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ABSTRACT

Analysis of Opinion Leaders Using Text Mining Techniques on Social Media

The advent of social media technology has witnessed rapid adoption globally. There are
many ways in which people engage in using this technology. Some people use this
technology for fun, some for commercial purpose, while others use it for education. The
social media has become essential tool in the lives of people. Nowadays, people can check
what other customers think about a product or service before they buy on the Internet.
Opinion can be formed referring to shared feedback on the virtual community which

redirect the new opinion of people.

There are few individuals who can influence buying decisions, ideas or even political
ambitions of others through the comments they made on the social media. Those
individuals are usually referred to as opinion leaders or influential leaders. It is quite
possible to reach out and communicate with a large number of people on the social media
through the opinion leaders. The importance of these opinion leaders in marketing made
companies start to change their marketing strategies. However, identifying such opinion
leaders is not as easy as it may seem. So, the identification and analysis of opinion leaders

on social media is a valuable research.

This study identifies and analyzes the opinion leaders on Twitter social media site. The
first method used to identify the opinion leaders is the traditional measure of influence
called indegree, the second one is the retweets criterion, and finally a measure of influence
based on sentiment analysis is proposed. The sentiment analysis method uses Naive Bayes
classifier for the classification of sentiments polarity and it has an accuracy of 59.51%. The
analysis based on retweets and sentiments showed that having a high indegree rank (the

traditional ranking score) does not necessarily mean a user is an opinion leader.

Keywords: Influential Leaders, Naive Bayes, Opinion Leaders, Opinion Mining, Text

Mining

Vi



OZET

Metin Madenciligi Teknikleri Kullanilarak Sosyal Medya Verileri ile Kanaat
Onderlerinin Analizi

Sosyal medya teknolojisinin hizli gelisimi ile diinya ¢apinda benimsenmesine taniklik
edilmistir. Bir¢cok sebepten oOtiirii insanlar sosyal medya ve beraberinde gelen teknolojileri
kullanmaktadir. Bazilar1 6grenme i¢in, bazilart eglence igin bazilari ise ticari amagla bu
teknolojiyi kullanmaktadir. Sosyal medya insanlarin yasamlarin1 yonlendiren 6énemli bir
ara¢ haline gelmistir. Insanlar internet iizerinde herhangi bir iiriinii satin almadan &nce
sosyal medya gibi bir¢ok kaynaktan arastirma yapmaktadir. Bu ise insanlarin paylastig
fikirler ile fikir bulutlarin1 olusturmakta ve insanlarin yeni olusturduklar fikirleri

yonlendirmektedir.

Sosyal medyada fikir liderlerinin yaptigi yorumlar araciligiyla, baskalarinin satin alma
kararlarin, fikirlerini, hatta siyasi emellerini etkileyebilmesi muhtemeldir. Bu fikir liderleri
genellikle kanaat onderleri (fikir liderleri) ya da etkili liderler olarak adlandirilirlar. Kanaat
onderleri araciligiyla sosyal medyada bir¢ok insanla iletisim kurmak ve yonlendirmek
mimkiindiir. Pazarlama sgirketleri bu kanaat Onderlerinin Oonemini fark ettikten sonra
stratejilerini degistirmeye baglamistir. Ancak bu fikir liderlerinin tespiti goriindiigii kadar
kolay degildir. Bu yiizden sosyal medyada liderlerin tespit ve analiz edilmesi hakkindaki

calismalar degerlidir.

Bu tez ¢alismasinda Twitter sosyal medya sitesinde kanaat 6nderlerinin tespiti ve analizi
yapilmaya calisilmistir. Fikir liderlerini belirlemek ic¢in kullanilan ilk yontem, kullanicinin
takipgi sayisidir. Ikinci kriter olarak ise retweets kullanilmistir. Son olarak duygu analiz
yontemiyle fikir liderleri tespitine caligilmistir. Duygu analizinde siniflandirma igin
kullanilan Naive Bayes algoritmas:t ile %59.51 dogruluk elde edilmistir. Yapilan
arastirmalar sonucunda, retweets ve duygu analizine goére bir kullanicinin ¢ok takipgisi

olmast o kullanicinin ¢ok etkili oldugu anlamina gelmedigi goriilmektedir.

Anahtar Kelimeler: Fikir madenciligi, Fikir Onderleri, Kaanat Onderleri, Metin

Madenciligi, Naive Bayes
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1. INTRODUCTION

Social media technology has been improving rapidly in recent years and people’s access
to social media via the Internet is increasing each and every single day. The social media
technology and the Internet technology are developing in parallel. The availability of
Internet makes people change their way of life from physical interactions to interactions
via the virtual community. Nowadays, due to the availability of social media sites such as
Twitter, Facebook, and Instagram etc. it is quite common and easy to interact and

communicate with a diverse number of people within and across national boundaries.

Before the advent of social media technology, people used to have a limited number of
friends or relatives to communicate with and seek for advice from them. But the virtual
community makes it possible for individuals to interact and make beneficial connections
with peoples who have similar interest. It is almost easy for all groups of people to find
somebody that has a common interest in their day-to-day activities with the help of the
virtual community or the social media. For example, social media is now a means for
businesses to buy and sell things, and it is a platform for students and academics to
advance their knowledge by tracking, communicating and collaborating with their peers in
other parts of the world. Such communications were not easy, if not impossible at all,
without the social media sites.

There is no doubt that physical interactions among individuals are very important, but
there are many benefits of interaction beyond the physical domain. Traditionally, people
rely on their friends, family, and neighbors for advice concerning everything they lack
sufficient knowledge to decide or choose the best of it. Edward and Berry (2003) reported
that 83% of people refer to their friends, family or someone knowledgeable at a restaurant
before they choose where to eat what over the traditional restaurant advertisement, 71% of
people also refer to their family, friends or an expert before visiting a place or buying a

prescribed drug, and 61% of people do the same before they watch a movie [1].



Generally speaking, influencing others by means of communication is what has been
broadly referred to as the words of mouth (WOM) by researchers. Johan (1967) stated that
WOM is basically a process of diffusing or spreading the word about a service or a product
from person-to-person i.e. between a communicator and a receiver and the receiver
perceives the information as noncommercial [2]. One of the pioneering research on the
WOM diffusion reported by Katz and Lazersfeld (1955) describes influential individuals as
“opinion leaders”, the opinion leaders are the enlighten small number of people in a
community that intercept information from mass media, interpret the information, and
diffuse the information they received to the personal networks that they themselves belong
[3]. The term opinion leaders are generally accepted as those individuals whose opinions
concerning several issues or things are widely accepted and utilized by the people in their

respective community [4].

