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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	  3	  

•  Robustness	  
•  Cascades	  
•  Models	  of	  diffusion	  and	  spreading	  
•  Empirical	  studies	  
•  Research	  highlights	  at	  KDD	  LAB	  Pisa	  



Network	  robustness	  



Thex 
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A SIMPLE STORY (3):!

Network Science: Introduction 2012!



Complex systems maintain their basic functions even under errors and failures                                                             

cell → mutations 
There are uncountable number of mutations and other errors in our cells, yet, we do not notice their 
consequences. 

Internet → router breakdowns 
At any moment hundreds of routers on the internet are broken, yet, the internet as a whole does not 
loose its functionality. 

Where does robustness come from? 

There are feedback loops in most complex systems that keep tab on the 
component’s and the system’s ‘health’. 

Could the network structure affect a system’s robustness? 
Network Science: Robustness Cascades March 23, 2011!

ROBUSTNESS IN COMPLEX SYSTEMS!



node failure 

Could the network structure affect a system’s robustness? 

How do we describe in quantitave terms the breakdown of a 
network under node or link removal? 

~percolation theory~ 

ROBUSTNESS!

Network Science: Robustness Cascades March 23, 2011!
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(Inverse Percolation phase transition) 

f= fraction of removed nodes 

S 
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Damage is modeled as an inverse percolation process!
!



The interest in the robustness problem has three origins: 
 
à Robustness of complex systems is an important problem in many areas 

à Many real networks are not regular, but have a scale-free topology 

à In scale-free networks the scenario described above is not valid 

    Albert, Jeong, Barabási, Nature 406 378 (2000) 
Network Science: Robustness Cascades March 23, 2011!

ROBUSTNESS: OF SCALE-FREE NETWORKS!



1 

S 

0 1 f 
Albert, Jeong, Barabási, Nature 406 378 (2000) 

Scale-free networks do not appear to 
break apart under random failures.  
Reason: the hubs.  
The likelihood of removing a hub is small.  

Network Science: Robustness Cascades March 23, 2011!

ROBUSTNESS OF SCALE-FREE NETWORKS!



Internet 

failure 
attack 

R. Albert, H. Jeong, A.L. Barabasi, Nature 406 378 (2000) 

Internet: Router level map, N=228,263; γ=2.1±0.1;    κ=28   à   fc=0.962 
  
       AS  level map, N=  11,164; γ=2.1±0.1;    κ=264  à   fc=0.996 

€ 

fc =1− 1
κ −1

Internet parameters: Pastor-Satorras & Vespignani, Evolution and Structure of the Internet: Table 4.1 & 4.4 
Network Science: Robustness Cascades March 23, 2011!

INTERNET’S ROBUSTNESS TO RANDOM FAILURES!



1 

S 

0 1 f 
fc 

Attacks 

γ ≤ 3 : fc=1 
(R. Cohen et al PRL, 2000) 

Failures 

Robust-‐SF	  

Albert, Jeong, Barabási, Nature 406 378 (2000) 

Achilles’ Heel of scale-free networks 
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Achilles’ Heel of complex networks 

Internet 

failure 
attack 

Achilles	  Heel	  

R. Albert, H. Jeong, A.L. Barabasi, Nature 406 378 (2000) 
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Historical Detour: Paul Baran and Internet 

Achilles	  Heel	  

DECENTRALIZED DISTRIBUTEDCENTRALIZED
(A) (B) (C)

Station

Link

1958 
Network Science: Robustness Cascades March 23, 2011!



Scale-‐free	  networks	  are	  more	  error	  tolerant,	  
but	  also	  more	  vulnerable	  to	  aJacks	  	  

•  squares: random failure 
•  circles: targeted attack 

Failures: little effect on 
the integrity of the 
network.  
Attacks: fast breakdown 

S

l

Network Science: Robustness Cascades March 23, 2011!



Cascades	  



Cascades"

•  Informa3on	  cascades	  
	  	  	  	  	  social	  and	  economic	  

systems	  
	  	  	  	  	  diffusion	  of	  innova@ons	  
•  Cascading	  failures	  
	  	  	  	  	  infrastructural	  networks	  
	  	  	  	  	  complex	  organiza@ons	  

Poten@ally	  large	  events	  triggered	  by	  small	  ini@al	  shocks	  

Network Science: Robustness Cascades March 23, 2011!



Cascading Failures in Nature and 
Technology"

Cascades	  depend	  on	  
•  Structure	  of	  	  the	  network	  	  
•  Proper@es	  of	  the	  flow	  
•  Proper@es	  of	  the	  net	  elements	  
•  Breakdown	  mechanism	  

Blackout	  

Flows	  of	  physical	  quan33es	  	  
•  conges@ons	  
•  instabili@es	  
•  Overloads	  

Earthquake	   Avalanche	  

Network Science: Robustness Cascades March 23, 2011!



