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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	  



"I	  know	  what	  you	  did	  last	  summer”	  
Query	  logs	  and	  user	  privacy	  

Rosie	  Jones,	  Ravi	  Kumar,	  Bo	  Pang	  and	  Andrew	  
Tomkins	  

CIKM	  '07	  
	  



The	  AOL	  Search	  Data	  Leak	  
•  August	  2006:	  AOL	  Research	  releases	  search	  
log	  for	  650,000	  users	  –	  “anonymized”	  

•  NY	  Times	  reporter	  iden+fied	  
AnonID	  4417749	  =	  Thelma	  Arnold,	  62yrs	  old	  
“landscapers	  in	  Lilburn,	  Ga”,	  “*	  Arnold”,	  …	  

•  Other	  example	  queries	  
“dog	  that	  urinates	  on	  everything”,	  “60	  single	  men”,	  
“numb	  fingers”,	  …	  



What	  Can	  We	  Infer	  from	  Queries?	  

•  Goal	  
– Age	  
– Gender	  
– ZIP	  code	  

•  Data	  
– Yahoo!	  query	  logs	  
– Self-‐reported	  registra+on	  informa+on	  
– Users	  with	  >100	  queries	  
– Bag-‐of	  word	  representa+on	  



Bag	  of	  Words	  

Aug	  7,	  2012,	  12h05:	  “restaurants	  in	  barcelona”	  
Aug	  7,	  2012,	  12h08:	  “weather	  in	  catalunya”	  
Aug	  7,	  2012,	  12h15:	  “restaurants	  in	  barcelona”	  
Aug	  8,	  2012,	  10h15:	  “paella	  food	  poisoning”	  
Aug	  8,	  2012,	  11h15:	  “doctors	  in	  barcelona”	  
Aug	  9,	  2012,	  13h30:	  “people	  born	  in	  1978”	  
Aug	  9,	  2012,	  15h00:	  “music	  from	  the	  90s”	  
…	  



Bag	  of	  Words	  
restaurants:	  1,	  	  in:	  4,	  	  barcelona:	  2,	  	  weather:	  1,	  	  catalunya:	  1,	  	  

paella:	  1,	  	  food:	  1,	  	  poisoning:	  1,	  	  doctors:	  1,	  	  people:	  1,	  	  born:	  
1,	  	  1978:1,	  …	  	  	  (actually,	  used	  binary	  presence	  in	  paper)	  

	  User	   restaurants	   in	   barcelona	   ..	   privacy	   90s	  

Id1	   1	   4	   2	   …	   0	   1	  

Id2	   0	   2	   0	   …	   20	   8	  

id3	   2	   2	   0	   …	   0	   0	  

Gender	   birthyear	   ZIP	  

Id1	   1978	   ES	  

Id2	   1985	   34561	  

id3	   1961	   90210	  

ZIP	  code	  prefixes	  correspond	  to	  regions	  



Experimental	  Results	  
•  Trained	  an	  SVM	  (classifica+on	  and	  regression)	  

–  hOp://svmlight.joachims.org/	  
–  50-‐50	  train-‐test	  split	  

•  Gender	  
–  Baseline:	  always	  “male”,	  57%	  accuracy	  
–  SVM:	  84%	  accuracy	  
–  bridal,	  makeup,	  hair	  vs.	  poker,	  football,	  -‐-‐-‐	  

•  Age	  
–  “…	  outperforming	  a	  baseline	  of	  always	  guessing	  the	  middle	  point”	  

–  lyrics,	  pregnancy,	  mall	  vs.	  loOery,	  re+rement,	  repair	  



Experimental	  Results	  
•  Loca+on	  

–  Used	  Y!	  Placemaker	  to	  detect	  loca+on	  names	  in	  queries	  
–  hOp://developer.yahoo.com/geo/placemaker/	  
–  Outputs	  guess	  with	  granularity	  (ZIP,	  county,	  city,	  …)	  
–  Aggregate	  guesses	  and	  construct	  list	  of	  loca+ons	  



Related	  concept:	  

K-‐anonymity	  



Privacy	  preserving	  data	  publishing	  

Microdata	  

Name Age Zipcode Disease 
Bob 21 12000 dyspepsia 
Alice 22 14000 bronchitis 
Andy 24 18000 flu 
David 23 25000 gastritis 
Gary 41 20000 flu 
Helen 36 27000 gastritis 
Jane 37 33000 dyspepsia 
Ken 40 35000 flu 

