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What	
  are	
  networks?	
  
•  Networks are sets of nodes 

connected by edges. 

points lines 
vertices edges, arcs math 
nodes links computer science 
sites bonds physics 
actors ties, relations sociology 

“Network” ≡ “Graph” 
node 

edge 

Slide	
  by	
  Lada	
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Topics	
  for	
  this	
  1.5	
  hours	
  

•  Are	
  nodes	
  connected	
  through	
  the	
  network?	
  

•  How	
  far	
  apart	
  are	
  they?	
  	
  

•  Are	
  some	
  nodes	
  more	
  important	
  due	
  to	
  their	
  
posi.on	
  in	
  the	
  network?	
  	
  

•  Is	
  the	
  network	
  composed	
  of	
  communi.es?	
  	
  



Network	
  elements:	
  edges	
  

•  Directed	
  (also	
  called	
  arcs,	
  links)	
  
– A	
  -­‐>	
  B	
  	
  

•  A	
  likes	
  B,	
  A	
  gave	
  a	
  giY	
  to	
  B,	
  A	
  is	
  B’s	
  child	
  
•  Undirected	
  	
  

– A	
  <-­‐>	
  B	
  or	
  A	
  –	
  B	
  
•  A	
  and	
  B	
  like	
  each	
  other	
  
•  A	
  and	
  B	
  are	
  siblings	
  
•  A	
  and	
  B	
  are	
  co-­‐authors	
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Edge	
  aNributes	
  

•  Examples	
  
– weight	
  (e.g.	
  frequency	
  of	
  communica.on)	
  
–  ranking	
  (best	
  friend,	
  second	
  best	
  friend…)	
  
–  type	
  (friend,	
  rela.ve,	
  co-­‐worker)	
  
– proper.es	
  depending	
  on	
  the	
  structure	
  of	
  the	
  rest	
  
of	
  the	
  graph:	
  e.g.	
  betweenness	
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Directed	
  networks	
  
•  girls’ school dormitory dining-table partners, 1st and 2nd choices 

(Moreno, The sociometry reader, 1960) 
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Posi.ve	
  and	
  nega.ve	
  weights	
  
•  e.g.	
  one	
  person	
  
trus.ng/distrus.ng	
  
another	
  
–  Research	
  
challenge:	
  How	
  
does	
  one	
  
‘propagate’	
  
nega.ve	
  feelings	
  in	
  
a	
  social	
  network?	
  Is	
  
my	
  enemy’s	
  
enemy	
  my	
  friend?	
  

sample	
  of	
  posi+ve	
  &	
  nega+ve	
  ra+ngs	
  from	
  Epinions	
  network	
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Data	
  representa.on	
  

•  adjacency	
  matrix	
  
•  edgelist	
  
•  adjacency	
  list	
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Adjacency	
  matrices	
  
•  Represen.ng	
  edges	
  (who	
  is	
  adjacent	
  to	
  
whom)	
  as	
  a	
  matrix	
  
– Aij	
  =	
  1	
  if	
  node	
  i	
  has	
  an	
  edge	
  to	
  node	
  j	
  

	
  	
  	
  =	
  0	
  if	
  node	
  i	
  does	
  not	
  have	
  an	
  edge	
  to	
  j	
  

– Aii	
  =	
  0	
  unless	
  the	
  network	
  has	
  self-­‐loops	
  

– Aij	
  =	
  Aji	
  if	
  the	
  network	
  is	
  undirected,	
  
or	
  if	
  i	
  and	
  j	
  share	
  a	
  reciprocated	
  edge	
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Example	
  adjacency	
  matrix	
  

1 

2 

3 

4 5 

0 0 0 0 0 
0 0 1 1 0 
0 1 0 1 0 
0 0 0 0 1 
1 1 0 0 0 

A = 
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Edge	
  list	
  

•  Edge	
  list	
  
– 2,	
  3	
  
– 2,	
  4	
  
– 3,	
  2	
  
– 3,	
  4	
  
– 4,	
  5	
  
– 5,	
  2	
  
– 5,	
  1	
  
	
  

1 

2 

3 

4 5 
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Adjacency	
  lists	
  
	
  

