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Disclaimers

« What this tutorial will not cover/do

- Comprehensive Study of various Diffusion Models,
Applications, Network Measurements.

- General Graph Mining
- Analytics of Social Media
Heterogeneous Information Networks
No completeness guarantee on focal topic!

« Where to look if you are interested in these topics?

Information Diffusion and Influentials [Budak, Al Abbadi,
and Agrawal VLDB 2011]

Graph Mining [Faloutsos, Miller and Tsourakakis KDD 2009]
Social Media Analytics [Leskovec KDD 2011]
Heterogeneous IN [Han, Sun, Yan, and Yu, KDD 2010].

Christos Faloutsos, Gary L. Miller, and Charalampos
E. Tsourakakis:

Large Graph-Mining: Power Tools and a
Practitioner's Guide.

KDD 2009
http://www.math.cmu.edu/~ctsourak/KDD0O9/FOIL
S-pdf.zip

http://videolectures.net/kdd09 faloutsos miller t
sourakakis lgm/

[ranking on a graph, community detection,
influence propagation, spectral graph theory, ...]

Divyakant Agrawal, Ceren Budak, and Amr El
Abbadi:

Information diffusion in social networks: observing
and affecting what society cares about.

CIKM 2011 [revised version of VLDB 2011 tutorial]
http://doi.acm.org/10.1145/2063576.2064036
http://www.cs.ucsb.edu/~cbudak/CIKM_Tutorial P
DF.pdf

[similarities with this tutorial, some focus on
finding and characterising influentials, ...]

Jure Leskovec:

Tutorial on Social Media Analytics.

KDD 2011

http://videolectures.net/single leskovec social/
[tracking and modeling information flows,
modeling tie strength, trust and distrust, ...]

Jiawei Han, Yizhou Sun, Xifeng Yan, and Philip S. Yu:
Mining Heterogeneous Information Networks

KDD 2010
http://www.cs.uiuc.edu/homes/hanj/pdf/kdd10 jh
an.pdf

[clustering, ranking, data quality, role discovery,
evolving information nets ...]



http://www.math.cmu.edu/~ctsourak/KDD09/FOILS-pdf.zip
http://www.math.cmu.edu/~ctsourak/KDD09/FOILS-pdf.zip
http://www.math.cmu.edu/~ctsourak/KDD09/FOILS-pdf.zip
http://www.math.cmu.edu/~ctsourak/KDD09/FOILS-pdf.zip
http://videolectures.net/kdd09_faloutsos_miller_tsourakakis_lgm/
http://videolectures.net/kdd09_faloutsos_miller_tsourakakis_lgm/
http://doi.acm.org/10.1145/2063576.2064036
http://www.cs.ucsb.edu/~cbudak/CIKM_Tutorial_PDF.pdf
http://www.cs.ucsb.edu/~cbudak/CIKM_Tutorial_PDF.pdf
http://videolectures.net/single_leskovec_social/
http://www.cs.uiuc.edu/homes/hanj/pdf/kdd10_jhan.pdf
http://www.cs.uiuc.edu/homes/hanj/pdf/kdd10_jhan.pdf
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Qutline

e Part |: Motivation, Applications and Key
Concepts

e Part Il: Data and Tools
e Part lll: Influence Maximization
e Part IV: Other Issues

e Part V: Challenges




Part |

Motivation, Applications and
Key Concepts
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Part I: Qutline

- Social Networks and Social
Influence

- Real-world stories

- Example applications
- The Flip Side




Social Networks and Social
Influence
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nline Social Networking Sites

flickr “‘" = B

twiktker
orkut

"'myspace com

a place for friends




Social Networks & Media

SarcasticRover W Follow
SarcasticRover 291
Not the real @ marscuriosity...
B like f care 257

4th Rock From the Sun  hitp-#mars jpl nasa govimsl

63,197

Oh sure, I can't think of anything I'd rather be doing
than driving around a wasteland looking at dirt for the

rest of my life.

. SarcasticRover 3 days ago

I'm really glad all you fricken hipsters took a vague
interest in science for 8 hours. Thanks for that.

. . SarcasticRover 3 days ago




Information Propagation

PN
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09:00 09:30

People are connected and perform actions

!

friends, fans, comment, link, rate, like,
followers, etc. retweet, post a message,
photo, or video, etc.




