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Abstract

Deep leaming, a potent machine learning technique, learns several layers of
representations or characteristics of the data to produce cutting-edge prediction outputs.
In addition to its popularity in a variety of fields of application, deep learning has been
successfully used in sentiment analysis on a large scale in recent years. Nowadays, social
media plays a significant role in swaying public opinion in favor of or against a
government or organization. Therefore, an effective strategy is necessary to analyze the
mood of any social media posting.

This research paper explores the application of deep learning that automatically extracts
sentiments from Amharic text, Sentiment analysis for Amharic in the political domain.
Social media platforms have become crucial for shaping public opinion and sentiment
toward governments and organizations. A lot of research is being conducted for the
development of sentiment analysis in different languages. However, sentiment analysis
for under-resourced languages like Amharic has received little attention.

The study proposes a supervised deep-learning for sentiment classification and
demonstrates its effectiveness in analyzing Amharic language data. Data was extracted
from FANA broadcasting corporation and Ethiopian Prime Minister ABIY Ahmed Ali's
official Facebook page and manually annotated into positive and negative classes. And
this study examines the cffectiveness of using a different training dataset and pre-trained
word embedding and tokenizers experiment on purposes and improving the text
categorization effectiveness of deep learning models.

The study compares the performance of five different deep learning models, including
LSTM, CNN, RNN, GRU, and bi-LSTM, with various architectures and parameters. The
experiments reveal that the GRU model achieved an accuracy of 82.49%, the LSTM
model achieved the highest accuracy of 79.41% while the CNN model attained an
accuracy of 77% the bi-LSTM model obtained an accuracy of 74.2% and the RNN
model achieved an accuracy of 73.3%. These results suggest that using a large training
dataset, pre-trained embedding, pre-trained Tokenizer, and Adams optimizer can

significantly increase text categorization performance using deep learning models.

Keywords — Sentiment analysis, Amharic language, deep learning, politics.
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Chapter One

1% Introduction
1.1. Background

Sentiment analysis is the process of controlling opinions, feelings, and subjective content
(Wankhade et al., 2022). As it looks at various reviews and tweets, Sentiment analysis
helps understand data about public opinions. It is a tried-and-true technique for
forecasting several significant events, such as the box office performance of films and
general elections (Schmidt et al., 2022). Public reviews, which are available on a variety
of websites like Amazon, are utilized for assessing a certain entity, such as a person, a
product, or a location. One can classify opinions as negative, positive, or neutral.

The sentiment analysis's objective is to automatically pinpoint the expressive tone of user
assessments (Yenkikar et al., 2022). According to (Katrekar, 2019), sentiment analysis
can be conducted at different levels: document level, sentence level, and aspect level. At
the document level, the sentiment of the entire document is classified as positive,
negative, or neutral. Similarly, at the sentence level, cach sentence is categorized
accordingly. However, at the aspect level, the analysis focuses on identifying the
sentiment towards specific features or aspects within the document or sentence.

This study focuses on sentiment analysis with a deep learning method; Deep learning
algorithms are capable of automatically learning hierarchical representations of data,
which allows them to capture intricate relationships and dependencies within the text.
Sentiment analysis involves understanding the subjective opinions, emotions, and
attitudes expressed in text, which often require a deep understanding of context,
semantics, and even subtle nuances. Deep learning models excel in this regard, as they
can learn intricate features and representations of the text through multiple layers of
processing.

The demand for sentiment analysis has erown as a result of the rising requirement for
analyzing and organizing unstructured data that is obtained from social media in the form
of hidden information (Alsayat, 2022). People now primarily convey their daily
activities. reactions, and emotions through social media platforms. The most popular
type of social media is blogs and microblogs (Marouf et al., 2022). Users share ideas,
discussions, and thoughts on blogs, which are informal websites on the internet
(Fraumann & Colavizza, 2022). Microblogs, on the other hand, are smaller blogs with

brief posts up to a few signs (Ali et al., 2020). Each of them has the option to list entries




in reverse chronological order, with the most current news at the top. They are resources
that let people discuss and comment on information that other users have shared. They
stand out for their modernism and liveliness.

As of December 2021, there were 21,147,255 Internet users or 17.7% of the Ethiopian
population. 6.3% of Ethiopia's population of 7,535,700 users of Facebook in January
2022 (10 Top Ethiopia Facebook Pages 2023 — AllabowtETHIO, n.d.) . The majority of
the citizens who use the internet participate in many topics and provide input in their
mother tongue on those that have been brought up by their friends, blogs, media, or
newspapers. However, there hasn't been enough work done on deep learning-based
sentiment mining for the political domain utilizing opinionated Amharic text.

1.2. Statement of the Problem

The widespread adoption of social media has transformed people's lives, particularly in
Ethiopia, where it serves as a vital platform for political activism and information
exchange. As social media usage continues to increase, it becomes crucial for legislators,
businesses, and community service providers to recognize the significance of gathering
and analyzing data from these platforms. Such analysis can provide valuable insights into
public opinion regarding services, products, rules, and regulations, enabling decision-
makers to make informed choices aligned with the needs and desires of the general
public. Integrating social media data analysis into decision-making processes can bridge
the gap between people and decision-makers, leading to a more responsive and effective
governance system.

However, analyzing sentiments, feedback, and expressions written or expressed in
natural languages, especially for under-resourced languages like Amharic, poses a
challenge. Understanding and interpreting sentiments and feedback shared on social
media, particularly in specialized domains or topics, require specialized knowledge and
context understanding. While previous attempts have been made to develop Amharic
sentiment analysis models have been developed by researchers utilizing machine
learning methods like Support Vector Machines (SVM), Naive Bayes (NB), and
Convolutional Neural Networks (Kindeneh, 2020; Neshir et al,, 2021; Saron & Zelelew,
2021) despite prior attempts to develop emotion analysis models and opinion-mining
techniques for the Ambharic dialect.

The context of the text is one of the major variables that affect sentiment analysis. When

utilized in a different context, words, and phrases that could have a positive or bad



connotation in one area could have a different sentiment orientation (Liu et al., 2020).
The focus of the analysis of sentiment has shifted to context-dependent variation in
sentiment orientation. To increase the quality of sentiment analysis, researchers are using
increasingly advanced algorithms and approaches to recognize and examine the context
in whicli words and phrases are employed. Sentiment analysis can offer a more
sophisticated assessment of the text's emotional intensity by taking context into account.
Words are powerful, but their power is not solely derived from their definitions. When
employed in several phrase situations, the same word may elicit various emotions.
The feature engineering process is not something that traditional machine learning
algorithms can do on their own, and thus, may struggle with understanding the nuances
of language. However, deep learning algorithms are capable of performing semantic
composition, it entails creating a text unit's vector of representation quickly and in a low-
dimensional space by merging its finer-grained parts or entities. As a result, the
algorithm is better able to discern the sentiment of the text by understanding the meaning
behind words and how they relate to one another in a sentence.
To retrieve contextual information from feature sequences in foreign languages, some
academics have investigated sentiment analysis utilizing deep learning approaches
(Balakrishnan et al., 2022; Guo, 2022; Igbal et al., 2022; Kaur et al,, 2021; Reviews et
al., 2022). The results of this research, however, cannot be immediately transferred to the
Ambharic dialect because of the distinctive features that set it apart from the other
investigated languages. Furthermore, The Amharic language lacks sufficient context-
based sentiment analysis research employing deep leaming. To best capture contextual
information for sentiment analysis of Amharic texts,
This research aims to explore the application of deep learning algorithms for sentiment
analysis in Amharic texts by focusing on the retrieval of contextual information from
feature sequences. Amharic is a complex language with unique linguistic characteristics,
and sentiment analysis in this language presents specific challenges that require
specialized approaches.
The study will investigate various deep leaming algorithms and techniques that can
effectively capture the contextual information present in Amharic texts. By leveraging
deep learning techniques, the rescarch aims to enhance the efficiency of sentiment
analysis in Amharic texts. Traditional sentiment analysis methods often struggle to
capture the nuances and intricacies of sentiment expressed in Ambharic due to the
language's rich morphology, syntax, and context-dependent nature. Deep leaming
3




algorithms, with their capacity to learn complex representations and handle large-scale
datasets, offer promising solutions to overcome these challenges.
The investigation will involve training deep learning models on a substantial collection
of Amharic texts annotated with sentiment labels. These models will learn to extract
relevant features from the input sequences and capture the contextual information crucial
for accurate sentiment analysis, The research will compare and evaluate the performance
of different deep learning architectures in terms of their efficiency in sentiment analysis
tasks, such as sentiment classification or sentiment polarity detection.
The findings of this research are expected to contribute to the advancement of sentiment
analysis in Amharic texts by providing insights into the effectiveness of various deep
learning approaches. By identifying the most suitable algorithms and techniques, the
research aims to enhance the accuracy and efficiency of sentiment analysis applications
in the Amharic language.
1.3. Research Question
The research study will address the following research questions (RQ).
RQ1: Which deep learning models are most effective for Amharic sentiment analysis?
RQ2: Which deep learning model performs the best when analyzing sentiment in
Amharic, compare to other state-of-the-art models?
RQ3: What effects do the amount of the training data, Transfer Learning, and
optimization strategies have on the Amharic SA models?
1.4. The Objective of the Study
1.4.1. General Objective
This rescarch is aimed to investigate the application of DNN approaches for the
development of Amharic sentiment analysis political texts.
1.4.2. Specific Objectives
The following particular goals are the focus of this research work.

a) Collect Amharic social media reviews.

b) Annotating Amharic reviews.

¢) Develop an Amharic sentiment analysis model using supervised leaming of

different DNN approaches.
d) Compare the performance of the models developed.

¢) Interpreting the results of the comparison and drawing conclusions.




1.5. Scope

The scope of this thesis is to create an analysis model for Amharic comments that are
only written in Ethiopic characters (Fidel). The study is limited to textual data, and other
forms of media such as audio, images, and videos are excluded. The study’s
concentration is on sentiment analysis; it does not cover other aspects of natural language
processing. The study will also not consider idiomatic expressions, symbolic language,
and sarcasm, as these are complex forms of language that require a deeper level of
linguistic analysis.

The sentiment polarity will be limited to two labels, positive and negative and using only
supervised learning techniques, and the dataset will be manually labeled by human

annotators. Standard assessment metrics will be used to assess the model's performance.

1.6. Methodology

The methodology for examining the viability of deep learning-based sentiment analysis
on Amharic comments within the context of Ethiopian political debate entails several
crucial steps.

Introduction: We will give a summary of the research topic and its importance in the
project's introduction. We will also outline the main rescarch question that we seck to
answer through this study. Additionally, we will specify the general and specific
objectives of the research, which will guide our investigation and analysis. In addition,
we will emphasize the study's scope, which will outline the confines of the investigation.
Literature Review: is a critical aspect of any rescarch study, as it allows rescarchers to
build upon existing knowledge and gain insights into the theoretical background of their
field. In this work, Amharic sentiment analysis which examines sentiment in the
Amharic language is the main topic of interest. The literature review will examine the
particular difficulties involved in analyzing sentiment in Ambharic, including word
representations and data accessibility, to get a thorough understanding of this subject.
The review will especially concentrate on works relating (o Ambharic sentiment analysis
in addition to looking at research on sentiment analysis in other foreign languages. To
create a model that can successfully assess sentiment in Ambaric, the finest
methodologies and tools will lastly be examined, picked, implemented, and/or updated.
The literature review will act as the research study's basis, offering a thorough
understanding of the subject and directing the creation of an efficient model.

Data Collection: The datasets (comments) for the experiment were automatically




gathered from the official Facebook pages of Dr. Abiy Ahmed Ali and the FANA
television company. Data was gathered using a Python scraper script and Facebook's
online comment exporter tool. The reason for selecting this tool was its ability to gather
large amounts of comments efficiently and quickly. The selection of FANA broadcasting
corporation and Dr. Abiy Ahmed Ali official Facebook page as sources for data
collection was based on their popularity and relevance to the research question.
Analyze and Design: In this project, creating a sentiment analysis model for Amharic
comments in the context of Ethiopian political debate is the main goal. A decp learning
strategy is used to do this, with various well-known algorithms; including Long Short-
Term Memory (LSTM), Bi-Directional LSTM Network (Bi-LSTM), Convolutional
Neural Network (CNN), Basic Recurrent Neural Network (RNN) model, and Gated
Recurrent Unit (GRU) is used to experiment with various architectures and
hyperparameters to discover the optimum model for the given problem. The deep
learning models will be trained on an appropriate dataset, and they will be modified to
achieve the best level of accuracy.
Evaluation: The effectiveness of an experiment's evaluation metrics determines whether
it is a success. In this experiment, many metrics will be used to assess the models'
performance, among which accuracy is the primary one. An important evaluation
indicator, accuracy assesses how well the model correctly predicted the output. The
performance of the model improves with accuracy. In addition to accuracy, the
performance of the models may also be assessed using metrics like precision, recall, F1-
score, and AUC-ROC. These measurements provide a more comprehensive picture of
the model's performance and aid in determining each model's advantages and
disadvantages. As a result, choosing the right evaluation measures is essential to the
outcome of every experiment.
Tools: Machine learning models were developed for the experiment, and for this
purpose, Python, a high-level programming language, was used. Python offers a wide
range of machine-learning packages and tools, making it a popular choice among
rescarchers and practitioners. To build the machine learning models, two popular deep
learning libraries, PyTorch and Keras, were used. While Keras is a high-level neural
networks API that provides a user-friendly interface for creating deep leaming models,
PyTorch is an open-source machine learning toolkit that supports the development of
neural networks and tensor computations. Along with these libraries, other important
libraries such as Pandas, NumPy, and Scikit-learn were also used. Panda is a toolkit for
6




data manipulation that offers simple data structures for data analysis, a library for
numerical computing called NumPy supports numerical operations on big matrices and
arrays. A machine learning library called Scikit-leam offers many methods for
clustering, regression, and classification. These libraries worked together to offer the
tools and capabilities needed to preprocess the data, train and validate the models, and

evaluate the models' performance.
P



Chapter Two

2. Literature Review
In this study's part, many previous works in the research field are examined, and
important ideas related to those works are presented. The idea also discusses and reviews
several sentiment classification approaches, sentiment feature extraction, level of
sentiment analysis, and evaluation methodologies. Social media overviews, also included
are a concept of sentiment analysis and a study of how the Amharic languages behave.
2.1.  Theoretical Background

2.1.1. Sentiment Analysis
Sentiment analysis is a method for identifying and extracting subjective information
from text, such as views, attitudes, emotions, and sentiments. It is a type of natural
language processing. It is frequently utilized in many different applications, such as
market research, brand reputation management, customer feedback analysis, and social
media monitoring. Text preparation, extraction of features, classification of sentiment,
and evaluation are some of the common processes in the sentiment analysis process.
The original text information is cleaned up and converted into an analysis-ready format
during test preparation. Finding pertinent textual elements, such as words, phrases, or
other language trends, that might be predictive of sentiment is known as feature
extraction. Giving the text a sentiment score or label, which can be positive, negative, or
neutral. is the task of the sentiment classification phase. Several methods, including rule-
based approaches, machine learning algorithms, and deep learning models, can be used
to do this (Rodriguez & Spirling, 2022).
In the evaluation stage, the quality and efficiency of the emotion analysis system arc
evaluated, frequently utilizing measures like precision, recall, and Fl-score. Sentiment
analysis may help businesses and organizations make better decisions and increase
performance by offering insightful information about feedback from customers, online
community trends, and other types of textual data (Manish, 2020).

