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Outline	  

•  Social	  Media	  
–  Characteris6cs	  
–  Taxonomy	  	  

•  Data	  collec6on	  
–  APIs	  
–  Available	  datasets	  

•  Data	  analysis	  -‐	  techniques/algorithms	  
– Graph	  theore6c	  
–  Content	  based	  

•  Applica6ons,	  Current	  Research	  Trends,	  &	  Opportuni6es	  
–  Influence,	  familiar	  strangers,	  crisis	  response,	  collec6ve	  ac6on	  
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SOCIAL	  MEDIA	  &	  WEB	  2.0	  
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Social	  Media	  

•  Media designed to be "
–  disseminated through social interactions, "
–  created using highly accessible and scalable publishing 

techniques, "
–  using Internet and web-based technologies to transform 

monologues (one to many) into social media dialogues 
(many to many) "

–  It supports the democratization of knowledge and 
information, transforming people from content consumers to 
content producers. "

•  User-generated content (UGC)/Consumer-generated 
media (CGM)"

•  Web 2.0"
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Web	  2.0	  

•  Introduced	  in	  1999,	  popularized	  in	  2004	  
•  Tim	  Berners-‐Lee	  called	  it	  the	  Read/Write	  Web	  
•  Rather	  a	  paradigm	  shi`	  than	  a	  technology	  shi`	  

•  Web	  as	  plaaorm	  
•  Different	  perspec6ves	  

–  “Social	  web”,	  “par6cipatory	  web”	  
–  “Standardized	  web	  

•  Openness,	  freedom,	  collec6ve	  intelligence	  
•  Customers	  are	  building	  your	  business	  

6	  Ni6n	  Agarwal,	  SBP	  2011	  



Web	  2.0	  
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Web	  2.0	  Architecture	  

9	  Ni6n	  Agarwal,	  SBP	  2011	  



Web	  2.0	  Architecture	  

•  Par6cipa6on	  –	  easy	  content	  crea6on	  and	  sharing	  by	  
anyone	  

•  Standards	  –	  content	  retrieval	  and	  integra6on	  
•  Decentraliza6on	  –	  from	  content	  crea6on	  to	  content	  

storage	  

•  Openness	  –	  open	  and	  transparent	  access	  to	  content	  and	  
applica6ons	  

•  Modularity	  –	  highly	  component-‐oriented	  development	  
•  User	  control	  –	  content,	  ac6vi6es,	  and	  iden6ty	  
•  Iden6ty	  –	  reveal/hide	  upon	  user’s	  discre6on	  
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Future	  of	  Web	  2.0	  &	  Social	  Media	  

• What	  do	  you	  think?	  
•  Lets	  find	  out…	  

11	  Ni6n	  Agarwal,	  SBP	  2011	  



Social	  Media	  Characteris6cs	  

•  Industrial	  media	  
– Tradi6onal,	  broadcast,	  or	  mass	  media	  

•  Factors	  dis6nguishing	  Industrial/Social	  Media	  
– Accessibility:	  available	  to	  anyone	  
– Permanence:	  dynamic	  
– Reach:	  global	  audience	  
– Recency:	  interac6ve	  and	  responsive	  
– Usability:	  almost	  zero	  opera6onal	  costs	  

12	  Ni6n	  Agarwal,	  SBP	  2011	  



Social	  Media	  -‐	  Categories	  

Category Social Media Sites 

Social Signalling Blogs (Wordpres, Blogger), 
Microblogs (Twitter), Friendship 
networks (Facebook, MySpace, 
LinkedIn, Orkut) 

Social 
Bookmarking 

Del.icio.us, StumbleUpon 

Media Sharing Flickr, Photobucket, Youtube, 
Megavideo, Justin.tv, Ustream 

Social News Digg, Reddit 

Social Health PatientsLikeMe, DailyStrength, 
CureTogether 

Social 
Collaboration 

Wikipedia, Wikiversity, 
Scholarpedia, AskDrWiki 

Social Games FourSquare, FarmVille, SecondLife, 
EverQuest (Virtual worlds) 

Q & A Yahoo Answers,Quora  
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Top	  20	  Most	  Visited	  Websites	  

•  Internet	  traffic	  report	  by	  Alexa	  on	  January	  19,	  2011	  

•  50%	  of	  the	  top	  10	  websites	  are	  social	  media	  sites.	  	  

1	   Google	   11	   MSN	  

2	   Facebook	   12	   Yahoo!	  Japan	  

3	   YouTube	   13	   Taobao.com	  

4	   Yahoo!	   14	   Amazon	  

5	   Windows	  Live	   15	   Google	  India	  

6	   Baidu	   16	   Sina.com.cn	  

7	   Blogger	   17	   Google	  Germany	  

8	   Wikipedia	   18	   Google	  Hongkong	  

9	   QQ	   19	   Wordpress	  

10	   TwiPer	   20	   Bing	  
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Blogosphere	  Growth	  
•  January	  2011:	  Blogpulse	  indexed	  over	  153	  million	  blogs	  

•  80,731	  new	  blogs	  per	  day	  =	  1	  new	  blog	  per	  second	  

•  1,186,637	  =	  13.73	  new	  blog	  posts	  per	  second	  
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Flickr	  Growth	  

•  Over	  10	  million	  users	  -‐	  as	  of	  June	  2009	  

•  242%	  annual	  growth	  rate	  [Mislove	  et	  al.	  2008]	  

•  3.6	  billion	  images	  and	  tags	  
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TwiDer	  Growth	  

•  19.5	  million	  users	  -‐	  March	  2009	  

•  1382%	  annual	  growth	  

•  3	  million	  tweets	  per	  day	  (34.7	  tweets	  per	  second)	  
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Blogs	  –	  Impacts	  and	  Value	  

“The	  site,	  chock	  full	  of	  adver6sing,	  is	  a	  
moneymaking	  machine	  –	  so	  much	  so	  
that	  Ms.	  Armstrong	  and	  her	  husband	  
have	  both	  quit	  their	  regular	  jobs.“	  
The	  reason?	  The	  adver6sers	  are	  eager	  
to	  influence	  her	  850,000	  readers.	  	  

“Queen	  of	  the	  Mommy	  Bloggers”	  
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Blogs	  –	  Impacts	  and	  Value	  

The	  mother	  bloggers	  can	  become	  “ambassadors	  
of	  brands,”	  said	  Sarah	  HofsteDer,	  senior	  vice	  
president	  for	  emerging	  media	  and	  brand	  strategy	  
at	  360i,	  a	  digital	  agency	  owned	  by	  Dentsu,	  the	  
Japanese	  adver6sing	  agency.	  “These	  mom	  
bloggers	  have	  tremendous	  personality	  and	  
tremendous	  opinions.”	  

Harnessing the Power of the Mom Blogger	
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Businesses	  and	  TwiDer	  

Cur6s	  Kimball,	  owner	  of	  a	  crème	  brûlée	  
cart	  in	  San	  Francisco,	  uses	  TwiDer	  to	  
drive	  his	  customers	  to	  his	  changing	  
loca6on.	  

