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ABSTRACT

Improving Sentiment Analysis Based on Deep Learning by Using Feature
Selection

Mohammed Hussein ABDALLA

Master's Thesis

FIRAT UNIVERSITY
Graduate School of Natural and Applied Sciences

Department of Software Engineering
Software Engineering
June 2021, Page: xii + 51

In recent years, sentiment analysis has gained a great deal of research due to the dramatic growth in
online social media use. For learning-based methods, many technically advanced strategies have been used
to improve the performance of the forms. The sentiment analysis system uses natural language processing
techniques and a sentimental vocabulary network, and one of the applications of deep learning in NLP is
sentiment analysis.

The most popular and successful type of RNN is the LSTM network. There is much research that uses
the LSTM ability to analyze sentiment. However, large data volumes reduce the accuracy of LSTM network
results in test data; in other words, over-fitting occurs. This problem occurs when there is a high correlation
between independent variables. The model may not have high validity despite the high value of the
correlation coefficient between the independent and dependent variables. In other words, although the model
looks good, it does not have significant independent variables. Combining the LSTM network with feature
selection methods can increase sentiment analysis accuracy to select effective features and solve them. In this
study, we used the three benchmark datasets, namely (YELP, US Airline, and IMDB), then proposed a deep
learning model (LSTM, Bi-LSTM, and GRU) to improve classification accuracy through using the feature
selection method, namely, filter-based feature selection method Chi-square and Principle component analysis
method PCA to select an optimal subset of features, and the performance of each measured and compared in
terms of accuracy, precision, recall, and F1 score.

After comparing the (LSTM, Bi-LSTM, and GRU) models with (Chi-2 and PCA) selected features,
and also with the original feature set, the results show that feature selection methods significantly increase
classification accuracy in all cases. . In the Yelp dataset, the maximum attained an accuracy of Bi-LSTM is
100% using chi-square. In the US Airline dataset, the maximum achieved accuracy of GRU-LSTM is 97.9%
using chi-square. In the IMDB dataset, the maximum achieved accuracy of Bi-LSTM is 99.9% using chi-

square.

Keywords: Sentiment Analysis, Deep Learning, LSTM network, Feature Selection.
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OZET

Ozellik Secimini Kullanarak Derin Ogrenmeye Dayali Duygu Analizi
Iyilestirme

Mohammed Hussein ABDALLA

Yiksek Lisans Tezi

FIRAT UNIVERSITESI
Fen Bilimleri Enstitiist

Yazilim Miihendisligi Anabilim Dali

Haziran 2021, Sayfa: xii + 51

Son yillarda, ¢evrimi¢i sosyal medya kullanimindaki garpici artis nedeniyle duyarlilik analizi ¢ok fazla
arastirma kazandi. Ogrenmeye dayal1 yontemler igin, formlarin performansini iyilestirmek igin birgok teknik
olarak geligmis strateji kullanilmistir. Duygu analizi sistemi, dogal dil isleme tekniklerini ve duygusal bir

kelime agin1 kullanir ve NLP'deki derin 6grenmenin uygulamalarindan biri duygu analizidir.

En popiiler ve basarili RNN tiirii LSTM agidir. Duygulari analiz etmek i¢in LSTM yetenegini kullanan ¢ok
fazla arastirma var. Ancak, biiyiik veri hacimleri, test verilerinde LSTM ag sonuglarinin dogrulugunu azaltir;
baska bir deyisle, asir1 uydurma meydana gelir. Bu sorun, bagimsiz degiskenler arasinda yiiksek bir
korelasyon oldugunda ortaya ¢ikar. Bagimsiz ve bagimli degiskenler arasindaki korelasyon katsayisinin
yiiksek degerine ragmen model yiiksek gecerlilige sahip olmayabilir. Diger bir deyisle, model iyi
goriinmesine ragmen, dnemli bagimsiz degiskenlere sahip degildir. LSTM agin 6zellik se¢im yontemleriyle
birlestirmek, etkili 6zellikleri segmek ve ¢6zmek igin duyarlilik analizi dogrulugunu artirabilir. Bu ¢aligmada,
iic karsilagtirma veri setini (YELP, US Airline ve IMDB) kullandik, ardindan &zellik segme yontemini
kullanarak siniflandirma dogrulugunu iyilestirmek i¢in bir derin 6grenme modeli (LSTM, Bi-LSTM ve GRU)
onerdik. , filtre tabanl 6zellik se¢im yontemi Ki-kare ve Prensip bilesen analiz yontemi PCA, 6zelliklerin
optimum bir alt kiimesini se¢gmek ve her birinin performansi dogruluk, kesinlik, geri ¢agirma ve F1 skoru

acisindan olg¢iillir ve karsilastirilir.

(LSTM, Bi-LSTM ve GRU) modellerini (Chi-2 ve PCA) segilen 6zelliklerle ve ayrica orijinal 6zellik setiyle
karsilastirdiktan sonra, sonuglar, 6zellik se¢im yontemlerinin tiim durumlarda siniflandirma dogrulugunu
onemli dlglide artirdigimi géstermektedir. . Yelp veri setinde Bi-LSTM'nin elde edilen maksimum dogrulugu,
ki-kare kullanilarak% 100'diir. ABD Havayolu veri kiimesinde, GRU-LSTM'in elde edilen maksimum
dogrulugu ki-kare kullanilarak% 97,9'dur. IMDB veri kiimesinde, Bi-LSTM'nin elde edilen maksimum
dogrulugu ki-kare kullanilarak% 99,9'dur

Anahtar Kelimeler: Duygu Analizi, Derin Ogrenme, LSTM ag1, Ozellik Segimi.

viii



LIST OF FIGURES

Page
Figure 1.1. Sentiment ANalysis SYSIEIM ......cccuiruiriiririiririeteiee et ste ettt ettt sttt et st besae bt et eneenee 1
Figure 1.2. Different sentiment analysis teCRANIQUES. .......cceerveerierieiiieiieciee et 6
Figure 2.1. Recurrent Neural NetWOTK ........cccoiiiriiiiiiiiiiiieneeceeeteee ettt 17
Figure 2.2. Opened loop of recurrent neural NEEWOTK .............civieriiriiniiiiiiienieteiteieee st 17
Figure 2.3. Details of a recurrent neural NetWOrk Cell...........cueeriiiriieriiiiniieeieesieeeie et creeevee e 18
Figure 2.4. Three gates through which the network controls the data flow ..........cccccocceiviiiiniiniininiinn, 19
Figure 2.5. Sentiment Analysis using LSTM Model ......c.c.cocoiiiniiniiiiiiiiienieeeeeee et 21
Figure 2.6. The Structure of Bi-LSTM NEtWOTK .....ccccviiriiiiiiiiiiiieeeeeceetee ettt 22
Figure 2.7. Sentiment Analysis using Bi-LSTM MoOdEl .........cccceeriiriiiiniiiiiinieerieesieeseeesieeseee s 23
Figure 2.8. The structure of LSTM network. (b) The structure of GRU network...........ccccceevvveviienieennenn. 24
Figure 2.9. Sentiment Analysis using The GRU MOoOdel .........cccccooriiriiiiniiiiiiiniieieenieeneeesieesee e 25
Figure 3.1. Proposed MO .........c.coviiiiiiiiiiiiiiieeit ettt ettt ettt et et e sabe e st e e sabeesabeesaneesaneens 27
Figure 3.2. Flowchart of Pre-processing SEPS ....c..ceouieiiriirierieiieiie ettt ettt 32

Figure 4.1. The best accuracy of the models before and after of the feature selection (PCA and chi-square)
ON YELP DAtASEE . ..eeeiiiiiiiiiiiieieete ettt sttt ettt et 38

Figure 4.2. The best accuracy of the models before and after of the feature selection (PCA and chi-square)
ON US AITliNe DAtaSEL......cceeeuiiriiiiiiiiiiiiieiientetcee ettt ettt st saeesae et eane e 41

Figure 4.3. The best accuracy of the models before and after of the feature selection (PCA and chi-square)
ON IIMDB dAtASEL.......eouiiiiiiiiiiiieiieitete ettt ettt et b et e e satesbeesaeenaeeaeennesanenae 43
Figure 4.4. The accuracy of models on IMDB, YELP and US Airline datasets ...........ccccceceereeneeneenuennenns 44



LIST OF TABLES

Page
Table 3.1. Parameters setting in LSTM, Bi-LSTM AND, GRU Models.........ccccecueeniirnieinieeniieenieenneen. 33
Table 4.1. Performance of the proposed model for YELP dataset. ..........ccccoceverererircienieneneniencnencennee 38
Table 4.2. Performance of the proposed model for US Airline dataset..........c.ccocevereeeenieneninencneneenne. 39
Table 4.3. Performance of the proposed model for IMDB Airline dataset. ...........cccceevuerveenieneeneeneennenns 41



SYMBOLS AND ABBREVIATIONS

Abbreviations

RNN

LSTM

: Recursive Neural Network

: Long Short-Term Memory

Bi-LSTM : Bidirectional Long Short-Term Memory

GRU
PCA
IG
LSA
PSO
SVM
PSO
KNN
AUC
API
GA
ML
SWN
Chi-2
NB
GNB
Doc2Vec
DM

DBoW

: Gated Recurrent Unit

: Principal Component Analysis
: Information Gain

: Latent Sematic Analysis

: Part of Speech Tagging

: Support Vector Machine

: Particle Swarm Optimization

: K-Nearest Neighbor

: Area-Under-Curve

: Application Programming Interface
: Genetic Algorithm

: Machine Learning

: SentiWordNet

: Chi Square

: Naive Bayes

: Gaussian Naive Bayes

: Document to Vector

: Data Mining

: Distributed Bag of Word

Word2Vec: Word to Vector

LR
TF-IDF
BoW
ELM
NLTK
OR
RFE
BCA

: Logistic Regression

: Term Frequency — Inverse Document Frequency
: Bag of Word

: Extreme Learning Machine

: Natural Language Toolkit

: Odds Ratio

: Recursive Feature Elimination

: Binary Coordinate Ascent

X1



SA

OM
NLP
VADER
TF

CSV

TP

TF

FP

FN

: Sentiment Analysis

: Opinion Mining

: Natural Language Processing
: Valence Aware Dictionary

: Term Frequency

: Comma Separated Value

: True Positive

: True Negative

: False Positive

: False Negative

xii



1. INTRODUCTION

An important part of the data that is created today is unstructured. Unstructured data involves
social media comments, browsing history and customer feedback. To process and analyze such
data, text classification is one way to accomplish this task.