2.1.1.1.Levels of Sentiment Analysis
Typically, sentiment analysis is done at three different levels (Mehta & Pandya, 2020):

Document-level Sentiment Analysis: This kind of analyzing sentiment is concerned
with figuring out the general attitude of a substantial text or document, like a blog post,

review, or tweet, It conveys a fundamental impression of the text's tone, whether it is

8



neutral, negative, or positive,

Sentence-level Sentiment Analysis: The sentiment of specific phrases in a document or
text is examined at this phase of sentiment analysis. It provides a more detailed
understanding of the sentiment portrayed in the text because different sentences in
identical documents may indicate various emotions.

Aspect-level Sentiment Analysis: This form of analysis of sentiment focuses on
determining the attitude toward particular qualities or characteristics of a good, service,
or person referenced in the text. It involves analyzing the sentiment of individual phrases
or clauses that refer to a particular aspect, such as price, quality, or customer service.
This type of analysis is particularly useful in understanding the strengths and weaknesses
of a product or service and can help businesses to improve their offerings.
2.1.1.2.Sentiment Analysis Approaches

Sentiment analysis is a type of natural language processing (NLP) that involves the use
of computational algorithms to determine the emotional tone of a piece of text, such as
positive, negative, or neutral. There are several approaches to sentiment analysis,
including:

The lexicon-based approach: To determine the general feeling of a piece of text,
sentiment analysis uses predetermined glossaries of words and their corresponding
emotions (positive, negative, or neutral) (Bicle et al,, 2022). In this method, a set of
terms and their corresponding sentiment ratings are found in a dictionary or sentiment
lexicon. A word's sentiment score might be good, negative, or neutral.

The lexicon can be created by hand or automatically via statistical methods or algorithms
based on machine leaming on a sizable corpus of text. To determine the text's sentiment,
the terms in the text arc contrasted with those in the sentiment lexicon. The overall
sentiment score for the text is then calculated by adding the scores for sentiment for the
matched terms.

There are several approaches to calculating the sentiment score, like adding up the
emotional scores of the matched words, averaging the sentiment scores, or utilizing more
complex techniques like TF-IDF weighting or regression analysis. The lexicon-based
technique has the benefit of not requiring data that is labeled for training, making it
simple to use and adaptable to diverse domains and languages. This approach has some
difficultics. too, as the sentiment of a word might vary based on how it is used. It may
also be unable to convey the subtleties and contextually-dependent nature of sentiment. It
| to employ a lexicon of emotions that is suitable for the text's particular domain

9
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and context.

The machine learning-based approach: Machine learning algorithms are trained on a
dataset that is labeled with text documents and the associated sentiments to perform
sentiment analysis. Based on the patterns it has discovered from the training data, the
algorithm learns to categorize fresh texts into positive, negative, or neutral feelings (Xu
et al., 2022).

Neural Networks (NNs): are particular kinds of machine learning algorithms that take
their cues from how the human brain is organized and operates. NNs consist of
interconnected layers of neurons that process input data and produce output predictions
(Sah, 2020). The input layer, hidden layer(s), and output layer are the three different sorts
of layers that make up a conventional neural network. The input layer takes the data as
input, which is then processed by one or more hidden layers to create the prediction of
the outcome from the output layer.

The computing unit known as a neuron in a neural network conducts a weighted sum of
its inputs, assigns an activation function to the total, and sends the outcome to the
following layer. By utilizing an optimization algorithm like gradient descent during
training, the biases and weights of the neurons are learned. The activation function of a
neuron determines its output, which can be binary (0 or 1), continuous (between 0 and 1),
or any other function that maps the input to an output.

The sigmoid function and the rectified linear unit (ReL.U) function are the two activation
functions that are employed the most frequently. To reduce the error between the
anticipated result and the actual output, the neural network modifies the biases and
weights of the neurons during training. Using an optimization method, this procedure,
known as back propagation, calculates the gradient of the error for the biases and weights
and updates them.

Several machine learning tasks, such as classification, regression, and speech and picture
recognition, can be performed using neural networks. For jobs involving high-
dimensional data and non-linear correlations among features and the target variable, they

are especially effective. The key benefits of neural networks are their capacity to learn

intricate patterns in data, versatility in processing various input data sources, and good

generalization to new data. To avoid over fitting, they may need a lot of data and can be

computationally challenging to train.
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Figure 1: A simple three-layered feed-forward neural networks
Model evaluation: A distinct set of text documents is used to test the efficacy of the
trained model in predicting sentiment. A few examples of evaluation metrics are the
ROC curve, Fl-score, recall, accuracy, and precision.
The classification of freshly written material into either positive or negative emotions can
be done using a machine learning approach after it has been trained and evaluated. As the
technique learns to understand the patterns and interactions between the data and the
sentiment labels, one benefit of a machine learning-based method is that it can record the
convoluted and dependent upon-context nature of sentiment. However, this method
needs a lot of labeled training data, and it could struggle with topics or dialccts that are
quite dissimilar to the training data.
Deep learning: is a branch of machine learning that makes use of deep neural networks
for data-driven learning. Deep neural networks, which have several hidden layers, are
neural networks that can recognize more intricate patterns and connections in data. Deep
learning has proven to be remarkably effective in a variety of applications, including
speech recognition, visual processing, natural language processing, and gaming. For
instance, advances in picture classification, object recognition, and image scgmentation
exercises have been made possible by deep learning. It has also been used to develop
models of language that can generate text that sounds natural and speech recognition
software that precisely records spoken words.
Large volumes of labeled data are often used for training deep leaming models, and
methods based on gradients, like stochastic gradient descent, are used for optimization.
To reduce a loss function, which calculates the gap between the anticipated output and
the actual output, the neural network’s weights and biases are adjusted during the training
phase.
Convolutional neural networks (CNNs) for processing images, RNNs (recurrent neural




networks) for consecutive processing of data, and networks of transformers for natural
language processing are some examples of popular deep learning architecture. In their
respective fields, these architectures are very successful (Chen et al., 2021). Deep
learning has also sparked the creation of cutting-edge methods like reinforcement
learning (RL) for teaching agents how to make decisions in complex situations and
generative adversarial networks (GANs) for producing realistic images.
Recurrent neural networks (RNNs): This particular neural network architecture was
created with processing sequential data in mind. RNNs preserve a hidden state that can
store knowledge about earlier inputs in the sequence, in contrast to feed-forward neural
networks which analyze input data in a single pass (Bagehi, 2022). Natural language
processing, audio identification and time series prediction are just a few of the sequential
data-related applications where RNNs have demonstrated outstanding performance, They
are particularly effective for jobs involving variable-length sequences because the hidden
state may adjust to the input's length.
A recurrent layer, that analyzes the initial information consecutively and keeps an
unnoticed state that changes at each time step, is the fundamental component of an RNN.
A non-lincar activation function, such as the hyperbolic tangent or the corrected lincar
unit (ReLU), is commonly used to pass the hidden state through, The ultimate hidden
state or the state that is invisible at every step in the process can be used to calculate the
RNN's output.
The long short-term memory (LSTM) network is a popular variation of the standard
RNN architecture that was created to deal with the vanishing gradient problem that can
arise during the training of deep RNNs. The LSTM network employs a memory cell with
long-term information storage capacity and three gates o regulate data flow through and
out of the cell.
The gated recurrent unit (GRU), a different form that is comparable to the LSTM but
employs fewer specifications and is theoretically more effective, is another option.
Creating a loss function that evaluates the discrepancy between the output that is
predicted and the actual output is a common step in training an RNN,
Gradient descent is then used to optimize the network's parameters. The network
parameters' gradients of the loss function are calculated using the back propagation
algorithm, and these gradients are then utilized to alter the settings in a way that
minimizes the loss.
RNNs are a potent and adaptable kind of neural network which can identify intricate
12




links and patterns in sequential data. They are highly suited for a variety of applications
in time series analysis, speech recognition, and natural language processing due to their
capacity to represent the temporal changes of a sequence.

Long Short-Term Memory (LSTM): a specific type of recurrent neural network
(RNN) created to deal with the issue of vanishing gradients that can happen during the
training of deep RNNs. Three gates that regulate the flow of data through and out of the
memory cell are used in LSTM networks together with a cell of memory that can retain
data for extended periods. The entry gate, the forget gate, and the outcome gate are the
three gates of an LSTM network. These gates control the information flow into and out
of the storage cell, enabling the LSTM to precisely retain and access information as
necessary (Yang et al., 2021).

How much fresh data should be inserted into the memory cell is decided by the input
gate. It processes the prior hidden state and the current input via a sigmoid activation
function to yield a number between 0 and 1. The amount of fresh data that has to be
stored in the memory cell is indicated by this value. Which data should be removed from
the memory cell is decided by the forget gate. It processes the prior hidden state and the
current input through a sigmoid activation function to yield a number between 0 and 1.
The amount of data that should be removed from the memory cell is represented by this
value. Which information to be output from the memory cell is decided by the output
gate. It accepts as input the present input, the prior concealed state, the present values of
the memory cell, and the current input.

To generate a number between -1 and 1, these values are put via sigmoid and hyperbolic
tangent activation functions. The output of the LSTM at the current time step is
represented by this number. According to the results of the input gate, forget gate,
current input, and prior concealed state, the storage cell is updated. The prior contents of

the memory cell and the incoming input arc combined linearly and graded via the gate

for input and forget gate, respectively, to determine the most recent contents of the

memory cell. Many different applications, including speech recognition, image

captioning, and natural language processing, benefit greatly from the use of LSTM

networks. They are highly suited to activities involving long-term dependencies due to

their capacity to deliberately keep and retrieve data over extended periods.
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Figure 2: Architecture of LSTM (Yang et al., 2021)
Bidirectional Long Short-Term Memory (Bi-LSTM): is a kind of LSTM network that

employs backward and forward processing of the input sequence. Bi-LSTMs work well

for tasks like sentiment analysis or named entity recognition that need a grasp of the
context of a word or phrase within a sentence or paragraph. In a Bi-LSTM network, a
forward LSTM layer processes the input sequence first, processing it from the first input
to the last input in a forward direction.

A backward LSTM layer receives the output of the forward LSTM layer and processes
the sequence from the final input to the first input in the opposite way (Choudhary et al.,
2022). A final output sequence that includes data from each of the forward and backward
contexts is created by concatenating the output from the forward and backward LSTM
layers. Due to its ability to record interdependence in both directions, the Bi-LSTM can
now have a more thorough knowledge of the circumstances in which a word or phrase is
used.

A second LSTM layer capable of processing the pattern in the opposite direction is added
to the regular LSTM's design to create a Bi-LSTM. Each LSTM layer has its memory
cell and gates, and the final output sequence is created by concatenating the output from
both layers. Bi-LSTMs are effective for many different NLP applications, including
sentiment analysis, speech recognition, and machine translation. Given that they can
record interconnections in every direction and give a more thorough knowledge of the

input sequence, they are especially helpful in jobs where context is crucial.
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Figure 3: Bi-LSTM architecture (Choudhary et al, 2022)

Convolutional Neural Networks (CNNs): have emerged as a powerful tool for
sentiment analysis in text post comments. Originally developed for image recognition
tasks, CNNs have shown great potential in analyzing textual data due to their ability to
capture local patterns and hierarchical features. In the context of sentiment analysis,
CNNs can effectively identify and extract relevant features from the text, such as words,
phrases, or even sentiment-specific patterns, by applying convolutional filters across
different parts of the input. This allows the model to leam discriminative representations
that capture the sentiment information within the comments, By combining these learned
features with subsequent layers, such as pooling and fully connected layers.

CNNs can effectively classify the sentiment of text post comments, cm;biing applications
in areas like social media analysis, customer feedback processing, and market sentiment
tracking. The adaptability of CNNs, coupled with their ability to automatically learn
meaningful representations, make them a valuable tool in sentiment analysis tasks,

improving our understanding of people's opinions and emotions expressed in the text

(Wangpoonsarp et al., 2020).
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Figure 4: Convolutional Neural Network (CNN) model for text classification (Wangpoonsarp et al., 2020)
15




2.1.2. Word Representations

Using the word embedding technique, words can be represented as vectors of numbers in
a high-dimensional space in natural language processing (NLP). The goal of word
embedding is to capture the grammatical and syntactic relationships between words in a
language; it can then be applied to enhance the effectiveness of various NLP tasks like
sentiment analysis, language translation, and text categorization. (Camacho-collados &
Pilehvar, 2020). When learning a relation across every word on the collection to a vector
in an ongoing high-dimensional space, word embedding algorithms often start with a
huge corpus of text data as their input. Similar terms are assigned to similar vectors in
the embedding space, and the resulting vectors are made to encode semantic associations
between words.

The vectors for "king" and "queen” should, for instance, be closer together than those for
"king" and “apple" in a well-trained word embedding. There are several popular
algorithms for generating word embeddings, such as Word2Vee, GloVe, and fastText.
Once a word embedding has been trained, it can be used as a feature representation for
downstream NLP tasks, ecither by using the word vectors directly or by feeding them as
input to a machine-learning model (Science, 2021).

2.1.2.1.Approaches to word embedding

In processing natural language (NLP), word embeddings can be approached in various
ways, such as:

31211 Count-based methods
These techniques work by counting the times words appear together in a huge body of

text. The term frequency-inverse document frequency (TF-IDF) weighting scheme,
which provides more weight to words that are more informative and less common in the
corpus, is the most often used count-based strategy. Latent Semantic Analysis (LSA) and
Hyperspace Analogue to Language (HAL) are two further count-based techniques.

