Tutorial at the ACM SIGKDD conference, 2011
http://snap.stanford.edu/proj/socmedia-kdd

Social Media Analytics:

Part 1: Information flow




Information and Networks

...by personal influence in our social networks

...through transmission by mass media

How does by the

interact with the arising from
?

Tension between from the mass

media and carried by social structure

8/21/2011 Jure Leskovec:Social Media Analytics (KDD '11 tutorial) 2



Social Media: Big change

Web is no longer a static library that = “eems sermiese

people passively browse Blogger
TechCrunch
engadget’
Consume and create content
Interact with other people: e
Internet forums, Blogs, Social networks, 9( )g[e
Twitter, Wikis, Podcasts, Slide sharing, -
Bookmark sharing, Product reviews, facebooka
Comments, ... B
Facebook traffic tops Google (for USA) WIKIPEDIA
March 2010: FB > 7% of US traffic =1 62!
http://money.cnn.com/2010/03/16/technology/facebook most visited ﬂICkI‘G

Linked [T}
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Social Media: Rich & Big Data

8/21/2011

Billions users, billions contents

Textual, Multimedia (image, videos, etc.)
Billions of connections

Behaviors, preferences, trends...

It’s easy to get data from Social Media
Datasets

Developers APls

Spidering the Web

Jure Leskovec:Social Media Analytics (KDD '11 tutorial)



Social Media Datasets

8/21/2011

For the list of datasets see tutorial website:
http://snap.stanford.edu/proj/socmedia-kdd

and also: http://snap.stanford.edu/data

CiteULike, Bibsonomy, Movielens,
Delicious, Flickr, Last.FM...

http://kmi.tugraz.at/staff/markus/datasets/

750K ratings/day, 8K reviews/day, 150K

comments/day, status updates, Flickr, Delicious...
http://developer.yahoo.net/blog/archives/2010/04/yahoo updates firehose.html

(real-time data, multimedia content, ...)
http://blog.infochimps.org/2010/03/12/announcing-bulk-redistribution-ofmyspace-data/

http://www.icwsm.org/data/
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Social Media: Opportunities

Naws for Ne ds. Stuff that matters.

Blogger

TechCru nch
engadget’

This means: Can data-mine opinions
and behaviors of millions of users to

q myspace.com

gain insights into: GQogle

Human behavior faceqka

Marketing analytics WIKIPEDIA

Product sentiment o 3 P~z

flickr'es
Linked [T}
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Social Media: Value p

roposition

Aren’t trade tariffs a GOOD thing? Don

ensure that the country is getting a SAFE ] s L
[[) December 7, 2009 - 3:40 am

1 know "I" would pay extra to know that it was safe. I don't rem
toxins in them 10 years ago, and I also remember that ever &
electronics didn't break and fall apart like they do now. Nor, | 1
about the date rape drug being slipped to kids in toys either. =
Sorry for the mis-spelling of insure..I hit the submit button be
question

LynnD...I am quite up to date on my history. I also know that the

fo create t

SN Rl

£

https://sales.liveperson.net/hc/38151

and niece

i

i L
. that they i
you: Hello, | ordered your Cognos software preduct, and 4
have not received the installer CD yet where he — - .
he point
& have wl F-
hways in

swine flu OR #swineflu

Realtime results for swine flu O

#hot thaw ara cre

I know there are some people out
there who aren't a big fan of Apple's
iPod.

3 weeks ago

An honest question

from: Crtical Mass 2 -
http://bastardsnow.livejournal.c...

106 more tweets since you started searchil

stevelee23 Think the experts fory
of swine flu is hypochondria

]
= 4P

KVBPRhealth First we can't get o
App|e 1" | DOd sucks [STE take itt Administration pushes sw
. http:f/ow Iy dxhv
9 weeks ago
Clerks, iPod, web page, health...

from: “

Tubbybuddy @
queen was used for that
it. typical women huh TM

66 No its not;
Then

~*r~ Delusional Rants ~*n~ -
http://delusionalangel....

Consumer Generated,
Not Edited,
Not Authenticated

8/21/2011
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Applications: Reputation management

8/21/2011

What are people saying about our brand?

