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摘要 

資訊與通訊科技帶來社會的變革與人們的便利，已經改變人們的生活模式。

Facebook(臉書)、Google、YouTube 等社群媒體興起，環繞著人們的日常作息。

社群媒體帶來的不僅只是傳播本質的變化，它從政治，經濟，社會系統結構等，

全面滲透人們的生活當中，儼然已經成為人們生活的一部分。社群媒體提供使用

者方便上傳資訊、分享圖片和影片等訊息的共享平台，每個人都可以成為資訊的

創造者或分享者，可以恣意地在社群媒體發表言論及心情，它創造一個訊息傳播

的平台。在眾多社群媒體中，臉書的全球使用者超過 20 億，是擁有最多使用者

的社群網站，因此，我們選定臉書做為研究的社群媒體。 

本研究主要是在社群媒體上的政治活動進行全面性的研究，以政治活動之粉

絲專頁的貼文進行分析，擷取貼文的互動特徵及文字特徵，依據不同的分析議題

提出計算的方法。互動特徵的分析是以太陽花學運的政治活動進行研究，運用不

同角度探討熱門貼文，臉書貼文的傳播軌跡，利用這些傳播的軌跡發現重要的臉

書使用者。然而，太陽花學運為特定主題之政治活動，屬於短期性政治活動。而

文字特徵的探勘需要長期政治活動，且還能包含不同政治立場的黨派才能進行分

析，太陽花學運無法滿足我們的研究議題，因此，我們引用美國政黨粉絲專頁貼

文為素材，利用美國左、右派政黨在臉書上的貼文，進行貼文黨派傾向的預測分

析。而透過粉絲專頁的資料，不具有任何網路結構圖，故本文提出一些新的方法

來解決當沒有網路架構下如何進行社群媒體的分析研究。 

本研究運用貼文的互動特徵得到熱門貼文，探討訊息傳播的能力，並在太陽

花學運期間找到重要的臉書使用者；利用貼文的互動特徵及文字特徵預測美國左

右派貼文內容的政黨傾向，比較不同分類器之預測結果與特徵的影響因素。 

 

關鍵字：訊息傳播、社群媒體、天際線查詢、預測、分類與分群、文字探勘、

語意分析、臉書、太陽花學運  
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Abstract 

  In recent years, due to the rise of social media websites on Internet and the 

popularity of mobile devices capable of Internet access, people can quickly publish 

their statuses and messages to social media anytime at any place. Internet has changed 

our lives; we use Internet in almost everything we do. As of 2017, Facebook had 2 

billion monthly active users. It is the most popular social networking platform in the 

world. Therefore, we choose Facebook as our research platform. 

  This dissertation focuses on the analysis of political activities entirely. We use posts 

of fan pages to analyze political activities and then construct the interaction features 

and sentiment features of posts on Facebook. We use characteristics of features to 

analyze political activities. The sunflower student movement focuses on the 

interaction features. We use methods to search popular posts and to analyze 

information diffusion. Then, we mine important Facebook users. We get popular 

posts and find that three users are active and important users through sharing-

reaction during the sunflower student movement. However, the sunflower movement 

cannot investigate the sentiment features because all fan pages fight against the 

Cross-Strait Service Trade Agreement (CSSTA). For the sentiment features, we 

study prediction of political tendency of posts. We also collect posts from political 

groups of fan pages in America; we build sentiment features for the prediction and 

evaluate prediction performance. 

  To summarize, in this dissertation, we propose novel methods to analyze social 

media datasets that contain valuable information but do not contain any network 

structure required by other methods.    
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1. Introduction 

Internet rapidly develops during the past several decades. It has revolutionized 

communications and turned our lives upside down. We use Internet in almost 

everything we do. Internet has been transformed. In the early development, it was a 

static network designed to send a short file between two terminals. However, today, 

immense quantities of information are uploaded and downloaded through wireless 

electronic equipment. In the first decade of the 21st century, Web 2.0 developed the 

social media and other interactive, crowd-based communication tools. Therefore, 

Internet was no longer concerned with information exchange. It is a complicated tool 

enabling individuals to create content and communicate with one another. The content 

is a great deal of our own; we are all publishers, critics, and creators.  

  Traditional public media include newspapers, radio, television, movies, etc. The 

content is edited by the owners with the goal to achieve mass production and sales [1]. 

In recent years, social media generate a prodigious wealth of real-time content at an 

incessant rate [2]. Social media are a group of Internet-based applications that build 

on the ideological and technological foundations of Web 2.0, and that allow the 

creation and exchange of UGC (User Generated Content) [1]. UGC is any form of 

content created by users of a system or service and made available publicly on that 

system. UGC most often appears as supplements to online platforms, such as social 

media websites. 

  A social networking service (also social networking site or SNS) is a platform to 

build social networks among people who share similar interests, activities, 

backgrounds or real-life connections. Now, many Web2.0 websites belong to SNS 

websites such as Facebook, Google, Myspace, YouTube and Twitter, and social media 

have become one of the most popular Internet services in the world. Social media and 

Web2.0 changed the way people were interacting, so the politicians had to adapt their 
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communication to these social changes. Facebook is a very successful social media 

website. According to the latest Internet World Stats reports [3], as of 2017, Facebook 

had 2 billion monthly active users and the penetration rate of Facebook is 26.3% in 

the world. In Taiwan, Facebook had 18 million monthly active users and 16 million 

daily active users. The penetration rate of Facebook is 76.9%. Of those Americans 

who are online, 71% are on Facebook, 63% of whom check Facebook at least once a 

day. It shows that using Facebook every day has become a general lifestyle. Facebook 

is no longer just a social media but has become a social utility that uses movements to 

activate users. In this dissertation, we focus on the political activities on social media 

and apply some computational methods to study the political activities. Facebook is 

the most representative social networking platform; we choose Facebook as our 

research platform. 

  This dissertation focuses on the analysis of political activities completely. We use 

posts of fan pages to explore political activities. In general, posts of fan pages include 

the interaction features and sentiment features on Facebook. We use characteristics of 

features to analyze political activities. First, this dissertation discusses the sunflower 

student movement because it was an important movement in Taiwan’s political 

history. This civil movement was a protest movement driven by a coalition of students 

and civil groups between March 18 and April 10, 2014. The police clashed with 

hundreds of students who were against a trade deal with China and occupied the 

government headquarters. These students posted as well as shared posts on Facebook 

and even created fan pages on Facebook to fight against the Cross-Strait Service 

Trade Agreement (CSSTA). The analysis of this civil movement focuses on the 

interaction features. It is a special and short-term activity. We use methods to search 

popular posts and analyze information diffusion. Then, we mine important Facebook 

users. However, this movement cannot investigate the sentiment features because all 

fan pages fight against CSSTA. Due to these fan pages against CSSTA, posts of these 

fan pages are all with the same tendency. Posts cannot be classified according to the 
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sentiment features of posts. Consequently, we collect posts from left- and right-wing 

politics in the United States of America for sentiment analysis. It is a general and 

long-term activity on Facebook. We predict political tendency of posts. Then, we 

build the interaction features and sentiment features for the prediction and evaluate 

prediction performance. We collect datasets from political fan pages on Facebook. 

The two datasets do not contain any network structure. Therefore, we propose novel 

methods to analyze information diffusion, search popular posts, perform sentiment 

analysis, and mine important Facebook users. We apply features for the prediction and 

evaluate prediction performance. This dissertation gives an insight into the political 

activities on Facebook.  

  We study the political activity of America about left- or right-wing politics. It is a 

general activity. We also study the sunflower student movement. It is a special event. 

One of the goals when broadcasting content is to reach a large audience. We focus on 

political activities on Facebook entirely. Since the rise of social media, it is a trend to 

publish politicians’ personal news and political comments to social media nowadays. 

Politicians like to post on Facebook, and we would like to study them (the posters) 

and their posts.   

  In the early 21st century, there were several revolutions or movements led by college 

students or young adults across the globe through Internet. In Taiwan, the sunflower 

student movement was a protest movement driven by a coalition of students and civil 

groups between March 18 and April 10, 2014. As in most revolutions or movements in 

the early 21st century, these Taiwanese students employed the Internet and shared 

information on some platforms like Facebook or Twitter in the sunflower student 

movement. Taiwanese students also shared the information that is seen through posts, 

photos, and videos on Facebook during the sunflower student movement. These 

protesters used the social networking platform to share information and videos. We 

analyze information diffusion and investigate the reaction time on Facebook during this 

movement from more than one perspective. In the United States of America, some 
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analysts attribute Obama’s victory to a large extent to his online strategy [4]. Some 

studies present evidence of the association between the level of discussion surrounding 

the 2012 U.S. presidential candidates in the newly social media sphere and the 

candidates' own social media activities [5]. Their studies provide some of the empirical 

evidence about the potential impact of social media on the U.S. political elections. They 

find that social media do substantially expand the possible modes and methods of 

election campaigning. We use left- and right-wing political posts to predict political 

tendency. In the Western countries, left-wing politics supports social equality and 

egalitarianism; right-wing politics supports the basis of natural law, economics or 

tradition [6].   

In this dissertation, we develop some novel approaches to analyze Facebook data 

because our dataset does not contain any structure. In general, most studies are based 

on the structure of the social network, such as users’ friend graphs on Facebook. 

Therefore, we need to propose an approach to solve the problem because our dataset 

does not contain any network structure, which is required by existing approaches. 

Facebook fan pages are different from personal pages because the dynamics of 

posting and reacting on these pages diverge significantly from personal pages [7]. Our 

dataset is collected through Facebook Graph API, and it has no network structure. The 

collected dataset is stored in a database. Although we have no network structure, we 

still attempt to answer the following questions: How does information diffuse through 

sharing or commenting? Which post is popular? Who are the important Facebook 

users? We analyze various factors that affect the reactions on fan pages. The reactions 

contain sharing and commenting on posts. This dissertation is to provide more 

information to researchers for studying the political activities on the social network. 

  In this dissertation, we apply the skyline query to search popular posts on 

Facebook; we use the reaction time to analyze posts that are more popular. Reactions 

include sharing posts and commenting on posts. For a post, there is a significant 
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difference between the time when the post is created and the time when any reaction 

appears. Related to the maximum vector problem, a skyline query is to discover 

dominating tuples from a set of tuples. Traditionally, skyline queries are defined upon 

single-instance data or upon objects each of which is associated with an instance. 

However, in some cases, an object is not associated with a single instance but rather 

by multiple instances. On a review website, many users assign scores to a product or 

service, and a user’s score is an instance of the object representing the product or 

service. Such data is an example of multi-instance data. For Facebook data, every post 

contains two attributes, namely the number of shares and the number of comments. 

The task is to retrieve the posts that dominate others (or the skyline posts) in shares 

and comments. The skyline query can search popular posts. 

The main contributions of this dissertation are as follows:   

1. We describe the 20 selected fan pages’ activities in a period of the sunflower 

student movement. We discuss the numbers of posts and reactions from these 

fan pages. The reaction behavior includes liking, sharing, and commenting on 

posts.  

2. We apply the skyline query to search popular posts. Consequently, we define 

the dominance relation on multi-instance data and propose a way to speed up 

the skyline query processing. 

3. We define and calculate the speed and acceleration of information diffusion. 

Then we distinguish different types of posts. 

4. We mine users who are important Facebook users during the civil movement. 

5. We predict the political tendency of posts on Facebook in the United States of 

America. 

  The remainder of this dissertation is organized as follows. Chapter 2 reviews 

related studies. Chapter 3 introduces the research design, data collection and 
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extraction, the skyline query and information diffusion approaches. Chapter 4 

explores the sunflower student movement. Chapter 5 applies the skyline query to 

search popular posts. Chapter 6 discusses information diffusion on Facebook. Chapter 

7 mines the important Facebook users. Chapter 8 predicts the political tendency of 

posts on Facebook. Finally, Chapter 9 draws conclusions and provides research 

limitations and directions for future research. 
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2. Literature Review 

  This chapter presents the results of literature review. Section 1 introduces Web2.0. 

Section 2 describes social media and Section 3 describes Facebook. Section 4 

shows the sunflower student movement. Section 5 shows the civil movement of the 

other countries. Section 6 introduces the literature review of information diffusion 

on social media. Section 7 introduces the literature review of skyline query. Section 

8 describes the left-wing and right-wing politics. Section 9 exhibits text mining and 

Section 10 displays sentiment analysis. Finally, the last section introduces text 

mining algorithms. 

 

2.1  Web2.0 
Today, Web2.0 is the current online technology as it compares to the early days of the 

Web, characterized by greater user interactivity and collaboration and by more 

pervasive network connectivity. One of the most significant differences between Web 

2.0 and the traditional World Wide Web (WWW, referred to as Web1.0) is greater 

collaboration among Internet users and content providers. Web 2.0 allows hundreds of 

millions of Internet users to produce and consume content. 

In 1960, Internet developed to carry an extensive range of information resources 

and services, such as the hypertext documents and applications of WWW, e-mail, 

instant messaging (IM), Internet telephony, newsgroups and file transfers [8]. The 

origins of Internet are to research commissioned by the United States federal 

government in the 1960s. WWW is an application of the global, interactive, 

distributed and multi-platform system built on Internet. The Web project was started 

by Tim Berners-Lee at the European Physics Laboratory (CERN) in Geneva, 

Switzerland [9]. Tim wanted to find a way for scientists doing projects at CERN to 
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collaborate with each other online. He started the WWW project at CERN in March 

1989. In January 1992, the first versions of the WWW software, known as Hypertext 

Transfer Protocol (HTTP), appeared on Internet [8]. The origins of WWW share 

information among scientists. They use graphs and texts to share their works and 

documents. WWW is a new way of sighting information. The initial concept of 

WWW is Hypertext. Viewing a web page on the WWW normally begins either by 

typing the Uniform resource locator (URL) of the page into a web browser or by 

linking a hyperlink to that page [8]. A URL is a reference to a web resource that 

specifies its location on a computer network to retrieve it.  

Web 2.0 is a term that was first used in 2004 to describe a new way in which 

software developers and end-users started to utilize WWW [10]. It refers to a web-

based platform which the contents are dominated by user-generated content, in 

contrast to the traditional employed-generated content by the websites. In Web 2.0, 

the contents are generated by each user's participation and a personalized content, and 

the contents are shared by people. When Web 2.0 represents the ideological and 

technological foundation, UGC can be seen as the sum of all ways in which people 

make use of social media [11]. Early in 1999 the famous management scholar Peter F. 

Drucker has stated that the development of the Information Technology goes the 

wrong direction because it is the "Information" pushing real social progress rather 

than "Technology" we should focus attention on information content [11]. "Web 2.0", 

the word was originated when it was mentioned in the brainstorming hosted by Tim 

O'Reilly [10]. This enterprise is composed of a series of new network technology. It 

makes the network from the previous centralized steering decentralization; the user 

can get more spread on the Internet, sharing, and free communication. This media 

company organized the first "Web2.0 Conference" in October 2004, and determined 

the term Web2.0 [12]. 
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2.2  Social media 
By 1979, Tom Truscott and Jim Ellis from Duke University had created the Usenet, a 

worldwide discussion system that allowed Internet users to post public messages [11]. 

The era of social media as we understand it today probably started about 20 years 

earlier. Contents are selected or edited by users on the social media platform. In [14], 

they identified two essential trends about the use of social media. First, users engage a 

range of tools for communication. Second, users embrace new tools and adopt them as 

part of their communication repertoire. These two trends suggest that users do not 

completely replace one form of social media with another because each form supports 

the unique communication needs that the other cannot completely fulfill. Emphasizing 

user-generated content, usability, and interoperability is the spirit of Web 2.0. 

A SNS is a platform to build social networks or social relations among people who 

share similar interests, activities, backgrounds or real-life connections. A social 

network service consists of a representation of each user, their social links, and a 

variety of additional services. Social network sites are web-based services that allow 

individuals to create a public profile, create a list of users with whom to share 

connections, and view and cross the connections within the system. SNS adopt 

distributed technology (i.e., P2P technology) to build the next generation of Internet-

based software. Early social networking on the WWW began in the form of 

generalized online communities. Many of these early communities focused on 

bringing people together to interact with each other through chat rooms and 

encouraged users to share personal information and ideas via personal web pages by 

providing easy-to-use publishing tools and free or inexpensive web space. The social 

networking services is a social networking software based on the theory of The Six 

Degrees of Separation [13]. According to the basis of friends of friends, they can 

expand their contacts. Most of the social networking sites provided users to interact 

such as sending e-mail, writing blogs, sharing data, discussing groups, etc. Now, 

many Web2.0 websites belong to SNS websites, such as Facebook, YouTube, 
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Myspace, Twitter, etc. Development of social networking websites verified the “Six 

Degrees of Separation” [13]. It is the theory that everyone is six or fewer steps away, 

by way of introduction, from any other person in the world, so that a chain of “a 

friend of a friend” statements can be made to connect any two people in a maximum 

of six steps [15]. This concept was originally set out by Frigyes Karinthy in 1929 and 

popularized by 1990 play written by John Guare. 

Social media play a crucial role in recent social movements. There were some 

revolutions or movements led by young adults across the globe through Internet [16], 

[17], [18], [19], [20], [21], such as the Arab Spring, the Indignados protest in Spain 

and the Occupy Wall Street movement in North America. These movements 

highlighted the particular role of digital social media networks and its contribution to 

the facilitation of protest movements [22]. In [22], they think that social media have 

been a crucial factor in the prolongation and success of this civil movement. They 

indicate that another important factor for protestors to use social media was the 

mistrust in the traditional media [22].    

 

2.3  Facebook 
Facebook is a social media website and social networking service. The Facebook 

website was launched on February 4, 2004, by Mark Zuckerberg [24]. Facebook is a 

very successful social media website and it is also the most popular social networking 

platform worldwide. Facebook’s users can create profiles, update status, publish 

posts, and share photos and videos on their walls [1]. There have been many studies 

regarding Facebook, while most are concerning the structures and dynamics of the 

social networks [1]. 

  According to a study in 2015, 63% of the users of Facebook or Twitter in the USA 

consider these networks to be their main source of news, with entertainment news 

being the most seen [25]. Facebook and Twitter are the most popular social 

https://en.wikipedia.org/wiki/Friend_of_a_friend
https://en.wikipedia.org/wiki/Friend_of_a_friend
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networking platforms. According to the Diffen website report [23], we do a summary 

table to compare Facebook with Twitter in Table 1. 

 
Table 1. Facebook versus Twitter 

 Facebook Twitter 
Brief It is a popular free social 

networking website that allows 
registered users to create 
profiles, upload photos and 
video, send messages and keep 
in touch with friends, family, 
and colleagues.  

It is a free microblogging 
service that allows registered 
members to broadcast short 
posts called tweets. 

Features Facebook features include 
Friends, Fans, Wall, New Feed, 
Fan Pages, Groups, Apps, Live 
Chat, Likes, Photos, Videos, 
Text, Polls, Links, Status, Pokes, 
Gifts, Games, Messaging, 
Classified section, upload and 
download options for photos. 

Tweet, Retweet, Direct 
Messaging, Follow People and 
Trending Topics, Links, Photos, 
Videos 

Registration Required Required 
Upload 
photographs 

Yes Yes 

Instant 
Messaging 

Yes No 

Launch date February 4, 2004 July 6, 2006 
Number of 
users 

2 billion monthly active users 
(2017) 

319 million monthly active 
users (2016) 

Number of 
users in 
Taiwan 

18 million monthly active users 
(2017) 

- 

Founded by Mark Zuckerberg Jack Dorsey 
Post update Yes Yes 
Play games Yes No 
Users express 
approval of 
content by 

Like, Share "Retweet" or "Favorite" 
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Share links Yes Yes 
Languages Available in 140 languages 

(2016) 
Available in 29 languages 
(2016) 

Employees 12,691 (2015) 3,628 (2015) 
Reblog posts Yes Yes 

Follow 
trending 
topics 

No Yes 

Follow 
people 

Yes Yes 

Add friends Yes No 
Privacy 
settings 

Yes Either public or private 

Post length Unlimited 140 characters 
Edit posts Yes No 
Users express 
opinions 
about content 
by 

"Comment" "Reply" 

hashtag Yes Yes 
Check-in 
place 

Yes No 

Activities of 
every minute 

382,000 Facebook likes 350,000 tweets 

 

  As of 2017, Facebook had 2 billion monthly active users all over the world. 

Facebook is a very successful Web2.0 website. It is an online social networking 

service website, founded by Mark Zuckerberg with Andrew McCollum and Eduardo 

Saverin. “The Facebook” was launched on February 4, 2004, when Mark was a 

Harvard student [26]. The website had initially limited the membership to Harvard 

students but later expanded it to colleges in the Boston area (i.e., MIT), Stanford 

University, New York University, Northwestern University and the Ivy League in the 

following two months [26]. In 2005, the students at various other universities were 

also invited, and later to any student whose e-mail address is registered in any 
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university of the global is allowed to register. Facebook was originally from the 

directory of high school when Mark was at Phillips Exeter Academy, admitted in his 

junior year like the other students of the school, he got the student directory. “The 

Photo Address Book” (contain the photo and address for each student), named for the 

student directory, which students referred to as “The Facebook” [26]. Such photo 

directories were an important part of the student social experience at many private 

schools like Phillips Exeter Academy. It is working now. This “Facebook” has become 

an important resource for students to contact each other. This is the same with 

Facebook website nowadays. It even created a social culture before the birth of 

Internet, this social culture is driven by the student directory, and it is also consistent 

with the spirit of Web 2.0. Since 2006, anyone who is at least 13 years old was 

allowed to become a registered member of Facebook, though the age requirement may 

be higher depending on applicable local laws. 

At present, Facebook has become the world’s largest SNS. If you use the Internet, 

you are increasingly possible to use Facebook. It is the second-most-visited website, 

after Google, and Facebook had 2 billion monthly active users worldwide as of 2017 

[26]. According to Facebook reported, a monthly active user is a registered Facebook 

user who logged in and visited Facebook through their website or a mobile device, or 

used their Messenger app, in the last 30 days as of the date of measurement. This 

platform is also the most popular social network worldwide. Facebook’s users spend 

an average of 20+ minutes per day on the social network, liking, commenting, and 

scrolling through status updates, according to analysts from Needham, citing 

comScore data in 2015. Therefore, many enterprises are using Facebook to implement 

marketing activities product or service sales and enhance brand image [27], [28]. 

Although 20+ minutes is the global average, people in America spend much more 

time than that, according to Facebook’s internal information. In 2014, Facebook’s 

CEO Mark Zuckerberg said that the average US user spends 40 minutes on Facebook 

per day. In accordance with the result of a study commissioned by analytics firm Verto 
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on Search Engine Journal website, Facebook’s 222 million monthly users in the U. S. 

spend an average of 14 hours each month within the company’s mobile app. From the 

above description, our research dataset from Facebook is more representative than 

others’ SNS. 