The above explanations lead us to what is currently evolving in today’s world; as
explained above, Internet usage is essential in people’s lives; they can buy and sell things
or services via the Internet. Likewise, people can check what others think about a product
or service from other consumers on the Internet. For example, if a person wants to buy a
product from Amazon.com or Alibaba.com, the first thing that person or customer can
usually do is to check the reviews for that product and see what others think about the
product, however traditionally a consumer will only ask within his community or close
contact and learn if someone knows more about the product so that he or she can help him
decide whether to buy or not. The buyer or consumer usually buys the product or service if
his or her friend or family member has suggested that product. Many advertising
companies agree with the idea of influential individuals on the social media, this leads to
shifting their focus to advertising via the influential people.

Influential individuals are not limited to influencing audience for buying decisions only;
they also can influence mass audience for election campaign i.e. during electioneering and
many other issues. Today, there are many such influential individuals or opinion leaders on
the social media; they can easily influence a large number of people on social media by
writing comments. Agarwal, Liu, et al (2008), stated that identification of such influential
individuals can help in forging political agenda, developing innovative business strategies,

discussing social issues and it can lead to many interesting applications [5]. For example,



influentials often affect buying decisions of their followers, so, companies can rely on

them to some extent in order to advertise and influence their consumers.

Drezner and Farrell (2004) proposed that the influentials could also sway public
opinions on reactions to government policies, elections, and political campaigns [6]. It is a
well-known fact that public opinion is very important for each and every organization and
government body, thus, even the government could refer to such opinion leaders in order to

reach out to it citizens on arising issues.

The discussion of opinion leaders on social media would not be sufficient without
talking about text mining. Text Mining (TM) was broadly defined by Feldman, Sanger
(2007) as a process by which a user interacts with documents’ collections by using analysis
tools over time. In a manner similar to data mining, TM aims to extract beneficial
information from several data sources by exploration and identification of interesting
patterns. In the TM perspective, data sources are collections of documents, and interesting
patterns are from unstructured text data, but not in formalized database records [7].
Expressing opinions and sentiments in written form on social media are very common
among individuals, organizations, businesses, consumers, and celebrities. There are many
applications or importance of TM in our daily lives. TM applications can help businesses
and corporations to get feedback from their targeted consumers in order to know exactly
how to improve the quality of their products or services [8]. A previous method of getting
users and customers generated feedback is a questionnaire, there is no doubt that it is easier
to collect and analyze users and customers generated feedback on social media than using
questionnaire. TM can help in retrieving unbiased customers reviews or citizens’ reviews
through the social media. Sentiment analysis of people’s comments on social media sites
such as Twitter or Facebook can easily clarify if consumers are satisfied with products or

not.

Text mining on social media is a relatively new research field; it adopts most of its
techniques from artificial intelligence, machine learning, and data mining. Famous
machine learning algorithms such as Support Vector Machine (SVM), Naive Bayes,
Artificial Neural Networks, and K-Nearest Neighbor (K-NN) etc. have been used for
classification and clustering purposes. In this study, Naive Bayes classification algorithm is

used to classify and analyze the sentiment polarities of Twitter users.



In the literature, there are many works on opinion leadership detection and analysis on
social media. Some of these works propose methods using network analysis while others
using text mining methods similar to this research, the details are given in the background

and related works section of this thesis.

This research aims to analyze opinion leaders on social media using text mining
techniques. Social media is such a large term, to be precise Twitter microblogging site will
be used in this study. The proposed solution does not depend on Twitter data, it could also
be used for Facebook and many other social network sites, and it is just that the data need
to be normalized to be compatible with the proposed solution. In addition, at the end of this
thesis, text mining application will be developed in order to fully understand the general
concept of opinion leader and sentiment analysis based on real life data that will be

retrieved from the social media.

The Introduction chapter of this study introduces the main idea behind this research; it
gives information about the opinion leader or influential leader and its importance. It also
introduces text mining usage for better understanding of the research. In Background and
Related Work chapter, the background field of the research is given; the chapter introduces
Artificial Intelligence (Al), Data Mining (DM), Machine Learning (ML), and elaborates
Text Mining (TM) and its applications area. The chapter also presents the opinion leader
related work and gives some analysis. Application for Finding Opinion Leaders on Twitter
chapter gives the general structure of the methodology and the approaches which are used
in this research. In Results and Discussion chapter, the general analysis and the discussions
about the findings is presented. In Conclusion chapter, the overall conclusion of the thesis

and possible future research is presented.



2. BACKGROUND AND RELATED WORK

This section aims to give a general background work and a general literature review
related to the opinion leaders. There are mainly two subsections i.e. the background section

and the related work section.

2.1. Background

Analysis of opinion leader using text mining on social media is a relatively new
research field, text mining research field itself is a new research field. So, there are some
background terms and topics that are very important to be explained. It is essential to
comprehend the basic concept of Artificial Intelligence (Al), Machine Learning (ML) and
that of Data Mining (DM) for a better understanding of Text Mining (TM). As the
discussion goes on, it will be seen that there are many things in common between Al, ML,
DM and TM, though TM is very specific research field that mainly concentrated on text
data.

2.1.1. Artificial Intelligence

Acrtificial intelligence is one of the most important research fields in computer science
and engineering. Many researchers proposed several definitions of Al in the literature,
among these definitions:

e Al has been defined by Charniak and McDermott (1985) as “The study of mental

faculties through the use of computational models” [9].

e Another definition by Schalkoff (1990) described Al as "A field of study that
seeks to explain and emulate intelligent behavior in terms of computational

processes™ [10].

e Winston (1992) defined Al as "The study of the computations that make it

possible to perceive, reason, and act” [11].

e Luger and Stubblefield (1993) stated that Al is “The branch of computer science
that is concerned with the automation of intelligent behavior” [12].

There are many applications of Al that have been described by researchers; some of
them are described by (John McCarthy, 2007) as follows: Game Playing,

5



Speech Recognition, Understanding Natural Language, Computer Vision, Expert Systems
and Heuristic Classification [13]. So, Al is directly related to TM through natural language

processing.

2.1.2. Machine Learning

Machine learning is one of the leading research fields in computer science and
engineering. Machine learning and artificial intelligence share many things in common. In
fact, machine learning can be considered as a subtopic in Al. Some of the definitions of
machine learning reported by researchers are as follows:

e In particular, Kevin Murphy defined machine learning “as a set of methods that can

automatically detect patterns in data, and then use the uncovered patterns to predict
future data, or to perform other kinds of decision making under uncertainty (such as

planning how to collect more data!)” [14].

e Machine learning as defined by Arthur Samuel (1959) “is the field of study that

gives computers the ability to learn without being explicitly programmed” [15].

e Next definition of machine learning was stated as “Machine learning is
programming computers to optimize a performance criterion using example data or

past experience” [16].

