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Why	
  Mining	
  Social	
  Media?	
  
1.  It	
  is	
  the	
  pulse	
  of	
  the	
  world	
  
•  People	
  
•  Events	
  
•  News	
  
•  Real-­‐8me	
  

2.  Rich	
  and	
  complex	
  
•  Micro-­‐blogs	
  
•  Blogs	
  
•  News	
  
•  Videos	
  
•  Pictures	
  
•  …	
  	
  

3.  Techniques	
  broadly	
  applicable	
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Making	
  sense	
  of	
  social	
  media	
  
•  What…	
  
•  Is	
  going	
  on	
  in	
  the	
  world	
  
•  Are	
  people	
  taking	
  about	
  

•  Where…	
  
•  Is	
  X	
  happening	
  
•  Are	
  people	
  talking	
  about	
  X	
  

•  When…	
  
•  Did	
  X	
  happen	
  
•  Was	
  X	
  talked	
  about	
  

•  Who…	
  
•  Is	
  talking	
  about	
  X	
  
•  Is	
  influencing	
  the	
  discussion	
  about	
  X	
  

•  Dynamics	
  
•  How	
  are	
  things	
  spreading	
  

	
  and	
  changing?	
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Generality	
  of	
  Principles	
  and	
  Techniques	
  
•  Complexity	
  of	
  dynamics	
  in	
  content	
  and	
  network	
  
•  Covers	
  a	
  wide	
  variety	
  of	
  disciplines	
  including	
  machine	
  

learning,	
  network	
  science,	
  physical	
  systems,	
  social	
  science,	
  
economics,	
  game	
  theory,	
  epidemiology,	
  etc.	
  

•  Applicable	
  to	
  many	
  problems	
  
•  BeWer	
  understanding	
  and	
  modeling	
  of	
  social	
  systems	
  
•  Network	
  analysis	
  in	
  financial	
  markets,	
  as	
  defined	
  by	
  social	
  

networks,	
  money	
  transac.ons,	
  etc.	
  
•  Tracking	
  informa.on	
  diffusion	
  by	
  demographics,	
  geospa.al,	
  

topics,	
  etc.	
  
•  Deep	
  analysis	
  of	
  group-­‐behaviors	
  over	
  .me	
  
•  Reasoning	
  with	
  uncertainty	
  about	
  observa.ons	
  and	
  nodes	
  in	
  

a	
  network	
  
•  …	
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Technical	
  Challenges:	
  Many	
  tools	
  s(ll	
  nascent	
  	
  
1.  Large	
  and	
  growing	
  amount	
  of	
  data	
  
•  Many	
  sources	
  
•  Noisy	
  and	
  redundant	
  
•  Streaming	
  

2.  Data	
  is	
  complex,	
  varied	
  and	
  changing	
  
•  En.ty	
  types	
  are	
  increasingly	
  complex	
  
•  Social	
  network	
  keeps	
  changing	
  
•  Resolving	
  topics,	
  en..es,	
  etc.	
  across	
  streams	
  very	
  difficult	
  

3.  Single-­‐dimensional	
  analy.cs	
  not	
  enough	
  
•  Must	
  consider	
  network	
  and	
  content	
  both	
  
•  Aggrega.on	
  of	
  mul.ple	
  posts/documents	
  for	
  robust	
  analysis	
  
•  Use	
  and	
  integrate	
  different	
  analy.c	
  models	
  

4.  Human	
  needs	
  to	
  be	
  in	
  the	
  loop	
  
•  Black	
  box	
  systems	
  can	
  suggest	
  but	
  not	
  decide	
  
•  Human	
  intui.on	
  needed	
  to	
  guide	
  analy.cs	
  
•  Interfaces	
  needed	
  to	
  help	
  guide	
  process	
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My	
  focus	
  is	
  on	
  combining	
  network	
  and	
  content	
  	
  
•  Much	
  work	
  in	
  networks	
  and	
  content	
  separately	
  
•  Combining	
  them	
  rarely	
  seen	
  in	
  social	
  media	
  mining	
  
•  Machine	
  learning	
  and	
  data	
  mining	
  has	
  sta.s.cal	
  rela.onal	
  

models	
  (graphical	
  models),	
  but	
  they	
  do	
  not	
  scale	
  well	
  

•  Big	
  data	
  problem	
  
•  Dimensions:	
  real.me,	
  volume,	
  heterogeneity	
  
•  The	
  world	
  changes	
  rapidly:	
  what	
  is	
  going	
  on	
  right	
  now	
  
•  à	
  slow	
  models	
  may	
  not	
  be	
  the	
  best	
  

•  Answer:	
  start	
  small,	
  then	
  build	
  up	
  
•  Focus	
  on	
  real	
  data	
  from	
  the	
  beginning	
  is	
  key	
  

•  Handle	
  data	
  access,	
  noise,	
  missing	
  data,	
  etc.	
  from	
  the	
  get-­‐go	
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Agenda	
  
•  User	
  profiling	
  from	
  posts	
  
•  Is	
  it	
  possible?	
  
•  What	
  can	
  they	
  be	
  used	
  for	
  
•  When	
  and	
  why	
  to	
  use	
  different	
  representa.ons	
  

•  Can	
  we	
  characterize	
  different	
  types	
  of	
  posts?	
  
•  Social	
  dialogues	
  
•  Topics	
  across	
  different	
  types	
  of	
  posts	
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Recent	
  work	
  
•  Blogosphere	
  
•  Seman.cally	
  tagging	
  of	
  links	
  [Macskassy	
  2010,	
  2011]	
  	
  

•  Gained	
  new	
  insights	
  into	
  evolu.on	
  of	
  topics	
  not	
  possible	
  before	
  
•  Demographics	
  [Michelson	
  and	
  Macskassy,	
  2011]	
  

•  Could	
  extract	
  demographic	
  informa.on	
  from	
  blog-­‐posts	
  
•  Demographic	
  clusters	
  and	
  network	
  clusters	
  very	
  different!	
  
•  Could	
  iden.fy	
  demographic	
  characteris.cs	
  of	
  web-­‐sites	
  based	
  on	
  

which	
  bloggers	
  linked	
  to	
  them	
  (in)directly	
  

•  TwiWer	
  
•  User	
  interests	
  based	
  on	
  tweets	
  [Michelson	
  and	
  Macskassy,	
  2010]	
  
•  Model	
  retwee.ng	
  behavior	
  [Michelson	
  and	
  Macskassy,	
  2011]	
  
•  Representa.on	
  maWers	
  [Macskassy,	
  2012]	
  
•  What	
  do	
  people	
  talk	
  about?	
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TwiVer	
  

User	
  

“Tweet”	
  

Social	
  component	
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How	
  to	
  represent	
  tweets?	
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•  Problem	
  with	
  tweets	
  
•  They	
  are	
  short	
  (max	
  140	
  chars)	
  
•  They	
  contain	
  bad	
  grammar,	
  misspellings,	
  etc.	
  
•  LiWle	
  context,	
  poten.ally	
  many	
  words	
  with	
  liWle	
  overlap	
  
•  Topics	
  are	
  at	
  term	
  level	
  (e.g.,	
  Arsenal)	
  not	
  category	
  level	
  

(e.g.,	
  Football	
  in	
  England)	
  
•  Harder	
  for	
  high	
  level	
  search	
  and	
  clustering	
  à	
  no	
  well-­‐defined	
  topics	
  

•  Idea:	
  Leverage	
  en..es	
  men.oned	
  
•  From	
  a	
  small	
  sampling	
  of	
  user	
  accounts:	
  

•  ~20%	
  of	
  analyzed	
  TwiWer	
  accounts	
  men.oned	
  50	
  brands	
  
•  85%	
  of	
  trending	
  topics	
  are	
  news	
  (likely	
  contain	
  en..es)	
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How	
  to	
  represent	
  user	
  profiles?	
  
