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ABSTRACT

Twitter is a micro-blogging platform where users express their views via tweets, with
a growing user base. With our developer account we have integrated the Twitter API
into our project so we could access the data from Twitter. In this project, we
performed Sentiment Analysis on the tweets fetched and divided the opinion of the
users into positive, neutral or negative sentiments. This was achieved by first
collecting and cleaning the data, and then classifying our data with the use of Naive
Bayes classifier. Further, we studied the data, analysed the importance of predicting
outcomes based on the public sentiments in various real life situations and recorded
our observations. For future we propose to improve the accuracy of our model and

making better domain related analysis.



CHAPTER 1: INTRODUCTION

1.1 Introduction:

Social networking sites have become very popular. Millions of users conveniently
express their views and opinions on a wide array of topics. These users share a lot of
information about trending topics and current issues. Thus, these platforms generate a
large amount of data. Because of a free format of messages and an easy access to

micro blogging platforms there is a shift from traditional blogs to these services.

Twitter is one such micro-blogging service which has a growing user base. The users
express their views on the topics of interest through messages called tweets. These
opinions on products, events or other users are useful in real world applications. By
performing sentiment analysis on their response we can get an idea of how users
perceive these issues from their point of view. Sentiment analysis involves “Natural
Language Processing (NLP)” and data mining. In recent tasks, sentiments like

“strongly positive”, “weakly positive”, “strongly negative” and “weakly negative” are

also being considered.

Sentiment analysis is a research area in text mining. Researchers have been trying to
find many ways for analysing tweets based on their understanding of the concept.
They are using various machine learning algorithms to classify tweets into positive
and negative classes based on the sentiments, such as Naive Bayes Classifier,

Support Vector Machine, etc.

The main goal is to connect on Twitter and search for the tweets that contain a

particular keyword and then evaluate the polarity of the tweet.

Sentiment analysis on the tweets collected is useful for knowing the public
sentiments. But, due to misspellings and slangs in the tweets; Twitter Sentiment
Analysis is different from general sentiment analysis. However, by identifying the
specific domains and performing sentiment analysis on them we can find the effect of
domain information in classification of the sentiments. This is quite useful for
researchers who are trying to research a topic or issue and businesses who are trying

to market a new product or understanding the opinion on existing product or service.



1.2 Problem Statement:
Sentiment analysis is introduced to tell us that the information is correct or wrong
in each scenario using the social media tags. As we know, great amount of data is
available to us from the platforms like Twitter. Extracting and analysing this data
can be useful for many purposes like:

1.2.1 Politics: In politics the political parties can use this sentiment analysis
to plan their campaigns, know the popular public opinion or we can
even use it to predict the election outcomes.

1.2.2 Business: Businesses can benefit from this by developing their
marketing strategies according to customer response towards liking of a
particular product or business decision.

1.2.3 Public Actions: Sentiment analysis can be used to monitor social
developments or determining the general public sentiments after any

event.

1.3 Objectives:
To automate our analysis based on the reviews or comments in the social
media by the people on an unknown tweet stream. Social media provides

great opportunities for businesses to connect to consumers easily.

1.4 Methodology:

1) The data is collected from Twitter using the Twitter API using the
keywords.

2) The extracted raw data is pre-processed using Natural Language
Toolkit techniques

3) The sentiments of the tweets are evaluated based on feature selection
of score words.

4) Naive Bayes classifier is used for training and testing the features and
also evaluating the sentimental polarity.

5) The proposed system is implemented using Python

6) Data visualisation is performed using the Matplotlib library to show
the plot



1.5 Organisation:
The project work is divided into five main chapters:
Chapter 1: Introduction

This chapter describes the growth of social-media platforms and its important
impact on our lives. This also introduces us the concept of social media analytics

via Twitter Sentiment Analysis.

Chapter 2: Literature Review

This chapter discusses the literature used from platforms such as ACM, IEEE,
Google Scholar, Springer and other repositories. These papers were useful to

understand various methods used in existing sentiment analysis.

Chapter 3: System Development

The chapter focuses on the hardware and software requirements. Moreover the

chapter further details the methodology used.

Chapter 4: Performance Analysis

This chapter highlights performance of our model by extensively covering the

analysis in various domains and documents our results.

Chapter 5: Conclusion

This chapter summaries the work and reviews the diversity of domains and

various applications of our analysis.



CHAPTER 2: LITERATURE SURVEY

We considered the following literature-

)

il

Opinion Mining and Sentiment Analysis[1]:

We start by classification of a paragraph to subjective and objective
sentences. We apply text categorization techniques to only the subjective
portion in the data and also, removing the objective part. This subjective part
is extracted following it, we create separate group of words into classes and
apply the formula to individual and associated sentiment class and calculate
the score for each word. Then we chose the class with optimal partitioning
cost to be the base class.

Opinion Analysis based on Lexical Clue sets: [2]

Twitter sentiment analysis is problematic due to more contextual
information. Therefore, the domain is essential. First, we extract sentiments
into different domains. We identify a sentiment clue as a primary subject in
expression like event or product. Then put this in a clue-set which comprises
most-likely feature-words for that word. The algorithm then identifies the
sentiment topics from training data. Finally, the clues that are associated to a
sentiment topic are arranged to its clue-set. The classifier gets updated for

identifying other domains from the dataset.

Sentiment-Based Meta-level Features for SA: [3]

This paper addresses the problem of automatically learning to classify the
sentiment of messages by the data from meta-level features. A new word
is checked for similarities with pre-classified dataset. Then the most
similar content match is taken to be its true sentiment word. It is derived
using K-nearest neighbour from the sentiment distribution. The document

polarity of the neighbours is obtained by unsupervised lexical methods.



iv) SA on Political Campaigns with the help of Facebook: [4]
This paper studies the sentiment of users for campaigns run by political

parties. It analyzes the data gathered from Facebook posts.

