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2.8.2 Glove 

Both CBOW and Skip-�*�U�D�P�V���D�U�H���³�S�U�H�G�L�F�W�L�Y�H�´���P�R�G�H�O�V�����L�Q���W�K�D�W���W�K�H�\���R�Q�O�\���W�D�N�H���O�R�F�D�O���F�R�Q�W�H�[�W�V���L�Q�W�R��

account. Word2Vec does not take advantage of global context. Glove embedding by contrast 

leverage the same intuition behind the co-occurring matrix used distributional embedding, but uses 

neural methods to decompose the co-occurrence matrix into more expressive and dense word 

vectors. While Glove vectors are faster to train, neither Glove nor Word2Vec has been shown to 

provide definitively better results rather they should both be evaluated for a given dataset. In 

contrast both Word2vec and Glove leave unseen words as out-of-vocabulary words. 

2.8.3 FastText  

Facebook released an embedding model that recently attracted a great deal from the machine 

learning community especially for morphologically rich languages called FastText in 2016. The 

main goal of the FastText embedding is to take into account the internal structure of words while 

learning word representations; this is especially useful for morphologically rich languages like 

Amharic, where otherwise the representations for different morphological forms of words would 

be learnt independently. The semantic and syntactic information of words that are contained in 

these vectors make them powerful features for NLP tasks. One issue FastText criticized is its 

memory consumption to construct character n-gram level, it takes longer to generate FastText 

embedding compared to word2vec model. However, word2vec and Glove treats each word in 

corpus like an atomic entity and generates a vector for each word. In contrast, FastText treats each 

word as composed of character n-grams. So the vector for a word is made of the sum of these 

characters n grams. With this manifest it benefits to generate better word �H�P�E�H�G�G�L�Q�J�¶�V for rare 

words. Moreover, FastText predict vector for out of vocabulary words from its character n-grams 

even if the word doesn't appear in the training corpus. So, with this intuition, we proposed to use 

FastText as a word vector generating model for this work. 

 

 

 

 

https://nlp.stanford.edu/projects/glove/
https://en.wikipedia.org/wiki/Bag-of-words
https://en.wikipedia.org/wiki/N-gram#Skip-gram
https://nlp.stanford.edu/projects/glove/
https://nlp.stanford.edu/projects/glove/
https://fasttext.cc/
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CHAPTER THREE  
 METHODOLOGY  

3.1   Introduction  

This chapter explains a research methodology to build a dataset, design and implementation of 

Amharic aggression detection to achieve research objectives and answer the research question. 

The first step is collecting and preprocessing the dataset. Second is transforming the texts into 

vectors that are comprehensible by the deep learning algorithms. Third is building the prediction 

model that is a deep learning model. Finally, is the evaluation of the model in detecting aggressive 

texts? The following section in this chapter explains and justifies the methodology used in 

conducting the study on aggression detection for Amharic languages.                          

3.2  Dataset building  

3.2.1  DATA COLLECTION  

To classify the aggression level across Facebook and Twitter for Amharic language users, we have 

�E�X�L�O�W���D���F�R�U�S�X�V���R�I���X�V�H�U�V�¶���F�R�P�P�H�Q�W�V���D�Q�G���U�H�S�O�L�H�V���L�Q���G�L�I�I�H�U�H�Q�W���J�U�R�X�S�V���R�U���S�D�J�H�V���U�H�W�U�L�H�Y�H�G���I�U�R�P��social 

media public pages of Ethiopian Broadcasting pages, Political Party, Politician and Government 

Office Official Pages, activist, Religious Media and Religious Group Pages, Bloggers and 

Journalists pages and groups. In order to collect the post and comments, a list of the Facebook and 

Twitter public pages is gathered based on the content this page disseminates to the public view to 

have a diverse source of pages and have a representative dataset such as Fana broadcasting 

corporation, Amhara mass media agency, ESAT tv, EBS tv, Fana tv, OMN tv, Mereja.com, Abbay 

media, Berera newspaper, Dire Tube, VOA Amharic, ASRAT tv, Asrat mediahouse, Abbay media, 

Wolkayt Tegedie Amhara Revolution,Yehabesha.com, EPRDF Official, Amhara Democratic 

Party /ADP/ CC , FDRE Communication Affairs Office Ethiopia, Amhara Press, Bete Amhara, 

Amhara Media Service, Tamagne Beyen, Pm Abiy Ahmed-daily news, Jawar Mohamed page, 

