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Abstract

Twitter is the most well-known microblogging platform around the globe. It has been
one of the fastest-growing social network platforms and has a good position in the area
of microblogging. More than 500 million registered users post 340 million tweets every
day, sharing their thoughts and daily activities. Compared with typical microblogging
platforms. Meanwhile, various researches have shown that people tend to express their
emotions on Twitter. These tweets usually clearly express user behavior. The most
popular emotional analysis task in Twitter is the automatic classification of tweets into
sentiment categories such as positive, negative, and neutral. It does not give an idea
about user emotion. (e.g., sad, surprise, love). Therefore, our goal is to design an
emotion-based algorithm to analyze emotion. To develop an algorithm, we used a
dictionary of words for each emotion (lexicon approach). However, we used the
support vector machine and naive Bayes classifiers as machine learning. We have
shown that combining these methods provides 82%, 71% accuracy for support vector
machine, and naive Bayesian classifiers in the emotional analysis.
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INTRODUCTION

The development of social network platforms [1]-[3]
has given people a new way to produce and consume
a great deal of information on the web [4], [5]. People
used to acquire information from portal websites [6]-
[9]. Many websites provide a long list of topics
varying from politics to entertainment [10], [11].
These conventional online data sources are helpful
yet less useful because they regularly contain
redundant data. However, since the advent of online
social network platforms, people like to obtain
information from these platforms because of their
quick and efficient features.

These platforms are available for people to select the
source of information they are interested in. Besides,
a large number of social networking sites, such as
Twitter [12]-[14], Google+ [15], and Facebook [16],
provide their users with data. Twitter is the world’s
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most popular microblogging site [17]-[19]. It is also
the fastest rising social network site and has a healthy
place in microblogging. More than 500 million
authorized users post 340 million tweets every day,
share their opinions and everyday activities.
Compared to the usual microblogging sites, Twitter
messages are much shorter. You are only required to
post 280 characters or less in one Twitter message.
This makes it easier for people to get Twitter to a
critical point because of the large amount of
information available online. Depending on the needs
of users, Twitter users will follow whatever people
and sources of information they want. With all the
advantages listed above, Twitter has become a
powerful platform [20] with many details, ranging
from breaking news worldwide to buying goods at
home.
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The information streams on Twitter have witnessed
an unprecedented rise in the popularity of this social
network in the last few years. Users have a vast
amount of knowledge on various aspects. Not all the
details, however, is useful to users, and each user has
his or her interests and preferences. For consumers,
there is an urgency to provide customized services.
Nowadays, to support consumers, more and more
personalized services are offered. To make their fast-
paced lives more productive, people need this
customized service. A vast amount of information is
published each day on the Twitter website by users.
In the last few years, several features and techniques
have been researched with varying results for
sentiment classifiers on the Twitter platform [21],
[22], [31], [32], [23]-[30]. On Twitter, there are also
several other research studies relating to emotion
analysis.

Research problem

The message-level polarity classification is referred
to as the task of automatically classifying tweets into
sentiment categories. This problem has been
successfully solved by representing tweets from a
corpus of hand-annotated examples using feature
vectors and training classification algorithms on
them[33]. Not as much study has been carried on this
identify the polarity of the text in terms of emotion.
Classifying tweets in various forms of emotions is
one step ahead of classifying text based on sentiment
as emotions can be categorized as happy, sad, caring,
angry, surprised, etc.

In particular, this technology can calculate the public
mood of people in a society that can allow social
scientists to understand the quality of life of the
population. Measuring and controlling the living
standards and quality of life of a community is
essential to public policymaking. Quality of life can
be calculated based on various facets of life, including
physical, emotional, psychological, life satisfaction,
and employment. Methods that measure living
standards, however, fail to measure what people think
and feel about their lives [34].
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Research Objective
How to detect emotion from Twitter data?

