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Outline

e Social Network Analysis
* Opinion Mining



Social Network Analysis

* A social network is a social structure of
people, related (directly or indirectly) to each
other through a common relation or interest

e Social network analysis (SNA) is the study of
social networks to understand their structure
and behavior



Social Network Analysis

e Using Social Network Analysis, you can get
answers to questions like:
— How highly connected is an entity within a network?
— What is an entity's overall importance in a network?
— How central is an entity within a network?
— How does information flow within a network?

http://www.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis:
Degree Centrality

Mary Bob Stefan

Edgar

Fredernca Jim

([ IModerate degrees
() High degrees

Alice has the highest degree centrality, which means that she is quite active in
the network. However, she is not necessarily the most powerful person because
she is only directly connected within one degree to people in her cligue—she
has to go through Rafael to get to other cliques.

http://www.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis:
Degree Centrality

e Degree centrality is simply the number of direct relationships that
an entity has.

* An entity with high degree centrality:
— |s generally an active player in the network.
— |Is often a connector or hub in the network.

— s not necessarily the most connected entity in the network (an
entity may have a large number of relationships, the majority of
which point to low-level entities).

— May be in an advantaged position in the network.

— May have alternative avenues to satisfy organizational needs,
and consequently may be less dependent on other individuals.

— Can often be identified as third parties or deal makers.

http://www.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis:
Betweenness Centrality

Mary Bob Stetan

Mo chir g Bl v £re 55
.ngh b Ty e 55

Rafael has the highest betweenness because he is between Alice and Aldo, who are
between other entities. Alice and Aldo have a slightly lower betweenness because
they are essentially only between their own cliques. Therefore, although Alice has a
higher degree centrality, Rafael has more importance in the network in certain

respects.
http://www.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis:
Betweenness Centrality

Betweenness centrality identifies an entity's position within a
network in terms of its ability to make connections to other
pairs or groups in a network.

An entity with a high betweenness centrality generally:
— Holds a favored or powerful position in the network.

— Represents a single point of failure—take the single
betweenness spanner out of a network and you sever ties
between cliques.

— Has a greater amount of influence over what happensin a
network.

http://www.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis:
Closeness Centrality

Mary Bob Stefan

Moderate doseness
. High closeness

Rafael has the highest closeness centrality because he can reach more entities
through shorter paths. As such, Rafael's placement allows him to connect to entities
in his own cligue, and to entities that span cliques.

http://www.fmsasg.com/SocialNetworkAnalysis/

11
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Social Network Analysis: .
Closeness Centrality

e Closeness centrality measures how quickly an entity can access
more entities in a network.

* An entity with a high closeness centrality generally:
— Has quick access to other entities in a network.
— Has a short path to other entities.
— Is close to other entities.
— Has high visibility as to what is happening in the network.

http://www.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis:
Eigenvalue

[ IModerate eigen vak
) High eigen value

Alice and Rafael are closer to other highly close entities in the network. Bob and
Frederica are also highly close, but to a lesser value.

http://www.fmsasg.com/SocialNetworkAnalysis/

13
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Social Network Analysis: =
Eigenvalue

 Eigenvalue measures how close an entity is to other highly close
entities within a network. In other words, Eigenvalue identifies
the most central entities in terms of the global or overall
makeup of the network.

A high Eigenvalue generally:

— Indicates an actor that is more central to the main pattern of
distances among all entities.

— |s a reasonable measure of one aspect of centrality in terms
of positional advantage.

http://www.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis:
Hub and Authority

Hubs are entities that point to a relatively large number of authorities. They are
essentially the mutually reinforcing analogues to authorities. Authorities point to high
hubs. Hubs point to high authorities. You cannot have one without the other.

http://www.fmsasg.com/SocialNetworkAnalysis/

15
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Social Network Analysis:
Hub and Authority

iﬂ,

e Entities that many other entities point to are called Authorities.
In Sentinel Visualizer, relationships are directional—they point
from one entity to another.

e |f an entity has a high number of relationships pointing to it, it
has a high authority value, and generally:

— |Is a knowledge or organizational authority within a domain.
— Acts as definitive source of information.

http://www.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis

17

Source: http://lwww.fmsasg.com/SocialNetworkAnalysis/
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Social Network Analysis
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Social Network Analysis

Source: http://lwww.fmsasg.com/SocialNetworkAnalysis/
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Application of SNA

e Social Network Analysis of
Research Collaboration in
Information Reuse and Integration

20



Research Question

e RQ1l: What are the
scientific collaboration patterns
in the IRl research community?

e RQ2: Who are the
prominent researchers
in the IRl community?

21



Methodology

 Developed a simple web focused crawler program to
download literature information about all IRl papers
published between 2003 and 2010 from IEEE Xplore
and DBLP.

