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Data Scientist

L R

What makes a data scientist?

The big data phenomenon trained a bright spotight on those who perform deep information analysis
and can combine quantitative and statistical modeding expertise with business acumen and a talent for
finding hidden pattems. Here's a closer look.
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Socialnomics

socialnomics

how social media transforms the
way we live and do business

erik qualman

C Igihted Matesial

Source: http://lwww.amazon.com/Socialnomics-Social-Media-Transforms-Business/dp/1118232658
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Affective
Computing
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The Oxford Handbook of

AFFECTIVE
COMPUTING
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G
Affective computing

is the study and development of
systems and devices
that can
recognize, interpret,
process, and simulate

human affects.



i
Affective Computing
Affective Computing research
combines
engineering and computer science
with
psychology, cognitive science,
neuroscience, sociology, education,
psychophysiology, value-centered

design, ethics, and more.



ective
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Affective Computing
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Advancing Human Mobility

ASIMO drives more than just robotics research. Leading edge technologies
developed for ASIMO provide a springboard for other Honda product
development projects such as the ones shown below.

Click to learn more

STrRIDE MANAGEMENT ASSIST

Honda's Stride Management Assist
device is designed to help those with
weakened leg muscles but who are still
able to walk. A motor helps lift each leg
at the thigh as it moves forward and
backward. This lengthens the user's
stride, making it easier to cover longer
distances at a greater speed.

17



Emotions

Anger

Sadness

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 18

Fear




Maslow’s Hierarchy of Needs

Source: Philip Kotler & Kevin Lane Keller, Marketing Management, 14th ed., Pearson, 2012
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Maslow’s hierarchy of human needs
(Maslow, 1943)

Self-
actualization

Eoteem \

Lov \

Satety \
/e N\

Source: Backer & Saren (2009), Marketing Theory: A Student Text, 2" Edition, Sage
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Maslow’s Hierarchy of Needs

Self-fulfillment

needs

Psychological
» needs

Belongingness and love needs:
intimate relationships, friends

Source: http://sixstoriesup.com/social-psyche-what-makes-us-go-social/
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Social Media Hierarchy of Needs

Hierarchy of Needs

S
o Self
Actualization

Maslow’s Social Media

Optimization &
Monetization

Personal
Branding

Community
Building

Love &
Belonging

Ky
/ Safety &

Security Structure

Existence

Physiological
SR (Presence)

Social Media Hierarchy of Needs - by John Antonios
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Social Media Hierarchy of Needs

Self actualization /@)&Crwﬁvﬂr & sense-making

: ove Bk / f Frandshlp and forly
Safety /
wifd

Physiologiccy \h nnnnnnn .
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The Social Feedback Cycle
Consumer Behavior on Social Media

Marketer-Generated User-Generated

. _ Form
Awareness |Consideration Opinion

/

)

Source: Evans et al. (2010), Social Media Marketing: The Next Generation of Business Engagement
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The New Customer Influence Path

Awareness

Sy

vans et al. (2010), Social Media Marketing: The Next Generation

You )

--—_‘

of Business Engagement
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o0 Example of Opinion: o0
review segment on iPhone ‘

“I bought an iPhone a few days ago.
It was such a nice phone.

The touch screen was really cool.
The voice quality was clear too.

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

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

26



Example of Opinion:
review segment on iPhone

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

(2) It was such a nice phone.

®  +Positive
(3) The touch screen was really cool. ¥ ooinion
(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

A/} Opinion

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 27



Attensity: Track social sentiment across brands and competitors
http://www.attensity.com/

.......

vw.attensity.com/home/#fragment-1 jence.

=B
[!] Attensity Home Page | At

C A [ wwwattensity.com/home/ w & H S |

HTTE"IIT? Select your language | English v Contact Resources Support Blog Q

Products Solutions Services Customers Partners

Your real-time
window into the
Social Response SOCIaI WEb.

Customer Analytics “Teaming with a leading analytics provider like
Attensity offers Yahoo! a great opportunity to
deliver the key news and analysis that matter.”

Social Analytics

Industry Solutions - Yahoo!