Hypothesis	
  

•  Analyzing	
  all	
  of	
  users’	
  Tweets	
  can	
  yield	
  their	
  interests	
  
−  Specifically,	
  focus	
  on	
  Named-­‐En..es	
  and	
  the	
  topics	
  they	
  “represent”	
  
−  These	
  topics	
  =	
  the	
  users’	
  topics	
  of	
  interest	
  

Soccer	
  
team	
  

Country	
  

English	
  soccer	
  players	
  

User	
  likes	
  topics	
  related	
  
to	
  English	
  soccer,	
  
interna.onal	
  soccer,	
  …	
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Discover	
  En((es	
  in	
  Tweets	
  
Named	
  En.ty	
  Extrac.on	
  in	
  Tweets	
  

•  All	
  caps,	
  all	
  lowercase	
  
•  Not	
  omen	
  parseable	
  (e.g.,	
  POS-­‐tags)	
  
•  Look	
  for	
  capitalized	
  (non-­‐stop)	
  words	
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Disambiguate:	
  Issue	
  
Goal:	
  

•  Look	
  up	
  in	
  Wikipedia	
  à	
  get	
  categories	
  à	
  “topics	
  of	
  interest”	
  for	
  user	
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#Arsenal	
  	
  	
  winger	
  	
  WalcoV:	
  	
  	
  	
  Becks	
  	
  is	
  my	
  England	
  
inspira(on:	
  hVp://(nyurl.com/37zyjsc	
  	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

~50	
  possibili(es	
  
Arsenal	
  (Kremlin)	
  
Foochow	
  Arsenal	
  
Arsenal	
  Street	
  
Arsenal	
  F.C.	
  (England)	
  
Arsenal	
  F.C.	
  (Argen.na)	
  
Arsenal	
  (Basketball)	
  
Arsenal	
  (Comic)	
  
Arsenal	
  (film)	
  
Arsenal	
  (automobile)	
  
…	
  

~15	
  possibili(es	
  
WalcoW,	
  Lincolnshire	
  (England)	
  
WalcoW,	
  Iowa	
  (U.S.)	
  
Clyde	
  WalcoW	
  
Derek	
  WalcoW	
  
Theo	
  WalcoW	
  
Mary	
  WalcoW	
  
…	
  

3	
  possibili(es	
  
Beck’s	
  Brewery	
  
David	
  Beckham	
  
BeckeW	
  ScoW	
  



Social	
  Media	
  Analy.cs:	
  Text	
  Mining	
  for	
  User	
  Profiles	
  and	
  More 	
   	
   	
   	
   	
  Sofus	
  A.	
  Macskassy	
  (sofmac@gmail.com)	
  

Disambiguate:	
  Context	
  
Leverage	
  “context”	
  of	
  Tweet	
  to	
  aid	
  disambigua.on	
  
En.ty:	
  Arsenal	
  	
  	
  
Context:	
  {winger,	
  	
  WalcoV,	
  	
  Becks,	
  England,	
  inspira(on,	
  …}	
  

Language	
  model:	
  
Maximize	
  similarity	
  

)(maxarg
i

i

eT
Ee

CC ∩
∈

Arsenal	
  =	
  Arsenal	
  
F.C.	
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Folksonomy:	
  “Theo	
  WalcoV”	
  

English	
  Footballers	
  

Associa.on	
  football	
  
Players	
  by	
  na.onality	
  

English	
  
Sportspeople	
  

Football	
  in	
  
England	
  

Bri.sh	
  
footballers	
  

Associa.on	
  
football	
  players	
  

Sportspeople	
  by	
  
sport	
  and	
  
na.onality	
  

Associa.on	
  
football	
  by	
  
country	
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Topic	
  Profiles	
  
Amer	
  Step	
  1:	
  Forest	
  of	
  category	
  trees	
  per	
  Tweet	
  

	
  
15	
  

Tweet	
  1:	
  

Tweet	
  2:	
  

Tweet	
  N:	
  

Represent	
  as	
  a	
  vector	
  of	
  (category-­‐id:weight)	
  elements:	
  
{	
  (cat3,0.5),	
  (cat62,5.4),	
  (cat298,0.2),	
  …,	
  (cat43876,1.7)}	
  

wc (u) = b−dc,t
t∈Tu

∑
Weight	
  of	
  category	
  c	
  for	
  user	
  u:	
  

cat62	
  

cat43876	
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#Arsenal	
  winger	
  WalcoV:	
  Becks	
  is	
  my	
  England	
  inspira(on:	
  hVp://(nyurl.com/37zyjsc	
  	
  

Oh,	
  and	
  Senderos's	
  Dad	
  is	
  lovely	
  fella	
  too.	
  Philippe	
  cried	
  in	
  d/r	
  aner	
  #Arsenal	
  CL	
  defeat	
  at	
  
Liverpool.	
  That	
  shows	
  he	
  cares	
  -­‐	
  wish	
  more	
  did	
  	
  

Input	
  Tweets	
  for	
  User	
  

Discover	
  En((es	
  in	
  Tweet	
  

Disambiguate	
  En((es	
  

Retrieve	
  Folksonomy	
  Sub-­‐Tree	
  

Step	
  1:	
  Discover	
  Categories	
  

Generate	
  Topic	
  Profile	
  from	
  
Sub-­‐Trees	
  

Step	
  2:	
  Discover	
  Profile	
  
Topic	
  Profile:	
  

	
  “English	
  Football”	
  
	
  “World	
  Cup”	
  

	
  

Geong	
  a	
  user	
  profile	
  from	
  generated	
  content	
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Proof-­‐of-­‐concept	
  (ny	
  study:	
  Data	
  
2	
  “known”	
  TwiWer	
  users	
  [know	
  topics	
  of	
  interest]	
  

•  johncrossmirror	
  à	
  soccer	
  writer	
  for	
  UK	
  newspaper	
  
•  gizmodo	
  à	
  technology	
  blog	
  (loves	
  Apple!)	
  
•  Validity	
  for	
  users	
  with	
  specific	
  topics,	
  lots	
  of	
  NE	
  

2	
  random	
  TwiWer	
  users	
  
•  Read	
  Tweets	
  by	
  hand	
  to	
  see	
  topics	
  of	
  interest.	
  	
  
•  Validity	
  for	
  “random”	
  users	
  

User	
   #	
  Tweets	
  collected	
  

Johncrossmirror	
   280	
  

Gizmodo	
   599	
  

Anonymous1	
   340	
  

Anonymous2	
   180	
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Results:	
  Precision@K	
  
Read	
  posts	
  and	
  examine	
  generated	
  topics	
  

•  “Relevant”	
  or	
  “Not	
  Relevant”	
  

Size	
  of	
  Top	
  K	
   Avg.	
  Precision	
  (±	
  Std.	
  Dev.)	
  
5	
   0.95	
  ±	
  0.10	
  
10	
   0.90	
  ±	
  0.08	
  
25	
   0.85	
  ±	
  0.08	
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John	
  Cross	
  
	
  
	
  

Gizmodo	
   Anonymous1	
   Anonymous2	
  

ASSOCIATION	
  FOOTBALL	
  
PLAYERS	
  

COMMUNICATION	
   TELEVISION	
  SERIES	
  DEBUTS	
  BY	
  
YEAR	
  

BASEBALL	
  

2010	
  FIFA	
  WORLD	
  CUP	
  
PLAYERS	
  

APPLE	
  INC.	
  	