Unlike just about any other website or technology business, Facebook is 

profoundly, centrally, about people [26]. It is a platform for people to get more out of 

their lives; it is a new form of communication [26]. Facebook's service is constantly 

updating. It provides many functions on the website. It allows a user to add friends, 

send messages, and update personal profiles to notify friends and peers about 

themselves [14]. Users can post information about themselves ranging from their 

occupation to their religious and political views to their favorite movies and 

musicians. On this profile, both the user and their ‘friends’ can post web links, 

pictures, and videos of interest. Further, Facebook also offers the facility to send 

private and public messages to other users and even engage in real time instant 

messaging [29]. Facebook users can also form and join virtual groups, develop 

applications, host content, and learn about their interests, hobbies, and relationship 

statuses through users’ online profiles.  

Furthermore, News Feed was announced on September 6, 2006, which appears on 

every user's homepage and highlights information including profile changes, 

upcoming events, and birthdays of the user's friends. News Feed was more than just a 

change to Facebook. It was the harbinger of an important shift in the way that 

information is exchanged between people [26]. When you wanted to get information 

about yourself to someone until now, you had to initiate a process or ‘send’ them 

something, as you do when you make a phone call, send a letter or an email, or even 

conduct a dialogue by instant message. Facebook provided many friendly tools for 

users. Therefore, Facebook has become a way of life. You can instantly communicate 

with old high school friends or peruse your neighbor's vacation photos. Its wide 

variety of picture, video, advertising and security features will keep this social media 
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service at the top for the time being. In summary, the three core of the Facebook 

experience centers on users’ ability to (1) post self-relevant information on an 

individualized profile page, (2) link to other members, and (3) interact with other 

members [30]. 

 

2.4  The sunflower student movement 
March 18, 2014 is an important day in Taiwan’s history. Because many students 

occupied the Taiwanese Parliament Building on March 18, 2014. On March 17, 

Taiwan’s ruling Kuomintang party (KMP) attempted a unilateral move in the 

Legislative Yuan to force CSSTA to the legislative floor without giving it a clause-by-

clause review as previously established in a June 2013 agreement with the opposing 

Democratic Progressive Party (DPP). This agreement is expected to cast huge impacts 

on the life of ordinary people, including considerable job losses or worsen working 

condition in several enterprises [31]. This movement is an important movement of 

students during the democratic development of Taiwan. “What they have demanded, 

they have not yet received; thus they keep pressing on. As the 4th day passed by since 

student activists taking over Taiwan’s national legislative building on midnight 

March 18th, the momentum behind this protest against Cross-Strait Service Trade 

Agreement between Taiwan and China has only grown stronger than ever.” The 

above statements are mentioned by CNN News about the event of the sunflower 

movement. It shows that the international media have concerned this civil movement. 

The term "the sunflower student movement" was derived from March 19, 2014, 

The Black Island Nation Youth Front fan page issued a post on Facebook. The content 

of this post is “we hope to help buy sunflowers to cheer for the student movement”. 

This post was published widely on Facebook. They thought that sunflowers had 

phototropism and hoped to help sunflowers to cheer for this student movement. This 

term was popularized after a floristry contributed 1000 sunflowers to the students 
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outside the Legislative Yuan Building. “Sunflower” was also an allusion to the Wild 

Lily movement of 1990 which set a milestone in the democratization of Taiwan. 

Taken together, we understood apparently Facebook to be a tool of spreading 

messages in the new generation.  

The sunflower student movement is also called the "March 18 Student Movement" 

or "Occupying Taiwan Legislature". Students have seen off the police’s serial 

breaching attempt around the Taiwanese Parliament Building. This was only the 

beginning of the resistance for these students. They attempt to stop the undemocratic 

coalition of some political elite in both Taiwan and China. Students spread messages 

and videos to whoever is committed to the principle of democracy, transparency, and 

participation. They posted as well as shared posts on Facebook and even created fan 

pages on Facebook to fight against CSSTA. Since March 18, protesters have spread 

messages, shared thoughts on the fan pages established by supporters on Facebook 

and other social media. 

 

2.4.1 323 the Executive Yuan event 

The protest swelled to comprise over 3,000 people further; it was supposed to be 

peaceful. On the night of March 23, a group of protesters snuck into the Executive 

Yuan to occupy the chamber. They posted information on Facebook inviting 

supporters to join. A few hours later, Premier Jiang Yi-Huah, who had consulted 

President Ma, ordered hundreds of police to use violence to evict the protesters. Over 

100 people were injured during the attack on March 24; fifty of them were occupiers, 

the others were police officers who were accidentally injured by their peers.  

In Taiwan, the democracy is under threat. Most newspapers and TV stations have 

failed to provide full and accurate information about this event that has taken place. 

Journalists belonging to the main media downplayed or dismissed the activities of the 

protesters. However, the news was quickly circulated on Facebook and attracted 
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thousands of supporters. Witness narratives about what is being called “the 323 event” 

[32]. 

 

2.4.2 330 demonstration 

The 330 Demonstration means that student occupied by the Legislative Yuan and 

called on the masses to go to Ketagalan Boulevard on March 30, 2014. This activity 

organizers appeal to people that participate in 330 demonstration wearing black 

clothes as a mark. It is also called Black-shirts by lots of media. Their requests are 

“the defense of democracy, returned to service trade and people stand up”.  

During the sunflower student movement, students’ representative announced the 

expansion of the protests and called on the people to go to Ketagalan Boulevard for 

the 330 demonstration [32]. On March 29, students stressed that it continues to adhere 

to the occupation legislature Yuan after the 330 demonstration if the Government still 

made no response to students of four demands. At 14:00 on March 30, these students 

gathered 350,000 people participating in this demonstration. The next day of this 

demonstration, KMP policy committee chief executive Lin, Hung-Chih and KMP 

legislator Chang Ching-Chung held a press conference and gave an apology to 

masses. In the past few days, these students of this movement called on the people by 

Facebook. 

 

2.5  The civil movement of the other 
countries 

People notice that social media have played a crucial role in recent civil movement 

and the most prominent example is Arab Spring or the Occupy Wall Street movement 

in 2011 [33]. However, using social media for mobilizing not a recent phenomenon. 

In 1994, a group of indigenous people called Zapatistas in Mexico made use of the 
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Internet technology in its early stage [34]. They demanded socio-economic reforms as 

well as respect for indigenous people. Martinez-Torres describes their uprising as the 

“first informational guerilla movement” [34]. The Zapatistas wanted to raise 

awareness to the injustice they encountered and called for international support. 

Therefore, with the help of e_mails, BBS and fax they were able to connect to the 

other area of the world. The Zapatistas built a dialogue between them and the outside 

world.  

  In recent years, due to the rise of social media websites on the Internet, people 

always publish their statuses and messages to social media at any place. When a civil 

movement or revolution happened, people use such websites to publish anything that 

they see at any time. The Arab Spring was a revolutionary wave of both violent and 

non-violent demonstrations, protests, riots, coups and civil wars in the Arab world that 

began on 17 Dec. 2010 in Tunisia with Tunisian Revolution, and spread throughout 

the countries of Arab League and the surroundings [16]. The trigger was the self-

immolation of Tunisian Mohamed Bouazizi. Unable to find work and selling fruit at 

roadside stand, Bouazizi had his wares confiscated by a municipal inspector on 17 

December 2010. An hour later he doused himself with gasoline and set himself on 

fire. The news of his death on 4 January 2011 spread quickly and was not covered by 

the traditional news outlet in Tunisia. Images of Bouazizi spread and resulted in the 

public’s anger against the government [36]. These images and videos were spread 

through social media websites, such as YouTube, Facebook or Twitter. According to 

The Washington Post reported, with the success of the protests in Tunisia, a wave of 

unrest sparked by Bouazizi struck Algeria, Jordan, Egypt, and Yemen, then spread to 

other countries. 

  The Indignados movement in Spain had origins in social networks and began with 

demonstrations on 15 May 2011 close to the local and regional elections, held on 22 

May. Since the ongoing economic crisis began, Spain has had one of the highest 

unemployment rates in Europe, reaching a Eurozone record of 21.3% [22]. The youth 
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unemployment rate stands at 43.5%, the highest in the European Union. According to 

Yahoo News, Spain government approved a sweeping overhaul of the labor market 

designed to reduce unemployment and revive the economy. However, main trade 

unions rejected the plan because it made it easier and cheaper for employers to hire 

and fire workers. In 2011, Spanish young adults on Spanish social networks and 

forums created the digital platforms. Facebook groups “Real Democracy NOW” and 

“Platform of Coordination of Groups Pro-Citizen Mobilization” were created. They 

criticized how the Spanish government managed the economic crisis in Europe. 

  This dissertation focuses on Facebook fan pages. According to Facebook website 

reported, a fan page is the only way for entities like organizations, celebrities, and 

political figures to represent themselves on Facebook. Unlike Facebook groups, fan 

pages are visible to everyone on the Internet by default. You and every person on 

Facebook can connect with these fan pages by becoming a fan and then receive their 

updates in your News Feed and interact with them. Facebook Groups are the place for 

small group communication and for people to share their common interests and their 

opinion. When you create a group, you can decide whether to make it publicly 

available for anyone to participate, require administrator approval for members to 

participate or keep it private and by invitation only. We think that the fan pages are 

more public than groups for a user. Anyone can become a fan (i.e., ‘Liking’ the page). 

In this dissertation, we want to receive more messages from anyone and then analyze 

messages diffusion further. Therefore, this dissertation uses the public datasets of fan 

pages on Facebook. 

  In North America, the Occupy Wall Street is the name given to a protest movement 

that began on September 17, 2011, in Zuccotti Park, located in New York City’s Wall 

Street financial district [37]. The main issues raised by Occupy Wall Street were 

social and economic inequality, greed, corruption on government. It was inspired by 

anti-austerity protests in Spain coming from the Indignados movement. The protest 

itself created Facebook fan pages for the demonstrations and shared videos on 



DOI:10.6814/DIS.NCCU.CS.002.2018.B02 

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

20 
 

YouTube. In [38], the authors explore the notion that Twitter may support multiple 

opportunities for participation in the Occupy Wall Street movement. 

  Today, social media platforms provide them with an open space to discuss and 

share their emotions and feelings with one another and mobilize for demonstrations.     

The three civil movements have three characteristics in common: they are all more or 

less spontaneous, leaderless and every country has its preference in social media [33]. 

Social media have an important tool in diffusing messages and help protesters not 

only to mobilize but also to gain international attention and prolong the movement 

over a long period. Facebook is a representative social media platform. Therefore, we 

use Facebook data to analyze message diffusion and investigate the reaction time for 

some particular events over a period of the sunflower student movement.    

 

2.6  Information diffusion on social 
media 

The social networks have become powerful tools for information diffusion. They 

facilitate the rapid and large-scale propagation of content and the consequences of 

information [38]. Today, many political events or critical news are spread using these 

social networks. Social networks play a major role in the diffusion of this information 

and have proven to be very powerful in many situations, such as the 2010 Arab Spring 

or the 2008 U.S. presidential elections [39]. Twitter is considered an important role in 

Arab Spring and other political activities. On the day of the 2016 U.S. presidential 

election, Twitter proved to be the largest source of breaking news, with 40 million 

tweets sent by 10 p.m. that day, according to the New York Times. In Taiwan, 

according to a survey by Commonwealth Magazine, the usage rate of Twitter stands at 

5.5%. Compared with Facebook, its usage rate is 87.2%. Therefore, Facebook is the 

most representative and suitable social network. 
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  There is a study that finds out the relationship between students’ Facebook use and 

their political participation [40]. They mentioned that “About students’ Facebook use, 

motivation of use and degree of use are two major items.” In addition, their study shows 

that the degree of students’ Facebook uses truly played a key role in the participation 

of the sunflower student movement [40]. Another study explains that social media have 

been a crucial factor in the prolongation and success of this movement [22]. In [22], 

their study mentions that “Besides the high penetration rate of social media, such as 

Facebook, among young Taiwanese, another important factor for protestors to use 

social media were the mistrust in the traditional Taiwanese media.” These studies show 

that the ordinary people through the social media exert the same influences as the 

mainstream media. In [22], they need to interview people among participants of the 

sunflower student movement and assess their use of social media during the movement. 

However, our study analyzes Facebook data to replace interview work. We use a novel 

approach to search some important users or participants during this movement.  

Most studies discuss message flow and diffusion in social networks websites [2], 

[41], [42], [43], [44]. They have analyzed the roles that factors such as the topological 

structure of social networks play in message spreading. Some studies [34], [45], [46], 

[47], [48], [49] examine the relative role of strong and weak ties in information 

propagation. In [45], their study shows that the weak ties may play a more dominant 

role in the dissemination of information online than currently believed. These studies 

are based on the structure of the social network, such as users’ friend graphs on 

Facebook. However, our study develops a novel approach to analyze information 

diffusion on Facebook. Our method searches some important users that change the 

speed of information diffusion without using social connections to build a diffusion 

network of users. 

The related studies on message flow and diffusion in social networks include [2], 

[41], [46], [47], [48]. They have analyzed the roles that factors such as the topological 

structure of social networks play in message spreading. Yang and Counts present 
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results of network analysis for information diffusion on Twitter by using users’ 

ongoing interactions as denoted by "@username", and they build the diffusion 

network and develop models for three dimensions of diffusion networks in Twitter 

[44]. Spasojevic et al. examine the flow of messages in the entire network and 

recommend best times for a user to post on social networks, and they collect users’ 

friend graphs on Facebook [2]. These studies are also based on the structure of social 

networks.  

Social network analysis (SNA) is not a formal theory in sociology but rather a 

strategy for investigating social structures [48]. It is an idea that can be applied in 

many fields. SNA is the process of investigating social structures through the use of 

network and graph theories [48]. Examples of social structures commonly visualized 

through social network analysis include social media networks, means spread, 

friendship and acquaintance networks, collaboration graphs [49]. On the other hand, 

some studies address the issue of predicting the temporal dynamics of the information 

diffusion process [38], [39], [50]. In [38], the authors also construct a graph-based 

model for information diffusion prediction; they build a platform that helps 

understanding social network users’ interests and activity by providing emerging 

topics and events detection as well as network analysis functionalities. These 

researchers need to construct some graph structures. However, our collected dataset 

does not contain such graph structures. We develop a new method to handle SNA 

without graph structures. 

 

2.7  Skyline query 
The skyline operation is proposed to extend database systems [51]. This operation is 

to discover a set of interesting tuples from a potentially large set of tuples. The basic 

way to compute the skyline is to apply block-nested-loop (BNL) algorithm and 

compare every tuple with every other tuple [52]. In [52], the authors also use divide-



DOI:10.6814/DIS.NCCU.CS.002.2018.B02 

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

23 
 

and-conquer (D&C) algorithm [53] to implement the skyline query. Two progressive 

techniques are proposed in [54], and they are the Bitmap and the Index techniques. A 

database index is a data structure that improves the speed of data retrieval operations 

on a database table at the cost of additional storage space and writes to maintain the 

index data structure. An index is used to quickly locate data without having to search 

every row in a database table every time a database table is accessed. Nearest 

neighbor (NN) uses the results of nearest neighbor search to partition the data 

universe recursively [54]. NN executes a nearest neighbor query on R-trees. In [54], 

the authors mention that NN has some desirable features (such as high speed for 

returning the initial skyline tuples) but presents several inherent disadvantages (such 

as the need for duplicate elimination if the dimension is larger than 2, multiple 

accesses of the same node, and large space overhead). Therefore, the authors 

developed branch-and-bound skyline (BBS) [54], [55]. 

Some works sort the input data to speed up the performance of queries [51], [56], 

[57], [58], [59], [60], [61], [62]. The sorting-based algorithms aim to optimize pivot 

ordering to prune non-skyline tuples early. The first sorting-based algorithm is sort-

filter-skyline (SFS) algorithm [56]. In [55], the authors define the monotone scoring 

function (ordered from highest to lowest score) which is a topological sort with 

respect to the skyline dominance partial relation. We also define a monotone function 

in our study. Godfrey et al. mention that the maximal vector problem has been 

rediscovered in the database context with the introduction of skyline query [58]. 

Computing the skyline is known as the maximum vector problem [57], [63], [64]. In 

[58], the authors present a new algorithm for maximal vector computation, linear 

elimination sort for skyline (LESS), that combines aspects of SFS, BNL, and fast 

linear expected-time (FLET) [62] but does not contain any aspects of D&C. LESS 

must sort the tuples initially; LESS is an optimized version of SFS [58]. In [61], sort 

and limit skyline algorithm (SaLSa) exploits the idea of presorting the input data so as 

to effectively limit the number of tuples to be read and compared. The SaLSa strives 
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to avoid scanning the complete set of sorted tuples and its feature is the ability of 

computing the result without having to apply dominance tests to all the tuples in the 

input relation [61]. Many algorithms such as SFS, LESS and SaLSa need to sort 

tuples first, and so do our methods. 

Besides, the partitioning-based algorithms aim to group tuples into sub-regions 

which are used for region-based dominance tests. D&C [52] simply divides the 

problem into multiple sub-problems and merges the local skyline tuples into global 

ones. Zhang et al. [59] propose an object-based space partitioning (OSP) scheme, 

which recursively divides the data space into separate partitions with respect to a 

reference skyline tuple and facilitates progressive retrieval in high dimensional 

spaces. 

Table 2 summarizes the features of skyline query processing algorithms in the 

literature, and Table 3 summarizes related works according to their features. 

 

Table 2. The features of skyline query processing algorithms 

Features Description Abbreviation 
Sorting technique Researchers sort the input data by using 

some functions 
ST 

Dominance 
checking approach 

Researchers use some methods to reduce 
calculations 

DA 

Indexing technique Researchers build index to speed up IT 
Application Researchers evaluate their algorithms 

with real data 
Ap 

 
 

Table 3. The summary of related works of skyline query 

Papers Algorithms ST DA IT Ap 
[53] BNL, D&C No No Yes Yes 
[54] Bitmap, Index Yes No Yes No 
[56], [57] SFS Yes No No No 
[60] NN Yes No Yes Yes 
[54], [58] BBS Yes Yes Yes Yes 
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[58] LESS Yes Yes No No 
[61] SaLSa Yes Yes No No 
[59] OSP Yes Yes Yes No 

 

In the typical application to which our methods can be applied, users assign scores 

to items or objects and then these scores are transformed into multi-instance data by 

the proportion method. An object can contain a series of probability values. Many 

prior works show that skyline query is very useful in multi-criteria decision making 

applications [56], [53], [54], [55], [57], [58], [59], [60], [61], [62]. Uncertainty in data 

is inherent in many applications such as sensor networks, scientific data management, 

data integration, where data take different values with probabilities [65]. Probabilistic 

data are unavoidable in some important applications. The first work on supporting the 

skyline query on such data, called p-skyline, is reported in [66], in which the authors 

consider analyzing professional basketball players using multiple technical statistics 

criteria and attempt to find the player who can achieve the best performance in all 

aspects. In [66], the authors propose a probabilistic skyline model in which an 

uncertain tuple may take on a probability of being on the skyline called p-skyline. 

Given a threshold p (0 ≤ p ≤ 1), the p-skyline is the set of uncertain objects, each of 

which takes a probability of at least p to be on the skyline [67], [68]. In [67], the 

definition of an instance is different from that in our study. Atallah and Qi propose a 

general probabilistic skyline query that takes into account different user utilities 

without any restriction, but they do not use any probability threshold [65], [66]. Liu et 

al. propose a new uncertain skyline model called u-skyline [51], and it aims to return 

an uncertain skyline answer set from a complementary perspective to p-skyline. 

Furthermore, p-skyline returns individual data tuples with non-dominance 

probabilities greater than or equal to a specified threshold [51], while u-Skyline 

focuses on returning an answer set that forms a valid skyline with the maximum 

probability [51]. 

Most works assume that uncertainty exists only in attribute values [69]. Zhang et al. 
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[69] address the skyline probability computation problem in scenarios where 

uncertainty resides in attribute preferences instead of values. The approach used in 

[69] assumes independent object dominance. The previous works discuss probabilistic 

skylines and skyline query for probabilistic data; we summarize these works 

according to their features in Table 4. Our work is different from others in that it is for 

multi-instance data instead of the traditionally defined uncertain data. The dominance 

relation between two objects in our study is the sum of the probabilities that the higher 

score can dominate the lower score. In p-skyline, a probability for a tuple is defined 

by aggregating over all the possible worlds within which the tuple is dominated. We 

calculate the dominance relation between two objects and then determine the one that 

could potentially be on the skyline. If the determined object is not dominated by 

others, it is a skyline object and is returned as an answer to the query. 

 

Table 4. The summary of related works of skyline query on probabilistic data 

Papers Algorithms ST DA IT Ap 
[67] The bottom-up and the 

top-down algorithms 
Yes No Yes Yes 

[65], [66] Weighted dominance 
counting (WDC) 

Yes Yes No No 

[70] Skyline feature 
algorithm (SFA) 

Yes Yes Yes No 

[68] Bottom-up and top-
down hybrid algorithm 

Yes Yes Yes Yes 

[52] Dynamic programming 
search algorithm 

Yes Yes No No 

[69] Monte Carlo estimation 
algorithm 

Yes Yes No Yes 

Our study Our methods  
(Section 5.1) 

Yes Yes No Yes 

 

We summarize comparisons between our study and related works in Table 5. Table 
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5 also describes the originality of our study. 

 

Table 5. The summary of comparisons between our proposed skyline query and 
related works 

Features Our study Related works 
Sorting 

technique 
Ours and theirs sort the input data to 
reduce the computational cost and speed 
up the performance. 

[51], [56], [57], [58], 
[59], [60], [61], [62] 

Instance The instance in their definition is different 
from that in ours. 

[67] 

Dominance 
relation 

They define a probability for each tuple 
by aggregating over all the possible 
worlds within which the tuple is 
dominated, while we define the 
dominance relation to be the sum of the 
probabilities that the higher score can 
dominate the lower score. 

[68] 

Monotone 
function 

They define the monotone scoring 
function, and that is different from what 
we use. 

[56], [58] 

Skyline 
object 

If an object is not dominated by others, it 
is a skyline object and is returned as an 
answer to a query; this is consistent with 
the skyline query on certain data. 

[52], [56], [53], [54], 
[55], [57], [58], [59], 
[60], [61], [62], [63], 

[64], [65] 
 

Considering the increasingly large amount of data, Cosgaya-Lozano et al. show that 

parallel computing is an effective method to speed up the skyline query processing on 

large datasets [71]. Many works consider parallelized methods that utilize multiple 

processors or obtain useful partitions of the dataset for parallel processing [72], [73], 

[74], [75]. In our study, we focus on effectively processing skyline query on a special 

type of data [76], [77]. Nevertheless, part of future work could be to parallelize our 

methods.   
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2.8  The left-wing and right-wing 
politics 

The terms left and right are classified political positions, ideologies, and parties [6], 

[78]. Left-wing politics and right-wing politics are often presented as opposed. Left-

wing politics supports social equality and equalitarianism, often in opposition to 

social hierarchy and social inequality [79]. The term left-wing can also refer to “the 

radical, reforming, or socialist section of a political party or system” [78], [79]. Right-

wing politics hold that certain social orders and hierarchies are inevitable, natural, 

normal or desirable, typically supporting this position on the basis of natural law, 

economics tradition [80]. The term right-wing can generally refer to "the conservative 

or reactionary section of a political party or system”.  