Significant spending on marketing, advertising:
Companies trying to position their products

Brand analytics helps to determine whether such
campaigns are effective

Automatically mine product reviews for
information on product features, new requests, ...

Easy to use, Comfortable chair, Light weight, Sturdy,
Good price
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Applications: Citizen response

8/21/2011

solicit citizen feedback on bills debated in Congress

What new issues are being raised, what aspects of bill
are popular, unpopular

Why do people support a candidate?

Gang members boast about their activities on Facebook
Protests being planned through Twitter
NYT: Sending the Police Before There’s a Crime

http://www.nytimes.com/2011/08/16/us/16police.html? r=1
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Application: Real-time citizen journalism

Hey there! MumbaiAttacks is using Twitter.

B provides
MUMBAI . 1
ATAcKs S : more valuable information

i than newswire services
llll Ty Challenge:

R OI¥TH, 2008

NEWS » NATIONAL

roe i Mumbatat] == Many redundant posts, users
—_— - have to wade through
n Lo - I hundreds of posts to locate

THE TIMES OF INDIA India

. [
Home City WUTIEE World | Biz Tech Sports | Entertainment Life Women Hot on the Web Auto u Sefl I | I n fo r m at I O n
‘You are here: Home » India £

Terror attacks in Mumbai; six foreigners
among 101 dead

Tetszs AlA

NEW DELHI/MUMBAL At least 101 people have been killed in attacks by qunmen in Mumbai, police said on
Thursday. { Watch
NEWS

W rr— Mine this data in real-time
' and produce well organized
summaries

ALIAIRER L SET have been killed and 250 wounded in
a series of gun and grenade

attacks across the Indian city of
Mumbai.

"It seems to be a terrorist attack,

many places are under siege by
gunmel

police commissioner, said on
wednesday.

Attacks were launched on about sight
places in Mumbai, India's main
financial centre, police said,

armed men attacked a crowded Mumbai train station, a restaurant popular with
tourists and several luxury hotels, often firing indiscriminately.
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Application: Social media marketing

8/21/2011

Viral Marke ffnﬂ

Personalized recommendations 2 &

79.2% of forum contributors help a
friend to make a decision about a product
purchase (47.6% of non-contributors).

65% of forum contributors share advice (offline
and in person) based on information that they’ve
read online (35% of non-contributors)

http://www.socialmediaexaminer.com/new-studies-show-value-of-social-media
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Application: Human behavior analysis

Process social media content, provide tools
for analysts to:

groups, members

ldentify topics and sentiment Predictive
i i i Modeling

Abu Faraj al
Huda bin Eb

Amrozl bin Abdul Hag
Nurhas\um
Ayman Al-
Document Viewer: <none> ".I. %, Z, .
1 i
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The tutorial: Social Media

Introduce methods and qm
algorithms for Social Media Analytics =Jgt [ [y
TechCrunch
@ngaag@t‘
How do we capture and model the flow of ﬁi““’*"’ﬂ.?ﬁ.‘i.‘im
information through networks to: Goc )g[e
Predict information attention/popularity -
Detect information big stories before they happen facebok,
. . 4 “link”/ o WIKIPEDIA
How do we go beyond “link” /“no-link”: . ==
Predicting future links and their strengths ¢ ®.% : "
flickr e

Separating friends from foes

Linked [T}
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Tutorial Outline




Part 1 of the Tutorial: Overview

Analyzing underlying mechanisms for the real-time
spread of information through on-line networks
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Social Media Data: Spinn3r

http://spinn3r.com
30 million articles/day (50GB of data)

News sources

And some Tweets and public Facebook posts

Pieces of information that propagate between
the nodes (users, media sites, ...)

phrases, quotes, messages, links, tags
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Tracing Information Flow

Would like to track of information that:

correspond to pieces of information:
events, articles, ...

Obscure

vary over the order of days, techsstory
and can be handled at large scale

Small tech blog
Engadget

Cascading links to articles
Textual fragments that travel
relatively unchanged: BBC YT

URLs and hashtags on Twitter
Phrases inside quotes: “...”

