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ABSTRACT

The tax plays a vital role in a country's economic contributions and growth. The
improvements in tax schemes to raise budget of the state. Text mining can be used to understand
the tax system's public opinion. This research initiates the fast development of social media and
the dataset are taken from Twitter based on public opinion about the tax tweets. The dataset used
is derived from Twitter as a source of data in processing tax tweets. The results of opinions in the
form of public sentiment in part of services can be used as consideration to improve the quality
of tax services. In this research, text mining is carried out with Deep Learning Neural Network
(DNN) from the stages of text processing, feature selection and classification of the text, and also
the results are compared with Support Vector Machine (SVM).Feature Selection was done using
Information gain (IG) and classification were performed by using Recurrent Neural Network
algorithm, and its performance metrics has been evaluated in terms of precision, recall, f-
measure and accuracy compared with SVM and DNN.To reduce the issues in tax tweets based
on the public opinion mining. Testing can be performed to evaluate the DNN performance using

accuracy, precision, recall, and f-measure.
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CHAPTER 1

INTRODUCTION

1.1 Overview of Taxes

The country's economy is heavily backed with the amount of state budget of the country.
State budget cause taxes, non-tax state income (PNBP) and grant payments in both national and
international. Tax payers money become a biggest contribution in government treasury,
representing Eighty-five percent among all government budgets. The kinds of taxes often
charged are Income Tax (PPh), Value-Added Tax (VAT), Sales Tax on Luxury Goods (PPNnBM),
Stamp Duty, Land and Building Tax (PBB) and other taxes. In terms of achieving a state budget
goal throughout the coming year, various efforts and teamwork are focused on improving the
taxation system from the military, general population, and the knowledgeable side. Behind the
guidance of the Finance ministry, the strategies of the tax Directorate General keep creating

attempts to improve the public consciousness about the tax.

Today's advancement in the World Wide Web (WWW) and social media had already
made easy with human beings to share their thoughts. The public uses social media like Twitter,
Facebook, Instagram, and path as an instrument to channel the opinions and circumstances
around it. Furthermore, tax tweets are based on public sentiment which is useful for the tax plan
policies. The public uses social media inspired by the growth of information. In this study, text
mining is a text in which the information is generally acquired from papers in order to search for
phrases that can express the content of a document to analyze inter-relationships and inter-
document classes. To understand the sequence of short-time problems and strategies which occur

in society, so that the more suitable approach is used to overcome the problems.



The different kinds of taxes are

v Income Tax (PPh)

v Value-Added Tax (VAT)

v' Sales Tax on Luxury Goods (PPnBM)
v' Stamp Duty

v' Land and Building Tax (PBB) and other taxes.

1.2 About Taxes

A tax is based on people or organizations that differ to their corresponding revenue or gains
and it is usually calculated as the result of a tax rate earned income. Tax levels might differ by
the taxpayer's type or functionalities. The tax paid on businesses was generally referred to as

company tax but is imposed at the fixed price.

The online and social networking growth has made it easy for people to express their views.
The world is using social media such as Twitter, Facebook, Instagram, and Path as a tool to
channel the views and situations around it. In addition, data in the form of public opinion impacts
can be used as a tax policy plan. Text mining can be done by classification (classifier) or by

examining the frequency and analyzing the sentiment.

Ahmad et al. (2017) launched a new technique for analyzing SVM output to detect polarity
using various dataset and their main goal was to detect polarity. Their primary focus was on
increasing SVM's efficiency. They suggested a framework task composed of several stages such

as Preprocessing and Classification to fulfill their objective.



Some of the Twitter Reviews are

v" Amazon products
v" Movie reviews
v Famous celebrities
v Social media

v Airlines

v Countries

v Mobile phones etc

1.3 About Text mining with Sentiment Analysis

Text Mining is used to evaluate the post and remarks from internet sites like Wikipedia
on Facebook by HimanshiAgrawal et al. (2016). The proposal was made on non-profit,
entertainment websites, public pages and concluded that the spam activity cannot be totally

removed from the internet.

Aldo Hernandez et al. (2016) introduce a Twitter content sentiment analysis technique
for predicting future internet attacks. The process is focused on collecting tweets from two user
sets on a daily basis; individuals who use the platform as a way of expressing opinions on
appropriate problems and those who use it to show the content identified with web security
threats. Regular information is transformed into data that can be statistically broken down to
predict if an attack is feasible. In reaction to a worldwide case, they finally completed by

researching the aggregate feeling of users and organizations of hacking activists.

Chandrasekhar Rangu et al. (2017) discusses about text mining referred to as text data
processing, as the technique to gather non-trivial patterns and attention-grabbing or information

3



from text files. It utilizes algorithms to remodel (unstructured) free stream text into information
that will be analyzed using applied mathematics, language process and machine learning
techniques. Text mining is emerging technology that allows companies to understand their
clients well and make it easier for them to find the customer wishes. They attempt to obtain some
useful data from asset reviews that will be used to improve engineering characteristics of assets

and help to improve the quality of service and client experience.

Xing Fang et al. (2015) defines the extraction of subjective data, consisting of opinion
includes at least one positive or negative terms. Such phrases were tokenized and segregates into
words based on the components and the various tags are used. The tokens and results of

sentiment are data taken from the real dataset this is called as feature vector.

Duwairi et al. (2018) stated that the assessment of sentiments determines the polarity of
the specified text using either a machine learning strategy or using a lexicon-based method. The
classifiers applied to the datasets were Naive Bayes, Support Vector Machine (SVM) and K-
Nearest Neighbor (KNN), where SVM gave the lowest accuracy and KNN gave the lowest
recall. The data sets were also tested with 10-fold cross validation. They showed that the
accuracy obtained by SVM is 75.25 %, was the highest accuracy and that the recall received by
KNN is 69.04 % was the highest recall. Therefore, to achieve better classification results, larger

data sets were required and semi-supervised crowd sourcing was considered to be followed.

AshishShukla et al. (2017) addresses the user opinions on the item and its services
through multiple sources. The assessment is performed by the sentiment analysis scheme using k

means and the Naive Bayes algorithm which uses runtime and decreases complexity. It is easy



to extend the same scheme to view the other product reviews and the rating system is shown in

figure. 1.1

Excellent

Figure.1.1 Rating system

Some of the main tasks in the evaluation of sentiment are

v The person's remarks on a product are termed as positive in one scenario and negative in
another.

v" Some human beings are not in the same manner of expressing an opinion. Many reviews
should have positive and negative remarks that can be managed somewhat by analyzing
phrases one after the other

v Sometime people give bad tweets about the product which provides poor evaluation.

v Manual techniques can sometimes manage the issue of sentiment assessment.

PranaliBorele et al. (2016) were used Support Vector Machine (SVM) and Atrtificial
Neural Network (ANN) algorithms to deliver their greatest outcomes in sentiment analysis, but
none of them can solve all the difficulties. Researchers find out SVM has elevated precision
compared to various algorithms, it has some constraints and they used ANN, which results in

improving ANN with fuzzy logic.



Websites for social networking, such as Facebook, are rich in textbooks that allow users
to generate different text content in the form of comments, wall posts, social media, and blogs. A
huge quantity of information is accessible via the Web due to the invisible use of social network
in latest year. Using text mining methods on social networking websites can show important
outcomes in relation to interaction behavior between person to person. In addition, text mining
methods in combination with social networks can be used in large-scale systems to find general
view on any particular topic, patterns of human thinking, and group identification Aggarwal et

al. (2011).

Anta et al. (2013) provided a comparative study with classification functions of distinct
approaches to sentiment analysis of Spanish tweets. Different studies were conducted to classify
Spanish tweets according to emotions and subjects. The use of stemmers and lemmatizers, word
forms, n-grams, negations, connection processing, valence shifters, search engines, unique
Twitter semantics (Hashtags) and various classification techniques were assessed as a thorough
and comprehensive research. These results showed that classical techniques could be used to
analyze and classify the Spanish text. The best precision seen was 58% for subjects and 42% for

classification of sentiments.