1 + T()TALP()SITIVE

Sentiment Index = In T TOTALNEGATIVE

The paper reveals the perception of voters and the sentiments that are
developed during a course of time. It also describes how popular opinion

on social media in favor may also result in loss in some cases.

v) Evaluating SA Using Advanced linguistic-features: [5]
It addresses how common method of “Bag-of-Words” is not efficient as it
does not accounts how the meaning of a word changes with context. It
introduces us to a new schema by analyzing the target-of-opinions and
modifies the coverage of the word with contextual-domains called “SentiML”.
It uses advanced linguistic-features and allows more coverage than a

sentiment-dictionary with faster linkage of the wordset.

vi) Evaluation of Features on Sentimental-Analysis:[11]

First step is the pre-processing of data, which involves the initial conversion
to lowercase of all the textual data. Then the words are converted into their
original form. This text is filtered by removing the stop words. Further, this
processed data is partitioned into training and testing data. Next follows the
process of removal of suffixes called Stemming. Further statistical methods

are used for feature selection.



vii) SA using Lexicon Approach :[6]

This paper discusses two sentiment classification techniques — Machine
learning approach and Lexicon based approach. Lexicon based approach is
further classified into Dictionary based approach and Corpus based
approach. Lexicon approach involves calculating orientation for a
document from semantic inclination of words or phrases. Dictionary based
approach collects seeds (words) with known orientation: +ve or —ve
manually. The algorithm then searches online available dictionary for
synonyms or antonyms and expands the set.

This approach then matches for pattern to calculate sentiment orientation.

Vviii)SA using Text Mining and Hybrid Classification Approach on

Tweets: [7]

This begins with concept of “Opinion Mining”, which further proposes to
use the info and predict the sentiments of public to an issue. This describes
to first save the tweets to a database. The data is then pre-processed for
filtering the special characters, short words, etc. The suffixes are removed
by Stemming and then converted into tokens. A TDM is created which is
passed for classification by classifiers. The paper also analyses for a
hybrid of KNN and Naive Baye’s classifiers.

SA of Flipkart reviews using Naive Bayes and Decision Tree
algorithm:[8]

Naive Bayes approach for classifying is based on probabilistic classifying
where Bayes Theorem is used and theory of total probability is used. The
paper claims it’s suitability for large datasets. Just like text mining it starts
with tokenization then removal of stop words followed by text
transformation. Then features are selected for the parts of document
that contribute for positive and negative words. These parts are joined in
such a way such that the probability is maximum of the resulting sentence

existing in either terms of +ve or —ve.



X) SA using Neuro-Fuzzy and HMM(s) of Textual data:[9]

This work describes how NeuroFuzzy Models applied to dialog analysis
could determine user intent with reasonable accuracy. Hidden Markov
models (HMM) achieved comparable accuracy, but with a different pattern
of errors. The data from different sources is combined into a corpus. The
combined text is put into a collection (array) of words. Then this array of
words is sorted. Stemming is not done so as to keep words different and

preserve their context.

xi) Predicting Ratings emphasized on Social Sentiments From Textual

Reviews:[10]

This paper categorizes into types of lists. One is the word list which puts the
words into positive and negative polarity. The second list is Topics list which
puts topics as a root sentiment into a list. This is done to avoid the info over-
loading problem.

Firstly it uses a social sentiment measurement approach and calculates the
sentiments for each user on a particular product. Secondly, we also consider
the inter-personal sentiment influence on a user.

Finally characterize the user preferences by fusing the sentiment-similarity,

interpersonal sentiment influence and the item reputation.

xii) Twitter Part-Of-Speech Tagging Using Pre-classification HMM:[12]

This talks of Hidden Markov models (HMM), which are highly used in
Natural Language Processing (NLP). HMM considers data present in as
unobserved states. It uses the Naive Bayes model to classify the dataset
into objective or subjective data. In this paper, we propose a novel
treatment of HMM model to use the result of sentimental analysis in
syntactic level task, i.e. part-of-speech (POS) tagging. The subjectivity
degree of the testing sentence is used as a combination factor to choose an

appropriate value



xiii) Sentiment Analysis from Binary to Multi-Class Classification :[13]

Binary classification of data means to classify data into either positive or
negative based on polarity. The paper proposes a pattern-based approach
that gets deep into the classification of tweets. This approach has proven to
reach greater accuracy in classifying the sentiments into positive or
negative polarity. The score is calculated by the net score for positive wt

and negative wt.

s PW(t) - NW(t)
plt) = PW(t) + NW(t)

xiv) Bag-of-Words Model : [14]
Bag-of-Words (BoW) is a classical model used in text mining and natural
language processing (NLP). It is a vector-based representation used to
effectively present documents with the use of numerical-vectors. This paper
presents a new method called Fuzzy Bag-of-Words model to overcome the
shortcomings of BoW like extreme sparsity, high dimensionality and capture

high level semantics behind textual data.

phaﬁe

product = one

Fig 2.1: Word Cloud

Fuzzy BoW adopts a fuzzy mapping based on semantic correlation among

words quantified by similarity.



xv) SA of Product Reviews Using ML Approaches: [15]
The paper discusses the collection of useful information from the feedback
customers provide on the e-com websites. It focuses on the sentiment
analysis by the application of NLP. The customer reviews are useful to
know the perception of a product or service and the important info that can
be extracted to understand the potential of a product. It also talks about
Machine Learning methods that can be applied on this data as it is
unstructured and how it can be processed and classified.