Term frequency-inverse document frequency (TF-IDF): is a metric that quantifics the
weight given to a term in a corpus or document. Each phrase in a piece of writing or
corpus is given a score depending on how frequently it appears and how relevant it 1s to
the corpus as a whole (Science, 2021). The fundamental tenet of TF-IDF is that a term
that frequently appears in a document but is uncommon throughout the corpus has
greater significance than a term that frequently appears everywhere in the document and

the corpus. As a result, TF-IDF gives phrases that are common in a document but

uncommon across the board a high weight (Jalilifard et al., 2021). The term frequency
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(TF), a measure of how frequently the term shows up in the document, and the inverse
frequency of the document (IDF), which represents how important the phrase is over the
entire corpus, are combined to provide the TF-IDF score for a term in a document. The
formula for TF-IDF is TF-IDF = TF * IDF, where TF = log (total number of
documents/number of documents with a term in it) and IDF = (number of times term
appears in document) / (total number of terms in the document). The TF-IDF is
frequently employed for information retrieving, data mining, and natural language
processing to classify documents based on their content, rank the value of documents to a
query, and extract key phrases from a corpus.

Latent Semantic Analysis (LLSA): is a technique used in the processing of natural
languages to examine the relationships between a group of files and the words they
contain. Based on the connections between words and texts, it is a mathematical
approach for encoding meaning. LSA works by constructing a matrix of word
frequencies across all the documents in a corpus. This matrix is then decomposed into a
set of smaller matrices that represent the underlying patterns or "latent” relationships
between the words and documents. These patterns are referred to as "latent semantic
factors”. The high-dimensional word frequency matrix is converted into a lower-
dimensional space using a technique called LSA.

This makes it possible to spot patterns and connections among words and files that
would not have been obvious in the original high-dimensional space. LSA can be used
for a range of applications, such as document classification and information retrieval, and
automatic summarization. In information retrieval, LSA can be used to improve scarch
results by identifying documents that are semantically related to a query, even if they do
not contain the same keywords. In document classification, based on the underlying
semantic structure of the texts, LSA can be used to group the documents. In automatic
summary, LSA can be used to identify the most important sentences in a document based
on their semantic content. LSA is a powerful technique for analyzing and extracting
meaning from large collections of text data.

The Hyperspace Analogue to Language (HAL): is a natural language processing

technique developed by Stuart C. Shapiro in the 1980s. HAL is a knowledge

representation technique that represents the meanings of words and phrases based on the

contexts in which they appear. The method is predicated on the notion that a word's

meaning is connected to the words that frequently appear in similar settings to it. To
build a semantic network in HAL that illustrates the relationships between words, a
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sizable corpus of text is processed. Each word is represented as a vector of co-occurrence
rates with other terms in the corpus to create the network. A collection of clusters
representing  various semantic domains is produced when the vectors are grouped
according to their commonalities. HAL can be used for a number of the processing of
natural languages, such as inforraation retrieval, text categorization, and text production,
once a semantic network has been built.
In information retrieval, HAL can be used to find documents that are semantically related
to a query, even if they do not contain the same keywords. In text classification, HAL
can be used to classify documents based on their underlying semantic content. Using the
connections amongst words in the semantic network, HAL can be used to generate new
text. HAL is an effective method for representing phrases and words based on the
settings in which they are used. It is effective at capturing the subtleties of language use
and has been employed in many natural language processing applications,
2.1.2.1.2. Prediction-based methods
These techniques work by learning a model to anticipate a word's context from its
surrounding terms. The most well-known prediction-based technique is Word2Vec,
which forecasts the sctting of a word-based N and the words around it using a shallow
neural network. The Global Vectors for Word Representation (GloVe), another well-
known prediction-based technique, employs matrix factorization to develop word
embedding based on the co-occurrence statistics of words (Camacho-collados &
Pilehvar, 2020).
Word2Vec: is a method of natural language processing used to leam word distributions
based on the circumstances in which they appear. It is a neural network-based strategy
that Tomas Mikolov and his coworkers at Google introduced in 2013. Utilizing the
words that commonly appear in contexts that are comparable to it, one can use a massive
corpus of literature to discover the vector representation for each word, Word2Vec uses
the basic principle of word co-occurrence. This is done by training a ncural nctwork to
predict the likelihood that a word will emerge in a specific circumstance. Word
embeddings are the vector representations created by the neural network once it was
trained on a significant corpus of text.
Word2Vec primarily uses the Continuous Bag-of-Words (CBOW) model and the Skip-
Gram model. The Skip-Gram model forecasts the other context words according to the
current word, whercas the CBOW model predicts the word at hand depending on the
cammed by both models that words have vector
I8

adjacent context words. It is |




representations that preserve their grammatical and semantic connections to other
phrases in the corpus. In language processing applications like text categorization,
retrieval of data, and machine translation, the gencrated word embeddings are frequently
employed as features. Word2Vec has been utilized in a wide range of applications and is
successful at catching the underlying semantic links between words. Word2Vec is a
potent method for leaming word representations that are dispersed and capture the
semantic and syntactic connections between terms in a corpus of text.

Global Vectors for Word Representation (GloVe): This method of word embedding
lcarning in natural language processing captures the two types of syntactic and semantic
links between words. Experts at Stanford University introduced GloVe in 2014, The
foundation of GloVe, like Word2Vec, is the concept of acquiring vector illustrations for
words according to their interaction statistics in a significant corpus of literature.
Contrary to Word2Vec, which employs a neural network strategy, GloVe makes use of a
matrix factorization technique. GloVe's fundamental premise is to gencrate a vector
illustration for every word in an archive based on the odds that those words will appear
together. To create a co-occurrence matrix, the co-occurrence probability is calculated
using a window of words around the target term. The word embedding is then obtained
by factorizing the co-occurrence matrix using a low-rank approximation.

GloVe's goal is to record word context on a global scale rather than a local one. This
indicates that the method learns word embeddings by considering the full corpus of text
rather than simply considering the local setting of each word. Because of this, GloVe can
capture more complex word semantic associations than Word2Vec, Natural language
processing activities including text categorization, retrieval of information, and machine
translation frequently employ the outcome of word embedding as a feature. GloVe has
been utilized in a wide range of applications because it is effective at catching the
fundamental semantic and syntactic links between words. The gloVe is an effective

method for learning word vector representations that capture their overall semantic and

syntactic associations with other phrases in a corpus of text.

2.1.2.1.3. Hybrid methods
These methods combine count-based and prediction-based approaches to word

embedding. For example, fast Text is a hybrid method that extends Word2Vec by using

character-level n-grams to capture the morphology of words in addition to their context.

Fast Text: is a lightweight, open-source library that may be used to conduct text

categorization tasks and leam word embeddings. It was developed by Facebook Al
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Research in 2016 as an extension of the Word2Vec algorithm. Fast Text and Word2Vec
differ primarily in that Fast Text also trains sub-word representation as well as word
representations. Fast Text treats cach word as being composed of character n-grams.
Thus, the character n-gram sum represents the vector for a word. Consider the term
vector “H1N" is produced by multiplying the vectors of the n-grams. H7, H10,70. Is the
outcome of adding the vectors of the n-grams. Additionally, Fast Text anticipates vectors
for words that are not in its training set based on its character n-grams. Glove and
Word2vec, in contrast, treat unseen words as out-of-vocabulary terms,

The fast Text library includes several pre-trained models for various languages, as well
as tools for training custom models on user-defined corpora. In addition to leaming word
embedding, fast Text can be utilized for tasks related to text classification including topic
categorization and sentiment analysis. The library uses simple neural network
architecture with a softmax classifier, which can be trained using cither supervised or
unsupervised learning techniques. Fast Text is a useful tool for NLP rescarchers and
practitioners who want to perform word embedding and text classification tasks quickly
and with high accuracy.

2.1.3. Optimizers

An optimizer in machine learning is an algorithm that modifies a model's weights and
biases during training to reduce the difference between expected and actual results.

Here are some popular optimizers used in deep learning:

Gradient descent: is a typical optimization technique used in deep learning and machine
learning. During training, it is utilized to update a model's parameters to reduce a loss
function (Zhang et al., 2021). By estimating the gradient of the loss function for cach
parameter and shifting the parameters in the reverse direction of the gradient, the primary
principle behind gradient descent is to iteratively modify the weights and biases of a

model. This causes the loss to decrease. The following formulation represents the

gradient descent update rule: theta is equal to theta - alpha * dL/d. Theta stands for the

model's weights or biases, alpha for the learning rate that regulates the update step size, L
for the loss function and dL/d (theta) for the gradient of the loss for the parameters.

There are three types of gradient descent algorithms:
I. Batch gradient descent: This method involves training the model once on the

full dataset. The weights are adjusted once every epoch, and the gradient of

the loss for the parameters 1S calculated for the entire dataset.
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2. Stochastic gradient descent (SGD): This method involves training the model
on just one training event at a time. Following each example, the weights are
revised according to the gradient of the loss for the associated parameters.

3. Mini-batch gradient descent: This method involves training the model on
small groups of training instances. Following each batch, the weights are
revised per the gradient of the loss for the batch's parameters.

Due to its efficacy and simplicity, gradient descent is an often-used optimization process.
However, it has certain drawbacks, including the potential to become trapped in local
minima and the requirement to carefully select the rate of learning to avoid convergence
problems.
Stochastic Gradient Descent (SGD): an iterative optimization procedure used to
increase the target outcome of a machine learning model or minimize the cost function. It
is frequently employed in the training of deep leaming models, including neural
networks (Mehta & Pandya, 2020). The primary idea behind SGD is to modify the model
parameters by taking gradually in the direction of the cost function's negative gradient
using a randomly selected fraction of the learning data at each iteration. By not utilizing
the complete training set during each iteration, the approach is more effective than
traditional gradient descent.
The SGD algorithm is composed of the following steps: Initialize the model's parameters
with random values. Select a random mini-batch, also referred to as a portion of the
training data. Find the gradients of the cost function for the model parameters using the
mini-batch. Move a tiny amount in the preferred direction of the cost function's negative
gradient to adjust the model's parameters. Until convergence is obtained or for a certain
amount of repetitions, steps should be repeated. SGD is helpful when working with huge
datasets or models with numerous parameters since it can converge more quickly than
other optimization strategies. It may, however, be hypersensitive to the mini-batch size
and leamning rate. To address some of SGD's drawbacks, several enhancements,
including momentum and adjustable training rates, have been proposed.
Adam (Adaptive Moment Estimation): updates the parameter values of neural network
models throughout training using an optimization technique. It is a well-known
modification of the stochastic gradient descent (SGD) algorithm that accelerates
convergence by adding momentum and adaptive learning rates (Liao et al., 2022). To
adjust the training rate for cach weight, Adam retains an exponentially declining average -
of carlier gradients and carlier squared gradients. Adam may modify the step size for
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cach weight based on the gradient's strength thanks to the adaptive leaming rate,
allowing for faster convergence and improved performance compared to traditional
SGD. Adam has become a popular optimization algorithm due to its ability to handle
sparse gradients and adaptive learning rates.

Adagrad (Adaptive Gradient Algorithm): is a machine learning technique that updates
a model's parameters while it is being trained. Comparable to stochastic gradient descent,
Adagrad modifies the acquisition rate for ecach parameter following the previous
gradients, which can enhance convergence (Zhang et al., 2021). Adagrad's main principle
is to vary the rate of leamning for each parameter in a manner that is inversely
proportional to the total number of squared gradients for that feature. As a result,
parameters with lower gradients will have higher learning rates than those with bigger
gradients, which can aid in accelerating convergence and preventing oscillations,
Adagrad performs well with little information, where some input attributes could be
sporadic. Adagrad can, however, build up gradients over time and reduce the successful
retention rate, making it challenging to make significant parameter modifications after
the training phase. Other adaptive optimization methods, including RMSprop and Adam,
have been created to overcome this problem.

RMSprop (Root Mean Square Propagation): is a well-liked optimization method for
gradient-based optimization of a neural network's parameters in machine learning. It is a
modification of the stochastic gradient descent (SGD) technique, which modifies the
network weights based on the gradient of the weights' loss function (Tian et al., 2023).
The fundamental principle of RMSprop is to modify the acquisition pace for each weight
parameter according to the strength of the gradients observed thus far during training. To
achieve this adaptation, divide the learning rate by the average value of the squared
gradients, which decays exponentially.

The learning rate is changed to better match each weight's behavior using the squared
gradient, which is a measurement of how much the gradient differs for a specific weight.
For non-convex optimization issues where the objective function could have numerous
local minima, RMSprop is highly effective. RMSprop can move more quickly and
effectively across the space of parameters and converge to a satisfactory solution by
changing the rate at which it leams for cach weight. RMSprop is frequently the default

optimization technique for many neural network designs and has been widely employed

in deep learning applications.
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2.2. Related Work

2.2.1. Sentiment Analysis for foreign language

The paper titled "Evaluating pre-trained word embedding and neural network
architectures for sentiment analysis in Spanish financial tweets" was presented to the
audience at the Mexican International Conference on Artificial Intelligence (Arouri &
Sayyafzadeh, 2022). The authors, J. A. Garcia-Diaz, O. Apolinario-Arzube, and R.
Valencia-Garcia, aimed to explore the effectiveness of pre-trained word embedding and
neural network architectures for sentiment analysis of Spanish financial tweets. The
paper evaluated three different pre-trained word embeddings, namely Word2Vec, GloVe,
and Fast Text, along with three different neural network architectures, namely
Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM), and
Bidirectional LSTM (Bi-LSTM).

The authors used a dataset of 4,000 tweets related to the Mexican stock market, which
were annotated with sentiment labels (positive, negative, or neutral) by human
annotators. They then trained and tested various models using different combinations of
pre-trained word embeddings and neural network architectures, and evaluated their
performance using metrics such as accuracy, precision, recall, and Fl-score. The findings
revealed that the Fast Text embedding performed the best among the three pre-trained
embeddings, while the Bi-LSTM architecture outperformed the other two architectures,
The authors also discovered that the models' effectiveness varied according to the
sentiment class, with the neutral class being the most challenging to classify accurately,
The paper provides useful insights into the effectiveness of pre-trained word embeddings
and neural network architectures for sentiment analysis in Spanish financial tweets and
highlights the importance of selecting appropriate models for different tasks and datasets.
The article titled "Deep Bidirectional LSTM Network Learning- Based Sentiment
Analysis for Arabic Text" was published in the Journal of Intelligent Systems in January
2021. The authors of the article are H. Elfaik and E. H. Nfaoui (Liao et al., 2022). The
article presents a sentiment analysis approach for Arabic text using a deep bidirectional
LSTM network. The technique of finding and classifying the sentiment expressed in a
text, such as positive, negative, or neutral, is known as sentiment analysis.

