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Web	  today	  –	  Diverse	  applications 
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Web	  today	  –	  Millions	  of	  users 
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Web	  today	  –	  Rich	  content 
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Web	  today	  –	  Highly	  dynamic	   
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Web	  today	  –	  Traces	  of	  activity 
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Web	  today	  –	  Rich	  interactions 

Rich	  interactions	  
between	  users	  
and	  content	  
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Web	  today	  –	  social	  networks 
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We	  can	  all	  be	  connected	  through	  a	  series	  of	  six	  contacts	  
appeals	  to	  me.	  It	  makes	  the	  world	  seem	  less	  brutal,	  and	  
more	  warm	  and	  more	  friendly.	  	  

Six	  degrees	  of	  separation 
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Why	  study	  networks? 

•  Build	  understanding	  and	  theory:	  
– How	  users	  create	  content	  and	  interact	  with	  it	  and	  
among	  themselves?	  

•  Build	  better	  on-‐line	  applications:	  
– How	  to	  design	  better	  services	  and	  algorithms?	  
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• 	  A	  social	  network	  is	  a	  social	  structure	  of	  people,	  related	  
(directly	  or	   indirectly)	  to	  each	  other	  through	  a	  common	  
relation	  or	  interest.	  

• 	   Social	   network	   analysis	   (SNA)	   is	   the	   study	   of	   social	  
networks	  to	  understand	  their	  structure	  and	  behavior.	  

Social	  Networks	  Analysis 
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Social	  Networks 

•  Social	  network:	  relationship	  among	  
interacting	  units.	  
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Social	  Networks 

Interacting unites: 
Actors / nodes 

discrete individual,  
corporate, or  
collective social units 
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Relational ties 
between actors 
are channels to 

transfer, 
exchange or 

flow of 
resources. 

Relations, 
linkages or ties 

Social	  Networks 
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Social	  Networks 

•  Social	  network	  representation	  
– Adjacency	  matrix	  	  (socio-‐matrix)	  
– Graph	  (Socio-‐graph)	  
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• 	  Computer	  Science	  has	  created	  the	  cyber	  infrastructure	  for	  
–	  Social	  Interaction	  
–	  Knowledge	  Exchange	  
–	  Knowledge	  Discovery	  

• 	  Ability	  to	  capture	  
–	  different	  about	  various	  types	  of	  social	  interactions	  
–	  at	  a	  very	  fine	  granularity	  
–	  with	  practically	  no	  reporting	  bias	  

Data	  mining	  techniques	  can	  be	  used	  for	  building	  
descriptive	  and	  predictive	  models	  of	  social	  interactions	  

Key	  Drivers	  for	  CS	  Research	  in	  SNA 
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SNA	  Techniques 

Prominent	  problems	  

•  Social	  network	  extraction/construction	  

•  Identifying	  prominent/trusted/expert	  actors	  

•  Identifying	  Spammers	  	  	  

•  Discovering	  communities	  in	  social	  networks	  

•  Evolution	  of	  social	  networks	  

•  Link	  prediction	  
•  Approximating	  large	  social	  networks	  
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• 	  Mining	  a	  social	  network	  from	  data	  sources	  
• 	  Recent	  research	  suggest	  that	  there	  are	  three	  sources	  of	  social	  
network	  data	  on	  the	  web	  

• 	  Content	  available	  on	  web	  pages	  (e.g.	  user	  homepages,	  message	  
threads	  etc.)	  
• 	  User	  interaction	  logs	  (e.g.	  email	  and	  messenger	  chat	  logs)	  
• 	  Social	  interaction	  information	  provided	  by	  users	  (e.g.	  social	  
network	  service	  websites	  such	  as	  Orkut,	  Friendster	  and	  MySpace)	  

Social	  Network	  Extraction 
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SNA	  Techniques 

Prominent	  problems	  

•  Social	  network	  extraction/construction	  

•  Identifying	  prominent/trusted/expert	  actors	  

•  Identifying	  Spammers	  	  	  

•  Discovering	  communities	  in	  social	  networks	  

•  Link	  prediction	  
•  Approximating	  large	  social	  networks	  

•  Evolution	  of	  social	  networks	  
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Yahoo!	  Answers 



22 22 

Question	  Life	  Cycle 
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Users who usually only ask questions 
Users who usually only answer questions 
Users who help each other    

Example	  of	  interactions	  between	  askers	  and	  best	  answerers	  	  

Yahoo!	  Answers 

How	  to	  es(mate	  the	  authority	  degree	  for	  each	  user? 
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PageRank? 

