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ABSTRACT

Natural language processing is a science that explores how systems read and interpret people's
language. In recent years, social networks have become extremely popular. Via various social
media users are far more likely to express their everyday life, ideas or intentions. Intent analysis
is an approach used to analyze user generated contents to a way that is important for decision
making. This research benefits both company's or service provider and customer in terms of
making a wise and effective decision, Major Benefits of Social Media for Businesses Improved
customer insights, Better customer service. The experiments are conducted on data that
collected from You-tube API during the simplicity of data scraping and filtering features. The
aim of these research analyzing Amharic text and extract intentions behind a huge text data.
And classify tokens into five classes (positive, negative, suggestion, wish, and question). In
addition, investigate the impact of noise input data which misspelled and extra white space

could affect proposed model.

Keyword: -Intent Analysis, Sentiment Analysis, NLP, NLU, Opinion Mining, Machine Learning

Xl



CHAPTER ONE
1 INTRODUCTION

1.1 Background of the study

Intention analysis is a computational process that analyzes people’s wants and state of mind by
utilizing NLU process. Intention analysis is an open domain, a natural language understanding
issue, and it is greatly difficult to handle . Natural Language Understanding (NLU) is a field of
Natural Language Processing (NLP) that deals with the conversion of natural language into a
semantic representation that a computer can interpret. User intent filtering, intent domain
identification, intent parsing, and extraction are some techniques procedure for the general NLU
process .

Ambharic is written left-to-right in its unique script (inherited from the clerical Ge'ez and shared
with Tigrinya) which lacks capitalization and in total has 275 characters (mainly consonant-
vowel pairs) . It is the second largest Semitic language in the world (after Arabic) and is spoken
as a first or second language by around 40 million people. . Amharic-based NLP researches like
opinion mining classify text as positive, negative, or neutral is the most common labels for text
data.

Although review of sentiment is beneficial, it is not a complete substitute for reading survey
responses. The sum of user-generated data will be a basis for a variety of decision-making
processes in various fields. This is because these statistics may have a valuable resource for
interpreting people's emotions. Depends what the applications demand or require. For example,
if a medical application only requires to test positive or negative for a disease, then binary
classification is sufficient, but if the application also requires multi class classification social
media platform or E-commerce platforms have further two class to express user felling and also
identify user generated intention

Intention Analysis is a computational task that analyzes people’s desires, wishes, and attitudes
from user-generated texts. That is why sentiment analyses is not enough to express user intent
representation. “NeU-+ «mC P PN$% LA it classifies as positive “Nmge paqa” this text also has
negative content those kinds of classification achieved by sentiment analysis with different

approaches and performance. Analyzing user intention in advance and deep analysis further
1



being classified as positive or negative. "AU-7 A9 AN 2 or <97 ANd 2~ These kinds of
comment wide to classify by common opinion mining positive or negative.
This paper formulates the absence of intent classification model as a problem for Amharic
language. This work will redefine the pre-defined classification model flexible and advance
classification labels to demonstrate the effect of this work. This paper use machine learning
technique to extract and identify the labels. As mentioned making deep analysis will give a more
accurate representation of each sentence, for example, one car manufacturer company produce
a new model car and promote on the official social media page, the car color is black so on the
comment section the client most of them comment «a®hsm P94 17C 17 $& U7 P+AA 107
Based on this comment, classifying this statement in sentiment analysis can’t represent as
positive, negative or neutral. That’s why this work has to take an advance and deep analysis
model to specifically and truly addressable representation of user comments in Amharic based
intent classification model. Comment represented based on our classification model as
“suggestion” this label more represents this individual intention comment. When it seen from
both sides from the client and service provider, the service provider gets well and full
representation of customer insight also client intention can have acknowledged and rated as use
full information. On the previous research, most of the work related to this paper is done on
sentiment analysis that classifies Amharic text into three basic and well-known classification
labels.
Many pieces of research have been done for resource-rich languages, such as English and
Arabic. The researchers followed different approaches such as the Machine learning approach
. Previous Amharic text classification researches related with entity recognition, opinion mining
. This thesis focuses on developing LSTM based intent analysis that studies the effect of intent
analyses in Amharic text and investigates misspelled input or test data effect on an intent
classification model that could lead vary between wrong class domain” H¢ 20 NA=5 example of
misspelled text.
As mentioned earlier, knowing user intent is a very difficult NLP problem to overcome.
However, in this work, its range has been condensed and restricted in order to solve it using
current supervised machine learning techniques. Technically, as follows, many significant
contributions have been made to this work. Develop intent analysis that studies the effect of
2



address user intention using labeled text data, the use of advanced predictive machine learning
model (LSTM) for this role was explored. And identify the effect of noise input data effect on
classification model.

1.2 Intent analysis

Intent analysis is challenging and advance NLP classification that can classify user intention
through different approaches specially addressed social media share information and express
opinions in discussions.. Root cause the identification of user-generated content in social media
allows to address why users don't want a product or service. However, the recognition of
consumer insight has a much more useful piece of knowledge in marketing and customer service
terminology . This kind of knowledge helps businesses to tailor their offerings and practices to
consumer intentions. This work deals with those forms of speech acts that can be considered
'intentions' according to a standard dictionary meaning of the term ‘intention," i.e. 'purpose or
strategy.' This paper focuses in particular on the five types of intention labels .(Cohan-Sujay &
Madhulika, 2012; Purohit et al., 2015)

Most businesses use social networking websites on a daily basis to advertise new goods and
services and post updates to consumers. On the other hand, consumers have a wide variety of
ways to communicate their intentions about goods and services. Both in the science community
and in the business world due to the extraordinary gains from marketing and financial
prediction, the chance of catching consumer intentions raised increasing interest. The
knowledge of consumer intentions will encourage web marketing for companies and
advertisers. When applied to product review with well-structured words, syntactic analysis
using word and manual models to extract user intentions has proved effective.

To perform intent extraction and investigation from content posts, its preferable utilize a long
short-term memory(LSTM) , a deep learning model that has been extensively and effectively
used for sentence level NLP tasks such as named object identification, language processing, as
long-term dependency information can be implemented. By referring amount of previous
studies, define Intent of consumer as “Users intent is an underlying term for a user attempting
to communicate his/her intention of information or service need, a task-specific, predefined or

latent definition, subject or knowledge-base” (Shang, 2017).



1.3 Statement of the Problem

User intent detection and for many implementations, comprehension has often been a key
concern, such as information retrieval, text mining, and a suggestive or recommended
framework. Today, internet resources are an integral component of modern human life. (Shang,
2017)

The gap that these research try to identify related with natural language processing specifically
based on Amharic language text. There are several researches are existed that related to intent
analysis but they implemented on English(Luong et al., 2017) (Nigam et al., 2019)(Cohan-Sujay
& Madhulika, 2012)(Akulick & Sayed Mahmoud, 2017)(Gyo6rgy, 2017).The absence of
Ambharic language intent analysis model is the main problem try to tackle. There are only limited
number of classification research works on Amharic sentiment analysis due to many reasons
like morphological complexity, in-availability of labeled data in the field of NLP, less existence

of resources, lack of texts available on the web and inaccessibility.

Based on different language the problem might be wider and bigger also viscera in terms of data
structure and resource availability could be make a difference on accuracy and effectiveness of
the model, for that specific language.

Mostly representing user intention through opinion mining positive, neutral, negative domains
but by considering deep and accurate intention classification of users need this kind of intention
classification model and the domain that represent to address user expression well and better
form (Wondwossen Mulugeta, 2014) (J. Wang et al., 2015).

The proposed classification model could be ground for deep and specific mining’s that related
with text format so as gap it will discover and contribute Amharic based intent classification
model this will improve the ability to detect the user intention by fetching text (posts) from the
individuals on specific idea or product. By gathering the posted comment, it can classify the

majority outlook on that specific product.
1.4 Motivation

When | started delving into this research topic, frustrated by issues with text data processing

and simulation. | have found some fascinating things, such as methods, tactics and workflows,
4



which can be used to solve different problems. Analyzing public feedback or Improving
predictions to aid decision-making is really help full to build different digital frame works on
different area from business also for different governmental projects based on digital era. In
Ethiopia there are some startup movement on Al systems it really motivates different
researchers to contribute their own insights. Understanding something is helpful to make wise
and perfect decision. This paper is trying to observe and analyze especially on natural language
processing (NLP) area and there is no attainment on Amharic intent analysis so it’s become new
and contribute basic classification labels on Amharic language. Based on those two reasons

impressed on this NLP research topic.
1.5 Objectives

15.1 General objective

Deploy Amharic Language intent classification model using machine learning approach.

1.5.2  Specific objective

v Analysis of the general grammatical structure of Amharic sentences with the aim for
identifying and determining intent

Build and test Amharic LSTM based intent classifiers model.

Analyze developed model could be affect by noise data.

Develop a prototype to demonstrate the validity of LSTM model.

<N X X

Build web-based application for interact users to the model.
1.6 Research question

User intent mining will be to directly or indirectly use words, subjects, principles, or other
representation approaches to model the desires of the user. It is helpful to better understand user
behavior and offers valuable guidelines for the creation of user centric apps, such as customized
information retrieval, suggestion, user profile development, etc.
In the context of previous debates, this study lift the concerns as follows.

v" Which possible algorithm to perform a better Amharic intent classification model?

v' What is the effect of miss spelled and extra white space inputs data on proposed model?



1.7 Scope

Intent analysis is a modern and dynamic discipline of study that involves productive analysis
and management subjective texts. This research includes the design and development of intent
analysis for Amharic Language comments and posts and is limited on textual data. emoji and
pictures other regional and foreign languages not considered it mainly focus on specific
categorization classification for subjective Amharic posts and comments. Intention polarity
limited on the listed five labels, positive, negative, suggestion, question and wish.

1.8 Contribution

This research contribution for the intent analysis on Amharic by classifying intent as positive,
negative, suggestion, question, and wish this research paper will have the following
contribution
» There is no officially available data set for intent analysis domain this research collects
and contribute Amharic based intent classification domain corpus for the next
researches.
> Develop a LSTM based intent analysis classification model.
» The reviews collected and preprocessed in this paper will be additional resources for the
next research done on Amharic based NLP researches. It will also give research direction
regarding Amharic intent Analysis.

» Analyzing noise data could lead miss classification.

1.9 Significance of the Study

The study provides different benefits for different stakeholders and other researchers. After the
evaluations of the result, it can be applied in different areas:
» The study opens a door and encourage different researchers in Ethiopia, who have the
interest to work on NLP field with different languages.
» Governmental or private companies can also get benefit from the study by to analyze
feed backs customer or employee currently the governmental and private companies
deploy different digital systems and web site this study help to understand customer and

employee intention



» Incorporating Intent Analysis into Business to Improve Customer Experience in terms
of enhancing digital marketing knowing customer demand and intention about the gap
and supply product is more effective and its help full for both sides.

» Performing detail data visualization and flexible result representation to the user on the

web-based application to classify the user intention.

1.10 Thesis Organization

The remainder of this paper is structured as follows. Chapter Two discuss previous research
works on both resource-rich and Amharic language and state of the art approaches for intent
analysis. Chapter Three discuss methodologies, Amharic language challenges, Data properties.
Our proposed approach for intent analysis is elaborated in Chapter Four. The experimental
setups, procedures, evaluation metrics, Results and debate in Chapter Five. Last but not least,

Chapter Six discusses the conclusion and future research direction on Amharic intent analysis.



CHAPTER TWO
2 LITERATURE REVIEW

This chapter describes the related and empirical literature applicable to the key aspects of this
study. The key facets of this research are machine learning systems for processing and
classification strategies of natural languages. Especially Ethiopian languages NLP researches
and foreign languages named intent, entity-recognition and sentiment analyses researches from
foreign and local languages reviewed, state-of-the-art approaches are briefly discussed.

This section briefly reviews previous studies on intention analysis and related topics based
on conceptual and related literatures.

Intent analysis is a process of find and extract different user data from different source. This
type of work is related to NLP and those different papers they use different mechanism to solve
natural language processing problem, so it categorizes in different groups based on the approach

they follow to solve the problem.

