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Big	
  Data,	
  Little	
  Insight	
  
!  Growing	
  shi1	
  to	
  online	
  interac6on	
  is	
  affec6ng	
  society	
  

!  Example:	
  opinion	
  forma6on	
  and	
  decision	
  making	
  
!  Government,	
  Industry,	
  Academia	
  have	
  taken	
  no6ce	
  

!  User	
  "	
  Thousands	
  of	
  small	
  ac6ons	
  (tweets,	
  likes,	
  comments,	
  
clicks,…)	
  	
  
!  In	
  aggregate	
  define	
  the	
  atmosphere	
  online	
  	
  

!  Compelling	
  to	
  study	
  human	
  behavior	
  online	
  	
  
!  Challenge:	
  scale	
  and	
  noisiness	
  	
  

! We	
  don’t	
  understand	
  collec6ve	
  human	
  behavior	
  online	
  	
  
Computer	
  science,	
  Physics,	
  Sta6s6cs,	
  Engineering,	
  Economics,	
  
Management,	
  Sociology,	
  Poli6cal	
  science,	
  Psychology,	
  
Journalism,	
  Linguis6cs	
  ….	
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Background	
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Data	
   Network	
  
model	
  

Detect	
  
paYerns	
  

Predict	
  

Problems	
  Explicit	
  (e.g.	
  friendships)	
  
Implicit	
  (e.g.	
  interac6ons)	
  

Supervised,	
  
Unsupervised,	
  	
  	
  	
  
Probabilis6c,	
  
Determinis6c,	
  

etc.	
  	
  

Methods/Approaches	
  

!  Examples:	
  
!  Friendship	
  recommenda6ons	
  	
  
!  Predic6on	
  of	
  popularity	
  (e.g.	
  films)	
  



Promise	
  for	
  Social	
  Sciences	
  
!  Access	
  to	
  highly	
  granular,	
  6me-­‐stamped	
  data	
  
!  Datasets	
  raise	
  hopes	
  for	
  data-­‐driven	
  models	
  in	
  social	
  sciences	
  

!  Scale,	
  complexity,	
  and	
  noisiness	
  
!  Predicated	
  on	
  automated	
  methods	
  to	
  extract	
  summa%ve	
  
macroscopic	
  observables	
  
!  Equivalents	
  of	
  pressure	
  and	
  temperature	
  

!  Current	
  approaches:	
  
!  Summarizing	
  the	
  network:	
  e.g.	
  graph-­‐theore6c	
  communi6es	
  
!  Summarizing	
  the	
  content:	
  e.g.	
  Topic	
  Modeling	
  

!  Hidden	
  topics	
  derived	
  through	
  word	
  co-­‐occurrence	
  across	
  
documents	
  

!  Computa6onally	
  intensive	
  
!  Mathema6cal	
  regulariza6on	
  rather	
  than	
  social	
  regulariza6on	
  



Focus	
  of	
  Talk	
  
!  Content	
  oriented	
  collec6ve	
  behavior	
  
! Macroscopic	
  observables	
  to	
  extract:	
  

!  Collec%ve	
  behavior:	
  different	
  meanings	
  across	
  many	
  tradi6ons.	
  	
  
!  Here	
  we	
  use	
  it	
  in	
  a	
  general	
  sense:	
  a`tudes	
  and	
  ac6ons	
  of	
  groups	
  of	
  
users	
  

!  Collec6ve	
  behavior	
  in	
  social	
  news	
  
!  Content-­‐oriented:	
  involving	
  users’	
  crea6on,	
  sharing,	
  and	
  
promo6on	
  of	
  content	
  and	
  their	
  a`tudes	
  toward	
  content	
  (text	
  
or	
  other	
  material)	
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!  Social	
  news	
  aggrega6on	
  sites	
  have	
  ar6cle	
  submission,	
  
vo6ng,	
  and	
  commen6ng	
  capabili6es	
  
!  Examples:	
  Reddit,	
  Digg,	
  Slashdot,	
  Balatarin	
  

Social	
  News	
  



Motivating	
  Questions	
  
!  How	
  would	
  one	
  begin	
  to	
  understand	
  the	
  user	
  popula6on?	
  	