The political terms “Left” and “Right” were first used during the French Revolution 

and referred to seating arrangements in the French parliament: those who sat to the 

right of the chair of the parliamentary president were broadly supportive of the 

institutions of the monarchist Old Regime [81]. In the United States, many leftists 

were influenced by the works of Thomas Paine, who introduced the concept of asset-

based egalitarianism, which theorizes that social equality is possible by a 

redistribution of resources [79]. The Right includes both economic and social 

conservatives. More recently in the United States, left-wing and right-wing have often 

been used as synonyms for Democratic and Republican, or as synonyms for liberalism 

and conservatism respectively [82]. In the United States, the exposure of left-wing 

and right-wing camps to the liberal democratic values dominating American political 

culture, which unmistakably colors their political rhetoric [83]. In sum, political 

scientists regard the Left as including anarchists, communists, socialists, democratic 

socialists, social democrats, left-libertarians, progressives and social liberals [84]. 

Similarly, political scientists regard the Right as including Christian Democrats, 

conservatives, right-libertarians, neoconservatives, imperialists, monarchists, fascists, 

reactionaries and traditionalists [85]. 
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In [4], they discuss the use of Twitter message content as a valid indicator of 

political sentiment and analyze tweets’ political sentiment between left-wing coalition 

and right-wing coalition. In [86], their study shows that politicians who react on the 

comments of users were perceived more favorable. This effect was stronger for right-

wing politicians and left-wing voters during the 2006 Dutch elections. In the 2009 

presidential campaign in Romania, a study is to explain how the Romanian politicians 

acted in response to what happened in the online communication: did the left-wing or 

the right-wing candidates using social media to convey electoral messages [87]. Many 

researchers have studied the left- and right-wing politics in many countries using 

survey data or social media data. This dissertation focuses on prediction using the 

political activity of fan pages on Facebook.   

 

2.9  Text mining    
Text mining, roughly equivalent to text analytics, is the process of deriving high-

quality information from text. High-quality information is typically derived through 

the devising of patterns and trends through means such as statistical pattern learning. 

Text Mining is the automated process of detecting and revealing new, uncovered 

knowledge and inter-relationships and patterns in unstructured textual data resources. 

Text mining targets un-discovered knowledge in huge amounts of text. Whereas, 

search engines and Information Retrieval (IR) systems have specific search targets 

such as search query or keywords and return related documents [88]. This research 

field utilizes data mining algorithms, such as classification, clustering, association 

rules, and many more in exploring and discovering new information and relationships 

in textual sources. It is an inter-disciplinary research field combining information 

retrieval, data mining, machine learning, statistics and computational linguistics [88]. 

  Text mining targets un-discovered knowledge in huge amounts of text. A set of un-

structured text documents is collected. Then, the pre-processing for documents is 
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performed to remove noise and commonly used words, stop words, stemming. This 

process produces a structured representation of the documents known as Term-

document matrix, in which, every column represents a document and every row 

represents a term occurrence throughout the document. Next, we apply data mining 

techniques such as clustering, classification, association rules to discover term 

associations and patterns in text. Finally, the results are visualized these patterns using 

tools such as word-cloud or tag-cloud. We evaluate prediction performance. 

 

2.10  Sentiment analysis 
Social media are today’s most transparent, engaging and interactive form of public 

relations. They are a platform that enables the interactive web by engaging users to 

participate in, comment on and create content as means of communicating with their 

social graph, other users and the public. They contain abounding information, such as 

human thoughts and behaviors. The messages on social media directly influence self-

expression, information seeking and real-world behaviors. Furthermore, messages not 

only influence the users who received them but also the users’ friends, and friends of 

friends [89]. The successful use of social media in the United States of America 

presidential campaign of Barack Obama has established Twitter, Facebook, MySpace, 

and other social media as integral parts of the political campaign toolbox [4]. 

Sentiment analysis is a growing area of Natural Language Processing (NLP) with 

research ranging from document level classification to learning the polarity of words 

and phrases [90], [91], [92], [93]. In [90], they investigate the utility of linguistic 

features for detecting the sentiment of Twitter messages. In [92], adjectives are 

labeled positive or negative. Evaluations indicate high levels of performance: 

classification precision is more than 90% for adjectives [92]. We use positive and 

negative words for the prediction of left- or right-wing politics. In 2002, Turney 

observed that sentiment analysis tasks become more difficult as the topic becomes 
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more abstract [94]. Tony and Robert concluded that traditional text classification 

method is inadequate for the task of sentiment analysis in the domain [95]. Therefore, 

many studies discuss sentiment analysis using social networking platforms recently. 

On Twitter, every user can publish short messages up to 140 characters. Classifying 

the sentiment of Twitter messages is most similar to sentence-level sentiment analysis 

[96], [97]. An analysis of the tweets’ political sentiment demonstrates close 

correspondence to the parties’ and politicians’ political positions indicating that the 

content of Twitter messages plausibly reflects the offline political landscape [4]. 

Many Studies have shown the promise of using social networking platform in 

prediction [4], [98], [99], [100], [101], [102]. For 2008 United States of America 

Presidential Primaries, using a small number of Facebook supporters could predict the 

result successfully [98]. In [99], authors described a system for real-time analysis of 

public sentiment toward presidential candidates in the 2012 America election as 

expressed on Twitter. In [100], their study applied methods used in studies that have 

shown a direct correlation between Twitter chatting and future electoral results in a 

new dataset for political elections. To improve the accuracy of sentiment analysis, it is 

needed to go beyond methods that rely on words polarity alone [100]. In [101], 

authors explored and tracked political preferences using social networking data. In 

[102], authors illustrated that the predictive ability of social media analysis 

strengthens as the number of citizens expressing their opinion online increases, 

provided that the citizens act consistently on these opinions. In [4], it was 

demonstrated that Twitter could be seen as a valid real-time indicator of political 

sentiment. Therefore, our work is to indicate political sentiment for the two major 

political groups and predict the political tendency of posts through sentiment analysis. 
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2.11  Algorithms 
Our study uses the different algorithms in sentiment analysis. We describe six 

algorithms in following subsections. 

 

2.11.1  Naïve Bayes 

Naïve Bayes algorithm based on applying Bayes’ theorem with naïve independence 

assumptions between features [103]. Given a set of a set of objects, each of which 

belongs to a known class, and each of which has a known vector of variables, our aim 

is to construct a rule which will allow us to assign future objects to a class, given only 

the vectors of variables describing the future objects [104]. Naïve Bayes is very easy 

to construct, not needing any complicated iterative parameter estimation schemes 

[104]. This means it may be readily applied to huge datasets. It is easy to interpret, so 

users unskilled in classifier technology can understand why it is making the 

classification it makes [104]. Naive Bayes algorithm is tremendously appealing 

because of its simplicity, elegance, and robustness. It is one of the oldest formal 

classification algorithms, and yet even in its simplest form it is often surprisingly 

effective. It is widely used in areas such as text classification and spam filtering [104]. 

 

2.11.2  k-Nearest Neighbor (kNN) 

In pattern recognition, the k-nearest neighbor algorithm is a non-parametric method 

used for classification and regression [105]. kNN classification finds a group of k 

objects in the training set that are closest to the test object and bases the assignment of 

a label on the predominance of a particular class in this neighborhood [104]. There are 

three key elements of this approach: a set of labeled objects, e.g., a set of stored 

records, a distance or similarity metric to compute the distance between objects, and 

the value of k, the number of nearest neighbors. To classify an unlabeled object, the 
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distance of this object to the labeled objects is computed, its k-nearest neighbors are 

identified, and the class labels of these nearest neighbors are then used to determine 

the class label of the object [104]. If k=1, then the object is simply assigned to the 

class of that single nearest neighbor. 

  There are several key issues that affect the performance of kNN. One is the choice 

of k. If k is too small, then the result can be sensitive to noise points. On the other 

hand, if k is too large, then the neighborhood may include too many points from other 

classes. Another issue is the approach to combining the class labels [104]. kNN is a 

type of lazy learning, where the function is only approximated locally and 

computation is deferred until classification. The kNN algorithm is among the simplest 

of all machine learning algorithms. kNN is particularly well suited for multi-modal 

classes as well as applications in which an object can have many class labels. For 

example, for the assignment of functions to genes based on expression profiles, some 

researchers found that kNN outperformed a much more sophisticated classification 

scheme [106].  

 

2.11.3  Support Vector Machines (SVM) 

In today’s machine learning applications, SVM are considered a must try－it offers 

one of the most robust and accurate methods among all well-known algorithms [107]. 

It has a sound theoretical foundation, requires only a dozen examples for training, and 

is insensitive to the number of dimensions [104]. It analyzes data used for 

classification and regression analysis. Given a set of training examples, each marked 

as belonging to one or the other of two categories. An SVM training algorithm builds 

a model that assigns new examples to one category or the other, making it a non-

probabilistic binary linear classifier [104]. 
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2.11.4  AdaBoost 

AdaBoost, short for Adaptive Boosting, is a machine learning meta-algorithm. The 

AdaBoost algorithm [108] proposed by Yoav Freund and Robert Schapire is one of 

the most important ensemble methods since it has solid theoretical foundation, very 

accurate prediction, great simplicity, and wide and successful applications. It can be 

used in conjunction with many other types of learning algorithms is combined into a 

weighted sum that represents the final output of the boosted classifier. AdaBoost 

refers to a particular method of training a boosted classifier. Every learning algorithm 

tends to suit some problem types better than others, and types have many different 

parameters and configurations to adjust before it achieves optimal performance on the 

dataset. 

AdaBoost is sensitive to noisy data and outliers. Problems in machine learning 

often suffer from the curse of dimensionality－each example may consist of the huge 

number of potential features, and evaluating every feature can reduce not only the 

speed of classifier training and execution but in fact reduce predictive power [104]. 

Unlike SVMs, the AdaBoost training process selects only those features known to 

improve the predictive power of the model, reducing dimensionality and potentially 

improving execution time as irrelevant features need not be computed. 

 

2.11.5  Decision Tree 

C4.5, a descendant of Conceptual Learning Systems (CLS) and ID3, generates 

classifiers expressed as decision trees, but it can also construct classifiers in more 

comprehensible ruleset form [104]. A decision tree is a decision support tool that used 

a tree-like graph or model of decisions and their possible consequences, including 

chance event outcomes, resource costs, and utility. For a decision tree, each internal 

node represents a “test” on an attribute, each branch represents the outcome of the 

test, and each leaf node represents a class label [109]. The paths from root to leaf 
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represent classification rules. In decision analysis, a decision tree and closely related 

influence diagram are used as a visual and analytical decision support tool, where the 

expected values of competing alternatives are calculated. 

 

2.11.6  Classification and Regression Trees (CART)  

CART represents a major milestone in the evolution of artificial intelligence, machine 

learning, non-parametric statistics, and data mining [110]. The CART is important for 

the comprehensiveness of its study of decision trees, the technical innovations it 

introduces, its sophisticated discussion of tree-structured data analysis, and its 

authoritative treatment of large sample theory for trees [104].  

The CART decision tree is a binary recursive partitioning procedure capable of 

processing continuous and nominal attributes both as targets and as predictors. Trees 

are grown to a maximal size without the use of a stopping rule and then pruned back 

to the root via cost-complexity pruning. The next split to be pruned is the one 

contributing least to the overall performance of the tree on training data. The 

procedure produces trees that are invariant under any order preserving transformation 

of the predictor attributes. The CART mechanism is intended to produce not one tree, 

but a sequence of nested pruned trees, each of which is a candidate to be the optimal 

tree [104]. 
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3. Method 

This chapter includes three sections. Section 1 gives the research design. Section 2 

introduces data collection and extraction. Section 3 demonstrates the skyline query 

approach and Section 4 illustrates the information diffusion approach. 

 

3.1  Research design 
We use computational approaches to study political activities on social media entirely. 

We analyze the interaction features and sentiment features of posts based on political 

activities. We construct conceptual framework of this dissertation in Figure 1. First, 

we collect Facebook data using the system proposed by [111] and [112]. Posts on 

Facebook contain the interaction features and sentiment features. For the interaction 

features, we choose the sunflower student movement as our research activity. The 

sunflower student movement was an important activity in Taiwan’s political history. 

This dissertation gives an insight into this movement on Facebook. In this 

dissertation, we discuss the sentiment features for sentiment analysis further. We also 

construct the sentiment features and interaction features of posts and use 

characteristics of posts to build classification models for the prediction. This 

dissertation focuses on analysis of the interaction features and sentiment features both. 

Therefore, we depend on characteristics of features to decide the topic of political 

activities.    
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Figure 1. The conceptual framework  

 
 

3.2  Data collection and extraction 
Data Collection 

In [111] and [112], they proposed a system to collect Facebook data depending on fan 

pages. This system uses Facebook Graph API to collect Facebook data. Our study 

considers posts generated by 20 selected fan pages according to [113] and [114]. 
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These fan pages fight against CSSTA during the sunflower student movement 

(between March 18 and April 10, 2014). Our datasets are collected through this 

system. The collected datasets in its raw format are semi-structured. Because the 

fields that we are interested in (such as the posters, the texts, the numbers of 

comments, likes, and shares, etc.) are structured (and pre-determined as well as 

unchanging), we use a relational database management system to store the collected 

and processed data. For the sunflower student movement, we collect 20 fan pages 

against CSSTA from March 18 to April 10, 2014. For the left- and right-wing politics 

fan pages in America, posts include 4 fan pages from left-wing politics and 4 fan 

pages from right-wing politics. For each fan page the data collection starts from its 

creation to February 2017.   

 

Data Extraction  

  We use posts collected from political fan pages on Facebook. We collect two 

datasets: One dataset is collected posts of fan pages during the sunflower student 

movement and it is a particular and short-term activity. The other dataset is collected 

posts of the left- and right-wing politics fan pages in America and it is a general and 

long-term activity. For the dataset of the sunflower student movement, our study 

focuses on the interaction features of posts. The interaction features include the 

number of comments, likes, and shares. We also collect shares of these posts and then 

connect Facebook users who share the posts. Similarly, we collect comments of these 

posts and then connect Facebook users who comment on the posts. For the dataset of 

the left- and right-wing politics fan pages in America, we collect words of posts and 

then remove noise and commonly used words, stop words, stemming. The processed 

words are sentiment features. We propose several functions to generate or adjust the 

values of the features, and we show that simple functions would perform well. 
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3.3  Search popular posts approach 
A skyline query is to discover dominating and therefore interesting tuples from a 

database. A tuple is usually composed of several fields or dimensions, and it 

dominates another tuple if it is equally good or better in all dimensions and better in at 

least one dimension. A skyline tuple is one that is in the result of a skyline query or is 

part of the answer of a skyline query, and it is one that dominates some others and is 

not dominated by any other. A skyline query is related to the maximum vector 

problem and multi-criteria decision making. In our study, we apply the skyline query 

to find popular posts.  

Every post contains some sharing-reaction and commenting-reaction. Every 

reaction is recorded when it happened. For a share, when a user shares a post within 

the first hour after the post is created, this share is an important share. We assign the 

highest score to this user-post pair for the sharing rating since the sharing-reaction 

maybe influence more people. When a user shares a post over the fourth hour, the 

sharing score is 1. This user maybe less influential than others that share the post 

within the first 4 hours. In general, the speed of diffusion of posts through sharing-

reaction is fast when this post is just created. After some time, the speed is becoming 

progressively slow. It shows that most of users share posts when posts are just created. 

On Facebook, 25% of the reactions take place in the first 25 minutes, and 50% within 

the first and half hours in [2]. Their study shows that 50% within the second hour [2]. 

Many users share and comment on a post. For every reaction, we assign a score as 

rating depending on post-to-reaction time. A post contains many scores from 

reactions. Consequently, we define multi-instance data. A user’s score is a tuple or an 

instance, and a post, a product or a service is an object that is associated with multiple 

tuples or instances. We call such data multi-instance data. Traditional skyline queries 

are defined upon single-instance data. An object could represent a product, a service 

or a post, such as a hotel or a post, and a tuple is an instance of an object and defines 

an object in several dimensions, such as the price and the distance to the beach, such 
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as the service, the food, and the décor or such as the share rating and comment rating.  

Today, many websites are offering users experience-sharing services and many 

users assign scores to a product or a service. On a review website, many users assign 

scores to a product or a service, and a user’s score is an instance of the object 

representing the product or the service. Such data is also an example of multi-instance 

data. The multi-instance data is widely used. We focus on efficiently processing 

skyline queries on multi-instance data in this chapter. We define the dominance 

calculation and propose methods to reduce its computational cost. We propose three 

functions to presort the multi-instance data efficiently. 

In our study, we use this method of skyline query defined on multi-instance data as 

an example. This method defines weights for each share or comment. In addition to 

our proposed method, there are other methods can give weights for each share. We 

exhibit some methods. For example, we can use the inverse of the difference between 

the time when the post is created and the time when shares appear. This method also 

denotes when a user shares a post within the first hour after the post is created, this 

share is an important share. We calculate the inverse of the difference in time and then 

transform this inverse values (i.e., the inverse of the difference in time) into the fixed 

numbers according to the range of this inverse values. These fixed numbers are 

weights of shares. We transform these weights into multi-instance data.      

 

3.4  The information diffusion 
approach 

In this study, we consider posts generated by 20 selected fan pages that fight against 

CSSTA during the sunflower student movement (between March 18 and April 11, 

2014). This dataset includes 2,533 posts, 256,027 shares, and 176,942 comments. 

84,781 users react to these posts during this movement. Reactions include sharing 

posts and commenting on posts. These fan pages spread messages through these 
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reactions. If a user shares or comments on a post, his or her friends can see the 

reaction through Facebook. However, at that time, if a user liked a post, his or her 

friends cannot see through Facebook. Therefore, we think that the sharing and 

commenting reactions can diffuse messages on Facebook. We discuss the speeds and 

accelerations of the two reactions in Chapter 6.  

The notations used in our study are summarized in Table 6. We use notations in 

Chapter 6 and Chapter 7 in this dissertation. 

 

Table 6. Notations for a post P with n shares and m comments 

Name Notation Note 

Created time of P 𝐶𝐶𝐶𝐶(𝑆𝑆𝑆𝑆(0)) = 𝐶𝐶𝐶𝐶(𝐶𝐶𝑆𝑆(0))  

i-th share 𝑆𝑆𝑆𝑆(𝑖𝑖), 0 < 𝑖𝑖 < 𝑛𝑛  

i-th comment 𝐶𝐶𝑆𝑆(𝑖𝑖), 0 < 𝑖𝑖 < 𝑛𝑛  

Created time of i-th 
share or comment 

𝐶𝐶𝐶𝐶�𝑆𝑆𝑆𝑆(𝑖𝑖)�  or 𝐶𝐶𝐶𝐶(𝐶𝐶𝑆𝑆(𝑖𝑖))  

Cumulative count 
for share or 
comment 

(𝑖𝑖, 𝑗𝑗) 
From i-th to j-th share or 
comment (i.e., (i,j)=j-i). 

Difference in time 
for share or 
comment 

𝐶𝐶𝑇𝑇(𝑆𝑆𝑆𝑆(𝑖𝑖),𝑆𝑆𝑆𝑆(𝑗𝑗)) or 
𝐶𝐶𝑇𝑇(𝐶𝐶𝑆𝑆(𝑖𝑖),𝐶𝐶𝑆𝑆(𝑗𝑗)) 

Between i-th and j-th 
share or ccomment 

Share or comment 
distance 

𝑇𝑇(𝑆𝑆𝑆𝑆(𝑖𝑖), 𝑆𝑆𝑆𝑆(𝑗𝑗)) or 
𝑇𝑇(𝐶𝐶𝑆𝑆(𝑖𝑖),𝐶𝐶𝑆𝑆(𝑗𝑗)) 

Between i-th and j-th 
share or comment 

Sharing segment 
speed 

𝑆𝑆𝑆𝑆𝑆𝑆(𝑢𝑢%, 𝑣𝑣%), 0 ≤ 𝑢𝑢 < 𝑣𝑣 ≤ 100 
Cumulative sharing-
reaction count for passing 
from u% to v%  

Commenting 
segment speed 

𝐶𝐶𝑆𝑆𝑆𝑆(𝑢𝑢%, 𝑣𝑣%), 0 ≤ 𝑢𝑢 < 𝑣𝑣 ≤ 100 
Cumulative commenting-
reaction count for passing 
from u% to v%  

Sharing segment 
acceleration 

𝑆𝑆𝑆𝑆(𝑆𝑆𝑆𝑆(𝑖𝑖),𝑆𝑆𝑆𝑆(𝑖𝑖 + 1)) 
From i-th to (i+1)-th 
share 
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Commenting 
segment acceleration 

𝐶𝐶𝑆𝑆(𝐶𝐶𝑆𝑆(𝑖𝑖),𝐶𝐶𝑆𝑆(𝑖𝑖 + 1)) 
From i-th to (i+1)-th 
comment 
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4. Anatomy of the sunflower student 

movement 

Event Description: The sunflower student movement 

Many students occupied the Taiwanese Parliament Building on March 18, 2014. On 

March 17, Taiwan’s ruling KMP attempted a unilateral move in the Legislative Yuan 

to force CSSTA to the legislative floor without giving it a clause-by-clause review as 

previously established in a June 2013 agreement with the opposing DPP. This 

agreement is expected to cast huge impacts on the life of ordinary people, including 

considerable job losses or worsen working condition in several enterprises. This civil 

movement is called the sunflower student movement, known as the "March 18 

Student Movement" or "Occupying Taiwan Legislature". Students have seen off the 

police’s serial breaching attempt around the Taiwanese Parliament Building. This was 

only the beginning of the resistance for these students. They attempt to stop the 

undemocratic coalition of some political elite in both Taiwan and China. Students 

spread messages and videos to whoever is committed to the principle of democracy, 

transparency, and participation. They posted as well as shared posts on Facebook and 

even created fan pages to fight against CSSTA. Since March 18, protesters have 

spread messages, shared thoughts on the fan pages established by supporters on 

Facebook and other social media. 

According to Facebook Developers, posts include the following: (1) Number of 

Facebook likes (2) Number of shares (3) Number of comments. In order to explore the 

behaviors of Taiwanese young adults on Facebook, our study analyzes these reactions 

from users’ behaviors. The reactions include to like, share, and comment on posts. 

