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OZET

[HESSDS ANEILIZLERININ TWITTER VERILERINDE
KEULLEHILER MAKENSI ALGORITME LERENIN OGRENIMI]

[Mahmood, Mustafa Ahmed]
[Yilksek Lisans], [Bilisim Teknolojileri], Altinbas Universitesi,
Danisman: Dr. Sefer KURNAZ
Tarih: [Mart, 2019]

Sayfa Sayisi: 58

Sosyal medya kullanicilari tarafindan yazilar, tweetler, resimler ve videolar gibi her saniye igin
biiylik miktarda veri Uretilir. Bu biiyiik verilerden degerli bilgi almak, metin madenciligi alaninda
onemli, zorlu ve ilging bir konudur. Twitter verileri, toplum giindemini, egilimlerini, kullanici
davraniglarin1 ve duygularini kesfetmek i¢in metin madenciligi teknikleriyle analiz edilir.
Tweet'lerden gelen duygular1 belirlemek i¢in bir metin analizi yontemi onerdik. Verileri anlaml
bir ortama koymak i¢in dogal dil isleme teknikleri uygulanmaktadir. Bundan sonra siniflandirma
modeli, islenen veriler lizerinde veri madenciligi yontemleri ile egitilir. Twitters akis verilerini
kullanarak siiflandirma etiketini, olumlu, olumsuz ve tarafsiz duygular gibi, insanlarin goriisleri
olarak gerceklestirir. Twitter API kullanarak imdb'yi segiyoruz ve bu markalar hakkinda
hashtagleri olan tweetleri topluyoruz.

Anahtar Kelimeler: Metin madenciligi, duyarlilik analizi, tweet analizi.
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ABSTRACT

[SENTIMENT ANALYSIS IN DATA OF TWITTER USING MACHINE
LEARNING ALGORITHMS]

[Mahmood, Mustafa Ahmed]

[M.S],[Information Technologies], Altinbas University
Supervisor: Prof. Dr. Sefer KURNAZ
Date: [Mars 2019]

Pages:58

Massive amounts of data are generated by social media users for each second, such as posts,
tweets, images, and videos. Getting valuable information from this big data is a significant,
challenging and interesting issue in the text mining area. Twitter data are analyzed with text mining
techniques to discover society agenda, trends, user behaviors, and feelings. We proposed a text
analysis method to determine sentiments from tweets. Natural language processing techniques are
carried out to put the data into meaningful context. After that classification model is trained with
data mining methods on the processed data. It carries out the classification label as people’s
opinion, such as positive, negative, and neutral sentiments, using Twitters streaming data. We

select imdb and collect tweets with hashtags about these brands by using twitter API.

Keywords: Text mining, sentiment analysis, tweets analysis.
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1. INTRODUCTION

These days, the quantity of the statistics flowing the use of the net it extended very drastically.
This issue has made innovations and discoveries within the area of facts and communications
technology (ICT) to generate a brand-new environment able to handle a big record. To our gift
time generation has reached a level, in which you discover humans are interconnected with every
different and with the approach of social verbal exchange and are able to percentage their lives
and their feelings via social networking. A few sparkling demanding situations came into view
concerning architecture of facts storage with scalability characteristics and algorithms with
efficient processing. Twitter is a critical tool for supplying facts for tens of millions of people,
consequently it is appropriate to be implemented in data mining field. Much interest changed into
directed towards the idea of community in the global of social networking. Studying twitter facts
with these algorithms could be very difficult because it is a micro running a blog offering with
asymmetrical functions. If you will observe me, I’'m no longer obliged to comply with you. A
whole lot of users in twitter have greater followers than they are privy to, which imply that twitter
connections is less depending on in-individual touch. It's miles very useful to study the twitter
environment to recognize how individuals use these recently evolved communication technologies
for the motive of setting up social connections and maintaining the present ones. We begin with a
few studies on how twitter geo-tagged tweets may be utilized for the motive of figuring out
essential consumer behaviors and capabilities a as well as figuring out places of
pursuits/landmarks. After that we recommend numerous similarity degree for detecting groups and
introduce methods for reading class algorithms. Currently, the social media developed as a supply
of real time, political and social data. additionally, it's miles a prime means of advertising and
communique. customers are sharing their information at the social networks through using running
a blog, statuses, sharing films and pox similarly to interacting with each different, consequently
they may be able to generate communities and groups on social network. Analyzing and
monitoring this fact may want to cause sizeable insights that in different aspects might be tough to
apply media resources and conventional techniques. Social networking web sites like twitter,
flicker and fb introduce a sparkling means for purchasing common updates and sharing facts
among them. Additionally, those websites allow the sharing of greater information that would be
of significance in content reading, e.g. place et carta.



One benefit for the social media over the traditional media resources, that its miles maintained and
controlled through customers. Conventional media totally authorized the customers to have the
statistics which changed into offered to them. Information drift was one sided that means it flows
from media supply to customers. At the same time as in social community the consumer has the
functionality of responding to the occasions and information surrounding them also offering their
thoughts and sharing them. That led to growing multiway mode of spreading the facts wherein the
user publishes records with further information consisting of videos, pictures and links. This ends
in producing facts version this is generated with the aid of the user. The consumer’s social graph
and the consumer connections in terms of the social network have a big role within the system of
reading the records version to get essential data from huge quantity of “user generated content
material” that's generated on day by day basis. As, microblogging sites which include flicker,
twitter and Facebook permit the user to share shortened multimedia and messages, these web sites
become an immediate statistics supply where the users all over the global are capable of stay linked

and feature numerous resources to achieve information [1].

In addition, twitter is verbal exchange platform globally from all around the global. Twitter has
been developed to hold tempo with the fast verbal exchange among the arena. Its flexibility and
speedy tracking have made changing messages and twitter among humans one of the maximum

critical contacts. Data is accumulated from twitter thru an application programming interface [2].

One of the most significant twitter features which distinguish it from other social networks like
Facebook is that the relation between the one being followed and the one who is following does
not need to be two-ways. Following a user in twitter is the same as subscribing to blog. The user
who is following get all twitter status updates of the user he follows. Twitter can be considered as
a pretty good reaction to all what happens in the worlds since it is widely used in all daily life
aspects. Among all the things that happening, most recent trends are of a great interest to the
companies. Most recent trends could be put to analyzing and when reacted to identified. From
marketing perspective, these most recent trends could be utilized for the purpose of responding
with suitable activities, such as advertising products. Tweets analyzing could be of a significance

for the companies for generating an advantage to rivals [3].



1.1 IMPETUS

In the current associate world, customers’ ability sends messages whenever they want. Yet, social
media cannot be considered as a typical mean for sharing and messaging private thoughts and
things; it is utilized through public figures, journalists and politicians, universities and corporations
who tend toward reaching more public and sharing their ideas and have interest in the views of
individuals. The energetic increase of persons using the social media caused the development of
such resources as a source of reflecting views and mood of individuals. Tracking the reactions of
individuals in social media throughout crises drew a rising level of attention in the research society
[4].

The public’s sentiment analysis is strongly criticized in macroscale socio-economic phenomena
such as the prediction of stock market rate of a company. This might be achieved via examining
the total public sentiment concerning that company regarding time and utilizing the tools of
economics to find the association between the stock markets rate of the company and the public
sentiment. Also, companies might assess the response and performance of their product in the
market, in which area this product is having undesirable and where it is having positive response
in the market (because twitter offer downloading stream of geo-tagged tweets for locations [5].
Analysing and monitoring sentiments on microblogs, particularly Twitter, offers huge prospects
for the private and public sectors. For example, in the private sector, it was noticed that the status
of a capital stock, firm or product is largely impacted via the sentiment and rumours shared and
published among individuals on social networks and microblogging platforms [6].

Researchers noticed that a rage number of publications left by individuals each month, could not
be processed in a manual way via conducting public opinion polls. Such situation draw attention
to the necessity for automated approaches regarding the intellectual analysis of text information,
and that allow processing huge amount of data in short period as well as understanding the
messages of users. The most complex and vital element regarding automated processing is
understanding the messages of the users. Utilizing current approaches and technologies of big data,
applying artificial intelligence is being of a great help to researchers for the purpose of automating
the process of content analysis, collecting data, also for preparing, managing and visualizing
visualize data. These improvements offer great advantages in monitoring social media in real time

and conducting extensive researches [7].