   2000’S	
  AMERICAN	
  TELEVISION	
  
SERIES	
  

LIVING	
  PEOPLE	
  

SPORT	
  IN	
  ENGLAND	
   EMBEDDED	
  SYSTEMS	
   ASSOCIATION	
  OF	
  AMERICAN	
  
UNIVERSITIES	
  

CACTUS	
  LEAGUE	
  

FOOTBALL	
  IN	
  ENGLAND	
  
	
  

COMPANIES	
  ESTABLISHED	
  IN	
  
1976	
  

AMERICAN	
  TELEVISION	
  
PROGRAMMING	
  

ALBUMS	
  

2006	
  FIFA	
  WORLD	
  CUP	
  
PLAYERS	
  

COMPANIES	
  BASED	
  IN	
  
CUPERTINO,	
  CALIFORNIA	
  	
  

UNIVERSITIES	
  AND	
  COLLEGES	
  IN	
  
THE	
  GREATER	
  LOS	
  ANGELES	
  AREA	
  

BASEBALL	
  TEAMS	
  IN	
  
CHICAGO,	
  ILLINOIS	
  

SPORTS	
  TEAMS	
  BY	
  
COUNTRY	
  

TECHNOLOGY	
  	
   PACIFIC-­‐10	
  CONFERENCE	
  
	
  

2000’S	
  MUSIC	
  GROUPS	
  

ASSOCIATION	
  FOOTBALL	
  
IN	
  EUROPE	
  

TELECOMMUNICATIONS	
  	
   SCHOOLS	
  ACCREDITED	
  BY	
  THE	
  
WESTERN	
  ASSOCIATION	
  OF	
  
SCHOOLS	
  AND	
  COLLEGES	
  

SPORTS	
  TEAMS	
  BY	
  SPORT	
  

ORGANISATIONS	
  BASED	
  
IN	
  ENGLAND	
  

MEDIA	
  TECHNOLOGY	
   EDUCATIONAL	
  INSTITUTIONS	
  
ESTABLISHED	
  IN	
  1880	
  

BASEBALL	
  LEAGUES	
  

ASSOCIATION	
  FOOTBALL	
  	
  
	
  

COMPUTING	
   OLYMPIC	
  INTERNATIONAL	
  
BROADCAST	
  CENTRES	
  

BASEBALL	
  TEAMS	
  

SPORT	
  IN	
  ENGLAND	
  BY	
  
SPORT	
  	
  

ELECTRONIC	
  HARDWARE	
   NATIONAL	
  ASSOCIATION	
  OF	
  
INDEPENDENT	
  COLLEGES	
  AND	
  
UNIVERSITIES	
  MEMBERS	
  

CHICAGO	
  CUBS	
  

UK	
  soccer	
  writer	
   Tech	
  blog	
  	
  (+Apple)	
   TV	
  and	
  PAC-­‐10	
   Music	
  +	
  Chicago	
  Cubs	
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Discussion	
  
Other	
  topic	
  models	
  (why	
  not	
  LDA?)	
  
•  Data	
  is	
  sparse	
  (not	
  many	
  Tweets,	
  they	
  are	
  short)	
  
•  Topics	
  are	
  

•  Term	
  level	
  (e.g.,	
  Arsenal)	
  
•  Not	
  category	
  level	
  (e.g.,	
  Football	
  in	
  England)	
  
•  Harder	
  for	
  high	
  level	
  search	
  and	
  clustering	
  à	
  not	
  well	
  defined	
  topics	
  

Leveraging	
  en..es	
  
•  ~20%	
  of	
  analyzed	
  TwiWer	
  accounts	
  men.oned	
  50	
  brands	
  
•  85%	
  of	
  trending	
  topics	
  are	
  news	
  (likely	
  contain	
  en..es)	
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Discussion	
  

Hashtags	
  
• User-­‐given	
  token	
  for	
  search	
  and	
  categoriza.on	
  

• At	
  term	
  level	
  and	
  some	
  are	
  ill-­‐defined	
  
•  Overly	
  specific,	
  difficult	
  to	
  analyze,	
  short	
  life-­‐span,	
  …	
  	
  
	
  	
  à	
  Hard	
  to	
  use	
  as	
  topics	
  of	
  interest	
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Agenda	
  
•  User	
  profiling	
  from	
  posts	
  
•  Is	
  it	
  possible?	
  (demo	
  at	
  end)	
  
•  What	
  can	
  they	
  be	
  used	
  for	
  
•  When	
  and	
  why	
  to	
  use	
  different	
  representa.ons	
  

•  Can	
  we	
  characterize	
  different	
  types	
  of	
  posts?	
  
•  Social	
  dialogues	
  
•  Topics	
  across	
  different	
  types	
  of	
  posts	
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Ques(on:	
  What	
  makes	
  People	
  Retweet?	
  
•  TwiWer	
  is	
  an	
  interes.ng	
  social	
  media	
  broadcast	
  playorm	
  	
  
•  TwiWerers	
  can	
  broadcast	
  small	
  messages	
  

•  TwiWer	
  has	
  introduced	
  syntac.c	
  constructs	
  to	
  help	
  navigate	
  
tweets	
  
•  Retwee.ng	
  (re-­‐broadcast	
  a	
  messsage):	
  

•  [user_K]	
  I	
  just	
  saw	
  Kevin	
  Bacon	
  at	
  the	
  Kids’R’Us	
  in	
  La	
  Brea!	
  
•  [user_X]	
  RT	
  @user_K	
  I	
  just	
  saw	
  Kevin	
  Bacon	
  at	
  the	
  Kids’R’Us	
  in	
  La	
  Brea!	
  

•  “Messaging”	
  
•  [user_K]	
  @user_X	
  Hey,	
  stop	
  retwee.ng	
  me!	
  

•  “Topics”	
  
•  [user_K]	
  #KevinBacon	
  He	
  just	
  let	
  Kids’R’Us	
  with	
  a	
  huge	
  doll	
  house!	
  

•  The	
  ques.on	
  we	
  ask	
  here	
  is	
  why	
  do	
  users	
  retweet?	
  
•  Is	
  it	
  based	
  on	
  things	
  they	
  like?	
  
•  Is	
  it	
  based	
  on	
  who	
  posts?	
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Hypothesis	
  
•  Knowing	
  more	
  about	
  a	
  user’s	
  interests	
  and	
  past	
  

behavior	
  can	
  help	
  predict	
  his	
  or	
  her	
  future	
  retweets	
  
•  We	
  will	
  develop	
  and	
  test	
  three	
  hypotheses	
  
•  Homophily:	
  Users	
  are	
  more	
  likely	
  to	
  retweet	
  informa.on	
  

coming	
  from	
  people	
  who	
  are	
  like	
  them	
  
àSimilarity	
  of	
  two	
  profiles	
  

•  Topic:	
  Users	
  are	
  more	
  likely	
  to	
  retweet	
  informa.on	
  they	
  find	
  
interes8ng	
  
à	
  Similarity	
  of	
  user	
  profile	
  to	
  tweet	
  

•  Network:	
  Users	
  are	
  more	
  likely	
  to	
  retweet	
  informa.on	
  from	
  
people	
  they	
  were	
  in	
  recent	
  communica8ons	
  with	
  

•  Null	
  hypothesis:	
  Random	
  model	
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Retweet	
  models	
  
•  Null model (General “recency” model) 

•  Networking 

•  Topic 

•  Homophily 

Pgm (x) = c ⋅ time(x)
−α

Pnetwork (x) = Pgm ⋅
α ⋅P(x | recent(x))+
(1−α)*P(x |!recent(x))
#

$
%

&

'
(

Ptopic (x) = Pgm ⋅Pts (x | simtopic (x,u))