•  Adjacency	
  list	
  
–  is	
  easier	
  to	
  work	
  with	
  if	
  
network	
  is	
  

•  large	
  
•  sparse	
  

– quickly	
  retrieve	
  all	
  neighbors	
  
for	
  a	
  node	
  

•  1:	
  
•  2:	
  3	
  4	
  
•  3:	
  2	
  4	
  
•  4:	
  5	
  
•  5:	
  1	
  2	
  

1 

2 

3 

4 5 
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Compu.ng	
  metrics	
  

•  degree	
  &	
  degree	
  distribu.on	
  
•  connected	
  components	
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Degree:	
  which	
  node	
  has	
  the	
  most	
  edges?	
  

? 

? 
? 
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Node	
  degrees	
  

•  Node	
  network	
  proper.es	
  
–  from	
  immediate	
  connec.ons	
  

•  indegree	
  
how	
  many	
  directed	
  edges	
  (arcs)	
  are	
  incident	
  on	
  a	
  node	
  

•  outdegree	
  
how	
  many	
  directed	
  edges	
  (arcs)	
  originate	
  at	
  a	
  node	
  

•  degree	
  (in	
  or	
  out)	
  
number	
  of	
  edges	
  incident	
  on	
  a	
  node	
  

–  from	
  the	
  en.re	
  graph	
  
•  centrality	
  (betweenness,	
  closeness)	
  

outdegree=2	
  

indegree=3	
  

degree=5	
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Node	
  degree	
  from	
  matrix	
  values	
  

•  Outdegree = ∑
=

n

j
ijA

1

0 0 0 0 0 
0 0 1 1 0 
0 1 0 1 0 
0 0 0 0 1 
1 1 0 0 0 

A = 

example: outdegree for node 3 is 2, which 
we obtain by summing the number of non-
zero entries in the 3rd row 

n  Indegree	
  =	
  
0 0 0 0 0 
0 0 1 1 0 
0 1 0 1 0 
0 0 0 0 1 
1 1 0 0 0 

A = 
∑
=

n

i
ijA

1

example: the indegree for node 3 is 1, 
which we obtain by summing the number of 
non-zero entries in the 3rd column 

∑
=

n

i
iA

1
3

∑
=

n

j
jA

1
3

1 

2 

3 

4 
5 
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Network	
  metrics:	
  degree	
  sequence	
  and	
  degree	
  distribu.on	
  
•  Degree	
  sequence:	
  An	
  ordered	
  list	
  of	
  the	
  (in,out)	
  degree	
  of	
  each	
  node	
  

n  In-­‐degree	
  sequence:	
  
n  [2,	
  2,	
  2,	
  1,	
  1,	
  1,	
  1,	
  0]	
  

n  Out-­‐degree	
  sequence:	
  
n  [2,	
  2,	
  2,	
  2,	
  1,	
  1,	
  1,	
  0]	
  

n  (undirected)	
  degree	
  sequence:	
  
n  [3,	
  3,	
  3,	
  2,	
  2,	
  1,	
  1,	
  1]	
  

n  Degree	
  distribu.on:	
  A	
  frequency	
  count	
  of	
  the	
  occurrence	
  of	
  
each	
  degree	
  

n  In-­‐degree	
  distribu.on:	
  
n  [(2,3)	
  	
  (1,4)	
  	
  (0,1)]	
  

n  Out-­‐degree	
  distribu.on:	
  
n  [(2,4)	
  	
  (1,3)	
  	
  (0,1)]	
  

n  (undirected)	
  distribu.on:	
  
n  [(3,3)	
  (2,2)	
  (1,3)]	
  

0 1 2
0
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indegree

fre
qu
en
cy
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Is	
  everything	
  connected?	
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Distances	
  in	
  a	
  Network	
  

•  Path:	
  a	
  walk	
  (i1,i2,...	
  iK)	
  with	
  each	
  node	
  ik	
  
dis.nct	
  	
  

•  Cycle:	
  a	
  walk	
  where	
  i1	
  =	
  iK	
  	
  
•  Geodesic:	
  a	
  shortest	
  path	
  between	
  two	
  nodes	
  	
  