Emotion detection in tweets is often a key topic in
Twitter studies. In previous works, various
approaches have been suggested. Much of this
emotion study is linked to the preparation of the
classifier for the classification of emotions. Instead of
seeking a new approach to detecting emotions on
Twitter, the study of emotions is based. The features
of Twitter are short and casual. To see users’ emotive
responses from Twitter messages for our approaches
of emotion detection should be carried out with the
aim of high accuracy to identify the emotional states.

LITERATURE REVIEW

Prabu Palanisamy et al. [35] have experimented with
a lexicon-based approach to the study of sentiments
on Twitter. It uses a lexicon that consists of words
with the respective sentiment scores of each moment.
The term is related to a single noun, phrase, or
language. The lexicon is based on Serendio taxonomy
and contains positive, negative, negation, stop words,
and representations where sentiment is defined based
on the presence or absence of words in the lexicon.
This strategy would separate tweets as positive and
negative. As a result of this analysis, it could be found
that this approach established a 0.8004 F-score of the
test data set used for this study.

Sushree Das et al. [36] completed a study to identify
stork marketing forecasting using real-time
sentimental data from Twitter. The data was taken
from Twitter based on a specific organization. In
order to do this analysis, this study focused on the
classification model. From the results of this analysis,
we could identify that model predicts high precision
stock marketing with sentimental data.

PING-FENG PAIl and CHIA-HSIN LIU [37]
accomplished a study to predict vehicle sales with a
Sentimental Analysis of Twitter data stock market
values. This study contains a multivariate regression
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model with social media data, stock market value, and
time-series data to calculate monthly vehicle sales.
Also, they have employed the Least squares support
vector regression models(LSSVR ) to assist with the
multivariate model. To forecast monthly sales, they
used hybrid data, sentimental tweets, and stock
market values. They used the naive base model, the
exponential smoothing model, Seasonal
autoregressive integrated moving average model,
Autoregressive integrated moving average model,
and backpropagation neural networks for time-series
data. The result of this study provides more accurate
vehicle sales predictions than any other system.

Bing Liu [34] demonstrates that the corpus-based
approach can be made in two ways. The first method
IS recognizing opinion words and their polarities in
the subject area corpus utilizing a given collection of
opinion words. Another technique is building a new
dictionary inside the specific subject area from
another dictionary using a domain corpus. The
discoveries suggest that regardless of whether
opinion words are field dependent, it can happen that
a similar word will have inverse orientation relying
upon the context. The research done by
Hazivassiloglou and McKeown [38] is famous in the
literature about the corpus-based technique.

An unsupervised method for sentiment classification
of movie reviews was applied by Rothels &
Tibshirani [39]. Zagibalov & Carroll [40] proposed a
way to classify the Chinese text as the fundamental
idea of using positive words retrieved from the
document. Zagibalov & Carroll enriched the list of
positive seed words through iterative classification.
Through the inspiration of their process, Rothels &
Tibshirani also composed an initial seed set. The text
of the document is classified into zones by separation
of a piece of text by punctuation characters.

“An easy way of measuring the difference between
positive and negative terms and marking it according
to the sign of the difference.”Taboada and Thelwall
have suggested more complex aggregation functions,
including negation rules and opinion shifters[41].
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A typical way is to construct the problem as a
managed learning problem. The fundamental idea
behind this approach is to train a function that can
evaluate the feeling of an intangible text by means of
a corpus of sentimentally marked documents. Pang,
Lee and Vaithyanathan [42] were trained by film
reviews of the Internet Movie Database (IMDb) in a
bilateral (positive/negative) classification. They used
features, including unigrams, bigrams and part of
speech tags and algorithms for learning: including
vector support machines (SVM), maximum entropy
classification, and naive bayes.

METHODOLOGY

This study is divided into three parts: collecting
tweets, Data analysis, and Emotional analysis.

