ADDIS ABABA UNIVERSITY

COLLEGE OF NATURAL SCIENCES

SEMANTIC-AWARE AMHARIC TEXT CLASSIFICATION USING
DEEP LEARNING APPROACH

Girma Moges Misganew

A Thesis Submitted to the Department of Computer Science in Partial

Fulfillment for the Degree of Master of Science in Computer Science

(In Data and Web Engineering)

Addis Ababa, Ethiopia

October 2020



Addis Ababa University

College of Natural Sciences

Girma Moges Misganew

Advisor: Yaregal Assabie (PhD)

This is to certify that the thesis prepared by Girma Moges Misganew, titled: Semantic-aware
Amharic Text classification using Deep learning Approach and submitted in partial fulfillment
of the requirements for the Degree of Master of Science in Computer Science (in Data and Web
Engineering) complies with the regulations of the university and meets the accepted standards

concerning originality and quality.

Signed by the Examining Committee:

Name Signature Date
Advisor: Yaregal Assabie (PhD) 10/23/2020
Examiner: Dida Midekso (PhD) 10/23/2020

Examiner: Ayalew Belay (PhD) 10/23/2020




DEDICATED TO:

My Mother (Emebet Aleben)



Abstract

Now we are at the age of information era, information is stored, extracted, and used in different
formats. Text can be an extremely rich source of information, but extracting insights from it can
be hard and time-consuming due to its unstructured nature. Text classification is one of the
methods used to organize massively available textual information in a meaningful context to
maximize the utilization of information. Amharic text classification is done using the classical and
traditional machine learning approaches with a limitation of semantic representation and use of
high engineered feature extraction. However, the newly emerged deep learning approach and the
use of word embedding improves the performance of text classification through extracting features

automatically and represent words semantically in sparse vector.

Thus, we develop the LSTM model to train our data and to make the classification process. The
classification of the Amharic text documents using the LSTM pass through the process of;
preprocessing, word-embedding, deep network building, output determination, training the model,
and classification. The semantics of document is done using word2vec, to map similar words in to
a single vector using neural network architecture. Thus, the vector representations of words are
used as the input for the dep network building component. The model is evaluated using accuracy
and loss by training, testing, and validation dataset and resulted 92.13 testing accuracy, and 86.71

validation accuracy.

Keywords: Text classification, Deep learning, RNN, LSTM, and word-embedding.
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Chapter 1: Introduction

1.1 Background

Text classification is one of the methods used to organize massively available textual information
in a meaningful context to maximize the utilization of information. It is a hard yet very useful
operation frequently applied to assign subject categories to documents, to route and filter texts. As
a part of natural language processing systems unstructured data in the form of text is everywhere:
emails, web pages, social media, support tickets chats, survey responses, and more. Text can be a
major and rich source of information, but extracting insights from it can be time-consuming and
hard due to its unstructured nature. Businesses are turning to text classification for structuring text

in a fast and cost-efficient way to enhance decision-making and automate processes [1].

In the past, several methods proposed for text categorization were typically based on the classical
Bag-of-Words model where each term or term stem is an independent feature. More recently in
text classification systems; in addition to developing an ontology for extracting semantic meaning
or concept, there are also other approaches which are semantic vocabulary, word embedding
(word2vec, doc2vec, FastText), and WordNet to capture the semantic similarity between words,
phrases, sentences, paragraphs and documents [2]. Semantic similarity is a metric defined over a
set of documents or terms, where the idea of the distance between them is based on the likeness of
their meaning or semantic content as opposed to similarity which can be estimated based on their

structure or syntactical representation.

Semantic-aware text classification is the method for accomplishing the classification of texts in
large volumes of information using the concept or meaning that the text or the document infers
rather than categorizing texts based on word and/or phrase analysis of the text that is extracted
from it [1]. Research works on Semantic-aware classification is flourishing in the context of other
languages; whereas research on automatic Amharic text classification is not well adapted, and very

few attempts have been made till now.



Machine learning is used for accomplishing text classification tasks. There are several learning
techniques. The common ones include probabilistic methods, regression methods, decision tree,
neural networks, batch and incremental learners of linear classifiers, Example-based methods, and
support vector machines. Instead of relying on manually crafted rules Text classification with
machine learning learns to make classifications based on past observations especially using deep
learning approach [2]. By using pre-labeled examples as training data, a machine learning
algorithm can learn the different associations between pieces of text and that particular output is

expected for a particular input [2, 3].

Deep learning is a set of algorithms and techniques inspired by how the human brain works. Text
classification has benefited from the recent resurgence of deep learning architectures due to their
potential to reach high accuracy with less need for engineered features [4]. The two main deep
learning architectures used in text classification are convolutional neural networks and recurrent
neural networks. Thus, deep learning models have achieved state-of-the-art results across many
domains, including a wide variety of NLP applications [5]. It is a kind of representation learning
in which there are multiple levels of features. These features are automatically extracted and they
are composed together in the various levels to yield the output. Each level represents abstract
features that are extracted from the features represented in the previous level. Thus, the level of
abstraction increases with each level. This type of learning enables discovering and representing
higher-level abstractions. In neural networks, the multiple layers correspond to multiple levels of

features. These multiple layers compose the features to produce the output [4].

Thus, we propose semantic-aware text classification using a deep learning approach to achieve the

good features of both the semantics meaning and the performance of the deep learning approaches.

1.2 Motivation

Ambharic is the working language of the Federal Democratic Republic of Ethiopia (FDRE), which
increases the production of Amharic documents. Text classification is also one of the Natural
language processing applications that enables to classify texts documents in a defined class based
on the feature that is extracted from the semantic representation of the document. It is also used
for different applications of natural language processing like information retrieval, information

extraction, named entity recognition and document validation, etc.

2



The other motivation issue to work on this problem is also the invention of deep learning that
improves the accuracy as well as the performance of different natural language processing
applications through creating a computational model. That enables to extract features
automatically from the source or the input data as a training data and its flexibility with feature
design. The need to process and analyze that information for different purposes and applications

of the world inspires or motives to do an investigation on the Amharic text classification.

1.3  Statement of the problem

Many of the text classification techniques are based on word and/or phrase analysis of the text.
Term frequency analysis results in the importance of a term within a document. Two terms within
a document may have the same frequency, but one term may underwrite more to the meaning of

the sentence compared to the other term. The limitations of this classical representation are [1]:

e The ignorance of any relation between words; as a result of which learning algorithms are
restricted to detect patterns in the used terminology only while conceptual patterns remain
ignored.

e The big dimensionality of the representation space.

Opposed to the traditional text classification methods that need a set of well-classified trained
dataset to perform classification in efficient ways, the semantic-aware classifier provides more

accuracy, and benefits from its semantic nature[6].

Lower performance in the traditional approach of machine learning like SVM on the larger dataset
and a more stable growth trend with the gradually increasing amount of training samples in deep
learning [2, 7] This results in the increase in the performance of the classifier and the accuracy of
the result by improving the problems which are faced by the traditional machine learning and
keyword-based text classifications. Deep learning approaches have achieved surpassing results in
comparison to previous machine learning algorithms text classifications. The success of these deep
learning algorithms relies on their capacity to model complex and non-linear relationships within
data [2].

In general, the semantic-aware deep learning approaches of text classifications are developed for

different languages like English [7, 8], Arabic [9] and Telugu [1] and the characteristic of Amharic
3



language (writing system, morphological structure, encoding style) are different from those
languages. Thus, we propose semantic-aware Amharic text classification using deep learning
approach to overcome the problem encountered on the classical and traditional machine learning
approach. Amharic text classifications are mostly done using the keyword-based [10] and the
traditional machine learning approaches [4, 11] So that, we proposed deep learning approach with
the semantic representation of documents to improve the performance of the Ambharic text

classification system.

1.4 Objectives
General objective

The general objective of this study is to develop a semantic-aware Amharic text classifier using a

deep learning approach.
Specific objectives

To accomplish the general objective, the following specific objectives are done in the entire of this

work are devised.

Review literatures on deep learning architectures and algorithms
Collecting data for preparing a corpus.

Develop a model based on deep learning

Develop a prototype of the system

YV V. V V V

Evaluate the performance of the model

1.5 Methodology

To accomplish the general and specific objectives of this study and to solve the problems that we

mention, different methodologies will be applied.



Literature review

Extensive literature reviews will be conducted to acquire enough understanding of the various
approaches to text classification and semantics. Specifically, literatures in the area of text
classification methods, semantic similarity, Amharic language writing system, machine learning
approaches on the application of natural language applications. Thus, Reading and criticizing all
these literature and related works help to gain the required knowledge on a certain subject. Hence,
different research papers, books, and web sites will be exploited the right methods and tools for

implementing the different components of the system will be identified.
Data collection

Text document corpus will be collected from different offline and online sources like magazines,
fictions, religious books, electronic medias and different news agencies. Documents collected will
be manually categorized by experts that will be further used for evaluation. These data will be
organized and pass through the preprocessing step of natural text data in a way that they are easy

for experimentation and testing.
Prototype development

In order to accomplish the objectives of the research, experimentation using available tools
and programming will be engaged in the process. Thus, Python and Java programming language
with keras and TensorFlow deep learning libraries will be used to develop the proposed system.
The prototype is developing to show the outcome of our approach in the visual description or we

develop the blueprint of our study.
Testing and Evaluation

To evaluate the performance of the proposed semantic-aware text classifier, the classifier will be
tested and some of the collected data is for testing and the remaining data is for training purposes.
Here those collected data are used to test and evaluate the performance of the model and the
prototype. The relevance of the classified documents will be checked by experts on the domain
based on the users and the experts’ feedback; the result of the test will be evaluated by applying

accuracy, recall, precision, or F-measure techniques.



1.6 Scope and limitation

The scope of this study on the designing a concept-based Amharic text classification system using
a deep learning approach. In this study, different deep learning classification algorithms, such as
convolutional neural networks, deep neural networks, or recurrent neural networks are used. The
study is limited only to the classification of Amharic text items. HTML documents, image
documents, and others that are not considered in this study. The study only used Amharic text data
sets for the experimental purpose. It also considers only Amharic textual documents that contain a

sequence of Amharic alphabets without any figure, table, images, or pictorial representations.

1.7  Significance of the study

Text classification is the activity of labeling natural language text data with relevant categories
from a predefined set of class. It is also a process of extracting generic tags from unstructured
text. These generic tags and labels come from a set of pre-defined classes. Classifying your content

and products that help users to easily search and navigate within a website or application.

It can basically be used whenever there are certain tags to map to a large amount of text data.
Especially in marketing, as it has moved from search engines to social media platforms where real
communication between brands and users takes place. As marketing is charming more targeted,

marketers are using personalization to energy better engagements.

Text classification can be applied in different ways of managing information, semantic-aware
Ambharic document categorizer plays an important role in a wide variety of information

management tasks and the findings of this work can be used:

» In search engines to improve search results in the area of information retrieval.
» For filtering and categorizing documents for any interest group,
» To organize and improve browsing Amharic web documents.

» To automatically categorize documents for better management.



1.8 Organization of the thesis

The remaining part of the thesis is organized as follows. Chapter Two includes a literature review
in which different concepts and approaches related to our thesis are presented. Moreover, text
classification techniques, neural word embedding, Ambharic language, and text document
similarity measurement techniques are described. Chapter Three is about works related to our
study that are previously done by other researchers in different natural language texts. Chapter
Four deals with the design of our system, i.e., Semantic-aware Amharic text classification using
deep learning approach. It presents the general architecture of the system with its basic
components; the discussion of the components and their interaction within the system. The
algorithms we developed for achieving the goal are presented. Chapter Five focuses on the detailed
testing and evaluation of the system. It discusses the details about the testing and the results
obtained together with their explanations. Conclusions are drawn from the thesis result, the
contributions of this research work, and possible future works are presented in the last chapter.



