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Social Network Analysis 
 

A crash course @ UPF 



Complex	
  (Social)	
  Networks	
  

•  Big	
  graph	
  data	
  and	
  social,	
  informa@on,	
  biological	
  and	
  
technological	
  networks	
  

•  The	
  architecture	
  of	
  complexity	
  and	
  how	
  real	
  
networks	
  differ	
  from	
  random	
  networks:	
  	
  
–  node	
  degree	
  and	
  long	
  tails,	
  	
  
–  social	
  distance	
  and	
  small	
  worlds,	
  	
  
–  clustering	
  and	
  triadic	
  closure.	
  	
  

•  Comparing	
  real	
  networks	
  and	
  random	
  graphs.	
  
•  The	
  main	
  models	
  of	
  network	
  science:	
  small	
  world	
  
and	
  preferen@al	
  aJachment.	
  



Complex	
  (Social)	
  Networks	
  

•  Strong	
  and	
  weak	
  @es,	
  community	
  structure	
  and	
  long-­‐
range	
  bridges.	
  	
  

•  Robustness	
  of	
  networks	
  to	
  failures	
  and	
  aJacks.	
  	
  
•  Cascades	
  and	
  spreading.	
  Network	
  models	
  for	
  
diffusion	
  and	
  epidemics.	
  The	
  strength	
  of	
  weak	
  @es	
  
for	
  the	
  diffusion	
  of	
  informa@on.	
  The	
  strength	
  of	
  
strong	
  @es	
  for	
  the	
  diffusion	
  of	
  innova@on.	
  

•  Prac@cal	
  network	
  analy@cs	
  with	
  Cytoscape	
  and	
  
Gephi.	
  	
  

•  Simula@on	
  of	
  network	
  processes	
  with	
  NetLogo.	
  



Complex	
  (Social)	
  Networks	
  
•  Textbooks	
  

–  Albert-­‐Laszlo	
  Barabasi.	
  Network	
  Science	
  (2016)	
  	
  	
  
–  hJp://barabasi.com/book/network-­‐science	
  	
  
–  David	
  Easley,	
  Jon	
  Kleinberg:	
  Networks,	
  Crowds,	
  and	
  Markets	
  
(2010)	
  

–  hJp://www.cs.cornell.edu/home/kleinber/networks-­‐book/�	
  	
  	
  	
  

•  Network	
  Analy@cs	
  So[ware	
  (open):	
  
–  Cytoscape:	
  hJp://www.cytoscape.org/	
  	
  
–  Gephi:	
  hJp://gephi.github.io/	
  

•  Network	
  Data	
  Repository	
  
–  hJp://networkrepository.com/	
  	
  

•  Simula@on	
  of	
  network	
  models:	
  NetLogo	
  



Part	
  2	
  

•  Small-­‐world	
  &	
  Preferen@al	
  aJachment	
  recap	
  
•  Measuring	
  small-­‐worlds	
  with	
  big	
  data	
  
•  Strength	
  of	
  weak	
  @es	
  
•  Centrality	
  measures	
  
•  Strength	
  of	
  weak	
  @es,	
  centrality	
  and	
  mobility	
  
•  Community	
  discovery	
  
•  Link	
  predic@on	
  
•  Mul@-­‐dimensional	
  network	
  analysis	
  



As quantitative data about real networks became available, we can"
compare their topology with the predictions of random graph theory."
"
Note that once we have  N and  <k> for a random network, from it we can derive every 
measurable property. Indeed, we have:"
"
Average path length:"
"
"
Clustering Coefficient: "
"
"
Degree Distribution:" � 

< lrand >≈
logN
log k

Crand = p =
k
N

Prand (k) ≅CN−1
k pk (1− p)N−1−k

ARE REAL NETWORKS LIKE RANDOM GRAPHS?!

Network Science: Random Graphs January 31, 2011!



The small-world model 
!

     
 
!



Milgram	
  experiment	
  



Real	
  networks	
  are	
  between	
  random	
  
networks	
  and	
  la]ces	
  	
  



WaJs-­‐Strogatz	
  model	
  





Average	
  path	
  length	
  vs.	
  clustering	
  coefficient	
  







     
 
!

Hubs represent the most striking difference between a random and a scale-
free network. Their emergence in many real systems raises several 
fundamental questions:	


	


• Why does the random network model of Erdős and Rényi fail to reproduce 
the hubs and the power laws observed in many real networks? 	



•  Why do so different systems as the WWW or the cell converge to a similar 
scale-free architecture?  



Growth and preferential attachment 
!

      
 
!



networks expand through the addition 
of new nodes 

Barabási & Albert, Science 286, 509 (1999)"

BA MODEL: Growth !