Because this dataset comes from 20 selected fan pages, our study focuses on posts of 

fan pages. These students create 20 fan pages. Our study does not consider posts of 



DOI:10.6814/DIS.NCCU.CS.002.2018.B02 

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

44 
 

personal pages or groups. Datasets of fan pages are public.  

 

Findings 

  This dataset includes 2,533 posts, 7,264,762 Facebook likes, 256,027 shares and 

176,942 comments. 84,781 users react to these posts during the sunflower student 

movement. A comment, Facebook likes, and share represent three different reactions 

to posts. 

 
Table 7. The total number of posts, shares, and comments for 20 selected fan 

pages 

Fan page’s name 
Abbreviation Number of 

posts 
Number 
of share 

Number of 
comment 

台大新聞Ｅ論壇 TUE 1,992 40,435 35,080 
黑色島國青年陣線 BIN 548 116,247 86,932 
反黑箱服貿協議 ABT 421 51,976 29,664 

遍地開花！反黑箱服貿協議 RFT 411 9,702 6,193 
Sunflower Movement 太陽花

學運 
SFM 

378 3,143 1,134 

我反服貿、全臺聲援大串聯 DAF 252 10,539 10,253 
海外留學生聲援台灣反服貿

運動 
RD 

215 3,893 1,126 

懶人時報 LN 155 4,294 466 
在英台灣學生反黑箱服貿總

部 
FFD 

130 362 200 

抗爭無罪．停止暴力．反對

服貿．台灣加油 
ACT 

112 827 497 

[我是學生，我反旺中] 反媒

體巨獸青年聯盟 
FS 

108 5,737 2,257 

不要服貿，不要被國民黨強

暴！ 
NCS 

106 709 470 

公民審服貿：街頭民主審議 
Dstreet 

DS 
86 519 106 
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台南反服貿／全台反服貿大

串聯 
ACN 

85 198 217 

Appendectomy Project 割闌尾

計畫 
AP 

53 12,076 4,290 

反服貿學生組織 CST 34 305 2,603 
反服貿聯盟 ACS 29 67 900 

反服貿 高中職不缺席 CSH 26 680 835 
看得懂的服貿協議－服貿科

普文計劃 
UCS 

3 17 7 

全國各級學生一起來反服貿 AG 2 6 0 
 

  We rank the 20 selected fan pages according to the number of posts in Table 7. TUE 

fan page publishes 1,992 posts during this civil movement and it is the most active fan 

page. On average, it publishes about 80 posts. BIN fan page is the second active fan 

page but has the maximum numbers of shares and comments. BIN fan page has 

116,247 shares and 86,932 comments; the average numbers of shares and comments 

per post are about 212 and 158 respectively. This average number of comments is the 

maximum value, but the average of shares is not the maximum one in 20 selected fan 

pages. On average, a post of AP fan page has 228 shares. It is the maximum number 

of shares. AP fan page does not publish many posts, but posts are shared by plenty of 

users. Posts of AP fan page reverberate around this civil movement. 

Figure 2 presents numbers of posts in 24 days (between March 18 and April 10, 

2014). TUE fan page has a large number of posts every day, especially March 24 with 

321 posts. It is the maximum number of posts in 20 selected fan pages during this 

movement. For 20 selected fan pages, there are 492 posts on March 24. On average, 

13 posts are published in one hour. It shows that this fan page publishes a large 

number of messages to fight against CSSTA on March 24.  

Figure 2 shows some peaks because these dates occurred some events, such as 323 

the Executive Yuan event and 330 demonstration. Students publish posts on Facebook 

to call on people to support these events; more students participate in these events. 
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Now is a network-lead time. For a single day, Figure 3, Figure 4, and Figure 5 present 

numbers of Facebook likes, shares, and comments, respectively. BIN fan page gets 

344,582 Facebook likes that is the maximum value of Facebook likes of all posts on 

March 21. In this day, there are 344,582 users to like posts on this fan page. On March 

21, BIN fan page just posts 76 posts; for a post, the average number of Facebook likes 

is about 4,533. BIN fan page also receives 12,788 comments on March 24 and 13,026 

shares on March 30. Although BIN fan page is not the most active fan page, it has a 

large number of fans to share and comment on posts. We discuss it further. 

 
Figure 2. Daily number of posts 



DOI:10.6814/DIS.NCCU.CS.002.2018.B02 

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

47 
 

 

Figure 3. Number of Facebook likes per day  

 
Figure 4. Number of shares per day 
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Figure 5. Number of comments per day 

 

The posts of the top-10 shares are published by BIN, AP and ABT fan pages in 

Table 8. There are 8 posts published by BIN fan page and 2 posts published on March 

24 and 30, respectively. The posts of the top-10 comments have 6 posts belonging to 

BIN fan page in Table 9. There are 2 posts published on March 24. The posts of the 

top-10 Facebook likes have 8 posts belonging to BIN fan page in Table 10. There are 

2 posts published on March 24 in Table 9, too. The two days (i.e., March 24 and 

March 30) are known as 323 Occupation Executive Yuan event and 330 

Demonstration. Next, we analyze BIN fan page further. 

 

Table 8. The posts of the top-10 shares 

Post Created Time Type 
Number of 

Shares 
Fan page 

A1 2014/3/25 12:37 PM null 7,442 BIN 

A2 2014/3/19 6:48 AM null 5,558 BIN 
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A3 2014/3/30 2:58 AM null 4,855 BIN 
A4 2014/4/9 3:04 AM null 4,341 AP 
A5 2014/3/31 6:15 AM Status 3,875 BIN 
A6 2014/4/8 4:04 AM Status 2,238 BIN 
A7 2014/3/24 5:27 PM link 2,060 ABT 
A8 2014/3/30 5:55 AM link 2,058 BIN 
A9 2014/4/4 3:29 AM null 1,976 BIN 
A10 2014/3/24 4:04 PM status 1,828 BIN 

 
Table 9. The posts of the top-10 comments 

Post Created Time Type 
Number of 
Comments 

Fan page’s 
Name 

B1 2014-03-24 04:13 AM status 3,142 BIN 
B2 2014-03-23 01:04 AM null 2,901 DAF 
B3 2014-04-08 04:04 AM status 2,786 BIN 
B4 2014-04-08 04:04 AM status 2,647 NUE 
B5 2014-03-20 03:01 AM status 1,665 ABT 
B6 2014-04-07 12:26 AM null 1,368 ABT 
B7 2014-04-03 08:16 AM video 1,325 BIN 
B8 2014-03-28 02:31 AM null 1,305 BIN 
B9 2014-03-25 03:19 AM status 1,170 BIN 
B10 2014-03-24 16:55 PM status 1,098 BIN 

 
Table 10. The posts of the top-10 Facebook likes 

Post Created Time Type 
Number of Facebook 

likes 
Fan page’s 

Name 
C1 2014/3/30 10:00 PM null 78,836 BIN 

C2 2014/4/7 12:26 PM null 71,977 BIN 

C3 2014/4/11 3:39 AM null 53,973 BIN 

C4 2014/3/28 2:31 AM null 48,990 BIN 

C5 2014/3/30 10:02 PM null 44,596 BIN 

C6 2014/3/31 6:15 AM status 40,082 BIN 

C7 2014/3/30 2:58 AM null 38,556 BIN 

C8 2014/3/25 12:37 PM null 38,130 BIN 

C9 2014/3/25 8:07 AM null 37,883 TUE 
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C10 2014/3/25 7:31 PM null 35,397 ABT 
 

  We find that BIN fan page is a particular fan page in 20 selected fan pages and then 

we discuss it. First, Figure 6 shows the daily number of posts for BIN fan page. All 

posts of this fan page are 560 and the average number of posts per day is about 22 

posts in 24 days. On March 19, there are 96 posts published by BIN fan page and the 

daily number of posts is the maximum value. This day was the second day of the 

sunflower student movement. “The sunflower student movement” name came from 

BIN fan page that issued a post on Facebook on March 19. The content of this post is 

“we hope to help buy sunflowers to cheer for the student movement”. This post was 

published widely on Facebook and BIN fan page published many posts about this 

name.   

 
Figure 6. Daily number of posts 

 

  For BIN fan page, Figure 7 shows the daily number of Facebook likes. The total 

Facebook likes of all posts are 1,612,847. On March 30, posts of this day receive 

180,644 Facebook likes being the maximum value. There are just 34 posts published 

by BIN fan page. The average number of Facebook likes is 5,313 on March 30. 

Although BIN fan page does not publish many posts in this day, it receives the 
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maximum number of Facebook likes. On average, the daily number of Facebook likes 

is about 67,201. For a post, the daily number of Facebook likes is about 2,800. On 

March 30, the number of Facebook likes is more than the average number of 

Facebook likes.  

 
Figure 7. Daily number of Facebook likes for BIN fan page 

 

Figure 8 and Figure 9 show the daily number of shares and comments, respectively. 

The total shares of all posts are 116,166; the total comments of posts are 85,192. On 

average, the daily numbers of shares and comments are about 4,840 and 3,550; the 

sharing and commenting number per post are about 207 and 152, respectively. 

Obviously sharing a post is easier than commenting on a post. 10,598 shares are the 

maximum value on March 30 and 12,929 comments are the maximum value on 

March 24 in Figure 8 and Figure 9. Compare the sharing with commenting numbers, 

and we find that the commenting number is more than the sharing number on March 

24, April 5, 7, 8 and 9 in 24 days. In the normal circumstances, the sharing number is 

more than the commenting value because sharing a post is easier than commenting on 

a post. However, in the five days, most users comment on posts voluntarily. They 

comment on thoughts on Facebook. A particular event happened on this day. 
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Figure 8. Daily number of shares for BIN fan page 

 

 
Figure 9. Daily number of comments for BIN fan page 

 

Next, we observe the hourly numbers of posts, shares, and comments during the 

period from March 29 to March 31 for BIN fan page. Figure 10 shows the hourly 

number of posts and exhibits a peak at around 10-11pm on March 30. It publishes 10 

posts in one hour. On average, the hourly number of posts less than one post. On this 

day at 22:00, the Presidential spokesperson quoted Ma President’s assertion that this 

event is peaceful, rational and successful today. The presence of their demands has 

been carefully contemplation. For these students continuing their occupation of the 
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Legislative Yuan, Ma President hoped that these students respect the constitutional 

system and withdraw from the Legislative Yuan in order to resume normal operation 

for Congress. We think students posted their opinions and minds about Ma President’s 

announcement.  

 

 

Figure 10. Hourly number of posts 

 

Figure 11 and Figure 12 show the hourly number of shares and comments, 

respectively. Figure 11 exhibits the reaction peak at around 3-4am on March 30 and 

the second peak at around 6-8am March 31. Figure 12 exhibits the peak at around 10-

11pm on March 30. On average, the hourly number of shares and comments are about 

300 and 130, respectively. It also shows that sharing a post is easier than commenting 

on a post. From Figure 11 and Figure 12, we find that BIN fan page did not publish 

new posts and users share and comment on posts continuously. For example, on 

March 30 at 6-7am, BIN fan page did not publish new posts, but the number of shares 

and comments are 749 and 226, respectively. It shows that users share and comment 
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on posts continuously any time.   

 

  

 

 

 

 

  

Figure 11. Hourly numbers of shares 

 

 
Figure 12. Hourly numbers of comments 

   

The previous research noticed that the US cities of San Francisco and New York 

exhibit similar shapes, where reactions peak at the beginning of work hours [2]. For 

Paris, the reactions peak in the second half of working hours, while for London most 

reactions are expected towards the end of working hours in [2]. For Tokyo, it is quite 

different from the rest with two peaks, occurring off working hours [2]. They analyze 
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users’ behaviors in normal circumstances across the five cities. Compared with the 

five cities, the behaviors of Taiwan students are so different. We discuss how to face 

and handle the particular event for these students. Therefore, our study focuses on the 

particular period, not the normal circumstance.   

  In summary, this dataset contains 2,533 posts, 7,264,762 Facebook likes, 256,027 

shares and 176,942 comments. Observing the dataset, there are 950,484 users liking 

posts, 84,781 users sharing posts, and 72,196 users commenting on posts during the 

sunflower student movement. Therefore, there are 987,420 users who have at least 

one reaction for posts and 36,936 users that never like posts but share or comment on 

posts. We draw the following conclusions: (1) Percentage of users sharing posts is 

about 9%.; percentage of users commenting on posts is about 7%. (2) A user likes 7 

times, shares 3 times and comment on 2.5 times on average. (3) A post has about 

2,868 Facebook likes, 100 shares, and 70 comments on average. 

   Table 11 shows the maximum values of daily shares for 20 selected fan pages. On 

March 24, there are 5 fan pages having the maximum number of shares. This day 

happened 323 Occupation Executive Yuan event. This event is one of symbolic events 

of the sunflower student movement.  

 

Table 11. The maximum values of daily shares 

Fan page Number of shares 
Posts are shared maximum 

people in one date 
FS 1,528 2014/3/20 
LN 1,137 2014/3/21 

TUE 6,143 2014/3/24 
ACN 96 2014/3/24 
ABT 7,623 2014/3/24 
ACS 32 2014/3/24 
CST 55 2014/3/24 
AG 6 2014/3/25 

ACT 338 2014/3/25 
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RD 882 2014/3/28 
RFT 1,038 2014/3/28 
DAF 1,696 2014/3/28 
BIN 10,412 2014/3/30 
UCS 7 2014/3/31 
SFM 1,184 2014/3/31 
DS 130 2014/4/1 

FFD 1,406 2014/4/4 
CSH 906 2014/4/6 
NCS 237 2014/4/7 
AP 5,923 2014/4/9 

  The above exploration focuses on posts and fan pages. Then, we discussed further 

the users that participated to like, share, comment on posts. We analyze the top-10 

active users who like, share or comment on posts. In our study, we define the top-k 

users who like, share or comment on posts as the active users. They are active 

regardless of the reaction. 

 

Who likes maximal posts? 

  From this dataset, we find that 950,484 users like the posts. We use public data 

collected from fan pages on Facebook. The accounts of users are set to public. Uid is 

user id and it is virtual in Table 12. We find top-10 users who like the maximal posts 

in Table 12. The user U1 who likes 1,079 times is the most active user. For a post, a 

user likes only one time but could share or comment more than one time on Facebook. 

Consequently, the user U1 likes 1,079 posts among 2,533 posts. On average, the user 

U1 likes about 45 posts every day. Then, the user U2 likes 1,044 posts and this user 

likes about 44 posts every day. 

 
Table 12. Top-10 users who like maximal posts 

Uid Number of Facebook likes 
U1 1,079 
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U2 1,044 
U3 966 
U4 870 
U5 846 
U6 814 
U7 774 
U8 759 
U9 748 
U10 738 

 

Among 950,484 users liking posts, 441,966 users like just one post. For a user, the 

maximal number of the liking-reaction is 1,079, and the average number of the liking-

reaction is 7.64. In Figure 13, the standard deviation is 21.8; the mode is 1 and the 

median is 2. The frequency distribution is a positively skewed distribution with mean 

greater than median and median greater than mode. For a positively skewed 

distribution, the mean is typically greater than the median. In addition, we notice that 

the tail of the distribution on the right-hand side is longer than left-hand side.  

 

 
Figure 13. Frequency distribution of the number of Facebook likes 

 

Who shares maximal posts? 

  In this dataset, 84,781 users share posts. The user U9 shares 441 times and takes 

part in 13 fan pages to fight against CSSTA from Table 13. It shows that some users 
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join in many fan pages. For the top-10 users, the number of fan pages through 

sharing-reaction is almost over 10 fan pages.  

   
Table 13. Top-10 users who share maximal posts 

Uid Number of shares Number of related fan pages 
U9 441 13 

U102 402 10 
U103 309 11 
U104 268 12 
U105 267 9 
U106 263 11 
U107 241 10 
U108 202 9 
U109 193 13 
U110 189 10 

   

  Among 84,781 users sharing posts, 51,534 users share one time. For a user, the 

maximal number of the sharing-reaction is 441, and the average number of the 

sharing-reaction is 2.12. Figure 14 shows the frequency distribution of the sharing 

number for every user. In Figure 14, the standard deviation is 4.22, and the mode and 

the median are both 1. The frequency distribution is not a symmetric distribution with 

mean equal to median equal to mode, and it is a positively skewed distribution 

because of mean greater than median. 3,649 users share more than 10 times. 60% of 

all users share just 1 time. It exhibits that most users rarely share posts. In other 

words, only a small number of users share voluntarily posts of fan pages on Facebook. 
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Figure 14. Frequency distribution of the number of shares 

 

Who comments on maximal posts? 

In this dataset, 72,196 users comment on posts. In Table 14, the user U201 

comments on 267 times and takes part in 8 fan pages to comment on posts. The user 

U205 takes part in 12 fan pages to comment on posts. For the top-10 users, the 

number of fan pages through commenting-reaction is under 10 fan pages except the 

user U205. 

 
Table 14. Top-10 users who comment on maximal posts 

Uid Number of comments Number of related fan pages 
U201 267 8 
U202 244 9 
U203 204 9 
U204 173 7 
U205 170 12 
U10 169 7 
U207 142 7 
U208 137 9 
U209 123 6 
U210 119 5 

   

Among 72,196 users commenting on posts, 49,354 users who comment one time. 
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68% of users comment on a post during the sunflower student movement. For a user, 

the maximal number of the commenting-reaction is 267, and the average number of 

the commenting-reaction is 2.12. In Figure 15, the standard deviation is 4.19, and the 

mode and the median of numbers of comments are both 1. The frequency distribution 

is shown in Figure 15, and it is similar to that shown in Figure 15. There are only 

4,345 users who comment more than 10 times. 6% of users comment on posts more 

10 times. Only a small number of users comment on posts.  

 

 

Figure 15. Frequency distribution of the number of comments 

 

  In summary, each user likes 7.64 posts, shares 2.94 posts, and comments on 2.11 

posts voluntarily. It shows that users often like posts but rarely share and comment on 

posts. Therefore, the liking-reaction is easier to give or have than the sharing-reaction 

or commenting-reaction on Facebook. For the sharing-reaction and commenting-

reaction, users are more interested in sharing posts than commenting on posts. No one 

is both top-10 who shares and comments on the maximal posts. However, the user U9 

appears in both Table 12 and Table 13; U9 is an active user who likes and shares 

posts. Furthermore, the user U10 is an active user who likes and comments on posts; 

U10 appears in both Table 12 and Table 14. It also shows that the liking-reaction is 

easy. On the other hand, these users are active in Table 12, Table 13, and Table 14. 

They positively and voluntarily participate in this civil movement. Their participation 
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can influence their friends. These users are active and influential users on Facebook.  

  As of May 2018, the statuses of the 20 selected fan pages show in Table 15. After 

two years 5 fan pages are closed in the 20 selected fan pages. We cannot search them 

again. In Table 15, no post has been published for most of fan pages recently. Only a 

few of fan pages concern the new Government Act.  

 

Table 15. The last post for 20 selected fan pages as of May 2018 

Fan page’s name Abbreviation status 

台大新聞Ｅ論壇 
TUE The last post was published on April 12, 

2014. This post stated for thanks. 

黑色島國青年陣線 
BIN The last post was published on June 22, 

2016. Its title is “318 movement did not end.”   

反黑箱服貿協議 
ABT The last post was published on June 25, 

2014. Its title is “People confronting with 
police denote their restricted freedom.” 

遍地開花！反黑箱服貿

協議 

RFT The last post was published on December 10, 
2015. However, the content of this post did 
not discuss the sunflower student movement. 

Sunflower Movement 太
陽花學運 

SFM The last post was published on October 13, 
2014. Its title is “Detailing how the younger 
generation in Taiwan and Hong Kong are 
taking to the streets to determine their 
future.” 

我反服貿、全臺聲援大

串聯 

DAF The last post was published on March 19, 
2014. This post discusses the sunflower 
student movement. 

海外留學生聲援台灣反

服貿運動 

RD The last post was published on November 8, 
2015. Its title is “Opposing to Ma Xi 
Meeting, Defending Taiwan democracy” 

懶人時報 LN LN fan page closed. 

在英台灣學生反黑箱服

貿總部 

FFD The last post was published on March 24, 
2014. This post discusses the sunflower 
student movement. 
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抗爭無罪．停止暴力．

反對服貿．台灣加油 
ACT 

ACT fan page closed. 

[我是學生，我反旺中] 
反媒體巨獸青年聯盟 

FS The last post was published on April 18, 
2014. This fan page continues to publish 
posts. 

不要服貿，不要被國民

黨強暴！ 
NCS 

NCS fan page closed. 

公民審服貿：街頭民主

審議 Dstreet 
DS 

DS fan page closed. 

台南反服貿／全台反服

貿大串聯 

ACN The last post was published on September 
29, 2014. However, the content of this post 
did not discuss the sunflower student 
movement. 

Appendectomy Project 
割闌尾計畫 

AP The last post was published on November 
29, 2016. AP fan page continues to concern 
agreements at the legislature. 

反服貿學生組織 
CST The last post was published on October 11, 

2014. Its title is “Communist Party of China 
is equal to no democracy.” 

反服貿聯盟 ACS ACS fan page closed. 

反服貿 高中職不缺席 
CSH The last post was published on March 20, 

2014. However, the content of this post did 
not discuss the sunflower student movement. 

看得懂的服貿協議－服

貿科普文計劃 
UCS 

UCS fan page closed. 

全國各級學生一起來反

服貿 
AG 

AG fan page closed. 
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5. The application of the skyline 

query on Facebook 

This chapter is divided into two sections. Section 1 fully demonstrates how the skyline 

query does. We assign weights or scores to shares of posts. Then, we transform scores 

data into multi-instance data. We propose methods that reduce the computational cost 

and speed up the performance. Section 2 shows the experiment results. 

 

5.1  Method 
For the sunflower student movement, this dataset is collected from March 18 to April 

10, 2014. In the meantime, when a user adds a Facebook Like button to fan pages, his 

or her friends did not see any message from this user. However, when a user shares or 

comments on posts, his or her friends see this message in the news feed. Therefore, the 

two reactions (i.e., share and comment reactions) can diffuse messages. In our study, 

we apply posts of the selected fan pages to retrieve skyline posts or posts that dominate 

others in shares and comments. Reactions include sharing posts and commenting on 

posts. It presents that someone shares and comments on many posts in this particular 

civil movement. The share rating from 1 to 5, and so does the comment rating. When a 

user shares a post within the first hour after the post is created, we assign the highest 

score to this user-post pair for the sharing rating. When a user shares a post between the 

first hour and the second hour, the share rating is 4. When a user shares a post over the 

fourth hour, the share rating is 1. In the study, we apply this method to assign weights 

for shares of a post. This method is presented a different concept for shares. Then, we 

use weight method to aggregate skyline query for searching popular posts.  