2.1 Amharic Language

Ambharic is written in its own special script from left to right (inherited from the clerical Ge’ez
and shared with Tigrinya) lacking in capitalization and with a total of 275 characters (mainly
pairs of consonant vows). Ethiopia is a vast country located in the horn of Africa with more than
80 nations and nationalities that have their language and identity. Amharic which it's a working

language of the country is spoken by more than half of the population. The language uses its
alphabet, £.£4\/ final, inherited from the Geez (Ethiopic) language. (Kelemework, 2013)
(Eyassu & Gamback, 2005) (Sikdar & Gambéck, 2018) (Addis et al., 2018).
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Figure 3.1: sample Ethiopic Script Alphabets (Addis et al., 2018)

2.1.1  Punctuation Marks of Amharic Language
Punctuation marks are conventional signs that help for easy reading and understanding from a
written text. The language in Amharic has about ten punctuation signs. However, mostly used

signs are the end of sentence called AratNetib (“:"), question mark ("?"), an exclamation of

sentence called "4 »o5" ("1") and word separator Hulet Neteb(":") (Kelemework, 2013).

2.1.2 Challenges of Amharic Intent Analysis

Applications like information retrieval, text classifications or document filtering could benefit
more by the existence and accessibility of basic instruments like stemmer, morphological
analyzer, and POS taggers. However, know its little explained about its effect on classification
performance or retrieval accuracy due to a little number of researches on the language (Sikdar
& Gamback, 2018). Methods cannot be directly implemented in the Amharic language due to
some problems that make Amharic language challenging for NLP applications. The challenges
are listed and illustrated as follows.

2.1.2.1 Character Duplication
Some Amharic Language characters have their form but having similar sound, there is no clear
cut where to use these characters (Addis et al., 2018). For instance, the In Amharic, the word

"sUL" ('sun’) can be represented as aUL, R+, 812, 8UL, 842, etc. (Kelemework, 2013), there is

no clear rule to use U, h or "7 and & or 6 by the people use such characters for semantically
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same words interchangeably. The following table shows the characters that have different form
with the same sound (Eyassu & Gambéck, 2005) (Wondwossen Mulugeta, 2014) (Kelemework,
2013)

Sound pattern | Matching Amharic characters
[sa/ M, w
13/ A, B
/ha/ 0, %, dh, 73, D
fia/ h,h,n, D

Figure 3.2Example of Character Redundancy (Eyassu & Gambéck, 2005)

2.1.2.2 Absence of Abbreviation Rule

There is no a clear-cut rule in abbreviating Amharic words. For instance, the word “£h+C” can
be abbreviated as &C, &.C, and &/C , ‘4a®+92YZ+’, meaning ‘AD’, can be abbreviated as %9
, 9.9, &/9™ (Jabbar & Khan, 2015).

2.1.2.3 Spelling Variation

The same word can be written of multiple ways. The word, for instance computer can be written
as hgoTe+C or hg°Tm-+C or, ‘h9>+had’ (‘he hears’) can be written as Amharic nAFe$hd, A9ot4,
nge+Pa, etc. Spelling differences may also occur as foreign words are converted into Amharic.
For instance, the word “tARH7Y (‘television’) can be written as AN, sANHY, $ALHT, etc.
(Kelemework, 2013).

2.1.2.4 Lack of Resource
For instance, there is no collected data set for Amharic language analysis and other NLP
application fields this makes data collection and pre-processing more challenging tasks. There

are not adequately prepared and structured corpora available to be used for research purposes.

2.2 Conceptual literature’s

2.2.1 Machine Learning based Intent Analysis
There are many intent analysis and sentiment analysis researches use machine learning approach

to fulfill the researches of different languages. This study observe and analyze those machine
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learning algorithms, most of they are redundant and well known and effective machine learning
models, like Recurrent neural network(RNN), Support Vector Machine (SVM), Naive Bayes
(NB)(Agarwal & Sureka, 2017) (Shang, 2017) (Gyorgy, 2017) (Wondwossen Mulugeta, 2014).
Some of the researches merged two or more machine learning models to demonstrate the
effectiveness of the sequential segmentation, and also different algorithms to evaluate their
method.

Most of the researches based on the three basic machine learning models, supervised,
unsupervised and semi supervised machine learning models. Supervised machine learning
models uses labeled data set to train and evaluate their models effectively. unsupervised
machine learning models used unlabeled data set to evaluate the model and last one is semi
supervised machine learning models this kind of machine learning model are using both label
and unlabeled data to evaluate the model. (Luong et al., 2017) (Gyorgy, 2017) (Wondwossen
Mulugeta, 2014) (Shang, 2017) (J. Wang et al., 2015), by observing statistical review it can be
said that all of them follow supervised machine learning models to classify and to build a well

and effective model for both sentiment analysis and intent analysis researches.

Paper title Data set Model used Result Limitation

Intent 358 review N-grams, Part Of N-grams have Algorithms should
Detection posts from Speech(POS),Support | better accuracy be tested on a
through Text banking Vector Machine(SVM) | than POS and larger sample of
Mining and institutions SVM data with reviews
Analysis and 100 and posts regarding
(Akulick & review posts multiple industries.
Sayed from Amazon.

Mahmoud,

2017)

Intent Collected LSTM-CRF

Extraction from | totally 712 (Char+Pre+Drop) | This paper mainly
Social Media posts for real LSTM-CRF have better considers extract
Texts Using estate and accuracy intent information
Sequential 1500 posts for from
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Segmentation cosmetic & online social media
and Deep beauty. texts. Intent
Learning classification on the
Models (Luong domains not
etal., 2017) consider.
Intention Only 4113 Naive Bayes Maximum entropy | performed
Analysis for sentences classification, have better effectively on short
Sales, belonged to maximum entropy accuracy than texts long text not
Marketing and categories classification, and others considered during
Customer related to support vector machine the model they
Service opinion classification apply

(praise,

criticize and

compare)

Table 2.1 Table Literature collection on intent analysis papers

2.2.2 Deep Learning based Intent Analysis
Neural networks have recently developed a diverse approach for a range activity, such as image

analysis, price forecasts, natural language processing. Neural networks for speech recognition,
machine translation, description of text, identification of the object, texts generation and many
other tasks are used during natural language processing. Deep learning approaches typically
need a large number of training data for the particular model to be successful and performing
better(Balodis & Deksne, 2019).

Several studies on intention recognition using deep neural network technique (Luong et al.,
2017). However, by classifying or inferring intention from the spoken language using
semantically enhanced word embedding, they directly target queries.

Deep learning model that has been widely and successfully used for sentence-level natural
language processing tasks such as entity recognition, language modeling since they can
integrate long-term dependency information. (Luong et al., 2017)(Purohit et al., 2015). There
are several deep neural networks such as CNN (Convolutional Neural Network) CNN is one of

the deep learning algorithms and it integrates the automatic feature extraction, feature selection
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and pattern classification in a single architecture., RNN (Recurrent Neural Network), Long
Short-term memory (LSTM), Bidirectional Long Short-term Memory (BI-LSTM), most of
those algorithms well known and effective they apply on this researches (Nigam et al., 2019)
(Sikdar & Gambéck, 2018) (Addis et al., 2018) (Shang, 2017).

Deep neural networks have demonstrated that multiple language processing functions such as
part-speech tagging, emotion recognition and name entity recognition (NER) have been
successfully overcome. Another version of LSTM , Bi-directional LSTM deep learning neural
network model better performance was achieved after merging the different features vector with
word embedding’s generated with word2vec (Sikdar & Gamback, 2018)

Identification of query intention as a multi classification task with features of extracted query
vector representations. It indicates the usefulness of indifferent experimental settings.

The findings show that the query vectors derived from the CNN models can be detected easily
and are identical compared with bag-of-word features. In addition, they are automatically
learned from training data, they far outperform the carefully designed rule-based baseline.
(Hashemi et al., 2016)

Paper title

Data set

Model used

Result

Limitation

Intent
Detection and
Slots Prompt
in a Closed
Domain Chat
bot (Nigam et
al., 2019)

vocabulary size is
4229 words,
Training Set Size
10980,
Validation Set
Size 2353,
Testing Set Size
2354

For subcategories
using RNNs, and
find entities using
their Named Entity
Taggers in multiple

stages

The intent accuracy in on
their model came out to
be 75.07% and the
accuracy of the baseline
model turned out to be
63.97%. For slot-tagging
task, the F1 score was
82.24% for our model
and 42.71% for the

baseline model.

Base model they use
traditional RNN. And
this model not test on

other public data sets.
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Named Entity
Recognition
for Amharic
Using Deep
Learning
(Sikdar &
Gambéck,
2018)

SAY corpus is
roughly half the
size of the
WALTA corpus
(having 4,237
sentences and
109,676 tokens),
but all of it is
annotated with
named entities
(with 5,480 of the
tokens being
annotated as

names),

Model-1 uses
randomly initialize
word vectors to
train the LSTM
network Model-2
uses word2vec to
generate a word
vector for each
unique word and
train the LSTM
network classifier
on these word
vectors.

Model-3 takes as
input word
embedding’s
developed using
word2vec along
with the language
independent
features (suffix and
prefix, POS,
frequency and
digit-check).

average precision
(77.2%) and recall
(63.4%), for an overall
69.7% F1-score.
Model-3 is better result
from others

The size of the data set
and LSTM architectural
configuration is reduce

the performance of the

proposed

model
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Studies on
User Intent
Analysis and
Mining
(Shang, 2017)

Manually collect
possible queries
from
crowdsourcing
platform.
Basically,
generally six
categories of user
intent, which are
Call, Command,
Music, Message,
Navigation and

apply a classifier
using convolutional
neural network

to classify user’s
intent, and it
outperforms
several baseline
models. For intent
attribute
recognition,

They use
Conditional

Methods

Accuracy

KNN Classifier
0.5556
Decision Tree
0.8889
Random Forest
0.8519

Nave Bayes
0.5926

Model works on data
with

timestamps and response
categories to predict the
user’s future behaviors,
without considering the

content of responses.

Parking. Random Fields Logistic Regression
with carefully 0.7037
feature engineering | SVM
0.7407
Proposed Method
0.9629
Query Intent | #of queries They Using CNN Query intent detection They are not use better
Detection 10,000 model for standard | results with 125 low- memory management
using classification level intent classes algorithm for
Convolutional | #of low-level measures and CNN 81.6 its better than | query vectors such as

Neural
Networks
(Hashemi et
al., 2016)

intent classes 125

#of high-level

intent classes 14

compare it with the
contrastive
baselines. And for
the clustering task,
they use the
extracted query
representation as
features to group

queries.

others

Also for the Query intent
detection results with 14
high-level intent classes
CNN 90.3

CNN have way more
effective than other in

terms of both features,

recurrent neural
networks with long
short-term memory
networks (LSTM) cells.

Table 2.2Table Literature collection on deep learning intent analysis papers
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2.2.3 Rule Base Intent Analysis
There is a lack of existing rule base intent analysis research papers to show the effectiveness of

this model, compare and list out the best method is difficult so review found some and
particularly try to review. Arijit De uses rule based intent identification the construction of the
basic rule is counterproductive to the efficiency of the short query intention recognition method.
The rule base is a mapping of tag combinations to all domains with some weights. (De &

Kopparapu, 2010) To build the rule-base, they used two distinct methods, the first one

2.2.3.1 System Generated or Semi Supervised Rule Base
The approach they have developed is based on the assumption that if such tags appear in a given

domain, they are more likely to be tag-combined. It's less likely to be a human mistake. (De &
Kopparapu, 2010)

2.2.3.2 Hand Crafted Rule Base
The system can work better using a hand designed rule-base. Handcrafts, however, require

tedious human interaction and are vulnerable to human error. if the domain value is 1 while all
other domains value 0. Domain confidences are not absolute in system-generated rule bases.
For each domain, the trust of the domain can differ between 0 and 1. (De & Kopparapu, 2010)

2.2.4 Literature review on Sentiment Analysis
Sentiment analysis attracts growing interest from natural language processing experts, from

organizations seeking to track consumers' views on their services and goods, and from the
general public in order to gain a viewpoint on subjects of concern. The purpose of Sentiment
Analysis or Opinion Mining is to decide the attitude of a speaker, writer or other subject to a
particular subject or case. Its applicable for different world wide languages we can use different
machine learning, deep learning, lexicon, rule based models to evaluate the implementation for

some specific language and domain of each different reviews.