Linda 43 26000 gastritis 
Paul 52 33000 dyspepsia 
Steve 56 34000 gastritis 

Slide	  by:	  S.	  Sundaresan	  
	  



Privacy	  preserving	  data	  publishing	  

Microdata	  

Name Age Zipcode Disease 
21 12000 dyspepsia 
22 14000 bronchitis 
24 18000 flu 
23 25000 gastritis 
41 20000 flu 
36 27000 gastritis 
37 33000 dyspepsia 
40 35000 flu 
43 26000 gastritis 
52 33000 dyspepsia 
56 34000 gastritis 

Slide	  by:	  S.	  Sundaresan	  
	  



Inference	  aOack	  

	  	  

Age Zipcode Disease 
21 12000 dyspepsia 
22 14000 bronchitis 
24 18000 flu 
23 25000 gastritis 
41 20000 flu 
36 27000 gastritis 
37 33000 dyspepsia 
40 35000 flu 
43 26000 gastritis 
52 33000 dyspepsia 
56 34000 gastritis 

Published	  table	  

An	  adversary	  

Quasi-‐iden+fier	  (QI)	  aOributes	  

Name Age Zipcode 
Bob 21 12000 

Slide	  by:	  S.	  Sundaresan	  
	  



Generaliza+on	  
•  Transform	  the	  QI	  values	  into	  less	  specific	  forms	  

	  	  

generalize	  

Age Zipcode Disease 
21 12000 dyspepsia 
22 14000 bronchitis 
24 18000 flu 
23 25000 gastritis 
41 20000 flu 
36 27000 gastritis 
37 33000 dyspepsia 
40 35000 flu 
43 26000 gastritis 
52 33000 dyspepsia 
56 34000 gastritis 

Age Zipcode Disease 
[21, 22] [12k, 14k] dyspepsia 
[21, 22] [12k, 14k] bronchitis 
[23, 24] [18k, 25k] flu 
[23, 24] [18k, 25k] gastritis 
[36, 41] [20k, 27k] flu 
[36, 41] [20k, 27k] gastritis 
[37, 43] [26k, 35k] dyspepsia 
[37, 43] [26k, 35k] flu 
[37, 43] [26k, 35k] gastritis 
[52, 56] [33k, 34k] dyspepsia 
[52, 56] [33k, 34k] gastritis 

Slide	  by:	  S.	  Sundaresan	  
	  



Generaliza+on	  
•  Transform	  each	  QI	  value	  into	  a	  less	  specific	  form	  

	  	  

A	  generalized	  table	  

An	  adversary	  

Name Age Zipcode 
Bob 21 12000 

Age Zipcode Disease 
[21, 22] [12k, 14k] dyspepsia 
[21, 22] [12k, 14k] bronchitis 
[23, 24] [18k, 25k] flu 
[23, 24] [18k, 25k] gastritis 
[36, 41] [20k, 27k] flu 
[36, 41] [20k, 27k] gastritis 
[37, 43] [26k, 35k] dyspepsia 
[37, 43] [26k, 35k] flu 
[37, 43] [26k, 35k] gastritis 
[52, 56] [33k, 34k] dyspepsia 
[52, 56] [33k, 34k] gastritis 

Slide	  by:	  S.	  Sundaresan	  
	  



K-‐Anonymity 

Latanya	  Sweeny	  	  (1998)	  
•  What	  is	  K-‐Anonymity?	  

–  If	  the	  informa+on	  for	  each	  person	  contained	  in	  the	  
release	  cannot	  be	  dis+nguished	  from	  at	  least	  k-‐1	  
individuals	  whose	  informa+on	  also	  appears	  in	  the	  
release.	  

–  Example:	  
	  If	  you	  try	  to	  iden+fy	  a	  man	  from	  a	  release,	  but	  the	  only	  
informa+on	  you	  have	  is	  his	  birth	  date	  and	  gender.	  There	  
are	  k	  people	  meet	  the	  requirement.	  This	  is	  k-‐Anonymity.	  