DOI:10.6814/DIS.NCCU.CS.002.2018.B02 

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

64 
 

We illustrate this method with an example given in Table 16. Pid and Uid are post id 

and user id, respectively. The post P1 is denoted by <(1,0.2), (2,0.2), (3,0.1), (4,0.3), 

(5,0.2)> in Table 17. Similarity, we use the same method to generate comment ratings. 

The definitions of share and comment ratings might seem arbitrary, but they are not 

unreasonable and our goal is simply to have a dataset for the performance test.  

 

Table 16. A post is shared by users 

Pid Post CreatedTime Share CreatedTime Uid Sharing rating 
P1 2014-03-20 09:40 2014-03-20 10:03 U1 5 

P1 2014-03-20 09:40 2014-03-20 10:31 U2 5 

P1 2014-03-20 09:40 2014-03-20 10:45 U3 4 

P1 2014-03-20 09:40 2014-03-20 11:10 U4 4 

P1 2014-03-20 09:40 2014-03-20 11:35 U5 4 

P1 2014-03-20 09:40 2014-03-20 12:20 U6 3 

P1 2014-03-20 09:40 2014-03-20 12:50 U7 2 

P1 2014-03-20 09:40 2014-03-20 13:30 U8 2 

P1 2014-03-20 09:40 2014-03-20  18:40 U9 1 

P1 2014-03-20 09:40 2014-03-21  10:00 U10 1 

 

For the post P1, the sharing rating is one dimension. Every post contains two 

dimensions: sharing rating and commenting rating. The rating is also a sore. We 

transform the Facebook data into object data. Every object contains two dimensions for 

Facebook data.  

 

Table 17. The object data for P1 

Pid (1, P(1)) (2, P(2)) (3, P(3)) (4, P(4)) (5, P(5)) 

P1 (1, 0.2) (2, 0.2) (3, 0.1) (4, 0.3) (5, 0.2) 

 

We design various datasets to verify the efficiency further. We generate synthetic 
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datasets from random and Gaussian (or normal) distributions [115], [116] and real 

datasets. The real datasets include Facebook dataset and a review dataset. The review 

dataset is the restaurant and consumer dataset for recommender systems. 

Next, we formally define the dominance relation and skyline query on multi-instance 

data and review some relevant studies on skyline query. 

Definition 1. (Tuple). A tuple is a record in a database. It is usually composed of 

several fields. For example, a tuple could contain a score (usually a vector) given by a 

user. 

Definition 2. (Dimension). A dimension is a field, attribute or criterion. A tuple is 

usually composed of several dimensions. 

Definition 3. (Object). An object is usually composed of several dimensions, and 

for example, it could be a restaurant, product or service to which many users assign 

scores. An object is also called an item. 

Definition 4. (Instance). A score (usually a vector) given by a user is an instance of 

an object representing, for example, a restaurant, product or service on a review website. 

Definition 5. (Multi-instance data). Many users assign scores to and/or write 

reviews of, for example, a restaurant, product or service. An object is associated with 

multiple instances. Such data is defined as multi-instance data.  

Definition 6. (Dominance relation). Let U and V be two tuples in a d-dimensional 

space. The dominance relation is presented on the preference attributes (from 1 to d). 

We assume that bigger values are better. For every dimension i (1 ≤ i ≤ d), if Ui ≤ Vi and 

there exists a dimension j (1 ≤ j ≤ d) such that Uj < Vj, then V dominates U, denoted by 

U ˂ V. 

The multi-instance data are applied to the data of review websites. A rating is also a 

score. Let us consider Example 1: A restaurant is reviewed by many users and the scores 
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range from 1 to 5. Table 18 presents a 3-dimensional score dataset containing 14 scores 

(from 14 users). In Table 18, Pid and Cid are identifiers for a restaurant and a user, 

respectively, and 3 dimensions are for food, service, and décor. We group these scores 

by Pid and then transform the score data in Table 18 into the multi-instance data in Table 

19. Table 19 (a) and (b) show multi-instance data for R1 and R2, respectively. 

 

Table 18. Example 1 score dataset 

Pid Cid Food Score Service Score Décor Score 
R1 C1 3 4 3 
R1 C2 5 5 4 
R2 C3 3 2 4 
R1 C4 5 4 3 
R1 C5 5 5 4 
R1 C6 5 5 3 
R2 C7 2 2 3 
R1 C8 5 5 3 
R1 C9 4 5 2 
R2 C10 3 1 2 
R1 C11 4 4 5 
R2 C12 2 3 5 
R1 C13 4 4 3 
R1 C14 4 4 2 

 
Table 19. The multi-instance data transformed from Example 1 score dataset 

(a) Multi-instance data for R1          (b) Multi-instance data for R2 
Pid Cid Food Service Décor  Pid Cid Food Service Décor 
R1 C1 3 4 3  R2 C3 3 2 4 
R1 C2 5 5 4  R2 C7 2 2 3 
R1 C4 5 4 3  R2 C10 3 1 2 
R1 C5 5 5 4  R2 C12 2 3 5 
R1 C6 5 5 3       
R1 C8 5 5 3       
R1 C9 4 5 2       
R1 C11 4 4 5       
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R1 C13 4 4 3       
R1 C14 4 4 2       

 

If a random variable X is discrete, that is, it may take a value from a specific set of 

n values xi, for i from 1 to n, then P(X = xi) = p(xi) where p(xi) is the probability mass 

function and p(xi) denotes the probability of score being xi. When xi is an assigned score, 

p(xi) is 

calculated by (1), as follows: 

𝑡𝑡ℎ𝑒𝑒 𝑛𝑛𝑢𝑢𝑛𝑛𝑛𝑛𝑒𝑒𝑛𝑛 𝑜𝑜𝑜𝑜 𝑢𝑢𝑢𝑢𝑒𝑒𝑛𝑛𝑢𝑢 𝑎𝑎𝑢𝑢𝑢𝑢𝑖𝑖𝑎𝑎𝑛𝑛𝑖𝑖𝑛𝑛𝑎𝑎 𝑢𝑢𝑠𝑠𝑜𝑜𝑛𝑛𝑒𝑒 𝑥𝑥𝑖𝑖
∑𝑢𝑢𝑢𝑢𝑒𝑒𝑛𝑛𝑢𝑢 𝑎𝑎𝑢𝑢𝑢𝑢𝑖𝑖𝑎𝑎𝑛𝑛𝑖𝑖𝑛𝑛𝑎𝑎 𝑢𝑢𝑠𝑠𝑜𝑜𝑛𝑛𝑒𝑒𝑢𝑢 𝑡𝑡𝑜𝑜 𝑎𝑎𝑛𝑛 𝑜𝑜𝑛𝑛𝑗𝑗𝑒𝑒𝑠𝑠𝑡𝑡

 (1) 

An object is described by a probability mass function in the data space. We perform 

data transformation. So, this object R1 in Example 1 in Table 19 is denoted by <(1,0), 

(2,0), (3,0.1), (4,0.4), (5,0.5), (1,0), (2,0), (3,0), (4,0.5), (5,0.5), (1,0), (2,0.2), (3,0.5), 

(4,0.2), (5,0.1)>.  

Definition 7. (Dominance relation on multi-instance data). Let U and V be two 1-

dimensional objects: 𝑈𝑈 = 〈�1,𝑆𝑆𝑢𝑢(1)�,⋯ , �𝑖𝑖, 𝑆𝑆𝑢𝑢(𝑖𝑖)�, … �𝑛𝑛,𝑆𝑆𝑢𝑢(𝑛𝑛)�〉  and  𝑉𝑉 =

〈�1,𝑆𝑆𝑣𝑣(1)�,⋯ , �𝑖𝑖,𝑆𝑆𝑣𝑣(𝑖𝑖)�, … �𝑛𝑛,𝑆𝑆𝑣𝑣(𝑛𝑛)�〉. Scores range from 1 to n (which is the highest 

score). Let p(xi) denotes the probability of score being xi, 𝑆𝑆(𝑥𝑥𝑖𝑖)  ≥  0 , and 

∑ 𝑆𝑆(𝑥𝑥𝑖𝑖) = 1𝑛𝑛
𝑖𝑖=1  . Therefore, ∑ 𝑆𝑆𝑢𝑢(𝑖𝑖) = 1 𝑎𝑎𝑛𝑛𝑎𝑎 𝑛𝑛

𝑖𝑖=1 ∑ 𝑆𝑆𝑣𝑣(𝑖𝑖) = 1𝑛𝑛
𝑖𝑖=1  . Let Pr[U > V] 

denote the probability that the object U dominates the object V, and 𝑃𝑃𝑛𝑛[𝑈𝑈 > 𝑉𝑉] =

∑ (𝑆𝑆𝑢𝑢(𝑖𝑖) × ∑ 𝑆𝑆𝑣𝑣(𝑗𝑗)𝑖𝑖−1
𝑗𝑗=1 )𝑛𝑛

𝑖𝑖=1 . 

In the skyline query, a point Pi dominates another point Pj, if and only if Pi is as 

good or better than Pj in all dimensions and better in at least one dimension. We apply 
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the same concept to the object data containing probability values. We define that the 

probability values of the higher score can dominate the probability values of the lower 

score. We explain the dominance relation by using Example 1 below. Let U and V be 

two 1-dimensional objects with possible scores from 1 to 5: U = <(1,U1), (2,U2), (3,U3), 

(4,U4), (5,U5)> and V = <(1,V1), (2,V2), (3,V3), (4,V4), (5,V5)>. The probability value of 

score 5 of an object (i.e., U5 and V5) dominates the probability values of scores 4, 3, 2 

and 1 of another object. Accordingly, the probability value of U dominating V is 

U5×(V4+V3+V2+V1)+U4×(V3+V2+V1)+U3×(V2+V1)+U2×V1, and this probability is 

denoted by Pr[U > V]. Definition 7 is based on this concept. This is consistent with the 

skyline query on general tuples. 

Definition 8. (Better relation). If U and V are two d-dimensional objects, for every 

dimension i (1 ≤ i ≤ d), if Pr[Ui > Vi] ≥ Pr[Vi > Ui], there exists a dimension j (1 ≤ j ≤ 

d) such that Pr[Uj > Vj] > Pr[Vj > Uj]. Then, U is better than V in the d-dimensional 

space. 

If U is better than V and V is better than W, then U is also better than W. The better 

relation satisfies the conditions of being transitive. If an object is better than any other 

object, then this object is a skyline object. 

We explain how an object dominates another using Example 1 in Table 19. In Table 

19, R1 = <(1,0), (2,0), (3,0.1), (4,0.4), (5,0.5), (1,0), (2,0), (3,0), (4,0.5), (5,0.5), (1,0), 

(2,0.2), (3,0.5), (4,0.2), (5,0.1)>. Similarly, R2 = <(1,0), (2,0.5), (3,0.5), (4,0), (5,0), 

(1,0.25), (2,0.5), (3,0.25), (4,0), (5,0), (1,0), (2,0.25), (3,0.25), (4,0.25), (5,0.25)>. For 

food and service dimensions, Pr[R1 > R2] > Pr[R2 > R1], but for décor dimension, Pr[R1 

> R2] < Pr[R2 > R1]. As a result, R1 cannot be dominated R2 in décor dimension. 

Definition 9. (Skyline) The skyline of objects set S, denoted as SKY(S), is a subset 

of objects that are better than another or cannot be dominated by another in at least 

one dimension. 

Figure 16 presents the algorithm to do dominance relation comparison in one 
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dimension. It is defined by Definition 7 in this section. 

 

 
Figure 16. The algorithm for dominance relation comparison 

 

For the multi-instance data, the skyline query makes 2 comparisons between two 1-

dimensional objects. If we have m d-dimensional objects, there are 𝑛𝑛 ×

(𝑛𝑛− 1) × 𝑎𝑎 2⁄  comparisons for the dominance relation. For efficiency, we have to 

reduce the calculation cost. We first sort the objects according to the values calculated 

by one of the three monotonic aggregation functions described in Table 20. In 

mathematics, a monotonic function is a function between ordered sets that preserver or 

reverses the given order. A function f is called monotonically increasing, if for all x and 

y such that x ≤ y one has f(x) ≤ f(y), therefore f preserves the order [117]. In our 

study, we define monotonic aggregation functions that aggregate probability values and 

then generate monotonic functions.    

 

Algorithm: Dominate(U, V) 
Input: Objects U and V 
Output: The dominating object 
Steps: 
1. Calculate i as Un*(Vn-1+Vn-2+…+V1)+Un-1*(Vn-2+…+V1)+…+U2*V1 ; 
2. Calculate j as Vn*(Un-1+Un-2+…+U1)+Vn-1*(Un-2+…+U1)+…+V2*U1; 
3. IF i > j THEN 
4.    RETURN 1 
5. ELSE IF i < j THEN 
6.    RETURN 0 
7. ELSE  
8.    RETURN -1 
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Table 20. A summary table for three monotonic aggregation functions 

Monotonic 
aggregation 
Function 

Definition Description 

First 
It is the probability of the 
highest score, or it is p(xn), 
where n is the highest score. 

Intuitively, if an object has a larger 
probability value for having the 
highest score, it possibly 
dominates another one. For 
example, if a restaurant is assigned 
the highest score by most of the 
users, it is the most recommended 
one. 

Second 
It is the expected score and 
calculated by ∑ 𝑥𝑥𝑖𝑖 × 𝑆𝑆(𝑥𝑥𝑖𝑖).𝑛𝑛

𝑖𝑖=1  

The expected value is a weighted 
average of all scores. If the 
expected value of an object is 
larger, the chance that this object 
dominates another object is higher. 

Third 

It is the net probability value 
between the two groups, and it 
is calculated by 

∑ 𝑆𝑆(𝑥𝑥𝑖𝑖) − ∑ 𝑆𝑆(𝑥𝑥𝑖𝑖)
𝑛𝑛/2
𝑖𝑖=1

𝑛𝑛
𝑖𝑖=(𝑛𝑛+1)/2 . 

We divide the probability values 
of each object into two groups: 
One is the sum of probabilities of 
the group with higher scores, and 
the other is the sum of 
probabilities of the group with 
lower scores. This extends from 
the first function. 

 

  Next, we filter the sorted objects by using one of the three functions, respectively. 

Then, if an object satisfies the conditions described by Theorem 1, further calculation 

on it can be skipped. Our method applies the presorted method and Theorem 1 to 

reduce its computational cost and speed up the skyline query. 

We generate objects with different dimensions for using one of the three functions 

and measure execution time for these objects by applying Theorem 1 to reduce the 

number of calculations for the dominance relation. For the sorted objects by using the 
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first function, the first object could be a skyline object because it has a larger the 

probability of the highest score to dominate another one. The expected value given by 

the second function is calculated by multiplying each of the probability values by the 

corresponding scores and summing all the values. We presort data by using one of three 

functions for reducing its computational cost. According to Theorem 1, we can reduce 

the number of calculation of the dominance relation.  

Theorem 1. Let A and B be two 1-dimensional objects and n be the highest score: 

𝑆𝑆 = 〈�1,𝑆𝑆𝑎𝑎(1)�,⋯ , �𝑖𝑖,𝑆𝑆𝑎𝑎(𝑖𝑖)�, … �𝑛𝑛,𝑆𝑆𝑎𝑎(𝑛𝑛)�〉 = 〈(1,𝑆𝑆1),⋯ , (𝑖𝑖,𝑆𝑆𝑖𝑖), … (𝑛𝑛,𝑆𝑆𝑛𝑛)〉  and 

𝐵𝐵 = 〈�1,𝑆𝑆𝑏𝑏(1)�,⋯ , �𝑖𝑖,𝑆𝑆𝑏𝑏(𝑖𝑖)�, … �𝑛𝑛,𝑆𝑆𝑏𝑏(𝑛𝑛)�〉 = 〈(1,𝐵𝐵1),⋯ , (𝑖𝑖,𝐵𝐵𝑖𝑖), … (𝑛𝑛,𝐵𝐵𝑛𝑛)〉. (i) For 

n=2, if A2 > B2, then A is better than B. (ii) For n>2, if An > (1/(2−Bn)) , then A is better 

than B. 

Proof: (i) For each dimension of an object, the sum of these probability values is 1. 

For two 1-dimensional objects A=<(1, A1), (2, A2)> and B=<(1, B1), (2, B2)>, where 1 

and 2 are scores, A1+A2 =1 and B1+B2 =1. Pr[A > B] − Pr[B > A] > 0 if A is better than 

B. Since A2=1−A1 and B2=1−B1. Pr[A > B] = A2×B1 = A2× (1−B2) = A2−A2×B2 and Pr[B 

> A] = B2×A1 = B2×(1−A2) = B2−B2×A2. So, (A2−A2×B2) − (B2−B2×A2) > 0, A2 − A2×B2 

− B2 +B2×A2 > 0, and A2 − B2 > 0. So, if A2 > B2 then A is better than B.  

(ii) A and B are two 1-dimensional objects with possible scores from 1 to n, 

so ∑ 𝑆𝑆𝑖𝑖 = 1𝑛𝑛
𝑖𝑖=1  and ∑ 𝐵𝐵𝑖𝑖 = 1𝑛𝑛

𝑖𝑖=1 . A is better than B, if Pr[A > B] 

> Pr[B > A] is satisfied. In the worst case, A is equal to <(1, (1−An)), (2,0),…, (n−1,0), 

(n, An) > and B is equal to <(1, 0), (2, 0),…, ((n-2), 0), ((n−1), (1−Bn)), (n, Bn)>. That 

is, the probability value of the highest score n of A is large enough to dominate B. If A 

is better than B, Pr[A > B] − Pr[B > A] > 0, [An×(1− Bn)] − [Bn×(1− An)+(1− Bn)×(1− 

An)] > 0, An − An×Bn − (1−An) > 0, 2×An − An×Bn −1 > 0, An (2− Bn) > 1, and An 

>(1/(2−Bn)). If An > (1/(2 − Bn)) then A is better than B. 

Figure 17 presents the algorithm to do skyline query processing. We first sort the 

input objects by using one of the three functions defined in Table 20. 
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Figure 17. The algorithm for skyline query processing and dominance relation 

comparison 

 

Algorithm: RetrieveSkyline(S, D, n) 
Input: A set of objects S, the number of dimensions D, the highest score n (while 
the lowest is 1) 
Output: The skyline objects in S 
Steps: 
1. SKY ← Ø, NOSKY ← Ø 

2. Sort S according to the values returned by a function defined in Table 20 
3. FOR EACH object A ∈ S DO 
4.  IF A ∈ NOSKY THEN NEXT 
5.  FOR EACH object B ∈ S and B≠A DO 
6.   IF B ∈ NOSKY THEN NEXT 
7.   WHILE 9D > 0 DO 
8.    IF An  > 1/(2-Bn) THEN 
9.     SKY ← SKY∪{A} 
10.     NOSKY ← NOSKY∪{B} 

11.     NEXT 
12.    ELSE 
13.     d ← Dominate(A,B) 

14.     IF d = 1 THEN 
15.      SKY ← SKY-{B} 
16.      NOSKY ← NOSKY∪{B} 
17.      SKY ← SKY∪{A} 

18.     ELSE IF d = 0 THEN 
19.      SKY ← SKY-{A} 
20.      NOSKY ← NOSKY∪{A} 
21.      SKY ← SKY∪{B} 

22.     ELSE 
23.      SKY ← SKY∪{A,B} 
24.     D ← D-1 

25.   END WHILE 
26.  END FOR EACH  
27. END FOR EACH 
28. RETURN SKY 
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  The data flow of the skyline query is denoted in Figure 18. 

 

Figure 18. The data flow of the skyline query 

  Using the skyline query, we search popular posts during this civil movement. We 

find popular or attentive posts according to the sharing and commenting reactions. We 

define popular posts in accordance with the diffusing capability. The skyline query has 

two attributes: the sharing reaction and the commenting reaction. We think information 

diffusion through message spreading such as sharing posts or commenting on posts.  

 

5.2  Experiment results 
The goal of experiments is to show that our methods can efficiently process the skyline 

query on multi-instance data. We use the C programming language to implement our 

algorithms and conduct experiments on a general PC.  

  To verify the efficiency, we use synthetic datasets from random and Gaussian (or 

normal) distributions [115], [116] and real datasets. For a synthetic dataset, the 

dimensionality is 1, 5, or 10. For a synthetic dataset from random distribution, the size 

(or the number of objects) is 5,000 (5K), 50,000 (50K), or 500,000 (500K). For a 

synthetic dataset from Gaussian distribution, the highest score of every dimension is 5 

or 10. The real datasets include a review dataset and a dataset from Facebook. 

  We first generate 10 groups of objects by using random distribution. The size of each 

group is 100,000 (10K) with 1, 5, and 10 dimensions. Not all dimensions are 

independent. Therefore, we additionally generate 10 other groups by using Gaussian 

distribution [115], [116]. To have four distribution patterns, we use the means 1.5, 2.5, 

3.5 and 4.5 with the standard deviation 0.5. The generated values are rounded to an 
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integer between 1 and 5 and they are scores assigned to an object. The dimension being 

10 (D=10) means that users assign scores to an object in each of the 10 dimensions. So, 

an object has 50 probability values that are transformed from the data. The dominance 

values of two objects are calculated by converting the corresponding populations of the 

scores for each dimension into probabilities. With the naïve method, calculating three 

1-dimensional objects requires six runs of dominance relation computation. When the 

number of dimensions increases, the chance of one object dominating another object 

can possibly be low, and the skyline query may return a large number of objects. The 

complexity of the processing increases when the number of dimensions increases. 

Nevertheless, as the number of dimensions increases, according to Theorem 1, we can 

decrease the number of comparisons of dominance relation for some dimensions. 

  In experiments, we compare the running time of using the naïve method and that of 

using the presorting method with each of the three functions defined in Table 20. We 

also compare the number of dominance relation comparisons. 

 

5.2.1 Synthetic datasets 

5.2.1.1 Datasets from random distribution 

When D is 1, 5, or 10, using one of the three functions is faster than using the naïve 

method, and on average there is a reduction of 10-20% in the running time, as shown 

in Figure 19. For D is 5 or 10, the second function uses more time than do the other two 

functions. In Figure 19, for the number of dominance relation comparisons, using the 

first function is similar to using the third function. 
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     (a) The running time      (b) The number of dominance relation comparisons 
Figure 19. The running time and the number of dominance relation comparisons 

for datasets from random distribution 
 

  We discuss the datasets of different sizes with 5-dimensional random distribution. 

We compare three different sizes: 5,000 (5K), 50,000 (50K), and 500,000 (500K). In 

the running time, our methods are about 50 times faster on the dataset whose size is 

5K than on the dataset whose size is 50K, as shown in Figure 20. Our methods are 

about twice faster one the dataset whose size is 50K than on the dataset whose size is 

500K. Due to a large amount of data, the two datasets whose sizes are 50K and 500K 

need additional I/O processing time. The running time of each of the two datasets is 
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significantly longer than the dataset whose size is 5K. When it runs on the dataset 

whose size is 500K and is with the first function defined in Table 20, our methods use 

fewer calculations for dominance comparisons.  