Maha Heikal wodk a sentiment analysis based on Arabic Language this paper, used an ensemble
model, the combination of to forecast the sentiment of Arabic tweets, Convolution Neural
Network (CNN) and Long Short-Term Memory (LSTM) models. The algorithm they used
reaches 64.46 percent of the F1 score, which beats 53.6 percent of the state-of-the-art F1 model
for the Arabic Opinion Tweets Dataset (ASTD). Consisting of 10,000 tweets spread across 4

groups (positive, negative, neutral and objective). They boost the previous best model in this
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model (RNTN). This model operates on the model for the study of sentiments in Arabic. No

features or dynamic components are used in the proposed model to extract unique features.

There are standard techniques to classification of sentiments such as machine learning, deep
learning of lexicon and hybrid methods that combine machine learning with lexicon to improve
the accuracy of classification of senses. (Heikal et al., 2018) (Jurek et al., 2015) (Mihret &
Atinaf, 2019)

2.25 Lexicon based Sentiment Analysis
A piece of text message is described as a bag of words based on lexicons. Following this

message representation, all positive or negative terms or phrases in the message are given
sentiment values from the dictionary. To make the final prediction about the general feeling for

the letter, a mixture feature such as total or average is used. (Jurek et al., 2015)

Lexicon based sentiment analysis is the unsupervised technique. This technique involves
collecting and building a set of lexicon words that have positive and negative polarities. The
collected combine with some rules of the language to determine the sentiment of a given

sentence.

Anna Jurek proposed A new sentiment analysis algorithm based on lexicons, which has been
designed with the main focus on analyzing Twitter content in real time. The algorithm consists
of two main components, namely sentiment normalization and evidence-based combination
function, which have been used to estimate the strength of the feeling rather than
positive/negative mark and help the process of classification of mixed sentiment and enhance

the algorithm's efficiency in cases when a mixed feeling occurs in a message. (Jurek et al., 2015)
They compared performances of five sentiment analysis algorithms, namely algorithm:

L Technique of general lexicon focused on negation and intensification. Instead, the value of
both positive and negative terms in a sentence is easily summed up. In addition, it classifies
messages as positive, negative or neutral whether the value received is positive, negative or

equal to zero.
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LN Performs an analysis in the same direction as L, but instead of summing it refers to adding

the meanings of positive and negative emotion.

LNS executes LN for each phrase in the message and measures the total positive/negative

sentiment of a phrase as an average of the values for all phrases in the message.

LNW It functions like an LN, but it uses the evidence-based function to identify the message

as positive or negative in the event of mixed opinion within a message.

LNWS Runs LNW inside a message for each statement. For each of the words, the procedure
is repeated. The final sentiment is determined for all the sentences as an average of the values
received. (Jurek et al., 2015)

2.2.6 Rule-based Sentiment Analysis
Most researches that ruled their model to get that the specific objective on the labeled data. that

progressively apply different rule to improve the accuracy those rules might be effective on
some researches also will not for others so they apply different rule for specific objectives model

and domains.

This rule-based approach is difficult because it requires analyses and deep understanding for
each rule to be effective and the rules developed by humans so it’s more consume time to

develop each rules.

The rule-based approach to sentiment analysis facilitates a detailed analysis of the review's
opinion material, ensuring that not only the general sentiment of the review can be identified,
but also each clause's separate sentiment. This offers ample knowledge for a person or incident
to distinguish various positive and negative points. Therefore, such an overview offers more
than a general feeling about the review or the rate of the social networks of a certain entity or
individual. (Romanyshyn, 2013) Sujata Rani proposed adverb-adjective combination as a

feature to improve the earlier only adjectives as a feature (Science, 2014).

2.2.7 Machine learning based Sentiment Analysis
As mentioned earlier in the literature review on intent analysis models they use the most

common and well known algorithms like Nave Bayes, Support Vector Machine (SVM) and

Maximum Entropy. Other features include parts of speech (POS) tags, n-grams, bi-grams, uni-
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grams and word bags-of-words. Mostly they use commonly for both intent and sentiment

analysis.

2.2.8 Deep Learning Sentiment Analysis
Deep learning has emerged as an effective technique in machine learning that studies several

layers of data representations or features and delivers effects of state-of-the-art prediction. Deep
learning is popularly used in the sentiment analysis of recent years, in addition to the growth of
deep learning in several diverse applications. (Alemu, 2018) (Mihret & Atinaf, 2019)

Abdalraouf Hassan propose ConvLstm, a neural network architecture utilizing Long Short-
Term Memory (LSTM) Convolutional Neural Network (CNN), merged these two algorithms in
addition to pre-trained word vectors to minimize the loss of detailed local information and

capture long-term sentence sequence dependencies. (Hassan & Mahmood, 2017)

Wenkuan Li, Peiyu Liu also propose sentiment feature enhanced deep neural network (SDNN).
They are introducing a novel method of sentiment attention mechanism to select a key
sentiment-word-relevant context word. Second, by combining bidirectional gated recurring
units and a convolutional neural network, they try to enhance the neural network in order to

extract sequential correlation information and local text. (W. Li et al., 2019)

2.3 Related works

In this section review sentiment analysis, Amharic based approach and some papers apply a
different Ethiopian language called agew and they use different models, extraction method, and
features. To achieve the highest result. She uses a face book to implement model and the

domains positive negative, neutral.

Most researches on sentiment analysis is based on social media API for evaluate and use as a
data set such as Face book, tweeter, YouTube. yodit teshome (TESHOME, 2019) also work on
sentence level classification on Amharic language. This research is conducted based on data
gathered from social media Facebook without restriction of domain and also comment and

replay comment classify as positive, negative and neutral.

The model is tested extract annotated data and tested using 800 experimental annotated data.

The results of the experiment show the performance of the method has 92% precision and 82%
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recall for positive class, for negative class 94% precision and 96% recall whereas 90 % recall
and 90 % precision for neutral is achieved in the determination of opinion word. (TESHOME,
2019)

Melese Mihret Present the SA model to the Awngi(Agew) the language is spoken in Ethiopia
(Mihret & Atinaf, 2019), Use a supervised approach to machine learning. By collecting some
1500 posts from on-line sources, they build corpus. They tried to improve the calculation
procedure for selecting and weaving features. They proposed a more suitable SA algorithm for

extracts of features called CHI and weight calculations known as TF IDF.

The main focus on this research is the agewi language music review using machine learning
technique to resolve the awngi music review. to give the polarities of positive negative and
neutral for the data they collected positive and negative data collection and calculate sentiment
score for each review. They also used well-known Vector Machines (SVM), Naive Bayes (NB)
and MxEn machine learning algorithms for the model evaluation.

Each post in the test set will be used one by one as an input post and its polarity will be returned.
Because of the three learning algorithms was presented with sentiment words (Unigrams and
Bigrams) as a feature. They achieved an average accuracy of 75% NB, 70% MxEn and 79 %
SVM performances they obtained. (Mihret & Atinaf, 2019)

A Machine Learning Approach to Multi-Scale Sentiment Analysis of Amharic Online Posts is
developed by Wondwossen Philemon and Wondwossen Mulugata (Wondwossen Mulugeta,
2014) using a supervised machine learning approach. The Author collected 608 social media
product and marketing news from Facebook, Twitter, Dire Tube and Ethiopian reporter
websites. The developed model has Accuracy of 43.6%, 44.3% and 39.5% for uni-gram, bi-
gram, and hybrid features respectively. The developed model has performance limitation due to

less number of training data.

CNN based Amharic sentiment analysis (Alemu, 2018) is developed by Yeshiwas Getachew
and Abebe Alemu. The Author collected 1602 reviews from Fana broadcasting Facebook page
using face book API. The model produces different results depending on the amount of test and

rain-data size. Both models use stemming as part of preprocessing.
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Literature evaluations for other languages have indicated that stemming does not have a positive
effect on the results of the sentiment analysis model. Hence, it is necessary to investigate the
effect of adding stemming as part of preprocessing on Amharic sentiment analysis The corpus
used by both models is annotated by humans which takes much developing time and results in

disagreement between annotators.

Selama G/Meskel (Gebremeskel, 2010) has developed a Sentiment mining model for
opinionated Amharic texts. In this research, the author used a term counting approach to
determine the sentiment of comments by checking each word from the prepared lexicon. The
author developed 411 positives,544 negative generals, domain-specific lexicon terms and
contextual valence shifter terms. In the paper, each positive lexicon is tagged with +2 value and
each negative lexicons are Tagged with -2 value but the final polarity of the review is determined
by considering the existence of valance shifter, intensifiers, and negation terms. Even if the
paper prepares opinion terms, the prepared opinion terms are not sufficient because inflected
Ambharic sentiment words are not handled in this research work. Besides, the paper only
considers textual labeled lexicons for determining the polarity of reviews.

Emojis which are increasingly used in social media contents to express one's feeling has not
been handled. The other work on the Amharic language is a feature level sentiment analysis by
Tulu Tilahun entitled “Linguistic Localization of Opinion Mining from Amharic Blogs”
(Tilahun, 2014). The Author collected 484 comments from a hotel, university, and hospital as
578 negative and 423 positive words. The Author extracted features using some rules and
determine the polarity of the review by considering the polarity of adjacent words of the feature

word.

The effectiveness of the system depends on the existence of valance shifters and the existence
of adjacent left and right adjective features. The other research paper is "Trend Detection and
sentiment Analysis for social media” (Arega, 2019) by Yosef Arega which uses Posts from the
Facebook page of Dire Tube, EthioTube, VOA Amharic,mereja.com, and Yehabesha. The
model developed by Yosef uses Rules and Lexicons used by (Tilahun, 2014).
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TF-IDF and Latent Dirichlet Allocation approaches are combined for the trend detection

system. The model gives different results depending on the topic selected and the existence of

valance shifter Terms. All works consider only textual words for determining the polarity of the

review.

However, Emoji’s are increasingly used in social media content to express one's feelings on a

certain event. Hence, a framework that takes must be built Emoji’s for labeling purpose. The

work by Tulu Tilahun used adjectives only as sentiment words to determine the opinions of the

review sentences, but sentiment words are not only adjectives but also include adverbs, verbs,

and nouns. In addition to this, the sentiment words are not sufficient.

Paper title Data set Model used Result Limitation
Improved They use two L 67.5
lexicon-based | main data sets LN with LNS | LN 51.4 presented a approach is
sentiment first one is IMDB | and LNS 71 a lexicon-
analysis 25,000 movie LNW with LNW 60 based sentiment analysis
for social reviews LNWS LNWS 74.2 during time and labeling
media including 12,500 its more sophisticated.
analytic(Jurek | positive and
et al., 2015) 12,500 negative

SSTh Accuracy on SSTB data

Train 8544 set for fine grained and | They mainly consider
Deep Learning | Dev 1101 binary prediction at the | short text representation
Approach for | Test 2210 sentence level of user data
Sentiment IMDB ConvLstm
Analysis of Train 25k Fine-Grained
Short Dev 198.8 Binary
Texts(Hassan | Test 25k 47.5
& Mahmood, 88.3%
2017)
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An Improved

Approach for Need improvement on
Text Sentiment | movie review the data set with fine
Classification | (MR) data set has Accuracy  F1 grained
Based on a 5331 negative SDNN 83.7 84.9 sentiment labels. And
Deep Neural samples and analyze the actual
Network viaa | 5331 positive emotions of specific
Sentiment users might not
Attention consider.
Mechanism(W.
Lietal., 2019)
Table 2.3 Table summarized sentiment analysis literature
Paper title Data set Model used Result Limitation
0.92 precision,
0.82 recall and Mainly on this
They conduct from 0.87 F-Measure in | work they apply an
Sentence level Facebook API for positive class, | Rule-Based

opinion mining for
Ambharic language
(TESHOME,
2019)

total amount of
800.

600 reviews are
politics, 100
reviews are drama,
50 reviews music,
50 reviews guest

program

Rule-Based Model

for negative class
0.94 precision,
0.96 recall 0.94
and F-Measure and
for neutral 0.9
precision, 0.9
recall, and 0.9 F-

Measure

method during the
current approaches
its preferable use
machine-learning
and deep-learning

models

Sentiment Analysis
Model for
Opinionated

Awngi Text: Case

of Music

They collecting
around 1500 posts
from online

sources

They present a SA
model for the

Awngi language

Average accuracy
of 75% NB, 70%
MxEn and 79 %
SVM
performances they

obtained

The data cleanness
and small size of
data and lack of
memory

management in
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Reviews(Mihret &

terms of selecting

Atinaf, 2019) algorithms.

