Tutorial at the World Wide Web conference
Hyderabad, India, 2011

http://snap.stanford.edu/proj/socmedia-www

Analytics & Predictive Models
for Social Media:

Part 1: Information flow




About the tutorial: Social Media

Goal: Introduce methods and m

algorithms for Social Media Analytics |-l

TechCrunch
engadget’

How do we capture and model the flow of B YsRacsSom
information through networks to: G()Ug[e

News

Predict information attention/popularity

Detect information big stories before they happen facq,

A

How do we go beyond “link”/“no-link”: % !
Predicting future links and their strengths \fTICkI'G
Separating friends from foes Linked [

inke

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial)



Social Media: Social Content

Web is no longer a static library
that people passively browse

Consume and create content
Interact with other people
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Social Media: Examples

Internet forums

Blogs

Social networks

Microblogging: Twitter

Wikis

Podcasts, Slide sharing, Bookmark
sharing, Product reviews, Comments, ...

Facebook traffic tops Google (for USA)
March 2010: FB > 7% of US traffic

http://money.cnn.com/2010/03/16/technology/facebook most visited
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Social Media: Opportunities

News for Nerds. Stuff that matters.

& Blogger
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engadget’
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Social Media: Challenges

News for Nerds. Stuff that matters.

Web is static library 3 Blogger

Search engines crawl and index the Web -TechCrunc‘h
Users issue queries to find what they want Elgaaaet
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a place for friends..

On-line information reaches us in small
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Social Media: Challenges

VS.

Real-time search:

“Tell me about X” vs. “Tell me what’s hot now”

We need finer resolution than
presence/absence of a link
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Social Media: Rich & Big Data

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 APIs For the list of datasets see tutorial website:

. . http://snap.stanford.edu/proj/socmedia-www
Splderlng the Web and also: http://snap.stanford.edu/data
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Social Media Datasets

3/29/2011

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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Tutorial Outline




Part 1 of the Tutorial: Overview

3/29/2011

Analyzing underlying mechanisms for the real-time
spread of information through on-line networks

How do messages spread through social networks?
How to predict the spread of information?

How to identify networks over which the
messages spread?

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial)
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Social Media Data: Spinn3r

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

Nnews 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

3/29/2011

of information that:

correspond to pieces of information:

events, articles, ...
vary over the order of days,
and can be handled at large scale

Cascading links to articles

Textual fragments that travel
relatively unchanged:

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

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutoria

Obscure
tech story

Small tech blog
Engadget

Slashdot Wired

BBC NYT CNN

1) 13



[SDM 07]

Tracing Information (1): Hyperlinks

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




Cascading hyperlinks

Posts

Information
|_—~ cascade

ordered
hyperlinks

Time /

ldentify cascades — graphs induced by a time
ordered propagation of information
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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 (11 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 (trees)

Interesting relation between the cascade frequency
and structure
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Tracing hyperlinks: Pros/Cons

Obscure
tech story

Unambiguous, precise and explicit
way to trace information flow g

We obtain both the times as well as
the trace (graph) of information flow

Small tech blog

Slashdot Wired

BBC NYT CNN

Not all links transmit information:
Navigational links, templates, adds

Many links are missing:
Mainstream media sites do not create links
Bloggers “forget” to link the sournce
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Tracing Information (2): Twitter

3/29/2011

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

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 18



Tracing information on Twitter (1)

3/29/2011

Realtime results for Mubarak

ision de

unpais Cientos de miles de egipcios piden la dimi
E:Iia Mubarak | Un Pais http://t.co/prRxnY

giifisdy ibrahimhabib @AJEnglish Mubark fortune US70 bn

Users annotate tweets
with short tags

Tags naturally emerge from
the community B
Given the Twitter network and time stamped posts

If user A used hashtag #egypt at t, 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

P

netka_ez o nij@fluutek [ olite mode off]:
#Mubarak iglan old, exter::?;- '.1'.:- 2orn mad man, who needs
sepoyeiviawiat to be convinced to leave. #jan25 \:"I

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 19
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Tracing information on Twitter (2)

Realtime results for Mubarak

unpais Cientos de_milac de saincios niden la dimisién de
E:Iia Mubarak | Un Fais http://t.co/prnRxnY

Many tweets contain R s S L s
shortened (hashed) URLs

Short-URLs are “personalized”

If two users shorten the same URL L e et A b ot !
. . . . 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

£ >
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Tracing information on Twitter (3)

Explicit information A
diffusion mechanism on Twitter

follows

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

uolewW.o Ul

By following re-tweet cascades
we establish the information flow
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Tracing Information (2): Twitter

Large network, relatively easy to collect data

If data is incomplete cascades break into pieces!