 

 

 
(a) The running time           (b) The number of dominance relation comparisons 

Figure 20. The performance comparison between datasets from random 
distribution of different sizes 
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  Both the execution time and the number of comparisons can be reduced when our 

methods are used for situations where random distribution or Gaussian distribution is 

used to generate attribute values. Obviously, if an object is assigned poor scores in any 

of the dimensions, it would be eliminated according to Theorem 1. This means that no 

more calculation is required for dominance relation comparison and then the execution 

time is saved. For the situations where Gaussian distribution is used to generate the 

attribute values, the execution time decreases about 40% for D being 10, and the number 

of comparisons decreases 20-30%. 

 

5.2.1.2  Datasets from Gaussian distribution 

Gaussian distribution is a very common continuous probability distribution [116]. It is 

important in statistics and often used in sciences [115], [116]. When D is 1, 5, or 10, 

using the three functions to presort the data is faster than using the naïve method, and 

on average there is a reduction of 5-16% in the running time. When D is 5 or 10, using 

the first function uses fewer calculations than do the other two functions, as shown in 

Figure 21. This indicates that the first function works well in high dimension. When 

the dimensionality is 1, our methods significantly reduce the number of comparisons. 

When D is 5 or 10, using the second function uses larger numbers of comparisons. 
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(a) The running time           (b) The number of dominance relation comparisons 
Figure 21. The running time and the number of dominance relation comparisons 

for datasets from Gaussian distribution 

  Both the execution time and the number of comparisons can be reduced when our 

methods are used for situations where random distribution or Gaussian distribution is 

used to generate attribute values. The reason is that the distributions of attribute values 

are dependent. For example, if an object is assigned poor scores in any of the 

dimensions, it would be eliminated according to Theorem 1. This means that no more 

calculation is required for dominance relation comparisons and then the execution time 

is less. For the situations where Gaussian distribution is used to generate the attribute 

values, the execution time decreases about 40% for D being 10, and the number of 

comparisons decreases 20-30%. 

  We generate another 10-dimensional dataset with Gaussian distribution and the size 

of this dataset is 100,000 (100K). The scores of every dimension are from 1 to 10 in 

this dataset. It denotes that users assign scores from 1 to 10 to an object. It is different 



DOI:10.6814/DIS.NCCU.CS.002.2018.B02 

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

79 
 

from the generated datasets described earlier. To have 9 distribution patterns, we use 

the means 1.5, 2.5, …, 9.5, and we use the standard deviation 0.5. When the score 

range increases from 5 to 10, the number of the probability values is doubled for 

every object. Compared to another dataset with the same dimension and distribution 

but different score ranges, this dataset increases the running time by about 40%, as 

shown in Figure 22 (a). When the score range increases, the growth rate of the 

running time is less than the growth rate of score range by using our methods. Figure 

22 (b) shows that there is no significant difference between the datasets in the number 

of the dominance relation comparisons. 

 

 

(a) The running time           (b) The number of dominance relation comparisons 

Figure 22. The performance comparison between 10-dimensional datasets from 

Gaussian distribution with different score ranges. 

  Figure 22 shows that the score range influences the performance of skyline query 

processing. As shown in Figure 22, this dataset is as twice large in the number of 

probability values as the other, but its execution time increases by about 40%. In 

addition, a larger score range for every object increases the overall processing time, 

especially I/O processing time. When the number of probability values has a 100% 

increase, the overall processing time of any of our methods has a 40% increase, which 
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means that, practically speaking, the runtime complexity of any of our methods is better 

than linear. 

 

5.2.2 Real datasets 

5.2.2.1  The review dataset 

We include a review dataset in our experiments. It is the restaurant and consumer (RC) 

dataset for recommender systems, and it is originally crawled from TripAdvisor1 for a 

period of one month and used in [118], [119]. In this dataset, an object is a restaurant 

and a review is an instance; reviewers are asked to provide ratings on 3 dimensions in 

each review, namely overall, food and service rating, and each ranges from 0 to 2. We 

first perform pre-processing on the original dataset: 1) remove the reviews with any 

missing rating; 2) transform the rating data; 3) duplicate data and generate a much 

larger dataset for the performance test. After the pre-processing, the number of objects 

is 100,100 and the number of reviews is 1,789,480. Below are simple statistics for 

ratings: Overall is 1.20±0.04, food is 1.22±0.46, and service is 1.09±0.05. Further, the 

overall rating is dependent on the food and service ratings in the RC dataset. 

  We compare the RC dataset, the synthetic datasets from random distribution and 

Gaussian distribution. The results are in Figure 23. Because the RC dataset contains 

only one group, we use the average of the two generated datasets. We found that the 

RC dataset is close to the dataset of Gaussian distribution in the running time and the 

number of comparisons. The RC dataset with the first function works well. Using one 

of the three presorting functions with Theorem 1 is better than using the naïve method 

for synthetic datasets and the RC dataset, as shown in Figure 23. 

 

                                                      
1 www.tripadvisor.com 

http://www.tripadvisor.com/
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(a) The running time           (b) The number of dominance relation comparisons 

Figure 23. The performance comparison between the RC dataset and two 
synthetic datasets 

 

5.2.2.2  The dataset from Facebook 

We use a real dataset collected from a social media platform, Facebook (FB), which is 

one of the most popular websites. This dataset is dataset of the sunflower student 

movement from the 20 selected fan pages. Every post contains two attributes, namely 

the number of shares and the number of comments. The task is to retrieve the posts that 

dominate others (or the skyline posts) in shares and comments. 

  This dataset includes 2,533 posts, 256,027 shares, 176,942 comments, and 84,781 

users who react to these posts during this movement on Facebook. Reactions include 

sharing posts and commenting on posts. First, we define the sharing rating by  

  Next, we perform data transformation. Every object contains two dimensions, 

namely share rating and comment rating. After transformation, simple statistics are 

given in Table 21. 

 
Table 21. Statistics for share and comment ratings in the FB dataset 

 Number Mean Median Mode Standard 
deviation 

Standard 
error 

Share rating 256,027 2.45 1 1 1.69 0.004 
Comment rating 176,942 2.86 3 1 1.75 0.005 
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  Figure 24 (a) and (b) show the running time and the number of the dominance 

relation computation, respectively. This indicates that the second function works well 

in the FB dataset. This result is different from the results from the experiments on the 

above-mentioned datasets. The frequency distributions of share rating and comment 

rating are shown in Figure 25 (a) and (b), respectively. The frequency distributions of 

the two dimensions are different from the random and Gaussian distributions. From 

Figure 25, the comment rating being 5 is the maximum number, and this presents that 

most users comment on posts within the first hour after the post is created. However, 

the share rating being 5 is less significant. Even when the distributions of values 

(ratings) of dimensions are skew, our methods are still better than the naïve method. In 

the number of dominance relation comparisons, our methods are about 30-40% lower 

than the naïve method (and hence our methods are faster). Using our defined skyline 

query, there are 130 popular posts from FB dataset. Overall, the second function works 

well. 

 

(a) The running time           (b) The number of dominance relation comparisons 

Figure 24. The running time and the number of dominance relation comparison 

for the FB dataset. 
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(a) Share rating                    (b) Comment rating 

Figure 25. The frequency distributions of share and comment ratings in the FB 

dataset 

 

5.2.3 Comparison with other skyline query 
processing algorithms 

A typical example of a skyline query is on the data objects in a multi-dimensional space. 

For example, an object is a product or service. Existing algorithms assume that an 

object has a value in a dimension. They handle single-instance data. In reality, however, 

an object can have many values in a dimension, since a product or service can have 

many review scores in a dimension, such as satisfaction. Therefore, we propose to 

directly handle multi-instance data. Our methods and existing algorithms are not totally 

comparable, so we first perform data transformation and then apply popular traditional 

algorithms to the transformed data. To process a skyline query, BNL algorithm 

compares every object with every other object in the dataset. In [53], D&C algorithm 

for skyline query processing is proposed. Our methods are compared with BNL and 

D&C algorithms. We use the synthetic datasets with 3-dimensional random distribution 

to examine the two algorithms and our methods. The data which a typical skyline query 

runs on is single-instance data. Therefore, we transform the multi-instance data to single-
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instance data and then we use two methods to process the skyline query. One method is 

to use all reviewers’ scores as objects; that is, we treat instances as objects. With this 

transformation method, the result is the skyline over reviewer’s scores, and the result is 

less meaningful. The other method to transform the data is to use average scores of 

objects, and this is common on many review websites today.  

 

 

Figure 26. Our methods compared with BNL algorithm 
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Figure 27. Our methods compared with D&C algorithm 

 

We generate 10 groups of objects by using random distribution. The size of each 

group is 100,000 (10K) with 3 dimensions. Figure 26 shows the running time of our 

methods and BNL algorithm applied to the data transformed by the two aforementioned 

methods (BNL1 and BNL2). Time spent on data transformation is excluded. BNL1 is to 

use all reviewers’ scores to transform the data and then use BNL. It processes the skyline 

query on all scores directly. The skyline tuples are instances (scores), not objects 

(products or services). BNL1 cannot recommend objects. BNL2uses average scores of 

objects to transform the data and then uses BNL. The skyline tuples are objects. We 

compute average scores of objects first and then process the skyline query for objects. 

Prior to the skyline query, BNL2 transforms the data. There is no surprise that BNL2 is 

faster than BNL1. BNL2 and our methods can recommend objects directly. 

Nevertheless, using averages will cause information lost and other problems, such as 

that averages are affected by extreme values. BNL1 is faster than the naïve method in 8 

groups. Our methods with three presorting functions proposed in this dissertation are 

faster than BNL1 in all groups, and they are faster than BNL2 in 7 groups. Figure 27 
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shows the running time of our methods and D&C algorithm with the two 

aforementioned data transformation methods (D&C1 and D&C2). Similarity, D&C1 

uses scores (i.e., it treats instances as objects), and D&C2 uses average scores of objects. 

D&C1 is faster than the naïve method in all groups. D&C1 cannot recommend objects 

directly. Our methods are faster than D&C1 in all groups. Although D&C2 is faster than 

our methods, our methods can evaluate the contribution of every instance (and therefore 

can help find important instances, such as interesting reviews), and they can handle 

extreme values. The average will be affected by extreme values and it will have a bias. 

Nevertheless, the results show the advantage of D&C algorithm in running time. Please 

note that we do not include time spent on data transformation. 

  BNL and D&C algorithms use the Bitmap and the Index techniques. Our methods 

use presorting functions to speed up query processing, and they use Theorem 1 to 

reduce the number of calculations of the dominance relation. The first presorting 

function can finish the skyline computation earlier. Therefore, it performs well in most 

datasets. 
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6. Information diffusion on 

Facebook 

This chapter is divided into two sections. Section 1 discusses the speed of information 

diffusion. Section 2 demonstrates the acceleration analysis. 

 

6.1  The speed of information diffusion 
In this section we present our analysis of speed of reactions to posts from the selected 

fan pages by using different measures. 

  

6.1.1 Post-to-sharing reaction 

First, we discuss sharing-reaction for the posts. One post is shared by 7,442 users. It is 

the post having the maximum number of shares; someone even shares this post 4 

times. It is created by Apple Daily fan page that reports sensitive political issues and 

sharp comments on the news. Its type is photo and such a type of posts often causes 

many shares. The average number of shares per post is 101, and the median is 21. 

There are 232 posts having only one share. Figure 28 presents the distribution of 

sharing-reaction numbers. The ranking depends on sharing numbers. 
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Figure 28. Distribution of sharing-reaction numbers 

 

  Next, we consider post-to-sharing-reaction time for analysis of the speed of 

information diffusion through sharing. We intend to understand how long it takes to 

reach the total number of shares for the posts. This dissertation takes two views: One 

view is the difference between the time when the post is created and the time when 

any share appears. The other view is cumulative count. The cumulative frequency 

could give us an insight into a phenomenon in which the share or comment is 

involved. When the sharing count of a post has reached a value, we analyze the count 

and the reaction time. We consider five values: 25%, 50%, 75%, 90% and 95%. 

Definition 10 is for post-to-sharing-reaction time. We consider posts each of which 

has at least 5 shares, and we report the statistics of their post-to-sharing-reaction time 

in Table 22. In descriptive statistics, a quartile is a type of quantile. In Table 22, there 

are three quartiles: the first quartile (Q1), the second quartile (Q2), and the third 

quartile (Q3).  

  The first quartile is equal to the 25th percentile of the data. The second (middle) 

quartile or median of a data set is equal to the 50th percentile of the data. The third 

quartile is equal to the 75th percentile of the data.  
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Table 22. Post-to-sharing-reaction time (hours:minutes) 

 Mean 
Standard 
Deviation 

Quartiles 
Q1 Q2 Q3 

ST(0.25) 01:13 03:46 00:10 00:24 00:56 
ST(0.50) 03:24 09:48 00:38 01:34 03:29 
ST(0.75) 08:07 11:57 02:42 05:40 10:06 
ST(0.90) 17:30 82:09 05:22 12:11 19:57 
ST(0.95) 23:17 84:33 07:54 17:27 25:24 

 

  Definition 10. Let R be the total number of sharing-reactions received by a post 

that includes at least t shares (i.e., threshold=t). For the post, ST(r) is defined as the 

difference between the time when it is created and the time when its cumulative 

sharing-reaction count is not smaller than a fraction r of R. 

When the cumulative sharing-reaction percentage is from 25% to 50%, it takes 

more time than when the percentage is from 0% to 25%. From Table 22, we 

understand that the speed of information diffusion of the sharing-reaction is fast when 

the post is just created. After some time, the speed of the sharing-reaction is becoming 

progressively slow. The 5% cumulative count from 90% to 95% has lasted over 6 

hours. We consider the distributions when the cumulative reaction count is equal to 

25%, 50%, 75%, 90%, and 95%. The post having the fastest diffusion speed was 

posted by BIN fan page. These cumulative distributions are skewed distributions, as 

shown in Figure 29. 
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Figure 29. Distributions for cumulative sharing-reaction counts 

 

Next, we discuss the influence of post-to-sharing-reaction time for users of fan 

pages. A favorite post indicates that many users share it. Similarly, many users 

comment on a favorite post. Table 23 reports statistics of types of posts. Table 24 

shows types defined by Facebook Graph API. The type status has the maximum 

number of posts during the sunflower student movement. In Table 23, the type null is 

not defined by Facebook Graph API. 

 

Table 23. Types of posts during the sunflower student movement 

Type Posts Shares per post Comments per post 

event 19 2 16 
link 596 68 49 

photo 5 1296 46 
status 678 99 113 
video 201 110 74 
null 1,034 － － 

 

Table 24. Types are defined by Facebook Graph API  

Types Description 

Status Posts only include messages. 

photo Posts include photos. 
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Video Posts include videos. 

Link Posts include hyperlink. 

 

On average, the type having the maximum number of shares is the type photo and 

the sharing number per post for this type about 1,300. It means that the average 

number of users sharing a photo post is 1,300. The second popular type is video and 

the average number of shares per post is 110 for video. The number of the photo posts 

is over 10 times larger than the number of the video posts. Obviously, the type photo 

is more popular and representative among users of fan pages during the sunflower 

student movement. Therefore, the photo posts can represent the movement. We 

consider how types affect information diffusion when the posts have reached 50% or 

90% cumulative count. The result is shown in Figure 30. 

 

Figure 30. 50% and 90% cumulative sharing counts among different types of 
posts 

The sharing-reaction times of all types of posts reach the 50% cumulative count 

approach to 2 to 4.5 hours. All types of posts have similar reaction times. However, 

the reaction times of different types reaching the 90% cumulative count are dissimilar. 



DOI:10.6814/DIS.NCCU.CS.002.2018.B02 

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

92 
 

The video posts last 41 hours to reach the 90% cumulative count. It shows that such 

posts could circulate for a long time. Conversely, the status type circulates rapidly. 

The sharing-reaction time of the video posts from 50% to 90% cumulative count is 

longer than those of the other types. This reaction time lasts over 40 hours. It shows 

that these users of fan pages spend more time diffusing videos voluntarily. Except for 

the video posts, the sharing-reaction time of posts from 50% to 90% cumulative count 

is between 9 and 18 hours. 

Definition 11 is for the sharing segment speed. It is similar to the general hourly 

speed. The larger value means the faster speed. We define the sharing segment speed 

because the distribution of the cumulative reactions of the information diffusion 

exhibits a nonlinear distribution. Nonlinear data exhibits considerable variation. If we 

use complete and single speed to denote information diffusion, we cannot 

discriminate between the posts having different reaction times. 

  Definition 11. Let the distance between any two adjacent (consecutive) shares be 1 

(i.e., D(Sp(i), Sp(i+1))=1). For a post p with n shares, when the cumulative sharing-

reaction count is equal to u%, this share is the i-th share. Similarly, when the 

cumulative sharing-reaction count is equal to v%, this share is the j-th share, for 0 < u 

< v ≤ 100. The sharing segment speed SSp.is the speed from the i-th share to the j-th 

share, for 0 < i < j ≤ n. The associated calculation is shown in (2) and (3). 

𝑆𝑆𝑆𝑆𝑆𝑆(𝑢𝑢%, 𝑣𝑣%) =  𝐷𝐷(𝑆𝑆𝑝𝑝(𝑖𝑖),   𝑆𝑆𝑝𝑝(𝑗𝑗))
𝑇𝑇𝐷𝐷(𝑆𝑆𝑝𝑝(𝑖𝑖),𝑆𝑆𝑝𝑝(𝑗𝑗))

    (2) 

𝑆𝑆𝑆𝑆𝑆𝑆 = 𝑆𝑆𝑆𝑆𝑆𝑆(0%, 100%) = ∑ 𝑆𝑆𝑆𝑆𝑆𝑆(𝑢𝑢%, 𝑣𝑣%)  (𝑖𝑖,𝑗𝑗)<𝑛𝑛   (3) 

  We evaluate the cumulative sharing-reaction counts and stand on the speed of 

information diffusion to cluster. We attempt to use the segment speed of posts to 

discriminate all posts. We consider distributions of the cumulative counts of the 

sharing-reaction time for the posts. In this dissertation, the sharing speed is divided 
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into five sharing segment speeds, which are SS(0, 25%), SS(25%, 50%), SS(50%, 

75%), SS(75%, 90%), and SS(90%, 95%). We set five sharing segment speeds of 

information diffusion and discuss their diffusing speed. We use Weka [120] to cluster 

the posts. We use X-means [121], which extends K-means [122]. In the algorithm, the 

centers are split into their regions. This algorithm does not require a pre-specified 

parameter indicating the number of groups. X-means returns that our dataset can be 

divided into 4 groups. Figure 31 displays the trend of a post among the four groups. In 

Figure 31, X-axis shows the difference between the time when the post is created and 

the time when any share appears; Y-axis shows cumulative counts for shares. These 

four groups include 283 (14%, Group 1), 1651 (83%, Group 2), 23 (1%, Group 3), 

and 44 (2%, Group 4) posts. Posts in Group 3 usually have more shares than those in 

the other groups. These four groups show different diffusion speeds. The information 

diffusion of Group 1 is faster than those of the other groups. Group 2 is smoother than 

the other groups in information diffusion. The sharing speed of some posts is fast and 

many users share them. The other posts are steady and last long. 
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Figure 31. Trends of the sharing-reaction time [hh:mm] among four groups - 
group 1 to group 4 from top to down 

 

6.1.2 Post-to-commenting reaction 

We analyze commenting-reaction to the posts generated by the selected fan pages 

between March 18 and April 10, 2014. When a user comments on a post, we think that 

the post is diffused indirectly. Therefore, it is different from the sharing-reaction. In our 
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dataset, there is a post commented by 3,024 users. This post has the maximum number 

of users who make comments. There are 7,442 users who share one post. We conclude 

that commenting on a post is harder than sharing it, because users need to literally type 

in order to make comments. The cost of commenting on posts is higher than that of 

sharing posts. The average number of comments per post is 77, and the median is 21. 

There are 160 posts having one comment. Figure 32 presents the distribution of 

commenting-reaction numbers. Now, let us consider post-to-commenting-reaction time 

for analysis of the speed of information diffusion through commenting. 

 

Figure 32. Distribution of commenting-reaction numbers 

We intend to understand how long to reach the particular cumulative commenting-

reaction count for the posts. We consider the difference between the time when a post 

is created and the time when any comment is created. We consider five values for 

cumulative counts: 25%, 50%, 75%, 90% and 95%. Definition 12 is for post-to-

commenting-reaction time. We consider posts each of which has at least 5 commenting-

reactions, and we report the statistics of their post-to-commenting-reaction time in 

Table 25.  
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Table 25. Post-to-commenting-reaction time (hours:minutes) 

 Mean 
Standard 
Deviation 

Quartiles 
Q1 Q2 Q3 

CT(0.25) 01:53 12:08 00:08 00:17 00:45 
CT(0.50) 03:54 13:51 00:26 01:03 02:28 
CT(0.75) 10:02 26:49 01:35 03:52 08:21 
CT(0.90) 20:57 45:41 04:19 09:55 19:33 
CT(0.95) 29:34 69:18 06:57 15:21 25:14 

 

  Definition 12. Let R be the total number of commenting-reactions received by a post 

that includes at least t comments (i.e., threshold=t). For the post, CT(r) is defined as the 

difference between the time when it is created and the time when its cumulative 

comment-reaction count is not smaller than a fraction r of R. 

In Table 25, the threshold for a post to be taken into account is 5. A post containing 

at least 5 comments is more meaningful than others in analyzing information diffusion 

and the cumulative reaction time. When the cumulative commenting-reaction 

percentage is from 75% to 90%, its time is 2 times from 0 to 75%. From Table 25, we 

can see that the speed of information diffusion of the commenting-reaction is very fast 

when the post is just created. After some time, the speed of the commenting-reaction is 

becoming progressively slow. This speed of commenting-reaction is similar to the 

sharing-reaction. We consider the distributions when the cumulative commenting-

reaction count is equal to 25%, 50%, 75%, 90% and 95%. All of these cumulative 

distributions are skewed distributions in Figure 33. This is similar to that for sharing. 

Figure 34 shows the histograms for 50% and 90% cumulative commenting-reaction 

counts. 
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Figure 33. Distributions for cumulative commenting-reaction counts 

 

 

Figure 34. Histograms of cumulative commenting-reaction counts for 50% and 
90% 

We discuss the influence of post-to-commenting-reaction time for users of fan pages. 

What types of posts would have more comments? The maximum number of comments 

per post comes from status posts and this maximum value is about 110 comments. A 

general post with words is easier to get feedbacks than the other types. Users use words 

to comment on such posts. This way has formed another important communication 

method. The video type is also popular in commenting-reaction. We intend to study 
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how post with some comments may affect information diffusion. It is different from 

sharing posts because there are more messages from comments. 