BA	
  model:	
  Growth	
  
	
  

ER model:  
the number of nodes, N, is fixed (static models) 

6THE BARABÁSI-ALBERT MODEL

Nodes Prefer to Link to the More Connected Nodes
The random network model assumes that we randomly choose the in-
teraction partners of a node. Yet, most real networks new nodes prefer 
to link to the more connected nodes, a process called preferential attach-
ment (Figure 5.2). 

Consider a few examples:

• We are familiar with only a tiny fraction of the trillion or more docu-
ments available on the WWW. The nodes we know are not entirely ran-
dom: We all heard about Google and Facebook, but we rarely encoun-
ter the billions of less-prominent nodes that populate the Web. As our 
knowledge is biased towards the more popular Web documents, we 
are more likely to link to a high-degree node than to a node with only 
few links.

• No scientist can attempt to read the more than a million scientific pa-
pers published each year. Yet, the more cited is a paper, the more likely 
that we hear about it and eventually read it. As we cite what we read, 
our citations are biased towards the more cited publications, repre-
senting the high-degree nodes of the citation network.

• The more movies an actor has played in, the more familiar is a casting 
director with her skills. Hence, the higher the degree of an actor in the 
actor network, the higher are the chances that she will be considered 
for a new role.

In summary, the random network model differs from real networks in 
two important characteristics:

(A) Growth
Real networks are the result of a growth process that continuously 
increases N. In contrast the random network model assumes that the 
number of nodes, N, is fixed. 

(B) Preferential Attachment
In real networks new nodes tend to link to the more connected nodes. 
In contrast nodes in random networks randomly choose their inter-
action partners. 

There are many other differences between real and random networks, 
some of which will be discussed in the coming chapters. Yet, as we show 
next, these two, growth and preferential attachment, play a particularly im-
portant role in shaping a network’s degree distribution.

Networks are not static, but grow via the 
addition of new nodes:

(a) The evolution of the number of WWW 
hosts, documenting the Web’s rapid 
growth. After http://www.isc.org/solu-
tions/survey/history.

(b) The number of scientific papers published 
in Physical Review since the journal’s 
funding. The increasing number of papers 
drives the growth of both the science col-
laboration network as well as of the cita-
tion network shown in the figure. 

(c) Number of movies listed in IMDB.com, 
driving the growth of the actor network.

Figure 5.1

The Growth of Networks

(a)

(b)

(c)

WORLD WIDE WEB

ACTOR NETWORK

CITATION NETWORK

GROWTH AND PREFERENTIAL ATTACHMENT
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New nodes prefer to connect to  the more connected nodes 

Barabási & Albert, Science 286, 509 (1999)" Network Science: Evolving Network Models February 14, 2011!

BA MODEL: Preferential attachment!

BA	
  model:	
  Growth	
  
	
  

ER model: links are added randomly to the network 



Barabási & Albert, Science 286, 509 (1999)" Network Science: Evolving Network Models February 14, 2011!

Growth and Preferential Sttachment!

BA	
  model:	
  Growth	
  
	
  

The random network model differs from real networks in two important 
characteristics:  
 
Growth: While the random network model assumes that the number of 
nodes is fixed (time invariant), real networks are the result of a growth 
process that continuously increases. 
 
Preferential Attachment: While nodes in random networks randomly choose 
their interaction partner, in real networks new nodes prefer to link to the more 
connected nodes. 



The Barabási-Albert model 
!

      
 
!



Barabási & Albert, Science 286, 509 (1999)"

P(k) ~k-3!

(1) Networks continuously expand by the 
addition of new nodes"

WWW :  addition of new documents"

GROWTH:  !
add a new node with m links"

PREFERENTIAL ATTACHMENT: !
the probability that a node connects to a node 
with k links is proportional to k.!

(2) New nodes prefer to link to highly 
connected nodes."

WWW :  linking to well known sites!

Network Science: Evolving Network Models February 14, 2011!

Origin of SF networks: Growth and preferential attachment!
!
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Measuring the small-world property 
!

     
 
!



SIX DEGREES       small worlds!

Frigyes Karinthy, 1929!
Stanley Milgram, 1967!

Peter!

Jane!

Sarah"

Ralph!



Stanley	
  Milgram	
  

160	
  people	
  

1	
  person	
  

Analisi di reti sociali - Aprile 2011	
  





Planetary-­‐Scale	
  Views	
  on	
  an	
  Instant-­‐
Messaging	
  Network	
  

	
  Jure	
  Leskovec	
  &	
  Eric	
  Horvitz	
  
Microso[	
  Research	
  Technical	
  Report	
  MSR-­‐TR-­‐2006-­‐186	
  June	
  2007	
  

Analisi di reti sociali - Aprile 
2011 



Messaging	
  as	
  a	
  network	
  



IM	
  communica@on	
  network	
  



Il	
  grafo	
  di	
  Instant	
  Messenger	
  



The	
  giant	
  connected	
  component	
  

Analisi di reti sociali - Aprile 2011 



WWW: 19 DEGREES OF SEPARATION!

