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Course	
  Outline	
  
•  Day	
  1:	
  Introduc+on	
  to	
  the	
  Introduc+on	
  
– Examples,	
  data	
  sets,	
  presenta+on	
  of	
  the	
  compe++on	
  

•  Day	
  2:	
  Web	
  Search	
  and	
  Society	
  
– Demographics,	
  economy	
  and	
  more	
  

•  Day	
  3:	
  Blogs	
  and	
  TwiOer	
  
– Gender,	
  moods,	
  poli+cs,	
  stock	
  market	
  and	
  more	
  

•  Day	
  4:	
  Social	
  Networks	
  and	
  Online	
  Da+ng	
  
– AOrac+veness,	
  FB&GPA,	
  FB&Personality	
  and	
  more	
  

•  Day	
  5:	
  E-­‐commerce	
  and	
  Marke+ng	
  Studies	
  
– Brand	
  congruence,	
  Groupon	
  Effect,	
  social	
  ads	
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Does	
  it	
  depend	
  on	
  
-­‐  whether	
  we	
  are	
  in	
  the	
  same	
  country?	
  
-­‐  whether	
  we	
  are	
  close	
  friends?	
  
-­‐  whether	
  I	
  use	
  a	
  cheap/expensive	
  camera?	
  
-­‐  ….	
  

If	
  I	
  use	
  a	
  Nikon	
  camera,	
  are	
  my	
  friends	
  
more	
  likely	
  to	
  use	
  a	
  Nikon	
  camera	
  as	
  well?	
  

The	
  main	
  research	
  ques+on	
  addressed:	
  

Relevant	
  for	
  adver+sing	
  in	
  social	
  networks.	
  

Canon	
  
Canon	
  

Sony	
  
Sony	
  



Camera	
  model/brand	
  

Date	
  taken	
  

We	
  use	
  data	
  from	
  Flickr	
  ...	
  



User‘s	
  loca+on	
  

User‘s	
  contacts	
  

User‘s	
  groups	
  



Extracted	
  Informa+on	
  
•  Per-­‐image	
  
– Camera	
  brand	
  
– Camera	
  model	
  
– Date	
  taken	
  

•  Per-­‐user	
  
– Loca+on	
  
– List	
  of	
  contacts	
  
– List	
  of	
  groups	
  



Data	
  Pre-­‐Processing	
  

•  Map	
  camera	
  brand	
  to	
  ID	
  
– E.g.	
  Minolta	
  =	
  Konika	
  =	
  Konica	
  

•  Map	
  camera	
  model	
  to	
  ID	
  
– E.g.	
  Maxxum	
  7D	
  =	
  Dynax	
  7D	
  

•  Map	
  loca+on	
  to	
  country	
  ID	
  
– E.g.	
  California	
  =	
  Canada’s	
  neighbor	
  =	
  USA	
  

•  Get	
  unique	
  camera	
  brand	
  for	
  users	
  and	
  “buckets”	
  
– March-­‐May	
  2006,	
  March-­‐May	
  2007,	
  March-­‐May	
  2008	
  
– Majority	
  vo+ng	
  of	
  (up	
  to)	
  10	
  images	
  in	
  a	
  bucket	
  



Data	
  Sta+s+cs	
  
•  A	
  complete	
  connected	
  component	
  
– 3.9M	
  users,	
  67M	
  edges	
  	
  	
  (in	
  summer	
  2008)	
  

•  1.2M	
  users	
  with	
  brand	
  informa+on	
  
– 37%	
  Canon,	
  17%	
  Nikon,	
  11%	
  Sony,	
  …	
  

•  519k	
  users	
  with	
  country	
  informa+on	
  
– 39%	
  USA,	
  9%	
  UK,	
  5%	
  Canada,	
  …,	
  27%	
  unmatched	
  

•  11M	
  directed	
  edges	
  with	
  brand	
  informa+on	
  
•  1785	
  models,	
  96	
  brands,	
  168	
  countries	
  



Methodology:	
  Pairwise	
  Brand	
  Congruence	
  

•  Look	
  at	
  user	
  pairs	
  
– X	
  is	
  in	
  the	
  list	
  of	
  contacts	
  of	
  Y	
  	
  	
  (“friends”)	
  
– X	
  and	
  Y	
  are	
  random	
  users	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  (“baseline”)	
  
– X	
  and	
  Y	
  are	
  friends/random	
  pairs	
  with	
  property	
  Z	
  

•  Percentage	
  of	
  congruent	
  pairs	
  
– Congruent	
  =	
  same	
  brand	
  used	
  
– High	
  congruence	
  itself	
  is	
  not	
  enough	
  
–  Is	
  the	
  percentage	
  for	
  friends	
  higher	
  than	
  for	
  baseline	
  



Dependence	
  on	
  Friendship	
  and	
  Country	
  

%-­‐age	
  congruent	
  in	
  April	
  2008	
  
Random	
   Friends	
  

Country	
  ignored	
   19%	
   27%	
  

Same	
  country	
   23%	
   29%	
  

Different	
  country	
   19%	
   28%	
  

Friendship	
  maFers	
  ...	
  