1.2 QUESTION OF RESEARCH

The next main research question is concluded according to the observations which have been
considered above.

RQ 1. How to Ways the methods of (ML) used for Rating feelings comparing in the information
of social media?

Certain methods that are considered in Ch2 aren’t usually applied to function with text data. For
the purpose of applying such models, data must be altered, text preprocessing must be achieved.
This give rise to the second question in the presented study:

RQ 2. What sort of preprocessing approaches are presented to convert natural language text into
appropriate format?

For the purpose of answering such questions, sets of experimentation should be performed with
natural language approaches as well as machine learning methods.



1.3 SOCIAL NETWORKING SITES

Web based life may be considered as a gathering of web put together applications that work with
respect to the ideological and innovative establishments of Web 2.0, and that permit the creation
and trade of client produced content”, as stated by Kaplan and Haenlein [8].

Recently, along with the front-runners of the Web like Twitter, LinkedIn also fb, exist innovative
services for various groups of individuals: students’ social network, the networks intended for
certain groups of ethnic minorities or specialists, in addition to an unusual network for all the
drinkers in the world. This ranges the extent to extremely distinct types of research from customer
favorites to psychological features. Facebook kept the leader among social platforms in the first
few months of 2015, while twitter has been in the top 10. Based on the same research made by
Simon Kemp [9].

Globally, over two billion individuals are considered as active users of blogs and social networks.
The total social media landscape is dominated via Facebook, maintaining 1.366 billion actives
users in Jan 2015. In the meantime, chatting applications and instant messengers continue to
develop, with Viber, WeChat, WhatsApp and Facebook Messenger indicating over one-hundred
million active users each month over the past 2014. Today, chatting applications and services of
instant messenger make up three of the top five global social platforms, and eight brands of instant
messengers indicate over one-hundred million active users each month. In 2015, the number of
active users in twitter each month has been 284, while in 2016 the number surpassed 320 million
active users each month [10].



Social Media Users
2018

2.07 2 billion users

330 miillion users 1.5 billion users

You

200 miillion users 178 million users

(™
800 million users

Figure 1.1: accounts user active in social media site in 2018 [11]

1.3.1 The Specifics Content of Twitter

Twitter is the most utilized micro-blogging site with “500 million” users and “340 million” tweets
daily, that is why it is an important information source. Twitter differentiated from other social
sites by their restricted in size messages. There is a maximum length of 140 characters per tweet

which makes challenging to detect sentiment from such short and informal comment [10].

The tweet is a way of sharing interests among specific groups or publicly. These Tweets are posted
through different sources such as twitter mobile applications, twitter site, and several third-party
websites/applications (after authenticating process). Privacy features are controlled by the user, as
users can decide whether to make their tweets private and only the people who have permission
from the user are able to access these tweets, or to make the tweets publicly visible. Twitter users

can follow other users that give them the ability to access tweets on their twitter page [11].



Twitter have several other features. One feature permits the user to reply to other users tweets by
choosing to click the reply button on the tweet made by another user. It is a way were a user can
respond to the tweet made by another user. Additionally, a ‘@’ symbol is added before the
username a twitter user when another user wants to mention the first one in his tweet. Mentioning
is a way where a user wants to refer to another one. Retweeting is another twitter common concept.
Retweet means to share other user tweet to our followers, it plays a significant role in spreading
information within twitter. Also, a Hashtag ‘#’ sign is added by the user before relevant keywords
in their tweets. This is utilized for the purpose of categorizing the tweets to be shown easily in the

twitter search. Popular twitter hashtags turn to be trending subjects in twitter [4].
1.4 SENTIMENT ANALYSIS

Sentiment analysis is defined as a field of natural language processing (NLP), it has a task to
determine attitudes and views of writers in the text or their opinions regarding certain subjects.
Sentiment defines the views and opinions which were stated through a person (the view holder)
regarding an entity (target). Attitudes quite enduring, effectively colored opinions, preferences,
and tendencies regarding individuals or objects (hating, loving, liking)"are considered to differ
from sentiments "brief episodes of synchronized responses (angry, sad, joyful, fearful, ashamed,
proud)" as a response to external impacts [15].
This differentiates sentiment analysis from the other issues including the analysis of emotions in
which the general emotional state (impacted via a lot of external aspects) is of high importance,
not the outlook regarding a target. The direction and degree of sentiment (how negative or positive
it is) is referred to as its polarity. The easiest and most general polarity approach supposes 2 types,
negative and positive. The extreme ends of continuous or discrete scale are constituted via these 2
types. Such description involves most voting approaches that are utilized in practice, including:

» positive, neutral, negative (such as: eBay),

« thumbs up/down (such as: Facebook, YouTube),

 star ratings (such as: Amazon, IMDb).
Frequently, polarity will be mapped to [-1; 1] interval, in the case when -1 is considered as the
most possible negative polarity, and 1 considered as the most positive polarity. Some ambiguity is
presented in relation to the center of the scale (0), that is generally defined as neutral. Yet, this

could also refer to a balanced mixture of negative and positive content [16].
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1.4.1 Types of Sentiment Analysis

In today's research, various viewpoints regarding automatic sentiment analysis are presented,
which lead to different tasks. The granularity of analysis is considered as the most noticeable
difference between them. Analysis of sentiments is implemented on numerous linguistic levels. At
sentence level, the aim is classifying if the sentence of an individual has neutral negative or positive
sentiment, while at document level, the main aim is classifying if a whole opinionated document
has neutral, negative or positive sentiment [17].

At aspect (entity) level, the aim is classifying the sentiment of person’s phrases or sentences aimed
at the direction of aspects or entities. The task of document-level analyzing of sentiments is
predicting the total polarity stated in documents. Usually, the documents where this sort of analysis
is achieved are the documents where the writer assesses just a single entity, like reviews related to
movies, hotels or products. The prediction of document-level polarity could be developed as
standard text classification issue. The issue could be dealt with using ML methods, including Naive
Bayesian classifier and maximum entropy classification. There are some statements implicated in
the text classification method. The first one assumes that the entire text is related to single target,
that is the product which might be defined as the topic of the review. The second one assumes that
the author is the opinion holder. In a formal way, the task of document-level classification of
sentiments is defined in the following way [18].

A group of documents D exists with the writers’ views, it concludes if a document d € D express
a negative or positive view (or sentiment) on a topic. If there is a document d that makes remarks
on a certain object o, determines orientation oo regarding an opinion stated on o, in other words,
determine the opinion orientation oo on feature f in quintuple (o; f; 0o; h; t), where f =0 and h, t,
0 is presumed to be unrelated or identified. The next hypothesis is made by recent studies regarding
sentiment classification. Document d (for example, a product evaluation) express sentiments on
an object o and opinions are from single opinion holder h. This statement applies for review made
by customers regarding services and products. Nevertheless, it might not apply for a blog post or
forum because in a post like that the writer might express feelings on various merchandises and
compare these products utilizing superlative and comparative sentences. Usually, the prediction of

the polarity of sentence is considered as a classification task [19].



1.5 MACHINE LEARNING TECHNIQUES

There are 2 central methods in sentiment analysis (unsupervised and supervised methods).
Sentiment classification related to the data in twitter is achieved via the use of supervised ML
methods such as Maximum-Entropy, SVM and Naive-Bayesian. The classifier’s effectiveness
classifier is built on which dataset is applied for which classification approaches. Regarding
supervised machine learning methods for training the classification model, training dataset is

applied which support classifying the test data [20].