Basic Data Model

Graph: users, links/ties  Loq: user, action, time
G = (V’E) A= {(Ul, aq, tl)' }

John User Action Time

John Rates with 5stars  June 3d
“The Artist"
Mary Peter

Peter Watches June 5t

; “The Artist"
Jen

Jen




Real World Stories




Social Influence: Real-world Story |

12K people, 50K links, medical records from 1971 to 2003

Alter Type

Ego-perceived friend —_—

Mutual friend -
Alter-perceived friend —1—

Same-sex friend _
Oppositesex fnend L _a
Spouse ——

Sibling —o—

Same-sex sibling ——
Oppositesex sibling —

Immediate neighbor  ——————g—

L T
0 100 200
Increase in Risk of Obesity in Ego (%)

Obese Friend = 57% increase in chonces of obesity
Obese Sibling 2 40% increase in chances of obesity
Obese Spouse - 37% increase in chances of obesity

[Christakis and Fowler, New England Journal of Medicine, 2007]

Nicholas A. Christakis and James H.
Fowler:

The Spread of Obesity in a Large Social
Network over 32 Years.

The New England Journal of Medicine
2006
http://www.nejm.org/doi/full/10.1056
/NEJMsa066082

[12,067 people from 1971 to 2003]



http://www.nejm.org/doi/full/10.1056/NEJMsa066082
http://www.nejm.org/doi/full/10.1056/NEJMsa066082

Social Influence: Real-world Sfory |

Key to understanding people is
understanding ties between
them.

Your friend’s friends’ actions and
feelings affect your thoughts,
feelings and actions!

+ Back pain: spread from West to East in Germany after fall of Berlin Wall
+ Suicide: well known to spread throughout communities on occasion

« Sex practices: e.g., growing prevalence of oral sex among teenagers

+ Politics: the denser your connections, the more intense your convictions

14 [Christakis and Fowler 2011]

Nicholas A. Christakis and James H.
Fowler:

Connected: The Surprising Power of
Our Social Networks and How They
Shape Our Lives.

2011 (Back Bay Books)
http://connectedthebook.com/



http://connectedthebook.com/

Social Media “Friends”

| would delete you off of my
facebook frnends list, but

then you wouldn't be
able to see all the fun
things | do without
you.




Social Influence: Real-world Story |l

® Hofmoil’s Vil‘Ol C||mb Join the world's largest e-mail service

1'0 The Top SpOT with MSN Hotmail. http://www.hotmail.com

(905)- 8 million users Simple message added to footer
. ' f every email message sent out
in 18 months! s

Copy .
and Send =

 Boosted brand
awareness

e Far more effective
than conventional
advertising by rivals

> ... and far cheaper,
too!




Social Influence: Real-world Story IV

e From rags to riches — Ted Williams

> Voice over artist

Homeless and many a
brush with the law.

> Found at a street corner in
Columbus, OH in Jan 2011

> Interview posted in
YouTube; 13 million views

> Attracted numerous offers,
including jobs!




Social Influence: Real-world Story V

b 4 AV
WHY THIS KOLAVERI DI?
82 10 B HIREE.

bis § wa ; 60,040,071 &

) N

e Gold award from YouTube for most hits;
featured in Time, BBC News, News1130 ...
> 58 x 10¢ hits on YouTube as of June 2012




Social Influence: Real-world Story V

e Indian song from the sound track of the
upcoming Tamil movie Why this
CI&MemeVGleUM) 192 (Why this kolaveri di2)

> Released on Nov. 16, 2011
Top trend on Twitter on Nov. 21 2011

e Within 1 week of release:
> 1.3 x 10¢ views on YouTube
> 10¢ “shares” on Facebook

» Reaches many non-Tamil speakers.




Info. Diffusion: Real-world Story VI

2008 Mumbai Terror Attacks

e =16 tweets/second sent to Twitter via SMS
eyewitness accounts, pleas for blood donors...

» Wikipedia page up within minutes, with staggering
amount of detail and extremely fast “live"” updates

 Metroblog as a newswire service; 112 Flickr photos by
a journalist giving a firsthand account of aftermath

 Google map with main buildings involved in the
attacks, with links to background and new stories!




Info. Diffusion: Real-world Story VI

2011 Stanley Cup Riots Vancouver ° Trlggered widespreod
‘ reactions of disgust

= Turned into a way to
mobilize clean-ups

e Over time, catch the
rioters and publicly shame
them on SM

e " fromn 1994 rios ve. 5000
Young rioters bragging rom rMofs vs. -
in social media: e.g., hours of 100 types of digital

posing with (looted) vigen
; : - Need for sophisticated and
Gucci bags in front of efficient analytics

_burning cairs.