Some of the applications of machine learning include the following: Learning
Associations, Classification, Regression, Unsupervised Learning and Reinforcement

Learning etc. [16].

2.1.3. Data Mining

Generally speaking there are many proposed definitions for data mining and knowledge
discovery, data mining (sometimes called data or knowledge discovery) as reported by
Hitesh Gupta (2011) “is the process of analyzing data from different perspectives and
summarizing it into useful information that can be used to increase revenue, cuts costs, or
both” [17].

The application field of data mining as reported by Fayyad, Piatetsky-Shapiro and
Smyth (1996) includes the following: Marketing, Investment, Fraud Detection,
Manufacturing, Telecommunication, and Data Cleaning [18]. Based on the above brief



discussion on Artificial Intelligence, Machine Learning, and Data Mining, it can be
inferred that Text Mining comes about from the field of Artificial Intelligence, Machine
Learning, and Data Mining. Figure 2.1 below shows the picture of Text Mining

overlapping fields.

Artificial Intelligence

Text Mining

Data Mining Machine Learning

Figure 2.1. Text mining overlapping fields

As explained in the introduction section of this study, there are many fields from which
the algorithms used in text mining came from. For example, the Naive Bayes classification
is originally a machine algorithm, but it is used in text mining field for sentiment

classification purpose.

2.1.5. Twitter

Twitter is a social network site with about 310 million active users monthly [19]. In
Twitter, users can follow others and they can be followed as well. A Twitter user that
follows less number of people and has a large number of followers is usually considered to
be famous or influential. There are quite important Twitter terms that will be mentioned
frequently in this study. So, there is a need to understand those terms clearly. The terms are

Tweets, Replies, Mentions, and Retweets.

These Twitter terms, as describe by the Twitter.com [19], are as follows:



e Tweet is a 140 character long text posted on the twitter microblogging site. A user
has to express his or her thought with 140 characters only.

e Reply is a Tweet that a user receives from another user in response to his or her
specific Tweet, the Reply starts with @username.

e Mention is any Tweet that contains a user's Twitter username starting with @; just
like this: Hello @kalomausman, what’s up? Mentions are of two types: The first
one places the username in the beginning of the tweet and the second one places the
username in the middle of the text.

e Retweet refers to reposting of another user’s tweet(s). Retweet usually shows
agreement by sharing the exact Tweets someone else posted.

In this study, the number of followers (also called indegree) of Twitter users, Retweets

influences, and sentiments of Replies and Mentions are considered.

2.2. Related Work

Research interest in detection, recognition, and analysis of opinion leaders on social
media has increased tremendously due to the advancement of Web 2.0 or the Internet.
Recently, there are a lot of research works on opinion leaders by researchers globally.
Some of the researchers concentrate on providing new algorithms based on mathematical
formulas and optimization methods for the detection and recognition of opinion leaders on
the social network. Other researchers consider text mining and network analysis techniques
for the opinion leadership analysis. However, the detailed methods, techniques, approaches

and data used differ from one another.

One of the famous and detailed researches on identification and detection of influential
bloggers or opinion leaders on social media in the literature was conducted by Nitin, Huan,
et al. (2008), they presented a method for identifying influential bloggers in the virtual
community or blogs in their research. The authors stated that not all active bloggers are
necessarily influential; in other words inactive bloggers may be influential bloggers. A
blogger is considered influential if one or more of his blog posts are influential. Four
features are used in order to determine influential bloggers’ post or a post that is
influential. Firstly, the recognition; an influential post gets much recognition from
bloggers. Many bloggers made in-links to an influential blog post from their blogs.
Secondly, the generation of activity (activity generation); an influential post generates

many activities such as discussions and arguments that are posted as comments on the post.
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Thirdly, the novelty property; influential blog post usually has little or no external out-links
to some blog posts. Finally, the eloquence; an influential blog post is usually long, well

articulate with lots of information [5].

A model of an influential graph was proposed by the mentioned authors of the previous
paragraph. The model is according to the mentioned properties above. TUAW (unofficial
apple weblog) was used in the process of model comparison. The results of active
bloggers’ list on TUAW and the results of the proposed model were compared. It was
shown that an active blogger is sometimes an influential blogger and sometimes not, the
same goes for influential blogger. The results of Digg social media platform was also used
for the evaluation. Blog posts are given higher points if they have many likes. According to
the results, it is concluded that almost all influential blog posts have low out-links, more
comments and are longer lengths. The results also show that weights of the properties used
in the proposed model are the important key points. So, if the weights are altered, the
results change immediately. The authors expect that this model may serve as a starting
point in identifying influential bloggers and the parameters used should be considered for
future research [5].

Bodendorf and Kaiser (2010) detected trends and opinion leaders on social media using
network analysis and text mining techniques. Four steps were used in their approach. The
first step is the opinion recognition using text mining techniques. They extracted the
features from the text and then applied the text mining algorithms for the classification
based on the polarity of the data. The authors used ternary classification with positive,
negative and neutral classes respectively. The method used for the classification was based
on supervised learning. The second step is the identification of the relationships among the
entities. To achieve that, relationship extraction techniques and co-reference resolution
were used. Co-reference resolution means recognizing whether two distinct words in a
single text refer to the same object or not. After the two steps mention above, social
network analysis was applied and the concept of “centrality” was taken into consideration
in order to detect the opinion leaders. Betweenness, closeness and degree centralities were
considered as the centrality metrics during the process. Afterward, the opinion leaders were
detected, followed by trend detection. For the analysis of the opinion leaders, the properties
of the network including closeness centrality, density, and Randic connectivity (the level of

network branching) were considered. The lower the Randic connectivity, the higher the



density, the more the forum users are connected with one another and communicate
without intermedium object. In addition, centralization showed whether one trend arises
from an opinion leader or from a different one. During the experimental work, threads

extracted from pcfreunde.de and slashfm.de forums were used [20].

Wu and Ren (2011) conducted a research on sentiment influence analysis on Twitter
using twits, retweets, mentions, and replies. The authors collected around 3200 tweets from
1000 twitter users and applied sentiment analysis method. Unsupervised lexicon binary
classification was applied in order to classify the text. The tweets were classified as
positive or negative based on the number of positive or negative words that appear in the
text. Thereupon, the researchers defined an influence model of probability; the model was
defined based on three entities or characteristics: Mention, Reply, and Retweet. They
combined the model with the results of the sentiment polarity found in the previous step. In
order to determine the sentiment influence, they computed negative user to user influence
probability by using only negative mentions, replies and retweets over the combined
negative tweets published by the users, and they did the same for the positive ones [21].
Their work resembles our proposed method in terms of using text mining techniques i.e.
sentiment analysis in this case and using text mining techniques for opinion leaders
detection. However, there are differences in the methodology. Our approach ranks users
based on indegree, retweets, and then finally based on sentiments responses of other

Twitter users.