Source:	  hDp://www.ny6mes.com/2009/07/23/
business/smallbusiness/23twiDer.html	  	  
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Hedge	  Fund	  Is	  Be}ng	  That	  
TwiDer	  Is	  Wall	  Street’s	  Crystal	  
Ball	  

Source:	  hDp://bit.ly/glH4mv	  	  



Socio-‐Poli6cal	  Dynamics	  and	  TwiDer	  

hDp://twiDer.com/speak2tweet	  	  

21	  Ni6n	  Agarwal,	  SBP	  2011	  



Challenges	  

•  Time	  Challenge:	  Dynamic	  environment	  	  
–  Data	  gets	  stale	  too	  soon	  

•  Size	  Challenge:	  Phenomenal	  growth	  	  
–  Difficult	  to	  follow	  

•  Sparse	  link	  structure	  
–  O`en	  do	  not	  cite	  the	  source	  

•  Informa6on	  Quality	  
–  Colloquial,	  slang	  text,	  e.g.,	  “Arrghhh!!”	  “cooooool”	  	  
–  Lots	  of	  off-‐topic	  chaDer/noise	  
–  Inten6onal	  misspellings	  	  
–  Abbrevia6ons,	  cryp6c	  texts,	  smileys	  {	  :)	  	  :(	  }	  “TwiDer	  vocabulary”	  	  
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Challenges	  (contd.)	  

•  Spam	  
– Nearly	  45%	  of	  conversa6on	  on	  TwiDer	  is	  babble	  
– How	  Much	  Can	  A	  Spammer	  Pocket	  A	  Day?	  You'd	  
Be	  Surprised	  –	  NPR	  (hDp://n.pr/hZi45C)	  	  

•  Privacy	  and	  Security	  of	  personal	  informa6on	  

•  Dangers	  of	  inaccurate	  informa6on	  
– Relevance	  vs.	  Reliability	  
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“The	  tradi-onal	  intelligence	  community	  is	  
absolutely	  biased	  toward	  classified	  
informa-on,”	  said	  Lt.	  Col.	  Reid	  Sawyer,	  an	  Army	  
intelligence	  officer	  and	  head	  of	  West	  Point's	  
Comba6ng	  Terrorism	  Center.	  "I	  think	  that	  open	  
source	  provides	  a	  cri-cal	  lens	  into	  
understanding	  the	  world	  around	  us	  in	  a	  much	  
more	  dynamic	  way	  than	  tradi-onal	  intelligence	  
sources	  can	  provide.”	  

Open	  sources	  include	  newspapers,	  local	  radio	  
shows	  and,	  of	  course,	  Facebook	  and	  TwiDer.	  
The	  problem,	  intelligence	  officials	  will	  tell	  you,	  
is	  tapping	  into	  all	  of	  that	  in	  a	  systema6c	  way.	  

Google: A New Tool For U.S. Intelligence?	


Source:	  hDp://n.pr/gDxzpR	  	  	  

27	  Ni6n	  Agarwal,	  SBP	  2011	  



Please	  Rob	  Me:	  hDp://pleaserobme.com/	  	  
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How	  to	  Prevent	  Restless	  Leg	  Syndrome:	  
An	  example	  

Informa6on	  Relevance	  vs.	  Reliability	  
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Search	  

Top	  6	  results	  on	  Google	  (Feb	  2,	  2011)	  

Search	  string:	  How	  to	  prevent	  restless	  leg	  syndrome	  

NIH	  

Wiki	  

eHow	  

Health	  	  
portal	  

News	  
website	  

Helpguide	  
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Second	  Hit:	  WikiHow	  

•  Collabora6ve	  edi6ng	  site	  	  
•  Ar6cle	  claims	  that	  drinking	  orange	  juice	  causes	  RLS	  
•  Dubious?	  
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Is	  it	  really	  the	  case?	  

•  First	  hit:	  NIH	  fact	  sheet	  
•  Third	  hit:	  eHow	  
•  Fourth	  hit:	  HealthCentral	  (managed	  by	  health	  
experts)	  
– No	  men6on	  of	  orange	  juice	  but	  all	  say	  that	  iron	  deficiency	  
is	  a	  possible	  reason.	  This	  is	  never	  men6oned	  on	  wikiHow.	  

•  Fi`h	  hit:	  New	  York	  Times	  
– Men6ons	  that	  orange	  juice	  could	  reduce	  RLS	  
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Blogs	  

•  A	  sample	  blog,	  blog	  post,	  tags,	  comments,	  
archive,	  blog	  roll,	  ping,	  trackback,	  etc.	  

•  Individual	  /	  Community	  blogs	  

•  Anonymous	  /	  non-‐anonymous	  comments	  

•  Blogcatalog	  -‐	  metadata	  

33	  Ni6n	  Agarwal,	  SBP	  2011	  



Wikis	  

• Wikipedia	  
– Collabora6ve	  encyclopedia	  
– Edit	  history	  (log)	  rollback	  
– Watchlist	  
– Discussion	  
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Microblogging	  

•  TwiDer	  
– Tweets	  (140	  chars)	  

• Links	  
– Following	  
– Followers	  
– #tags	  

•  Tweet	  Sta6s6cs	  
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Media	  Sharing	  

•  Flickr	  
– Upload	  images	  

– Tags	  
– Contacts	  (friends)	  
– Public	  groups	  (communi6es)	  
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Social	  Bookmarking	  

•  Delicious/Diigo/StumbleUpon	  
– Tags	  
– Network	  

•  Fresh	  bookmarks	  

•  Popular	  bookmarks	  

•  Tags/folksonomy	  
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Social	  News	  

•  Digg	  
– Ra6ngs	  for	  stories	  
– Friends	  
– Recommenda6ons	  
– Popular	  (most	  diggs)	  /	  upcoming	  (most	  recent)	  
stories	  /	  influen6al	  stories	  
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Collabora6ve	  Answering	  

•  Yahoo!	  Answers	  
– Recent	  /	  Popular	  ques6ons	  
– Rate	  ques6ons/rate	  answers	  
– Ques6on	  categories	  
– User	  profile/network/fans	  
– User	  scores	  
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Friend	  Networks	  

•  Facebook/Myspace	  
•  LinkedIn	  

– Professional	  networks	  
– Hiring	  and	  recruitment	  
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Social	  Media	  Aggregators	  

•  Mixx	  
–  Combines	  feeds	  from	  Facebook,	  Digg	  and	  TwiDer	  

–  Aggregate	  user/customer’s	  reac6ons/interac6ons	  scaDered	  across	  the	  landscape	  of	  
social	  media	  on	  the	  publishers	  content	  

–  Promotes	  engagement	  and	  recircula6on	  

•  Surphace	  
–  Digs	  up	  old	  yet	  relevant	  content	  and	  links	  to	  the	  new	  content.	  

–  Engadget	  using	  Surphace	  

•  YackTrack	  
–  Conversa6on	  tracker	  

–  “Yackability”	  measures	  how	  much	  conversa6on	  is	  occurring	  for	  a	  par6cular	  search.	  

•  ConvoTrack	  

•  Increase	  6me-‐on-‐site,	  PVs	  per	  visit,	  CTRs	  for	  online	  ads	  
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Social	  Applica6ons	  on	  Mobile	  Devices	  

Source:	  hDp://www.inten6ndex.com/mobile/	  
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Social	  Applica6ons	  on	  Mobile	  Devices	  

•  A	  recent	  study	  by	  Ruder	  Finn	  pointed	  out	  
– 91%	  of	  the	  mobile	  subscribers	  engage	  in	  social	  
compu6ng	  applica6ons	  as	  compared	  to	  the	  79%	  of	  
the	  desktop	  users.	  	  