Example:	  The	  category	  of	  “Programming”	  

• 	  User	  B	  answers	  user	  A’s	  questions,	  which	  are	  about	  Java;	  
• 	  User	  C	  answers	  B’s	  questions,	  which	  are	  about	  PHP;	  	  	  

Ø 	  Is	  it	  possible	  to	  state	  that	  C	  is	  more	  expert	  than	  B?	  	  

• 	  No,	  because:	  B	  and	  C	  have	  different	  expertise.	  	  

A B C JAVA PHP 
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Proposed	  Approach 

• 	  The	  authority	  score	  of	  each	  user	  is	  simply	  the	  number	  of	  best	  
answer	  of	  each	  users	  normalized	  so	  their	  square	  sum	  to	  1:	  	  

∑ =
=

N

i iy1
2 1)(

• 	  yi	  provide	  a	  relative	  score	  of	  the	  authority	  of	  each	  user	  in	  each	  
category.	  	  

Ø 	  We	  are	  interested	  in	  all	  sets	  of	  Ui	  having	  large	  values	  of	  yi.	  	  	  
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Authority	  Score 

• 	  Example:	  Category	  of	  “Engineering”	  
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Authority	  Score 
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Automatic	  Identification	  of	  Authorities 
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Experiments 

We	  conduct	  experiments	  on	  datasets	  which	  represent	  users’	  
activities	  over	  one	  full	  year	  for	  six	  categories:	  	  

Category % users who ask only % users who answer only % users who ask 
and answer 

Engineering 65% 31% 4% 

Biology 60% 36% 4% 

Programming  66% 29% 5% 

Mathematics 64% 31% 5% 

Physics 60% 34% 6% 

Chemistry 63% 32% 5% 
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Authoritative	  Users 
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Quality	  of	  Content 
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• 	  The	  identified	  authoritative	  users	  generate	  high-‐quality	  
content	  in	  Yahoo!	  Answers.	  	  

• 	  Askers	  are	  very	  selective	  in	  choosing	  the	  best	  answerers	  
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Identifying	  Authorities	  in	  Online	  
Communities 
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Multivariate	  Beta	  Mixture	  Model 
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Algorithm 
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Twitter	  data	  –	  2012	  Quebec	  election 

• 	  The	  data	  set	  consists	  of	  tweets	  posted	  between	  August	  18,	  
2012	  and	  August	  20,	  2012	  (three	  days	  overall	  during	  the	  
electoral	  campaign,	  including	  Quebec’s	  political	  party	  
leaders’	  debate	  which	  took	  place	  on	  August	  19,	  2012).	  

• 904	  users;	  76	  users	  (8.4%	  of	  the	  whole	  data	  set)	  among	  
them	  were	  labeled	  as	  authoritative	  and	  828	  users	  were	  
labelled	  as	  non-‐authoritative	  
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Twitter	  data	  –	  2012	  Quebec	  election 

• 	  Features	  
• 	  The	  number	  of	  followers	  of	  a	  user,	  which	  indicates	  the	  
size	  of	  the	  audience	  for	  that	  user	  
• 	  The	  Followers	  to	  Followees	  ratio	  (F-‐F	  ratio),	  that	  is,	  the	  
number	  of	  a	  user’s	  followers	  and	  the	  number	  of	  other	  
people	  that	  the	  user	  follows	  (followees).	  
• 	  The	  number	  of	  retweets,	  which	  measures	  the	  number	  of	  
times	  an	  author’s	  tweets	  were	  retweeted	  by	  other	  users	  
• 	  The	  number	  of	  mentions,	  which	  is	  measured	  by	  the	  
number	  of	  times	  a	  user	  was	  cited	  or	  had	  her	  tweet	  replied	  
to.	  
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Twitter	  data	  –	  2012	  Quebec	  election 
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Twitter	  data	  –	  2012	  Quebec	  election 
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Twitter	  data	  –	  2012	  Quebec	  election 
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Stack	  Exchange	  data 
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SNA	  Techniques 

Prominent	  problems	  

•  Social	  network	  extraction/construction	  

•  Identifying	  prominent/trusted/expert	  actors	  

•  Identifying	  Spammers	  	  	  

•  Discovering	  communities	  in	  social	  networks	  

•  Link	  prediction	  
•  Approximating	  large	  social	  networks	  

•  Evolution	  of	  social	  networks	  
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Community	  Structure	  	  	  	  	  
in	  Social	  Network 

Non-Sybil
Region

Sybil
Region
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Graph	  Clustering 
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Algorithms	  based	  on	  Czekanovski-‐Dice	  Distance 
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Distance	  between	  two	  nodes	  

S1:	  number	  of	  nodes	  connected	  to	  N1	  (including	  N1)	  
S2:	  number	  of	  nodes	  connected	  to	  N2	  (including	  N2)	  
	  
Small	  distance	  è	  High	  similarity	  
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Czekanovski-‐Dice	  Distance 

N1 
N2 

N3 N4 N5 

N6 

• 	  Exemple	  

• 	  dist(N1,	  N2)	  =	  ?	  	  