  
!  Theory	
  of	
  structura6on	
  	
  (Anthony	
  Giddens)	
  

!  Emphasizes	
  both	
  agency	
  and	
  structure	
  

	
  
	
  
	
  
	
  
!  If	
  these	
  structures	
  exist	
  they	
  must	
  manifest	
  themselves	
  in	
  
aggregated	
  data.	
  

!  Once	
  we	
  can	
  detect	
  macro	
  structures	
  (collec6ve	
  behavior),	
  we	
  
can	
  answer	
  other	
  ques6ons:	
  
!  Do	
  users	
  form	
  polarized	
  and	
  insular	
  groups?	
   	
  	
  
!  Does	
  one	
  group	
  dominate	
  or	
  drive	
  out	
  other	
  groups?	
  	
  
!  How	
  do	
  external	
  events	
  affect	
  these	
  dynamics?	
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User	
  
agency	
   Structure	
  

MICRO	
   MACRO	
  

User	
  Ac6ons	
   Collec6ve	
  Behavior	
  



Dataset	
  and	
  Methodology	
  
! Balatarin:	
  popular	
  Persian-­‐language	
  social	
  news	
  site	
  

!  4	
  years	
  of	
  data:	
  users,	
  ar6cles,	
  and	
  user	
  votes	
  to	
  ar6cles	
  	
  

!  Poli6cs	
  Category:	
  26,000	
  users	
  350,000	
  ar6cles,	
  9.2M	
  votes	
  	
  

! Votes:	
  user	
  ac6ons	
  
!  Explicit	
  indicators	
  of	
  user	
  preference	
  for	
  content	
  	
  

!  Other	
  examples:	
  Like	
  (Facebook),	
  up-­‐vote	
  (Reddit),	
  +1	
  (G+),	
  Digg	
  

!  Detect	
  communi6es	
  of	
  users	
  with	
  similar	
  vo6ng	
  paYerns	
  and	
  
track	
  these	
  communi6es'	
  temporal	
  evolu6on.	
  	
  

!  Characterize	
  evolving	
  communi6es	
  through	
  their	
  preferred	
  
content	
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Methodology	
  	
  

C1	
   C2	
   C3	
  Time	
  =	
  t1	
  

C1	
   C2	
  Time	
  =	
  t2	
  

C1	
   C2	
  Time	
  =	
  t3	
  

Divide	
  data	
  
into	
  periods	
  

Detect	
  user	
  
communi6es	
  
in	
  each	
  period	
  

Map	
  
consecu6ve	
  
communi6es	
  

Extract	
  
representa6ve	
  

ar6cles	
  

Extract	
  
representa6ve	
  
terms	
  and	
  	
  
domains	
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Path	
  summary:	
  
•  Representa6ve	
  Domains	
  
•  Representa6ve	
  Words	
  

Divide	
  data	
  into	
  consecu6ve	
  overlapping	
  6me	
  periods	
  (30	
  days,	
  14	
  day	
  overlap).	
  	
  



Communities	
  	
  
!  Higher	
  density	
  of	
  edges	
  within	
  communi6es	
  
than	
  between	
  them	
  

! Modularity*	
  =	
  frac6on	
  of	
  edges	
  that	
  belong	
  to	
  
the	
  same	
  community	
  in	
  the	
  graph	
  minus	
  the	
  null	
  
model	
  

!  Null	
  model:	
  
!  Graph	
  with	
  same	
  degree	
  sequence	
  
!  Connect	
  pairs	
  of	
  edge	
  stubs	
  (2m)	
  at	
  random	
  

!  Op6mize	
  by	
  itera6vely	
  joining	
  communi6es,	
  
star6ng	
  with	
  single-­‐node	
  communi6es.	
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kx	
  =	
  3	
  
ky	
  =	
  6	
  

Communities that vertices 
x and y belong to	



Number of edges in the graph	



*	
  Developed	
  by	
  Girvan,	
  Clauset,	
  Newman	
  	
  