Ji Fang et al. (2011) were use two classic strategies to sentiment analysis: lexicon look up
and machine learning and the lexicon of positive and negative phrases begins. Such language and
background sensitivities of sentiment expressions are not captured by current sentiment lexicons.
They suggested scheme to introduce an alternative technique that includes sentiment lexicons as
initial assumption with approaches to machine learning such as SVM to enhance the precision of

sentiment analysis.



Rajeswari et al. (2017) used Naive Bayes classifier and KNN classifier to produce a
categorized text. The focus was on precision and efficiency with student datasets using Rapid
Miner. Compared to KNN, Naive Bayes showed a better precision of 66.67 percent,

demonstrating a 38.89 percent precision that was also analyzed.

Arun et al. (2017) depicted demonetization sentiment analysis on tweets. They first
accessed the information and then converted it as an input dataset into text files. After removing
the stop words, sentiment analysis was conducted, the polarity of the phrases was determined and
the tweets were classified as positive and negative. A new technique for demonetization
sentiment analysis was suggested and data cleaning, sentiment scores, bigrams, polarity and

graphical methods were used for this process.

Discussions on data mining methods used to find specific characteristics across products are
researched by Negar Hariri et al. (2013). New incremental diffusive algorithm is used to extract
characteristics from internet product pages and then uses association rule mining and
neighboring k-nearest. Machine learning technique is used for features during the domain

analysis.

From the literature survey it was found that many methods and techniques are used by the
researchers for text mining with sentiment analysis based on public opinions.

The important literaturerelated methods for text mining are listed below,

e  Support Vector Machine (SVM)
o Naive Bayes (NB)
o K-Nearest Neighbor (KNN)

o Natural Language Processing Technique (NLP)



. Lexicon method

o Hybrid Technique

1.4 Overview of Text Mining with Sentiment Analysis based on Tax Tweets

Text mining deals directly with developed processes for collecting useful information and
data review. It has certain methods for analyzing sentiments, classifying and extracting entities
that are used to obtain data and knowledge from the hidden text. Text mining techniques are
broadly used in studies, evaluation of social media information, virus scanning, business
strategies, client care, etc. The process of deriving high-quality information from text is text
mining, also referred to as text data mining, which is roughly equivalent to text analytics.
Opinions are central to nearly every human activity as they are main creative of our behaviors.
Every time we have to make a decision, we want to know the opinions of others. In the real
world, public opinion about tax is important. In the past, he/she asked opinion with families and
friends. To know the public opinion about the tax, sentiment analysis is used and Deep learning

neural network (DNN) is used to get higher accuracy.

1.5 Phase of Text Mining with Sentiment Analysis Based on Tax Tweets

a) Text Processing

Text Processing is the main phase of processing technique and at this point, the research
design creates the input text for the process. Classification is based on sentiment and tax, the
structure of words acquired from social media remarks is regulated and their requirements are

shown in the below Table 1.1



REQUIREMENTS

EXPLANATION

1. Crawling

Take comments using Twitter

2. Case Folding

Change the words on tweets into lower case

and by cleaning the hash tag or symbol

3. Convert Emoticons

Converts emoticons into words

4. Tokenizing Break a comment into snippet
5. Filtering Delete any irrelevant words
6. Stemming Reduce every word to get the word base

Table.1.1 Text Processing Stages

b) Feature Selection

Feature selection is the important phase in text mining with sentiment analysis based on

tax tweets. It improves the classification task effectively. Features that really discriminate

between groups will improve the performance of identification. If any discriminating function is

not included in the classification, then the classification accuracy will be reduced.

Some of the Feature selection methods are :

e Wrapper method

e Embedded method

e Filter method

e Conditional mutual information

e Joint mutual information




¢ Information Gain (1G)

Information gain (IG) measures how much “information” a feature gives us about the
class. Features that perfectly partition should give maximal information. Unrelated features
should give no information and it also measures the reduction in entropy. The value of
Entropy is information contained in several distributions such as the distribution of class
P(c). Therefore, the Information Gain of some features f measures the value of Entropy P (c)

that changes after observed f using the following equation 1

IG (W) = - Xe=0 P (6)log P(€) + Xw=(0,1) P (W) Xe=o P (c/W)log P(c/w) ... (1)

Equation 1. Information Gain
c) Classification

The method of classification is to classify the characteristics and provides the result
needed. Neural network classifier, SVM, KNN etc, are the most frequently used classifiers. In

this research classification was done by SVM and Recurrent Neural Network algorithm.
d) Performance Evaluation

Text classification rules were usually assessed to use performance measures from the
retrieved of data. Common metrics for evaluating text categorization include precision, recall, f-

measure and accuracy.
1.6 About Deep Learning Algorithms

Machine learning algorithms have been divided in two, they are supervised learning and

unsupervised learning. Supervised learning algorithms are being further divided into

10



classification and regression and unsupervised has been further divided as clustering algorithms.
Classification algorithms have been divided into neural networks algorithm, nearest neighbor
algorithm, Support Vector Machine (SVM) etc., Figure.1.2 show various machine learning
algorithms.

Wang et al. (2012) showed that various solutions of machine learning algorithms
demonstrate significant variability in their results for text classification. They also proved that
bigram showed steady improvements in assignments and Naive Bayes (NB) was more preferable
in sentiment assignments than SVM for a small portion. Also, an alternative SVM demonstrates
constantly better on datasets and has shown solutions to NB and SVM. It was found from their
paper that Multinomial Naive Bayes (MNB) was more in favor of analyzing the sentiment. They
came to the conclusion that NB-SVM was a powerful operator and that Bernoulli Naive Bayes

(BNB) was worse than MNB

Tiwari et al. (2017) proved content-based strategy using sentiment analysis for internet
audits, film ratings, etc. Supervised machine learning approaches grouped their views. Three
distinct calculations of machine learning were regarded i.e. for findings. SVM, ME, NB and
these findings were based on parameters of accuracy and f-measure. In their paper, various
machine learning methods were suggested to classify the film reviews of rotten tomatoes dataset

using n-gram technique. They also found that their output acquired better precision.
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LEARNING LEARNING
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l
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DEEP LEARNING
NEURAL NETWORK

Figure.1.2 Machine learning Algorithms

Tripathy et al. (2016) stated that reviews and blog datasets acquired from social
networking sites were unsystematic and needed to be classified as significant. Using monitored
machine learning techniques, were able to categorized as positive, negative and neutral. They
launched four distinct machine learning algorithms to classify feelings. Naive Bayes (NB),

Maximum Entropy (ME), Stochastic Gradient Descent (SGD) and Support Vector Machine
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(SVM) based on precision, recall, F-measure. Their paper helped to classify film reviews using
supervised machine learning algorithms that were further implemented using n-gram method to
the IMDB dataset. They found that the precision reduces in n-gram strategy as the value of n
rises. They also encountered certain constraints on further study as tiny size of twitter posts,
reviews or remarks including punctuation symbols and phrases like "greatttt, fineee" because
they have no adequate significance. So, after removing the stop words to select the best function,
a fresh word list was ready for classification. Hybrid machine learning methods have also been

regarded for greater precision.

1.7 Recurrent Neural Network
RNN are quite strong since they are combined with two characteristics:
e Distributed hidden state that allows them to store a lot of information about the past
efficiently.
e Non-linear dynamics that allows them to update their hidden state in complicated ways.
Recurrent Neural Network (RNN) can calculate anything that the system can calculate with
enough neurons and time.

M.D. Bah et al. (2018) discusses about the Deep neural network techniques has shown
significant improvements over current approaches to machine learning in different fields,
primarily computer vision and speech recognition. There are also two kinds of deep learning,
Neural Networks they are Recurrent Neural Network (RNN) and Convolution Neural Network
(CNN).