Northeast Blackout of 2003"

Consequences	  
More	  than	  508	  genera@ng	  units	  at	  265	  
power	  plants	  shut	  down	  during	  the	  
outage.	  In	  the	  minutes	  before	  the	  
event,	  the	  NYISO-‐managed	  power	  
system	  was	  carrying	  28,700	  MW	  of	  
load.	  At	  the	  height	  of	  the	  outage,	  the	  
load	  had	  dropped	  to	  5,716	  MW,	  a	  loss	  
of	  80%.	  

Origin	  
A	  3,500	  MW	  power	  surge	  (towards	  Ontario)	  
affected	  the	  transmission	  grid	  at	  4:10:39	  p.m.	  
EDT.	  (Aug-‐14-‐2003)	  

Before	  the	  blackout	  	  	  	  	  	  	  	  	  ALer	  the	  blackout	  

Network Science: Robustness Cascades March 23, 2011!



Cascades Size Distribution of 
Blackouts"

Probability	  of	  energy	  
unserved	  during	  North	  
American	  blackouts	  
1984	  to	  1998.	  

Source	   Exponent	   Quan3ty	  

North	  America	   2.0	   Power	  

Sweden	   1.6	   Energy	  

Norway	   1.7	   Power	  

New	  Zealand	   1.6	   Energy	  

China	   1.8	   Energy	  

Unserved	  energy/power	  magnitude	  (S)	  distribu3on	  	  

I.	  Dobson,	  B.	  A.	  Carreras,	  V.	  E.	  Lynch,	  D.	  E.	  Newman,	  CHAOS	  17,	  026103	  (2007)	  

P(S) ~ S −α, 1< α < 2 

Network Science: Robustness Cascades March 23, 2011!



Cascades Size Distribution of 
Earthquakes"

P(S) ~ S −α,α ≈ 1.67 

Earthquake	  size	  S	  distribu3on	  	  

Y.	  Y.	  Kagan,	  Phys.	  Earth	  Planet.	  Inter.	  	  135	  (2–3),	  173–209	  (2003)	  

Earthquakes	  during	  1977–2000.	  

Network Science: Robustness Cascades March 23, 2011!



Short Summary of Models: 
Universality"

Models	   Networks	   Exponents	  

Failure	  Proroga@on	  Model	   ER	   1.5	  

Overload	  Model	   Complete	  Graph	   1.5	  

BTW	  Sandpile	  Model	   ER/SF	   1.5	  (ER)	  	  
γ/(γ - 1)(SF)	  

Branching	  Process	  Model	   ER/SF	   1.5	  (ER)	  
γ/(γ - 1)(SF)	  

P(S) ~ S −3/2 

Universal	  for	  homogenous	  networks	  	  

Same	  exponent	  for	  percola@on	  too	  
(random	  failure,	  aJacking,	  etc.)	  

Network Science: Robustness Cascades March 23, 2011!



Epidemics	  and	  spreading	  



Network Science: Robustness Cascades March 23, 2011!

Epidemic spreading – Why?!

Why is the spreading process important? 



“Epidemic” !

Epi + demos 
upon               people 

Biological: 
Airborne diseases (flu, SARS, …) 
•  Venereal diseases (HIV, …)  
•  Other infectious diseases including 
some cancers (HPV, …) 
• Parasites (bedbugs, malaria, …) 

Digital: 
• Computer viruses, worms 
• Mobile phone viruses 

Conceptual/Intellectual: 
•  Diffusion of innovations 
•  Rumors 
•  Memes 
•  Business practices 

http://en.wikipedia.org/wiki/Epidemic 



The Great Plague SARS HIV 

Biological: Notable Epidemic Outbreaks!

1918 Spanish flu 

H1N1 flu 



Epidemic spreading – Why does it matter now?!

High population density High mobility 

à perfect conditions for epidemic spreading. 
Airline figure: L. Hufnagel et al. PNAS 101, 15124 (2004) 



Network Science: Robustness Cascades March 23, 2011!

Separate, small population 
(hunter-gatherer society, wild animals) 

Connected, highly populated areas 
(cities) 

Large population can provide the “fuel”!

Human societies have “crowd diseases”, which are the consequences of large, 
interconnected populations (Measles, tuberculosis, smallpox, influenza, common 
cold, …) 



14th Century – The Great Plague!

4 years from France to Sweden 
 
Limited by the speed of human travel 

http://en.wikipedia.org/wiki/Black_Death 
http://de.wikipedia.org/wiki/Schwarzer_Tod 



21st Century – SARS !

Source: World Health Organization 



Hypponen M. Scientific American Nov. 70-77 (2006). 

Computer Viruses, Worms, Mobile Phone Viruses!

Code Red Worm paralyzed many countries’ Internet 

http://www.caida.org/publications/visualizations/ 



Early 
adopters"

Innovators"

Early 
majority"

Late 
majority"

Laggards"

Broadcast"

Contagion"

Diffusion of Innovation – The Adoption Curve!



Spreading of Influence Information Spreading!



•  Epidemic	  spreading	  always	  implies	  network	  
structure!	  

Epidemic Spreading – Network!

Spreading happens only 
when the carries of the 
diseases/virus/idea are 
connected to each other. 