Eskinder Nega pages, ���Ñ �Ç�U  ���:�Ñ  �%�d�:�¦�é�¥ ���K�L�J�L�Q�D���I�L�W�L�K�L���E�H�¶�¯�W�L�\�•�S�¶�¯�\�D��, �¢ �b�ç�÷  �ƒ�Ú�;�B  �ç�Ñ�%�ù  

�%�È�W�ª�ù ���\�H�¶�—�P�D�U�D���Z�H�W�¶�D�W�R�F�K�L���P�D�K�L�E�H�U�L���E�H�J�R�Q�L�G�H�U�L���� Mahiberekidusan page, �¢�b�ç�÷  �* �à�÷�…  �W���U��  

National Movement of Amhara , Soccer Ethiopia ET , Minister of Transport, FDRE Et , Tigrai 

tv, Gamo media group, social pages collected from February 2020 to July 2020. These pages 

typically post discussions on political, social, economic, religious, and environmental topics and 

issues. 
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 We used Facebook and Twitter comments for this study for the following reasons:  

1. Facebook and Twitter is used by different users to express their opinions about different 

posts which can be a valuable source to estimate the opinions of people.  

2. The number of users is increasing day by day and diversity of opinions is also increasing. 

3.  Facebook and Twitter provides different ways to create a page, group or community which 

may include education, political, business and others.  

There are several sampling metrics or criteria that can be used to select these pages or a user on a 

social media platform. This study considered the following sampling criteria and metrics used for 

selecting a public page from the categories:   

�¾ Active public pages included in categories which uses Amharic language frequently 

�¾ The page that posts news or hot issues on politics, ethnicity, religion, or gender daily.  

�¾ The page that uses the Amharic language most frequently for posts and comments. By 

doing so, authors could capture both casual conversations and politically aggressive posts 

and comments 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 





 

31 
 

Table 3.3 Example of aggression showing the three categories  

Text Category 

�§�Ñ�B �(���× �m�ª�ô�B �b�:���ô�×�é�é  �g�W�’���—���: CAG 

�¢�Í�Ô�: �—�Ò�X�B �÷�* �*�“  �ÿ�ù �¥�×���Ù!!! �b�W�«�W �%�Ô� ̂ CAG 

�(�°  �ä�W���×�: �ç�W �b�(�ô�÷�=�ˆ �%�g�÷�ÿ�=�ˆ �ÿ�ù�5�ˆ  �ƒ�Ø  �g�W�¼ OAG 

�5���×�Ù �������ˆ  CAG 

�Â�Ô�(�W �ç�*�R�W �R�  ̂ CAG 

�ä�÷���B  OAG 

�ƒ�§ �d�:�¨�ì�¥   �¢�¿�+�B �†�� �ä�Ò�Y �¥�ÿ�—�U�Ù CAG 

�ç�Ñ�%�ô ���«�ÿ�W �¢�:�Ç�÷�§ �ª�ä�]  �×�×�;�B  �¢�5�ª�÷�º �¢�
�Ô�7�m �¯�ù�¿�:  �ä�Ò�S �ä�Â�W�’�* 
�ª�Ç �R�  ̂

OAG 

�o�*�ù �Ô�*�Ð�ù �*�Ð�ô�ü�+�B �Ì�Â�ù �d�:�¨�ì�¥  NAG 

�b�W�5 �b�Ñ�¥ �—�é �*�Ô�Ñ �5�â�W  �Á�Á�Á�Á CAG 

�g�W�j�� OAG 

�b�W�5 �g�(�*  �b�Í�W �ª�Ç�ê �ç�W�W �Ù�:�R�¯��  �R�  ̂ CAG 

�ˆ���ˆ  �'�Ð�¯  �¿�& �ä�Ú  CAG 
 

3.2.4 Amharic Text Preprocessing   

This subcomponent performs preprocessing of Amharic post and comment for the training and 

testing detection model. This preprocessing is performed based on the Amharic language and basic 

text preprocess techniques such as removing (cleaning) punctuations and special characters), 

normalization, removing stop words and tokenization automatically. 

Stop words are common words, which are a portion of natural language that do not add meaning 

to text documents but make the text appear heavier. Since they do not add meaning, stop words 

can be easily removed without affecting the analysis process. Their removal reduces the number 

of features to be considered and as such can improve the performance of a classifier. 
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3.2.4.3  Token removal  

 Removing irrelevant or redundant features is frequently used for most ML methods. At this point, 

tokens are the most basic features of text. Consequently, irrelevant tokens are removed before 

more complex features are calculated. The removal of tokens depends on the actual task and is 

thereby a domain specific task. The three token types listed below are commonly removed. 