Slide	  by:	  S.	  Sundaresan	  
	  



Web	  Search	  and	  Demographics	  
Ingmar	  Weber,	  Carlos	  Cas+llo,	  Alejandro	  Jaimes	  

SIGIR’10,	  CIKM’10,	  WSDM’11	  



Yahoo!	  Clues	  

Women	  are	  more	  popular	  than	  men	  (online)	  
Single	  men	  are	  sought	  axer	  by	  women	  and	  vice	  versa	  
Women	  start	  looking	  considerably	  earlier	  



Yahoo!	  Clues	  

Pepsi	  has	  slightly	  younger	  people	  searching	  
"The	  Choice	  of	  a	  New	  Genera+on"	  



Gender: Male 
Birth year: 1978 
ZIP code: 95054 

cheap holidays 

Expected	  income:	  $	  31k	  
Expected	  educaLon:	  45%	  BA	  
Race	  distribuLon:	  27%	  w,	  57%	  A	  

Label (Q,D) with $31k, 45%BA, ... 
Income_5, education_5, white_1, … 

Q 

D 
US Census Data 
factfinder2.census.gov 

quintiles 

How	  the	  Data	  was	  Obtained	  



Feature Y! aver. 10% 90% US aver. 

P-c income $k 22.9 14.3 33.5 21.6 
Bel. poverty % 10.9 3.2 21.4 12.4 
BA degree % 25.7 9.8 48.6 24.4 
White % 77.5 46.5 97.0 75.1 
Afr. Amer. % 10.2 0.4 28.7 12.3 
Asian % 3.9 0.2 9.6 3.6 
Non-English % 17.1 3.2 41.7 17.9 
Year of birth 1968 1948 1986 1974 med. 
Gender (f – m) 49.0 50.9  

Yahoo!	  Users	  vs.	  US	  popula+on	  

PreTy	  good	  match,	  but	  
-‐ 	  Slightly	  higher	  income	  
-‐ 	  Slightly	  more	  educated	  
-‐ 	  Slightly	  more	  white	  
-‐ 	  Slightly	  older	  



Experiments	  

•  Want	  to	  rank	  a	  target	  for	  a	  certain	  input	  
– P(“wiki.org/Richard_Wagner”|“wagner”)	  

•  Add	  demographic	  condi+on	  
– P(“wiki.org/Richard_Wagner”|“wagner”,“male”)	  

•  (Q,D),	  	  	  (1st	  term,	  2nd	  term),	  	  	  (D,Q)	  

input = query Q target = URL U 

Demographic F 



Web	  Search	  

•  Click	  behavior	  can	  depend	  on	  demographics	  
–  R.	  Wagner	  (female)	  vs.	  Wagner	  Spray	  Tech	  (male)	  
–  ESL	  Federal	  Credit	  Union	  vs.	  English	  as	  a	  Sec.	  L.	  

# pairs P@1 w/o F P@1 with F 

all (>500 occs) 207 Mio .703 .713 

H(D|Q) >= 1.0 123 Mio .557 .574 

H(D|Q) >= 2.0 60.6 Mio .381 .408 



Informa+on	  Flows:	  “avatar	  movie”	  

young 

older 

release 

global 
median 

spread 
increases 

query volume 

median birth year 

std. dev. 



Applica+ons	  
•  Targeted	  adver+sing	  

– Let	  adver+sers	  plan	  whole	  campaign	  
– First	  target	  X,	  then	  Y,	  then	  Z	  

•  Informa+on	  relevancy	  predic+on	  
– “You	  probably	  know	  this	  by	  now.”	  

•  Iden+fy	  informa+on	  hermits	  
– Who’s	  last	  to	  search	  for	  vaccina+on?	  