Xvi) Survey on Sentiment Analysis using Twitter Dataset: [16]
This paper discusses comparison of various techniques of sentiment
analysis. It shows types of sentiment analyses and methods to extract the
sentiment polarity from the Twitter dataset of tweets. It also presents the
challenges and opportunities of different approaches and also highlights the

time taken for execution.



CHAPTER 3: SYSTEM DEVELOPMENT

3.1 Main Classifier

In Machine learning we use a classifier to differentiate between different

entities based on some parameters.

3.1.1 Naive Bayesian Classifier

The Naive Bayesian classifier is a commonly used classifier in machine
learning models that is based on Naive Bayes probabilistic
classification. It uses Bayes theorem to find the probability of occurring
an event given that some other event has occurred. It classifies a feature
given the classification of some other independent feature. It is quite
fast in examining the whole input dataset. Further, presence of
few bad data-points, or noise, do not change the results by much. The

Naive Bayesian classification system can be calculated as
P(alb) = P(a)*P(bla)/P(a)

Here, we consider ‘a’ to be a specific-class with P(a) its probability and
‘b’ 1s taken to be the text we have to classify with P(b) its probability.
P(bla) gives us the probability of text (b) appearing in the given class a.
Text b can be a phrase or sentence while the class may be positive or
negative. Finally we have to choose such a value of a so as to maximize
the P(alb).
The sub-types of Naive Bayes classifier-
1. Multinomial Naive Bayes-
Mainly used for document classification purposes. To check if it
lies in sports, politics or technology category.
2. Bernoulli Naive Bayes-
It uses Boolean variables for predicting the class variables.
3. Gaussian Naive Bayes-
It uses continuous values for the predictors. The values are

sampled using Gausian distribution.

10



3.2 System Requirements

i) Hardware used:

e Data Bus: 64-bit

e Processor(CPU): Intel Core-i5(7™ Gen)
e §8GBRAM

i) Softwares used:

e OS: Windows 10

e Python programming language 3.7

i) Twitter Developer Account to access Twitter API

3.3 Model Development

Input
(Data from Twitter)

h 4

Processing
(Using
TexitBlob)

h 4

Fetch and store

Visualise result
(Using Matplotlib)

Fig 3.1: Model Development for the system

11



3.3.1 Input of data: The model takes the tweets as the input from a live Twitter

stream or tweets made on the given date.

3.3.2 Processing the data: The Textblob library is an open source library. It
includes functions like TextBlob particularly for natural language
processing work, which is used to make either positive, neutral or negative

characterization

3.3.3 Fetching and Storing: We fetch the data using the credentials from
Twitter dev account and then store the tweets fetched to be able to filter
them and execute our program. Then these filtered tweets are stored to a

csv file.

3.3.4 Visualization of results: We use the Matplotlib library to plot the results
of the executed program. The pie charts give us a visual representation of

our analysis.

3.4 Process Flow

[ Twitter dataset

h 4

Preprocessing

h 4

Tokeniser

A 4

Feature extraction
(Word + Senti feature)

h 4

Classification
(unigram - bigram SVM/Bayes)

Fig 3.2: Process flow

12



3.5 Libraries Implemented:

Tweepy
Textblob
Matplotlib

Regular Expression (re)

Eal N

451 Tweepy: Tweepy provides access to the Twitter RESTful API methods.

Each method can accept various parameters and returns responses.[17]

e Classes implemented:
i) API: Methods in this class are used to enable interaction with
Twitter after authentication.
i) OAuthHandler: It takes a Customer key and a Secret key as
parameters to request a token from Twitter.
i) Cursor: This class will pass parameters to methods when cursor

request is made.

e Methods implemented:

i) auth.set_access_token: it uses the token to redirect to Twitter.
Else the user must manually supply it.

ii) Cursor: This method is used to provide parameters like the
term we need to search for, the language it should search,
etc.

iii) items : This method is used to supply the number

of search items as parameter we need to search.

13



4.5.2 Textblob: It is a popular library to perform natural language processing

operations on Twitter tweets-

e Classes Implemented:
1) Sentiment: The textblob.sentiments module contains two

sentiment analysis implementations.:[18]
a. PatternAnalyzer — based on patterns
b. NaiveBayesAnalyzer — based on NLTK

e Methods Implemented:
1) Polarity: It returns the polarity score as a float within the range
[-1, +1].

45.3 Matplotlib: Matplotlib is used to create comprehensive and interactive
visualisations in Python.

e Classes Utilized:
i) pyplot: It is a state-based interface to matplotlib, mainly used for

interactive plots and programmatic plot generation.[19]

e Methods Utilized:
1) pie: Plots a pie chart
i) legend: Places a legend on the axes.
i) title: Sets a title for the axis
IV) axis: gets axis properties

v) tight_layout: adjusts subplot parameters to give padding

14



4.5.4 Regular Expressions

A regular expression (RE) specifies a set of strings that matches it. The
functions in this module allow us to check if a particular string matches a

given regular expression.[20]

Methods Implemented:

i) sub: It returns the string obtained by replacing the leftmost non-
overlapping occurrences of patterns in a given string by the given

replacement.

15



CHAPTER 4: PERFORMANCE ANALYSIS

4.1 Test Planning:
4.1.1 Dataset for new keywords:
We input a new keyword and store the tweets obtained manually.
4.1.2 Varying number of tweets :
The keyword/hashtag is kept to be same, we will analyse for different number of
tweets.
4.1.3 Fixing number of tweets :

We keep the number of tweets fixed but perform analysis on different keywords.

4.2 Classification:
Results can be analysed as follows:
e Variable search-set

e Continuous search-set

4.2.1 Variable search-set

As per our plan, we perform execution of our program, for various different
combinations of keywords/ hashtags and the number of tweets. We analyse our
results by plotting the output for different trending words. The pie chart depicts

the distribution of the sentiments.