A Machine They collecting Naive Bayes performance Multi scale
Learning Approach | around 600 posts accuracy of 43.6%, | representation still
to Multi-Scale from online 44.3% and 39.5% | further data
Sentiment Analysis | sources for unigram, limitation and

of Amharic Online
Posts(Wondwossen
Mulugeta, 2014)

bigram and hybrid

language models

quality its consider
only the class of
traditional label's

as more positive

Trend detection
and sentiment
analysis in
Ambharic social
media.(Arega,
2019)

Face book total
data set 42,762

T-LDA for order
the topics T-LDA
is a combination of
TF-IDF and LDA

F-score 89% for
positive, 79% for
negative
sentiments 99%
for neutral

sentiments

Detecting the
current popular
topics on current
situation and
identifying most
popular issue on
social media. But
not detect user

intention

Table 2.4 Table summarized Amharic sentiment analysis literature

2.4 Recent Literature

In this section try to review, recently literature on opinion mining that related with covid-19

This paper analyzes Twitter posts for the disease since January 2020 in statistical form. There

have been two kinds of observational research. The first one involves word frequency, and the

second the emotions of each tweet (Rajput et al., 2020). The outcomes have been approved by
Sum of Square Error (SSE), R2 and Root Mean Square Error (RMSE). High estimations of R2
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and low estimations of SSE and RMSE lay the justification for the decency of this
model.(Rajput et al., 2020)

Dr. Murthy Study on sentiment analysis using Long Short-Term Memory (LSTM) for text
evaluation. Recently, neural networks have had strong results in text recognition with the
potential to manage vast volumes of information. LSTM networks, in particular. DL techniques
such as LSTM demonstrate improved sentiment classification efficiency with 85 percent
accuracy when more training data is available. The cumulative number of data for Amazon
50,000 (from outlets such as Amazon and IMDB) and also for the use of IMDB 50,000 data to
train and validate the model(Dr. G. S. N. Murthy et al., 2020).

XiaodiWang work on The study of aspect-level sentiment is to classify the polarity of sentiment
of a given target word in sentences. By integrating multilevel interactive bidirectional Gated
Recurrent Unit (GRU), focus processes, and position characteristics, this analysis proposes an
improved classification model (MI-biGRU) (X. Wang et al., 2020)

Hiwot Wonago apply the concept of sentiment analysis on Amharic text on social media and
presents a comparative study on machine learning algorithms. The created social media content
filtering system has been tested on Facebook posts of each class, and it has been observed that
SVM with word2vec. In this paper, they proposed Amharic text sentiment-based social media
content filtering approach for the filtering or hiding of offensive/in appropriate content. The
classifier that they developed based on Word2Vec with SVM gives us accuracy (0.72) when
applied to a sample of 4 classes. (Kululo, 2020)

Summary

In this chapter, textual information such as, opinion mining, and intention analyses are
explained. Levels of sentiment mining, intent analysis main tasks and components of intent
analysis are also described in this chapter. In addition, the different techniques of sentiment and
intent mining’s that Machine learning, deep learning, analysis of natural language, lexicon
based and rule based are discussed. The general steps in lexicon based sentiment mining are
highlighted where the high level steps are: text collection, pre-processing, polarity words
detection, weight assign and propagation, and classification. The different approaches for
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building an intent lexicon that includes manual approach and corpus based approach are also
described in this chapter. Finally, the basic rules types for both sentiment and intent analysis are

also described.

Generally, for this research both local and international researches reviewed and observe
different methodologies, techniques, applications to achieve natural language processing. Based
on our observation data is most required and deiced the performance of the model. Collect data
is big issue on different NLP topics. Thus this give lesson about different data collection
technique, preprocessing, data balance, cause over-fitting and under-fitting and avoid technique,
different classification algorithms with their features are gather from this literature review to

achieve our objective.
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CHAPTER THREE
3 RESEARCH METHODOLOGY

3.1 Overview

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

natural language processing outlying done.

This research studies specifically the gap that refrained user’s noticeable intention text based
posts attached to some channels or groups. The main issue is identifying the digital text
representation, using customer intention comment as a data, analyze and detect using our frame
work and identify Amharic based user intention labels well classified and structured
representation for individual user intention. Finally gives us the format easily identify also

organized output.

Understanding the intentions of internet consumers has now become a critical necessity in many
various business fields, such as manufacturing, finance/banking, real estate, travel, culture,
sport, e-commerce and online marketing.(Luong et al., 2017) data analyses and classification
using some framework to enhance the customer participation on modify better service
experience details on the user’s activity help out quality and digital environment is enough to

communicate and interchange the intentions in an easily recognizable format.

In this research iteration requires several data collection instruments or strategies that range in
complexity, design, etc. interpretation, and administration; each technique is suitable to get
certain type of information (Rahi, 2017). Data collection techniques such as interviews,

questionnaire, direct observation, and document analysis have been used in different studies.
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Those common approach help us to collect sufficient and effective data sources. Mostly
collected from public service provider, organizations, digital platforms, are the popular once.
(Rahi, 2017) (Wondwossen Mulugeta, 2014) (Mihret & Atinaf, 2019)

For this study data collected from YouTube API using YouTube comment scraper to collect
structured and full text based Amharic comment that posted from each individuals including

filtering feature to filter out unnecessary strings from comment.

2 Identify the Detail paper
Literature B Data S &
3 »| problemand | p| review and - 5 » Youtube
Review = p Collection
study thearea organize
—» Intent Analysis
Seintment
Analysis
Name entity
recognation
h 4
Designing and ]

RedltEna D 5 | 2" Selecting

esult and - yeveloping Rt

s X < Evaluation [« PINg algorithms

discussion prototype
and tools
model
! I
—p A " [Ce Pyt o
» BILSTM

Figure 3.3 Fig: Research Methodology

3.2 Research Design

The research design relates to the overall methodology to coherently and logically combine
the different components of the analysis. In order to meet the general and specific aims of the
research, and to solve the problem by answering the research questions, different methods are
used. After deciding the area of interest, the first step was performing literature review to get
previous works intent analysis on the area of different languages and methods for both intent

and sentiment analysis study.
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3.2.1 Understanding the Problem domain
Currently, various Amharic text lexicon data are not available, organized and support for NLP.

The most challenging of this study is filtered selective raw data in form of proposed model,
which could be effective and answer the research questions. To solve these problems, the
requirement or data collection was the basic step to design the proposed framework after
identifying the problem. In this study, the required data and user needs were collected using a

scrapping user comment from YouTube API.

3.2.2 Understanding the data
Data interpretation involves a closer look at the data. This move involves gathering sample data

and determining which data depending on form and scale would be necessary. In terms of the

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

Data needs to be tested for completeness, redundancy, missing values, plausibility of attribute
values. By the conclusion of the data understanding process, its better if the observations made
during the project understanding phase are justified in terms of representativeness,

formativeness, data consistency and the existence or absence of external variables.

3.2.3 Preparation of the data
Good data planning makes it easier to manipulate raw data, which is often unstructured and

chaotic, into a more organized and usable form that is ready for further study, for accurate
analysis, limits errors and inaccuracy that can occur to data during processing. The entire
planning process consists of a number of main operations (or tasks) including data profiling,
cleaning, integration, and transformation, and makes all processed data more formal and easy
to achieve prepared model targets.

One of the main advantages of establishing a systematic method for data preparation is that
consumers can waste less time identifying and structuring their records. This is the main step
on which the progress of the whole method of exploration of information depends; it typically
absorbs about half of the entire effort of study. It can entail data sampling, running, data
cleaning, such as testing the completeness of data records, eliminating or correcting noise, etc.

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

29



3.24 Data Source
YouTube is the world's most popular streaming video website, with people viewing video every

month for 4 billion of hours. YouTube launched in February 2005 and was founded by Chad

Hurley, Steve Chen and Jawed Karim, who called it "YouTube."

People began to create a video-sharing website via the YouTube network on which people could
upload, download, and watch videos. (Alias et al., 2013) The data set was collected from
YouTube API, user comment on different social media including you tube have user comment
in different formats such as Text , Emoji’s , GIF ,Pictures .during the amount of user and the
influence on digital marketing by integrating payment system for user its popular to promotion
and people use to publish and advertising product output. During those features and data
filtering features of you tube comment scrapper tools its preferable to apply our data collection
process on you tube regarding Facebook, Tweeter. Different standard guidelines and general
practitioners. The data collected from YouTube API. To specify the domain area, data on intent
analysis. The type of data set collected from YouTube API using you tube comment scrapper
as a tool.

3.25 Data Collection Techniques
In a variety of respects, analysis varies, but they share certain similarities. The need to gather

data is one of the common elements. This study dives and extracts data about videos across
YouTube channels. With a URL or search term as the input, you can get video information,
including channel name, likes, number of views, and number of subscribers. The results are
provided in several formats, such as XLS, JSON, HTML.

3.2.6 Software Tools
Mainly this research use python, is a high-level programming language that is interpreted by a

python interpreter to deliver output. There are many features that makes python the best choice
of language for machine learning and Artificial intelligence. textual analytics It is open source
and efficient in solving machine learning criteria such as the handling of massive data sets and

statistical computing for user interface apply a flask frame work with JS, HTML and CSS.

3.3 Framework Design
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The design of the intent analysis model focused on the elements or components from the listed
labels to achieve the goals under the given constraints and limitations. To design the proposed
model, reference architectures, models, different NLP architecture on deep learning or machine
learning based neural network resources were used. In this section Amharic language and LSTM

networks identified and analyzed.

3.4 Word Representations Approaches

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

words and word embedding.

3.4.1 Bag of Words Model
The bag-of-words model is very easy to understand and execute and provides a lot of versatility

to configure your unique text details., words in this process Described by dense vectors, where
the vector represents the projection of the term onto a continuous vector space, takes raw data
as input and counts the Amount of incidences of each word in document as output. In Bag of
words, word lists are paired with their amount of occurrence per document (Gyoérgy, 2017)
(Alfina et al., 2018). Bag of words may use Unigram, Bigram, Trigram or N-gram for creating

a vocabulary of a document that is used to classify the document (Krawczyk, 2016).

3.4.2 Word embedding
Word embedding’s they are essentially a type of word representation that bridges the human

comprehension of language to that of a computer. Word embedding is a dispersed representation
of text in an n-dimensional space. These are important for the resolution of most NLP problems.
(Hashemi et al., 2016) Word Embedding often referred to as distributed semantic model or
distributed represented or semantic vector space or vector space model. When you read these
names, you come across the word semantic, which means that related words can be categorized
together. (Sikdar & Gamback, 2018) There are well known word embedding algorithms like
Word2Vec. (Sikdar & Gambéck, 2018) (Hashemi et al., 2016)
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343 How Word2Vec Works?
For improved word representation, Word2vec is the technique/model to build word integration.

It catches several exact syntactic and semantic words. The idea of word2vec method is that
appear in similar ways have related implications. It takes feedback from large corpora and
produces a word vector for each word. embedding’s: continuous-bags-of-words (CBOW) and
skip-gram models. (Sikdar & Gamback, 2018)

In the representation of uncommon terms or phrases, the Skip Gram model is more accurate and
works very well with a limited amount of details. To create a model such that the word in the
middle is given "jumped", the model would be able to predict or produce the terms surrounding
it. "The", "cat", "over", "the", "puddle”. Here, the word "jumped" is considered the context. This
sort of model called a Skip Gram model. (Sikdar & Gambéck, 2018) (Hashemi et al., 2016)
Every word has been trained against the meaning in the CBOW template. One way is to treat
{"The", "cat", ’over", "the’, "puddle"} Be able to forecast or produce the central word as a
context and from these words "jumped”. This type of model is called the Continuous Bag of
Words (CBOW) Model.

CBOW Skip-gram
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Figure 3.4. Skip Gram model CBOW model (Argaw, 2019)

Depending on the amount of training data Skip-gram models are efficient for a limited number

of training details whereas CBOW is efficient with a huge volume of data for training.

