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Explosion of content in social media 

Daily growth of user‐generated 
content 
•  1,000,000+ new blogs posts 
•  500,000+ new videos on YouTube 
•  300,000+ new images on Flickr 
•  16,000+ new stories on Digg 
•  … 

Goal: iden<fy content that will become highly popular 



Inequality of popularity 

Digg stories  Flickr images 

Distribu%on of votes received by 
3500 recent Digg stories in June, 
2009 

Distribu%on of views received by 
500 images featured on Flickr’s 
Explore page over a week in June 
2006 



Unpredictability of popularity 

•  Popularity is difficult to predict, even to experts  
•  Quality – inherent feature of content 
•  Social influence  

−   i.e., knowing about the choices of others 
•  Other factors? 

•  Ar%ficial cultural market experiments [Salganik, Dodds 
& Wa_s, 2006] 
•  Studied popularity of cultural ar%facts, like music 

•  Quality contributes weakly to popularity 
•  Social influence is responsible for both inequality and 
unpredictability of popularity 



Predic<ng popularity in social media 



Lifecycle of a story on Digg 

•  user submits story to 
Upcoming Stories 

•  others vote on the story 

•  if story gets many votes 
quickly  
 promoted to Front 
page 

•  Friends Interface shows 
stories friends 

•  submi_ed 
•  voted on 
•  … 



Stochas<c user model 

•  visibility: does user see the story? 
•  user interface 

− browse upcoming stories 

− browse front page stories 
−  recommended by friends 

•  interest: does user like the story? 

interest visibility 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vote start 
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Collec<ve model: number of votes for a story 

rate users find story 
  on front page list: νf  

  on upcoming list: νu 
  via friends: νfriends 

frac%on of users seeing the story who vote for it: r 

visibility 



Es<ma<ng model parameters 

•  parameters for 
•  story visibility 
•  story interes%ngness 

•  es%mate from sample of users & stories 



Digg data set 

•  votes vs. %me for stories 
•  for several days in May & June 2006 
•  2152 stories with at least 4 votes 
 submi_ed by 1212 dis%nct users 

 510 of these stories promoted to front page   

•  number of fans for ac%ve users 

•  story rates: 
 submi_ed: ~ 60/hour 

 promoted to front page: ~ 3/hour 



Story visibility 

•  user viewing behavior not available:  
•  which stories users look at 
•  how they find stories  

−  front page, friends interface, … 

•  es%mate indirectly from models & data 



Modeling story visibility 

•  story loca%on 

•  naviga%ng web sites 

•  number of fans 



modeling story visibility 

•  story loca%on 
•  posi%on on upcoming or front page 
•  promo%on to front page 

•  naviga%ng web sites 
•  “law of surfing” 

−  Huberman et al., “Strong Regulari%es in World Wide Web Surfing”, 
Science 1998 

•  number of fans 



Story loca<on 

Digg presents stories in lists 

•  15 stories per page, most recent first 

•  a given story  
•  moves down the list as new stories added 
•  eventually moves to later pages 

•  if promoted: 
− moves from upcoming to top of front page list 



Story visibility via friends interface 

story’s 
submi_er 

story submi_ed; 
 submi_er’s fans can see story 
 via friends interface 

network of fans 

fan visits Digg, sees and votes on story; 
that person’s fans can then see story  

 via friends interface 

fan visits Digg, doesn’t vote on story: 
story not visible to that person’s fans 

 via friends interface 



Story visibility via friends 

•  each voter enables her fans to see story  
•  number of fans not yet viewing story: s(t) 

•  based on number of votes on the story 

•  submi_er’s fans: s(0) 

fans of prior voters 
visit Digg 

new fans from 
new votes 

a=51 
b=0.62 

average number of 



Story interes<ngness 

•  reasons users vote are not available, e.g., 
•  novelty [Wu & Huberman 2007] 

•  popularity (determining interest, not just visibility) 

− e.g., “cool” fashion or gadgets 
− can test via web experiment [Salganik et al. 2006] 

•  es%mate from models & data 
•  fitng model to vote history auer accoun%ng for visibility 