S1	  =	  {N1,	  N2,	  N3}	  
S2	  =	  {N2,	  N1,	  N3}	  
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• 	  dist(N3,	  N4)	  =	  ?	  	  

S3	  =	  {N3,	  N1,	  N2,	  N4}	  
S4	  =	  {N4,	  N3,	  N5,	  N6}	  
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Czekanovski-‐Dice	  Distance 

50 

(a)	  Graph	   (b)	  Smilarity	  
Matrix	  

(c)	  Dendogramme	  

(d)	  Clustering	  
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Applica9on 

The	  Santa	  Fe	  Institute	  collaboration	  network	  
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Applica9on 

Enron	  email	  network	  	  
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Discovering	  Knowledge-‐Sharing	  
Communi9es	  in	  	  

Ques9on-‐Answering	  Forums 
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Knowledge-‐Sharing	  Community 

1.  A	  knowledge-‐sharing	  community	  is	  defined	  by	  a	  
set	  of	  askers	  and	  authoritative	  users.	  

2. Within	  each	  community,	  askers	  exhibit	  more	  
homogenous	  behavior	  in	  terms	  of	  their	  
interactions	  with	  authoritative	  users	  than	  
elsewhere.	  

3.  Authoritative	  users	  may	  belong	  to	  more	  than	  one	  
community.	  
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Knowledge-‐Sharing	  Community 

Existing	  graph-‐based	  community	  detection	  
methods	  are	  not	  appropriate	  for	  our	  study.	  	  
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Example 

a1 : e1, e2 
a2 : e1, e2 
a3 : e2, e3 
a4 : e2, e3 
a5 : e1, e2, e3 
a6 : e1, e2, e3 
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Example 

Modeling	  users	  interactions	  as	  a	  graph	  	  
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The	  GRACLUS	  Algorithm 
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Modeling	  Interac9ons	  Between	  Users 
Ø 	  We	  use	  a	  transactional	  data	  model	  to	  represent	  the	  
interactions	  between	  askers	  and	  authoritative	  users.	  

• 	  The	  first	  community	  is	  defined	  by	  T1,	  T2,	  T3	  et	  T4	  

• 	  The	  second	  community	  is	  defined	  by	  T5,	  T6,	  T7	  et	  T8	  
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	  Boolean	  representation	  of	  the	  interaction	  between	  
askers	  and	  authoritative	  users.	  

Illustra9on 
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The	  TRANCLUS	  Algorithm 

• 	  A	  =	  	  {a1,	  a2,	  …,	  an}	  a	  set	  of	  n	  askers	  

• 	  E	  =	  {e1,	  e2,	  …,	  ed}	  a	  set	  of	  d	  authoritative	  users	  

• 	  TD	  ={T1,	  T2,	  …,	  Tn}	  a	  collection	  of	  n	  transactions	  that	  
summarizes	  the	  interactions	  of	  all	  askers	  ai	  with	  the	  
identified	  authoritative	  users.	  
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Problem	  Defini9on 

Given	  the	  set	  A	  of	  askers	  and	  the	  set	  E	  of	  
authoritative	  users,	  	  

• 	  Construct	  the	  set	  TD.	  

• 	  Partition	  TD	  into	  a	  set	  of	  disjoint	  clusters	  	  	  	  	  	  	  	  	  	  	  	  
	  	  	  C=	  {C1,	  C2,	  …,	  Cnc}	  	  

Ø 	  The	  identified	  clusters	  represent	  the	  communities	  
we	  want	  to	  discover.	  
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Criterion	  Func9on 
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The	  TRANCLUS	  Scheme 
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Applica9on	  to	  Yahoo!	  Answers 
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Content	  Analysis 

Ø 	  The	   clustered	   askers	   tend	   to	   post	   questions	   on	   closed	  
related	  topics	  	  
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Influence	  of	  Social	  Networks	  on	  Product	  Recommendations	  
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Recommendation 
System 

Social Network 

Product Opinion 

• 	  Understanding	  the	  impact	  of	  social	  networks	  on	  market	  behavior	  
• 	  Improved	  recommendation	  systems	  

Emerging	  Applica9on 