Sentiment
Analysis

Supervised Unsupervised

Learning Learning

Maximum Lexicon Dictionary
Entropy based Based

Figurel.2: Sentiment Analysis Algorithms



1.5.1 Naive Bayes

Naive Bayes classifier can be considered as a simple classification model and it functions properly
on text classification, also it is probabilistic classifier that depends on using Bayesian theorem with
solid assumptions of independence. This is the most straightforward type of Bayes Network, where
all attributes are independent assuming the value of the class variable. Which is referred to as the
conditional independence. It supposes that every one of the features is conditional unrelated to
other features given the class. Naive Bayesian classifier can be defined as a method which is
applied to a particular class of issues, namely the ones that are phrased as connecting an object
with a discrete class. From numerical based approach group, Naive Bayesian has some benefits

for example it has high-accuracy, fast and simple, in K. Ming Leung defines the Bayes rule [21].

P(X|Y) P(x)

P(Y|X) = P

1.1

In the Naive Bayesian classifier, X will speak to the in-position highlight and Y will speak to the
class variable. Let X (x1; X2; : ; xm ), where Xi is speaking to the estimation of highlight I. Let (y1;
y2; . ; yn) is speaking to the esteem the class quality Y may hold. Next, the class property
estimation of occurrence X could be evaluated by means of computing

arg maxy;P(y;|X) (1.2)
Depending on Bayesian theorem,
P(X|y.
P(r:lX) = 52 (L3)

It is important to take under consideration that p(x) is consistent and impartial of yi, thus, we can
dismiss the denominator of eq. 1.3 whilst maximizing eq. 1.2. the naive Bayesian classifier
presumes conditional independence for making the computations simpler; that is, taking under
consideration the class characteristic cost, different characteristic attributes come to be
conditionally impartial. this situation, even though unrealistic, performs nicely in exercise and

substantially simplifies calculation.
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1.5.2 Support Vector Machine

Support vector machines (SVMs) might be considered as a blend of instance-based learning and
linear modeling in a high-dimensional space. SVMs could be used for tasks in the case when the
data could not be separated via line. SVMs utilize non-linear mapping it transformations instance
space to some other space that is of higher dimensionality than original space. In such instance
line in new space could be signified as linear boundary in instance space. Originally, the SVMs
have been created for the problems related to classification. The concept of Kernel brought upon
the SVMs. Kernel might be defined as a function that achieve mapping of a non-linear data to a

new space [22].

The Kernel function K is an inner multiplication ®@(x) @ ®(y) between images of 2 data points x

andy:
KX, Y) = O(x) ® O(y) (1.4)

The feature, which kernel function will be expressed as inner multiplication, offers a chance for

replacing scalar product with certain kernel choice [23].

The problem of identifying SVM parameters resembles a convex optimizing task, that indicates
that local solution is also a global optimum. Separating the data into testing and training sets are
involved typically in the classification task. Every one of the instances of the training set comprises
single “target value” (class labels) and more than a few “attributes” (features or observed
variables). The main aim of SVMs is producing a model (according to the training data) that predict
the target values related to testing data having attributes of test data only. SVM for classification

are applied for the purpose of finding linear model related to the following form:
y(x)=wlx+b (1.5)

x can be defined as the input vector, while w and b can be defined as the parameters that could be
modified for a model and determined in an empirical approach. Concerning the simple linear

classification, the task is minimizing a regularized function error which is specified via Eq. 1.6.

CEN_1én+ - |Iwl|? (1.6)
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ywlx+b)=>1—¢én 1.7)

Figure 1.3 shows a sample of linear SVM which was trained on examples from 2 classes. At this
point, SVM creates a separating hyperplane, after that it attempts on maximizing the “margin"
between the 2 classes. For the aim of calculating the margin, SVM creates 2 parallel hyper-planes,
one on every side of the initial one. After that, the hyper-planes will be “pushed” in a perpendicular
way away from one another up to the point where they meet the nearest samples from either one
of the classes. Such examples are identified as support vectors and are showed in bold in Figure
1.3.

Margin 1
o ® o /
Hyperplane

® / /Margm 2

Figure 1.3: SVM Classification
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1.5.3 Decision Trees

The major purpose of decision-tree is to be utilized in characterization mechanisms which produce
tree structures where each node indicates a test on a trait worth and each branch speak to a test
result. The leaves of the tree speak to the classes. The figure shows the choice tree assessed from
our Training data set used as part of the project. It demonstrates the connections located in the
Training data set. This approach is quick unless the preparation information is substantial. It
doesn’t give any suspicions about the probability distribution of that data. The process of

constructing the tree is called induction [29].

E(S) = - p (Positive) log2 p (Positive) - p (Negative) log2 p (Negative)

- p (Neutral) log2 p (Neutral) (1.8)

In the expression: p is the probability terms of an event. Entropy is the measure of homogeneity
regarding a group of examples. Depending on a group of neutral, negative and positive examples

of (the 3-class problem), the entropy regarding set S relation to this binary classification is:

At each tree node, C4.5 choose data attribute that most efficiently divide its sample set into sub-
sets that are enriched in one class or other. The criterion of dividing is the normalized information
gain (entropy difference). The decision will be made by attribute with maximum normalized
information gain. After that, the C4.5 algorithm recurs on smaller subsists. There are some base

cases regarding the algorithm:

« All the list samples will be a part of the same class. After that, a leaf node will be created
simply for the decision-tree saying for choosing that class.

« Instance of previously-unseen class encountered. Once more, a decision tree will be
generated via C4.5 that will be higher up the tree utilizing the probable value.

« Information gain will not be given by any feature. In this instance, a decision node will be

generated via C4.5 that will be higher up the tree with the use of the probable class value.
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Pseudocode

Input: an attribute-valued data-set D
If D is “pure” OR other stopping criterion is satisfied then
end
endif
for each attribute o € D do
Calculate information-theoretic criteria if we split on a
endfor

a pest = Optimal attribute based on criteria that has been
calculated above

Tree v = Make a decision node which test a best in the root
D v = Induced sub-data-sets from D based on an optimal

for each Dy do

Treey=C4.5 (D)

In data mining step, users’ feelings in a specific tweet is determined with classification tree.
Sentiment analysis requires two steps such as learning of a classification model and testing of the
classifier. In learning phase, the classification model is trained according to an algorithm. In test
phase, unclassified tweets are classified, and predicted classes are compared with real ones. The
tweets are evaluated, and class labels are assigned after the text is interpreted as being either

positive, negative or neutral.
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1.5.4 Random Forests

Ensemble learning concentrates on methods for combining the outputs of various trained models
for producing a classifier with extra accuracy. Generally, ensemble models have significantly
better-quality performance than the performance of singular model. Random forest algorithm can
be considered as an example of an ensemble approach that has been introduced by, it is
uncomplicated algorithm, however, in spite of its uncomplicatedness it could offer excellent-
quality performance with respect to classification. Figure 1.4 show the main structure of random
forest [25].

/x\
KAER KRKK ™ KREN
\4/

\)

-

Figure 1.4: The structure of random forest [26]

Combining several decision tree classifiers are utilized for constructing random forests,
bootstrapped subset of training data is used to train each tree. Random sub-set of features is
selected at every one of the decision nodes, and just splits on these features are considered via the
algorithm. The major issue with utilizing a tree lies in the fact that it has high variance that the
arrangement of features and training data could have an effect on its performance. All individual
trees have high variance, however, in the case when we average over group of trees, we have the
ability of reducing the variance of general classification. If every single one of the trees has higher
precision then pure chance, and they aren’t extremely correlated with each other, the central limit
theory indicates the fact that when they’re averaged, they are going to create a Gauss distribution.

The more decisions which are averaged the lower the variance becomes.
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1.6 EVALUATION MEASURES

For evaluating the classification results, some recognized measures from information retrieval will
be addressed. All the evaluation measures which are offered in the presented section are based on
certain basic counts on testing data collection [27].

The basic measures are counts of false positives (FP), true negatives (TN) true positives (TP), and
false negatives (FN) about every one of the classes ¢ of every instance. Those rely on if the class
that has been predicted via the classifier match the projected prediction (true class) as displayed in
Table 2.1.

Table2.1: Confusion matrix of actual and predicted class.