— /67 paper
— 1599 distinct author

 Developed a program to convert the list of coauthors
into the format of a network file which can be
readable by social network analysis software.

 UCINet and Pajek were used in this study for the
social network analysis.

22



Top10 prolific authors
(IR1 2003-2010)

Stuart Harvey Rubin
Taghi M. Khoshgoftaar
Shu-Ching Chen
Mei-Ling Shyu
Mohamed E. Fayad
Reda Alhajj

Du Zhang

Wen-Lian Hsu

O 0 N O U A Wwbh=

Jason Van Hulse
10. Min-Yuh Day



Data Analysis and Discussion

Closeness Centrality
— Collaborated widely

Betweenness Centrality
— Collaborated diversely

Degree Centrality
— Collaborated frequently

Visualization of Social Network Analysis

— Insight into the structural characteristics of
research collaboration networks



Top 20 authors with the highest closeness scores

Rank ID Closeness Author
1 3 0.024675 Shu-Ching Chen
2 1 0.022830 Stuart Harvey Rubin
3 4 0.022207 Mei-Ling Shyu
4 6 0.020013 Reda Alhajj
5 61 0.019700 Na Zhao
6 260 0.018936 Min Chen
7 151 0.018230 Gordon K. Lee
8 19 0.017962 Chengcui Zhang
9 1043 0.017962 Isai Michel Lombera
10 1027 0.017962 Michael Armella
11 443 0.017448 James B. Law
12 157 0.017082 Keqi Zhang
13 253 0.016731 Shahid Hamid
14 1038 0.016618 Walter Z. Tang
15 959 0.016285 Chengjun Zhan
16 957 0.016285 Lin Luo
17 956 0.016285 Guo Chen
18 955 0.016285 Xin Huang
19 943 0.016285 Sneh Gulati
20 960 0.016071 Sheng-Tun Li




Top 20 authors with the highest betweeness scores

Rank ID Betweenness  Author
1 1 0.000752 Stuart Harvey Rubin
2 3 0.000741 Shu-Ching Chen
3 2 0.000406 Taghi M. Khoshgoftaar
4 66 0.000385 Xingquan Zhu
5 4 0.000376 Mei-Ling Shyu
6 6 0.000296 Reda Alhajj
7 65 0.000256 Xindong Wu
8 19 0.000194 Chengcui Zhang
9 39 0.000185 Wei Dai
10 15 0.000107 Narayan C. Debnath
11 31 0.000094 Qianhui Althea Liang
12 151 0.000094 Gordon K. Lee
13 7 0.000085 Du Zhang
14 30 0.000072 Baowen Xu
15 41 0.000067 Hongji Yang
16 270 0.000060 Zhiwei Xu
17 5 0.000043 Mohamed E. Fayad
18 110 0.000042 Abhijit S. Pandya
19 106 0.000042 Sam Hsu
20 8 0.000042 Wen-Lian Hsu




Top 20 authors with the highest degree scores

Rank ID Degree Author
1 3 0.035044 Shu-Ching Chen
2 1 0.034418 Stuart Harvey Rubin
3 2 0.030663 Taghi M. Khoshgoftaar
4 6 0.028786 Reda Alhajj
5 8 0.028786 Wen-Lian Hsu
6 10 0.024406 Min-Yuh Day
7 4 0.022528 Mei-Ling Shyu
8 17 0.021277 Richard Tzong-Han Tsai
9 14 0.017522 Eduardo Santana de Almeida
10 16 0.017522 Roumen Kountchev
11 40 0.016896 Hong-Jie Dai
12 15 0.015645 Narayan C. Debnath
13 9 0.015019 Jason Van Hulse
14 25 0.013767 Roumiana Kountcheva
15 28 0.013141 Silvio Romero de Lemos Meira
16 24 0.013141 Vladimir Todorov
17 23 0.013141 Mariofanna G. Milanova
18 5 0.013141 Mohamed E. Fayad
19 19 0.012516 Chengcui Zhang
20 18 0.011890 Waleed W. Smari




Visualization of IRI (IEEE IR1 2003-2010)
co-authorship network (global view)

7 E/\? TN
& H]
@ & <@ L
n//o
\Z/ \7 O/o O/o 0/0 0/0
@ .\\\D

03 0/ @
N
el

2
? 'SEE
i e FRE o
00/0
A Ay

=
e

o0
o



/Br':":'ke ﬂbrahamg

5. Michael McGrath O'Edward -
Steven killer
Ming Shen & \
‘Ln:-uellen E hgn E'n'j' F. Lehdrk evin .-’-\-.l:lams

Jen-t'ao Chung

‘M ariofanna M |Ian|:|va

Andrew

F'aul Hawking
K‘QJETE La \
Trdik.a Furuppu .ﬁ.puhamllae el Dai o ¥ L
.. arian 2L
= Marmfanna . Milanioea o
o |E|I:|IIT|II T-:u:lu:uru:u'-.f// ,-'; Al L lzai Michel Lombera
JaIrD F'ava o =T Kuuntcﬁé‘an i Althes Liang "H. Nicholas Carrasco
. R Duwlana F.ountch .
qu Eh Eharles Ford y Stuart Harvey Rubin