Phomophily (x) = Pgm ⋅Pps (x | simhomophily (x,u))
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Compu(ng	
  similarity	
  
•  We	
  use	
  a	
  standard	
  cosine	
  distance	
  metric	
  to	
  compute	
  

similari.es	
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sim(v1,v2 ) =
v1 ⋅v2
v1 ⋅ v2
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Retweet	
  Study:	
  Data	
  
Collected	
  4	
  weeks	
  of	
  tweets	
  from	
  ~30K	
  TwiWerers	
  
Using	
  geographic-­‐based	
  snowball	
  sampling	
  
•  Selected	
  seed	
  ~200	
  TwiWerers	
  in	
  Pakistan	
  and	
  Israel	
  

•  Extracted	
  users	
  men.oned	
  retweet	
  or	
  messages	
  
•  Added	
  users	
  who	
  were	
  (self-­‐reportedly)	
  in	
  Pakistan	
  or	
  
Israel	
  

•  Increased	
  to	
  ~30K	
  TwiWerers	
  in	
  a	
  maWer	
  of	
  a	
  week	
  
Using	
  tweets	
  from	
  users	
  from	
  9/20/10	
  to	
  10/20/10	
  
•  768K	
  tweets	
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Retweet	
  Study:	
  Data	
  (cont’d)	
  
Consider	
  only	
  users	
  who	
  had	
  3+	
  tweets	
  and	
  3+	
  retweets	
  
•  482K	
  tweets	
  (43%	
  have	
  concepts;	
  84%	
  have	
  words)	
  
•  103K	
  retweets	
  (70%	
  have	
  concepts;	
  94%	
  have	
  words)	
  
•  16K	
  retweets	
  of	
  1800	
  users	
  where	
  both	
  original	
  tweeter	
  and	
  
retweeter	
  had	
  3+	
  tweets	
  and	
  3+	
  retweets	
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Fiong	
  the	
  models	
  /	
  Evalua(on	
  
•  We	
  have	
  four	
  models	
  
•  We	
  fit	
  the	
  parameters	
  to	
  the	
  data	
  and	
  evaluate	
  which	
  

model	
  best	
  fits	
  the	
  data	
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How	
  much	
  do	
  users	
  retweet?	
  (log-­‐log-­‐scale)	
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How	
  much	
  do	
  people	
  retweet?	
  
à 30%	
  of	
  tweets	
  are	
  retweets	
  
(log-­‐log	
  scale)	
  

What	
  is	
  the	
  recency	
  of	
  retweets?	
  
Tend	
  to	
  retweet	
  recent	
  tweets	
  
Powerlaw:	
  α=1.15	
  
(log-­‐log	
  scale)	
  

Null	
  Model	
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Retweet	
  behavior:	
  What	
  does	
  the	
  data	
  tell	
  us?	
  

Homophily:	
  
More	
  likely	
  to	
  retweet	
  
someone	
  similar?	
  
(y	
  log-­‐scale)	
  

Topic:	
  
More	
  likely	
  to	
  retweet	
  
something	
  interes(ng?	
  
(y	
  log-­‐scale)	
  

Network:	
  
38%	
  of	
  retweets	
  to	
  
	
  	
  	
  	
  	
  	
  	
  someone	
  recently	
  
	
  	
  	
  	
  	
  	
  	
  (<1	
  day)	
  retweeted	
  
60%	
  of	
  retweets	
  are	
  to	
  
	
  	
  	
  	
  	
  	
  	
  someone	
  previously	
  	
  
	
  	
  	
  	
  	
  	
  	
  retweeted	
  
(x	
  log-­‐scale)	
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Ptsim (x | simT(x,u))Ppsim (x | simP(x,u))

à	
  Use	
  logodds	
  ra(o	
  at	
  given	
  similarity	
  percen(le	
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Retweet	
  models	
  
•  Null model (General “recency” model) 

•  Networking (α=0.38) 

•  Topic 

•  Homophily 

Pnetwork (x) = Pgm ⋅
α ⋅P(x | recent(x))+
(1−α)*P(x |!recent(x))
#

$
%

&

'
(

Ptopic (x) = Pgm ⋅Pts (x | simtopic (x,u))

Phomophily (x) = Pgm ⋅Pps (x | simhomophily (x,u))

Pgm (x) = 0.2 ⋅ time(x)
−1.15
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Evalua(on	
  
•  Ques.ons	
  we	
  ask:	
  
•  Globally:	
  Which	
  models	
  fits	
  bets?	
  

•  Might	
  be	
  dominated	
  by	
  prolific	
  users	
  (10%	
  genera.ng	
  90%	
  of	
  traffic)	
  

•  By	
  user:	
  Which	
  model	
  fits	
  best?	
  
•  Might	
  not	
  get	
  diversity	
  of	
  users	
  

•  By	
  tweet:	
  How	
  omen	
  is	
  each	
  model	
  used	
  per	
  user?	
  

•  Second,	
  does	
  the	
  representa.on	
  have	
  an	
  effect?	
  
•  Concepts	
  vs.	
  text	
  vs.	
  hybrid	
  

•  Finally:	
  what	
  do	
  the	
  networks	
  look	
  like?	
  	
  Can	
  we	
  not	
  
just	
  look	
  at	
  the	
  follower-­‐graph	
  to	
  mine	
  diffusion?	
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Evalua(on	
  using	
  concept	
  representa(on	
  
Globally	
  
Homophily	
  (45%	
  of	
  all	
  retweets)	
  
	
  
By	
  User	
  
Ra.o	
  of	
  users	
  explained	
  by	
  each	
  model	
  

	
  

	
  
On	
  average	
  (by	
  tweet),	
  users	
  used	
  the	
  following	
  models	
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Null	
  Model	
   Network	
   Homophily	
   Topic	
  

12%	
   14%	
   67%	
   31%	
  

Null	
  Model	
   Network	
   Homophily	
   Topic	
  

11%	
   26%	
   37%	
   26%	
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Evalua(on	
  using	
  concept	
  representa(on	
  
By	
  Tweet	
  
On	
  average,	
  users	
  
used	
  the	
  following	
  models	
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0	
  

100	
  

200	
  

300	
  

400	
  

500	
  

600	
  

1	
   2	
   3	
   4	
  

How	
  many	
  models	
  are	
  used?	
  

N
um

be
r	
  u

se
rs
	
  

Number	
  models	
  

•  User’s	
  behaviors	
  actually	
  
best	
  explained	
  by	
  a	
  mixture	
  
of	
  models	
  

•  How	
  many	
  many	
  models	
  
needed	
  to	
  explain	
  all	
  of	
  a	
  
user’s	
  behavior?	
  

Null	
  Model	
   Network	
   Homophily	
   Topic	
  

11%	
   26%	
   37%	
   26%	
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Agenda	
  
•  User	
  profiling	
  from	
  posts	
  
•  Is	
  it	
  possible?	
  (demo	
  at	
  end)	
  
•  What	
  can	
  they	
  be	
  used	
  for	
  
•  When	
  and	
  why	
  to	
  use	
  different	
  representa.ons	
  

•  Can	
  we	
  characterize	
  different	
  types	
  of	
  posts?	
  
•  Social	
  dialogues	
  
•  Topics	
  across	
  different	
  types	
  of	
  posts	
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What	
  about	
  using	
  a	
  text-­‐based	
  profile?	
  