We display in Figure 35 the commenting-reaction times for 50% and 90% cumulative 

counts for different types of posts. The commenting-reaction times of all types of posts 

reaching the 50% cumulative count spend 3 to 4.5 hours. All types of posts have similar 

reaction times. However, the reaction times of different types of posts reaching the 90% 

cumulative count are dissimilar. The video posts last 29 hours to reach the 90% 

cumulative count. It shows that such posts could circulate for a long time. This is 

consistent with that for sharing. The photo posts circulate rapidly. This is different from 

that for sharing. The commenting-reaction time of the video posts from 50% to 90% 

cumulative count is longer than the other types. This reaction time lasts over 29 hours. 

This commenting-reaction time is less than the sharing-reaction time. In other words, 

the information diffusion through sharing posts is more durable than commenting ones. 

Except for video posts, the commenting-reaction time of posts from 50% to 90% 

cumulative count is from 9 to 18 hours. The video posts last longer, nearly 22 hours. 

The users of fan pages are interested in commenting on video posts. 

 

Figure 35. 50% and 90% cumulative commenting counts among different types 
of posts 
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Definition 13 is for the commenting segment speed. Again, it is similar to the general 

hourly speed. To better understand the information diffusion on Facebook, we define 

this commenting segment speed. The trend of commenting-reaction time for 

information diffusion exhibits a nonlinear distribution. If we use a single speed to 

denote information diffusion, we cannot discriminate between posts having different 

reaction time values. 

  Definition 13. Let the distance of any two adjacent comments be 1 (i.e., D(Cp(i), 

Cp(i+1))=1). For a post P with m comments, when the cumulative commenting-

reaction count is equal to u%, this comment is the i-th comment. Similarly, when the 

cumulative commenting-reaction count is equal to v%, this comment is the j-th 

comment, for 0 < u < v ≤ 100. The commenting segment speed CSp.is the speed from 

the i-th comment to the j-th comment, for 0 < i < j ≤ m. The associated calculation is 

shown in (4) and (5). 

 𝐶𝐶𝑆𝑆𝑆𝑆(𝑢𝑢%, 𝑣𝑣%) = 𝐷𝐷(𝐶𝐶𝑝𝑝(𝑖𝑖),   𝐶𝐶𝑝𝑝(𝑗𝑗))
𝑇𝑇𝐷𝐷(𝐶𝐶𝑝𝑝(𝑖𝑖),   𝐶𝐶𝑝𝑝(𝑗𝑗))

   (4) 

𝐶𝐶𝑆𝑆𝑆𝑆 = 𝐶𝐶𝑆𝑆𝑆𝑆(0%, 100%) = � 𝐶𝐶𝑆𝑆𝑆𝑆(𝑢𝑢%, 𝑣𝑣%)
(𝑖𝑖,𝑗𝑗)<𝑚𝑚

 (5) 

We consider the trend of the commenting-reaction time for the posts. The 

commenting-reaction speed is divided into five commenting segment speeds 

sequentially: CS(0, 25%), CS(25%, 50%), CS(50%, 75%), CS(75%, 90%), and CS(90%, 

95%). We set five segment speeds of information diffusion of the commenting-reaction 

to discuss their diffusing speed. We use Weka [120] to cluster the posts, and we have 5 

groups. Figure 36 shows the trend of a post among the four groups. This five groups 

include 192 (13%, Group 1), 208 (14%, Group 2), 256 (18%, Group 3), 409 (28%, 

Group 4), and 386 (27%, Group 5) posts. In Figure 36, X-axis shows the difference 

between the time when the post is created and the time when any comment appears; Y-

axis shows cumulative counts for comments. There are similar numbers of posts 

assigned to every group. It is different from the clustering count for sharing segment 
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speed. The information diffusion of Group 3 is faster than those of the other groups. 

The distribution of posts of Group 4 has a smooth distribution, which contains less 

variety in segment speed. The commenting speed of some posts is fast and many users 

make comments. The other posts are steady and last long. There is a special trend in 

Group 1 because the commenting speed of the last 5% cumulative count is also very 

fast. 
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Figure 36. Trends of commenting-reaction time [hh:mm] among five groups - 
group 1 to group 5 from top to down 

 

6.2  The acceleration analysis   
Acceleration, in physics, is the rate of change of speed of an object. Acceleration is 

the change in speed per unit time. In physics, acceleration can cause speed to 

increase, decrease, and remain the same. Acceleration tells us the rate at which the 

speed is changing. Because the speed is a vector, we have to consider the changes 

to its magnitude and direction. This dissertation does not consider the direction 

because the information diffusion has just one direction. When an object is slowing 

down, this object has a negative acceleration. We analyze who may react to 

messages as quickly or slowly as other users do. When the rate of change of 

segment speed of a post is rising, the information diffusion of this post is to 

disseminate messages. The acceleration is a positive number. On the contrary, when 
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the acceleration is negative, the speed of information diffusion is slowing down and 

the final speed is 0. Therefore, we calculate the segment speed and segment 

acceleration of posts and analyze the change of the positive or negative 

acceleration. 

 

6.2.1 The sharing-reaction 

First, we discuss the acceleration of the sharing-reaction for the collected posts. We 

consider that the share number of posts is more than 100, because in the dataset the 

average number of shares per post is about 101. There are 546 posts selected from 2,533 

posts in the dataset. 

The definition of segment acceleration for sharing is given in Definition 14. 

Definition 14. Let the distance between any two adjacent (consecutive) shares be 1 (i.e., 

D(Sp(i), Sp(i+1))=1). For a post P with n shares, the segment acceleration of the post P 

is defined the change of the segment speed from the i-th to the (i+1)-th, for 0 < i < n. 

The associated calculation is shown in (6). 

 𝑆𝑆𝑆𝑆𝑆𝑆(𝑆𝑆𝑆𝑆(𝑖𝑖),𝑆𝑆𝑆𝑆(𝑖𝑖 + 1) = 𝑆𝑆𝑆𝑆𝑝𝑝�𝑆𝑆𝑝𝑝(𝑖𝑖),   𝑆𝑆𝑝𝑝(𝑖𝑖+1)�
𝑇𝑇𝐷𝐷�𝑆𝑆𝑝𝑝(𝑖𝑖),   𝑆𝑆𝑝𝑝(𝑖𝑖+1)�

=

𝐷𝐷𝑝𝑝(𝑆𝑆𝑝𝑝(𝑖𝑖),   𝑆𝑆𝑝𝑝(𝑖𝑖+1))
𝑇𝑇𝐷𝐷�𝑆𝑆𝑝𝑝(𝑖𝑖),   𝑆𝑆𝑝𝑝(𝑖𝑖+1)�×𝑇𝑇𝐷𝐷�𝑆𝑆𝑝𝑝(𝑖𝑖),   𝑆𝑆𝑝𝑝(𝑖𝑖+1)�

   

(6) 

When the i-th share is ranked the top-k positive acceleration, the user of the i-th share 

is a special user who can spread messages quickly. We calculate acceleration from the 

selected posts. Each post chooses top-k maximum and minimum acceleration and then 

acceleration is built by users sharing posts. These users bring different information 

diffusion for this post. If a user changes the speed of information diffusion, this user 

could be an important user on social media. His or her reactions bring different response 
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for information diffusion. Therefore, we aggregate all users from the selected posts and 

then rank users. 

 

Figure 37. Algorithm for maximum acceleration for sharing-reaction 

 

Figure 37 presents maximum acceleration algorithm for sharing-reaction. The 

algorithm is to find the top-k users who increase the speed of information diffusion 

through sharing posts. These users are capable of sharing messages to more users. We 

also want to find the top-k users who decrease the speed of information diffusion in 

terms of sharing-reactions. When these users share posts, the speed of information 

diffusion becomes slower. 
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One user appears 37 times and participates in 37 posts, and the user’s reactions affect 

the change of speed for sharing posts. Some users appear more than one time for a post. 

We rank 50 (i.e., r is 50 in our algorithm in Figure 37) users and show the result in 

Figure 38. A user shares 72 times and participates in 71 posts. When the user shares 

posts, the speed of sharing the posts is slowing down. Overall, the ranking users of the 

minimum acceleration have more posts than the minimum acceleration. 

 

Figure 38. Ranking users for sharing-reaction 
 

6.2.2 The commenting-reaction 

Next, we discuss the acceleration of the commenting-reaction for the posts. We consider 

that the comment number of posts is more than 77, because the average number of 

shares per post is about 77. There are 554 posts selected from 2,533 posts in the dataset. 

The definition of segment acceleration for commenting is given in Definition 15. 

  Definition 15. Let the distance between any two adjacent (consecutive) comments 

be 1 (i.e., D(Cp(i), Cp(i+1))=1). For a post P with m comments, the segment 
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acceleration of the post P is defined the change of the segment speed from the i-th to 

the (i+1)-th, for 0 < i < n. The associated calculation is shown in (7). 

𝐶𝐶𝑆𝑆𝑆𝑆(𝐶𝐶𝑆𝑆(𝑖𝑖),𝐶𝐶𝑆𝑆(𝑖𝑖 + 1) =
𝐶𝐶𝑆𝑆𝑆𝑆(𝐶𝐶𝑆𝑆(𝑖𝑖), 𝐶𝐶𝑆𝑆(𝑖𝑖 + 1))
𝐶𝐶𝑇𝑇�𝐶𝐶𝑆𝑆(𝑖𝑖), 𝐶𝐶𝑆𝑆(𝑖𝑖 + 1)�

=
𝑇𝑇𝑆𝑆(𝐶𝐶𝑆𝑆(𝑖𝑖),   𝐶𝐶𝑆𝑆(𝑖𝑖 + 1))

𝐶𝐶𝑇𝑇�𝐶𝐶𝑆𝑆(𝑖𝑖), 𝐶𝐶𝑆𝑆(𝑖𝑖 + 1)� × 𝐶𝐶𝑇𝑇�𝐶𝐶𝑆𝑆(𝑖𝑖), 𝐶𝐶𝑆𝑆(𝑖𝑖 + 1)�
 

(7) 

One user appears 158 times and participates in 51 posts, and the user’s reactions 

affect the change of speed for commenting on posts. The user’s comments bring the 

fast change of speed of information diffusion. We rank 50 users and show the result in 

Figure 39. A user appears 340 times and participates in just 69 posts. When the user 

comments on posts, the speed of these posts is slowing down. One user appears 24 times 

in a post which speeds up the spreading of the post. One user appears 34 times in a post 

that slows down the spreading of the post. In commenting-reaction, many top-k users 

appear more than one time for a post. It shows that many top-k users comment many 

times on a post to affect the change of speeds of information diffusion. Such users are 

important users on social media. In our study, we develop an approach to find important 

users that change the speed of information diffusion without first using social 

connections to build a diffusion network of users. 

In Figure 39, we compare these top-k users in commenting-reaction. Most users who 

bring larger acceleration use comments to spread messages and change the speed of 

information diffusion. We observe that commenting-reaction is more influential than 

sharing-reaction. Commenting on a post takes more efforts than sharing it, and the 

influence is higher. 
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Figure 39. Ranking users for commenting-reaction 

   

Next, we discuss the negative and positive accelerations of the sharing-reaction and 

commenting-reaction further. The simple statistics are given in Table 26 and Table 27. 

For the positive acceleration, the maximum acceleration of the commenting-reaction 

is larger than the maximum one of the sharing-reaction. Therefore, the maximum rate 

of change of segment speed appears on the commenting-reaction. It illustrates that a 

post through commenting-reaction is faster than one through sharing-reaction. For the 

speedup of the information diffusion, commenting-reaction is more effective than 

sharing-reaction. The medians of the acceleration of the sharing-reaction and one of 

the commenting-reaction are the same. In addition, the modes are the same.  
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Table 26. The acceleration of the sharing-reaction 

 Mean Maximum Minimum Median Mode Standard 
deviation 

The positive 
acceleration 

3.30 19 0.02 2 1 3.01 

The negative 
acceleration 

-4.23 -0.1103 -17 -3.5 -3 2.95 

 
Table 27. The acceleration of the commenting-reaction 

 Mean Maximum Minimum Median Mode Standard 
derivation 

The positive 
acceleration 

3.47 31 0.001 2 1 3.88 

The negative 
acceleration 

-4.21 -0.0074 -22 -3 -2 3.52 

 

Then, we illustrate the meaning of the negative acceleration further. In Table 26 and 

Table 27, it shows that the minimum acceleration of the commenting-reaction is 

smaller than the minimum one of the sharing-reaction. Despite the speed of 

information diffusion speed up or slow down, commenting-reaction is more effective 

than sharing-reaction. Therefore, when a user comments on posts, he or she easily 

becomes a person of influence on information diffusion. A comment could cause 

speed to increase or decrease. Facebook comments include contents. These contents 

maybe the negative comments or positive comments. These users handle the positive 

and negative comments. They may play important roles in the activity. We mine 

important Facebook users in the next chapter. 
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7. User mining to find important 

Facebook users 

This chapter is divided into two sections. Section 1 finds the important Facebook 

users through the sharing reaction. Section 2 searches the important Facebook users 

through the commenting reaction. 

  During the sunflower student movement, we find some users who change the speed 

of diffusion of posts through sharing-reaction. Figure 40 shows that there are 2 posts 

with difference in time and the cumulative sharing-reaction counts. The difference 

between the time when the post is created and the time when any share appears. In 

general, the speed of diffusion of posts through sharing-reaction is fast when this post 

is just created. After some time, the speed is becoming progressively slow, such as 

Post A. However, the speed of diffusion of Post B shows that the speed of diffusion 

becomes fast when a user shares Post B. After this user shares Post B, Post B is shared 

by more Facebook users. On the other hand, while a user comments on a post, the 

speed of diffusion becomes fast. We think that his or her comment brings more 

comments. These users are important on social media because their reactions bring 

more topics or actions. They maybe leaders of the movement. However, we cannot 

identify these important Facebook users. It is hard to verify these users who maybe 

leaders of the sunflower student movement in the real world. This is our research 

limitation.  



DOI:10.6814/DIS.NCCU.CS.002.2018.B02 

‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

109 
 

 
(a) Post A 

 

 

(b) Post B 
Figure 40. The cumulative sharing-reaction counts for two posts 

 

Our goal is to find important Facebook users through reactions during the 

sunflower student movement. Although we cannot know who are the leaders of this 

movement, we know these users are important Facebook users. In addition, we need 

to propose an approach to solve the problem because this dataset does not contain any 

network structure, which is required by existing approaches. 

We use the acceleration definition in Chapter 6 to mine users who change the speed 
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of diffusion of posts. We propose an algorithm to mine important users by using cross-

analysis, as shown in Figure 41. 

 

7.1  The sharing-reaction 
When the i-th share is ranked as the top-k positive acceleration, the user of the i-th 

share is a special user who can spread messages soon. If a user changes the speed of 

diffusion of posts, this user could be an important user on social networks. Each post 

chooses top-k maximal and minimal acceleration of sharing-reaction. We aggregate all 

users from the selected posts and then rank users according to the value of 

acceleration. We find top-k users who share posts to cause the maximal change of 

speed, and the top-k users are called the top-k creators for maximal acceleration; the 

acceleration is a positive number. On the contrary, the acceleration may be negative. It 

shows that some users decrease the speed of information diffusion through sharing-

reaction. We use the top-k creators to distinguish different groups of the top-k users. 

Therefore, in this dissertation, the top-k users are found by ranking users according to 

the numbers of their Facebook likes, shares, or comments. The top-k creators are 

found by ranking users according to the maximal or minimal change of speed. The 

top-k creators for minimal acceleration may have fewer friends on Facebook, or their 

friends have shared the posts before the top-k creators for minimal acceleration share 

the posts. 

Using cross-analysis, we aggregate the top-k creators for maximal acceleration and 

the top-k users who share the maximal posts; we set k to 100. The first user U102 in 

Table 12 is a top-10 creator for maximal acceleration. The other two users (U158 and 

U172, top-100 users who share the maximal posts) have the same acceleration. The 

value of acceleration is 14. The three users are active and important users for diffusion 

of posts and speed up diffusion through sharing-reaction.  

We aggregate the top-k creators for minimal acceleration and the top-k users who 
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share the maximal posts. Nobody is a top-10 user who shares the maximal posts and a 

top-10 creator for minimal acceleration. However, two users are the top-k users and 

the top-k creators, when k is 100. The first user (U152) is a top-k creator for minimal 

acceleration. For this user, the value of acceleration is -16 for one post. However, for 

the other user (U179), the value of acceleration is -16 for two posts. The two users 

may have fewer friends on Facebook or they may share posts in the unsuitable time. 

Because the two uses shared the posts, their sharing-reaction timestamps of the posts 

have reached over the timestamp corresponding to 90% cumulative count of shares, 

according to [7]. In other words, their friends have shared the posts before the two 

users share the posts. Therefore, the two users (U152 and U179, top-100 users who 

share the maximal posts) share the posts late. Nobody is a top-k creator and a top-k 

user with regard to liking and commenting on posts. Similarly, nobody appears in the 

list of the top-k creators for minimal acceleration and the list of the top-k users with 

regard to liking and commenting on posts.  

We use Figure 41 to present the algorithm of cross-analysis. It is to find important 

users who share the maximal posts and speed up the diffusion of posts through 

sharing-reaction. 
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Figure 41. Algorithm for top-k users for maximal influence for sharing-reaction 

 

7.2  The commenting-reaction 
We consider top-k maximal and minimal acceleration of commenting-reaction. We 

aggregate all users from posts and then rank users according to the value of 

acceleration. Similarity, we build top-k users who comment on posts to cause the 
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maximal change of speed, and the top-k users are called the top-k creators for 

maximal acceleration. The acceleration is a positive number. These top-k creators for 

maximal acceleration may receive more comments. More users want to comment on 

the posts after the commenting-reactions done by the top-k creators for maximal 

acceleration. On the contrary, the acceleration may be negative. It shows that some 

users decrease the speed of diffusion of posts through commenting-reaction. The top-k 

creators for minimal acceleration may handle comments or draw conclusions. For a 

post, some comments are positive and some are negative. These users handle the 

positive and negative comments. They may play important roles in the activity. 

We also set k to 100. We aggregate the top-k creators for maximal acceleration and 

the top-k users who comment on the maximal posts. Nobody appears in the list of the 

top-k creators for maximal acceleration and the list of the top-k users who comment on 

the maximal posts.  

Then, we discuss the top-124 creators for minimal acceleration through commenting-

reaction, because the value of acceleration of the top-124 creators for minimal 

acceleration is minimum. Three users are the top-124 creators for minimal acceleration 

and the top-100 users who comment on the maximal posts. Two users, U204 and U210 

in Table 14, are the top-10 users who comment on the maximal posts. They appear in 

one post. The other user (U267, a top-100 user who comments on the maximal posts) 

appears on two posts. The three users are active and important users. It presents that the 

three users can draw conclusions regardless of the negative or positive comments. 

Facebook makes it easy to add emotions to comments. Anyone can easily add a 

comment to any post on the news feed. Therefore, the three users are possibly leaders. 

They handle comments with the positive or negative words. 

Further, we aggregate the top-k users who like or share the maximal posts and top-k 

creators for maximal acceleration through commenting-reaction. There is only one user 

(U18, a top-100 user who likes the maximal posts) who is top-k user liking the maximal 
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posts and the top-k creator for maximal acceleration. It shows that the user who likes 

posts and his or her comments are spread quickly. This user is an active user. 

Nevertheless, nobody appears to be a top-k creator for minimal acceleration and a top-

k user regardless of liking and sharing on posts. 
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8. Predicting political tendency of 

posts on Facebook 

This chapter is divided into three sections. We discuss posts’ sentiment for prediction.  

Section 1 describes the method to predict political tendency of posts. We use posts 

collected from political fan pages on Facebook. Section 2 shows the explorative 

analysis. The last section demonstrates the predictive analysis. We use the sentiment 

features and interaction features for prediction. In our study, we implement various 

classification algorithms and evaluate prediction performance. 

 

8.1  Method 
We analyze posts coming from two major contemporary political groups related to left- 

or right-wing politics in the United States of America. We consider posts generated by 

the selected fan pages. For each fan page the data collection starts from its creation to 

February 2017. Although posts do not cover the whole year data in 2017, every fan page 

cover 5 whole years on average. The collected dataset in its raw format is semi-

structured. We use a relational database to store the data. 

The collected posts are transformed into documents. We convert words to lower case. 

We remove punctuation marks, stopwords and other special characters. We perform 

stemming, which removes suffixes from related words to have the common origin. We 

refer to Porter’s stemming algorithm for removing the commoner morphological 

endings from words in English [124]. To eliminate this source of error, Martin Porter 

built Snowball [125], a framework for writing stemming algorithms, and implemented 

an improved English stemmer together with stemmers for several other languages 

Snowball is a string processing language designed for creating stemming algorithms for 
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IR. First, we use the relational database to explore our data. Next, we only handle posts 

with words for sentiment analysis and prediction of left- or right-wing politics. We use 

R language to extract, clear, and stem words of posts. Then, we implement Porter’s 

stemming algorithm and Snowball language. 

The posts from political groups of fan pages have clear political tendency. We label 

each post as l (for left-wing politics) or r (for right-wing politics). The workflow for the 

processing is illustrated in Figure 42. We use R language to implement data processing. 

 

 

Figure 42. Data processing for predicting political posts 

 

We construct the term-document matrix (TDM), where a row is a post and a column 

is a word. The matrix can be used to explore the relationship between words in a set of 

posts. If a word appears in a post, the corresponding cell in the matrix has a non-zero 

value. The value of a cell is called the weight of the occurrence relationship. We 

consider two types of weights. The first type is term frequency (TF), as shown in (8), 

where c means a cell. The second type is term frequency-inverse document frequency 

(TF-IDF), as shown in (10), which needs (8) and (9), where |D| is the number of posts, 

d means a post, and t means a word. In IR, TF and TF-IDF are popular statistics. They 

are intended to reflect how important a word is to a document in a collection. They are 

often used as a weighted factor in searches of information retrieval and text mining.  

 

𝑡𝑡𝑜𝑜𝑖𝑖,𝑗𝑗 =
𝑠𝑠𝑖𝑖,𝑗𝑗

∑ 𝑠𝑠𝑘𝑘,𝑗𝑗𝑘𝑘 
 (8) 
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𝑖𝑖𝑎𝑎𝑜𝑜𝑖𝑖 = 𝑙𝑙𝑜𝑜𝑎𝑎
|𝑇𝑇|

|�𝑗𝑗 ∶  𝑡𝑡𝑖𝑖  ∈  𝑎𝑎𝑗𝑗�|
 (9) 

𝑡𝑡𝑜𝑜 − 𝑖𝑖𝑎𝑎𝑜𝑜𝑖𝑖,𝑗𝑗 = 𝑡𝑡𝑜𝑜𝑖𝑖,𝑗𝑗 × 𝑖𝑖𝑎𝑎𝑜𝑜𝑖𝑖 (10) 

We use two examples to explain them. There are 2 posts (i.e., documents) and 2 

important words (i.e., health and rich) depending on the two posts in Example 2. The 

“health” word appears 70 times and “rich” word appears 30 times in the first post. The 

“health” word appears 40 times and the “rich” word appears 60 times in the second post. 