Chapter 2: A literature review

2.1 Introduction

In this chapter, extensive literature reviews are conducted to get general information about the
semantic representation of text documents, the writing system of Amharic language, and the
different approaches of text classification techniques; the traditional machine learning, statistical
and deep learning techniques. The tools and applications used for the text classification model
design and relevant tools and libraries used for natural language processing tasks are reviewed.
The extensive literature has been reviewed to understand the problem associated with the realm of

this thesis and also to identify an appropriate solution.

2.2 Semantics

According to Euzenat [12] semantics “provides the rules for interpreting the syntax which does
not provide the meaning directly but constrains the possible interpretations of what is declared”.
The classical text representation approach aims to numerically represent the unstructured text data
to make them mathematically computable. With the rapid growth of text data mining research and
information retrieval, semantic text representation is the leading approach in the area of NLP [13].
The problem is how to represent the text data by implicit or explicit semantics instead of word
occurrence in the document. The term semantics refers to the meaning of language constructs, as
opposed to their form or syntax. In NLP semantics or semantic similarities between words,
sentences, paragraphs, or documents are extracted for different applications like text classification,

sentiment analysis, and information retrieval.

The goals of semantic text representation are to improve the text classification, information
retrieval, clustering, and other text mining problems’ performance. Semantic similarity is a metric
defined over a set of documents or terms, where the idea of the distance between them is based on
the likeness of their meaning or semantic content as opposed to similarity which can be estimated
regarding their syntactical and semantical representation. Thus, there are different approaches to

extracting semantic similarity in textual documents; which are, ontology [8], word2vec [14],



doc2vec [15], FastText [16,17] and word embedding [18], are the common ones that are conducted

in different pieces of literature.

2.3 Text classification

Text classification also termed as text categorization or text tagging or is the process of
categorizing text into organized groups by using natural language processing (NLP) techniques,
Text classifiers can automatically analyze text and then assign a set of pre-defined tags or
categories based on its content [5]. In general, the text classification system contains four different

levels of scope that can be applied [2]:

» Document-level: the algorithm obtains the relevant categories of a full document.

» Paragraph level: the algorithm obtains the relevant categories of a single paragraph or
a portion of a document.

> Sentence level: obtains the relevant categories of a single sentence or a portion of a
paragraph.

» Sub-sentence level: the algorithm obtains the relevant categories of sub-expressions

within a sentence or a portion of a sentence.

The text classification systems can be deconstructed into the following four phases: Feature

extraction, dimension reductions, classifier selection, and evaluations [2]

2.3.1 Feature extraction

Feature extraction is the process of selecting a subset of the terms occurring in the training set and
using only this subset as features in the purpose text classification. Feature selection helps two
main purposes. First, feature extraction makes training and applying a classifier more efficient by
reducing the size of the effective vocabulary. Second, feature selection often increases
classification accuracy by removing noise features and stop words [4]. There are two common
methods of text feature extraction that are commonly used for text classification, which is the

weighted word and word embedding techniques.

2.3.1.1  Weighted word
The most common form of weighted word feature extraction is TF, TF_IDF, and BOW, where

each word is mapped to a number corresponding to the number of occurrences of that word in the

9



whole document or corpora. In all weighted word methods, each document is translated to a vector
(with length equal to that of the document) containing the frequency of the words in that document.
Although the approach is intuitive, it is limited by the fact that certain words that are commonly

used in the language may direct such representations.

In NLP, the term frequency-inverse document frequency (TF_IDF), is a numerical statistic that is
intended to reflect how important a word is to a document in a collection or corpus. It is often used
as a weighting factor in searches of text classification, information retrieval, and user modeling.
The TF_IDF value increases correspondingly to the number of times a word seems in the document
and is offset by the number of documents in the corpus that contain the word, which helps to adjust
for the case in which some words appear more frequently in general. While term frequency (TF)
indicates the occurrences of a term in a given document or corpus, in which it used to indicate the
importance of the word in the given document by its occurrence as the term that is frequently
occurred may be considered as a relevant term for the given document but terms in the different
document may occur frequently with the same frequency and extracting their semantics to

determine which are the representatives of which document.

Bag of words (BOW) also one of the methods to extract features of textual documents it is a
reduced and simplified representation of a text document from selected parts of the text, based on
the specific criteria, such as frequency of words. In  CBoW, a document or a sentence is thought
of like a bag of words or a collection of list words. Lists of words are created in the CBoW process
and these words in a matrix are not sentences with structure sentences and grammar, and the
semantic relationship between these words is ignored in their collection and construction. It has a
scalability problem in which the structure or the sequence of words in the sentence or the document
IS not considered; which means the same words in different structure or context may be recognized
as a single bag of words, simply it counts the number of unique words in the document and

organizes those words as a bag of words.

2.3.1.2  Word embedding
Word embedding is a feature learning technique in which each word or phrase from the vocabulary

is mapped to the N dimension vector of real numbers. It is another way to improve the performance
of text classification based on deep neural networks by considering the semantics of documents. It

is a method used in deep learning for the automatic processing of natural languages, based on the

10



representation of words in a large corpus by projecting a set of words of size k into a vector space
of dimension M such that M < K, to facilitate the semantic analysis of words and to improve
learning performance [20]. Word2Vec, doc2vec, FastText and Global Vectors (GloVe) [14] are
currently among the most accurate and usable word embedding methods that can convert words
into meaningful vectors and each dimension of the vectors generates from the model encodes a
different aspect of words. These methods have achieved a lot of attention in text categorization
because of their abilities to capture the syntactic and semantic relations among words. The use of
word embedding for text classification tasks has become a standard approach. Deep learning-based

text classification gives a vectored value to a word using word embedding or statistical methods.
Word2vec

Word2vec is a network of artificial neurons of two layers that can learn how to represent each
word with a real number vector with its semantic features, thus it allows grouping similar words
into a single vector [20]. It is a type of mapping that allows words with similar meaning to have

similar vector representation.

The idea behind Word2vec is rather simple: use the surrounding words to represent the target
words with a neural network whose hidden layer encodes the word representation. Word2vec, like
doc2vec, belongs to the text preprocessing phase. Specifically, to the part that transforms a text
into a row of numbers. The same idea of word2vec can be extended to documents where instead

of learning feature representations for words, it learns for sentences or documents [4].

To get a general idea of a word2vec, think of it as a mathematical average of the word vector
representations of all the words in the document. Doc2Vec extends the idea of word2vec, however
words can only capture so much, there are times when we need relationships between documents
and not just words. The authors of [21] Presented "word to vector" representation as an improved
word embedding architecture. The Word2Vec approach uses shallow neural networks with two
hidden layers, continuous bag-of-words (CBOW), and the Skip-gram model to create a high
dimension vector for each word, the feature vectors is part of a wider concept in machine learning.
Such representations encapsulate different relations between words, like antonyms, synonyms, or

analogies.
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Doc2vec

A Document Vector [9] is an extension of the Word Vector, which represents the whole of a
document in a single digital vector to easily identify the similarity between the documents. It can
learn the representation of documents through two models, namely distributed bag of words, which
is equivalent to Skip-Gram in Word2vec, and distributed memory, which is equivalent to a
continuous bag of words [20]. Distributed Bag of Words (DBOW) randomly predicts a probability
distribution of words in a document from the identifier of a document, to create its vector. It does
not take into consideration the order of words. During training, the document vector and word
weights are randomly initialized and updated using the stochastic gradient descent. Paragraph
Vector-Distributed Memory unlike distributed bag of word, predicts a word from the context of
the document. It takes a set of words of the implementation needs to create two classes, one to

label the documents for training and the other one for the preprocessing [4].

The goal of doc2vec is to produce and create a numeric and vector representation of a document,
regardless of its length. But unlike words, documents do not come in logical structures like words.
A word vector is generated for each word, and a document vector is generated for each document.
The model also trains weights for a SoftMax activation on the hidden layer. In the inference stage,
a new document may be appeared, and all weights of the document are fixed to calculate the

document vector.
FastText

FastText is one of the most important tools of word embedding that is used to represent words and
sub-words of a document in the numerical form of the vector by considering the morphology of
words. Other word embedding representations ignore the morphology of words by assigning a
distinct vector to each word [18]. Facebook artificial intelligence research lab released a novel
technique to solve this issue by introducing a new word embedding method called FastText. Each
word is represented as a bag of character n-gram. In contrast, it creates a vector for each character
n-gram. The word vector is then calculated as the average of its characters of n-gram vectors [16]
Therefore, even an out-of-vocabulary word gets assigned a vector based on its sub-word units.
This is even most important for inflected languages since some inflected forms of words are rare

and may not even contained in the training data. Because of its simplicity and efficient realization,
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training the FastText embedding is faster than most other alternatives. The simplicity of FastText
makes it very conducive for formal analysis. Despite its simplicity, it combines several very
important techniques: a bag of words (BoW), representation of words as vectors of linear space,
and linear classification [18]

2.3.2 Dimensionality reduction

Dimensionality reduction is an important step in text mining. It improves the performance of
clustering and classification techniques by reducing dimensions so that text mining procedures
process data with a reduced number of terms. High-dimensional data present many mathematical
challenges and computations as well as some opportunities and are bound to give rise to new
theoretical developments. One of the problems with high-dimensional datasets is that, in many
cases, non-importance of all measured variables for understanding the underlying phenomena of
interest. While different computationally expensive novel methods can construct predictive
models with high performance or accuracy from high-dimensional dataset, it is still of interest in
many applications to reduce the dimension of the original data before any modeling of the data
[17]. The dimension of the data is the number of variables that are measured on each observation
and singular value decomposition is a technique used to reduce the dimension of a vector. Term-
based vector models consist of many features of text sequences. Thus, memory consumption and
time complexity are very expensive for these methods. To address this issue, many researchers use
and propose many dimensionality reduction techniques to reduce the size of feature space [3].
Such techniques are Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA),

and non-negative matrix factorization (NMF).

2.3.3 Classification Techniques

Classification techniques could be divided into machine learning (ML) and statistical approaches.
Statistical techniques purely satisfy the proclaimed hypotheses manually, thus the need for
algorithms is little, but machine learning techniques were specially invented for automation [22].
In general, there are different text classification techniques that are assessed under the two
categories including, the two popular techniques in ensemble learning algorithms such as,
Boosting and bagging. Some other methods, such as Naive Bayes, logistic regression, and k-
nearest neighbor, are more traditional but still commonly used in the scientific community. Tree-

based classification algorithms, such as decision trees and random forests are fast and accurate for

13



document categorization. Support vector machines, especially kernel SVM, are also widely used
as a classification technique. The deep learning; neural network-based algorithms such as deep
neural networks (DNN), convolutional neural network (CNN), recurrent neural network (RNN),
deep belief network (DBN), hierarchical attention networks (HAN), and combination techniques

[2] are the major classification techniques in many natural language processing applications.

A. Statistical approaches

Statistical techniques are innocently mathematical processes, and they act as the mathematical
foundation for all other text classifiers. It works similar to a computer program, executing the given
instructions without any ability of its own [23]. Naive Bayes is a family of statistical algorithms
that we can use for text classification. Among other statistical classifiers [24], the Bayesian
classifier is the simplest, but it is still very effective and due to its simplicity, it is also the most
researched classifier. Naive Bayesian classifier assumes that features of the input feature vector

usually word distributions are statistically independent.