•  We	
  use	
  a	
  standard	
  I.idf	
  model,	
  where	
  we	
  consider	
  all	
  tweets	
  

(not	
  retweets)	
  from	
  a	
  person	
  as	
  one	
  long	
  document	
  
•  We	
  do	
  stemming	
  and	
  stop-­‐lisQng	
  to	
  reduce	
  dimensionality	
  
•  We	
  then	
  represent	
  a	
  profile	
  of	
  a	
  user	
  as	
  a	
  standard	
  bag-­‐of-­‐

words	
  y.idf	
  vector	
  of	
  (wordID,	
  wt)	
  elements:	
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Represent	
  as	
  a	
  vector	
  of	
  (word-­‐id:weight)	
  elements:	
  
{	
  (wing,0.5),	
  (soccer,5.4),	
  (beck,0.2),	
  …,	
  (uefa,1.7)}	
  

Weights	
  are	
  computed	
  using	
  the	
  Okapi	
  BM25	
  ranking:	
  

ww (u) = IDF(w) ⋅
f (w,u) ⋅ (k1 +1)

f (w,u)+ k1 ⋅ 1− b+ b ⋅
Du

avgD
#

$
%

&

'
(

IDF(w) = log Nu − n(w)+ 0.5
n(w)+ 0.5

We	
  prune	
  rare	
  words	
  	
  
(<5	
  users	
  use	
  them)	
  

k1	
  =	
  1.8	
  
b	
  	
  =	
  0.75	
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Compu(ng	
  similarity	
  
•  We	
  use	
  a	
  standard	
  cosine	
  distance	
  metric	
  to	
  compute	
  

similari.es	
  

•  This	
  works	
  equally	
  well	
  when	
  comparing	
  text	
  vectors	
  
or	
  category	
  vectors	
  

•  Can	
  also	
  get	
  a	
  hybrid	
  score	
  by	
  taking	
  the	
  average	
  of	
  
the	
  text	
  and	
  category	
  similari.es	
  

Ø  So	
  we	
  can	
  now	
  test	
  our	
  hypotheses	
  across	
  the	
  three	
  
models	
  as	
  well	
  as	
  across	
  3	
  representa8ons	
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sim(v1,v2 ) =
v1 ⋅v2
v1 ⋅ v2
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Evalua(on:	
  Which	
  representa(on	
  to	
  use?	
  

•  We	
  have	
  three	
  types	
  of	
  representa.ons	
  
•  Concepts	
  
•  Text	
  
•  Hybrid	
  (averaging	
  the	
  above	
  two)	
  

•  Does	
  representa.on	
  have	
  an	
  effect	
  on	
  fit?	
  
•  Some	
  tweets	
  may	
  not	
  have	
  concepts	
  

•  Therefore	
  words	
  might	
  be	
  beWer	
  

•  Some	
  tweets	
  on	
  same	
  concept	
  may	
  not	
  share	
  words	
  
•  Therefore	
  using	
  concepts	
  might	
  be	
  beWer	
  

•  A	
  hybrid	
  might	
  be	
  the	
  best	
  of	
  both	
  worlds?	
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How	
  does	
  text-­‐	
  and	
  category-­‐profiles	
  correlate?	
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•  How	
  do	
  similarity	
  scores	
  correlate	
  between	
  the	
  word	
  
and	
  concept	
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Retweet	
  Study:	
  Data	
  
•  Collected	
  4	
  weeks	
  of	
  tweets	
  from	
  ~30K	
  TwiWerers	
  
•  Using	
  geographic-­‐based	
  snowball	
  sampling	
  
•  Using	
  tweets	
  from	
  users	
  from	
  9/20/10	
  to	
  10/20/10	
  
•  768K	
  tweets	
  

•  Include	
  users	
  who	
  had	
  3+	
  tweets	
  and	
  3+	
  retweets	
  
•  482K	
  tweets	
  (43%	
  have	
  concepts;	
  84%	
  have	
  words)	
  
•  103K	
  retweets	
  (70%	
  have	
  concepts;	
  94%	
  have	
  words)	
  
•  16K	
  retweets	
  of	
  1800	
  users	
  where	
  both	
  original	
  tweeter	
  and	
  
retweeter	
  had	
  3+	
  tweets	
  and	
  3+	
  retweets	
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Global	
  evalua(on	
  across	
  different	
  representa(ons	
  

Model	
   Wins	
   Pct	
  
Null	
   1446	
   9%	
  
Network	
   4918	
   32%	
  
Homophily	
   7037	
   45%	
  
Topic	
   3183	
   20%	
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Model	
   Wins	
   Pct	
  
Null	
   946	
   6%	
  
Network	
   4976	
   32%	
  
Homophily	
   6486	
   42%	
  
Topic	
   3834	
   25%	
  

Model	
   Wins	
   Pct	
  
Null	
   1005	
   6%	
  
Network	
   5229	
   34%	
  
Homophily	
   6591	
   42%	
  
Topic	
   3390	
   22%	
  

Concept	
  Models	
   Text	
  Models	
   Hybrid	
  Models	
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By	
  user	
  evalua(on	
  across	
  representa(ons	
  

Model	
   Wins	
   Pct	
  
Null	
   203	
   12%	
  
Network	
   234	
   14%	
  
Homophily	
   1116	
   67%	
  
Topic	
   518	
   31%	
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Model	
   Wins	
   Pct	
  
Null	
   145	
   9%	
  
Network	
   222	
   13%	
  
Homophily	
   1076	
   65%	
  
Topic	
   597	
   36%	
  

Concept	
  Models	
   Text	
  Models	
  

Model	
   Wins	
   Pct	
  
Null	
   145	
   9%	
  
Network	
   232	
   14%	
  
Homophily	
   1143	
   69%	
  
Topic	
   529	
   32%	
  

Hybrid	
  Models	
  

•  Text works better for Topic model because individual tweets 
have less data 

•  Concepts work better for Homophily-model because high-
level concepts better captures a user’s interest 

•  Hybrid representation had best overall performance for 
Homophily model 
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Agenda	
  
•  User	
  profiling	
  from	
  posts	
  
•  Is	
  it	
  possible?	
  (demo	
  at	
  end)	
  
•  What	
  can	
  they	
  be	
  used	
  for	
  
•  When	
  and	
  why	
  to	
  use	
  different	
  representa.ons	
  

•  Can	
  we	
  characterize	
  different	
  types	
  of	
  posts?	
  
•  Social	
  dialogues	
  
•  Topics	
  across	
  different	
  types	
  of	
  posts	
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Time User Tweet
23:56 User1 @User2 why don’t you get a car my friends
00:00 User2 @User1 cause my cars transmission blew before i left remember..i may get a new one when i come back
00:01 User1 @User2 ohh and when you come back we must go to chipotle together when is that?
00:03 User2 @User1 DEFINITELY im going there and in an out every dayyyy
00:09 User1 @User2 do you not have a in n out to??
00:16 User2 @User1 no we do but its hella far :( i come back in december
00:19 User1 @User2 my birthday!! I’ll drive??
00:23 User2 @User1 im sooo down..my parents wanna get me a convertible bug lol

Table 1: Example two-way dialogue.

ID Time User Tweet
(A) 18:55 User1 @User7 MQM is THE MAFIA! The organized crime in Karachi! .... Now, please! @User2
(A) 18:57 User1 @User2 bro, please stop misstating me. I love Karachi and the people of Karachi. But ...
(A) 19:00 User2 @User1 Mafia of MQM makes 70% of Karachi, then wht do U luv hre? The remaing 30%? ...
(B) 19:01 User3 @User4 @User5 @User2 v hope 4 a political d judical systm in our country! whoevr fulfil ...
(A) 19:04 User1 @User2 70% of Karachi is MQM? Really?? Is that how you learn your other ’facts,’ too? :) ...
(C) 19:05 User2 @User6 @User1 @User5 @User3 MQM waloon ki Qabar Karachi mai hi hoti hai. Kon apnay ...
(C) 19:06 User2 @User1 ok then app battaa do... Laikin baat tou puri karo ...
(C) 19:09 User4 @User3 @User5 @User2 :) No Maseeha other than Imam Mehdi&ESA(AS) will come, ...
(C) 19:10 User2 @User5 @User6 @User1 @User3 wrong, unn ki maiyat gaoo jaati hai, as per tradition. There...
(C) 19:11 User2 @User4 @User3 @User5 no doubt about that, but until then we make way.
(C) 19:13 User1 @User2 :) Your ’facts’ tell me this discussion would go nowhere. Besides, ...