Consequently, For the first post, TF(health)=70/(70+30)=0.7, TF(rich)=0.3. For the 

second post, TF(health)=40/(40+60)=0.4, TF(rich)=0.6. The “health” is more important 

in the first post; the “rich” is more important in the second post. There are 100 posts in 

Example 3. The “health” word appears 10 posts and then IDF(health)=log(100/10)=1. 

The “rich” word appears 100 posts and then IDF(rich)=log(100/100)=0. For Example 

3, “health” is more important than “rich”. Finally, TF_IDF trends to filter off common 

words and keep important words. We also find important words in posts of these fan 

pages. 

Posts often have emotional words. We count ratios of the positive and negative words 

for every post. We use two lexical databases in Table 28. The opinion lexicon contains 

lists of positive and negative opinion words, respectively [126]. SentiWordNet2 is a 

lexical resource for opinion mining [127]. It assigns to each synset three sentiment 

scores: positivity, negativity, and objectivity [93]. Each synset is associated with the 

three numerical scores, describing how positive, negative, and objective the terms 

contained in the synset are. The SentiWordNet is based on WordNet3, a lexical database 

for English. The SentiWordNet lexicon contains a total of 11,788 terms. When a term 

does not belong to Positive or Negative, it can be considered to be implicitly Objective. 

                                                      
2 http://sentiwordnet.isti.cnr.it/  
3 http://wordnet.princeton.edu/  

http://sentiwordnet.isti.cnr.it/
http://wordnet.princeton.edu/
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Table 28. Two Lexical Databases 

Name 
Sentiment words 

Positive words Negative words Objective words 
The opinion lexicon 2,005 4,783 - 

SentiWordNet 1,915 2,291 7,582 

On the other hand, we design the interaction features that are the numbers of 

Facebook likes, shares, and comments for each post. However, the ranges of the values 

of the interaction features are large, and this causes difficulty for classifier training. We 

use four functions to adjust the values of the interaction features. They are logarithm, 

normalization, standardization, and similarity functions defined in (11), (12), (13), and 

(14), respectively, as summarized in Table 29. For each group, we calculate the 

averages of the corresponding numbers of Facebook likes, comments, and shares. These 

numbers represent the corresponding group. For each post, we calculate its similarity 

values to the representative numbers of the two political groups regarding Facebook 

likes, comments, and shares. Therefore, the four functions can adjust the value of the 

interaction features. 

 

Table 29. Four functions for interaction feature adjustments 

Function Definition  

Logarithm 𝑜𝑜(𝑥𝑥𝑖𝑖) = 𝑙𝑙𝑜𝑜𝑎𝑎 (𝑥𝑥𝑖𝑖) (11) 

Normalization 𝑜𝑜(𝑥𝑥𝑖𝑖)=
𝑥𝑥𝑖𝑖− 𝑛𝑛𝑖𝑖𝑛𝑛(∀𝑥𝑥𝑖𝑖)

𝑛𝑛𝑎𝑎𝑥𝑥(∀𝑥𝑥𝑖𝑖) −𝑛𝑛𝑖𝑖𝑛𝑛(∀𝑥𝑥𝑖𝑖)
 (12) 

Standardization 𝑜𝑜(𝑥𝑥𝑖𝑖) =
𝑥𝑥𝑖𝑖 − 𝜇𝜇
𝜎𝜎

 (13) 

Similarity 

𝑎𝑎(𝑆𝑆, 𝑞𝑞) =
|𝑆𝑆 − 𝑞𝑞|

|𝑆𝑆| + |𝑞𝑞| 

where p is the number of likes, shares, or 
comments and q is the average number of likes, 

shares, or comments for a group of fan pages 

(14) 
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8.2  Explorative analysis 
In this dataset, there are 32,133 posts: 15,081 are from 4 fan pages from left-wing 

politics, and 17,052 are from 4 fan pages from right-wing politics. Table 30 shows 

statistics of all posts of the selected fan pages. All posts contain words of posts and no 

word of posts. In this section, we use all posts (i.e., 32,133 posts) to explore the numbers 

of posts and types of posts. Next, we construct TDM. Therefore, we only consider posts 

with messages. 

 

Table 30. The number of posts for each fan page 

Names of the fan 
pages 

Numbers of posts Left- or  
right-wing 

The started year 

Breitbart 5,282 Right-wing  2012 
The Other 98% 4,805 Left-wing 2010 

Occupy Democrats 4,445 Left-wing  2012 
Addicting Info 4,434 Left-wing 2010 

Right Wing News 3,983 Right-wing 2012 
Eagle Rising 3,605 Right-wing 2013 
LoonWatch 3,368 Left-wing 2009 

Freedom Daily 2,211 Right-wing 2015 

Figure 43 and Figure 44 show the numbers of posts of the left- and right-wing 

political fan pages for each year, respectively. From Figure 43, LoonWatch fan page is 

the first. It has the maximal number of posts in 2012 but the minimal number of posts 

in 2017. Excluding 2017, posts of LoonWatch fan page cover 8 whole years; posts of 

Freedom Daily fan page cover 2 whole years.  
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Figure 43. The number of posts of the left-wing political fan pages 

    

 

Figure 44. The number of posts of the right-wing political fan pages 

 

For a post, there are 1,332 Facebook likes, 8,840 shares, and 669 comments on 

average. One post gets 952,899 Facebook likes that is the maximal value. This post 

comes from Occupy Democrats fan page and contains 11 words and its type is video. 

Then, the second maximal value is 293,190. This post also belongs to Occupy 

Democrats fan page and its type is video. One post is shared by 4,487,409 times that 
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is the maximal value; it belongs to Right Wing News fan page. Its type is photo 

without message but it is heavily shared. The maximal number of shares of the post is 

almost 1.7 times larger than the number of the second maximal number of the post. 

The second maximal value is 2,647,646. This post comes from Occupy Democrats fan 

page and the type is video. It contains 26 words. There is a post commented by 

251,515 times. This post has the maximal value. It comes from Occupy Democrats 

fan page and the type is video. It contains 20 words. In summary, we find that posts of 

the maximal comments and Facebook likes come from Occupy Democrats fan page.  

  Table 31 reports statistics of types of posts. The type link has the maximum number 

of posts, and the second is the type photo. The numbers of the two types are similar. 

The type link has the maximum number of posts regardless of left- or right-wing 

politics. However, the number of right-wing political posts is over 2 times larger than 

the number of left-wing political posts for the type video. The number of right-wing 

political posts is over 22 times larger than the number of left-wing political posts for 

the type status. 

Table 31. Types of posts for American political fan pages 

Type Numbers 
of posts 

Numbers of 
posts with 
messages 

Numbers of right-
wing political 

posts 

Numbers of left-
wing political 

posts 
Link 15,665 14,139 8,185 7,480 
Photo 14,048 10,297 6,306 7,742 
Video 2,159 1,994 577 1,582 
Status 259 257 11 248 
Event 2 0 2 0 

  Next, we construct TDM and then discuss words of posts. We clear posts without 

messages. There are 24,642 posts that are analyzed. 14,092 posts belong to left-wing 

politics and 10,550 posts belong to right-wing politics. One post has 478 words; it is 

the maximal value. This post comes from Occupy Democrats fan page and it is shared 

10,976 times and commented 811 times. Its type is photo. On average, a post has 
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about 18 words. For the video posts, the number of left-wing political posts is almost 

3 times larger than the number of right-wing political posts. 

  We calculate the number of words for every single post, comparing left-wing 

politics and right-wing politics. The numbers of words of left-wing political posts and 

right-wing political posts are 333,196 and 145,760 words, respectively. The number of 

words of left-wing political posts is over 2 times larger than the number of words of 

right-wing political ones. The fan pages of left-wing politics use more words to show 

their opinions.  

In the dataset, there are 24,644 words after text clearing and word stemming. The 

top-10 words are “like”, “democrat”, “occupy”, “share”, “thank“, “Obama”, 

“republican”, “president”, “American”, and “Trump”. To analyze the textual data, we 

use a TDM with TF. The TDM trends to get very big for normal sized datasets. 

Therefore, we use a method to remove sparse terms (i.e., terms occurring only in very 

few documents). Normally, this reduces the matrix dramatically without losing 

significant relations inherent to the matrix. Alternatively, we use TF-IDF in the TDM, 

because TF-IDF measures the relative importance of a word to a document or post. 

The matrix contains 26,309 posts and 18,739 words. Figure 45 shows a simple word 

cloud for all posts. The maximal number of words is set 200. 

 

(a) TDM_TF                      (b) TDM_TFIDF 
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Figure 45. The word cloud for all posts 

 

Next, we analyze TDM for left- and right-wing politics, respectively. For right-

wing politics, the matrix contains 10,550 posts and 11,069 words. For left-wing 

politics, the matrix contains 14,092 posts and 15,489 words. We can draw a simple 

word cloud for the right-wing politics in Figure 46. 100 is the maximal number of 

terms in word cloud for each party. 

 
(a) TDM_TF                        (b) TDM_TFIDF 

Figure 46. The word cloud for the left-wing politics 

 

We use same conditions to draw a simple word cloud for the left-wing politics in 

Figure 47. Similarly, 100 is the number of words in the word cloud. For the left-wing 

politics, the matrix contains 14,092 documents and 15,489 terms. 
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(a) TDM_TF                      (b) TDM_TFIDF 

Figure 47. The word cloud for the right-wing politics 

 

8.3  Predictive analysis 
In this section, we focus on posts with messages (i.e., 24,642 posts) for sentiment 

analysis. We use a popular data mining software package, Weka [120]. Regarding 

classification algorithms, we use top ones [104]: Naïve Bayes, kNN (where k=1), SVM, 

AdaBoost, C4.5 Decision Tree, and CART. We compare the classification performance. 

Regarding the measure for prediction performance, we mainly use the classic F1-score, 

which is a measure that combines two commonly used measures, precision, and recall, 

as shown in (15). 

𝐹𝐹1 − 𝑢𝑢𝑠𝑠𝑜𝑜𝑛𝑛𝑒𝑒 =  2 ×
𝑃𝑃𝑛𝑛𝑒𝑒𝑠𝑠𝑖𝑖𝑢𝑢𝑖𝑖𝑜𝑜𝑛𝑛 × 𝑅𝑅𝑒𝑒𝑠𝑠𝑎𝑎𝑙𝑙𝑙𝑙
𝑃𝑃𝑛𝑛𝑒𝑒𝑠𝑠𝑖𝑖𝑢𝑢𝑖𝑖𝑜𝑜𝑛𝑛 + 𝑅𝑅𝑒𝑒𝑠𝑠𝑎𝑎𝑙𝑙𝑙𝑙

 (15) 

 

Furthermore, we use 10-fold cross-validation. It divides the dataset into 10 disjoint 

subsets. It uses 9 subsets to create a new dataset, and use the new dataset to train a 

classifier. Then, it uses the remaining 1 subset to test the classifier. It repeats the above 

two steps 10 times, and each time it uses a different subset. The final result is an 
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aggregate of the 10 test results. Cross-validation is almost the standard way to evaluate 

classifiers and compare classification algorithms and to find an optimal set of 

parameters for a classification algorithm. 

We use word frequency between documents and sentiment analysis to predict posts’ 

political tendency. For each group of political fan pages, each word is given TF value 

and a political label, l or r. Similarly, we use TF-IDF instead of TF.  

We use classification algorithms to predict posts’ political tendency. When SVM and 

CART classifiers are used, we have errors indicating that the dataset is too huge on TF 

and TF-IDF. However, while we analyze political sentiment of posts, SVM and CART 

classifiers can be applied to this dataset. Figure 48 shows our experiment result. For 

TDM_TFIDF, the best classifier is Decision Tree; the F1-score is 0.95. For TDM_TF, 

the best classifiers are Decision Tree and AdaBoost but some classification algorithms 

would not perform well. On TF and TF-IDF, Decision Tree outperforms others. Our 

results show that TF-IDF is sensitive to these classifiers. Totally, the classification 

performance on TF-IDF is better than the classification performance on TF. 

 

Figure 48. F1-scores given by TDM_TF and TDM_TFIDF 
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We use TF and TF-IDF to classify all posts, and left- and right-wing political posts. 

Figure 49 shows our experiment result using TF to predict posts’ political tendency. 

For left-wing politics, AdaBoost and Decision Tree are the best classifiers. For right-

wing politics, the best classification algorithm is Naïve Bayes. 

 

 

 

 

 

   

 

 

 

Figure 49. F1-scores given by TDM_TF 

 

Figure 50 shows our experiment result using TF-IDF. For left-wing politics, Decision 

Tree is the best classifier. For right-wing politics, the best classification algorithm is 

also Decision Tree. The F1-scores are over 0.9. A decision tree is a decision support 

tool that uses a tree-like graph or model of decisions and their possible consequences. 

It is one way to display an algorithm that only contains conditional control statements. 

Decision Tree is the best classifier on TF and TF-IDF.  
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Figure 50. F1-scores given by TDM_TFIDF 

 

We analyze political sentiment of posts using the two lexical databases. We compute 

ratios of positive words, negative words, and objective words for each post. Then, we 

predict posts’ political tendency using classifiers. Posts contain some positive words or 

negative words regardless of the left- and right-wing politics. In Figure 51, we predict 

all posts, and left- and right-wing political posts. Totally, 1NN is the best classification 

algorithm for the opinion lexicon; Naïve Bayes is the best one for SentiWordNet. 

However, regardless of classifiers and lexical databases, the classification performance 

for left-wing politics is better than the classification performance for right-wing politics. 

It may be that the number of words of left-wing political posts is over 2 times larger 

than the number of words of left-wing political ones. For left-wing politics, Naïve 

Bayes, kNN, SVM, AdaBoost, and Decision Tree are the best classifiers using the two 

lexical databases; the F1-scores are over 0.7. For right-wing politics, the best 

classification algorithm is 1NN but some classification algorithms would not perform 

well.  
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(a) The opinion lexicon 

 

(b) SentiWordNet 

Figure 51. F1-scores given by the two lexical databases 

 

We analyze interaction features for classification. We classify all posts, and left- and 

right-wing political posts. We use the original interaction values in Figure 52. 

similarity_L denotes the similarity between a number and the average of left-wing 

politics numbers. It calculates the distance between the value of an interaction feature 
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of posts and the average value of the feature of left-wing political posts. Similarly, 

similarity_R is for ring-wing political posts. The similarity is calculated with respect to 

a class. We also use logarithm, normalization, standardization, similarity_L and 

similarity_R functions for adjustments in Figure 53, Figure 54, Figure 55, Figure 56 

and Figure 57, respectively. For all posts, when the values of the interaction features 

are adjusted by the normalization and standardization functions and when CART is 

used, the F1-scores are 0.7, the best result. SVM would not perform well but CART 

and Decision Tree would. 1NN is insensitive to these adjustments. Adjustments have a 

positive effect or at least do not have a negative effect on the performance of Naïve 

Bayes and AdaBoost. For Naïve Bayes and AdaBoost, adjustments with the logarithm 

and similarity functions have a positive effect; adjustments with the normalization and 

standardization function do not have an effect.  

For left-wing political posts, when the values of the interaction features are adjusted 

by the logarithm function and when Decision Tree is used, the F1-score is 0.8, the best 

result. Results of SVM are close to those of CART and the F1-scores. SVM and CART 

are insensitive to these adjustments. Adjustments with the logarithm function have a 

positive effect and adjustments with the normalization and similarity functions have a 

negative effect on the performance of Decision Tree. For Naïve Bayes, the performance 

increase given by using the similarity function is 7 times larger than that given by using 

the normalization function and original data. The classification performance of the left-

wing political posts is larger than the performance of all posts, except when the original 

data and adjustments with the normalization function are used with Naïve Bayes.  

For right-wing political posts, when the values of the interaction features are adjusted 

by the standardization function and when CART is used, the F1-score is 0.66, the best 

result. Overall, the classification of the right-wing political posts would not be as good 

as that of the left-wing political posts. 
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Figure 52. F1-scores given by the interaction features 

 

Figure 53. F1-scores given by logarithm function of the interaction features 
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Figure 54. F1-scores given by normalization function of the interaction features 

 

Figure 55. F1-scores given by standardization function of the interaction features 
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Figure 56. F1-scores given by similarity_L of the interaction features 

 

 

Figure 57. F1-scores given by similarity_R of the interaction features 
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9. Conclusions and Suggestions 

This chapter contains two sections. Section 1 lists the conclusions of our study based 

on the results and analysis. Section 2 provides the research limitations and the directions 

for future research. 

 

9.1  Conclusions 
In recent years, Internet becomes a complicated tool enabling individuals to create 

content and communicate with others. Facebook has become the most popular social 

media. Its users include the national leaders, politicians, public figures and general 

people. Users exchange messages and share posts through the platform that it provides. 

It manages one of the fastest growing social networks worldwide. With the rise of social 

media, millions of people broadcast their ideas and opinions on a great variety of topics, 

including politics.  

During the sunflower student movement, we use skyline query to find popular posts. 

A skyline query is to retrieve dominating tuples from a set of tuples. A skyline tuple is 

one that is in the result of a skyline query or is part of the answer to a skyline query. 

Skyline query processing becomes an important research problem because it can be 

used to identify interesting tuples efficiently. In our dissertation, we define the 

dominance calculation and propose methods to reduce its computational cost. We 

propose three functions to presort the data. In experiments, we compare the running 

time of using the naïve method and each of the three functions. Overall, using one of 

the three presorting functions with Theorem 1 is better than using the naïve method for 

synthetic and real datasets. When the score range or dimension increases, the growth 

rate of the running time is less than the growth rate of score range or dimension by using 

our methods. The first function has the best performance on the synthetic datasets from 
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the two distributions. For the real datasets, the first function works well on the RC 

dataset, which is the restaurant and consumer dataset, and the second function works 

well on the FB dataset, which is regarding messages on a popular social media website. 

  In Taiwan, the sunflower student movement was an important activity in Taiwan’s 

history. Hundreds of students sat during the demonstration in Taipei to protest the ruling 

party's push for an agreement with China. They wanted the government to resume the 

negotiation of CSSTA. They used Internet technology and the power of social media. 

We analyze and exhibit their influences through creating, sharing, or commenting on 

messages on Facebook during this movement. These messages are spread soon to reach 

a large audience. This is an important tool in social networking service. We also mine 

users who are the most important users on Facebook during this movement. We 

consider the particular activity to mine important Facebook users. Our method is for 

the top-k users’ cross-analysis. When a user is a top-k user, he or she is an important 

user in the movement or activity. Many previous studies have considered the problem 

of influence maximization in social networks. For social networks, the problem of 

finding the most important users is NP-hard. However, we use a different approach to 

solve the problem. We use cross-analysis to mine top-k users for maximal influence 

from different aspects in the movement.  

During the sunflower student movement, our key findings are as follows: (1) The 

average number of shares per post is about 100, and that of comments per post is 77. 

The most popular type of posts is photo, and the second is video. (2) On average, a user 

likes 7 times, shares 3 times, and comments 2.5 times. For a user, the liking-reaction is 

easier than other reactions. Commenting on a post is harder than sharing or liking it. It 

shows that the cost of commenting on posts is higher than that of sharing or liking posts. 

(3) The average time for cumulative sharing-reaction percentage being 90% is 17 and 

half hours, and that for commenting-reaction is almost 21 hours. (4) One user is a top-

10 user who likes and shares the maximal posts; another user is a top-10 user who likes 

and comments on the maximal posts. The two users are most active users. (5) Three 
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users (U102, U158, and U172) share the maximal posts and they have maximal 

influence for information diffusion through sharing-reaction. They are active and 

influential users. (6) Three users (U204, U207, and U210) are the top-k users who 

comment on the maximal posts and the top-k creators for minimal acceleration through 

commenting-reaction. They are important users, handle comments, and draw 

conclusions. They are possibly leaders in this movement. 

For the sentiment features, we analyze the posts collected from several American 

politicians’ fan pages to develop models to predict political tendency. We use word 

frequency between documents and sentiment analysis to predict posts’ political 

tendency. The results show that F1-score is 0.95 using Decision Tree on TF-IDF. On 

TF, most classification algorithms would not perform well. The classification 

performance on TF-IDF is better than the classification performance on TF. 1NN is the 

best classification algorithm for the opinion lexicon; Naïve Bayes is the best one for 

SentiWordNet. The sentiment analysis is sensitive to some classification algorithms. 

 

9.2  Limitations and directions for 
future research 

Research limitations 

The sunflower student movement happened in 2014. In the meantime, when a user adds 

a Facebook Like button to fan pages, his or her friends did not see any message from 

this user. Therefore, while a Facebook user likes a post, he or she cannot diffuse 

information through liking reaction. In this dissertation, we investigate information 

diffusion through sharing posts or commenting on posts. We do not investigate 

information diffusion through liking posts. 

  Many studies have discussed message flow and diffusion in social networks 

websites. They have analyzed the roles that factors such as the topological structure of 
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social networks play in message spreading. However, this dissertation uses the public 

data of fan pages. Our datasets are collected through Facebook Graph API, and they do 

not contain any network structure, such as users’ friend graphs. The existing approaches 

cannot handle our datasets. Consequently, our method does not rely on the availability 

of social connections, and it can be applied to other social media websites.  

 

Future works 

We focus on effectively processing skyline query on a particular type of data. 

Nevertheless, part of future work could be to parallelize our methods. Additionally, in 

the future, we plan to use our methods on a review website for e-commerce. This can 

lead to better user experience because our methods recommend products to users by 

using individual review scores rather than an overall review score. We plan to design 

more functions to presort the data. Using real world data to evaluate our algorithms will 

be part of our future work.  

  Many review websites only use the averages of review scores of objects. Using an 

average would possibly cause information lost and other problems. By using our 

methods, the review websites can give users not only the average of review scores of 

objects but also interesting individual reviews. We propose methods to recommend 

interesting objects. In addition, the scores of review websites belong to dynamic data, 

and thus these objects including probability values are variable. We plan to provide a 

novel approach to solve this condition.  

For the political activities, we plan to predict political tendency of posts in different 

languages, such as Chinese. For English, one word denotes a meaning. However, for 

Chinese, two or three words maybe denote a meaning. Additionally, messages actually 

contain the human emotion and thoughts. Even some words sense a tinge of irony. For 

example, some words are positive literally for a user but the user is discontented or 

resentful actually. We plan to design approaches to find the problem. In this dissertation, 
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we just focus on the sentiment analysis about contents of posts. We plan to analyze the 

relationship between contents of posts and contents of comments.         
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