Why Attensity

About Attensity Watch Video

Attensity is the leading provider Command Center Video ’

‘ of social analytics and
engagement solutions
JetBlue Airways v n.v.»;; =
e " 1sten
A iU /o
J DOWNI OAND NOW « 1 v e ]

‘ Attensity for Marketing

ectiveness of your social Success Story
rategies:

m

http://www.youtube.com/watch?v=4goxmBEQg2|w#!
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Sentiment Analysis
VS.
Subjectivity Analysis

Sentiment Subjectivity
Analysis Analysis
Positive
Subjective
Negative

Neutral Objective

29



Example of SentiWordNet

POS ID PosScore NegScore SynsetTerms Gloss

00217728 0.75 0 beautiful#l delighting the senses or
exciting intellectual or emotional admiration; "a beautiful child";
"beautiful country"”; "a beautiful painting"; "a beautiful theory";
beautiful party”

00227507 0.75 0 best#l (superlative of ‘good') having the
most positive qualities; "the best film of the year"; "the best solution";
"the best time for planting"; "wore his best suit”

00042614 0 0.625 unhappily#2 sadly#1 inan
unfortunate way; "sadly he died before he could see his grandchild“
00093270 0 0.875  woefully#1 sadly#3 lamentably#1

deplorably#1 in an unfortunate or deplorable manner; "he was sadly
neglected"; "it was woefully inadequate”

00404501 0 0.25 sadly#2 with sadness; in a sad manner;
"“She died last night,' he said sadly"

30



Business Insights
with
Social Analytics



Social Computing

*Social Network Analysis
*Link mining
* Community Detection

* Social Recommendation



Internet Evolution

Internet of People (loP): Social Media
Internet of Things (loT): Machine to Machine

Y Internet of Internet of Internet of Internet of
“Human to human” é “Www"

» Fixed and mobile
telephony
« SMS

A

+smart

networks

e-mail
Information
Entertainment

—/

+smart

IT platforms
and services

« e-productivity
« e-commerce

O e O

Nt

+smart

phones and
applications

“Social media” é “Machine to machine”

« Skype
« Facebook
« YouTube

« |dentification, tracking,
monitoring, metering, ...
« Automation, actuation,

payment, ...
+smart +smart
devices, Data and
objects, data ambient context

Source: Marc Jadoul (2015), The loT: The next step in internet evolution, March 11, 2015
http://www?2.alcatel-lucent.com/techzine/iot-internet-of-things-next-step-evolution/ 33
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Big Data
Analytics
and
Data Mining




Stephan Kudyba (2014),
Big Data, Mining, and Analytics:
Components of Strategic Decision Making, Auerbach Publications

Big Data,
Mining, and

AnalytiCs
-m

4 Q Stephan* fe|
Forewordiby Tom Dave‘n‘portu

Source: http://www.amazon.com/gp/product/1466568704
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Architecture of Big Data Analytics

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

y

N

Big Data
Analytics

Big Data
Analytics
Applications

Queries

Big Data Big Data
Transformation Platforms & Tools
f
Middleware N
Raw Transformed| Maps.educe
Data Extract Data H'Ig
» Transform > e
Load Jagl
Zookeeper
Hbase
Data Cassandra
Warehouse Oozie
| Avro
Traditional Mahout
Format Others
CSV, Tables L

Reports
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Architecture of Big Data Analytics

Big Data
Sources

\

* Internal
* External

* Multiple
formats

* Multiple
locations

* Multiple
applications

Big Data
Transformation

Big Data
Platforms & Tools

Big Data
Analytics
Applications

Queries

Reports

Source: Stephan Kudyba (2014), Big Data, Mining, and Analytics: Components of Strategic Decision Making, Auerbach Publications
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Social Big Data Mining

(Hiroshi Ishikawa, 2015)

Social Big Data

Source - http://lwww.amaz

Mining

Hiroshi Ishikawa

on.com/Social-Data-Mining-Hiroshi-Ishikawa/dp/149871093X
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N N N R R R R N R R R R R N N R RN R M M Ny,

Enabling Technologies

* Integrated analysis model

Natural Language Processing
Information Extraction
Anomaly Detection
Discovery of relationships
among heterogeneous data
Large-scale visualization

Parallel distrusted processing

S ————

Architecture for
Social Big Data Mining

1
l' \ ]
] ) { ‘\Conceptual Layer
] | i \ I.
y 1 F v 2
[ 1 y ‘
/ Lo Y \
/ Vol /~ Data \
1 \ I a
/ g ~.Mining
J ! B (\
! Multivariate “.' Application

specific task

Logical Layer

Software

Social Data

Hardware

Physical Layer\'