Stop words  -not all words contribute the same amount of meaning, therefore words not 

contributing to the requested meaning can be ignored. In this thesis, we prepared stopwords lists 

manually from our corpus manually. Stop words are identified through assembled corpus and are 

entirely removed using python codes. Typical stop word corpora contain words like " �Ç�W", " �R� "̂, 

" �R�Ñ", " �U�B�Í", �D�Q�G���³�R�%�ù" . 

Numbers -the meaning of a number depends on the context and format of it. This makes a number 

particular difficult to interpret. For instance, numbers might be nominal or numerical and different 

units can measure the same property as meter and centimeter. This required knowledge is difficult 

to acquire and numbers cannot be represented in the same way words are encoded, therefore 

numbers are predominantly ignored or replaced with one special token for all numbers. Some 

specific methods introduce additional hand-crafted rules for numbers. 

Special Characters  -apart from punctuation marks many texts use other special characters as 

well. Commas, parenthesis, bullet points, etc. are used to structure a text. Logically those structure 

elements do not carry any meaning if the structure is disregarded. Nevertheless, certain texts assign 

some meaning to certain sequences of special characters. The most prevalent case is text emoticons 

and non-Amharic characters. 
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Punctuation Mar ks Removal - The Amharic writing system uses the same punctuation marks, 

however, only a few of them are practically used, especially in computer-written text. The word-

separator (HuletNetib), two square dots arranged like colon (:), and sentence-separator (aratnetib), 

four square dots arranged in a square pattern (::), in a writing system that are used consistently. 

This day, the use of HuletNetib is not seen in modern typesetting. In typesetting its place is almost 

completely taken over by space. Lists in text are separated by an equivalent of comma, netelaserez 

(��) followed by ASCII space and deribsereze (��), which is the equivalent of the semi-colon. The 

question mark (?) is used. Therefore in this study punctuation marks are removed to prepare 

collected data for the indexing process. This is because the same word that is attached to a 

punctuation mark and that is not attached to a punctuation mark is considered as different words. 

3.2.4.4  Normalization of Amharic words  

Amharic writing system contains characters or symbols, which have the same sound during 

reading. For e�[�D�P�S�O�H�����L�Q���W�K�H���F�D�V�H���R�I���$�P�K�D�U�L�F���W�K�H���F�K�D�U�D�F�W�H�U�V���³�Ì , �Ü, �E, �b and �Š�´���S�U�R�G�X�F�H�V���W�K�H���V�D�P�H��

�V�R�X�Q�G���G�X�U�L�Q�J���U�H�D�G�L�Q�J���Z�L�W�K���F�K�D�U�D�F�W�H�U�V���³�Ï, �ß, �H, �e and �Ž�´���U�H�V�S�H�F�W�L�Y�H�O�\�����2�Q���W�K�H���R�W�K�H�U���K�D�Q�G�� some 

alphabets �V�K�D�U�H���W�K�H���V�D�P�H���V�R�X�Q�G�����V�X�F�K���D�V�����³�Ì , �Ü, and �E�´�����³�ü and �ì �´�����³�b and �• �´�����³��  and �ç�´���D�Q�G���³�ï 

and �÷�´�����$�V���D���U�H�V�X�O�W�����Z�R�U�G�V���Z�K�L�Fh have the same meaning may have different spelling structure. 

�)�R�U���H�[�D�P�S�O�H�����W�K�H���$�P�K�D�U�L�F���Z�R�U�G�V���³�÷�Ü�§�´���F�D�Q���E�H���Z�U�L�W�W�H�Q���L�Q a �G�L�I�I�H�U�H�Q�W���Z�D�\�� �V�X�F�K���D�V�����³�÷�Ì�§�´���D�Q�G��

�³�ï�Ì�§�´�����,�Q���W�K�L�V��thesis, such kinds of problems will be solved by changing the characters and the 

word to their common standard form.  
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Figure 3.2 Preprocessing flow chart 

 

 
 
 

Start 

Load Dataset 

Remove non Amharic characters and numbers 
 

Perform normalization 

Replace Abbreviation 
 

Perform tokenization 

Remove stop words and save dataset 

Stop 



 

37 
 

 

Pseudo code: 3.2 Removing Irrelevant Characters 

Input:  text in a dataset 

 Output:  clean text 

 Begin:  1. Read the text in the dataset;  