1.7.1 Forward Propagation

Algorithm that takes the neural network and the initial input and pushes the input through the

network. Each hidden layer accepts the input data, processes it as per the activation function and

13



passes to the successive layer. In order to generate some output, the input data should be fed in the
forward direction only. The data should not flow in reverse direction during output generation
otherwise it would form a cycle and the output could never be generated. Such network
configurations are known as feed-forward network. The feed-forward network helps in forward

propagation.
1.7.2 Back Propagation

Back Propagation method is the primary goal to adapt the weights to reduce an error
function and this method is used to minimize the error function hence it is based on the technique

of gradient.

1. Takes output from the neural network
v/ Compares it write the actual output
v' Calculates deviation from the actual output
2. Takes error from the layer
v' Back propagation calculates error associated with each unit from the preceding
layer
v' Error calculated from each unit is used to calculate partial derivatives
3. Use partial derivatives with gradient descent to minimize cost function
Leo et al. (2017) suggested that fine tuning should be a strategy frequently found in deep
learning and this is used to enhance the efficiency of stacked auto-encoders. Because the back
propagation algorithm is based on the method of descent gradient and an arbitrary number of
layers can be implemented. Back propagation algorithm can be used on arbitrary depth stacked

auto encoders. They have embraced the weights of the links in their research work to achieve

14



minimal distinction between the network output and the required output. The algorithm is very
easy and the neural network output is assessed against the required output. The connection
between layers will be altered and the process will be performed until the error is sufficiently low
or the outcomes are unsatisfactory.
1.8 Motivation

The motivation is to take up text mining based on tax tweets of public opinions. In the
current scenario we do not know the public opinion about the taxes. In order to improve the

accuracy, it was aimed to classify the polarities based on the tax tweets.

1.9 Problem Statement

To analyze the sentiments of Tax Tweets, where the main focus is to classify the

polarities.

1.10 Research Ojectives

v" To improve the accuracy of the algorithm.

v" To compare the performance of SVM and DNN

1.11 Chapter Summary

In this chapter, a brief introduction on text minig based on income tax comments using
Deep Learning Neural Network (DNN) have been included. The Recurrent Neural Network
algorithm used in this research work has also been explained in this section and the literature

reviews were included in the following chapter.
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CHAPTER 2

REVIEW OF LITERATURE

2.1 Introduction

This section examines some of the significant literature on text mining and algorithms

that are used for text mining are also reviewed.

2.2 Review of Text Mining

AkshayAmolik et al. (2016) come out with a technique for analyzing Twitter sentiment to
review films using machine learning methods with the assistance of social media from text, they
concentrated on identifying and justifying human sentiments. The main disadvantage of their
research work was the improper application of the algorithm, resulting in less accuracy. Human
emotions were evaluated using text-based algorithms based on machine learning. They used
actual data set and 75 percent of SVM and 65 percent of Naive Bayesian were found to be

accurate.

AnanthiSheshasaayee et al. (2017) compared the classification of algorithms in Text
mining. Three algorithms are compared with the accuracy of Naive Bayes, Random Forest, and
Support Vector Machine. They noted outcomes on the 88 percent accuracy graph of Random
Forest, 90 percent accuracy of Naive Bayes and 97 percent of SVM among these were the
highest outcomes generated by SVM compared to other algorithms. The research was conducted

by gathering positive and negative sample data set.

Hsin-Ying Wu et al. (2014) suggested a method for posting and commenting on

Facebook. Their goal was to meet the needs of customers online, and customers can send

16



feedback directly about a particular product. Their first phase was to gather posts on Facebook
and then process them to segment the known and unknown term by Chinese Knowledge and
Information Processing (CKIP). They divided the user words, sentences, Facebook posts and
conditions. The restriction of their work is to concentrate primarily on segmenting the customer's

known and unknown phrases.

Suge Wang et al. (2009) suggested a technique for selecting features based on the
discriminating proportion of fishermen for classifying text sentiments. Their focus was on
identifying both positive and negative reviews. They used positive (thumbs up) or negative
(thumbs down) to automate the text sentiments. Using Support Vector Machine (SVM), they
proposed four types of feature selection method. They also take three types of measures, such as
Precision, Recall and F1 value, using information gathered between January 2006 and March
2007. The development indicates to be 578 positive reviews and 428 negative reviews of

Chinese text reviews 1006 and about 11 types of car products.

Neethu M et al. (2013) used machine learning methods to analyze public opinion on
electronic products using sentiment analysis on Twitter. The data sets were gathered from April
2013 to May 2013 with the assistance of tweets. The data were evaluated using sentiment
analysis in which positive or negative remarks were automatically annotated. Preprocessing was

performed to prevent tweeting slang words and incorrect spelling.

ChetashriBhadane et al. (2015) discussed lexical and machine learning methods for
identifying customer opinion mining and detecting mood as well as finding the precision of
polarity and classification elements. Using SVM, they achieved a product review accuracy of 78

percent.

17



Devika et al. (2016) conducted a comparative research in sentiment analysis on multiple
methods. It was noted that in terms of results, the following approaches such as Machine
Learning, Rule Based and Lexicon Based were different from each other. Machine learning
seems to be a better precision performance among these methods. Ongoing debates on these

methods were conducted in order to obtain better outcomes for assessment of sentiments.

The Gephi tool used by NadeemAkhtar et al. (2013) is open source network and graph
analysis software for studying social networks. From April 2009 to 2011, they gathered the data
set via Facebook. They concentrate on the social network sub-graph containing high-degree
nodes on Facebook. The sub-graph file has been transformed to Comma-Separated Values
(CSV) format in their research. The amount of friendships is greater, and then they discovered
that among these high-degree nodes there is little imminent relationship. Friendships were high,
but the Facebook graph showed less of their interactions. The efficiency in Social Network

Analysis (SNA) has also been enhanced with the assistance of the Gephi tool.

Shuhufta Fatima et al. (2017) developed a technique to categorize text files, by
partitioning the files in a proportion of 60-40 and 80-20, they examined the records. As a result,
80 training papers and 20 test papers increased the amount of precision. They concentrated

primarily on the current time consumed.

Hassan Saif et al. (2015) made a suggestion for Twitter's sentiment analysis on
contextual semantics. SentiCircles ideas were implemented to detect Twitter sentiments to
demonstrate the outcomes for the identification of sentiments at the entity level and at the tweet
level. Obama-McCain Debate (OMD), Standford Sentiment Gold Standard (STS-Gold), Health

Care Reform (HCR) datasets have been used for assessment.
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Balakrishnanet al. (2012) talks about Twitter's micro blog information. In order to
enhance precision efficiency, they implemented Synthetic Minority Over-Sampling Technique
(SMOTE) and analyzed Twitter text processing. Using Random Forest, SVM and KNN are the
algorithm classification with different datasets has been attempted. The level of precision risen to

80 percent compared to the 70 percent precision of Naive Bayes.

Dhanalakshmi et al. (2016) worked with supervised learning algorithms on student
feedback opinion mining. Using the rapid miner tool, student feedback was found. Positive and
negative remarks were categorized and the KNN algorithm was found to be the best in precision

where the Naive Bayes algorithm is the best in performance.

Rajeswari et al. (2017) used Naive Bayes classifier and KNN classifier to produce a
categorized text. The focus was on precision and efficiency with student datasets using Rapid
Miner. Compared to KNN, Naive Bayes showed a better precision of 66.67 percent,
demonstrating a 38.89 precision that was also analyzed and the graph were shown in the

figure.2.1

Accuracy

6067

.....

KNN NavieBayes

Figure.2.1 Accuracy of KNN and Naive Bayes
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Using Twitter with sentiment analysis, Yang et al. (2015) attempted to accomplish better
output. Naive Bayes classifier used to get high-level precision and also tried to get more data

from chi-square. Their primary goal was to achieve high performance precision.