Duan, Zeng, and Luo (2014) proposed a system in order to identify opinion leaders
based on user clustering techniques and sentiment analysis. The authors’ proposed a model
that adopts two main stages in the identification of the opinion leaders. They first
generated the candidate opinion leaders and the final selection. Other processes needed to
include preprocessing the data and sentiment extraction. Two datasets i.e. stock trading
information and stock message board were used in the experiment. According to their
framework, the mechanism of the identification of the opinion leaders in the stock message

boards is as follows:

e Preprocessing was applied; this included the omission of stop words, URL, and

message filtering.
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e The authors clustered the users into several clusters based on the below rules; after

clustering, candidate opinion leaders were generated.

e After preprocessing and clustering sentiment were extracted. Opinions about price
trend on the posts from the message boards were extracted, and lastly, a new
dataset that contains users’ sentiment, date, and the stock were generated for next

step processing.

e A method for selection based on correlation was applied in order to evaluate the

correctness of all users’ opinions on the stock price movement trends.

The selection process has sentiment dataset and stock trade data as the input, after that
correlation coefficient was calculated for all the candidate opinion leaders. Consequently,
the final opinion leaders were selected based on the correlation coefficient. This
correctness reflects the users’ ability to analyze the stock market. Initially, the authors

consider four rules for the selection of the candidate opinion leaders. The rules include:
e The message posted by the opinion leader has to be little long.
e The average number of replies to the opinion leader’s post has to be relatively high.
e Opinion leader’s reply to other users has to be moderate.
e Finally, the total post written by the opinion leader should be moderate.

Considering the general authors’ method here [22], there are few things that are
missing and may affect the performance of the proposed method. Such as, rule 3 and 4 may
hold without any issue, however, rule 1 may be modified and make the system consider
short or long post in selecting candidate opinion leader; another one is in rule 2, sentiment
analysis can be applied in rule 2 such that opinion leader’s post should have more

supporters that agree with his post based on the reply he or she receives.

Another work by Joshi, Finin, Java, et al. propound a system that analyzes social media
applications and systems in order to be able to find opinions on specific interest topics,
recognize spam blogs and to detect opinion leaders using trust relationships. Analysis of
Blogosphere is performed in the process of conducting their research for it richer network

structure. Blogosphere’s richer network structure comes from several relationship types
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that exist in between bloggers and also between blogs. The example of these relationships
can be co-occurrence, outdegree, indegree, and reference relations. An influence on
Blogosphere is shaped by taking into consideration the fact that most of the time it is the
function of a specific topic. The authors also mentioned that influence is measured
correctly by considering opinions and the sentiment. But the obstacles that prevent or
reduce the high accuracy during identification of these influential users are spam comment,
spam blogs, non-content blog-rolls, advertisements, and link-rolls. To solve these issues or
obstacles, the researchers proposed kind of techniques using relational and local features of
blogs. As a result, the spams were detected; the authors then used the idea of opinions
polarization. The sentiment determines the link polarity of the text data that surrounds the
whole links that connect the blogs. The authors used sample dataset of 1490 blogs that had
been labeled as republican and democrat for each blog. After the experiments, their
findings revealed that classification using polar links produced better results in comparison
to plain link structure. The authors also revealed that the rapid increase in the complexity
and massive usage of the social media bring new challenges and opportunities for research
[23].

A research on finding influential leaders from opinion networks was conducted by
Zhou, Zeng, and Zhang (2009). The authors used sentiment information in a text instead of
widely used centrality properties of graphs in opinion networks. The proposed algorithm is
similar to PageRank algorithm. In fact, the researchers modified PageRank algorithm and
called it OpinionRank. They used OpinionRank in finding opinion leaders. As an initial
stage, the authors extracted sentiment information and strength with the help of machine
learning techniques. After that, opinion network was defined based on implicit opinion
orientation, all the graph nodes participate in communication and some social activities,
and they all form their opinions on one another as time goes. The proposed method uses
sentiment information by consolidating opinion scores and integrating the famous
PageRank algorithm according to these scores. The nodes in the opinion network were
ranked based on their influences. Data from epinions.com were used in the process. One
interesting issue is that the performance of PageRank and OpinionRank is almost the same
even though the authors modifid the latter. At the end, Activity based method appear to be
the best among others [24].
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Next proposed method for influence detection in blogs is based on Natural Language
Processing (NLP) by Hui and Gregory. The authors tried to quantify influence and
sentiment by using the combination of sentiment analysis and NLP in blog spaces. The
proposed method investigated blogs based on topics. The authors in this work used NLP to
classify blogs into several topics. They studied the comment sections of these topic-
specific blogs based on their sentiments, sentiment analysis methods were used in the
process. The researchers classified the sentiments, and then the influences were calculated
with respect to four specific criteria: Number of followers, comments, relevancy, and
followers. The last criterion shows that if a potential influential blogger has a follower who
is influential on a similar topic, there is a greater chance that this potential influential
blogger is also an influential blogger. So, they proposed the algorithm with the mentioned
four criteria. The algorithm is similar to Google PageRank algorithm. There is an
important connection between the sentiment of the post and the sentiments of the
comments, but the authors chose to ignore it in order to simplify the proposed method [25].
So, the mentioned connection between post sentiment and comments sentiments could be

explored in future research.

Other researchers showed how to analyze social media using social network analysis
and using text mining techniques. The proposed work by Merwe and Heerden (2009)
revealed how to find opinion leaders by using social network theory and opinion leadership
together. As in most of the work in the literature, this research showed that people that are
at the network center are the opinion leaders. It is also found out that general leadership is
strongly related to domain-specific (topic specific) leadership unlike in other studies.
Furthermore, it is reported that a strong correlation exists between opinion leadership
mentioned by others and self-reported (self-claim) opinion leadership. The researchers
administered a survey questionnaire during the research for data collection from five
groups of college students; each group consists of 25 students approximately. The first
criterion used to determine if an individual is opinion leader is that students were asked to
give a point for their classmates that they can rely on for some suggestions, the students
which received a high number of nominations were considered as the opinion leaders. The
second criterion of determining the opinion leadership is the self-reported opinion leaders;
self-reported opinion leadership was calculated based on the feedback of the respondents
(self-claim opinion leaders). The authors highlighted two issues in their work [26]:
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e The data used is very small, there is a need to use a huge amount of data so that

more reliable results can be achieved [26].

e The participants in the research were all students, and students are sometimes
considered to be less reliable for gathering such information; there is a need to

conduct the research with experienced people in the market or industry [26].