The proposed approach utilizes deep learning techniques to accurately classify Arabic

text into these sentiment categories. The authors first preprocess the Arabic text by

removing stop words, stemming, and tokenizing the text. They then use a deep

bidirectional LSTM network to learn the features of the text and classify it into one of the
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three sentiment categories. On two Arabic datasets, the suggested method 1s tested and
found to have high sentiment classification accuracy.

The article concludes that the proposed approach can effectively perform sentiment
analysis on Arabic text, this has a variety of uses, including social media monitoring and
analyzing client feedback, and opinion mining. This article describes a deep learning-
based approach for sentiment analysis of Roman Urdu text. The authors used data from
10,000 Roman Urdu tweets for training their model, which consisted of a convolutional
neural network (CNN) and a recurrent neural network (RNN) with long short-term
memory (LSTM) units (Mustapha et al., 2021). The stop words were first taken out of
the text data and applied to the stem by the writers, They then converted the text into a
numerical representation using a word embedding technique called Word2Vec.

The CNN was utilized to pull features out of the text, while the RNN with LSTM units
was used to capture the temporal relationships between words, The accuracy, precision,
recall, and Fl-score were some of the common metrics used by the authors to assess the
performance of their model.

The outcomes demonstrated that their strategy, which was based on deep learning, beat
several other machine learning techniques frequently employed for sentiment analysis,
achieving an accuracy of 81.2%. This article demonstrates the efficacy of deep leaming
techniques for sentiment analysis of Roman Urdu text. These techniques can be used in
real-world settings like social media monitoring and customer feedback analysis. This
article presents a shared Convolutional Neural Network (CNN) and Long Short-Term
Memory (LSTM) approach for opinion mining in Arabic language text.

The authors used a dataset of online reviews in the Arabic language for training and
testing their model (Garcia-Diaz et al., 2023). First, the authors used stemming and
normalization algorithms to remove stop words and punctuation from the text data, They
then represented the text using Word2Vec embedding and fed it to a combination of
CNN and LSTM layers to extract features and capture temporal relationships. The
accuracy, precision, recall, and F1-score were some of the common metrics used by the
authors to assess the performance of their model.

The findings demonstrated that their joint CNN-LSTM approach outperformed several
other machine learning and deep learning algorithms commonly used for opinion mining
in Arabic language text. In a comparative analysis of several feature extraction methods
and model architectures, the authors demonstrated that their suggested combination

CNN-LSTM model outperformed them all. Finally, the authors discussed the practical
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applications of their approach in areas such as market research, ciient input analysis, and
social media analysis. This article demonstrates the effectiveness of combining CNN and
LSTM models for opinion mining in Arabic language text, which can have important
applications in various domains where the Arabic language is used.

The paper "Sentiment Analysis on Bangla Text using Long Short-Term Memory
(LSTM) recurrent neural network" was published in the Trends in Computing and
Cognitive Engineering: Presentations of the International Conference in 2021(Ahmed &
Yousuf, 2021). The paper was edited by M.S. Kaiser, A. Bandyopadhyay, M. Mahmud,
and K. Ray and was published in Advances in Intelligent Systems and Computing, vol.
1309, by Springer, Singapore.

The paper describes the use of a Long Short-Term Memory (LSTM) recurrent neural
network for sentiment analysis on Bangla text, The authors have used a dataset of Bangla
movie reviews to train and test their model, The LSTM model has been realized using
the Keras deep learning framework with TensorFlow as the backend. The authors have
cvaluated the performance of the LSTM model using various metrics, such as accuracy,
precision, recall, and F1-score.

The experimental results show that the proposed LSTM model outperforms other state-
of-the-art machine learning algorithms in terms of accuracy and FI score. This paper
contributes to the growing body of literature on sentiment analysis in non-English
languages, specifically Bangla. The suggested LSTM model has the potential to be
realistic to other non-English languages as well, which could have important implications
for natural language processing tasks in multilingual contexts.

2.2.2. Sentiment Analysis for Amharic
A paper titled "Exploring Amharic Sentiment Analysis from Social Media Texts:

Building Annotation Tools and Classification Models," authored by S. Yimam, H.
Alemayehu, and U. Hamburg. The paper was published in the proceedings of the 2020
IEEE International Conference on Big Data (Big Data), and it appcared on pages 1048-
1060 (Yimam et al., 2021). In this paper, the authors explore sentiment analysis in
Amharic social media texts. Specifically, they develop annotation tools for creating a
manually labeled dataset of Amharic social media texts and use this dataset to train and
evaluate different classification models, including SVM, Random Forest, and Naive
Bayes.

The authors also test several feature selection techniques and evaluate how well the

models perform under various experimental circumstances. Overall, the paper presents a
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comprehensive study on sentiment analysis in Amharic social media texts and gives
information about the difficulties and opportunities facing this field of research. Based
on the title and information provided,

The Master's thesis by Y. Getachew focuses on analyzing sentiment in the Amharic
language using deep learning methods. Ethiopians speak the Semitic language of
Amharic, and The method of locating and categorizing the subjective viewpoints
conveyed in the text is known as sentiment analysis (Getachew, 2019). In addition to a
description of the Amharic dialect and its distinctive features, the thesis most likely
includes a survey of related research on emotion analysis and deep learning. This study is
based on information acquired from Facebook without regard to the domain, as well as
comments and replays that are categorized as favorable, negative, or neutral. 800
experimental annotated data sets are used to evaluate the model utilizing APIs
(Application Program Interfaces) to retrieve annotated data.

The experiment's findings demonstrate that the approach performs with 92% precision
and 82% recall for the positive class, 94% precision and 96% recall for the negative
class, and 90% recall and 90% precision for the neutral class when determining opinion
words. Overall, this Master's thesis may aid in the creation of Amharic-language
sentiment analysis tools that might be used in a variety of contexts, including social
media analysis, politics, and marketing.

The unpublished Master's thesis by S. Gebremeskels focuses on developing a sentiment-
mining model for opinionated Amharic texts(To, 2010). The thesis contains a study of
relevant works on sentiment evaluation and machine learning methods, as well as an
overview of the Ambharic language and its unique characteristics. The author may have
also collected and preprocessed a dataset of Amharic texts for sentiment analysis and
implemented a using machine-learning algorithm to categorize the messages' emotions.
The author's model may have included feature extraction methods like word embedding

or bag-of-words as well as classification algorithms like support vector machines or

neural networks.

L)
Metrics like precision, recall, and Fl-score may have been used to assess the model's

+ . . . . . . . 's_-
performance. This master's thesis could aid in the creation of Amharic sentiment analysis

tools and show that low-resource languages can successfully employ machine-leaming

approaches for sentiment analysis.
The Master's thesis by Sultan Ayita focuses on using deep learning-based techniques for

sentiment analysis of short Amharic texts (Sultan Ayita AAU, 2022). The thesis includes
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a survey of periinent articles on emotion analysis as well as deep leaming, as well as an
overview of the Amharic language and its unique characteristics.

The author may have also collected and preprocessed a dataset of Amharic short texts for
sentiment analysis and implemented a deep learning model to classify the sentiment of
these texts. In this research, the researchers proposed to use supervised, semi-supervised,
and unsupervised learning that automatically extracts sentiments from Ambharic text. In
addition, the researchers investigate the impact of training data size on sentiment analysis
for Amharic text in all three learning approaches.

To evaluate sentiment prediction on Amharic text by developing a deep leaming and
clustering model, the experiment was carried out with a total of 20,597 Amharic textual
comments. The results reveal that supervised leamning with the Bi-LSTM algorithm
outperforms CNN and LSTM algorithms with 69 % accuracy; semi-supervised leaming
with the CNN algorithm gives 62% higher accuracy than LSTM and Bi-LSTM
algorithms, and unsupervised learning with the k-means algorithm gives 50% higher
accuracy than an agglomerative algorithm,

And also, the result shows the increase in training data size positively affects model
accuracy for all three learning approaches in Ambharic texts. The advancement of
sentiment analysis techniques for the Amharic language, particularly for brief texts like
social media posts, may be aided by this master's thesis. It might also show that deep
lcarning-based methods for analyzing sentiment in low-resource languages are
practicable.

The thesis work conducted by Zemenu Mckonnen focuses on sentiment analysis in the
context of Amharic language using a deep leaming approach (Technology, 2022),
specifically at the aspect level. Sentiment analysis, also known as opinion mining, is a
branch of natural language processing (NLP) that aims to extract subjective information
from text, enabling companies to better understand the social sentiment surrounding their
brand, product, or service.

The rescarch conducted by Zemenu Mckonnen utilized a dataset collected from the

Amhara Media Corporation's official Facebook page. The researcher applied various data

preprocessing techniques such as tokenization, stop word removal, handling emojis, and

punctuation. and eliminating non-Amharic texts. Additionally, the researcher converted

English-language comments to Amharic and employed comment exporter software to
collect a dataset consisting of 10,000 comments. To perform sentiment analysis at the
level, the researcher explored different deep learning models, including
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Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM), Hybrid
CNN with Gated Recurrent Units (GRU), and hybrid CNN with LSTM. These models
were trained and evaluated to determine their performance in classifying sentiment at the
aspect level. After conducting experiments and evaluating the models, the rescarcher
found that the Hybrid CNN with GRU approach yielded the best accuracy among the
tested models. This hybrid model combines the strengths of CNN and GRU, which
contributed to its superior performance in sentiment analysis for Amharic text.

The rescarch conducted by Zemenu Mckonnen fills a gap in the existing literature on
Ambharic sentiment analysis, particularly at the aspect level, as well as utilizing a deep
learning approach. This work provides valuable insights for companies, such as Amhara
Media Corporation, by cnabling them to quickly understand customer sentiments
towards their services or products. The findings of this thesis can contribute to improving
customer satisfaction and enhancing business strategies based on customer feedback
analysis.

In the related works of Deep Learning for Amharic Sentiment Analysis: In the Context of
Political Discourse in Ethiopia," several gaps were identified. Firstly, there was a lack of
comprehensive datasets specifically tailored for sentiment analysis in the Amhanc
language, particularly in the context of political discourse. Existing datasets were either
limited in size or focused on general sentiment analysis, failing to capture the nuances
and complexities of political sentiments expressed in Amharic.

Secondly, the research on deep learning techniques for Amharic sentiment analysis was
relatively scarce, with few studies exploring the application of advanced models like
recurrent neural networks (RNNs) or transformer-based architectures. This limited

understanding of the effectiveness and suitability of different deep leaming models for

Amharic sentiment analysis. Lastly, the absence of standardized evaluation metrics and

benchmarks further hindered the progress in this field, making it challenging to compare

and assess the performance of different models and techniques. Addressing these gaps

would significantly contribute to the development of accurate and reliable sentiment

analysis systems for political discourse in Ethiopia.
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Chapter Three .

3. Ambharic Language

In this chapter, we have explored the origins, characteristics, and challenges of the
Ambharic language in sentiment analysis. From its roots in Ge'ez to its complex
grammatical structure and unique writing system, Amharic stands as a testament to
Ethiopia's linguistic and cultural diversity. In the following chapters, we will delve
deeper into specific aspects of the language, including vocabulary, grammar, and its role
in Ethiopian society.

3.1. Background
Ambharic is an ancient Semitic language that belongs to the Afro-Asiatic language family
(Linguistics, 2010). It is primarily spoken in Ethiopia, where it serves as the official
language and holds significant cultural and historical importance. Ambharic is also spoken
by a considerable number of Ethiopians residing in neighboring countries and Ethiopian
immigrant communities worldwide. The origins of Amharic can be traced back to the
Aksumite Empire, which flourished from the Ist to the 7th century CE in the northemn
regions of present-day Ethiopia and Eritrea. The language developed and evolved,
influenced by various factors such as migration, cultural interactions, and political
changes within the region.
Amharic's prominence increased during the medieval period when it became the
language of the Ethiopian Empire, which emerged in the 13th century and endured for
several centuries (Bender, 1968). The empire expanded its territory, culture, and
influence, leading to the spread of Amharic across different regions of Ethiopia. Ambaric
served as a unifying force, facilitating communication among diverse cthnic groups
within the empire.
One of the defining features of Amharic is its writing system. It employs a unique script

known as Ge'ez or Fidel, which has its roots in ancient South Arabian scripts. Ge'ez

script is written from left to right and consists of a set of characters representing
consonant-vowel combinations. It has been adapted to write several other languages of
Ethiopia as well. Amharic has a rich literary tradition that dates ba
has been used as a medium for religious texts, historical chronicles, poetry,
tably, the Ethiopian Orthodox Tewahedo Church, one of
the world, has played a significant role in

us and cultural contexts.

ck many centuries. It

and other

forms of creative expression. No
the oldest Christian denominations in

preserving and promoting the use of Ambharic in religio
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In recent times, Amharic has experienced further development and modernization. It has
adapted to accommodate new words and concepts from fields such as technology,
science, and politics. The language has also been influenced by contact with other
languages, both regionally and globally.

Ambaric is renowned for iis unique grammatical structure and features. It is classified as
an agglutinative language, where words are formed by adding prefixes, suffixes, and
other morphemes to a root or stem. The language exhibits a complex system of verb
conjugation and noun declension, with a variety of grammatical forms to indicate tense,
aspect, mood, and gender. Today, Amharic holds a vital position in Ethiopia’s cultural
and linguistic landscape. It serves as a symbol of national identity, connecting Ethiopians
from different regions and ethnic backgrounds. The language continues to evolve and
adapt to meet the changing needs of its speakers, while also preserving its rich historical
and cultural heritage.

3.2. Linguistic Characteristics

Amharic, as a language, exhibits several distinctive linguistic characteristics that
contribute to its uniqueness within the Afro-Asiatic language family. Here are some

notable linguistic features of Amharic (Ayalew, 2013).

3.2.1. Phonetics and Phonology

Ambharic has a rich inventory of consonant and vowel sounds. It includes unique sounds
such as emphatic consonants, which are pronounced with a stronger articulation. Vowel

length is phonemic in Amharic, meaning that the duration of a vowel can change the

meaning of a word.

3.2.2. Agglutinative Nature

The words in the agglutinative language Ambharic arc created by the addition of affixes,

such as prefixes and suffixes, to a root or stem. These affixes carry grammatical

information related to tense, aspect, mood, person, gender, and number. This

agglutinative nature contributes to the complexity of Amharic grammar.