– People	  in	  the	  US	  on	  average	  spend	  2.7	  hours	  per	  day	  
on	  mobile	  devices,	  of	  which	  	  

•  45%	  post	  comments	  on	  social	  networking	  sites,	  	  
•  43%	  connect	  with	  friends	  on	  social	  networking	  sites,	  
•  40%	  share	  content	  with	  others,	  and	  	  
•  38%	  share	  photos,	  making	  it	  a	  favorable	  plaaorm	  for	  
socializing.	  
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DATA	  COLLECTION	  
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•  API	  
•  Webpage	  scraping	  

–  Nutch	  -‐	  hDp://wiki.apache.org/nutch/NutchTutorial	  	  
–  Open	  source	  topical	  crawlers,	  hDp://informa6cs.indiana.edu/fil/IS/

JavaCrawlers/	  
–  Heretrix:	  hDp://crawler.archive.org/	  

•  Blog	  Archive	  
–  Regular	  Expressions	  

•  RSS	  feeds	  
–  Most	  Recent	  blogs	  
–  XML	  parsing	  (also	  in	  APIs)	  
–  Well	  defined	  structure	  
–  Feed	  aggregators,	  e.g.,	  Feed	  on	  Feeds	  (hDp://feedonfeeds.com/	  )	  

Data	  Crawling	  
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API	  

•  Applica6on	  Programming	  Interface	  
•  HTTP	  request	  
•  Session	  tracking	  through	  API	  keys	  

–  Impose	  limits	  on	  usage	  
–  Tracks	  who	  is	  using	  

•  Formats:	  XML,	  JSON	  
–  Interoperability	  	  

•  Query	  parameters	  
–  API	  key	  
–  Other	  parameters	  (specific	  to	  API	  query)	  
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Available	  APIs	  

•  BlogCatalog	  (blog	  site	  details,	  blogger	  details)	  
•  TwiDer	  (friends,	  followers,	  tweets,	  etc.)	  
•  Delicious	  (bookmarks,	  community	  tags,	  etc.)	  
•  Technora6	  (blog	  site	  details,	  inlinks,	  etc.)	  
•  Digg	  (popular	  stories,	  fresh	  stories,	  etc.)	  
•  Facebook	  (graph)	  
•  …	  and	  many	  more	  (hDp://www.programmableweb.com/)	  

47	  Ni6n	  Agarwal,	  SBP	  2011	  



BlogCatalog	  API	  

•  getinfo	  query	  
API	  url:	  http://api.blogcatalog.com/getinfo?bcwsid=[apikey]

&username=johndoe 

Sample	  Response	  

http://www.blogcatalog.com/api/ !
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BlogCatalog	  API	  

•  bloginfo	  query	  
API	  url:	  http://api.blogcatalog.com/bloginfo?bcwsid=[apikey]

&url=http://www.john-doe-blog.com 

Sample	  Response	  
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TwiDer	  API	  

•  http://dev.twitter.com/doc/ 
•  No	  API	  key,	  150	  requests	  per	  hour	  	  

•  friends/ids query	  	  
API	  url:	  http://api.twitter.com/1/friends/ids.xml?

user_id=18872235  !

User	  ids	  

Friends	  
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TwiDer	  API	  

•  followers/ids query	  	  
API	  url:	  http://api.twitter.com/1/followers/ids.xml?

screen_name=buzzbissinger !
Sample	  response:	  

Followers	  
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TwiDer	  API	  

•  users/show query	  –	  returns	  extended	  informa6on	  of	  a	  given	  user.	  	  

API	  url:	  http://api.twitter.com/1/users/show.xml?
user_id=18872235  

Sample	  response:	  
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TwiDer	  API	  

•  hDp://dev.twiDer.com/doc/get/trends	  

•  Shows	  trending	  topics	  
– Current:	  hDp://api.twiDer.com/1/trends/current.json	  	  
– Daily:	  hDp://api.twiDer.com/1/trends/daily.json	  	  

– Weekly:	  hDp://api.twiDer.com/1/trends/weekly.json	  	  

•  Response	  only	  in	  JSON	  format	  
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Delicious	  API	  

API:	  http://www.delicious.com/help/api 

Returns	  a	  list	  of	  tags	  and	  number	  of	  6mes	  used 
https://api.del.icio.us/v1/tags/get  
Requires	  authen6ca6on	  
Sample	  response	  

<tags> 
  <tag count="1" tag="activedesktop" /> 
  <tag count="1" tag="business" /> 
  <tag count="3" tag="radio" /> 
  <tag count="5" tag="xml" /> 
  <tag count="1" tag="xp" /> 
  <tag count="1" tag="xpi" /> 
</tags> 
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Technora6	  API	  

•  API	  can	  give	  addi6onal	  informa6on	  

•  How	  do	  you	  track	  inlinks?	  

•  bloginfo query	  	  

API	  URL:	  http://api.technorati.com/bloginfo?key=[apikey]&url=
[blog url] 

Sample	  	  

response:	  

<result> 
  <url>[URL]</url> 
  <weblog> 
    <name>[blog name]</name> 
    <url>[blog URL]</url> 
    <rssurl>[blog RSS URL]</rssurl> 
    <atomurl>[blog Atom URL]</atomurl> 
    <inboundblogs>[inbound blogs]</inboundblogs> 
    <inboundlinks>[inbound links]</inboundlinks> 
    <lastupdate>[date blog last updated]</lastupdate> 
    <rank>[blog ranking]</rank> 
    <lang></lang> 
    <foafurl>[blog foaf URL]</foafurl> 
  </weblog> 
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Digg	  API	  

•  http://developers.digg.com/documentation/  
•  List	  Stories	  
API	  Query:	  http://services.digg.com/1.0/endpoint?

method=story.getAll&domain=nytimes.com  

Sample	  response:	  
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Digg	  API	  
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Digg	  API	  

lists	  15	  popular	  stories	  from	  
http://www.nytimes.com	  
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Facebook	  Graph	  API	  Structure	  
Each	  of	  these	  is	  an	  individual	  object	  

A	  user	  can	  also	  connect	  to	  these	  object.	  Facebook	  
calls	  these	  as	  “connecWons”	  	  

Extensive	  documenta6on	  is	  available	  at:	  	  
(hDp://developers.facebook.com/docs/reference/api/)	  

user	  

friends	   News	  feeds	  

likes	  

wall	  

movies	  
music	  

books	  

notes	  

Photo	  tags	  

Photo	  albums	  
Video	  tags	  

Video	  uploads	  

events	   groups	   checkins	  
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Facebook	  Graph	  API	  Structure	  

•  Objects 

– Album:	  A	  photo	  album	  
– Applica6on:	  An	  individual	  applica6on	  registered	  on	  
the	  Facebook	  Plaaorm	  

– Checkin:	  A	  check-‐in	  made	  through	  Facebook	  Places	  

– Event:	  A	  Facebook	  event	  
– Group:	  A	  Facebook	  group	  
– Link:	  A	  shared	  link	  
– Note:	  A	  Facebook	  note	  
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Facebook	  Graph	  API	  Structure	  

•  Objects	  
– Page:	  A	  Facebook	  Page	  
– Photo:	  An	  individual	  photo	  
– Post:	  An	  individual	  entry	  in	  a	  profile's	  feed	  
– Status	  message:	  A	  status	  message	  on	  a	  user's	  wall	  
– Subscrip6on:	  An	  individual	  subscrip6on	  from	  an	  
applica6on	  to	  get	  real-‐6me	  updates	  for	  an	  object	  
type.	  

– User:	  A	  user	  profile	  
– Video:	  An	  individual	  video	  
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User	  Object	  
hDp://developers.facebook.com/docs/reference/api/user/	  	  
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Extended	  Permissions	  
hDp://developers.facebook.com/docs/authen6ca6on/permissions	  	  
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hDp://developers.facebook.com/docs/authen6ca6on/permissions	  	  

Data	  Permissions	  
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Other	  Similar	  APIs	  

•  Google	  Social	  Graph	  API	  
–  hDp://code.google.com/apis/socialgraph/	  
–  Extensive	  documenta6on	  at:	  hDp://code.google.com/apis/

socialgraph/docs/	  

•  MySpace	  OpenSocial	  API	  
–  hDp://wiki.developer.myspace.com/index.php?