HimankGuptaet al. (2018) suggested to identify spam tweets on the Twitter platform.
Different machine learning algorithms such as Random Forest, Gradient Boosting, Neural

Network and Support Vector Machine (SVM) have been used to improve precision.

Detailed assessment of textual emotions was performed and categorized by DianaLupan
et al. (2012) as fear, rage, surprise, happiness, sadness and disgust. They aimed at capturing the
feelings person while reading news. Processing methods for natural language are used to

concentrate primarily on sentiments.

Text Mining to evaluate the post and remarks from internet sites like Wikipedia on
Facebook by HimanshiAgrawal et al. (2016). The proposal was made on non-profit,
entertainment websites, public pages and concluded that the spam activity cannot be totally

removed from the internet.

Websites for social networking, such as Facebook, are rich in textbooks that allow users
to generate different text content in the form of comments, wall posts, social media, and blogs. A
huge quantity of information is accessible via the Web due to the invisible use of social network
in latest year. Using text mining methods on social networking websites can show important
outcomes in relation to interaction behavior between person to person. In addition, text mining
methods in combination with social networks can be used in large-scale systems to find general
view on any particular topic, patterns of human thinking, and group identification Aggarwal et

al. (2011).
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Liu Bet al. (2008) has initially implemented sentiment analysis is also known as opinion
mining, and subjectivity assessment is the method of determining the attitude or polarity of
views or reviews published by individuals to rate products or services. Analysis of sentiment can
be applied to any textual type of views such as blogs, reviews and microblogs. Microblogs are
those small text messages that cannot enter 149 characters, such as tweets. These microblogs are

simpler to analyze than other types of opinion.

ChintanDedhia et al. (2017) suggested a model set for the assessment of twitter
sentiments. They aimed at improving SVM and Adaboost's efficiency, which was also used to

increase efficiency.

Bollen et al. (2011) evaluated the random sample feeling of Twitter information,
discovering that Dow Jones Industrial Average (DJIA) prices were associated with Twitter 2—3

days previously with 87.6 percent precision.

Kim Hammar et al. (2015) evaluated Instagram from the Social Media platform and used
qualified information to analyze Instagram messages composed of pictures and texts. Tools for
processing of natural language (NPL) are used to classify official text and post into distinct

divisions.

HeniSulistiani et al. (2017) developed a technique for predicting customer loyalty. They
produced a comprehensive feature selection method with comparative analysis. Their goal was to
improve the forecast accuracy, efficiency and outcomes. The prediction of customer loyalty

based on Random Forest method with comparison of precision.
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Vijayarani et al. (2016) tried to fix issues by pre-processing methods on Text mining.
They found that text mining study would be very helpful in analyzing the content of social

media.

Po-Wei Liang et al. (2013) analyzed emotion messages by suggesting architecture to
create the micro blog post automatically. They discovered messages of positive and negative

view. It was also found that the methods of machine learning were successful.

Xia et al. (2011) discusses about the sentiment classification ensemble structure that used
two kinds of function sets and three basic classifiers. Two kinds of feature sets are produced
using Word and Part-of-Speech information. The chosen base classifiers are Naive Bayes,
Maximum Entropy and Support Vector Machines. Dissimilar ensemble techniques such as
Weighted Combination, Fixed Combination and Meta classifier combination were implemented

for classification of sentiments.

Pak et al. (2010) developed a twitter corpus using Twitter API to automatically collect
tweets and annotate those using emoticons. They constructed a sentiment classifier based on the
Naive Bayes multinomial classifier that utilizes N-gram and POS tags as characteristics using
that corpus. There is a likelihood of error in this technique since the emotions of tweets in the
training set are marked exclusively on the basis of emoticons polarity. The training set is also

less effective because it includes only emoticon tweets.

Wan et al. (2015) suggested the Airline domain classification scheme based on Ensemble
Twitter. Naive Bayes, SVM, Random Forest, Bayesian Network and C4.5 Decision Tree were
used as an ensemble for the 5 base classifier algorithm. C4.5 Decision Trees out performs other

algorithms in the assignment of classification of sentiments.
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The Lexicon-based strategy is the easiest way to classify feelings Cambria et al. (2013),
since it calculates the sum of the amount of positive sentiment words and the negative sentiment
phrases in the text file to evaluate the feeling of the text file. This strategy is poor when it comes

to negative.

Tripathy et al. (2016) stated that reviews and blog datasets acquired from social
networking sites were unsystematic and needed to be classified as significant. Using monitored
machine learning techniques, they could be categorized as positive, negative and neutral. They
launched four distinct machine learning algorithms to classify feelings. NB (Naive Bayes), ME
(maximum entropy), SGD (stochastic gradient descent) and SVM (vector supporting machine)
based on precision, recall, F-measure. Their paper helped to classify film reviews using
supervised machine learning algorithms that were further implemented using n-gram method to
the IMDB dataset. They found that the classification precision reduces in the n-gram strategy as
the value of n rises. They also encountered certain constraints on further study as tiny size of
twitter posts, reviews or remarks including punctuation symbols and phrases like "greatttt,
fineee" because they have no adequate significance. So, after removing the stop words to select
the best function, a fresh word list was ready for classification. Hybrid machine learning methods

have also been regarded for greater precision

Li et al. (2010) used sentiment assessment and text mining methods to study hotspot and
forecast online forums. First of all, an algorithm was developed to check the polarity of
sentiment for each piece of text. The algorithm was then combined with k-means clustering and
support vector machine (SVM) to create an unsupervised text mining strategy. The described text
mining method was used to group forums into different clusters whose center represents a

hotspot forum in the present period of time. The data sets were taken from the SINA sports
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forum. Experimental findings showed that with k-means clustering, SVM forecasting is
obtaining highly coherent outcomes. SVM forecasting's top 10 hotspot forums resemble 80
percent of k-means clustering outcomes. The same results were achieved for the top 4 hotspot
forums of the year by both SVM and k-means. They developed an algorithm that automatically
analyzes a text's feeling polarity, using text values. First, the design of algorithms could be
enhanced to produce a more precise feeling calculation. Algorithms other than SVM, or variants
of SVM, could also be added for supervised learning. Second, they integrated extraction of the
subject. Third, as their significant future work, a practical system in the form of a website portal

was requested.

Duwairi et al. (2018) stated that the assessment of sentiments determines the polarity of
the specified text using either a machine learning strategy or using a lexicon-based method. The
classifiers applied to the datasets were Naive Bayes, Support Vector Machine (SVM) and K-
Nearest Neighbor (KNN), where SVM gave the lowest accuracy and KNN gave the lowest
recall. The data sets were also tested with 10-fold cross validation. They showed that the
accuracy obtained by SVM is 75.25, was the highest accuracy and that the recall received by
KNN is 69.04 was the highest recall. Therefore, to achieve better results in classification, larger
data sets were needed and crowd sourcing was considered to be followed by semi-supervised

learning.

Kouloumpis et al. (2011) showed the usefulness of speech characteristics and previous
lexical resources used in micro-blogging to detect twitter message sentiments. The scientists
found that microblogging characteristics were more helpful than POS characteristics from the
current sentiment lexicon. They also found that the training data will be of less advantage, if they

include micro-blogging characteristics.
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Mudinas et al. (2012) found that concept level sentiment analysis (psenti) scheme was
better than pure learning-based system and pure lexicon-based system due to more accuracy in
well-structured and polarity classification , readable outcomes. They verified on experimentation
that the hybrid method was better than sentistrength. They found that the psenti scheme was
highly accurate than a pure lexicon-based scheme. It also delivered well-structured, readable
outcomes and increased resistance to text style writing. They also found that it works better than
sentistrength psenti scheme. In brief, the hybrid method suggested was able to combine a

thoroughly constructed lexicon with a strong supervised learning algorithm.