4.2.1.1Casel

4p Project Code Final.py *REPL* [pythom]

Enter Keyword /Tag to search about:
Enter how many tweets to search: 188

Fig 4.1: Input for #COVID-19

16



*REPL* [python]

Let us appreciate all of our janasainiks doing a tremendous role during COVID-19 PANDEMIC..
Tweet's Polarity: Sentiment(polarity=08.3333 EX) subjectivity=1.0)

Tweet : RT (LloydMathias: Media consumption by generation over the

GenZ: online video:streaming.

Tweet's Polarity ntiment(polarity=0.6, subjectivity=1.80)

Tweet : RT @COVIDNewsByMIB:

Secretary, @MoHFW_INDIA held a high level review meeting today
Tweet's Polarity ntiment(polarity=0.16, subj i E
success chance expected UniofOxford®
Polarity ntiment(polarity=0.09999999999999999,
: RT @TheEconomist: China’s ambassador to Australia re dangerous” path https://t.co

1CFt0p

Polarity: Sentiment(polarity=-8.3, subjectivity=8.575)
How people are reacting on

General Report
Weakly Positive

Detailed Report:

people thought it was positive

people thought it was weakly positive
people thought it was strongly positive
people thought it was negative

people thought it was weakly negative
people thought it was strongly negative
people thought it was neutral

Fig 4.2: Tweets collected

) Figure 1 - X

How people are reacting on #COVID-19 by analyzing 100 Tweets.

Positive [9.00%]

Weakly Positive [39.00%)]
mmm strongly Positive [3.00%]

Neutral [35.00%]
EEE Negative [7.00%]

Weakly Negative [7.00%)]
I Strongly Negative [0.00%]

x=0607859 y=0.2713T7

#€d $Q=

Fig 4.3: Sentiment chart

17



4.2.1.2 Case 2

4p *REPL* [python]

Enter Keyword /Tag to search about:
how many tweets to search: 18¢

Enter

Fig 4.4 Input for #togetherwerise

*REPL* [python]

: RT (@MahindraRise: At a time when the unavailability of food has become an issue

bethHurley Individualism, a
t.co/pICUs59F4AU
Sentiment(pol:
MahindraRise: At a tim

the community leaders
: When you don't know how to do a ta

Polarity: Sentiment(polarity=0.@, subjectivit .9)
RT @Dhara_MSD: You can say what qualities perfect leader needs to have

y yes to yourself and comp.]

Being authentic, ep listening, Cre.

Tweet Polarity: Sentiment(polarity

Tweet RT @Dhara_MsD:
importa..

Tweet Polarity: Sentiment(polarity=@.75, subjecti

How people are reacting on

)

dhruvashastril2 sharing her learning on making

[General Report:
Positive

Detailed Report:

people thought it was positive

people thought it was weakly positive
people thought i strongly positive
people thought it w negative

people thought it w weakly negative
people thought it was strongly negative
people thought it was neutral

Fig 4.5 Tweets collected

18

many, Kantibhai Amliyar, a farmer frem Gujarat

many, Kantibhai Amliyar, a farmer frem Gujarat

dhruvashastril2 's talk.

being the part of one of the successfully community. Sharing thg




&) Figure 1 _

How people are reacting on #togetherwerise by analyzing 100 Tweets.

Positive [57.00%]

weakly Positive [8.00%]
EEE Strongly Positive [6.00%]

Neutral [25.00%]
mmm Negative [1.00%]

Weakly Negative [3.00%]
mmm Strongly Negative [0.00%)]

#/ €3] +a/=| B

Fig 4.6 Sentiment chart

4.2.1.3Case 3

4p Project Code Final.m *REPL* [python]

Enter Keyword /Tag to search about:
Enter how many tweets to search: 188

Fig 4.7: Input for #HelpTheNeedy
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*REPL* [python]

RT @AditiAroralnsa7: (derasachasauda volunteers to do best to

Polarity: Sentiment(polari
RT @anjuinsan557:

Polarit Sentiment(polarity=0.0, -
RT (@Sarbjee92727722: Whenever we get needy this lock-down time, So we should

Polarity: Sentiment(polarity jectivity=0.5)
RT @SumitInsan98: Corona made life tough many needy people,who face food shortage or are sick.let us fEry to do our
to
Polarity: Sentiment(polari 837037 , subjectivity=0.5444444444444445)
RT (Deep4642263@:
help poor people, God will p you! Please help poor people! Giving a helping hand to a needy one i.
Polarity: Sentiment(polari 5, subject ty=0.6)
How people are reacting on

General Report
Weakly Positive

Detailed Report:

7.80% people thought it wi
people thought it was weakly positive
people thought it wi strongly positive
people thought it was negative
people thought it w weakly negative
people thought it was strongly negative
people thought it was neutral

Fig 4.8: Tweets collected

) Figure 1 - b4

How people are reacting on #HelpTheNeedy by analyzing 100 Tweets.