Many different diffusion mechanisms

Not clear whether hashtags really diffuse Lo
Due to “personalization” easier to =
argue URLs diffuse B 3
Problem with all is that we do C

not know the “influencer”

Who “influenced” C?

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 22



Side note: Twitter data

3/29/2011

Kwak et al.: http://an.kaist.ac.kr/traces/WWW2010.htm|

500 million tweets over 7 months

Go to http://snap.stanford.edu/data/twitter7.html and
“view source” and you will find the links to the
data commented out ©
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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

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 24



Challenge: Quotes Mutate

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
- iy
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
T T——
! { T ——
v | e
- ~ . - 1) -
. . . . we spe america as a force of good in this f . someone who sees america as
that he s palling around with terrorists who would target their own country| T e e e L | a force for good in the world ) . e
= = . world we see an america of exceptionalism | | = around with terrorists who ta
- eI I.' e
- T———— "
- -~-\;——--_... N r a~ v
imperfect enough that he s palling around | we see america as a force for good in this world we see america as this is someone who sees americ:
= - P =4 . = . . |} - = . . c S ly L v . .
tmpertec = pating is palling around with terrorists | a force for exceptionalism our opponents see america as imperfect . - ’
with terrorists who would target their country . Lo } . around with terrorists who tas
j\ - \enough to pal around with terrorists who would bomb their own country _
‘m\\ our opponent is someone who sees america as imperfect enough to pal arounc
— terrorists who targeted their own country
B Pl
our opponent is someone who sees america as imperfect enough to pal around with
terrorists who target their own country

as being so imperfect he is palling around with terrorists who would target their own country

L J
someone who sees america it seems as being so imperfect that he s palling around
with terrorists who would 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

L J

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

:

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

-—
iperfect imperfect enough that

target their own country
I
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

L
y

erfect imperfect enough that
our opponent though is someone who sees america it seems as being so imperfect

ould target their own country

I
that he s palling around with terrorists who would target their own country

L
Quote: Our opponent is someone who sees America, it seems, as being so imperfect,

15 being so imperfect enough

d target their own country
imperfect enough that he's palling.around with terrorists whe.would target their own country.




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 |
Nodes are quotes
(approx. quote < oy o
inclusion), _
s.t.

4
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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 R~ C hscd
a node (keep a Gy ‘

single edge) to the e

strongest cluster
; Caar >t S carron
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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
organizer 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 on the iphonea

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

answering that guestion with
specificity is above my pay grade

he doesn't look like all those other
presidents on the dc»llar bills

i think i'll have my
staff get to you

russian aggressmn must
not go una\wered \

8/15 8/22 8/29 9/5

August

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
financial crisis since

the great depression this is something that all of us will

swallow hard and go forward with
600

i think when you spread
the wealth around it's

fundamentals of

our economy are who is the real

strong barack obama good for everybody 500
ident’ ,
j%rss{:j 32; he's palling around I am not
with more with terrorists president
bush 400
mﬁ':-glg E;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

Volume over time of top 50 largest total volume quote clusters

3/29/2011

h_ttg:_[(,memgyacker._org , .
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Rank | Lag [h] | Reported | Site
| -26.5 17 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
7 -16 89 breitbart.com
8 -15 31 thepoliticalcarnival.blogspot.com
9 -15 32 talkleft.com
10 -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: Analytics & Predictive Models for Social Media (WWW '11 tutorial)

Insights: When sites mention quotes?
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Insights: Quotes on Great depression

Media coverage of the current economlc crisis

EY'LL WAE T0 FIND SOMEONE ELSE

1 wﬁnzm TSTIMUUB Bl Je

Phrase
) o
we will reb

how do the -',1 ]

in ... our gl&l
Depressiolf o
they'll havef
stimulus b I

...the weig
destiny of-
.o be hai Kiy:

. , . Barack
buying stocks is a potentially good deal Obama
owe would not be able to continue as a going General
Concern. .. Motors
we've seen some progress in the financial markets Ben
absolutely

3/29/2011

3-Mar

A-Mar

¥ '11 tutorial)

2690
2672

2425

Speech in congress

Dept. of Labor release

EYLL WAVE T FIND SOMEONE ELSE Y=
% mueu TSHMUUJS

‘ 60-minutes interview
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Tutorial Outline




Information Diffusion Cascades

Users are nodes in a
social network.