3.2.3. Complex Verb System

Amharic has a highly developed verb system. Verbs can be conjugated to indicate tense,

aspect, mood, and voice. There are multiple conjugation patierns based on the different

types of verbs, and each pattern has numerous forms depending on the subject and object
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of the sentence. The verb system also includes a rich set of participles and verbal nouns.
3.2.4. Gender and Number Agreement

Amharic employs gender and number agreement in various parts of speech. Nouns,
pronouns, adjectives, and determiners agree with the gender and number of the noun they
modify. The gender system in Ambharic classifics nouns into masculine, feminine, and

sometimes neuter genders.

3.2.5. Verb-Subject-Object Word Order

Ambharic generally follows a Verb-Subject-Object (VSO) word order. Normally, the verb
comes first in a sentence, then the subject, and last the object. However, word order can
be flexible, and emphasis and focus can influence the positioning of elements within a
sentence.

3.3.  Writing System

The Amharic language is one of the major languages spoken in Ethiopia and is primarily
written using a writing system known as the Amharic script. The script is unique to the
Ambharic language and has its roots in the ancient Ge'ez seript, which was used to write
Ge'ez, an older Ethiopian Semitic language. The Amharic script is an abugida, which
means that each character represents a consonant with an inherent vowel sound.
However, the inherent vowel can be modified or suppressed using additional diacritic
marks. The script consists of a set of 33 basic characters representing consonants, and
these characters are modified to represent the different vowel sounds (Meyer, 2017). The

basic characters in the Amharic seript are called "Fidel" in Amharic. It has additional
letters that are not present in the Ge'ez script, like (F), (A), and (). Each fidel
represents a consonant sound, and when combined with the appropriate vowel sound, it

forms a syllable.
The Fidel characters are written in a unique calligraphic style with distinct shapes and

curves. Amharic is written from left to right, and the script has a numerical system. The

script does not typically use spaces between words, so context and familianity with the

language are important for understanding the meaning of the text. However, modem

Amharic writing sometimes includes spaces between words to aid readability, especially

in printed materials. In addition to the basic fidel characters, the Amharic script includes

various diacritic marks to indicate vowel sounds and other modifications. These

below. or beside the fidel characters. For example, there are
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diacritics to indicate the absence of a vowel, to indicate long
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Figure 5: Amharic Language/ Ethiopian Alphabet

Vowels, or to modify the pronunciation of a consonant. One distinctive feature of the
Ambharic script is the presence of a set of characters known as "ha hu Amharic." These
characters are used to write foreign or borrowed words that do not have equivalent
sounds in the Amharic language. They are not part of the traditional Amharic script but
were added to accommodate the representation of non-Amharic vocabulary. The
Ambharic script has been adapted and used to write other languages spoken in Ethiopia,
such as Tigrinya and Tigre. While the basic characters remain the same, slight
modifications and additional characters are used to represent the specific sounds of these
languages.

In recent years, the Amharic script has been digitized, and various keyboard layouts and
software have been developed to facilitate typing in Ambharic on computers and mobile
devices. This has made it easier for Amharic speakers to communicate in their native
language in the digital age. Overall, the Amharic script is a beautifully unique writing
nificant role in preserving the Ambharic language and

an integral part of daily life, used in literature,

system that has played a sig
Ethiopian culture. It continues to be

1 1 [ 1
education, media, and official documents throughout Ethiopia (Grover, 2009).
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3.4. Word Classes

Ambharic words can be divided into five categories based on where they appear in a
sentence N9 (noun), <h(verb), %6 4 (adjective), +®Ah<h (Adverb), and
avhy + P £ £ (preposition) are the five categories (Fisseha, 2020).

Noun

In the Amharic language, a noun (h 9°) is a word that represents a person, place, thing, or
idea. Nouns play a crucial role in constructing sentences and conveying meaning. A stem
and one or more affixes make up an Amharic noun. Even though Amharic has certain
unusual plural forms (e.g., ‘@™ 9 2% (governments)' is a plural form of a noun
‘awy 9 % (government)®).

The Amharic noun suffix with the most widespread plural form is “- » ¥ /-# ¥ If a noun
ends in a consonant » ¥, you should make it plural. will be appended to the end of the
noun, and vowels 'O" affect the way the last letter is formed (e.g., A PF (A @ A F) It
serves as the subject of a sentence. Prior linguists just copied the English language
structure for Amharic, but pronouns, which were previously thought of as an independent
category by linguists, have now been grouped with nouns after taking into account the
distinctive nature of the language. The following are a few Amharic pronouns
LU S AN, ANP, A4, AT+ AYF . quantifiable specifications, such as A Y £,
Ay 8 e, mat, N me...; possessor-specific terms such # A% F A+ P Ao,
Verb

An action, occurrence, or state of being can be expressed by a verb. Amharic verbs, like
those in other Semitic languages, are exceedingly complicated, Both the subject and the

object of a phrase can be expressed with a single Amharic verb. For example, the term
"£49)/FA" means in English "he will tell me," and it implicitly states both the subject
(he) and the object (me). Verbs in Amharic are made up of a stem with ONE, TWO, or

MORE affixes. Prefix. infix, suffix, and circumfix are all types of affixation. A verb's

stem is made up of a root and a template.
The fundamental lexical part of the verb is represented by the roots. It is described as a

series of "radicals" or consonants. Tense, aspect, mood, and one of a few derivational

categories—passive-reflexive, transitive, causative, iterative, reciprocal, and causative

reciprocal—are represented by slots for vowels that are put among the consonants of a
s in Amharic are made up of a root, vowels, and a

root to produce a stem. Verbal stem
(‘broke') is formed by sbr + ec + CVCVC. Each

template, For instance, the stem scher
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lexeme has four possible tense-aspect moods (TAM).

« perfective: £40 der_es-¢

« imperfective:  LLCAA yl-ders-al

. j:ussive:' £.2:40 yl-dres
imperative: £:40 dres

« gerundive: L0 ders-o

Figure 6: Amharic verb examples in four TAM types (Fisseha, 2020)

A verb in Amharic must concur with its subject. In some TAM categories, such as
perfective and gerundive, suffixes are used exclusively to communicate subject-verb
agreement. In other TAM categories, such as imperfective and jussive/imperative,
prefixes and suffixes are combined. Described the following categories of verbs:
Perfective verbs are produced by incorporating suffixes such as (v, n, A, %, 2 ¥, 0 %,
) It provides the ideal verb stem with person, gender, and number indications. As an
illustration, from a verb stem % £, the perfective verbs % &, 4 &N 4 &H 4 £ 4 2 ¥,
4 % %, and % & can be created.

Gerundive verbs are created by finishing gerundive verbs with suffixes to denote
person, gender, and number. Suffixes like: (htr, AU, A A, A, AF, A%, AF W and
A+ PA) be included into a verb stem. For illustration, the stem A C: gerundive verbs
such as (heW,N U AERAGAETNET N ¢¥U and AC+ P4 )can be formed.
Imperfective verbs are created by adding morphemes to them, such as (A-A %, +- A,
£-h.% -k, -k and £- &) that indicates gender, person, and number. Here are some
instances of verbs that are generated from steam that are imperfect. % £: (A% £, ¥4 &,

FYE, LY L. Y L, T4 % and 21 &)

Jussive and imperative verbs are sometimes referred to as mood verbs and jussive

he first and third person, respectively, whilst

person in both the singular and plural.

verbs are used to convey command for t
imperative verbs are used to express the second

Adjectives

When used to modify nouns, adjectives indicate a thing's quality and indicate how

different it is from other things. It precedes a noun (o describe t
34
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action. For instance, in the phrase (7¢ C o*h§ ) the word (14 C) is used to qualify the
color of the noun (®n.§ ).Adjectives in Amharic share a similar morphology to nouns.
Adverb

An adverb qualifies a verb by providing additional context for the sentence. Adverbs
frequently come before the verbs they describe or modify. A few examples of adverbs in
Ambharic are as follows: (A%, +A, N4 & andr 27 7).

3.5. Phrases

A phrase is a linguistic construction made up of one or more words. Noun phrases, verb
phrases, adjectival phrases, adverbial phrases, and prepositional phrases are the five
types of phrases in Amharic. Each phrase type can be divided into "simple” and
“"complex" categories depending on how many different word classes are included.

Noun Phrases

A noun phrase (NP) is a syntactic construction in which a noun or pronoun serves as the
headword. The phrase's head is always located at the conclusion. These expressions can
be straightforward or complex. A single noun or pronoun makes up the simplest noun
phrase, as in: (A -, A &, A 1 ). A complex noun phrase can consist of a noun (called the
head) and other word classes such as complements, specifiers, adverbial and adjectival
modifiers. These modifiers change the head from different aspects. A complex noun
phrase in the Amharic language contains an embedded sentence within the phrase. For
instance, (MUH eI HF@deé NCAH)A sophisticated NP whose head is 0 € 4. This
head and the complement are united. M4 to create the short noun phrase (™44 N CH).
In turn, the dependent clause has been combined with this noun phrase (7% UM

© 7 # F @) to make the complex NP described above. If there is a "P" before the verb, it

means that the clause is subordinate and cannot stand alone.

Verb Phrases

A verb phrase (VP) is made up of a verb acting as the phrase’s head an
phrasal expressions

d other words like

complements, modifiers, and specifiers. As with noun phrascs, verb

can be simple or complicated. An embedded sentence that functions as a complement or

a modifier can be found inside a complex verb phrase. Consider the following example,

(Noh s me +9ouct nt % 2%F) The adverb n@*n§ and prepositional phrase (@£
+9° C % N ) have modified the verb (4 £ ).

Adjectival Phrases

An Amharic adjectival phrase is constructed similarly to a noun phrase and a verb
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phrase. It is made up of a head (adjective), as well as | i e
specifiers. For example, (N Mm% %4 ¥ -h, “-A" is a specifier, (N m%¥) is a S ad
modifies the adjective's head (4 ¢ ),

Prepositional Phrase

Prepositions serve as the "head" of prepositional phrases, which also include nouns, noun,
phrases, verbs, verb phrases, etc. Prepositional phrases, unlike other forms of phrases,
always start with the head of the sentence. As an illustration, the prepositional phrase
M+ PF € @2 29U C% N%) for instance, N IC and ML are prepositions which
are combined with the nouns + @2 ®%F and 9 € % A%, respectively to form their
prepositional phrase.

Adverbial Phrases

A phrase with an adverb as its headword is known as an adverbial phrase. It can be
created from a single adverb or several. Adverbs describe the locations, occasions, or
particulars of the activity mentioned by the verb. For example, (0 &y % @%nF),
N &y % is the only adverb that expresses how strong the verb is,

3.6. Clauses

A clause is a collection of words. At least one verb phrase must be present in a clause.
Independent clauses, or main clauses, and dependent clauses, or subordinate clauses, are
the two different sorts of clauses.

Independent Clause (Main clause)

A clause that can stand alone and conveys a clear, complete idea is an independent
clause. It is a short sentence with a verb and a subject. For example, the clause: (2 % 3 A

h.v 7 ), has a subject, & ¥ % b, a verb, 7 # , and an object, A . The next part goes into
more detail about the Amharic simple sentence kinds and structure.

A dependent clause (subordinate clause)

A clause that depends on another clause to form a full sentence is referred to as a

dependent (subordinate) clause. Although they have a subject and a verb, subordinate

clauses do not fully communicate a thought. Subordinate conjunctions in English are

used to identify subordinate clauses. Following, although, as, as if, because, before, even

if, even though, if, to, since, though, uniess, till, whatever, whether, when, whenever, and

while are some examples of subordinate conjunctions in English. These kinds of clauscs

function in sentences as an adverb. Similar to an adverb, they give information to the

, or under what
main phrase that elaborates on the when, where, why, how, how much, or
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circumstances the action in the sentence occurs. In contrast to English, Amharic
subordinate clauses are distinguished by verbal suffixes. For instance, the verb (A m)
May be given new forms by the addition of affixes (i, AA-Am, A? -Am, hAm, N-
f m-h 9°, etc.). A sort of subordinate clause known as a related clause serves as an
adjective and describes a noun. When speaking English, relative sentences use pronouns
like who, whom, whose, that, and which. On the other hand, the morpheme (P) that is
joined to a verb can be used to recognize Amharic relative clauses.

Examples of Amharic relative clauses:

“HAYF P -aOmanh O

shNN P -A75@Y fon

cAATRP -7 HF O am

3.7. Sentences

A sentence is made up of one or more clauses that communicate something important.
Ambharic follows a subject-object-verb (SOV) grammatical pattern, unlike English,
which has a subject-verb-object word order. For instance, (™04 ®£ *9UucH A%
4 £F). The subject and verb arc the two main components of Amharic phrases. The
sentence's subject, which is a noun phrase, is always put before the verb. It could be
classified as simple, compound, or complex. A verb is always added after an Amharic
sentence. Based on their structure, Amharic phrases can be divided into four groups.
Sentences: simple, compound, complex, and complex-compound.

Simple Sentence
A sentence is considered simple if only one independent clause is present. An
independent clause is a set of words that represents a complete notion and comprises

both a subject and a verb. It is composed of a straightforward noun phrase, then a

straightforward verb phrase with just one verb. For example, (W H @Y & 74 F)isan

independent clause. It contains a subject (7 ), an object (7% &), and a verb (7 4 F),

and it expresses a complete thought. Simple sentences come in four different flavors:

exclamatory, interrogative, declarative, and imperative.