Positive [11.00%]

‘Weakly Positive [18.00%]
Emm Strongly Positive [2.00%)]

Neutral [49.00%]
B Negative [2.00%]

‘Weakly Negative [18.00%]
I Strongly Negative [0.00%]

# €2 #a=

Fig 4.9: Sentiment chart

20



4.2.1.4 Case 4

PL* [python]

Enter Keyword /'Tag to search about: Electric Vehicl
Enter how many tweets to search: 18€

Fig 4.10: Input for Electric Vehicles

ar a *REPL* [python]
TWEEL S rULdiily. SEHLLICHLLPULGLLy .o L JECCIVE

Tweet : RT @devinamehra: When you read articles 1i thls,.remembev

Tesla does spend a penny on advertising
Many companies make elect
Tweet's Polarity: Sentiment(polarit: 5 subjectivity=0.5)
Tweet : Battered oil demand faces threat from electric vehicles. “0il gas companies have got no ability to defeat elect
ZttC2YgIxl
Tweet's Polarity: Sentiment(polarit 3, subjectivity=0.8)
Tweet : RT (Reuters: ICYMI: Tesla ‘million mile battery’ has the potential to bring the cost of electric vehicles line
models, a..
Tweet's Polarity: Sentiment(polarit ) bjectivity=1.8)
Tweet Its absolute failure of (CE imited to plan prepare the disaster. They refused to invest for preparation
zVsEi9dvilv
Polarity: Sentiment(polarit

General Report:
Weakly Positive

Detailed Report:
people thought it was posi
people thought it was w )
people thought it was strongly positive
people thought it was negative
people thought it was weakly negative
people thought it was strongly negative
people thought it was neutral

Fig 4.11: Tweets collected
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) Figure 1 - x

How people are reacting on Electric Vehicles by analyzing 100 Tweets.

Positive [3.00%]

Weakly Positive [64.00%]
Strongly Positive [2.00%]
Neutral [26.00%]
Negative [0.00%]

Weakly Negative [4.00%]
Strongly Negative [1.00%]

M _‘*‘ Q E x=0219203 y=0.674598

Fig 4.12: Sentiment chart

4.2.15Case5

4p Project Code Final.py *REPL* [python]

Enter Keyword Tag to search about: Bitcoin
Enter how many tweets to search: 1

Fig 4.13: Input for Bitcoin
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*REPL* [python]

entiment(polarity=0.@, subjectivit
ScottTRXWarrior fbitcoin ly SydneyIfergan Nots ON https://t.co/@sYFSryiB5
Polarity: Sentiment(polarity=0.8, subjectivit .a)
: Teste de vacina Covid-19 Oxford tem 56% de chance de suce..
investingcom - New Noticias Bitcoin - CryptoCu.. https://t.co/TDal8xvln5
Tweet's Polarity: Sentiment(polarity=0.0 ibjectivity=0.8)
Trading idea: Bitcoin 1 Bullrun” REMASTERED https://t.co/2kNh1BfNYm https://t.co/KWxBY15HRX
s Polarity: Sentiment(polarity=0.8, subjectivity=0.8)
Katie Price poses a sweet snap with "guard dog’ Blade
DailyMailUK - Ne Noticias - Bitcoin - CryptoCurrency.. https://t.co/167uoS1ltmx
Tweet’s Polarity: Sentiment(polarity=0.35, subj ivity 65)
How people are reacting on Bitcoin by analyzing 8 tweets.

General Report:
Weakly Positive

Detailed Report:
1 8% people thought it was positive
3% people thought it was weakly positive
people thought it w.
people thought it w: negative
people thought it was weakly negative
people thought it w: strongly negative
people thought it was neutral

Fig 4.14: Tweets collected

How people are reacting on Bitcoin by analyzing 100 Tweets.

Positive [14.00%]

Weakly Positive [25.00%]
I Strongly Positive [4.00%]

Neutral [48.00%]
B Negative [2.00%]

Weakly Negative [7.00%]
I Strongly Negative [0.00%)]

M +Q|= J x=0.046345 y=-101718

Fig 4.15: Sentiment chart
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4.2.2 Continuous search-set

We analyze our system for different domains continuously for one week. The
observations made are done at different courses of time for different domains.
The following fields have been considered for observation-

4.2.2.1 Politics
1.1 #2019election
1.2 #ModilYear
1.3 Arvind Kejriwal
1.4 Rahul Gandhi
1.5 Narendra Modi

4.2.2.2 Technology
2.15G
2.2 Bitcoin
2.3 Electric Vehicle

4.2.2.3 COVID-19 Pandemic
3.1 #COVID-19
3.2 #HelpTheNeedy
3.3 #Migrant
3.4 #IndiaFightsCorona
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1. Politics

1.1 #2019election

Table 4.1 Analysis of tweets for

seven days in May, 19

Table 4.2 Mathematical Analysis

Positive Negative
Average 24.445 7.33
Std Dev 14.12 9.12
Max 50.0 40.14
Min 14.26 0

#2019election

Day | Positive | Negative
1 20.08 0
2 47.64 0
3 23.58 20.10
4 20.88 10.04
5 14.26 8
6 50.0 40.14
7 21.6 14.7
50
40
2 20

10 4

—— Positive
—— Negative

Days

& 7

Fig 4.16: Variation in tweets for one week of May, 19.

Observation: The topic of politics is always an issue of debate. And during the

elections it becomes the favourite discussion. These were the observations made for

the month of May, 19 for a week. It shows a positive support for the election.
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1.2 #ModilYear

Table 4.3 Variations of tweets for one

Table 4.4 Mathematical Analysis

week
Day Positive | Negative Positive | Negative
1 7014 1082 Average 70.94 15.42
Std Dev 4.66 3.36
2 72.40 12.28
Max 77.12 20.40
3 68.23 14.36 _
Min 70.14 10.82
4 77.12 17.25
5 74.00 20.40
6 62.50 18.12
7 72.20 14.77
#ModilYear
)
w o
# 50
= — Pgsitive
E 40 —— Negative
30 i
20 4 /_\
10 4

1 2 3 4 5 & 7
Days

Fig 4.17: Variation in tweets

Observation: The current democratically elected government is quite popular even
after a year of coming into power. The public sentiments collected show a maximum

positive of 77.12% support and 10.82% opposition.
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1.3 Arvind Kejriwal