We know the
network

We focus on some
action users have
performed (e.g.,

(5,1, 1) . tweeted about
“mubarak”)

<D We may or may not

rt > know which node

influenced which
other node

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 32



Information Diffusion Cascades

(e.g., Twitter re-tweets) (e.g., Twitter hashtags)

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 33



What happens with missing data?

(e.g., Twitter re-tweets) (e.g., Twitter hashtags)

4, &

Data about @
node ris
missing
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Missing Data Distorts Cascades (1)

Q
=)
5 £ 3
c S u U
@)
@
Cascade B B
size
_ ®
C ©
2 § 2 iU 2 iU
=



Missing Data Distorts Cascades (2)

Complete
data

Cascade
depth




Missing Data Distorts Cascades (3)

Q

)

= 8 2
c S

@)

@)
Participation:
#non-leaves

(o]0

S ©
83 0
=



Problem Statement

Find properties X
C of the complete cascade C

We only have access to
cascade C’ that is C with
N missing data
Missing data regime: Each node

O) of C is missing independently
with probability p

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 38



Methodology

estimate
true
properties

parameters

target
cascade C

sample

A A

1

properties
X

properties
XM

A

sampled
cascade C’

v l v

properties
)xii

Ar A A

3/29/2011

\ 4

k-tree
cascade

sample

properties
X'

sampled k-tree
cascade

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial)

Estimate
k-tree model
parameters
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k-Tree Model of Cascades

Branching: b=2 u
Depth: h=3

In-edges: k=2 Network
cascade

3/29/2011



Properties of k-trees with missing data

p = fraction of nodes
observed in the sample

Interested in k-tree
properties as a function of p

Relatively simple to reason about
Can calculate an exact expressions for many
different properties of the k-tree

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 41



Example: # of Connected Components

Number of connected components as a function
of k-tree model parameters (b,h,k) and missing

data rate p: 2 _ X A
p #CC _ p b(l b ) _I_kbh+1
b-1{ b-1 )

Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial)
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Properties of k-trees

Derive equations linking k-tree parameters with a
cascade properties:

# of nodes

# of edges , )

# of connected components = & (b(l_ b’) + kbh“j
# of isolated nodes b-1

# of leaves

Average node degree

Out-degree of non-leaves

Size of the largest connected component

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 43



Methodology Overview

estimate
true
properties

parameters

3/29/2011

target sample |  sampled
cascade C cascade C’
properties properties
X X’
1 |
properties properties
Xy X'
k-tree sample | sampled k-tree

cascade

\ 4

cascade

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial)

Estimate
k-tree
parameters
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Estimating k-tree Parameters

, ) model
o tap) = (@ [BA=DY parameters
b-1\ b-1 b, h, k
where X' is the # of connected
components in the ap sample k-tree Model
§ Y A N properties | fit system of astimated
o Xm(ap) | 8 equations model
z , | parameters
.......................... R X'(ap) b, h, k
Sample ‘.pmpfrtlei
p fraction subsample
v a fraction —
obserc\l/ecél sampled observed
cascade cascade for each a

| e T T
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Methodology Overview

target sample |  sampled
cascade C cascade C’
properties properties
oy X X’
estimate estimate
gyoeperties 1 1 parameters
properties | properties
Xy X'
Ar a A A A
parameters k-tree sample | sampled k-tree

\ 4

cascade cascade
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Experiments

Are k-trees a good model for cascades?
How well can we correct for missing data?

Do parameters of the model correspond to
real cascade properties?

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 47



Data Sets

3/29/2011

Network of 72 million nodes and 2 billion edges
Complete set of 350 million tweets over 6 months
Influence cascade: URL retweet cascades

Network cascade: Pretend we do not know
URL of which friend did you forward

English blogosphere posts over 2 months

Influence cascades: Cascades
formed by links between the blog posts

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 48



Is k-tree a good cascade model?

0

20

= 140
x

o 120}

o 100 |

S

O L

S 80
S 60 /A
© 40

((b]

0

=

-

=

Network Cascade -—»-—
Influence Cascade ——=—
Network Cascade Model

Influence Cascade Model

010203040506 0.70809 1

o

Twitter cascade

Yes! Curve of the model matches the empirically
measured values of a real cascade.

3/29/2011

Jure

Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial)
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Can Correct for Missing Data?

