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Abstract
For the perspective of the latest happing news or some events occurring around the world, social
media is widely used. The reaction given by the people’s opinion comes in the way of raw natural
data in different languages and environments. All those written views have some kind of
unbalanced statement, i.e., some sensitive information or some slang words and uneven words.
This makes the researcher or data analyst to extract information and pattern from the dataset
available. This makes opinion mining and taking strategic decision useful in future market.
For sentiment analysis, Natural Language Processing (NLP) and Data Mining techniques are used
to structure an unbalanced data. Using machine learning techniques, the built method analyses
Twitter data to detect sentiment of views from people all around the world. For research purposes
of this study, the dataset was taken from Twitter for Citizenship Amendment Act 2019, India.
Throughout that time many people had given their opinions, views about this new Citizenship
Amendment Act. The sentiment polarity is measured using VADER (Valence Aware Dictionary
and Sentiment Reasoner), which purifies and analyses the data using natural language processing
techniques. The dataset was normalized and prepared using natural language processing
techniques such as Word Tokenization, Stemming and lemmatization, Part of Speech Tagging in
order to be used by machine learning algorithms. All the input variables are converted in the form
of vectors by using “term frequency-inverse document frequency” (TF-IDF). The python
programming language was used to implement this process. Classifiers such as Naïve Bayes, SVM
(support vector machine), k-nearest neighbor (KNN), neural network, Logistic Regression,
Random Forest, and a LSTM (Long-short Term Memory) based RNN (Recurrent Neural Network)
deep learning method were used to obtain evaluation parameters such as accuracy, precision, recall
iii

and F-score. On the mean values of performance metrics, a One-way Analysis of Variance
(ANOVA) test was performed on all the methods.
Keywords: Natural Language Processing (NLP), Twitter, Sentiment Analysis, Citizenship
amendment act, Naïve Bayes, SVM, Random Forest, KNN, Python, machine learning, deep
learning.
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Chapter 1
Introduction
Over the past few years, one of the most debated topics has been Sentiment analysis. It has been
under the immense focus of research scholars, as it has been used as a tool to gauge the opinion of
the masses on a specific topic or subject. It has been used to examine the emotions attached to the
opinions. For that reason, it is also known as opinion mining or in some cases emotion AI. In this
section, the background of the research issue will be elaborated. This will help in developing an
insight into the research problem. This section will also define the problem statement of this
research. Along with that, the research objectives and research approach will be discussed in detail.

1.1

Social Media

With the development of connectivity and connected devices, there has been a drastic rise in the
usage of social media. Now a days, social media is not only used to share one’s status but also
used for publishing one’s thoughts, beliefs, and opinions. Billions of users use a platform like
Twitter and Facebook to share their opinion on a particular subject or matter. It could be a
judgment, a political bill, a social crime, or even a fun fact. In short, these social media platforms
have developed a framework that allows opinions or thoughts to be showcased on a larger platform.
Before the evolution of social media, the opinions and thoughts on a particular subject were
subjected to limited exposure. But this limitation has gradually vanished with the development of
social media platforms. World Wide Web or popularly known as WWW consortium was just a
repository with some static information. One will simply search for some stored information.
1

However, things are not the same as the WWW platform has become more dynamic and
interactive. Now, users can voice their opinion, make their recommendations, or even can share
their thoughts. This dynamism is not limited to a particular area or regions, rather it has expanded
across the globe. The concept of one’s expression of opinion or thoughts on social media is also
referred to as user-generated content. These are the contents created by the users of the platform,
rather than by any brand or an organization.
Social media platforms are based on social networking sites. These are the sites that provide webbased services to the user to construct their profile on a well-defined and structured platform. This
profile could be hidden, private, or public. These platforms articulate social media users to develop
a connection with other users. As a result, the users can view the connections they have made with
the other users and vice versa. It must be noted that connections are the underlying base of any
social media platform. As a consequence, a user’s opinion or emotion expressed on a social media
site is likely to have an effect on users who are linked to the user who posted first. However, these
connections are not standardized across all the platforms and their properties might not be the same
in all the platforms. A lot depends on the type of security settings a user has deployed on his profile.
Today, a celebrity user can share his or her comments on Social Media, develop an opinion, that
might be endorsed, rejected, or might be debated by millions of his followers, who are part of the
same network and the result might be a creation of a trend. This is how social media converts a
sentiment to an opinion and then to a trend. The trend could be positive or negative, and often it
might be subjected to more debate and arguments. Furthermore, as a result of the evolution of
these patterns, social media sites have evolved into news sources as well.
Most of the social media platforms present the same kind of characteristics, even though they
might be functionally different. For this research, we will focus on Twitter. As per the data shared
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by an agency, Omnicore more than 300 million users use Twitter [1]. Amongst these users, 42
percent of users regularly visit this platform. The top countries that use Twitter are, Japan, followed
by India and Brazil. In another data shared by Pew Research [2], showed that 313 million users
actively used Twitter across the globe. Even though Twitter is used as a free messaging platform,
it has got a character limit of 280 characters. With these 280 characters, one can share their opinion
briefly and crisply, as to-the-point possible. This is one of the reasons Twitter is widely used by
influencers, as with its to-the-point messaging, it is easy to develop an opinion, and a resultant
trend quite rapidly. Many people initially thought that this 280-character limit is a limitation, and
this would affect the growth of Twitter as a social media platform. One can share his opinion
without any story or lag, just being to the point. As a result, Twitter has been often used as a
platform for sharing a quick opinion. For example, opinion on political development, or even an
opinion on some conflicts. It is also used for sharing updates, and any kind of breaking news. Many
companies have successfully used it for sharing product updates. For example, the release of a new
patch update. Moreover, companies also value their existence through user opinions on Twitter.

1.2

Motivation

This research focuses on sentiment analysis, through analysis of Twitter data. Since Twitter data
has widespread acceptance and it is one of the most crucial platforms used by influencers, Twitter
was assumed to be the most appropriate platform for this research. As it has been discussed in the
last section, social media platforms including Facebook and Twitter have huge acceptance amongst
the users, and it has become part of their daily life. One can express his or her opinion at ease, just
with a mobile in hand. One can become an influencer in a few minutes. The rapid rise of social
media users vouches for the popularity of social media platforms. The generated twitter is capable
of providing some powerful insights, such as sentiment analysis of a section of a given population.
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The stakeholders can gain some important understanding of the target population. Here, the
stakeholder could be anyone, who has an interest in the target population. For example, the
government wants to examine how a population of a particular part of the country has accepted
some newly passed regulation. This will aid in better decision making, as decision making will be
completely based on facts and data. For this research, the data was acquired from a data warehouse
site, which hosted the harvested data from Twitter. The basis of data acquisition collected in a
dataset was topic modeling. In Topic modeling [3], the tweets will be scanned based on certain
phrases and data. For this research, it was “CAA” (Citizenship Amendment Act, 2019, India). And
performed data cleaning steps where useless words are removed and filtered. The data remained
after removing the noise is then analyzed. It has been determined whether these tweets reflect a
negative, positive or neutral sentiment. Overall, a consensus can be developed based on sentiment
analysis. More details about the methodology will be available in the research methodology
section.

1.3

Research Approach

To extract the underlying sentiments, the extracted tweets were analyzed with the help of a
developed algorithm. This algorithm was executed in Python language. Python was selected for
this research, as it has known benefits pertaining to data science. Moreover, Python is easy to
implement, without any known complexities. The text analysis uses Lexicon based and Machine
learning approach.

1.4

Research Objectives

The research has certain pre-determined objectives as listed below.
•

Use the text mining-based algorithms for analysis of the Twitter data that is already preextracted and available in a specified location.
4

•

Use rule-based lexicon approach through sentiments of words known by corpus like
SentiWordNet and WordNet.

•

Visualizing the data based on underlying sentiments, thus classifying, and segregating the
positive tweets and negative tweets. Developing a consensus based on the visualized data.

•

Automate the data analysis with the help of the Python program to a possible extent, and
limit manual analysis. This will limit the errors during the analysis.

1.5

Methodology

In this research, two approaches are being used namely Lexicon-based and Machine learning. The
raw data was preprocessed using some filtering methods of NLP (Natural Language Toolkit) to
eliminate unstructured data from the dataset. Then counting the sentiments of words using VADER
was performed. Lastly, the dataset is trained using Machine learning algorithms. Figure 1.1 gives
a flow diagram for the methodology.

Data Set

Result and
Analysis

Data Preprocessing

Applying Machine
Learning Algorithm

Linguistic
processing
using NLP

Sentiment
Analysis

Figure 1.1. Flow diagram for twitter analysis

5

1.6

Outline

The thesis is organized as follows.
Chapter 2: Literature Review
It discusses the approaches used by researchers to perform sentiment analysis on data sets.
Chapter 3: Data set and Data Preprocessing
It describes the dataset used for sentiment analysis and how the data is prepared for the Twitter
platform, which is further used to perform the analysis with some algorithms. Data preprocessing
steps are explained for reducing the noise and filtering the dataset.
Chapter 4: Sentiment Analysis
This chapter covers the concepts of NLP and the use of VADER sentiment analyzer for analyzing
the polarity and intensity of the tweets.
Chapter 5: Machine Learning Techniques for Sentiment Analysis
This chapter discusses different Machine Learning Classifiers used for predicting the polarity of
the tweets.
Chapter 6: Results and Discussion
This chapter presents the results of the sentiment analysis and discusses the performance of various
classifiers for the sentiment analysis
Chapter 7: Conclusion and future work
This chapter summaries the conclusions and discusses the future work for performing sentiment
analysis.
6

Chapter 2
Literature Review

2.1 Related Work
2.1.1 Sentiment Analysis
With social media usage clearly on the rise, social media users have identified social media as one
of the major platforms to express themselves, a platform where users can share their opinions,
thoughts, moods, or even sentiments at large, without any form of restriction. This has been looked
at differently as well, where social media has been considered a key influencer on a critical subject.
This is a liable situation in the absence of censorship and restrictions. However, this has also been
dubbed as freedom of speech, whereas the user is free to develop his content on social media based
on his sentiments.
A study by Sebastián Valenzuela [4] shows that social media has been actively used for political
protests. This is instigated through opinion expressions and activism, which is again a mere
expression of one’s sentiment on a particular subject. Another research was done by Lee, Chan,
and Chen [5] finds that social media platforms, such as Twitter, play an active role in democratic
engagement. The study mainly covers the socio-political situation in Hong Kong and Taiwan. It
finds that social medial such as Twitter has been actively used for democratic engagement, and
even organizing offline protests.
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There is another aspect, which is a notable point in the social media era. It has been found that
personal information or personal ideas are shared now publicly through social media platforms.
This is a boon for researchers or different forms of analysts, who can use this information available
on social medial, for decision making. Often trends and patterns are identified by data analysts by
analyzing the information available on social media platforms such as Twitter.
Research done by Mao, Shuai, and Kapadia [6] mentions that Twitter is a very popular
microblogging site, and often users divulge information that is available for public consumption.
Sometimes, these contents have a negative consequence, but they form a huge source of
information for other data analysts and researchers and other researchers showed the Twitter is a
repository of key information, on a particular subject, and how this information can be analyzed
to develop a perception on that particular subject.
The phenomenon of filtering out the sentiment from a written tweet that is a piece of text is known
as Sentiment Analysis. It is considered under the purview of Natural Language Processing (NLP)
[8]. This phenomenon is also known as opinion mining. Sentiment analysis is extremely useful in
analyzing information that is subjective or in states that has effective meaning. In both cases, the
information is derived from a piece of text. The outcome of analysis could be positive, negative,
or neutral. Sentiment analysis is a technique that is widely applied in gauging public opinion, doing
market research, brand monitoring, and analyzing customer experiences.
Research done by Mantyla, Graziotin, and Kuutila [9], mentions the traces of sentiment analysis
could be found in the early twentieth century, which was used for text subjectivity analysis by the
communities based on computational linguistics. They investigated 6996 papers for sentiment
analysis. But it was only after the availability of “subjective texts” on web-based platforms like
Twitter and Facebook that computer-based sentiment analysis took off. This was during the early
8