Table 4.5 Variations of tweets for one

week
— - Table 4.6 Mathematical Analysis
Day | Positive | Negative
1 2912 917 Positive | Negative
Average 45.34 13.66
2 40.42 14.36
Std Dev 4.81 3.64
3 48.88 1112 Max 52.32 20.10
4 52.32 20.10 Min 39.75 9.17
5 44.17 12.33
6 42.70 16.36
7 39.75 12.22
Arvind Kejriwal
— Positive
50 1 —— Negative
4]:. 4
2w
20
10

4 5 6
Days

Fig 4.18: Variation in tweets

Observations: Arvind Kejriwal who got re-elected this year again after serving a

term as the CM of Delhi. He is a popular figure in his electorate. The public

sentiments collected from tweets show overall a positive sentiment.
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1.4 Rahul Gandhi

Table 4.7 Variations of tweets for one

week Table 4.8 Mathematical Analysis
Day Positive | Negative Positive | Negative
1 36.43 26.20 Average 33.41 32.88
2 32.46 40.22 Std Dev 4.46 10.76
3 2017 | 3589 Max | 4017 | 47.36
7 3520 17 36 Min 26.16 20.10
5 30.74 20.22
6 26.16 20.10
7 32.71 40.23
Rahul Gandhi
— Positive
—— Negative

45

35

Sentiment %

25 4

20 1

Days

Fig 4.19: Analysis

Observation: Rahul Gandhi is the face of Congress, the grand old party of India. He
serves as the Member of Parliament and was the former President of INC. He got a
series of mixed reactions for his various public statements. With an average support of

33.41% shows he is not very popular among the  masses.
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1.5 Narendra Modi

Table 4.9 Variations of tweets for one

week

Day | Positive | Negative Table 4.10 Mathematical Analysis

1 33.28 40.12 — -
Positive | Negative
2 47.12 4217 Average 43.01 37.19
3 33.26 | 35.78 StdDev | 7.42 3.97
4 48.64 33.14 Max 52.19 42.69
5 41.37 42.69 Min 33.26 33.14
6 45,22 38.27
7 52.19 33.26
MNarendra Modi
52.5 1 — Positive
— Negative

50.0
ar5

2 950

E 425

ﬁ 4000
375

Observation: Namo being the PM of India for consecutive term is a popular public
leader. These observations were made during one of the important parliamentary

decisions of his government. There were mixed reactions, ultimately the tweets in

Days

Fig 4.20: Variation in tweets

support increased over a period of days.
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Inference:

We observed the tweets collected for a week, we are able to see the order of average

sentiments observed over a week as:

Table 4.11 Comparison of average support for politicians

Arvind Kejriwal 45.34%
Narendra Modi 43.01%
Rahul Gandhi 33.41%

This data was collected over the period of elections in Delhi, and the data we analysed
shows a favourable support for Arvind Kejriwal. Eventually, Mr Kejriwal won the
electoral mandate with a popular support and formed the government in the state
assembly.

This shows that our data was successful in predicting the outcome to a great extent.
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2. Technology:
2.15G

Table 4.12 Variations of tweets for

one week Table 4.13 Mathematical Analysis
Day | Positive | Negative Positive | Negative
1 58.19 22.06 Average 49.27 22.31
2 40.32 2063 Std Dev 10.81 8.95
2 52 69 30.22 Min 29.99 11.62
5 48.21 33.17
6 29.99 11.62
7 55.22 17.68
5G
&0 4 — Positive

—— Negative

Sentiment %
&

=

0

10 4

1 2 3 4 5 B 7
Days

Fig 4.21: Variation in tweets

Observation: As we can see, the tweets opposing were less than the tweets made in
its support. Maximum generated tweets involve a maximum of about 60% in its

support, whereas, the tweets in opposition were about 11% in opposition on that day.
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2.2 Bitcoin

Table 4.14 Variations in tweets for a

week
Day Positive | Negative Table 4.15 Mathematical Analysis
1 43.12 11.68 Positive | Negative
2 48.56 15.20 Average 44.37 16.42
3 3088 | 20.98 StdDev | 7.54 3.93
2. 21.44
1 3846 | 1855 Max 52.69
Min 30.88 11.68
5 49,58 12.60
6 47.28 14.50
7 52.69 21.44
Bitcoin
—— Positive
50 {4 —— MNegative
40
g 30 4

Days

Fig 4.22: Variation in tweets

Observation: A type of cryptocurrency, Bitcoin has gathered popularity in past few
years as the currency of the future. It is quite a hype, and it can be observed by
looking at the support for it in the graph.
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2.3 Electric Vehicle

Table 4.16 Variations of tweets for

one week . ]
Table 4.17 Mathematical Analysis
Day | Positive | Negative — .
Positive | Negative
1 69.08 | 7.02 Average | 70.80 7.0
2 7219 8.12 StdDev | 753 2.31
3 55.88 2.63 Max 80.54 9.25
4 80.54 7.53 Min 55.88 2.63
5 74.17 9.25
6 70.45 5.47
7 73.28 8.98
Electric Vehicle
B0 { —— Positive
—— Negative
m{ —
EE' 4
1 50
2 o
b -
20
10 -W
|:| -
1 2 3 3 5 i )
Days

Observation: Due to pollution caused by the conventional vehicles, there is an

increasing trend in support for switching to electric vehicles. This trend is widely

Fig 4.23: Variation in tweets

discussed on social media platforms. The fig shows positive support to this idea.
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Inference:

From the daily analysis of these popular trends in technology, we observe an average

of positive sentiments for these upcoming technologies.