Declarative sentences are employed to convey knowledge. Declarative sentences in

Amharic always conclude with the punctuation mark ":=" which is a period () in English
Example: (H @) N h hTAAY @ AAC AAFY AC AA2E)

Interrogative sentences are sentences that ask a question. In Amharc, these types of

sentences always end with a question mark (i.¢. “7"). Example: (1 ™ A0 hT+AD
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2 A+ AAET D)
Complex Sentence
A complex statement is created by combining an independent clause with one or more
subordinate clauses. Multiple verb phrases can be found in complex sentences. For
example, the sentence: (B2 OMP FAN®P AAMD PCH NHEAT UL & AP #) A
avgem +7 A R ) is made up of dependent clauses that cannot stand alone. There is a
subordinate clause in the noun phrase of the main sentence (i.¢, "2 @ ¢ T4 h o
PAAD PCH (PAAD PCH) and a verb phrase (e, @2 ®an? ™A h @) There is a
subordinate clause in the verb phrase of the main sentence (ie, Nh&+¥ UL #
NP4y A avgeme ), It is formed from an adverbial phrase (ie, Nh&4% U3 #) and a
simple verb phrase (A ¢ ¢ A a%om+4 ),
Compound Sentence
A sentence that has at least two independent clauses with connected ideas is said to be a
compound sentence. Typically, a coordinator (also known as a coordinate conjunction)
joins the clauses. E.g., (A5, @29 %7 ), and so coordinate clauses are those between
which a coordinate conjunction appears. A sentence’s coordinating clause shares the
same significance as the main clause, Despite sharing the subject, the object, or the verb
of the main phrase, some coordinate clauses are entire sentences that can stand on their
own.  Examples:

e AAYH hE@MAP OMF Y @1 769% AN ANF OO D FP AT

e ANN ML BPOAYL LFAA MEPAATH WY LC ABoom FFAQAQFe

o @4k hAPUCH N ®mF AG 4T Fe
Compound-Complex Sentences
Compound sentences and complicated sentences are combined to create compound-
complex sentences. At least two independent clauses and one subordinate clause are

present. In a compound-complex sentence, the independent clauses that are coordinated
nown as coordinate clauses. The independent clauses
bolded as an example, (P mP*+ &Y 2 A¥om
LUSNAAIYNL AAD A AY R BLN

by a coordinating conjunction are k
in this compound-complex statement are

PADC +H ®WELD ABRAGYTIL Y M
ependent clauses and two dependent

3@m) and (W& HSN hAYNL)
they are dependent. However, the
™A AYF 240 Wk

hn#+ K4 @mayge). This sentence has two ind
clauses. The dependent clause (f Mm%+ AYR D
cannot stand on their own as a complete sentence,

independent clauses (P A 1€ #H ®ELD ABRAD) and A AD
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A 4 ®m@47) can be complete sentences on their own. The independent clauses are joined
by coordinate conjunction (Y 7 ¢ 9%).

3.8.  Challenges of Amharic Sentimental Analysis

The majority of sentiment analysis rescarch is done in languages like English and Arabic,
which have a wealth of resources. The results of this research, however, cannot be
directly transferred to the Amharic language. The Amharic language differs from the
other languages being studied in that it has unique traits. This aspect which may pose a
challenge to the direct transfer of the described methodologies to other languages is
covered in greater detail below.,

Morphological Complexity: Ambharic has a complex morphology which makes it

challenging to tokenize and lemmatize the language. This complexity can lead to errors
in sentiment analysis. For instance, a Root + & # Basic stems A ® may have several
variants A €, 0 A ¢ . h A& FAA &K FA P . Multiple synonyms and
polysemous words exist Words with the same meaning but a different wording is called
synonyms. For instance, the word "A i + @3¢ " which means "teacher” can be called
differently, such as "@® 9° U C ". Words that have multiple meanings can be identified as
polysemous by emphasizing specific letters as you read. For instance, the word "® §"
which means "swimming "can have another meaning of "Main" when "5 " is stressed.

Character Redundancy: in the Amharic writing system, some letters or symbols have
the same sound when read, furthermore to several methods of saying the same thing and
consonants that sound the same. For instance, the term W& ® % "Army" is translatable

into Amharic as A ¢®%, and people interchangeably use letters like W, A, U, A or 3

and & ore to write the same word.
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Chapter Four

4. Data Collection and Analysis

An overview of the data gathering and sample techniques used to annotate the dataset is
provided in this section. We will go over the difficulties of annotating language data with
limited resources as well as the shortcomings of the current annotation tools. We suggest
a novel annotation tool made especially for low-resource linguistic data collecting to
overcome these problems. This section secks to aid in the creation of successful methods
for low-resource language data annotation by offering insights into our data gathering
and annotation procedures.
4.1. Data Acquisition and Dataset Characteristics

Since the data were not earlier gathered and released for a specified purpose, this study
used primary data collection. The shifts in our political discussion and involvement on
social media and the trends of replies with post-it belong are discovered via careful
analysis of these data. To follow sentiment analysis, the study employs a binary
categorization. Therefore, sentiment analysis includes two distinct classifications: the
binary classification, where thoughts fall into one of two categories (for instance,
positive or negative); the multiclass classification, where opinions fall into one of several
categories (for instance, strongly agree, agree, fair, disagree, and strongly disagree); and
the subjectivity classification, where critiques or sentences arc examined. Various
methods have been employed in this field of rescarch in terms of the instruments and
procedures used to locate and collect data.

The study's initial objective was to identify the data’s source and gather the data using

various already-developed and ready-made methods, such as the Facebook API, Python

y-made Facebook scraper

tool, we can quickly extract posts and comments from any public Facebook Page or
ad to do to view the

scripts, and comment-exporting websites. Employing the read

Group and export them to Excel spreadsheets. The first thing we h
public page material was sign up for a Facebook account. Finally, using Python code, we
downloaded Facebook page comments and posts [0 Excel.

The first part of the information was acquired from both
and audiences who spoke

private and public news

websites that used social media to reach their followers

Ethiopian. Religion, sports, entertainment, and other unrelated section of media

categories are excluded from our study. We chose Fana broadcasting corporate (FBC) as
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the governmental or public TV and radio that uses social media as an altemative 0ol
since nearly all federal and regional government media try to release the same kind of
news, especially political news, and the news language that is broadcast is Amharic and
other we choose Ethiopian Prime Minister Dr. Abie Ahmed Ali from a privately held
Facebook page because, they have a greater number of followers than the other members
and employ Amharic as a means of transmission (10 Top Ethiopia Facebook Pages 2023
— AllaboutETHIO, n.d.).
Table 1: Data collection source

Media people  [people likqURL Categories
follow [this t::::l
this page [page
OfficialFANA 3,445,573 2,736,793 |https://www facebook co verified Medin/news
Broadcasting m/ fanabroadcasting/ company
Corporate
(FBC)
Facebook
page
Official Abiy 4.2M https://www. facebook.co verified [Politician
Ahmed Al m/PMAbiyAhmedAlY/
Facebook
page )

4.1.1. Sample Data Size
In the context of our research, data was gathered during the current political transition

period in Ethiopia, which lasted from June 1, 2018, to March 20, 2023. The study chose

this period because, first, there was a significant political movement in the nation and,
second, many people used social media to openly express their opinions without being
frustrated by the executive branch or the dominant party. The information about domain-
and by selecting political coverage that

based systems was carefully gathered, manually,
y collected data

was extensively covered by all major national news outlets. The stud

from roughly 500 posts from the selected large-scale public and private social media

news. each of which had 500 or more comments. However, throughout the _dm
A - - TCW
collection period, the study rejected non-political posngs and posts with fewer views

from those data sources.
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4.1.2. Annotation Strategy

One of the time-consuming and challenging steps in creating machine learning
components is annotation. In countries where technology is underutilized, people often
conduct surveys or annotations using human labor, for example, by responding to printed
questionnaires. This necessitates the conversion of the questionnaire into an electronic
form for the machine leaming strategy, which is time-consuming and may potentially
result in encoding errors.

Crowdsourcing systems are required to annotate a huge number of datasets with the least
amount of pay. However, most crowdsourcing sites have a difficult registration process,
especially if you want to include worker payment transactions. For instance, Amazon
Mechanical Turk (MTurk) does not allow job requesters from Ethiopia to register. We
are unable to use MTurk's platform for Amharic sentiment analysis because there aren't
cnough Amharic speakers there and there aren't enough online payment methods
available in Ethiopia. We, therefore, used a spreadsheet application where we distributed
our data in a tabular style as our first feasible method for labeling our dataset (see Figure
7).

In this research experiment, the data is meticulously annotated by a dedicated individual,
ensuring a high level of accuracy and consistency throughout the annotation process. The
annotator carefully examines each data point and assigns relevant labels or tags based on
predefined criteria. To ensure quality control, a second person thoroughly checks the
annotations, verifying their correctness and addressing any potential errors  or
ambiguities. While inter-annotation agreement measures are not tested in this particular

case due to the involvement of a single annotator, the diligent approach and meticulous

checking undertaken by both individuals contribute to the successful annotation of the

data, bolstering its reliability for subsequent analysis and interpretation. We discovered

that utilizing a spreadsheet to annotate the data is time-consuming, crror-prone, and

challenging to use.
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Figure 7: User interfaces of the Excel sheet Jor annotation
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4.2.  Pre-processing and preparation of data

Data pre-processing and preparation of Amharic sentences follow the same principles as
in other languages. However, some language-specific considerations need to be taken
into account. Here are some steps that can be taken for pre-processing and preparing
Ambaric sentences for analysis:

Tokenization: Splitting the text into words or tokens. In Amharic, words are separated
by spaces, so tokenization can be performed by simply splitting the sentence at cach
space. In this work, Tokenizers are created and used by utilizing pre-trained tokenizers
using Kera's, a Python deep computing toolkit. Keras is a popular deep-learning library
in Python that provides a high-level interface for building and training decp neural
networks. Keras also includes several utilities for text processing and natural language
processing (NLP), including tokenization. A text sequence is tokenized when it is
divided up into smaller pieces, or tokens,

These tokens in NLP are frequently words or sub-words, but they can also be characters
or other units, depending on the application. Keras provides a Tokenizer class that can be
used to tokenize text data from a Utilizing the fit_on_texts method, the tokenizer object
is fitted to the text data. As a result, an alphabetical list of all the different phrases in the
written information is created, and each word is given a distinet integer index. The text
data can then be transformed into sequences of integer tokens using the
texts to_sequences method. One of the entered texts is represented by cach inner list of
the output, which is a collection of lists. Many NLP tasks, including text categorization,
language modeling, and machine translation, depend on tokenization, As part of a

broader deep-learning workflow, Keras offers an casy and adaptable method to tokenize

text input,
aric words can be challenging due to the complex

unique script that consists of 33 basic characters

Normalizing character level: in Amh

nature of the language. Amharic has a

and a large number of combinations and variations of those characters. Amharic

reduction procedure of the various forms of a letter

dardized form. This is done t0 simplify the data and

character normalization refers to the

or symbol in Amharic script to a stan
representations of a given character, facilitating the

aming algorithms and analyzing Amhanc text data
at various levels, but character-level normalization

idual characters, which can have

reduce the number of different
processing of data by machine le
Normalization can be performed

involves standardizing the representation of indiv
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different forms based on where they are in a word or the characters they are adjacent to.
By normalizing Amharic characters at the character level, machine leaming models can
more accurately recognize and interpret Amharic text, increasing the precision of many
NLP tasks including sentiment analysis and text classification, and machine translation
Normalizing words with Labialized Ambharic characters: Labialized Ambaric
characters are those that have a labialization feature, such as the addition of a "¥» "
sound at the end of a consonant, Normalizing words with Labialized Amharic characters
can be a challenging task for machine leaming (ML) normalization because these
characters can change the meaning of a word. Therefore, it is important to properly
handle them during normalization to ensure accuracy in text processing.

One approach is to convert the labialized character to a non-labialized form, which can
be achieved through various methods such as mapping them to their respective non-
labialized counterparts or using a phonetic transcription system such as N A 494 or
Na4ra toNa+a. This normalization process can improve the performance of ML
models in a variety of applications, including recognition of specch and processing of
natural languages, where accurate transcription and understanding of Amharic text are
crucial,

Data Cleaning: Removing any unwanted characters, punctuation, or special symbols
from the text.

In a comprehensive research project, a total of 300 posts were carcfully analyzed,
resulting in the collection of an impressive dataset of 150,000 valuable data points. This
extensive collection process involved meticulous extraction and organization of relevant
information from the posts. Furthermore, the dataset was subjected to a thorough
cleaning process, ensuring that the comments were refined and refined to their optimal
quality. To enhance the research findings, an additional step was taken to enhance the
dataset's depth and accuracy. A remarkable 45,000 comments were diligently annotated.
a task that required an immense amount of effort and attention to detail, The annotation
process involved categorizing and labeling the comments based on specific criteria.
serves as a crucial resource for the
research, facilitating the exploration of various trends, patterns, and insights. The careful
collection and annotation of this extensive dataset contribute to the robustness and

reliability of the research findings, ensuring a comprehensive analysis and allowing for
h usc a total of 24948 positive and 20728

This significant volume of annotated comments

well-informed conclusions for this Researc

Negative.
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Chapter Five

5. Proposed Approach and Architecture

The researched deep learning framework for determining the polarity of Amharic text
utilizing the Simple RNN, CNN, LSTM, GRU, and Bi-LSTM deep leaming models are
laid out in the proposed architecture. Data collection, data pre-processing and
preparation, feature extraction, and sentiment categorization make up the majority of its
components. The next section talks about each component's specifics.

Collection sentiment classification

1| o
: and CH Normalmtion | ™
m | I removal ] | P
] e —— —— e — |
S i

e e
Data : { Data preprocessing ‘ Feature extraction and
|
|
|
|

Amharic
comment from

F
Facebook page E
political post | | | — l
o
[ @

Figure 8: The Architecture of the Proposed Approach

5.1. Data preprocessing and preparation

In the data pre-processing phase of Amharic text for sentiment analysis, scveral steps are

involved to ensure the appropriate format. These steps include punctuation removal,

oval, tokenization, and normalization.
minate word ambiguity and improve

Latin letter removal, stop word removal, digits rem
These linguistic operations are implemented to cli

the accuracy and effectiveness of the rescarcher’s analysis.
text into individual tokens or words,

. . : "
typically separated by spaces. This allows for further processing without necessanly
between the words. In this work, Keras, a

Tokenization is the process of dividing the

understanding the meaning or connections

Python deep-learning library, is utilized to create a tokenizer.
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Punctuation marks such as {f, :, # - ;.. } are removed from the text as they do not
contribute to the researcher's approach and analysis.

Latin characters and digits that appear in the documents but do not hold any meaning
or relevance to the research are also eliminated.

Word normalization is performed tc reduce the various forms of a letter within a word
to a single form. For example, variations like U, 4, Y, and 9 are normalized to U , while
h and w are normalized to A, and A, %, A, and 0 are normalized to & . This process
helps in achieving consistency and reducing redundancy in the text.

5.2. Data Annotation

In the process of data annotation for machine learning, our primary task is to annotate the
data by adding sentiment-related information. The objective is to assign sentiment labels
to each data instance, which typically consists of text sentences. These labels serve to

indicate whether the sentences convey a positive, negative, or neutral sentiment.