In this study there is a limitation of the work being for only one specific domain, so,
the authors suggested that future researcher could study the link between non-domain
specific and domain specific opinion leadership. Our proposed method for opinion
leadership is not domain specific, its general opinion leader detection based on sentiment

analysis.

According to a detailed and comprehensive study made by Kardara, Papadakis, et al.
(2012) on influence pattern on social media, there are two theories of influence diffusion.
The first one is the minority theory; it states that people that are very popular yet unrelated
influence many other people. The second one is that people are affected and influence by
their peers, as a result, all are influential. The researchers’ goal was studying dynamics of
influence in specific topic context on Twitter. They chose to work on Twitter due it
flexibility and easy access to user data for such academic research. They studied four
different influences: tweet, retweet, indegree and mention influences. Tweet influence
refers to the total number of posts a user posts on a particular topic. Retweet influence
refers to the total number of tweets of a user that are retweeted by others. Mention
influence is the number of mentions a user receives from others when they refer to him/her.
Indegree influence is the total number of followers a particular user has in a community.
The authors used these four metrics to form different groups. They presented several
influence patterns from the four metrics, those patterns help in evaluating influential users
or candidate opinion leaders. Among the patterns is Cross-Criterion Overlap Pattern. They
tried to assess if different metrics classify identical users as opinion leaders (or influential
users) based on the same topics. The famous Jaccard similarity metric is used to gather and
get the overlaps in the groups. The second pattern used in this work is Sentiment Pattern.
They propound that sentiment of the whole community should be determined by the
potential influencers. To achieve that, Pearson correlation coefficient and polarity ratio is

used. The third pattern used is Content Volume Patterns which investigates community’s
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total activities within its center and core groups. The fourth is the Structure Patterns which
is used to evaluate the degree of a common background of core users and their opinions.
Last two patterns considered in this work are Cross-Community and Intra Core Reference
Influence Patterns. Intra-Core Reference Patterns evaluate whether an overlap is found
between core groups of two distinct topic communities on same influence criterion. Cross
Community Patterns check whether core users are familiar with one another and interact
deeply in social matters in respect of the connections they have on the graph network. At
the end of their study, the researchers described opinion leaders as users that produce
original and factual content that originate from themselves. Opinion leaders also avoid
participating in other discussions or using other users’ opinion, even though other users
retweeted and refer to them often in their discussions. For future steps, they planned to
develop a method that will automatically recognize community users that pose the highest
influence on others. They also planned to find a way in which the changes in the core

groups will be updated in some intervals [27].

The idea of PageRank algorithm is used to propose TwitterRank algorithm by Weng,
Lim, Jiang, and He (2010), the authors proposed the algorithm using link structure and
topic similarity on Twitter. The PageRank algorithm did not take into consideration both
the link structure and topical differences, so this is one of the contributions of their work.
Homophily exists among Twitter users as shown by the researchers, Homophily in Twitter
means an individual follows someone because he likes the topic(s) that he or she is sharing
on Twitter, the second user follows back if he or she thinks that the first person is sharing
similar posts. They used 1000 Singaporean based Twitter users for the research. They
evaluated the followers and friends (those followed by the 1000 users) of these Twitter
users. The tweets of these friends and followers were collected. Topics were extracted for
each Twitter user, differences in topics between each and every Twitter users were found
and evaluate. Social graph that has “following” relationships among all the users were
constructed in the modified PageRank, surfer visits each tweeter user randomly with a
probability, and it is a topic based random visit, by following the best edge. The authors

claim that they were the first to introduce the concept of homophily on twitter [28].

Another research on influence detection on Twitter reported by Leavitt, Burchard,
Fisher, and Gilbert revealed some interesting ideas even though they used a small quantity

of test data for their algorithm. The authors evaluated follower to followee ratio,
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conversation, and content related feedback. They also defined conversation related
responses as the number of mentions and replies and content-related feedback or response
as retweets. They tried to find influential Twitter users by computing the responses
generated by the users’ original posts. They also claimed that follower to followee does not
give an accurate measure of influential Twitter users. It is shown that among the signs of
influencing an individual are the actions generated an i.e. quantity of reply, retweet, the
attribution, and mention received. Their work concludes that celebrities are better at
initiating conversations among users while news media sites are better at spreading news

content to users [29].

A study on finding influential Twitter users was conducted by Cha, Haddaddi,
Benevenuto and Gummadi (2010). This study is similar to the latter research in the
previous paragraph above. The authors considered the whole types of relationships on
Twitter. They proposed three types of influence called mention, retweet, and indegree
influences. They examined the process of spreading news and popular information by these

influential users. The authors concluded with the following statements:

e Famous users with high indegree may not necessarily be influential in terms of
mentions or retweets.
e Twitter users who get retweeted often also get mentioned often, and vice-versa.
e Most of the influential users often hold a significant degree of influence on certain
topics.
e Finally, users are not becoming influential accidentally; users only become
influential through consistent personal involvement with their audience [30].
These authors did not consider the sentiments of the mentions, our study further elaborates
and considers the sentiments of the mentions for ranking the influentials.

The study presented in [31] is slightly similar to this research is reported by Mustafaraj
and Metaxas (2011); the authors conducted a great job in retrieving and analyzing original
and edited tweets. They claimed that retweeting original tweets without any alteration
shows complete agreement to that author on the specific tweet. They also showed that
edited tweets usually reveal opposing motion to that author or twitter user. In this study, a

plan was made to analyze the sentiment of the tweets or comments to find out whether the
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sentiment support or oppose the twitter user. The authors used some techniques in order to

provide labels for users’ comments as follows:
e Getting the whole list of who twitter users they follow.

e Checking all twitter users to see whether they have retweeted verbatim another

user’s tweet in their tweets history.

e They can infer twitter users’ political orientation through specific hashtag usage

previously.

e Twitter user agrees with original tweets author if she/he retweeted verbatim and

follows the author.

e Twitter users that share political orientation, follow one another and used similar

hashtags are believed to agree with one another, and vice versa.
e There are two political parties in their analysis, liberals, and conservatives.

The authors discussed the difficulties in extracting comments from edited tweets and
analyzed some of the comments [31].