Social media has provided a new device for making and sharing ideas with others. Receiving
public opinion about social events, marketing activities, and product priorities attracted the
scientific community and marketing companies [1]. Today, if one wants to buy a product, he is no
longer limited to family and friend opinions because users' comments and discussions about
different products are available on websites. However, finding and evaluating opinions is not an
easy task due to the expansion and variety of opinions. Each site usually has a large volume of text
comments that are not easy to decrypt and summarize such data, so automated sentiment analysis
systems are required [2]. Now, the acceptance of the generated content development by users on
websites and social networks such as Twitter has led to an increase in the power of social media to
express opinions about services, products and events. Today, the number of people using these
networks to make decisions is increasing [3]. Using sentiment analysis systems, we can find out
what people think about different topics and what opinions they have, and we can find out the
reasons for the failure or success of different topics in society from the users' point of view by

analyzing these ideas. Figure 1.1, shows the Sentiment Analysis System.

Input Sentiment Output

»
»

Classes {positive, negative}

Text of i Analysis

Figure 1.1. Sentiment Analysis System

Deep learning is a specific subfield of machine learning in artificial intelligence (AI) and
composed of algorithms that permit software to train itself to perform tasks by exposing
multilayered neural networks to vast amounts of data [4].

Analysis of sentiment at the document level is a basic task in sentiment classification.
Recently, neural network approaches have been very successful in sentiment analysis. Recursive
Neural Network (RNN) is one of the most common architectures among these methods, due to the
ability to manage variable-length texts [5]. The recursive neural network needs information from
the beginning of the sentence to be able to predict correctly. These types of dependencies are called

long-term dependencies; because there is a relatively significant distance between information and



relevant features, and this information is used to make a prediction. Unfortunately, in practice, the
greater the distance, the more difficult RNN neural networks become to learn these dependencies;
because they deal with the problem of vanishing gradient or exploding gradient [6]. Efforts have
been made to deal with the process of modeling long-texts. Recently, LSTM has become more
popular in the field of sentiment analysis. The Short-Term Memory Network (LSTM) was proposed
by Hockeriter and Schmidber in 1997 [7], which is a kind of recursive neural network that reduces
the problem of vanishing/exploding gradient.

Unlike a traditional recursive neural network in which the content is re-written at each time
step, in an LSTM recursive neural network the network can decide on the preservation of current
memory through the introduced gates. Intuitively, if the LSTM unit detects an important feature in
the input sequence in the initial steps, it can easily transmit this information over a long distance,
thus it can receive and retain such potential long-term dependencies [8].

In recent years, LSTM has been used more in the field of sentiment analysis and has
undergone many changes. One of its common type is Bi-LSTM, which consists of two LSTMs that
use additional previous information, thereby increasing memory capability. The basic idea of Bi-
LSTM is to have new and old LSTM training sequences, both connected to the same output layer.
This structure provides complete content information from the past and future for each point of the
input layer [7]. Another type is the GRU proposed by Chou et al., in which the forget gate and the
input gate are merged and convert to a single update gate. The unit state and hidden state are also
integrated, so the GRU model is simpler than the standard LSTM model [8]. Although good results
have been obtained by the use of LSTM models, many cases in sources and texts show that with
the increase in textual data features, training data is very accurate in network training, but in
evaluating the model with testing data, the accuracy of the model is reduced and it faced with the
problem of over-fitting in sentiment analysis and long-texts processing [9].

In addition, there is the problem of unbalanced datasets in the sentiment analysis of the long
texts. Unbalanced data is generally referred to as a set of data in which the number of samples
representing a class is less than other samples in different classes. This becomes problematic in
time classification, in that a class, which is generally an absolute or minority class, is not
represented in the datasets. In other words, the number of incorrect observations exceeds the correct
observations in a class. This problem has been frequently observed in sentiment analysis of long
texts, and the low quality of data, due to class imbalances or incorrect labeled items, may negatively
affect classification performance [10]. Therefore, in this paper, a new method based on feature
selection algorithms to reduce the dimensions of input structures (feature reduction) of LSTM
models is presented, which aims to reduce computational time and increase the accuracy of

predictions in testing data. In this regard, we examine the effect of combining correlation-based



feature selection methods such as chi-square test and principal component analysis (PCA) with

LSTM, Bi-LSTM, and GRU-LSTM models in sentiment analysis.

1.1. Problem statement

Into the last couple of decades, the demand for collecting and analyzing social media data
has increased. One great source for this data is Twitter. Words of sentiment texts can be utilized
for the decision-making process in Sentiment Analysis, as they contain user’s reviews about
different events or topics. However, tweets are unstructured data and tend to be very large in volume
when collected. Consisting of millions of records. While processing the collected raw data for data
analytics purposes, they have to be converted into another form of representation, called features.
With a large amount of data, the number of features tends to be very high due to containing
irrelevant and redundant features, reaching hundreds of thousands in dimensionality. When
applying machine learning algorithms on the high dimensional feature space, the performance of
the algorithms will be adversely affected and degraded. The high dimensionality of feature space
also leads to over fitting the learning algorithm, increasing learning time, and increasing memory
requirements for data analytics.

Examining previous research, we conclude that these models are usually very accurate in
training data. In the test data, the accuracy of the model has decreased. These models face over
fitting in sentiment analysis and text processing due to the high number of features. Also, there is
an unbalanced data set problem in sentiment analysis [10].

To alleviate the problem of high dimensional feature space, feature selection techniques are
always recommended. Feature selection selects the most informative features from the high
dimensional feature space using a calculation to remove irrelevant and redundant features.

Consequently, solving the problems caused by high dimensionality.

1.2. Challenge of Sentiment Analysis

There are several problems associated with them, as expressed in the text. The most prevalent

challenges are as follows:

1.2.1. Identification of Spam Analysis

Many people can try to write fake or unfair reviews on a product review site called a spam
review, promote their products by giving unfair positive feelings, or degrade their competitors'
products by providing false-negative emotions. Spam identification is critical for business
communities. This will affect user experience because if a false opinion cheats the user, he/she will

never want to use the system again [11-13].



1.2.2. Sarcastic Sentences

Sarcasm may be used to damage (or offend) or may be used for comedic effects. Reviews
can include humorous and ironic expressions. In other words, the polarity of a sentence can be false
positive. For example, "What a nice car, it stopped working on the second day," in such a situation,
positive words can have a negative sense or meaning. Sarcastic or sarcastic phrases can be difficult

to recognize, leading to an inaccurate interpretation of feelings [11-14].

1.2.3. The uncertainty of the Word Sense

Depending on the context, a word may have a different meaning. For example, the term
"small size" has a positive polarity for mobile phones but a negative polarity for room sizes.

Analyzing the correct meaning of the word is thus a costly task [11, 12].

1.2.4. Negation

Negations reverse the polarity of the sentence, and it should be dealt with accordingly.

Otherwise, the product of sentiment analysis is affected [11-12].

1.2.5. The Slang Language and Abbreviations

Abbreviations and slang are short kinds of words to use in any language of communication.
Usually, they are encountered when dealing with text processing and sentiment analysis.
Consideration and handling of these is an additional overhead in sentiment analysis [13]. There are
other questions, too. Some of them have to be considered during preparations, such as slang, small
tweet, URLs, including tweets, emoji, and hashtags [13] while analyzing sentiment analysis text

info.

1.3. Application of Sentiment Analysis

As one of the trendy fields of research, Sentiment analysis has many effective
applications, some of them are stated below:

1.3.1. Industries or Business Organization

Sentiment analysis or opinion mining has an essential role in improving the business.
Companies could take feedback from their customers about their products or level of services in a
short time and hence improve their business. Amazon is one example of many companies using

sentiment analysis for detecting customer satisfaction with their products [12].



1.3.2. Government Intelligence:

Sentiment analysis allows extracting people's opinion on a particular government policy to
understand public reaction on implementing a specific plan. Additionally, politicians could use

sentiment analysis to expose voters’ views about different issues to work in a better way [15].

1.3.3. Education

The study of sentiment also plays a significant role in the field of education. Since the
students or their parents are providing feedback at the end of the session/semester, the review of
this feedback will improve the teaching-learning process. The faculty will come to know the desires
and shortcomings of the students. This study will enable the faculty to improve its teaching
methods. It can be beneficial for management if they summarize the faculty's overview input into

an automated review tool and if the evaluation process can be carried out efficiently [11].

1.3.4. E-Commerce

Purchasing or selling online goods/services is called e-commerce. The study of sentiment is
useful in this sense. If anyone wants to purchase something online, they can look at the feedback
provided by other people who purchased the same product before purchasing one. If all the reviews
are analyzed and summarized, the buyer can save a lot of time and effort. Sentiment analysis can
help to summarize the various reviews. Similarly, if a consumer wants to sell anything, he should

take a market survey before he quotes his purchase price. Opinions derived from reviews help us

nn nn

make a variety of choices, such as "what books to purchase,” "what hotel to go to," "what movie to

watch," "what doctor to go to," "what phone to buy," [12, 16, 17].

1.4. Sentiment Analysis Approaches

Sentiment analysis is a technique that utilizes computational models to categories the views
that is stated in the text sentences to find out whether the views about a specific topic, service or
product, the movie is neutral, positive or negative. Researchers divide Sentiment analysis
techniques into three different approaches: machine learning, lexicon-based, and hybrid
approaches.

Machine learning approaches apply famous machine learning algorithms. The lexicon-based
approach relies on a sentiment lexicon, a collection of known and pre-compiled sentiment terms. It
is divided into a dictionary-based approach and a corpus-based approach that uses statistics or
semantic methods to find sentiment polarity. The hybrid approach combines both approaches and
is very common with sentiment lexicons by playing a vital role in most methods [18]. Figure 1.2.,

illustrates different sentiment analysis techniques:
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Figure 1.2. Different sentiment analysis techniques.

1.5. Machine Learning Approach

It is able to automatically manage a large amount of online data is more common than any
other approach. The machine learning approach utilizes a classification method to classify the input

text. There are two types of approach to machine learning:

1.6. Supervised Learning Based Approach

Supervised machine learning techniques are used for sentiment recognition, machine
learning techniques. Classification usage is common. The data is partitioned into two classes. One
is a numbered training set, and the other is a test set.

The model is trained on a training set and then validated using the test set of data. Critical
algorithms in this group include SVM, Naive Bayes, Logistic Regression, and Decision trees, and
Neural Network. Since these techniques are highly dependent on the training data, their accuracy
is vulnerable to being negatively impacted by an instance of incorrect training data or less training

examples.

1.6.1. Unsupervised Learning Based Approach

Although supervised learning methods require a labelled training set of data to train the
model, unsupervised learning techniques do not. When it is difficult to classify the input data, these

methods are useful. The most well-known technique for unsupervised learning-based pattern



recognition is cluster analysis. Several clustering algorithms are used, like hierarchical clustering,

k-means clustering [19, 20].

1.7. Lexicon-Based Approach

Most lexicon-based strategies are used to find the words in a text with a particular opinion
about something. The results are obtained by adding the scores for subjective terms to account for
specific text content, and the maximum score determines the overall polarity. The corpus-based

approach is focused on corpora and dictionaries.