C ~C
C TP FP
~C FN TN

FN, FP, TN and TP will be defined, to signify the number of the respective events took place in
group for a class c. The evaluation measures will be defined depending on count statistics.
Accuracy (Acc) is considered as the most basic measure. At this point, we measure the ratio related
to the accurately classified samples on group D (Eq. 2.8)

Acc = Zesc TP (2.8)

In such a case, we have single instance in collection, the accuracy could be estimated via the
simplified equation (Equation 2.9).
TP+TN

Acc = — 2N (2.9)

TP+FP+FN+TN

Accuracy is considered as an efficient measure in the case where the classes are scattered in a
uniform manner in the set. On the other hand, while class imbalances get more pronounced, a
higher level of accuracy can be obtained via a classifier which is biased in the direction of the
majority class. Recall and precision are usually utilized as a substitute, thereby giving a more

thorough analysis of the behavior of the classifier concerning every class c. Precision P is a
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measure of the relative frequency of accurately classified samples which have been predicted to

be part of ¢ (Eq. 2.10):

TP
~ TP+FP

(2.10)

Recall (R) is a measure of the relative frequency of accurately classified samples amongst the

group of samples whose accurate class is ¢ (Eq. 2.11):

TP
" TP+FN

R

(2.11)

The harmonic average of recall and precision is referred to as the F-measure. In the present study,
we have utilized the balanced F-measure, or F1 measure, in other words, precision and recall are

equally weighted (Equation 2.12):

2xP*R

F, =
5 P+R

(2.12)

As opposed to the arithmetic average where Precision = 0 and Recall = 1 (or vice versa), the
harmonic average would be 0, and the arithmetic average would be = 0.5. The harmonic average
is, in all the cases, less than or identical to the arithmetic average and the geometrical average. In
the case where the values of the precision and recall are considerably different, the harmonic
average is closer to their minimum rather than their arithmetic average. The measures were
suggested, and recommendations have been made by various authors. Based on the findings of
some scholars, the harmonic average is of a higher significance as a measure due to the fact that
F1 is equal to 1.0 when each of the precision and the recall is perfect and converges to 0 when
recall or precision are poor [16], [28], [29], [30],[31].
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1.7 THESIS WORK

This research will attention on making use of evaluate the overall performance of diverse
classification algorithms regarding this problem. Tweets about computer and models are analyzed
in line with the customers' evaluations. Tweets approximately laptop models supply brief
feedbacks for companies how to prepare for the unexpected conditions. Pc businesses can start
making use of actual-time advertising standards to their campaigns and every day consumer
conduct. So, it has big significance several the community of social media users. Many users talk
about computer with their emotions. The category gear with (nlp) may be applied to method twitter
content. Training information is wanted to be accumulated and pre-processed first, and the class
model mastering system is completed next. the schooling dataset is accrued from twitter first by
means of the use of MATLAB. Inside the pre-processing step tweets are categorized as
tremendous, negative or impartial in line with the records professionals’ opinion. Pre-processing
step additionally consists of natural language processing strategies such as cleansing, tokenization,

and stemming, and so on. The education dataset includes 3000 tweets for iamb.
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1.8 REPORT OUTLINE

Introduction in chapter 1, In chapter 2 related work and literature is presented to show the
previously adopted approaches to implement data mining and sentiment analysis for twitter
contents. Chapter 3 present methodology and implementation of the proposed framework. Chapter
4 present results and performance of the study. After that, conclusion is given, and future studies

are detailed at the end of chapter 5.
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2. LITERATURE REVIEW AND RELATED WORK

Many researches have been done in text mining area to determine the sentiments in unstructured
texts. We will mainly focus on the related works regarding polarity classification with the same
objective tasks. Major methods classify given text’s polarity at either document, paragraph,

sentence, or word levels.
2.1 TEXT MINING

It is a domain used to use statistics mining methods over the textual content; some quantity of early
efforts of analyzing exploratory statistics through textual content [32].

Reading sentiments aim for extracting and identifying attitudes, moods, and evaluations of

communities and individuals [33].

Presented an early paintings and technical study concerning studying sentiments. at the same time
as sentiment analysis and text mining techniques are used collectively within the identical
undertaking regarding social media statistics, outcomes are maximum of the times predictive tool

or effective descriptive [34].

Text mining turned into had been applied correctly to get posts from fb for the motive of sentiment
category via the Arab spring state of affairs.in addition, it may be stated that textual content mining
is an understanding coming across approach from natural languages text. The indicated databases
have text documents which might be put to reading procedure through utilizing set of algorithms
for finding non-trivial and information patterns in the information. As stated earlier than, the
maximum commonplace way for storing statistics is storing as textual content. Due to this large
portion, it's far assumed that the text mining holds a larger business future than records mining in
[35].

Textual content mining is recognized as multidisciplinary approach this is associated with device
getting to know, extracting statistics, categorization and text evaluation, and its miles frequently

taken into consideration as an extension to statistics mining [35].

No matter the truth that textual content mining and records mining overlap in their fields, text

mining is absolutely diverse to information mining whilst considering the character of records its
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techniques. The structure or form of statistics is very great for expertise the variations among
statistics and text mining. common facts mining strategies targeted at the database with based form
[35].

Even as text mining is used for processing unstructured facts, called ‘textual statistics’, then extract
it’s statistics in automatic manner. The textual facts aren’t dependent in a manner that is just like
characteristic cost database. There are most important demanding situations in the natural textual
content’s shape. Textual content information is taken into consideration to be fuzzy and
unstructured, consequently it's miles complicated to locate beneficial and valid facts styles through
an automated approach [35].

Even though the textual content is taken into consideration unstructured, it does have an implied

patterns and grammatical shape [36].

This implicit shape is applied and found in numerous methods of specialized textual content
mining. natural language processing (nlp) is related to understanding the center of herbal language,
additionally it can be applied in preprocessing textual statistics. trustworthy example concerning
the rules which could be induced by means of making use of textual content mining-primarily
based learning. Textual content mining can be used and fill those gaps which conventional facts
mining has made in database information discovery. yet, because of the non-regularly occurring
and ambiguous shape of natural language texts it is not viable to generate non-one-of-a-kind and
all-embracing algorithms [36].

That the brought about guidelines are primarily based on steady and small corpus, however it'll
wrongly expect the meaning of the phrase ‘financial institution’ as a ‘economic institution’ in
sentence like “strolling over the financial institution of the river, found a briefcase with cash.”
within the previous instance, ‘financial institution’ consult with ground bounding waters. Those
regulations might be improved just so extra cases may be expected accurately. Even though, high

accuracy class desires extra training value and it could quick cause fuzzy fashions in 2008 [37].
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2.2 SENTIMENT ANALYSIS

Some of the state-of-the-art sentiment evaluation applications that are of relevance to our work are

crime surveillance [38].

Structures worried with tracking were reviewed and five critical factors which each monitoring

machine should have were proposed [39].

A schema become recommended for analyzing the communication of civilians, sentiments and

reactions in responding to terrorist attacks [40].

Advised 2 computational techniques for evaluating social media sentiments and the resulted

performance had been better while as compared to regular tactics.

Studying sentiment concerning statistics in social media have been applied for detecting sickness
outbreaks [41].

The authors described a plan for extracting the tweets for detecting outbreaks and on the spot
caution, via a swine flu massive it confirmed an actual contribution to alert involved stakeholders

to take a motion. The records in twitter permits for spatial and geographical evaluation [41].

A scheme changed into installed to visualize one-of-a-kind public sentiments taking benefit of the
tweets gathered from countries and counties throughout United Kingdom thru the occasion after
prince George’s start in 2013 this scheme is especially critical in detecting and monitoring
downwards and upwards traits of some product allergies unique location at some stage in a time.
[42].

The examiner applied textual content mining tactics for investigating patron attitude in the
direction of global brands, the studies counseled that twitter could be applied as a valid manner to
research attitude towards worldwide brands. Pharmacovigilance is of a significance to our take a
look at, it's miles the practice of tracking the outcomes of medical drugs when they were licensed
for use [43].
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Internet customers should provide on the spot indication approximately harmful drug events from

the log date they get even as browsing the net. nearly identical have a look at determined [44].