•  Not everything spreads after a query burst 
•  Certain minority topics only gain brief 

general interest, for example … 
ben bernanke 

From	  Niche	  to	  Masses	  and	  Back	  to	  Niche	  

global 
average 

“educational level” 



Flow	  Visualiza+on	  (154k	  queries)	  



Predic+ng	  the	  Present	  with	  Google	  Trends	  
Hal	  Varian	  and	  Hyunyoung	  Choi	  
Google	  Research	  Blog,	  April	  2009	  



Index	  of	  Car	  Retailers	  



Google	  Trends	  



Google	  Trends	  



Time	  Series	  Analysis	  

•  Given	  a	  discrete	  series	  of	  values	  over	  +me	  
– Maximum	  daily	  temperature	  for	  the	  last	  week	  
– Value	  of	  the	  Dow	  Jones	  at	  closing	  +me	  
– Monthly	  unemployment	  rates	  
– Xt-‐1,	  Xt-‐2,	  Xt-‐3,	  …	  

•  We	  want	  to	  predict	  tomorrow’s	  value	  
– Linear	  regression	  =	  autoregression	  
	  	  	  	  Xt	  =	  c	  	  +	  	  §i=1

p	  Ái	  Xt-‐i	  	  +	  	  ²t	  



Autoregression	  

Examples	  where	  	  Xt	  =	  tomorrow’s	  temperature	  
“Tomorrow’s	  temperature	  is	  the	  year’s	  average.”	  
Xt	  =	  c	  
“Tomorrow’s	  temperature	  is	  the	  average	  of	  today’s	  
temperature	  and	  the	  year’s	  average.”	  

Xt	  =	  (c	  +	  Xt-‐1)/2	  =	  0.5*c	  +	  0.5	  *	  Xt-‐1	  
“The	  trend	  since	  yesterday	  will	  con+nue.”	  
Xt	  =	  Xt-‐2	  +	  (Xt-‐1	  -‐	  Xt-‐2)	  +	  (Xt-‐1	  -‐	  Xt-‐2)	  
	  	  	  	  =	  2*Xt-‐1	  -‐	  Xt-‐2	  



Predic+ng	  Automobile	  Sales	  

•  The	  “Motor	  Vehicles	  and	  Parts	  Dealers”	  +me	  
series	  from	  the	  census	  bureau	  
hOp://www.census.gov/retail/marts/www/
+meseries.html	  

•  Survey	  based	  index,	  released	  two	  weeks	  axer	  
the	  end	  of	  each	  month	  

•  Raw	  form	  used	  (not	  “seasonally	  adjusted”)	  



Applying	  Autoregression	  

•  Baseline:	  
	  Xt	  =	  	  Á1	  Xt-‐1	  	  +	  	  Á12	  Xt-‐12	  	  +	  ²t	  

•  Find	  best	  values	  for	  Á	  minimizing	  the	  errors	  
– Standard	  linear	  regression	  

•  Incorpora+ng	  query	  volume:	  
	  Xt	  =	  	  Á1	  Xt-‐1	  	  +	  	  Á’1	  Qt-‐1	  	  +	  	  Á12	  Xt-‐12	  	  +	  ²t	  

•  Trivially	  a	  beOer	  fit	  for	  training	  data	  
– Richer	  model	  with	  more	  parameters	  to	  fit	  
– Also	  for	  test	  data?	  



Applying	  Autoregression	  

•  Whole	  test	  period:	  
– AR-‐1	  model:	  	  MAE	  6.34%	  
– AR-‐1+GT:	  	  	  	  	  	  	  	  MAE	  5.66%	  

•  Period	  of	  recession	  (Dec.	  2007	  –	  Jun.	  2009)	  
– AR-‐1	  model:	  MAE	  8.86%	  
– AR-‐1+GT:	  	  	  	  	  	  	  MAE	  6.96%	  



Predic+ng	  consumer	  behavior	  with	  Web	  search	  
Sharad	  Goel,	  Jake	  Hofman,	  Sébas+en	  Lahaie,	  David	  

Pennock	  and	  Duncan	  WaOs	  
PNAS	  2010	  



Predic+ng	  Movie	  Sales	  
•  Opening	  week	  movies	  box	  office	  sales	  

log(revenue)	  =	  ¯0	  +	  ¯1	  log(search)	  +	  ² 
	  
	  



Having	  a	  Strong	  Baseline	  
log(rev.)	  =	  ¯0	  +	  ¯1	  log(budget)	  +	  ¯2	  log(screens)	  +	  ¯3	  log(HSX)	  +	  ² 

	  
	  



Google	  Flu	  Trends	  -‐	  revisited	  



Internet	  search	  behavior	  as	  an	  
economic	  forecas+ng	  tool	  

Giselle	  Guzman	  
JESM	  2011	  



Predic+ng	  Infla+on	  Rates	  



What	  is	  Meant	  by	  Accuracy?	  