...	
  more	
  than	
  country.	
  



Dependence	
  on	
  Closeness	
  of	
  Friendship	
  
0.0	
  ·	
  GJ	
  <	
  0.2	
   ..	
  ·	
  GJ	
  <	
  0.4	
   ..	
  ·	
  GJ	
  <	
  0.6	
   ..	
  ·	
  GJ	
  <	
  0.8	
   ..	
  ·	
  GJ	
  ·	
  1.0	
   0.0	
  ·	
  GJ	
  ·	
  1.0	
  

27%	
   24%	
   26%	
   27%	
   27%	
   27%	
  

Mutual	
   One-­‐way	
   Either	
  
27%	
   28%	
   27%	
  

small-­‐small	
   small-­‐large	
   large-­‐small	
   large-­‐large	
  
country	
  ignored	
   30%	
  (18%)	
   28%	
  (19%)	
   26%	
  (19%)	
   27%	
  (21%)	
  
Same	
  country	
   31%	
  (21%)	
   28%	
  (23%)	
   27%	
  (22%)	
   29%	
  (25%)	
  
diff.	
  country	
   21%	
  (17%)	
   25%	
  (19%)	
   24%	
  (19%)	
   28%	
  (21%)	
  

X	
  2	
  {G1,G2,G4},	
  	
  Y	
  2	
  {G2,G3,G4,G6},	
  	
  	
  	
  	
  GJ(X,Y)	
  =	
  |{G2,G4}|/|{G1,G2,G3,G4,G5,G6}|	
  =	
  2/6	
  
“close”	
  =	
  similar	
  interests	
  =	
  similar	
  groups	
  joined	
  

“close”	
  =	
  mutual	
  friends	
  

“close”	
  =	
  few	
  friends	
  (up	
  to	
  five)	
  

Groups	
  are	
  irrelevant.	
  

Mutuality	
  is	
  irrelevant.	
  

Friendship	
  size	
  maFers.	
  
big	
  difference	
   no	
  difference	
  



0·	
  FJ	
  ·	
  0.5	
   0.5	
  <	
  FJ	
  ·	
  1.0	
  
country	
  ignored	
   27%	
   33%	
  
Same	
  country	
   29%	
   33%	
  
diff.	
  country	
   28%	
   24%	
  

Dependence	
  on	
  Closeness	
  of	
  Friendship	
  

“close”	
  =	
  cliqued	
  

YX

B

A C

D{X,A,B,Y}	
   {Y,B,C,D}	
  

FJ(X,Y) 	
  =	
  |{B,Y}|/|{A,B,C,D,X,Y}|	
  
	
  =	
  2/6	
  

Cliqueness	
  maFers.	
  

big	
  difference	
  



Dependence	
  on	
  Camera	
  Type	
  

P&S	
  –	
  P&S	
   P&S	
  -­‐	
  DSLR	
   DSLR	
  –	
  P&S	
   DSLR	
  –	
  DSLR	
  
country	
  ignored	
   26%	
  (20%)	
   20%	
  (19%)	
   20%	
  (19%)	
   47%	
  (42%)	
  
Same	
  country	
   29%	
  (28%)	
   24%	
  (27%)	
   25%	
  (27%)	
   49%	
  (45%)	
  
diff.	
  country	
   21%	
  (18%)	
   18%	
  (17%)	
   18%	
  (17%)	
   46%	
  (41%)	
  

P&S	
  –	
  P&S	
   P&S	
  -­‐	
  DSLR	
   DSLR	
  –	
  P&S	
   DSLR	
  –	
  DSLR	
  
cliquen.	
  ignored	
   26%	
   20%	
   20%	
   47%	
  
low	
  cliqueness	
   26%	
   20%	
   20%	
   47%	
  
high	
  cliqueness	
   39%	
   23%	
   23%	
   66%	
  

Point	
  &	
  Shoot	
  (P&S)	
  	
  =	
  	
  cheap,	
  used	
  by	
  “beginner”	
  users	
  
Digital	
  Single	
  Lens	
  Reflex	
  (DSLR)	
  	
  =	
  	
  expensive,	
  used	
  by	
  “expert”	
  users	
  	
  

big	
  difference	
   big	
  difference	
  

no	
  huge	
  difference	
   no	
  huge	
  difference	
  

Camera	
  type	
  maFers.	
  