Where visualization of chfpatients.com discussion board chat sentiments had been applied for
measuring the efficiency of the drug by means of quantifying the side consequences of the drug,
in particular for the hobby of physicians and forum participants. The goal here is making use of
the equal techniques to pills and cosmetics product customers, that is the destined beneficiaries are
enforcement and regulatory groups, manufacturers and product users. Analyzing sentiments might
be carried out via utilizing two processes. the first method is opinions lexicon-depends on approach
[45].

The lexicon consists of a collection of negative and high-quality opinion phrases, the ones phrases
are applied to score the opinion sentences with the intention to is both impartial, negative, or
fantastic. This approach is very favored and need a scoring function to score each sentence
primarily based at the presence negative or positive phrases. the lexicon-based totally sentiment
evaluation approach is tested. lexicon-primarily based approach makes use of a lexicon, a group
of terrible and fine phrases alongside a scoring feature for the cause of figuring out the sentiment
polarity. the second approach is to make use of machine getting to know mechanisms to teach a
classifier through utilizing a collection of pre-classifies critiques as a training set. after that the

educated classifier is used for classifying sparkling critiques as neutral, terrible, or fine [46].

Utilized a managed mechanism for constructing a classifier making use of n-gram and part of
speech tagger approaches and additionally carried out a classifier for evaluations class. the study
emphasized that lexicon-based totally strategies surpass machine gaining knowledge of
approaches. In 2015 this take a look at makes use of lexicon-based totally processes for analyzing

sentiments [47].

23



Opinion or Review Text

Split into l
Sentences

Stemming & Cleaning l

Bag of Word

Compare with l
Opinion Lexicon

Scoring function l

Sentiment Score

Figure 2.1: Lexicon-Based Sentiment Analysis Approach

The sentiment analysis procedure that is discussed in this have a look at is evaluations-based and
its miles often known as opinion mining. whilst most effective sentiment analysis is noted for the
rest of our examine, then we suggest evaluations-based totally sentiments analysis. the major aim
for reading sentiments is to define the behavior of the opinion holder concerning a count number.
Different packages attempt to define the inclusive sentiments in the report. sentiment evaluation
might be complex, that is why liu discussed "the trouble of sentiment evaluation™. As an example,
for that, a textual content may include two or extra critiques concerning numerous or the same
items. check the example below in [48].
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Example "I purchased a Nokia Lumia 800 from Amazon. When | unpacked the Nokia phone, I
discovered what type of outstanding phone | purchased. The Windows Phone OS is so simple-to-
use. Nonetheless as with most phones, the battery life is dramatic. Yesterday, | showed the Nokia
phone to my friend, and he immediately became eager. He said that the Nokia Lumia 800 is

certainly better than his iPhone 4.

In 2013 the authors utilized textual content mining mechanisms to study client behavior toward
worldwide brands, the results confirmed that twitter can be utilized as a dependable method in

studying behaviors in the direction of global manufacturers [42].
2.3 PART-OF-SPEECH

Applying grammatical part-of-speech form highlights won't be beneficial for reading sentiments

in micro-blogging scope [49].

Analyzing sentiment manner is associated with several observe fields consisting of; analyzing
texts, computational linguistics, and nlp. It refers to extracting subjective information from
uncooked information, most of the instances in textual content form. yet, other forms of media can
have subjective records, inclusive of films, sounds, and snap shots, but some of these sorts studied
in smaller extent. In accordance, numerous kinds of sentiments exist in in all forms of media.
Sentiments could discuss with emotions or opinions. even though critiques and feelings are related

to any other, however, there's an apparent distinction among them [50].

In opinion-primarily based sentiment evaluation, a distinction is present among poor and superb
reviews. even as in feelings-primarily based sentiment analysis, there may be difference between
various emotion kinds which includes being unhappy, happy or angry, happy, unhappy etc. Due
to the dynamic, heterogenous, big and multisource capabilities of the utility information utilized
in a allotted environment, one good sized function regarding massive records is wearing out
calculate in petabyte and exabyte stages facts with a ganglion calculation manner. consequently,
applying parallel computing framework, it is corresponding programming language assist,
additionally software program models that successfully mine and examine allotted information are
widespread goals in large information processing for the reason of converting from amount to

quality.
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2.4 MAPREDUCE

With reading these conventional algorithms concerned with device learning, we kingdom that the
computational strategies in set of rules’ gaining knowledge of method can be transformation to a
summation operation on some of training statistics units. The summation system can be
implemented on diverse sub-units one at a time and acquire penalization achieved in clean way on
MapReduce programming scheme. Hence, an enormous-scale fact set may be split to some of sub-
units and allocated to more than one mapper nodes. After that, extraordinary summation techniques
may be applied on mapper nodes for the motive of amassing common consequences. In the long
run, gaining knowledge of algorithms are accomplished in parallel manner by means of blending

summation on diminish hubs [51].

Accomplished cautioned MapReduce based software programming interface phoenix, that help
parallel programming in multiprocessor and multicore gadget environments and identified 3
algorithms concerning records mining such as linear regression, foremost component analysis and

okay-manner [52].

Upgraded the implementation mechanism of MapReduce’s in Hadoop, additionally they dispensed
data garage, tested data sharing between the computing nodes used in parallel getting to know
algorithms, expected the overall performance of algorithms concerning query primarily based
studying, iterative mastering and single-pass getting to know in MapReduce scheme, then they
confirmed that MapReduce strategies are applicable for huge-scale information mining through

testing series of standard information mining duties on medium size clusters [53].

Papadimitriou and sun cautioned an allotted collaborative aggregation (disco) scheme by way of
utilizing collaborative aggregation and efficient disbursed records pre-processing mechanisms.
The software on Hadoop in an open-source MapReduce assignment validated that disco has terrific
scalability and can examine and manner big data units (with loads of gb). For the purpose of
improving inadequate scalability of not unusual analysis software and weak reading competencies

of Hadoop structures [54].
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Applied a study regarding the mixing of (open supply statistical evaluation software) and Hadoop.
The specified integration push records computation to parallel processing, that permit sturdy

precise evaluation skills for Hadoop [55].

Succeeded in attaining integration of weak (open supply records mining and system gaining
knowledge of software program device) and MapReduce. Not unusual weak equipment ought to
handiest operate on one gadget, with simplest 1-gb memory. Following to algorithm
parallelization, weak conquer these obstacles and improve the performance through taking gain of
the use of parallel computing to hold more than a hundred gb statistics on MapReduce clusters.
Suggested Hadoop-ml, wherein that developers may want to virtually construct facts-parallel or
challenge-parallel information mining and device getting to know algorithms on software blocks

beneath the language runtime surroundings [56].
2.4 TWITTER SENTIMENT ANALYSIS

Twitter, a microblogging internet site which is these days acquainted to the majority, has made a
amazing development in reputation and usage inside the beyond two years. The twitter and its
workload exam are isolated into two set: collecting and ad hoc question. in 2008, twitter acquired
a full-size morale analysis, which enabled twitter to come across unsolicited mail messages at the
platform in [57].

Idea for information mining from twitter must consist of a scalable structure for huge datasets
collections. Additionally, to make certain the transfer and don't forget the processing abilities that
are available. On the alternative side, ad hoc queries, in keeping with are submitted explicitly via
users, however those queries have not any computational pattern. As task scheduler is carried out
workflow supervisor, oink that ambitions to take care of dependencies among submitted software
jobs [57].

In step they have got used apache Hadoop with unmarried node cluster, apache pig, hdfs and
selection tree. One a part of device studying is sentiment evaluation and can be applied with twitter
to get an analysis of the evaluations of twitter customers about products, vital political event,
election consequences, brands and their function in the marketplace. after reading the evaluations
of clients to achieve the results of advantageous or bad sentiment [57].
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To twitter sentiment analysis there are ultra-modern approach is based on the researched. The
researchers cope with challenges to powerful choice of twitter records based totally on hashtag (#).
Information training also used a set of expression records in addition to records acquisition with

(high-quality, bad and impartial) emotions for assessment functions [58].

In which the pre-processing phase changed into divided into tokenization, normalization and part-
of speech (pos). It’s far a critical part of the linguistic pipeline and the principle form of
grammatical evaluation. twitter sentences can be constructed from a noun, verb, adjective or

different components of speech [50].