Green	  line	  (zig-‐zag)	  
BeOer	  “accuracy”	  
BeOer	  “training	  error”	  
	  
Black	  line	  (smooth)	  
BeOer	  “predic+ve	  power”	  
BeOer	  “test	  error”	  
	  
OverfiZng	  

Blue	  and	  red	  points	  come	  from	  a	  random	  distribu+on	  
Q:	  Black	  or	  green	  line	  beOer	  at	  telling	  them	  apart?	  



What	  is	  a	  “Ra+onal”	  Model?	  

•  Unbiased:	  Should	  be	  correct	  “in	  expecta+on”	  

– Test	  the	  joint	  hypothesis	  	  	  	  	  	  	  	  	  	  	  	  	  and	  	  

•  Efficient:	  not	  ignoring	  available	  informa+on	  
– Hypothesis	  tes+ng:	  	  
	  Do	  available	  “informa+on	  sets”	  correlate	  with	  error	  



Granger	  Causality	  

What	  is	  causality?	  Can	  you	  define	  it?	  
“The	  statement	  about	  causality	  has	  just	  two	  
components:	  

1.	  The	  cause	  occurs	  before	  the	  effect;	  and	  
2.	  The	  cause	  contains	  informa+on	  about	  the	  effect	  
that	  that	  is	  unique,	  and	  is	  in	  no	  other	  variable”	  

Clive	  Granger,	  accep+ng	  the	  2003	  Nobel	  prize	  in	  Economic	  
	  
A	  “pragma+c”	  defini+on	  that	  can	  be	  implemented	  …	  



Granger	  Causality	  
Given	  a	  +me	  series,	  find	  the	  longest	  “lag”	  
Xt	  =	  c	  +	  Á1	  Xt-‐1	  	  + ²t	  	  	  	  	  	  Then	  test	  H0:	  Á1	  =	  0	  
Xt	  =	  c	  +	  Á1	  Xt-‐1	  +	  	  Á2	  Xt-‐2	  	  + ²t	  	  	  	  	  	  Then	  test	  H0:	  Á2	  =	  0	  
…	  

Xt	  =	  c	  +	  Á1	  Xt-‐1	  	  +	  	  Á2	  Xt-‐2	  	  +	  …	  +	  Ám	  Xt-‐m	  	  +	  ²t	  
Then	  add	  the	  (supposed)	  predic+ve	  Yt	  
Xt	  =	  c	  +	  Á1	  Xt-‐1	  +	  …	  +	  Ám	  Xt-‐m	  +	  Ãp	  Yt-‐p	  +	  …	  +	  Ãq	  Yt-‐q	  	  +	  	  
²t	  

Say	  “Y	  Granger-‐causes	  X”	  when	  the	  Ãp	  are	  non-‐zero	  
in	  a	  hypothesis	  test	  



What	  to	  Do	  With	  All	  of	  This?	  
•  Op+onal	  homework	  for	  axer	  the	  course:	  
•  Get	  data	  for	  a	  +me	  series	  of	  interest	  

–  Stock	  trading	  prices	  
– Weather	  reports	  
– Movie	  sales	  
– …	  

•  Use	  Google	  Correlate	  and	  Google	  Trends	  to	  get	  
correlated	  query	  volume	  

•  Try	  out	  the	  various	  concepts	  introduced	  
•  Write	  a	  paper	  about	  it	  	  J	  
•  More	  +me	  series	  examples	  later	  in	  course	  



Reminder:	  

Compe++on	  



Timeline	  of	  the	  Compe++on	  
•  Today+Tomorrow:	  Start	  thinking,	  discussing,	  reading,	  
exploring,	  ...	  

•  Before	  Wed.	  11h00:	  Submit/edit	  your	  proposal	  
(one	  paragraph	  only):	  

hTp://Lnyurl.com/RuSSIR-‐Research-‐Proposals	  
	  
•  Before	  Thu.	  11h00	  (and	  axer	  Wed.	  14h00):	  Cast	  your	  
vote	  for	  one	  submiOed	  proposal:	  

hOp://+nyurl.com/RuSSIR-‐Proposal-‐Vo+ng	  



Ques+ons?	  



End	  of	  Day	  2	  
ingmar@yahoo-‐inc.com	  