1. Collecting Tweet

Users need an app to communicate with the Twitter
APl to connect Twitter data on a programmatic
ground. The Twitter APl consists of two main
divisions in general context, namely REST and
streaming APIs, respectively. The REST APIs have
programmatic access to Twitter-read and write data,
such as the latest Post, the profile of the author and
the followers, and more. The REST API recognizes
Twitter applications, and OAuth users and answers
are available in JSON format.

The streaming APIs constantly provide new
responses in long-term HTTP connection to REST
APl requests. On the other hand, in order to
get updates to the recent Tweets which match your
search query, stay tuned for user profile updates, and
etc. Streaming APIs provide low latency access for
developers to Twitter’s global Tweet info stream.

Authentication
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myExampleTwitterAppO1

Application Settings

Application Actions

Regenerate Consumer Key and Secret Change App Permissions.
Figure 1: Twitter App

Twitter uses OAuth to provide authenticated access to
the API. OAuth can be used for two main reasons:
safe and standardized, respectively. Being secure
means that accounts are secure because we do not
need to share accounts with third-party applications.
On the other hand, since it follows the standard, there
are many examples and libraries to understand this
topic. In general, there are two forms of
authentication. The most common form of resource
authentication in a Twitter OAuth 1.0a application is
user authentication and application-only
authentication. Signed requests identify the identity
of an application in addition to the 1D associated with
the granted permission of the end-user whose
application makes the API call represented by the
user’s  access token. An  application-only
authentication is a form of authentication that an
application performs its API request without a user
context. Although API calls still have rate limits for
each API method, the pool that each method retrieves
belongs to the entire application, not per user limit.
For APl methods supporting this form of
authentication, the document contains two rate limits
per user (for application user authentication) and
application by application (for application-specific
authentication). Because some methods require a user
context (for example, only a logged-in user can create
a Tweet, a user context is required for that operation),
and all APl methods support application-specific
authentication, There is none.

It is necessary to prepare a Consumer key and
Consumer secret (APl secret) in order to obtain a
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response from Twitter. With the creation of an app in
the development area of Twitter, which is able to react
with the consumer key and the consumer secret.

Tweepy API

import tweepy
from tweepy import OAuthHandler

consumer_key = 'YOUR-CONSUMER-KEY'
consumer_secret = 'YOUR-CONSUMER-SECRET'
access_token = 'YOUR-ACCESS-TOKEN'
access_secret = 'YOUR-ACCESS-SECRET'

auth = OAuthHandler(consumer_key, consumer_secret)
auth.set_access_token(access_token, access_secret)

api = tweepy.API(auth)

Figure 1: Tweepy API

Tweepy makes it easier to use the Twitter streaming
API by handling authentication, connection, creating
and destroying the session, reading incoming
messages, and partially routing messages.

2. Data Analysis

When tweet data has been obtained from Twitter, it
must be prepared for review by deleting unnecessary
pieces of data such as images, icons, digits, and links
into that data.

Figure 1: Twitte Data with Noise

So, we had to clean it. In general, the steps required
for text preprocessing depend on the requirements or
applications of interest. Here, tweets are preprocessed
to analyze emotions. Unlike other text documents,
Twitter is a domain for flexibly expressing messages
and comments freely. For Twitter status updates and
tweets, several attributes are identified. The
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maximum length of a Twitter message is 280
characters, including user comments, hashtags,
URLs, etc. The frequency of elongated words, slang,
acronyms, and emoticons is much higher than any
other domain.

e Sr1 Lankan Assoclation 1n Geneva\nhttps://t.co/5yUHMphmi

1 done. Awes:
Beautiful

nd fast. Unacceptable if the girl or her mother or her family
h fancies himself as a 50 over batsman too these day I see. Ge

4
off th Cotno s

Figure 1: Remove Url

Removing Links/URL

The tweet includes the direction to the URL.
Embedded URLs are usually used to provide a source
of detailed descriptions of the content that is listed in
the text. However, in our approach, to analyze the
feelings of the tweets, the description of the web
content is not taken. Accordingly, such web direction
is removed from the tweets by identifying such
patterns.