!  In	
  each	
  6me	
  period	
  votes	
  create	
  a	
  bipar6te	
  graph	
  of	
  ar6cles	
  
and	
  users	
  

!  Project	
  to	
  a	
  weighted	
  unipar6te	
  network	
  

Bipartite	
  Projection	
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Weight between users x and y	


X: set of articles voted for by user x	


Y: set of articles voted for by user y	


n: set cardinality	



will use them as clear and simple signals that can be used to
infer user orientation toward content. For example, intuition
suggests that communities of users that prefer and promote
the same political articles will have similar political leanings,
while explicit friendships do not necessarily suggest similar
political orientations. Based on votes cast by users in a bi-
partite network of users and articles, we detect communities
of users with similar voting patterns and track these commu-
nities’ temporal evolution. We then identify representative
content for each community based on their vote bias, and
perform more detailed analysis on text and source of these
representative sets, teasing out persistent themes.

We apply this methodology to a social news site, named Bal-
atarin2 (translated The Highest), which is a mainly Persian-
language website. This platform is suitable for our pur-
pose because it played a significant role during an impor-
tant political event, i.e. the Iranian post-election uprising
in 2009, dubbed the Green Movement. Balatarin became
a hub for disseminating information and a space for people
to exchange opinions, propose ideas and even organize to
take action to protest in the real world. Some of the more
well-known US-based examples of similar social news sites
are Reddit3, Slashdot4 and Digg5.

Our methodology produces a novel visualization of political
dynamics throughout the 4-year duration of the data, finding
politics-based evolution paths in multi-issue contexts, and
extracting the bias in text and source of content. We are able
to observe the patterns at di�erent granularities by produc-
ing summaries at multiple scales and at di�erent times. We
focus on four example paths and show that as much as 40%
of users stayed in the same path after one year, indicating an
implicit yet enduring community of users with consistently
similar preference for content. We also find highly specific
and persistent themes within some paths, relating to issues
(such as international relations) or or political orientations
(such as pro Green Movement). The visualizations shows
that an external event (post-election uprising) had a sud-
den e�ect on these dynamics, causing major reorganization
of communities. Finally, we evaluate the coherence within
each path by studying the entropy of publication sources
from representative content and find as much as 72% reduc-
tion in diversity of domains within a path. More detailed
results are discussed in section 2.3

In the next section we describe the steps of the method-
ology and include our proposed evaluation method. Sec-
tion 3 describes the implementation of the methodology on
our dataset and details its results. Section 4 presents an
overview of related work and Section 5 discusses further
ideas and concludes the paper.

2. DESCRIPTION OF METHODOLOGY
In this section we will describe the steps of the methodology:
defining the network and implementation of community de-
tection and evolution in successive times. We then produce
content summaries of evolving communities and propose a

2balatarin.com
3www.reddit.com
4slashdot.org
5digg.com

method to evaluate the results.

2.1 Community Evolution
To group users who vote similarly, we define a bipartite net-
work of users and articles where each edge is a vote cast
by a user to an article. Figure 1 illustrates this structure.
We project this bipartite network onto a weighted unipar-
tite (single-mode) graph consisting of users only, where the
weight of an edge between two users reflects how similarly
they vote. The edge weight between a pair of users (x, y) is
computed using the Jaccard Index:

Wjaccard =
n(X ⇤ Y )
n(X ⇥ Y )

(1)

where X and Y are sets of articles voted for by user x and
y respectively, and n stands for set cardinality.

Users Articles 

Figure 1: (Left) Bipartite graph of users and arti-
cles. (Right) Example of projected graph of users
and the communities found in a one month time-
frame of data, each community in a di�erent color.

In the study of network topologies one of the most widely
used measures of community formation is the modularity
metric [11], which compares the number of edges between
vertices belonging to the same community to the expected
number of edges among the same nodes in a null model– i.e.
a random graph with the same degree sequence. We use the
expression for modularity of a weighted graph defined in [27]
as:

Q =
1

2W

�

i,j

(Wij �
sisj
2W

)�(ci, cj), (2)

where Aij is the number of edges between vertices i and j,
Pij is the expected number of edges between vertices i and
j in the null model, and ci is the community that vertex i
belongs to. W is the sum of the weights of all edges and si
is the strength of vertex i defined as the sum of the weights
of edges adjacent to the vertex.