Table 4.18 Comparison of support for various technologies

Electric Vehicle 70.80%
5G 49.27%
Bitcoin 44.37%

It can be observed that among the upcoming technologies, the concept of Electric
vehicles is very popular. Other technologies are also trending and have gained good

support.
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3. COVID-19 Pandemic
3.1 #COVID-19

Table 4.19 Variations of tweets for
one week

Table 4.20 Mathematical Analysis

Day Positive | Negative
1 51.02 14.18 Positive | Negative
5 33.62 1757 Average 29.04 33.77
Std Dev 13.06 14.01
3 24.57 40.56
Max 51.02 52.15
4 17.25 45.29 Min 16.23 14.18
5 40.12 35.94
6 16.23 52.15
7 20.47 30.75
#COVID-19
—— Positive
50 1 —— Negative
45
40 1
:cf 35
E
5 4
20
15 4

Days

Fig 4.24: Variation in tweets

Observation: The pandemic has become a widespread issue of difficulties all over
the world, the countries have gone into long lockdowns. Therefore, we observe a

negative sentiment towards it over social media.
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3.2 #HelpTheNeedy

Table 4.21 Variations of tweets for
one week

Table 4.22 Mathematical Analysis

Day Positive | Negative
1 3189 2011 Positive | Negative
Average 33.13 14.65
2 35.80 16.80
Std Dev 5.75 4.22
3 30.16 12.08 Max 40.12 20.11
4 3214 1 1560 Min | 2310 | 845
5 23.10 8.45
6 40.12 11.12
7 38.67 18.42
#HelpTheNeedy
40 4 —— Positive
—— MNegative _'_
35
0
E: 2
A g
15 4
10 1
1 2 3 4 5 5 7
Days

Fig 4.25: Variation in tweets

Observation: The pandemic caused months long lockdown in economies, resulting in
a lot of trouble all over to the masses. The poor mostly who depend on daily wages
have been hit the hardest. Therefore, there was a trend to help the needy in times of

trouble.
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3.3 #Migrant

Table 4.23 Variations of tweets for

one week
Table 4.24 Mathematical Analysis
Day | Positive | Negative — .
Positive | Negative
1 17.00 1 40.00 Average | 1759 | 44.02
2 17.25 | 4112 StdDev | 159 2.97
3 15.22 35.48 Max 20.14 44.17
4 20.14 42.60 Min 15.22 35.48
5 18.95 39.45
6 17.77 44,17
7 16.80 37.36
#Migrant
1 — Positive
—— Negative
ol ——
35 4
- 25 4
20
_\_\_‘_‘_-_‘_\_\_\_\_‘_‘_'_‘—-—\_
15 1

Observation: Migrant labourers who have been hit hard, are unable to live in big
cities due to higher cost of living. Without a source of livelihood, they have started

shifting back to their native places, these migrants have been a topic of debate as

Days

Fig 4.26: Variation in tweets

becoming a possible carriers of coronavirus.
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3.4 #IndiaFightsCorona

Table 4.25 Variations of tweets for

one week
Table 4.26 Mathematical Analysis
Day | Positive | Negative — -
Positive | Negative

1 46.82 7.19

Average 53.70 6.55
2 48.20 | 4.52 StdDev | 554 1.34
3 60.22 8.65 Max 60.22 8.65
4 58.14 6.30 Min 46.82 4.52
5 55.23 7.14
6 49.07 5.36
7 58.25 6.75

#indiaFightsCorona

e

Sentiment %

20 1

8l 1 = Positive
—— Negative
50 A

Observation: Coronavirus has cause hardships to countries all over the world. In
India the doctors and other frontline corona warriors are giving their best to control its

spread. The users on social media have expressed their support for Indians fighting

the pandemic.

Fig 4.27: Variation in tweets

Days
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Inference:

COVID-19 which started from China has spread all over the world. It has taken the
form of a pandemic affecting lives worldwide causing hardships. The nations are
putting forward their best efforts to control it. Here we have analysed the response of

various issues related to this pandemic.

Table 4.27 Comparison of sentiments for issues related

to pandemic
#IndiaFightsCorona 53.70%
#HelpTheNeedy 33.13%
#COVID-19 29.04%
#Migrant 17.59%

We can clearly see that India supports its corona warriors and help its needy citizens

in this hour of need. There is a negative sentiment for the spread of coronavirus.
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CHAPTER 5: CONCLUSION

5.3.1 Conclusions:

This project presents an insight into a different way of analyzing various topics like
popularity and support for a leader or a business or a particular product. The social
media sites are quite popular as they empower a common citizen to express their
views. The businesses or political groups can benefit from this by analyzing the
sentiments of public over a demographic region or group of people on these social
media platforms.

Earlier the businesses relied on conducting surveys to gather a taste of the public and
launched marketing campaigns or products based on that information. This process
took a lot of time and was tedious. But using social media analytics has proved to
save a lot of time and are better in giving favourable outcomes in real time. Sentiment

analysis is one such field of analytics.

Through this project we have analyzed various trending issues, concerning majority of
population over different geographical regions. The project aims to provide the
subjectivity and polarity of tweets collected and performed sentiment analysis on this
gathered data.

5.3.2 Future Scope:

This project further be implemented with OS kernel to create a better user-interface.
Moreover algorithms implemented can be bettered by further improving the data
mining tools and objectivity of a particular tweet to give better result terms of polarity

and subjectivity.