It's miles the manner of identifying symbols and abbreviations, which include brb, forestall phrases
or other running a blog capability. more precisely, normalization is the system of changing
abbreviations into their proper which means, an instance of that's "be right returned” (brb).
Furthermore, the uppercase characters in the twitter content material had been changed to decrease

case. the hunt results [58].

Confirmed that part of the speech indicates that the wide variety of appearance nouns, verbs etc.
and therefore, haven't any potential for twitter sentiment analysis. but, has verified the significance
of the hashtag and emotions method of the sentiment evaluation. Some other method is to twitter
sentiment analysis examine. Classification of tweets had been constructed on a version with
primary capabilities. binary tweets are classified according to sentiment in high quality and bad
units handiest, and there's additionally a third way of classifying impartial emotions. the pre-

processing phase was [59].

Which became proposed with a dictionary of expressions used to label all expressions with a
statement of feelings and a quick dictionary, which have been translated into acronyms in English,
consisting of “br8k” into “wreck”. Also, the URLs have been protected in twitter and replaced
together with (@ john) with the tag in which all the negations (as an instance: not, not, can't) were
changed with “now not” and all the repeated word characters (for example: cooool) also are
shortened to (cool). Research has shown that the evaluation function offers the exceptional effects
accurately by way of combining polarity before the words and tags of the pos. The research

discusses the implicit conclusions of a style of linguistic-like phrases in twitter [60].
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The semantic styles are defined as the group of phrases in corporations with consultant sentiment

semicircle model [60].

Represents the process of extracting sentiment styles from tweets, parent 3. The tweeters are
accumulated geologically prior to processing for the purpose of noise filtering. after that, the
lexicon of sentiment is applied to gather contextual connotations between twitter words. Then the

same words are grouped inside the tweets the cause of that is to form the semantic patterns.

Twitter |

J

| |

Sentiment Lexicon SS-Patterns

Syntactical
Pre-processing

Capturing Contextual
Semantics &
Sentiment

Bag of
SentiCircle
S

Extracting Semantic
&Sentiment Patterns

Figure 2.2 The process of extracting patterns from Twitter data [60].

The effects of researcher led to the class of sentiments of the entity that effective sentiments were
simpler to search for tweets, in place of bad or impartial. the purpose for that is that the selected
classifier or range of tweets may be affected with positive sentiment in the statistics set. In which

social media and social networks entered into the examiner that offers with imaginary studies [60].

The feasibility observes on whether tweets generated by way of twitter users talk over with unique
and specific subjects that may exceed marketplace-based totally revenue forecasts approximately
the contemporary films. To discover people's evaluations and behavior about extraordinary films,
sentiment analysis was used. The not unusual sentiment between "fans" screen a first-rate deal of
sales, and the consumer could have an influential opinion approximately new and unique film
commercials. films are normally shown on Fridays, aside from some that are shown on
Wednesday. to achieve consistency wherein the films that have been launched on Friday were only
considered too were launched on a huge scale. For those films that have been confined edition, we
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started gathering statistics from the time it was searching wide. the to be had dataset incorporates
the tweets that had been requested via the twitter seek abe, where the search is done by using the
identity of the film. the primary attributes of each tweet had been the writer, textual content and
timestamp. furthermore, the researchers carried out a one-week evaluation of the consumer's
feelings earlier than the release of the brand-new film, wherein all promotions together with pics

and trailers are set [61].

The solution has been evolved with a linear regression version that ends in predicting or predicting
film sales before the dates in their statement. The famous dating between users and twitter related
subjects in a specific film was announced and its success in the future [61].

Stock marketplace prediction evaluation based on twitter is researched in j. aim is to predict
assertion, if collective mood extracted from tweets is correlated with down jones commercial
common index over time frame. behavioral economics define that human choice-making can be

influenced by our emotions or mood settings [62].

Opinion finder equipment changed into deployed in technique to analyses tweets by means of poor
or effective values and google profile of mood states (gloms) to research person temper from
tweets that degree six awesome mood dimensions [62].

Moreover, self-organizing fuzzy neural network turned into applied to make testing whether
accuracy of prediction can be more desirable via temper measured of twitter customers.
consequences confirmed that not all mood dimensions ought to correlate to, which means
adjustments of public mood within dimensions can match adjustments in figures that occur later
up to four days. twitter as social network offers skills for predicting numerous situations, along

with mentioned earlier than: correlations between twitter and movie sales or inventory [62].
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2.5 ANALYTIC OF TEXT MINING METHODS

With the developing significance of social networks and of blogs, sentiment analysis and opinion

mining have become a great area of examine for many researches [33].

An extensive evaluate of the modern observe become cautioned. of their observe, they described
the cutting-edge strategies and strategies for retrieving opinion-orientated data. yet, now not so
many researches within the opinion mining discipline positioned blogs into attention or even an
awful lot less researchers taken into consideration microblogging. the authors in c. yang et al. in
2007 [63].

Applied internet blogs to build a corpus for analyzing sentiments and utilize emotion icons with
blog posts as a way for representing the mood of the user. authors used crf and svm newcomers
for classifying sentiments at sentence degree, then they examined some of mechanisms for the
reason of determining the general sentiments in the record. therefore, the great mechanism is
recognized by thinking about the sentiment of the last sentence of the report as the sentiment on
the file stage [64].

Utilized emoticons like “:-)” and “: - (” to construct a training set for classifying sentiments.
because of this, the authors accumulated a few texts inclusive of emoticons from UseNet
newsgroups. the accumulated information-set have been divided into classes “poor” (textual
content with angry or unhappy emoticons) and ‘“high-quality” (text with happy emoticons)
samples. emoticons skilled classifiers: naive Bayes and svm, were successful to stand up to 70%
of accuracy percent concerning the trying out set [65].
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Utilized twitter for accumulating schooling statistics, then they to implement a sentiment seek the
authors went for a similar approach to construct corpora through utilizing emoticons to get
“terrible” or “advantageous” samples, after that applying exceptional classifiers. the best result
changed into acquired by naive Bayes classifier with a mutual statistics degree for function choice.
The researchers had been successful of getting as much as eighty-one % accuracy percentage on
their trying out set. yet, the technique presented a weak overall performance with three instructions

(“impartial”, “fantastic” and “poor”) [64].
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3. MATERIAL AND METHODS

Data collection is a difficult task and it is not easy. We must determine the specific path to
obtaining the data for the thesis, and for my thesis | will choose the training data and emotion
analysis from the Blog. In this chapter we will talk about collecting, processing, storing and

analyzing tweets.
3.1 METHODOLOGY

To acquire this objective mentioned on top the subsequent purposed is used:

> An extreme investigation of existing systems and techniques in order of assumption

examination.

> Arrangement of associated measurements from twitter with the need of tpi.

> Handling of records takes from twitter all together that it ought to be fit mining.

> To make a class cation upheld unmistakable managed gadget discovering ways.

> Instructing and endeavoring out of assemble classifier the use of immense datasets

> Processing the consequences of very surprising classifier, the utilization of dataset expanded

from twitter.
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3.2 PROPOSED OF ARCHITECTURE

As we will probably acquire conclusion investigation for data provided from twitter. We are going

to develop a classifier which is made out of different Al to know classifiers.

Steam tweets

v

Pre-Process Tweets

A 4

Classify tweets

/

l

\,

Positive

Negative

natural

Figure 3.1: classify tweets of twitter using classifier technique

1- First, we're going to stream tweets in us develop classifier with the help of tweepy library

in MATLAB.

2. Then we are preparing those tweets, all together that they might be suit for mining and

trademark extraction.

3. After preparing, the information goes through the preparation classifier of the work that

partitions it into positive, negative and nonpartisan.

Given that, twitter is our wellspring of data for assessment. We are going to move the tweets

from twitter in our database. For this we're going to utilize twitter blog.
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3.3 TWITTER API (APPLICATION PROGRAMMING INTERFACE)

Application Programming Interface (API) is an interface that enables interaction with web
services. It gives developers and public to develop service products on top of API and thus
implement it within own service solutions. Access to Twitter service is possible by two types of
different methods: Streaming APl and REST API.