Arun et al. (2017) depicted demonetization sentiment analysis on tweets. They first
accessed the information and then converted it as an input dataset into text files. After removing
the stop words, sentiment analysis was conducted, the polarity of the phrases was determined and
the tweets were classified as positive and negative. A new technique for demonetization
sentiment analysis was suggested and data cleaning, sentiment scores, bigrams, polarity and

graphical methods were used for this process.

Anta et al. (2013) provided a comparative study with classification functions of distinct
approaches to sentiment analysis of Spanish tweets. Different studies were conducted to classify
Spanish tweets according to emotions and subjects. The use of stemmers and lemmatizers, word
forms, ngrams, negations, connection processing, valence shifters, search engines, unique
Twitter semantics (Hashtags) and various classification techniques were assessed as a thorough
and comprehensive research. These results showed that classical techniques could be used to
analyze and classify the Spanish text. The best precision seen was 58% for subjects and 42% for

classification of sentiments.

25



Tiwari et al. (2017) proved content-based strategy using sentiment analysis for internet
audits, film ratings, etc. Supervised machine learning approaches grouped these reviews. Three
distinct calculations of machine learning were regarded i.e. for findings. SVM, ME, NB and
these findings were based on parameters of accuracy and f-measure. In their paper, various
machine learning methods were suggested to classify the film reviews of rotten tomatoes dataset
using n gram technique. They also found that their output acquired better precision when

compared with other study works.

Analysis of sentiments was used to process natural language with the assistance of which
text document polarity was detected by Mesnil et al. (2014).Initially only positive and negative
feelings were discriminated against, i.e. the issue of binary classification. This issue was matched
by various machine learning methods. They used the IMDB dataset to obtain readily
reproducible results. Researchers might also be able to combine their advances that would be
helpful for further progress. A straightforward and effective technique for analyzing sentiments
has been suggested. They had entered three distinct baseline models conceptually: First focused
on language models, the second based on successive sentence models and the last based on BOW

(Bag of Words) fast reweighing.

The multiple areas of text files were evaluated by Saleh et al. (2011) either by SVM or by
certain weighting systems. The main aim was to verify the collections and to do so they
suggested a distinct collection that would be a useful source for detecting opinion mining. They
found that SVM was the best way to manage classification of sentiments. For other assignments,
they wished to evaluate the review response and explore Senti-word net-like outermost

experiences.
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Basha et al. (2017) described that an exponential factor was also quickly increasing due
to the popularity of e-commerce product reviews for a product. Other people's views would play
an significant part in making a choice among various options where time and money were
valuable. Now, as part of their studies, most organizations had opinion mining. Nearly every
company was also affected by social media pages and blogs that led to sentimental analysis by
these businesses. They used fuzzy rule-based (FRBS) schemes with models in their paper,
namely: Mamdani, and Takagi Sugeno Kang (TSK) using FRBS package in R. They also
contrasted these models with other techniques of classification. Experiments were conducted on
the proposed algorithm to calculate the product's emotions and opinions, and the R package was

also demonstrated.

Alomari et al. (2017) described Arabic tweets as a good chance for opinion mining
studies but were reduced owing to a shortage of funds for sentiment analysis or difficulties in the
assessment of Arabic language text. They included Arabic twitter corpus that either marked the
tweets as positive or negative and they examined the tweets using machine learning. Their
primary goal was to examine the Arabic sentiment analysis approach to machine learning. First
they farmed Arabic tweets corpus. Then, using separate n-grams with distinct weighting systems
and implementing stemming methods, they compared the two machine learning algorithms

(SVM and NB).

Lin et al. (2009) recognized subjective data using tools and a novel probabilistic
modeling structure called a sentiment / topic model that detects feeling and subject from text
together. They found that the JST model was completely different from other approaches to
machine learning. They suggested this model on the film dataset to classify the polarity of

sentiments and enhance the precision of the classification of sentiments. A joint sentiment / topic
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(JST) model was suggested in their paper that could be used to depict document level sentiment
classification and simultaneously extract combination of subjects from text. On the other side,
sentiment classification methods were based on supervised learning, whereas the suggested JST
model was completely unattended, resulting in more flexibility and could effectively be merged
with other applications. When the scores were contrasted with current supervised methods, they
discovered that this model provided competitive efficiency in the classification of document

level sentiment. They included bigrams and trigrams in the model.

Wang et al. (2012) showed that various solutions of machine learning algorithms
demonstrate significant variability in their results for text classification. They also proved that
bigram showed steady improvements in assignments and Naive Bayes (NB) was more preferable
in sentiment assignments than SVM for a small portion. Also, an alternative SVM demonstrates
constantly better on datasets and has shown solutions to NB and SVM. It was found from their
paper that Multinomial Naive Bayes (MNB) was more in favor of analyzing the sentiment. They
came to the conclusion that NB-SVM was a powerful operator and that Bernoulli Naive Bayes

(BNB) was worse than MNB.

NG et al. (2006) tested two issues: (1) defining whether the document was a review or
not, and (2) classifying the polarity as positive or negative. It has also been shown that the
identification of the analysis could be carried out more accurately using only unigrams as
characteristics. The role of four kinds of easy linguistic sources in a polarity classification
scheme was then examined. The task of analyzing the sentiment of document level was
examined. Polarity classification and review identification, two issues were examined in the

evaluation of document level sentiment.
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Turney et al. (2002) describes a unsupervised learning algorithm in order to classify a
reviews.They worked on Sentiment Analysis at the document level. The precision for car reviews

ranged from 84 percent.

Purver et al. (2012) worked primarily on emoticons and hashtags in their studies. In their
role, emoticons and hashtags were categorized with 6 basic emotions. Classifications are done
with linear kernel and unigram characteristics used by Support Vector Machines
(SVM) application. Three individual experiments were conducted in their paper. Experiment 1:
detection of emotions, experiment 2: discrimination of emotions and experiment 3: labeling

manually. These studies are based on hashtags and emoticons. They got 50-80 percent precision.

Pang et al. (2002) used three methods of machine learning to analyze sentiment. They
took a general view of the issue of classifying documents and determined whether it was positive
or negative. They worked with movie reviews for their experiments. Three standard classifiers
were experimented they are: Maximum Entropy classification, Naive Bayes classification and

Support Vector Machine.

Agarawal et al. (2011) developed a model for classification functions: a binary task of
classifying sentiment into positive, negative and neutral. Support Vector Machines (SVM) was

used for all their results.

Hima et al. (2016) introduces a novel fuzzy clustering model to analyze twitter
sentiments. Then a comparative assessment is produced with the clustering methods of
partitioning, such as Expectation Maximization algorithms and K-Means based on metrics. They
suggested method is evaluated to be effective in performing results of high-quality twitter

sentiments, according to the experimental evaluation.
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Koweika et al. (2013) discusses about the presented Social Media Analysis.
They covered the social media for expressing one's opinion. They predict gender and age based

on the phrases and slang used by people's opinion.

ArtiBuche et al. (2013) discussed the Opinion Mining and analysis: A Survey. It
obviously stated that the Sentiment analysis is a kind of Natural Language Processing that is
used to monitor products and web brands. As a result, it has become a requirement for businesses
to collect information from different sources such as micro-blogs, review site blogs, and thus

determine whether they are regarded positively or negatively using component of speech

tagging.

Jose et al. (2013) presented an Analysis for Social Media sentiment. The social media
coverage has become one of the largest websites for expressing one's opinion. They also said
about the positive or negative tweets. The forecast of gender and age can also be made on the

basis of the phrases and slang used by human views.