21st century. The research analyses many other papers on sentiment analysis, and advocates that
initially sentiment analysis was used only for the analysis of the product reviews. The evolution
of social media sites such as Twitter and Facebook have taken a dramatic turn. Thus, sentiment
analysis is used for a larger scope and beyond product reviews. Currently, Twitter has been one of
the data-rich platforms on the web and is used by data analysts for data mining. This highlights
that Twitter has relevant information related to specific events, which are of immense value to the
data analysts. These events are often tagged with hashtags(#) [9].
Different papers have classified sentiment analysis in different ways. As per Medhat and Korashy
[10], sentiment analysis applies computational treatment to the opinions, along with sentiments
and the subjectivity of the text. They used product reviews as a source of their data using fifty-four
different papers. They applied different classifiers for new related fields of a survey sentiment
analysis, including emotion detection, building resources, and transfer learning. Different machine
learning approaches such as Neural Network, Naïve Bayes, Decision trees, SVM, Rule-based
classifier were used. They concluded that sentiment classifier and Feature Selection are still an
open field to research. At last, they stated that Naïve Bayes and SVM are the most frequently used
ML algorithms for solving a sentiment classification problem.
Neri [11] stated that the scope of sentiment analysis is beyond finding the positivity and negativity
in the text. Sentiment Analysis is mainly used for the process of analyzing some particular data
through a given data structure. The data is a node-based structure, with analysis starting at the root
node and ending at the parent node of a given sentence structure. Their research compared the
sentiment on Rai, Italy’s public broadcasting service to over 1000 Facebook messages regarding
newscasts. Crawler, semantic engine, search engine, machine translation engine, and classification
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engine were some of the logical components used. Some of the other vital aspects which are
analyzed include synonyms, expressions, polarity, and even the meaning of words.
Jose & Chooralil [12] proposed a new sentiment analysis method. The data Extraction was done
from Twitter’s API. Textblob library was used for analyzing the textual data. For predicting the
winner of the USA election, they used Naïve Bayes classifier. A new technique was used with the
help of lexical resources like WordNet, SentiWordNet, word sense disambiguation to obtain
information and facts from tweets. For gaining high efficiency they recommended a negation
handling method in the pre-processing data stage.
As per Fang and Zhan, [13] one of the main results of sentiment analysis is to categorize sentiment
polarity. Data used was gathered from February to April 2014 for online product reviews from
Amazon. They categorized at the sentence-level as well as review-level. The sentence-level
categorization is with the product’s description and feedback whereas review-level categorization
has a rating with stars. Classifiers such as Support Vector Machine, Naïve Bayes and Random
Forest were used. The performance of the classification models is based on five vector sets. The
first vector set contains 2-million feature vector which is a complete set. From this vector set other
subsets were obtained, i.e., A has 200 vectors, B has 2,000 vectors C has 20,000 vectors and D has
200,000 vectors. With more training data, accuracy increases, as a result, SVM achieved an
accuracy of 94%. The Naïve Bayes model was second best classifier while applying subset C. The
AUC (area under ROC curve) for Random Forest was 0.98, while Naïve Bayes had an AUC of
0.90 and SVM had 0.97. On the other hand, many research papers mentioned that detecting an
appropriate sentiment polarity is not only difficult but is challenging as well.
Wilson, Wiebe, and Hoffman [14] suggest, that one of the best ways to tackle the challenge is by
classifying the content as neutral and polar, and then perform the disambiguation of the polarity of
10

a given polar expression. The goal was to figure out which features are crucial for detecting
contextual polarity. Different machine learning algorithms like BoosTexter, TiMBL, Ripper and
SVM were used to evaluate the results. With this, the contextual polarity can be easily identified
without any form of ambiguity. These experiments show that the presence of the neutral instances
greatly degrades the performance of these features significantly. As a result, the only way to
improve efficiency in all polarities is to improve the system’s ability to identify when an instance
is neutral.
In another research by Hassan Saif [15], semantics was introduced into the training set as an extra
feature for sentiment analysis. The experiment was conducted with three different datasets
collected from Twitter, a general Stanford Twitter Sentiment, Obama McCain Debate, and Health
care Reform. The semantic features were matched with the Unigrams, POS sequence features and
the sentiment-topic features. The interpolation approaches of the semantic features were fed into
the training of the Naïve Bayes (NB) model . However, they state that Naïve Bayes classifier has
many limitations such as data scarcity and zero frequency. So better way is to try other classifiers
should be used for better accuracy. An average accuracy increased by 6.47% across all three
datasets by including semantic features with word unigrams as against using only the unigrams to
train the model.
Hemalatha et al. [16], demonstrated the challenges pertaining to sentiment polarity can be resolved
by pre-processing the data from Twitter and then follow certain simple steps. In this way, the
datasets are developed that can be used for machine learning-based analysis. The dataset used here
was reviews by different people about the apple product. With this approach, the irrelevant and
unnecessary elements are removed. This includes special characters and slang. This provides a
more refined data set without any noise in the data. The refined dataset is a much finite and reduced
11

version of data, that lead to improved accuracy in analysis while shortening the overall analysis
time frame. The features are classified using machine learning algorithms on the dataset by adding
polarity to the sentiment words.
Augustyniak et al. [17] derived a new technique called frequentiment, which calculates the
frequency of words in each content or text extract and then determines the average impact on the
sentiment score. In this way, the documents or the contents which do not include these words are
automatically excluded from the analysis. Following this, accuracy of the prediction is improved
through ensemble classification. Some common lexicons and classifiers were outperformed by
frequentiment-based lexicons with sentiment threshold selection by up to five times. They
compared thirty-seven methods applied to ten datasets of Amazon reviews and performed
statistical tests on ensemble approaches of the sentiment annotation methods. They performed
methods like Random Forest, AdaBoost, Naïve Bayes, Decision Trees and Support Vector
Machine.
Tarun Anand, Vikarant Singh, Bharat Bali [19], applied sentiment analysis on Twitter data on on
Demonetization, Goods and Service Tax (GST), Bharat Interface for Money (BHIM) and
Citizenship Amendment Act (CAA). The tweets were labeled as positive, weakly positive, strongly
positive, Neutral, Negative, Weakly negative, and Strongly Negative. They implemented
classifiers like Naïve Bayes, Logistic Regression and Maximum Entropy. Two-thousand tweets of
those individual topics were taken into account for analyzing the sentiments, so in CAA they found
that 8.30% were positive tweets, 12.90% were Weakly positive, 3.35% shown strongly positive,
46.30% were neutral, 3.70% were negative, 22.25% were Weakly Negative and, 1.70% were
Strongly Negative.
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A research on Twitter data for Sentiment Analysis on Citizenship Amendment Act in India
conducted by Arohi Narang, Shambhavi Kumar, Monica Parihar [18] presents a quicker method
of sentiment analysis of a large demographic by using different classifiers for categorization of
public opinion data into positive, negative, or neutral. They used Twitter API to extract tweets for
#CAA from January 10, 2020. Machine learning classifiers such as K Nearest Neighbor, Naïve
Bayes, Support Vector Machine, Random Forest, Logistic Regression, Decision trees were
implemented. Random 10,000 tweets were considered for classification. Their 20% data were test
data and 80% were training data. They found out that Naïve Bayes achieved 64.14% accuracy
followed by Support Vector Machine which had 77.32% accuracy, whereas Logistic Regression
performed with 76.80% accuracy, KNN showed 49.03% accuracy, Decision tree has 72.75% and
Random Forest has 76.09% accuracies. So, from overall methods SVM gives the highest accuracy
and KNN the least.
In this thesis, sentiment analysis techniques were used to uncover the opinions, sentiments,
reviews, and emotions of user tweets for Citizenship Amendment Act, 2019, India. The dataset
includes three months of tweets from November 1, 2019 to January 29, 2020. Lexicon based
approach and VEDAR [20] (Valence Aware Dictionary and Sentiment Reasoner) were considered
that uses WordNet’s dictionary for calculating polarity, subjectivity, and intensity of tweets.
Intensity calculates the percentage of positive, negative, and neutral sentiments. Different
classifiers were used for categorization of opinion of data into positive, negative, or neutral
including Random Forest, Logistic Regression, Naïve Bayes, Support Vector Machine (SVM), Knearest Neighbor (KNN), Neural Network and deep learning model Recurrent Neural Network
(RNN). Wordnet was also used to get the frequent words used by the public in the tweets. Different
training-to-testing ratios were used to optimize the results which included 70:30, 80:20 and 90:10.
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Random Forest classifier achieved an accuracy of 80.99%, Logistic Regression with 77.68%,
Naïve bayes with 68.33%, SVM with 80.50% using linear kernel and 77.50% using RBF kernel,
KNN with 46.39%. While Neural network gave an accuracy of 82%, Long short-term memory
(LSTM) in Recurrent Neural Network gave the highest accuracy of 90%.
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Chapter 3
Data and Preprocessing
In this chapter, the emphasis is to cover the steps used for dataset and data preprocessing. The
thesis discusses the use of Twitter and characteristics, and its limitations. This chapter describes
with more details for social media platform about twitter, the features of it, about python, and
data preprocessing steps.

3.1 Twitter
Jack Dorsey created Twitter in 2006 [21]. The roots of Twitter lie in a meeting of the board of the
Odeo podcasting company. To interact within a small community, an undergraduate student, Jack
Dorsey of New York University, advised the thinking of a person using an SMS service. The key
idea was to build an SMS-based communication network in which a community of people would
create accounts, update their status, and text using the platform. Originally, it was called "twttr,"
when a prototype was built by Jack Dorsey and his contractor for Odeo workers, it was used as a
domestic service. Jack Dorsey, and other Odeo participants In October 2006, Obvious Corporation
formed a new company and acquired Odeo. Twitter.com was founded with its assets and
investments from venture capitalists and shareholders. Twitter has been the most successful forum
for social media today. It has over 320 million people throughout the planet, active monthly
consumers. Twitter serves as a forum where people can easily access it, share their thoughts, show
their feelings, and express their opinions and feelings.
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Table 3.1: Statistics of Twitter platform [22]
Number of monthly active Twitter Users

330 million

Number of daily active Twitter Users

145 million

Twitter popularity among B2B Marketers
Tweets sent each day

67 %
500 Million

Employee all over the world

4900

Offices across the world

25 +

Languages supported

34

3.2 Characteristics of Twitter Data
Twitter was designed originally as an SMS forum to deliver the messages to individuals in a tiny
format as if ‘Hey’ or ‘Party’. It was created in such a way that users can present their thinking well
and briefly. Twitter today, therefore, has a limit on the number of characters. Inside a tweet, a user
can post. In the tweet, a user can type a maximum of 280 characters, which he/she would like to
post. While this is taken as a negative by some technology enthusiasts, implication as a user is to
send small tweets instead of transmitting all the information in a single tweet. Looking at the bright
side, it forces the user to connect and effectively express one's thoughts and feelings. Figure 3.1
shows the characteristics of twitter data [22].
A tweet by the user on twitter mainly contains a bunch of words that may include a hashtag, which
apparently is the very valuable and significant symbol. So, hashtag symbol starts with ‘#’, that
helps twitter platform to search the trending keyword across the world. As an example, taking
current trending word, “#COVID19” on twitter, will pull out all the latest posts, news, videos,
photos, discussions on it. The symbol “#” is the key character in twitter language, which can be
used to know that about the topic being tweeted.
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Figure 3.1: Characteristics of the Twitter data [22]
The second symbol followed by hashtag is as the “@”, which states a username i.e., the symbol
before the given name of the user. A user of twitter uses this symbol to tag or mention a user or an
account on twitter. For example, “@JustinTrudeau” in user tweet, is a way to call out or mention
the user “Justin Trudeau”, the Prime Minister of Canada.
Additionally, a user tweet contains some numbers which apparently shows the number of likes,
number of retweets, number of dislikes, number of comments, and date-time at which the user
posted the tweet.
Figure 3.1 shows an example of tweet by Justin Timberlake with “@jtimberlake” as the username
of his twitter account. The tweet is USA! USA!!. The tweet shows different options as discussed
above regarding the likes, retweets, share etc.
Here in this thesis, the opinions and sentiments of the users extracted from tweets and rule-based
approach was used for the sentiment analysis .
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3.3 Dataset and Variables
The Twitter data used for sentiment analysis is that of “Citizenship Amendment Act 2019, India”
with the hashtags “#CAA”. The hashtags #CAA contains all the tweets from the date 1st Nov 2019
to 29th Jan 2020 (90 days). It consists of 1,04,873 user tweets globally on the promotion of the
Citizenship Amendment Act rule. The public opinion on Citizenship Amendment Act, 2019 from
across the world was very good. The dataset available for the analysis has many tweets for the
#CAA hashtags which is approximately 1.5 lakh (150,000 approx.) tweets. Table 3.2 shows us the
statistics of overall tweets on dataset.
Table 3.2: Statistics of available data set
Hashtags #
#CAA

Date

No. of Tweets

1st Nov 2019 to 29th Jan 1,04,873

File Size
(approximately)
32.96 MB

2020

Table 3.3 shows the keys/columns of the dataset. The dataset contains 13 attributes namely user
ID, tweet, date time, is_retweet, is_reply, etc.
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Table 3.3: Keys/columns of the data set
Columns

Data Types

Username

String

Tweet ID

Integer

Tweet text

String

URL

String

nbr_tweet

Integer

nbr_favourite

Integer

nbr_reply

Integer

datetime

String

is_reply

Boolean

is_retweet

Boolean

User_id

Integer

has_media

Boolean

medias

String

3.4 Data preprocessing
This research is completely based on the datasets derived from the Twitter platform. The data was
acquired in a semi-structured format. The datasets were filtered to only text data, and all the other
formats were by default considered as invalid. This includes the tweets that were in graphics or
multimedia format. The data might have contained a certain level of noise, which might not be
relevant to this research. Hence, it was necessary to remove these irrelevant data from the main
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dataset and convert the Twitter data into complete linguistic data. This is an important step in
opinion mining, to derive the correct sentiment attached to the data. To remove the unwanted
segments of data in the datasets, pre-processing is the main step. To implement the pre-processing
of the data, an algorithm in Python was developed, which implements the pre-processing steps,
and filters out the required data for analysis.