Image by Matthew Hurst!
Blogosphere!



The strength of weak ties 
!

     
 
!



The	
  strength	
  of	
  weak	
  3es	
  
•  Mark	
  S.	
  Granove-er,	
  1973	
  
•  His	
  PhD	
  thesis:	
  how	
  people	
  get	
  to	
  know	
  about	
  new	
  jobs?	
  
•  Through	
  personal	
  contacts	
  
•  Surprise:	
  o[en	
  acquaintances,	
  not	
  close	
  friends	
  
•  Why?	
  	
  







Analisi di reti sociali - Aprile 2011 
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Country-­‐wide	
  mobile	
  phone	
  data	
  



Social	
  proximity	
  and	
  3e	
  strength	
  

•  How	
  connected	
  are	
  u	
  and	
  v	
  in	
  the	
  social	
  network.	
  	
  
–  Various	
  well-­‐established	
  measures	
  of	
  network	
  proximity,	
  based	
  on	
  

the	
  common	
  neighbors	
  (Jaccard,	
  Adamic-­‐Adar)	
  or	
  the	
  structure	
  of	
  
the	
  paths	
  (Katz)	
  connec@ng	
  u	
  and	
  v	
  in	
  the	
  who-­‐calls-­‐whom	
  network.	
  

	
  

•  How	
  intense	
  is	
  the	
  interac@on	
  between	
  u	
  and	
  v.	
  	
  
–  Number	
  of	
  calls	
  as	
  strength	
  of	
  3e	
  



Strength	
  of	
  weak	
  @es	
  

•  Large	
  scale	
  empirical	
  valida@on	
  of	
  
GranoveJer’s	
  theory	
  
– Social	
  proximity	
  increases	
  with	
  @e	
  strength	
  
– Weak	
  @es	
  span	
  across	
  different	
  communi@es	
  

•  J.-­‐P.	
  Onnela,	
  J.	
  Saramaki,	
  J.	
  Hyvonen,	
  G.	
  Szabo,	
  D.	
  Lazer,	
  K.	
  Kaski,	
  J.	
  Kertesz,	
  
A.-­‐L.	
  Barabási.	
  Structure	
  and	
  3e	
  strengths	
  in	
  mobile	
  communica3on	
  
networks.	
  PNAS	
  104	
  (18),	
  7332-­‐7336	
  (2007).	
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Seminar	
  4	
  



Centrality	
  

How	
  important	
  is	
  a	
  node	
  in	
  a	
  network?	
  

Analisi di reti sociali - Aprile 
2011 
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Back	
  to	
  GranoveJer	
  



Human	
  mobility,	
  social	
  3es	
  	
  
and	
  link	
  predic3on	
  

Dashun	
  Wang,	
  Dino	
  Pedreschi,	
  Chaoming	
  Song,	
  Fosca	
  GiannoL,	
  
Albert-­‐Lászlo	
  Barabási	
  

	
  
SIGKDD	
  Int.	
  Conf.	
  on	
  Knowledge	
  Discovery	
  and	
  Data	
  Mining	
  –	
  KDD	
  

2011	
  



Coloca3on,	
  social	
  proximity,	
  3e	
  strength	
  

•  How	
  similar	
  is	
  the	
  movement	
  of	
  users	
  u	
  and	
  v	
  
–  Various	
  co-­‐loca3on	
  measures,	
  quan@fying	
  the	
  similarity	
  between	
  

the	
  movement	
  rou@nes	
  of	
  u	
  and	
  v	
  (mobile	
  homophily)	
  

•  How	
  connected	
  are	
  u	
  and	
  v	
  in	
  the	
  social	
  network.	
  	
  
–  Various	
  well-­‐established	
  measures	
  of	
  network	
  proximity,	
  based	
  on	
  

the	
  common	
  neighbors	
  (Jaccard,	
  Adamic-­‐Adar)	
  or	
  the	
  structure	
  of	
  
the	
  paths	
  (Katz)	
  connec@ng	
  u	
  and	
  v	
  in	
  the	
  who-­‐calls-­‐whom	
  network.	
  

•  How	
  intense	
  is	
  the	
  interac@on	
  between	
  u	
  and	
  v.	
  	