Example Applications




Applications

Viral Marketing
Social media analyfics
Spread of falsehood and rumors
Interest, trust, referrals
Adoption of innovations
Human and animal epidemics
Expert finding
Behavioral targeting
Feed ranking
“Friends” recommendation
Social search




26

Application: viral marketing

Purchase decisions are increasingly influenced
by opinions of friends in Social Media

B Mitlennials (20-33) [l Gen X (3426) [} Boomers (47-66)
| like to shop with friends

When | see 2 product | am excited

about, | frequently post a status
upd:t:lom it on Facebook

I am more likely to purchase

something i | see that a friend How frequently do you share

has recommended 1 on Facebook recommendations online?
or other places online
| have asked the opinions of Every fow wooks
my friends on Facebook /_»9—"‘
about a particular purchase - Every tow days

Evary few months [k

42%

Daly
2%




Viral/Word-of-Mouth Marketing

 [dea: exploit social influence for marketing

e Basic assumption: word-of-mouth effect

» Actions, opinions, buying behaviors, innovations,
etc. propagate in a social network

e Target users who are likely to produce
word-of-mouth diffusion ﬂ
- Additional reach, clicks, conversions, ‘!ﬁ”
brand awareness ' §
- Target the influencers |




Transitivity of trust

e Trust is associated with the belief of an agent in
the assertions by other agents; it is neither
necessary nor sufficient for influence

» The Web of Trust from the early 1990s
Public Key Certification
Advogato: propagate trust through links

 Transitive social importance from the late 1940s

Seeley 1949, Wei 1952, Katz 1953: transitive
importance computation

Reinvented as PageRank [Page et al. TR 1998]

TrustRank [Gyongyi et al. VLDB 2004], EigenTrust,
Trust/distrust propagation

Raph Levien and Alexander Aiken:

Attack-resistant trust metrics for public key certification.
USENIX 1998.
http://static.usenix.org/publications/library/proceedings/
sec98/full papers/full papers/levien/levien html/levien.
html

[can be made into a local (single seed) or global (many
seeds) trust metric]

Sepandar D. Kamvar, Mario T. Schlosser, and Hector
Garcia-Molina:

The Eigentrust algorithm for reputation management in
P2P networks.

WWW 2003.
http://dx.doi.org/10.1145/775152.775242

R. Guha, Ravi Kumar, Prabhakar Raghavan and Andrew
Tomkins:

Propagation of Trust and Distrust

WWW 2004.
http://www.www?2004.org/proceedings/docs/1p403.pdf

John R. Seeley:

The net of reciprocal influence: A problem in treating
sociometric data.

Canadian Journal of Psychology, 1949.

Leo Katz:
A new status index derived from sociometric analysis.
Psychometrika, 1953.

T.H. Wei:
The algebraic foundations of ranking theory
1955 (University of Cambridge)

Lawrence Page, Sergey Brin, Rajeev Motwani, and Terry
Winograd:

The PageRank citation ranking: Bringing order to the web.
Technical report, Stanford University, 1998.

Zoltan Gyongyi, Hector Garcia-Molina, and Jan Pedersen:
Combating web spam with trustrank.

VLDB 2004

http://ilpubs.stanford.edu:8090/770/



http://static.usenix.org/publications/library/proceedings/sec98/full_papers/full_papers/levien/levien_html/levien.html
http://static.usenix.org/publications/library/proceedings/sec98/full_papers/full_papers/levien/levien_html/levien.html
http://static.usenix.org/publications/library/proceedings/sec98/full_papers/full_papers/levien/levien_html/levien.html
http://dx.doi.org/10.1145/775152.775242
http://www.www2004.org/proceedings/docs/1p403.pdf
http://ilpubs.stanford.edu:8090/770/

Social networks & marketing

SOCIAL MEDIA MARKETING MADNESS
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ldentifying influencers

E KLOUTTzppinionswhesay

s Inﬂuencers increase Hempurea»/enues PostRank
brand awareness. CTeopinic ot
product conversions 5o Ezncg en
through WoMM ivorran =L

E{]KLOUT
o Influencers advocate graﬂer. B TWITALYZER fé@
a brand

o Influencers influence
purchasing actions




http://klout.com/

http://www.peerindex.net/

ldentifying influencers: start-ups

Klout
Measure of overall influence online (mostly Twitter, now FB and LinkediIn)
Score = function of true reach, amplification probability and network influence
Claims score to be highly correlated to clicks, comments and retweets

http://www.socialmatica.com/

http://www.influencer50.com/

Peer Index
Identifies/Scores autherities on the social web by topic

SocialMatica

chl;s 3'2M pecple by vertical/topic, claims to take into account quality of authored
conten

Influencer50
Clients: IBM, Microsoft, SAP, Oracle and a long list of tech companies

+ Svnetwork, Bluecalypso, CrowdBooster, Sproutsocial, TwentyFeet,
EmpireAvenue, Twitaholic, and many others ...



http://klout.com/
http://www.peerindex.net/
http://www.socialmatica.com/
http://www.influencer50.com/

Finding the influencers ...

© OngnatAnint SR
Regeoductibn rights obtamable from

mCéﬁco‘m

"He's not a 'Super Influencer’,
he's a very naughty boy!"




Viral marketing &
The Influence Maximization Problem

e Problem statement:

- find a seed-set of influential people such that
by targeting them we maximize the spread
of viral propagations

o
. : g i
 Focus of Part lll of this tutorial /& &;
a4 <

Matthew Richardson and Pedro
Domingos:

Mining the network value of
customers.