S T T

Analysts

* Construction and
confirmation
of individual
hypothesis

* Description and
execution of
application-specific
task

39



Business Intelligence (BIl) Infrastructure

Extract, transform,
load

o
Historical
mﬁ
Casual users
* Queries
* Reports

¢ Dashboards

000

Il Sii Il

Power users
* Queries
* Reports

Hadoop
Cluster

:'-'D'atE Fﬁﬁiﬁg':

Source: Kenneth C. Laudon & Jane P. Laudon (2014), Management Information Systems: Managing the Digital Firm, Thirteenth Edition, Pearson. 40



Deep Learning

Intelligence from Big Data



https://www.vlab.org/events/deep-learning/
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Social Video Video
Media Surveillance Rendering

Smart
Grids Exploration Imaging Sequencing



Data Scientist.

The Sexiest Job
of the 21st Century

(Davenport & Patil, 2012)(HBR)



Data Scientist:

The Sexiest Job of the 21st Century

hen Jonathan Goldman ar-

rived for work in June 2006
at LinkedIn, the business
networking site, the place stll
felt like a start-up. The com-
pany had just under 8 million
accounts, and the number was
growing quickly as existing mem-
bers invited their friends and col-
leagues to join. But users weren't
seeking out connections with the people who were already on the site
at the rate executives had expected. Something was apparently miss-
ing in the social experience. As one LinkedIn manager put it, “It was
like arriving at a conference reception and realizing vou don’t know
anyone. 5o you just stand in the comer sipping your drink—and you
probably leave early.”

Meet the people who
can coax treasure out of
messy, unstructured data.
by Thomas H. Davenport
and D.J. Patil

7o Harvard Business Review October zonz
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Data Scientist Profile

Quantitative

Communicative
and

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Key Roles for a
Successful Analytics Project

Business Intelligence
Analyst

Attt

Business User Projact Sponsor Project Manager

Database
Administrator (DBA

Data Engineer Data Scientist

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015
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Key Outputs from a
Successful Analytics Project

' Code WOM Presentation for Analysts
&= Technical Specs HIN Presentation for Project Sponsors

Busines User

7

Project Manager Business Intelligence Analyst

L

Source: EMC Education Services, Data Science and Big Data Analytics: Discovering, Analyzing, Visualizing and Presenting Data, Wiley, 2015 47



Word-of-mouth
on the Social media

* Personal experiences and opinions about
anything in reviews, forums, blogs, micro-blog,
Twitter.

* Posting at social networking sites, e.g.,
Facebook

« Comments about articles, issues, topics,
reviews.

48



Social media + beyond

e Global scale

— No longer — one’s circle of friends.

* Organization internal data

— Customer feedback from emails, call center

* News and reports

— Opinions in news articles and commentaries

49



Social Media and the
Voice of the Customer

e Listen to the Voice of the Customer (VoC)

— Social media can give companies a torrent of
highly valuable customer feedback.

— Such input is largely free

— Customer feedback issued through social media is
qgualitative data, just like the data that market
researchers derive from focus group and in-depth
Interviews

— Such qualitative data is in digital form —in text or
digital video on a web site.

Source: Robert Wollan, Nick Smith, Catherine Zhou, The Social Media Management Handbook, John Wiley, 2011.
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Listen and Learn
Text Mining for VoC

* Categorization

— Understanding what topics people are talking or

writing about in the unstructured portion of their
feedback.

e Sentiment Analysis

— Determining whether people have positive,
negative, or neutral views on those topics.

Source: Robert Wollan, Nick Smith, Catherine Zhou, The Social Media Management Handbook, John Wiley, 2011.
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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.
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Opinion Mining and
Sentiment Analysis

Computational study of
opinions,

sentiments,
subjectivity,
evaluations,

attitudes,

appraisal,

affects,

vViews,

emotions,

ets., expressed in text.

— Reviews, blogs, discussions, news, comments, feedback, or any other
documents

53



Terminology

e Sentiment Analysis
is more widely used in industry

* Opinion mining / Sentiment Analysis
are widely used in academia

* Opinion mining / Sentiment Analysis
can be used interchangeably
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Why are opinions important?