             2. While (! end of the text in a dataset):  

                    �,�I���W�K�H���W�H�[�W���F�R�Q�W�D�L�Q�V���V�S�H�F�L�D�O�B�F�K�D�U���>���¶�����#�������A�	�
�@���W�K�H�Q�� 

                                Remove special_char   

                    �,�I���W�K�H���W�H�[�W���F�R�Q�W�D�L�Q�V���V�\�P�E�R�O���>���!�½�¾�©���ª� �� `~_/] then  

                                Replace symbol and add space 

                    If a text contains geez_number [ ��  ��  �  �!  �"  �#  �$  �% �&  �'  �(  �)  �*  �+  �,  �-  �.  �/  �0] then  

                               Remove geez_number 

                     If a text contains Amharic_Punc='[= ���������� �� ] then  

                               Remove Amharic_Punc  

                    If text contain English_word_num = [a -z A-Z] [0 -9]    then  

                               Remove English_word_num  

                     If text contain number = [0 -9]    then  

                              Remove number  

                     If a text contains emoji = [emoji]  then  

                              Remove emoji  

                      If a text contains extra white space then 

                               Trim the text              

        3. Return clean_text;                  

 End:  

Algorithm 3.2 Removing Irrelevant Characters (adopted from (Yonas & Tilahun, 2019)  ) 
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3.4 Imbalanced learn in deep learning  

The learning phase and the subsequent prediction of deep learning algorithms can be affected by 

the problem of data imbalance. The balancing issue corresponds to the difference between the 

numbers of samples in the different classes. In this situation, the decision function of the different 

learning models could be highly impacted, with an important imbalanced ratio, favoring the class 

with the greater number of samples usually known as the majority class. There are two methods to 

address the imbalance problem of datasets, we can either choose an appropriate performance 

metric or resample the datasets. The metrics such as Confusion Matrix, Precision, Recall and F1 

Score are designed to give a more truthful result when working with imbalanced classes. 

There are two main methods of resampling that can use to even-up the classes: add copies of 

instances from the underrepresented class called over-sampling; delete instances from the over-

represented class, called under-sampling. The random sampling approach is very easy to 

implement and fast to run. But the random under-sampling always leads to loss of information. 

And random over-sampling adopts a simple replicated sample strategy to increase the minority 

samples, it can easily lead to overfitting problem, that is, the features learned by the model are too 

specific and not generalized. 
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Problem with Imbalanced dataset:  

�¾ Algorithms may get biased towards the majority class and thus tend to predict 

output as the majority class. 

�¾ Minority class observations look like noise to the model and are ignored by the 

model. 

�¾ Imbalanced dataset gives misleading accuracy score. 

We use two methods to address the imbalance problem of datasets, we choose different 

performance metric and resample the datasets with SMOT resample algorithm. The metrics such 

as Confusion Matrix, Precision, Recall and F1 Score are designed to give a more truthful result 

when working with imbalanced classes. There are two main methods of resampling that can use 

to even-up the classes: add copies of instances from the underrepresented class called over-

sampling; delete instances from the over-represented class, called under-sampling. The random 

sampling approach is very easy to implement and fast to run. But the random under-sampling 

always leads to loss of information. And random over-sampling adopts a simple replicated sample 

strategy to increase the minority samples, it can easily lead to overfitting problem, that is, the 

features learned by the model are too specific and not generalized. 
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Table 4.1 Description of the Tools and Python Package Used During the Implementation 

Tools 

Tools   Version  Description 

Jupyter notebooks 3.7.6 A web-based integrated development environment for 
interactive computing. 

TensorFlow 1.13.2 TensorFlow is widely used for machine learning, deep 
learning and numerical computations. In this study it was 
used as the backend for training the LSTM on CPUs 

Keras 2.3.1 Keras greatly simplifies deep learning tasks in Python. It 
runs on top of TensorFlow and has built-in and easy to 
work with implementations of various neural networks 
models. In this study Keras was used to create, train, 
store, load and do all other necessary operations with 
LSTM. 

Anaconda Navigator 3 Allows us to launch development applications and easily 
manage conda packages, environments, and channels 
without the need to use command-line commands. 

Pandas 1.0.1 Pandas is a library that greatly simplifies datasets 
processing, display and analysis.  

NumPy 1.18.4 NumPy is a fundamental Python library for scientific 
computing, making it simpler to work with arrays, 
matrices, use high-level math functions etc. This library 
was heavily used in this work for operations on data 
structures and various computations. 