Slashdot Wired

CNN

8/21/2011 Jure Leskovec:Social Media Analytics (KDD '11 tutorial) 17



[SDM 07]

Tracing Information (1): Hyperlinks

Bloggers write posts and refer (link) to other
posts and the




Cascading hyperlinks

Posts

Blogs
Information
|_—~ cascade
Time |
ordered =™ [/p
hyperlinks

ldentify cascades — graphs induced by a time

ordered propagation of information [Adamic-
Adar ‘05] [SDM ‘07]
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[SDM ‘07]

Cascade Shapes

(ordered by decreasing frequency)
10 million posts and 350,000 cascades

o0 @ o o0 I ® o0 o0 i’
Gy G5 Gy G's Ge Gy Gs Gy G G G9
pee 2t . ges e /o dlp »
o0 dee oo ° ¢ o ® ¢
® ® °
) ) ) ) ) ) ®
G4 Gis  Gig Gig Gag Gas  Gis G1oo G1or Gz Gio

Cascades are mainly stars (wide and bushy trees)

Interesting relation between the cascade frequency
and structure
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[ICWSM *'11]

Tracing sentiment of cascade

Methodology: 3

Each node of the cascade is a blogpost ’,\ .
that belongs to a blog /TN
oo

For each blog compute the
(over all its posts)

Subjectivity: absolute deviation from the baseline

Information flow

Positivity: positive deviation
Negativity: negative deviation
Question:
Does sentiment flow in cascade?
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[ICWSM *'11]

Tracing sentiment of cascade

d ® 001t

o] =

= S

S i) K

Ll—- E-': O =

O —O X/

2 =

S S 001}

ki 2 — (O)bjcctivity

5 2 —0.02} ]
—0.03 N N N

~0.1-0.05 0 005 0.1 0 10 20 30

Subjectivity of parent (A) Distance from cascade intitiator

Subjectivity of the child and the parent
are correlated. Sentiment flows!
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Tracing hyperlinks: Pros/Cons

Obscure
tech story

Unambiguous, precise and explicit
way to trace information flow

Small tech blog

Engadget
We obtain both the times as well as —
the trace (graph) of information flow Slashdot Wired
Not all links transmit information: BBC NYT ) [ CNN

Navigational links, templates, adds

Many links are missing:
Mainstream media sites do not create links

Bloggers “forget” to link the source

(We will later see how to identify networks/cascades just based on
what times sites mentioned information)
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Issue: Cascades & Missing data

Complete social media data is near impossible
to collect [de choudhury et al., “10]

Estimating influence or a

red node gives biased result
O :
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What happens with missing data?

Data about
node ris
missing!

8/21/2011

(e.g., Twitter re-tweets)

u & 3 2
{
©®

u

Jure Leskovec:Social Media Analytics (KDD '11 tutorial)
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Cascade Cascade

depth

Complete data

Missing data

N
(6]



[WSDM '11]

Problem Statement

Find properties X
C of the complete cascade C
We only have access to cascade
C’ that is C with missing data

Each node of C is missing with
N probability p

@ Our method is most effective
C’ when more than 20% of the data
U is missing
Works well even with 90% of the
@ data missing
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Tracing Information (2): Twitter

8/21/2011

Each user generates a stream of tweets

Users then subscribe to “follow” the streams of
others

(1) Trace the spread a “hashtag” over the network
(2) Trace the spread of a particular URL
(3) Re-tweets
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Tracing information on Twitter (1)

8/21/2011

Realtime results for Mubarak
os piden la dimisién de

unpais Cientos de miles de egipci
Eiia Mubarak | Un Pais http://t.co/pmRx

il ibrahimhabib @AJEnglish Mubark fortune US70 bn
|| http://www.guardian.co.uk/world /2011 /feb /04 fhosni-mubara

Users annotate tweets
with short tags N e I
Tags naturally emerge from O e
the community

Given the Twitter network and time stamped posts

If user A used hashtag #egypt att; and user B A
and B first used the same hashtag at some later time this

means A propagated information to B
follows

A information B

Vi »>

wia! to be convinced to leave. #ja

itmustbeacamel RT @carmelva: RT @SarahZaaimi: a twitter
user: Are they any anti-mubarak apps available for the
? HEumt #iap2E

iphone? #Egypt #jan25
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Tracing information on Twitter (2)