6tle=OpenSocial_Applica6ons	  

–  Short	  20	  minute	  video:	  hDp://myspacetv.com/index.cfm?
fuseac6on=vids.individual&videoid=26838901	  

–  Tutorials:	  hDp://wiki.developer.myspace.com/index.php?
6tle=OpenSocial_Version_1.0	  	  	  	  	  	  
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Mashup	  –	  Example	  -‐	  1	  	  

•  Find	  most	  popular	  stories	  of	  a	  blog	  site.	  For	  
each	  of	  these	  blog	  posts	  get	  the	  top	  5	  tags.	  

+	  
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Flickr-‐Google	  Mashup	  -‐	  2	  
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Some	  Available	  Datasets	  

•  Nielsen	  Buzzmetrics	  dataset	  (hDp://www.icwsm.org/format.txt)	  
–  ~	  14M	  blog	  posts	  from	  3M	  blog	  sites	  collected	  by	  Nielsen	  BuzzMetrics	  

in	  May	  2006	  

–  1.7M	  blog-‐blog	  links	  	  
–  Up	  to	  a	  half	  of	  the	  blog	  outlinks	  are	  missing	  

–  51%	  of	  the	  total	  blog	  posts	  are	  in	  English	  
•  Enron	  Email	  dataset	  (hDp://www.cs.cmu.edu/~enron/)	  

–  Emails	  from	  about	  150	  users	  
–  The	  corpus	  contains	  a	  total	  of	  about	  0.5M	  messages	  

–  People	  have	  studied	  the	  social	  networks	  between	  users	  based	  on	  link	  
construc6on	  

–  Links	  are	  constructed	  based	  on	  email	  senders	  and	  recipients	  
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Available	  Datasets	  (2)	  

•  TREC	  (hDp://ir.dcs.gla.ac.uk/test_collec6ons/blog06info.html)	  
– A	  crawl	  of	  Feeds,	  and	  associated	  Permalink	  and	  homepage	  
documents	  (from	  late	  2005	  and	  early	  2006)	  

– 100,649	  feeds	  were	  polled	  once	  a	  week	  for	  11	  weeks	  
– Total	  Number	  of	  Feeds	  collected:753,681	  	  
– Average	  feeds	  collected	  every	  day:10,615	  
– Uncompressed	  Size:38.6GB	  Compressed	  Size:8.0GB	  
– Reasonably	  sized	  spam	  component	  for	  added	  realism	  

– Fee:	  £400	  ~	  $794.36	  
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Social	  Media	  

•  Organic,	  opinionated,	  open-‐source	  (quite	  a	  bit)	  
data	  

•  Social	  networks	  
– Involving	  people,	  places,	  products,	  organiza6ons	  
– Communi6es	  
– Interac6ons	  

•  Compu6ng	  	  
– Modeling	  
– Mining	  	  
– Predic6on	  
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DATA	  ANALYSIS	  
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Measures,	  Models,	  and	  Methods	  

•  Graph	  theore6c	  analysis	  
– SNA/Centrality	  Measures	  

– Random,	  scale-‐free,	  preferen6al	  aDachment,	  
hybrid,	  cascade	  

– Link	  analysis	  
•  Content	  analysis	  techniques	  

– Supervised/unsupervised	  learning	  algorithms	  
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Applica6ons	  of	  Graph	  Theory	  

•  Social	  Networks	  
–  Example:	  Model	  rela6onships	  between	  social	  en66es	  like	  individuals,	  

groups	  

–  Sample	  Analysis:	  Who	  are	  the	  most	  centrally	  connected	  people?	  Is	  
there	  a	  path	  between	  two	  users?	  What	  is	  the	  average	  path-‐length?	  	  	  

	   Example:	  I	  know	  ‘someone’	  who	  knows	  ‘someone’	  who	  knows	  Barack	  
Obama	  (LinkedIn)!	  

•  Blogosphere	  
–  Ver6ces	  :	  Bloggers/Blog	  posts/Blog	  sites	  
–  Edges:	  Rela6onships/Links	  
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Types	  of	  Graphs	  

•  Directed/Undirected	  Graphs	  
– Each	  edge	  has	  an	  orienta6on/direc6on	  
– To	  model	  asymmetrical	  rela6onships	  (like	  one-‐way	  street,	  
etc.)	  

– Undirected	  graph	  is	  a	  special	  case	  of	  Directed	  graph,	  in	  
which	  every	  edge	  can	  be	  split	  into	  two	  directed	  edge	  in	  
either	  direc6ons	  

– Directed	  graph	  referred	  to	  as	  “Digraph”,	  most	  o`en	  
“Graph”	  simply	  means	  undirected	  

– Examples?	  
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Types	  of	  Graphs	  

•  Weighted	  Graph	  
– Weight	  w(u,v)	  on	  each	  edge	  
– Can	  model	  things	  like	  distance,	  delay,	  bandwidth,	  
importance	  of	  an	  edge,	  etc.	  

– Unweighted	  graph	  is	  a	  special	  case	  of	  weighted	  graph	  with	  
w(u,v)	  =	  1	  for	  all	  edges	  

90	   70	  
120	  

125	  

100	  

70	  85	  
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Types	  of	  Graphs	  
•  Complete	  Graph	  (aka	  Clique)	  

– A	  graph	  in	  which	  each	  vertex	  is	  connected	  to	  every	  
other	  vertex	  

– How	  many	  edges	  are	  there	  in	  a	  complete	  graph	  of	  
n	  nodes.	  (n*n-‐1)/2	  
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Types	  of	  Graphs	  

•  Bipar6te	  graphs	  
– Two	  clusters	  of	  nodes,	  such	  that	  there	  is	  no	  edge	  
between	  nodes	  of	  the	  same	  cluster.	  

– There	  are	  edges	  between	  nodes	  belonging	  to	  
different	  clusters.	  
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Types	  of	  Graphs	  

•  Homogeneous	  graph	  	  
– All	  the	  ver6ces	  are	  of	  same	  type	  

– Also,	  1-‐mode	  graph,	  social	  network	  of	  users	  

•  Heterogeneous	  graph	  
– Ver6ces	  could	  be	  of	  different	  types	  
– 2-‐mode	  (two	  different	  types	  of	  nodes),	  examples?	  

– 3-‐mode	  
– …	  
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Types	  of	  Graphs	  

•  Subgraph	  of	  a	  graph	  G=(V,E)	  
–  Graph	  G’=(V’,E’)	  	  

•  whose	  vertex	  set	  V’	  is	  subset	  of	  V	  	  
•  edge	  set	  is	  a	  subset	  of	  E	  restricted	  to	  

ver6ces	  in	  V’	  

•  Supergraph	  of	  a	  graph	  G’	  
–  Graph	  in	  which	  G’	  is	  a	  subgraph	  

•  These	  concepts	  are	  extremely	  
	  	  	  helpful	  in	  defining	  communi6es	  
	  	  	  of	  users	  in	  social	  networks	  
•  Spanning	  Subgraph	  (Factor)	  of	  a	  graph	  G=

(V,E)	  
–  Subgraph	  that	  contains	  (spans)	  all	  ver6ces	  

of	  G	  
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Graphs:	  Defini6ons	  

•  Connected	  Component	  
– A	  connected	  component	  or	  simply	  component	  of	  
a	  graph	  is	  a	  maximal	  subgraph	  in	  which	  all	  ver6ces	  
of	  the	  subgraph	  are	  reachable	  from	  each	  other	  

•  Strongly	  Connected	  Component	  of	  Digraph	  
– Maximal	  subgraph	  in	  which	  all	  ver6ces	  of	  the	  
subgraph	  are	  reachable	  from	  each	  other	  following	  
the	  direc6ons	  of	  the	  edges	  
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Graphs:	  Defini6ons	  

•  Distance	  between	  two	  ver6ces:	  dG(u,v)	  
– Length	  of	  the	  shortest	  path	  between	  u	  and	  v	  in	  G	  
– Special	  cases:	  	  
	   When	  u	  =	  v,	  dG(u,v)	  =	  0	  
	   When	  u	  and	  v	  are	  unreachable,	  dG(u,v)	  =	  ∞	  

•  Diameter	  of	  a	  graph	  
– Largest	  Distance	  between	  any	  pair	  of	  ver6ces	  in	  
the	  graph	  
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Sociometry	  
•  Sociogram	  

– Points	  in	  a	  sociogram	  that	  can	  make	  choices	  are	  called	  
actors	  (compared	  to	  nodes	  in	  graphs).	  Isolates	  are	  those	  
that	  have	  few	  or	  no	  choices.	  

