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Are social media sustainable? 
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From the trenches: no! 

¡ Content producters 
- May I be missing my 
audience? 
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¡ Users’s dilemma 
- May I be missing 
something? 



From the faculty lounge: of course! 
¡ Socializing is essential for information 
- To find about jobs [Gr74], innovation [CKM57] 
“It pays to know / It hurts to be unaware.” 

¡ When looking for good content, most of the 
time is wasted, but some gems are priceless  
- This process is more efficient collectively 
- And curating is at least informally rewarded 

¡ In this talk, we focus on news dissemination 
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What is the role of intermediaries? 
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Understanding these intermediaries 
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2013: two interesting works 

Twitter “precision”  

40.5% average 

- Encouraging! 
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We motiva
te this

ques
tion

with
a preli

minary
empiric

al

user
stud

y that
attem

pts t
o dir

ectly
measu

re re
levan

ce w
ith-

out r
esort

ing to a defin
ition

of us
er in

teres
ts: w

e ask 10 ac-

tive
Twit

ter u
sers

to rate
a set o

f 30
twee

ts as
Rele

vant
/Not

Rele
vant

. The
users

are
stud

ents
at Stan

ford
Univ

ersit
y

who
log in at least

once
a week

on aver
age,

follo
w at least

30 peop
le, an

d recei
ve at

least
20 new

twee
ts a

week
in their

timeline
. The

set of 30
twee

ts is put
toge

ther
by choo

sing

15 twee
ts fro

m the u
ser’s

timeline
in the p

ast 7
days

, and
15

uniq
ue rand

omly selec
ted twee

ts out
of th

e set o
f all

twee
t

impress
ions

over
the same 7 days

1 . The
set o

f 30
twee

ts is

then
rend

ered
in a rand

om orde
r as

per u
sual

twee
t ren

der-

ing guid
eline

s [11].
The

p

r

e

c

i

s

i

o

n

of ea
ch of th

e 15 twee
ts

is then
the

fract
ion of twee

ts that
the

user
thou

ght
were

relev
ant.

The
resul

ts of th
e expe

riment for each
of th

e 10

users
is show

n in Figu
re 1. The

aver
age

prec
ision

of us
ers

for twee
ts draw

n from
their

timeline
is 70%

. On the othe
r

hand
, the

prec
ision

drop
s to a

roun
d 7% for t

he se
t of r

ando
m

twee
ts sh

own
to the users

! Even
thou

gh this
is to

o small a

user
stud

y to draw
a defin

itive
conc

lusio
n abou

t the
actu

al

valu
e of p

recis
ion on Twit

ter, t
he re

sults
lend

some cre
denc

e

to the hypo
thesi

s that
socia

l net
work

s such
as Twit

ter are

much more p
recis

e tha
n one w

ould
expe

ct if
users

were
seein

g

cont
ent a

t ran
dom

. Note
that

since
we show

ed (as c
ontr

ol)

each
user

15 rand
om twee

ts ch
osen

from
twee

t im
p

r

e

s

s

i

o

n

s

,

and
got a

low relev
ance

score
for t

his c
ontr

ol se
t, it

does
not

appe
ar th

at in
spec

tion
para

dox
2 alon

e cou
ld be an

adeq
uate

expl
anat

ion of th
e high

prec
ision

we see in this
trial

.
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Figu
re 1: Compari

son
of s

elf-r
epo

rted
prec

ision
be-

tween
tweets

from
a user

’s tim
elin

e and
tweets

cho-

sen
at rand

om.

1.1 Necessary Conditions for Precision

In this
pape

r, we
first

outli
ne some nece

ssary
cond

ition
s

for obta
ining

high
prec

ision
. For

each
of th

ese cond
ition

s,

we s
tate

the h
ypot

hesis
, val

idate
it wi

th data
, and

argu
e via

1We impose
d two

restr
ictio

ns on the
rand

omly selec
ted

twee
ts: the

twee
ts must be in engli

sh (all
the

surv
ey tak-

ers were
engli

sh spea
kers)

, and
the

twee
t must

not
be a

reply
(sinc

e a reply
may not

make
sense

outs
ide of th

e full

conv
ersat

ion,
thus

yield
ing artifi

cially
low

prec
ision

).