Slide	
  by	
  MaNhew	
  Jackson,	
  Stanford	
  



Connected	
  components	
  
•  Strongly	
  connected	
  components	
  

–  Each	
  node	
  within	
  the	
  component	
  can	
  be	
  reached	
  from	
  every	
  other	
  
node	
  in	
  the	
  component	
  by	
  following	
  directed	
  links	
  

n  Strongly	
  connected	
  components	
  
n  B	
  C	
  D	
  E	
  
n  A	
  
n  G	
  H	
  
n  F	
  

n  Weakly	
  connected	
  components:	
  every	
  node	
  can	
  be	
  reached	
  from	
  
every	
  other	
  node	
  by	
  following	
  links	
  in	
  either	
  direc.on	
  

A 

B 

C 

D 
E 

F 
G 

H 

A 

B 

C 

D 
E 

F 
G 

H 

n  Weakly	
  connected	
  components	
  
n  A	
  B	
  C	
  D	
  E	
  
n  G	
  H	
  F	
  

n  In	
  undirected	
  networks	
  one	
  talks	
  simply	
  
about	
  ‘connected	
  components’	
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Strongly	
  Connected	
  Component	
  (SCC)	
  



Proof	
  (*)	
  



Giant	
  component	
  
•  if	
  the	
  largest	
  component	
  encompasses	
  a	
  significant	
  frac.on	
  of	
  the	
  

graph,	
  it	
  is	
  called	
  the	
  giant	
  component	
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Why	
  not?	
  (*)	
  



Bow-­‐Tie	
  Structure	
  of	
  the	
  Web	
  

Andrei	
  Broder,	
  Ravi	
  Kumar,	
  Farzin	
  Maghoul,	
  Prabhakar	
  Raghavan,	
  Sridhar	
  Rajagopalan,	
  Raymie	
  Stata,	
  
Andrew	
  Tomkins,	
  and	
  Janet	
  Wiener.	
  2000.	
  Graph	
  structure	
  in	
  the	
  Web.	
  Comput.	
  Netw.	
  33,	
  1-­‐6	
  (June	
  
2000),	
  309-­‐320.	
  



Not	
  Everyone	
  Asks/Replies	
  	
  

•  Core: A strongly connected component, in which everyone asks and answers    
•  IN: Mostly askers. 
•  OUT: Mostly Helpers 

 The	
  Web	
  is	
  a	
  bow	
  .e	
   The	
  Java	
  Forum	
  network	
  is	
  	
  
an	
  uneven	
  bow	
  .e	
  
	
  
	
  

Jun	
  Zhang,	
  Mark	
  S.	
  Ackerman,	
  and	
  Lada	
  Adamic.	
  2007.	
  Exper.se	
  networks	
  in	
  online	
  communi.es:	
  
structure	
  and	
  algorithms.	
  In	
  Proceedings	
  of	
  the	
  16th	
  interna.onal	
  conference	
  on	
  World	
  Wide	
  Web	
  
(WWW	
  '07).,	
  221-­‐230.	
  	
  



Minkyoung	
  Kim,	
  Lexing	
  Xie,	
  Peter	
  Christen,	
  Event	
  Diffusion	
  PaNerns	
  in	
  Social	
  Media	
  (2012)	
  	
  
Intl.	
  Conf.	
  on	
  Weblogs	
  and	
  Social	
  Media	
  (ICWSM),	
  8	
  pages,	
  Dublin,	
  Ireland,	
  June	
  2012	
  	
  



Modern	
  Informa.on	
  Retrieval:	
  The	
  Concepts	
  and	
  Technology	
  behind	
  Search	
  	
  
Ricardo	
  Baeza-­‐Yates,	
  Berthier	
  Ribeiro-­‐Neto	
  
Addison-­‐Wesley	
  Professional;	
  2	
  edi.on	
  (February	
  10,	
  2011)	
  



Recap	
  
•  	
  Networks	
  can	
  be	
  represented	
  as	
  matrices	
  
•  	
  Useful	
  network	
  metrics:	
  

– degree	
  and	
  degree	
  distribu.on	
  
– connected	
  components	
  

•  strong	
  
•  weak	
  
•  Giant	
  

•  AYer	
  the	
  break:	
  distance	
  and	
  centrality	
  



Who	
  is	
  the	
  Center	
  of	
  a	
  network?	
  