B. Machine learning approaches

The ability to learn from past observations and the increase in data volume, variety, and velocity
leads to automation in text processing techniques including text classification. In some situations,
defining a set of logical rules using knowledge-engineering techniques and based on expert
opinions to classify documents helps to automate the classification task [24]. In machine learning
approaches of text classification, there are traditional machine learning algorithms; such as logistic
regression, support vector machine, decision tree, random forest tree, rule induction, K-nearest
neighbor, K-means and the Hebbian algorithms are the common one. Whereas the newly emerged
and highly applied approaches, the deep learning approaches also include the CNN, DNN and the
RNN are the basic and highly adapted techniques of text classification.

KNN: k-nearest neighbor: The most common and widely used distance function for the KNN
classifier is the Euclidean distance formula and it is used to calculate the distance between the new
unlabeled data point and the training data points. The main step in the classification stage of the

KNN is to measure the distance to identify the nearest neighbors of the new input data point.

Naive Bayesian: it is a simple classification method based on the Bayes rule with the
dimensionality of the inputs is high. In this Bayes rule applied to documents and classes. This
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model gives class labels to problem instances, represented as vectors of feature values. The value
of a particular feature is autonomous of the value of another feature. Prior probability is known
and posterior probability is checked in naive Bayesian technique. The class with a higher posterior
probability assigned to the document.

SVM: Support Vector Machine: is an impressive approach for classifying high-dimensional data
with the use of the Structural Risk Minimization (SRM) principle. It has been conveyed as a
discriminative classifier which is further accurate than most former classification prototypes. SVM
acquires the optimal hyperplane that splits training data points from different classes by
maximizing the classification margin. Similarly, SVM applicable to data points with nonlinear
decision surfaces by engaging a system identified as the kernel method that designs the input data

to a higher dimensional feature space, where a linear separating hyperplane can be launch.

Decision Tree: decision tree shapes classification mockups in the usage of a tree structure. The
aim is to construct a model that predicts the value of a target variable based on input variables. In
these tree structures, leaves characterize class labels and branches denote features of class labels.
Its disturbances a dataset into smaller subsets while at the identical time a decision tree is
incrementally established. The ultimate result is a tree with decision nodes and leaf nodes. It can

handle both numerical data and categorical.

Neural Network: A neural network classifier is a network of units, where the input units show
terms and output units speak for the category. Each unit receives a set of inputs. There are two
types of separators according to classes that are single linear perception and multiple perceptions.
In single-layer classes are not separated. Multiple layers are used to find non-linear classification
boundaries. In the neural network approach deep learning that contains CNN, RNN and DNN is

common for text classification.

2.3.4 Evaluation metrics

Evaluation metrics are measurements that used to measure the performance of the model or the
algorithm. A number of performance metrics are used to evaluate the major machine learning
algorithms. Such as [4] , Accuracy, precision, recall, and f-score, can be used for sorting algorithms
primarily used by search engines and other classification techniques. Choosing the appropriate
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metric to evaluate the model is very important. Choice of evaluation metrics influences how the

performance of machine learning algorithms is compared and measured.

Confusion Matrix: The confusion matrix is one of the easiest and intuitive metrics used for
finding the accuracy and correctness of the model and algorithms. It is used for the classification
problem where the output can be of two or more types of classes.

The terms that are associated with confusion matric to determine the performance of the model
are; True positive (TP), the cases when the actual class of the data point was true and the predicted
is also True. False positive (FP), are the cases when predicted is true and the actual class of the
data point was False. The False is because the model has predicted incorrectly and positive because
the class predicted was a positive one. True negative (TN), are the cases when the predicted is also
False and the actual class of the data point was False. False negative (FN), are the cases when the

predicted is False and the actual class of the data point was True.

Accuracy: Accuracy in classification problems is the number of correct predictions made by the
model over all kinds of predictions made. It can be determined as the ratio between the sum of TP
and TN with the sum of all the terms that describe the confusion matrix, TP, TN, FP, FN. All of
the evaluation metrics are not suitable for every type or aspect of classification. Thus, we use
accuracy to measure the performance of classification models when the target variable classes in
the data are nearly balanced. Accuracy should not be used as a measure when the target variable

classes in the data are a majority of one class.

Precision: It is a measure that tells us what proportion of data’s that we classify as being in a
specific class and had in that class. The predicted positives (data predicted as a specific class are
TP and FP) and the data being in a class are TP. Thus, precision is the ratio between the TP with
the sum of TP and FP.

Recall: recall gives us information about a classifier’s performance concerning false negatives
(how many did we miss), it is determined us the ratio between the TP with the sum of TP and TN.
while precision gives us information about its performance concerning false positives (how many

did we caught).
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F1 Score: We don’t want to carry both precision and recall in our pockets every time we make a
model for solving a classification problem. So, it is best if we can get a single score that kind of
represents both precision and Recall. It is also determined simply by taking the arithmetic mean

of precision and recall.

2.4 Deep learning

Deep learning is part of machine learning that can utilize either unsupervised or supervised
algorithms or both. While it's not essentially new, it has recently seen a surge in popularity as a
way to improve the solution of certain types of difficult computer problems, most notably in the
natural language processing and computer vision fields. It is based on the feature learning or
representation learning branch of machine learning theory. By extracting high-level, complex
abstractions as data representations through a hierarchical learning process, deep learning models

yield results more quickly than standard machine learning approaches [25].

A deep learning model will learn the features that are important automatically by using less
engineered feature, instead of requiring the data scientist to manually extract the important
features. It is so popular today due to two main reasons [25]. First, it was discovered that CNNs
run much faster on GPUs, such as NVidia's Tesla K80 processor. Secondly, data scientists realized
that the huge stockpiles of data benign collected can serve as a massive training corpus and thereby
supercharge the CNNs into yielding a substantial improvement in the accuracy of natural language
processing and computer vision algorithms. Deep learning-based representation learning involves
a hierarchy of features or concepts, where the high-level concepts can be defined from the low-

level ones and low-level concepts can be defined from high-level ones.

In some articles, DL has been described as a universal learning approach that can solve almost all
kinds of problems in different application domains. In other words, DL is not task-specific [26].
Thus, Text classification also one of the natural language processing applications that get
advantages from deep learning through its ability to extract features automatically and the capacity

to create non -linear and complex relationships within the data.
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2.4.1 Types of Deep Learning Approach
Deep learning approaches can be categorized into supervised, semi-supervised, unsupervised, and

reinforcement learning [26].
Supervised learning

It is a learning technique that uses labeled dataset. In the case of supervised DL approaches, the
environment has a full set of labeled inputs and corresponding outputs are expected by following
different learning algorithms [26]. Fully labeled means that each data in the training dataset is
tagged with the answer, the algorithm should come up with its inference. Thus, it is best suited to
problems where there is a set of available reference points or a ground truth with which to train
the algorithm. There are a number of supervised learning approaches for deep leaning, including
Deep Neural Networks (DNN), Convolutional Neural Networks (CNN), Recurrent Neural
Networks (RNN), including Long Short Term Memory (LSTM), and Gated Recurrent Units
(GRU) [26] Thus, the use of those approaches may differ in the applications used and most of the
time convolutional neural network and recurrent neural networks (LSTM) are used for text

classification.
Semi-supervised Learning

Semi-supervised learning is a learning process that occurs based on partially labeled datasets. It is,
for most of the applications in the case when we have a training dataset with both labeled and
unlabeled data. This method is particularly useful when labeling examples is a time-intensive task
for experts, and extracting relevant features from the data is difficult. It is especially useful for
medical images, where a small amount of labeled data can lead to a significant improvement in
accuracy [27]. In some cases, deep reinforcement learning and Generative Adversarial Networks
(GAN) are used as semi-supervised learning techniques. Additionally, RNN, including LSTM and

GRU, is used for semi-supervised learning as well.
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Unsupervised learning

Unsupervised learning systems are ones that can operate without the presence of data labels. In
this case, the agent learns the internal representation or important features to discover unknown
relationships or structures within the input data. Often clustering, dimensionality reduction, and
generative techniques are considered unsupervised learning approaches. There are different
approaches to deep learning [26, 28] Auto-Encoders (AE), Restricted Boltzmann Machines
(RBM), and RNNs, such as LSTM used for unsupervised learning in many application domains.
In unsupervised learning, a deep learning model is supplied with a dataset without explicit
instructions on what to do with it. The training dataset is a collection of inputs without a specific
desired output or correct answer. The neural network then endeavors to automatically find

structure in the data by extracting useful features and analyzing its structure
Reinforcement learning

It is a learning technique for use in unknown environments. In reinforcement learning, there is no
a straight forward loss function, thus making learning harder compare to traditional supervised
approaches [26]. Thus, the fundamentals are: First, you do not have full access to the function you
are trying to optimize or use for training as well as testing so you must query them through
interaction. Second, you are interacting with a state-based environment. In this deep learning, the
agents are attempting to find the optimal way to accomplish a particular goal or improve
performance on a specific task. As the agent takes action that yield toward the goal, it receives
reward. The overall aim is to predict the best next step to take to earn the biggest final reward [27].
To make its choices, the agent relies on both learnings from past feedback and exploration of new
tactics that may present a larger payoff. This take in a long-term strategy just as the best immediate
move in a chess game may not help you win in the long run; the agent tries to increase the final

reward.

2.4.2 Deep Learning architectures for Text Classification

Deep learning models and architectures have achieved state-of-the-art results across many
domains, including a wide variety of NLP applications. Deep learning for text or document
classification includes three basic architectures of deep learning in parallel [2].
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Deep neural network (DNN)

Deep neural networks (DNN) are designed to learn by multi-connection of layers that every single
layer only receives the connection from previous and provides connections only to the next layer
in a hidden part [28]. The input consists of the connection of the input feature space with the first
hidden layer of the DNN. The input layer may be constructed via word embedding, TF*IDF, or
some other feature extraction method. The output layer is equal to one for binary classification or
the number of classes for multi-class classification. In multi-class DNNs, each learning model is
generated or the numbers of nodes in each layer as well as the number of layers are randomly
assigned. The implementation of Deep Neural Network (DNN) is a discriminatively trained model
that uses the standard back-propagation algorithm and sigmoid or ReL U as activation functions.

The output layer for multi-class classification should use SoftMax [4]
Recurrent Neural Networks (RNN)

Recurrent Neural Networks (RNN) is another neural network architecture that is addressed by the
researchers for text mining and classification [29]. It assigns more weights to the previous data
points of sequence of processing. Therefore, it is a powerful method for text, string, and sequential
data classification. In RNN, the neural net considers the information of previous nodes in a very
sophisticated method which allows for better semantic analysis of the structures in the dataset.
RNN mostly works by using LSTM or GRU for text classification [2].