  
–  Number	
  of	
  calls	
  as	
  strength	
  of	
  3e	
  



Network	
  proximity	
  vs.	
  mobile	
  homophily	
  



mobility	
  dimension	
  of	
  the	
  “strength	
  of	
  weak	
  3es”	
  

•  co-­‐loca@on,	
  network	
  proximity	
  and	
  @e	
  strength	
  
strongly	
  correlate	
  with	
  each	
  other	
  

•  measured	
  on	
  3	
  months	
  of	
  calls,	
  6	
  Million	
  users,	
  
na@on-­‐wide	
  (large	
  European	
  country)	
  





Community	
  discovery	
  

How	
  to	
  highlight	
  the	
  modular	
  
structure	
  of	
  a	
  network?	
  



Community	
  structure	
  



Communi@es	
  







? 



Are	
  these	
  two	
  different	
  networks?	
  



No!	
  



DEMON 
A Local-first Discovery Method For 

Overlapping Communities 

Giulio	
  Rosse]1,2	
  ,Michele	
  Coscia3,	
  Fosca	
  Gianno]2,	
  Dino	
  Pedreschi1,2	
  
	
  

1	
  Computer	
  Science	
  Dep.,	
  University	
  of	
  Pisa,	
  Italy	
  	
  
2	
  ISTI	
  -­‐	
  CNR	
  KDDLab,	
  Pisa,	
  Italy	
  	
  

3	
  Harvard	
  Kennedy	
  School,	
  Cambridge,	
  MA,	
  US	
  
	
  



Communities in (Social) Networks 

•  Communi@es	
  can	
  be	
  seen	
  as	
  the	
  
basic	
  bricks	
  of	
  a	
  (social)	
  network	
  

•  In	
  simple,	
  small,	
  networks	
  it	
  is	
  easy	
  
iden@fy	
  them	
  by	
  looking	
  at	
  the	
  
structure..	
  	
  



Reducing the complexity 

Real	
  Networks	
  are	
  Complex	
  
Objects	
  

	
  
Can	
  we	
  make	
  them	
  “simpler”?	
  

Ego-­‐Networks	
  
	
  

networks	
  built	
  upon	
  a	
  focal	
  node	
  ,	
  the	
  
"ego”,	
  and	
  the	
  nodes	
  to	
  whom	
  ego	
  is	
  
directly	
  connected	
  to,	
  including	
  the	
  

@es,	
  if	
  any,	
  among	
  the	
  alters	
  



DEMON Algorithm 

•  For	
  each	
  node	
  n:	
  
1.  Extract	
  the	
  Ego	
  Network	
  of	
  n	
  
2.  Remove	
  n	
  from	
  the	
  Ego	
  Network	
  
3.  Perform	
  a	
  Label	
  Propaga@on1	
  	
  
4.  Insert	
  n	
  in	
  each	
  community	
  found	
  
5.  Update	
  the	
  raw	
  community	
  set	
  C	
  

•  For	
  each	
  raw	
  community	
  c	
  in	
  C	
  
1.  Merge	
  with	
  “similar”	
  ones	
  in	
  the	
  set	
  (given	
  a	
  threshold)	
  

(i.e.	
  merge	
  iff	
  at	
  most	
  the	
  ε%	
  of	
  the	
  smaller	
  one	
  is	
  not	
  included	
  in	
  the	
  bigger	
  one)	
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1 Usha N. Raghavan, R ́eka Albert, and Soundar Kumara. Near linear time algorithm to detect community structures 
in large-scale networks. Physical Review E  
 



•  Each	
  node	
  has	
  an	
  unique	
  label	
  (i.e.	
  its	
  
id)	
  

•  In	
  the	
  first	
  (setup)	
  itera@on	
  each	
  node,	
  
with	
  probability	
  α,	
  change	
  its	
  label	
  	
  to	
  
one	
  of	
  the	
  labels	
  of	
  its	
  neighbors;	
  	
  

•  At	
  each	
  subsequent	
  itera@on	
  each	
  node	
  
adopt	
  as	
  label	
  the	
  one	
  shared	
  (at	
  the	
  
end	
  of	
  the	
  previous	
  itera:on)	
  by	
  the	
  
majority	
  of	
  its	
  neighbors;	
  

	
  	
  
•  We	
  iterate	
  un@ll	
  consensus	
  is	
  reached.	
  