3.3.1 Obtaining of Twitter Application

Firstly, the manner of having access token starts with acquiring new application from twitter utility
control panel by using filling up wanted attributes for application, such as: name, description and

website.

.4
W Dovelope Usecases  Producls Do More Dashboard — Tolulwiller + t'%L

sting apps in all of the through this site. X

. App 0 f wo Y
mistafaahmedtwitter 1600375 ( Detalls ) i
Developer policy and terms Follow @twitterdev Subscribe to developer news

Developers Help Center Marketing

Figure 3.2: Twitter Application Setup
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3.3.2 Obtaining Twitter Credentials

For the development and streaming api access are essential credentials placed below keys and get
right of entry to tokens tab in newly generated twitter miningll utility settings. there are 4
credentials to observe client secret api secret and patron key api key get admission to token mystery
and get right of entry to token. those credentials provide the entirety for twitter miningl11 utility to
authorize itself and make api requests on its proprietor mustafaahmedtwitter behalf. Owner
username mustafaahmedtwitter represents researchers own twitter account. Configuration control

panel with twitter utility settings. Credentials are blacked as they present touchy fact.
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4. EXPERIMENTS AND DISSCUSION

In this section, the experiment will be offered beside with the outcome and the calculation,

separated into chapter as the follows:
4.1 MATLAB TOOL

MATLAB is a user interface enterprise instrument projected exactly for engineers and academics?
The sensitivity of MATLAB is the MATLAB language, a matrix-based programming language

authorizing the uppermost normal onset of computational mathematics.
» Data study

» Algorithms grow

* Generate requests and replicas

The language, apps, and built-in math purposes permit the scientist to quickly learn various
approaches to spread at an answer. MATLAB leases the specialists produce your opinions from
study to production by putting to inventiveness applications and rooted plans, as well as

fraternization with Stimulant and Model Founded Design.
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4.2 DATA COLLECTION

First, you must create a Twitter account to be able to use the Twitter API. It is not only difficult
to fill out information on the Twitter site and the company will provide you with a password and
a username by logging on to Twitter. You can read the tweets and send and receive comments on
any topic you want. As for how to get a developer account, through your own account you can log
on to Twitter developers by creating an account to write tweets through some important details g
After the creation of a developer account can be used client key, the client secret key, access to the
code key and access to the secret key in Access to Tweets.

4.2.1 Tweets Collected

The tweets were obtained by the Twitter API being stored in a csv file shown in Figure 4.1

A B
1 |SentimentText Sentiment
2 |first think another Disney movie, might good, it's kids movie. watch it
3 |Put aside Dr. House repeat missed, Desperate Housewives (new) wat
4 | big fan Stephen King's work, film made even greater fan King. Pet Sen
5 |watched horrid thing TV. Needless say one movies watch see much v
6 |[truly enjoyed film. acting terrific plot. Jeff Combs talent recognized fi
7 |memory "The Last Hunt" stuck since saw 1956 13. movie far ahead o
8 |Shakespeare fan, appreciate Ken Branagh done bring Shakespeare ba
9 |privilege watching Scarface big screen beautifully restored 35mm prit
10 |real classic. shipload sailors trying get towns daughters fathers go ex:
11 |Serials short subjects originally shown theaters conjunction feature f
12 |strange sex comedy there’s little comedy whole lot sex , takes place
13 |many problems film, worst continuity; re-editing VHS college cable ct
14 |Rosie wasted lot TV time talking Tainos super influential dynamics mu
15 |Man, people got chill. movie artistic genius. Instead searching reason
16 |great movie could Soylent Green. scenes people. people act 2022. th
17 |Wonderful family drama/comedy starring MacClaine Garr entertains
18 |"Ko tamo peva" one best films ever saw. tragicomedy deep implicati
19 |quite long time life, either like film, liked film much many more. watc
20 | "Kolchak" TV series really didn't fit category. Part horror, part comed
21 |It's rare find literary work adequately translated screen may rated fili
22 |awful, awful! old room mate used watch junk drove crazy. book one
23 'mom recently become addicted show, laughing butts off! I've seen 11
24 | okay, plain dumb. bad horror/comedy film. reading people switched
25 |film mesmerizing beauty creativity. artist's profound vision, art spring
26 |Filmfour going lot better little snot film they're going get right sort re|
27 |60s (1999) D: Mark Piznarski. Josh Hamilton, Julia Stiles, Jerry O'Conn
28 |show suck? Unfortunately, really question, doubt does.<br /><br />F
29 |Sometimes want laugh. Don't you? analyzing, critiquing looking deep:

| ' ' | '
DR OORRPRRPRRORRPRRERRPERRPPLOOCORRERPLORREOROOLR

AN L antibuch inkbac aat raslhs ascu da chose lika hattar maalka cura camatl

dataset (]

Figure 4.i: Sample Tweets Collected
4.2.2 Tweets Attributes
The data we obtained is relevant to computer hashtags from twitter, 3000 tweets are gathered

completely. the dataset acquired, from twitter has 1828 distinctive. every field explain distinct
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attributes of that tweet inclusive of retweet reputation, reply to, language, vicinity, consumer

information, hashtag details etc. some of them are defined in desk four.

Table 4.1: Different Fields of Twitter Dataset

Tweet attributes
id Unique tweet ID, as identifier
user/screen_name The user’s name
created at Date when tweet was created
retweet_count Retweets Number
text the tweet
entities hashtags #, user mentions
retweeted represent if another user tweet it
geo Location info
is_quote_status True/False field
quote_count The number of quotes
in_reply_to_user_id gives info whom it replied
favorite _count Total number of favorite tag.
lang The user language

From those diverse attributes, the textual content subject is the most vital for sentiment evaluation
and we pick out the textual content field and erase different needless fields in our dataset as proven
in parent 15. Amassing tweets from streaming api are saved in csv file, but there's capability to

view near actual-time streaming, that is used for cause in pre-processing technique.
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4.3 PRE-PROCESSING OF DATA

4.3.1 Tokenization

Tokenization is a procedure of part message strings into tokens, which are represented by words

in sentences. As part of Twitter data analyses, this method will help with Named Entity

Recognition. From the tweet dataset we can request sample data and tokenize them to see the

results. Purpose of tokenization is to analyses ways of efficient tweet splitting into tokens and

comma-separated mentions [75].

Table 4.2:

Tokenized Dataset

Text

After process applying

| dont see that Loving for most #Imdb

"' "dont" "see" "that" " Loving " "for" "most"
#Imdb

True power shines through from any
perspective the Imdb Concept #5500

Performance

"True" "power" "shines" "through™ "from" "any"
"perspective” "The"™ " Imdb " "Concept" “#”

"5500" "Performance"

4.3.2 Removing numbers and punctuation

It is recognized that the numbers are utilized for representing measures, year, and financial

representation etc. As numbers are not necessary for work analyzation in this step, the numbers

must be detracted from the information. Accordingly, numbers should detract from an information.
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Table 4.3: Removing Numbers and Punctuation

Text

After process applying

"1" "dont" "see" "that" "Loving" "for""most” #Imdb

"1" "dont" "see" "that" "Loving" "for" "most” #Imdb

"True" "power" "shines" "through" "from" "any

"perspective” "The" " Imdb " "Concept" “#” "5500"

"Performance”

"True" "power" "shines" "through" "from" "any
"perspective” "The" " Imdb " "Concept" "5500"
"Performance™

4.3.3 Changing Uppercase Letters to Lowercase

Words with upper-case or lower-case are counted in a different way in a case sensitive situation.

Unfortunately, they share the same meaning in a sentence. Therefore, capital letters are converted

to their lower case.

Table 4.4: Changing Uppercase Letters to Lowercase

Text

After process applying

"I" "dont" "see" "that" lILOViI"Ig" "for" "most” “Imdb

"1" "dOﬂt" "See" "that" ulovingn "fOf" "mOSt” “imdb "

"True" “"power" "shines" "through" "from" "any"
"perspective” "The" " Imdb " "Concept" "5500"

"Performance"

"true" "power" "shines" "through" "from" any
"perspective” "the" " imdb " ‘"concept" "5500"

"performance”
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4.3.4 Removing the stop-words

Stop words are not valuable words such as pronouns, adverbs, auxiliary words and some
conjunction words. Stop words are general words that does not have any meanings. They should
be also removed from text in the preprocessing.

