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ABSTRACT

Due to the exponential enhancement in the Internet usage and replacement of public
opinions, Sentiment Analysis becomes an important process in today’s life. Sentiment
Analysis is a process of extracting information from opinions generated by the users.
Twitter is a micro-blogging platform which provides a tremendous amount of data
which can be used for various applications of Sentiment Analysis like predictions,
reviews, elections, marketing, etc. The thoughts or opinions of other people provide
information that helps in decision making process. But, Sentiment Analysis is a
challenging task because it is very difficult to find the exact sentiment from text as there
are so many challenges like entity identification, subjectivity detection in performing
sentiment analysis.

The project work carried out in the dissertation is focused on Rule based sentiment
analysis. Python is simple yet powerful, high-level, interpreted and dynamic
programming language, which is well known for its functionality of processing natural
language data by using NLTK (Natural Language Toolkit). The goal of this dissertation
is to classify twitter data into sentiments (News, Personal, Opinions and Entertainment)
by calculating weight of each word and the words with highest weights are selected as
features which will be then compared to the rest of the words in order to find the most

suitable category for Punjabi Tweets.
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Chapter 1

Introduction

User-generated content is a vital source of information to determine the sentiment or
opinion of people on services. Better connectivity, high computational and user-friendly
technology has led to wide spread use of online journals, forums, electronic news and
the social networking platforms like Facebook and Twitter. Currently, opinions have
been made on all fields at different blog forums and other social networks. Thus data
mining and identifying user emotions, wishes, likes and dislikes is a vital task that has
attracted research community from last decade. Sentiment Analysis (SA) or Opinion
Mining (OM) is estimation study of user's opinions, behaviors and sentiments
concerning an entity [1]. SA is a classification task which classifies input data into
different classes or categories. There are two types of classification:
 Binary classification: classifies input objects into one of the two classes,

like whether the movie review is positive or negative.

e Multi-class classification: classifies input objects into one of the multiple
classes. For example, classifying news into different classes such as sports

news, agriculture news, political news, business news.

As compared to binary classification, which requires piercing between the two

classes, the multi-class classification is a more challenging task [2].

SA is an important Natural Language Processing (NLP) task to determine the
sentiment of the text as is the best way to understand the text used. Research on
SA has been investigated from different perspectives. The most popular aspect is
to categorize these studies into three different levels which are document level [41],

sentence level [45], and entity and aspect level, also known as phrase level [46].



Different techniques applied for SA are broadly classified as supervised learning,

unsupervised learning and Rule-Based learning.

Supervised learning is defined as a task of deriving a function from labelled training
data, which can be used for mapping new data [62]. It is fast and accurate as compared
to unsupervised learning which derives a function using unlabelled data to find the
hidden structure. But building of proper training and testing set is a crucial task for
supervised learning. Unsupervised learning can be used to group together the input data
into classes depending on their statistical properties. SA performed by using

unsupervised approaches is done by comparison.

In this dissertation, supervised rule-based learning for SA of Punjabi tweets is
implemented. In this technique, the data space is formed with a bunch of rules here [51].
The left side depicts a condition applied on the feature set while the right side shows
the class category. The conditions are applicable on the term presence. Term absence is
hardly used as it is least descriptive. There're a variety of criteria available for
generating rules. The training phase builds all the rules depending on these criteria. The
most common criteria are support and confidence [48]. The Support is defined as the
number of items in the training data set which are relevant to the rule. The Confidence
points to the conditional probability that the right side of the rule is fulfilled if the left
side 1s fulfilled.

Confidence criteria of Rule-based learning for SA is used in this dissertation. Vector
Evaluation Method for SA has been used to carry out this work. In this method, the
weight of each word of each data is calculated. Weight is calculated by multiplying the
Term Frequency (TF) and Inverse Term Frequency (IDF) of each word. The words
having highest weights are selected as features. Combination of rule-based learning and

Vector Evaluation method has been used for SA.

Since the available text is in the unstructured form, there is a need to convert this
unstructured data into structured data. It can be done by finding word frequency of the
labelled document, weighing each word using TD-IDF scheme or by using Bag-Of-
Word model.



TF-IDF model: This technique is used to weigh every feature of the text
document [3]. ‘TF" refers to the Term Frequency of a word, i.e. the total sum of
the number of occurrences of a particular word in a document. But TF by itself
has some short comings. For example, if the documents are about "Google
search algorithm", the term ‘Google’ is very likely to occur multiple times. The
emphasis of the document is not about the company Google but the search
algorithm they employ. Hence, to reduce the effect of the word Google, IDF
(Inverse Document Frequency) comes in action. Document frequency (DF)
refers to a number of documents in the collection that contain a specific word.
Higher the value of DF, lower the importance of the feature. Equation 1.1
depicts IDF for a feature is calculated as follows::

IDF = log (N/DF) (1.1)
Here ‘N’ refers to the total sum of documents in the corpus. TF-IDF score

for a feature is calculated as shown in the following equation 1.2:
TD — IDF = TF * IDF (1.2)

Bag-Of-Word model: It involves breaking down the text into words. Each
broken word represents a feature. This process is also referred to as
‘Tokenization’. A group of features extracted forms a feature vector for the
document. There are several ways to prune this vector because this vector
becomes too large. Techniques like stop word removal and stemming are
applied most commonly. Stop word removal includes removing words
which have insignificant value to the document. Stemming is the process
for reducing derived words to their stem, base or root form — generally a
written word form [5]. But BOW model does not return accurate results as
it may contain some features which are least. Also it has dimensionality
issue as the total dimension is the size of vocabulary and it doesn’t consider

the semantic relation between words.

Word Frequency: The frequency or number of occurrences of each word
in the collected corpus is calculated. The words with highest frequencies

are selected as features.



1.1 Need for Sentiment Analysis

1.1.1

1.1.2.1

1.1.2.2

1.1.2.3

Business intelligence [6]: SA helps in business as it automatically
evaluates online products and review services. The information in customer
reviews is of great interest to both the companies and consumers.
Companies spend a huge amount of money to find customers' opinions and
sentiments, as this information is useful to exploit their marketing-mix in
order to affect consumer satisfaction. Moreover, online opinions clearly
influence the reputation of the company. Thus, SA is becoming an
important component of Customer Relationship Management (CRM)
solutions.
To perform different NLP tasks [7]: SA would help in following NLP
tasks:
Question Answering: Interests in sharing questions/answers through
the Community Question Answering (CQA) systems, such as Stock
Exchange, Yahoo! Answers have been increased, so predicting the best
answer in such systems can be a challenging task. One of the vital
challenges in selecting the best answer is to extract informative features
which represent the problem definition good enough.
Summarization [9]: Summarization is a task of reducing the text
content of a document without the loss of its meaning. SA is already
being used in various domains for analysis of large scale text data
interpretation and opinion mining. SA is often applied to text reviews,
news, twitter data or other voluminous text data. Its primary task is to
assign a positive, negative and sometimes neutral sentiment to each
word of a sentence. In sentiment based summarization there is no
requirement of deep semantic analysis [8].
Information Extraction [10]: Automatic document sense/information
extraction is considered to be among crucial problems of NLP. It is
proved to be competitive with other previously developed
summarization methodologies. Information Extraction is supposed to

recognize the sentiment expressions of the specific subject such as a



person, a product or a company and then to calculate the sentiment and

the validation of them.