To find sequences of such vote-based communities, we first
construct bipartite graphs and their single-mode projections
for the data in consecutive time frames. Then, using a fast
modularity maximization algorithm [6], we find communities
for each time frame6. Figure 1 shows a visual example of

6The algorithm used here as well as another more recent
modularity maximization algorithm by Blondel et. al [4]
are essentially linear in running time for sparse graphs and
therefore can be used e⇥ciently for massive datasets.

Users Articles 



Detect	
  and	
  Map	
  Communities	
  
!  For	
  a	
  weighted	
  graph	
  

!  Replace	
  Axy	
  with	
  Wxy	
  and	
  m	
  with	
  total	
  weight	
  in	
  the	
  graph,	
  W.	
  	
  
!  Replace	
  vertex	
  degree	
  kx	
  with	
  vertex	
  strength	
  sx	
  

!  Communi6es	
  reflect	
  users	
  with	
  similar	
  content	
  preference	
  
!  Map	
  consecu6ve	
  communi6es	
  based	
  on	
  user	
  overlaps.	
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Ci	
  Time	
  =	
  t1	
  

Cj	
   Ck	
  Time	
  =	
  t2	
  
.	
  

0.04	
  0.5	
  

Users in community i	





DeHine	
  an	
  Evolution	
  Path	
  
!  Define	
  a	
  path	
  as	
  consecu6ve	
  mapping	
  of	
  
communi6es	
  with	
  no	
  merges	
  or	
  splits	
  las6ng	
  a	
  
minimum	
  dura6on	
  (at	
  least	
  3	
  months	
  long)	
  

!  Size	
  of	
  each	
  oval	
  represents	
  size	
  of	
  community	
  

C1	
   C2	
   C3	
  Time	
  =	
  t1	
  

C1	
   C2	
  Time	
  =	
  t2	
  

C1	
   C2	
  Time	
  =	
  t3	
  13	
  

1	
  month	
  



Time	
  14	
  

June	
  2009	
  



!  In	
  each	
  6me	
  window,	
  find	
  ar6cles	
  that	
  are	
  highly	
  preferred	
  by	
  
each	
  community	
  

!  Assuming	
  each	
  community	
  votes	
  for	
  ar6cles	
  at	
  random	
  with	
  
probability:	
  

	
  
!  Then	
  probability	
  that	
  oij	
  of	
  an	
  ar6cle’s	
  Nj	
  votes	
  come	
  from	
  
community	
  i:	
  

	
  

	
  
!  For	
  oij	
  >	
  pi.Nj	
  ,	
  the	
  lower	
  this	
  probability,	
  the	
  higher	
  the	
  
preference	
  of	
  community	
  i	
  for	
  ar6cle	
  j	
  	
  	
  

Representative	
  Content	
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Observed number of  votes from 
community i to article j	

Total votes received 

by  article j	



Votes cast by 
community i	



Votes cast by all 
communities	





Representative	
  Terms	
  and	
  
Domains	
  
!  Representa6ve	
  terms	
  (in	
  ar6cles	
  preferred	
  by	
  a	
  community)	
  

	
  
!  Aggregate	
  these	
  terms	
  as	
  well	
  as	
  the	
  websites	
  of	
  preferred	
  
ar6cles	
  over	
  each	
  path	
  

Representa6ve	
  domains	
  
and	
  terms	
  for	
  one	
  path	
  

Normalized term frequency of 
term T in community C	



Normalized term frequency of term T 
in all communities in the period	
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The	
  Green	
  Movement	
  
Massive	
  protests	
  and	
  their	
  subsequent	
  
violent	
  crackdown	
  coincide	
  with	
  a	
  major	
  

change	
  in	
  dynamics	
  of	
  the	
  site	
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G: Iran’s foreign affairs: 
nuclear talks, US, Russia, 
Europe, Iraq, and the 
Israeli-Palestinian conflict. 
Highly concentrated on 
major news agencies 
outside Iran (especially the 
BBC Persian). 	