1.7.1. Dictionary Based Approach

In the Dictionary-based approach, opinion words are manually handled and a seed list is
prepared. Then we search for dictionaries and thesaurus to find synonyms and antonyms of text.
The newly found synonyms are added to the seed list. This process continues until no new words
are found. The Dictionary-based approach's drawback is it difficult to find context or domain-

oriented opinion words [21].

1.7.2. Corpus-Based Approach

A corpus-based approach aims to provide dictionaries linked to a particular subject field.
This dictionary is created from a list of opinion seed terms, and the list is expanded using the corpus
data. Since there is little context-oriented text on this domain, the Corpus has no problems with text
information. With semantic approaches and statistical approaches, this can be achieved. LSA is one
of many mathematical techniques, and WordNet is one of the semantic approaches. The corpus-
based approach eliminates the context-specific and domain specific problem posed by the

Dictionary-based approach.

1.8. Hybrid Approach

The hybrid approach combines machine learning and lexicon processing and increases
overall performance. One methodology supported by most of the researches is to classify the
polarity of the data using sentiment lexicon and then train the machine learning classifiers with the

help of results from the sentiment lexicon [12, 22].

1.9. Related Work

Twitter, is one of the foremost prevalent online social networks and a platform that can be

used for microblogging, sharing views and opinions using various forms of expression like



acronyms, abbreviations, emoticons. Grammar and spelling are not restricting users to
communicate on the platform as such these features assist in categorizing sentiments in tweet
bodies.

Sharma S. et al. analyzed Twitter data through real-time data extraction. Preprocessing and
feature extraction was applied to the text data, Chi-square test and principal component analysis
(PCA), and different machine learning classifications (SVM, Naive Bayes, Random Forest)
Logistic Regression) were conducted against performance indicators [23].

Rana, S., Singh, A. have proposed classifying movie reviews applying the Naive Bayes and
Linear SVM classifiers. They achieved that utilising the classifiers after omitting synthetic words
gives a more accurate result. Their result reveals that SVM achieves better accuracy than the Naive
Bayes classifier. Both algorithms distinctly performed better for genre drama, reaching 87% with
SVM and 80% with the Naive Bayes algorithm [24].

Paul S. et al. attempted to classify text and sentiments in Twitter data by examining mean k-
clustering and TF-IDF to weigh features depending on the simple Bayesian classifier and multiple
Chi-squared feature selection algorithms. To show strength and weak points, this approach was
compared to other variants of the Bayesian. After executing the experiments, the study concluded
that the proposed method specifies more fantastic performance than too many others [25].

F Rustamet al. have a voting classifier (VC) to help sentiment analysis for such
organizations on the US Airline dataset, Positive, negative and neutral tweets were classified based
on their sentiments. A range of machine learning classifications has also been evaluated used as
performance metrics for accuracy, accuracy, recall and F1 score. When they trained a model using,
they achieved an accuracy of %78.9 and 79.1% with TF and TF-IDF feature extraction with the US
Airline dataset, respectively [26].

Cheng, Y. et al. provide a multi-channel model that combines the CNN and the Bi-LSTM
network with an attention mechanism (MC-AttCNN-AttBiGRU). The model will pay the model's
capacity. The IMDB and Yelp 2015 data basket's experimental results indicate that the model
proposed can extract more rich text features than other simple models and achieve 92.90% [27].

Wazery, Y. et al. implemented two main sentiment analysis methods support vector machine,
naive Bayes, decision tree, and K-nearest neighbour. The second method is the deep neural
network, an RNN with LSTM. Two approaches were also used by three Twitter datasets: IMDB,
Amazon, and Airline. We also highlight a comparison between different algorithms, and the
experimental results show the recurrent neural network using LSTM with the highest accuracy of
88%, 87%, and 93% [28].

Rane, A. et al. worked on a dataset from US Airlines and performed a multi-class analysis
of sentiment. Seven classification strategy analyses were carried out: Gaussian Naive Bayes,

Random Forest, SVM, K-Nearest Neighbors, Decision Tree, Regression Logistics, and AdaBoost.
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Classifiers were trained on 80% of the data and tested on 20% of the data. The test result is the
positive, negative and neutral feeling of the tweet. Based on the results achieved, the accuracy of
each classification approach was calculated. The classification techniques used include Adaboost,
which combine several other classifications into a strong classification with a precision of %84.5
[29].

A. Kumar et al. used a particle swarm-based feature selection was performed to increase the
efficiency of sentiment analysis on Twitter data. Tweets received from two standard Twitter
datasets, SemEval 2016 & SemEval 2017, have been reviewed. The proposed feature selection
using PSO is better than the basic group learning algorithm trained by conventional Tf-Idf. By
implementing particle swarm optimization, an average of 8.5% improvement is achieved
inaccuracy with a 33% reduction in the feature set [30].

Zainuddin, N. et al. according to the accuracy of sentiment analysis, a principal component
analysis (PCA) based feature selection method is presented that can determine the most appropriate
feature set for sentiment analysis. Feature selection helps to reduce redundant features and eliminate
irrelevant features that affect classification accuracy. In this study, a feature selection method is
presented to classify Twitter sentiment based on the principal component analysis (PCA). PCA is
integrated with the Sentiwordnet dictionary-based method to carry out classification with the
Support Vector Learning (SVM) framework. Experiments performed on the HCTS dataset and STS
benchmark has 94.53% and 97.93%, respectively. Compared with other statistical feature selection
methods, the proposed method of this study shows promising results in improving sentiment
analysis performance [31].

S. Paudel et al. has implemented a new approach for selecting the appropriate number of
features using chi-square, and features are selected using the default score threshold. It has been
found that there is a relationship in learning-based techniques among the logarithm of the number
of features selected, the output of the sentiment classification, and this relationship is independent
of the learning-based process. New results in this study show that researchers can often select the
right number of features in learning-based methods to achieve the best performance in sentiment
classification. This will help researchers select the right features to improve the efficiency of
learning-based algorithms [32].

Igbal et al. introduced a hybrid approach to address scalability issues that arise as feature set
sizes increase in sentiment analysis, using a Genetic Algorithm (GA)-based technique that reduced
feature set size by up to 42% without compromising accuracy. They compared their proposed (GA)-
based feature reduction technique to two other well-known techniques, Principal Component
Analysis (PCA) and Latent Symantec Analysis (LSA). They confirmed that the GA-based
methodology outperformed PCA and LSA by 15.4 per cent and 40.2 per cent, respectively. They

have used three sentiment analysis methods: SentiWordNet, Machine Learning, and Machine



Learning with GA optimized feature selection. In all cases, the SWN method has a lower accuracy
than the other two listed methods, with the best accuracy of 56%. Their built model, which
integrates GA, reduces feature size by 36% - 43% and increases performance by 5% compared to
the ML approach due to reduced feature size. They put their proposed model to the test with six
different classifiers, namely (J48, NB, PART, SMO, IB-k, and JRIP). Using GA-based feature
selection on the Twitter and feedback dataset, the NB classifier demonstrated the highest accuracy
(around 80%). However, in the geopolitical dataset, IB-k outperformed other classifiers with an
accuracy of 95% [33].

Zhai et al. used feature selection is performed using the Chi-2 feature selection method with
single and double words along with the Support Vector Machine (SVM) and Naive Bayesian as
classifiers. Accuracy is increased as the number of features increases. 85.69% for 100 features,
which eventually rises to 94.17% for 1,300 features, followed by 96.74 % accuracy for 2000
features. In the meantime, IG remains below Chi-2 for its exclusive features. Also, we can see that
the selection of features combined with the selection of features can affect classification efficiency.
The extraction of context-related multi-features with little redundancy decreases internal
redundancy, resulting in improved classification performance [34].

Igbal et al. used different features (NB, SVM, and Maximum Entropy) classifications to
classify movie reviews in the IMDB dataset and tweets in the Stanford Twitter Sentiment140 data
set for public opinion. The experiment includes four distinct sets of features, each of which is a
combination of various single features, as follows: combined Single word features with Stopword
filtered word features (set 1), Unigram with Bigram features (set 2), Bigram with Stopword filtered
word features (set 3) and Most Informative Unigram with Most Informative Bigram features (set
4) (set4). Chi 2 was used as a supervised feature selection technique to improve efficiency by
choosing the most informative features. Furthermore, Chi-2 aids in the reduction of the training
data scale. Their results show that combining both unigram and bigram features and feeding them
to the Maximum Entropy algorithm yields the best results in terms of (F1- the score, precision, and
recall) when compared to two other algorithms, as well as by 2-5 per cent when compared to using
a single feature and baseline model, which is the Senti- Wordnet process. Furthermore, the
maximum achieved accuracy using Maximum Entropy in conjunction with uni-gram and bi-gram
was 90% [35].

Ahmad et al. evaluated the overall efficacy of SVM on three pre-labelled datasets. Three
ratios of training and test data have been used to classify each data set: 70:30, 50:50 and 30:70. The
findings were compared based on the measures of precision, recall and f-score. In the first data
collection, the ratio of 70:30 was better with 70.4% precision and 70.3% reminder, while 50:50 was
better with 67.9% in the f-score. 70:30 surpassed the other two rates for the second dataset. With
the 50% rate of the 3rd data collection, the best result for the SVM obtained the best results with
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accuracy, retrieval, and f-score 80.4% of all three metrics. The ratio 70:30 with the first dataset
performed better in the precision of 70.4% and recall of 70.3%, while 50:50 performed better in the
f-score of 67.9%. For the second dataset, 70:30 outperformed the other two rates. In the third
dataset, with the 50:50 rate, SVM performed better results in precision, recall, and f-score 80.4%
for all three metrics, it was also the best ratio that the SVM could achieve the best result [36].

Mzhda et al. have been investigated sentiment analysis as one of the user problems of big
data analytic. Furthermore, 70% of the 1,500,000 Tweets data set implemented by the University
of Michigan were utilized for the training set, and the rest has been used for the test set. One Bag
of words has been made from the training set and used by Multinomial Naive Bayes algorithm and
Forward Neural Network. Words containing 6000 positive and negative words have been used in
this work. All of them are applied to the test set. Naive Bayes has the highest F-Score among all of
them, with F-Score of 76%. Neural Network has the second-highest accuracy, with F-Score of 74%,
while the Existing Bag of words has the last accuracy with an F-Score of 68%. Apache Hive has
been used to implement the algorithms inside Hortonworks Hadoop, which is a single cluster and
portable Hadoop environment. For preprocessing purpose, python NLTK libraries have been used
to enhance the algorithms' accuracy by two percentages. Twitter using OAuth API, and 50,000
tweets from five categories (iPhone 6, Obama, Kurd, Marriage and ISIS) [37].