Realtime results for Mubarak

unpais Cientos demilac da snincine nidan |a dimision de
Eiia Mubarak | Un Rais http://t.co/pmRxnY

Many tweets contain B e e s
shortened (hashed) URLs

Short-URLs are “personalized”

If two users shorten the same URL L e e o ey A o et o tha T
. . . . iphone? #Egypt #jan25
it will shorten to different strings

Refka_25 RT @fluutekies: #0bama [polite mode off]:
#Mubarak is an old, extemely stubborn mad man, who needs

a psychiatrist to be convinced to leave. #jan25 #egypt

Given the Twitter network and time stamped posts

If user A used URL, att; and B A and B used the
same URL later then A propagated information to B

follows

A information B

Vi »>
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Tracing information on Twitter (3)

8/21/2011

Explicit information
diffusion mechanism on Twitter

B sees A’s tweet and “forwards”
it to its follower by re-tweeting

By following re-tweet cascades
we establish the information flow

4_:‘ WebSci11 1
The #NWebScil1 notifications will be available on March 28.

/\)

Jure Leskovec:Social Media Analytics (KDD '11 tutorial)
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[KDD ‘og9]

Tracing Information (3): Memes

Extract textual fragments that travel
relatively unchanged, through many articles:

About 1.25 quotes per document in Spinn3r data

Quotes...
are integral parts of journalistic practices
tend to follow iterations of a story as it evolves
are attributed to individuals and have time and location
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[KDD ‘og9]

]
pal around with terrorists who targeted their own country terrorists who would target their own country
palling around with terrorists who target their own country
-— e
palling around with terrorists who would target their own country sees america as imperfect enough to pal around with terrorists who targeted their own country
! / __-____"-—
¥ —
- rC . - ) -
. ' ' . we see america as a force of good in this . someone who sees america as
that he s palling around with terrorists who would target their own country| o e e = , . ,-' a force for pood in the world ] . e
= = : world we see an america of exceptionalism | | = around with terrorists who ta:
- I— /
- — - / -
-~ .,_\\\—‘_____!____ xl r . v
- - N . ] \ we see america as a force for good in this world we see america as . o -
imperfect enough that he s palling around . . . o \ ) . . = o - - ~ this is someone who sees americ:
. . = = is palling around with terrorists | a force for exceptionalism our opponents see america as imperfect . -
with terrorists who would target their country . Lo ) o around with terrorists who ta
“\ - \cnough to pal around with terrorists who would bomb their own country _
. . . . ' . . . ~ our opponent is someone who sees america as imperfect enough to pal arounc
as being so imperfect he is palling around with terrorists who would target their own country g PP o . ,L ) = P
= = = : o terrorists who targeted their own country
 J i a
someone who sees america it seems as being so imperfect that he s palling around our opponent is someone who sees america as imperfect enough to pal around with
with terrorists who would target their own country terrorists who target their own country

is someone who sees america it seems as being so imperfect that he s palling
around with terrorists who would target their own country

this is not a man who sees america as you see america and as i see america

.

Y

-
wperfect imperfect enough that

target their own country

Y

our opponent is someone who sees america it seems as being so imperfect that
he s palling around with terrorists who would target their own country

Y

erfect imperfect enough that
ould target their own country

our opponent though is someone who sees america it seems as being so imperfect
that he s palling around with terrorists who would target their own country

this is not a man who sees america as you see it and how i see america

¥
15 being so imperfect enough
d target their own country

in

ove

Quote: Our opponent is someone who sees America, it seems, as being so imperfect,
g.arqund with terrorists who would target their own country.

imperfect enough that he's pall




Finding Mutational Variants

Find mutational variants of a quote
Form approximate quote inclusion graph

Shorter quote is approximate substring of a longer

one
In DAG
(approx. quote
inclusion),

S.T.
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Finding Mutational Variants

enough to know node’s parent to
reconstruct optimal solution

Nodes are phrases

Edges are inclusion relations
Edges have weights

Proceed top

down and assign LN C hsco
a node (keep a G S ‘

single edge) to the e

strongest cluster ; e R I
.
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[KDD ‘og9]