3.5 How Long Short-Term Memory (LSTM) Works
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3.5.1 Introduction of ANN (artificial neural network)
Artificial Neural Networks (ANNSs) are machine simulation tools that have recently appeared

and are commonly recognized in many fields for modeling complex real-world problems. ANNs
can be characterized as structures consisting of densely interconnected adaptive basic
processing elements (called artificial neurons or nodes) capable of performing massively
parallel data computing. Basically, the ANN was influenced by the human nervous system. It is
based on hypotheses of vast interconnection and parallel processing architecture of the
biological system human neurons have various types of phases, method, even stages of
producing certain observable output, beginning from observing and extracting information
through the neural process and eventually determining what the output will be. An ANN model
is a data-driven mathematical model that has the potential to solve problems with machine
learning neurons. (Le et al., 2019) (Fischer & Krauss, 2018)

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

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

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

interconnected by weight matrices, biases, and multiple activation functions between the input
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and output layers.(Le et al., 2019) ANN models have their own limitations like sequential data
problems, time series problem on text competition problem ANN models predict the next word

is related to the positon this could be on the word or sentences in the previous position.

Based on this ANN model drawback recurrent neural network introduces to maintain the model
RNN is also a class of ANN (Le et al., 2019)

Hidden layers

Input layer Output layer

X, Y1
X5 75
X Ym

Figure 3.5: Typical Artificial Neural Network (ANN) architecture (Azzouni & Pujolle, 2017)

3.6 Recurrent Neural Network (RNN)

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

this research try to deploy the LSTM neural network.

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

Networks are a class of artificial neural networks that are applicable to different problems.
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RNN has a "memory" that remembers all the details about what has been determined. It uses
the same parameters for each input as it executes the same task on all inputs or hidden layers to
create the output. This reduces the complexity of the parameters as opposed to other neural
networks. Decisions made by RNN are dependent on what is learned in the past and things learn
during training. It has an input layer, one or more hidden layers and an output layer in structure.
RNNs have chain-like systems with repeated modules with the idea to store essential data from

previous processing phases using these modules. (Nowak et al., 2017) (Le et al., 2019)
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Figure 3.6 sequential processing in RNN (Le et al., 2019)
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LSTM introduced by Hoch Reiter & Schmidhuber (1997) (Le et al., 2019) Long Short Term
Memory is the basic persistent RNN architecture that can benefit from our experience of
classifying, processing and predicting time series of uncertain time lags. LSTMs have proved
more precise than traditional RNNs for modeling temporal sequences and long-range
dependencies (Azzouni & Pujolle, 2017) (Le et al., 2019).

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

weights are periodically adjusted to a default value.

LSTM’s have the capability of learning long term dependencies, and this enables RNN's take a
long time to recall the inputs. The LSTM contain in a memory of their information can be
considered as a gated cell where the cell decides whether to save or delete information based on
the importance the LSTM network assigns to the information. (Azzouni & Pujolle, 2017)
(Nowak et al., 2017)
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3.6.1 LSTM Architecture
The LSTM network can store, write, read, delete information on its memory. The memory of

LSTM is similar to computers memory LSTM networks are embedded in a hidden layer(s)
composed of so-called memory cells. There is a hidden process for every phase and feature to
perform well with the neural network Each of the memory cells has three gates to retain and
change its cell state to forget the gate, the input gate, and the output gate. (Fischer & Krauss,
2018)

There are some researches doing improve LSTM architecture [44] they try to maintain some
part of LSTM model and called LSTM like architecture forget gate about the gate is substituted
by a practical input-output gates. These LSTM improvements, now abbreviated LSTWM, are
named with working memory [41]. There are different approaches applied to reshape LSTM
architecture on different researches they also difficult and complex to manipulate when it
compared to the base LSTM architecture so its prefer to continue use standard LSTM
architecture. As it mentioned before LSTM contain different units called memory blocks. That
have memory cell with each self-connection temporary information that still in progress with
those gate list input gate, forget gate, output gate so each memory block contains those three

objects to work effectively. The structure of a memory cell is represented as follow figure
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Figure 3.7: Structure of LSTM neural network (Fischer & Krauss, 2018) (Olah, 2015)

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

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

and 1 step in constructing an LSTM network

ft = o(Wf [ht—1,Xt] +bf)....(Le et al., 2019)
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1) Decide the information delete

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

(completely remember).

Figure 3.8: Forget layer of LSTM Network (Fischer & Krauss, 2018) (Olah, 2015)

ft=c (Wf[ht=1, Xt] +bf) ...................... (3.1) (Fischer & Krauss, 2018)
(Olah, 2015)

2) Deciding what new information store

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

(establish new values for candidates who should be applied to the network).
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Ct=tanh (WC. [ht-1, xt] + BC) -----=-----=----- (3,3)
3) Update the old cell state into the new cell state

Change the old cell state to the new cell state Update the old cell state by multiplying the new
cell state with what you have forgotten before, and then adding the latest candidate cell state.
The new candidate values are scaled by how much each state value wanted to change. (Le et al.,
2019) (Fischer & Krauss, 2018)

Figure 3.10: Memory cell update layer of LSTM Network

Ct=ft *Ct-1+it* Ctommmmmmmmmmmmmmeeen (34) ... (Le et al., 2019) (Fischer &
Krauss, 2018)

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

LY X

fe_1

Figure 3.11: Output layer of LSTM Network(Le et al., 2019) (Fischer & Krauss, 2018).

Ot =06 (Wo [ht—1, Xt] +bo) ----------- (3.5)

ht = Ot * tanh (Ct) -------------=---=---- (3.6)
3.6.2 BI LSTM Architecture
The concept of BILSTMs derives from bidirectional RNN [18], which processes data sequences
in both forward and backward directions with two different hidden layers. The two hidden layers
are connected by BILSTMs to the same output layer. BI LSTMs have been seen to be
particularly helpful in cases where the context meaning is required. It's really good for jobs like
classifying emotions. In the unidirectional LSTM, information travels from the back to the

forward. By comparison, bi-directional LSTM information not only flows backwards to

forwards, but also forwards to backwards using two hidden states.(Cui et al., 2018)
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Figure 3. 12 BILSTM Representation (Cui et al., 2020)

Fig.3.12 The forward layer output sequence, h {{, is iteratively calculated using inputs in a
positive sequence from time T—n to time T—1, while the backward layer output sequence, h”

{{, is calculated using the reversed inputs from time T—nto T—1. (Cui et al., 2018)

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

model, thus receiving the "backward layer".
Summary

Generally, on this chapter define research methods data representations, process model,

Ambharic language properties and complexity and different neural network.

RNNs have a big setback called a vanishing gradient; in other words, it is difficult to learn long-
term dependency (relationship between entities that are several steps apart). Theory indicates
that RNINs are entirely able to cope with such "long-term dependence” and that people should
deliberately choose parameters to solve toy problems. Sadly, RNNs appear to be not in a
position to learn them in reality.

41



The problem was explored in depth by Bengio, et al. (1994), who found some fundamental
reasons why it might be difficult. A special type of RNN called Long Short-Term Memory Cell
(LSTM) was created to solve this problem. Long Short Term Memory networks generally
referred to as "LSTMs" are a special form of RNN capable of understanding long-term

dependencies.

» LSTMs They are deliberately designed to eliminate the issue of long-term dependence.
Remembering knowledge after a long time is basically their default action, not
something they're trying to learn.

» All recurrent neural networks have the shape of a chain of recurring neural network
modules. In regular RNNs, this repeat module would have a very basic structure, such
as a single tanh plate.

» LSTMs also have a structure like this chain but a different structure refers to the repeated
module. There are four, communicating in a very unique manner, instead of having a

single neural network layer.
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CHAPTER FOUR

4 PROPOSED INTENT CLASSIFICATION MODEL
The key contribution is this thesis is to be established LSTM based intent Analysis for Amharic

sentences and investigating the effect on comments from You-Tube, the procedures and
methodologies followed are discussed in this chapter.

4.1 Data Collection

To develop an intent analysis, data collection is the first and fundamental step that encompasses
collecting user-generated contents from blogs or social media like Facebook, YouTube, Twitter,
and others. Scraping is the process of collecting user-generated content from social media and
blogs. This research paper uses You Tube Comment Scarper for collecting raw data in the form
of unstructured data because they are expressed in different vocabularies, ways of writing and
others. And simple random sampling technique for sampling our data. Total data collected from
YouTube is around 15,321 raw data without emoji’s and graphical representations from 18
Ambharic videos. Data attributes of the collection with the time interval on 2019 January to 2020
march. Mainly focused on Amharic Video to collect Amharic based content movie, music,
Spiritual, Electronics videos are addressed on data collection.
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Figure 4 13: Row sample data set

4.2 Data Preparation (Preprocessing)
Data preparation is a major step in data analysis that encompasses many techniques mainly data

transformation, data cleaning, and data reduction to make the collected data clean and suitable
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for analysis. In data preparation, non-textual contents and contents that are unimportant for the

analysis are first identified and eliminated.

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

come up with the following approaches for cleaning the collected data.

» Eliminating non-textual contents and symbols like hashtags, URLS, links and others
(Gyorgy, 2017) (Watanabe et al., 2018).

» Removing non-Amharic words

» Spell correction has been done.

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

expression, and cannot simply be dismissed.

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

smaller units and each unit is called tokens. Tokenization mostly is the first step in pre-
processing of the input review. The input for this activity is the actual review which is going to
be categorized. This activity reads a sequence of characters as a string and tokenizes them using
predefined list of delimiters such as new lines and space (Mihret & Atinaf, 2019).

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

white space.
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D8 8 A&V, 7 RTIAL ! LTE ) eTUNEY, AT CATC SN AN PO AR o - £ 8 TITT %
JEPC,APE HTC, RTTU PA?, mOE) B AGIC, TITIChY ) PAT, ATCLTE Ao AR Ad-L.@- 8.
PCANTIE L anG 'CanS NAHDY, AN, PAAD-, 'FOmy TP PP A D, AACUI° AL B 'Pa-ANAN,
P, Codeaoll, AIPN@- ) S AT AR, SN, Lol POV L Pl P, ' POTIR, ST P b1l
LG 'PTT L i) B RADLLETC NI, Naod by, e Pl ATE P02 AR Al @ 2BV, @ LT

%A GI PG, AD-PAV, T N AT®, DB 8 ALV A& LAV, 'Y

Figure 4.14 sample of tokenize data set
4.2.2 Normalization
Preprocessing tasks such as normalization, tokenization, stop word and number elimination,
stemming, weighting words, and dimension reduction are performed (moving varying Amharic
characters with similar sound to a standard type, changing punctuation marks to space). After
all these preprocesses, datasets are prepared in a matrix form, which is accompanied by the
preparation and testing of training and evaluation data sets. A model (classifier) is developed

from the training data set.

Normalization is one of the steps used to get clean data from unstructured textual data. After
tokenization, it is normalization of homophones that is followed. Amharic writing system has

homophone characters, characters with same pronunciation but different symbols; for example,
it is common that the character N and 4~ are used interchangeably as Né&- and £ ¢- to mean work,
also U, h or "7 should be changed to the same form because they have the same punctuation all

represent one alphabet called “ha”. Such types of inconsistencies in writing words are handled

by replacing characters of the same sound by a common symbol. The normalization handles:

Substitution of Amharic alphabets with the same spelling and use, but different representation

with common alphabet. Short forms of characters that are usually written using forward slash
“/”) and period (“.”), for example, MPAL TR IA+C can be written as M/T,L.N+C AN ANN as
A.h and &n+C as 2/C. There are two kinds of Normalization the first one is character level

Normalization, and the second one is word-level normalization. Normalized characters and

words.
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4.3 Data Annotation

43.1 Stop Word Filtering
Removing stop words helps to reduce the dimensionality of a term space in Amharic, there are

common stop words which are used for grammatical purposes, such as 1@., 1nc, P£I®, AT, 17C17,
etc, to classify records which are non-informative. In addition to the standard stop words, there

are also news relevant stop words including 7Ae-, HeINP4, AdFD, etc.

Those reductions help a lot in terms of dimensionality but on sentiment analysis researches
apply stop word removal more than intent analysis because when it see based on our context
there are some additional label like question, when, why, where those words are not relevant
and its removed as stop word, because those words used for our corpus. The following figure
shows steps followed for data collection, preprocessing and annotation
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For example, argue, argued, argues and arguing will be reduced to argu (Gyoérgy, 2017). The
trouble with stemming is that multiple words may be simplified to the same word, e.g. an end
cat scan of the same root cat based on the heuristics used to produce these similar roots. Amharic
is morphological rich language. Amharic can have many words with the attachment of different
affixes to a stem. Stemming can be applied to both inflectional morphology and derivational
morphology or on either of the two. Derivational morphology usually results in a change in

class of word which may result in some loss of semantic. This semantic loss of a word may

create a negative effect on the performance of system. For example, the Amharic word 8% (a

judge or an arbiter) and 8%7% (judging) has the same stem 8%. But these two words have
different meanings. Amharic language includes some prefixes and combination of prefixes and
suffixes which create negative meaning when they are applied to a given stem. This kind of
semantic loss is not usually witnessed during inflectional morphology, which usually involves

grammatical features such as, singular/plural, tense.