Epidemic Spreading – Network!

The transportation network Internet 



Epidemic Spreading – Network!

The transportation network Internet 

L. Hufnagel et al. PNAS 101, 15124 (2004) http://www.caida.org/publications/visualizations/ 



How	  to	  model	  diffusion?	  



Decision-‐based	  diffusion	  models	  

Collec@ve	  ac@on	  
[GranoveJer	  1978]	  





The	  model	  of	  collec@ve	  ac@on	  



Dynamics	  of	  collec@ve	  ac@on	  



Fragile	  vs.	  robust	  fixed	  points	  



Distribu@on	  of	  thresholds	  (trust)	  



Simula@on	  



Simula@on	  



Early 
adopters"

Innovators"

Early 
majority"

Late 
majority"

Laggards"

Broadcast"

Contagion"



Weaknesses	  of	  the	  CA	  model	  



Decision-‐based	  diffusion	  models	  

Game-‐theore@c	  models	  of	  cascades	  
[Moore	  2000]	  



Game	  theore@c	  models	  of	  cascades	  



Rules	  of	  the	  game	  



Decision	  rule	  for	  node	  v	  



Example	  















Stopping	  cascades	  



Stopping	  cascades	  



Empirical	  studies	  of	  cascading	  
behavior	  



The	  strength	  of	  weak	  @es	  …	  

•  For	  informa@on	  diffusion	  (spreading	  of	  news	  
and	  rumors	  on	  a	  social	  network)	  



The	  weakness	  of	  weak	  @es	  

•  Diffusion	  of	  innova3on	  /	  adop3on	  



The	  strength	  of	  the	  strong	  3es	  for	  the	  











James H. Fowler, Nicholas A. Christakis.  
Dynamic Spread of Happiness in a Large Social Network:  
Longitudinal Analysis Over 20 Years in the Framingham Heart Study 
British Medical Journal 337 (4 December 2008) 



Social influence  
or  

homophily? 



Research	  highlights	  



The Three Dimensions of Social 
Prominence  

Diego	  Pennacchioli2,3,	  Giulio	  Rosseu1,2,	  Luca	  Pappalardo1,2,	  
Fosca	  Giannou2,	  Dino	  Pedreschi1,2	  

	  
1	  Computer	  Science	  Dep.,	  University	  of	  Pisa,	  Italy	  {rosseu,pedre}@di.unipi.it	  

2	  ISTI	  -‐	  CNR	  KDDLab,	  Pisa,	  Italy	  {fosca.giannou,	  giulio.rosseu}@is@.cnr.it	  
3IMT	  Lucca,	  Italy	  

	  
	  



Social	  Influence:	  Leaders	  



Chiediamo	  a	  LAST.FM	  

80.000utenti, 4000.000 connessioni  



Leader	  finding	  



dai	  BigData...i	  veri	  influenzer	  non	  sono	  i	  
leaders	  

… abbiamo scoperto che i leader teorici, quelli che avrebbero in teoria il potere di 
influenzare la rete sociale, non hanno una grande influenza pratica sulla rete.  



•  It	  has	  been	  observed	  that	  a	  small	  set	  of	  users	  in	  a	  Social	  
Network	  is	  able	  to	  an@cipate	  (or	  influence)	  the	  behavior	  of	  
the	  en@re	  network	  

•  We	  detected	  3	  possible	  scenarios:	  

What is Social Prominence? 

width length strength 



•  Define	  what	  a	  “leader”	  is	  
•  Iden@fy	  three	  measures	  of	  social	  prominence	  (width,	  depth	  and	  strength)	  
•  Analyze	  their	  rela@onship	  with	  the	  topological	  characteris@c	  of	  prominent	  

actors	  in	  a	  network	  
•  Look	  for	  paJerns	  dis@nguishing	  different	  objects	  spreading	  in	  a	  social	  

network	  

The Idea 



Leaders and structure 

For each Artist we extract  
the induced temporal subgraph  
of its Listeners 

We define Leader all those nodes 
that are the first, in their 
neighborhood 
to adopt the given artist 



Data, experiments and results 

Data gently provided by  

Central nodes are characterized by low Depth & Width 
High Width are usually reached only by nodes in tightly knit communities 
There is a trade-off between Depth and Strength (not between D and W nor between S and W) 



Data, experiments and results 
Jazz: 
1 lowest width 
4 lowest strength 
Not easy to be prominent 
 
Pop: 
9, 10, 11 
Lowest depth, highest strength 
Leaders for pop artists are embedded in groups 
of users very engaged with the new artist, but 
not prominent among their friends 
 
Punk: 
2 high depth, low width and strength 
Long cascades, exactly the opposite of the pop 
genre, similar to folk! 
 