is	
  coun.ng	
  the	
  edges	
  enough?	
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Stanford	
  Social	
  Web	
  (ca.	
  1999)	
  

network	
  of	
  personal	
  homepages	
  at	
  Stanford	
  
by	
  Lada	
  Adamic,	
  U	
  Michigan	
  



Y 

X 

Y 

X 

Y X 

Y 

X 

indegree 

In each of the following networks, X has higher 
centrality than Y according to a particular measure 

outdegree betweenness closeness 

different	
  no.ons	
  of	
  centrality	
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Y 

X 

review:	
  indegree	
  

by	
  Lada	
  Adamic,	
  U	
  Michigan	
  



by	
  Lada	
  Adamic,	
  U	
  Michigan	
  

trade	
  in	
  petroleum	
  and	
  
petroleum	
  products,	
  1998,	
  
source:	
  NBER-­‐United	
  Na.ons	
  
Trade	
  Data	
  



review:	
  outdegree	
  

Y 

X 

by	
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trade	
  in	
  petroleum	
  and	
  
petroleum	
  products,	
  1998,	
  
source:	
  NBER-­‐United	
  Na.ons	
  
Trade	
  Data	
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Undirected degree, e.g. nodes with more friends are more 
central. 

Assumption: the connections that your friend has don't 
matter, it is what they can do directly that does (e.g. go 
have a beer with you, help you build a deck...) 

puvng	
  numbers	
  to	
  it	
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divide degree by the max. possible, i.e. (N-1) 

normaliza.on	
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Freeman’s general formula for centralization (can use other 
metrics, e.g. gini coefficient or standard deviation): 

€ 

CD =
CD (n

*) −CD (i)[ ]i=1

g
∑
[(N −1)(N − 2)]

How much variation is there in the centrality scores among 
the nodes? 

maximum value in the network 

centraliza.on:	
  skew	
  in	
  distribu.on	
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CD = 0.167 

CD = 0.167 

CD = 1.0 

degree	
  centraliza.on	
  examples	
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example financial trading networks 

high in-centralization: 
one node buying from 
many others 

low in-centralization: 
buying is more evenly 
distributed 

real-­‐world	
  examples	
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In what ways does degree fail to capture centrality in the 
following graphs? 

what	
  does	
  degree	
  not	
  capture?	
  



Stanford	
  Social	
  Web	
  (ca.	
  1999)	
  

network	
  of	
  personal	
  homepages	
  at	
  Stanford	
  



Brokerage	
  not	
  captured	
  by	
  degree	
  

Y 

X 
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Review:	
  shortest	
  path	
  in	
  a	
  network	
  

by	
  Wayne	
  Wolf,	
  Princeton	
  University	
  



•  intuition: how many pairs of individuals 
would have to go through you in order to 
reach one another in the minimum number 
of hops? 

Y X 

betweenness:	
  capturing	
  brokerage	
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€ 

CB (i) = g jk (i) /g jk
j<k
∑

Where gjk = the number of shortest paths connecting jk  
  gjk(i) = the number that actor i is on. 

Usually normalized by: 

€ 

CB
' (i) = CB (i ) /[(n −1)(n − 2) /2]

number of pairs of vertices 
excluding the vertex itself 

betweenness:	
  defini.on	
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betweeness	
  on	
  toy	
  network	
  
•  non-normalized version: 
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betweeness	
  on	
  toy	
  networks	
  
•  non-normalized version: 

A B C E D 

n  A lies between no two other vertices 
n  B lies between A and 3 other vertices: C, D, and E 
n  C lies between 4 pairs of vertices (A,D),(A,E),(B,D),(B,E) 

n  note that there are no alternate paths for these pairs to 
take, so C gets full credit 
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betweenness	
  on	
  toy	
  networks	
  
•  non-normalized version: 
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betweenness	
  on	
  toy	
  networks	
  
•  non-normalized version: 

A B 

C 

E 

D 

n  why do C and D each have 
betweenness 1? 

n  They are both on shortest 
paths for pairs (A,E), and (B,E), 
and so must share credit: 
n  ½+½ = 1 
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Quiz	
  Ques.on	
  
•  What	
  is	
  the	
  betweenness	
  of	
  node	
  E?	
  