2The
insp

ectio
n para

dox
is an anal

ogue
to the well-

know
n

frien
dship

para
dox

[6]: h
igh qual

ity users
have

more follo
w-

ers a
nd henc

e a rand
om twee

t impress
ion is of

high
er qu

ality

than
a rand

om twee
t.

model
ing and

anal
ysis,

why
the hypo

thesi
s is nece

ssary
for

obta
ining

high
prec

ision
.

Interest-based Networks.

Our fi
rst h

ypot
hesis

is a
natu

ral o
ne: U

sers
on socia

l and

infor
mation

netw
orks

have
inter

ests,
and

link
to othe

r use
rs

who
shar

e som
e or

all o
f the

se in
teres

ts. T
his a

ssum
ption

is

folkl
ore in how

these
netw

orks
are gene

rated
–sev

eral
com-

monly
used

gene
rativ

e model
s of

socia
l net

work
s ind

eed use

this
assu

mption
[18,

17, 7
]. W

e defi
ne (i

n Sect
ion 2) an

ana-

lytic
model

capt
uring

the e
ssenc

e of t
hese

gene
rativ

e model
s:

Ther
e are

a set o
f use

rs V
and

a set o
f inte

rests
I. E

ach user

u 2 V has a
set o

f int
erest

s C(u) t
hat (

s)he
is int

erest
ed in.

We ter
m these

users
c

o

n

s

u

m

e

r

s

for in
teres

t i. E
ach user

con-

nect
s to

othe
r use

rs ba
sed on their

inter
ests,

and
this

yield
s

a grap
h G(V,E

) on the users
, wh

ich is the obse
rved

socia
l

netw
ork.

This
netw

ork
could

be direc
ted

(e.g.
, Twit

ter),

wher
e some users

follo
w othe

rs an
d infor

mation
flows

alon
g

direc
ted edge

s, or
undi

recte
d (e.g.

, Fac
eboo

k), w
here

frien
d-

ship
is m

utua
l, an

d infor
mation

can
flow

in both
direc

tions

alon
g an edge

.

In orde
r to anal

yze
prec

ision
in this

model
, we

need
to

defin
e whic

h users
shar

ing an inter
est i

2 I p

r

o

d

u

c

e

cont
ent

relat
ed to the

inter
est.

Let
P (i) deno

te the
set of users

who
act a

s pro
duce

rs, W
e show

(in Sect
ion 3) th

at if
for a

ll

inter
ests

i, P (i) =
C(i), w

hich
means

any
cons

umer ca
n be

a pote
ntial

prod
ucer

, the
n it is only

poss
ible

to cons
truct

netw
orks

with
good

prec
ision

in the trivi
al sc

enar
io wher

e

all u
sers

have
the same inter

ests.

Production vs. Consumption.

This
leads

us to our
secon

d hypo
thesi

s: the
prod

uctio
n

inter
ests

of a
user

are narr
ower

than
the

cons
umption

in-

teres
ts.

In othe
r word

s, P (i) ⇢ C(i).
We valid

ate
this

assu
mption

on Twit
ter (desc

ribed
in Sect

ion
2).

We de-

fine
prod

uctio
n as ei

ther
twee

ting
or re

twee
ting

a twee
t, an

d

cons
umption

as tw
eets

cont
ainin

g an URL
that

a user
click

s

on.
For

simplici
ty, w

e refer
to this

as a click
on a twee

t.

We show
that

the
set of inter

ests
capt

ured
by click

s has

large
r entro

py (per
user)

than
the

set capt
uring

twee
ts or

retw
eets.

We note
that

both
restr

ictin
g atten

tion
only

to

twee
ts cont

ainin
g URL

s, an
d requ

iring
click

s as a measu
re

of co
nsum

ption
inter

ests
are s

trict
notio

ns, w
hich

makes
the

empiric
al re

sults
stron

ger.