1.2 Sentiment Analysis Applications

Researches indicate that people believe on the opinions of other people that exist

outside their social network account, for example, online reviews. Here SA comes

into play. Some of the applications of sentiment analysis are:

1.2.1

1.2.2

1.2.3

1.2.4

Disaster relief: Many natural disasters all over the world have killed
people and affected lot of human lives worldwide. Hence there is a critical
need to use a mechanism to best allocate investment for prevention,
preparedness, response, and recovery to enhance safety and reduce the cost
and social effects of emergencies and disasters. Social media helps to keep
informed, locate loved ones, express support or notify authorities during
emergencies and disasters. Due to huge popularity and diverse areas of
discussion of social media, it has been used recently as a tool for first
responders those who provide first-hand aids for disaster relief and crisis
management. [59]

Public opinion polls: Data on public opinion can be used to determine
public awareness, to predict outcomes of various events and to infer
characteristics of human behaviors. Indeed, readily available public opinion
data is valuable to researchers, policymakers, marketers, and many other
groups, but is difficult to generate. Twitter has proved to be a boon for many
research enterprises. For example, polling results of various political parties
such as BJP, Congress and AAP can be depicted [54].

Emotions in novels and fairy tales: Book texts, such as novels, fairy tales,
fables and epics have long been channels to convey emotions, both
explicitly and implicitly. SA can be used in tandem with effective
visualizations in order to quantify and keep a track emotions in both
individual books and across very large collections. Large word emotion
association lexicon can be used to create a simple emotion analyzer [56].
Financial Markets: There are numerous news items, articles, blogs, and

tweets about each public company. An SA system can use these various



sources to discover articles that discuss the companies and aggregate the
sentiment about them as a single score. It can then be used by an automated
trading system. One such system is The Stock Sonar
http.//www.thestocksonar.com. This system (developed by Digital Trowel)
graphically shows the daily positive and negative sentiment about each

stock alongside the graph of the stock price [12].

1.3 Challenges in Sentiment Analysis

Some of the challenges while performing the SA are as follows [13]:

1.3.1

1.3.2

1.3.3

Disorganized Data: The data on the Internet is very unstructured, there
are different forms of the data talking about the same entities, persons,
places, things and events. The web contains data from different sources for
example from books, journals, web documents, health records, companies
logs, internal files of an organization and even data from multimedia
platforms comprising of texts, images, audios, videos etc. The diverse
sources of the data makes the analysis more complex as the information is
coming in different formats.

Noise (slangs, abbreviations): The content on the web is very noisy. In
today's era of 140 characters texting, for their ease people use various
abbreviations, slangs, emoticons in normal text which makes the analysis
more complex and difficult.

For example, ‘mvie ws awsummm :D’

The web content reports a large number of spelling variations for the same
word. Example, a word ‘awesome’ can be found in various forms such as
‘awsum, awssuummm, awsome'. The repetition of the characters can be in
any combination.

Sarcasm Detection: ‘Sarcasm’ is defined as a bitter, hurtful or cutting
expression or remark; a bitter jibe or taunt is usually conveyed through
irony or understatement [14]. It's a hard for human beings to interpret
sarcasm, and more difficult task is to make a machine able to understand
same. If there is not a presence of any sentiment bearing words, sentence

may have an implicit sentiment [15]. For example:



'One should question the strength of mind of the writer who had written this
book.’
The above sentence do not have any word that has negative sentiment but
it's a negative sentence.

1.3.4 Contextual Information: Identifying the type of the text is an important

challenge to emphasis on. Consider the following examples:

1. ‘The journey was long.’

2. ‘Presentation was long.’

3. ‘Battery life of Apple i-phone is long.’
In all the examples, meaning of long is same which is indicating the duration
or section of time. In (1.) and (2.) ‘long’ express the broadness, hence it is a
Negative sentiment; on the other hand in (3.), ‘/long’ depicts the efficiency

thus it's a Positive sentiment.

It's clear that a word with same meaning can possess multiple usages by
depending upon the context. So, it is important to detect the context in order

to find the subjective information in a text.

1.3.5 Word Sense Disambiguation(WSD): A word can have multiple meanings
and the polarity of a word also changes depending on the sense of its usage.
For example, word ‘good’ has 21 adjectives, 4 nouns and 2 adverbs whose
polarity changes with respect to the sense it is used. It is mentioned in

following figure 1.1 :

Sense Fart . Polarity Scores Meaning
Speech ;
good-1 Adjective Pos-1 Obj-0 Neg-0 morally admirable
sy Pos-0.375 Obj-0.5 not left to spoil; “the
d-2 Adjectiv o
Bee Lt Neg-.125 meat 15 still good”
—_t S Pos-0 Obj-1 Neg-0 commodity/articles of
commerce]

Figure 1.1: Multiple senses of word “good”



1.4 Sentiment Analysis(SA) of Short Text

SA involves in analysing the emotions, feelings and the behaviour of a writer
from a given text. Sentiments are considered as the expression of our emotions
and thoughts which can be subjective and objective in nature. Subjectivity
means that the text contains opinionated content while Objectivity depicts that
the text is without any opinions. Some examples of subjective and objective
level are:
e Subjective: This movie by Aamir Khan and Kajol is superb.’
This sentence has an opinion, it talks about the movie and the user's feelings
about the same, "superb" and hence it's subjective.
e Objective: ‘This movie stars Aamir Khan and Kajol.’
This factual sentence or a normal information instead of an opinion or a view of
an individual and therefore its objective.

It's mandatory to distinguish between the subjective opinions and objective facts.

SA helps to determine the entities and subject from text towards which sentiment is
pointed. Everyone share their information and thoughts on social networking sites,
blogs and web-forums. Sometimes it becomes hard to perform SA because of the
primary reason of data sparseness. Some of the short text messages or tweets might not
contain any sentiment or emotion which later becomes quite difficult for selection of
features during feature selection process. In this work, short text used are from Twitter

known as ‘tweets’. The size of tweets is maximum 140 characters.

1.5 Overview of Twitter

“Everyone will be tuned into everything that's happening all the time! No one will be
left out ““. These were the lines published by Robert Dennis Crumb, an American artist
and an illustrator in the 1960's [16]. Although this was published in a cartoon, this is no
longer a vision of the future. Thanks to Jack Dorsey, Twitter originated in 2006 making
these cartoon lines a reality.
1.5.1 About Twitter[21]

Twitter [17] is a social networking site which allows people to micro-blog

about a variety of topics. Microblogging is defined as ‘a form of blogging



that lets you write brief text updates (usually less than 200 characters)
about your life on the go and send them to friends and interested observers
via text messaging, instant messaging (IM), email or the web’. [18]. Twitter
helps users to connect with other Twitter users around the globe. The
messages exchanged via Twitter are referred to microblogs because there
is a limit of 140 character foist by Twitter on every tweet. This allows the
users to present any information with only a few words that may or may
not be followed with a link which gives more detailed information.
Therefore, messages of Twitter, called as ‘fweets’ are usually concentrated
upon. Twitter is identical to Short Message Service (SMS) messages which
are exchanged through mobile phones and other hand held devices. The
limit of 140 character has also spurred the usage of shortening services of
URL such as bit.ly and content hosting services to accommodate content
involving multimedia and text greater than 140 characters [19]. Other social
platforms like Facebook [20] and Orkut [24] introduced the idea of ‘Status’
before Twitter came into existence. But Twitter took a step forward and

made these ‘statuses’ sharable among people since its creation.