Another research by Chaudhry (2013) discussed opinion leaders and the role they play
in consumer purchase decision. The researchers also found that opinion leaders always
influence their friends, families, and associates in buying decision. Their findings suggest
that marketers should direct their marketing towards identifying opinion leaders so that the
opinion leaders can influence or convince non-opinion leaders to adopt their products or
services. For example, Google is one of the leading companies among it is competitors
such as Yahoo and MSN. But the expenses of Google is far less compared to Yahoo and
MSN because Google uses word-of-mouth as a means of advertising compared to its
competitors that use other means of advertising [4]. Based on these findings, one can say
that utilizing opinion leaders for advertisement can reduce the cost of company or

organization.

Finally, Hung and Yeh (2014) proposed text mining techniques in order to identify and
evaluate opinion leaders on virtual community. They used features of expertise, novelty

and the richness of information found in posts for the identification of the opinion leaders.
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The expertise measure shows that a potential opinion leader has rich knowledge in a
specific field and loves to involve in several group activities. Novelty is the ability of
opinion leader to produce original and quality information. The richness of information is
used for the identification of the opinion leader. The proposed model calculates the weights
of the opinion leaders based on the average of expertise, novelty, and richness of
information. In the process of the research, the authors used 9460 members in the virtual
community and supposed that the top ten members are the opinion leaders based on their
model. Finally, they compared this proposed text mining approach with four quantitative
based approaches in the literature; the four quantitative approaches are involvement,
betweenness centrality, degree centrality, and closeness centrality. They found that the
involvement approach is the best among the four quantitative approaches. The text mining
approach also outperforms the quantitative approach [32]. This work is similar to this
research because both consider text mining approach in the opinion leader detection and
analysis, but the details are quite different, our work also elaborates further by analyzing

sentiment polarity of the posts contents.
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3. TEXT MINING

Text Mining (TM) also refers to as text data mining, is the process of discovering
hidden meaning or information that is not known previously from unstructured text [33].
TM research field has become very popular recently because each and every day there is
an increased availability of unstructured text data on the Internet. People express their
feelings on social media websites such as Facebook, Twitter, and Google+ etc. Comments
on social media sites are one of the sources of data for mining and extracting new
information [34]. TM researchers proposed several techniques for discovering new
information from unstructured text that are not known by anyone previously. TM
techniques help in Sentiment Analysis, Clustering, Text Summarization, Opinion Leaders,
and Trends Discovery [33].

TM gets lots of its features from Machine Learning and Data Mining; for example,
algorithms for clustering, classification and text Summarization like Support Vector
Machine (SVM), Neural Networks, Cross Validation and Naive Bayes are from machine

learning [33].

Among the important tasks in TM is sentiment analysis. The task in sentiment analysis
is usually to classify a given text as positive, negative or neutral. Besides classifying topics
into positive, negative or neutral, another task in TM is classifying a given text into
predefined classes; for example, SVM or Naive Bayes can be used to classify a given

document or text into class A or B with the help of prepared training data.

There are many benefits or importance of TM applications in our daily life. TM can
help businesses and corporation to get feedback from their target consumers in order to
know exactly how to improve the quality of their products or services [8]. A Previous
method of getting user or customer feedback is a questionnaire. There is no doubt that it is
easier to collect and analyze user or customer feedback on social media than using a
questionnaire. Sentiment analysis of people’s comment on social media sites such as

Twitter or Facebook can easily clarify if consumers are satisfied with products or not.

Expressing opinion and sentiment in a written form on social media are very common

among individuals, organizations, businesses, consumers, and celebrities. The manner in
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which opinion leaders express their feelings or opinions on a particular topic has a
great effect on peoples’ life such as decision making in politics, quality of product,

reliability of information and positive or negative impression of event etc. [35].

3.1. Text Mining Steps

There are usually five steps to text mining as described by Mathiak and Eckstein
(2004); the steps include text gathering, text pre-processing, data analysis, visualization
and evaluation [36]. Similar steps are used in this study. Similar approaches to TM steps
are reported in [37], [38]. There are usually special tools for text collection such as Twitter
APl and Zapier; Twitter streaming API is used in this study. Then text pre-processing is
applied. Text pre-processing includes stop word removal, HTTP address removal, words
conversion to lowercase letters etc. Next step is the analysis of the text; it includes text
clustering, classification, and summarization. The resulting information retrieved can be
placed in management information system for visualization and finally the knowledge will

be extracted. Figure 3.1 below shows the text mining steps.

Text

Preprocessing | == Data Analysis

l

>

(— Visualization

~_
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Figure 3.1. Text Mining Steps

The steps used in this thesis start with the text document collection from specific

Twitter users to the evaluation step where the knowledge is discovered. The knowledge
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discovered here is the amount of positive or negative sentiment a user is perceived by

other users on the Twitter virtual community.

3.1.1. Text Data Collection

There are many sources of data for opinion mining; researchers used several social
networking sites as a data source for the opinion mining. The source of data for this
research is Twitter, Twitter is chosen because there are certain advantages of using it as a
source of data for opinion mining. Pak and Paroubek (2010) stated that the following are

the benefits of using Twitter as a data source [39]:

e Different people used a microblogging site such as Twitter, so it is a reliable source

of people’s opinion.

e Twitter contains very huge quantity of text data and it is increasing each and every
day.

e Twitter’s types of users range from politicians, celebrities, company
representatives, and even countries presidents. Thus, it is easy to collect data from
different types of opinion leaders and interest groups.

e Twitter is used in many countries though the USA has the largest number of users.
It is possible to collect data in many languages; English texts are considered in this

research [39].

3.1.2. Pre-Processing

The original text data is retrieved from Twitter users is not suitable for manipulations
and other calculations. So, in order to analyze and determine the opinion leadership, some

pre-processing techniques are applied as follows:

e Firstly, all the punctuations are eliminated. The eliminated punctuations include:
COD0P R 040 2(4) °[4,°]°,°V,’?? and all other punctuations.

e Secondly, all words are converted to lowercase letters because the written program
is case sensitive. For example, “Awesome” and “awesome” are considered to be
two distinct words by the program, but these two words convey exactly the same
sentiment in a text. So, after the lower case conversion both words become
“awesome” and “awesome” which are considered exactly the same word.

e Thirdly, all the text is converted to word list.
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The below Table 3.1 tweets samples present the example of the text data before and after
the pre-processing techniques.

Table 3.1. Tweets Pre-processing sample

ORIGINAL TWEETS

??cause | don't get a chance to see yous I'm sorry | don't get the chance??