Votes vs. <me 

model vs. observations for 6 stories 
(one parameter fit for r) 

model captures qualita<ve features 
•  slow growth on upcoming pages 
•  influence of fans on promo<on 
•  rapid growth if story promoted 



Applica<ons of models 

A model of social dynamics allows us to separate effects of 
story quality and social influence and study how each 
affects popularity 

•  Es%mate story quality – interes%ngness r 
•  “inherently unpredictable” [Salganik et al., 2006] 

•  Predict promo%on 
•  Predict long‐term popularity from early user reac%ons 



lognormal fit 

a few stories much more 
interes%ng than average 

Interes<ngness for promoted stories 



model: promo<on to front page 



Promo<on predic<on vs. data: 95% accurate 

promo%on threshold 
from model 

logarithmic 
scale 

model predic%on errors for promo%on: 
 false nega%ve: 1 out of 510 
 false posi%ve: 108 out of 1642 

promoted 

not promoted 



Predict from early user reac<ons 

•  ra%onale: early reac%ons indica%ve of other 
users 

• Model‐based predic%on 
•  es%mate story interes%ngness from early votes 
•  use model to extrapolate to final votes 

• accounts for varia%on in visibility 
− Due to the user interface 
− Due to social influence (friends interface) 



example: predic<on using model 

predict from first 4 observa%ons 
r es%mates correlate 0.9 with those based on full history 
predic%on accounts for 75% of variance 
rms predic%on error: 244 votes 



Related Work 

•  Direct extrapola%on from early votes 
•  Useful for various communi%es, e.g., Digg & YouTube 

 [Crane & Sorne_e 2008; Szabo & Huberman 2008] 
•  Caveat: Applicable to promoted stories only     

•  Propor%on of early fan votes [Lerman & Galstyan 2008] 
•  Propor%on of fan votes among early votes 

− Large frac%on of early fan votes  not popular story 
»  Niche interest story? 

− Small frac%on of early fan votes  popular story 
»  General interest story 

•  Caveat: Applicable to stories submi_ed by well‐connected top 
users 
    



full model votes only 

variance 
accounted for 

75% 56% 

rms prediction 
error 

244 327 

Comparison with “direct extrapola<on” 

full model is be_er than not including visibility 
(differences significant, p‐value <10‐4) 



Predic<on based on early fan votes 

•  Popular stories ini%ally receive fewer fan votes  
•  Train classifier to predict if story will receive > 500 votes 

−  [Lerman & Galstyan, WOSN 2008] 

Story popularity vs number of fan votes within the first 10 votes 



Comparison 

Predic<on method  Early fan 
votes 

Social dynamics 
model 

Digg 

promo<on 

Number of votes 
used 

First 10  First 10  First >40 

Precision 

(all 39 stories) 

0.21  0.27  ‐ 

Precision 

(14 promoted stories) 

0.5  0.43  0.31 

Predict whether 39 stories submiZed by top users will become popular 
(task: predict whether the story will receive more than 500 votes) 



Conclusion 

•  The open nature of social media enables predic%on 
•  Observa%ons of user behavior lead to model of social 
dynamics 

•  Social dynamics models are a powerful tool to explore social 
media 
− Es%mate unmeasurable parameters, e.g., story quality 

− Predict future behavior 
•  Social dynamics models 

•  Extend the model to allow fans and non‐fans to have different 
interests 

− Discover niche interests 
•  Model user diversity 



Stochas<c user model 

interest visibility 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Stochas%c user model based on Digg user interface 



promo<on predic<on vs. data:  
promoted stories 

promo%on threshold 
from model 

logarithmic 
scale 

model predic%on errors for promo%on: 
 false nega%ve: 1 out of 510 
 false posi%ve: 108 out of 1642 



promo<on predic<on vs. data:  
non‐promoted stories 

promo%on threshold 
from model 

most stories 
not promoted, and 
from people with no fans 

logarithmic 
scale 

model predic%on errors for promo%on: 

 false posi%ve: 108 out of 1642 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