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Information and Networks

...by personal influence in our social networks
..through influence by mainstream media

How does by the
interact with the
arising from ?

From its early stages, a tension between
from the mass media and
carried by social structure
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Online (Social) Media

News for Nerds. Stuff that matters.

Blogger

myspace.com
q y pplmfll'l'n nds..

facebook.

Traditional (TV, Newspapers, Agencies)

Blogs (personal/professional) (N)ef.r;'gle
Microblogging (Twitter) engadget
TechCrunch
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Social Media: The New Picture

means the dichotomy between
and IS

of media reporting and discussion has
. very rapid progression of stories

reaches us in from
and via
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Plan for the Talk

Analyze underlying mechanisms for the real-time
spread of information through on-line networks
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Challenges and Opportunities

In principle, we can collect nearly all
(online)
20 million articles/day (50GB of data/day)

News sources

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

phrases, quotes, messages, links, tags
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Extracting Units of Information

Would like that:

correspond to pieces of information -
vary over the order of days, techiton
and can be handled at terabyte scale

Small tech blog
Engadget

Cascading links to individual articles
[Adamic-Adar ‘05] [SDM ‘07]

Textual fragments that travel
relatively unchanged, in this case
through many news articles:

Slashdot Wired

BBC NYT CNN

About 1.25 quotes per document in our data
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[KDD ‘og9]

Challenge: Quotes Mutate... A lot!
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Finding Mutational Variants

Find mutational variants of a quote

In a DAG of approx. quote inclusion,
S.t.

Nodes are phrases
Edges are inclusion relations
Edges have weights

Length > 4, freq. > 10

DAG-partitioning
is NP-hard but



http://memetracker.org

Cluster Volume over Time

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 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 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" .
jﬁ:;,rsstr,:j 32; he's palling around | am not
wih more with terrorists president
bush 400
than Dne\\ : _
thing at 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 1010 1017 10/24 10/3

October

Volume over time of top 50 largest total volume clusters
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Interaction of News and Blogs

018 T T M LA N B e T ank | ]_ag [h] | RepDI’[ed | blte
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8 L . 6 -17 49 digg.com
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rs) 008 - fa" __ g —}5 gé thﬁﬁolfmcalcarnival.blogspot.com
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2  0.06 - /-*’ / 7 10 -14.5 34 dailykos.com
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o) - / 1 34 -11 72 cnn.com
a 002 - 7 40 -10.5 78 washingtonpost.com

== T | S 48 -10 53 online.wsj.com

12 -9 -6 -3 o 3 6 9 12 % 0] 54 ] ap.org

Time relative to peak [hours], t

Peak intensity from blogs typically comes about 2.5 hours
after peak intensity from news

Can classify individual sources by their typical timing
relative to the peak aggregate intensity.
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[WSDM '11]

Patterns of Information Attention

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
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[WSDM '11]

Clustering Temporal Signatures

Goal: & find
A A A A
GOO J-eveeees — o~
200 foeeeees O \-I—-J/ \'IT'/
A~ N— > >Z\<
d —
~— >
> > > : > —
t (time) t (time) 10 t(time) 50 (time)
Invariance to scaling Invariance to translation

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

[WSDM “11]
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Patterns of Attention
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[WSDM '11]

An Newspaper
N Pro Blog
E—*;P TV
\"u. Agency
\‘ Blogs
N
0 20 40 60 80 100 120 140
Time(1 hours)
!
h

10
5
0

0

20 40 60 80 100 120 140

Time(1 hours)

1 year, 172M docs, 343M quotes
580M tweets, 8M #tags
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[WSDM *a1]

Analysis of Attention Patterns

40 -

*Spike
Agenci
*Slow ¢

hin

* Blog volume = 29.1%  Blog volume = 53.1%
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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 e Y

spread info to their neighbors 1 /‘ \(
S

C

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

Jure Leskovec: Rhythms of Information Flow through Networks 20



[ICDM ‘'10]

The Linear Influence Model

Volume V(1)

Volume x,(t) of iat time t

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

| (q): influence function of u

t,: time when u mentioned i

X (t+1) — Z Iu(t_tu)

ueA (1)
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[ICDM ‘'10]

Estimating Influence Functions
|u|_—>

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:

ﬁanZ(x t+D— D 1, (t- t)j

ueA (t)
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[ICDM *10]

The model: 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

r
I
L
i+
i
1
4
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 e 40 S
—News (77.4) [ —News (34.4) ||
50} PB (107.3) | i 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 I 820 -
= .
E ol 15
\\ .-\ 10_ . |
10_ . . 5_ = N /\
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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Inferring the Diffusion Network




[KDD 10, NIPS *10]

Examples and Applications

oooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooo

Process Viruses propagate Recommendations and
through the network influence propagate
We observe We only observe when We only observe when
people get sick people buy products
It’s hidden But NOT who infected But NOT who influenced
whom whom
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[KDD "10, NIPS *10]

Inferring Diffusion Networks

There is a diffusion network:
a \ b
A
C 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)

The problem is (there are O(2V) graphs!)
Our algorithm can do it
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Experiments

172 million news and blog articles over 1 year
Extract 343 million different quotes

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

Who tends to copy (repeat after) whom
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Diffusion Network

@ Blogs -
@ Mainstream media
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Diffusion Network (zoom-in)
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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

[Adamic-Glance ‘04]?

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

the network?
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THANKS!

http://snap.stanford.edu
http://memetracker.org

Eve Online: Exodus dev
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