2. I'm not American so this may sound a bit strange but I just realised how much | am
going to miss President @BarackObama . #legend

3. For someone who should be such a positive role model...@Cristiano those were poor
comments about your teammates
PUNCTUATIONS ELIMINATED
1. Cristiano so u know how much lu and zaynmalikcodylongo cause | dont get a chance
to see yous Im sorry | dont get the chance

2. Im not American so this may sound a bit strange but I just realised how much | am
going to miss President BarackObama legend

3. For someone who should be such a positive role modelCristiano those were poor
comments about your teammates
TEXTS CONVERTED TO LOWERCASE WORD LIST
1. [‘cristiano’, 'so', 'u', 'know', 'how', 'much’, 'iu’, 'and’, 'zaynmalikcodylongo', ‘cause’, 'i',
‘dont’, 'get’, 'a', 'chance’, 'to’, 'see’, 'yous', 'im’, 'sorry’, ', ‘dont’, 'get’, 'the', 'chance']

2. ['im', 'not', '"american’, 'so’, 'this', 'may', 'sound’, 'a', 'bit', 'strange’, 'but’, ', 'just’,
'realised’, 'how’, 'much’, 'i', 'am’, 'going’, 'to', 'miss', 'president’, 'barackobama’, 'legend’]

3. ['for', 'someone’, 'wha', 'should’, 'be’, 'such’, 'a', 'positive’, 'role’, '‘modelcristiano’, 'those',
‘were', '‘poor’, ‘comments', 'about’, 'your', ‘teammates']

At the end of the text pre-processing, the texts are now a list of lowercase words that are
suitable for all sorts of calculations and manipulations.
3.1.3. Data Analysis

The data analysis is dependent on the preprocessing step discussed previously. Data
analysis is a very important step. The actual work is performed here; for example, all the
Clustering, Classification etc. take place in this step [36].

3.1.4. Visualization

This part describes the graphical representation sample of the data. Visualization is very
important for audience and readers who are going to read about findings of the study.

There are three representations samples, one for each of the approaches used for this thesis.
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The first one is the indegree distribution of the data, the second is the retweets distribution
of the data, and the third one is the sentiment score distribution of the data.
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Figure 3.2. Indegree Ranking Representation

The above Figure 3.2 gives the bar chart distribution of the top 10 users based on
indegree. This figure shows the user with the highest indegree rank to the user with number
10 highest indegree rank.
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Figure 3.3. Retweets Ranking Representation

Figure 3.3 above shows the bar chart distribution of the top 10 users based on retweets
per 100 tweets of each user.

60
50
40
30
20

10

Figure 3.4. Sentiment Ranking Representation

The above Figure 3.4 illustrates the bar chart distribution of the top 10 users based on

mentions sentiment score.



Based on the three figures (Figure 4, Figure 5, and Figure 6) above, it’s quite easy to
see how the ranking based on the used methods made clear differences. The analyses of all
the methods and approaches are given in the Results and Discussion section of this study.
The detailed results of all analyzed 33 users are also given in the Results and Discussion

section.

3.1.5. Evaluation

Most of the researches on the opinion leaders or influential leaders found in the
literature were domain dependent researches. However, this study is not domain
dependent, rather it focuses on detection and the general opinion leadership analysis as
already explained in the Introduction chapter of this study. The evaluation is the phase

where the opinion leaders discovery and analysis is taking place.

3.2. Application Field of Text Mining

The purpose of applying text mining differs according to the need of the users. As
described by Gupta and Lehal (2009) most of the purposes of text mining are as follows
[37]:

e Categorization (or Classification)
e Clustering

e Summarization

e Feature Extraction.

e Text-based navigation.

e Search and Retrieval

In addition to the above list proposed by Gupta and Lehal sub-topics were added i.e.
Trends and Opinion Leaders. However, discussions were made about Classification,

Clustering, Summarization, Regression, Trends and Opinion Leaders.

3.2.1. Classification

The goal of classification is to separate or classify a sentence or document into two or

more groups. For example, classifying text as economy news or sports news and
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classifying sentiment as negative or positive. The most well-known task in classification is
sentiment analysis. The task in sentiment analysis is usually classifying text into Positive

Negative or Neutral [40].

Classification is based on supervised learning with predefined training data. The most
used algorithm for text classification includes K-nearest neighbor, Neural Networks,
Maximum Entropy, Naive Bayes, and Support Vector Machine (SVM) [40]. According to
the findings by Akaichi, Dhouioui and Pérez [34], SVM outperforms other classification
methods.

3.2.2. Clustering

Clustering as stated by Kunwar (2013), is the most common and simple unsupervised
learning problem and it is defined as “the process of organizing objects into groups whose
members are similar in some way” [41]. Clustering plays a similar role as a classification
problem, however, clustering is an unsupervised learning problem whereas classification is

a supervised learning problem [42]. Classification is suitable for this research.

3.2.3. Regression

Regression is a statistical method for determining a guess or a prediction of unknown
variables based on the graphical representation of previous samples. Regression, as defined
by Alan, is the analysis or the study of relationship that is usually linear between variables
[43].The main formula for linear regression is represented as y = ax + b where y is the
dependent variable, and a, b are the independent variables that determine the value of y.

3.2.4. Text Summarization

Text summarization is an important problem nowadays due to the availability of large
text data on the Internet. As stated by Radev, Hovy and McKeown, text summarization
refers to a text generated from single or multiple text sources, which conveys essential
information that is in the original document(s), and which is usually shorter than half of the
original text(s) [44].The two different types of text summarization are Single Document

and Multiple Documents Summarizations.

3.2.5. Trends

The trend is one of the important tasks in text mining. TM has been used in detecting

trends on text data. Nowadays, there is a huge amount of text data on the Internet. For
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example, people make comments based on current affairs and emerging several topics of
interest on the social media. Trend detection in a collection of text is defined as the
detection of the evolving or emerging topic in a text over a period of time [45]. Definition
of a trend in the context of textual data mining is a topic field that increases in usefulness

and interest over time [46].

Trend mining and discovery is useful in many application domains such as: market
monitoring, medical diagnosis, opinion mining, stock market analysis, etc. and due to the
increase in the availability of text data on the Internet, trend mining research is becoming

more and more research area [45].

3.2.6. Opinion Leaders

Opinion leaders are the enlighten small number of people in a community that intercept
information from mass media, interpret the information, and diffuse the information they
receive to the personal networks that they themselves belong [3]. Opinion leaders can be
politicians, business leaders, community leaders, journalists, educators, celebrities and

sports stars [47].

There are opinion reviews for the products in amazon.com, and the reviews have been
organized in order to give customers chance to view and read about the perception of other
customers that used the products. The comment can help someone to decide on which
product is better. But the system in amazon.com could not summarize the features that the
previous customers described unless the customer read all of the comments which can
consume a great amount of time. With the help of opinion mining and text summarization,

it is possible to summarize all the features and customers perception on a product.