Long Short-Term Memory (LSTM)

LSTM is a special type of RNN that addresses problems by preserving long term dependency more
expertly in comparison to the basic RNN. It is particularly useful for overcoming the vanishing
gradient problem [30]. Although it has a chain-like structure similar to RNN, LSTM uses multiple
gates to carefully regulate the amount of information that is allowed into each node state. LSTM
contains three different gates and one cell state that regulate the network and store long term and

relevant information.
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Forget gate

It is the first gate in the LSTM network that is used to decide the status of the information’s to be
kept or forgotten. Thus, information from the previous hidden state (ht1) and information from the
current output (Xt) composed together and pass through the first activation function, and then the
forget gate (f;) is formed. When those information’s are pass through the SoftMax activation the
value lays between 0 and 1, values closer to 0 implies the information is not important to form the
next hidden state and it becomes forgotten and values closer to 1 implies the information is relevant

to form the next hidden state and it becomes kept.
Input gate

It is the next gate in LSTM that is used to update the cell state using the previous hidden state and
the current input in advance with the tanh activation function that is used to regulate value pass
through the network by squishing the value between -1 and 1. Thus, first, the previous hidden state
and the current input pass through the SoftMax activation and the information kept to update is
decided and then after the previous hidden state and the current input pass through the tanh
activation to regulate the network and finally, the output of the SoftMax activation is multiplied
by the output of the than activation. The SoftMax output determines which information from the

tanh function needs to be kept and updated.
Cell state

It is the memory of the network that stores relevant and long-term information. thus, the previous
cell state and the forget vector forms a pointwise multiplication to create the possibility of
removing some values in the cell state if it is probably multiplied by zero. Then after the output of
the input gate and apply pointwise addition to updates the cell state to new values that the neural

network finds important.
Output gate

It is the final gate of LSTM that decides what the next hidden state, which contains information
from the previous hidden state and used for prediction should be. Thus, first the previous hidden
state and the current output pass through the SoftMax activation, and the updated cell state pass

through the tanh activation function. Then after the pointwise multiplication is performed on the
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SoftMax output and the tanh output to decide what information the new hidden state contains. the
final output of the output gate is a new hidden state, the new hidden state, and the new cell state is

carried over the next time step of the LSTM sequence.
Gated Recurrent Unit (GRU)

Gated Recurrent Unit (GRU) is a gating mechanism for RNN which was introduced by [31] it is a
simplified variant of the LSTM architecture, but there are differences as follows: GRU contains
two gates and does not possess any internal memory, and non-linearity is not applied. GRU is now
popular in the community who is working with recurrent networks. The main reason for the

popularity is the computation cost and simplicity of the model [2].
Convolutional neural network

A convolutional neural network (CNN) is a deep learning architecture that is commonly used for
hierarchical document classification [2] [32]. These convolution layers can be stacked to provide
multiple filters on the input, and are called feature maps. To reduce the computational complexity,
CNN uses pooling to reduce the size of the output from one layer to the next in the network.
Different pooling techniques are used to reduce outputs while preserving important features [3].
The most common pooling technique is max pooling where the maximum element in the pooling
window is selected. To forage the pooled output from stacked featured maps to the next layer, the
maps are firmed into one column. The final layers on CNN are typically fully connected. In
general, during the back-propagation step of a convolutional neural network, both the weights and
the feature detector filters are adjusted. Although it is originally built for image processing with
architecture similar to the visual cortex, CNNs have also been effectively used for text

classification [4].

The CNN architecture consists of a combination of three types of layers: Convolution, max-
pooling, and classification layers [26]. There are also two types of layers in the low and middle-
level of the network: Convolutional layers and max-pooling layers in which the even-numbered
layers are for convolutions and the odd-numbered layers are for max-pooling operations. The
output nodes of the max-pooling and convolution layers are grouped into a 2D plane called feature

mapping. Each plane of a layer is usually resulting from the combination of one or more planes of
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previous layers. The nodes of a plane are connected to a small region of each connected plane of

the previous layer.

2.4.3 Development Tools of Deep Learning for Text Classification

There is a different development tool of deep learning for natural language processing that is open
source and easily adapted for different applications. Those tools are implemented using different
programming languages; Java, JavaScript, Python, R programming, C++, etc. Since Python
programming language is one of the best suited for data processing, many tools and libraries are
written for it. Solutions like Jupiter and other data visualization tools are written in Python, and
many other software instruments provide native Python functionality or support through APIs or
various wrappers [4]. This is the reason there are a number of NLP libraries out there, and many

more come into service regularly.

TensorFlow: It is an end-to-end open-source platform for machine learning. It has community
resources that lets researchers push the state-of-the-art in ML and a comprehensive, libraries,
flexible ecosystem of tools, and developers easily build and deploy ML-powered applications.
TensorFlow offers multiple levels of abstraction so we can choose the right one for our needs.
Build and train models by using the high-level Keras API, which makes getting started with
TensorFlow and machine learning easy. If we need more flexibility, eager execution allows for
immediate iteration and intuitive debugging. For large machine learning training tasks, use the
distribution strategy API for distributed training on different hardware configurations without

changing the model definition.
Keras

It is a high-level neural networks API, capable of running on top of TensorFlow, CNTK, or Theano
and written in Python programming. It was developed with a focus to accelerate the
experimentation. The key to doing good research is being able to go from idea to result with the

least possible delay is. Keras is used if we need a deep learning library that:

» Allows for easy and fast prototyping (through user-friendliness, modularity, and
extensibility).
» Supports convolutional networks and recurrent networks, as well as combinations of the

two.
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» Runs seamlessly on CPU and GPU.
Keras has its guiding principles which are:

User-friendliness: It follows best practices for reducing cognitive load, it offers consistent and
simple APIs, it minimizes the number of user actions required for common use cases, and it

provides clear and actionable feedback upon user error.

Modularity: A model is understood as a graph or a sequence of standalone, fully-configurable
modules that can be plugged together with as few restrictions as possible. In particular, neural
layers, optimizers, cost functions, activation functions, initialization schemes, and regularization

schemes are all standalone modules that you can combine to create new models.

Easy extensibility: New modules are simple to add as new classes and functions, and existing
modules provide ample examples. To create new modules that allows for total expressiveness,

making it suitable for advanced research.

Work with Python: No separate models configuration files in a declarative format. Models are

described in Python code, which is easier to debug, compact, and allows for ease of extensibility.
NLTK

NLTK stands for Natural Language Toolkit and it is the best solution for learning the chains of the
NLP domain. Its modular structure helps to get the firsthand experience with composing
appropriate models for solving certain tasks and to comprehend the dependencies between
components. Since its release, NLTK has helped solve multiple problems in various aspects of
Natural Language Processing. There are multiple guides, the most useful being this book and this
tutorial that will help anybody master the NLTK. Truth be told, doing it otherwise is not advised,
as this is quite a complicated solution with a harsh learning curve and a mess of internal limitations.

However, NLTK can become the excellent playground of the text analysis researcher.
TextBlob

TextBlob is an interface for NLTK that turns text processing into a simple and quite enjoyable
process, as it has rich functionality and a smooth learning curve due to detailed and understandable

documentation. TextBlob allows simple addition of various components like sentiment analyzers
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and other convenient tools. It can be used for the rapid prototyping of various NLP models and

can easily grow into full-scale projects.
Genism

Genism is a library for document similarity analysis. While it can be not as ubiquitous and all-
around capable as the previous components, there is an area where it shines. This area is the
document similarity comparison, and the topic modeling, highly-specialized Genism library has
no equals there. Offering the tools like LDA (or Latent Dirichlet Allocation), scalable and robust,
Genism is a production-ready tool you can trust with several crucial components of your NLP
projects, not to mention topic modeling being one of the most engaging and promising fields of
the modern NLP science

2.5 Amharic Language

Ambharic (also called as Amarigna, Amarinya) is a Semitic language spoken in Ethiopia. Amharic
is rooted in the Ancient language Geez (Ge'ez). The official language of Ethiopia before Amharic
was discovered from Geez. Although Geez is ceased to be spoken popularly sometime between
900 and 1200 AD, it continues as a language of the Ethiopian Church. Since the 13th century,
Ambharic has been the language of the court and the population in the Highlands of Ethiopia.

Ambharic is the second-most spoken Semitic language in the world, after Arabic [33].

Ambharic is written using Fidel, &.£4, which grew out of the Geez. Amharic is a syllabic language
that uses a script that initiated from the Ge'ez alphabet. It has 33 basic characters, or groups with
each having 7 forms, or families for each consonant-vowel combination. Unlike Hebrew, Arabic,
or Syrian, the language is written from left to right. In the syllabic system, it is possible only to
point out to the phonemes but not the vowels and consonants that comprise it. This is possible only
in what is called the alphabetic system [34]. The typical clause order of Amharic language is houn

+ object + verb.

Nouns may denote gender, number, definiteness, case, and direct object status by affixes prefixes
and suffixes, predominately suffixes. The noun form of Amharic may have a masculine or
feminine gender. Suffixes are added to denote a feminine or masculine noun gender. Some nouns

may have both masculine genders, while other nouns may only have one gender. The feminine
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gender is used to indicate female and smallness. Plurals are indicated by the suffix. The order in

which affixes are added: gender, number, definiteness, case, and direct object status.

Pronouns: Amharic is a pro-drop language. Sentences with no highlighted element do not require
independent pronouns. The verb denotes the person, number, and gender. Object pronoun suffixes
indicate number, person, and gender of the object of a verb, and are affixed to verbs. to indicate

possession, possessive suffixes are affixed to nouns.

Verbs are derived from affixes and roots to inflect person, number, gender, aspect, mood, voice,
and polarity are added. it agrees with their subjects. Verb agreement with objects is optional. it is
placed at the end of the sentence. Adjectives are predominately derived from verbs, nouns, and
other parts of speech.

Unlike English, Amharic is a morphologically complex language Although Amharic is
morphologically complex, it could represent a text in fewer words than English and other
languages. In contrast, geez is a suitable language to analyze its morphology and phonology [35]
Unlike the English language, in Amharic one symbol or character represents both a consonant and
a vowel. The six orders are formed by attaching diacritic markings to the basic symbol to combine
consonants with vowels. For instance, by attaching the "a" marker to the basic symbol "v" the
second-order "v-" symbol is generated. The Ethiopic script is a syllabary rather than an alphabet
because it doesn't have separate characters for vowels unlike alphabets in other languages but for

the sake of convenience, it is named as an alphabet [ 35].

Ambharic is written from left to right with its writing system, the typical clause order noun + object
+ verb [34]. This order is different from the noun + verb+ object order of the English language.
Ambharic has inflectional morphological structures, which require a complex morpheme analyzer

for morpheme generation and word formation as well.
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In the Ambharic language, there are different graphemes in which users use in writing
interchangeably. For instance, {v, ¢, -1} representing the {h} sound and {&, &} that represent the
{ts} sound. Because of this, Amharic text data can contain features that affect processing. Among
those, one is the orthographic variation (for one meaningful entity, the same word can be written
differently in Amharic text data), like 124 2740, 784 0AY, 124 224%, D24 224%, VSO 4%, 784
PAPL @A QAN h2A NAYL, hOA 240 22A NAG, 184 0AR, 124 AAYE, 22A NAYEL, DA AL, USA
A%, VRA A%, Y24 QAG, 724 A, refers to emperor Haile Selassie (4% 124 2°A%); T1WRC,
ThLC, “11LC for Mahedir; &4 12, &ud 1% [36] , etc. Amharic texts which refer to the same
meaningful element can be written in abbreviation or normal form, example m®Ag aL0tC,
m/Latc, a LakC for Prime Minster and aeac® 0, @o/0F for work office, etc. Besides, for
writing numbers in Amharic text data, users might use either the Geez format 's',’g’, ‘¢’or normal
Arabic format '1',’2°,’3’, for example, a2ahZ9° g and aeansg® 1. Similarly hyphenated Amharic
texts can be written like @H-A2C, @H ALC, (t-Add-Hd, (LT At
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Chapter 3: Related work

3.1 Introduction

In this chapter, we reviewed the literature which is published in journals and in conferences
proceeding that focus on the area that we study specifically on the semantic meaning extraction;
word2vec, doc2vec, FastText, and ontology. In addition to the semantic meaning, we review the
deep learning architectures and approaches for the application of natural language processing
which is text classification. The nature and the writing system of Ambharic language are also
reviewed because the target language that we make our experiment is Amharic. Finally, we
summarize the review as describing the limitation as well as the strength of those papers and the
general knowledge that we get from it and the methods that we adapt to follow are reviewed and
stated. Those literature may or may not apply for Amharic languages. But our main target is that
assessing and reviewing papers that are related to our domain knowledge methods that we use and

the model that we develop for our final proposed solution.