5] Tiips//twitter.com & W Search w e

@ Home L) Notifications §Mcsszgﬁs L J Search Tuitter Q : m

a8 What's happening? Who to follow - 7

China Xinhua News & @

DII_IITDDSAN—JHQ @diljitdosanjh - 5m e @ Foliow B Promoted
Love My Fans %%

Mehak Katnoria g

@MWehakKatnoria

ﬁ Alia Bhatt & @aliaa08
'

Follow

a Gippy Grewal & @igippy
Follow

Find people you know

Tweets Following Followers

0 8 1

Trends -t
#OPPOxSpiderMan

Tweet with #OPPOxSpiderMan & win
amazing gifts.

B Promote

#Modilnisrael

#indialsraelFriendshi " "
O i o T i Live video

#INDVSL
#PhirSeBachpan
#HuntForJudwaas
#Swag

Rs 552

#Fidaa
#ARQRevolution

Narendra Modi & @narendramodi - 10m v

Figure 1.2: Home Page of a Twitter user

Although, Twitter is termed as a social networking website, it has the
flavour of a personal log instead of a platform to communicate with other

17



1.5.2
1.5.2.1

1.5.2.2

people. With the rise in popularity of Twitter, it changed its focus to
uncover what is happening around a user or where are they, anywhere in
the world. The need to use Twitter has changed from recording one's own
thoughts to a wider domain. Like users now have become news reporters

and can re-tweet someone's else tweets.

Concepts in Twitter
Users: A Twitter user is a person or a system who shares/writes,
messages called tweets. These tweets by default are public to any user
until and unless the author specifically sets it to be private. All users
have a unique user name and user id. User A can start writing tweets
but other users will not be able to read them because the user does not
have any followers yet. When A identifies another user (say 'B') to
follow, his tweets are visible to B. Consequently, A becomes a follower
of B. Thus, B becomes a friend of A. However, friendship need not be
two-way. It is possible that A is not a friend of B if B does not follow
the tweets of A. So an asymmetrical relationship exists among different
users of Twitter. Twitter has also imposed a limit of 2000 friends for

every user but there are no limits on the number of followers.

Tweet: A tweet is a Twitter message. It is short message since it is
restricted to be within 140 characters by Twitter. This enforces the users
to be concise in what they have to say. This is the reason why users use
word shortenings (E.g.: "fr"-for, "cud"—could) and abbreviations.
Interestingly enough, there is a rich and well understood set of
abbreviations which is surprisingly consistent across user groups, and
even across other electronic mediums such as SMS and chat rooms [22].
Twitter is also a challenging medium since users want to convey all
they have to say within 140 characters, they could also make spelling
mistakes and tweets can be prone to syntactic errors. Most of the times,
users usually provide links to external resources when they cannot
convey the complete information within 140 characters. These URL

links to text, audio or video files are referred to as ‘Artifacts’.



1.5.3 Special Characters of Tweets

1.5.3.1

1.5.3.2

1.5.3.3

Referring to another user: In order to refer to another user within a
tweet, " @" symbol is used followed by the intended user name. When
a user refers to another user at the beginning of a tweet, the tweet
becomes a "'Direct Message (DM)". DM are those tweets which are
public yet designed as a correspondence among two users of the system.
Twitter provides the provision to view only direct messages intended to
the user. This ensures that these messages which usually have a higher
priority to the intended user do not get lost by the overwhelming stream
of other tweets in the user space. For example:

Bob: @Alice, How was the Biology test? (Direct Message)

Trudy: I really had loads of fun at the party. @Bob made it extra special

with his cookies.

Re-tweets (RT): If a tweet attracts other users or is very interesting,
users may republish that tweets, commonly known as re-tweeting. A
RT is similar to forwarding an e-mail. When a user re-tweets some
content, the user is effectively endorsing and sharing the content with
their followers [23].

Twitter earlier lacked a specific structure for re-tweets by merely
providing a convention on how to re-tweet. Several forms of re-tweets
were used, some of the most common being ‘retweet @username’, ‘RT
@username’ or via ‘@username’, before or after the re-tweeted
message. But the current version has an option called ‘Retweet’ right

next to each tweet.

Hash Tags: Users can tag their tweets with the help of ‘Hash tags’.
Hash tags are of the form ‘#<tag-name>’.
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Figure 1.3: Twitter search engine

Users can convey about their tweets with the help of keywords that represent the
insights of the tweet. Tweets which are hash tagged, helps Twitter to group similar
tweets together with same hash tags. This helps searching easier and faster on Twitter.

Most of the Twitter search tools [27] use hash tags to enhance search quality as shown

in above figure 1.3.
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Figure 1.4: Hash tags analytics for teachers
20



It is noted that the hash tag itself adds to the character count of the tweet. Shown in

figure 1.4 are hash tags associated with the teachers which is related to education [25].

In this work, the data has been collected from twitter and the feature sets are created
using TF-IDF scheme, calculating word frequency and BOW model. Initially, the
Twitter messages collected are divided into pre-defined classes, namely News, Opinion,
Personal and Entertainment. Supervised rule-based SA is performed on the Twitter data.
Experiment results show that the proposed algorithm outperforms the traditional BOW

technique.



Chapter 2

Literature Survey

2.1 Approaches for Sentiment Analysis

Machine Learning approaches for SA are discussed below:

2.1.1 Supervised Techniques

It is implemented by building a classifier. This classifier is trained by data which is

manually labeled based on frequent terms in the documents or can be obtained from

user-generated/user-labelled online sources. The supervised learning methods depend

on the training documents which are labelled. Supervised techniques perform better

than unsupervised techniques [57]. Commonly used supervised techniques for SA are

Naive Bayes, SVM and Decision Tree which are discussed as follows:

e Naive Bayes (NB) Classifier:

It is based on Bayesian theorem and convenient when the range of the inputs is
high. In spite of its simplicity, NB Classifier performs better than other
classification methods [58]. As shown in the figure 2.1, objects can be classified
as either RED or GREEN. Main task is the identification of class for the
new/testing objects. This decision can be taken on the basis of existing objects.
Since, there are double the numbers of GREEN objects than RED as shown
figure 2.1. So, it can be thought that new objects will more likely belong to
GREEN class. This faith is known as the prior probability in the Bayesian

analysis.