* “Opinions” are key influencers of our behaviors.

* Our beliefs and perceptions of reality are
conditioned on how others see the world.

* Whenever we need to make a decision, we
often seek out the opinion of others.
In the past,
— Individuals
* Seek opinions from friends and family

— Organizations

e Use surveys, focus groups, opinion pools, consultants
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Applications of Opinion Mining

Businesses and organizations
— Benchmark products and services
— Market intelligence

* Business spend a huge amount of money to find consumer
opinions using consultants, surveys, and focus groups, etc.

Individual

— Make decision to buy products or to use services

— Find public opinions about political candidates and issues
Ads placements: Place ads in the social media content

— Place an ad if one praises a product

— Place an ad from a competitor if one criticizes a product
Opinion retrieval: provide general search for opinions.
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Research Area of Opinion Mining

* Many names and tasks with difference
objective and models

— Sentiment analysis

— Opinion mining

— Sentiment mining

— Subjectivity analysis

— Affect analysis

— Emotion detection

— Opinion spam detection

Source: Bing Liu (2011) , “Web Data Mining: Exploring Hyperlinks, Contents, and Usage Data,” Springer, 2nd Edition, 57



Existing Tools
(“Social Media Monitoring/Analysis")

Radian 6
Social Mention
Overtone OpenMic

Microsoft Dynamics Social Networking
Accelerator

SAS Social Media Analytics
Lithium Social Media Monitoring
RightNow Cloud Monitor
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Word-of-mouth
Voice of the Customer
* 1. Attensity

— Track social sentiment across brands and
competitors

— http://www.attensity.com/home/

e 2. Clarabridge
— Sentiment and Text Analytics Software

— http://www.clarabridge.com/
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Attensity: Track social sentiment across brands and competitors
http://www.attensity.com/

www.attensity.com/home/#fragment-1

=B
[!] Attensity Home Page | At

C ft [0 www.attensity.com/home/ w s HES N

HTTE"I'TV Select your language | English Y Contact Resources Support Blog Q

Products Solutions Services Customers Partners

Your real-time
window into the
Social Response SOCIaI WEb.

Social Analytics

Customer Analytics “Teaming with a leading analytics provider like
Attensity offers Yahoo! a great opportunity to
deliver the key news and analysis that matter.”

Industry Solutions - Yahoo!

Why Attensity

About Attensity Watch Video

Attensity is the leading provider Command Center Video

of social analytics and

engagement solutions

JetBlue Airways [ . u c:
f‘j Listen. -
Jence. J DOWNI OAD NOW ', v

Attensity for Marketing

ectiveness of your social Success Story
rategies:

m

http://www.youtube.com/watch?v=4goxmBEQg2|w#!
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Clarabridge: Sentiment and Text Analytics Software
http://www.clarabridge.com/

[ = | B |
/a3 Sentiment and Text Anal
€« > C A [ www.clarabridge.com T e WM S W =

-

Home  About Us Mews & Events Blog Login  Contact Us N

clarabridge o

WHY TEXT ANALYTICS PRODUCT SERVICES CUSTOMERS PARTHERS RESOURCES ABOUT US

The First Sentiment and Text Analytics Solution Built
Specifically for Business.

< The Clarabridge sentiment and text analytics software provides enterprises with a
universal view of their customers.

Learn more about how Clarabndge works =

..............
ERGERICE

Clarabridge Text Analytics Choose Your Edition

Clarabridge for Enterprises

_ |deal for companies seeking an enterprise class Hypatia Researc.h L
= - text analvtics solution. presents on Social

http://www.youtube.com/watch?v=IDHudt8M9P0
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http://www.radian6.com/

o — e

/" £» Social Media Monitoring \é
e

C A © www.radian6.com e S RN

I : 18886723426 AvoutRadian  Contact CUSTOMER LOGIN GO

How We Help B8 What We Sell B3 SeeDemo B3 Free Resources B@ Training & Support E3

The Social Enterprise. == =
Get closer to your customer. N * Chat & find
Learn how > l’ ontact you out more.

| (eSSl

|
Live Demo ,4
Ml

Free Trial ] n
"