1.10. Thesis Objectives

1. Create an automatic text analysis system to analyze people's opinions from the text about
brands, products, services, and items to continually improve products' quality, provide
better customer service, and receive feedback from target customers to precisely
determine how to enhance the quality of their items or services.

2. Investigating the impact of using two different dimensionality reduction approaches
(feature selection methods), Principle Component Analysis (PCA) and Chi-Square, to
improve sentiment classification.

3. Applying three well-known supervised deep learning models. Namely, Long Short-Term
Memory (LSTM), Bidirectional Long Short-Term Memory (Bi-LSTM) Moreover, Gated

Recurrent Unit (GRU) on the original feature set and after feature selection.
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2. SENTIMENT ANALYSIS ALGORITHMS AND TOOLS

As introduced in chapter one, Sentiment Analysis utilizes new technologies. In this chapter,
all tools, techniques, technologies, architectures, concepts, and algorithms that have been used for
implementing this work will be briefly discussed.

Python, which is used as a primary programming language, feature extraction techniques are
described. Overview of feature selection methods is presented, followed by describing feature
selection methods, namely, Principal Component Analysis (PCA) and Chi-Square.

Finally, three deep learning models, Long Short-Term Memory (LSTM), Bidirectional Long
Short-Term Memory (Bi-LSTM) Moreover, Gated Recurrent Unit (GRU), will be described

accurately in the upcoming sections.

2.1. Python

Python is a dynamically semantic, interpreted, object-oriented, high-level programming
language. It combines high-level built-in data structures with dynamic typing and dynamic linking
to make it suitable for Rapid Application Development and as a scripting or glue language for
connecting existing components [38]. Python is simple, straightforward to learn, and syntax
emphasizes readability, hence decreases the cost of program maintenance.

Python modules and packages are more programmatic than object-oriented, allowing the
program to be structured into smaller pieces and reused modules and packages. Source and binary
versions of Python's standard library are accessible on all major platforms without charge. Like
several other dynamic languages, general-purpose languages, Python is commonly used by the data
science community. When it is commonly referred to as the simplest to comprehend and
understand, it is frequently referred to as the Go language. It has become the primary programming
language for open data science because it can make faster algorithm improvements and include
FORTRAN or C algorithms. As Al, machine learning, and predictive analytics continue to advance,
Python professionals' demand rises. It is commonly used for web creation, scientific computing,

and data mining [39].

2.2, NLTK

The technology utilized to help computers understand humans' natural language is Natural
Language Processing (NLP). It is a subfield of artificial intelligence that deals with computers and
humans through natural language. To extract meaning from human languages, most Natural
Language Processing techniques depend on machine learning. Natural Language Toolkit (NLTK)

is a forum for developing text analysis programs. In 2001, Steven Bird and Edward Loper published



the platform as part of a computational linguistics course at the University of Pennsylvania [40].
This toolkit is one of the most popular NLP-based libraries, containing packages for making
machines understand human language and react appropriately. Tokenization, Stemming,
Lemmatization, Punctuation, Character count, Part of speech tagging (POS), and word count are
some of these packages that are used in text sentiment analysis [41]. In this study, all applied pre-
processing, preparation, and algorithms have been implemented using Python as the primary

programming language, Python version of a TensorFlow library and Keras.

2.3. Word Embedding

Word embedding is a main deep learning technique used in the numeric representations of
words that are useful to solve the problem in natural language processing. Neural networks in NLP
do not receive raw words as input since the networks can only understand the numbers. Hence,
words should transform into feature vectors or word embedding’s [42]. The word vectors can be
learned by feeding a large group of raw text into a network and training it for a sufficient time.
After training word embedding, it used to extract similarities between words or other relationships.

This method has gotten a great deal of consideration in the text, including sentiment analysis,
due to its capabilities to take the syntactic and semantic similarities between words. For example,
vectors for the words food and rice will have higher similarities than the rice and car vectors.
Recently, different strategies developed to create meaningful models that can learn word
embedding is from huge texts. The most popular methods are word2vec [43, 44] and global vectors
(Glove) [45]. At present, both methods are among the most reliable and useful word embedding

methods that can turn words into meaningful vectors.

2.4. Dimensionality reduction methods (Feature selection methods)

There are lots of features, many of which are either unused or have little data load. If you do
not delete these features, it does not pose a problem in terms of information, but it does increase
the computational load for sentiment analysis by the network. Also, it allows us to store a lot of
useless data along with valuable data. Many solutions and algorithms have been proposed for the
feature selection problem.

On the other hand, the large volume of features reduces the accuracy of classification results
in the test data. In other words, the problem of overfitting occurs. Overfitting happens when the
learning model has a high error in the test data and does not have generalizability on test data. This
problem occurs when there is a high correlation between the independent variables, and the model
may not have a high validity despite the high value of the correlation coefficient between the

independent and dependent variables. In other words, although the model looks good, it does not
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have meaningful independent variables. To select effective features and solve this problem, the
method of features dimension reduction has been used. Selecting effective features for
classification is an NP-Hard problem and can be solved using evolutionary algorithms.

Feature reduction has a significant impact on the text classification results [46]. Therefore,
it is incredibly crucial to determine the suitable selection algorithm to reduce dimensions: Mutual
Information (1v1I), Information Gain (IG) [47, 48], Term Frequency-Inverse Document Frequency
(TF-IDF) [64], Gini Coefficient (GI, Principal Component Analysis (PCA) and Chi-Square
Statistics (CHI) are some of the standard feature reduction algorithms. To increase the text
classifier's scalability, Chi-square and PCA are two-dimensionality reduction approaches used in

combination with deep learning models.

24.1. Feature Selection Methods based on chi-square

Chi-square correlation-based feature selection is one of the filter-based feature selection
methods. This feature selection method measures the significant difference between the observed
frequency and the two features' expected frequency. According to the two-variable data, the chi-
square statistic is predicted based on the difference between what is seen in the data and what is
expected in the absence of a relationship between variables. To fully appreciate the concept, two
feature categories are studied [49] namely: independent (or predictor) and dependent (or response).
The features that are heavily dependent on the reaction are being selected. However, when both are
independent properties expected, and observed values are similar, they have a lesser Chi-Square
value. Producing a significant value of the Chi-square is means having an error in the independence

hypothesis. To make it more concise, any feature with high value can be used to train the model.

xp=y CED 2.1)

In this formula, we show the observed frequency with O, the expected frequency with E, and
period i. The high value of chi-square indicates that the hypothesis of independence of two features
is not correct. As the correlation between the independent and dependent variables increases, the
chi-square index shows a weaker fitting. The chi-square value's sensitivity is to the sample size
(this index is usually significant in the high number of samples). If there is a correlation between
the independent category feature (predictor) and the dependent category feature (response), the
probability of correct prediction of the class occurrence increases. As a result, the feature with the

high value of chi-square is selected as the associated feature.
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2.4.2. Feature Selection Based on Principal Component Analysis

The principal component analysis (PCA) method is a multivariate statistical method that is
used to identify the causes of changes and unknown data according to the data structure. In this
method, data classification with the help of a linear conversion returns the data in terms of
maximum values of their variance. This conversion takes the data to a new coordinate system where
the largest variance of the data is on the first coordinate axis, the second variance on the second
coordinate axis, and same goes for other data. With this point of view, this method is also used to
reduce dimensions. Thus, the components that have the larger variance remain to determine the
changes process. On the other hand, this method is also used to analyze and classify large volumes
of data because it establishes a special relationship as a model between large numbers of variables
that are not seemingly related.

PCA seek new set of bases which correspond to the highest variance in the data and
Transform n-dimensional normalized data to a new n-dimensional basis, the new dimension with
the most variance is the first principal component.

Let us assume that the original matrix includes ’b’ observations and ’a’ dimensions, and it is
required to decrease the dimensionality into a ’t’ dimensional subspace, then its transformation can

be given by the following equation.
Y = (EzX) (2.2)

In the above equation, E is the projection matrix that contains eigenvectors corresponding to
t highest eigenvalues, and where Xab is the mean centered data matrix [49].

2.5. Classification Algorithms

In general, classification can be explained as categorization in which concepts and objects
are recognized, differentiated and understood. In data mining and machine learning, classification
can be referred to as the problem of which a new observation belongs to a class. Classification is
supervised learning in which there is a predefined class for classifying new instances. The process
of training a machine learning model involves providing an algorithm with training data to learn
from. Furthermore, the testing data is used to see how good the algorithm can predict new instances
based on its training. The result of the testing of an algorithm determines its performance or

accuracy. In this section, deep learning techniques that were used in this work will be explained:

2.6. Deep Learning techniques

Deep learning which a specific subfield of machine learning, in deep learning, the software

trains itself by exposing multilayer neural networks to vast amounts of data. Advances in deep
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learning have provided excellent natural language processing results, including sentiment analysis
across multiple datasets [50]. The most significant value of deep learning is that we do not need to
extract features manually. Instead of that, they take word embedding as input containing context
information, and the middle layers of the neural network learn the features during the training phase
by themselves. Words are expressed in the high dimensional vector and feature extraction
performed by the neural network [51].

Deep learning starts very rapidly because it provides superior performance on various issues
and makes problem-solving much more comfortable because it is fully automatic.

The deep neural network is about assigning inputs to targets through a deep chain of simple
data transformations (layers), and such layers are learning by observing many samples of input and
targets. Transformation, performed through a layer that parameterized by own weights, also termed
parameters. Learning layers means discovering a series of values for the weights of all layers in the
network so the network will precisely set the input samples for the targets associated with them.
The deep neural network can include many million parameters, and getting the right value for each
parameter looks like a dispiriting duty. Changing the value of the individual parameter will

influence the behavior of all other parameters [51].

2.7. Sentiment Classification models

In sentiment analysis, classification essentially means categorizing data into different classes
based on some calculations to determine the sentiment of the text as Positive or Negative. In this
study, three supervised deep-learning algorithms were applied, namely, Long Short-Term Memory
(LSTM), Bidirectional Long Short-Term Memory (Bi-LSTM) Moreover, Gated Recurrent Unit
(GRU).

2.7.1. Recurrent Neural Network (RNN)

A Recurrent Neural Network is an artificial deep neural network. This method is used in
several NLP studies. They are designed to identify the characteristics of a sequence of data
Recurrent neural networks were created in 1980, but such networks have been widely used in recent
years. The main reasons are the progress generally made in the design of neural networks and the
significant improvement in computing power, particularly the efficiency of parallel processing
units of graphics cards. These kinds of neural networks are useful for processing hidden or
sequential data, in which each neuron or processing unit can maintain an internal state (memory)
to retain the data of previous input as shown in the Figure 2.1. This feature is significant in various

applications related to hidden data [52].
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Figure 2.1. Recurrent Neural Network

This feature helps the network maintain the internal state to understand and discover the
connection between different words in longer sequences. It should be noted that when we read a
sentence, we infer its meaning according to the context in which each word is placed [53].