= Choochart Haruechaivazak

.‘ ‘f—-—r
m‘ Mir Chen

Fang Fuan

o T .
== iMeiLing Sh “Na Zhao Peerapon Vateekul
iLh S \ Sheng-Tun Li
4 er' /7 || Bl
R - LR
Hua Zhong 7 vt
Shahld Ha o,
£ % ! “halid Salees
i Mark D. Pawell
Huang-Chih Hsiehili Lus
* Dianting Li” e_
* Sneh Gulatl Zifang Huang
Richa Tiwari wialter Zvrri:;gzhu .
Lln Lin G B avitz

¢ Thamar Solono



" 1. C\pajek\Pajek\Data\IEEEIRI2003-2010Coauthorship_n.net (1599) / C1. All Degree partition of N1 (1599) / V1. Normalized All Degree partition of N1 {1599) =

_ayout Layers GraphOnly Previous Redraw MNext ZoomOut Options Export Move Info

ﬁqg
|

J Jenrao Chung

c‘F'eerapon Wateekul . o
Sheng-Tun Li Yirmin Zhu

*Huang-Chih Hzieh

o'.J ames B. Law

. - Lo
‘Mariofanna Milanovahalid Salee

oHua Zhong "H. Micholas Canasca

o .
Steven Miller Guo Chen

“Zwfaler £ Tann
Lin Lin

ei-Ling S Eeel_,
_C,i‘f’}::' S i-bang Chen

I~ 1 . el ]
Mariotanna Fdilanoy a2 “_'
.

v~ 3 tuart Harvey Rubir

" - o s
E dward Grant thu;‘-\ltpea Lian ’ Na Zhac ] ]
;""’;'—:- Marion G. Cenuti X ‘._ Indika Kumuppu-4ppuhamilage
s F.asturi Chatterjes 57 Fousto Flei
#" Fausto Fleites
/\
eff W aters y

o |zai Michel Lambera
ark, D. Powell

4

SandiF. Lehan

Andrew L Melzan “Loueloh E. Mooy | -
Choochart Haruechaiyazak icha | arn

Guy Ravitz Zifang Huang

’ Hongli Luo

“G. Michasl McGrath

/Ning Shen

Faul Hawking

/‘Dalila T amzalit ///.\Hyun KD\-\_\_\_\_

Brooke Abrahams

oYu “w'ang

el Biao W

. o Thamar Salorio
Y Jairo Pava
’ w Fang Ruan
Liwfu Chang
@

30



. 1 Chpajek\Pajek\Data\IEEEIRI2003-2010Ccautharship_n.net (1599) / C1. All Degree partition of N1 (1599 / V1. Normalized All Degree partition of N1 {1599)

Layout Layers GraphOnly Previous Redraw Mext ZoomOut Options Export Mowve Info
ﬁ B |
J ‘S hihong Huarag
‘M arilyn Parker
ﬂ Shubhang Tripathi
aeh Gulati
‘Dianting Liu
H. Michalas Carrazco @ “, -
*r'udong Xiao
Yutwang P iaoyuan Su \ahhijit 5. Pandya
Guo Chen oDan He
AbuH. M. Kamal
}l .
- A= Masem Seliva

?\N’alter ELTREF Zhivei X v T Hae e}'
| Chen nn “whei Biao W S

Indika Kuruppu-Appuhamilage

Fausto Fleites

Tharmar Solorio

ang

* Richa Tiwari

/—/J'\H wun KD\\

(ToghiM. Khashgorgs - st

- i =
Lofton 4. Bullard Kehan Gao
= ndies Folleca
‘*Qiming
A Mapolitano

Huanjing ‘4 ang Abdullah M. Arslan

*Lii Zhao

“Piene Rebours
Edgar &n

] *uegang Hua
*ing-Ling Liu

oJ. Steven Hughes

ob arren Ming-Shan Fac

——
.\‘Kim wong
Yo w—%

Melzon C. M. Chu

A

“llan Chan

™~




# 1. C\pajek\Pajek)Data\IEEEIRI2003-2010Coauthorship_n.net (1593) / C1. All Degree partition of N1 (1533} / V1. Normalized All Degree partition of N1 (1593) =] — 3 |
Layout Layers GraphOnly Previous Redraw MNext ZoomOut Options Export Move Info

s o)

‘Mick Ridley——="