5.3. Sentiment Classification

The sentiment classification section explores the background of sentiment classifier
architecture using deep learning models, word embedding, and supervised approaches. It
covers the principles of deep learning models and their application in sentiment analysis.
The significance of word embedding techniques in capturing meaning and representing
words numerically is discussed. Additionally, the section explores the supervised

approach, training models on labeled data to predict sentiment labels for new text

samples,
5.3.1. Word embedding

A method used in natural language processing (NLP) called word embedding enables

words to be expressed as vectors of actual integers. It is a means to mathematically

record the relationships between phrases in a high-dimensional space where the meaning

of words can be represented (Ortis et al., 2020). Word embedding seeks to associate

semantically relevant words with vectors that are within range of onc another in the

embedding space. It does this by mapping words in a vocabulary to high-dimensional

vectors. With the use of processes like vector addition and vector subt
nd identify corrclations between words. Word embeddin
such as prediction-based techniques like

raction, we may

. 28 can be
modify the vectors a :

created using a variety of techniques,

Word2Vee, GloVe, and FastText, as W .
(TF-IDF) and Latent Semantic Analysis (LSA).

ell as count-based techniques like Term
Frequency-Inverse Document Frequency
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In the instance of the continuous bag-of-words model or the skip-gram model,
Word2Vec, a well-known prediction-based method for building word embeddings, uses a
neural network to predict the likelihood of a word given its context or the context given a
word.

5.3.2. Padding .

Padding is a data processing technique used in machine leaming, especially, to add more
data to the input to make it the right size or shape. Padding is commonly used when the
data needs to be transformed or prepared before it can be used in a particular model or
algorithm. Padding is frequently applied to sequences of data in machine leaming, such
as sentences of different lengths in natural language or audio samples. To make shorter
sequences easier to process with some algorithms, padding is the process of adding zeros
or other filler data to the end of shorter sequences to make all sequences the same length.
5.3.3. Supervised Approach

When using a supervised technique, a framework gets trained on labeled data, meaning
every input data point has an associated output label. The goal of supervised learning 1s
to develop a function for mapping that can predict the labels of the output for novel,
unknown inputs. The algorithm has to be fed a set of labeled samples throughout the
training phase to discover the fundamental trends and correlations between the input data

and the output labels. The framework can be utilized for predicting results for fresh data

sets after being trained.

5.3.4. Deep learning models
To acquire knowledge and extract features from complex data, deep learning models are

a subtype of artificial neural networks (ANN) made up of numerous layers of

interconnected nodes. These models are capable of carrying out a varety of tasks, such

as speech detection, natural language processing, image recognition, and more. Deep

learning models' capacity to leamn from huge datasets without manuall
¢ of recogmzing

y designing

features is one of their key advantages. Instead, the model is capabl

relevant characteristics from the data, which makes them especially helpful in situations

when the fundamental trends or structures are unclear.

5.3.4.1.Recurrent Neural Network (RNN)

A particular class of neural network is created to process sequential data, including time-

series data, audio, natural language text, and other data with a temporal component. The

foundation of RNNs is the idea of using an identical set of weights over all ume steps.

As a result, they can analyze inputs of varying duration and kecp track of prior inputs,
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which helps them predict future ouiputs. An RNN's fundamental design has a looping
link that enables data to be transmitted from one step to the next. The ability of RNNs to
cope with sequential data with a dynamic length and orientation is their main advantage
over standard neural networks. This qualifies them for a variety of applications,
including sentiment analysis, image captioning, machine translation, and speech
recognition. RNNs come in a variety of forms, including the fundamental RNN, LSTM
networks, and gated recurrent units (GRUs). The more complex RNN variants such as
LSTM and bi-LSTM are better at modeling dependency over time while preventing the
vanishing gradient problem.

5.3.4.2.Basic RNN Model

A particular kind of neural network intended for sequential data processing, where the
current result is based on the prior input. Each input x_t to an RNN is fed into a hidden
state h_t together with the hidden state h_ t-1 that came before it. The output y _t is then
obtained by passing the hidden state h_t through a non-lincar activation function, where
ht=f W(x_t,h t1),andy t=g W(h_t), respectively, where £ W and g W are non-
linear functions quantified by the weight matrix W. The fundamental concept of RNNs is
that they can keep a "memory" of previous inputs by using the hidden state h_t. This
makes the model suitable for jobs like linguistic modeling, recognizing speech, and

machine translation since it enables the model to generate recommendations according to

the context of prior inputs. Typically, during training, a loss function like cross-entropy

or mean squared error is used to train the model to reduce the variance between its

anticipated result y_t and the true output y t*. Backpropagation through time, which

updates the parameters W using an optimization algorithm like stochastic gradient

descent (SGD), computes gradients for the parameters W at cach time step. The problem

of vanishing gradients is addressed by a variety of RNN moditicati
orks, which enhance the model's

ons, including Long

Short-Term Memory and Gated Recurrent Unit netw
performance on long-term dependencics.
5.3.4.3.Gated Recurrent Unit (GRU)

GRUs are made to handle sequential data, just like
-term dependencies (Mu, 2022). GRUs and

rward architecture and fewer

LSTMs, and are especially useful for

applications that call for capturing long

LSTMs differ primarily in that GRUs have a more straightfo
parameters. Similar to LSTMS, GRUs use gating techniques 10 regulate the exchange of

t wree. The

information azross the network, but they only have two gates as opposed to three. T
0 pates | RU. The ate gate
reset gate and the update gate arc the names of the two gates in @ GRU. The update gate
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in a GRU defines what percentage of the latest hidden state should be based on what is
currently input and how much should be based on the previous hidden state. The reset
gate in a GRU determines how much of the previous hidden state should be forgotten.
GRUs are particularly suited for tasks that involve modeling long-term dependencies
because they can arbitrarily modify and forget data over time utilizing these gating
pTOCCSSCS.

5.3.4.4.Long Short-Term Memory (LSTM) Model

An RNN architecture design was created primarily to overcome the vanishing gradient
issue with conventional RNNs. The difficulty in the model's ability to learn dependencies
that last forever is due to the vanishing gradient problem, which happens when gradients
get too small to be effective during backpropagation across time (Bergstrom & Hjelm,
2019). The state that is hidden h_t and the cell state ¢_t in an LSTM model are calculated
using gated units that regulate the information flow. The entry gate, forget gate, and
output gate are the names of these components.

5.3.4.5.Bidirectional LSTM (Long Short-Term Memory) model

a specific variety of recurrent neural networks that can process sequential data both
forward and backward. It's comprised of two LSTMs, one of which moves the input
sequence forward and the other of which moves it backward (Arora & Bansal, 2022).
The input sequence is given to the initial LSTM layer at the forward pass, which creates
a series of hidden states that store the previously leamed information. The second LSTM
layer receives the input sequence during the backward pass in reverse order, creating a

series of hidden states that record the data from the future. The final output sequence is
STMs. When anticipating the subsequent

ries, the key benefit of utilizing a

created by concatenating the results from both L

word in a phrase or the next element in a time se

bidirectional LSTM is that it can take into account both past and future context,

5.3.4.6.Convolutional Neural Network (CNN) Model

a specific class of deep neural network model that's mainly utilized for image and object

and employing pooling

identification tasks. By convolving many filters over the input
ended to analyze

procedures to reduce the size of the resulting feature maps, 1t 1S nt

infi o 10 8 rams.
information with a grid-like structurc, such as photographs or audio spectrogra

Convolutional layers, pooling layers, and entirely connected layers make up the
foundation of a CNN. Convolutional lay

collection of filters to the input. Pooling la

ers produce a set of feature maps by applying a
yers reduces the spatial size of the maps by

S fully connected
downsampling the feature maps. The feature maps arc processed by fully
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layers to produce a final prediction or classification. Several convolutional layers are
followed by pooling layers, which are followed by a few fully linked layers that make up
a standard CNN design. A softmax layer, which produces possibilities for every category
in a classification job, is typically the last layer of a CNN. By adjusting the weights of
the filters and fully connccted layers while learning to reduce a loss function, including

cross-entropy loss, CNNs can be trained via backpropagation (Upreti, 2022).
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Chapter Six

6. Experiment and Performance Evaluation

6.1. Introduction

In this chapter, we present the results obtained from the experiment conducted based on
the concepts discussed in the previous chapters. This experiment aims to identify the best
polarity classification solution among five deep learning algorithms, namely CNN,
simple RNN, LSTM, Bi-LSTM, and GRU. The researcher used supervised learning
techniques to evaluate their effectiveness in identifying sentiments. The test data size
used in the experiment was 0.2, and the train-test split was implemented using the Scikit-
learn Python machine learning library via the train_test_split () function.

To guarantee the reliability and correctness of the findings, the researcher used various
types of architecture, parameters, data size, optimizers, and pre-trained models to protect
the models from underfitting and overfitting. The purpose of my thesis experiment was
to explore and transform raw data using the Python libraries Pandas and Numpy. These
libraries were essential for cleaning and processing the data to prepare it for analysis. To

aid in the visualization of the data, I utilized the Matplotlib, Seaborn, and Plotly librarics.

These libraries allowed me to create insightful graphs, charts, and interactive plots that
helped to illustrate key trends and patterns within the data. To build and train accurate

predictive models, T employed a range of Al and machine learning techniques using the

Scikit-learn, TensorFlow, Keras, PyTorch, and XGBoost libraries.

These libraries provided a powerful set of tools for model selection, feature engineering,

and evaluation. In general, my use of these libraries enabled me 10 conduct a thorough

and comprehensive analysis of the data, yielding valuable insights and predictive models

that could be used for future research and real-world applications. The findings of this
experiment will be useful for seatiment analysis applications including social media

itori i iew sults
monitoring and client feedback analysis, and product review analysis. The result

obtained from this experiment will help researchers and practitioners 1n selecting the best

. i i ' sl ' accuracy.
algorithm to analyze sentiment and increase sentiment analysis systems' accuracy

6.2. Dataset

We scraped data from social media headlines and co
hich consists of a total o

mments and labeled them as

iti auv : 4. .O'UU rows \\‘t‘.
[)U.qlll Ve, ncg ti c, and Ncutl’a]. W f )
llllcril‘lg out cTT1(.1jiS. "ll"'lhl.‘.’r}h i"'ld

preprocessed the data by, removing all stop words.

51



symbols, normalizing characters, tokenizing each word, converting them to sequences

and padding the sequences to a maximum length of 10.

6.3. Evaluation Metrics

In our deep learning sentiment analysis model experiment, we used a variety of
evaluation indicators to assess the model's performance, including Accuracy, Precision,
Recall, F1 score, and ROC AUC. There are several reasons why we might choose to use
multiple evaluation metrics.

Accuracy: is a widely used evaluation metric for text sentiment prediction models. It
calculates the percentage of all predictions that the model made that was accurate.
Accuracy, then, is a measure of how frequently a model can anticipate a text's emotional
content. Even though accuracy is a useful metric, it might be deceptive in some situations
where there is a class imbalance. Class imbalance occurs when one sentiment is much
more frequent in the data than the others. In such cases, the model may be biased towards
the more common sentiment, resulting in high accuracy for that particular sentiment but
poor performance for the other sentiments. This could result in an erroncously optimistic
assessment of the model's efficiency. Other evaluation metrics, like precision, recall, and
Fl-score, can be utilized to get around this problem. These measurements are more
resistant to class imbalance since they account for both true positives and false positives,

Because of this, it's crucial to choose evaluation criteria carefully based on the particulars

of the task at hand.

Precision: is a machine learning assessment metric used to gauge how well a model

performs at foreseeing positive 0CCUrrences. In the realm of emotion analysis, positive

instances might refer to texts that do so. Precision is defined as the proportion of the

model's positive predictions that are accurate. In other words, precision quantifies the

- . v . . itive 1 51z g
model's accuracy in forecasting positive instances, Of the percentage of positive instance

correctly predicted out of all positive instances anticipated. Precision is especially helpful

when reducing false positives is crucial.

. ; . "
A false positive result in a medical diagnosis, for instance, could prompt needle
i i i > ssibility of false
medication or surgery that 1s harmful to the patient. To reduce the possibility
i ision 1s ¢ jal. As a measure
positives in such circumstances, a model with great precision is essenti al. As

- : s “ision is a valuable
of the effectiveness of the model in forecasting positive instances, precisi

. i ; i icularly relevant in
measure of assessment for sentiment analysis models. It is particuiari)

circumstances when limiting false positives 1S important.
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Recall: This is a crucial evaluation parameter used to judge how well deep-learning
sentiment models perform. It calculates the percentage of real positive samples in the
dataset that the model correctly predicted as true positives. Recall, then, assesses the
model's accuracy in properly identifying every positive sample in the dataset. The recall
is very- helpful when minimizing false negatives, which are instances where the model
predicts an inappropriately adverse outcome for a positive sample. For instance, false
negatives in illness detection can be extremely dangerous because they can result in a
delayed or missed diagnosis. Similarly to this, false negatives in spam filtering might
cause critical emails to be ignored or filtered into the spam folder.

Recall optimization allows the model to better recognize all positive samples, this can
assist to lessen false negatives and enhance the model's overall performance. The
percentage of true positive forecasts and generally favorable predictions provided by the
model is measured by precision, which is an important factor to consider while
maximizing for recall. Therefore, depending on the particular use case and model
objectives, it is crucial to achieve a compromise between recall and precision.

F1 score: The F1 score is a popular evaluation statistic in deep machine learning
sentiment analysis. It is a performance metric for the model that accounts for both recall
and precision, giving a balanced picturc of how effectively the model performs on both
positive and negative classes. Out of all the cases the model has classified as positive,
precision measures how frequently it does it accurately. Contrarily, recall 1s a
measurement of how frequently the model properly recognizes all positive cases. The
harmonic mean of recall and precision is the F1 score.

The F1 score will be low if either precision or recall is poor since the harmonic mean

gives more weight to the lesser of the two figures. Since it offers a balanced assessment

of the model's efficacy on both positive and negative classes, 1L 15 a helpful metric when

the classes are unbalanced. When there is a trade-off between recall and precision, the Fl

score is a useful metric. For instance, precision may be more important in sentiment

analysis if we wish to avoid mislabeling negative sentiment s positive. As an

alternative, if we want to ensure that we don't overlook any Instances of unfavorable

sentiment, we could wish to prioritize recollection. We can determine the ideal ratio
between these two parameters using the F1 score. | .
ROC AUC: ROC AUC (Receiver Operating Characteristic - Area Under the Curve)is @

frequently used evaluation statistic in deep learni
false positive rate (FPR) for vario

ng sentiment analysis. By comparing

iti us threshold values, 1t
the true positive rate (TPR) and
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assesses the model’s capacity to distinguish between positive and negative classes. The
TPR and FPR values of the model are shown against one another for various threshold
values to determine the ROC AUC score. The percentage of true positive cases that the
model correctly classifies as true positive is represented by the TPR, whereas the
proportion of true negative instances that the model wrongly classifies as true positive is
represented by the FPR. The resulting figure is a curve that shows how well the
algorithm can differentiate between positive and negative cases when the threshold for
classification is altered.