Insights: Quotes reveal pulse of media

lipstick on a pig

i will reach out my hand to anyone to help me
get this country moving again

i guess a small-town mayor is sort of like a community
arganizer except that you have actual responsibilities

we have been blessed with five wonderful children who
we love with all our heart and mean everything to us

all the parts of the internet are gn the iphone

no way no how no mccain. barack
obama is my candidate

answering that question with
specificity is above my pay grade

he doesn't look like all those other
presidents on the dullar bills

i think i'll have my
staff get to you

russian aggressmn must
not go unaiered \

8115 822  8/29 9/5
August

8/21/2011

http://memetracker.org

our entire economy
is in danger

decent person and a person 800
that you do not have to be

scared of as president of

the united states 700

effort to protect the american
economy must not fajl

the most serious

ﬁr:wanclaltcélms since this is something that all of us will
the great aepression swallow hard and go forward with

\ 600

fundamentals of i think when you spread

our economy are who is the real the wealth around it's

strong barack obama good for everybody 500
ident’ ,
_pr;-st.l Sn |S he's palling around I am not
s o cea with terrorists president
with more bush 400
mﬁl-.ng ?;TE\ hey can she is a diva she
once i call you takes no advice
joe from anyone 300

200

9/12 9/19 9/26 10/3 10/10 10/17 10/24 10/3

October

vulume over time of top 50 largest total volume quote clusters
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http://memetracker.org/

Insights: When sites mention quotes?

Rank | Lag [h| | Reported | Site
I -26.5 12 hotair.com
2 -23 33 talkingpointsmemo.com
4 -19.5 56 politicalticker.blogs.cnn.com
5 -18 73 huffingtonpost.com
6 -17 49 digg.com
[ -16 89 breitbart.com
8 -15 31 thepoliticalcarnival.blogspot.com
9 -15 32 talkleft.com
-14.5 34 dailykos.com
-11 32 uk.reuters.com
-11 12 cnn.com
-10.5 78 washingtonpost.com
-10 53 online.wsj.com
-10 54 ap.org

Jure Leskovec:Social Media Analytics (KDD '11 tutorial)
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Insights: Quotes on Great depression

Media coverage of the current economlc crisis

EYLL WAVE T FIND SOMEONE ELSE '\~
1 Wﬁlﬁ men rsnnuws ﬁ

Phrase

Speech in congress

we will reb|

how do thef & .

Dept. of Labor release

ih ... our g &

Depressionf’ o

they'll haveps EVLL WNE'T) FIND SOMEONE ELSE Y~ =
stimulus bij¥ AT NRTE‘NE_NBETSHMUUE

...the weig| St 7

destiny of 1§
...1o be hao

buying stocks is a potentially good deal Obama 3-Mar 2690
.we would not be able to continue as a going General =
concem. .. Motors -Mar ks i -

we've seen some progress in the financial markets Ben

absolutel

2495 ‘ 60-minutes interview
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Tracing information

8/21/2011

Trace email chain letters [Liben-Nowell-Kleinberg, ‘08]

Use text classifiers to predict whether there was

information flow between two blog posts [Adar-
Adamic, ‘05]

Trace the spread Facebook Page Fans over the
Facebook network [Sun et al. “09]

Diffusion of “favoriting” a photo on Flickr [Cha et al. ‘09]
Product recommendations [Leskovec et al. ‘06]
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Tutorial Outline




[WSDM '11]

Patterns of Information Attention

[Wu-Huberman ‘07] [Szabo-Huberman, ‘08]
Piece of information (e.g., quote, url, hashtag)

# of times i was mentioned at time t
Volume = number of mentions = attention = popularity
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Discovering Attention Patterns

Volume of an item over time

i.e., number of mentions of a quote over time

Goal:

............................
|
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|
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| |
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. . |
| | : . e
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[WSDM H*a1]

Clustering Temporal Signatures

Xi(t) 8

Xi(t) R

& find

T x(0) R

>

> >

8/21/2011

t (time) t (time)

Invariance to scaling

10 t (time) 50 t(time)

Invariance to translation

d(x,y)=min > (x(t)-a-y(t-a))
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Patterns of Attention

