Table 5. 2 data properties

Before and after pre process |Total number of sentences| Total number of words

Before 2200 33,251 words

After 1300 27511 words

Sample of dataset description

Table 5. 3 Reliable News data sample
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Figure 5. 2 Reliable data sample
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Table 5. 4 Fake News data sample
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Figure 5. 3 Fake news data characteristics
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5.3 Development Tools and packages

These sections reveal development tools used in this research. python programming language
commonly building, compare, evaluate, graphical representation, data processing is performing
by using python programming language. Python is Interactive, Interpreted Consistency and
simplicity are some beneficial properties. Also reduce development time, because it contains

many libraries and framework for machine learning and deep learning architectures.

5.3.1 Libraries and frameworks

Scikit-learn is suitable for processing basic algorithms for machine learning, such as clustering,
linear and logistic regression, regression and classifications for small-to medium-sized data sets
for feature engineering and classical ML simulation [37]. Evaluate deep neural classifiers by
calculating A confusion matrix, which is a table frequently used to explain a classification

model's output [37].

Pandas is suitable for advanced data structure and analysis, allowing data to be merged and

filtered, and data collected from other external sources such as Excel [37].

Keras Main focus is enabling implementation of deep learning models for research and
development as quickly and easily as possible, suitable for deep learning, enabling fast
calculations and prototyping. Because the software library uses a GPU in addition to the
computer’s CPU [37].

Tensor Flow is suitable for deep learning by setting up, training, and using large data sets of
artificial neural networks [37].Tensor flow is used as a back end for Keras library which is used

for development of deep neural network classifiers.

Matplotlib is suitable to construct 2D plots, histograms, graphs, and other visualization types
operations to easily and cleanly data and progress representation based on give para meters [37].

NLTK It is a tool used to create Python programs to work with human language data. Suitable
for computational linguistics and the identification and processing of natural languages [37].
NLTK is used for many tasks like tokenization, lemmatization, stemming, parsing and POS

tagging. NLTK is developed especially for languages that are rich in resources.
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5.4 Experimental scenarios

To answer the research questions that set by the researcher different experiments conducted.
Generally, these experiments are grouped into three categories. The second group of experiments
aims to show the evaluation of different classifier models with different feature. Analysis and
examine different approaches are demonstrate based on proposed classifiers, LSTM, BI-LSTM
Attention with BILSTM and CNN-LSTM. And answer RQ1) [Performance] of the deep learning
algorithms. The second group of experiment is analyzing and experiment based on other
language trend how they justify and discern a news fake or reliable based on those analyses the
second experiment examine the basics and the way this research uses to identify Amharic data is
fake or reliable and this experiment answer research question two RQ2) How to identify fake

news that is published in the Amharic language.

The last group of experiments aims to identify the impact of stop word data could affect fake
news detection classifier model. These experiments are conducted to answer RQ3: Effect of stop
word removal on preprocessing stage for fake news detection?

5.5 Results

Multi-head Attention Based Bi-LSTM

The model properties for this Attention based Bidirectional long short-term memory change the
drop outs defined 0.05 drop out and activation function for BILSTM “sigmoid” activation used
for dense 1. For dense 2 we apply relu activation. To train the model for this experiment, at the
end of each trial, a complete 2*2 confusion matrix was created, accuracy was calculated for the
resulting network, and precision recall and f-measure were calculated for each target neuron
detection rate.

With 6 layers and 16 heads per layer trained on. This suggests that lower layers of the
Transformer’s decoder are mostly responsible for language modeling, while higher layers are

mostly responsible for conditioning on the source sentence.

The number of retained heads for each attention type at different pruning rates. We can see that
the model prefers to prune encoder self-attention heads first, while decoder-encoder attention
heads appear to be the most important for collected datasets. Obviously, without decoder.

encoder attention no translation can happen. The importance of decoder self-attention heads,
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which function primarily as a target side language model, varies across domains. These heads
appear to be almost as important as decoder-encoder attention heads for Collected data with its
long sentences (24 tokens on average), and slightly more important than encoder self-attention
heads for Open Subtitles dataset where sentences are shorter (8 tokens on average). Table 5.6

shows results of Amharic fake news detection using BI-LSTM based multi-head attention.