– Actors	  that	  chose	  each	  other	  (make	  mutual	  choices)	  
connect	  with	  edge	  	  undirected	  graph	  

– One-‐way	  choices	  	  directed	  graph,	  choices	  are	  not	  
reciprocated	  (example?)	  

– Groups	  of	  actors	  that	  chose	  each	  other	  	  Cliques	  

•  Ego-‐alter	  network	  
–  In	  your	  network	  of	  friends,	  you	  are	  the	  “ego”	  and	  your	  
friends	  are	  the	  “alters”	  
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Sociogram	  
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Spread	  of	  Happiness	  
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Spread	  of	  Happiness	  

Source:	  hDp://www.bmj.com/content/337/bmj.a2338.full	  
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Other	  Virtues	  

•  Spread	  of	  Smoking	  
–  (hDp://jhfowler.ucsd.edu/collec6ve_dynamics_of_smoking.pdf)	  	  

•  Spread	  of	  Obesity	  	  
–  (hDp://jhfowler.ucsd.edu/spread_of_obesity.pdf)	  
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Centrality	  Measures	  

•  Degree	  centrality	  
– Defined	  as	  the	  number	  of	  6es	  a	  node	  has	  

– For	  directed	  network	  
•  Indegree	  ~	  “popularity”	  
• Outdegree	  ~	  “gregariousness”	  

– O(V2)	  for	  V	  ver6ces	  in	  dense	  network	  

– O(E)	  for	  E	  edges	  in	  sparse	  network	  

},0),(:{)( jvvMevC jadjd ∀≠=
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Centrality	  Measures	  
•  Betweenness	  centrality	  

–  a	  centrality	  measure	  of	  a	  vertex	  within	  a	  
graph	  

–  Ver6ces	  that	  occur	  on	  many	  shortest	  paths	  
between	  other	  ver6ces	  have	  higher	  
betweenness	  than	  those	  that	  do	  not	  

–  Act	  as	  “broker”	  or	  “bridge”	  
–  O(V3)	  complexity	  

–  O(V2logV+VE)	  for	  sparse	  network	  
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σst	  is	  the	  geodesic	  path	  between	  s	  and	  t.	  σst(v)	  is	  the	  geodesic	  path	  between	  s	  
and	  t	  passing	  through	  v.	  
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Centrality	  Measures	  
•  Closeness	  centrality	  

– A	  centrality	  measure	  of	  a	  vertex	  within	  a	  graph	  
– Ver6ces	  that	  tend	  to	  have	  short	  geodesic	  distances	  to	  
other	  ver6ces	  within	  the	  graph	  have	  higher	  closeness.	  

– Defined	  as	  the	  mean	  geodesic	  distance	  between	  a	  vertex	  v	  
and	  all	  other	  reachable	  ver6ces	  

– O(V3)	  complexity	  
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Centrality	  Measures	  

•  Eigenvector	  centrality	  
– Measure	  of	  the	  importance	  of	  a	  node	  in	  a	  network	  

– Assigns	  rela6ve	  scores	  to	  all	  nodes	  in	  the	  network	  
– BeDer	  to	  connect	  to	  more	  “popular”	  nodes	  than	  
less	  “popular”	  ones	  

– Google's	  PageRank	  is	  a	  variant	  of	  the	  Eigenvector	  
centrality	  measure	  

∑
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Pres6ge	  	  
•  Pres6ge	  is	  a	  more	  refined	  measure	  of	  
prominence	  of	  an	  actor	  than	  centrality.	  	  
– Difference:	  6es	  sent	  (out-‐links)	  and	  6es	  received	  (in-‐
links).	  	  

•  A	  pres6gious	  actor	  is	  one	  who	  is	  a	  recipient	  of	  
several	  6es.	  	  
– To	  compute	  the	  pres6ge:	  we	  use	  only	  in-‐links.	  	  

•  Difference	  between	  centrality	  and	  pres6ge:	  	  
– centrality	  focuses	  on	  all	  the	  links	  	  
– pres6ge	  focuses	  only	  on	  in-‐links.	  	  
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Different	  Pres6ge	  Measures	  

• We	  study	  three	  pres6ge	  measures.	  	  
– Degree	  Pres6ge	  
– Proximity	  Pres6ge	  
– Rank	  Pres6ge	  

•  Rank	  presWge	  forms	  the	  basis	  of	  most	  Web	  
page	  link	  analysis	  algorithms,	  including	  
PageRank	  and	  HITS.	  	  
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Degree	  pres6ge	  	  
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Proximity	  pres6ge	  	  
•  The	  degree	  pres6ge	  of	  an	  actor	  i	  only	  considers	  the	  

actors	  that	  are	  adjacent	  to	  i.	  	  
•  The	  proximity	  pres6ge	  generalizes	  it	  by	  considering	  both	  

the	  actors	  directly	  and	  indirectly	  linked	  to	  actor	  i.	  	  
– We	  consider	  every	  actor	  j	  that	  can	  reach	  i.	  	  

•  Let	  Ii	  be	  the	  set	  of	  actors	  that	  can	  reach	  actor	  i.	  	  
•  The	  proximity	  is	  defined	  as	  closeness	  in	  terms	  of	  distance	  

of	  other	  actors	  to	  i.	  	  
•  Let	  d(j,	  i)	  denote	  the	  distance	  from	  actor	  j	  to	  actor	  i.	  	  
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Degree	  vs.	  Proximity	  Pres6ge	  

Domain	  of	  Influence	  

 i 

Degree	  pres6ge	  

Proximity	  pres6ge	  

99	  Ni6n	  Agarwal,	  SBP	  2011	  



Rank	  pres6ge	  	  
•  In	  the	  previous	  two	  pres6ge	  measures,	  an	  
important	  factor	  is	  not	  considered,	  	  
– the	  prominence	  of	  individual	  actors	  who	  do	  the	  
“vo6ng”	  	  

•  E.g.,	  A	  webpage	  that	  is	  linked	  by	  New	  York	  
Times	  is	  more	  pres6gious	  than	  if	  it	  is	  linked	  by	  
some	  arbitrary	  website	  

•  If	  one’s	  circle	  of	  influence	  is	  full	  of	  pres6gious	  
actors,	  then	  one’s	  own	  pres6ge	  is	  also	  high.	  	  
– Thus	  one’s	  pres6ge	  is	  affected	  by	  the	  ranks	  or	  
statuses	  of	  the	  involved	  actors.	  	  
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Co-‐cita6on	  and	  Bibliographic	  Coupling	  	  
•  Another	  area	  of	  research	  concerned	  with	  links	  is	  citaWon	  

analysis	  of	  scholarly	  publica6ons.	  	  
–  A	  scholarly	  publica6on	  cites	  related	  work	  to	  acknowledge	  the	  

origins	  of	  some	  ideas	  and	  to	  compare	  the	  new	  proposal	  with	  
exis6ng	  work.	  	  