Label	
  Propaga@on	
  –	
  The	
  idea	
  



DEMON - Two nice properties 

•  Incrementality:	
  
Given	
  a	
  graph	
  G,	
  an	
  ini@al	
  set	
  of	
  communi@es	
  C	
  and	
  an	
  incremental	
  update	
  ∆G	
  consis@ng	
  of	
  new	
  nodes	
  and	
  new	
  edges	
  
added	
  to	
  G,	
  where	
  ∆G	
  contains	
  the	
  en@re	
  ego	
  networks	
  of	
  all	
  new	
  nodes	
  and	
  of	
  all	
  the	
  preexis@ng	
  nodes	
  reached	
  by	
  new	
  
links,	
  then	
  	
  

Those	
  property	
  makes	
  the	
  algorithm	
  highly	
  parallelizable:	
  it	
  can	
  run	
  independently	
  on	
  different	
  
fragments	
  of	
  the	
  overall	
  network	
  with	
  a	
  rela@vely	
  small	
  combina@on	
  work	
  	
  

•  Composi@onality:	
  
Consider	
  any	
  par@@on	
  of	
  a	
  graph	
  G	
  into	
  two	
  subgraphs	
  G1,	
  G2	
  such	
  that,	
  for	
  any	
  node	
  v	
  of	
  G,	
  the	
  en@re	
  ego	
  network	
  of	
  v	
  in	
  G	
  
is	
  fully	
  contained	
  either	
  in	
  G1	
  or	
  G2.	
  Then,	
  given	
  an	
  ini@al	
  set	
  of	
  communi@es	
  C:	
  	
  

DEMON(G1 ∪ G2,C) = Max(DEMON(G1,C), DEMON(G2,C))  

DEMON(∆G ∪ G,C) = DEMON(∆ G, DEMON(G,C))  



DEMON @ Work 

DEMON	
  was	
  successfully	
  applied	
  to	
  different	
  networks	
  and	
  its	
  communi@es	
  were	
  
validated	
  against	
  their	
  seman@cs	
  	
  

Social	
  Networks	
  
–  Skype,	
  Facebook,	
  TwiJer,	
  Last.fm,	
  20lines	
  

Coloca@on	
  Networks	
  
–  Foursquare	
  

Collabora@on	
  Networks	
  
–  DBLP,	
  IMDb,	
  US	
  Congress	
  

Product	
  Networks	
  
–  Amazon	
  



1.  Log	
  out	
  from	
  Facebook	
  and	
  
clean	
  your	
  browser	
  cookies	
  

2.  Visit:	
  	
  
kddsna.is3.cnr.it:8080	
  

3.  Log	
  In	
  with	
  Facebook	
  

4.  Select	
  one	
  of	
  the	
  two	
  
op@ons:	
  
1.  “Visualize	
  your	
  network”	
  
2.  “Demon	
  Communi@es”	
  

5.   	
  Wait	
  for	
  the	
  data	
  to	
  be	
  
collected	
  and	
  displayed	
  

6.  Zoom-­‐in/out	
  and	
  drag	
  
communi@es	
  with	
  your	
  
mouse	
  

DEMON@Work	
  
Personal	
  Facebook	
  Communi3es	
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  method	
  for	
  overlapping	
  communi@es.	
  	
  
The	
  18th	
  ACM	
  SIGKDD	
  Interna:onal	
  Conference	
  on	
  Knowledge	
  Discovery	
  and	
  Data	
  Mining,	
  
KDD	
  	
  2012:	
  615-­‐623	
  

•  Michele	
  Coscia,	
  Giulio	
  Rosse],	
  Fosca	
  Gianno],	
  Dino	
  Pedreschi:	
  
Uncovering	
  Hierarchical	
  and	
  Overlapping	
  Communi@es	
  with	
  a	
  Local-­‐First	
  Approach.	
  	
  
ACM	
  Transac:ons	
  on	
  Knowledge	
  Discovery	
  from	
  Data	
  TKDD	
  9(1):	
  6	
  (2014)	
  



BoJom-­‐up	
  (local)	
  vs	
  top-­‐down	
  
(global)	
  community	
  detec@on	
  









Hierarchical	
  decomposi@on	
  

•  How	
  to	
  select	
  the	
  number	
  of	
  clusters/communi@es?	
  



How	
  to	
  evaluate	
  the	
  quality	
  of	
  a	
  
network	
  par@@on	
  into	
  

communi@es?	
  



Modularity	
  



Modularity	
  





Community	
  discovery	
  

•  Challenging	
  task	
  
•  Many	
  compe@ng	
  approaches	
  
•  Huge	
  literature	
  
•  Recent	
  surveys:	
  

– Michele	
  Coscia,	
  Fosca	
  Gianno],	
  Dino	
  Pedreschi:	
  A	
  
classifica@on	
  for	
  community	
  discovery	
  methods	
  in	
  complex	
  
networks.	
  Sta:s:cal	
  Analysis	
  and	
  Data	
  Mining	
  4(5):	
  
512-­‐546	
  (2011)	
  