Sentiment Analysis was introduced on Twitter by PreslavNakov et al. (2013). Researcher
stated that Twitter prevents data on who follows who. Inside tweets, retweets and tags provide
data on the discussion. Using contextual phrase-level polarity, views and reviews gathered from
Twitter and SMS are categorized into sentiment. The sentiments categorized in three respects

such as positive, negative or objective

JishaManjaly et al. (2013) suggested a Sentiment Analysis scheme for Subject
Identification based on Twitter. It is commonly used for participatory data sharing and
cooperation on social media such as blogs, Twitter and Facebook. Then opinions are categorized

as positive or negative and neutral, further split into emotional states like sad, happy and angry.
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A survey on Opinion Mining and Sentiment Polarity Classification was submitted by
Sindhu C et al.(2013).Sentiment analysis relates to optimization algorithms for evaluating
opinions from different sources, such as blog posts, remarks on forums, product reviews, policies
or any social networking sites or tweets. The process of choosing the opinions and avoiding the
specific phrase are based on Subjectivity Detection, which is then pre-processed by tokenizing,
stopping filtering and stopping phrases. In a sentence they expressed their opinion is classified

into 6 emotions: disgust, happiness, anger, fear, sadness, and surprise.

Scheme for the evaluation, acquisition and visualization of Twitter data was presented by
Andrei Sechelea et al. (2016).Twitter posts are collected and kept in a distributed cluster, and in
MapReduce structure the information is analyzed. They also develop a visualization method that

allows a geographical location to follow the density of twitter activity.

Chandrasekhar Rangu et al. (2017) discusses about text mining referred to as text data
processing, as the technique to gather non-trivial patterns and attention-grabbing or information
from text files. It utilizes algorithms to remodel (unstructured) free stream text into information
that will be analyzed using applied mathematics, language process and machine learning
techniques. Text mining is emerging technology that allows companies to understand their
clients well and make it easier for them to redefine customer wishes. They attempt to obtain
some useful data from asset reviews that will be used to improve engineering characteristics of

assets and help to improve the quality of service and client experience.

Bhadane et al. (2013) discusses about the sentiment analysis research focuses on the
different methods used to classify a given set of natural language text according to the opinions

i.e. whether the general opinion is negative or positive. They used a number of methods for
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classification and product review polarity identification using Machine Learning (ML) in
combination with field-specific lexicons. Their experimental results demonstrate that
approximately 78 percent precision has been attained by the suggested methods and that they are

successful in the activities.

Rincy Jose et al. (2015) describes sentiment analysis schemes using the web reviews and
social media information bag-of-words approach to mining the sentiments. Instead of looking at
the whole sentence / paragraph for evaluation, the bag-of-words strategy checks only single
words and their characteristics as vectors. It may mislead the algorithm of classification,
particularly when used for issues such as classification of sentiments. The machine learning
algorithms such as Maximum Entropy, Naive Bayes, Support Vector Machine (SVM) etc, are
commonly used to fix issues with classification. Experiments show that the semantic-based
characteristic vector with ensemble classifies the bag-of-words strategy by 3-5 percent with a

single machine learning classifier.

Aldo Hernandez et al. (2016) introduce a Twitter content sentiment analysis technique
for predicting future internet attacks. The process is focused on collecting tweets from two user
sets on a daily basis; individuals who use the platform as a way of expressing opinions on
appropriate problems and those who use it to show the content identified with web security
threats. Regular information is transformed into data that can be statistically broken down to
predict if an attack is feasible. In reaction to a worldwide case, they finally completed by

researching the aggregate feeling of users and organizations of hacking activists.

kirtihuda et al. (2017) they discusses about the sentiment analysis techniques. The data is

given as input in the first step, and the twitter data is the input data it can be either in excel sheet
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or it can be extracted in real time. During the pre-processing stage, the data provided as input is
pre-processed in which the information is tokenized and the phrases stop from the information
are removed. The classification method was introduced to the feature extraction information for
the sentiment analysis in the last phase. SVM classifier is used for data analysis in this role. The
execution time of the proposed and existing algorithm, are shown in figure 2.2. It is evaluated

that the improved algorithm based on patterns tasks less time for execution.
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Figure.2.2 Accuracy Comparison and the Execution Time

Anurag P. Jain et al. (2015) presented a paper to examine the sentiments of consumers
using data mining classifiers. It also compares the output of single classifiers for assessment of
sentiments over the classifier ensemble. Acquired experimental result shows that elevated
predictive precision is provided by the k-nearest neighbor classifier. Additionally, Random

Forest provides excellent precision in prediction.

Xiaolong Wang et al. (2011) describe the investigation of illustrations that three kinds of
data are helpful for automatically generating the general sentiment polarity for a specified hash

tag over a certain period of time. They demonstrate that the efficiency can be significantly
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improved by using an enhanced classification boosting environment in which they have used the

literal significance of hash tags as semi-supervised data.

AndriusMudinas et al. (2012) describe the outcomes of sentiment analysis generated by
their hybrid strategy in a favorable manner compared to the baselines of lexicon and learning
only. Their psenti scheme accomplishes high precision, quite similar to the simple learning
scheme and much greater than the pure lexicon-based scheme, for both sentiment polarity
classification and sentiment strength detection. This strategy combines the strength as well as
readability from a constructed lexicon with the best of two words, and the elevated precision

from a strong supervised learning algorithm.

Dhanushka et al. (2013) discusses about the classification of sentiment applying
sentiment classifier trained results in poor performance because words that occur in the train
(source) domain might not appear in the test (target) domain. To overcome the feature mismatch
problem in cross-domain sentiment classification proposed a cross-domain sentiment classifier
using an automatically extracted sentiment sensitive thesaurus. They have done the comparisons
against the SentiWordNet, a lexical resource for word polarity. They show that the created

sentiment-sensitive thesaurus accurately captures words that express similar sentiments.

Shulong Tan et al. (2014) observed that previous research mainly focused on modeling and
tracking public sentiment so, they moved one step further to interpret sentiment variations. They
worked on twitter dataset. They observed that emerging topics (named foreground topics) within the
sentiment variation periods are highly related to the actual reasons behind the variations. These
foreground topics can help to interpret the sentiment variations .Based on this observation, they
proposed a Latent Dirichlet Allocation (LDA) based model, Foreground and Background LDA (FB-
LDA), to dig out foreground topics and filter out background topics. To further improve the
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readability of the mined reasons, they ranked them with respect to their “popularity” within the

variation period using Reason Candidate and Background LDA (RCB-LDA) method.

Goncalves et al. (2013) compare eight sentiment analysis methods in terms of coverage
and agreement coverage measures the percentage of messages whose sentiment is identified; and
agreement refers to the portion of identified sentiment that comply with ground truth. The major

findings of are listed as follows:

o Coverage varies from 4% to 98% when sentiment analysis was applied to six real-
world topics including Harry-Potter, Air France, HIN1, Susan Boyle, 2008 Olympic sand
2008 US-Election. Only a small fraction of texts could be accurately analyzed because of
bias or insufficient amount of data.

o No sentiment analysis method achieved both high agreement and high coverage
simultaneously. For example, the highest coverage appears in Emoticons method which
is above 85%, however it also was very low agreement between 4% and 13%

o The agreement of existing sentiment analysis methods varies widely according to
the predicted polarity from33% to 80%. That is, the same text could be interpreted
differently if we change the analysis method

o Most sentiment analysis methods perform badly on negative texts.

Thelwalk et al. (2012) discusses about the performance of the unsupervised version of the
algorithm SentiStrength is evaluated. The system combines several opinion lexicons of words
and idioms. The system also incorporates a straight-forward method for detecting the scope of
negation uses that does not invert the polarity of a word, but makes the word neutral. The authors

conclude that their lexicon-based proposal is suitable for polarity classification in Twitter with
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the supervised polarity classification system for English tweets is described. The system follows
the same approach for defining negation that is, all subsequent words to a negative particle are

considered as negated words.

Mejova et al. (2009) in his research work proposed that we can use presence of each
character, frequency of occurrences of each character, word which is considered as negation etc.
as features for creating feature vector. He also shows that we can effectively use unigram and

bigram approaches to make feature vector in Sentiment analysis.

Domingos et al. (2009) suggested that Naive Bayes works well for dependent features for
certain problem. This model is based on Bayesian algorithm. In this model, some efficient

approaches are used for selecting feature, computation of weight and classification.