[WSDM '11]
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1 year, 172M docs, 343M quotes
580M tweets, 8M #tags
Similar shapes also found in query popularity [Kulkarni et al. "11]
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[WSDM H*a1]

Analysis of Attention Patterns

B
3 |
A \/\
-40 -éO 0 éO 46 60 80 -46 -éO 0 éO 4;0 60 86
Electric Shock Die Hard
*Spike created by News * The only cluster that is
Agencies (AP, Reuters) dominated by Bloggers both in

*Slow & small response of blogs time and volume

* Blog volume = 29.1% * Blog volume = 53.1%
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Analysis of Attention Patterns

A B
N
F
P ]
A
\/\
40 -20 0 20 40 60 80 40 -20 0 20 40 60 80
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Predicting Information Attention

. . 2
How many sites mention ° -
information at particular time? E
S
In a network nodes spread time ™
information to their neighbors
"/ b

The network may be unknown
Predict the future number \ @
of mentions based on who got
“infected” in the past
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Predicting Information Attention

reports the information and
1h: Gizmodo, Engadget, Wired
2h: Reuters, Associated Press
3h: New York Times, CNN

If NYT mentions info at time t
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Linear Influence Model

Predict the volume based '

on who got infected in the past

Linear Influence Model (LIM)
Assume no network
Model the global influence of each node

Predict future volume from node influences

No knowledge of network needed

Contagion can “jump” between the nodes
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LIM: Strategy

V(t)...number of new infections at time t
M(1)...set of newly infected nodes at time t

V(t+1)

Each node u has an

Estimate the influence function from past data
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[ICDM '10]

The Linear Influence Model

After node u gets mentions,
how many other nodes tend to |
mention t hours later

e.g.:
How many sites say the info after CNN says it?

Estimate the influence function from past data
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[ICDM '10]

The Linear Influence Model

Volume

Volume x,(t) of iat time t

A(t) ... a set of nodes that TR Y
mentioned i before time t

t,: time when u mentioned i IVI——>.
I ©
X (t+1) = Zlu(t—tu) W‘——>

ueA (t)

| (t): influence function of u

8/21/2011 Jure Leskovec:Social Media Analytics (KDD '11 tutorial) 52



[ICDM '10]

Estimating Influence Functions

Iu|

is not observable, need to estimate it
We make no assumption about the shape of

Want to set influence functions such that we
minimize the error:

DI+ — > 1 (t- t)
It ueA (t)
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LIM: Influence Functions

Discrete time units
| (t) ... non-negative vector of length L

L,(® = [1,(1), 1,2), 1,3)...., [,(L)]

————Iﬁ

Find by solving a problem:

meZ[x t+D)— > 1, (t- t)]

ueA (t)
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[ICDM '10]

LIM as matrix equation

K contagions, N nodes

) g AV S N\ S )
M M. My
L
‘: 1 -
—
N p AN vy — I
) ' AV S A — !
— M ML My 2 x
—_— S
v | :
—
__J \. AN J S :
: : N
'd N [ { " S
M M. My x —
Vi I
— D, VAN e
v M

V(1) ... volume of contagion k at time t
M, (t) = 1 if node u gets infected by contagion k at time t

[,(t) ... influence of node u on diffusion
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[ICDM '10]

Estimating influence functions

V=M*]|
Estimate influence functions:
I =argmin||V —M-I|?

- I>0

Well known, can use Reflective Newton Method
Time ~1 sec when M is 200,000 x 4,000 matrix

Given M and |, then
V=M*]|
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[ICDM '10]

LIM: Performance

Total 372,000 mentions on 16,000 websites

X,(t) ... number of mentions across 16,000 websites
A(t) ... which of 100 sites mentioned quote i and when

f
]

b

[

L 1

]

]

AR 7.21% 8.30% 7.41%
ARMA 6.85% 8.71% 7.75%

LIM (N=100) 20.06% 6.24% 14.31%
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[ICDM '10]

Analysis of Influence Functions

NYT writes a post on politics,
how many people tend to mention it next day?

Influence function of NYT for political phrases!