•  When	  a	  paper	  cites	  another	  paper,	  some	  rela6onship	  can	  
be	  derived	  between	  the	  publica6ons.	  	  
–  If	  two	  papers	  are	  cited	  by	  the	  same	  papers,	  they	  are	  related	  
–  If	  two	  papers	  cite	  the	  same	  papers,	  they	  are	  also	  related	  

•  We	  discuss	  two	  types	  of	  cita6on	  analysis,	  co-‐citaWon	  and	  
bibliographic	  coupling.	  	  
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Co-‐cita6on	  
•  If	  ar6cles	  i	  and	  j	  are	  both	  cited	  by	  ar6cle	  k,	  then	  they	  may	  

be	  related	  in	  some	  sense	  to	  one	  another.	  	  
•  The	  more	  ar6cles	  they	  are	  cited	  by,	  the	  stronger	  their	  

similarity	  is.	  
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Co-‐cita6on	  
•  Let	  L	  be	  the	  cita6on	  matrix.	  Each	  cell	  of	  the	  matrix	  is	  defined	  

as	  follows:	  	  
–  Lij	  =	  1	  if	  ar6cle	  i	  cites	  ar6cle	  j,	  and	  0	  otherwise.	  	  

•  Co-‐citaWon	  (denoted	  by	  Cij)	  is	  a	  similarity	  measure	  defined	  as	  
the	  number	  of	  ar6cles	  that	  co-‐cite	  i	  and	  j,	  	  

•  C	  is	  symmetric	  

€ 

Cij = LkiLkj
k=1

n

∑
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Bibliographic	  coupling	  	  
•  Bibliographic	  coupling	  operates	  on	  a	  similar	  principle.	  	  
•  Bibliographic	  coupling	  considers	  ar6cles	  that	  cite	  the	  

same	  ar6cles	  
–  if	  ar6cles	  i	  and	  j	  both	  cite	  ar6cle	  k,	  they	  may	  be	  related/similar.	  

•  The	  more	  ar6cles	  they	  both	  cite,	  the	  stronger	  their	  
similarity	  is.	  

B	  is	  symmetric	  

€ 

Bij = LikL jk
k=1

n

∑
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Social	  Networks	  

•  Power	  law	  degree	  distribu6on	  
•  f(x)	  =	  ax-‐ß	  
•  log(f(x))	  =	  log(a)	  -‐	  ß	  log(x)	  

degree	  

fr
eq

ue
nc
y	  

The	  Long	  Tail	  
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Social	  Networks	  
•  Scale-‐free	  networks	  

• 2	  <	  ß	  <	  3	  

•  Preferen6al	  aDachment	  model	  
• “Rich	  get	  richer”	  effect	  

Directed	  graph	  Undirected	  graph	   106	  Ni6n	  Agarwal,	  SBP	  2011	  



Social	  Networks	  

•  Clustering	  coefficient	  

•  Cliquishness	  
•  Social	  networks	  have	  larger	  	  
	   clustering	  coefficient	  values	  

	   as	  compared	  to	  random	  network	  
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Graph	  based	  Clustering	  

•  Spectral	  clustering	  
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Graph	  based	  Clustering	  

•  Spectral	  clustering	  example	  
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Graph	  based	  Clustering	  

•  Spectral	  clustering	  example	  
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Graph	  based	  Clustering	  

•  Spectral	  clustering	  example	  
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Content	  Analysis	  Techniques	  

•  Social	  media	  have	  rich	  textual	  content	  

•  Not	  only	  people	  create	  new	  content,	  they	  also	  enrich	  
the	  exis6ng	  content	  by	  providing	  meta	  data	  such	  as	  
labels	  and	  tags	  

•  Human-‐generated	  tags	  are	  also	  called	  folksonomies	  
•  State-‐of-‐the-‐art	  content	  analysis	  techniques	  could	  be	  
used	  for	  basic	  clustering,	  classifica6on	  of	  the	  blog	  
posts/blog	  sites	  
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Content	  Analysis	  Techniques	  

•  G-‐idf	  could	  be	  used	  for	  indexing	  the	  text	  
•  Folksonomies	  could	  be	  considered	  as	  class	  labels	  
•  Supervised	  machine	  learning	  	  

– Predict	  tags	  of	  unlabeled	  corpus	  	  
– Predict	  links	  

•  Spam	  classifica6on	  

•  Topic	  modeling	  (LDA)	  could	  be	  used	  to	  iden6fy	  off-‐
topic	  chaDer	  
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Visual	  Analy6cs	  

•  Technique	  to	  graphically	  represent	  sets	  of	  data.	  	  
•  Helps	  make	  the	  data	  easier	  to	  read	  or	  
understand.	  

•  Preprocess	  the	  data	  
•  Zoom-‐in	  directly	  to	  the	  points-‐of-‐interests.	  

•  In	  addi6on	  to	  good	  visualiza6on	  
– Sta6s6cal	  and	  analy6cal	  capabili6es	  	  
– Data	  structuring,	  clustering,	  labeling,	  classifica6on…	  	  
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Pajek	  Descrip6on	  

•  Pajek	  is	  a	  Windows	  based	  program	  for	  analyzing	  
large	  networks.	  
– Developed	  by	  Vladimir	  Batagelj	  and	  Andrej	  Mrvar	  from	  
University	  of	  Ljubljana	  

•  It	  is	  FREE!	  
– Freeware	  so`ware	  can	  be	  downloaded	  from	  	  

•  hDp://vlado.fmf.uni-‐lj.si/pub/networks/pajek/	  

•  It	  has	  a	  comprehensive	  manual	  focused	  on	  Social	  
Network	  Analysis	  techniques	  &	  metrics.	  
–  Integrates	  Theory,	  Applica6ons	  and	  the	  So`ware.	  
– Link	  to	  book,	  images	  and	  samples:	  

•  hDp://vlado.fmf.uni-‐lj.si/pub/networks/book/	   115	  Ni6n	  Agarwal,	  SBP	  2011	  



Simplify	  the	  Networks	  
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Content	  Visualiza6on	  

•  Tag	  Clouds	  
– Iden6fy	  significant	  words	  
– hDp://wordle.net	  	  
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Flickr	  -‐	  All	  6me	  most	  popular	  Photo	  Tags	  
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TwiDer	  Trending	  Topics	  
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TwiDer	  Trending	  Topics	  
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Visualiza6on	  Sample	  Links	  

•  Collec6on	  of	  various	  forms	  of	  visualiza6ons	  
–  hDp://www.smashingmagazine.com/2007/08/02/data-‐

visualiza6on-‐modern-‐approaches/	  

–  hDp://www.readwriteweb.com/archives/
the_best_tools_for_visualiza6on.php	  

–  hDp://www.visualcomplexity.com/vc/	  

–  hDp://social.cesweb.org/	  
–  IBM	  Many	  Eyes	  (hDp://www-‐958.ibm.com/so`ware/data/cognos/

manyeyes/)	  	  

–  Blogtrackers	  (hDp://blogtrackers.fulton.asu.edu/)	  	  
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APPLICATIONS	  &	  RESEARCH	  
TRENDS	  
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Research	  Topics	  

•  Influence	  
•  Familiar	  Strangers	  

•  Collec6ve	  Wisdom	  

•  Homophily	  

•  Privacy	  in	  Social	  Media	  

•  Collec6ve	  Ac6on	  
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Iden6fying	  Influen6al	  Bloggers	  in	  a	  
web	  community	  

WSDM08 - http://videolectures.net/wsdm08_agarwal_iib/ 
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Real	  and	  Virtual	  World	  