Celikyilmaz et al. (2010) developed one method as pronunciation based word clustering.
This method normalizes noisy tweets. There are some words which have the same pronunciation
but having different meanings. So, for eliminating this conflict, there is method mentioned
above. In this mentioned method, words having same pronunciation are clustered and assigned

common tokens.

Andrius et al. (2012) discusses about the concentrated on engineering students . Twitter posts
to understand problems and glitches in their educational experiences. They first conducted a
qualitative analysis on samples taken from about 25,000 tweets associated to engineering
students’ college life. They found engineering students encounter problems such as deficiency of
social engagement, heavy study load, and sleep deficiency. Based on these results, we
implemented a multi-label classification algorithm to categorize tweets reflecting students’

problems. They then used the algorithm to train a detector of student problems from about
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35,000 tweets issued at the geo-location of Purdue University. This work, presents an approach
and results that show how casual social media data can provide insights into students’

experiences.

2.3 Chapter Summary

This chapter presented a literature survey related to the research topic. From the literature
study conducted, it can be understood that many researcher have spent time for various
techniques and methods that are used for the sentiments of public opinion and some of the
algorithms they used are Support Vector Machine (SVM), Machine Learning, Naive Bayes,

Multinomial Naive Bayes (MNB) etc.
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CHAPTER 3

RESEARCH METHODOLOGY

3.1 Introduction

In this research work, the processing of text mining using the DNN technique with
feature selection classification is proposed. Feature selection is used to select the appropriate data
to set the feature to improve DNN's efficiency of the classification and text mining is used to
create a classification of positive, negative and neutral about the tax issues are focused on the
public opinion from the tweets. In general, the stages of this research consist of defining tax
problems, gathering social media information, text processing, feature selection, and
classification using the DNN and testing stage to evaluate algorithm efficiency and show the
performance of text mining. Identifying the issues is the initial step in recognizing the main
issues, tax process, & transactions to assess which portion or emotional response of tax is
intended for public awareness and the emotional response are based on the opinion of public tax

tweets.

Text mining is a text analysis where data sources are usually obtained from documents
with the aim of searching for words that can represent the contents of a document so that
interrelationships and inter-document classes can be analyzed. Using this social media user
encourage to host their opinion while leads to increase in unlimited textual information so there
is a need for system to utilize the textual data with reducing the value of information. Text
mining is a powerful tool that enables to analyze to explore the opinion quickly and efficiently.
This research work analysis how text mining can be adopted for effective analysis of opinion for

polarities.
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Dataset used for this research work was taken from UCI repository ie. 2600 tax tweets

were considered for this research work and the text processing techniques as well as the two

classifiers were applied, and in order to classify the sentiment based on the public opinion and

the sample datasets are shown in the figure 3.1.

Sample Datasets
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Figure 3.1. Sample Datasets

40



3.2 Methodology

Aresearch methodology or involves specific techniques that are adopted
in research process to collect, assemble and evaluate data. It defines those tools that are used
to gather relevant information in a specific research study. Surveys, questionnaires and
interviews are the common tools of research. The various phases of the research design is

presented in figure 3.2 and are discussed below.

DATASET (TAX TWEETS)

1]

PHASE 1
TEXT PROCESSING

=

PHASE I
FEATURE SELECTION

=

PHASE IlT
CLASSIFICATION

=

PHASE IV
PERFORMANCE EVALUATION

Figure.3.2 Research Design
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3.3 Phase 1 : Text Processing

Text processing is the main phase of processing technique for text and at this point, and the

research design creates the input text for the process. To support the classification based on

sentiment and tax tweets, as well as the structure of words acquired from social media remarks is

regulated and the steps involved are shown in the figure.3.5.

a) Case Folding : Case Folding is described as a method applied to a series of tweets

characters in which their upper case equivalents replace those recognized as non-

uppercase and their results was listed below in Figure 3.3.

Original Dataset

Command Window

(I) New to MATLAB? Watch this Video, see Examples, or read Getting Started,

"6/11/2019 Z2:23:00 BM'
[ Na¥]
'6/11,/2019 Z:14:29 FM'
[ NaN]
'6/11,/2019 Z:05:12 EM'
[ Nal1]
'6/11,/2019 1:37:58 EM'
[ Nal1]
'6/11/2019 1:30:48 PM'

Case folding

'Did vou get a #TaxBRefund? While it&d€™=s tempting to s..."
[ Hal]
'@VernBuchanan @RepJudyChu @HeraldIribune Under our #..."
[ Hal]
'd€xSandi has been a wvery tenacious advocate to help ..."
[ Hal]
'RT BEHRElockIndia: Hawve vou received an #IncomeTax no..."
[ Hal]

) Hew to MATLAB? Watch this Yideo, see Eamples. or resd Getting Started

did you get a tax refund while itemtempting to a

verbuchanan repjudychu heraldtribune under our

zandi has been averytenacious advocate to help

rt hrblockindia have you received an income tax no

Figure. 3.3 Case Folding
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b) Tokenizing: Tokenizing is the method of replacing the vulnerable tweets with distinctive
symbols of identification that maintain all the important text information without
compromising the data.

c) Stemming : Stemming is the process of reducing a word to its word stem that affixes to
suffixes and prefixes or to the roots of words. Stemming is important in Natural
understanding (NLU) and Natural Language Processing (NLP).

d) Filtering: Filtering is the process of deleting the irrelevant tweet text which means it is
not related to the subject and their results was shown in the figure 3.4

Original Dataset

Command Window

(I) New to MATLAB? Watch this Video, see Examples, or read Getting Started,

"6/11/2019 Z2:23:00 BM' 'Did vou get a #TaxBRefund? While it&d€™=s tempting to s..."
[ NaN] [ HaN]
'6/11,/2019 Z:14:29 FM' '@VernBuchanan @RepJudyChu @HeraldIribune Under our #..."
[ Nal1] [ NaHN]
'6/11,/2019 Z:05:12 EM' 'd€xSandi has been a wvery tenacious advocate to help ..."
[ Nal1] [ NaHN]
'6/11,/2019 1:37:58 EM' 'RT BEHRElockIndia: Hawve vou received an #IncomeTax no..."
[ Hal] [ Hall]
'6/11/2019 1:30:48 PM' 'RT Bgueentatiana: The BIRS isz preparing to issue new...'
Filtering

1) Mew to MATLAB? Watch this Video, see Exgmnples. or resd Getting Started

did you get a tax refund while itemtempting
verbuchanan repjudychu heraldtribune
zandi has been averytenacious advocate to help

rt hrblockindia have you received an income tax

Figure. 3.4 Filtering
e) Convert Emoticons: Convert Emoticons will automatically converts the smiley faces

into the text.
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Text Processing

Case Folding

¥
Conwvert

Emoticon

¥

Tokenizing

-

Filtering

¥
STemming

Figure. 3.5 Text Processing

3.4 Phase 2 : Feature Selection

Feature selection is the main phase in the text mining with sentiment analysis based on tax. It
improves the classification task effectively. Features that really discriminate between groups will
improve the performance of identification. If any discriminating function is not included in the
classification, then the classification accuracy will be reduced and the overall methodology is

presented in following figure.3.6.

3.5 Phase 3 : Classification

In this research work classification is the third phase; SVM and Recurrent Neural Network
algorithm have been used for classification. Support Vector Machine (SVM) and Recurrent

Neural Network (RNN) were also compared based on the accuracy.

Liu et al. (2012) discusses about the Sentiment classification methods that are usually split

into three main categories called the Lexicon Based Approach (LB), Machine Learning
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Approach (ML), and the Hybrid Approach. The Machine Learning Approach (ML) utilizes
language characteristics and well-known ML algorithms. The Lexicon-based method is guided

by a lexicon of view that is nothing more than a set of pre-compiled terms of opinion.