3.2 Text Classification for non-Ethiopian Languages

Joulin, et al [37] explored ways to scale the baselines to a very large corpus with a large output
space, in the context of text classification. Their experiments show that their text classifier,
FastText, is often one part of deep learning classifiers in terms of accuracy, and many orders of
magnitude faster for training and evaluation. They trained FastText on more than one billion words
in less than ten minutes using a standard multicore CPU, and classify half a million sentences
among 312K classes in less than a minute. A good understanding of simple linear classification
algorithms such as FastText is a key to constructing good nonlinear text classifiers, that was the
good motivation for analyzing the FastText classification algorithm. On the other hand, the
simplicity of FastText makes it very conducive for formal analysis. Despite its simplicity, FastText
combines several very important techniques: a bag of words (BoW), representation of words as
vectors of linear space, and linear classification. In this paper, the ability to extract the nonlinear
relationship between data and its programing simplicity as well as its good performance on both
large and small amounts of training data is the good feature of using FastText.
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Goto, et.al [38] proposed an approach that the use of Word2Vec can be used as an input for deep
learning in categorizing web news. They have to search for target news in some categories since
each news site has its categorization policy. They categorize web news in this research using
machine learning. For the analysis, they used Japanese text data delivered by Japanese web sites.
They used bag-of-words which is a method of vectored representation of the word and it is often
used as an input for text classification. Although the method is good for categorization because of
higher accuracy, it has a problem in computational complexity in using a neural network. Through
the experiment, they found that it is practical to express words using Word2Vec as an input of
deep learning for the categorization document of web news. The number of collected news data is
1,728,942 records, and the number of vocabularies in datasets is 218,295. They labeled 800 news
data of the full datasets, and 600 of these are used to learn, the other data are used for the test. They
used Pylearn2 to conduct deep learning. Pylearn2 is a tool for carrying out deep learning in the
python. Using word2vec also has limitation which is like inability to handle unknown or out of
vocabulary words and no shared representations at sub-word levels which is solved using the

FastText approach.

Hayati, et.al [39] proposed an automatic system to assess learners’ cognitive presence regarding
their social interactions within asynchronous online discussions by combining the Doc2Vec
document embedding method, natural language preprocessing, and machine learning techniques,
They first made some pre-processing and transformations to the given transcripts, then they
applied Doc2Vec method to represent each content as a vector that is concatenated with Linguistic
Inquiry and Word Count (LIWC) and context features. The vectors are input data of the Naive
Bayes algorithm; a machine learning method; that aims to classify transcripts according to
cognitive presence categories. They also conduct some comparisons to evaluate the semantic
meaning of the extract using different approaches. Thus, they compare CBOW, word2vec, and
doc2vec and finically they conclude as BOW-based meaning extraction ignores the semantic
representation and words ordering and Word2Vec has proven its effectiveness in a word-level
representation. Therefore, they adopted the Doc2Vec method since it can extract surrounding word
vectors that are specific to a document, in their case the hall message, unit of analysis. The

performance of their classifier is evaluated and the obtained classification accuracy is 77%.
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Kralj, et.al [40] proposed semantic-aware recurrent deep neural architecture (SRNA) that enables
the system to learn simultaneously from the raw text documents and semantic vectors. They tested
the effectiveness of the approach on three text classification tasks: sentiment analysis, news topic
categorization, and gender profiling. The experiments show that the proposed approach
outperforms the approach without semantic knowledge, with the highest accuracy achieved on
short document fragments. They compared the result of the classifier in different machine learning
algorithms like the support vector machine, random forest tree, recurrent neural network, and
convolutional neural network, The conclusion is that the convolutional neural network and
recurrent neural network outperforms than support vector machine and random forest tree while
the amount of training data increases. The semantic information of the document is extracted using
taxonomy and ontology development for their experimentation. We will used recurrent neural
network that outperform and the word embedding to extract semantic feature extraction. Finally,
the result of their study indicates that recurrent neural network outperforms other approaches in
text classification on their dataset and it can end by getting benefits from the addition of the
semantic information. They also achieved 80-85% accuracy on average for those different learning
algorithms.

Govardha [1] proposed a model that enables to capture the terms that indicates the concepts in the
text and that identifies the topic of the document. They have introduced the new concept-based
model which analyzes the terms on the documents and sentence level. This concept-based model
effectively discriminates between terms that hold the concepts that represent the sentence meaning
and non-important terms concerning sentence semantics. It is also done for Indian Telugu
documents. Their classification model is based on an adaptation of the classic vector-space model.
They use their ontology as a classifier rather than using any of the machine learning approaches
and machine learning approaches like deep learning enables an improved model and improve the
performance as well as the accuracy of the classifier while the amount of data or document is
increased. Since the ontology is developed in a specific domain to make it generic and more

suitable for huge amounts of data deep learning approach is advisable [2].

Allahyari and Kochut [8] proposed a method for the automatic classification of text documents
into a dynamically defined set of topics of interest. The proposed approach requires only ontology

and a set of user-defined classification topics, specified as contexts in the ontology. Their method
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is based on measuring the semantic similarity of the thematic graph created from a text document
and the ontology sub-graphs resulting from the projection of the defined contexts. The ontology
effectively becomes the classifier, where classification topics are expressed using defined
ontological contexts and the proposed method doesn’t require a training set of documents. In their
experiments, they used the English language Wikipedia converted to an RDF ontology to

categorize a corpus of current Web news documents into the selection of topics of interest.

Wei, et al. [7] reported their preliminary studies using deep learning in legal document review.
Specifically, they conducted experiments to compare deep learning results with results obtained
using an SVVM algorithm on the four datasets of real legal matters. Their results showed that CNN
performed better with a larger volume of training datasets and should be a fit method in the text
classification in the legal industry. They also investigated convolution neural network provides an
effective way of text classification by learning the text in sequences compared to a bag of word
methods that lacks the sequence information, thus better extract features in terms of
sentences/phrases, the challenge lies in the actual identification of relevant sentence, as legal
documents are often identified as relevant due to a few sentences or short passages. The CNN

model outperforms SVM with a large volume of the training dataset.

Gawade et al. [12] proposed a text document classifier by using WordNet ontology and neural
network. The main problem is to classify which documents are irrelevant and which are relevant.
They proposed a method of automatic text classification using Convolutional Neural Network
based on the disambiguation of the meaning of the word they used the WordNet ontology and
word embedding algorithm to eliminate the ambiguity of words so that each word is replaced by
its meaning in a suitable context. In their paper, an automatic text classification system has been
proposed for classifying the bulk documents in the database based on the topic label.

Zhou and Gohary [13] proposed ontology-based multi-label text classification for enhanced
information retrieval for supporting automated environmental compliance checking. To fully
automate the environmental regulatory compliance checking process, they automatically extract
the rules from applicable environmental regulatory textual documents, such as energy conservation
codes. In their automated compliance checking approach, before rule extraction, they first classify
the text into pre-defined categories to only retrieve relevant clauses and filter out irrelevant ones,

thereby improving the efficiency and accuracy of rule extraction. Then they apply a deep learning
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algorithm (word2vec) to learn the similarities between each clause and each topic for classifying

each clause into zero or more topics and to capture ontological relationships like is-a relationship.

3.3 Text Classification for Ethiopian Languages

Meron Sahilemaryam [3] proposed a framework that automatically categorizes Amharic
documents into predefined categories using knowledge represented in the news ontology. The
heart of the classification system is the knowledge base that enables the representation of different
domain concepts. They show that the use of concepts for the Amharic document categorizer results
in 92.9% accuracy which is a promising outcome. During the classification process, all the
documents pass through pre-processing stages. Then index terms are extracted from a given
document which is mapped onto their corresponding concepts in the ontology. Finally, the selected
document is classified into a predefined category, based on the weighted concept. Here, the
ontology is limited only in news documents and they don’t use any of the machine learning

approaches that enable improved accuracy and performance for the classifier.

Alemu Kumlachew [10] proposed Automatic text classification that focuses on the flat
classification, where each topic is treated as a separate class, which is inadequate in text
classification where there are a huge number of relevant features and a large number of classes
and needed to distinguish between them. They achieved the maximum accuracy of 90.37% at level-
3(last level) of the category tree. Moreover, at an increasing number of top feature set, the accuracy
of the hierarchical classifiers increases compared to the flat classifier. The peak accuracy was
89.06% using level three classifiers when the top 15 features were used. Moreover, at an increasing
number of top feature set, the accuracy of the flat classifier decreases. So, the actual result of this
paper shows that the proposed solution is not suitable for huge number of documents and a higher
number of classes and features and it results in a decrease in accuracy and performance. They also
used a support vector machine (SVM) to see the performance of the classifier and SVM has a
limitation of lack of transparency in results caused by a high number of dimensions (especially for
text data), choosing an efficient kernel function is difficult (susceptible to overfitting or training
issues depending on the kernel) and Memory complexity [3].
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Worku Kelemework [11] proposed an automatic Amharic news classification that works based on
one of the neural networks learning methods called Learning Vector Quantization (LVQ), to see
its suitability for Automatic Amharic text news classification. And also, they used two weighting
schemes, Term Frequency (TF) and Term Frequency by Inverse Document Frequency (TF*IDF),
which are used to weight the features in news data to construct news by features matrix, which is
the input to the learning algorithm. For similar experiments, the application of the TF*IDF weight
method resulted in 69.63%, 78.22%, and 68.03% accuracies with an average of 71.96% accuracy.
The overall result of this paper shows that they try to use a neural network algorithm to classify
the texts and document weighting to extract features from their data set for extracting features. So,
they consider the term frequency and document frequency rather than the meaning or the concept

that the document contains.

3.4 Summary

The aforementioned related works have their strength and weakness for text classification. Some
of the works follow key-word based text classification with and without considering the conceptual
meaning of the document and using different traditional machine learning algorithms to propose a
model and train their dataset for classifying. From the reviews of the related works, we learned
that deep learning performs better than traditional machine learning algorithms. Furthermore, we
can also see that the use of semantics enhances the accuracy of text classification. Accordingly,
we propose an Amharic text classification that uses semantics and a deep learning approach for
better performance and accuracy. We also compare the performance of the text classification
system using deep learning with other traditional machine learning algorithms in different pieces

of literature.
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Chapter 4: Design of Semantic-aware Amharic Text Classifier

4.1 Introduction

In this chapter, the discussion is on the designing components and the structure of the Semantic-
aware Ambharic text classification model using a deep learning approach in detail. The proposed

model architecture which is depicted in Figure 4.1, is composed of five (5) major components.

The preprocessing component contains its subpart which is stop-word removal, normalization,
tokenization and padding. To do those activities, unstructured Amharic text documents are
collected from different sources and those data are preprocessed to be an input for the rest of the
components. The model building and training component contains the word embedding, deep

network building, output determination, compiling and classification component.