Table 2: Example of merging two dialogues. User2 was active in dialogue (A) and implicit in dialogue (B) as he was mentioned.
The user tied the dialogues together by “mentioning” users from both of these dialogues.

first need to process the data into dialogues and networks.
From here, we then analyze each of these three artifacts. We
next describe our data in some detail, followed by a discus-
sion of our data processing, and then we present the results
of our analysis.

Data
We are have been continuously collecting Tweets from a set
of about 2,400 Twitterers in the Middle East to explore a
geographically constrained set of individuals. We identified
these individuals using a snowball sampling method where
We started from a seed set of ˜125 Twitterers who self-
reported (in their profile) to reside in the Middle East. From
there, we expanded the set of users to monitor whenever we
saw a retweet or a mention (the user construct), adding
only users who self-reportedly were in the same region. Af-
ter two iterations we had had reached ˜2,400 Twitterer users,
which is the set of users we study in this paper. The snowball
sampling has yielded a constrained set of users who make up
on large connected component. It is not unreasonable to as-
sume that we have a slice of Tweets that many of them are
aware of, or at the very least is representative of a geograph-
ically focused set of Tweets they are likely to see. Clearly
this is a geographically biased sample, but it is also pow-
erful because it is thusly constrained and is therefore quite
useful as a deeper study in a geographic region.

We have been monitoring these Twitterers and any men-
tion of them since early September 2010, and have tagged
the first month of data (9/20/2010 through 10/20/2010),

which makes up our data set. The full tweet data set for this
period consists of 652, 600 Tweets, 498, 056 of which were
tweeted by our 2,400 users (the remaining being mentions of
one or more of our users). We include mentions of the users
here because we are studying the dialogues which they par-
ticipate in, which could include users not in our data set. In
fact, the full set contains over 30, 000 twitter users.

Experimental Methodology
The case study we present in this paper is focused on three
dimensions of dialogue behaviors in Twitter:

1. Users: How do users behave? How many tweets are in a
dialogue (vs. tweeting or retweeting), how many people
do they speak to, how many dialogues do they have, etc.

2. Dialogue itself: How long are dialogues, how many peo-
ple participate, and can we say something about the dia-
logue graph.

3. Social Network: If we consider who speaks to whom over
time in these dialogues, what does the resulting social
network look like? Is it fragmented, does it contain clear
clusters, ... ?

User Behaviors First, we are interested in how users be-
have. Specifically, how many of their tweets are spent on
dialogues vs. other tweets? We categorize tweeting into four
types:

1. Dialogue: This tweet is part of an active dialogue.

Time User Tweet
23:56 User1 @User2 why don’t you get a car my friends
00:00 User2 @User1 cause my cars transmission blew before i left remember..i may get a new one when i come back
00:01 User1 @User2 ohh and when you come back we must go to chipotle together when is that?
00:03 User2 @User1 DEFINITELY im going there and in an out every dayyyy
00:09 User1 @User2 do you not have a in n out to??
00:16 User2 @User1 no we do but its hella far :( i come back in december
00:19 User1 @User2 my birthday!! I’ll drive??
00:23 User2 @User1 im sooo down..my parents wanna get me a convertible bug lol

Table 1: Example two-way dialogue.

ID Time User Tweet
(A) 18:55 User1 @User7 MQM is THE MAFIA! The organized crime in Karachi! .... Now, please! @User2
(A) 18:57 User1 @User2 bro, please stop misstating me. I love Karachi and the people of Karachi. But ...
(A) 19:00 User2 @User1 Mafia of MQM makes 70% of Karachi, then wht do U luv hre? The remaing 30%? ...
(B) 19:01 User3 @User4 @User5 @User2 v hope 4 a political d judical systm in our country! whoevr fulfil ...
(A) 19:04 User1 @User2 70% of Karachi is MQM? Really?? Is that how you learn your other ’facts,’ too? :) ...
(C) 19:05 User2 @User6 @User1 @User5 @User3 MQM waloon ki Qabar Karachi mai hi hoti hai. Kon apnay ...
(C) 19:06 User2 @User1 ok then app battaa do... Laikin baat tou puri karo ...
(C) 19:09 User4 @User3 @User5 @User2 :) No Maseeha other than Imam Mehdi&ESA(AS) will come, ...
(C) 19:10 User2 @User5 @User6 @User1 @User3 wrong, unn ki maiyat gaoo jaati hai, as per tradition. There...
(C) 19:11 User2 @User4 @User3 @User5 no doubt about that, but until then we make way.
(C) 19:13 User1 @User2 :) Your ’facts’ tell me this discussion would go nowhere. Besides, ...

Table 2: Example of merging two dialogues. User2 was active in dialogue (A) and implicit in dialogue (B) as he was mentioned.
The user tied the dialogues together by “mentioning” users from both of these dialogues.

first need to process the data into dialogues and networks.
From here, we then analyze each of these three artifacts. We
next describe our data in some detail, followed by a discus-
sion of our data processing, and then we present the results
of our analysis.

Data
We are have been continuously collecting Tweets from a set
of about 2,400 Twitterers in the Middle East to explore a
geographically constrained set of individuals. We identified
these individuals using a snowball sampling method where
We started from a seed set of ˜125 Twitterers who self-
reported (in their profile) to reside in the Middle East. From
there, we expanded the set of users to monitor whenever we
saw a retweet or a mention (the user construct), adding
only users who self-reportedly were in the same region. Af-
ter two iterations we had had reached ˜2,400 Twitterer users,
which is the set of users we study in this paper. The snowball
sampling has yielded a constrained set of users who make up
on large connected component. It is not unreasonable to as-
sume that we have a slice of Tweets that many of them are
aware of, or at the very least is representative of a geograph-
ically focused set of Tweets they are likely to see. Clearly
this is a geographically biased sample, but it is also pow-
erful because it is thusly constrained and is therefore quite
useful as a deeper study in a geographic region.

We have been monitoring these Twitterers and any men-
tion of them since early September 2010, and have tagged
the first month of data (9/20/2010 through 10/20/2010),

which makes up our data set. The full tweet data set for this
period consists of 652, 600 Tweets, 498, 056 of which were
tweeted by our 2,400 users (the remaining being mentions of
one or more of our users). We include mentions of the users
here because we are studying the dialogues which they par-
ticipate in, which could include users not in our data set. In
fact, the full set contains over 30, 000 twitter users.

Experimental Methodology
The case study we present in this paper is focused on three
dimensions of dialogue behaviors in Twitter:

1. Users: How do users behave? How many tweets are in a
dialogue (vs. tweeting or retweeting), how many people
do they speak to, how many dialogues do they have, etc.

2. Dialogue itself: How long are dialogues, how many peo-
ple participate, and can we say something about the dia-
logue graph.

3. Social Network: If we consider who speaks to whom over
time in these dialogues, what does the resulting social
network look like? Is it fragmented, does it contain clear
clusters, ... ?

User Behaviors First, we are interested in how users be-
have. Specifically, how many of their tweets are spent on
dialogues vs. other tweets? We categorize tweeting into four
types:

1. Dialogue: This tweet is part of an active dialogue.
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2. Mention: This tweet mentions another user but is not in a
dialogue.