5.3.3 Applications:

5.3.3.1 Political campaign strategy
5.3.3.2 Product launch

5.3.3.3 Trend Analysis

5.3.3.4 Most popular sentiments
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APPENDIX

Al. Computer Program

import sys,tweepy,csv,re
from textblob import TextBlob
import matplotlib.pyplot as plt

class Sentimenthnalysis:

def _init_ (self):
self.tweets = []
self.tweetText = []

def DownloadData(self):
# authenticating
consumerkey = "# Your key here
consumerSecret = "# Your key here”
accessToken = "# Your key here”
accessTokenSecret = "# Your key here
auth = tweepy.0AuthHandler{consumerKey, consumerSecret)
auth.set access_token(accessToken, accessTokenSecret)
api = tweepy.API(auth)

# input for term to be searched and how many tweets to search
searchTerm = input("Enter Keyword/Tag to search about: ")
NoOfTerms = int(input("Enter how many tweets to search: "))

# searching for tweets
self.tweets = tweepy.Cursor(api.search, g=searchTerm, lang = "en").items(NoOfTerms)

# Open/create a file to append data to
csvFile = open("C:/Users/hp/Desktop/8th SEM/Final/tweetstore.csv", 'a')

# Use csv writer
csvliriter = csv.writer(csvFile)

# creating some variables to store info

polarity = @
positive = @
wpositive = @
spositive = @
negative = @
wnegative = @
snegative 8

neutral = @

# iterating through tweets fetched

for tweet in self.tweets:
#Append to temp so that we can store in csv later. I use encode UTF-8
self.tweetText.append(self.cleanTweet(tweet.text) . encode( 'utf-8'))

analysis = TextBlob(tweet.text)
print("Tweet : {}".format(tweet.text))
print("Tweet\'s Polarity: {}".format(analysis.sentiment)) # print tweet's polarity

polarity += analysis.sentiment.polarity # adding up polarities to find the average later

44



# adding reaction of how people are reacting to find average later
if (analysis.sentiment.polarity == @):
neutral += 1

elif (analysis.sentiment.polarity > @ and analysis.sentiment.polarity <= 8.3):
wpositive += 1

elif (analysis.sentiment.polarity > 8.3 and analysis.sentiment.polarity <= 8.6):
positive += 1

elif (analysis.sentiment.polarity > 8.6 and analysis.sentiment.polarity <= 1):
spositive += 1

elif (analysis.sentiment.polarity > -8.3 and analysis.sentiment.polarity <= @):
wnegative += 1

elif (analysis.sentiment.polarity > -8.6 and analysis.sentiment.polarity <= -8.3):
negative += 1

elif (analysis.sentiment.polarity > -1 and analysis.sentiment.polarity <= -8.6):
snegative += 1

csviriter.writerow(self.tweetText)
csvFile.close()

# finding average of how people are reacting
positive wt = self.percentage(positive, NoOfTerms)
wpositive wt = self.percentage(wpositive, NoOfTerms)
spositive_wt = self.percentage(spositive, NoOfTerms)
negative wt = self.percentage(negative, NoOfTerms)
wnegative wt = self.percentage(wnegative, NoOfTerms)
snegative wt = self.percentage(snegative, NoOfTerms)
neutral_wt = self.percentage(neutral, NoOfTerms)

# finding average reaction
polarity = polarity / NoOfTerms

# printing out data

print("How people are reacting on " + searchTerm + " by analyzing " + str(NoOfTerms) + " tweets.")
print()

print("General Report: {}".format(polarity))

if (polarity == @):
print(“Neutral™)

elif (polarity > @ and polarity <= 8.3):
print("Weakly Positive™)

elif (polarity » ©.3 and polarity <= 8.6):
print("Positive")

elif (polarity » @.6 and polarity <= 1):
print("Strongly Positive")

elif (polarity » -8.3 and polarity <= @):
print("Weakly Negative™)

elif (polarity » -@.6 and polarity <= -8.3):
print("Negative")

elif (polarity » -1 and pelarity <= -8.6):
print("Strongly Negative™)

print()

print{“Detailed Report: ™)

print{str{positive_wt) + "% people thought it was positive™)
print{str{wpositive_wt) + "% people thought it was weakly positive™)
print{str(spositive_wt) + "% people thought it was strongly positive™)
print{str{negative_wt) + "% people thought it was negative™)
print{str{wnegative_wt) + "% people thought it was weakly negative™)
print{str(snegative_wt) + "% people thought it was strongly negative")
print{str{neutral_wt) + "% people thought it was neutral”)
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self.plotPieChart(positive wt, wpositive wt, spositive wt, negative wt, wnegative wt,
snegative_wt, neutral_wt, searchTerm, NoOfTerms)

def cleanTweet(self, tweet):
# Remove Links, Special Characters etc from tweet
return ' '.join(re.sub("(@[A-Za-z8-9]+)|([*@-9A-Za-z \t]) | (\w +:\ / N/ AS +)", " 7, tweet).split())

# function to calculate percentage

def percentage(self, part, whole):
temp = 188 * float(part) / float(whole)
return format(temp, ".2f")

def plotPieChart(self, positive, wpositive, spositive, negative, wnegative, snegative, neutral, searchTerm, noOfSearchTerms
labels = ['Positive [* + str(positive) + "¥]', 'Weakly Positive [' + str(wpositive) + "%]°,
‘Strongly Positive [ + str(spositive) + '%]°, 'Neutral [* + str(neutral) + "%]°,
‘Negative [* + str(negative) + '¥]°, ‘Weakly Negative [' + str(wnegative) + '¥]°,
‘Strongly Megative [' + str(snegative) + "%]']

sizes = [positive, wpositive, spositive, neutral, negative, wnegative, snegative]

colors = ['yellowgreen','lightgreen’, 'darkgreen’, 'gold’, 'red','lightsalmon’,’darkred"]

patches, texts = plt.pie(sizes, colors=colors, startangle=9@)

plt.legend(patches, labels, loc="best")

plt.title("How people are reacting on " + searchTerm + " by analyzing " + str(noOfSearchTerms) + " Tweets.")
plt.axis( equal’)

plt.tight layout()

plt.show()

if _ name_ == "_main__
sa = Sentimentfnalysis()
sa.DownloadData()
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