The main idea of this type of architecture is to exploit this data series structure. The name of
this neural network is derived from the fact that these types of networks operate recursively. It
means this operation is performed for each element of a sequence (word, sentence), and its output
depends on the current input and previous operations. This is done by repeating one output of the
network at the time #-/ with the network's input at the time ¢ (that is, the output of the previous step
is combined with the new input of the current step) [54]. These cycles allow data to enter from a
one-time step to the next time step. In other words, these types of networks have a loop inside them

through which they can pass data to neurons while reading input Figure 2.2.
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Figure 2.2. Opened loop of recurrent neural network
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The recurrent neural network needs data from the beginning of the sentence to predict
correctly. These dependencies are called long-term dependencies; there is a relatively significant
distance between the relevant data and the point at which this data is used to make a prediction.
Unfortunately, in practice, the greater the distance, the more difficult it to learn these dependencies
because they either have the problem of gradient vanishing or gradient explosion [55].

When gradients are transferred from the end of the network to the beginning of the network in the
back-propagation process, these problems occur during deep network training. The gradients
coming from the end layers have done several multiplications to reach the beginning layers, and

thus their values start to shrink (less than 1). This process goes on, and these values become so
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small that (in very deep networks) the training process is disrupted and practically stopped because
the gradients have minimal values that do not affect the weight changes. This problem is called
gradient vanishing. In the same way, there is a possibility of gradient explosion, and the values of
the gradient gradually become so large that eventually, the model will make a mistake, and an
overflow will occur in the calculations. We can better understand the nature of the loop in this kind
of network by opening it Figure 2.3.

A traditional recurrent neural network should theoretically produce sequences of any
complexity (if considerable enough), but practically, we find that this network is incapable of
storing data related to past inputs for a long time. In addition to weakening the network's ability to
model long-term structures, this "forgetting" causes these networks to be exposed to instability
during sequence generation. The problem (which is common to all conditional generation models)
is that if the network predictions depend only on a few recent inputs and these inputs are generated

by the network itself, and there is very little chance for the network to correct past mistakes.
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Figure 2.3. Details of a recurrent neural network cell

As shown in the Figure 2.4., in each time step, we receive two inputs, and two outputs are
generated. There is no mechanism for transferring a feature from the initial steps to the final steps

in this structure. There is no mechanism to deal with the issue of gradient vanishing [55-56].

h‘t = tanh(Wlxt + tht—l + bh) (23)

0; = softmax(Wsh, + b,) (2.4)

Practically, we see that at each time step, the contents of each cell are replaced by new values
from the previous time step and the new input, and our hidden memory vector is only effective for

the very last few limited time steps (i.e. the effectiveness is local and limited to a few recent time
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steps). We see this in the picture below Figure.2.4. We have also said before that theoretically, the
network should be able to do this. It should be able to work with any sequence length, but in
practice, this does not happen. Why? The reason is that there is nothing to impose on this issue.
There is nothing in the network's mechanisms that forces the network to retain a feature from
previous time steps and ignore new inputs (although, in theory, this cannot be done flawlessly
unless changes occur in the activation function).

Having a longer-term memory has a stabilizing effect because even if the network fails to
understand its recent history, it can still complete its prediction by looking back. Long short-term
memory or LSTM is a recurrent neural network architecture designed to store and access data better
than the traditional version.

LSTM is a specific type of RNN that has more advanced functions and manages information
flow. The standard RNN has an issue of gradient vanishing or exploding. To conquer these issues,
an LSTM intended by Hochreiter and Schmidhuber [56]. Figure 2.4., shows an image of a standard

recurrent neural network cell.

C(e-1) = <+> c. -

h(1—1)

LSTM cell

x(’/

Figure 2.4. Three gates through which the network controls the data flow

2.7.2. Sentiment Analysis Using LSTM Model

LSTM is a specific type of RNN that has more advanced functions and manages information
flow. The standard RNN has an issue of gradient vanishing or exploding. To conquer these issues,
an LSTM intended by Hochreiter and Schmidhuber [57]. Unlike a traditional recurrent neural
network in which content is rewritten at every step, in an LSTM recurrent neural network, the
network can decide on preserving current memory through the introduced gates. Intuitively, if the
LSTM unit detects an essential feature in the initial steps' input sequence, it can easily transmit this

data over long distances. So, it receives and maintains such possible long-term dependencies. The
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LSTM network was first introduced in 1997. Minor changes have been made to LSTM since then.
In the LSTM neural network, we encounter new concepts that did not exist in the traditional
recurrent neural network [58]. In this network, there are three gates through which the network
controls the data flow Figure 2.5.
e Forget gate
The forget gate,I is responsible for controlling the data flow from the previous time step.
This gate determines whether the memory data from the previous time step can be used or not, and

if something has to be entered from the previous time step, to what extent should it be.
I; = o(Wys. [he—q, X¢] + bf) (2.5)

Here Wy is the weight matrix that controls the behaviour of the forget gate. For simplicity,
we combine the X; and h,_; vectors. If we do the above operation, because we are using the
sigmoid activation function, the result will be a vector called I%, which will have values between
zero and one. This vector will then be multiplied by C;_ in the next phrase. Therefore, if the forget
gate values are zero (or tend to zero), it practically means that the content of C;_; is not considered
(the network throws away the data provided by C;_; and pays no attention to it). Similarly, if the
vector [rvalues are equal to one, this data is stored by the network. Intermediate values also cause
the network to use the same amount of content from the previous time step (i.e. one part is
discarded, and the other part is used) [58].

e Update Gate or Input Gate

The update gate shown as I, controls the flow of new data. This gate determines whether

new data should be used at the current time step or not, if the answer is yes, to what extent should

it be.
L, = o(Wy.[he-1, X ] + by) (2.6)
In order to update weights, we need a new vector that we can add it to the previous memory state.
¢, = tanh(W,. [he—1, X¢] + be) (2.7)
And finally, we update the memory:
ce=1Ip oce 1+, 06 (2.8)

In the above phrase, first part specifies how much data is used from the previous part
(memory from the previous time step) and the second part contains new data that is used.

e Qutput gate

20



The output gate, shown as I, specifies how much of the previous time step data is transferred

to the next time step data along with the current time step data.

Ct = [}‘ °Ct—q + Fu o 615 (2.9)

hy = I,. tanh(c;) (2.10)

In addition to these three gates, there is a memory cell, or C for short. The network has an
input of hidden memory or h and input or X and produces two outputs (one output is Ct and the
other output is h; which is itself divided into two parts, one part is transferred to the next time step,
and another part is used to generate output at the current time step if needed.) We said that the
LSTM network is the most popular solution to the gradient vanishing problem. Now that you have
seen and understood the above mechanisms, you should realize the reason for this critical issue.
The designed mechanisms play two primary roles: First, each unit can easily remember a particular
feature in the input flow if necessary for the next long time steps. Any feature recognized as
necessary by the LSTM forget Gate remains and is transmitted without being overwritten.

More importantly, these new mechanisms in practice create shortcuts that ignore several time
steps, thus allowing the production error to be easily transferred to the post-propagation phase
without fading too quickly, and this reduces the problems associated with vanishing gradients.
Although the LSTM has more durable memory units than RNN:ss, it still ignores information that is
far from the current point. This issue becomes more apparent when analyzing sentiment at the
document level. To store more extended information by LSTM, various models have been proposed

to increase the ability of LSTMs for storing long-term information [57].
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Figure 2.5. Sentiment Analysis using LSTM Model

The structure of sentiment analysis using the LSTM model is shown in Figure 2.5. The input

layer contains the data sample as a sequence of unit indices of the same length; in the LSTM layer,
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the information is propagated completely forward, indicating that the state of time t depends only
on the information before time t. The outputs of the LSTM layer are transferred to the maximum
global pooling layers. The Flatten layer integrates the data obtained from the pooling layer into a
single layer, and the binary entropy is used as a loss function for binary sentiment classification in

the output layer. We have presented it based on Equation (2.11).

1 m
Binary cross entropy = —EZ(yi * log(p(yl-)) + (1 —y)=* log(l - p(yl-))) (2.11)

In equation (2.11), m represents the total number of predicted samples, y; represents the real

labels, and p(y;) represents the probability of the real labels.

2.7.3. Sentiment Analysis using Bi-LSTM model

The Bi-LSTM model consists of two LSTM layers and is able to read input reviews in both
forward and backward directions. Forward LSTM processes information from left to right, and its
hidden state can be represented as Et = LSTM((x, Ht_l); while backward LSTM processes
information from right to left and its hidden state can be shown as flt = LSTM (x, Et_l). Finally,

the Bi-LSTM output can be summarized as h_t = [h ”_t, h _t] by merging backward and forward

state Figure 2.6.
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Figure 2.6. The Structure of Bi-LSTM Network

The structure of sentiment analysis using the Bi-LSTM model is shown in Figure 2.7. The
input layer contains the data sample as a sequence of unit indices of the same length, and the outputs
of the Bi-LSTM layer are transmitted to the global maximum and global average of the pooling
layers simultaneously. The previous and next layers retrieve each feature's maximum and average
values in the Bi-LSTM layer, respectively [58]. We used only one global pooling layer as an option

for the dense layer(s). The inter-connected layer takes the top global and average global layers and



merges them into a single layer before passing to the final layer, considering binary entropy as a

loss function in the output layer [59, 60].

Input Layer GlobalMaxPoollD
[ i
-- : i
: Embedding Layer | O : Concatenate
___________ - I O

o 0000c0 |,/ <.
I o0 1 1 1 I |
- > =0 ®
T ¢ e | (! !
1, 2000ee0® ! - ] I
- ._h @l ! Output
. . | 1 1
| 1

| @

Fa

v_ £

1
B b 9eeoc®

I

GlobalavgPoollD
[

90000
|
O

00

h @0ee®

/ '+

0~000

-,
|
|
1

Figure 2.7. Sentiment Analysis using Bi-LSTM Model

2.7.4. Sentiment Analysis using GRU model

The Gated Recurrent Unit network architecture was proposed by Chou et al. in 2014. This
architecture is designed to address the shortcomings of traditional recurrent neural networks, such
as gradient vanishing problem and reducing overload in LSTM architecture. GRU is generally
considered as a modified version of LSTM because both of these architectures have the same design
and, in some cases, give excellent results in the same way. GRU uses concepts called update
gateway and resets gateway. These gates are two vectors used to decide whether data is transmitted
to the output. The particular point about these gates is that they can be trained to retain data about
long time steps without changing over time (during different time steps). In Figure 2.8., the
structure of the LSTM network is compared with GRU [61].