Pang, L. Lee, S. Vaithyanathan et al [29] were the first who worked on SA. Their main
aim was to classify text by overall sentiment and not just by topic. They used Naive

Bayes, SVM and Maximum entropy algorithms.
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Figure 2.1: Demonstration of Naive Bayes Classifier

O. Almatrafi, S. Parack, B. Chavan et al [30] also work on SA using NB classifier. They
worked on Indian general elections of 2014. They performed mining on 6,00,000 tweets
which were collected over a period of 7 days for two political parties. They used NB
algorithm as a classifier which can classify the tweets in two categories, either positive
or negative. They diagnosed the thoughts and opinions of users towards these two
political parties in different locations and they plot their finding on India map by using
a Python library. An example of their results on tweets of BJP in 2014 is shown in

Figure 2.2, which shows BJP got positive reviews in different locations of India.
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Figure 2.2: Positive tweets of BJP for different states in 2014
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e Support Vector Machines:
It works on the idea of decision planes that specify decision boundaries. A
set of objects belonging to different class memberships are separated by
decision planes [58]. An example to describe the concept of linear SVMs
is shown in Figure 2.3. The objects either belong to GREEN class or RED
class. The dividing line specifies the decision boundary. On the right hand
side of the boundary, all objects are GREEN all objects are RED on the
other side. A new object (white circle) will be classified as GREEN if it
falls to the right side of the boundary or classified as RED if it falls to the
left side of the boundary. An example of hyperplane classifier is shown in

Figure 2.4.

P. Pang, L. Lee, S. Vaithyanathan et al [26] used SVM for the SA. They also
concluded that classification of sentiment is very challenging which depends over
various factors. They depicted that supervised machine learning algorithms are the

base for sentiment analysis.

Figure 2.4: Example of Hyperplane Classifier
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e Decision Trees:
It provides a hierarchical decomposition of the training data in which a
condition on the attribute value is used to divide the data [47]. The goal is
to create a model that predicts the value of a target variable based on several
input variables. Each node corresponds to one of the input variables. Each
leaf represents a value of the target variable given the values of the input

variables represented by the path from the root to the leaf.

C.Chen, F.I.SanJuan, E.SanJuan, C.Weaver [53] used decision trees, SVM and
NBC for sentiment based classification. An accuracy of 84.59% was achieved for

reviews of book, The Da Vinci Code, collected from Amazon.com.

2.1.2 Unsupervised Techniques
Here sentiment classification is done by comparison. The features of a given text are
compared against word lexicons whose sentiment values are decided prior to their use.
Hierarchical clustering and partial clustering are mostly utilized algorithms of
unsupervised techniques.
e Hierarchical clustering: It partitions the objects into tree like structure
where each node depicts a cluster. There are 0 or more than 0 child nodes
in cluster of the tree. Hence, tree grows in downward direction by its nature
[47].
e Partial clustering: Here objects are partitioned. Objects can change the
clusters on the basis of dissimilarity. K-means clustering algorithm is

mostly used algorithm for this purpose [47].

P.D.Turney et al [55] used unsupervised method for sentiment detection. He used
"poor" and "excellent" seed words for computing the semantic orientation of
phrases. An accuracy of 66% was achieved for movie review domain and 84% for
automobile reviews. Li et al. [55] developed an approach by using k-means
clustering algorithm to cluster documents into positive group and negative group
and achieved an accuracy of 70%. While the machine learning based approaches

provided better classification accuracy, but required a lot of training time and pre-



classified training corpus. Moreover semantic orientation based approaches did not

gave good performance, but returned results quickly [61].

2.2 SA on the basis of data

Three levels of data on which SA is performed are document level, sentence level and

phrase level as:

2.2.1 Document level
It is the most common filtering technique which uses the actual text of
message to determine the polarity of the document, for example whether a
message is spam or not. The content is very dynamic and it is very
challenging to represent all information in a mathematical model of
classification. For example, in content-based Spam filtering, the
characteristics used by the filter to identify Spam message are constantly
changing over time. T.B.Shahi, A.Yadav et al [41] worked on this concept
where they classified the Nepali mobile SMSs into two categories, Spam

and Ham.

2.2.2 Sentence Level
A.Pak, P.Paroubek et al [42] focused on using Twitter, the most popular
microblogging platform for SA. The authors performed linguistic
inspection of collected corpus and build a sentiment classifier to determine
positive, negative and neutral sentiments of twitter document. They also
proposed a system for emoticons available in tweets. They create a corpus
for emoticons so that emoticons can be replaced with their respective
meaning so that features can be extracted from these emoticons. An
example of emoticons and their corresponding meaning is shown is Table

2.1 as follows:



EMOTIONS MEANING

:D, =), =D, ;-) Happy
;-(a ,(7 :(’ :[a )-: Sad
:P, =P Joking

Table 2.1: Emoticons and their meaning

2.2.3 Entity/Phrase level:
T.Wilson, J.Wiebe, P.Houffman et al [46] presented a new approach to

phrase-level SA that first determines whether an expression is neutral or
polar and then disambiguates the polarity of the polar expressions. With this
approach, the system is able to automatically identify the contextual polarity
for a large subset of sentiment expressions, achieving results that are

significantly better than baseline.

2.3 Indian Language Sentiment Analysis
Lot of work has been done on English language. As text is not confined to one
language, SA has been performed on various Indian Languages too. India is a
land of vastness and continuity with 22 languages. The Constitution of India
designates official language of India as Hindi written in Devanagari script, as
well as English. Other languages are Kashmiri, Nepali, Punjabi, Gujarati,
Marathi, Tamil, Telegu, Bengali, Konkani, Malayalam, Kannada, Odiya,
Bhili, Mizo, Manipuri, Nissi, Khasi and Assamese. SA applications are
language-specific systems, mostly designed for English but very little amount
of work has been done on Indian Languages. SA for Indian Languages is s
challenging task as there is a scarcity of resources like automatic tools for

tokenization, feature selection and stemming.



Following Figure 2.2 represents SA performed on various Indian Languages.

It tells about techniques, dataset, features extracted and tool used on multiple

Indian Languages.

AUTHOR LANGUAGE TECHNIQUES DATASET FEATURES TOOL USED
EXTRACTED (if used)
U Jain, Punjabi Supervised - SVM | Punjabi websites, news Linguistic : Joy, Sadness, MATLAB
A Sandhu[33] Maximum Entropy | paper and various Pumyabi | Fear, Surpnise, Disgust and
Algorithm blogs Anger
M Patil, Marathi Supervised- 4000 Marathi text Semantic :
P Game[34] NB, documents prepared using | economy,geography.history
Centroid, Various SoUrces Jiterature, botany
K nearest Classifier
and Modified K
nearest Classifier.
I.IPatil, Marathi Supervised : SVM | Manual dataset of 200 Semantic ; Sports, Politics, | LINGO
N Bogiri[33] documents Crime, Economics, Clusttering
Education, Entertainment, | Algorithm
Social, Health
JKaur, Pujabi Supervised:- Naive | Manually collected Semantic: politics, business, | Visval basic
S Bhagla[36] Bayes Classifier Pumabi online news enterfainment and health. 2010 using C#
language
A Sharma[37] | Pumab: Supervised: NB data from different Linguistic:
Punjabi newspapers, positive/negative
blogs
N.Desai, Hind1 Supervised : SVM | Polanty labelled corpora | Non-Sarcastic, Mild
ADDave[38] of Hindi sentences Positive Sarcastic, Extreme
generated by Adrtva Josht | Posifive Sarcastic, Mild
et 4[42]. Negative Sarcastic and
Extreme Negative Sarcastic
AKMandal, | Bangla Supervised : NB Various Bangla Syntactic: 5 categories
R.Sen[39] KNN websitesEprothom- business, Sports, health techn
SVM alo.com,online_dhakaco | -ology.education
DT(C4.5) m,bdnews24.com, dailykal
erkantha com bbc.couk/B
engaly, ittefaque.com
S.Amarappa, | Kannada Supervised : MNB | Part of EMILLE Corpus | Semantic: names of Sklearn toolkit,
8.V Sathyanar ,some part from web people, companies, python 2.7
-ayana[40] article some self-typed government Location
corpus from kannada names, date time
books
TB.Shahi, Nepalese Supervised- NB Nepali SMS dataset Linguistic: SVM Light tool
A Yadav[41] SVM Legitimate/SPAM for SVM
classification.
Naive Bayes
mmplemented
java