: ; . : ; 1 = . . : : ; . : ;
Observed s | e Observed e

Estimated —— | o« | x, Estimated
0.8 |

"K,

1

¥...
0.8 r ™.

06 = 06

0.4 ¢ 0.4 ¢

.‘x‘

Relative Error, Nodes
g
Relative Error, Edges

0.2 T

0

e

0.102030405060.70809 1 0.102030405060.70809 1
o o

Twitter cascades

0

Do significantly better than the observed
uncorrected values!
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Can Correct for Missing Data?

Relative Error, Participation

1

-------------- “Observed s
e, Estimated
0.8 r e
0.6 =
0.2 ¢
0

o

0.102030405060.70809 1

Relative Error, Width

. Observed s
= Estimated

0.8 - "

0-6 | ?

0.4 t |

[ i _a_-_——ﬂh_‘ﬁﬁ;r_i ?_’
0.2 r |
0

o

Twitter cascades

Our method is most effective when more than

20% of the data is missing

Works well even with 90% of the data missing

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial)
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[WSDM '11]

Patterns of Information Attention

Piece of information

# 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

.l lllllllllllllllllllllllll a
- [ ]
] E u
[ | ?. u

l“ ]
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» .
| | .l “ ’o'

.

| | X . q‘

y . 0
] v . o
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u ||
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[WSDM *a1]

Clustering Temporal Signatures

X;(t)
X

>
t (time)

Invariance to scaling

t (time)

& find

A
~~
e
~Z

>

A
A~~~
e
v
=1
>
> >
10 t(time) 50t (time)

Invariance to translation

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

3/29/2011 Jure
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Patterns of Attention

60
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1 year, 172M docs, 343M quotes
580M tweets, 8M #tags

Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial)

20 40 60 80 100 120 140

56



[WSDM *a1]

Analysis of Attention Patterns

40 80
*Spike
Agenc hin

*Slow ¢

* Blog volume = 29.1%  Blog volume = 53.1%

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutor! ial) 57



Predicting Attention

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

volume

time "¢

If NYT mentions info at time t

How many subsequent mentions of the info will this
generate at time t+1, t+2, .7
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Predicting Information Diffusion

Predict future attention (number of mentions)

In a network “infected” nodes T
spread info to their neighbors

Predict the future attention based on
which nodes got “infected” in the past
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Linear Influence Model

Predict the volume based
on who got infected in the past

:.. 10,

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(t)...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 “infected”, how many other
nodes tend to get infected g hours later

How many sites say the info after they see it on CNN?

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

The Linear Influence Model

3/29/2011

>

£
Volume x,(t) of iat time t =

p=
A(t) ... a set of nodes that LT A Y
mentioned j before time t

] S

| (q): influence function of u .

t,: time when u mentioned i IVI——)
I e
X(t+D)= > 1,(t-t,) L_>

ueA (1)
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[ICDM *10]
Estimating Influence Functions

Iul

is not observable, need to estimate it

Make no assumption about its shape
Model as a vector: 1,(q) = [1,(2), 1,(2), 1,(3),-.. , 1,(L)]

Find by solving a problem:

EanZ[x(Hl)— > (t- t)j

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),..., 1,(L)]

How do we estimate the

influence functions | (t)?
»

This makes no assumption
about the shape of / (t)
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LIM as matrix equation

K contagions, N nodes

R s ™\ ™y = . )
M M, My
L
‘: 1 —
' S
L A AN v N~/ i
R g ™ ™ P :
— M, . M, M, 5 x
_— S
L A AN S N .
: : )
) ( N\ M) -
M, x M. x My i S—
Vi I
— L VAN |
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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V=M*]|
Estimate influence functions:

I =argmin||V —M-I|?

- I>0

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

Given M and |, then
V=M*I
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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 j and when

r
r
[+
P
ik
i
4
i
i

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 . 40 e
—News (77.4) 35| —News (34.4) ||
50} PB(107.3) | ' PB (80.8)
-+ TV (40.7) 30}, =TV (56.1)
9 40} — Agency (108.3)/] o o5\’ — Agency (71.1)|]
= — Blog (60.9) 2 ' —Blog (103.1)
S 30 1 820 -
‘E =
= o £ 15
N . 10} | -
10t " 51 ~ \ /\
c 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
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[KDD 10, NIPS *10]