3. Retweet: This is a retweet.
4. Tweet: Remainder of tweets.

We first want to understand the general activity behavior
of users in terms of the kind of tweets they post. Further-
more, we are interested in understanding how many tweets
with a “mention” starts a new dialogue (conversion rate),
how well-connected a user is (degree) and whether the con-
nectivity is one-sided or both (e.g., is it the case that the user
tends to mention others, being mentioned by others or is it
fairly even). In terms of connectivity and activity, do users
tend to have a few strong connections or do they spread their
social interactions across more users? To this end, we com-
pute the chat-entropy of a user. If we consider the activity
of a user, we can ask how much “time” the user spends with
another user. For example, if the user talks to 10 people in
5 dialogues, how many dialogues included “user1”? or how
many dialogue tweets mentioned “users1”? We compute the
entropy along these two dimensions to get an understanding
of users in their social interactions. We compute the dialog-
based chat-entropy as follows:

EntD(u) = �
X

n2Nu

✓
du,n ⇤ log(du,n)
+(1� du,n) ⇤ log(1� du,n)

◆
,

where N is the set of users that u has tweeted to in one or
more dialogues and du,n is the ratio of u’s dialogues which
included user n. A high entropy in this metric suggests that
u speaks with each friend roughly half of the time whereas
a low entropy suggests that the user mostly have dialogues
with the same people over and over again.

Similarly, we compute the tweet-based chat-entropy as
follows:

EntT (u) = �
X

n2Nu

✓
ru,n ⇤ log(ru,n)
+(1� ru,n) ⇤ log(1� ru,n)

◆
,

where N is defined as above and ru,n is the ratio of u’s
tweets in dialogues which mentioned user n. In this metric,
a low entropy means that a user tends to speak to only a
few of her “neighbors” whereas a high entropy means that
the user more evenly distributes her attention to all users she
speaks with.

Finally, we note that in order to compare entropies across
dialogues and sets of users of different sizes, we normalize
the entropy score to force it to lie between 0 and 1. This
normalizing constant is:

�
�|n| ⇤ 1

2 ⇤ log( 12 )
�
, where |n| is

the size of the set.

Dialogues We described in a prior Section how we extract
dialogues from the Twitter stream. The only parameter we
have is the amount of time between chat-tweets we allow to
consider two people actively engaged in a dialogue. We ex-
plored different settings, from one minute to nine minutes to
understand how this would change the underlying structure.
While this is ultimately subjective (i.e., if users stop for 8
minutes and then begins talking again on the same topic, is
that a single dialogue or two dialogues?). We discuss choos-
ing a time window in the case study below.

Tweet Category Number Tweets Overall Ratio
Dialogue 66, 812 0.13
Retweet 93, 319 0.19
Mention 154, 177 0.31
Tweet 183, 748 0.37
Total 498, 056 1.00
Conversion 20, 155 0.12

Table 3: Overall break-up of Tweets over our data set. The
last row shows the total number of dialogues and the ratio
of tweets with a “mention” (outside active dialogues) which
resulted in a new dialogue being started.

Once we have extracted a dialogue, we calculate the fol-
lowing metrics:

1. Size: What are the number of active participants in the
dialogue? If someone is mentioned but never replies, then
that user is not considered part of that dialogue).

2. Chat-Entropy: If we consider all the active users and
how much they participate (the number of tweets), how
spread out is the dialogue? For example, is one user domi-
nating or is the overall chatter evenly spread out? We com-
pute the entropy of chats in the following way:

Ent(D) = �
X

u2D

✓
ru,D ⇤ log(ru,D)
+(1� ru,D) ⇤ log(1� ru,D)

◆
,

where ru,D is the ratio of tweets in dialogue D which
originated from user u. High entropy means that all users
participate evenly, whereas a low entropy means a few
users dominate. We normalize this entropy score as well
for comparative purposes in the analysis.

3. Density: As the number of users go up, does the density
of dialogue graph go down?

4. Reciprocity: As the number of users go up, how much
reciprocity in mentions to we observe?

Social Network Once we have extracted dialogues and ac-
tive interaction between users, then we form a social net-
work of all these interactions. The questions we seek to an-
swer on these networks are whether the emerging network
is connected or fragmented. Do we observe a giant compo-
nent forming? If so, is this a dense component or do we see
clear communities within that component? If so, are there
clear “ambassadors” who connect multiple communities? Is
there a clear recursive structure (e.g., communities within
communities?)

Analysis
We present in this section our analysis of Twitter dialogues
across the three dimensions we described above. As men-
tioned above, one key aspect to the overall analysis is set-
ting k, the time-window parameter for extracting dialogues.
We use k = 5 for our analysis. We note that we did explore
other values of k identical qualitative results and we omit
discussing those here due to space constraints.

Ac.vity	
  profiles	
  of	
  users:	
  what	
  frac.on	
  of	
  users	
  
spend	
  0%	
  through	
  100%	
  of	
  their	
  .me	
  pos.ng	
  
each	
  type	
  of	
  tweet?	
  

Size Number Ratio Avg. Num. Tweets
2 18, 619 92.37% 4.9
3 1, 232 6.11% 8.5
4 181 0.90% 12.7
5 83 0.41% 19.4
6 27 0.13% 36.5

> 6 13 0.07% > 60

Table 4: High-level statistics of extracted dialogues.

Figure 5: Chat-entropy of dialogues.

the weight equivalent to the number of times a tweeted to
b. From here we compute the weighted in-degree and out-
degree for each pair of users who had at least one interac-
tion. These are highly correlated (Pearson’s Correlation of
0.9978), showing that dialogues were very well balanced.

Dialogues Our next area of study is the dialogues them-
selves. We wanted to know how many dialogues we ex-
tracted and the characteristics of those dialogues. Table 4
shows that the vast majority of dialogues (92%) extracted
were between two people. We also see that as the num-
ber of users increased, so do the average number of tweets.
However, the dialogues were still relatively short–less than
5 tweets total for the most part.

We first wanted to know how balanced dialogues are: is
the conversation generally even across all users, or is it the
case that a few people tend to dominate. We computed the
chat-entropy for a dialogue to get insight into this question.
Figure 5 shows that generally the entropy is quite high (well-
balanced discussions), but that this goes down as we down-
select to larger and larger groups. This suggests that a few
people tend to lead discussions more in larger groups.

Next, we looked at the density. The group sizes for our di-
alogues are often relatively small (6 and below), so it would
not be unreasonable to hypothesize that dialogues consisting
of such as small number of users would be fairly dense (e.g.,
everybody directs a tweet to each other at least once during
the dialogue). Figure 6 shows how the density of the dia-

Figure 6: Density distributions of dialogues.

Figure 7: Reciprocity distributions of dialogues.

logue graphs change as we condition on the number of ac-
tive participants. The figure clearly shows that small groups
have a high density but as we only consider larger groups,
the density drops rapidly, even when there are only 3 people
involved.

Given that the dialogue graphs were not fully connected,
we wanted to know whether directed tweets were recipro-
cated. Normal etiquette would suggest that people ought to
reciprocate a directed tweet during a conversation. The way
we define reciprocity in this study is: if there is one directed
tweet from a to b in this dialogue, do we also see at least one
directed tweet from b to a. We do not consider the number of
directed tweets. Figure 7 shows how reciprocity changes as
the group sizes increase. Interestingly enough, we see that
although we have very high reciprocity rates, they do go
down significantly as the group size goes up. For example,
only half of the dialogues having more than 3 active partici-
pants had 100% reciprocity.