We als
o show

via anal
ysis

(in Sect
ion 3) th

at se
para

tion
of

prod
uctio

n from
cons

umption
is still

insu�
cient

to expl
ain

high
prec

ision
. In part

icula
r, we

show
that

if us
ers choo

se

their
prod

uctio
n and

cons
umption

inter
ests

at ra
ndom

from

any
distr

ibuti
on over

inter
ests

(sub
ject

to mild restr
ictio

ns),

it is not
poss

ible
to achie

ve even
cons

tant
prec

ision
. Our

resul
t is f

airly
robu

st to
the e

mpiric
ally

obse
rved

varia
bility

in the num
ber

of us
er inter

ests,
and

the card
inali

ty of th
e

inter
ests.

In App
endi

x A, w
e show

the
same resul

t when

users
them

selve
s hav

e var
ying

num
ber o

f int
erest

s, as
in the

a�liatio
n netw

ork model
s [17

, 7].

Structured Interests.

The
abov

e res
ult m

akes
a cas

e for
inter

ests
with

struc
ture:

User
s do not

choo
se inter

ests
rand

omly, b
ut ra

ther,
choo

se

them
in a corre

lated
fashi

on. I
n othe

r wo
rds,

inter
ests

have

a corre
latio

n struc
ture,

and
users

are more likely
to choo

se

from
among

corre
lated

inter
ests

than
from

among
unco

r-

relat
ed inter

ests.
We verif

y this
assu

mption
by measu

ring

Homogeneous or 

structured 

interests leads to 

efficient networks 



Can we find evidence of filtering? 
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Intermediaries URLs Posted Data Sets Source User
s 

URL
s 

NY Times Links Twitter 330k 33k 

Bin Laden Death Twitter 700k 545k 

Occupy Wall 
Street 

Twitter 354k 316k 

Steve Jobs Death Twitter 719k 251k 

iPhone 5 Launch Twitter 81k 37k 

iPhone 5 Launch  Facebook 330k 193k 

All Spinn3r blogs Spinn3r 68k 441k 

Obama Spinn3r 13k 85k 

Facebook Spinn3r 12k 70k 

Euro Spinn3r 10k 53k 

Mubarak Spinn3r 7k 43k 

Looking for filtering 
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Evidence of information filtering 
“Filtering law” 
 
Not an artefact of 
- replacement 
- exposure 
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MORE ACTIVITY à LESS POPULAR CONTENT 



Many open questions 
¡ Can we find more evidence of precision? 
- Using click (Twitter data grant, more partners) 
- Does selectivity correlate with success? 

¡ Current models somewhat at odds 
- Discrete topics + continuous popularity range 
- Are there more general models 

¡ Can crowd-curation be improved? 
- In principle (no friction etc.), already efficient. 
- With incentive? With new mechanism? 
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Thank you! 
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Back-Up Slides 
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Theoretical Results 

Audience 
Strategy 

Pure Strategy 
Equilibrium? 

Price of 
Anarchy 

Greedy No -- 

Satisficing Yes 2 

Satisficing w/
blogger ability 

Yes 2 
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Filtering Law Consistent Across Data Sets 
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INACTIVE  
< 2 / month 

5% 
ACTIVE  
< 2 /day 

35% VERY 
ACTIVE  

>= 2 / day 
60% MORE ACTIVE à LESS POPULAR 

CONTENT 
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INACTIVE  
< 2 / month 

5% 

ACTIV
E  

< 2 /
day 
35% 

VERY 
ACTIVE  

>= 2 / day 
60% 

MORE ACTIVE à LESS POPULAR 

CONTENT 

Simply explained by replacement effect? 

NO! 
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In Summary… 
¡ Previous work: 
Intermediaries play key role 
in information dissemination. 

¡ We provided theoretical and 
empirical justification for 
intermediaries as information 
filters. 

¡ Come see my poster! 
- Results not shown: Role of 
filtering on success of 
intermediary 

MORE ACTIVE à LESS 
POPULAR CONTENT 
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