Dataset

v

Feature Selection

(Tax Comment)

-

l (Information Gain)
Text Processing l
Case Folding —
Classification
L. SVM DNN
Convert
Emoticon
v v
Tokenizing compare
Filtering
Measurement
v
Stemming Precision
Recall
F-Measure

Figure .3.6 Overall Methodology
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3.5.1 Support Vector Machine (SVM)

In machine learning, Support Vector Machines is supervised learning with related

learning algorithms that analyze the information used to evaluate classification.

Abdelwahab et al. (2015) discusses about the evaluation of sentiments about such a
specific subject or product, text processing is efficiently used to understand the reviews or
suggestions of different public view. Research on text processing techniques for sentiment
analysis is repeatedly performed to improve the efficiency of text mining in acquiring the
suitable views as in research that assess the impact of information size training using SVM. The
study indicates that, by combining SVM and Naive Bayes using AND-type fusion, the transition
in training set does not significantly impact the rate of classification precision using SVM or
Naive Bayes, but indicates enhanced accuracy and SVM F-Score and the graph were shown in

the figure.3.7.

1o

number of reviews
= =
o o

=
S

0.2

0.0 -
L-star 2-star 3-star 4-star S-star

review categories

Figure. 3.7 Product Review

Sheshasaayee et al. (2017) in their studies they have used the data mining to discover

the beneficial data from the World Wide Web (WWW) repository, while using text, video
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pictures, and audio on extracting unstructured data, it is split into Content Mining, Usage
Mining and Structure Mining. The study compared the accuracy of Random Forest, Naive Bayes,

and SVM algorithms using the Machine Learning strategy.

3.5.2 Recurrent Neural Network (RNN) for Classification

Recurrent Neural Networks (RNN) is a popular architecture of deep learning for
analyzing sentiments in sentence and it is widely applied for classification of texts. The main
advantage of RNN is that they can be used to model variable-length temporal sequences,
providing additional flexibility in the analysis of reviews of distinct lengths and the comparison

of SVM and DNN is depicted in the below figure.3.8

30

80

70

B0

a0

40

30

20

10

ACCURACY PERCENTAGE

SVM DN

CLASSIFIERS

Figure.3.8 Comparison of SVM and DNN
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3.6 Phase 4 : Performance Evaluation
Text classification rules were usually assessed to use performance measures from the

retrieved data. Common metrics for evaluating text categorization include precision, recall,

and accuracy and their flow is shown in the figure .3.9

PERFORMANCE
EVALUATION !

Actusl Values
Positive (1]  Hegathse ()

Poditive (1) ™ FP

FM TH

Magatha {0]

Prodiched Values

{Precision)
GRAPHICAL {Recall)
(F1-Score)

REPRESENTATION

Figure .3.9 Performance Evaluation

3.6.1. Performance Metrics

The performance metrics were calculated by using True positive (TP), True Negative (TN),

False Positive (FP) and False Negative (FN).
True Positive is an outcome where the model correctly predicts the positive class. True
negative is an outcome where the model incorrectly predicts the positive class. False positive is
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an outcome where the model incorrectly predicts the positive class. False negative is an outcome

where the model incorrectly predicts the negative class.

v" Precision is calculated using the equation 3.1
Equation 3.1 TP/ TP + FP

v Recall is performed using equation 3.2
Equation 3.2 TP/ TP + FN

v F-measure is calculated using the equation 3.3

Equation 3.3 2pr/p+r

3.7 Chapter Summary

In this chapter the dataset and the research methodology have been discussed. The phases
included in the research work such as text processing, feature selection, classification, and
performance evaluation with the help of Support Vector Machine (SVM) and Deep Learning
Neural Network (DNN) are also been discussed. The result obtained in this research work is

discussed in the next Chapter 4.
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CHAPTER 4

RESULTS AND DISCUSSIONS

4.1 Introduction

In this research work, text processing with techniques such as crawling, case folding,
tokenizing, convert emoticons, filtering and stemming. Text mining is used for classification of
the positive, negative and neutral about the tax issues that are focused on the public opinion. In
general, the stages of this research consist of defining tax problems, gathering social media
information, text processing, feature selection, and classification using the DNN and testing
stage to evaluate algorithm efficiency and show the performance of text mining. Feature
Selection was done using Information gain (IG) and classification were performed by using
Recurrent Neural Network algorithm, and its performance metrics has been evaluated in terms of
precision, recall, f-measure and accuracy compared with SVM and DNN.

In this research work, based on public opinion (tweets) the system is used to classify the
polarity. Datasets are taken from Twitter and the comparison of an algorithm is represented in
the figure. An epoch is a hyperparameter defined before a model is trained. One epoch is when a
whole dataset is passed through the neural network only once, both forward and backward. One
epoch is too large to simultaneously feed the computer. So, we're dividing it into a few smaller
lots. We use more than 1 epoch because it is not enough to pass the whole dataset through a
neural network and we need to pass the complete dataset to the same neural network with
multiple times. Mean Square Error (MSE) is used to calculate network performance. The outputs

are shown in the Fig 4.1, 4.2, 4.3,4.4, 4.5, 4.6, 4.7, and 4.8.
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Decision Boundary at Epoch Number 100. The max number of Epochs is 500.

MSE

02 -----

Figure.4.1 Result of Epoch Number is 100

Decision Boundary at Epoch Mumber 200. The max number of Epochs is 500.

MSE

0 20 40 60 80 100 120 140 160 180 200
Epochs

Figure.4.2 Result of Epoch Number is200
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MSE

Decision Boundary at Epoch Number 300. The max number of Epochs is

500.

300

MSE

Figure.4.3 Result of Epoch Number is 300

Decision Boundary at Epoch NMumber 400. The max number of Epochs is 500.

Figure.4.4 Results of Epoch Number is 400
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Decision Boundary at Epoch Mumber 500. The max number of Epochs is 500.

MSE

0 &0 100 150 200 250 300 350 400 450 E0O
Epochs

Figure.4.5 Result of Epoch Number is 500

PRECISION 89.70 % 90.30 %
RECALL 70.00 % 82.10 %
F-MEASURE 80.10 % 89.70 %

Figure.4.6 Performance Metrics of SVM and DNN

From this table it is evident that DNN performs well when compared with SVM.
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MUMBER OF TWEETS

g

POLARITIES

Number of Tweets: 2600
Positive  : 1150
Negative : 850
Neutral : 600

Figure.4.7 Polarities on Tweets
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Figure.4.8 Accuracy of SVM and DNN
4.2 Chapter Summary

The text processing has been carried out by using crawling, case folding, convert
emoticons, tokenizing, filtering and stemming, and the classification of text was done using
Recurrent Neural Network algorithm. The performance metrics such as precision, recall, F-
measure and accuracy were also discussed in this chapter. The accuracy of the Recurrent Neural

Network algorithm was 90% when compared with SVM 82%.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

In this research work, text mining is achieved through the various steps like text
processing, feature extraction and classification using DNN. The dataset used for this research
work are tax tweets from Twitter, and the results of classification are based on positive, negative
and neutral sentiments. The results achieved by the proposed method are 90%, 82%, and 89%
respectively for precision,recall and f-measure. The assessment of tax services based on public
opinion in tax cases. As a result, DNN accomplished 90% accuracy compared to SVM 82%

accuracy.

FUTURE RESEARCH WORK

v' The research work can be further improved by using another classification algorithm
namely Relevance Vector Machine (RVM).
v Apply this research work to other social media applications like LinkedlIn, Facebook,

Instagram etc.
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APPENDIX

Decision Boundary at Epoch Number 100. The max number of Epochs is 500.
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Decision Boundary at Epoch Mumber 300. The max number of Epochs is 500.

MSE
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Decision Boundary at Epoch Mumber 400. The max number of Epochs is 500.
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MSE

Decision Boundary at Epoch Mumber 500. The max number of Epochs is 500.
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