Gensim 3.8.3 It is a free python library designed to extract semantic 
topics from documents by extracting statistical co-
occurrence patterns within a corpus of training 
documents in an unsupervised way automatically.   

matplotlib - Matplotlib is a plotting library. It provides a vast number 
of built-in plots for various data graphical representation 
purposes. In this study it was used to visualize dataset 
sequences and LSTM train history. 

python 3.7.6 Easy to learn, powerful programming language to 
develop a machine learning application. 

Excel 2013 Used data preparation tasks in cleaning, filtering and 
sorting the gather data. Also, used to manage the 
annotation task. 

t-distributed stochastic 
neighborhood 
embedding(t-SNE) 

1.4.0 An algorithm for visualization word embedding based on 
Stochastic Neighbor Embedding  

imblearn 0.7.0 Imbalanced-learn Python library, to use oversampling 
approach or undersampling approach to rebalance the 
original training set. 

IBM SPSS 2020 
 

It is a software that offers advanced statistical analysis and 
kappa agreements.  
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4.3  Implementation of FastText  

To implement FastText, this thesis uses a python Genism module which is used to implement 

different embedding methods. We train two word embedding, word2vec and FastText. First import 

and instantiate word2Vec class and FastText with necessary parameter and builds the vocabulary, 

and training the Word2Vec model using the posts and comments that are gathered from the select 

pages. We use 221,568 Amharic comments to train FastText and word2vec. FastText predict 

vector for out of vocabulary words from its character n-grams even if word doesn't appear in 

training corpus. FastText also learn vectors for sub-parts of words called character n-grams 

�H�Q�V�X�U�L�Q�J���W�K�D�W���H���J�������W�K�H���Z�R�U�G�V���³�ä�5�(�%�ù �´�����³�Ô�ä �5�(�%�ù �´���´���'�5�(�%�ù  �´�����´���5�(�%�ù �´���D�Q�G���³���W�5�(�%�ù �´���D�O�O��

fall into same dimension in vector space, even if they tend to appear in different contexts. This 

feature enhances learning on heavily inflected languages. 

With this manifest it benefits to generate better word embeddings for rare words. Moreover, 

FastText predict vector for out of vocabulary words from its character n-grams even if word doesn't 

appear in training corpus. In contrast Word2vec leaves unseen words as out-of-vocabulary words. 

So, with this intuition, we proposed to use FastText as word vector generating model for this work. 

As it is extension to Word2Vec model, FastText also has two architectures for computing word 

representations called Skip-gram and CBOW (continuous-bag-of-words). The Skip-gram model 

learns to predict a target word given a nearby word. On the other hand, the CBOW model predicts 

the target word according to its context. For instance, given the sentence �³�%�ù�6  �%�¢�:�]�ˆ�é  �+�8  

� ¥ � Ô �W  �ü�‰ �B  �¢ �æ�j�ÿ�Ô�ˆ�W  �ä���†�g�:�R�:  �j���Ô�W  �d�:�¨�ì�¥�B�W �W �j��  �g�U�ª�ù�Å�Ô�W �´�� �D�Q�G�� �W�K�H�� �Warget word 

�³�ä���†�g�:�R�: �´���� �7�K�H�� �6�N�L�S-gram model predicts the target using a random close-by word, like 

�³�j���Ô�W �´���R�U���³�g�U�ª�ù�Å�Ô�W �´�����:�K�H�U�H�D�V���W�K�H���&�%�2�:���P�R�G�H�O���W�D�N�H�V���D�O�O���W�K�H���Z�R�U�G�V���L�Q���D���V�X�U�U�R�X�Q�G�L�Q�J���Z�L�Q�G�R�Z����

like { �ü�‰ �B : �¢ �æ�j�ÿ�Ô�ˆ�W , �j���Ô�W : �d�:�¨�ì�¥�B�W�W , �j�� : �g�U�ª�ù�Å�Ô�W }, and uses the sum of their vectors 

�W�R���S�U�H�G�L�F�W���W�K�H���W�D�U�J�H�W���Z�R�U�G���³�ä���†�g�:�R�: �´�� 

 

Figure 4.1 Sample Code for Building FastText word embedding 





 

49 
 

 

Figure 4.2 Visualization of 50,000 words from the fastText vector produced by t-SNE  

In the above Figure, Figure 4.2 �³�ä�5�(�%�ù�Ç, �³�Ô�ä�5�(�%�ù�Ç, �³�'�5�(�%�ù�Ç, �³�5�(�%�ô�Ç  and �³���W�5�(�%�ù�Ç��

exist in the same space vectors. This clearly shows FastText word embedding is importance for 

morphologically rich language like Amharic.  
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The notion of word similarity in vector space is very useful in larger semantic tasks. Knowing how 

similar two words can help in computing how similar the meaning of two phrases or sentences are, 

a very important component of natural language understanding tasks like hate speech detection, 

and aggression detection. FastText put similar words in one vector space which is important for 

the identification of aggressive comments contextually with spelling errors also. 