E 
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a)  0.5	
  

b)  1	
  

c)  1.5	
  

d)  2	
  



Quiz	
  Q:	
  

¤ Find a node that has high betweenness but 
low degree 
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Quiz	
  Q:	
  

¤ Find a node that has low betweenness but 
high degree 
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closeness	
  

•  What	
  if	
  it’s	
  not	
  so	
  important	
  to	
  have	
  many	
  
direct	
  friends?	
  

•  Or	
  be	
  “between”	
  others	
  
•  But	
  one	
  s.ll	
  wants	
  to	
  be	
  in	
  the	
  “middle”	
  of	
  
things,	
  not	
  too	
  far	
  from	
  the	
  center	
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need	
  not	
  be	
  in	
  a	
  brokerage	
  posi.on	
  

Y X 

Y 

X 

Y
 

X
 

Y
 

X
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Closeness is based on the length of the average shortest 
path between a node and all other nodes in the network 

€ 

Cc (i) = d(i, j)
j=1

N

∑
# 

$ 
% 
% 

& 

' 
( 
( 

−1

CC
' (i) = (CC (i))*(N −1)

Closeness Centrality: 

Normalized Closeness Centrality 

closeness:	
  defini.on	
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Cc
' (A) =

d(A, j)
j=1

N

∑

N −1

#

$

%
%
%
%

&

'

(
(
(
(

−1

=
1+ 2+3+ 4

4
#

$%
&

'(

−1

=
10
4

#

$%
&

'(

−1

= 0.4

A B C E D 

closeness:	
  toy	
  example	
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closeness:	
  more	
  toy	
  examples	
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Quiz	
  Q:	
  

Which	
  node	
  has	
  
rela.vely	
  high	
  degree	
  
but	
  low	
  closeness?	
  

by	
  Lada	
  Adamic,	
  U	
  Michigan	
  

a)  I	
  

b)  J	
  	
  

c)  E	
  

d)  O	
  



What	
  else	
  can	
  shortest-­‐path	
  be	
  used	
  
for?	
  

•  What	
  is	
  the	
  radius	
  of	
  a	
  network?	
  
•  Define	
  the	
  diameter	
  of	
  a	
  network?	
  

•  …	
  you	
  will	
  see	
  this	
  in	
  the	
  lab	
  session	
  this	
  
aYernoon.	
  



Transi.vity,	
  triadic	
  closure,	
  clustering	
  
¤ Transi.vity:	
  	
  

¤  if	
  A	
  is	
  connected	
  to	
  B	
  and	
  B	
  is	
  connected	
  to	
  C	
  
what	
  is	
  the	
  probability	
  that	
  A	
  is	
  connected	
  to	
  C?	
  

¤ my	
  friends’	
  friends	
  are	
  likely	
  to	
  be	
  my	
  friends	
  

A 

B 

C 
? 
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Clustering	
  

C	
  =	
  

•  Global	
  clustering	
  coefficient	
  
3	
  x	
  number	
  of	
  triangles	
  in	
  the	
  graph	
  
number	
  of	
  connected	
  triples	
  of	
  ver.ces	
  

3	
  x	
  number	
  of	
  triangles	
  in	
  the	
  graph	
  

number	
  of	
  connected	
  triples	
  

by	
  Lada	
  Adamic,	
  U	
  Michigan	
  

Ques.on:	
  How	
  long	
  will	
  be	
  a	
  naïve	
  algorithm	
  take	
  to	
  compute	
  clustering	
  coefficient?	
  
O(n),	
  O(nlogn),	
  O(n^2),	
  O(n^3),	
  …	
  ?	
  