Dance: 
5 high depth, high width, low strength 
Dance successes are studied to reach 
everyone, but in two days nobody remembers 
anything about them… 
 



“It’s a long way to the 
top…”  

	   	  	   	  	  Predic@ng	  Success	  via	  Innovators	  

•  G.	  Rosseu,	  D.	  Pennacchioli,	  L.	  Milli,	  D.	  Pedreschi	  and	  F.	  Giannou	  -‐	  2015	  



Hits & Flops: qualitative definitions 

•  Hit	  
–  A	  good	  whose	  trend	  slowly	  increases	  

trough	  @me	  un@l	  reaching	  an	  
explosion	  point	  that	  marks	  the	  start	  
of	  a	  sharp	  rising	  of	  its	  adop@ons.	  	  

	  
•  Flop	  

–  A	  good	  whose	  adop@on	  trend	  does	  
not	  increase	  considerably	  over	  @me	  
or	  even	  reaches	  an	  early	  maximum	  
only	  to	  sharply	  decrease.	  	  

Given a partial observation of the adoptions of a novel good 
can we decide if it will became an Hit or a Flop?



Hit&Flop: Workflow 

Goods and Adopters profiling 

Measuring Adopters’ propensity 
Toward or Hits/Flops 

Forecast Model 



La	  Conoscenza	  Sociale	  

Quello che possiamo 
Contenere nel nostro cervello 
E' una minima frazione 
Della conoscenza umana 

Ma le nostre connessioni sociali 
Contengono ognuna un'altra parte 
E la loro somma puo' essere significativa 
Come valutare, quindi, una persona? 



Calcolare	  la	  propria	  conoscenza	  sociale	  

Con processi di diffusione su reti possiamo quantificare l'ammontare di “skill” 
che ogni connessione ci permette di accedere 



Le pubblicazioni di 40.000 ricercatori in 
DataBase & DataMining per 30 anni  



Decision-‐based	  diffusion	  models	  

Herding	  
[Banerjee	  2002]	  



Herding	  





Herding	  experiment	  





Sequen@al	  decision	  making	  



Sequen@al	  decision	  making	  





Influence	  maximiza@on	  



How	  to	  create	  big	  cascade?	  



Most	  influen@al	  sets	  of	  nodes	  



Most	  influen@al	  sets	  of	  nodes	  



How	  hard	  is	  the	  problem?	  

•  NP-‐HARD!	  
•  But	  if	  f(S)	  is	  «diminishing	  returns»	  

– Monotonic	  and	  submodular	  

•  Then	  the	  approximated	  solu@on	  computed	  
with	  a	  greedy	  algorithm	  (hill	  climbing)	  has	  a	  
bounded	  distance	  with	  the	  global	  op@mum!	  



Related	  problem:	  outbreak	  detec@on	  

•  Which	  node(s)	  ini3ated	  a	  cascade?	  



Probabilis@c	  models	  of	  diffusion	  

Epidemic	  modeling	  



Network Science: Robustness Cascades March 23, 2011!

Classical Models of Epidemics!

Epidemic Modeling  
(classical models) 



Classical Epidemic Models – Basic States!

Susceptible  
(healthy) 

Infected  
(sick) 

Removed 
(immune / dead) 

S I R 
Infection 

Recovery 

Recovery 

Removal 



SIS Model: Common Cold!

Susceptible  
(healthy) 

Infected  
(sick) 

Removed 
(immune / dead) 

S I R 
Infection 

Recovery 

Recovery 

Removal 



Example 2: Flu, SARS, Plague, …!
!

Susceptible  
(healthy) 

Infected  
(sick) 

Removed 
(immune / dead) 

S I R 
Infection 

Recovery 

Recovery 

Removal 



SIS Model: Common Cold!

Susceptible  
(healthy) 

Infected  
(sick) 

Removed 
(immune / dead) 

S I R 
Infection 

Recovery 

Recovery 

Removal 



SIS Model Dynamics!

� 

di
dt

= βi(1− i) − µi = 0

� 

di
dt

= βi(1− i) − µi = i(β − µ − βi)
S I IàS 

Stationary state: 

� 

ln(i) − ln(1− µ /β − i) = (β − µ)t + c

� 

i
1− µ /β − i

= Ce(β − µ )t

� 

∴i(t) = 1− µ
β

⎛ 

⎝ 
⎜ 

⎞ 

⎠ 
⎟ 
Ce(β − µ )t

1+Ce(β − µ )t

“Epidemic threshold” 

� 

di
i

+
di

1− µ /β − i
= (β − µ)dt

� 

C = ec

Fr
ac

tio
n 

In
fe

ct
ed

 i(
t) 

Time (t) 

� 

t →∞,      i(t) →1− µ
β

SIS	  model:	  frac@on	  infected	  individuals	  saturates	  below	  1.	  



SIS Model: Epidemic Threshold and Basic Reproductive Number !

� 

di
dt

= βi(1− i) − µi
S I IàS 

� 

If µ ≈ β,    i→0
“Epidemic threshold” 

� 

βi

� 

µi

� 

I = I +1

� 

I = I −1� 

λ ≡
β
µ

“Basic reproductive 
number” 

On average, how many infected 
individuals will be infected by one 
infected individual? 

� 

λ > 1:  Outbreak, λ < 1:  Die out



reproductive number  λ: average # of infectious 
individuals generated by one infected in a fully susceptible 
population. 
 