Table 5. 5 Attention based BI-LSTM performance

Domain of class
Performance measure Reliable Fake
Precision 0.81 0.78
Recall 0.81 0.80
F Score 0.83 0.82
Macro-Precision 0.84
Macro-Recall 0.84
Macro-F score 0.82
Accuracy 0.86

Figure 5.4 below shows the training loss vs validation accuracy, and training accuracy Vs
validation accuracy for BI-LSTM based multi-head attention.
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065 T val_loss val_accuracy
0.60 \ 0.80

loss
ACCURACY

D.IO 2|5 SIG ?IS JUI.O 12|.5 15|_D 1',"'_5 0.0 25 5.0 1.5 00 125 150 175
Epochs Epochs

Figure 5. 4 Multi-head Attention BI-LSTM Training Vs Validation accuracy and loss.
There is a previous work that performs Amharic fake news detection using deep learning
approach like CNN, LSTM, ad BI-LSTM [15]. These deep learning approaches have limitations

such as lack of focusing on certain important contents. Observing drawbacks of previous works,
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we propose a Bi-directional Long Short-Term Memory-Based method with attention mechanism
for fake news detection. To our knowledge, this research work is the first that applies a multi-

head attention mechanism for Amharic language fake news detection.

CNN-LSTM

The size of the data of the filter is 32 and it have max pooling layer. We applied a max pooling
layer after each convolution layer, and then concatenated the different max pooling layers to
produce a single fixed size output. There was a LSTM layer that was fully connected layer. The
soft-max activation function transformed the vector into probability to define the class of each
output. The loss function, essential to compile the model, was “Sparse-categorical-cross
entropy”. The “Adam” optimizer was used. This combination achieved an accuracy of 79.13%

with 200 epochs, which confirmed LSTM’s added value compared to CNN.
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Figure 5. 5 CNN-LSTM Training Vs Validation accuracy and loss.
Table 5. 6 CNN-LSTM performance

Domain of class
Performance measure Reliable Fake
Precision 0.85 0.72
Recall 0.80 0.78
F Score 0.82 0.76
Macro-Precision 0.78
Macro-Recall 0.79
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Macro-F score 0.78

Accuracy 0.79

Both the above experiment with nearest probability configuration BILSTM is less performance
measurement when it compared with the first base LSTM model. Both contain their own feature
when it observed from the previous researches. These research list out different point to compare
these two models. So, their difference in configuration and feature gives awareness. As the above
result describes LSTM better on the numerical measurement. Also, BILSTM on our experiment
take a lot of time to train when it compares to the LSTM mode.

LSTM (Long Short-Term Memory)

LSTM network switch with 8 layers and 2 dense defined output layers. 0.2 drop at the end of
each trial, a complete 2*2 matrix was formed, and accuracy was determined for the resulting
network, as well as precision recall and f-measurement for each target neuron detection rate. For
the purpose classification, the target production of the highest numerical value was used. Up to
200 epochs were used to train the networks. The trained network's performance was measured at
200 epochs, with extra epochs added above 200 to see whether performance could be improved
500, 700, and 1000 epochs resulted in no change in training and validation tests above 200

epochs.

This method works well, but there are times when CNN or other deep learning models do not
perform well. It's happened to me a couple of times. My data was good, the model's architecture
was well-defined, and the loss function and optimizers were appropriately established, however

my model continued falling short of my expectations.
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Figure 5. 6 LSTM Training vs Validation accuracy and loss
Table 5. 7 LSTM performance

Domain of class

Performance measure Reliable Fake

Precision 0.76 0.65

Recall 0.62 0.78

F Score 0.68 0.71
Macro-Precision 0.71
Macro-Recall 0.70
Macro-F score 0.69
Accuracy 0.70

A model that has been trained on more full data would automatically generalize better. When
that is no longer an option, the next best option is to employ techniques such as regularization.
These limit the amount and type of information that model can hold. If a network can only
memorize a limited number of patterns, the optimization process will encourage it to focus on the
most prominent patterns, which have a better chance of generalizing well. Avoid over fitting is to

use more thorough training data. The dataset should include all of the inputs that the model is
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supposed to handle. Additional data may be valuable only if it includes new and interesting

examples.