Table 4.5: Removing the Stop-Words

Text After process applying

ulu "dont" ||See|| uthatn HIOVing" "M" llmost” ||d0nt|| useeu u Ioving nn imdb n
“Imdb n

"true™ "power" "shines" "through" "from" | "true" "power" "shines" "perspective” " imdb "
"any" "perspective” "the" " imdb " "concept” | "concept” "5500" "performance™

"5500" "performance”

4.3.5 Stemming:

This preprocess step is performed on word roots. If base form of words has the same meaning,
then they can be analyzed as one term. Without stemming, they could be assumed as different and

unique words. Stemming process is needed to reduce word variants and increase the accuracy.

Table 4.6: Stemming

Text After process applying
Ildontll "See" "IoVinEl" mn imdb " lldontll "See" IIIOVeII n imdb "
“true” “"power" "shines" "perspective" " imdb " | "true" “power" "shine" “perspect" " imdb "
"concept” "5500" "performance” "concept" "5500" "perform”

42



Following code shown all the steps in Figure 4.2

% process the structure array with a utility method |extract

[amazonUsers,amazonTweets] = processTweets.extract(amazon);

% compute the sentiment scores with |scoreSentiment

amazonTweets,Sentiment = processTweets.scoreSentiment(amazonTweets, ...
scorefile,stopwordsURL);

% repeat the process for hachette

[hachettelsers,hachetteTweets] = processTweets.extract(hachette);

hachetteTweets.Sentiment = processTweets.scoreSentiment(hachetteTweets, ...
scoreFile, stopwordsURL);

% repeat the process for tweets contalning both

[bothUsers,bothTweets] = processTweets.extract(both);

bothTweets.Sentiment = processTweets.scoreSentiment{bothTweets, ...

scoreFile,stopwordsURL);
Figure 4.2: Text Preprocessing

4.4 CLASSIFICATION

Deep Sparse Autoencoder from the structural connect of recognize, the autoencoder is an

axisymmetric base hit hidden-layer neural join [76].

The autoencoder encodes the input sensor broadcast by per the disoriented layer, approximates the

minimum lapse, and obtains the best-feature hidden-layer conceit [77].

The work of genius of the autoencoder comes from the unsupervised computational pose of cro

magnon man perceptual training [78].

Which itself has some down-to-earth flaws. For concrete illustration, the autoencoder does not
revoke any practical achievement through copying and inputting hallucination into suggested
layers, during it bounce reconstruct input message with fancy precision. The rare autoencoder
inherits the sense of the autoencoder and introduces the sparse comeuppance term, adding

constraints to feat learning for a concise conceit of the input statement [77, 78].

p; == Yi[a (x()] (4.1)

n
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The hidden layer is unbroken at a lower worth to confirm that the typical activation worth of the
distributed parameter is outlined as, and therefore the penalty term is employed to stop from
deviating from parameter. The Kullback—Leibler (KL) divergenceis employed during this study
because the basis of social control. The mathematical expression of KL divergence is as follows:

_ r _ 1-r
kL(p||pj) =pln 7 +(1—-p)ln 1=p; (4.2)

When doesn't deviate from parameter, the KL divergence worth is 0 otherwise, the KL divergence
worth can bit by bit increase with the deviation? the price operate of the neural network is about
as C (W, b).

4.5 MEAN SQUARE ERROR

In measurements, the mean that square blunder (MSE) or mean that square deviation (MSD) of an
estimator (of a procedure for approximating an unnoticed sum) occasions the normal of the squares
of the mistakes that is, the regular squared change between the assessed standards and what is

predictable. The MSE can calculated in equation (4.3).
MSE = — Y1, (Y — Fi.)? (4.3)

Where m is amount of instance, k is the numeral of features F characterized the input features. Y

characterized output data.
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4.6 IMPLEMENTATION

Numerous experiments are performed in several settings, the test and the outcome were measured
applying several measurements, the performance of several experiments were related, and the

outcomes were highlighted.

The experimental applied by using MATLAB2018 as tool. The Figure 4.4 display numeral of
material like total of epoch, time and performance. Moreover, the construction of the network also

offered in this Figure which there is 3 input and 1 output the best essential features.
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4 Neural Network Training (nntraintool) —
Neural Network

Softmax Layer

Input

Algorithms

Data Division:  Training Only  (dividetrain)

Training: Scaled Conjugate Gradient (trainscg)
Performance: Cross-Entropy (crossentropy)
Calculations:  MEX

Progress
Epoch: o [ 44 iterations | 400
Time: | 0:00:00 |
Performance: 0366 [ WsTe06 ]| 000
Gradient: 0131 | 9.40e-07 | 1.00e-06
Plots

Plot Interval: ' 1 epochs
v Minimum gradient reached.

. Stop Training . Cancel

Figure 4.3: Deep Sparse Autoencoder Training processes.
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The confusion matrix is calculated to evaluate the performance of the proposed method see Figure

4.4 10 parameters are calculated to evaluate the performance of the proposed method and

presented.

Output Class

Confusion Matrix

1020 0 20 88. 1%
34 .0% 0.0% 0.7% 1.9%
1 1210 0 99, 1%
0.4% 40.3% 0.0% 0.9%
0 28 710 26, 2%
0.0% 0.9% 23.7% 3.8%
98 .9% 97 . 7% 97 . 3% 98.0%
1.1% 2.3% 2.7% 2.0%
. T bt

Target Class

Figure 4.4: Confusion Matrix.




Table 4.7: Proposed Method Results.

Parameters Results
Sensitivity 0.9600
Specificity 1.0000
Precision 1.0000
Negative Predictive Value 0.9600
False Positive Rate 0.0000
False Discovery Rate 0.0000
False Negative Rate 0.0400
Accuracy 0.9800
F1 Score 0.9760
Matthews Correlation Coefficient 0.9680

Maximum Accuracy after applying the classification technique is 0.98. As shown in Table 4.7
the proposed method presented high results when 10 statistical parameters are calculated. Then,
the obtained results compared with well-known studies presented in this field. According to the
comparison in the Table 4.8 our method presented remarkable results compared to previous

studies.
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Table 4.8: Results Comparison.

Methods Results
Deep Learning with Bi-LSTM 94
[79]

SVM [80] 91
Maximum Entropy algorithm 70.04
[81]

Proposed Method 98.00

As shown in the Table 4.8 the proposed method presented best results than methods proposed in

which these studies represented the commonly known researches in this field [79] [80] [81].
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5. CONCLUSION

Opinion mining is a field where a large data volume is being generated via person-to-person
communication. Analyzing sentiments is a field used in various applications such as advertising,
social media and forensic. By the assistance provided by opinion mining, the corporations could
estimate their market and learn which changes considered to be necessarily needed to make for
next product up gradation. Furthermore, providing mechanisms to construct a plan on their item.
Customers can also use opinion mining for buying a product which they never used before, as the
customer always prefer sentiments and reviews associated to the product before they purchase it.
First dataset is collected from twitter by using Twitter Api. Twitter streaming API is applied on
MATLAB for obtaining 3000 tweets about imdb. These messages are prepressed and cleaned.

Since, Twitter text classification has many challenges to optimize the streaming, different
supervised and unsupervised machine learning algorithms can be implemented in order to

recognize patterns between tweets and make data driven predictions.

Opinion mining is complex to examine subjective and objective data, a large opinionated word
likewise happens in target sentences, thus it is very hard to control those challenges. Usually the
users post their surveys in the forums or blogs with a lot of spelling mistakes which our word
reference cannot detect them and bringing about less exactness of sought yield. Along these lines,
part of work must be done in this field for recognizing spam online, word sense disambiguation.

Moreover, other machine learning algorithms for text classification can be implemented in future
work. Comparing their accuracy can lead to enhanced results. Pre-processing approach with data
normalization can be extended with natural language processing on the higher level, which could

optimize the sentiment classification.
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