4.2 Architecture of the proposed solution

We propose Semantic-aware Amharic text classification using the deep learning approaches. It
contains two phases the training phase and the testing phase. The flow and the order in which those

components are organized and form the system are clearly shown in Figure 4.1.
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Figure 4.1 The architecture of the proposed LSTM text classifier
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4.2.1 Training and testing dataset

Deep learning model requires large amount of data for training, testing and validation. The data
that we collect are divided in to training testing and validation and all data are pass through
preprocessing phase for training to be an input for the embedding component. Those data are
collected from seven domains. As shown in table 4.1, The corpus is divided into training and
testing data using split of 17% for training and 83% are for training and validation

Table 4. 1 Training and testing Dataset

No Labe orclass  Training Testing Format
1. Art 919 197 Text
2. Religion 1189 210 Text
3. Business 1317 220 Text
4. General 366 97 Text
5. Health 272 70 Text
6. Politics 1002 201 Text
7. Sport 877 170 Text
Total 5942 1174

4.2.2 Amharic text preprocessing

The first step in data processing and analysis is preprocessing, in which text data before using for
the application purpose must be preprocessed and makes it ready for usage for further analysis and
interpretation. Unstructured data are data in different formats and representations. So, such data
has to be normalized, tokenized, padded and some words which have no contribution to the content

building in the document have to be removed.
Stop word removal

There are many words in a given text document that are used for grammatical formation and
connecting parts of a sentence rather than describing the intent of the text document. Like: 1@-:
GF@- 7 PPI°F AT 10CE §F hi (A etc. are words considered as common Amharic stop word.
Stop-words are words that have not content building contributions and words that occur most

frequently in many text data but are not relevant or have no impact to create classification among

36



text documents. Thus, those words are filtered out during the preprocessing step in the processing
of natural language data. Ambharic stop words are not known by the NLTK and keras
preprocessor, we need to identify well known Amharic stop words and create list of stop words

from our corpus.

We used sub-sampling technique to identify stop words that are most frequently occur in all
documents of the corpus. Because, it destructively subsamples words whose frequency is greater
than defined frequency F with a probability p>defined probability while preservative the ranking
of the frequencies. Finally, commonly known stop-words in Amharic and those subsampled words
are appended into one text file and remove those from our corpora. Algorithm 4.1 shows how stop

words are remove from our dataset.

start
Input: Text document corpus (F) and list of stop words(S)
Output: Text documents free from stop words
find stop words (s) from file(F)
if S is in F
remove S from the file F
else
navigate through all words in F
save F in new file as new file

stop

Algorithm 4. 1 Algorithms for Stop word removing

A. Normalization

Before further processing, the text needs to be normalized. Normalization is a process of
converting a list of orthographically diverse words to a more uniform or common sequence. It
generally refers to a series of related tasks meant to put all text on a level playing field: removing
punctuation, converting numbers to their word equivalents. It puts all words on equal footing and
allows processing to proceed uniformly. We identify homophones (those are characters that have
different symbol but having the same pronunciation. The characters such as {w: a} @ {a% 0}:

{v7 27 A} {A® 97 0} with their seven subcomponents are some of the characters which are used
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interchangeably to build a orthographically variant word. After those characters are identified, we
tend to normalized with the common representation through the total corpus. Algorithm 4.2 shows

how normalization is done in our dataset.

start

Input: Text document corpus(F)and list of corresponding
normalizers (N), homophones (n) characterb

Output: Normalized text document
split words from file(F) in character level
Find homophones (n) from F
if n is in F
replace it by the corresponding normalizer (N)
else
navigate through all words in F
save F in new file as New file

stop

Algorithm 4. 2 Algorithms for normalization

B. Tokenization

Tokenization is a step that splits longer strings of text into smaller pieces or tokens. Larger chunks
of text data can be tokenized into a list of sentences, sentences can be tokenized into list of words,
etc. The tokenizer function contains the number of words in the document as a parameter and it
fits with the training and the test data. Those tokens are also converted to vector representation to
be understood by the deep learning algorithm. Thus, we have a number of text documents and
those documents are tokenized in to a number of word tokens to be represented by a vector with

unique numerical representation. Algorithm 4.3 shows the process of tokenization.
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start
Input: Normalized text document corpus (F)
Output: Tokenized and numerically represented corpus
split sentence’s and phrases of file (F) into tokens
assign a number to each unique token

stop

Algorithm 4. 3 Algorithms for tokenization
C. Padding

All the deep learning network requires input documents in uniform matric that are in the same
shape and size. However, during preprocess, not all the text documents have the same length.
In other words, naturally, some of the texts are longer or shorter in the number of tokens or words.
Thus, documents are padded into the same size by adding zero at the end of the shorter document
matric and removing some of the elements of the less frequent document to make it uniform.

Algorithm 4.4 shows how tokenized documents are padded.

Start

Input: Tokenized and numerically represented corpus
Output: uniformly padded tokenized document
Count number of tokens (t) from each file
Find maximum and minimum tokens
Determine the pad size n
Pad the tokens (ft)to defined size n

if t<n

add n-t zero pads to t
else remove t-n tokens from t

Stop

Algorithm 4. 4 Algorithms for document padding
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4.2.3 Word-embedding

Word-embedding is a feature learning technique in which each word or phrase from the vocabulary

is mapped to the N dimension vector of real numbers Thus, we use word2vec as an embedding

schema to form semantic meaning-extraction and representation of the data for the deep network.

Table 4.2 shows the demonstration of word2vec in the skip-gram model using a sample sentence from

our corpus.

Sentence: V2719 3P AN NPANANLD- QUA IC PTLELTLD- PavPAPA U3 2FPA

After preprocessing: U919t AAONA QWA 4.mé- aPPAPA

Table 4. 2 Demonstration of word2vec using Amharic sentences

Tokens of the sentence

[V2995F hAQNAT QUAT dmi-i aPPAPA]

[VLT95H: AAQNNAE QAT &mdé]

[AAQNNT QAT &meeE aPAPA]

[V2995F hAQNAT QUAT dni-i aPPAPA]

[V2915F hAQNAT QUAT avpadA]

[V2995F hAQNAT QUAT dni-i aPPAPA]

[V2T95+: AAQNAE QVA |

[VeTITH AAONAT WA dme]

Target word

Qva

Qvé

Qvéx

VeI

VeI

AMNQNO

ANQNN

ANQNN

40

Context word

[VLTIFHE AAANAE  dand-t aoPAPA]

[VeoITT: haONAE AVAE e

[AAQNNZLME aoPabA]

[AAQOAT QAT &nii aopaA]

[AAQOAT QUAT aopAPA]

[VRTIFHE QUAT dand- aopabA]

[Ve 55 ua |

[VemI$H: QuaT &me]



Table 4.2 describes how Wordv2vec illustrates documents in context -to- target pair with their
probability of similarity in the document. The word [ve«1$+: Adana: ava ] have the same context
in the different arrangement in the given sentence and they considered as semantically similar

words. Algorithm 4.5 shows the process of building word2vec.

Start
Input: Text Document Corpus
Output: Trained wordZ2wvec model fezture wvector
Preprocess the text ()
Add all text in one file F ()
Train F (Word2Vec (F)) ()
save the trained Model

Stop

Algorithm 4. 5 Algorithms for building Word2vec
4.2.4 Deep Network Modeling

After the data are preprocessed and the embedding component is built the next component is
building a deep network for training the data. As we describe in the literature review, there are
different deep network architectures that are used for different applications of NLP.
RNN is a sequential model in the field of artificial intelligence and neural network. It processes
input data that are represented in a sparse vector sequentially. But, while RNN process inputs
sequentially, if the process is held on a large amount of data with a complex and large sequence it
may lose important information, and the problems of long-term dependency is happened [45].
Thus, long term dependency problems happen because the RNN lacks memory that stores the
content of the previous state of a sequence. For example, “A €& @-aT P9°TC ¢ A4.0 AN LLACA
+99¢4 7% the given sentences are Amharic sentence that contains some sequence of words that a
student who lives in Ethiopia and a student at Addis Ababa University, here RNN can easily
understand the word A4.0 40AQ is the name of University found in Ethiopia. Thus, there is a strong
relationship between A +¢-%¢, A4.0 AN, and &zaCAL; Ethiopia has a university, Addis Ababa is A
university, Addis Ababa is Found in Ethiopia those are the basic relationship and RNN can
understand but if we want to narrow down to know the name, college, Department, and batch of

the student RNN lacks memory to store those properties of the student and this problem is called
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long term dependency. Thus, LSTM is come up with a memory unit called cell state to overcome
this problem. It is an improved version of RNN that accepts the vector representation of the data

as an input to learn features.

LSTM contains two main components the cell state and the gate which is the regulator of the
network. The gate of LSTM can decide which information is allowed on the cell state and it can
learn what information is relevant to be saved or forgotten during training. Thus, LSTM can store
the universities found in Ethiopia (A-1¢-%¢), name of colleges, number of students (-+97¢) and name
of students (+<74) found in Addis Ababa University (440 40O #z0CAT), it enables to perform

operations on the given data based on its past history and relationship between sequenced data.

4.2.5 Output Determination
The final output of the model is determined by the dense layer which is a fully connected layer

that accepts the deep representation of the input data and transforms to the final output class using
an activation function. In a dense layer, all nodes in the previous layer connect to the nodes in the
current layer. As we discussed in the literature review there are two basic activation functions for
classification which are the sigmoid, used for binary classification, and SoftMax, which is used
for both binary and multi-class classification. As a result, we may use the SoftMax activation
function to generate the final output that produces values in the range of 0 -to- 1. Thus, it is used

as the final layer in classification models.

4.2.6 Training the model
The next process after the output is determined the model is trained using the training data and

evaluated using the validation data which is split from the training data using validation split. To
train the model the number of epochs and the amount of training data which is trained at a time
(batch size) is determined. Training the model using all of the training data at a time is impossible
and it need to subdivided to predefined number of batch size. The training capability of the model
is evaluated at each batch size and it is evaluated at each epoch. Finally, the trained model is saved
and tested by the testing dataset
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Start
Input: semantically represented words (wordZ2vec)
Output: Trained LSTM model
Add the LSTM layer with defined number of neurons ()
Add dropout ()
Add recurrent dropout ()
Determine the output ()
Compile the model ()
Summarize the model ()
Fit the data with the model ()
Train the model with training data ()

Stop

Algorithm 4. 6 algorithm to train the model

4.2.7 Classification

After the model is summarized and fit with the data to be evaluated with the training, testing, and
validation data set separately by using the metric and the loss function. When the model is
evaluated, the metrics are accuracy and loss; training accuracy, training loss, validation accuracy,
validation loss, and testing accuracy. Thus, the higher the accuracy and the lower the loss indicates
the better the model performs

The process of classification accomplished on the trained model using the test data that pass
through the preprocessing phase and embedded with the same dimension of the training and
validation data are embedded. After the model is tested the summery of the classification is
organized. The classification process also accomplished with external datasets that are not labeled
into measure how much the model learns the data and capable of predicting external unknown
domain text documents to their appropriate class. Thus, the final output of the testing result is

documents with its corresponding class or classified document.
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Chapter 5: Experimentation and Evaluation

5.1 Introduction

In this chapter experimentations, procedures, and evaluation methods of the entire works are
described in detail. Thus, to make experimentation, the tools and programming languages are
described and the evaluation metrics and methods as well as the result of the evaluation are
explained concerning the data that is used for experimentation and the metrics or approaches used
for evaluation. The experimental setting such as the capacity of the computer, operating system,
RAM, processor, etc. are described and the experimental procedures and the result obtained are
documented. The actual result and performance of this study are also compared with other related
researchers which are described in the literature review and related work. The comparison may be
described through the values of the accuracy, the amount of data used and the approaches they

used concerning their final result of performance measure.