“Triggering”	
  of	
  Brand/Model	
  Changes	
  

•  Given	
  a	
  user	
  changes	
  her	
  model	
  2007	
  -­‐>	
  2008	
  
– 54%	
  high	
  /	
  51%	
  low	
  cliqueness	
  also	
  change	
  
– 48%	
  of	
  random	
  users	
  change	
  

•  Given	
  a	
  model	
  change	
  of	
  user	
  and	
  friend	
  
– 38%	
  high	
  /	
  29%	
  low	
  cliqueness	
  change	
  to	
  same	
  brand	
  
– c.f.	
  33%	
  congruent	
  high	
  cliqueness	
  friends	
  in	
  2008	
  

•  Given	
  a	
  model	
  change	
  of	
  random	
  users	
  
– 20%	
  change	
  to	
  same	
  brand	
  
– c.f.	
  19%	
  congruent	
  in	
  2008	
  

•  Country	
  informa+on	
  only	
  added	
  1-­‐2%	
  

There	
  seems	
  to	
  be	
  some	
  “triggering”.	
  



The	
  Groupon	
  Effect	
  on	
  Yelp	
  
Ra+ngs:	
  A	
  Root	
  Cause	
  Analysis	
  

John	
  Byers,	
  Michael	
  Mitzenmacher	
  and	
  Georgios	
  
Zervas	
  
EC’12	
  



Groupon	
  



Yelp	
  



Ra+ngs	
  Decline	
  –	
  Why?	
  

•  Their	
  prior	
  work	
  
–  “nega+ve	
  side	
  effect	
  for	
  merchants	
  selling	
  Groupons	
  
is	
  that,	
  on	
  average,	
  their	
  Yelp	
  ra+ngs	
  decline	
  
significantly”	
  

•  Why	
  does	
  this	
  happen?	
  
–  Cri+cal	
  users?	
  
– Users	
  outside	
  their	
  normal	
  “sphere”?	
  

•  Their	
  claim	
  
–  “reviews	
  from	
  Groupon	
  users	
  are	
  lower	
  on	
  average	
  
because	
  such	
  reviews	
  correspond	
  to	
  real,	
  unbiased	
  
customers”	
  



Dataset	
  

•  Groupon.com	
  and	
  Yelp.com	
  
– Groupon:	
  16.7k	
  deals	
  during	
  Jan-­‐Jul	
  2011	
  
– 5,472	
  Groupon	
  businesses	
  iden+fied	
  with	
  Yelp	
  
– Get	
  all	
  reviews	
  of	
  users	
  reviewing	
  a	
  Groupon	
  Bus.	
  
– 7.1M	
  reviews	
  for	
  942k	
  business	
  
– Split	
  reviews	
  for	
  seed	
  business	
  into	
  two	
  sets	
  

•  Given	
  by	
  users	
  with	
  the	
  term	
  “groupon”	
  in	
  any	
  review	
  
•  By	
  the	
  other	
  users	
  



Two	
  Different	
  Kinds	
  of	
  Reviewers	
  

•  Groupon	
  users	
  are	
  “Mavens”	
  (=	
  “informa+on	
  
specialists”)	
  in	
  “The	
  Tipping	
  Point”-­‐sense,	
  
Malcolm	
  Gladwell	
  



The	
  Groupon	
  Effect	
  

•  Groupon	
  reviews:	
  average	
  ra+ng	
  3.27	
  stars	
  
•  Non-­‐Groupon	
  reviews:	
  av.	
  Ra+ng	
  	
  3.73	
  stars	
  



Hypothesis	
  1:	
  Intrinsic	
  Decline	
  

•  It	
  is	
  well	
  known	
  that	
  review	
  scores	
  fall	
  over	
  
+me,	
  and	
  this	
  is	
  the	
  effect	
  seen	
  (largely	
  
independent	
  of	
  Groupon)	
  



Hypothesis	
  2:	
  Cri+cal	
  Reviewers	
  
•  Groupon	
  users	
  are	
  more	
  cri+cal	
  than	
  their	
  
peers	
  

Aver.	
  3.71	
  by	
  Groupon	
  users	
  (for	
  non-­‐Groupon	
  business)	
  
Aver.	
  3.76	
  by	
  non-­‐Groupon	
  users	
  (for	
  non-­‐Groupon	
  business)	
  



Hypothesis	
  3:	
  Bad	
  Businesses	
  

•  Merchants	
  who	
  feel	
  compelled	
  to	
  offer	
  a	
  
Groupon	
  are	
  desperate,	
  or	
  in	
  trouble	
  anyway	
  

•  FTD	
  flower	
  “bait	
  and	
  switch”	
  scheme	
  
•  More	
  skewed?	
  Some	
  really	
  bad	
  guys?	
  