However, if you train for an inordinate amount of time, the model will begin to over fit and learn
patterns from the training data that do not generalize to the test data. We must establish a
balance. Understanding how to train for the right number of epochs, as we'll see later, is a useful
ability. For this research we try all patterns epochs regularize, Dropout. But still low
performances compared to other selected model we believe data set amount will affect the final

result
CNN (convolutional neural network)

The filter's data is 32 bytes in size, and it has a maximum pooling layer of 8 kernels. After each
convolution layer, we applied a max pooling layer, and then concatenated the different max
pooling layers to create a single fixed-size output. A LSTM layer was present. There was a layer
that was completely connected. To define the class of each output, the soft-max activation
function translated the vector into probability. The “Sparse-categorical-cross entropy” loss
function was used to compile the model. The optimizer "Adam™ was utilized. With 200 epochs,

this combination obtained 68 percent accuracy, demonstrating LSTM's superiority over CNN.
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Figure 5. 7 CNN Training Vs Validation accuracy and loss.
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Table 5. 8 CNN performance

Domain of class

Performance measure Reliable Fake
Precision 0.76 0.51
Recall 0.76 0.51
F Score 0.78 0.53

Macro-Precision 0.64

Macro-Recall 0.64

Macro-F score 0.64

Accuracy 0.68

BI-LSTM

The model properties for this Bidirectional long short-term memory change the drop outs defined
0.2 drop out and activation function for BILSTM “soft-max” activation used. To train the model
for this experiment, use the. LSTM network switch with 20 layers and two densely defined
output layers. At the end of each trial, a complete 2*2 confusion matrix was created, accuracy
was calculated for the resulting network, and precision recall and f-measure were calculated for

each target neuron detection rate.
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Figure 5. 8 BI-LSTM Training Vs Validation accuracy and loss.
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Table 5. 9 BI-LSTM performance

Performance measure

Domain of class

Reliable Fake
Precision 0.85 0.79
Recall 0.79 0.85
F Score 0.82 0.81
Macro-Precision 0.82
Macro-Recall 0.84
Macro-F score 0.83
Accuracy 0.82
Model Comparasion
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Figure 5. 9 proposed model comparison

RQ2) How to identify fake news that is published in the Amharic language?

Why the Consumers' increasing distrust about media credibility is diverse, but a fundamental

component in the avalanche of fake news. Adults in many countries globally mistakenly believed

that a news item is true until later it was false and the failure to rely on its honesty was one of the

major reasons to avoid the news. Avoid jumping to the conclusion that all content is phony.
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Following every rumor or conspiracy idea might be just as dangerous. Based on the finding s and

other litrature we are listed the two basics criteria to decide real or fake.

1 Professional global news organizations like FANA, WALTA, and the ETV have strict

editorial guidelines and vast networks of highly educated reporters, so they're a good bench

marks to start a labling our data as real based on those company stracture and profetionalism.

1 When an important news event takes place, several media outlets cover the story even if the
story is not broken first. Search for further articles on the event or the subject. If no other
news outlets are covering the story, be skeptical of the accuracy of the article. Based on these
two measures we are define our data label which fake or reliable, that news companies
stream and the same content published with the reliable news companies is our measurement
of to define the news is reliable.

Table 5. 10 News headlines cover with trusted news organizations and other channels
NEWS ETV WALTA FANA Hageregna | Seber Zena
1 | PAAIPTH @M P v v v X X
+AFLPTF PARNT
FIoTeT AP+NYL
L1754
2 | MPAL &C& N+ A&H v v v X X
Mt Fhrdt AM+EY
TAA
3 | MPAR &CE Nk AGTH v v v X X
Mt At AMmEY
TAA
4 | hAk8 A4N.P 600 4 v X X X
R4 PPLT ML
AT4F@- +ODAf
5 | 9°nC Nk 110 P1N4 v v v X X
PANK9M, LT ML
63 HP h2LT
6 | PAMAL PT N+ X X X v v

TLLA NDFLCTF
+heh AFGH
AE AT

Stop word effect on Amharic fake news detection

Stop and function words must be deleted because they have no discriminating capability for

retrieving information. Amharic has its own stopping words because Amharic language has no

conventional stop terms.
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Table 5. 11 sample of Amharic stop word