N: Articles about human rights 
violations committed against 
the protesters by the 
government and the arrests of 
activists. 	



B: Articles published by 
conservative fundamentalist 
websites. 	



I, K, L: Large pro-Green 
Movement consecutive paths. 
YouTube videos of protests 
and eyewitness accounts are 
the focal points. 	



J: Against prominent 
reformist figures. 	





Principal	
  Component	
  Analysis	
  
Corroborates	
  Path	
  Meanings	
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•  PCA	
  plot	
  of	
  core-­‐user	
  overlaps	
  

•  A	
  temporal	
  and	
  a	
  poli6cal	
  
dimension	
  emerge	
  as	
  a	
  result	
  
of	
  PCA	
  analysis	
  on	
  user	
  
overlaps	
  in	
  paths.	
  	
  

•  First	
  two	
  components	
  explain	
  
43%	
  of	
  variance	
  

•  Contents	
  of	
  paths	
  agree	
  with	
  
path	
  posi6ons	
  in	
  the	
  PCA	
  
poli6cal	
  dimension.	
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Domain	
  Recurrence	
  
!  Are	
  some	
  domains	
  repeatedly	
  preferred	
  in	
  a	
  path?	
  

!  Aggregate	
  domains	
  over	
  whole	
  path	
  and	
  count	
  their	
  recurrence	
  
!  Compare	
  with	
  count	
  of	
  domains	
  if	
  the	
  votes	
  were	
  drawn	
  at	
  random	
  

!  Draw	
  votes	
  at	
  random	
  and	
  note	
  their	
  domains	
  

!  Higher	
  rela6ve	
  recurrence	
  =	
  more	
  uniformity	
  in	
  domains	
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Path	
  Name	
  

Paths	
  with	
  high	
  recurrence:	
  
B(conserva6ve),	
  G(foreign	
  affairs),	
  
K(eyewitness)	
  

pi : Probability that an article from 
domain i is in the top n most 
preferred articles of a path.	





User	
  Retention	
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!  Paths	
  with	
  high	
  reten6on:	
  
G,	
  N,	
  K	
  

!  Paths	
  with	
  low	
  reten6on:	
  
B,	
  C,	
  E,	
  J,	
  H	
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Number of paths 

Average length of paths 

Parameter	
  variations	
  
!  Three	
  parameters	
  were	
  chosen:	
  

!  W	
  :	
  Window	
  length	
  for	
  each	
  6me	
  period	
  
!  S	
  :	
  Shi1	
  length	
  determines	
  overlap	
  between	
  consecu6ve	
  windows	
  
!  Th:	
  Threshold	
  for	
  elimina6on	
  of	
  low-­‐vote	
  users	
  

!  Overlapping	
  windows	
  of	
  size	
  W	
  shi1ed	
  S	
  days	
  at	
  each	
  period	
  

!  More	
  paths:	
  higher	
  
granularity	
  

!  Longer	
  path:	
  more	
  
consistency,	
  easier	
  
interpreta6on	
  

!  Prefer	
  more	
  and	
  
longer	
  paths	
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Alternative	
  dataset:	
  	
  
sports	
  
! Method	
  is	
  applicable	
  to	
  different	
  contexts	
  
!  Found	
  that	
  Sports	
  is	
  highly	
  event-­‐driven	
  with	
  
some	
  early	
  adopters	
  for	
  each	
  event,	
  joined	
  by	
  
the	
  rest	
  some	
  periods	
  later:	
  
!  Asian	
  (soccer)	
  cup	
  
!  Na6onal	
  leagues	
  
!  European	
  cup	
  
!  Paralympics	
  



Gestalt	
  
	
  Computing	
  
!  A	
  macro	
  structure	
  	
  

!  The	
  parts	
  create	
  the	
  whole	
  but	
  the	
  whole	
  adds	
  to	
  the	
  
parts	
  "	
  more	
  than	
  the	
  summa6on	
  of	
  its	
  parts.	
  	