Local	
  clustering	
  coefficient	
  (WaNs&Strogatz	
  1998)	
  

•  For	
  a	
  vertex	
  i	
  
– The	
  frac.on	
  pairs	
  of	
  neighbors	
  of	
  the	
  node	
  that	
  
are	
  themselves	
  connected	
  

– Let	
  ni	
  be	
  the	
  number	
  of	
  neighbors	
  of	
  vertex	
  i	
  

Ci	
  =	
  

Ci	
  directed	
  =	
  

Ci	
  undirected	
  =	
  

#	
  of	
  connec.ons	
  between	
  i’s	
  neighbors	
  
max	
  #	
  of	
  possible	
  connec.ons	
  between	
  i’s	
  neighbors	
  

	
   	
  	
  

#	
  directed	
  connec.ons	
  between	
  i’s	
  neighbors	
  
	
   	
   	
  ni	
  *	
  (ni	
  -­‐1)	
  

	
  

#	
  undirected	
  connec.ons	
  between	
  i’s	
  neighbors	
  
	
   	
   	
  ni	
  *	
  (ni	
  -­‐1)/2	
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Local	
  clustering	
  coefficient	
  (WaNs&Strogatz	
  1998)	
  

•  Average	
  over	
  all	
  n	
  ver.ces	
  
	
   	
   	
  	
  

∑=
i

iCn
C 1

i 

ni	
  =	
  4	
  
max	
  number	
  of	
  connec.ons:	
  
4*3/2	
  =	
  6	
  
3	
  connec.ons	
  present	
  
Ci	
  =	
  3/6	
  =	
  0.5	
  

link	
  absent	
  
link	
  present	
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Quiz	
  Q:	
  

•  The	
  clustering	
  coefficient	
  for	
  vertex	
  A	
  is:	
  

A 

by	
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  U	
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Explana.on	
  

•  ni	
  =	
  3	
  
•  there	
  are	
  2	
  connec.ons	
  present	
  out	
  of	
  max	
  of	
  
3	
  possible	
  

•  Ci	
  =	
  2/3	
  

A 

by	
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  U	
  Michigan	
  



Network	
  Descrip.on:	
  so	
  far	
  

•  Represen.ng	
  a	
  network	
  as	
  a	
  graph	
  

•  Connected	
  components:	
  strong,	
  weak,	
  …	
  	
  
•  Centrality:	
  degree,	
  betweeness,	
  closeness,	
  …	
  (and	
  
many	
  more)	
  

•  Clustering	
  coefficient	
  and	
  triadic	
  closure	
  

•  Up	
  next:	
  Is	
  the	
  network	
  composed	
  of	
  
communi.es?	
  	
  



Finding	
  Communi.es	
  

Lecture	
  slides	
  credit:	
  Lada	
  Adamic,	
  Univ.	
  Michigan	
  
Jure	
  Leskovec,	
  Stanford	
  University	
  

	
  

Lexing	
  Xie	
  
Research	
  School	
  of	
  Computer	
  Science	
  	
  



Outline	
  

•  why	
  do	
  we	
  look	
  for	
  community	
  structure?	
  
•  we	
  need	
  to	
  define	
  it	
  in	
  order	
  to	
  find	
  it	
  
•  approaches	
  to	
  finding	
  it	
  

	
  

	
  
	
  



Why	
  do	
  it?	
  

•  Discover	
  communi.es	
  of	
  prac.ce	
  

•  Measure	
  isola.on	
  of	
  groups	
  

•  Understand	
  opinion	
  dynamics	
  /	
  adop.on	
  

by	
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Why	
  look	
  for	
  community	
  structure?	
  

example:	
  
	
  email	
  spectroscopy	
  

by	
  Lada	
  Adamic,	
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Zachary	
  Karate	
  Club	
  	
  

source:Easley/Kleinberg	
  	
  
by	
  Lada	
  Adamic,	
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Why	
  look	
  for	
  community	
  structure?	
  