Sales The social web is a goldmine  Marketing Brands are now the sum Customer Service Take your Newsletter Sign up and
of untapped sales opportunities. of the conversations about them. customer service where your get the regular Radian® Tube
Let us help you realize your potential. Learn We can help you hear what's being said. consumers are gathering. goods. "
more = Learn more = Respond to issues voiced on the social web. Enter email addres m 8

Learn more >

w

Mashable named Radiané's Co-founder Chris Ramsey one of five masterminds redefining social media

m

. CASE STUDY
JUST a NEe diala o

http://www.youtube.com/watch?feature=player embedded&v=8i6Exg3Urg0
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http://www.sas.com/software/customer-intelligence/social-media-analytics/

. ﬁ. Social Media Monitoring > \K \
«

C A © wwwsas.com/software/customer-intelligence/social-media-analytics/ w s B BE@A
Log In Worldwide Sites ¥ | Contact Us 3 [ £ /I3 Follow Us

)

THE
SaS POWER NEWS EVENTS CONSULTING CAREERS RESOURCE CENTER
. . TO KNOW,

Providing software solutions since 1976 | @

Home Products & Solutions | Customer Success Partners Company Support & Training

m

PRODUCTS & SOLUTIONS / SOCIAL MEDIA ANALYTICS

Products and Solutions SAS®@ Social Media Analytics

: . . . Questions?
& [ndustries : Integrate, archive, analyze and act on online conversations

= Small and Midsize Business

[ Overview 1[ Benefits ][ Features ][ Demos & Screenshots 1[ System Requirements 1

@ Nonprofit Organizations

= Analytics ;
@ Business Analytics SAS Social Media Analytics is an enterprise-hosted, on- |
* Business Intelligence demand snlutl_on t_hat |ntegrates‘_ archwes, analyzes and €€ The great thing about SAS is that it's
Cust inteli . enables organizations to act on intelligence gleaned from 5o powerful and has such a broad
° ustomer’nfeligence ;  online conversations on professional and consumer- offering. b} Text Analtics f
- Strategy & Planning i generated media sites. It enables you to attribute online § Szcialnl'e'llggicast L
¢ [nformation & Analytics i conversations to specific parts of your business, allowing —Jonathan Prantner Evolvi . Toals fi
i - : lerated t ketol hift : Manager of Statistics R MO 08 S ki
< Orchestration & Interaction ¢ accelerated responses to marketplace shiits. : = - an Evolving Environment
: : rganic

L Customer Experience ) . )
Based on your unigue business challenges and enterprise

Cus.tomerl.Ex;ierle-n_ce Analy‘tlcsé goals, SAS can provide a tailored implementation that's 5 e :
- Social Media Analytics ¢ hosted and managed by SAS Solutions OnDemand. i :
- Web Analytics ;
¢ Financial Intelligence Benefits Product Demo sAs® social Media Analytics

@ Foundation Tools = Analyze conversation data. 5 EYEIED
. . . VEMNIEW
¢ Fraud & Financial Crimes = l|dentify advocates of, and threats to, corporate

= Governance, Risk & Compliance reputation and brand.

RESOURCES ...
@ High-Performance Analytics = Quantify interaction among traditional media/campaigns s+ Fact Sheet (PDF)
© Human Capital Intelligence and social media activity. s> Solution Brief (PDF)
= Information Management = Establish a platform for social CRM strategy. s> White Papers

B IT @~ Coashlamant P Y ¥ P Sy g

63



http://www.sas.com/software/customer-intelligence/social-media-analytics/
http://www.sas.com/software/customer-intelligence/social-media-analytics/
http://www.sas.com/software/customer-intelligence/social-media-analytics/
http://www.sas.com/software/customer-intelligence/social-media-analytics/
http://www.sas.com/software/customer-intelligence/social-media-analytics/
http://www.sas.com/software/customer-intelligence/social-media-analytics/
http://www.sas.com/software/customer-intelligence/social-media-analytics/

http://www.tweetfeel.com

" Ell What do tweeple think ak

C N O wwwiweetfeel.com/
FAQ | Contact Us

feel 4

Weroee | seacn ]

Try some Twitter trends:

40 41

Those are all the results available right now. Try again or try another term to see how people feel towards it.
Got questions?