Removing emojis

=,
S (9 65 6D 30) 6 (G5

(~ &= o) = ~ ';)..j' =) @
e Suw
LFPIAS ¢ LQE
VOVWyRIFL &

Figure 1: Emoticons

We need to remove emojis and punctuations because
they were not needed in our analysis. We removed
them because when they were being extracted, they
appeared in square boxes instead of proper
emoticons.

Converting all Tweets into Lower case

for further transformation and
without worrying about data
This function solved the case

This allows
classification
inconsistencies.
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sensitivity problem by converting all alphabets with
lowercase letters and making all data consistent.

Split by Whitespace and Remove Punctuation

In general, text data is just a set of characters at an
initial stage. Every process of text analysis requires
words that are available in the dataset. This process is
straightforward, as the text is already saved in a
machine-readable format.

Filter Stopped words

Stopwords
a it these
about its they
again itself this
all just those
almost kg through
also km thus
although made to
always mainly upon
among make use
an may used
and mg using
another might various
any ml very
are mm was
as most we
at mostly were

Figure 1: stopwords

Stop words are words that are generally considered
useless. Since most search engines ignore these
words, it is common to significantly increase the size
of the index without improving accuracy or recall.
The NLTK comes with a stop word corpus that
contains a list of 128 English stop words.

Convert words into the base form
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day , congratulations.. , michelle , inspir
‘th.. 'sing{
'loyalty', "I

‘game’,

'people’, 'achieve', ‘'dream', 'started’,

, 'getting', 'involved', 'competition’,
‘faith', 'pick’,
ivilege', 'host’,
, fun', 'home’,
u..', 'billy’, 'graham’,
*kid”- “Job’ .
‘celebrate’,
'believed’

‘time', ‘'watch’,
‘cmdr', ‘dan’,
‘tonight’,
‘'wa',

‘doesn’, 'm{
‘fellow',

‘want..', 'yo

‘cnossen’,
‘michelle’,
‘humble’,
"happy’,
‘occasion’,
‘efforts..',
‘help’,
‘scholarship’,

‘servant’', 'p

‘caring’, ‘hon..", ‘valentine’,

'barackobama’, 'dedicating’,

'america’, 'p{

d', 'rallying’,
‘jahkil®,
‘nfl’,
, 'volunteer',

>

*jackson', 'mission’, 'homeless'’
‘fund’,

'opportunity’,

>

‘game’ 'season’ ‘char
4 ’ >

'hurricane’, 'har..’,

‘barackobama’, 'amp

, 'holida
'sameach

, 'hall’

eeper', 'watch', 'psa’,

‘joy', 'peace’,
‘family"', °
‘hosted’,

', 'wish', 'you',
ppy ', 'hanukkah',
‘obamafoundation’,

‘obama’,

‘watch’,

Figure 1: Cleaned Data

There are various changes to the text operation. We
need to deal with different forms of the same word
and let the computer understand that these different
words have the same basic form. For example, the
word singing is displayed in many forms, such as
songs, singers, songs, and singers. These are the same
things. Humans can quickly identify these primary
forms and derive contexts.

Extracting these primary forms is very useful. It can
extract useful statistics to analyze the input text.
Obstruction is a way to achieve this goal. The purpose
of stemming is to reduce different forms of words into
common necessary forms. This is a heuristic process
that cuts off the end of a word and extracts the basic
shape.

grouchy scared divine

bitter vulnerable brave
wicked apprehensive lovely
smothered skeptical calm

rude doubtful fab
irritated shook trivmphant
pissed strange faithful
insincere hesitant energized
tortured agitated fearless
fuming distressed contentment
envious distraught engeged
mad panicky innocent
angry distrusting pleased
savage uneast keen
infuriated worried ecstatic
vicious inhibited talented
dangerous unsure excited
violent desperateterrified bouncy
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3. Emotional analysis

Preprocessed
twitter data

vectorizing using
bag of words

model
Emotion
T Label
o y \ T
Training Vectorizing
Trained model + datawith | using bag of  |«——

classifiers words model !
List of
i words

Figure 1: Proposed Research Model

The above diagram in Figure 8 shows a clear idea of
the process we used to do the emotion analysis.
Combination of the lexicon approach, machine
learning, and a bag of words model. All the steps we
follow for emotion analysis in the above diagram
described below.