Real World 

Domain 
Expert 

Friends 

Virtual World 

Online 
Community 

125	  Ni6n	  Agarwal,	  SBP	  2011	  



Influen6al	  Sites	  and	  Bloggers	  

•  Power	  law	  distribu6on	  

•  Short	  Head	  blogs	  

–  Influen6al	  sites	  
–  Search	  engines	  
–  Informa6on	  Diffusion	  [Gruhl	  et	  al.	  2004;	  Kempe	  et	  al.	  2003;	  Richardson	  and	  

Domingos	  2002;	  Java	  et	  al.	  2006]	  

•  Long	  Tail	  blogs	  [Anderson	  2006]	  

–  Inordinately	  many	  

–  Less	  popular	  
–  Cater	  to	  niche	  interests	  

•  Extremely	  challenging	  to	  study	  all	  these	  blogs	  

•  Influen6al	  bloggers	  as	  representa6ves	  

blog 

po
pu

la
rit

y 
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Influen6al	  Bloggers	  

•  Inspired	  by	  the	  analogy	  between	  real-‐world	  
and	  blog	  communi6es,	  we	  answer:	  

• Who	  are	  the	  influen6als	  in	  Blogosphere?	  

•  Can	  we	  find	  them?	  
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Searching	  for	  the	  Influen6als	  

•  Ac6ve	  bloggers	  

–  Easy	  to	  define	  
–  O`en	  listed	  at	  a	  blog	  site	  
–  Or,	  based	  on	  their	  blogging	  ac6vity:	  submission	  rate	  

•  How	  to	  define	  an	  influen6al	  blogger	  

–  Influen6al	  bloggers	  have	  influen6al	  posts	  
–  Subjec6ve	  
–  Collectable	  sta6s6cs	  
–  How	  to	  use	  these	  sta6s6cs	  

Ac6ve	  bloggers	  may	  not	  be	  influen6al	  
Influen6al	  bloggers	  may	  not	  be	  ac6ve	  

Ac6ve	  Bloggers	  =	  Influen6al	  Bloggers	  

? 
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Intui6ve	  Proper6es	  

•  Social	  Gestures	  (sta6s6cs)	  

•  RecogniWon:	  Cita6ons	  (incoming	  links)	  

–  An	  influen6al	  blog	  post	  is	  recognized	  by	  many.	  The	  more	  influen6al	  the	  referring	  
posts	  are,	  the	  more	  influen6al	  the	  referred	  post	  becomes.	  

•  AcWvity	  GeneraWon:	  Volume	  of	  discussion	  (comments)	  

–  Amount	  of	  discussion	  ini6ated	  by	  a	  blog	  post	  can	  be	  measured	  by	  the	  
comments	  it	  receives.	  Large	  number	  of	  comments	  indicates	  that	  the	  blog	  post	  
affects	  many	  such	  that	  they	  care	  to	  write	  comments,	  hence	  influen6al.	  

•  Novelty:	  Referring	  to	  (outgoing	  links)	  

–  Novel	  ideas	  exert	  more	  influence.	  Large	  number	  of	  outlinks	  suggests	  that	  the	  
blog	  post	  refers	  to	  several	  other	  blog	  posts,	  hence	  less	  novel.	  	  

•  Eloquence:	  “goodness”	  of	  a	  blog	  post	  (length)	  

–  An	  influen6al	  is	  o`en	  eloquent.	  Given	  the	  informal	  nature	  of	  Blogosphere,	  there	  
is	  no	  incen6ve	  for	  a	  blogger	  to	  write	  a	  lengthy	  piece	  that	  bores	  the	  readers.	  
Hence,	  a	  long	  post	  o`en	  suggests	  some	  necessity	  of	  doing	  so.	  

•  Influence	  Score	  =	  f(Social	  Gestures)	   129	  Ni6n	  Agarwal,	  SBP	  2011	  



A	  Preliminary	  Model	  
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The	  Unofficial	  Apple	  Weblog	  (TUAW)	  
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Ac6ve	  &	  Influen6al	  Bloggers	  

•  Ac6ve	  and	  Influen6al	  Bloggers	  

•  Inac6ve	  but	  Influen6al	  Bloggers	  

•  Ac6ve	  but	  Non-‐influen6al	  Bloggers	  

•  We	  don’t	  consider	  “Inac6ve	  and	  Non-‐influen6al	  Bloggers”,	  because	  they	  
seldom	  submit	  blog	  posts.	  Moreover,	  they	  do	  not	  influence	  others.	  
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Temporal	  PaDerns	  

• 	  	  Long	  term	  influen6al	  
• 	  	  Average	  term	  influen6al	  
• 	  	  Transient	  influen6al	  
• 	  	  Burgeoning	  influen6al	  

133	  Ni6n	  Agarwal,	  SBP	  2011	  



Verifica6on	  of	  the	  Model	  

•  Challenges	  

– No	  training	  and	  tes6ng	  data	  
–  Absence	  of	  ground	  truth	  
–  How	  to	  do	  it?	  

•  We	  use	  another	  Web	  2.0	  website,	  Digg	  as	  a	  reference	  point.	  

•  “Digg	  is	  all	  about	  user	  powered	  content.	  Everything	  is	  
submiDed	  and	  voted	  on	  by	  the	  Digg	  community.	  Share,	  
discover,	  bookmark,	  and	  promote	  stuff	  that‘s	  important	  to	  
you!”	  

•  The	  higher	  the	  digg	  score	  for	  a	  blog	  post	  is,	  the	  more	  it	  is	  
liked.	  
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Digg	  -‐	  Power	  of	  Web	  2.0	  
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Findings	  w.r.t.	  Digg	  
•  Digg	  records	  top	  100	  blog	  posts	  obtained	  through	  Digg	  Web	  API.	  

•  Top	  5	  influen6al	  and	  top	  5	  ac6ve	  bloggers	  were	  picked	  to	  construct	  4	  categories	  

•  For	  each	  of	  the	  4	  categories	  of	  bloggers,	  we	  collect	  top	  20	  blog	  posts	  from	  our	  model	  and	  
compare	  them	  with	  Digg	  top	  100.	  

•  Distribu6on	  of	  Digg	  top	  100	  and	  TUAW’s	  535	  blog	  posts	  
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Rela6ve	  Importance	  of	  Parameters	  

•  Compare	  top	  20	  blog	  posts	  from	  our	  model	  and	  Digg.	  

•  Considered	  six	  months	  

•  Considered	  all	  configura6on	  to	  study	  rela6ve	  importance	  of	  
each	  parameter.	  

•  RecogniWon	  (Inlinks)	  >	  AcWvity	  GeneraWon	  (Comments)	  >	  
Novelty	  (Outlinks)	  >	  Eloquence	  (Blog	  post	  length)	  
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Searching	  for	  Familiar	  Strangers	  

ICWSM09 - http://videolectures.net/icwsm09_agarwal_siaifs/ 
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Who	  are	  Familiar	  Strangers	  

•  Observe	  repeatedly,	  but	  do	  not	  know	  each	  other	  

•  Real	  World	  

– E.g.,	  Individuals	  observe	  each	  other	  daily	  on	  a	  train	  
– Discover	  the	  latent	  paDern:	  going	  to	  same	  workplace,	  	  

•  Social	  media	  

– You	  are	  defined	  by	  what	  you	  share…	  
– Have	  similar	  interests	  (Movie,	  Games,	  Technology,	  Poli6cs)	  

– Not	  in	  each	  others	  social	  network	  
•  Iden6fy	  “Good	  strangers”	  in	  hos6le	  situa6ons	  
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Aggrega6ng	  Familiar	  Strangers	  