4.4 Intent Detection Approaches

In order to detect the emerging of intent topics, finding the topics from the collection of
documents are the basic step to find and detect those topics is really important to select the best
modeling process to get effective result. One of the pointed process is convert high level text in

to a vector form word 2 vector is algorithm used for this task.

4.5 Neural Network Building Process

Neural net is a machine learning system that uses a network of functions, normally in another
form, to interpret and convert a data input from one form into a desired output. Neural Networks
is a technique that aims to optimize certain weights, the neuron body, that are multiplied by the

dendrites, the vector of characteristics.
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45.1 Development Steps
Using neural networks or matrix factorization, the learning of word integration can be achieved.

One widely used word embedding method is Word2 Vec, which is basically a computationally

efficient neural network prediction model that learns word embedding from text.

45.2 Data Splitting
One of the most important facts in machine learning is that algorithms store the data and it has

low performance in order to use it with new data, this behavior is known as over fit. To prevent
this issue. Thus management is required to get effective result data set which divided in random
parts in this step, the whole data is separated into training and test with some ratio
(90%:10%,80%:20% or 70%:30%)

453 Word Embedding

The word embedding is a weight matrix, with a row for each word/token in the vocabulary, and
the deep learning process is split into two parts: word embedding and LSTM (Long Short Term
Memory). In this work, the word embedding’s were generated in word2vec. In the random
vector setting, all the words in the corpora are initialized with random values. These random

vectors are fed to the LSTM model to classify the words into the defined labels.

The fundamental theory of the word2vec model is that words that appear in a common way are
related. There are two flavors of the Word2Vec algorithm: the continuous bag-of-words

(CBOW) model and the skip-gram (SG) model. Given a word context, the continuous bag-of-
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words model predicts a target word, while the skip gram model flips the CBOW architecture by
predicting the context of a given word. (Sikdar & Gambéck, 2018).

454 LSTM
LSTM network is learned using these word embedding’s and classifies the words into the pre-

defined label categories as it mentioned model was utilized to classify the words based on the
word vectors generated by word2vec, LSTM is really effective on capturing long and short term
memory, takes vectors of word2vec as input from the dense layer. LSTM layer has a memory
unit that helps in adding and removing previous information. LSTM model, the network is
learned by using training data and tested data. The network consists of an embedding/input
layer, two hidden layers, and an output layer [2].

455 Evaluation

After classification has finished, the performance of the classier is expressed using different
performance metrics like (recall, precision, F-score and accuracy) are displayed using Scikit-
learn python library. Training and validation ac curacies and losses are also used as evaluation

metrics.
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CHAPTER FIVE

5 Experiments and Result
In this chapter, the results of active learning experiments will be presented. Basically related

with our research questions. Also the data representation and prepossessing steps are explained,
With data properties. Afterwards, the experimental settings are explained in order to introduce
the rules of experimentation for a better overall understanding. of steps taken and the process

of reasoning. Later, evaluation and extensive results are presented in the same chapter.

5.1 Data Description

For this research, the corpus collected and prepared Amharic language, which manually
annotated by humans. Data set created that containing only text comments written in Amharic
language. The data set contains 12,712 comments collected from YouTube APl using YouTube

comment scrapper and python program to scrape the comment.

5.2 Human Annotation Task

This research investigates alignment of comment labels that are annotated manually by humans
and all comments from the total data set are annotated by three human annotators. To investigate
annotation disagreement by two human annotators and analyses the possible way to become
agree on the majority annotation disagreement. Possible annotator disagreement could occur
due to the following reasons: i) absence of a lexicon in the lexicon database. ii) text annotation
is subjective. A positive text for one person may be negative for the other, and iii) Contextual
expression of a sentence. One can express a positive felling using a negative word and vice
versa. From the results, most comments that are not correctly classified are context-based
expressions. For example, "a®% 1@ «nC ANF PAR,OM@-" €XPress one’s positive excitation to see
the next episode of certain film or action, "INH A1N& AA$I™ AAT" express one’s negative feeling
about certain event using positive word. It is to mean that "I cannot control my tears" these and

other kinds of expression are context-based expressions.

There are incorrectly labeled multi-aspect comments that lower the automatic labeling system.
For instance, "197%F 17 aoF 10- 76 NULD-T P /M- and "N AGRF N3A ALY ARAATIP" are

example of incorrectly labeled comments.
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First annotator

Second annotator

Third annotator

Comments ) ) )

No polarity polarity polarity

1 ANE8 AAU 2MNPY Positive Wish Positive

2 K P YE AYS 1R 1D Negative positive Negative
aBans P PAM- s 1PAT AL O~ AOALT

3 PANT 917 £&CH AN+PPE NN4E 97 positive negative positive
Tnna 1

4 K1C NN¢ ATE DS ARTINGRS suggestion Negative Negative

5 NN AFECTHT suggestion positive positive

6 AU 9aot 2370 positive wish suggestion
K FR& PRI AHAAT® £+C A9R+HA M7 hH » _ )

7 positive negative Wish
AHD TREL LT
AD-1F ATRTIC A+ AN LH AN
AR NFAHIRCE AL 1o N _ N

8- positive Negative positive
FTUIO-AT ANLE+HNT AAGRZST NNE
o
17 AR @AHNNLS NFEF ACE 10 T . ) )

9 positive suggestion Negative
A RS INC

10 |17 4Aa™ @ NHENF INC AN 10> negative positive suggestion
gRIm- Jomy PARNA PATD AT 997 N

11 Question negative positive
LT PPA7

12 ANNE 99ad ? Negative Question suggestion

13 AAA NTFTU AT 11 2 Suggestion Positive Positive
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Table 5.5 Sample inter-annotators disagreement

This paper generalizes there is no a total agreement between the inter-annotators in all
comments they are assigned to label. However, most disagreements are resolved through
discussions. This corpus contains Amharic words in their context with appropriate intent
analysis aspect Table provide information about the data set before and after applying

prepossessing on the data set. The information includes: the total number of sentences and

words.
Before and after Total number of Total number of words
sentences
pre process
Before 15,321 134,251 words
After 12,712 115,776 words

Table 5.6 data set characteristic

5.3 Evaluation Matrix

As the name suggests, the evaluation matrix gives us a matrix as output and defines the model's
maximum results, well-known evaluation metrics such as precision, accuracy, recall and F
score. (Mihret & Atinaf, 2019)[22] [32] [33]. The most commonly used performance measures
in text classification specially sentiment analysis by precision, recall, accuracy and F score
(Wondwossen Mulugeta, 2014).

TP (True Positive): predicted positive and the actual output was also positive measures
TN (True Negative): predicted negative and the actual output was negative
FP (False Positive): predicted positive and the actual output was negative.

FN (False Negative): predicted negative and the actual output was positive.
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Precision: It is the number of correct positive results divided by the number of positive results

predicted by the classifier [29 35].

Precision=TP/FP+TP..............ccooiiiiiiiin . (5.1)
Recall: It is the number of correct positive results divided by the number of all relevant
samples (all samples that should have been identified as positive) [29 35].
Recall=TP/FN+TP ......cocoiiiiiiiiiiiiieenn (5.2)
F1 score - F1 Score is the weighted average of Precision and Recall. Therefore, this score
takes both false positives and false negatives into account. [29 35].

F-Measure = (2* Precision * Recall) / (Precision +Recall) ............. (5.3)
Accuracy - Accuracy is the most intuitive performance measure and it is simply a ratio of
correctly predicted observation to the total observations. [29 35]

TP+TN

Accuracy = TP+FP+FN+TN ... 5.4

5.4 Experimental setup

This paper uses one personal computer for all experiments. Table 5.8 shows the hardware and

software specification of the machine used in all experiments

Manufacturer LENOVO

Model G-50

Processor Intel® Core™ i7-4510U CPU @ 2.00GHz x 4
Memory(RAM) 8 GB

Operating System Ubuntu 20.04 LTS

Table 5.7 Experiment setup

Model Configuration: In addition to hardware and software specifications, configure the

LSTM network required for developing intent analysis model. In the experiment,
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LSTM network is configured with the following parameters: one LSTM layer with 8
neurons, 20 epochs, 512 batch, 8 NB_WORDS (Embedding size), 'Adam’ optimizer, 90% train
size, and 10% test size. main problem in training neural networks is the over-fitting and under
fitting (Jabbar & Khan, 2015). Over fitting happens when a model learns the detail and noise in
the training data to the extent that it negatively impacts the performance of the model on new
data. Generally processing on training task it’s not improving to increase the performance, but

its adding and continue randomly learn training pattern

/
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sample of over-fitting model sample of under fitting model

Figure 5.17 sample of over-fitting model and sample of under fitting model (Jabbar & Khan,
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Figure 5.18 training and validation accuracy LSTM and Training and validation loss LSTM
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The inverse of over-fitting is under-fitting. This arises because the model is unable to capture
the data uncertainty. The effect of sampling noise would be small training data and complicated
relationships, so they will appear in the training set but not in actual test data, even though it is
taken from the same distribution (Jabbar & Khan, 2015)(Srivastava et al., 2014) . In order to
choose an appropriate epoch number, this paper has used training versus validation accuracy
plot of the model. To identify occurrence of over fitting from a plot the following conditions
will occur. Figure 5.18 shows sample training vs validation accuracy and loss plot of the model
using our data set.

Our data set is small and unbalance in comparison to what deep neural networks require, so it
IS necessary to use techniques such as early stopping and dropout to avoid over fitting and
balance data Modify the training set to make it optimal for a regular learning algorithm. (Jabbar
& Khan, 2015) (Srivastava et al., 2014)

5.5 Handling imbalanced data

Three different core approaches to learning from imbalanced data:

First method for handling over-fitting model dealing data-level methods that modify the
collected data set to balance distributions by remove or maintain difficult samples also balance

corpus amount of each class numerical properties.

The second one dealing algorithm-level approaches that retain specifically alter current
learning algorithms to eliminate bias against majority artifacts and to apply them to mining data

with different distributions.

Last method applying both the above two method or hybrid method. Also there are plenty of
methodologies Used to prevent over-fitting and under-fitting and early-stop approach and
dropout.

Early Stopping Configuration: - Early stopping is a way to define and end training times
arbitrarily when the performance of the model stops to increase in the data collection.(Lewis,
2016) (Jabbar & Khan, 2015).
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Dropout: Dropout helps to prevent over fitting by randomly dropping some of the unit sand
their connection from the neural network during training (Lewis, 2016) (Jabbar & Khan, 2015).

In this paper the optimal choice of dropout is 0.2 specifically between 0.2 and 0.5.
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Figure 5.19 Training and validation accuracy LSTM training and validation loss LSTM

In data for machine learning or deep learning classification scenarios, imbalanced data is
typically seen and refers to data that includes a disproportionate proportion of observations in
each class. This disparity will lead to a wrongly assumed positive influence on the accuracy of
a model, since the input data has a bias against one class, resulting in the trained model imitating
the bias.(Jabbar & Khan, 2015)(Srivastava et al., 2014) The above figure show after maintain
data set by balance of each class data to decrease over-fitting occurrence. As it seen in the above
figure after applying balance on each class it shows and give as a better plot and better when
perform classification task

5.6 Development Tools and packages

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

many libraries and framework for machine learning and deep learning architectures.
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5.6.1 Libraries and frameworks
Scikit-learn is suitable for processing basic algorithms for machine learning, such as clustering,

linear and logistic regression, regression and classifications for small-to medium-sized data sets
for feature engineering and classical ML simulation. (Raschka et al., 2020) evaluate deep neural
classifiers by calculating A confusion matrix, which is a table frequently used to explain a

classification model's output.

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

filtered, and data collected from other external sources such as Excel. (Raschka et al., 2020)

Keras Main focus is enabling implementation of deep learning models for research and
development as quickly and easily as possible, suitable for deep learning, enabling fast
calculations and prototyping. Because the software library uses a GPU in addition to the
computer’s CPU. (Raschka et al., 2020)

Tensor Flow is suitable for deep learning by setting up, training, and using large data sets of
artificial neural networks. (Raschka et al., 2020) Tensor flow is used as a back end for Keras

library which is used for development of deep neural network classifiers.