3.5 Python language for analysis
For data analytics, Python is one of the most proficient programming languages these days. It has
been considered one of the most powerful languages for data sciences. It is an object-oriented
programming language, which can be used flexibly. It has got dynamic semantics, which makes
data analysis easier. One can develop an effective program with only a few lines of code. It is a
cross-functional language with maximal interpretation. Python is optimized to be used in scripts,
which is extremely beneficial for the analysis of large databases. Being open source allows a
maximum level of customization and flexibility. Python is an interactive interpreter, and that is
one of the key benefits of being an open-source platform. Being an open-source language also
provides easy access to the libraries and other forms of resources that are used frequently for
development. Python supports late binding which is meant for dynamic name resolution. Through
late binding, the functions can be aligned with the variables during runtime. The following tools
were used for development:
•

Python 3.8

•

Jupyter IDE 2020

Python 3.8 has libraries like Natural Language Toolkit (NLTK), pandas, Numpy, SKlearn, Scipy,
VADER which are an important component for processing natural language data and has been
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used in this work. On the other hand, Jupyter Notebook is used for code compilation and code
editing.

3.6 Refactoring the data (Data Cleanup Method)
In this research, we have considered the Twitter texts that are based on CAA hashtag. The tweets
have been made by the users, specifically on CAA. This includes the retweets as well. The tweets
which were part of the initial dataset had noise and irrelevant information. Hence, data cleaning
was required to filter out the relevant data. The original data had much irrelevant information such
as unwanted spaces, garbage characters, special characters, emotions, unwanted text, and
redundant text.
To perform the sentiment analysis on the given data preprocessing is the required step. Through
pre-processing steps, the data were prepared for analysis, so that the machine learning algorithm
could be employed. A key objective of data cleansing was to remove the unwanted data so that the
underlying sentiments from the data could be derived. This is also known as the normalization of
the data. Normalization reduces the unwanted noise from the data, simplifies the text vocabulary,
and makes it perfectly suitable for sentiment analysis. The pre-processing steps are shown in
Figure 3.2 which describes the algorithm implemented in python for removing unstructured tweets
and cleaning noise from tweets.
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Input Rough
Tweets

Preprocessing
Algorithm

Output clean
Tweets

Figure: 3.2 Outline Data Pre-Processing
For pre-processing there are multiple works of literature available, and some of them were studied
to create the pre-processing algorithm for this research. NLP was used for extracting the
appropriate texts from the data, which helped the content to get converted into more meaningful
data that can be used for sentiment analysis. All the unwanted words, as well as expressions, were
removed from the content, that has no relevance or meaning. This made the dataset more finite
and helped to achieve more accurate results.
Pre-processing is a multistep procedure in which each step adds a level of refinement. So, that with
the final step, a refined and meaningful dataset is produced. These steps are sequenced and set-in
proper order. If it is not set-in order, the derived data will not be accurate. The overall logical
framework used for preprocessing will be based on three major steps.
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Elimination of URL’s,
RT character,
@username,
#Hashtags

Repeated
characters in a
word are filtered
out

Remove white space,
stopwords, special
characters and
symbols

Pre-processed tweets.

Figure 3.3 : Overview for preproceesing user tweets
ð Step1: Removal of symbols like @ and # (First Level Refinement)
ð Step2: Filter and remove redundant words (Second Level Refinement)
ð Step3: Removal of special characters and unwanted spaces (Third Level Refinement)
At the end of Step3, the refined data for processing will be generated. The given logical flow is
established through the algorithm shown in Figure 3.4. This algorithm is based on Natural
Language Processing.
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Table 3.4 Algorithm for Pre-processing
Input: Tweets from user
Output: Prepared and cleaned tweets
For each tweet in dataset:
1. Remove all https:// links or URL using regular expression methods.
2. Replace all ‘@name’ to ‘name’ of user.
3. Remove all #Hashtags and Retweets from the tweets.
4. Look for two or more characters that are repeated and replace with the single
character.
5. Remove all special characters from the tweets (: \ ; {} – [] + () ! ? @ # <> % * ,),
which also includes white space.
6. Removing frequent or same words from a tweet.
7. Removing Stopwords like “I, am, each, for, the, and”, etc.
8. Replace wrong spelling with custom python dictionary containing mapping of correct
English spelling.
Return prepared or processed tweets

The algorithm first removes URLs, then cleans special symbols such as @, # and RT plus other
symbols like (: \ ; {} – [] + () ! ? @ # <> % * ,). Moreover, it also checks for repeated characters
and removes repeated characters. Furthermore, it checks for stopwords, white space, punctuations
and checks the spelling errors. In the following sections the steps are discussed deeply with
examples.
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3.7 Preprocessing Steps
The tweets may have URL which does not add up to whole context of the tweets and since web
content is not taken into consideration for analyzing the polarity and intensity of the tweets, so
removing the links will not affect the overall meaning of the tweets. In first step all the URLs and
HTTP links are removed. As an output the URLs are removed, and the dataset gets reduced. This
is implemented with the help of regular expression “re” function in Python. Regular functions can
be used on text-based datasets. Consider the tweet in Table 3.5.
Table 3.5. Example of removing http or URL from tweet
Text Data
Input Tweet

RT @IndiaToday if the #CAA and NRC are to be brought back, we people
will be back in the streets and do chakka jam. https://www.indiatoday.in/
#PMO #IndiaToday

Processed Tweet

RT @IndiaToday if the #CAA and NRC are to be brought back, we people
will be back in the streets and do chakka jam. #PMO #IndiaToday

After eliminating URLs, the second step is to clean the symbols such as @ and #. The @ character
on twitter signifies any username in the text content and # is used by user posting the tweet for
supporting the trend on Twitter. Here the username, preceded by @ will be removed and replaced
by the name itself. While counting sentiments of the tweet, these symbols do not add up any
meaning to the tweet. Therefore, removing such symbols from tweets can substantially decrease
the complexity in finding the overall polarity of the tweet. Here python’s regular expression is
used to remove such symbols. Table 3.6 shows an example of how the tweet is converted after the
second step.
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Table 3.6. Example of removing @ or # from tweet
Text Data
Input Tweet

RT @IndiaToday if the #CAA and NRC are to be brought back, we people
will be back in the streets and do chakka jam. #PMO #IndiaToday

Processed Tweet

RT IndiaToday if the CAA and NRC are to be brought back, we people will
be back in the streets and do chakka jam. PMO IndiaToday

The third step of data preprocessing includes removing “RT” character which represents “retweet”.
The original tweet is retweeted to increase its reach across the community or to sum up their
opinion. To identify the tweet as retweeted from original tweet, “RT” character is used. The
retweeted tweet always starts with “RT” followed by the original tweet. For calculating sentiments
from tweets, there is no meaning of “RT” character, this deletion decreases complexity in counting
polarity of tweet. Table 3.7 shows the clean tweet after step 3.
Table 3.7. Example of removing RT from tweet
Text Data
Input Tweet

RT @IndiaToday if the #CAA and NRC are to be brought back, we people
will be back in the streets and do chakka jam. #PMO #IndiaToday

Processed Tweet

IndiaToday if the CAA and NRC are to be brought back, we people will
be back in the streets and do chakka jam. PMO IndiaToday

At this stage, the dataset will be of a much-reduced size, with all the unwanted characters such as
hashtag, URL, @, # and RT character removed. This will appear as much more appropriate data
for analysis. Consecutive normalization of data in the given steps achieves two objectives. Firstly,
it reduces the probable noise from the data, and secondly, the size of the dataset is reduced. The
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next level of normalizations is applied, which removes the redundant characters and white spaces,
ultimately producing the desired output.
While preprocessing, there are some of the common challenges, which might prevent developing
percent accuracy in the results. First, the challenge is the words that will not have any meaning in
the dictionary, probably because of the presence of some special characters within the word. For
example, “Happy!!! NRC will be implemented”. This is a tweet, even though the word “Happy”
has a meaning in the dictionary, due to the presence of the special characters, there is no matching
meaning in the dictionary. So, it is a positive phrase, but as it will not be recognized, the polarity
of this comment will change from positive to neutral. As a result, it will be an inaccurate
conclusion.
Similarly, users may use “Hashtag” as a term rather than symbol #, which also leads to some form
of inaccuracy. As per the algorithm, only the # will be removed. Similarly, there were both
legitimate as well as illegitimate phrases when it came to removing redundant characters. For both,
the SentiWordNet Dictionary was imported within the Python program. For example, “Happyyy”
is more like a positive comment, when the repeated characters are truncated. But “melee” which
is supposed to be associated with negative polarity will be neutral as after removal of redundant
character it will be “mele”, which would not have any match in the dictionary. This is another
problem that might not contribute to the accuracy of the results.
To show their strong feelings, people use words with more than one character. For example,
“LOVEEEEEE”. In this word, the number of E’s are unnecessary, and this word does not occur in
lexical resources or SentiWordNet Dictionary, so

the repetition of this character should be

eliminated. Some words in the English language dictionary have repeated characters at most two
times. Furthermore, there are no words with more than two repeated characters. So, the code must
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include a rule to count repetition of characters in a word up to a maximum of two times. This will
help to remove extra and meaningless characters from tweets. For example, “LOVEEEE” will
become “LOVE” and “GOOOOOD” which has five ‘O’s’ will fail to give the polarity score using
lexical resources. Table 3.8 shows an example of step 6.
Table 3.8. Example of removing repeated character from tweet
Text Data
Input Tweet

Yeahhhhh, that's why #CAA seeks to help oppressed minorities from
neighboring countries.