 

Figure 4. 3 Top 10 similar words in FastText  

In the above Figure, Figure 4.3 �³�Ô�ç�Å�â�: � ,́ �³�Ô�ç�Å�ß�:�U � ,́ and �³�Ô�ç�Å�ä �: �  ́refers the same word 

�³�Ô�ç�Å�ß�: �´���Z�L�W�K���W�\�S�L�Q�J���H�U�U�R�U. This clearly shows FastText word embedding can handle typing 

error, and words which has similar meanings also considered easily with typos problem. 

We use the following hyperparameters for FastText: 

Table 4.2 Parameters of FastText  

Hyperparameters Value 
Size 400 
Window 5 
Min_count  2 
workers 4 
sg 1 
Iteration 10 
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4.4  Implementation of Deep learning model  

The implementation of proposed models are constructed based on using Python programming 

language working on Jupyter Notebook. Python has a large number of scientific libraries for data 

processing and deep learning approaches. Some libraries are presented in the following sections 

and their relevance to this thesis are described. 

4.4.1 Library  

4.4.1.1  TensorFlow 

TensorFlow is an open source software library for numerical calculations using data flow graphs. 

Nodes represent math operations in the figure, and edges in the figure represent multidimensional 

data arrays, i.e., tensors, that relate to each other. Its flexible architecture allows you to expand 

computing on a variety of platforms, such as one or more CPUs (or GPUs), servers, mobile devices, 

and more in desktop computers. TensorFlow was originally developed by researchers and 

engineers from the Google Brain Group (part of the Google Institute for Machine Intelligence) for 

machine learning and deep neural networks, but its versatility makes it widely used in other 

computations field. 

4.4.1.2  Keras  

Keras (Manaswi, 2018) is a high-level neural network API, Keras is written in pure Python and 

based on TensorFlow, Theano and CNTK backend. Keras was born to support rapid 

experimentation and quickly convert your ideas to results. Keras is highly modular, minimalist, 

and scalable, so it supports simple and fast prototyping and model CNN and RNN, or a 

combination of the two models, switch CPU and GPU seamless. 

�.�H�U�D�V�¶�V design principle is user-friendly. Keras is an API designed for humans. The user 

experience is always the primary and central part of the consideration. Keras provides a consistent 

and concise API that drastically reduces the workload for users in general use, while Keras 

provides clear and practical bug feedback. A model can be understood as a sequence of layers or 

as a graph of data. Fully configurable modules can be freely combined at the least cost. 

Specifically, the network layer, loss functions, optimizers, initialization strategies, activation 

functions, and regularization methods are all separate modules. 
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4.4.1.3 Deep learning Layer  

�,�Q���R�X�U���H�Y�D�O�X�D�W�L�R�Q���R�I���W�K�H���S�U�R�S�R�V�H�G���V�F�K�H�P�H�����H�D�F�K���F�O�D�V�V�L�¿�H�U���L�V���L�P�S�O�H�P�H�Q�W�H�G���D�V���D deep learning model 

having five layers and is described as follows: 

�¾ �7�K�H���,�Q�S�X�W�����(�P�E�H�G�G�L�Q�J�����/�D�\�H�U�����7�K�H���L�Q�S�X�W���O�D�\�H�U�¶�V���V�L�]�H���L�V���G�H�¿�Q�H�G���E�\���W�K�H���Q�X�P�E�H�U���R�I���L�Q�S�X�W�V���I�R�U��

�W�K�D�W���F�O�D�V�V�L�¿�H�U�����7�K�L�V���Q�X�P�E�H�U���H�T�X�D�O�V���W�K�H���V�L�]�H���W�R���W�K�H���Z�R�U�G���Y�H�F�W�R�U���S�O�X�V���W�K�H���Q�X�P�E�H�U���R�I���D�G�G�L�W�L�R�Q�D�O��

features. The word vector dimension was set to 400 so that to be able to encode every word 

in the vocabulary used.  