Ahh
2hem-
s9e e
anPry
F1-SCORE LSTM
Real  [[NHMNMAAIIRRIIIIITTIII - ss
Fake - [N so
56 58 60 62 64 66 68
sequence value
LSTM after pre stop word removal
F1-SCORE BI-LSTM
 weat [N ==
a

rake ([N e

55 60 65 70

sequence value

75

BI-LSTM after pre stop word removal

Uit
AT
goryge

ATPR

nuviom-
NATE
nNAL
Nie

F1-SCORE CNN

Real - MMM 7>

Domains

Domains

Fake - \IMMNININININININD <

55 60 65

Sequence value

70
CNN after pre stop word removal

F1-SCORE CNN-LSTM

weat - [

77

rake ([N o=

60 65 70

sequence value

75 80

CNN-LSTM after pre stop word removal

Figure 5. 10 After stop word applied model performance
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Figure 5. 11 Model comparison after applying stop words process
This research examines the effect of stop word removal implementation on the preprocessing
step toward the accuracy of fake news detection in Amharic text documents. The results
indicated that the stop word removal technique on the preprocessing stage does not significantly
affect the accuracy of fake news detection process with the accuracy neither reduce the accuracy
of proposed models on both confusion matrix and k-fold cross-validation test.

There is no universal stop words list because a term can be meaningless depending on the corpus
or the problem being studied [46]. Especially on our context in Amharic language is no common
collection of stop words and varies to one to other research. Any word can be a stop word. That

is why there is so much disagreement regarding whether or not stop words should be eliminated.

Reducing the amount of the data collection is without a doubt a strategy to improve performance.
Training models takes time, and if there are fewer tokens to train, the training time should be

reduced.

Furthermore, approaches like TF-IDF place a higher emphasis on unusual terms than on
excessively repetitious tokens. Assume you're working on a problem for a bank involving one of
their products. Because the name of this product may be a word with a high frequency on our

corpus, may consider it a stop word.

As a result, stop words are ineffective for evaluations. In any case, preserve these terms and run

some tests with and without them to see how they alter the model. In any case, you should never
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eliminate stop words without considering their impact on the problem you are attempting to

solve.

In this research we conclude that to take assessment on stop word removal analysis which effect
the model performance on selected models during data amount and type of data which would be
vary results for Amharic corpus we analyze the absence of common stop word lists and amount
of data would be consider. Our data is less during the absence of structured data set collection for
both reliable organization and other service broadcasts. We conclude that on preprocessing stage
adding stop words not affect the models based on the reasons mentioned above amount of data
specially considered in this research. For large data set might be an effect on removing stop

words
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CHAPTER SIX
CONCLUSIONS AND FUTURE WORKS

6.1. Conclusions

The main goal of this research work is to address one of social media's major drawbacks: the
rapid spread of fake news, which frequently misleads people, creates false perceptions, and has a
negative impact on society. To that goal, an ensemble-based deep learning model is developed to
determine if news is fake or reliable. Several preparation approaches were used on the dataset at

first. In addition, NLP techniques were used on the statement attribute.

Three deep learning and two hybrid CNN-LSTM and Attention based BI-LSTM model are used.
The result achieved by the proposed study is significant with an accuracy of 0.86, when the
proposed system compared with other models such as BI-LSTM, CNN, LSTM, and CNN-LSTM
by 7%, 7%, 16%, and 7% respectively. This research also concludes that incorporating stop word
removal has no any significant contribution. The detection of false news is quite successful.

Finally, deep learning for fake news identification is still a new and complex field.

6.2. Future works

Developing economical fully-functional fake news detection needs coordinated team efforts that
comprise linguistic skilled, technology skilled and others that may collect additional reliable and
fake news from each public pages and streaming network. The research identifies the following

directions as a future work.

1. This research is limited only on fake news detection from textual contents. The researchers
believe that adding other fake news detection for photos, videos on a single model will have a

great role for the system.

2. This research on fake news detection is limited to on Amharic language only. However, the
reliable companies such as FANA, WALTA, and ETV also have different local language
streaming with Tigrigna, and Afan Oromo. For next works adding these languages will help in

developing a full model of fake news detection.

3. When conducting our experiments, small amount of corpus for fake news detection method

used. Thus, large data to train classifier believed better results can be achieved in the future.
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APPENDICES
Appendix A

Normalized characters

0=h 9 =h 9 =U h=U 8 =9 U=,
9 =h M= hE h=1 %9 AN
0= s=U =P = R =9 w=p
G=h, 1=4 s=U x=6 w=A =Y
Q=h =l Y =U R =6 ui=f
%=h =4 h=U R=6  W=fr
0=A 1= A=l 2=1 ui=(,