Processed Tweet

yeah that is why caa seeks to help oppressed minorities from neighboring
countries

The next step after this is removing stop words. Stopwords are used frequently in any natural
language and do not contribute to the meaning of the documents in order to analyze text data and
build NLP models. Consider this sentence – “There is a party arranged tonight on the beach”. The
words “is”, “a”, “on” and “the” in this sentence are stopwords and do not add any meaning to the
sentence while parsing it. On the other hand, words like “there”, “party”, “arranged”, “tonight”,
“beach” are the keywords that contribute to the meaning of the sentence. Figure 3.4 shows the list
of stopwords in English and Table 3.9 shows an example of removing the stopwords.
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Figure 3.4. List of Stopwords in english
Table 3.9. Example of removing stopwords from tweet
Text Data
Input Tweet

RT @IndiaToday if the #CAA and NRC are to be brought back, we people
will be back in the streets and do chakka jam. #PMO #IndiaToday

Processed Tweet

indiatoday caa nrc brought back people back streets chakka jam pmo
indiatoday

In this chapter, the dataset and data preprocessing steps were explained. Even though the algorithm
has certain drawbacks, the output datasets are much refined and smaller in size. As a result, the
performance of data analysis becomes quite high when it is used for processing by the machine
learning algorithms. The data file size was 4.7 megabytes. The data had noise and all forms of
irrelevant data were associated with the relevant data. However, post pre-processing, the file size
was reduced to 3.3 megabytes, which was a reduction of over 20 percent. The reduced data set was
without noise and any form of irrelevant data. The reduced dataset size resulted in reduced
processing time.
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Chapter 4
Sentiment Analysis
4.1 Introduction
People are referred to as social beings, who live in various countries across the globe, and it is a
different world. The user base has expanded immensely after globalization for the advent of
internet services and social media sites like Twitter and Facebook. On a monthly basis, Twitter
alone has over 300 million active users [22]. These channels are used by people to openly express
their thoughts and emotions. They make use of universal languages such as English, Hindi, French,
Japanese, Spanish, etc. Linguistic communication can be described as communication via
language [23]. All ways of communication have its own construction, but at the basic level, its
structure has grammar, part-of-speech, etc. Also, it can be either written or verbal.
Communications are written in the form of emails, social media platforms, letters, books, which
can be typed or handwritten. On the other hand, verbal includes voice or speech as on phone,
presentation etc. Therefore, Natural Language Processing can be categorized as a communication
medium that is logical thinking, writing, and speaking. Likewise, ‘logical thinking or
understanding’ is considered as ‘Natural Language Processing’, which human thinks logically, and
computer performs it as a code written in some programming language [46].
Natural Language Processing is a research area in the field of information technology that focuses
on the interaction between man-made natural languages and computers under the category of
artificial intelligence or computational linguistics [24]. Since the beginning of the 21st century, it
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has been an active research area, and among all the common fields, sentiment analysis using
Natural Language Processing is most widely used. Machine Learning, Cognitive Science, and
Computational Statistics are all emerging areas impacted by this study [25]. Machine Learning
methods represent the data in vector form to categorize the linguistic information [26]. It also
modifies computer programming languages, enabling programmers to interact with real-world
entities and allowing people to understand natural languages. Artificial languages (e.g., Python, C,
C++, Java) have their own structure, rules, terms, notations. Hence, Natural Language Processing
(NLP) or Computational Linguistic [27] can be referred to as the processing of human language(s)
using artificial languages. So, Natural Language Processing is a concept that refers to a collection
of procedures that allow for the automated production, manipulation, and analysis of natural
human languages.
With Natural Language Processing (NLP), allows large amounts of unstructured data to be sorted
by analyzing sentence structure and sentiment polarity at the sentence or document level can be
computed using linguistic database or lexical resources such as WordNet, SentiWordNet, and
treebanks. Processing natural language by POS (Part-of-Speech) tagging, parsing, named entity
recognition, knowledge extraction, Word Stemming and Lemmatization, stop words, Word
tokenization, are among the techniques used to compute sentiment polarity. At the time of this
process, punctuations and expressions stuck between the lines are observed which apparently helps
in consideration of the negation words that revises the polarity of a word depending on different
Part-of-speech (POS includes nouns, verbs, adverbs, pronouns, conjunctions, prepositions,
interjections, and adjectives) by considering certain “functional-logic” statements [11]. This
approach called as Lexicon Based or Dictionary Based approach which is used to analyze
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sentiment from linguistic data. Figure 4.1 shows the projected architecture for sentiment analysis
using The Natural Language Processing.

Preprocessed Tweets
Sentence Splitter

Natural Language Processing (NLP)

Lexical
Resources
or

Part of
speech

Stop

Word

Word

Tokeniza
tion

removal

Word
Lemmatiz
ation &
Stemmin
g

Corpuses

Sentiment polarity
(i.e., Negative, Positive,
Neutral)
Figure 4.1. Proposed architecture for sentiment analysis using NLP
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Figure 4.1 shows the steps for computing the sentiment polarity by using POS, stop word removal,
work tokenization, word lemmatization and stemming. Lemmatization uses vocabulary and
performs morphological analysis of words in order to remove inflectional endings and return the
base or dictionary form of a word, which is known as the lemma.

4.2 Natural Language Toolkit (NLTK)
NLTK is a library for Python programs that can be used to process natural language text. It includes
text processing libraries for classification, tokenization, stemming, tagging, parsing, and semantic
reasoning for industrial-strength NLP libraries. It includes over 50 corpora and lexical tools,
including WordNet, as well as text processing libraries. In one of the documentations of NLTK, it
is stated as “a wonderful tool for teaching, and dealing in linguistics using Python,” and “an
amazing library to play with natural language” [28].
NLTK can be utilized by everyone because it is free and open source. Engineers, students, tutor,
researchers, and industry users can use it anytime and without any charge. NLTK is exclusively
controlled by itself and has been praised by academic community [27]. NLP tasks and literature
can use methods, packages, and original versions of standard corpora in the NLTK [27].

4.3 Word Tokenization
4.3.1 Tokenization
After preprocessing the initial tweet from the user to processed tweet, the dataset will be in
structured form, which results in a raw word. Many extra words are used within a sentence adding
some conjunctions, punctuations for creating a correct statement but some words are useless for
sentiment analysis and some words express their own feeling. The words that have their own
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meaning and have associated sentiments or expressions in it, word tokenization is applied to
segregate each of these words to calculate the sentiment polarity. Word tokenization is largely a
procedure of breaking down the entire statement into words. Here, the processed tweets are broken
down into words and separated by a comma. To use word tokenization, python has an inbuilt
library or package called NLTK (Natural Language Toolkit) library. It defines a method called
“word_tokenize” to differentiate a sentence into representative words. The algorithm used for word
tokenization is shown in Figure 4.2 and Table 4.1 shows an example of tokenization.

For every word
of tweets in
dataset :

Input:
Processed
tweets

Tokenize the
sentence in word.

Output:
Tokenized
words

Figure 4.2. Algorithm for Word Tokenization
Table 4.1. Example of Word Tokenization
Text Data
Input Tweet

CAA seeks to help oppressed minorities from neighboring countries.

Processed Tweet

[‘caa’,‘seeks’,‘to’,‘help’,‘oppressed’,‘minorities’,‘from’,‘neighboring’,
‘countries’]
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As shown in Table 4.1, after processing the text, all the words in a sentence are separated by
comma. The next step after this is Word Stemming.
4.3.2 Word Stemming
The stemming of a word is a process of normalizing form of a word [29]. The root of a word can
be obtained through word stemming [30]. In essence, stemming normalizes a word by eliminating
the suffix, which gives root meaning for the word. Python has many approaches to perform word
stemming, the library used in this work is Snowball Stemmer which is an advance version of porter
stemmer. NLTK stem package in Python implements the Porter Stemmer algorithm which stems
the characters from a word to return the root word. It removes suffix like ‘ed’, ‘ing’, ‘ion’, ‘ions’.
Porter stemmer eliminates the suffix and gives the word’s base sense by stemming terms with a
length greater than two to achieve better accuracy in sentiment analysis. For example (‘a’, ’is’,
’oh’) words are not considered. The algorithm for performing word stemming is shown in Figure
4.3. Table 4.2 shows an example of stemming.

Input:
Processed
tweets

For every word
of tweets in
dataset :
If w_len > 2:
Call
PorterStemmer.

Figure 4.3. Algorithm for Word Stemming
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Output:
stemmed
words

Table 4.2. Example for Word Stemming
Text Data
Input Tweet

treating protesters as criminals sending them Tihar jails is unfortunate.
Unfortunately we don’t have participatory democracy. Govt can talk to its
people and PM should clears the confusion addressing nation.
Executing #CAA then #NRC is dangerous.

Processed Tweet

[treting protesters criminal sending thiahr jails unfortunate unfortunately
participatory democracy govt talk people clears confusion addressing
nation executing dangerous]

Stemmed Tweet

[tret protest crimin send thiah jail unfortuna unfortuna participato
democracy govt talk people clear confusion address nation execut
dangerous]

The example in Table 4.2 shows stemming as the suffix are removed while applying the
algorithm. After removing suffix, the meaning of some words get changed, for example the word
“criminal” is a correct word, but after the suffix is removed from the word, it becomes ‘crimin’
as shown in Table 4.2. This is the problem of word stemming so, to overcome this word
lemmatization is used. Word lemmatization is explained in detail in the next step.
4.3.3 Word Lemmatization
Lemmatization solves the issue created by stemming because it simply eliminates the suffix from
the word, which can alter the meaning of the word sometimes. The process of Lemmatization is
the conversion of a word to its root or dictionary form. The Lemmatized word is the key to the
WordNet, and lemmas are the words that have the root sense of a word. Lemmatizing the word
with the algorithm generates a lemma and passes it to the WordNet dictionary that returns the sense
number of the word, which is the aim of improving the sentiment score. It matches character by
character when lemmatizing the word using the “WordNetLemmatizer” class from the NLTK
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python package. This package is useful for extracting useful lemmatized words and generating
vocabulary from text. Words should be input in lowercase in “WordNetLemmatizer” for better
accuracy and root meaning of a word. The word with greater than two characters is passed to the
function for retrieving effective lemmas word from “WordNetLemmatizer” class. Figure 4.4
shows the algorithm used for word lemmatization. Table 4.3 shows an example of word
lemmatization.

For every word
of tweets in
dataset :

Input:
Processed
tweets

Output:
Lemmatized
words

If w_len > 2:
Call WordNetLemmatizer.

Figure 4.4. Algorithm for Word Lemmatize
Table 4.3. Example for Word Lemmatizing
Text Data
Input Tweet

Delhi: Sonia Gandhi leads delegation to meet the Hon. President Kovind
with regards to #CAA .

Processed Tweet

[delhi women sonia gandhi leads delegation meet hon president kovind
regards caa]

Lemmatized
Tweet

[delhi woman sonia gandhi lead delegation meet hon president kovind
regard caa]
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The example of word lemmatization in Table 4.3 shows that the word “women” is replaced with
“woman”. This is due to the fact that the root meaning of the word “women” in the ‘wordnet’ is
“woman”. So, it changes to word’s root meaning as per the ‘wordnet’ dictionary.

4.4 Part-of-speech (POS) Tagging
Sometimes there is confusion between two sentences like “I like you” and “I am like you”. In the
first sentence “like” is a verb with a positive sentiment, and in the second sentence “like” is a
preposition with a neural sentiment. So, to overcome this problem POS (part-of-Speech Tagging)
is used. By Part-of-speech one can analyze structure of a sentence. It shows the words sounds
Noun, Adjective, Subjects, Objects, etc. Figure 4.5 show types of POS Tags.

Figure 4.5. Types of POS Tags
From this step featured words are obtained which represent the structure of the sentence and the
meaning in the domain of knowledge. The POS tagger package in NLTK is used to create
algorithms for obtaining word sense from sentences for only English Language tags. It analyses
the sentence’s lowest level of syntactic structure and tags them with their associated part-ofspeech, then lexically categories the word with its POS label and composes it for further
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classification. POS Tagging is the final phase in NLP for examining sentiment from the sentence
[31]. Table 4.4 shows an example of a word annotated with POS Tags.
Table 4.4. Example for Part-of-speech Tagging
Text Data
Input Tweet

and now for something completely different

Processed Tweet

[(‘and’, ‘CC’), (‘now’, ‘RB’), (‘for’, ‘IN’), (‘something’, ‘NN’),
(‘completely’, ‘RB’), (‘different’, ‘JJ’) ]

In the example shown in Table 4.4, the word with its part-of-speech “and” denotes as CC (a
coordinating conjunction), “now” denotes as RB (an adverb), “for” denotes as IN (a preposition),
“something” denotes as NN (a Noun), “different” denotes as JJ (an Adjective). Nouns basically
refer to people, place, things. Verbs describes actions or an event. Adjectives, also known as
adverbs, are a type of modifier that can be used to describe nouns. Adverbs are the words that are
added to verbs to explain the time, manner, location, or course of the event being mentioned.