Social	
  Media	
  Analy.cs:	
  Text	
  Mining	
  for	
  User	
  Profiles	
  and	
  More 	
   	
   	
   	
   	
  Sofus	
  A.	
  Macskassy	
  (sofmac@gmail.com)	
  

Tweet	
  characteris(cs	
  by	
  class	
  

	
  
47	
  



Social	
  Media	
  Analy.cs:	
  Text	
  Mining	
  for	
  User	
  Profiles	
  and	
  More 	
   	
   	
   	
   	
  Sofus	
  A.	
  Macskassy	
  (sofmac@gmail.com)	
  

How	
  is	
  user	
  aVen(on	
  split	
  across	
  friends?	
  

	
  
48	
  

−
du,n log(du,n )+
(1− du,n )* log(1− du,n )n∈Nu

∑

−
ru,n log(ru,n )+
(1− ru,n )* log(1− ru,n )n∈Nu

∑

Entropy	
  for	
  user	
  u:	
  
Over	
  dialogues:	
  

du,n=	
  frac.on	
  of	
  u’s	
  
	
  	
  	
  dialogues	
  which	
  
	
  	
  	
  include	
  n	
  

Over	
  tweets:	
  

ru,n=	
  frac.on	
  of	
  u’s	
  
	
  	
  	
  tweets	
  which	
  
	
  	
  	
  include	
  n	
  

Takeaway:	
  
Dialogues	
  cover	
  many	
  people,	
  but	
  overall	
  
users	
  interact	
  directly	
  with	
  only	
  a	
  few	
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Entropy	
  for	
  dialogue	
  D:	
  

ru,D=	
  frac.on	
  of	
  D’s	
  
	
  	
  	
  tweets	
  which	
  
	
  	
  	
  originated	
  with	
  u	
  

−
ru,D log(ru,D )+
(1− ru,D )* log(1− ru,D )u∈D

∑

Takeaway:	
  
The	
  more	
  users	
  par(cipa(ng	
  in	
  a	
  dialogue,	
  the	
  more	
  
likely	
  that	
  a	
  few	
  people	
  dominate	
  the	
  discussion	
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  characterize	
  different	
  types	
  of	
  posts?	
  
•  Social	
  dialogues	
  
•  Topics	
  across	
  different	
  types	
  of	
  posts	
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What	
  are	
  people	
  talking	
  about?	
  
Different types of posting behaviors 
•  Retweeting: information diffusion 

 [Macskassy and Michelson 2011; Macskassy 2012] 
 

•  Social dialogues/chat: social networking 
 [Macskassy 2012] 
 

•  General: Broadcast tweets to all followers 

How do they differ in terms of topics? 

	
  
51	
  



Social	
  Media	
  Analy.cs:	
  Text	
  Mining	
  for	
  User	
  Profiles	
  and	
  More 	
   	
   	
   	
   	
  Sofus	
  A.	
  Macskassy	
  (sofmac@gmail.com)	
  

Topic	
  Study:	
  Data	
  
•  Using	
  tweets	
  from	
  users	
  from	
  9/20/10	
  to	
  10/20/10	
  
•  768K	
  tweets	
  

•  Categorize	
  tweets	
  into	
  dialogues,	
  retweets	
  and	
  other	
  
•  Dialogues:	
  108K	
  tweets	
  
•  Retweets:	
  116K	
  tweets	
  
•  Other	
  (general):	
  429K	
  tweets	
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Topic	
  Study:	
  Methodology	
  
•  Used	
  LDA	
  topic-­‐model	
  
•  Iden.fied	
  150	
  topics	
  per	
  tweet	
  category	
  
•  450	
  total	
  topics	
  

•  Manually	
  labeled	
  450	
  topics	
  
•  80	
  emergent	
  categories	
  

•  Counted	
  how	
  omen	
  each	
  category	
  was	
  present	
  in	
  each	
  
tweet	
  category	
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Topics	
  for	
  each	
  kind	
  of	
  behavior	
  

Categories	
  (37)	
   Pct	
  
Small-­‐talk	
   45.8%	
  
Daily	
  life	
   16.4%	
  
TwiVer/FB/...	
   12.3%	
  
Jus(n	
  Bieber	
   10.3%	
  
School	
   6.9%	
  
Music	
   5.3%	
  
Complaining	
   4.8%	
  
Sports	
   4.1%	
  
Work	
   3.7%	
  
TV	
   3.8%	
  
...	
  

Dialogues (108K) Retweets (116K) General tweets (429K) 

Categories	
  (45)	
   Pct	
  
News	
   14.4%	
  
Small-­‐talk	
   9.3%	
  
Breaking	
  news	
  (event)	
   8.3%	
  
Poli(cs	
   7.8%	
  
Technology	
   6.7%	
  
Jus(n	
  Bieber	
   5.9%	
  
Religion	
   4.9%	
  
Pakistan	
   4.5%	
  
Music	
   4.4%	
  
Sports	
   4.2%	
  
...	
  

Categories	
  (43)	
   Pct	
  
Small-­‐talk	
   17.5%	
  
Breaking	
  news	
  (event)	
   8.1%	
  
Complaining	
   6.8%	
  
Technology	
   6.7%	
  
News	
   6.2%	
  
Poli(cs	
   5.4%	
  
TwiVer/FB/...	
   5.3%	
  
Sports	
   4.7%	
  
Daily	
  life	
   4.1%	
  
Religion	
   4.0%	
  
...	
  

Color Legend: Social	
  /	
  Personal	
  topic:	
  (life)	
  “I	
  didn’t	
  have	
  (me	
  to	
  buy	
  groceries	
  today.”	
  

Public	
  topic:	
  (breaking	
  news):	
  “The	
  flood	
  has	
  now	
  destroyed	
  100	
  homes”	
  

Smalltalk:	
  “Hey,	
  it’s	
  been	
  a	
  while.	
  	
  How	
  are	
  you	
  doing?”	
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Agenda	
  
•  User	
  profiling	
  from	
  posts	
  
•  Is	
  it	
  possible?	
  (demo	
  at	
  end)	
  
•  What	
  can	
  they	
  be	
  used	
  for	
  
•  When	
  and	
  why	
  to	
  use	
  different	
  representa.ons	
  

•  Can	
  we	
  characterize	
  different	
  types	
  of	
  posts?	
  
•  Social	
  dialogues	
  
•  Topics	
  across	
  different	
  types	
  of	
  posts	
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Summary	
  
•  Social	
  media	
  analy.cs	
  is	
  a	
  rich	
  domain	
  for	
  many	
  

different	
  mining	
  and	
  learning	
  technologies	
  
•  Technologies	
  developed	
  here	
  are	
  broadly	
  applicable	
  
•  While	
  joint	
  models	
  likely	
  beWer,	
  improvements	
  in	
  core	
  

technologies	
  crucial	
  to	
  move	
  field	
  forward	
  
•  Today	
  I	
  focused	
  primarily	
  on	
  text	
  mining	
  and	
  its	
  uses	
  
•  User	
  profiling	
  and	
  underlying	
  representa.ons	
  

•  Text	
  is	
  good	
  when	
  analyzing	
  single	
  tweets	
  
•  Higher-­‐level	
  mapping	
  more	
  salient	
  for	
  aggregate	
  analysis	
  

•  Explaining	
  retwee.ng	
  behaviors	
  
•  Homophily	
  rules	
  the	
  day	
  
•  Clear	
  difference	
  in	
  topics	
  for	
  different	
  categories	
  of	
  posts	
  

•  S.ll	
  need	
  a	
  lot	
  of	
  work!	
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Demo	
  
hVps://github.com/Informa(onIntegra(onGroup/En(tyExplorer	
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Thank	
  you	
  
	
  
	
  
	
  

Sofus	
  Macskassy	
  