5.2 Experimental procedure

In this section of the chapter, the activities and procedures that are used to develop and evaluate
the Semantic-aware Amharic text classification using a deep learning approach are described in

detail with some examples and graphical or tabular representation.

5.2.1 Dataset collection

A large amount of data is required to undertake the experimentation to achieve better result and
well-performing model for the classification of Amharic texts. The deep learning approaches by
its nature requires a large amount of data and it is compatible with large dataset. The data which
are used to undertake this work is unstructured Amharic text documents collected from different
sources such as the Amharic bible (the old and new testament), Ethiopian news agency,
broadcasting media, and from different online newspapers and magazine. The classification is
performed on seven (7) domains of Amharic text document and data are collected for each class
of texts. After the data are collected those data are tagged or labeled with their corresponding class.
Thus, the labeled documents are examined by the experts whether the data are labeled to the correct
class or not. The experts are the ones that are familiar with the language implies that those who
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conduct researches on the domain, who can understand the language in a good manner and whose

native language is Amharic.

Table 5.1 Amount of collected text documents in each class

No Name of the class Number of text documents = Label name

1.  Religion 1399 bible

2. Business 1537 Business

3. Politics 1172 Politics

4.  Arnt 1116 Art

5.  Sport 1047 Sport

6. Health 382 Health

7.  General 463 general
Total 7116

5.2.2 Tools and programming language
A. Tools

There are different development tools of deep learning for natural language processing that is open
source and easily adapted. Thus, the anaconda is a free and open-source distribution of R and
python programming languages. It is popular because it brings many of the tools used in data
science and deep learning with just one install, so it's great for having a short and simple setup. To
conduct this work Keras, TensorFlow, and Genism are used as a tool. Keras is a high-level neural
network, written in Python and capable of running on top of TensorFlow and it enables easy and
fast prototyping, supports CNN and RNN and it runs seamlessly on CPU and GPU. TensorFlow
is an end to end open-source platform for deep learning and it builds and trains deep learning
models by using the high-level Keras API. Keras and TensorFlow are used for preprocessing and
the construction of the model for training and validation. Genism is a library for document
similarity analysis and it is a production-ready tool that you can trust with several crucial

components of NLP applications. The semantic component of this work is done by the genism
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library for developing the word embedding that analysis the similarity of words with in-text

document. Word2vec is developed for semantic support for the model.
B. Programing Language

Python is an object-oriented, an interpreter, and high-level programming language with dynamic
semantics. Python programming is used for the experimentation of the Semantic-aware Amharic text

classification using deep learning approaches using Jupiter notebook editor.
C. Experimental setup

Deep learning experimentations require high processor and GPU supported computing. In this study,
we used a computer with a memory capacity of 8 GB RAM, 2.41 GHz processor, and 64-bit Windows

10 operating system.

5.2.3 Text data cleaning or preprocessing

After data are collected and programming languages and tools are selected the next step for the
experimentation of Semantic-aware Amharic text classification using deep learning approaches is
text data preprocessing. The preprocessing tasks are adopted as it is described in chapter four, the
collected data are processed to make it ready for training. During preprocessing 563 stop words
(words which don’t have any contribution for the context constriction of documents) are removed
and words that have different representations but having the same meaning are normalized into

canonical form.

Deep learning algorithms and architectures use numerical representation as an input for the model
to be trained. Thus, the text data are tokenized and converted into a numerical representation which
is called tokenization. Those tokens are padded into the uniform representation of matric since the
input of the deep learning model is represented in uniform matric. During padding, the maximum
number of words from the entire document is selected and the other documents are padded to the
same dimension with it. The variation of the number of words in each text file affects the
sparseness of the padding structure. While padding to make the small number of word documents
uniform with the maximum on, the zero (0) padded is added. But the vector may be sparser, the
larger the zero-padded element of the vector may lead the model less performed. Sparse vectors

must be converted to dense vector or the sparseness of the data must be reduced by adjusting the
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pad size during padding. The numerically represented and padded tokens converted into a vector
representation, thus the representation of tokens into vectors is embedding components of the

model.

5.2.4 Word Embedding

The embedding component is the representation of the words to feature learning in which each
word or phrase from the vocabulary is mapped to 300 dimensions of vector. It improves the
performance of text classification based on the deep neural network by considering the semantics
of the document. word2vec is one of the embedding representations in the semantic and neural

network field of study.

Table 5.2 parameters needed for training word2vec

No Parameters  Values Of Descriptions of the parameter Remark

to train parameter
word2vec

1. Windows 10 Maximum skip length window between

words

2. Embedding 300 Size of word vector in which each word is
dimension represented

3. Learning 0.05 Learning rate for SGD estimation
rate

4. Number of 30 Number of training epochs
epochs

5. Number of 12 Number of training thread
threads

6. SG 1 Choosing Skip-gram model

7. lteration 20 The training iteration

8. Minimum 3 This may discard words appear minimum
frequency frequency in the document

9. Embedding  “E/MyWordVector” The directory in which the word2vec is

directory saved
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Table 5. 3 Top five similar words for the

word 7%
Table 5. 5 Top five similar words for the
Number = Similar Probability of word H11
word similarity Number  Similar Probability ~ of

1. O'HE. 98.77 word similarity
2. avqF 98.50 1. A7 98.45
3. 01AA7 98.13 2. IS TAAL 97.81
4. T 97.86 3. eHT 97.54
5. aAPam- 97.49 4. UG 97.44

5. avA)pg 96.68

Table 5. 4 Top 6 similar words for the
word AOAT°S

Number  Similar word Probability of

similarity
1. A4 99.57
2. av-\.J° 99.49
3. ACF&h0 99.48
4. aom-A L 99.42
5. ANATIP 99.3
6. OAhCorke? 09.27
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5.2.5 Model construction (LSTM)
LSTM layer

After the data are preprocessed and the embedding component is built the next component is the
LSTM layer that accepts the vector representation of the data as an input to learn features. The
learning capability of this LSTM is depending on the performance of the embedding layer, the
amount of input data, and the number of neurons used for training. The LSTM layer of the model
contains the number of neurons, the dropout, and the recurrent-dropout as a parameter and the
model may contain one or multiple LSTM layer that depends on the problem that we solve and the

data that we have for training.

Most of the time single layer LSTM is used for simple and linear problems, whereas, multiple
layer LSTM is used for nonlinear and convex problems. We are doing our experimentation both
in single and multiple layer LSTM and finally, we select the one that performs well. The dropout
component has a value between 0 and 1, which is a fraction of the units to drop for the linear
transformation of the input data; we use 0.2 or 20% dropout for the experimentation. Whereas the
recurrent-dropout is a fraction of values between 0 and 1 to drop for the linear transformation of

the recurrent state; we use 0.2 or 20% recurrent dropout for the experimentation.
Dense layer

The dense layer is a fully connected layer that accepts the deep representation of the input data and
transforms into the final output class using an activation function. The dense layer of the model
contains two basic parameters, the number of class as a dimension of the output vector and the
activation function. We use the SoftMax activation function to generate the final output that lays
values in the range of 0 -to- 1. We have also seven (7) class such as, religious, politics, business,
general, art, health and sport, in which the output layer maps the result in to 7 dimensions of vector.
Therefore, it is used as the final layer in the text classification models.

Compiling the model

After the output layers are defined the model needs to be compiled. To compile the model, the
loss function, the optimizer, and the metric that validate the model need to be specified. The
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optimizer controls the learning rate. We used ‘Adam’ as an optimizer. The learning rate determines
the computational of the optimal weights for the model to be calculated. We used the sparse
categorical cross-entropy as a loss function since we have 7 classes to be predicted after compiling
the model. The metric is used for plotting the result after the history of the model is saved and we
used accuracy as a metric for our model. The metrics contain training loss, training accuracy,

validation loss, validation accuracy, and testing accuracy.
Summarizing the model

After the model is compiled, it needs to be summarized to visualize and generate each layer of the
model with their corresponding output shape and number of parameters. It generates the total
parameter in the model by summarizing from each layer and identifies the number of the trainable

and non-trainable parameter from the total parameter.

Layer (type) Output Shape Param #
ctbedting 3 (Embedding)  (lore, 300, 160) 22152100
lstm 5 (LSTM) (None, 108) 30400
dense_3 (Densze) (None, 7) 767

Total params: 22,273,287
Trainable params: 22,273,267
Non-trainable params: @

Figure 5. 1 summary of the model with Single LSTM
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Layer (type) Output Shape Param #

embedding 3 (Embedding) (None, 388, 188) 22192188
lstm 4 (LSTM) (None, 38@, 1@0) 26488
1stm 5 (LSTM) (None, 3@@, 1080) 26488
lstm & (L5TM) (None, 18@) Bodea
dense 3 (Dense) (None, 7) 787

Total params: 22,434,887
Trainable params: 22,434,887
MNon-trainable params: @

Figure 5. 2 summaries of the model with three LSTM
Model fitting

After the model is summarized it should be fit with the data that are prepared as a training set with
their corresponding label or category. The fitting model component includes the training set, the
label or the annotation of training data(the class it belongs), the number of epochs (the number of
times the model goes over the entire dataset), and the batch size (how may training examples are
processed at a time), as well as the validation split (how much of the training data is taken each
epoch to measure how well the model generalizes on unseen data), need to be specified. We used
validation split as 20% of our training set and 50 and 100 alternative numbers of epochs with 32
batch sizes.

Evaluating the Model

After the model is fitted with the data, its performance should up to be evaluated with the training,
testing, and validation dataset separately using the metric that is defined in the model fitting
component. Those metrics are accuracy and loss; training accuracy, training loss, validation
accuracy, validation loss, and testing accuracy. Thus, the higher the accuracy and the lower the loss

indicates the better the model performs.

51



Using the loss and the accuracy values of the model we adjust the parameters which are the batch
size, the embedding dimensions, and the number of neurons in the embedding, number of LSTM

layers, and the value of dropout of the model to get a better-performed model.
Testing and Classification

After the model is built, fitted with data, and evaluated using the evaluation metrics, the last and
the major task is making classification using the model that we trained. To make a classification,
the model needs to be saved and loaded. Thus the model is saved using a method called
save.model() using h5 extensions and finally load for testing using models.load_model() Keras

library.

The performance of the model is tested in two major ways, using the test data and using external
data in which the class it belongs or its domain is unknown. Thus, when we use the testing data, it
generates the testing accuracy 92.13 percent of testing data is classified into the correct class.