4.5 Semantic Lexicons
A Semantic lexicon is essentially a history of lexical features. To exemplify, some words have
familiar labels indicating their semantic orientation such as positive or negative [32]. Possibly one
can create and validate list of opinion bearing features, but it sometimes proves to be more reliable
for generating sentiment lexicons, plus it consumes time. Due to this issue, researchers still use
predefined and modelled sentiment lexicons.
For sentiment analysis procedures, lexicons are the important part and so the discussions will be
presented for polarity based and other valence based.
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4.5.1 Semantic Orientation (Polarity-based) Lexicons
A computer program named LIWC (Linguistic Inquiry and Word Count) was constructed to
analyze different components like emotional, cognitive, structural. LIWC has its own dictionary
which contains 76 categories and around 4500 words. It is known as most reliable and validated
tool, researchers use this lexicon to calculate sentiment polarity of texts. LIWC also shows the
intensity of the word. As an example, “she is awesome” conveys more positive sentiment than
“She is okay”. Here LIWC score will be same for both sentences. Sometimes the difference matters
most in social media sentiment analysis as it demands a more precise look at each word in the
statement.
4.5.2 Semantic Intensity (Valence-based) Lexicons
Sentiment Intensity is needed for more depth in the study for a word. Intensity helps researchers
in learning a word systematically rather than only resolving the binary polarity of a text’s positive
or negative emotion. Valence based lexicons allows to find the intensity of a word. It is important
for analysts to learn about how the sentiment intensity has changed over a period for a product.
The SentiWodNet’s extension is WordNet, which apparently gives the valence strength of the text.
The intensity of a text is defined between some numerical score which is either 0 or 1. The scores
are calculated with complicated semi-supervised algorithms. SentiWodNet’s interface is provided
by Natural Language Toolkit (NLTK) in Python for researcher’s use.
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4.5.3 VADER (Vader Aware Dictionary for Sentiment Reasoning)
To overcome the limitations of the two approaches discussed above which could not handle social
media texts in greater depth, Vader Aware Dictionary for Sentiment Reasoning (VADER) is used.
By incorporating the help of social media style messages, VADER promises to exploit the
advantages of rule-based modeling to measure text feelings but, can also manage textual data from
other domains efficiently. This is done by incorporating additional lexical characteristics typically
used in lexical services such as SentiWordNet, WordNet, LIWC, etc. In the social media domain,
the VADER lexicon works exceptionally well [33].
Both VADER (r = 0.881) and singular person rates (r=0.888) correlate with ground truth rates,
according to the correlation coefficient (aggregated group mean from 20 human raters for
sentiment intensity of each tweet). Although the corpus used in VADER has more than 9000
lexical characteristics that are higher than other gold standard lexical tools, streaming data is still
fast enough to be used online and has no output log.
Both the polarity and the depth of emotions expressed in social media content are governed by the
VADER sentiment lexicon. It generates a compound score, which is a “normalized”, weighted
composite score. The compound score is simply the sum of the valence scores of all the words in
the lexicon, normalised to a range (-1,1), with -1 denoting the most negative and +1 denoting the
most positive.
Here in this work, after the relative study of all the kind of lexical resources, VADER has been
used most for calculating sentiment polarity and intensity of every text. VADER provides the
compound score too, and the tweets are lastly categorized into positive, negative, and neutral
categories on the basis of sentiment score. There are some rules for identifying every user tweet
into sentiment classification based on the value which is shown below: 41

1. Positive Sentiment: Compound score >= 0.0
2. Negative Sentiment: Compound score <= 0.0
3. Neutral Sentiment: Compound score = = 0.0

After analyzing sentiment scores using VADER, the sentiment labels are obtained in
‘sent_polarity’ column. Which is labeled with 0 as neutral, 1 as positive and -1 as negative.
Table 4.5. Example for Sentiment labels
Sent_polarity
If sentiment score < 0

-1 (Negative)

If sentiment score > 0

1 (Positive)

If sentiment score == 0

0 (Neutral)

The next chapter discusses about the machine learning techniques used for predicting the
tweets.
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Chapter 5
Machine Learning Algorithms
5.1 Introduction
So far, previous chapters have covered data processing Using Natural Language Processing (NLP),
Data Cleaning, Noise Reduction and Sentiment Analysis on Twitter data. In this chapter, Machine
Learning Techniques for Sentiment Analysis will be discussed, and some robust predictive models
will be built. Natural Language Processing methods were used to process the data. This data has
been appended with sentiment labelling (‘POSITIVE’ as 1,’NEGATIVE’ as -1 and ‘NEUTRAL’
as 0) for each tweet in the dataset. The dataset which is labelled with the sentiment score of the
tweets is trained with different machine learning algorithms whose performance is measured in
terms of accuracy, precision, recall, F1-score and AUC values. Also it evaluates the reliability of
the results obtained from lexicon-based i.e. VADER sentiment analysis.
During the analysis, tweets are labelled with positive score, negative score and neural score for
sentiment analysis. The labelled data is then used for training the classifiers to find the overall
sentiment of the tweets. Machine learning algorithms used for training and testing of the labelled
tweets include Naïve Bayes, SVM (Support Vector Machine), Random Forest, Logistic
Regression, K-Nearest Neighbour (KNN), Neural Network and Long Short-Term Memory
(LSTM) based Recurrent Neural Network (RNN). The implementation of the classifiers was
evaluated on the dataset using Python and the necessary packages and libraries and the calculations
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achieved were remarkable which will be shown in Chapter 6. Figure 5.1 shows the conceptual
view of sentiment analysis using machine learning.

Sentiment
labelled Data

Machine learning
Algorithm

Result and
Analysis

Figure 5.1 Conceptual view of sentiment analysis
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5.2 Machine Learning Algorithms
Machine Learning algorithms comprises of different distinctive classifiers, for example, Ensemble
classifier, k-means, Artificial Neural Network and so forth. They are utilized to classify the reviews
[34]. Machine Learning (ML) is a branch of computer science that allows computer to make sense
of data in same way that humans do. In simple terms, ML uses an algorithm to extract patterns
from unprocessed data. The goal of machine learning is to train the computers to learn from their
experiences without much human interaction. It is described as the process of extracting patterns
and formations from data by giving the machine instructions to compute a task. Natural Language
Processing (NLP) can assist computers in quickly analyzing text, such as detecting spam emails
and autocorrecting, among other things. We’ll look at how NLP tasks are completed in order to
understand human language. Figure 5.2 shows the overview of the machine learning application
to sentiment analysis.

Machine
Learning
Classifier
Naïve Bayes

Sentiment Labeled
Data

Logistic Regression

(Training Data)

K nearest neighbor

Results and Analysis

SVM
Decision Tree
Neural Network

Figure 5.2 Overview of Applying Machine Learning Algorithms.
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5.2.1 Naïve Bayes
The most widely used classifier in NLP (Natural Language Processing) is Naïve Bayes. Domingos
[35] suggested that Naive Bayes works admirably for dependent features in certain problems. The
classifier’s key benefit is its ease of use and ability to predict the correct class for a new instance
[36]. It multiplies all feature values for positive, negative, and neutral classes. Each labelled
sentiment tag contributes to the final classification result and is given equal importance in the
dataset. Naive Bayes is a circle of relative of probabilistic algorithms that take benefit of
probability theory and Bayes’ Theorem to guess the tag of a textual content (like a bit of
information or a customer feedback). The probability of every tag is counted for a given text, and
the tag with the greatest probability is output. The Bayes’ theorem expresses the likelihood of a
feature based on prior knowledge of conditions that may be relevant to that feature. It also uncovers
the possibility of an occurrence based on the probability of any other event that has occurred. The
following equation represents Bayes’ theorem mathematically:
P(A|B) =

•

!"! #"$.&(()
!(*)

(1)

P(A|B) (posteriori probability) is the conditional probability of event A, given the
observed data sample B.

•

P(A) is the prior probability of A, i.e., initial probability

Here, the column named ‘sent_polarity’ is the labelled attribute in the dataset which is used for
classification using this classifier. The attribute ‘sent_polarity’ contains labelled data which
contains numbers -1, 1 or 0. The term frequency – inverse document frequency (TF-IDF) is used
to extract the features. TF-IDF technique weighs a term’s frequency (TF) and its inverse document
frequency (IDF). Each word or phrase that appears in the text is assigned a TF and IDF ranking.
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The TF-IDF weight of that word is generated by combining the TF and IDF scores of a time period.
TF-IDF (term frequency-inverse document frequency) was designed for report search and
information recovery. The TF-IDF set of rules is used to weigh a keyword and assign importance
to that keyword based on the frequency of the keyword. Furthermore, it verifies the keyword’s
suitability across the internet, which is referred to as the corpus.
For the available dataset, a given class Y denotes 0, 1 or -1. X denotes the instance defined by a
vector. The probability of the given class Y with an instance X can be computed by the conditional
probability P(Y|X) using equation (2).
P(Y|X) =

&"X#Y$&(+)
X.% / 0!(1 ! )

(2)

∑" ! &# $%

•

X is instance of class that represents each tweet’s emotion labels.

•

Y here is called as sentiment class

•

P(X|Y) is instance occurred class for each value of Y

•

P(Y) is prior probability of a class

P(X|Y) is the Bayesian probability classification for the class Y to instance X, which is the
conditional probability of X given class Y. Here, X is a dependent feature vector (of size n)
and Y is class variable:
X = (x1,x2,x3,….xn)
If we look at one example of feature vector and related class variable can be:
X = (Snow, Cold, Low, True)
Y = No
Here X is Outlook, Temperature, Humidity, Windy and Y is sports or not.
So, P(Y|X) means, the probability of “Not playing sports” given that the weather conditions
are “Snowing”, “Temperature is Cold”, “Humidity is Low” and “It is windy”.
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5.2.2 Logistic Regression
Logistic Regression is a statistical technique based on a probability function for binary and multilabel classification. Logistic Regression is used in this study to find the polarity of the tweets. It is
a predictive learning model that examines data sets containing one or more dependent variables to
predict the outcome. It finds the best fitting model that describes the relationship between
dichotomous characteristic of interest and a set of independent variables.
Linear regression is the process of fitting a linear equation to observed data which shows the
relationship between two variables. One variable is a dependent variable and the other is an
instructive variable. A tailor, for example, would want to use a linear regression model to relate
people’s weights to their heights.
•

A tailor should first decide if there is a relationship between the variables of interest before
fitting a linear model to the data.

•

This does not actually mean that one variable affects the other (for example, higher IELTS
scores not necessarily imply higher college GTA’s), but rather that the two variables have
a substantial relationship.

The intensity of the relationship between two variables can be determined using a scatterplot. The
correlation coefficient is a numerical measure of the strength of the relationship between two
variables, with a value between -1 and 1, indicating the degree of correlation of the observed data
for two variables. The equation (3) is for linear regression.
Y = a + bX
•

X is an explanatory variable

•

Y is a dependent variable

•

b is the slope of the line

(3)
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•

a is the intercept (the value of y when x = 0)

Logistic Regression determines the output when one or more independent variables are used. The
output value may be a number between 0 or 1. Logistic regression applies sigmoid function to
renovate linear regression (given the equation 3) into logit function. Logit is said to be Log of
Odds. After using logit, it calculates the probability. So sigmoid function is a mathematical
function having character “S”-shaped curve or known as Sigmoid curve. The equation for Sigmoid
function is given in equation (4).

f(x) = L / 1+e-k(x-x0)

(4)

•

here x0 denotes the x value of the sigmoid’s midpoint,

•

L in the equation is the curve’s maximum value,

•

K is the logistic growth rate, or it can be said as steepness of the curve.

So, the sigmoid function gives us the probability of being into class 1 or class 0. The odds ratio is
computed by dividing the probability of an event to occur by the probability that it will occur.
After taking the odds ratio will give the log of odds. Equation (5) transforms logistic function or
sigmoid function into an Odds ratio:
2

Odds Ratio S = 342

(5)

For implementation, data is split into training set and test sets. Here, the column named
‘sent_polarity’ is the labelled attribute in the dataset which is used for classification using this
classifier. The attribute ‘sent_polarity’ contains labelled data which contains numbers -1, 1 or 0.
TF-IDF is used to extract the features. The polarity is counted by applying logistic regression
function.
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5.2.3 Support Vector Machine (SVM)
The purpose of using Support Vector Machine (SVM) algorithm is text classification which is one
of the best algorithms. It is robust and learns systematically when there are large number of
features. Due to dot product calculation and normalization, it has low interoperability [37] [38].
Support Vector Machine (SVM) is via supervised learning algorithm and does not perform well
for text categorization as compared to Naïve Bayes and Maximum Entropy [39]. The Max Entropy
classifier is one among the exponential models based on probability distribution. SVM [42]
essentially locates possible borders to separate the positive samples from the negative training
samples and is widely used as it performs very well as compared to other ML techniques [43],
[44]. SVM has extensions that make it more useful and adaptable to real-world requirements. SVM
is implemented through different kernel functions which are described mathematically. Kernels
have the ability to take data as input and translate it into the desired form. Different kernel functions
are used in different implementations of SVM which include linear, nonlinear, polynomial, radial
basis function (RBF), and sigmoid. In this thesis Linear kernel and RBF kernel was used.