One of the main problems in the LSTM network is that the ability to retain multiple features
from several steps back in time is associated with problems. In the GRU recurrent neural network,
the concept of update gates has been used to solve this problem. An update gate is a switch that
specifies whether to use the previous state or input (or a combination of both) in a time step. The
network can easily affect a state from several previous time steps in the next few time steps in long
sequences using this new feature. In other words, the network will keep elements from the distant

past in its memory and exploit it [62].

Ct :Fu Oét+(1—Fu)° Cr—1 (212)
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Figure 2.8. The structure of LSTM network. (b) The structure of GRU network

The general idea here is that you can specify to use the state related to the previous time step
or the new state using 1 or 0 gamma, according to the new input and the previous state in a time
step. More precisely, the network can bring the result of the /u to zero by tending w2 to negative
numbers, and thus the beginning of the term became ineffective, so, the previous state is used and
transferred to the next time step. Here, the update gate acts as a switch that allows the network to
specify how much data from previous time steps is needed for the current time step [16].

In the GRU network, the reset gate displayed as /'r, which essentially acts as a switch that
allows the network to determine how much past data is not needed in the current step and how
much of the previous step data could be used in the current step. More precisely, if the switch
became zero, the gate forces the network to act as if it were reading the first part of the input
sequence, enabling the network to forget the previously calculated state and provide an intermediate

state by moving away from zero [62].
L = o(Ws.[Ce—q, X¢] + by) (2.13)
To update, we need a new vector that we can compile with the previous memory state.
¢ = tanh(W,.. [I.. Ce_q, X¢] + be) (2.14)
And finally, we update the memory:
Co=1,.Cc+(1—-1,).C4 (2.15)

The GRU neural network can easily store or filter data from previous time steps using these
two new capabilities (update gate and reset gate) and exploit the long sequences - in which the
traditional recurrent neural network has faced many problems - and eliminate the shortcomings of

the traditional recurrent neural network. These types of networks are very powerful and have been
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widely used due to their lower overload than LSTM and their greater power than traditional RNNs

[62]. The structure of sentiment analysis using the LSTM model is shown in Figure 2.9.
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Figure 2.9. Sentiment Analysis using The GRU Model
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3. IMPLEMENTATION AND ANALYSIS OF PROPOSED SYSTEM

In this chapter, the implementation and analysis of the proposed system for classifying

sentiment analysis data using data mining and machine learning techniques are presented in detail.

3.1. Introduction

The applied algorithms that will be discussed in this chapter have been implemented in
Python Jupiter Notebook that is an open-source web application that allows developers to build and
share documents that contain source codes, equations, visualizations and narrative text. Uses
include data cleaning and transformation, numerical simulation, statistical modelling, data
visualization, machine learning, and much more.

In this research, the following benchmark datasets have been used (Yelp, US Airline, and,
IMDB) to investigate sentiments about each one. Then each dataset went through the preprocessing
step, which incorporates a variety of data cleaning and text normalization processes. Then feature
extraction techniques used to generate features from cleaned datasets.

Finally, generated features were classified using three different supervised deep learning
models, Namely, Long Short-Term Memory (LSTM), Bidirectional Long Short-Term Memory
(Bi-LSTM). Moreover, Gated Recurrent Unit (GRU) in three different manners with each model
as followings: classification on the original feature set, classification on the reduced feature set by

using Chi-2 and PCA feature selection method.

3.2. Proposed System Model

Selecting the input that is right, intelligent, and fit to designing a learning model for
prediction is of particular importance. The structure of the LSTM is not a predetermined program,
and its weights in the learning process are determined based on the input data. Therefore, if the
input data be more prosperous, the network is trained better, and also its performance will be better
in predicting new data. This approach seeks to find the relations between the input variables to
achieve the desired goal without considering and solving the model's equations. After identifying
the goal-related data, preprocessing methods are used to know more detailed information about this
set. There are unknown and unusual data in the selected set of inputs. On the other hand, the raw
data used to learn the model includes data related to each other due to overlapping inputs. This
correlation throughout the learning process can confuse the network in achieving the desired goal
and reduce its generalization ability. Data preprocessing avoids using trial-and-error methods and

recognizes the most important variables affecting modelling using intelligent techniques [59-60].



In Figure 3.1., which shows the main points of our proposed model architecture. In this
model, there is an input layer, an ensemble of global maximum and average pooling layer, an
average layer, an LSTM layer, a global maximum layer, and a sigmoid layer at the output. Further

details of every layer are provided in the following subsections.
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Figure 3.1. Proposed model

3.2.1. Embedding Layer

Feature extraction is converting text data into a set of features or numerical representation of
words or phrases. The main concept of feature extraction in sentiment analysis is that all the words
used in a sentence or text can be expressed by a set of decimal numbers (in the form of a vector).
Each set of numbers is considered a reliable "word vector" that is not necessarily useful to us; a set
of word vectors that is useful for our intended applications is the word vector that understands the
meaning of words, the relation between them, and the content of different words as its natural way.
All word vectors are stacked in a word embedding matrix L,, € R¥IVl when |V] is the size of
words, and d is the dimension of word embedding. These word vectors can be pre-taught from the
text's body with embedding learning algorithms such as Word2vec and Glove. The word2vec
algorithm uses a distributed representation for each word. Consider a multi-dimensional vector as
an example. Each word is represented by a distribution of numerical values (weights) on different
vector elements. Thus, instead of a one-to-one mapping between an element in a vector and a word
in the dictionary. The representation of a word is spread across all the elements in a vector, and

each vector's element plays a role in determining the meaning of a large number of words [62].

3.2.2. Feature Selection layer

Generating data on the scale of millions is just a matter of seconds on Twitter, through shared
tweets and retweets. When data analytics and sentiment analysis occur, it has to deal with a

tremendous amount of features generated from Twitter text. Using TF-IDF and BoW as feature
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extraction techniques generates many features when used to generate different n-gram ranges. This
introduces the problem of high-dimensionality of data, which leads to data sparsity and high
dimensional feature space. This problem affects the performance of classification algorithms. Also,
high dimensionality means a large number of features, which makes learning algorithms to overfit
and increases time and space requirements. So, high dimensionality should be handled before
applying sentiment analysis classification because not all of the generated features are relevant to
sentiment analysis tasks, as well as they, contain redundant data. High dimensionality the problem
of feature space can be solved in an automatic manner by using feature selection methods that
recognize patterns within data, which retains the most informative features for classification task
and eliminates the irrelevant and redundant features. So, it’s always vital to use the feature selection
techniques while dealing with data of high dimensional nature. The proposed model makes use of
two feature selection methods, namely, Chi-2 is first applied to the original feature space to remove
irrelevant data. Then, PCA is second applied to the original feature space to remove irrelevant data

[63].

3.2.3. The layers of the LSTM models

Three different LSTM models are included in this layer to better understanding their
performance. In the LSTM model, the information is fully forwarded, indicating that the status of
time t depends only on the information before time t. However, to describe the input review's
general meaning, the following information is just as effective as the previous information.
Therefore, for better representing the textual information, the Bi-LSTM model was used. Therefore,
to better display the textual information, the Bi-LSTM model was also tested in the layer. However,
the ability to retain several features from several previous steps was problematic in the Bi-LSTM
model. Therefore, in this layer, the GRU network model was also examined. In this model, the

forget gate and the input gate are combined and converted into a single update gate [63].

3.2.4. Global maximum Pooling Layer

The outputs of the LSTM layer are transmitted simultaneously to the global maximum
Pooling layer. The previous and next layers retrieve the maximum values of each feature in the
LSTM layer, respectively. We used only one global pooling layer as an option for the dense layer(s)
[64].
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3.2.5. Flatten layer

A flattening layer collapses the spatial dimensions of the input into the channel dimension.
Flatten layer is used to flatten the input. If flatten is applied to a layer with input shape as batch
size, 2,2, then the layer's output shape will be batch size, 4 [64].

3.2.6. Output

In the output, we use binary cross-entropy as a loss function to classify binary sentiment.

3.3. Experimental Setup

This analysis was performed on a computer running on core-i7, using the 16GB RAM
version on the experiment and an Nvidia GeForce GTX 1080 Ti GPU. We used Python 3.7 as a
supported programming language in TensorFlow, and it was set up for us with the TensorFlow
version 1.14 and the latest version of the Keras library. In the following subsections, we summarize
the datasets, supported by the preprocessing of data, and finally, we explain the hyper parameter

settings to optimize our proposed system.

3.4. Analysis of Datasets

Three benchmark sentiment analysis text datasets, US Airline, Yelp, IMDB, were used. Each
dataset, including the negative and positive labels, consists of the text sentiment column and the
label column. We also divided the dataset into an 80% training dataset used to train the model and

a 20% testing dataset to evaluate the model. In the details of each dataset.

3.4.1. Yelp

Yelp dataset is collected from real Yelp businesses and aimed for academic purposes. It has
366K user profiles in a total of 2.9M edges, and 1.6M reviews and 500K tips for 61K businesses
and total check-ins over time for each of the 61K businesses. The data of four countries (U.S., UK,
Germany, and Canada) are collected to make the dataset diverse. All the data are separated into 5
JSON files: business, review, user, check-in, and tip. The content of them is accessible to
understanding. The business file explicitly presents each business's properties, such as the
business's unique internal ID, name, geo-location, classes, and so on. The check-in file is a
supplementary feature of each business. It offers the collected check-in time for each business in
each hour of the week. The user file includes basic information about each user, like yelping time,
name, fans, and social correlations with other users. Tip and review files are the opinion of a

specific user to a business.
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The difference between tip and review is that the tip always presents short, while the review
is long enough for users to express their feedback. In this work, I used 10000 record that have been
split into 6863 positive and 3137 negative sentiment. You can find YELP Dataset in reference [65].
The dataset was obtained from Yelp Dataset Challenge in 2015. There are five levels of ratings

from 1 to 5.

3.4.2. US Airline

The US Airline dataset was extracted from multiple sources for the top 10 US airline carriers,
such as Twitter tweets and online reviews of Skytrax. It analyzed a total of 14640 tweets from 7700
users. Twitter data was scrapped as of February 2015 and contributors were asked to identify
positive, negative and neutral tweets first, followed by a categorization of negative reasons (such

as "late flight" or "rude service") [66].

34.3. IMDB

The IMDB dataset contains S0K movie reviews for natural language processing or text
analysis. It is a dataset for binary sentiment classification which contains considerably more data
than previous benchmark datasets. We prepare a category of 25,000 highly polar movie reviews for
training and 25,000 for testing. Therefore, we use classification or deep learning algorithms to

predict the number of positive and negative reviews [67].

3.5. Preprocessing of Text Data

Pre-processing is a significant step in converting the text in a human language into a
machine-readable form for more processing. It affects the efficiency of other steps. The pre-
processing step aims to make the data more machines readable to reduce ambiguity in feature
extraction. In this work, some steps were used to normalize the text, converting the upper case to
lower case, removing duplicate text, and stopping words, numbers, multiple spaces, special
characters, a single character, and punctuation marks URLs, Html, mention, and hashtags. Also
performing lemmatization for words, it is the process of substituting words with a stem or base
words to decrease inflectional structure to a typical root structure and expand slangs and

abbreviations [68].