Inferring the Diffusion Networks

There is a diffusion network:
YR
c ) / N/
.
e
We only see when nodes get “infected”:

c,: (a,1), (c,2), (b,3), (e,4)
c,: (c,1), (a,4), (b,5), (d,6)
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[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 o eat <ick We only observe when
PEOpPle geL SIC people buy products
It’s hidden But NOT who infected But NOT who influenced
whom whom
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[KDD "10, NIPS *10]

Plan for the NETINF Algorithm

Define a continuous time model of propagation
Define the likelihood of the observed data
given a graph

Show how to efficiently the likelihood

Show how to efficiently the likelihood
Find a graph G that maximizes the likelihood

There are super-exponentially many graphs, O(NN™N)
NETINF finds a near-optimal graph in O(N?)!
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Information Diffusion Model

tv
()
. . (D
With prob. B cascade propagates Y,
along edge (i,j) and t; = t+4 e,

PC(I’J) x P(tj _ti) if tj > ti else ¢
¢ captures influence external to the network

At any time a node can get infected from outside with
small probability ¢
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Probability of a cascade tree

by

" (D
With prob. B cascade propagates Y,
along edge (i,j) and t; = t+4 e,

Prob. that cascade C propagatesin atree T
P(c|T)= ] BP.(u.v) 1] (1—5)

(u,v)EET uweVr, (u,x)EE\ET
3/29/2011 Edges that E)ropagate Models for Social Me gg/VWthbtautEr;F?lled to “propagate”
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Probability of a cascade tree

Cascade ¢ ={(u,t,), ueV;}is v T d
defined by node infection times: N7
={(a1), (c2). (0.3). (e4) } N

Prob. that cascade C propagates in atree T

P(c|T) = H BP.(u,v) H (1 —7)

(u,v)EET uweVr,(u,r)EE\ET

Note that 2"d term only depends on vertex set V;
of tree T (and not the edge set E):

P(c|T) H P.(v,u)
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Complication: Too many trees

c=1(a1l),(c.2),(b3), (e4)}

Pt A & B
e e e
O O e

Need to consider

P(cG)= > PTPTIG < Y J] Plv.u)

TeT(G) TeT(G)(u,v)eEET
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Probability of a Propagation Tree

The problem is NP-hard:
MAX-k-COVER [KDD "10]
Our algorithm solve it
near-optimally in O(N?)

G = argmax Fo(G)
Gl<k
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Submodularity to the Rescue

Log-likelihood F(G) of item c is
, and

same nodes, different
edges: Ac 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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Submodularity to the Rescue

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(Gi—1U{e}) — Fo(Gi—1)

ecG\G,; _1
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Experimental Setup

1 B
0.8 |- -
Take a graph G on k edges S ool l
Simulate info. diffusion £ o4t -
Record node infection times 02 7 Netinf y
0 Baseline | | |
0 02 04 06 08 1
Recall
1 Netinf I ~
Baseline
0.8 |
3 06|
Break-even point: 0.95 S o4l
£ o
Performance is independent 02 |
of the structure of G! .

0 02 04 06 038 1
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Experiments: 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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Diffusion Network

@ Blogs
@ Mainstream media

3/29/2011 Jure Leskovec: Analytics & Predictive Models for Social Media (WWW '11 tutorial) 85



Diffusion Network (small part)

& chdirteam

Qrap'ﬂ 3three.blogspotiegm thﬂ;ha_c&evelvethottub.com

Qlter;‘uet.org .:fikjality.com .'C’EhEE‘F”EShEFE-DEQQSPDt-Com rwww.techdirt.cgm
.smccain.b!ogspm.cum %Ie.am
.oritanniaradi::-.blogspot.ccm .deadspin com
Qezebel.cm‘n '
. . " @ rurm dvdtalk.com
eghingtenmonthly.com .uepolit[r:.al-:arnivaf.blc:gs;.,ot.c.c.awker.ccm .
| oxxet.com
.mnkprogress.c:rg .lfﬁngtonpost.com
g N
cinie.werdpress.com Q . suardian.co.uk Q_;olpedegato.blogspot.com
mericanpowerblog:hlogsp®t.com
Q)logs.abcne-,-vs.com rchife.salon.2em %heedcontent >n
: Q-da blogspot.com .
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QI Qemocraticunderqmund.com | ﬂg}(stiqlcam
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b pple.wowgoldir.com
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@ Mainstream media o
orumss. macrumaor
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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

Jure Leskovec: Rhythms of Information Flow through Networks



Further Qs: Opinion dynamics

?
How does and in
different parts of the network?
How does in different parts of

the network?
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