SVM finds a hyperplane that correctly separates the training data by maximizing the distance
between the two classes. Therefore, even in the presence of a large number of features, it can
generalize well to the test data. SVM uses kernel functions to separate the linear non-separable
data sets by mapping the original data vectors to a higher dimensional space, called feature space.
Support vectors are the data vectors on the margins of the maximal margin hyperplane (MMH)
that define its’ direction. An unseen sample &⃗ is classified depending on the sign of the following
decision function:
f(&⃗) = ∑7& ∈9: )5 *5 +(&
---⃗,6 &⃗) + 1
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(6)

•

+(&
---⃗,6 &⃗) is the kernel function

•

*5 is the class label of the support vectors

•

)5 are the weights associated with support vectors, obtained by the following convex
Quadratic Programming (QP) problem:

3

@
Maximize)⃗ ∑;5<3 )5 – = ∑@
----⃗6 , &
---⃗6
?
5<3 ∑5<3 )5 )> . *5 *> . K5&

subject to

(7)

)5 ≥ 0, i= 1,2,..,N
∑;5<3 )5 *5 = 0

Once the weights )5 are known, support vectors are identified as the input vectors that have nonzero weights. In equation (7), N is the number of input vectors, i.e., number of training samples.
Typical kernel function include:
•

Linear Kernel Function:
K(&
---⃗,6 &⃗) = &
---⃗6 . &⃗

•

(8)

Radial Basic Function(RBF):
K(&
---⃗,6 &⃗) = exp(-γ‖&
---⃗6 − &⃗ ‖= )

(9)

5.2.4 Random Forest
Random Forest is an ensemble method that aim to develop and collect decision trees [40]. Tree
predictors are set up in such a way that each tree is reliant on randomly patterned values of random
vectors and all of the trees are evenly distributed in the forest. In the last few years, Random Forest
has been successfully applied to a number of complex problems in genetic epidemiology and
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microbiology. Random forest became a key data analysis method in a short period of time. Keun
Ho Ryu [41] has investigated classification using ensemble method by random partitions. A
random partition is predicted from among the complete dataset. The results of multiple classifiers
are merged to accomplish an enhanced prediction model compared to a single classifier on the
complete dataset. This method is specifically useful for high dimensional data sets that have
redundancy in the feature set. While executing Random Forests based on our data, Gini index is
applied to determine the splitting attribute in the decision tree .
Gini = 1- ∑;5<3(:5 )=

(10)

The formula in equation (10) uses the probability of each class to calculate the Gini of each branch
on a node to determine the splitting criteria.
•

Pi - is the relative frequency of the ith class.

•

n - is the number of classes.

Gini index counts the degree or probability of a specific variable being incorrectly classified when
it is randomly chosen. The degree of Gini index fluctuates between 0 and 1, where 0 indicates that
each element fit in to a certain class or if there exists only one class, and 1 signifies that the
elements are arbitrarily distributed throughout different classes. A Gini Index of 0.5 denotes
similarly distributed samples into some classes.
5.2.5 K-Nearest Neighbors (KNN)
KNN is a Lazy Learner classifier, as it only makes use of training data for prediction of the class.
The training data is already labelled, through which it learns to label new points through similarity
measure by using distance functions. It identifies the K-nearest neighbors based on the distance
function. Various distance functions that can be used are Euclidean distance, Manhattan distance,
and Minkowski distance. These three are used for continuous variables. Hamming distance is used
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for categorical variables. KNN is frequently utilized in simple recommendation systems, image
recognition problems, and decision-making patterns. This algorithm is often used in deciding the
closest thing. If we take an example of some online shopping website for clothes and choose one
Shirt, then it shows us some bottom wear to make a pair which matches the shirt we have chosen.
It uses KNN algorithm to match the pair.
When applying KNN, the initial step is to convert data points into feature vectors. KNN finds the
distance between the feature vectors. Euclidean distance is used to find the distance as shown
below.

d(p,q)= ;(<3 − :3 )= + (<= − := )= + ⋯ + (<; − :; )= = ;∑;5<3(<5 − :5 )=

(11)

This method is used by KNN to measure the distance between each data point and the test data.
The test data is assigned to the class with the least distance.
5.2.6 Neural Networks
A neural network is a collection of algorithms that tries to identify core associations in a set of data
using a mechanism that mimics how the human brain works. It has many neurons where the
neurons are called as its basic unit.
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Figure 5.3 Architecture of Neural Network [47]
As seen in Figure 5.3, architecture of neural network contains layers with its interconnected nodes.
Each node is a perception, which feeds the signal generated by a multiple linear regression into a
nonlinear activation function. Perceptorns are arranged as interconnected layers in a multi-layered
perceptron. The input layer contains the input vector and the output layer determines the assigned
class. The input weights are fine-tuned by hidden layers until the neural network’s margin of error
is minimal. Hidden layers simulate a nonlinear function on the salient features from the input data
to predict the output class.
5.2.7 Long Short-Term Memory (LSTM) based Recurrent Neural Network (RNN)
Human’s when watching web series do not think from the scratch each time. We base our decisions
on the most recent events in the sequence. RNN, on the other hand, learns from the previous step.
RNN networks have loops that feeds back into the nodes.
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Figure 5.4 Recurrent Neural Network loops [48]
Figure 5.4 shows a portion of neural network, A receives an input from function Xt and outputs a
value to ht. Bypassing knowledge from one network phase to next is possible with a loop. RNN
networks can be thought of as several copies of the same network, each forwarding a message to
the next in line. Speech recognition, language modelling, translation, and image capturing are only
few of the applications that use RNN . As the information is looped over and over, the training of
RNN results in large updates to the weights in the neural network. The error gradients grow during
an upgrade which results in an unstable network. Due to this problem new model of RNN was
developed. One special kind of RNN is Long Short-Term Memory (LSTM) Networks, which is
apparently capable of learning long-term dependencies. They are now widely used and operate
well on a wide range of problems. LSTMs are specially designed to avoid the long-term
dependency problem. It remembers information for a long time. All RNNs have the structure of a
chain of replicating modules of neural network. LSTM also have the similar structure except for
repeating module. It has four layers, as an alternative of just a single neural network layer.
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Figure 5.5 The repeating module in an LSTM [48]
In Figure 5.5, an entire vector is carried through each line from the output of one node to the input
of others. The pink circle denotes pointwise operations, such as vector addition, and the yellow
boxes are learned neural network layers. Concatenation occurs when lines merge, while forking
occurs when a line’s material is copied, and the copies are sent to different places.
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Chapter 6
Results and Discussions
6.1 Implementation using Python
Python is an understandable and high-level programming language which is easy to learn with
active semantics. Python provides built-in data structures, dynamic typing and binding, which
allows for Rapid Application Development as well as use as a scripting language. Python’s simple,
easy-to-learn syntax emphasizes readability, which lowers the cost of software maintenance.
Python comes with a number of built-in modules and packages that provides software modularity
and code reuse. Python libraries and interpreter are easily available in source or binary form for
all major platforms and can be freely distributed.
Python provides increased productivity which is leveraged by the programmers. The edit-testdebug cycle is extremely efficient. Debugging programs in Python is very convenient as a bug or
incorrect input never results in a failure. It may throw an exception, and if it is not caught, a stack
trace is printed by the interpreter. A source-level debugger allows the programmer to inspect local
and global variables, calculate arbitrary expressions, set breakpoints, and walk through the code
one line at a time, among other things. The debugger is written in Python, demonstrating the
language’s capabilities. Alternatively, adding a few print statements to the source code is the
quickest way to debug a program as the fast edit-test-debug cycle provides an efficient technique.
Python comes with a number of built-in libraries that reduce complex program statements into a
single line of code.
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In this thesis, libraries like SKlearn, pandas, Text blob, NLTK (Natural Language Toolkit),
Numpy, matplotlib were used. Among them the most important package is SKlearn.
SKlearn known as Scikit-learn is a highly useful library in Python. The SKlearn library includes
a variety of machine learning implementations. It includes regression, clustering, classification,
etc. Pandas provide vivid data structures which is intended to work with structured (i.e., tabular,
multidimensional) and time series data. Numpy is a library used for working with arrays. It
provides a potent N-dimensional array object. Numpy can be used to create a multi-dimensional
container for generic data that is efficient. Textblob is a text data management tool. It provides a
simple API for NLP tasks including POS tagging, noun phrase extraction, sentiment analysis,
classification, translation, etc. Matplotlib is a library useful for showing results through a picture
i.e., graph form. It is also useful for creating animated graphs, and visualization.
Consequently, Python is used to train the data set and analyze the sentiment from data, apply
classifiers and clustering techniques, and visualize the data. For analysis of test data for hashtag
‘#CAA’, the total number of tweets available to us is 1.5 lakh (150K). Here for classification,
random 50,000 tweets were taken.
The results obtained during analysis were found to be interesting which are discussed in this
chapter. Labelled dataset was obtained after polarity was added to the original dataset that was
then ready for classification. Figure 6.1 shows the result of polarity scores for the data collection.
From the overall tweets, 42.8 % were Neutral, 35.9% were positive comments and 21.3% were
Negative tweets.
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Figure 6.1 Overall Sentiment Score

This study of public opinion on the new Act can help the authorities to take strategic decisions on
the implementation of the new Act. CAA was a very hot topic and highly in trend. This is related
to politics in India. There are other topics too, but CAA was highly focused by Youth in India.
Figure 6.2 shows some frequent words used by public tweets.
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Figure 6.2 Frequent words in user tweets

Different machine learning algorithms were used to predict the sentiment of the tweets on the
output data by training the models and measuring the accuracy of the classifiers. SVM (Support
Vector Machine), Random Forest, Logistic Regression, Neural Network, K-Nearest Neighbour
and LSTM based RNN classifiers were used to predict the sentiments of the tweets and their
performance was measured. The results of the machine learning algorithms are given in Section
6.2.
The performance metrics used for evaluating different machine learning algorithms include
Confusion matrix, Precision and Recall, F1 Score, Accuracy, and Cross Validation.
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A Confusion matrix is a table that is commonly used to depict the results of the classification
model on the test data. The confusion matrix itself is comparatively easy to understand and is
shown in Table 6.1.
Table 6.1 Example of a Confusion matrix
(n=165)

Predicted
YES:

Predicted
NO:

Actual
YES:

TP (50)

FP (10)

Actual
NO:

FN (5)

TN (100)

From this matrix we can learn the following things.
•

For 2x2 matrix there are two possible outcomes: "yes" and "no". If we predict the existence
of a corona, a “yes” indicates the number of people tested positive and “no” indicates the
number of people that tested negative.

•

So, in total 165 predictions were made by classifier.

•

From 165 cases, the classifier predicted 110 to be "yes" and 55 to be "no".

•

105 patients in the sample have positive test and are affected with corona, and 60 patients
are tested as negative.

The terms for measuring the performance of the classifiers are defined below.
•

true positives (TP): These are cases which are correctly predicted as “yes” (they have the
disease).

•

true negatives (TN): the cases that were correctly predicted to be “No”.

•

false positives (FP): cases predicted as “yes”, but they don't actually have the disease.
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•

false negatives (FN): cases predicted as “no”, but they do have the disease.

The performance metrics for a binary classifier that are frequently computed from a confusion
matrix are given below.
•

Accuracy: Regularly how the classifier is stated as correct
o

•

A!BA@

Accuracy = A!BA@BC!BC@= (100+50)/165 = 0.91

Sensitivity (True Positive Rate or recall): When it is yes, how frequently it predicts yes.
The number of correctly predicted positive tuples
o

•

A!

Sensitivity = A!BC@= 100/105 = 0.95

Specificity (or True Negative Rate): When it is truly NO, how many are predicted as No.
The number of correctly predicted negative tuples
o

•

A@

Specificity = A@BC!= 50/60 = 0.83

Precision: When it is predicted as yes, how regularly is it correct? The percentage of tuples
labelled as positive that are actually positive
o

•

F-Score: This is a harmonic mean of the true positive rate (recall) and precision.
F-Score =

•

A!

Precision = A!BC!= 100/110 = 0.91

=∗2EFG5H5I;∗EFGJKK
2EFG5H5I;BEFGJKK

ROC (Receiver Operating Characteristics) Curve: This is a generally used graph that
encapsulates the presentation of a classifier over all possible thresholds. The True Positive
Rate (y-axis) is plotted against the False Positive Rate (x-axis) as the threshold for
allocating observations to a given class is changed.
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•

Support is known as the number of actual occurrences of the class in the dataset [45].

•

Cross-validation is a resampling process for evaluating machine learning models on a data
sample. The parameter k indicates the number of groups that a given data sample is to be
divided into. As a result, the technique is often referred to as k-fold cross-validation. To
prevent overfitting, 10-fold cross validation was used in this thesis.