Newspapers, Pro Blogs, TVs, News agencies, Blogs

Politics, nation, entertainment, business, technology, sports
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[ICDM '10]

Analysis of Influence

60 e 40 —
—News (77.4) _ —News (34.4) |
50} PB (107.3) | 33 PB (80.8)
~+- TV (40.7) 30", - TV (56.1)
9 40} — Agency (108.3)/] 9 o5\, —Agency (71.1)|
c —Blog (60.9) c —Blog (103.1)
S 30 | 9820 -
‘E =
= 20 £ 15
\\ . 10_ 4
0 - - s S —_— f 0 " 1 Il ‘-\—f’/é’\’
o 1. 2 3 4 5 6 7 8 9 o 1 2 3 4 5 6 7 8 9
Time (hours) Time (hours)
Politics Entertainment

News Agencies, Personal Blogs (Blog), Newspapers, Professional Blogs, TV

Blogs:
Influential for Entertainment phrases
Influence lasts longer than for other media types
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Tutorial Outline




[KDD "10, NIPS '10]

Inferring the Diffusion Network

We only see time of mention but not the edges
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[KDD 10, NIPS *10]

Inferring the Diffusion Networks

There is a diffusion network:
\d/‘
A~ )
N’
We only see when nodes get “infected”:

c,: (a,1), (c,2), (b,3), (e,4)
c,: (¢,1), (a,4), (b,5), (d,6)

8/21/2011 Jure Leskovec:Social Media Analytics (KDD '11 tutorial)



[KDD "10, NIPS *10]

Examples and Applications

oooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Process Viruses propagate Recommendations and
through the network influence propagate
We only observe when
We observe Y s i We only observe when
people get sic people buy products
It’s hidden But NOT who infected But NOT who influenced
whom whom
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The optimization problem

Find a graph G that best explains the observed
information times:

Define a model of information diffusion over a graph

P.(u,v) ... prob. that u infects v in cascade c

P(c|T) ... prob. that c spread in particular pattern T

P(c|G) ... prob. that cascade c occurred in G

P(G|C) ... prob. that a set of cascades C occurred in G
Questions:

How to efficiently P(G|C)? (given a single G)

How to efficiently G* that maximizes P(G|C)?
(over O(2N*N) graphs)
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Information Diffusion Model

,B Pt
With prob. B cascade propagates \ (d)
along edge (u,v)and t, =t +A p
e

P.(uyv) o« P(t,-t,)ift>1, else ¢
e.g.: P.(u,v) ace 4t
¢ captures influence external to the network

At any time a node can get infected from outside with
small probability ¢
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Information Diffusion Model

Given node infection times and pattern T:

c=1{(@a1l), (c2), (b3), (e4) }

T={a—b,a—c, b—e} N 2(b)
P2
Prob. that c propagates in G
P(cll)= ] BP.(u,v) I (1—p3)  GraphG
(u,v)EET uweVr,(u,x)EE\ET
P(c|T) H P.(v,u)
(u,v)EET
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Complication: Too many trees

¢c=1@1l),(c.2), (b3), (e4)}

A P P
e Ve e
& O O

Need to consider

P(c|G) = E P(c|T)~ max P(c|T)
TeT-(G)
TeT:(

8/21/2011 Jure Leskovec:Social Media Analytics (KDD '11 tutorial)



Optimization problem

Score of a graph G for a set of cascades C:

pPClG) =[] P(clG)
Fo(G) = Z log P(c|G)

ce(C

G = argmax Fo(G)
|Gk

The problem is NP-hard:

MAX-k-COVER [KDD "10]
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Netinf: Submodularity

Function FG) is ,and

same nodes, different
edges: A c B c VXV-

F(A U{e})—F.(A) 2 F.(B u{e})—F.-(B)

Gain of adding an edge to a “small” graph  Gain of adding an edge to a “large" graph

1. Efficient (and simple) optimization algorithm
2. Approximation guarantee (= 0.63 of OPT)

3. Tight on-line bounds on the solution quality
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NetInf: The Algorithm

Use to maximize F(G):
Start with empty G, (G with no edges)
Add k edges (k is parameter)
At every step add an to G, that

e, = argmax Fo(G—1U{e}) — Fo(Gi-1)

e e (_;T\(__;E —1
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Experiments: Synthetic data