Training data

six categories of emotion are used to analyses twitter
(anger, fear, joy, love, sadness, surprise)as; the first
step. Words are listed for each category. The below
diagram is displayed that.

SURPRISE.tet - Notepad -

¢ d File Edit Format View Help
love sad curious
honey unhappy surprise
baby Iero omg

lust terrible amazed
naughty despairing amazing
horny disheartened tricked
flirty lethargic stunned
romantic deprived curlous
attracted pained impressed
hot dismayed weird
amorous stupid dazed
slutty drained shocked
longing useless strange
nostalgic sympathetic funny
affection whiney surprised
passionate burdened overwhelmed
admired neglectful ludicrous
generous unattractive enthralled

Figure 1: Lexicon 1 & Lexicon 2

Machine learning algorithms cannot work with the
raw text directly. The text must be converted into

Published by: The Mattingley Publishing Co., Inc.
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numbers. Specifically, vectors of numbers. Then we
use the bag of words model to vectorizing the training
data. Python code that displayed below.

count_vect = CountVectorizer()
train_vectors =count_vect.fit_transform(train_data)

Figure 1: Python Code

Bag-of-Words Model approach

{'alleviation': 10, 'amusement': 13, 'animation": 15, 'bliss": 32, 'charm": 36, 'charming': 37,
‘cheer': 38, 'cheering': 39, 'comfort': 41, 'delectation": 52, 'delight': 54, 'diversion': 69, 'ecstasy':
77, 'elation': 78, 'exultation": 82, 'exulting": 83, 'felicity: 88, 'festivity': 89, 'frolic’: 96, 'fruition":
97, 'gaiety": 98, 'gem': 99, 'gladness": 102, 'glee': 103, 'good": 107, 'gratification': 109, 'hilarity":
117, 'humor': 122, 'indulgence': 129, 'jewel': 133, 'jubilance’: 135, 'liveliness": 140, 'luxury": 150,
'merriment’: 154, 'mirth": 156, 'pride’: 186, 'proude': 189, 'prize': 187, 'rapture': 192,
‘ravishment': 194, 'refreshment': 195, 'regalement: 196, 'rejoicing': 197, 'revelry': 201,
‘satisfaction": 203, 'solace': 216, 'sport': 220,}

Figure 1: Words to vector representation

The bag-of-words model is one of the most
straightforward language models used in NLP. It
makes a unigram model of the text by keeping track
of the number of occurrences of each word. This can
be used for Text Classifiers. In this bag-of-words
model, we only take individual words into account
and give each word a specific subjectivity score. The
bag-of-words model is a way of representing text data
when modelling text with machine learning
algorithms. The bag-of-words model is simple to
understand and implement and has seen great success
in problems such as language modelling and
document classification.

[[0DOO0 ... 10 0]
[010...000O0]

[0OO .._.0O0O0]
[OO]l ....00O0]
[LOO.._.010]

[00O0...001]]

Figure L:binary representation of
training data

Classification Algorithms
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Grouping instances of datasets has long been the
focus of machine learning. This problem is
considered a classification problem if the category
aiming to be instantiated known in advance. At the
heart of the classification problem are tested datasets,
training data sets, and classifiers. The training data set
consists of instances where class information is
available beforehand. This information can not be
used with the reverse test data set. The classifier is an
algorithm that models a training set to infer the class
label of the instance in the test set. In the modelling
process, the classifier makes use of the observable
features of the instance.