6.2 Results
To predict the test data, the classifiers were trained on the output data obtained by adding sentiment
scores and class labels. Model selection splits the input data into random training and test datasets,
which may be in various forms such as lists, arrays, or data frames. The model learns from the
training data and then applied to the test data to find the label of the unseen data sample. The test
dataset is used in order to test the model’s performance. For splitting the training and testing data
from overall data train_test function is used. The test sizes here is taken in three different ways
such that 10%, 20% and 30% of the total data is taken as test data and remaining 90%, 80%, and
70% is used as training data. Table 6.2 to 6.7 shows the results obtained using KNN, Logistic
Regression, Random Forest, Naïve bayes and SVM classifiers.
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Table 6.2 Result of sentiment analysis using Random Forest classifier
Random
Forest

70:30

80:20

90:10

-1

0

1

-1

0

1

-1

0

1

Precision

0.79

0.83

0.75

0.79

0.85

0.77

0.79

0.85

0.77

Recall

0.79

0.76

0.84

0.81

0.77

0.86

0.82

0.77

0.85

F1-score

0.78

0.79

0.79

0.79

0.80

0.80

0.81

0.81

0.81

Accuracy

79.67

80.99

80.74

CV score

80.542

80.50

80.446

AUC score

0.912

0.916

0.920

Table 6.3 Result of sentiment analysis using Logistic Regression classifier
Logistic
Regression

70:30

80:20

90:10

-1

0

1

-1

0

1

-1

0

1

Precision

0.80

0.71

0.80

0.80

0.72

0.82

0.81

0.73

0.82

Recall

0.73

0.79

0.74

0.73

0.80

0.76

0.75

0.80

0.77

F1-score

0.74

0.74

0.75

0.76

0.77

0.77

0.78

0.76

0.79

Accuracy

76.29

77.23

77.68

CV score

77.35

77.48

77.664

AUC score

0.904

0.906

0.912
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Table 6.4 Results of sentiment analysis using Naïve Bayes
Naïve Bayes

70:30

80:20

90:10

-1

0

1

-1

0

1

-1

0

1

Precision

0.72

0.60

0.77

0.73

0.61

0.78

0.73

0.62

0.79

Recall

0.60

0.79

0.57

0.60

0.79

0.60

0.62

0.80

0.57

F1-score

0.66

0.70

0.66

0.66

0.70

0.66

0.67

0.70

0.66

Accuracy

67.52

68.33

68.08

CV score

67.9

67.8

67.74

AUC score

0.835

0.836

0.838

Table 6.5 Results of sentiment analysis using SVM linear kernel
SVM

70:30

80:20

90:10

-1

0

1

-1

0

1

-1

0

1

Precision

0.81

0.75

0.84

0.70

0.69

0.75

0.83

0.76

0.83

Recall

0.75

0.82

0.78

0.65

0.70

0.66

0.75

0.83

0.79

F1-score

0.78

0.79

0.81

0.65

0.74

0.69

0.79

0.80

0.82

Accuracy

79.20

80.50

80.34

CV score

64.75

68.85

72.11

AUC score

0.90

0.901

0.912
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Table 6.6 Results of sentiment analysis using SVM RBF kernel
SVM RBF

70:30

80:20

90:10

kernel

-1

0

1

-1

0

1

-1

0

1

Precision

0.70

0.70

0.78

0.68

0.65

0.70

0.80

0.72

0.80

Recall

0.72

0.80

0.64

0.62

0.68

0.60

0.70

0.80

0.75

F1-score

0.76

0.68

0.56

0.55

0.65

0.64

0.74

0.76

0.80

Accuracy

75.90

77.50

77.34

CV score

60.35

62.65

67.55

AUC score

0.812

0.81

0.83

Table 6.7 Result of sentiment analysis using KNN algorithm
KNN

70:30

80:20

90:10

-1

0

1

-1

0

1

-1

0

1

Precision

0.73

0.42

0.88

0.79

0.43

0.89

0.82

0.43

0.85

Recall

0.08

0.97

0.09

0.09

0.97

0.10

0.11

0.98

0.09

F1-score

0.16

0.60

0.17

0.18

0.60

0.17

0.19

0.60

0.17

Accuracy

45.20

46.39

46.18

CV score

45.58

45.96

46.3

AUC score

0.55

0.56

0.57

66

The above analysis provides the performance of different models. Tables 6.1 – 6.6 shows the
prediction of sentiment classes (POSITIVE as 1, NEGATIVE as -1, NEUTRAL as 0) using
different classifiers. A total of 5000 features were used to train the classifiers. It shows accuracy,
precision, recall, F1-score, AUC (Area Under ROC) curve, with 10-fold cross-validation. Tables
6.8 to 6.13 presents the confusion matrix obtained by each classifier using Negative, Neutral and
Positive classes.
Table 6.8 Confusion matrix for Random Forest
Predicted class

Actual class

1 (Positive)

0 (Neutral)

-1 (Negative)

1 (Positive)

1244 ( TPA)

136

89

0 (Neutral)

251

1597 ( TPB)

228

-1 (Negative)

116

143

1196 ( TPC)

The number of correctly classified instances is the sum of confusion matrix’s diagonal elements,
all other are incorrectly classified. Let us assume for the sake of calculation.
•

TPA - number of true positives of the class A (positive sentiment)

•

TPB - number of true positives of the class B (Neutral sentiment)

•

TPC - number of true positives of class C (negative sentiment).

Therefore, TPA = 1244, TPB = 1597, and TPC = 1196
The Accuracy of the multi-class labelled data is given as:
">>?@A>* Random forests = (BC! + BC" + BC#)/Total features

(1)

BDEAF GHIEAH>Js >FAIIGLGJM LD@ >FAII:
">>?@A>* Random forests = (1244+ 1597 + 1196)/5000 = 0.8074 ≈ 80.74%
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Similarly, the total incorrectly classified instances are those that are not highlighted in the
confusion matrix. The incorrectly classified instances are (143+116+228+251+89+136)/5000 =
0.1926 ≈ 19.26 %.
TPRate (True Positive rate), Sensitivity, and Recall is given by the equation (2) below. Recall is
the measure of our model correctly identifying True Positives. Thus, for all the actual positive
tweets, recall tells us how many we correctly identified as positive tweets.

OPQRST, UTVWXSXYXSZ, QT[R\\ =

∑ #$%& '()*+*,& (#')
∑ /(01*+*(0 '()*+*,&

(2)

Example:
•

TPRateA = (1244) / (1244+136 + 89) = 0.846

•

TPRateB = (1597) / (228 + 1597 + 251) = 0.769

•

TPRateC = (1196) / (116 + 143 + 1196) = 0.82

False positive rate is given by equation (3).
]PQRST =

∑ 234)& '()*+*,& (2')
∑ /(01*+*(0 5&63+*,&

(3)

Precision: It is defined as the number of correctly predicted positive cases. It is the ratio of True
Positives to all Positives in the simplest terms. Here it would be the measure of tweets that we
correctly identify as positive, out of all the predictive positive tweets.
Precision score is given by equation (4).
P^T[XWX_V =

#'
'$&1*7+&1 '()*+*,&

(4)

Example of confusion matrix from Table:
•

Precision A = 1244 / (1244+251+116) = 0.77
68

•

Precision B = 1597/ (1597+136+143) = 0.85

•

Precision C = 1196 / (1196+228+89) = 0.79

The precision result indicates that the dataset identified the positive cases correctly for the
instances in the dataset. Therefore, one can say that 77% of POSITIVE, 85% of NEUTRAL and
79% Negative labelled data set is correctly or positively classified using Random forest classifier.

F1-score: The harmonic mean of the precision and recall is the F-measure score. This determines
if the data’s sensitivity (recall) and the precision (correctness) are equivalent. This provides insight
into how the recall and precision values behave for the data collection. One can calculate F-score
from equation (5).
] − score =

8 ∗ ('$&7*)*(0 ∗ :&7344)
('$&7*)*(0;:&7344)

(5)

The result calculating F1-score measure for the class POSITIVE (A), NEUTRAL (B) and
NEGATIVE (C) is as follows:
•

F1-scoreA= 2 * (0.85 * 0.77) / (0.85 + 0.77) = 0.82.

•

F1-scoreB = 0.82, F1-scoreC = 0.78

Table 6.9 Confusion matrix for Logistic Regression
Predicted class
Actual class

1 (Positive)

0 (Neutral)

-1 (Negative)

1 (Positive)

1138

292

50

0 (Neutral)

119

1654

208

-1 (Negative)

47

320

1092

69

Table 6.10 Confusion matrix for Naïve Bayes
Predicted class
Actual class

1 (Positive)

0 (Neutral)

-1 (Negative)

1 (Positive)

836

535

98

0 (Neutral)

174

1161

241

-1 (Negative)

46

502

907

Table 6.11 Confusion matrix for SVM Linear Kernel
Predicted class
Actual class

1 (Positive)

0 (Neutral)

-1 (Negative)

1 (Positive)

84

46

18

0 (Neutral)

24

156

29

-1 (Negative)

11

50

82

Table 6.12 Confusion matrix for SVM RBF Kernel
Predicted class
Actual class

1 (Positive)

0 (Neutral)

-1 (Negative)

1 (Positive)

78

65

8

0 (Neutral)

19

179

12

-1 (Negative)

11

59

69

70

Table 6.13 Confusion matrix KNN
Predicted class
Actual class

1 (Positive)

0 (Neutral)

-1 (Negative)

1 (Positive)

136

1329

4

0 (Neutral)

21

2018

29

-1 (Negative)

3

1305

155

The Receiver Operating Characteristics (ROC) graphs is a technique for evaluating the classifier
and visualizing the performance of the classification algorithm. Figure 6.3 – 6.8 show the ROC
curve with three classes. It is multiclass ROC curve. The yellow line shows the curve for Negative
class, green line shows the curve for Neutral class and blue line shows the positive class.

Figure 6.3 ROC curve for Random Forest
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Figure 6.4 ROC curve for Logistic Regression

Figure 6.5 ROC curve for Naïve Bayes
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Figure 6.6 ROC curve for SVM Linear kernel

Figure 6.7 ROC curve for SVM RBF kernel
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Figure 6.8 ROC curve for KNN

The distribution of classes with their accuracy using three different training-to-testing ratios is
shown in Figures 6.9 to 6.14. The yellow color denotes accuracy for positive tweets, grey line is
for accuracy of Neutral class and pink color denotes Negative class.

For Random Forest, the highest accuracy for positive class is 86% which can be seen in ratio 80:20.
For Neutral class highest accuracy is 84% and 82% is highest accuracy for Negative class.
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Figure 6.9 Distribution of classes using Random forest

Using Logistic Regression for classification of three classes using three different training-totesting ratios we get 74%,76%,76% for positive class, respectively. For Neutral class we get
79%,80%,80%, and Negative class gives 73%, 73%, 74%, respectively.

Figure 6.10 Distribution of classes using Logistic Regression
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Classification for three classes using Naïve Bayes gives us similar accuracy for Neutral class i.e.,
79%. Positive class gives 57%, 60%, 56% and Negative class gives 60%, 60%, 62%, for
training-to-testing ratios of 70:30, 80:20 and 90:10, respectively.

Figure 6.11 Distribution of classes using Naïve Bayes

SVM Linear and Rbf Kernel shows same value in Negative class as 75% and 72%. For positive
class in Linear Kernel, it gives 78%, 78%,79% whereas using RBF kernel it gives 73%, 76%, 76%.
Finally, for Neutral class using Linear kernel the accuracy is 82%, 82% and 83% and using RBF
Kernel we get 78%, 79% for training-to-testing ratios of 70:30, 80:20 and 90:10, respectively.
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Figure 6.12 Distribution of classes using SVM Linear kernel

Figure 6.13 Distribution of classes using SVM Rbf kernel

77

KNN classifier gives 97% accuracy for neutral class and it gives lowest accuracy for Positive
and Negative class which is 9%,10% and 8% for training-to-testing ratios of 70:30, 80:20 and
90:10, respectively.