Figure 2.5: Sentiment Analysis on Indian Languages
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Chapter 3

Problem Statement

SA is a process of extracting information from user's opinions which they
post on any social networking sites. The decisions of the people get affected
by the opinions of other people. If anyone wants to buy something or watch
a movie, the person will first look out for the reviews and opinions about the
movie on let’s say, social media. So there is a need of system that can
automatically generate SA from this huge amount of data. Thus, to make this
abundant data useful SA is performed, i.e. extracting feature from this data
and classify them. Text is not confined to one language. Large amount of
data is available in other languages too. Punjabi text is available on number
of online forums, blogs, Twitter and other social networking sites. The data
collected for dissertation is in Punjabi language. Punjabi is 10th widely
spoken language in world [4]. The motive behind working on Punjabi
language is that it is difficult for some people to read in English, thus Punjabi

is used for SA for better understanding.

3.1 Objectives

Following are the defined objectives for SA on Punjabi data:
1. The main objective of this thesis work is to perform the SA on small
texts, called tweets in Punjabi language which are extracted from
Twitter.
2. Study the existing approaches and techniques for SA.
3. Extract the twitter posts in Punjabi language by user defined
parameters using twitter APIs.

4. Perform pre-processing on the data collected.



5. Calculate each word’s weight of each in the Punjabi tweet.

6. Classify tweets into 4 classes namely News, Entertainment, Personal

and Opinion.

3.2 Methodology

Following methodology has been used to achieve all the objectives discussed in above

section:

1.

Literature survey has been carried out by study of existing approaches like
knowledge based, concept based approaches etc. and techniques like supervised,
unsupervised and rule-based to perform the SA on data collected from Twitter,
blogs and other social networking sites.

Study of different methods and techniques applied on Indian languages in order
to perform SA.

Twitter API is used to get the Punjabi tweets which is saved as google

document.

Pre-processing of data collected from Twitter is performed using Python
language. In this task stop words, unwanted spaces, special characters and

punctuation marks are removed.

Calculating the each word's weight in the collected document with the help
of weighting scheme function which is the product of the term occurrence

frequency (tf) and the inverse document frequency (idf).
Choosing those keywords that have the largest weight in training dataset.

Finding the most suitable category. It is done by comparing the selected

keywords as features with key words of each category of tweet.

Returning the name of category that matches the most.



Chapter 4

Implementation

In this chapter, the complete SA has been implemented for Twitter data of Punjabi
language. For data collection, Twitter API has been used. The data collected from
Twitter is divided into training and test datasets. The Twitter data was collected in
the month of May. Whole implementation has been done in Python 2.7.12. The

process of data collection is described in following section.

4.1 Collection of Data

4.1.1 Twitter API (Application Programming Interface)

Users can collect tweets from Twitter with the help of Twitter API. Two kinds of APIs
are provided by Twitter: REST API and Streaming API. The differences between both
of them is that with REST APIs, a limited data can be collected at a time as it support
connections for short time period. On the other hand, Streaming API provides long time
and real time connection. Streaming API has been used for the analysis of Punjabi
Tweets. For collecting large amount of tweets, long-lived connections are needed with

no limit data rate.

When the Twitter API for collection of data, it is linked with the Gmail account. One
can select the language in which they want the tweets to be saved. Similarly the user
can input the hashtags if they want tweets regarding their particular area of interest or
any topic. The tweets are saved as google docx in an excel sheet. One can later
download that sheet our systems for easy use. The saved excel sheet gives every
possible information regarding every single tweet, like screen name and full name of
twitter account holder, Tweet text, tweet ID, followers of the particular user, Retweets,

number of people the user follows, Location, Bio and Profile image.



As the objective of this dissertation is to analyze the sentiment of Tweets for

Punjabi language, only tweets in Punjabi Language will be collected. It is depicted

in the following figure 4.1 :

Date Screen Name Full Name Tweet Text

Figure 4.1: Tweets collected using Twitter API

2

3 50-01740110 @SUntal6TITT  MSGKibefiPanval  RT @Gumeeiramrahin #LionHeartCrazeContinues UeeiE) 93 ol ot il T e | S o i fg 2 AT 0 s ol
4 522201740111 @shilinsa sfilpa kaushal RT @JaghaniOriine: #HafGiriend 113 52 Haht 3 7t el éRamRaim 2 4lattuEngineer o131 A2 Ul hips /1t colcyHg@oyd..
5 | 52001740112 @lyoli13608540 ol RT @laghaniOnine: #HafGriend i3 et Hahit 3 31t et #RamRahim = 4lattuEngineer . o151 A (AT hitps Jt coleyptimg@bYH.
f | 52201740125 @rhapaal  mhapgl (@MRandhaaT2 @sukh_zaidar @irsa22 @l pataka @kaurrarleT Hain?? #3213 48 B9 GE988

7| 52001740135 @Kaita?es0  Kavita RT @inRajhugh W Thaht 72 et 7 it 5 O Dz 3t fu g A B am i d i o

8 5201740137 Piseemasela  Aseemaselia RT @JagoaniOniine: #HaftGirfriend 3 <! et 3 37 uel #RamRanim ¥ 4lattungineer , 331 BTaera Guidal niips it coieysHugdovH...
0| 520740205 GRataRest  HBREETBRBR  Rrvmfpmidtimofammedndt § feafhd sl fromed e g

10 | 522201740228 @BHUTR0TELE it RT @JagbaniOniine: #HaffGirfriend 3 <! ¥t 3 37 e #RamRanim = 4lattungineer, 5131 BTaera GUldd hitps . coieysHug9ovH...
11 52020174023 @Sbishut Shishy RT @JaghaniOnine: #HafGriend i3 ¥ HEi 3 7 el #RamRanim ¥ 4lattuEngineer 3131 A2 Guldd hips /1t coleyHug@byH .
12| 5222017 40253 @OBity Bt Insan O+ RT @laghaniOning: #HalfGirfiend 3 % e 3 37 vl 4RamRahim = #JattuEngineer , 5131 A3 GUIAT hitps /1 coleyHVgO0YH...
13 522201740316 @Bkarnsen  Bkarinsan RT @JagbaniOniine: #HalfGirfiend 3 <! et 3 37 el éRamRanim ¥ 4lattuEngineer , 3131 FTaera §ulda hiips i colyiHug9ovH...
14| 5-2-2017 40319 @dalyajinews  Daily Ajt e iz et o 4 g aan 4 o o € st co/0iFEQUOILC

15 522-20174033% @nathonsan  Nathoinsan@gmailcom RT @JagbaniCniine: #HaiGiifiend 13 el sl 3 el el #RamRanim ¥ #lattuEngineer o3 AToe'a Guddl nitps 1 colcyHggovH. .
16 52220174033 @himanshut  himanshu R @JagbaniOniing: #HalfGifiend 3 s W 3 37t el #RamRanim = #lattuEngineer , 3131 Fraera GUlaa hitps i coleyiHugdovH...
17 522201740413 @oure 2 GurteSingh 2 RT @sakshinsant: @Gumeeiramraim 3 G237 «=-=-w = AE17CIONDay!