Sawmill	
  network:	
  source	
  Exploratory	
  Social	
  Network	
  Analysis	
  with	
  Pajek	
  

Key,	
  H	
  =	
  hispanic,	
  E	
  =	
  english	
  
P	
  =	
  planing,	
  M	
  =	
  milling,	
  Y	
  =	
  yard	
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Quiz	
  Q:	
  

•  The	
  management	
  at	
  the	
  sawmill	
  was	
  having	
  
difficulty	
  persuading	
  the	
  workers	
  to	
  adopt	
  a	
  new	
  
plan,	
  even	
  though	
  everyone	
  would	
  benefit.	
  In	
  
par.cular	
  the	
  Hispanic	
  workers	
  (H)	
  were	
  
reluctant	
  to	
  agree.	
  The	
  management	
  called	
  in	
  a	
  
sociologist	
  who	
  mapped	
  out	
  who	
  talked	
  to	
  whom	
  
regularly.	
  Then	
  they	
  suggested	
  that	
  the	
  
management	
  talk	
  to	
  Juan	
  and	
  have	
  him	
  talk	
  to	
  
the	
  Hispanic	
  workers.	
  It	
  was	
  a	
  success,	
  promptly	
  
everyone	
  was	
  on	
  board	
  with	
  the	
  new	
  plan.	
  Why?	
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What	
  makes	
  a	
  community?	
  

by	
  Lada	
  Adamic,	
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Affilia.on	
  Networks	
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Cliques	
  



Cliques	
  



k-­‐cores:	
  similar	
  idea,	
  less	
  stringent	
  







Use	
  reachability	
  and	
  diameter?	
  





p-­‐clique:	
  frac.on	
  of	
  in-­‐group	
  .es	
  







Community	
  finding	
  vs.	
  other	
  
approaches	
  

•  Social	
  and	
  other	
  networks	
  have	
  a	
  natural	
  community	
  structure	
  
•  We	
  want	
  to	
  discover	
  this	
  structure	
  rather	
  than	
  impose	
  a	
  certain	
  size	
  

of	
  community	
  or	
  fix	
  the	
  number	
  of	
  communi.es	
  

•  Without	
  “looking”,	
  can	
  we	
  discover	
  community	
  structure	
  in	
  an	
  
automated	
  way?	
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betweenness	
  clustering	
  
•  Algorithm	
  

–  compute	
  the	
  betweenness	
  of	
  all	
  edges	
  
–  while	
  (betweenness	
  of	
  any	
  edge	
  >	
  threshold):	
  

•  remove	
  edge	
  with	
  highest	
  betweenness	
  
•  recalculate	
  betweenness	
  

•  Betweenness	
  needs	
  to	
  be	
  recalculated	
  at	
  each	
  step	
  
–  removal	
  of	
  an	
  edge	
  can	
  impact	
  the	
  betweenness	
  of	
  another	
  
edge	
  

–  very	
  expensive:	
  all	
  pairs	
  shortest	
  path	
  –	
  O(N3)	
  
–  may	
  need	
  to	
  repeat	
  up	
  to	
  N	
  .mes	
  
–  does	
  not	
  scale	
  to	
  more	
  than	
  a	
  few	
  hundred	
  nodes,	
  even	
  with	
  
the	
  fastest	
  algorithms	
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betweenness	
  clustering	
  algorithm	
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betweenness	
  clustering:	
  
•  successively	
  remove	
  edges	
  of	
  highest	
  betweenness	
  (the	
  bridges,	
  or	
  local	
  

bridges),	
  breaking	
  up	
  the	
  network	
  into	
  separate	
  components	
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betweenness	
  clustering	
  algorithm	
  &	
  the	
  karate	
  club	
  data	
  set	
  

source:	
  Girvan	
  and	
  Newman,	
  PNAS	
  June	
  11,	
  2002	
  99(12):7821-­‐7826	
  	
  	
  



Modularity	
  
•  Consider	
  edges	
  that	
  fall	
  within	
  a	
  community	
  or	
  
between	
  a	
  community	
  and	
  the	
  rest	
  of	
  the	
  network	
  

•  Define	
  modularity:	
  

),(
22

1
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vw cc

m
kkA

m
Q δ∑ ⎥

⎦

⎤
⎢
⎣

⎡
−=

probability	
  of	
  an	
  edge	
  between	
  
two	
  ver.ces	
  is	
  propor.onal	
  to	
  their	
  
degrees	
  

if	
  ver.ces	
  are	
  in	
  the	
  same	
  
community	
  

adjacency	
  matrix	
  

n  For	
  a	
  random	
  network,	
  Q	
  =	
  0	
  
n  the	
  number	
  of	
  edges	
  within	
  a	
  community	
  is	
  no	
  different	
  from	
  what	
  

you	
  would	
  expect	
  

Finding	
  community	
  structure	
  in	
  very	
  large	
  networks	
  
Authors:	
  Aaron	
  Clauset,	
  M.	
  E.	
  J.	
  Newman,	
  Cristopher	
  Moore	
  	