�¾ The Bidirectional LSTM layer. BiLSTM extract word information from both directions. 

This layer is fully connected to both the Input and the subsequent layer. 

�¾ The Attention Layer. We add an attention layer for finding the contribution of each word 

by assign a weight to each word feature to the whole sequence. 

�¾  The dense layer. The output of the BiLSTM with attention was run through an additional 

layer to improve the learning and obtain more stable output. The ReLU activation function 

was used. Its size was selected equal to the size of the input layer.  

�¾ The output layer. This layer has 3 neurons to provide output in the form of probabilities for 

each of the three classes neutral, covertly, and overtly aggressive. The softmax activation 

function was used for this layer. 

 
Hyperparameters used: 
 

                                      Table 4. 3 BiLSTM parameters 

Hyperparameters Value 
Word embedding size 400 
Max sentence length 100 
Dropout after word embedding 0.6 
Num of BiLSTM cells 256 
optimizer Adam 
Batch-size 50 
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4.5 Train -test split  

The final preprocessing step splits the data into a training, validation, and test set. The deep 

learning modules use the training set to update the weights of the model. Subsequently, the 

validation set is utilized to assess models during the optimization processes. Finally, the models 

predictions are evaluated on the test set. The aggression corpus consists of 4583, 1416 and 4001 

for neutral, covertly and overtly aggressive comment respectively with a total number of 10,000 

sentences. Therefore, this thesis have approximately  80% of the sentences in the training set, 10% 

in the validation set, and 10% in the test set. A summary of the number of sentences, the number 

of cases and the number of annotations in the dataset are shown in Table 3.1. 

4.6 Evaluation Measures  

4.6.1 Accuracy  

Accuracy, being the most intuitive performance measure, provides information regarding how well 

the algorithm can correctly classify inputs. Following this knowledge, accuracy will only be used 

as a reference to overall performance instead of the main performance measure. Accuracy is the 

�P�R�V�W���S�R�S�X�O�D�U�� �S�H�U�I�R�U�P�D�Q�F�H�� �P�H�D�V�X�U�H�� �X�V�H�G�� �D�Q�G�� �I�R�U�� �J�R�R�G�� �U�H�D�V�R�Q���� �,�W�¶�V�� �H�[�W�U�H�P�H�O�\�� �K�H�O�S�I�X�O���� �V�L�P�S�O�H�� �W�R��

compute and to understand. It is the proportion of the correctly classified samples and all the 

samples. 

Accuracy: It is simply a ratio of correctly predicted observation to the total observations. Accuracy 

is a great measure but only while having symmetric datasets where values of false positive and 

false negatives are almost similar (Devishree & Marseline, 2018) . 

�#�?�?�Q�N�=�?�U
L
�6�2����������
E�����������6�0

�6�2������
E�����6�0������
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4.7  Experimental  Results  

Many experiments were implemented to confirm the effectiveness of the proposed model. Two 

different experimental approaches are presented to evaluate the performance of the proposed 

model. The first approach is to compare the performance of the word2vec and FastText word 

embedding models in deep learning created through the classification success of the proposed 

model. In the second approach, the performance of the proposed model is compared with other 

deep learning known algorithms with combination, BiLSTM-CNN on this data set.  

Many libraries and tools are available for developing deep learning models. Keras is one of the 

most preferred software frameworks. TensorFlow is used in the backend of Keras, which provides 

support for the CPU or GPU environment. 

Table 4.4: Evaluation results with precision, recall and F1-score evaluation metrics 

Model Aggression Precision Recall F1-score #Samples 
BiLSTM 
+ 
FastText 

NAG 0.73       0.84       0.79       481 
CAG 0.59      0.25       0.35       144 
OAG 0.69     0.71     0.70        375 
Avg/Total 0.71       0.71       0.71       1000 

BiLSTM 
+ 
Word2vec 

NAG 0.75       0.80       0.78       481 
CAG 0.41       0.25       0.31 144 
OAG 0.69       0.73       0.71        375 
Avg/Total 0.70     0.70     0.70     1000 

BiLSTM-
CNN 
+ 
FastText 

NAG 0.79       0.77       0.78        481 
CAG 0.37       0.45       0.41        144 
OAG 0.72            0.68       0.70        375 
Avg/Total 0.69       0.69       0.69       1000 