Take a graph Gon kedges &

Simulate info. diffusion 2

Record node infection times
Break-even point: 0.95 ;E;;

Performance is independent
of the structure of G!
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Example: Real Data

172 million news and blog articles

Aug ‘08 — Sept ‘09

Extract 343 million phrases

Record times t(w) when site w mentions quote i

Who tends to copy (repeat after) whom
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Example: Diffusion Network

@ Blogs
@ Mainstream media
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Diffusion Network (small part)

& chdirtsam

Qrap'ﬁ 3three.blogspotieam
4 evelvethottub.co
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”‘ = N A A
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logs.abcneWwscom BT
) rchiye.salopsom Qsheedcontent.cor‘n

q:rolifeblcgs.comQ-day'bmgwm'com .a|DH-W7TT .echchuck com

Qemocraticundergmund.com ®oystig.com

Q‘;izmocio.com

lenews.com
.hekevinpipe‘-..com
gngad

..-washlngtcn pos¥ctom Qee kingalpha.com get.com

® pple.wowgoldir.com

QEws.cnet.com
& otaku.com

® Blogs ..gizmodc:.com
@ Mainstream media
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[KDD "07]

Detecting information outbreaks

Detect blue & %

soon but miss red. £ jor=

i 31H
|

O —
: e
iy o —

Detect all
stories but late.
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Two parts to the problem

Cost:

Cost of monitoring is blog
dependent (big blogs cost more
time to read)

Minimize the number of people
that that know the story before
we do
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Optimization problem

Given:
Graph G(V,E), budget C
Data on how cascades spread over time

Select a set of nodes A

max » Prob(:)R;(A)

A C V . Reward for

v detecting cascade i

subject to cost(4) <C

Solving the problem exactly is NP-hard
Set cover [Kuhler et al. ’99]
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[KDD ‘07]

Problem structure: Submodularity

New monitored l

| Adding S'helps a lot |

Adding S' helps

ﬁ{uw very little

w—
Placement A={S_, S.} Placement B={S,,S,, S, S,}

1/ 217 3[

Gain of adding a node to is gain of
adding a node to

Algorithm:
Greedily add node that gives highest increase in reward
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[KDD ‘07]

Problem structure: Submodularity

We must show R is :AcB
R(A v {u})—R(A) = R(B v {u})—R(B)
Gain of adding a node to a small set Gain of adding a node to a large set

BCE
Natural example: A —

SetsA, A,,..., A,
R(A) = size of union of A,
(size of covered area)

If R,,...,R,are submodular, then 3R, is submodular
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[KDD ‘07]

Reward function is submodular

Theorem:
Reward function is submodular

Consider cascade i:

R.(u,) = set of nodes saved from u,
R.(A) = size of union R(u,), u, €A

Ri IS Cascade i
Global optimization:

R(A) = )3 Ri(A)
—> RS
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CELF Algorithm

We develop CELF algorithm:

Two independent runs of a modified greedy
ignore cost, greedily optimize reward
greedily optimize reward/cost ratio

Pick best of the two: arg max(R(A’), R(A”))

8/21/2011 Jure Leskovec:Social Media Analytics (KDD '11 tutorial) 81



CELF: Covering stories

Given a budget
Select sites to cover the most of the network

Q/’" e

~~"
e ()

ot
/0O

N

‘ Blogosphere
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Blogs: Information epidemics

Which websites should one read to
catch big stories?

Each blog covers part of the network

e

* Each dotis a blog
* Proximity is based
on the number of
common cascades

ol
PIC

&
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Experimental results

% of
stories
detected
(higheris
better)

8/21/2011

0.8

0.6

0.4

0.2

A el

[ U W TR S— ———"

Our solution

. (used by
I n- | N kS Technorati)

Out-links
# posts

Random

20 40 60 80
Number of selected blogs
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Conclusions and Connections

Messages arriving through networks from
real-time sources requires new ways of thinking
about information dynamics and consumption:

Tracking information through (implicit) networks
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Further Qs: Opinion dynamics

8/21/2011

How does and
different parts of the network?

How does
the network?
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