–  Santo	
  Fortunato:	
  Community	
  detec@on	
  in	
  graphs	
  
Physics	
  Reports	
  486	
  (3),	
  75-­‐174	
  (2010)	
  



Discover	
  the	
  borders	
  of	
  mobility	
  

Salvatore Rinzivillo, Mainardi, Pezzoni, Michele Coscia, Dino Pedreschi, Fosca Giannotti:  
Discovering the Geographical Borders of Human Mobility. KI 26(3): 253-260 (2012) 

























Demon	
  communi@es	
  

•  Overlapping	
  
•  Microscopic	
  
•  High	
  homophily	
  

•  Applica@on:	
  classifica@on	
  	
  
•  E.g.	
  user	
  engagement	
  

People belonging to the same 
e social context often show some degree of homopily: 

(i.e. same age, level of education) 



Skype	
  Network	
  Data	
  
Seman@c	
  rich	
  dataset:	
  

–  Social Graph	
  	
  
(built	
  upon	
  users	
  contact	
  lists	
  
~billions	
  of	
  nodes)	
  

–  Users Geographic 
presence	
  
(city,	
  na@on…)	
  

–  Users Monthly 
Activity	
  	
  
(individual’s	
  days	
  of	
  Audio\Video\Chat	
  
products	
  usage)	
  



Problem:	
  Service	
  Usage	
  
Given	
  an	
  online	
  pla~orm	
  we	
  o[en	
  we	
  need	
  to	
  es:mate	
  
how	
  its	
  services	
  (i.e.,	
  Skype	
  Audio\Video	
  call)	
  are	
  used	
  by	
  
the	
  registered	
  users.	
  	
  
In	
  par@cular	
  we	
  can	
  be	
  asked	
  to	
  answer	
  the	
  following	
  
ques@ons:	
  
	
  
Q1:	
  Can	
  Service	
  Usage	
  be	
  described	
  as	
  a	
  func@on	
  of	
  the	
  
Network	
  Data?	
  
	
  
Q2:	
  If	
  so,	
  at	
  which	
  scale	
  should	
  we	
  analyze	
  the	
  network	
  in	
  
order	
  to	
  perform	
  a	
  descrip@ve	
  analysis?	
  



Classifier	
  features	
  

For	
  each	
  network	
  
par@@on	
  obtained,	
  
we	
  built	
  classifier	
  
and	
  trained	
  it	
  to	
  
discriminate	
  
between	
  High	
  and	
  
Low	
  ac@ve	
  
communi@es.	
  



Target	
  Class	
  (for	
  each	
  service)	
  

The	
  target	
  class	
  iden@fy	
  the	
  Service	
  
Ac@vity	
  Level	
  (High/Low)	
  

Two	
  scenarios:	
  

1.  Low/High	
  ac@vity	
  is	
  iden@fied	
  by	
  
the	
  median	
  of	
  the	
  distribu@on	
  	
  
(i.e.,	
  an	
  highly	
  ac@ve	
  community	
  have	
  and	
  avg	
  
ac@vity	
  >	
  than	
  the	
  median	
  of	
  the	
  overall	
  
ac@vity	
  distribu@on)	
  

2.  High	
  ac@vity	
  
communi@es	
  are	
  the	
  
one	
  above	
  the	
  75th	
  
percen@le	
  



“Social	
  Engagement”	
  :	
  Skype	
  social	
  graph	
  

•  Problem:	
  
Given	
  the	
  Skype	
  social	
  graph	
  and	
  its	
  user	
  
informa@on	
  (i.e.,	
  loca@on…)	
  predict	
  average	
  
level	
  of	
  community	
  ac@vity	
  for	
  the	
  Audio
\Video	
  services.	
  

•  Ques3on:	
  
The	
  CD	
  method	
  chosen	
  will	
  affect	
  the	
  
classifica@on	
  results?	
  

•  Main	
  Results:	
  

•  The	
  smaller	
  and	
  denser	
  communi@es	
  
are	
  the	
  beJer	
  

•  Demon	
  outperforms	
  Louvain,	
  	
  
Ego-­‐Nets	
  and	
  BFS	
  

•  Topological,	
  Temporal	
  and	
  
Geographical	
  features	
  of	
  communi@es	
  
are	
  valuable	
  ac@vity	
  level	
  predictors	
  

G. Rossetti, L. Pappalardo, R. Kikas, F. Giannotti, D. Pedreschi, M. Dumas ���
Community-centric analysis of service en- gagement in Skype social networks.���
IEEE ASONAM 2015, France (Accepted)	





Tiles: evolutionary community 
discovery 
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Dynamic Networks 

•  The majority of data mining problems on 
network have been formulated to fit static 
scenarios 

–  Community Discovery, Link Prediction, Frequent Pattern Mining 

•  Evolution has been analyzed almost only through 
temporal discretization… 

–  Separate analysis of chronologically ordered snapshot of the same 
network 
 

•  … and\or through temporal “aggregation” 
–  i.e. producing a single weighted graph  

(edge weighted w.r.t. their number of presence, frequency…) 



Are we missing something? 