Matplotlib is suitable to construct 2D plots, histograms, graphs, and other visualization types
operations to easily and cleanly data and progress representation based on give para meters.
(Raschka et al., 2020)

NLTK It is a tool used to create Python programs to work with human language data. Suitable
for computational linguistics and the identification and processing of natural
languages.(Raschka et al., 2020)NLTK is used for many tasks like tokenization, lemmatization,
stemming, parsing and POS tagging. NLTK is developed especially for languages that are rich

in resources.

5.7 Experimental scenarios
To answer the research questions that set by the researcher different experiments conducted.
Generally, these experiments are grouped into three categories. The first group of experiments

aims to show the evaluation of different classifier models with different feature. The three
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approaches are, using collected data as an input for three intent classifiers, LSTM, BILSTM and

Naive Bayes.

These experiments answer RQ1: Which algorithm perform better performance intent analysis
model? The second group of experiments aims to identify the impact of noise and normalized
test data related intent classifier model. These experiments are conducted to answer RQ2:

Examine variation of predicted class.

5.8 Results

Building and Measuring intent classification model performance

Most research made around intention analysis have specific scope like commercial based
(Luong et al., 2017)(Cohan-Sujay & Madhulika, 2012), Domains intention of buying, not
buying (Luong et al., 2017)(Cohan-Sujay & Madhulika, 2012). This paper prepares a model
that would be common and general representation widely applying by human intention for that
specific item identifying and knowing user intention help us to improve the contents that
published, to followers or customer. To analyze user intention, the class classified as positive,
negative, suggestion, question, and wish to see the labeled data set, and number of labeled

comments in each intent class, and intention classifier performance.

Type of comment Amount of comment
Positive Comments 3554
Negative Comments 2345
Suggestion Comments 2676
Question Comments 1979
Wish Comments 2166

Table 5.8 show using labeled class

The above table shows total number of collected comments combine all class with data
properties. For instance, the word” h4+ 9°7£5m.?” represent as question in terms of predefined
label, “eg91aem- eham-3> is classified as suggestion “+4, f1 +Ca%” classified as wish “Aamainm
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Figure 5.20 Amount of labeled comments in each intent class

Above Figure shows the amount of labeled comments as positive, negative suggestion, question,
wish. Total data set 12,725 comments use, for those different domains to separate uniquely

flagged each class by different number.

The amount of labeled comments using machine learning approach is lower by the amount of
total clearly it labeled by sentence level, obviously if lexicon approach used it might have lot
amount of data count. Also its known that those researches have lexicon based but it has its own

challenging task specially labeling process. (Jurek et al., 2015)

Above figure shows data distribution not balance comparing each class. Data distribution
imbalance applies primarily to different text number of different groups. Generally speaking,

the class distribution imbalance is represented by the text number ratio of the small and large
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classes. To tackle this problem there are different methods applied bus most common way
follows three approach to maintain this problem (Krawczyk, 2016). Based on level of branch
the complexity of data engineering is more difficult. Binary data model faces binary imbalanced
classification; Multi-class imbalanced classification occurs classes more than two or binary this
level of branch is more difficulty. Thus this research used multiple class architecture to avoid

data imbalance distinguish three major learning methods from imbalanced data:

first one is using data level by customize add or remove complex data from the data set. Second
one by Algorithm level by improving algorithm by directly configure existed model. The last

on is use hybrid by combining both the above method. (Krawczyk, 2016)

In this research, data distribution imbalance goes to between positive, negative, Suggestion,
Question, Wish. When it combined it vary and clearly show imbalance property on our data set,
on this research the experiment demonstrate this experiment and answering research question
focuses on analyzing the domains that could improve and increase text comment addressing
problem, Data level manipulation is also affect other class that contain small amount of data
(Krawczyk, 2016) (Y. Li et al., 2010) Next table show the experiment that measure the
performance of the model structured on tabular form.

Domain of class
Performance measure positive negative | suggestion | question | wish

Precision 0.71 0.88 0.95 0.90 0.93

Recall 0.90 0.67 0.92 0.86 0.86

F Score 0.79 0.76 0.94 0.88 0.89
Macro-Precision 0.88
Macro-Recall 0.84
Macro-F score 0.85
Accuracy 0.83
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Table 5.9 LSTM performance with defined domains

LSTM network switch 64 layer with 5 dense defined layer for output. 0.2 drop A complete 5x5
misunderstanding matrix was created at the end of each trial, accuracy was calculated for the
resulting network, and precision recall and f-measurement were calculated for each target
neuron detection rate. The goal production with the highest numerical value was used for the
purpose classification. Educated LSTM networks have benefited at least partly from all five
intention groups. The networks were trained for up to 20 epochs. The performance of the trained
network was measured at 20 epochs check by adding more epochs above 20 to check to increase
performance 50, 70,100 epochs result could not change training and validation test above 20
epochs. Every experiment contained 5 trials. To check the variation and take better performance

measurement.
Performance Domain class Domain class
measure 30% test, 70% training data 20% test, 80% training data

PIN | S | QW | P[N] S| Q] W

precision 0.62 1092 092 |0.890.92 [0.71/0.87 |0.91 |0.80 [0.93

Recall 0.83 |0.62 [0.84 |0.78/0.84 [0.86|0.67 [0.93 [0.81 |0.82
F-score 0.72 0.74 1|0.88 |0.83 |0.88 0.78 [0.75 |0.92 |0.80 |0.87
Macro-Precision 0.85 0.84
macro-Recall 0.79 0.82
macro-F score 0.81 0.83
Accuracy 0.80 0.82

Table 5.10: Different data split properties
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RQ1) Which possible algorithm to perform better performance intent analysis model? For this
experiment (LSTM) used, a well-known deep learning model. widely and successfully used for
sentence—level natural language processing tasks. To evaluate our model, Bidirectional model
applied on different English intent analyses model(Luong et al., 2017). Tenfold, fivefold, and
threefold cross-validations used and all experiments were repeated five times. Confusion matrix

contains information on the current and expected classifications used by the classifier.
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Figure 5.21 Figure: Training vs Validation accuracy and loss.

The difference model properties for this Bidirectional long short term memory change the drop
outs defined 0.8 drop out and activation function for BILSTM “relu” used for the previous
LSTM “soft-max” activation used. For this experiment most same training model properties to
train model. LSTM network switch 64 layer with 5 dense defined layer for output. A complete
5*5 confusion matrix was created at the end of each trial, accuracy was calculated for the
resulting network, and precision recall and f-measure were calculated for each target neuron
detection rate. The goal production with the highest numerical value was used for the purpose
classification. Educated LSTM networks have benefited at least partly from all five intention

groups.
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Domain of class

Performance measure |positive negative suggestion question | wish
Precision 0.74 0.74 0.99 0.90 0.96
Recall 0.87 0.78 0.88 0.81 0.84
F Score 0.80 0.76 0.93 0.86 0.90

Macro-Precision 0.87
Macro-Recall 0.84
Macro-F score 0.83

Accuracy 0.82

Table 5.11 Comparison of Bl LSTM performance with defined domains

Both the above experiment with nearest probability configuration BILSTM is less performance

measurement when it compared with the first base LSTM model. Both contain their own feature

when it observed from the previous papers. Wisely this research list out different point to

compare these two model. So their difference in configuration and feature gives awareness. As

the above result describes LSTM better on the numerical measurement. Also BILSTM on our

experiment take a lot of time to train when it compares to the LSTM model.

Performance measure

Domain of class

positive

negative

suggestion

question

wish

Precision

0.76

0.60

0.93

0.85

0.89
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Recall 0.66 0.83 0.84 0.77 0.89

F Score 0.71 0.70 0.88 0.81 0.89
Macro-Precision 0.80
Macro-Recall 0.80
Macro-F score 0.83
Accuracy 0.78

Table 5.12 Comparison of MNB performance with defined domains

Two of the classifiers have shown high performance with average F-score of 83%, 78% for Bl
LSTM and MNB respectively. BILSTM outperforms MLP and Bl LSTM by 5% respectively.
Compared to results from proposed approach LSTM it scores lower by 2%, for BILSTM and
5% for MNB. The lower F-measures could be due to three possible reasons, the first one is train
test split used in these experiments discards 20% of training data for test.

This affects the accuracy of the model. The other reason is that, deep neural networks need very
large amount of data to give better performance and the data set used is not large enough.

Finally, the network parameters used in our experiments might not be in their optimized value.

5.8.1 K-fold cross validation
The data is split into k sub-sets in K Fold cross validation. Now the holdout process is repeated

k times, so that each time one of the k subsets is used as a test set/validation set and the other k-
1 subsets are grouped together to form a training set. tenfold, fivefold and three fold cross
validations used and all experiments were repeated 10 times.
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Figure 5. 22: Represent of fivefold cross validation

- Training set

Average accuracy Average accuracy Average accuracy
. with 10-fold cross with 5-fold cross with 3-fold cross
Algorithm
validation validation validation
LSTM 82.75 82.35 81.67
BI-LSTM 81.84 85.19 80.10
MNB 78.9 79 78

Table 5. 13: K-fold for three selected algorithms
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RQ2) [Could the inclusion of extra white space and misspelled sentence affect Amharic
intent analysis?]

Because large, human annotated data sets suffer from labeling errors, it is crucial that deep
neural networks can be formed in the presence of label noise. This section, investigate extra
white space and input misspelled data could lead miss classification or variation between wrong
domain. Making experiment by give noise input data to see the effect. (+%A An+) example of
noise data that must be represent as (+FAAU ANE), (kAha® &N &2A €A 1NC) that might represent
correctly (xhhangA g¢h 8CAINC)

Type of data Amount of data
Sentence predicted Actual label
Noise extra white space data |naraA9™ ¢ 7 2h £NAU Negative Negative
Noise misspelled data PIe ARYCID AHIE Negative Negative
Noise extra white space data |&+ UATINF@ @IFF &3 question question
Uem ?
Noise misspelled data Pt y9° PtPNm-? question question
Noise (wish) ALT M +aRAR wish wish

Table 5.14 Test variation between domains white space and misspelled input
The result from Table 5.14, incorporating noise comment did not affect the model by
interchange the actual label form. The above data express without normalized input data it
performs well in accurate label prediction. The researcher proposes to study the problem of
inferring intent categories for comment. the problem formulated as a miss classification
problem. Test model with noise input data to see the probability of vary on final output label.
Test all selected noise data listed on the above table, Result shows noise input not affect
classification vary between predefined label in terms of target or expected output in LSTM

based intent analysis model.
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5.8.2

Overview of Framework Flask

Flask was developed as an extensible platform from the ground up; it offers a solid core of basic

resources, while extensions provide the remainder.

5.8.3 System Design

The framework architecture to incorporate the web-based system on the structure flask will be

explained in this section. This design would create a folder with a framework for the project

and essential files will be visible. The phase diagram of the device is shown in figure 5.25.

Intent analysis web-
based project

/

N

Template HTMIL

Config

Model )
Java script

Static

Images

\

_/

Figure 5. 25: system process diagram

5.8.4 Produce the project Structure
This section describes the system design to implement the flask structure website. In this system,

the main architectural concept has basic components such as Model, View and server Figure

5.26 to the model, output from the model will be sent to the server after the server receives

model outputs, data will be sent to view.
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Figure 5. 26: Intent analyzer pattern in web based-system

5.8.5 Performance Evaluation
In this portion, a test process will be carried out to evaluate the web-based model design of the

Flask system using the Python language. This test will be divided into two parts, namely the
implementation of the website and the integration of the LSTM model using the flask
framework.
a) Implementation of website creation
To build a new website, using Flask to make it from a project generator. Project folders and
files are organized, a folder structure that is often fitted with an app.py web server. The view to
run the server, and start page view of the home view that is linked to the. Index html.
b) Startup Server
The framework instance has a run method that launches the integrated web server of Flask:

if _name__ ==' main__"

app.run (debug=True)

The __name__ =="'_main__" here, the Python idiom is used to ensure that the development
web server only runs when the script is directly executed. After running the server it generate

local server port which is http://127.0.0.1:5000/ running this address opens the home page

figure 5.27 shows home page which contain graphical and numerical data representation and

display result in easy way.
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http://127.0.0.1:5000/

% Intent Analyzer Search products Reports Projects 2= Amharic @ Leoul Mesfin B 4
Intent Class Float Value 1 Month
Business
Negative Positive Sugession Question
Documentation 0.044684846 0.25475693 0.28379327 0.29467624
') @
Figure 5. 27: Display home page
% Intent Analyzer Search products Reports Projects & Amharic @ Leoul Mesfin B
Wish
0.12208861
Question
[~
25%
Intent class confidence in %
04% 25% 2 SD 29% 12%
Negative Positive Sugession Question Wish

Figure 5. 28: Circular progress bar shows the result of input text
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Chart-js Charts

Line Chart Bar Chart

4000

Figure 5. 29: Line chart and bar chart for training data set description on website

CHAPTER SIX

6 CONCLUSION AND FUTURE WORKS
This chapter is conclusion of observations from these research. It also contains future works to

show further researches that can be done in the future.