 
 
e.g. λ =2 

λ=1.5 λ=1.9 λ =2.3 λ =2.7 

Vespignani 



Example 2: Flu, SARS, Plague, …!
!

Susceptible  
(healthy) 

Infected  
(sick) 

Removed 
(immune / dead) 

S I R 
Infection 

Recovery 

Recovery 

Removal 



•  SIR	  model:	  the	  frac@on	  infected	  peaks	  and	  the	  
frac@on	  recovered	  saturates.	  

SIR Model!

9780521879507c09 CUP/RRT May 23, 2008 16:06 Page-185
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become infected, s(t) = 1−i(t), where s(t) = S(t)/N , and the number of infected
individuals in contact with any susceptible individual.

The susceptible–infected–susceptible (SIS) model is mainly used as a paradig-
matic model for the study of infectious diseases leading to an endemic state with
a stationary and constant value for the prevalence of infected individuals, i.e.
the degree to which the infection is widespread in the population as measured
by the density of infected. In the SIS model, individuals exist in the suscepti-
ble and infected classes only. The disease transmission is described as in the SI
model, but infected individuals may recover and become susceptible again with
probability µdt , where µ is the recovery rate. Individuals thus run stochastically
through the cycle susceptible → infected → susceptible, hence the name of the
model. The equation describing the evolution of the SIS model therefore contains
a spontaneous transition term and reads as

di(t)
dt

= −µi(t) + β⟨k⟩i(t) [1 − i(t)] . (9.6)

The usual normalization condition s(t) = 1 − i(t) has to be valid at all times.
The SIS model does not take into account the possibility of an individ-

ual’s removal through death or acquired immunization, which would lead to the
so-called susceptible–infected–removed (SIR) model (Anderson and May, 1992;
Murray, 2005). The SIR model, in fact, assumes that infected individuals disap-
pear permanently from the network with rate µ and enter a new compartment R of
removed individuals, whose density in the population is r(t) = R(t)/N . The intro-
duction of a new compartment yields the following system of equations describing
the dynamics:

ds(t)
dt

= β⟨k⟩i(t) [1 − r(t) − i(t)]

di(t)
dt

= −µi(t) + β⟨k⟩i(t) [1 − r(t) − i(t)] (9.7)

dr(t)
dt

= µi(t). (9.8)

Through these dynamics, all infected individuals will sooner or later enter the
recovered compartment, so that it is clear that in the infinite time limit the epi-
demics must fade away. It is interesting to note that both the SIS and SIR models
introduce a time scale 1/µ governing the self-recovery of individuals. We can think
of two extreme cases. If 1/µ is smaller than the spreading time scale 1/β, then the
process is dominated by the natural recovery of infected to susceptible or removed
individuals. This situation is less interesting since it corresponds to a dynamical
process governed by the decay into a healthy state and the interaction with neigh-
bors plays a minor role. The other extreme case is in the regime 1/µ ≫ 1/β,
i.e. a spreading time scale much smaller than the recovery time scale. In this



Epidemic	  modeling	  on	  networks	  

[Vespignani	  et	  al.,	  since	  2002]	  



Gleamviz	  





Class of nodes with degree k=1 

Class of nodes with degree k=2 

SIS model on a network: Degree based representation!

(Vespignani) 

� 

ik =
Ik
Nk

,    i = P(k)ik
k
∑

Split nodes by their degrees 

SIS model: 

Density of infected 
neighbors of nodes with 

degree k  

Proportional to 
k 

I am susceptible with k 
neighbors, and Θk(t) 

of my neighbors are infected.   

� 

dik (t)
dt

= β(1− ik (t))kΘk (t) − µik (t)



M. Barthélemy et al., PRL 92, 178701 (2004) 

Early time behavior – SI model – the characteristic time vanishes!!

� 

k inf (t) =
k Ik (t) − Ik (t −1)( )

k
∑

I(t) − I(t −1)

� 

m = 4
� 

m =14
� 

τ =
k

β k 2 − k( )
The timescale it takes for an 
epidemics to grow. The smaller 
is τ, the faster it grows. 

ER network: 
<k2>=<k>(<k>-1) 

� 

τER =
1

β k
à The more connected the network is, 
the faster does the epidemic spread. 

SF network (γ<3): 
<k2>à ∞ for Nà ∞  è τà 0 

For heterogeneous networks, the 
characteristic time vanishes, which means 
that the epidemic becomes instantaneous. 
The reason: the hubs get infected first, 
which then rapidly reach most nodes. 

Numerical Test:  
The average degree of newly 
infected nodes at time t: 

BA model with m=4, 14 



Human sexual network 
Email network 

Lilijeros et al., Nature (2001),  
Schneeberger et al. STD (2004) 

Ebel et al. (2002) 

Air transportation network 

Colizza et al., PNAS 2006 

SIS Model – Absence of Epidemic Threshold!

Many	  networks	  will	  have	  small	  or	  vanishing	  epidemic	  threshold!	  