Real world networks evolve quickly: 
–  Social interactions 
–  Buyer-seller 
–  Stock-exchanges 
–  … 

 
In these scenarios a QSSA (Quasi Steady State Assumption) rarely holds: 

–  Network cannot be “frozen in time” 
•  Nodes and edges rise and fall producing perturbation on the whole topology 

–  The reduction to static scenarios trough temporal discretization is not 
always a good idea 

•  How can we chose the temporal threshold?  
•  To what extent can we trust the obtained results? 
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•  Imagined for social "interaction" networks 
–  Multiple time stamped interactions between the same couple of nodes 

 

•  Domino Effect 
–  TILES incrementally updates community memberships when a new interaction 

take place (it operates on an interaction stream) 
–   A single parameter: interaction time to live (TTL) that regulates interaction 

vanishing (non monotonic network growth) 
•  Output 

–  Multiple time stamped observation of overlapping communities 
 

The Idea… TILES 
Temporal Interaction a Local Edge Strategy 



Tiles Community Insights 
Experiments	
  real	
  interac@on	
  networks	
  show	
  that:	
  
	
  
•  Community	
  size	
  distribu@on	
  and	
  overlap	
  distribu@on	
  are	
  

long	
  tailed	
  
	
  

•  Community	
  stability	
  varies	
  w.r.t.	
  topology	
  
	
  

•  TTL	
  affects	
  community	
  life-­‐cycle	
  	
  
(birth,	
  split,	
  merge,	
  death	
  events)	
  
	
  

•  Smaller	
  and	
  denser	
  communi@es	
  live	
  longer	
  than	
  bigger	
  
and	
  sparser	
  ones	
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Group	
  forma@on	
  dynamics	
  



Group	
  forma@on	
  in	
  networks	
  







Connectedness	
  of	
  friends	
  and	
  group	
  
membership	
  



…	
  and	
  the	
  winner	
  is	
  …	
  



[Backstrom	
  et	
  al.,	
  KDD	
  2006]	
  



The	
  strength	
  of	
  strong	
  @es	
  	
  



Link	
  predic@on	
  

Which	
  new	
  links	
  will	
  appear	
  in	
  the	
  
social	
  network?	
  



Link	
  predic@on	
  in	
  social	
  networks	
  

•  Can	
  new	
  social	
  links	
  be	
  predicted?	
  

126	
  



Link	
  predic@on	
  in	
  social	
  networks	
  

•  Social	
  networks	
  are	
  very	
  sparse	
  	
  
•  Dispropor@on	
  between	
  possible	
  links	
  and	
  
links	
  that	
  actually	
  form	
  in	
  the	
  network.	
  	
  

•  From	
  a	
  machine	
  learning	
  perspec@ve,	
  link	
  
predic@on	
  is	
  a	
  binary	
  classifica@on	
  problem	
  
over	
  an	
  extremely	
  unbalanced	
  dataset,	
  where	
  
posi@ve	
  cases	
  are	
  overwhelmed	
  by	
  nega@ve	
  
cases.	
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The	
  link	
  predic@on	
  challenge	
  

•  In	
  a	
  phone	
  call	
  graph	
  with	
  106	
  users,	
  the	
  average	
  
degree	
  is	
  around	
  4,	
  so	
  we	
  have	
  4*106	
  links,	
  vs.	
  
the	
  number	
  of	
  poten@al	
  links	
  in	
  the	
  order	
  of	
  1012	
  
– One	
  new	
  link	
  every	
  one	
  million	
  possibili@es!	
  

•  Therefore,	
  the	
  trivial	
  “no-­‐link”	
  classifier	
  that	
  
always	
  predicts	
  the	
  absence	
  of	
  any	
  links	
  has	
  an	
  
extremely	
  low	
  classifica@on	
  error	
  around	
  10-­‐6,	
  
i.e.	
  an	
  amazing	
  accuracy	
  of	
  99.999999	
  %!	
  	