Tweet D

86660067635260211:
86660986 1240712512
866600885412155302
866609940248612864
866600983508623361
86660999000553062¢
86661010935865753€
866610206247063937
86661023255767929€
86661031032463769€
86661041388190105€
866610418067922044
866610492785262502
86661049744075980¢
866610645512400897

Raw tweets were segregated into 4 different folders to store tweets of different

categories/classes as shown in figure 4.2. They were stored in the hard drive from where

these can be easily imported to the snippet and further proceed for analysis.

TRAINING DATA

5000 tweets

PERSONAL

TWEETS

Figure 4.2: Training data segregation
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Table 4.1: Number of files in each class

CLASS NUMBER OF FILES
NEWS 670
ENTERTAINMENT 1,777
PERSONAL 2,075
OPINION 478
TOTAL FILES 5000

Twasts per class

m Entertainment INews ® Personal m Opinion

Figure 4.3: Distribution of tweets per class

Table 4.1 depicts the number of files contained in each class. The data collected is
segregated into the respective class folders of News, Entertainment, Personal and
Opinion as illustrated in figure 4.3. Training data is one on the basis of which an
architecture/algorithm is built. Testing data is one on which the work is tested to
measure the performance of an architecture. Training data is 5000 tweets and 400 tweets

for testing purpose.

4.1.2 Description of pre-determined classes

e News: News tweets are understandable by a larger group of audiences and thus
it is generic. Generally, they are neutral in nature, i.e. they are not highly
opinionated on a particular topic but present the facts. They usually originate
from corporate tweeters (E.g.- JagbaniOnline, Ajit, ZeePunjab) although there
have been cases where they originated from personal tweeters [32]. They usually
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convey the summary information and provide a link to an external detailed

resource. They tend to be very structured and short. For example :

Y AJAd <& e USHS 3 TA HellHT © BEur3dn § it Aarfear
T Sl 256.74 Id3 JUT T g QuET o137 fapsr -

e Personal: Personal tweets are those that generally highlight an individual
user's thoughts or his state of mind. It is generally significant to a smaller
group of users and does not have global importance. Like news, they tend
to be non-opinionated. They usually originate from personal tweeters. They
are to the point and convey information via an artefact. They words to

convey the thoughts within the 140 character limit. For Example:

e Opinions: Opinion tweets convey the opinions of the author of the tweet.
They usually originate from twitter users who share their thoughts on
diverse entities. They either convey a positive or a negative sentiment
through the tweet. They may contain shortening of words and may
additionally use emphasis on words to convey stronger opinions. For

Example :

41 THIG3T 378 JJeT 31 U332 &d1 &1 far § 31ae...”

o Entertainment: Entertainment tweets are those which gives information
about the entertainment industry, like movies reviews, movie collections or
about songs release. It can be originated from twitter user or by any news

agency. For Example:

"#HalfGirlfriend 3 'fddt HiZ' 3 Idt ydt #RamRahim i
#)attuEngineer , 93t ATGETd GUf&dT https://t.co/cyxHwqg9bYH...

4.2 SA task workflow

The goal is to achieve SA for data extracted from Twitter using vector evaluation

method. This method uses Punjabi tweets and then the weights of each of the words are



calculated to determine the keywords (or features). Then they will be compared with
each word of the testing corpus which we have to categorize in order to determine the

best suitable category. The workflow is shown in figure 4.4.

A TEST
DATA
Text Normalization Feature Extraction FEATURE SELECTION [N
DATA | ‘
Twiter data | Punctuation Marks _> TF- IDF weighting :> Classifier rule formed
collected scheme function

from Twitter URL removal
API ]
- |

Qutput
sentiment

Figure 4.4: SA workflow for implementation

The training data is divided into 4 classes of sentiments which are News, Personal,

Entertainment, Opinion.

4.2.1 Operations for SA of Punjabi tweets

The procedure for SA on Punjabi tweets are as follows:

4.2.1.1 Data collection from Twitter:

5000 Punjabi tweets are collected from Twitter by using Twitter API. Most of the tweets
include message along with usernames, URLs, punctuation marks, emoticons, special
characters, stop words, abbreviations and hash tags. In order to make this data fit for

SA, pre-processing of this raw data is mandatory.

4.2.1.2 Text Normalization/Pre-processing:

Code for pre-processing the collected data is created using Python. Cleaning of Twitter
data is very important because tweets contain number of syntactic features that are not
useful for analysis and may hinder the results. The pre-processing includes the

following operations:
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e Stop word removal : In this step, eliminate the stop words from the tweet using
the Punjabi stop words list. It contains 146 words. Figure 4.5 represents the list

of stops words for Punjabi.

ga wyfeni fograr gi) FHT  Aldg EQIEi T Hdbadt
SJd U H g rgar 1A ERE feg P23sl
ISEEY M- »rU< Hi a5 faadter faaer = feg

Sant YT S i Stadni A il =g

SA HTUZ R Al = famAfed® faadhdt < =5

Starsy fegt s oHE Hafentt 3Z Thart |

|rg feg 3 il Etal E & nnyE

ge fe<it bLE| faagzr ==t 3 & Bt
g5 fen mEt faaz et 3 & fea

Sa=r frast g faast o d e ryr=y foa

Qo= fead A IEGEITNE] 3IE ud Gl

Sat feag gt faafznei w7 3H feg IJ&|

Sacwt  fTrs Jdat fam = 3 H fame

ni3 ferd GE) faaA G ECH "y Hige

il fegwr G fast g 34 HE IGRIEZY
Bt feaw G fas Gl 3dt Har frad

wye  fegel I5 famar fagz ECI | EQIE]

nyS fegdmit i e a3 ITF W EQiEil

Figure 4.5: Punjabi Stop Words

A sample processed tweet is shown in figure 4.6 and 4.57:

"3 98 Aa3qd § Urel o 293 79 w2 i B H B mt) Santeun famn &Y hitps://t.co/A525e0BlgW"
Figure 4.6: Original Tweet

3 8 Ha3agt Ul 2ad ade s § S mid wanfou famn 4 URL

Figure 4.7: Processed Tweets

¢ URL (Uniform resource locator) removal : URLs are removed or substituted
with ‘URL’ word and also include it to stop words list.

e Username removal : The @ symbol is removed that comes before the
username in a tweet. It also substitutes the @ and the username with a word
‘AT _USER’ and also include it in the stop words list.

e Punctuation marks removal : All punctuation marks, suchas !, ?,(,),-, ,:,
%, etc. are deleted as they have no significance in the data.