. _ “Chi-Hzin Huang # Po-Ting L
lyad Suleimare= . Faruk Polat

“YuTeli

= Tt ;
.-_/___/_.--- T
T amer Salma .

d [y s # Mohammad Hassan

Maha Arslan

=" " Panagiotiz Karampelas
] s || “rue-T'ang Bow
. = Omair Shafig el
‘l ltae Lee,__ \ S hibHung U /;' , Muh D a e
“Daren Ming-5 han Kao e LY / : Chun-Hung L -‘,‘“:.‘!’ ra. Richard Tzong-Han Teai
v PN e en-Lian Hz

- 7 ‘—— loan Toma Chomg-Sh :ig:‘:‘h._"“ o
o FenBake Z o Feda flhaie= \ L
R W i s L T e
it *,_l.-, T —— . e N Cheng-Lung Sung

=
®- 7 =
Fim Wong g iy A Alan Chiz-Lung Chen

Wy
W L X
Melzon C. M. Chu

‘Allan Chan f
<y
Adepele William
Mancy Situ

i iller . Mohammad Ritais ™ Cp s Gee

Megar Koochakzadeh ‘su-Ehun ren

C}Justin Liatg-Te Chiu ,

. HaaoJiang ing-Shan Su

= Fipan Inaba

mpaloma Martinez\\E Saehoon Cheon

32



Opinion Mining and
Sentiment Analysis

 Mining opinions which indicate
positive or negative sentiments

* Analyzes people’s opinions, appraisals,
attitudes, and emotions toward entities,
individuals, issues, events, topics, and their
attributes.



Example of Opinion:
review segment on iPhone

“(1) | bought an iPhone a few days ago.

(2) It was such a nice phone.

+Positive

(3) The touch screen was really cool. o~
Opinion

(4) The voice quality was clear too.

(5) However, my mother was mad with me as | did not
tell her before | bought it.

(6) She also thought the phone was too expensive,
and wanted me to return it to the shop. ... ”

-Negative
Opinion

34



An aspect-based opinion summary

Cellular phone 1:
Aspect: GENERAL

Positive: 125
Negative: 7
Aspect: Voice quality
Positive: 120
Negative: 8
Aspect: Battery
Positive: 80

Negative: 12

<individual review
<individual review

<individual review
<idividual review

<mdividual review
<individual review

sentences—=
sentences=

sentences—=
sentences—

sentences—
sentences—=

35



Visualization of aspect-based
summaries of opinions

GENERAL Voice Battery Camera Size Weight

Cellular Phone 1

Negative



Visualization of aspect-based
summaries of opinions

Positive GENERAL  Voice Batterv  Camera Size Weight

1

:"'fégati‘re Cellular Phone 1 Cellular Phone 2 -
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Classification Based on
Supervised Learning

e Sentiment classification
— Supervised learning Problem
— Three classes

e Positive
* Negative
e Neutral



Example of Opinion:
review segment on iPhone

“(1) | bought an iPhone a few days ago.
(2) It was such a nice phone.

(3) The touch screen was really cool.
(4) The voice quality was clear too.

(5) However, my mother was mad with me as | did not
tell her before | bought it.

(6) She also thought the phone was too expensive, and
wanted me to return it to the shop. ... ”



Opinion words in
Sentiment classification

e topic-based classification
— topic-related words are important
e e.g., politics, sciences, sports
e Sentiment classification
— topic-related words are unimportant

— opinion words (also called sentiment words)

e that indicate positive or negative opinions are
important,
e.g., great, excellent, amazing, horrible, bad, worst



Features in Opinion Mining

Terms and their frequency
— TF-IDF

Part of speech (POS)
— Adjectives

Opinion words and phrases

— beautiful, wonderful, good, and amazing are positive opinion
words

— bad, poor, and terrible are negative opinion words.

— opinion phrases and idioms, e.g., cost someone an arm and
aleg

Rules of opinions
Negations
Syntactic dependency



Rules of opinions

Syntactic template
<subj> passive-verb
<subj> active-verb
active-verb <dobj>
noun aux <dobj>

passive-verb prep <np>

Example pattern
<subj> was satisfied
<subj> complained
endorsed <dobj>
fact is <dobj>

was worried about <np>



Web Data Mining

Exploring Hyperlinks, Contents, and Usage Data
Introduction

Association Rules and Sequential Patterns

Supervised Learning

Unsupervised Learning

Partially Supervised Learning

Information Retrieval and Web Search

Social Network Analysis

Web Crawling

L X N O Uk WWDNRE

Structured Data Extraction: Wrapper Generation
10. Information Integration

11. Opinion Mining and Sentiment Analysis

12. Web Usage Mining

http://www.cs.uic.edu/~liub/WebMiningBook.html
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Summary

e Social Network Analysis
* Opinion Mining
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