•  Observed	
  a	
  slightly	
  more	
  nega+ve	
  skew	
  



Hypothesis	
  4:	
  Experimenta+on	
  

•  Groupon	
  users	
  are	
  o{en	
  experimen+ng	
  when	
  
they	
  purchase	
  a	
  Groupon,	
  trying	
  a	
  business	
  
category	
  they	
  would	
  not	
  normally	
  frequent	
  

•  Look	
  at	
  categoriza+on	
  



Hypothesis	
  5:	
  Ar+ficial	
  Reviews	
  

•  Groupon	
  reviews	
  are	
  a	
  more	
  realis+c	
  baseline,	
  
because	
  the	
  rest	
  of	
  the	
  reviews	
  contain	
  a	
  
higher	
  frac+on	
  of	
  ar+ficially	
  laudatory	
  reviews	
  



Modeling	
  the	
  Genera+on	
  of	
  Yelp	
  
Ra+ng	
  Scores	
  

•  Probit	
  model:	
  

•  probit	
  =	
  inverse	
  CDF	
  for	
  N(0,1)	
  
•  Use	
  maximum-­‐likelihood	
  approach	
  for	
  fi|ng	
  



Modeling	
  the	
  Genera+on	
  of	
  Yelp	
  
Ra+ng	
  Scores	
  

Marginal	
  effect	
  



So,	
  the	
  Reason	
  is	
  …	
  

•  More	
  analysis	
  in	
  the	
  paper	
  

•  Punchline:	
  
	
  “While	
  there	
  remain	
  challenges	
  in	
  trying	
  to	
  
exactly	
  quan+fy	
  the	
  different	
  issues	
  at	
  play,	
  
we	
  have	
  shown	
  that	
  a	
  combina+on	
  of	
  poor	
  
business	
  behavior,	
  Groupon	
  user	
  
experimenta+on,	
  and	
  an	
  ar+ficially	
  high	
  
baseline	
  all	
  play	
  a	
  role.”	
  



Social	
  Influence	
  in	
  Social	
  Adver+sing:	
  
Evidence	
  from	
  Field	
  Experiments	
  

Eytan	
  Bakshy,	
  Dean	
  Eckles,	
  Rong	
  Yan	
  and	
  Itamar	
  
Rosenn	
  
EC’12	
  



Correla+on	
  or	
  Causa+on	
  

Use	
  this	
  as	
  a	
  control	
  variable	
  



Assessing	
  Response	
  Rates	
  

•  Response	
  rates	
  are	
  not	
  i.i.d.	
  
•  Observing	
  100,000	
  impressions	
  for	
  10,000	
  users	
  
on	
  1,000	
  ads	
  gives	
  op+mis+c	
  error	
  bounds	
  

•  Apply	
  weighted	
  bootstrap	
  sampling	
  on	
  pairs	
  
– Each	
  user	
  and	
  ad	
  is	
  given	
  a	
  Poisson(1)	
  weight	
  
– Mul+plied,	
  sampled	
  and	
  repeated	
  N	
  +mes	
  
– Gives	
  conserva+ve	
  es+mates	
  of	
  the	
  variance	
  
– hOps://github.com/deaneckles/mul+way_bootstrap	
  



Influence	
  of	
  Mul+ple	
  Peers	
  



Influence	
  of	
  Minimal	
  Social	
  Cues	
  



Tie	
  Strength	
  

•  Directed	
  +e	
  strength	
  
•  Percen+le-­‐transforma+on	
  for	
  user	
  ac+vity	
  

	
  
•  Spline:	
  an	
  approxima+on	
  to	
  a	
  noisy,	
  discrete	
  curve	
  
•  “natural”:	
  smoothest	
  curve	
  with	
  exact	
  fit	
  
•  “smooth”:	
  small	
  absolute	
  second	
  deriva+ve	
  	
  



Influence	
  of	
  Tie	
  Strength	
  



Reminder:	
  

Compe++on	
  



Research	
  Proposal	
  Presenta+ons	
  

•  Proposal	
  1:	
  XXX	
  

•  Proposal	
  2:	
  XXX	
  

•  Proposal	
  3:	
  XXX	
  

•  Two	
  minutes	
  maximum!	
  



Applausometer	
  Results	
  	
  

•  Proposal	
  1:	
  XXX	
  

•  Proposal	
  2:	
  XXX	
  

•  Proposal	
  3:	
  XXX	
  



Ques+ons?	
  



End	
  of	
  Day	
  5	
  
ingmar@yahoo-­‐inc.com	
  