There are three important entities in opinion leaders, these entities are (a) the target
entity on which opinion is expressed, (b) an author or the opinion leader who expressed the
opinion, and (c) feeling or sentiment about the entity held by the opinion leader or the author
[48]. Some of the opinion leader detection systems use sentiment analysis techniques and
some use network analysis techniques; the details were given in the Related Work chapter of

this study.
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3.3. Analysis of Errors in Text Mining

In all the process of the classification, clustering and other text mining tasks, there are
accuracies and errors. Understanding errors can give insight on how an algorithm or a
program performs, so it is essential to understand the different error types. The errors and

accuracies are as follows:

3.3.1. Overfitting

Overfitting occurs in a situation whereby an algorithm captures the noise of the data.
Overfitting is often a result of an excessively complicated model and it can be a worse
algorithm for another data [18].

3.3.2. Underfitting

Underfitting occurs when an algorithm cannot capture the underlying trend of the whole

data. Underlying is often a result of an excessively simple model [18].

3.3.3. Accuracy

The accuracy is the ratio of the documents correctly categorized to the total number of

documents [49].

Documents Correctly Categorized (3 1)

Accuracy =
y Total Documents

3.3.4. Recall

Recall refers to the proportion of the total number of relevant results obtained to the

total number of relevant results in the database [49].
A: Number of relevant results retrieved.

B: Number of relevant results not obtained.

Recall = - (3.2)

A+B
3.3.5. Precision

Precision refers to the proportion of the number of relevant results obtained to the total

relevant and irrelevant result obtained [49].

X: Number of irrelevant results obtained.
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Y: Number of relevant results obtained.

Precision = —— (3.3)
X+Y

The performance of the program is calculated and discussed in the Results and
Discussion section of this thesis.
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4. APPLICATION FOR FINDING OPINION LEADERS ON TWITTER

This chapter aims to give the general structure of the methods which are proposed in
this study and the used processes during the findings and the analyses of the opinion
leaders on Twitter. The thesis is based on general opinion leadership analysis which is not
a domain specific. There are two types of data used in this thesis; the first one is the data
retrieved with the help of Twitter Streaming API. The data is used for determining opinion
leadership based on indegree, retweets, and sentiment influences. The details are given in
the below paragraph. The second dataset used in this thesis is prepared by Go, Bhayani,
and Huang (2009), the dataset contains both training and testing tweets data, but only their
training dataset is used for training the sentiment classifier in this study. This dataset
includes 798,622 negative tweets and 249,953 positive tweets [50]. The training data helps
in classifying the retrieved 5,355 tweets through the Twitter Streaming API into positive or
negative. Figure 4.1 below gives the representation of the processes and methods which are

used in this study.

Followers ]
N Users Tweets Text Pre-processing
Twitter k —_—) Retweets Data Analysis

Replies Visualization

Mentions

Opinion Leaders
based on Indegree, pa— Evaluation

Retweets, and
Sentiments Analysis

Figure 4.1. Opinion Leader Analysis Steps
The above Figure 4.1 represents the whole procedure of the analyses of the opinion
leaders. The figure shows the platform, users, tweets data extraction, text pre-processing,
data analysis, visualization and final analysis of the opinion leaders based on indegree,

retweets, and sentiment analysis.
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Spyder IDE has been used as a tool for coding and data collection. The code was
entirely written in Python Programming Language. Python was chosen because there are a

lot of tutorials and libraries for big data projects.

Table 4.1. Selected Candidate Opinion Leaders for test.

No | User

1 | @nokia
2 | @Cristiano
3 | @Oprah

4 | @nytimes
5 | @CNN
6

7

8

@NASA
@SamsungMobile
@FIFAcom

9 | @realDonaldTrump
10 | @SupportSyrians
11 | @HillaryClinton
12 | @Numberl0gov
13 | @BarackObama
14 | @SenSanders

15 | @SaharaReporters
16 | @MBubhari

17 | @TheDemocrats
18 | @APCNigeria

19 | @daily_trust

20 | @HouseGOP

21 | @mehdirhasan

22 | @AlikoDangote
23 | @ajplus

24 | @PdpNigeria

25 | @GarShehu

26 | @alinuhu

27 | @Arab_News

28 | @aminugamawa
29 | @GovAyoFayose
30 | @Yadomah

31 | @GEJonathan

32 | @DrlsaPantami
33 | @UN

Table 4.1 above presents the 33 candidate opinion leaders tested with this application on
Twitter virtual community. The list above only gives the usernames of the tested users. The

users are not listed based on any rank so far. All the three methods for opinion leader
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discovery are tested using the same Twitter users, the description of the three methods and
the approaches are shown in the following subheadings.

The application is implemented and tested with the data that is collected from randomly
selected 33 Twitter users or candidate opinion leaders. The data collection from the
candidate opinion leaders takes place from February 28, 2016 to March 16, 2016. Firstly,
a benchmark was set from February 28, 2016 i.e. the day the data collections commence.
The benchmark states that data from some Twitter users with at least 5000 followers will
be retrieved for the analysis of the opinion leadership. The number of followers was set to
5000 because enough data may not be available from a user with less number of followers.

4.1. Opinion Leaders Based on Indegree

Twitter and many other networking sites have ranked Twitter users based on their
number of followers (also called indegree). So, nowadays a user in the Twitter virtual
community is usually considered influential if he or she has a large number of followers.
Similar studies which consider the number of followers as a measure of influence has been
reported in [25] and [29].

4.1.1. Approach

The approach towards the indegree ranking is just the traditional Twitter measure of
influence i.e. ranking users based on the number of followers they have. The detailed data
of the selected users to be tested are retrieved through the Twitter Streaming API. Most of

the details are not needed for this study. The data needed in this thesis has been provided.

4.1.2. Algorithmic Approach

The algorithmic approach is not very complicated. After specifying which users to
analyze, their data are retrieved with the Twitter Streaming API. The data are filtered and
then a famous sorting algorithm known as Bubble Sort algorithm is used to sort the users
and view the result in ascending order. The users are ranked according to the user with the
highest indegree (or number of followers) to the user with the lowest number of followers.
Bubble Sort algorithm is known to be a bit slow due to a number of swap and element
comparison, but it was used because it is easy be implemented in such applications.

Moreover, the sorting section is not dependent on any sorting algorithm.
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4.1.3. Indegree Ranking Result

The below Table 4.2 gives the list of the 33 users in descending order i.e. from the user
with the highest number of followers to the user with the lowest number of followers. It
should be noted that the data were collected on March 16, 2016. So, the data may not

re