When the model is tested using arbitrary unknown class or category data, the data need to be passed
all the preprocessing steps done for the training and testing data. After it is preprocessed, the model
compares its content with each of the class and computes the probability in which the given
document belongs to each class, and finally, the one with high probability is predicted as the class
in which the given document belongs. The prediction process is done as the labels or class are
stored in a single one-dimensional array that contains the name of classes in the corresponding
index with the index number appended for it during labeling and the probability of being in a

specific class is stored on the order of its index.
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Table 5. 6 Test result using external data

No Doc- Probability of being in class in % Actual Predicted
No  Politics Bible Health Art  General Business Sport Class class
1. D1 0.07 1.6 6.5 99.3 0.0039 1.08 55  Health  Art

2. D2 0.031 0.018 0.07 0.74 0.0036 99.9 8.8 Business = Business

3. D3 14 0.15 79.38 204 0.26 0.175 9.6 Health Health

4. D4 105 0.15 52.6 32.15 05 6.4 89.7  Sport Sport
5. D5 97.1 0.07 221 047 0.7 3.96 1.08 Politics @ Politics
6. D6 98.1 0.0019 0.47 457 31 9.92 0.41 Politics | Politics

7. D7 231 0.019 0.0017 0.028 1.73 97.6 2.10 Politics  Business

5.3 Evaluation

The performance of the system or the model is evaluated using different evaluation metrics.
Accuracy is one of the major evaluation metrics to evaluate different deep learning applications.
It is the degree to which the result of a system, model, or specification conforms to a standard or
the correct value. Our LSTM text classification model is evaluated based on the nature of the
LSTM structure. We have training, testing and validation dataset that pass though the
preprocessing component. Thus, the model is trained using those datasets and the performance of
the model is evaluated and its accuracy is recorded besides the training, testing, and validation
dataset. The evaluation held on the nature of the LSTM structure is based on the number of
neurons, the number of epochs, and the number of hidden layers with constant batch size in which
the model is built-in. Thus, we use 50 and 100 number of neurons for single-layer and three-layer
LSTM with arbitrary 50 and 100 epoch.
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The evaluation processed is held on 4753 training,1174 testing, and 1189 validation dataset. Thus,
the training accuracy and loss evaluates the training data in every learning rate in which the model
learns the data once at a time (batch size =32), the model learns 32 training data at a time and it
computes the training accuracy. But, validation accuracy and loss, evaluate the training

performance of the model in each epoch.

Table 5. 7 Evaluation result for training, testing, and validation dataset

No No of No of No of Validation Training Validation

layers  neurons epochs  accuracy loss loss
1. 1 50 50 86.88 0.32 0.42
2. 1 100 50 85.53 0.32 0.45
3. 3 50 50 75.02 0.54 0.62
4. 3 100 50 75.02 0.66 0.70
5. 1 50 100 85.62 0.25 0.49
6. 1 100 100 86.71 0.16 0.47
7. 3 100 100 82.67 0.46 0.55

Table 5.7, demonstrates the, validation accuracy, validation loss, and testing accuracy of the model
trained on epoch (50,100), number of neurons (50,100) separately. For each experimentation the
performance of the model is differ based on those parameters, from those the model with 100
number of neurons, 100 epochs on a single layer performs better which is testing accuracy = 92.12

and validation accuracy= 86.71.

5.4. Discussion

The proposed model is accomplished by 7116 Amharic text documents. Out of those documents,
4753 are training, 1189 validation, and 1174 for testing are used for testing and training the model.
The performance of the model is determined by the amount of training data. A large amount of
training data results in better results while the performance of the model reduced when using a

small amount of data. During training all of the training data can’t be pass to the model at once, to
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overcome this problem defining batch size to divide the data into smaller size divisions and those
divisions are passed to the model one by one and the weight of the neural network that passed to

the next node is updated at the end of each step.

The other factor that affects the performance of the model is the number of epochs and neuron,
the number of epochs is the number of times the model trained using the entire dataset and at each
epoch, the entire dataset is passed forward and backward through the neural network once.
Learning repeatedly increases the capability of the model to learn the feature and content of the
data. But, training a model with a large number of times may lead to overfitting, the overfitting
problems need to be optimized to the normal learning state. Thus, dropout optimizes the overfitting

through deactivating arbitrarily some amount on nodes from the given node or neurons.

The number of neurons affects the performance of the model. It is more important than the number
of layers. Table 5.7 clearly shows its effect on the performance of the model, using less neuron on
the layer may lead to loss some basic information’s because its learning capability determined on
the neuron it contains. There is a great change of accuracy and loss when using 50 and 100 neurons
for training, for fewer neurons there is an increase in the loss (the measure of how well the model
generalized to unseen records) and a decrease the accuracy for both the training, testing and
validation phase. When we use 100 neurons maximum of 92.13 and using 50 neurons 88.25 testing

accuracy using 100 epochs are the result of the model after training.

The number of layers affect the performance of the model. Multiple layer network enables the
network to more eager to recognize the certain aspect of the input data. Most of the time the number
of layers in deep learning model determined by the nature of the problem; multiple layer networks
are needed for more complex, non-linear, and convex problems whereas single layer networks are
used for linear and simple problems. In our experimentation, we use a three-layer and single-layer

LSTM network to analyze the change in it.

As shown in Table 5.7 there is a change in the testing accuracy, validation accuracy, and validation
loss. We have got better performance when we use a single-layer network since the problem that
we solve is not too complex and convex. It learns the content of the data and translates it to a single

output; it has many to one relationship having a set of input documents, a sequence of words and
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the corresponding output is a single class or label. When we use single-layer the maximum testing

accuracy is 92.13 and when we use a Three-layer network the maximum testing accuracy is 83.65.

Comparison with related works

There are investigations which are done for the classification of Amharic documents using

different approaches resulting in different result concerning their dataset and methods used. Most

of those researches are conducted using the same data structure which is collected from the

Ethiopian News Agency (ENA).

Table 5. 8 Comparison between related works and the proposed system

Title

1. Concept-based
automatic Amharic
Document
categorization

2. Hierarchical Amharic
news text classification

3. Automatic Amharic
text news
classification:

a neural networks
approach

4. Semantic-Aware
Amharic Text
Classification Using
Deep Learning
Approach

Approaches

Result

Use domain ontology 92%
(news)

Use manually crafted index

terms and mapped to the

ontology

Flat text classification 90%
Topics are treated as a class
SVM

Not suitable for large data

Learning vector quantization 71.96%

(LVQ)

TF and TF-IDF
Features are extracted
manually using TF

LSTM 92.13

Word embedding
(Word2vec)
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In general, our model is done by using LSTM, an improved version of RNN that is capable of
learning long-term dependencies, especially in sequence prediction problems. LSTM has feedback
connections, i.e., it is capable of processing the entire sequence of data, apart from single data

points such as words.
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Chapter 6: Conclusion and Recommendation

6.1 Conclusion

This research work has attempted to look into the approaches of deep learning-based Amharic text
classification. Throughout this study, the basic elements of the model for text document
classifications are clearly defined. The designing component consists of the document
preprocessing module (stop-word removal, normalization, tokenization and padding), the model
building module (word embedding, deep network, output determination, and model compiling),
the summarization and fitting, and evaluation and testing are the basic modules in designing and

implementation of the entire work.

The use of deep learning in the area of neural network requires less feature engineering in which
the word embedding component is neural-based extraction of features from unstructured text data
in vector representation with some degree of similarity between tokens throughout the entire
tokens of the dataset. Thus, the vector representation of the document is used to compute the
semantics of the word. Word2vec is used to represent words in vector form to generate the
semantic similarity between them. We used Skip-Gram based word2vec, which is the
representation of the semantics of the target word from the given sentences using its surrounding

context words.

The major element of this study is the deep network in which it learns the features of the data and
transfers it to the output layer to generate the expected output of the model. We used an improved
version of RNN which is LSTM to train and build the Semantic-aware Amharic text classification
model. LSTM is a sequential model that is used to process time sequence data and it improves
some of the limitations of RNN. It reduces the problem of long-term dependency and vanishing
gradient through its memory called cell state. The cell state of LSTM is used to store the content
of the previous hidden state and the given processed input data to determine the next hidden state
since it is a sequential process. It contains a gate that is used to determine the information to be

kept, forgotten, and need special attention to the cell state during training.

In general, we develop Semantic-aware Amharic text classification using the LSTM approach.

The model is developed using unstructured Amharic text documents. The overall result shows that
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the model performs better when the number of epochs and neurons increase the performance of
the model increases. The performance of the model is measured in terms of accuracy and loss in
training, validation, and testing phase. The final result shows that the model performs 92.13 testing
accuracy, and 86.71 validation accuracy using.

6.2 Contribution to the study

The main contributions of the study are summarized as:

» A generic model is designed for Semantic-aware Amharic text document classification that
takes advantage of neural word embedding technology.

» The thesis contributes to the growth of semantic feature extraction to text data analysis
using word embedding.

» The thesis contributes by developing a generic word2vec that is used for other applications
of NLP.

6.3 Future work and recommendation

In this research, we have attempted to explore the use of a deep learning approach to build a
Semantic-aware Amharic text classification model. However, some attempts may be adopted to
the area of text classification to achieve better using different feature extraction and learning

methodology. The main recommendation we want to recommend or future works to be done are:

» Acquiring good semantic representation of text document needs enriched or large amount
of data to train the word2vec

» Using the hybrid of LSTM with other deep learning architectures to take the advantages of
other models

» The performance of the machine used for training affects the training rate of the model and
using high processing computer train the model with a large number of epochs and neurons
is recommended

» To reduce the dimensionality of the data use lemmatization.
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Annexes

Annex one: list of Amharic stop word
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Annex Two: Training result with 100 neuron and 100 epochs

Model: "sequential_3"

Layer (type) Output Shape Param #
embedding_3 (Embedding)  (None, 300, 100) 22192100
Istm_5 (LSTM) (None, 100) 80400

dense_3 (Dense) (None, 7) 707

Total params: 22,273,207
Trainable params: 22,273,207
Non-trainable params: 0

Train on 4753 samples, validate on 1189 samples
Epoch 1/100

4753/4753 [

1.8066 - val_accuracy: 0.2590
Epoch 2/100

4753/4753 [

1.8080 - val_accuracy: 0.2574
Epoch 3/100

4753/4753 [

1.7996 - val_accuracy: 0.2590
Epoch 4/100

4753/4753 [

1.7852 - val_accuracy: 0.2767
Epoch 5/100

4753/4753 [

1.7342 - val_accuracy: 0.3045
Epoch 6/100

4753/4753 [

4753/4753 [
0.4559 - val_accuracy: 0.8654

] - 116s 24ms/step - loss

] - 122s 26ms/step - loss

] - 122s 26ms/step - loss

] - 123s 26ms/step - loss

] - 1225 26ms/step - loss

] - 122s 26ms/step - loss
] - 121s 26ms/step - loss
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: 1.8254 - accuracy: 0.2607 - val_loss:

: 1.8009 - accuracy: 0.2712 - val_loss:

: 1.7953 - accuracy: 0.2767 - val_loss:

: 1.7850 - accuracy: 0.2819 - val_loss:

: 1.7628 - accuracy: 0.2939 - val_loss:

:1.7212 -
:0.1829 - accuracy: 0.9360 - val_loss:



Epoch 95/100

4753/4753 [
0.4605 - val_accuracy: 0.8696
Epoch 96/100

AT53/4753 [

0.4633 - val_accuracy: 0.8612
Epoch 97/100

4753/4753 [

0.4557 - val_accuracy: 0.8663
Epoch 98/100

4753/4753 [

0.4722 - val_accuracy: 0.8621
Epoch 99/100

4753/4753 [

0.4657 - val_accuracy: 0.8671
Epoch 100/100

4753/4753 [

0.4716 - val_accuracy: 0.8671
testing Accuracy: 92.1308
training Accuracy: 94.3958

] - 121s 25ms/step - loss

] - 1225 26ms/step - loss

] - 122s 26ms/step - loss

] - 121s 26ms/step - loss

] - 121s 25ms/step - loss

] - 121s 25ms/step - loss

69

:0.1823 - accuracy: 0.9333 - val_loss:

:0.1799 - accuracy: 0.9400 - val_loss:

- 0.1806 - accuracy: 0.9415 - val_loss:

:0.1682 - accuracy: 0.9411 - val_loss:

- 0.1643 - accuracy: 0.9455 - val_loss:

- 0.1685 - accuracy: 0.9430 - val_loss:
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