There are several kinds of classification algorithms.
Some differences come from feature space modelling
in the reasoning process. Some classifiers use linear
prediction functions, but other classifiers use
nonlinear prediction functions. There are binary and
multi-class classifiers. The binary classification task
contains only two classes. Some of the multi-class
classifiers are derived from binary classifiers, but
some are inherently multi-class. Some classifiers
generate trust values with possible class labels, but
not others. In this paper, several kinds of
classification algorithms are used. The Bayesian
classifier is selected because it gives the probability
that the instance is in the class. The SVM is chosen to
utilize both linear and nonlinear models. As nearly a
multi-class classifier, k-NN using instance similarity
IS chosen.

Result and discussion

We used 100 Twitter profiles to verify the algorithm
for this analysis. These are the few Twitter profiles
we used for analysis, and the result got from using
SVM and Naive Bayes classifiers

Table 1. Result of Twitter profiles

SVM Naive Emotion
classifier Bayes check
classifier By hand
17708
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Kumara

love love love
Sangakkara
Bill gate surprise anger surprise
Donald j

sadness anger sadness

trump
Barack

love love love
Obama
Britney

love love love
spears
Emma

love love sadness
Watson
Justin love “ i
Bieber 10y 10y
Katy Perry love love love
Lady Gaga love love love
Pitbul love love love
Rihanna love love love

Predicted class
Class = Yes Class = No
Actual Class Class = Yes True Positi
Class = No True Negative

Figure 1: Evaluation Model

There are some dissimilarities between actual and
predicted. Accuracy is measured from the result we
got. Performance is calculated as the following
equations.

Accuracy = (TP+TN) /(TP+TN +FP+FN)
Precision = TP /(TP + FP)
Recall = TP /(TP + FN)

In which TP, FN, FP, and TN refer respectively to the
number of true positive, the number of false negative,
the number of false positive, the number of false
negative.

Table 2. Classifier-based result

SVM classifier Nawse _Bayes
classifier
accuracy  0.818181818182 0.727272727273
precision  0.767676767677 0.647727272727
recall 0.818181818182 0.727272727273
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Classifying tweets into separate emotional classes is
a challenging task. As mentioned, many tweets
present more than one emotion. We strongly believe
that this would allow us to have a more accurate
description of the emotions in the tweet and solves the
main issue that we encountered in this work. To
accomplish the task, we used the bag-of-words
model. It creates a vocabulary of all the unique words
occurring in all the tweets. It helps to identify overall
emotion in the Twitter profile. However, we train a
classifier from a list of words in a particular domain
area (sad, surprise and etc.). Ghiassi et al.[26] showed
how a hybrid classifier might take advantage of
multiple sentiment analysis approaches and how they
perform in a Twitter dataset. This method can be used
to classify any category you prefer. Improvement
may have needed in this study for not adding
emoticons to analyze the emotions. Sometimes
Twitter users express their feelings through
emoticons. It would be corrected in the future. In this
research, we used a limited number of words list of
each domain area. By increasing the word list, we can
achieve higher accuracy. This research showed the
performances of SVM and naive Bayes classifiers.
According to that, SVM has greater accuracy. Other
classifiers did not test in this study. In the future, it
must be tested to identify the best.

CONCLUSION

Twitter is the most well-known microblogging
platform in the world. It is also the fastest growing
social network platform and has a good position in the
area of microblogging. More than 500 million
registered users post 340 million tweets every day,
sharing their thoughts and daily activities. Besides,
many studies show that people tend to express their
emotions on Twitter.

The final results of the research were fairly positive.
we have done the classify the six basic emotions for
using SVM and naive Bayes classifiers.it gives
81%,72% accuracy respectively. The rates obtained
as sensitivity and specificity are acceptable.
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Incorporating the information encoded in emotion

lexicons,

mainly domain-specific lexicons, can

drastically improve the accuracy of the proposed
emotional analysis. According to that result, SVM is
the best classifier for emotional analysis for this

approach.
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