¢ Remove Emoticons : remove emoticons like ©, +%, @ , & , etc. from tweets.

¢ Remove duplicates : remove all repeating words from text so that there will be

no duplicates.



Table 4.2 shows the various types of contents that are included in tweets and also the

actions performed on these contents.

Table 4.2: Removed and Modified Content

CONTENT ACTION
Punctuation (! ?,.":;) Deleted
# Deleted #
(@any_user Delete @any user or replaced with
"AT _USER" and then added in stop
words.
URLSs and web links Delete URLSs or replaced with "URL" and

then added in stop words

Number Removed
Stop words Removed
Emoticons Removed

White spaces Removed

4.2.1.3 Feature Extraction:

Weight of each word in the collected document is calculated using weighting
scheme function by multiplying term occurrence frequency (TF) and the inverse
document frequency (IDF). The IDF of the ith term is defined as log (n/DF). Here
‘n’ depicts the number of documents in the corpus and ‘DF’ represents the number
of documents in which the term appears and the weight function is shown below

in Equation 4.1:
Wij = TFij * log (n/DFj) (4.1)

Following figure 4.8 represents the sample of calculated TF-IDF of each word in

processed tweet:
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Figure 4.8: TF-IDF of each word from processed tweet

4.2.14 Feature Selection:

After calculating the weight of each word, keywords called ‘features’ with largest

weights are chosen from the data. For example:

“RT @JagbaniOnline: #JattuEngineer fe®H Ba1E '3 31 YHH & HaTeh Yt
https://t.co/aUMZ0GU1wJ @MSGTheFilm @Gurmeetramrahim”

The word f@%H’ has the highest weight among all the words in the tweet which is

86.12. Thus this word is selected as a keyword or feature.

For the SA of Punjabi tweets, 5400 Punjabi tweets were collected. First 5000 tweets
were selected as training set and remaining 400 as testing sets. One of the ways
that data can be represented is feature-based. By features, it is meant that some
attributes that are thought to capture the pattern of the data are first selected and
the entire dataset must be represented in terms of it. Different features such as
syntactic features, or semantic features can be used. For example, one can use the
keyword lexicons as features as used in this work. Then the dataset can be
represented by these features using either their presence or frequency or weight
and in this work, the dataset is represented by features using their weights.
Attribute selection is the process of extracting features by which the data will be

represented before any training algorithm takes place.
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Attribute selection is the first task and once the attributes are selected, the data will
be represented using the selected attributes. Although, the entire data set is used in
this work for the selection of attributes, the representation of the data must be done

on a per instance (Twitter post) basis.

Feature vector plays a very important role in classification and helps to determine
the working architecture. Feature vector also help in predicting the unknown data
sample. Each tweet words are added to generate the feature vectors. In this work,
weight of each word is calculated in order to extract the feature. Once these features
are extracted from the input data set, they are fed to algorithm for measuring the
system performance. The selection of features may seem to be ad hoc at first glance

but the features were chosen such that it is tuned for the four classes.

4.2.1.5 Finding the most suitable category:

Once the features are extracted, assign the suitable category by comparing the

features with words of each tweet.



Chapter S

Results and Discussions

In this section, the proposed algorithm has been tested on 400 tweets, known as test
data. Tweets are pre-processed and normalized. TF-IDF weighing scheme is used for
feature extraction since minimum feature set is required for SA. This method is
compared with BOW which uses a large feature set and Word frequency model which
calculates frequency of each word. The results for SA of Punjabi tweets using three

different methods of feature extraction are compared in this section.

5.1 Test Tweets

Test tweets are collected with the help of Twitter API as shown in figure 5.1:

RT @Hifi_jattid: A 28 T 8f-o76 9 79 79 o B4 YEHOI0 600 TR0 S0 M Bhea ¢ elhaeTidd 3 T + FT femw a4 BT,
H3 798w oy gttt § wigewd wid el afqe 28 18 78 B https://t.co/UIZNyOeqTI

il o A oo afen, 3 el HleT Aiaa aa Hig A1)

RT @SADGI_007: df ofl #aid #fmiie &1 iR, 1 33 #q 9 a1 wiie. 7 #8411 gt 4oy ol et e kiR a1 HE e ST 1 41,
RT @RituRajpoot27: s f-um A glarsss afenn, 3 el vier Aiaa o v ety

RT @pamsmart260: 9 3 a1 o 1 Bt A o !+l ol 715 ua B 2 B 1 iR [ & ol 99 831 d e 3 Uias..

RT @007_ammy: #Ai33d w1eG Aafe 431, #0456 B i 2. f¥a 3o o Hovgr J #fagrg l #Riszn H igrg . #7i3 ..

RT @BrokenH36009446: #4dt 3185 st & o4 Fite ¥ w3l §at Ae3 435 < 89 61 o I §¢s, T2 THB! § 1 7d A1 Ga .
95 & H Jlavied Hive 3 Y931 a9 o w-Te 9104 e oY e R T i § HaW E 8 9¢ hitps://t.co/ VGGV 1hZOc

RT @DalbirB: At 3 ), foe A 393 o w3, 183 w3 3 vt 3 &1 2 33y 3 8 domml i wad 1 34 3.

RT @KaurBmusic: W3d iz 3 38 13 A 2 wHid 10 2 Ueh 30 5¢ oW htps://t.co/xrV7GaM2Ms https://t.co/OalwORg2ws

RT @SweetEmotion_gs: 30 #061 © feg 8E.... U 47T #3008 30 #9181 T8 48 .. A <4 #5971 OK.... @Khosaguril.

RT @SweetEmotion_gs: #39_Udi /13 #at & Hardl frch v 97e...... 2 A8 40l £ 203 9 439 i v ae......

RT @SweetEmotion_gs: B4 #7108 Uddl T8H #HTed B &1 9a<..... & 3 #Ufeq 8 dad dfgd #Afeg i H....

RT @SweetEmotion_gs: fre-fie Aafew 4o 3o Jer faar.... o femen 39 318 g G faar.....

RT @SweetEmotion_gs: #41d1 o8 #3 3 Bae #1081 Wi ..., 3 2 #f0H SHH 31 5TH] o Hfg.....

RT @SweetEmotion_gs: 87 4013 ¢t a3 473 & st g o 33afem 2EaR e

RT @LuckyRatol: Wi iz 73 % = famn & afgr o Borge &el ¥R A0 & 9l ; Gu a vl A 8 & Im qumGe 5¢l...

RT @Jaskaran76023: 73 T98% frw 71 wrg fSgaratin - § wi3ereh w3 2yl ooz 8 P18 378 BIeR hitps://t.co/U9ZNyOeqT]

Figure 5.1: Sample of testing tweets
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Figure 5.2 shows the number of test tweets in each class.