KDD 2001
http://doi.acm.org/10.1145/502512.5
02525

Matthew Richardson and Pedro
Domingos:

Mining knowledge-sharing sites for
viral marketing.

KDD 2002
http://doi.acm.org/10.1145/775047.7
75057

David Kempe, Jon Kleinberg, and Eva
Tardos:

Maximizing the spread of influence
through a social network.

KDD 2003

| http://doi.acm.org/10.1145/956750.9

56769


http://doi.acm.org/10.1145/502512.502525
http://doi.acm.org/10.1145/502512.502525
http://doi.acm.org/10.1145/775047.775057
http://doi.acm.org/10.1145/775047.775057
http://doi.acm.org/10.1145/956750.956769
http://doi.acm.org/10.1145/956750.956769

The Flip Side




Criticisms / caveats

1. Are we observing correlation or
causatione Homophily or influence?

2. Can social influence actually drive viral
cascadese¢

3. Is viral marketing useful in practice?




Homophily or Influence?

Homophily: tendency to stay together with
people similar to you

“Birds of a feather flock together”

E.g. I'm overweight — | date overweight girls

Influence: force that a person A exerts on @
person B that changes the behavior/opinion of B

Influence is a causal process

~Eg.my girlfriend gains weight — | gain weight too




Can social influence really drive

viral cascades?

e Watts et al. challenge the fraditional
notions and infuitions about SI causing
viral spread

e Social epidemics are not always
responsible for dramatic, possibly
sudden social change

e Influence is hard to prove

e Do not dismiss influence altogether

[Watts & Paretti, Harvard Business Review 2007]

Duncan J. Watts and Jonah Paretti:
Viral marketing for the real world.
Harvard Business Review, May 2007.
http://hbr.org/2007/05/viral-
marketing-for-the-real-world/ar/1




“Viral" cascades are shallow

Across multiple o 7

social media 8"’" ‘

platforms: 2 S |
2 o3 v -
& 0.1% -

e MoOst OdOpﬁOnS M TR T e s
are not due to i r
influence from DR e 2
others (depth=0) R |

e Most cascades - _
are shallow Ny ey i
(depfh—: ] '2) Tree Size Tree Depth

[Goel ef al. EC 2012]

S. Goel, D. J. Watts, and D. G.
Goldstein:

The Structure of Online Diffusion
Networks.

ACM EC 2012
http://research.microsoft.com/apps/p
ubs/default.aspx?id=164571



http://research.microsoft.com/apps/pubs/default.aspx?id=164571
http://research.microsoft.com/apps/pubs/default.aspx?id=164571
http://research.microsoft.com/apps/pubs/default.aspx?id=164571

How useful is viral marketing?

e Criticism #1: Hard to predict which
campaign will succeed virally.

> Lack of predictability makes VM hard to
implement;

- The magic might not be in a small number of
influentials

- “Big seed” marketing is a predictable,
practical alternative

[Watts & Paretfti, Harvard Business Review 2007]




Example: Huffington Post

 Ad agency buys all of the
ad slots for a week

® DISﬁloys attractive videos
with options for easy
sharing

o Gets 7x more views due to
social referrals, but ...

» None of the videos “goes
viral” (grows exponentially
in views) at any time

[Watts & Paretti, Harvard Business Review 2007]




Evidence of Real |

e People rate an item
higher if a friend has
recommended it

e Even after carefully
removing homophily
effects, influence can
be clearly observed

[Huang et al

Nnfluence

40000

30000 [

20000 [

Influence |

10000 49.8%

Homophily
50.2%

Junming Huang, Xue-Qi Cheng, Hua-
Wei Shen, Tao Zhou, and Xiaolong Jin:
Exploring social influence via posterior
effect of word-of-mouth
recommendations.

WSDM 2012
http://doi.acm.org/10.1145/2124295.
2124365

Sinan Aral, Lev Muchnika and Arun
Sundararajana:

Distinguishing influence-based
contagion from homophily-driven
diffusion in dynamic networks.

PNAS 2009
http://www.pnas.org/content/early/2

009/12/09/0908800106

O Jui Aug Sep Oct

. WSDM 2012, Aral et al. PNAS 2009]



http://doi.acm.org/10.1145/2124295.2124365
http://doi.acm.org/10.1145/2124295.2124365
http://www.pnas.org/content/early/2009/12/09/0908800106
http://www.pnas.org/content/early/2009/12/09/0908800106

What Did We Learn So Fare¢

v




Key takeaways

o General idea of Social networks and
information propagation and how they are
modeled

e Several real-life stories of influence and
information propagation

e Other applications

e The flip side: it is easy to get overexcited -
both about existence of influence and
about its absencel