3.5.1. Basic Pre-processing Steps

Due to unstructured nature of data that include data that contain no information for sentiment
analysis, and they need to be removed through some basic steps of preprocessing and normalization

procedures which are performed as follows [68]:
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. Remove duplicate sentiment texts
. Lowercase all texts

. Replace emojis with their meaning
. Remove URLs

. Remove user mentions

. Remove Hashtag sign

. Remove email address

. Parsing HTML tags

O o0 9 N U B~ WD =

. Slang correction: is the process of converting abbreviated slang phrases

into expanded original phrases i.e converting "omg" to "oh my god", "4u"

to "for you".

10. Expand contraction: is the process of converting abbreviated English helping verbs into

expanded form i.e "can’t" to "can not", "we’ll" to "we will".

11. Remove punctuation marks such as ”, "", ?, ., etc.

12. Remove numbers

13. Remove extra white spaces

14. Reduce repeated characters to only two i.e "veeeeeery" to "veery", and "gooooooood" to
"good".

After all preprocessing steps stated above, we removed duplicate word for the second time,

to make sure there is no duplicate words.

3.5.2. Tokenization

The process of breaking down sentences into single words is called Tokenization. The split
words are called Tokens. The purpose of Tokenization is aiding further analysis, such as removing

stop words, and lemmatization.

3.5.3. Remove Stop Words

Stop words are most commonly used words in languages, and contain no sentiment such as:

"we”, “They", "Are". Stop words should be filtered out before sentiment classification take place.

3.5.4. Lemmatization

Lemmatization is the process of obtaining the lemma, or base form of the words called
lemmatization. Example: "hoping" to "hope". Figure 3.2 shows a sample of pre-processed text

sentiments and Figure 3.2., shows the overall pre-processing stages.
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Figure 3.2. Flowchart of Pre-processing Steps

3.5.5. Hyper Parameters Setting

The result of each technique achieved in the following configurations: each of the models
configured with a dropout layer to restrict the neural network from memorizing the training set,
which is useful to prevent the over fitting. The models compiled with the Adam optimizer with the
batch size of 128 for 10 epochs, the network for LSTM and Bi-LSTM models has 32 neurons, and
256 for GRU model, performed using Tensor flow and Keras. Also, we have created a network

configuration, as explained in Table 3.1. [68].
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Table 3.1. Parameters setting in LSTM, Bi-LSTM AND, GRU Models

Parameter LSTM Bi-LSTM GRU
Training approach cv CvV CvV
Optimizer Adam Adam Adam
Loss function Binary cross entropy | Binary cross entropy | Binary cross entropy
Learning rate 0.001 0.001 0.001
Batch size 300 300 300
Max. length 6000 7000 7000
Epochs 10 10 10
Hidden layer size 32 32 256
Drop out 0.5 0.25 0.25
Activation function for
tanh tanh tanh
hidden layer
Activation function for
Sigmoid Sigmoid Sigmoid
output layer

3.5.6. Loss function

The loss function is a measure of the suitability of the model in terms of its ability to predict
new values. One common method for finding the minimum loss function is to use the derivative
and the Gradient Descent algorithm. The choice of the appropriate loss function depends on several
factors such as the presence of outliers or data, the type of machine learning algorithm, the cost
time of the algorithm and the simplicity of calculating the derivative, and so on.

Loss function, also called the objective function, will be used to computes a distance score
by comparing the prediction of the network and the real object to estimate how far the predicted
output is from the real object. After computing the distance score between the predictions of the
network and the real target by using a loss function, this score is utilized as a feedback sign to
slightly improve the value of weights, in a way that will reduce the loss score, this improvement is

a function of the optimizer that performs what is called the Backpropagation algorithm [69-71].

3.5.7. Optimizer

In the Backpropagation algorithm, at first, weights of the network are appointed with random
values. Hence the network only performs a sequence of arbitrary shifts. Generally, the results are
ideally far from what they should be, so the loss score is too high. However, in each case the
network handles, the weights are slightly modified in the right trend, and the loss score decreases;

that is, the training loop that iterated enough times, giving weight values that reduce the loss
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function. The lowest loss network is the network where the outputs are closest to the targets [69-

71].

3.5.8. Training approach

Cross-validation is an effective method for assessing a model's success in relation to

unobserved results. In this study, 80 per cent of the data was used for training and 20% for testing.

3.5.9. Learning rate

In LSTM models, a backpropagation algorithm updates the models' weight to what is known
as the phase size or learning rate. Its low value can result in tedious calculations and a longer
training time, while its high value can cause system instability.

The step size or learning rate is the sum by which the weights are updated during training.
The learning rate is a configurable hyper parameter used in model training with a small positive
value, usually in the range of 0.0 to 1.0. If you set the learning rate too low, training will move very
slowly because you are making very small changes to the weights in your network. However,
setting the learning rate too high can result in undesirable divergent behaviour in the loss function
[69-71]. In LSTM models, a backpropagation algorithm updates the models' weight to what is
known as the phase size or learning rate. Its low value can result in tedious calculations and a longer
training time, while its high value can cause system instability. The learning rate in LSTM models

was 0.0001.

3.5.10. Batch size

Batch size indicates the number of samples that a neural network can process before updating
its internal parameters. A smaller amount of batch size may slow down the training process, while

a large amount requires high memory. We used 300 batch size to achieve better results in this study.

3.5.11. Epochs

Epochs is the number of times that the learning algorithm will work through the entire
training dataset. One epoch means that each sample in the training dataset has had an
opportunity to update the internal model parameters. An epoch is comprised of one or more
batches. The number of epochs is traditionally large, allowing the learning algorithm to run
until the error from the model has been sufficiently minimized.

3.5.12. Maximum Length
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Increasing the length of input data could theoretically increase the model's predictive
performance, but this might not occur due to data sparsity. Alternatively, if the maximum duration
is too short, we throw away too much valuable knowledge. The overall length in LSTM models

was 6000.

3.5.13. Regularization

Regularization strategy is proposed in order to ensure model success in large measure when
dealing with real world problems by selecting features and discriminating between more beneficial
and less helpful features. Its proper application strengthens the model's resistance to overfitting.
Overfitting can be detected during training when the error on training data decreases to a very small

value while the error on new or test data increases to a large value [71].

3.5.14. Dropout

It is very difficult to train models with many different structures, because it is a frustrating
task to find the hyperparameters corresponding to each structure, and training models with different
structures requires a lot of computing resources. Moreover, a huge network generally requires a lot
of training data, but there may not be enough training data to obtain different subsets for training
different networks. Even if many different large networks can be trained, in scenarios where fast
response is important, it is not practical to use all large networks at the same time during actual
application testing.

Dropout is a technology to solve these problems. It can prevent overfitting and provide an
approximate method combining different neural network structures with different numbers of
exponents. Dropout refers to dropping some units in a neural network. Discarding a unit refers to
temporarily removing the unit from the network, along with all its input and output connections.
The choice of which unit should be discarded is random. In the simplest case, each unit has a fixed

independent probability p. p can be obtained from the validation set or simply set to 0.25 [69-71].

3.5.15. Performance Evaluation Metrics

In building any deep learning model, one of the primary tasks is to evaluate its performance.
The performance of each technique used in this work is measured by computing different metrics.
The ultimate purpose behind working with other metrics is to understand how well a deep learning
model will perform on unseen data. In this work, the following metrics are used [71, 72]:

e Accuracy is the proportion of the accurately analyzed samples to the total number of
samples.
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Accuracy = (Tp + Ty)/(Tp + Ty + Fp + Fy) (3.1

e Precision is the number of accurate positive analyzed samples to the classifier's predicted
positive results.

Precision = Tp/(Tp + Fp) (3.2)

e The recall is the number of accurate positive analyzed samples to the number of all
relevant samples.

Recall = Tp/(TP + FN) (33)

e FI score computes precision and recall of the test to calculate the score.

Fiscore = 2 x (Precision * Recall) /(Precision + Recall) (3.4)

In the above equations, TP is the true positive and predicted correctly, FP is the false positive
and predicted incorrectly, TN is the true negative and predicted correctly, FN is the false negative

and predicted incorrectly.
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4. RESULTS AND DISCUSSION

This chapter evaluation of the Results in the YELP, US Airline, and IMDB Datasets:

4.1. Introduction

This chapter summarizes the results attained by the proposed model in detail inaccuracy
based on experiments in different feature selection methods and without feature selection method.
The experiments are carried out on different datasets, namely, (YELP, US Airline, and IMDB).
After preprocessing, all datasets are subjected to feature generation. Three supervised deep learning
models have been used for classification, namely, Long Short-Term Memory (LSTM),
Bidirectional Long Short-Term Memory (Bi-LSTM) Moreover, and Gated Recurrent Unit (GRU).
The accuracy comparison of the model will be illustrated in charts and explained in upcoming
sections in three different cases, including classification on original feature sets, classification after
applying filter-based feature selection method (Chi-square), and classification after applying the
principal component analysis (PCA) method.

We found a large difference between the accuracy of these models in training and testing
data. Therefore, the prediction accuracy of LSTM, Bi-LSTM and GRU models before and after
combination with feature selection methods were compared with each other. The results are

presented on the following YELP, US Airline and IMDB datasets.

4.2. Evaluation of the Results in the YELP Dataset

The evaluation of the results of LSTM, Bi-LSTM and GRU models before and after
combination with chi-square and PCA feature selection methods in the YELP dataset are presented
in Table 4.1.

Based on the results obtained in Table 4.1., the prediction accuracy of the LSTM model on
the YELP dataset before combining with feature selection methods was 78.7%, and the accuracy
of this model has been increased to 99.4% after combining with the feature selection method based
on chi-square correlation. Also, the prediction accuracy of combining Bi-LSTM and GRU models
with chi-square feature selection method was 100% and 99.95%, respectively, and the prediction
accuracy of combining LSTM, Bi-LSTM and GRU models with principal component analysis
(PCA) based feature selection was 99.6%, 99.8% and 99.6%, respectively. Examining the results
obtained from the hybrid models, we conclude that combining the Bi-LSTM model and the chi-

square feature selection method has the best result or 100%, in the YELP dataset.



Table 4.1. Performance of the proposed model for YELP dataset.