  

!  Constructed	
  from	
  elementary	
  user	
  ac6ons	
  
!  More	
  than	
  sum	
  of	
  its	
  parts:	
  

!  Rela6onship	
  between	
  parts	
  of	
  the	
  structure.	
  	
  
!  What	
  is	
  not	
  there	
  as	
  well	
  as	
  what	
  is	
  there.	
  

!  We	
  began	
  with	
  elementary	
  ac6ons	
  (votes)	
  "	
  obtained	
  
global	
  structure	
  "	
  the	
  context	
  in	
  the	
  structure	
  gives	
  
back	
  meaning	
  to	
  individual	
  ac6ons	
  

Gestalt	
  principle	
  in	
  Design	
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From	
  the	
  Merriam-­‐Webster	
  dic6onary:	
  Gestalt	
  
is	
  a	
  structure,	
  configura6on,	
  or	
  paYern	
  of	
  
physical,	
  biological,	
  or	
  psychological	
  
phenomena	
  so	
  integrated	
  as	
  to	
  cons6tute	
  a	
  
func6onal	
  unit	
  with	
  proper6es	
  not	
  derivable	
  
by	
  summa6on	
  of	
  its	
  parts.	
  



Structure	
  Reveals	
  a	
  New	
  
Perspective	
  

! Comparing	
  two	
  users:	
  	
  2	
  of	
  
their	
  top	
  20	
  domains	
  are	
  
different.	
  

!  User	
  1	
  Simpson	
  Index:	
  0.41	
  
!  Core	
  users	
  in	
  paths	
  A,	
  F,	
  G,	
  N:	
  
Reformist,	
  Foreign	
  affairs,	
  
Human	
  rights.	
  

!  User	
  2	
  Simpson	
  Index:	
  0.34	
  
!  Core	
  user	
  in	
  paths	
  A,	
  C,	
  D,	
  G,	
  
K,	
  L,	
  N:	
  Reformist,	
  Weakly	
  
conserva6ve,	
  An6-­‐
Ahmadinejad,	
  Foreign	
  affairs,	
  
Eyewitness,	
  Human	
  rights.	
  

24	
  

Proportion of a 
user's activity 
that is in path i	



User	
  1	
  is	
  more	
  consistent	
  



In	
  Summary:	
  
!  Automated	
  and	
  unsupervised	
  	
  

!  Deriving	
  the	
  structure	
  requires	
  no	
  
expert	
  knowledge	
  of	
  the	
  forum	
  
under	
  study	
  

!  Paths	
  with	
  dis6nct	
  and	
  meaningful	
  
preferences.	
  	
  

!  Incorporates	
  both	
  users	
  and	
  
content	
  (vs.	
  just	
  one)	
  

!  Reveals	
  a	
  new	
  perspec6ve	
  
otherwise	
  unknown	
  

!  Applicable	
  to	
  other	
  contexts	
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•  Path	
  width:	
  number	
  of	
  unique	
  users	
  in	
  the	
  path.	
  	
  
•  Arrows:	
  inter-­‐path	
  migra6ons.	
  	
  
•  Darkness:	
  user	
  reten6on.	
  



Concluding	
  Remarks	
  
!  Automated	
  and	
  unsupervised	
  method	
  produced	
  poli6cal	
  
paths	
  with	
  dis6nct	
  and	
  meaningful	
  preferences.	
  	
  

!  Ques6ons:	
  
!  Does	
  the	
  approach	
  sacrifice	
  complexity	
  and	
  sophis6ca6on?	
  
!  Is	
  this	
  the	
  “single”	
  	
  “True”	
  structure?	
  	
  
!  Can	
  one	
  combine	
  user	
  ac6ons	
  with	
  different/mul6ple/undefined	
  
inten6ons?	
  

!  Ethical	
  considera6ons:	
  surveillance	
  and	
  privacy	
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Thank	
  You	
  