r;—;a'-. RT @jigglinjello: This 12 year old has an wit

l’ Al

l
k. SomyO9year old littie sister has a Wi bruh?!
<

W

ﬁ;*; 1 This 12 year old has an wif
iy i |

f So my sister has a android and i dont even have a phone and she gets a brand new

"E} is funny ass a bitch

H -Ohwell .. a new won't hurt , aha

@ Fotiow s Brougnt o you by

.Em:ll us Cﬂnversft'on
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http://tweetsentiments.com/

Lant
Enc

Tweet Sentiments - Know ."'-,

= | B S|

€« C A  © tweetsentiments.com/analyze?utf8= v &qg=iphoneds&topic=true&commivy ¢ [ S W EH A\

Dashboard Analyze Recent  Top 1000 Users Maps Charts | About < Login

-

m

Tweet Sentiment Analysis

- 50.00 Sentiments Profile
Iphoneds : Index[0-1007: 50.00 Education:
User ) Topic @ postive:™ 8 Flamboyance:

) Skng:
Negative:™® 1
Analyze Tweets ' ‘ g - - Gender:

Age:
Total Analyzed: 0

Miggie, if i dont jailbreak my Iphone4s, u mean i cant play Street fighter4? wif @louistekneeq
1 minute ago by Flow__Show

U240 —100007F 1 #Arashi 288 fan #wstcg #4FFFEZE #followme #7 #2F0 #kimiboku #ntb
#autofollow #apple #mt2 #4H 5 +0-M&4 #iphoneds #Arashi #twitter #EIHTFT O
1 minute ago by designer_sayaka

Rumaor has it that #Apple #iPhoned will have a 4" screen (compared 2 3.5" in #iPhone4S ), gving direct
competition 2... http://t.cofzsIGFXbX O
1 minute ago by abhay01007

RT @BallMe_Dollar: The iPhone4S look better then the iPhones. @
1 minute a3go by SuckMy_Twithuts

#iphoneography #iphonography #bahrain #iphone4s #photography #sunrise #scenery #beautiful #sun
http://t.co/Ee4VNmsL
2 minutes ago by thementaldawg
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http://www.eland.com.tw/solutions

T E

/(@ OpView EBEE | SER » |

CH O www.eland.com.tw;"sout'o-wsl

Cloud
Services
QLAN BEERRE B EiRRTS EHEERE HimEE e E Sl FiE R EES
- - Obview GPUIEH.J "‘-n f §
WD O 4o ren —— Q0
OpView Service = m e
A% 4 B R B o —

## FOpView - mi#fiz% - WRERRNE AT ER

eCPO0 0O

[OpView i 2% | |8
. BS
OpV|eW EE?;)’IJ /éu,‘l%]\% AT -
‘@ OpView Insight DM
T opview g Ot#EiE DM
ftE 2 OpViewjkss ? ) OpViewiEOmS:2:
OpView 2 BB EHE - B - SR EMAIESIETS - ®

OpViewfRT5s - IR I RIMRE TR BAY SRR - LEIREHEAEY - OpViewlRFFHE - /A3 - A1TE8TE
REE AR - M EIRBRFEMEFEH - OpView BB R M X @RS 2R EAREAI TS - B

m

http://opview-eland.blogspot.tw/2012/05/blog-post.html
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Web Mining Overview

Web is the largest repository of data
Data is in HTML, XML, text format

Challenges (of processing Web data)

— The Web is too big for effective data mining
— The Web is too complex

— The Web is too dynamic

— The Web is not specific to a domain

— The Web has everything

Opportunities and challenges are great!
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Web Mining

 Web mining (or Web data mining) is the process of
discovering intrinsic relationships from Web data
(textual, linkage, or usage)

! Web Content Mining )
Source: unstructured
textual content of the
Web pages (usually in
HTML format)

\L J/

|
TN

(Web Structure Mining\
Source: the unified
resource locator (URL)
links contained in the
Web pages

.

Web Usage Mining
Source: the detailed
description of a Web
site’s visits (sequence
of clicks by sessions)

~\

J
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Web Content/Structure Mining

* Mining of the textual content on the Web
e Data collection via Web crawlers

* Web pages include hyperlinks

— Authoritative pages
— Hubs
— hyperlink-induced topic search (HITS) alg
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Web Usage Mining

e Extraction of information from data generated
through Web page visits and transactions...