Appendix B

List of Amharic stop words

AT UL PURTT,NENTANN,LNE A TPR,MEBULT NV, 9 FBNANC AT LY N A
LI NPT aNAAAN TR, AL NATEATRHU,NAP TUPr AH P @7 950 U ,N a7y, B U7,
ALTBAHLNTRNAMNNANS P AAGNHLP PTAAART CRIS,ANLT,P BT 0% ,NTATF,NAT H,
U,nt HU,AHL,, UL FNALNANTH FOIBLULA, NPT TBAALALUTTI NI NLBNLT A7,
PR ,AT88 L NATSTLANND,LUTAAADT AAGNALTSTS AL AT, PP, NNANT,P
TP L HISAA DT AAA NATSANN AT HUENA TS, UT ,NHY,AANT ALY TBP AdeT,
ATRUF, ATPE,ANND,ALTA TP TP TN A TH FOI5,0N DLUPT A,ANANET N AHUUY,
NATEPALT AAPTNZO®Y NATETLNTR FOINAN,P P ;P A,NAT HU,ATPRU,OC A
NG, TPT TN ANRT,NATNFNATNTANC, NPT A T8F,MEINALAT LN EAANT, NP
F,APT,APTRLAT ATRY P PRENFA,,NTT A TS, AHU ALY O;AYT HU,, NHU,P AADT,AN
+5 AT8TEATMEOIe P NUATLT T 4,NATATRE  AINTANTATEPT,ATRYT HY,
TFm;, M EOFNAL AT PR T ALY, IC,MLTANULe TR FOISANT, AT LAY, NUT
ALUTTIIRAY BT A T$R,AR AT HUT,BTMP AT LT AT BT 4CMNN T, NANF,TF;A A
TENTHITRLUYFON+ALIBATET P AT, NY HU,NAYT HU,,NAA LA T, 0LIRP HUNAYT H
GLNATeR, AU AHLLNT NAALTETEP AT$R,ML,MLHC,LUTNALT 08,01 7R FO
oA AT LU, 00T F09,0 P71 F7,NANC,ALUT NHL, T D IB0 ADISe TRNAMDATEL
19,8780, A |0, NFNANAAARTE P AATFOY ATSUNNC,ALT NNITENANT
& AT PPN ANT, VA RTINS C .U, NFF A TP ,NUATNT A 2UT,PAAATRU,NAN
CRPAYTSY NPT LAFDNT HBLN TR P AT S, P HU,LUTF,NATLHY ,£MC,, T FTOIUPT 03N
I ENANHY AT, NAENF,NA+HPC,APTT N AP NHU 95,0, 007,95 L HIBA T HUISNH,
Uq,PANIBATH FOSBATC NHUTS,TVFT,ATRTIT L ATENAANNUL FO5A T 27,0 PN,
ATHUR, T IENY LU P AFOY A B,ALE AP ANT,, ALY, NUFARTSAA LU
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Appendix C
Attention based Bi-LSTM model

class Attention(tf.keras.Model):
def __init__ (self, units):
super(Attention, self).__init_ ()
self. W1 = tf.keras.layers.Dense(units)
self. W2 = tf.keras.layers.Dense(units)
self.V = tf.keras.layers.Dense(1)

def call(self, features, hidden):
# hidden shape == (batch_size, hidden size)
# hidden_with_time_axis shape == (batch_size, 1, hidden size)
# we are doing this to perform addition to calculate the score
hidden_with_time_axis = tf.expand_dims(hidden, 1)

# score shape == (batch_size, max_length, 1)
# we get 1 at the last axis because we are applying score to self.\VV
# the shape of the tensor before applying self.V is (batch_size, max_length, units)
score = tf.nn.tanh(
self. W1(features) + self. W2(hidden_with_time_axis))
# attention_weights shape == (batch_size, max_length, 1)

attention_weights = tf.nn.softmax(self.\V/(score), axis=1)

# context_vector shape after sum == (batch_size, hidden_size)
context_vector = attention_weights * features
context_vector = tf.reduce_sum(context_vector, axis=1)

return context_vector, attention_weights
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LSTM model
NB_WORDS = 20000 # Parameter indicating the number of words we'll put in the dictionary

VAL_SIZE =1000 # Size of the validation set

EPOCHS =200 # Number of epochs we usually start to train with
BATCH_SIZE =512 # Size of the batches used in the mini-batch gradient descent
X_train, X_test, y train, y_test = train_test_split(df.message,

df.id, test_size=0.1, random_state=37)

print("Training Data:', X_train.shape[0])

print('Test Data:’, X_test.shape[0])

tweet_df = df[['message’,'id]]

tk = Tokenizer(num_words=NB_WORDS,split="")
tk.fit_on_texts(X_train)