The ROC AUC score is the area that is underneath this curve, which has a range of 0 to
l. A score of 0.5 denotes guessing at random, whereas a score of 1.0 denotes the flawless
scparation of positive and negative groups. The model's performance is summed up in a
single number by the ROC AUC score across all potential threshold values. It is
especially helpful when the classes are unbalanced because it gives a total assessment of
how well the model can categorize both beneficial and detrimental examples. The ROC
AUC score is particularly helpful since it enables the user to select the best threshold for

classification based on their unique requirements whenever the cost of false positives and

false negatives isn't equal.

6.4. Model Architecture and parameters

The choice of initial parameters in machine learning models is influenced by existing
rescarch and literature. Different initial parameters are explored during experimentation
to achieve optimal results. Factors such as model complexity, problem-specific

considerations, generalization, over fitting, optimization landscape, and model

initialization methods all play a role in determining these parameters. Rescarchers aim to

strike a balance between model performance and generalization to new data. In this

specific case, various types of architectures, parameters, pre-trained tokenizers, and pre-
trained word embedding have been used for different models.

The LSTM model includes LSTM layers with 32 neurons cach,
unction. A dropout rate of 0.5 1s employed to

followed by a Dense

layer with 64 neurons and an activation f
el also has two final Dense layers with 32 neurons and a

prevent overfitting. The mod _
trained word embedding of dimension 100 is added

sigmoid activation function. A pre- .
for the Amharic language. The CNN model architecture consists of a convld layer with

. - -0t 32
32 neurons. followed by a global max pooling 1d layer and another Dense layer with 32

neurons. A dropout rate of 0.5 is used to prevent overfitting. Similarly, pre-trained
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word embedding of dimension 100 is incorporated for the Amharic language. The RNN
model architecture consists of a simple RNN layer with 32 neurons, 0.2 12 kernel
regularization, 0.2 12 recurrent regularization, a batch normalization layer, another dense
layer with 32 neurons, and a dropout layer with 0.5. It is followed by a fully connected
layer with o sigmoid activation function.

The GRU model architecture comprises a GRU layer with 32 neurons and 0.2 12 kernel
regularization. It is connected to a fully connected layer with a sigmoid activation
function. A dropout rate of 0.2 is applied before the last layer to prevent overfitting. The
bi-directional LSTM model architecture includes a bi-directional LSTM layer with 32
neurons, 0.01 12 kernel regularization, and 0.01 recurrent regularization. It is connected
to a dense layer of 32 neurons and a dropout of 0.2. Finally, a fully cannected layer with
a sigmoid activation function is employed. A dropout rate of 0.5 is used before the last

layer to prevent overfitting.

6.5. Experiment Results

6.5.1. LSTM Model Results

The implementation of additional data, pre-trained word embeddings, and pre-trained
tokenizers allow us to enhance the extraction of meaningful insights and predictions from
textual data. However, during the training of our model, we carefully tackle the
challenges of overfitting and underfitting to achieve the most appropriate model fit. By

adopting the appropriate methodology, we ensure that our models effectively capture the

subtleties of language, resulting in reliable and valuable outcomes. Our LSTM modcl

- S a7 0
demonstrated a precision of 80% on the training set and a test accuracy of 79.41% on the

test set and the ROC AUC for the model was 0.87. The table below illustrates the

precision, recall, and F1 score for both positive and negative classes:

Table 2: LSTM precision, Recall. Fl score Result

Metric Negative Positive
Precision 0.79 0.80

Recall 0.74 0.84
F1 Score 0.76 0.82
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6.5.2. CNN Model Results

Following the incorporation of additional data and pre-trained word embeddings, a
noteworthy enhancement in the performance of our model has been observed, while
successfully avoiding any instances of overfitting. Notably, the convergence speed of the
model surpassed that of the LSTM architecture. However, it is important to acknowledge
that the accuracy of cur model fell short of that achieved by LSTM. It is imperative 1o
bear in mind that the selection of the most appropriate model hinges upon the precise
specifications of the problem at hand. Our CNN model demonstrated an accuracy of
79 on the test set. Furthermore, the model exhibited a

er the Curve (ROC AUC) value of 0.85. For

82.9% on the training set and 7
Receiver Operating Characteristic Area und

i isi g sitive and negative
further evaluation, the precision, recall, and F1 score about both posi g

classes are presented in the following table:
Table 3: CNN precision, Recall, F1 score Results
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6.5.3. RNN Model Results

The introduction of additional data and pre-trained word embeddings yielded positive

outcomes by effectively mitigating overfitting and enhancing the performance of the

model. However, despite these notable improvements, the model under consideration

displayed the lowest performance among all the models explored, exhibiting a
considerable degree of variability. This emph
diverse approaches and techniques when developing machin
ntation to effectively address overfitting and optimize
RNN model, it achieved an accuracy of 73.1%
ore, the model yielded a Receiver

) value of 0.81. The

asizes the significance of employing

¢ learning models, as well as

the necessity for further experime
the model's performance. Regarding our

on the training set and 73.3% on the test set. Furtherm
rea Under the Curve (ROC AUC

Operating Characteristic A
\ the positive and negative classes are

precision, recall, and F1 score for botl provided in
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the following table:
Table 4: Precision, rﬂ'.'ﬂ", and F| rm“_‘-for the RNN model

Metric Negative Positive
Precision 0.72 0.75
Recall 0.67 0.79
F1 Score 0.70 0.77
ANN Training information ANN Validation information
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6.5.4. GRU Model Results

Among the various models investigated, our GRU (Gated Recurrent Unit) model has

demonstrated superior performance, exhibiting notable gains in accuracy and reduced

s the GRU model's ability to make improved predictions
y in capturing the underlying patterns within the
o the efficacy of the GRU architecture for
gs obtained from this study have the

loss. Particularly noteworthy i
on the test set, showcasing its proficienc
input data. This outcome serves as a testament t

tasks involving sequential data modeling. The findin
erse applications that rely on

potential to significantly enhance the performance of div
racy of 82.972% on the

sequence modeling techniques. our GRU model achieved an accu
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training set, while on the test set, it achieved an accuracy of 82.49%. Additionally, the
model exhibited a Receiver Operating Characteristic Area Under the Curve (ROC AUC)
value of 0.90, signifying its strong discriminatory power. The precision, recall, and F1

score for both the positive and negative classes are presented in the following table:

Table 5: GRU precision, Recall, F1 score Results

Metric Negative Positive
Precision 0.81 0.84
Recall 0.79 0.85
F1 Score 0.80 0.86
GRU Training
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6.5.5. Bi-LSTM Model Results
The bi-directional LSTM (Long Short-

characteristic by demonstrating no signs 0

Term Memory) model exhibited a positive

f overfitting, which is a notable advantage.

i / atively
However, in comparison to the other models evaluated, 1ts performance was relatively

led to effectively capturc the underlyin
ts diminished performance. our bi-LS

g rclationships and

subpar. The model strugg 1
™ mode

patterns present in the data, resulting in i
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achieved an accuracy of 74.6% on the training set and 74.2% on the test set.
Additionally, the model obtained a Receiver Operating Characteristic Area Under the
Curve (ROC AUC) value of 0.83, indicating a moderate level of discriminatory power.

The precision, recall, and F1 score for both the positive and negative classes are provided
in the following table:

Table 6: Bi-LSTM model precision, recall, and F1 score results

Metric Negative Positive
Precision 0.72 0.71
Recall 0.72 0.74
F1 Score 0.72 0.72
T bi LST™
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6.5.6. Data size and model accuracy dependency result

Increasing the size of the dataset has been observed to greatly enhance lhi‘: accuracy of
algorithms. This suggests a direct relationship between the number of data instances and
the resulting accuracy, indicating that as the datasct rOWS. the accuracy of the

algorithms also increases.
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Accuracy as a function of training data size for different deep learning mode
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Figure 14: Data size effect on five deep learning model accuracy.

The plot shows the accuracy achieved by deep leamning models on the Y-axis, as a
function of the training data size on the X-axis. The models compared are C onvolutional
Neural Networks (CNN), Simple Recurrent Neural Networks (RNN), Long Short-Term
Memory (LSTM), Bidirectional LSTM (Bi-LSTM), and Gated Recurrent Unit (GRU)
algorithms. At smaller data sizes, all models tend to have lower accuracy.

However, as the amount of training data increases, the accuracy of the models improves.
In general, models that are not complex, such as GRU and LSTM, tend to have better
accuracy than complex models like RNN, CNN, and Bi-LSTM. At a certain point, the

accuracy of each model levels off and stops improving with additional data.

Depending on the particular dataset and task at hand, this moment may change.

However, in general, the more complex models tend to require more data o reach this

point of diminishing returns. The plot demonstrates & clear correlation between the

volume of training data and model precision. and that more complex models tend to

perform better with larger amounts of data.
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Chapter Seven

7.  Conclusion and Recommendations
7.1.  Conclusion

In conclusion, .the utilization of data collection and annotation methods and technologies
proves to be highly beneficial for the development of Amharic sentiment analysis of the
political corpus. In Ethiopia, the scarcity of available datasets for research purposes
particularly in the field of sentiment analysis, poses a significant challenge. With limilcc;
Al and media organizations collecting, processing, and providing data for academic use,
and cumbersome registration processes on most crowdsourcing sites, alternative
approaches become necessary. By employing Python scraping scripts for data collection
and leveraging freely available websites to facilitate manual annotation processcs,
researchers can overcome these obstacles and obtain valuable datasets for academic
research.

Furthermore, this study demonstrates that deep learning models yield the most accurate
results when analyzing sentiment in Amharic. Factors such as the size of the training
data, regularization techniques, and optimization strategics greatly influence the
performance of Amharic sentiment analysis models. The implementation of additional
data, pre-trained word embeddings, and pre-trained tokenizers enhance the extraction of
meaningful insights and predictions from textual data in the supervised approach for
Ambharic sentiment classification.

Among the classifiers evaluated, including GRU, LSTM, CNN, Bi-LSTM, and RNN,

respective results (82.49%, 79.41%, 77%, 74.2%, 73.3%), the GRU classifier achicves
outperforming LSTM, CNN, Bi-LSTM,

ed data available, less complex

the highest accuracy, with results of 82.49%,
and RNN classifiers. This indicates that, despite the limit

models like the GRU classifier arc more suitable for supervised A
o LSTM, CNN, Bi-LSTM, and RNN deep classifiers.

p learning model's ability to leam intricate

mharic sentiment

classification compared t

Morcover, this study highlights the dee

patterns but also emphasizes the risk of overfitting, especially when working with small

datasets. To mitigate this, employing various regularization and optimization strategies

becomes essential to obtain the best results. In summary, this research underscores the
1 and annotation methods and technologies for

significance of employing data collectio
¢ advantages of utilizing deep leamning

Amharic sentiment analysis. It also emphasizes th
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models and the importance of careful consideration when selecting  classifiers,
regularization techniques, and optimization strategies. By addressing these factors,
researchers can maximize the accuracy and effectiveness of Amharic sentiment
classification and extract meaningful insights from limited data.

Here are some remarks that could be forwarded to readers of a thesis or future
developers of sentiment analysis:

I'd like to share a few observations based on the results of this thesis. First of all, it is
critical to emphasize that although this study offers encouraging results for analyzing
feelings in the Ambharic language, more research is required to assess the models'
generalizability and robustness using diverse datasets and situations.

Morcover, the practical implications of this study are vast, especially in disciplines
including consumer feedback analysis, market research, and social media monitoring in
Ambharic-speaking regions. The potential for sentiment analysis in these arcas is
enormous, and Future research can be built on the findings of this study.

In addition, for future researchers who plan to use deep learning approaches, a significant
volume of labeled data is necessary. Deep learning algorithms have higher performance
and deeply learn patterns, which can cause overfitting in small dataset sizes. Therefore,
using simple layered deep learning models like GRU, simple RNN, or reducing
parameter sizes, such as dropout rate, dense layer, Jearning rate, batch size, and epoch
size can help in reducing overfitting and improving performance.

Lastly, further research could explore the application of pre-trained Fast Text word

embedding in other languages and domains. This could lead to the creation of sentiment

analysis models that are more precise and effective in various languages and domains.

In conclusion, sentiment analysis in the Ambaric language has significant potential, and

this research offers insightful information on the creation of models using deep learning

ch to explore and improve upon, and
rther advance the field of

for sentiment analysis. However, there is still mu
future researchers can build upon the findings of this study to fu
sentiment analysis in the Amharic language.

7.2. Recommendations

ons based on research examining the viability of deep learning-

Here are some suggesti
ic opinions in an environment of political debate

driven analysis of sentiment for Amhar:
in Ethiopia:

791 TIncrease the size of the datasct: Although there is no standard
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sentiment corpus available for Amharic sentiment classification
experiments, the researcher can gradually improve the accuracy of each
model's performance, and enhance the dataset. More data on training
can significantly improve how well the suggested strategy performs.

7.2.2. Use pre-trained word embedding: The studv found that using pre-
trained word embedding achieved better performance compared to
other models such as wordvec, GloVe, Therefore, the researcher should
use the fast Text open-source library developed by Facebook Al
Research to develop a better-performing sentiment analysis as it
includes pre-trained word embedding for various languages, including
Amharic. By using pre-trained models, the researcher can save time
and computational resources and focus on other aspects of model
development.

7.2.3. Use different regularization and optimization strategies: The study
used several types of architecture and parameters and found that using
32 neurons, followed by a Dense layer with 64 neurons, a dropout rate
of 0.5, and a final two Dense layers with 32 neurons, and the last layer
with a sigmoid activation function, and using different Training
Procedure achieved the best result. The researcher should consider
using these specific model architectures and parameters (0 achieve
better results.

7.2.4. Use pre-trained Tokenizer: The study found that using a pre-trained

Tokenizer may greatly increase the precision and effectiveness of

activities involving natural language processing. By improving the

quality of the model. Therefore, the rescarcher should use a trained

Tokenizer that has been properly trained to r

specific dataset or corpus of text and classify differ

ecognize words on a

ent patterns and

structures within the text.

mentioned suggestions, the researcher can increase the

Finally, by implementing the afore -
viability of deep learning-powered analysis of sentiment for Amharic opimions in

context of Ethiopian political debate.
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Annexes

Annex A: The user interface of Python data scraping script
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Annex C: Amharic character homographs.

|Amharic character
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B, b 4 0 |>.
h, 4 v 0 F.
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Annex D: Labialized Amharic characters
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Annex E: Used Python libraries during an experiment.
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Annex F: Sample Epoch of the model.
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