200

150

100

No.of test fweets

50

News Opinion
Personal Entertainment

Class

Figure 5.2: Test tweets per class

5.2 Feature Extraction and Selection
The features are extracted using 3 different methods as described earlier, i.e. using TF-
IDF, word frequency and Bag-Of-Words. Following figure 5.3 illustrates the features

extracted for SA of Punjabi tweets using the above mentioned 3 different approaches.

BBOW  OTE-IDF B WORD FREQUENCY

900

Boo

700

6oo

500

400

3001

No. of extracted features

200 1

1001

News Parsonal Opinion Entertainment
Classss

Figure 5.3: Features per class
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Clearly BOW model generates maximum number of features, some of which may be of

least significance (such as #d and Yd") for each class of Punjabi tweets.

The aim of this work is to choose a small feature set for SA of Punjabi tweets and the

TF-IDF weighing scheme provides a small feature set.

5.3 Experimental results of SA of Punjabi tweets

The results for proposed framework have been compared on the basis of three
properties, namely accuracy, precision and recall.

e Precision is defined as a measure of relevance of the results.
e Recall tells about how many truly relevant results are returned.
e Accuracy means how many documents match properly with total number of

documents.

5.3.1 Accuracy

Accuracy means how many tweets are correctly identified among total number of
tweets. Following figure 5.4 depicts the overall accuracy of the models for testing of
twitter data. As the figure shows, TD-IDF shows more accurate results as compared to

other two models.

CORRECT MATCH PERCENTAGE OF TEST TWEETS

100

90.25

83.5

%

50

Accuracy(%)

25

BOW TF-IDF WORD FREQUENCY

Figure 5.4: Overall accuracy using 3 models

Table 5.1 shows the tweets correctly that have correctly matched with the respective
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classes as:

Table 5.1: Correct tweets detected per class

METHOD BOW TF-IDF WORD FREQUENCY
CLASS
News 41/56 =73.2%  48/56 =85.5% 44/56 = 78.5%
Opinion 31/44 =70.4% 36/44 =81.6% 35/44=79.5%
Personal 126/153=82.3% 138/153=90.1%  131/153 = 85.6%

Entertainment 116/147=78.9 128/147 = 87% 123/147 = 83.6%

Figure 5.5 shows the individual accuracies per class of each model.

W BOW O TF-IDF 0 WORD FREQUENCY
110

100

No. of extracted features

News ' Pearsonal ' Opinion ' Entertainmsnt

Classes

Figure 5.5: Accuracy per class

For a classification system, time for building the model is a critical factor. The time
tends to get higher with higher dimensionality. This causes a problem for text
classification because standard techniques such as BOW results in a very high
dimensionality. Thus, TF-IDF model suits the best.

5.3.2 Precision

Precision means total number of correctly identified tweets divided by number of tweets
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that are supposed to be correctly identified. It is calculated as:

Precision = Tp/ (Tp + Fp)

Here Tpis True Positive and Fp is False Positive.

(5.1)

Table 5.2 shows the precision per class for each model using Equation (5.1):

ETHOD
CLASS

News

Opinion

Persona

1

Entertainment

Table 5.2: Precision per class

BOW

41/(41+6)=
87.2%
31/(31+4)=
88.5%
125/(126+15)=
89.3%

116/(116+16)=
87.8%

TF-IDF

48/(48+4)=
92.4%
36/(36+3)=
92.3%
138/(138+10)=
93.2%

128/(128+12)=
91.4%

WORD FREQUENCY

44/(44+5)=
89.7%
35/(35+4)=
89.7%
131/(131+13)=
90.9%

123/(123+14)=
89.7%

Following figure 5.6 demonstrate the precision calculated for each class with respect to

the methods of feature extraction applied.

No. of extracted featurss

HBOW

O TF-IDF

O WORD FREQUENCY

94.0

93-5

93.0

92.5

92.0

91.5

91.0

90.5

50.0
89.51
89.01
B6.51
§6.01
87.51
87.0

86.51

86.0-

News

Personal

Opinion
Classes

Entertainment

5.3.3 Recall

Figure 5.6: Precision per class

Recall is number of correct matches divided by total number of actual

calculated as:

Recall = Tp/ (Tp + Fn)
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Fy is False Negative. Following Table 5.3 shows the Recall per class as:

Table 5.3: Recall per class

METHOD BOW TF-IDF WORD
CLASS FREQUENCY
News 41/(41+7)=85.4%  50/(50+3)=94.3%  44/(44+4)=

91.6%
Opinion 31/(3145)=86.1%  36/(36+3)=92.3%  35/(35+3)=
92%
Personal 126/(126+11)= 141/(14143)=96%  131/(131+7) = 94.5%
91.9%
Entertainment 116/(116+13) = 128/(128+6)=95%  123/(123+9)=93.1%
89.9%

Figure 5.7 shows recall of individual class as:

B BOW B TF-IDF 0O WORD FREQUENCY
98
97

No. of extractad featurss
-4

News Parsonal ; Opinion : Entertainment

Classes

Figure 5.7: Recall per class

The number of words used in BOW after stop words removal was 1,496. When the
number of tweets increases, number of words, called features also increases which takes
more time to build a classifier. Word frequency model finds the frequency of each word
after stop words removal. But some least significant words may acquire a high
frequency which makes no relevance for feature selection process. While TF-IDF have
fixed dimensions since it makes use of small feature sets. So TF-IDF performs better
than BOW and Word Frequency model.

In BOW model, misclassified tweets are basically between personal and opinion tweets.
In case of TF-IDF and Word Frequency, misclassified tweets are between news and
opinion.
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Chapter 6

Conclusion and Future scope

6.1 Conclusion

The framework described in this dissertation is a step towards efficient classification of
Punjabi short text messages. These are difficult to classify than larger text because they
have few word occurrences and hence becomes difficult to gather the semantics of these
messages. The efficient ideas are required to increase the accuracy of classification by
using minimum feature sets to represent these messages. A framework is proposed to
classify the Punjabi Twitter messages which are perfect example of short text messages
because of their 140 character limit. In this framework, data is collected from Twitter
using Twitter API. Collection of 5000 tweets is used as a training data. This training
data is then manually labelled into four classes, namely— news, opinion, personal and

entertainment.

Feature selection can done using three methods- TF-IDF weighing scheme, BOW
scheme and Word frequency model. In TF-IDF weighing scheme, weight of each word
is calculated from the collected document and words with highest weights are selected
as features. In BOW, tweet is broken into words. Stop words are removed and every
word represents a feature. In case of word frequency, frequency of every word is
calculated and words with highest frequencies are selected as features. It is analysed

that TF-IDF scheme shows better results than BOW and word frequency method.

In this dissertation, rule based supervised approach using vector evaluation method is

implemented for SA of Punjabi tweets.



6.2 Future Scope
Some of future scopes that can be included in our research work are:

1. New machine learning applications and technologies such as deep Learning can
be implemented.

2. A web-based application or a tool can be made for classification of data into
different categories.

3. Data corpus can be enhanced by adding more tweets.

4. There can be increase in the classification categories for better analysis of
tweets.

5. There can be improvement in the system that can deal with sentences of multiple

classes.
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