Research	  highlights	  



Networks	  &	  Sport	  Data	  Mining	  

[Cin@a,	  Pappalardo	  et	  al	  at	  KDD	  LAB]	  



“Football is a simple game: 22 men chase a ball for 90 minutes and at the end, 
the Germans always win” -- Gary Lineker (after Italy 1990 Final) 

	  
	  

The	  paJerns	  of	  success	  in	  football	  
	  





... !
<tackle,15.4,41.1,112>!
<pass,25.0,67.1,113>!
<pass,65.0,87.1,115>!
<assist,82.1,35.8,120>!
<goal attempt,82.1,35.8,121>!
…… 

Data	  from	  each	  single	  match	  





Football	  As	  a	  network	  

Juventus passes network from last champions league final 

Opponents
Goal 



Football	  as	  a	  Network	  

Opponent 
Goal 

Barcelona passes network from last champions league final 



Germany 

The	  passes	  network	  among	  zones	  

Variance:  
3.8 



Argentina 

The	  passes	  network	  among	  zones	  
Argentina

 

Varianza:  
3.3 



Network	  analysis	  for	  performance	  
evalua@on	  •  Networks characteristics as a proxy for performance 

evaluation and outcome prediction 

The harsh rule of the goals”: Big Data analytics 
and football team success 
Paolo Cintia, Luca Pappalardo, Dino Pedreschi, 
Fosca Giannotti and Marco Malvaldi 
2015 IEEE/ACM Int. Conf. on Data Science and 
Advanced Analytics (DSAA’2015) 



Predic@ng	  game	  outcomes	  







Paolo Cintia 
Marco Malvaldi 

Luca Pappalardo 
con la partecipazione di  
Dino Pedreschi 
Fosca Giannotti 

Salvatore Rinzivillo 



Big Data Tales 
Adventures in data 

www.bigdatales.com 
     @bigdatatales 

We are the champions – understanding 
the patterns of success in football 

 
 

P.Cintia, L. Pappalardo, F. Simini 
Kdd Lab ISTI CNR Pisa – University of Pisa –  University of Bristol 

www.kddlab.isti.cnr.it 



Analysing and mining the retail market as 
a complex system 

 
Michele Coscia, Fosca Giannotti, Mirco Nanni, Dino 
Pedreschi, Diego Pennacchioli, Salvatore Rinzivillo 

 
KDDLab ISTI-CNR & University of Pisa 

IMT Lucca, CID Harvard University 
 



Supermarket transaction data 
l  1,066,020 customers 
l  345,208 products 
l  138 stores in 4 Italian regions 
l  Since January 1st, 2007 

MISSION (extract): 
 
•  defend the family budget, offering quality 
goods and services at the best condition 
 
•  promote the spirit of solidarity among 
customers, employees and their families, 
offering for their free time socially useful 
initiatives 
 
•  protect health and safety of consumers 

•  help developing Nations and weaker 
social categories,  even through Fair 
Trade 

• […] 



Customer/shop Geographical Distribution 



Data Model 

7,003 marketing segments 



The retail market as an 
ecosystem 

Coscia, Pennacchioli, Giannotti, 
Pedreschi, Rinzivillo 

EPJ Data Science 2014 



Data Selection 
l  Data from 2007-2009 (period 2009-2011 used as 

control) 
l  Only the customers from Livorno 
l  We aggregate products to their marketing Segment 
l  We clean not sold or meaningless products 
l  We fill a 317,269 customers X 4,817 products   with 

the amount purchased (182,821,943) 

Census	  (2011)	   343K	  

registered	   212K	  

At	  least	  once	   146K	  

Ac@ves	  07-‐11	   102K	  

Ac@ves	  2011	   77K	  

343K / 77K = 4.45 
(2.5 persons x family in AVG) [ISTAT] 



Data Preparation 

l  Sort rows and columns according to their 
sum 

 
 
 
 
 
l  37,338,591 ones (2.4431697% fill) 



The Retail Purchase Matrix 

l  There are products bought by everyone 
l  There are customers buying everything 
l  The volume of sales of a product is identifying who is buying it 
l  … is this phenomenon robust? 
 

 



Total Price instead of Amount of 
Items 



Category instead of Segment 



Lazio matrix 



Livorno 2009-2011 

… is this phenomenon expected? 



Null Hypothesis 

Given the volume of sales of products, and the 
quantity of products bought by customers, the 
nestedness of the matrix is inevitable even in a 

random world where there is no relation  
between products and customers 



Null Model 

l  The purchases are distributed randomly; 
l  Customers preserve the total amount of 

their purchases; 
l  Each product preserves its sale volume  

l  We randomize the matrix by preserving 
the sums of columns and rows 



Null Model Matrix 



Retail Purchase Law 
Average of the one-density at the left of the isocline and zero-density at 
the right of the isocline 



Product Relationships 

l  Before: A => B, association rule 
l  A and B co-appears unexpectedly X times, 

therefore they are related 
l  Now: we introduce an ecology approach 
l  If product B is directly dependent of A's 

ecosystem, then A and B are related 



Product Relationships 

= 1.993 in avg 



Identifying the “willing customer” 
set 

l  We select the customers on the isocline: how many of them are willing to 
buy p? 

l  How many random customers we need to select without the isocline to 
have a set of the same size? 