— data stored in server access logs, referrer logs, agent
logs, and client-side cookies

— user characteristics and usage profiles

— metadata, such as page attributes, content attributes,
and usage data

e (Clickstream data
e Clickstream analysis
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Web Usage Mining

* Web usage mining applications
— Determine the lifetime value of clients
— Design cross-marketing strategies across products.
— Evaluate promotional campaigns

— Target electronic ads and coupons at user groups based
on user access patterns

— Predict user behavior based on previously learned rules
and users' profiles

— Present dynamic information to users based on their
interests and profiles...
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User /
Custom

Web Usage Mining

(clickstream analysis)

er

@

_l\
_l/

A

Website

=

Weblogs

-\
—

Pre-Process Data
Collecting
Merging
Cleaning \
Structuring

- Identify users _l/
- Identify sessions

- Identify page views
- Identify visits

tHow to better the data

Extract Knowledge
Usage patterns
User profiles
Page profiles
Visit profiles
Customer value

4
| I
18-24 2534 3544 45-54 S5+

5%
L, d0%
£ asw
= 30%
5 25%
= 20%
8 15%
5 1om
5%
%

1
1

How to improve the Web site

\_ How to increase the customer value

_/
)
J
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Web Mining Success Stories

e Amazon.com, Ask.com, Scholastic.com, ...
* Website Optimization Ecosystem

Customer Interaction Analysis of Interactions Knowledge about the Holistic
on the Web - N\ View of the Customer

[ Web

Analytics J

Voice of

Customer J a \

Customer Experience im i '
Management o . Fa
\_ ) \ 7

t )

Source: Turban et al. (2011), Decision Support and Business Intelligence Systems




Web Mining Tools

Product Name

URL

Angoss Knowledge WebMiner
ClickTracks

LiveStats from DeepMetrix
Megaputer WebAnalyst
MicroStrategy Web Traffic Analysis
SAS Web Analytics

SPSS Web Mining for Clementine
WebTrends

XML Miner

angoss.com
clicktracks.com
deepmetrix.com
megaputer.com
microstrategy.com
sas.com

spss.com
webtrends.com

scientio.com
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Evaluation of
Text Mining and Web Mining

* Evaluation of Information Retrieval

* Evaluation of Classification Model (Prediction)
— Accuracy
— Precision

— Recall

— F-score
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Analyzing the Social Web:
Social Network Analysis



Jennifer Golbeck (2013), Analyzing the Social Web, Morgan Kaufmann

. AL | . 4 » "
)
b <« ¥R .
. N
~ : .
 aud ~

Analyzing the
Social Web

Jennifer Golbeck

Source: http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311 8



http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311
http://www.amazon.com/Analyzing-Social-Web-Jennifer-Golbeck/dp/0124055311

Social Network Analysis (SNA)
Facebook TouchGraph

' i TouchGraph Photos

x

X

€ - C | [3 box.touchgraph.com/facebook/TGFacebookBrowser.php?&signed_request=Gi-L3_6HrZ0S3SjxAXGdHROrhMzgBjUnvFJ9vE4W6vg.ey)hbGdveml0aGOIOUITUFDIy | =

f Profiles |  Networks |

Facebook Profile

None
681

aw

|Network |v| [Au

Ivl@ @ List ) Photo

4
3

@ Show Top 1005 Friends ) Show All Friends
I !

l&-@ Upload| |Advanced |Restart

Zoom: I .

!
- e,

Spacing: T

]

Name Rank# | Friend # | Danny
Min-Yuh Day 1 681|
Gladys Hsieh 2 85|= Aﬁa
=AM 3 74
MR 4 67 ||
John Lee 5 104
Kevin Tu 6 61
Yung Yu Shih 7 45
|Wei Chen 8 107
Chichang Jou 9 50!
Allen Green 10 81
=IZE) 1 65
J2ERE 12 44
|Eric Chen 13 51
RIRE 14 39
Jessica Tien 15 49
ERE 16 112
Enrico Lu 17 59
YaHan Hsieh 18 64 powered by
T8E 19 56 TouchGraph |_|
EEEE] 20 80| |
“dsizls 21 731> [« [»]
| @ Done!
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Social Network Analysis

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

Source: (c) Jaideep Srivastava, srivasta@cs.umn.edu, Data Mining for Social Network Analysis
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Social Network Analysis (SNA)

Centrality

Prestige



Degree
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Degree

N NN
<m0 0w
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Density




Density

Edges (Links): 5
Total Possible Edges: 10
Density: 5/10 = 0.5
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Density

Nodes (n): 10

Edges (Links): 13

Total Possible Edges: (n*(n-1))/2=(10*9) /2 =45
Density: 13/45 = 0.29
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Which Node is Most Important?