BiLSTM-
CNN 
+ 
Word2vec 

NAG 0.73      0.81       0.77        481 
CAG 0.46       0.38       0.42        144 
OAG 0.72       0.66       0.69        375 
Avg/Total 0.70      0.70      0.70      1000 

           

In Table 4.4, Precision, Recall, F1-score and Accuracy was analyzed for BiLSTM and BiLSTM-

CNN with FastText and Word2Vec word embeddings, and BiLSTM achieved highest 

classification accuracy, precision, recall and F1-score.  
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Confusion matrix for BiLSTM with FastText and word2vec word embedding: 

          

A) BiLSTM with FastText word embedding     B). BiLSTM with  word2vec word embedding 

               Figure 4.6 Confusion matrix of BiLSTM with FastText and word2vec word 
embedding 

Confusion matrix for BiLSTM-CNN with FastText and word2vec word embedding: 

 

B) BiLSTM-CNN with FastText word embedding B). BiLSTM-CNN with word2vec word 

embedding 

Figure 4.7 Confusion matrix of BiLSTM-CNN with FastText and word2vec word embedding 
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We evaluated classification model by using different metric, achieving an average result as 

presented in table 4.4, table 4.5 and Figure 4.6 and Figure 4.7 for confusion matrix result. It was 

evident that the BiLSTM with FastText outperform to classify non-aggressive, covertly and overtly 

aggressive with 0.7631, 0.71, 0.71 and 0.71 accuracy, F1-score, Precision and Recall respectively 

with Facebook and Twitter Amharic language aggressive posts and comments. The BiLSTM-CNN 

better result for FastText model with 0.751, 0.70, 0.70 and 0.70 accuracy, F1-score, Precision and 

Recall respectively. 

The evaluation results can be observed that precision, recall, and F1-score of Non-aggressive class 

are higher than other two classes. Similarly, for the Covertly Aggressive class all these metrics are 

lower than other classes. This is because, CAG is hidden aggression in CAG class posts and it is 

very difficult to identify that type of posts. For CAG class our proposed method is not doing well 

because the dataset is imbalanced, it is very difficult to balance using synthetic data in 

oversampling method and aggression is hidden in CAG class comments. 

4.8 Error Analysis of the Experiment  

There is the problem of misclassified posts and comments in our model, since most covertly violent 

texts (Neutral & overtly aggressive) are both misclassified. This occurs due to the following 

reasons. The complex nature of covertly aggressive and lack of a clean rule to separate this content 

and imbalance data. The other reasons are slang words which has different meanings other than 

the common one and sentences without spaces which makes the models to fail to incorporate 

essential features, and also the occurrence of the same word for each class text could cause 

incorrect features to be used by the models to classify the comments incorrectly. Also, their 

optimized value could not be the network parameters we used in our experiments. The above-listed 

issues influence the efficiency of the established model and misclassification takes place. 
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CHAPTER FIVE  
 CONCLUSION  AND RECOMMENDATION  

In this study, we designed and developed the Amharic aggression detection model. It uses a 

prediction model trained on a network model build using deep learning network architectures, 

BiLSTM with fastText word embedding.  

5.1  Conclusions    

Nowadays, there is a huge amount of data exchanged between users every day in social media and 

has a lot of positive or negative effects on user life, among those huge amounts of data aggressive 

texts on Facebook and Twitter play a major role in negatively affecting user life by imitating them 

for conflict based on their ethnicity, faith, ethnic group or any other attributes that could distinguish 

indigenous life which could affect individuals or groups with open or hidden expression. 

A model is constructed in this study that can detect aggressive content using BiLSTM, BiGRU 

and BiLSTM-CNN. We begin to define the aggressive text to effectively enforce the model, which 

is the text consisting of both covertly and overtly content based on their description, and we 

examine current aggression detection techniques. In this work, we have used our trained FastText 

word embedding model to generate word vectors that can able to capture syntactic and semantic 

relations of words and randomly generated vectors using the embedding layer. The FastText word 

embedding take into account the internal structure of words while learning word representations; 

this is especially useful for morphologically rich languages like Amharic. The semantic and 

syntactic information of words that is contained in these vectors make them powerful features for 

NLP tasks like aggression detection. We experimented using state of the art deep learning 

algorithms such as BiLSTM, BiGRU and BiLSTM-CNN with FastText and Word2Vec 

embedding. BiLSTM achieved better performance with an accuracy of 76.31%  with FastText 

embedding. This research showed positive results, but this finding is enhanced by more detailed 

future work. 
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