•  Together	  they	  form	  a	  cri6cal	  mass	  

– understanding	  of	  one	  individual	  gives	  a	  sensible	  
and	  representa6ve	  glimpse	  to	  others	  

– beDer	  customiza6on	  and	  services	  (e.g.,	  
personaliza6on	  and	  recommenda6on)	  

– nuances	  among	  them	  present	  new	  business	  
opportuni6es	  

– predic6ve	  modeling	  and	  trend	  analysis	  
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An	  Example	  

u: Given individual 
Cu: {v1,v2,v3,v4} 
Au: {Exercise, History, Recreation} 
Av1: {Internet, News} 
Av2: {Blogging, Internet} 
Av3: {Blogging, Internet, Technology} 
Av4: {Recreation, Travel} 

Find Tu, given γ: Sports={Exercise, 
Recreation} 

Egocentric network view 
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Social	  Iden6ty	  Approach	  

•  Social	  Iden6ty:	  ability	  to	  cluster	  contacts	  into	  meaningful	  
groups	  [Tajfel,	  H.	  1978]	  

•  Propagate	  the	  search	  through	  relevant	  clusters	  of	  contacts	  

•  Prunes	  the	  search	  space	  

•  Desiderata	  

–  Small-‐world	  assump6on	  [WaDs	  and	  Strogatz	  1998]	  

• Power	  law	  degree	  distribu6on:	  
• High	  clustering	  coefficient:	  	  

•  Short	  average	  path	  length:	  	  
€ 

f (x)∝ ax−γ

€ 

κv =
2Ev

Cv Cv −1( )

€ 

lG =
1

n(n −1)
d(vi,v j )

i, j
i≠ j

∑
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Social	  Iden6ty	  Construc6on	  

•  Offline	  clustering	  of	  contacts	  

•  Contacts	  represented	  by	  	  

–  Tag	  vector	  	  
–  Content	  vector	  

•  LSA	  transforma6on	  to	  concept	  vectors	  [Deerwester	  et	  al.	  1990]	  

•  Stag:	  Pairwise	  cosine	  similarity	  between	  row	  vectors	  of	  Vtag	  	  

•  Scon:	  Pairwise	  cosine	  similarity	  between	  row	  vectors	  of	  Vcon	  

•  S	  =	  αStag	  +	  (1-‐α)Scon	  	  

•  k-‐means	  clustering	  

€ 

Xtag =UtagΣtagVtag
T

€ 

Xcon =UconΣconVcon
T
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Experiments	  

•  Ground	  Truth	  -‐	  Global	  network	  view	  

–  Steiner	  tree	  based	  approach	  [Du	  and	  Hu	  2008]	  
–  Lower	  bound	  on	  search	  space	  

•  Compare	  with	  

– Exhaus6ve	  approach	  
– Random	  approach	  

•  Datasets:	  	  

– Blogcatalog	  (~24K	  nodes)	  
– DBLP	  (~35K	  nodes)	  
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Alterna6ve	  Approaches	  

•  Exhaus6ve	  Approach	  
– Search	  all	  the	  contacts	  
– 100%	  accuracy	  
– Exponen6al	  search	  cost:	  

•  Random	  Approach	  

– Frac6on	  of	  contacts	  (σ)	  propagate	  the	  search	  
– σ	  =	  1	  corresponds	  to	  Exhaus6ve	  approach	  

€ 

dk
k=1

h

∑
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Results	  

•  Blogcatalog	  

•  DBLP	  

Approach (E) Accuracy (%) Search performance 
(edge traversals) 

Steiner Tree 100% 3,565 ± 23 

Exhaustive 100% 4,531,967 ± 944 

Random 1.0283% ± 0.928 1,823 ± 43 

Social Identity 79.2908% ± 3.008 6,032 ± 46 

Approach (E) Accuracy (%) Search performance 
(edge traversals) 

Steiner Tree 100% 4,752 ± 30 

Exhaustive 100% 909,543 ± 403 

Random 2.304% ± 0.355 58 ± 12 

Social Identity 91.349% ± 2.107 12,182 ± 68 
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Leveraging	  Collec6ve	  Wisdom	  
(ICDM’09)	  

•  Bloggers	  	  
– Submit	  blogs,	  blog	  posts	  

– Assign	  blog	  tags,	  category	  descriptors	  
•  56	  categories	  in	  hierarchical	  fashion	  at	  blogcatalog.com	  
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Category	  Rela6on	  Graph	  

•  Connects	  categories	  that	  are	  
simultaneously	  used	  by	  the	  
bloggers	  

•  Weights	  on	  the	  edges	  (Link	  
Strength)	  denote	  the	  seman6c	  
relatedness	  of	  categories	  

•  Link	  strength	  values	  are	  
normalized	  between	  0	  and	  1	  	  
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Visualiza6on	  

Pajek	  was	  used	  to	  generate	  this	  visualiza6on	  
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Searching	  for	  Similar	  Bloggers	  using	  
Collec6ve	  Wisdom	  
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Collec6ve	  Wisdom	  vs.	  Taxonomy	  based	  
Search	  

"   Collec6ve	  Wisdom	  Search	  (CWS)	  

"  Accuracy:	  91.164%	  

"  Search	  Space	  Reduc6on:	  28.723%	  
(with	  respect	  to	  exhaus6ve	  search)	  	  

"   Taxonomy	  Search	  

"  Accuracy:	  77.254%	  

"  Search	  Space	  Reduc6on:	  42.084%	  
(with	  respect	  to	  exhaus6ve	  search)	  

"   If	  the	  skewed	  category	  distribu6on	  is	  
neglected	  Search	  space	  reduc6on	  for	  
CWS	  increases	  to	  51.526%	   151	  Ni6n	  Agarwal,	  SBP	  2011	  



Dynamics	  of	  Collec6ve	  Wisdom	  

As	  tagging	  behavior	  changes	  over	  6me,	  we	  observe	  changes	  in	  the	  category	  
rela6on	  graph	  
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Homophily	  (KDD’10,	  WI’10)	  
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Dyadic	  Rela6ons	  
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Privacy	  

•  Context	  Based	  Privacy	  Model	  
•  Best	  paper	  award	  at	  IEEE	  

interna6onal	  conference	  on	  
Privacy,	  Security,	  Risk,	  and	  
Trust	  (PASSAT	  2010)	  

•  Collec6ve	  model	  (HA/DR)	  to	  
respect/evaluate	  trust	  and	  
privacy	  	  
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Collec6ve	  Ac6on	  (NDT’11,	  ECIS’11)	  
Egyp6an,	  Tunisian	  uprisings	  	  convulsions	  of	  revolu6on	  
Unorganized	  yet	  strategic	  communica6ons	  	  “unorganized	  organiza6ons”	  
ADempt	  to	  analyze	  this	  phenomenon	  using	  the	  social	  media	  
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Individual	  Perspec6ve	  

157	  Ni6n	  Agarwal,	  SBP	  2011	  



Understanding	  group	  interac6ons	  (ICCCD’08)	  

     accept according agree 

America announced  

Baghdad building cabinet decisions 
defense dialogue first future have 

increase looking mass partner 

patriotic people plan political  
powers regional see shares situation 

solutions start state term will 

army bad beginning channels 
country dead demonstrations 
down justice new occupation  
outside right Saddam 
Salahuddin security shut since 
single some stupidity today 
Zawra 

Legend
Positive Sentiment
Negative Sentiment

J F M …. … D J F M … … D J F M … N D J F …. … D J F M … D
20082004 2005 2006 2007

Iraq	  the	  Model	   Baghdad	  Burning	  

Saddam’s	  Verdict	  

Community	  Perspec6ve	  
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Transna6onal	  Perspec6ve	  
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Revolu6on	  2.0	  
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