6.1 Conclusion

The main objective of this research is to build intent analysis model and also investigate the
effect of noise testing or input data affect the classification task by vary between expected label
and other predefined class domains. Furthermore, its shown that is possible to achieve an
accuracy of 82.75% both BI LSTM and Multinational Naive Bayes (MNB) are also perform
well, MNB achieves 78%, BILSTM achieves 82%. Both architecture they have also their own
drawbacks like running time BILSTM because of double cell on each gate it consumes time
MNB have lack of memory management. Also they have their own features like MNB perform
well if many feature selection task applied. This paper has concluded that noise test data not
affect classification model.
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This research collects and contribute Amharic based intent classification domain corpus for the
next researches. And Develop a Long short term memory based Ambharic intent analysis
classification model. The data that input from the user to the model which is a proposed LSTM
not only formal there might be noise data given by the user this research analyzing noise data

could lead miss classification on proposed model.

6.2 Future works

Developing economical fully-functional intent analysis needs coordinated team efforts that
comprise linguistic skilled, technology skilled and others that may collect additional comments
from each public society and social media. Good coordination of these different professionals
can result in a full functional intent analysis model and spell checker model. This research paper

identifies the following direction as future work.

1. This model specifically on human intention scope, as a future work the researcher suggest
that collaborate different NLP task like automatic feature selection opinion mining and other
Avres integrate with automated web interface. To different extraction, classification, integration
tasks perform on one model

2. Itis believed that the deep neural network used can be further refined by changing the network
type and architecture, to maintain the performance.

3. This research paper on intent analysis is limited to comments written in Amharic language
only. However, most users write a comment by transliterating Amharic alphabets to English
alphabets and others write a comment by combining Amharic language with other languages
like English, Tigrigna, and Oromifa. For next works adding these languages will help in
developing a full model of intent analysis.

4 When conducting our experiments, small amount of corpus for word intent analysis used.
Thus large data to train classifier believed better results can be achieved in the future.

5 Research focused on only basic named entity classes (Positive, negative, suggestion, question
and wish) further researches could consider additional categories of intention analyses to have

complete system.
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APPENDIX
Appendix A
Normalized characters

0=h 9=h 4=y A=U 8=9 w=f
9=h M= h=u =4 %8 =D
O=h =U =P ®=p 2=p w=n

Q=h =Y y=U =06 w=A h=4
9=h =l Y=U 2=6 u=A
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%=k =4 h=U R=6 ur=(r
0=k 1=4 A= 2=1 u=A,

Word Normalization

AEPTP=hT04P £,a0FNn=panFy

15=h"2% AGREEEEE=AG&

hEEEEEEESHER FATP=LAT®

NaDYF= AN+ PP EPCOC=FPC

a- =4, A9 PO-O-O-O-=PO-

ARN=M.L8 080 0@ 0 8

D800 e =m0 =i o4 P
Appendix B

LSTM model

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

EPOCHS =20  # Number of epochs we usually start to train with

BATCH_SIZE =512 # Size of the batches used in the mini-batch gradient descent

df = pd.read_csv(‘ala.csv', encoding ='utf-16")
df.head()
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df = df.reindex(np.random.permutation(df.index))
df = df[['‘comment’, 'intent]]
df.head()
X_train, X_test, y_train, y_test
train_test_split(df.comment, df.intent, test_size=0.2, random_state=37)
print("Training Data:', X_train.shape[0])
print('Test Data:’, X_test.shape[0])
tweet_df = df[['comment’,'intent']]
tk = Tokenizer (hum_words=NB_WORDS,split="")
tk.fit_on_texts(X _train)
sentiment_label = tweet_df.intent
len(df.comment)
print(tk.word_counts)
word_index = tk.word_index
print('"Found %s unique tokens.' % len(word_index))
model = models. Sequential()
model.add (layers.Embedding(NB_WORDS, 8, input_length=MAX_LEN))
model.add(layers.LSTM(64))
model.add(layers.Dropout(0.2))
model.add(layers.Dense(5, activation="softmax’))
model.compile(loss="categorical_crossentropy',optimizer='adam’, metrics=['accuracy'])
history = model.fit(X_train_emb, y_train_emb, epochs=EPOCHS, batch_size=BATCH_SIZE,
validation_data=(X_valid_emb, y_valid_emb))
def plot(history, metric_name):

metric = history.history[metric_name]

val_metric = history.history['val_' + metric_name]

e =range(1, EPOCHS + 1)

plt.plot(e, metric, 'ro’, label="T raining ' + metric_name)

plt.plot(e, val_metric, 'r', label="Validation ' + metric_name)

plt.legend()
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plt.show()

WEBSITE SAMPLE CODE
</head>
<body>
<div class="container-scroller">
<!-- partial:partials/_navbar.html -->
<nav class="navbar default-layout-navbar col-lg-12 col-12 p-0 fixed-top d-flex flex-row">
<div class="text-center navbar-brand-wrapper d-flex align-items-center justify-content-
center''>
<a class="navbar-brand brand-logo™ href="index.html"><img src="{{ url_for('static’,

filename="assets/images/j/logos.svg')}}" alt="logo" /></a>
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<a class="navbar-brand brand-logo-mini" href="index.html"><img src="{{
url_for('static', filename="assets/images/j/logo-mini.svg’)}}" alt="logo" /></a>
</div>
<div class="navbar-menu-wrapper d-flex align-items-stretch">
<putton class="navbar-toggler navbar-toggler align-self-center" type="button" data-
toggle="minimize">
<span class="mdi mdi-menu"></span>
</button>
<div class="search-field d-none d-xI-block">
<form class="d-flex align-items-center h-100" action="#">
<div class="input-group™>
<div class="input-group-prepend bg-transparent">
<i class="input-group-text border-0 mdi mdi-magnify"></i>
</div>
<input type="text" class="form-control bg-transparent border-0"
placeholder="Search products">
</div>
</form>
</div>
<ul class="navbar-nav navbar-nav-right">
<li class="nav-item dropdown d-none d-md-block">
<a class="nav-link dropdown-toggle" id="reportDropdown" href="#" data-
toggle="dropdown" aria-expanded="false"> Reports </a>
<div class="dropdown-menu navbar-dropdown" aria-labelledby="reportDropdown">
<a class="dropdown-item" href="#">
<i class="mdi mdi-file-pdf mr-2"></i>PDF </a>
<div class="dropdown-divider"></div>
<a class="dropdown-item" href="#">
<i class="mdi mdi-file-excel mr-2"></i>Excel </a>
<div class="dropdown-divider"></div>
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<a class="dropdown-item" href="#">
<i class="mdi mdi-file-word mr-2"></i>doc </a>
</div>
</li>
<li class="nav-item dropdown d-none d-md-block">
<a class="nav-link dropdown-toggle" id="projectDropdown" href="#" data-
toggle="dropdown" aria-expanded="false"> Projects </a>
<div class="dropdown-menu navbar-dropdown" aria-
labelledby="projectDropdown">
<a class="dropdown-item" href="#">
<i class="mdi mdi-eye-outline mr-2"></i>View Project </a>
<div class="dropdown-divider"></div>
<a class="dropdown-item" href="#">
<i class="mdi mdi-pencil-outline mr-2"></i>Edit Project </a>
</div>
</li>
<li class="nav-item nav-language dropdown d-none d-md-block">
<a class="nav-link dropdown-toggle" id="languageDropdown" href="#" data-
toggle="dropdown" aria-expanded="false">
<div class="nav-language-icon">
<div class="p-3 text-center bg-primary">
<img class="img-avatar img-avatar48 img-avatar-thumb" src="{{ url_for('static',
filename="assets/images/faces/face28.png’)}}" alt="">
</div>
<div class="p-2">
<h5 class="dropdown-header text-uppercase pl-2 text-dark">User Options</h5>
<a class="dropdown-item py-1 d-flex align-items-center justify-content-between"
href="#">
<span>Inbox</span>

<span class="p-0">
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<span class="badge badge-primary">3</span>
<i class="mdi mdi-email-open-outline ml-1"></i>
</span>
<[a>
<a class="dropdown-item py-1 d-flex align-items-center justify-content-between"
href="#">
<span>Profile</span>
<span class="p-0">
<span class="badge badge-success">1</span>
<i class="mdi mdi-account-outline ml-1"></i>
</span>
<[a>
<a class="dropdown-item py-1 d-flex align-items-center justify-content-between"
href="javascript:void(0)">
<span>Settings</span>
<i class="mdi mdi-settings"></i>
<fa>
<div role="separator" class="dropdown-divider"></div>
<h5 class="dropdown-header text-uppercase pl-2 text-dark mt-2">Actions</h5>
<a class="dropdown-item py-1 d-flex align-items-center justify-content-between"
href="#">
<span>Lock Account</span>
<i class="mdi mdi-lock ml-1"></i>
<la>
<a class="dropdown-item py-1 d-flex align-items-center justify-content-between"
href="#">
<span>Log Out</span>
<i class="mdi mdi-logout ml-1"></i>
<[a>

</div>
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</div>
</li>
<li class="nav-item dropdown">
<div class="collapse" id="ui-basic">
<ul class="nav flex-column sub-menu">
<li class="nav-item"> <a class="nav-link" href="{{ url_for('static’,
filename="pages/ui-features/buttons.html’) } }">Buttons</a></li>
<li class="nav-item"> <a class="nav-link" href="{{ url_for('static',
filename="pages/ui-features/dropdowns.html*)}}"">Dropdowns</a></li>
<li class="nav-item"> <a class="nav-link" href="{{ url_for('static’,
filename="pages/ui-features/typography.html’)}}">Typography</a></li>
<Mul>
</div>
</li>
<li class="nav-item">
<a class="nav-link™ href="{{ url_for('static', filename="pages/icons/mdi.html’)}}">
<span class="icon-bg"><i class="mdi mdi-contacts menu-icon"></i></span>
<span class="menu-title">Products</span>
<la>
</li>
<span class="icon-bg"><i class="mdi mdi-format-list-bulleted menu-
icon"></i></span>
<span class="menu-title">Register</span>
<la>
<div class="dashboard-progress dashboard-progress-2 d-flex align-items-center
justify-content-center item-parent"><i class="mdi mdi-account-circle icon-md absolute-center
text-dark"></i></div>
<p class="mt-4 mb-0">Probability</p>
<h3 class="mb-0 font-weight-bold mt-2 text-dark"></h3>
</div>
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</div>
</div>
<div class="col-xI-3 col-1g-6 col-sm-6 grid-margin stretch-card">
<div class="card">
<div class="card-body text-center">
<h5 class="mb-2 text-dark font-weight-normal">Question</h5>
<h2 class="mb-4 text-dark font-weight-bold">{{dom4}}</h2>
<div class="dashboard-progress dashboard-progress-3 d-flex align-items-
center justify-content-center item-parent"><i class="mdi mdi-eye icon-md absolute-center
text-dark"></i></div>
justify-content-center item-parent><i class="mdi mdi-cube icon-md absolute-
center text-dark"></i></div>
<p class="mt-4 mb-0">Probability</p>
<h3 class="mb-0 font-weight-bold mt-2 text-dark">25%</h3>
</div>
</div>
<div class="col-md-3">
<h1>Intent Class</h1>
<div class="alert alert-primary" role="alert">
{% if probability %}
{{ sentiment }}
{% endif %}
</div>
</div>

</div>
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Appendix C

Data set sample for intent classification
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