Techniques Class Precision Recall Flscore | Accuracy
LSTM positive 65.3% 68.2% 66.7% 7879
negative 52.3% 83.5% 84.3% o
. positive 67% 74.6% 76%
Bi-LSTM 85%
LS negative 87.8% 83.2% 85.4% ‘
positive 71.8 % 58.7% 64.6%
GRU-LSTM - 79.9%
negative 82.6% 89.5% 85.9% ’
. . positive 98.4% 99.8% 99.1%
Chi- th LSTM 99.4%
- square wi negative 99.9% 99.2% 99.6% ‘
Chi- square with Bi- positive 100% 100% 100% 100%
LSTM negative 100% 100% 100% ’
Chi- square with positive 100% 99.8% 99.9% 99.9%
GRU-LSTM negative 99.9% 100% 99.9% o
PCA with LSTM positive 99.6% 99% 99.3% 99.6%
negative 99.5% 99.8% 99.7% o
BLA with B ST™ positive 99.8% 99.6% 99.7%
99.8%
negative 99.8% 99.9% 99.8%
positive 98.7% 100% 99.3%
PCA with GRU 99.6%
negative 100% 99.4% 99.7%
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Figure 4.1. The best accuracy of the models before and after of the feature selection (PCA and chi-square)
on YELP Dataset

38



Cheng et al. [27] used the CNN multi-channel network as a feature extractor and Bi-GRU as
a learning model in the YELP dataset, but their proposed method's accuracy also reached 92.9% at
the best situation. In contrast, the proposed approach combining the GRU model with the chi-square
feature selection method and feature selection based on principal component analysis (PCA) in the
YELP dataset was 99.9% and 99.6%, respectively.

Figure 4.1., shows that we have overfitting due to a large number of features in the YELP
dataset. This problem has been solved with the feature selection methods, and the accuracy of the

model has been increased.

4.3. Evaluation of the Results in the US Airline Dataset

The evaluation of the results of LSTM, Bi-LSTM and GRU models before and after
combination with chi-square feature selection and principal component analysis (PCA) in the US
Airline dataset are presented in Table 4.2.

Based on the results obtained in Table 4.2, the prediction accuracy of the LSTM model on
the US Airline dataset before combining with feature selection methods was 73.36%, and the
accuracy of this model has increased to 93.95% after combining with feature selection based on
chi-square correlation method. Also, the prediction accuracy of combining Bi-LSTM and GRU
models with chi-square feature selection method is 96.14% and 97.91%, respectively, and the
prediction accuracy of combining LSTM, Bi-LSTM and GRU models with feature selection based
on principal component analysis (PCA) was 99.61%, 96.24% and 94.80%, respectively. Examining
the results obtained from the combined models, we conclude that the combination of the GRU
model with the chi-square feature selection method has the best possible result of 97.91% in the

US Airline dataset.

Table 4.2. Performance of the proposed model for US Airline dataset.

Techniques Class Precision Recall F1 score Accuracy
positive 83.91% 83.95% 83.93%
LSTM negative 55.99% 56.98% 56.48% 73.36%
neutral 70.21% 58.93% 64.08%
positive 85.52% 83.63% 84.56%
Bi-LSTM negative 57.9% 57.62% 57.76% 74.28%
neutral 69.02% 63.17% 65.97%
positive 84.01% 84.6% 84.3%
GRU-LSTM negative 56.12% 52.97% 54.5% 73.15%
neutral 68.54% 59.82% 63.89%
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Table 4.2. Performance of the proposed model for US Airline dataset (continue).

Techniques Class Precision Recall F1 score Accuracy

positive 97.62% 97.36% 97.49%

Chi- square with LSTM negative 90.62% 88.44% 89.52% 93.95%
neutral 92.59% 89.29% 90.91%
positive 98.59% 97.95%% 98.27%

Chi- Sy ith Bi- negative | 93.85% 93.1% 93.47% 96.14%
neutral 95.05% 94.2% 94.62%
positive 99.67% 98.76% 99.22%

Chi- Sq“irseTﬁth GRU- negative | 96.96% 97.27% 97.12% 97.91%
neutral 96.46% 97.32% 96.89%
positive 99.13% 98.38% 98.76%

PCA with LSTM negative 94.86% 94.86% 94.86% 96.61%
neutral 94.88% 95.09% 94.98%
positive 99.45% 97.85% 98.64%

PCA with Bi-LSTM negative 90.8% 96.63% 93.62% 96.24%
neutral 97.16% 91.52% 94.25%
positive 97.55% 98.82% 98.18%

PCA with GRU-LSTM negative 95.28% 87.48% 91.21% 94.8%

neutral 94.47% 91.52% 92.97%

Rustam et al. [26] have a voting classifier based on logistic regression and stochastic gradient
descent classifier in the US Airline dataset. Soft voting is used to combine LR and SGDC
probability and have been evaluated used as performance metrics for accuracy, accuracy, recall,
and F1 score. The proposed voting classifier performs better with both feature extraction methods

and achieves an accuracy of 0.78.9% and 0.791 with TF and TF-IDF, respectively, at the best

situation.

Figure 4.2., shows that we have overfitting due to the large number of features in the US

Airline dataset. This problem has solved with feature selection methods, and the accuracy of the

model has been increased.
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Figure 4.2. The best accuracy of the models before and after of the feature selection (PCA and chi-square)
on US Airline Dataset
4.4. Evaluation of the Results in the IMDB Airline Dataset

The evaluation results of LSTM, Bi-LSTM and GRU models before and after combination
with chi-square feature selection and principal component analysis (PCA) in IMDB dataset are

presented in Table 4.3.

Table 4.3. Performance of the proposed model for IMDB Airline dataset.

Techniques Class Precision Recall F1 score Accuracy
LSTM positive | 78.57% 78.5% 78.54%
78.72%
negative | 78.87% 78.93% 78.9%
Bi-LSTM positive | 78.92% 79.19% 79.05%
79.19%
negative | 79.46% 79.19% 79.32%
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Table 4.3. Performance of the proposed model for IMDB Airline dataset (continue)

Techniques Class Precision Recall F1 score Accuracy
GRU-LSTM positive | 77.38% 82.58% 79.89%
79.39%
negative | 81.65% 76.25% 78.86%
Chi- square with LSTM positive | 99.6% 99.4% 99.5% 99.5%
negative | 99.41% 99.6% 99.5%
Chi- square with Bi-LSTM positive | 99.9% 99.94% 99.92% 99.92%
negative | 99.94% 99.9% 99.92%
Chi- square with positive | 99.98% 99.78% 99.88%
GRU-LSTM negative | 99.78% 99.98% 99.88% 99-88%
PCA with LSTM positive | 98.86% 99.66% 99.26% 00.26%
negative | 99.66% 98.87% 99.26%
o positive | 99.94% 99.58% 99.76%
PCA with Bi-LSTM negative | 99.58% 99.94% 99.76% 99-76%
PCA with GRU positive | 99.97% 99.89% 99.97%
: 99.89%
negative | 99.86% 99.81% 99.82%

Based on the obtained results in Table 4.3., the prediction accuracy of the LSTM model on
the IMDB dataset before combining with feature selection methods was 78.72%, but the accuracy
of this model after combining with feature selection method based on chi-square correlation has
been increased to 99.50%. Also, the prediction accuracy of combining Bi-LSTM and GRU models
with chi-square feature selection method is 99.92% and 99.88%, respectively, and the prediction
accuracy of combining LSTM, Bi-LSTM and GRU models with feature selection based on the
principal component analysis (PCA) was 99.26%, 99.76% and 99.89%, respectively.

Examining the results obtained from the hybrid models, we conclude that combining the Bi-
LSTM model and the chi-square feature selection method with 99.92% had the best result in the
IMDB dataset. The evaluation of the results shows that the feature selection had a positive effect
on increasing the LSTM models' accuracy. Comparing the results obtained in the IMDB data set
with recent studies also shows that the proposed model is highly accurate.

Chen et al. [27] used the CNN multi-channel network as a feature extractor and Bi-GRU as
a learning model in the IMDB dataset, but their proposed method's accuracy also reached 91.70%
at best. In contrast, the proposed approach combining the GRU model with the chi-square feature
selection method and feature selection based on principal component analysis (PCA) in the IMDB
dataset was 99.88% and 99.89%, respectively. Figure 4.3., shows that we have overfitting due to
the large number of features in the IMDB dataset. This problem is solved using feature selection

methods, and the accuracy of the model has been increased.
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Figure 4.3. The best accuracy of the models before and after ot the feature selection (PCA and chi-square)
on IMDB dataset

4.5. General evaluation of results

According to the results obtained in the IMDB, YELP and US Airline datasets, we faced the

problem of overfitting due to the high number of features. Evaluating the models before the chi-

square and PCA feature selection methods solves this problem by selecting highly dependent

features on the response and increasing the accuracy of the LSTM, Bi-LSTM and GRU network,

show Figure 4.4.
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S.

CONCLUSION

In this thesis, a classification model was proposed in order to classify sentiment analysis texts

into positive and negative based on their polarity. The proposed model uses different feature

selection methods, filter-based method Chi-2 and a principal component analysis method (PCA)

and three deep learning models. Three different benchmarks dataset has been used:

Eventually, we compared all three classification performance results. The implementation

of these three strategies has been described accurately in previous chapters. The results obtained

from different classification strategies are compared to show the proposed model's impacts in

enhancing the overall accuracy. Conclusions for all three benchmark dataset are summarized as the

following:

1.

In the Yelp dataset, the accuracy gradually increases as the number of features increase.
Starting from 100 features, when using 500 features by chi-square, and select 289 features
by PCA, with 512 features, the maximum attained an accuracy of Bi-LSTM is 100% using
chi-square, and also the maximum attained an accuracy of GRU-LSTM is 99.8% using PCA.
While the highest accuracy without feature selection methods is 78.75%.

In the US Airline dataset, the accuracy gradually increases as the number of features increase.
Starting from 10 features, when using 20 features by chi-square, and select 12 features by
PCA, with 23 features, the maximum achieved accuracy of GRU-LSTM is 97.9% using chi-
square, and also the maximum attained an accuracy of LSTM is 96.6% using PCA. While
the highest accuracy without feature selection methods is 73.36%.

In the IMDB dataset, the accuracy gradually increases as the number of features increase.
Starting from 100 features, when using 326 features by chi-square, and select 300 features
by PCA with 1125 features, the maximum achieved an accuracy of Bi-LSTM is 99.9% using
chi-square, and also the maximum attained accuracy of GRU-LSTM is 99.8% using PCA.
While the highest accuracy without feature selection methods is 78.72%.

4. Results show that:

e The proposed model obtained higher accuracy than three state-of-the-art recurrent
approaches;

e Feature selection and dimensionality reduction methods are more effective in
increasing accuracy in sentiment analysis;

e Implementing the network, an imitation strategy shows that our proposed model is
strong for text classification.



RECOMMENDATIONS

The chi-square and principal component analysis (PCA) feature selection methods requires
further studies and its comparison with other feature selection methods. It is also recommended to
study the combination of feature selection with other LSTM models such as CIFG-LSTM in order

to compare it with the methods presented in this study.
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