  2004	
  by	
  Lada	
  Adamic,	
  U	
  Michigan	
  



Modularity	
  

•  Algorithm	
  
–  start	
  with	
  all	
  ver.ces	
  as	
  isolates	
  
–  follow	
  a	
  greedy	
  strategy:	
  

•  successively	
  join	
  clusters	
  with	
  the	
  greatest	
  increase	
  ΔQ	
  in	
  modularity	
  
•  stop	
  when	
  the	
  maximum	
  	
  possible	
  ΔQ	
  <=	
  0	
  from	
  joining	
  any	
  two	
  	
  

–  successfully	
  used	
  to	
  find	
  community	
  structure	
  in	
  a	
  graph	
  
with	
  >	
  400,000	
  nodes	
  with	
  >	
  2	
  million	
  edges	
  

•  Amazon’s	
  people	
  who	
  bought	
  this	
  also	
  bought	
  that…	
  
–  alterna.ves	
  to	
  achieving	
  op.mum	
  ΔQ:	
  

•  simulated	
  annealing	
  rather	
  than	
  greedy	
  search	
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Finding	
  community	
  structure	
  in	
  very	
  large	
  networks	
  
Authors:	
  Aaron	
  Clauset,	
  M.	
  E.	
  J.	
  Newman,	
  Cristopher	
  Moore	
  	
  2004	
  



modularity 
can help us 

visualize large 
networks 
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What	
  if	
  communi.es	
  overlap?	
  

•  	
  Recent	
  research	
  has	
  found	
  that	
  for	
  
communi.es	
  such	
  as	
  Orkut	
  and	
  FlickR,	
  
community	
  finding	
  algorithms	
  cannot	
  iden.fy	
  
communi.es	
  of	
  more	
  than	
  ~100	
  nodes	
  

•  Sta.s.cal	
  Proper.es	
  of	
  Community	
  Structure	
  
in	
  Large	
  Social	
  and	
  Informa.on	
  Networks	
  by	
  J.	
  
Leskovec,	
  K.	
  Lang,	
  A.	
  Dasgupta,	
  M.	
  Mahoney.	
  
Interna+onal	
  World	
  Wide	
  Web	
  Conference	
  
(WWW),	
  2008.	
  [Video]	
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Clique	
  finder	
  
•  	
  hNp://cfinder.org	
  

Uncovering	
  the	
  overlapping	
  
community	
  structure	
  of	
  
complex	
  networks	
  in	
  nature	
  and	
  
society	
  G.	
  Palla,	
  I.	
  Derényi,	
  I.	
  
Farkas,	
  and	
  T.	
  Vicsek:	
  Nature	
  
435,	
  814–818	
  (2005)	
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a)  0	
  

b)  1	
  

c)  2	
  

d)  3	
  



high-­‐res	
  maps	
  of	
  science	
  
hNp://www.plosone.org/ar.cle/info%3Adoi%2F10.1371%2Fjournal.pone.0004803	
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high-­‐res	
  maps	
  of	
  science	
  
hNp://www.plosone.org/ar.cle/info%3Adoi%2F10.1371%2Fjournal.pone.0004803	
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high-­‐res	
  maps	
  of	
  science	
  
hNp://www.plosone.org/ar.cle/info%3Adoi%2F10.1371%2Fjournal.pone.0004803	
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Community	
  Finding:	
  wrap	
  up	
  

– community	
  structure	
  is	
  a	
  way	
  of	
  ‘x-­‐raying’	
  the	
  
network,	
  finding	
  out	
  what	
  it’s	
  made	
  of	
  

– you	
  can	
  look	
  for	
  specific	
  structures	
  
•  k-­‐cliques,	
  k-­‐cores,	
  etc.	
  

– but	
  most	
  popular	
  is	
  to	
  discover	
  the	
  “natural”	
  
community	
  boundaries	
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