Product Relationships 

isocline 



The hierarchy of Needs 

l  What are the most basic products? 
l  What are the most sophisticated products? 
l  Not only biggest volume sales or higher prize 
l  To be basic, p should be bought by the least 

“complex” customers 
l  To be sophisticated, p should be bought by     

the customers with more sophisticate need 



•  we calculate the sums of the purchase matrix for each product 
and customer	


•  we need to correct these sums recursively: we need to 
calculate the avg level of sophistication of the customers’ needs 
by looking at the avg sophistication of the products that they 
buy, and then use it to update the avg sophistication of these 
products	


•  so, we take the eigenvector associated with the second largest 
eigenvalue (that is associated with the variance in the system) 
[HITS variation]	


The product sophistication	


Santa Clara, October 7th 2013 - Diego Pennacchioli, National Research Council of Italy (Pisa) - diego.pennacchioli@isti.cnr.it 



Product Sophistication 
Correct the ubiquity 
of a product 
 
 
With the complexity 
of customers buying it 
 
 
That needs to be 
recursively corrected 
 
 
With the ubiquity of the products 
they buy 
 
 
It is equivalent to the eigenvector 
Of the corrected matrix 



PS vs Volume Sale 



Least and Most Sophisticated 
Products 



Building the Pyramid 

l  Introduced by Abraham Maslow in 1954 
l  Monodimensional segmentation of the 

eigenvector 
l  K-means 
l  K = 5 



The Hierarchy of Needs 



Applicazione spaziale [1] 
•  each dot is a purchase 

representative 
•  if a customer bought 

products of the same 
price in different shops, 
than the distance is 
weighted with the price 

log-normal regression f(x) = a log x + b     R2 = 17.25% 
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•  each dot is a purchase 
representative 

•  if a customer bought 
products of the same 
frequency in different 
shops, than the distance 
is weighted with the 
frequency 

log-normal regression f(x) = a log x + b     R2 = 32.38% 
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•  each dot is a purchase 
representative 

•  if a customer bought 
products of the same 
sophistication in different 
shops, than the distance 
is weighted with the 
sophistication 

log-normal regression f(x) = a log x + b     R2 = 85.72% 
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Misurare il benessere	




In prospect … 

l  A novel wave of data driven micro-
economics indicators based on retail 
transaction data 

l  Measuring and nowcasting indicators 
using retail transaction data 

l  A natural convergence between data 
mining/machine learning and complex 
system modeling 



…and in other domains? 
UK LastFM Dataset 
Users: 76’866 
Artists: 247’311 
Listenings: 278’740’507 

  



Key references 
1.  Pennacchioli, D., Coscia, M., Rinzivillo, S., Giannotti, F. and Pedreschi, D., The 

retail market as a complex system. In EPJ Data Science 3(33), Springer 2014. 
2.  Pennacchioli, D., Coscia, M., Rinzivillo, S., Pedreschi, D. and Giannotti, F., 

Explaining the Product Range Effect in Purchase Data. In Proc. BigData 
Conference, p. 648-656. IEEE 2013. 

3.  Pennacchioli, D., Coscia, M., and Pedreschi, D., Overlap Versus Partition: 
Marketing Classification and Customer Profiling in Complex Networks of 
Products. In ICDE Workshop, 2014. 

4.  Mirco Nanni and Laura Spinsanti. Forecast analysis for sales in large-scale 
retail trade. Chapter in Data Mining in Public and Private Sectors. IGI Global 
2010. 

5.  Rossetti, G., Pennacchioli, D., Milli, L., Giannotti, F., Pedreschi, D. Predicting 
Success via Innovators’adoptions. Submitted. 2015 



Books	  

•  David	  Easley,	  Jon	  Kleinberg:	  Networks,	  Crowds,	  and	  
Markets.	  
hJp://www.cs.cornell.edu/home/kleinber/
networks-‐book/	  

•  Albert-‐Laszlo	  Barabasi.	  Network	  Science	  Book	  Project	  
hJp://barabasilab.neu.edu/networksciencebook/	  

•  	  	  



SNA	  course	  @	  Università	  di	  Pisa	  

•  hJp://didawiki.di.unipi.it/doku.php/wma/start	  

•  Slides	  from	  this	  course	  are	  freely	  adapted	  from	  
those	  of	  Laszlo	  Barabasi,	  Jure	  Leskovec,	  Fosca	  
Giannou,	  besides	  my	  own.	  Thanks!	  	  