Figure 6.14 Distribution of classes using KNN
For building a neural network, keras library is essential. Keras is a Python interface for artificial
neural network that is open-source software. Keras also functions as an interface for TensorFlow
library. Sequential API is used to build models as a simple stack of layers. First, the Sequential
model object is instantiated and then the layers are added to it one by one using the add() method.
Sequential API is used for predictive analysis. First y_train and y_test is transformed using
onehotencoder function. The onehotencoder represents everything in vector. For example, we
have two sentences [‘This is mango juice’] and [‘That is orange juice’]. There are eight words in
total in the two sentences and onehotencoder maps the same word into one index. The transformed
vector in the above example will be as shown below.
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[ This
th
0 index

That

is

juice

mango

orange ]6 X 1

st
th
1 index …………………………………………………….5 index

Then a model is built using an instance of sequential class. The first layer in the network must
define the number of inputs to expect. In this research, a small multilayer perceptron (MLP) model
with 5000 inputs in the visible layer, following two hidden layers with 100 and 50 neurons. Lastly,
3 neurons in the output layer are built. Relu is used as an Activation-function. Basically, Activation
function is used to transform a summed signal from each neuron in a layer and update to other
layer. It takes the previous cell’s output signal and transforms it into a shape that can be used as
input to next cell. The next step after defining the network is to compile the model. Here adam
optimizer is used to compile the network and binary_crossentropy as a loss function. The network
is trained by the optimizer , while the loss function is used to evaluate the network that is
minimized by the optimizer. The model is fit for the training data after the network is compiled.
With an array of new input patterns, the model can be used to make predictions on new data using
the predict() function. The model can be evaluated on test data and find the accuracy score. The
sentiment labelled data was used for training and testing by splitting the data into training-totesting ratios of 70:30, 80:20, and 90:10. An accuracy of 82% was achieved. Table 6.14 shows the
sentiment analysis results using Neural Network.
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Table 6.14 Result of sentiment analysis using Neural Network
Neural

70:30

80:20

90:10

Network

-1

0

1

-1

0

1

-1

0

1

Precision

0.79

0.81

0.82

0.78

0.80

0.80

0.81

0.81

0.82

Recall

0.83

0.78

0.80

0.82

0.77

0.82

0.82

0.80

0.83

F1-score

0.81

0.80

0.77

0.80

0.78

0.81

0.82

0.80

0.83

Accuracy

80.75

79.64

81.44

AUC score

0.917

0.908

0.923

The estimation of predictive performance is provided by the Sequential API evaluation module in
the above analysis. Sequential API algorithm the predicts the sentiment classes (POSITIVE as 1,
NEGATIVE as -1, NEUTRAL as 0) with an accuracy rate of 81%. The ROC curve for the Neural
Network is shown in Figure 6.15.

Figure 6.15 ROC curve for Neural Network
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In LSTM based RNN, first the sentiment labels are converted into class vectors i.e., the sentiment
labels have their specific index in a vector. After that, the text which is stored in X_test and X_train
is converted into tokens using tokenizer. Those tokens are than converted to some numbers in array
by using texts_to_sequence. All the arrays should have same size so to make it in equal length, the
sequence of numbers generated are than padded by zero’s till the maximum length and if it is more
than maximum length, we have to trim them. Now each token will have their own index number
in a vector.
A simple LSTM model was built with an Embedding layer and a Dense layer. In the Embedding
layer we have to define size of our vector i.e., the total word index number in a vector. Then,
embedding size which means each word will be denoted by the vector of size given. The last is
input length which is set to 100 here so each of the tweets will store in array of 100 size. Whereas
in second layer is LSTM layer consisting of 100 memory units. The LSTM function converts a
sequence of vectors into a single vector of same size as the number, which contains information
about the entire sequence. Following each layer, a dropout layer is added to prevent overfitting.
The third layer is Dense layer, which has embedding vectors with 1024 dimensions. That finds the
words which are close to each other such as enjoyed, liked and fantastic are in close proximity to
each other. This model can then learn to classify the reviews whose words map to embedding
vectors which are close to each other in the 1024-dimensional space. The activation function is
SoftMax. Adam optimizer is used to compile the model and the loss function used is binary
crossentropy. After the model compilation, it can be fit. Fitting the network requires the training
data to be specified. Every epoch, 512 reviews pass through the neural network before updating
the weights. After fitting the model on training set, an accuracy of 99% was achieved, while fitting
the model on validation set an accuracy of 90% was achieved. Training set is a kind of a set which
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is used for learning (to fit the parameters of the classifier) whereas, validation set is a kind of a set
of examples which are used to deliver an unbiased evaluation of a model fit on the training dataset
while adjusting model hyperparameters. Table 6.15 shows the performance of LSTM-based RNN
model.
Table 6.15 Result of sentiment analysis using LSTM based RNN
Neural

70:30

80:20

90:10

Network

-1

0

1

-1

0

1

-1

0

1

Precision

0.89

0.86

0.88

0.89

0.90

0.89

0.90

0.92

0.90

Recall

0.84

0.92

0.89

0.87

0.91

0.91

0.88

0.93

0.92

F1-score

0.86

0.89

0.88

0.88

0.91

0.90

0.89

0.92

0.91

Accuracy

87.7

89.2

90.6

6.3 Discussion and comparison of classifiers
For training sentiment labelled datasets, seven different machine learning and deep learning
techniques were used, with the results showing good performance. The accuracy, precision, recall
and AUC obtained using these classifiers support the objectives for processing linguistic data sets
using Natural Language Processing (NLP) techniques and measuring the sentiment labelled data
set output. The accuracy obtained using these methods can be seen in Figure 6.16. We can see the
highest accuracy was obtained with LSTM based RNN which is about 90% and the least accuracy
was obtained using K nearest neighbour which is 46%.
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Figure 6.16 Comparison of accuracy on methods

Figure 6.17 shows the comparison scores obtained for precision, recall and F1-score for different
methods. Here we can see that for Logistic regression score for precision, recall and F1-score are
similar. The recall score for KNN is high whereas for Naïve Bayes, the score is low. Moreover,
Random Forest shows low F1-score, and Logistic Regression shows high F1-score. LSTM based
RNN has the highest precision score followed by Logistic Regression, SVM using RBF kernel and
the least score is shown by Naïve Bayes. LSTM has similar score for Precision, recall and F1score which also seems as the highest score from overall methods.
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Figure 6.17 Comparison of precision, recall and F1-score
The analysis using ROC curve of all the methods is shown in Figure 6.18. It shows that point of
KNN is lowest, meaning score for KNN is very low which is 56% and the highest score is 97%
for LSTM based RNN, and then followed by Random Forest and SVM with the same score 91%.
Naïve Bayes and SVM RBF Kernel has ROC score of 80%.
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Figure 6.18 Comparison for AUC score

Finally, a statistical one-way ANOVA test was used to determine the best approach of all
classifiers. The statistical significance test can be used to determine if the difference in
performance measurements found using all methods is significant. An ANOVA (One-way
Analysis of Variance) test is performed on the mean values of the output parameters of all three
ratios, on all the methods . The null hypothesis (H0) states that all models perform equally well.
H0 is accepted if the mean values of the output parameters for the various models do not
significantly differ statistically . If a statistically significant performance difference (P<0.05) is
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found to exist, the alternate hypothesis (H1) is accepted and H0 is rejected. Table 6.16 shows the
mean values and the p-value for all the measures.

Table 6.16 ANOVA test result on performance metrics
KNN

Random Logistic Naïve SVM

SVM

Neural

LSTM

Forest

RBF

Network

based

Regres

Bayes Linear

sion

Kernel Kernel

P-values

RNN

Accuracy

0.459

0.804

0.77

0.679

0.80

0.769

0.802

0.889

8.38*1019

Precision

0.656

0.754

0.767

0.657

0.797

0.76

0.806

0.924

3.04*106

Recall

0.904

0.83

0.767

0.65

0.784

0.764

0.806

0.889

6.05*106

F1-score

0.757

0.784

0.767

0.65

0.787

0.767

0.806

0.957

1.06*106

Table 6.16 summarizes the ANOVA test results for performance metrics. The p-values for all of
the metrics are less than 0.05, as can be seen in the table. This means that the values are statistically
significant when evaluated on the basis of these performance metrics.
Table 6.17 shows a comparison of all the methods with their mean values. The evaluation
parameters such as accuracy, precision, recall and F-score results obtained using KNN, Logistic
Regression, Naïve Bayes, SVM, Random Forest, Neural Network and LSTM based RNN
classifiers are shown.
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Table 6.17 Comparison of all methods
KNN

Random

Logistic

Naïve

SVM

SVM

Neural

LSTM

Forest

Regression

Bayes

Linear

RBF

Network Based

Kernel

Kernel

RNN

Accuracy

0.459

0.804

0.77

0.679

0.80

0.769

0.81

0.90

Precision

0.656

0.754

0.767

0.657

0.797

0.76

0.806

0.924

Recall

0.904

0.83

0.767

0.65

0.784

0.764

0.806

0.889

F1-score

0.757

0.784

0.767

0.65

0.787

0.767

0.806

0.957

AUC

0.561

0.916

0.908

0.837

0.905

0.818

0.916

0.976

Overall, from Figure 6.19, it can be seen that better performance is achieved by deep learning
method for all evaluation parameters i.e., LSTM based RNN performed the best in terms of
accuracy (90%), precision (0.924), F1-score (0.957) and AUC score (0.976) compared to all other
methods and it is still comparable in recall. The second highest in terms of Accuracy (80%),
precision (0.81), F1-score (0.81) is Neural Network. From the machine Learning classifiers, SVM
and Random Forest seem to perform the best for accuracy which is 80% but comparably the
precision is higher for SVM and recall, F1-score and AUC scores are higher in Random Forest.
Then followed by Logistic Regression and SVM RBF Kernel the accuracy is 77% and 76%. The
precision recall and F1-score are similar in both the methods. But the AUC scores for Logistic
Regression are high which is 0.920 and SVM has 0.834. The second last stands Naïve Bayes
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classifier which has 67% accuracy and the least similar score in terms of precision, recall and F1score (0.65) while, the AUC scores are 0.83. The last classifier which is not robust is KNN,
Although, it has highest Recall score among all the methods implemented. It is not compatible in
accuracy, and AUC.

Figure 6.19 Comparison for all methods
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Chapter 7
Conclusion and Future Work
7.1 Conclusion

The aim of this thesis was to use different machine learning and deep learning algorithms to
perform sentiment analysis on a linguistic dataset. A method was proposed for processing the
sentiment analysis for the tweets related to CAA. Different methods were used with Natural
Language Processing techniques for unstructured data to filter and remove meaningless data, i.e.,
data pre-processing steps. It is important to follow a preprocessing sequence when converting
unstructured data to structured data. The input tweets were filtered and analyzed after
preprocessing to produce more accurate results. In the steps of pre-processing, first the links were
removed from the tweets as the links do not contribute to the sentiments. Similarly, the name of
the users was removed from the tweets. Characters duplicated more than twice in a word, as well
as any special characters were removed from the tweets by processing #Hashtags. After filtering
needless data from the tweets, the derived data was used to perform additional processing tasks.
For word tokenization, stemming and lemmatizing, the Natural Language Processing (NLTK)
toolkit was used. A model was built to perform analysis on the linguistic dataset using a VADER
sentiment analyzer, which calculates the text's polarity expressed in social media. By counting
polarity through VADER, it can be seen that most of the tweets were neutral, following positive
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tweets, and there are not many negative tweets. Furthermore, to measure consistency, accuracy,
and reliability of the classified sentiment analysis data, different machine learning algorithms like
Naïve Bayes, Random Forest, KNN, Logistic Regression, SVM, Neural Network, and LSTM
based RNN deep learning algorithm was used.

7.2 Future Work
Changes in the real-time sentiment polarity allocated to Twitter data may be part of this project’s
potential reach. For doing that, one should prepare a website or software through which all the data
pre-processing steps would be performed through different chosen techniques. There is such
existing software, but some do not give accurate results, and some who give accurate results are
not free.
Currently, the model's accuracy has been checked by accessing 5000 words and just 50,000
random tweets, but one can access tweets on complete dataset on faster machines like GPU which
I could not access at the time of this thesis. Dataset having tweets in different languages were not
considered. While performing data cleaning Emoji were discarded, therefore in future one can
perform sentiment analysis on emotion based. In recent times one can check the duplication of
tweets where there is creation of bloated tweets like a toolkit that is used by multiple users to tweet
the same text thousands of times which can be checked and discarded.
The above problem can be approached using more deep learning techniques. In this research, the
dataset is from twitter source, but many other social media platforms are available to choose
datasets. Many different machine learning classifiers can be used for the classification of this
dataset. Also, one can use its dataset, created by Twitter's API, through hashtags.
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