# print(‘'Top 5 most common words are:', collections.Counter(tk.word_counts).most_common(5))
sentiment_label = tweet_df.id

len(df.message)

print(tk.word_counts)

#print(tk.word_index)

#print(sentiment_label)

# using LSTM model

model = models.Sequential ()

model.add(layers.Embedding(NB_WORDS, 8, input_length=MAX_LEN))
model.add(layers.LSTM(8))

model.add(layers.Dropout(0.8))
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model.add(layers.Dense(2, activation="softmax’))
model.compile(loss="categorical_crossentropy', optimizer="adam’, metrics=['accuracy'])
BI-LSTM MODEL

NB_WORDS = 20000 # Parameter indicating the number of words we'll put in the dictionary
VAL_SIZE =1000 # Size of the validation set

EPOCHS =200 # Number of epochs we usually start to train with

BATCH_SIZE =512 # Size of the batches used in the mini-batch gradient descent
X_train, X_test, y train, y_test = train_test split(df.message,

df.id, test_size=0.1, random_state=37)

print("Training Data:', X_train.shape[0])

print('Test Data:’, X _test.shape[0])

#using BI-LSTM

from keras.callbacks import ModelCheckpoint

model =models.Sequential()

model.add(layers.Embedding(NB_WORDS, 8, input_length=MAX_LEN))
model.add(layers.Bidirectional(layers.LSTM(20)))

model.add(layers.Dropout(0.2))

model.add(layers.Dense(5,activation="softmax"))

print(model.summary())

filepath="best_model.hdf5"
model.compile(loss="categorical_crossentropy',optimizer='adam’, metrics=['accuracy'])

checkpoint = ModelCheckpoint(filepath, monitor="val_accuracy’,

verbose=1,save_best_only=True, mode="max’,save_weights_only=False)
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callbacks_list = [checkpoint]

CONVOLUTIONAL NEURAL NETWORK (CNN)

NB_WORDS = 20000 # Parameter indicating the number of words we'll put in the dictionary
VAL_SIZE =1000 # Size of the validation set

EPOCHS =200 # Number of epochs we usually start to train with

BATCH_SIZE =512 # Size of the batches used in the mini-b atch gradient descent
X_train, X_test, y _train, y_test = train_test_split(df.message,

df.id, test_size=0.1, random_state=37)

print("Training Data:', X_train.shape[0])

print('Test Data:’, X_test.shape[0])

# using convolutional model

model =models.Sequential()

model.add(layers.Embedding(NB_WORDS, 8, input_length=MAX_LEN))
model.add(layers.Conv1D(filters=32, kernel_size=8, activation="relu’))
model.add(layers.MaxPooling1D(pool_size=2))

model.add(layers.Flatten())

model.add(layers.Dense(2, activation="softmax"))

print(model.summary())

model.compile(loss="categorical_crossentropy', optimizer="adam’, metrics=['accuracy'])
CNN-LSTM

NB_WORDS = 20000 # Parameter indicating the number of words we'll put in the dictionary
VAL _SIZE =1000 # Size of the validation set

EPOCHS =200 # Number of epochs we usually start to train with
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BATCH_SIZE =512 # Size of the batches used in the mini-batch gradient descent
X_train, X_test, y _train, y_test = train_test_split(df.message,

df.id, test_size=0.1, random_state=37)

print("Training Data:', X_train.shape[0])

print('Test Data:’, X_test.shape[0])

#using CNN-LSTM

model = models.Sequential()

model.add(layers.Embedding(NB_WORDS, 8, input_length=MAX_LEN))
model.add(layers.Conv1D(filters=32, kernel_size=3, padding='same’, activation="relu’))
model.add(layers.MaxPooling1D(pool_size=2))

model.add(layers.LSTM(8))

model.add(layers.Dense(5, activation="softmax"))
model.compile(loss="categorical_crossentropy', optimizer="adam’, metrics=['accuracy'])
print(model.summary())

filepath="weights_best_cnn.hdf5"

checkpoint = ModelCheckpoint(filepath, monitor="val_acc', verbose=1, save_best _only=True,

mode="max',save_weights_only=False)

callbacks_list = [checkpoint]
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