  

•  The	
  challenge	
  is	
  in	
  improving	
  the	
  classifica3on	
  
accuracy	
  on	
  the	
  posi3ve	
  cases	
  (precision).	
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•  Previous	
  results	
  seem	
  to	
  imply	
  that	
  new	
  links	
  
form	
  more	
  likely	
  WITHIN	
  commun@tes	
  rather	
  
than	
  ACROSS	
  communi@es	
  



Unsupervised	
  vs.	
  Supervised	
  methods	
  

•  Unsupervised	
  link	
  predic@on,	
  based	
  on	
  scores	
  of	
  
topology	
  measures	
  such	
  as	
  common	
  neighbors,	
  
Jaccard	
  coefficient,	
  Adamic/Adar	
  measure,	
  Katz	
  

•  D.	
  Liben-­‐Nowell,	
  J.	
  Kleinberg.	
  The	
  link	
  predic@on	
  problem	
  for	
  social	
  networks.	
  J.	
  
of	
  Am.	
  Soc.	
  for	
  Informa:on	
  Science	
  and	
  Technology,	
  58(7):1019-­‐1031,	
  2007.	
  	
  

•  Supervised	
  classifica3on,	
  based	
  on	
  techniques	
  for	
  
handling	
  the	
  dispropor@on	
  of	
  the	
  nega@ve	
  cases	
  
of	
  various	
  machine	
  learning/data	
  mining	
  methods	
  

•  R.	
  N.	
  Lichtenwalter,	
  J.	
  T.	
  Lussier,	
  N.	
  V.	
  Chawla.	
  New	
  perspec@ves	
  and	
  methods	
  in	
  
link	
  predic@on.	
  ACM	
  SIGKDD	
  –	
  Int.	
  Conf	
  on	
  Knowledge	
  Discovery	
  in	
  Databases.	
  
2010.	
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How	
  likely	
  two	
  nodes	
  x	
  and	
  y	
  belong	
  
to	
  the	
  same	
  community?	
  

•  [Liben-­‐Nowell	
  and	
  Kleinberg	
  2006]	
  



Performance	
  of	
  predictors	
  (wrt	
  random)	
  



Country-­‐wide	
  tele-­‐communica3on	
  data	
  



Link	
  predic@on	
  in	
  mobile	
  social	
  networks	
  

•  In	
  mobile	
  call	
  records	
  we	
  have	
  also	
  loca@on/
mobility	
  in	
  space	
  and	
  @me	
  as	
  a	
  further	
  
dimension,	
  besides	
  topology	
  

•  Is	
  mobility	
  a	
  good	
  predictor	
  for	
  future	
  links?	
  

•  Can	
  we	
  build	
  high-­‐precision	
  link	
  predictors	
  
using	
  combined	
  topology/mobility	
  features?	
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Link	
  predic3on	
  in	
  geo-­‐social	
  networks	
  



Correla@on:	
  Coloca@on,	
  social	
  proximity,	
  @e	
  strength	
  



Human	
  mobility	
  and	
  social	
  3es	
  

•  co-­‐loca@on,	
  network	
  proximity	
  and	
  @e	
  strength	
  
strongly	
  correlate	
  with	
  each	
  other	
  

•  measured	
  on	
  3	
  months	
  of	
  calls,	
  6	
  Million	
  users,	
  
na@on-­‐wide	
  (large	
  European	
  country)	
  

•  mobility	
  dimension	
  of	
  the	
  “strength	
  of	
  weak	
  
3es”	
  



Unsupervised	
  link	
  predic@on	
  



Supervised	
  link	
  predic@on	
  





People	
  is	
  predictable!	
  

•  Probability	
  of	
  a	
  new	
  link	
  between	
  two	
  (disconnected)	
  random	
  
users:	
  	
  
10-­‐6	
  

•  Best	
  predic@on	
  accuracy	
  using	
  only	
  social	
  features:	
  	
  

10%	
  
•  Best	
  predic@on	
  accuracy	
  using	
  social	
  +	
  mobility	
  features:	
  

75%	
  	
  

	
  



Mul@-­‐dimensional	
  network	
  
analysis	
  

M	
  Berlingerio,	
  M	
  Coscia,	
  F	
  Gianno],	
  A	
  Monreale,	
  D	
  Pedreschi.	
  
Mul@dimensional	
  networks:	
  founda@ons	
  of	
  structural	
  analysis.	
  World	
  Wide	
  
Web	
  16	
  (5-­‐6),	
  567-­‐593	
  (2013)	
  
	
  
Michele	
  Berlingerio,	
  Michele	
  Coscia,	
  Fosca	
  Gianno],	
  Anna	
  Monreale,	
  Dino	
  
Pedreschi:	
  The	
  pursuit	
  of	
  hubbiness:	
  Analysis	
  of	
  hubs	
  in	
  large	
  mul@dimensional	
  
networks.	
  Journal	
  of	
  Computa:onal	
  Science	
  2(3):	
  223-­‐237	
  (2011)	
  



Classical Network Representation 

Only one kind of 
relation 
 
Different connections 
indistinguishable 



Multigraphs as multidimensional networks 