Centrality

* Important or prominent actors are those that
are linked or involved with other actors
extensively.

* A person with extensive contacts (links) or
communications with many other people in
the organization is considered more important
than a person with relatively fewer contacts.

* The links can also be called ties.
A central actor is one involved in many ties.
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Social Network Analysis (SNA)

* Degree Centrality
* Betweenness Centrality
* Closeness Centrality



Degree
Centrality




Social Network Analysis:
Degree Centrality




Social Network Analysis:
Degree Centrality

Standardized

Node | Score
Score

A 2 |2/10=0.2
B 2 |2/10=0.2

3/10=0.3

3/10=0.3

2/10=0.2

4/10=0.4

3/10=0.3

1/10=0.1

— | — | T | M| m|O
R IR WA INIW W

1/10=0.1
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Betweenness
Centrality




Betweenness centrality:

Connectivity

Number of shortest paths
going through the actor



Betweenness Centrality

CB(I): Z Oi (')/ O
J<k
Where g;, = the number of shortest paths connecting Jk
0j(1) = the number that actor 1 is on.

Normalized Betweenness Centrality

C's (i)=Cg(i)(n-1)(n-2)/2]:

Number of pairs of vertices
excluding the vertex itself
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Betweenness Centrality

A:

B—2>C:0/1=0
B->D:0/1=0
B2>E:0/1=0
C->D:0/1=0
C2>E:0/1=0
D2>E:0/1=0

Total: 0

A: Betweenness Centrality = 0
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Betweenness Centrality

B:

A->C:0/1=0
A->D:1/1=1
A-2E:1/1=1
C->D:1/1=1
C-2>E:1/1=1
D2>E:1/1=1

Total: 5

B: Betweenness Centrality = 5

98



Betweenness Centrality

C:

A—->B:0/1=0
A->D:0/1=0
A—2>E:0/1=0
B->D:0/1=0
B2>E:0/1=0
D2>E:0/1=0

Total: 0

C: Betweenness Centrality = 0
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Betweenness Centrality

w >

o1 O

mo O
© oo
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Which Node is Most Important?
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Which Node is Most Important?
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Betweenness Centrality

CB(i): Zgik (i)/ O i

J<k

o P



Betweenness Centrality

A:

B—2>C:0/1=0
B->D:0/1=0
B2>E:0/1=0
C->D:0/1=0
C2>E:0/1=0
D2>E:0/1=0

Total: 0

A: Betweenness Centrality = 0
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Closeness
Centrality




Social Network Analysis:
Closeness Centrality

C-2>A:
C->B:
C->D:
C->E:
C->F:
C->G:
C->H:
C->1I:
C->1J:

WWNRNRRRR

Total=15

C: Closeness Centrality = 15/9 = 1.67
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Social Network Analysis:
Closeness Centrality

G2A:
G—>B:
G>C:
G->D:
G2>E:
G2>F:
G2>H:
G>1:
G>J:

NNPRFRE R ERENREDNDN

Total=14
G: Closeness Centrality = 14/9 = 1.56

107



Social Network Analysis:
Closeness Centrality

H->A:
H->B:
H->C:
H->D:
H->E:
H>F:
H->G:
H>1:
H->J:

FFRPEFERENNDNDND WW

Total=17
H: Closeness Centrality = 17/9 = 1.89
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Social Network Analysis:
Closeness Centrality

G: Closeness Centrality = 14/9 =1 560
C: Closeness Centrality = 15/9 = 1.67 @
H: Closeness Centrality = 17/9 = 1.89 @
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Eigenvector centrality:

Importance of a node
depends on
the importance of its neighbors



Social Network Analysis
(SNA) Tools

* NetworkX
* ijgraph

L * Gephi

Netwerks

* UCINet
* Pajek




The Open Graph Viz Platform
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