Big Data Analytics & Social Mining 



a	  tool	  to	  	  
	  measure,	  

	  understand,	  
	  and	  possibly	  predict	  	  
human	  behavior	  



Social	  Mining	  &	  	  
Big	  Data	  Analy@cs	  

	  H2020	  -‐	  www.sobigdata.eu	  
	  



SoBigData	  is…	  

	  
A	  Mul@disciplinary	  European	  Infrastructure	  on	  Big	  Data	  and	  	  Social	  

Data	  Mining	  providing	  an	  integrated	  ecosystem	  for	  ethic-‐sensi@ve	  

scien@fic	  discoveries	  and	  advanced	  applica@ons	  of	  social	  data	  

mining	  on	  the	  various	  dimensions	  of	  social	  life,	  as	  recorded	  by	  	  “big	  

data”.	  
	  



Social	  mining	  a	  OPEN	  SCIENCE	  

	  
•  An	  ecosystem	  of	  data,	  methods	  and	  competences	  for	  serving	  

the	  community	  of	  researchers	  and	  innovators	  ready	  to	  exploit	  
the	  opportuni@es	  of	  big	  data	  and	  to	  incorporate	  it	  in	  data-‐driven	  
science	  and	  innova@on	  

•  open	  up	  new	  research	  and	  innova@on	  avenues	  in	  mul@ple	  fields,	  
including	  mathema@cs,	  ICT,	  and	  human,	  social	  and	  economic	  
sciences,	  by	  enabling	  easy	  comparison,	  re-‐use	  and	  integra@on	  of	  
state-‐of-‐the-‐art	  research	  data,	  methods,	  and	  services,	  into	  new	  
research.	  	  

	  



The	  Consor3um	   	  	  

Exis@ng	  na@onal	  RI’s	  to	  be	  integrated	  



Ac3vi3es	  

Economics	  &Finance	   Scalable	  Data	  Analy@cs	   Human	  Mobility	  Analy@cs	  

Opinion	  Mining	   Privacy,	  Security	  &	  Trust	   Search	  &	  Web	  Analy@cs	  

Social	  Network	  Analysis	   Social	  Sensing	   Well-‐Being	  



Thema3c	  Clusters	  





SoBigData	  Access	  

	  
•  Transna@onal	  Access	  

–  Exploratory	  Projects	  
–  Blue-‐sky	  projects	  

•  Virtual	  Access	  
– Data	  and	  Methods	  Catalogue	  
– Modular	  virtual	  research	  
environment	  	  



Exploratories	  

Social	  Mining	  Research	  Environments	  
tailored	  on	  specific	  mul@disciplinary	  

domains	  	  



Exploratory:	  Big	  Data	  for	  Human	  Mobility	  

Mobility	  in	  Tuscany	  



Exploratory:	  Big	  Data	  for	  Migra3on	  Studies	  

Human	  Migra@on	  Rows	  



Exploratory:	  Big	  Data	  for	  Well	  Being	  

Depriva@on	  Index	  (in	  France)	  predicted	  with	  Mobile	  Phone	  traces	  



Exploratory:	  Big	  Data	  for	  Developing	  Countries	  

Origin	  Des@na@on	  Flows	  es@mated	  with	  Mobile	  Phone	  in	  Ivory	  Cote	  



Exploratory:	  Big	  Data	  for	  Societal	  Debates	  

Polariza@on,	  controversy	  and	  topic	  	  trends	  on	  societal	  debates	  through	  social	  media	  



•  Big	  data	  analysts	  and	  social	  informa3cs	  researchers,	  who	  want	  to	  
enhance	  their	  algorithms	  to	  deal	  with	  social	  data,	  gain	  mul@-‐disciplinary	  research	  skills,	  
harmonise	  exis@ng	  data	  and	  analy@cs	  infrastructures,	  and	  engage	  other	  research	  
communi@es	  in	  the	  development	  of	  these	  key	  enabling	  technologies	  for	  the	  future	  digital	  
economy	  and	  society;	  

	  

•  Economists,	  social	  science	  and	  humani3es	  researchers,	  
journalists,	  policy	  and	  law	  makers,	  who	  have	  to	  analyse	  the	  avalanche	  of	  
(big)	  social	  data,	  in	  order	  to	  gain	  insight	  and	  ac@onable	  knowledge.	  

	  

•  Researchers	  in	  related	  communi3es,	  who	  would	  like	  to	  use	  the	  
algorithms,	  the	  analy@cal	  competences	  and	  data	  infrastructure;	  	  

	  

•  Industrial	  innovators	  &	  startuppers,	  who	  would	  like	  to	  create	  rapid	  proof-‐
of-‐concepts	  of	  data-‐driven	  innova@ve	  ideas	  and	  services;	  

	  
•  The	  public	  as	  a	  whole,	  who	  would	  like	  to	  understand	  their	  role	  in	  the	  produc@on,	  

consump@on	  and	  value-‐crea@ng	  of	  social	  data.	  

The	  SoBigData	  Stakeholders	  





Data	  scien3st	  
•  …	  a	  new	  kind	  of	  
professional	  has	  
emerged,	  the	  data	  
scien3st,	  who	  combines	  
the	  skills	  of	  soLware	  
programmer,	  sta3s3cian	  
and	  storyteller/ar3st	  to	  
extract	  the	  nuggets	  of	  
gold	  hidden	  under	  
mountains	  of	  data.	  	  

	  







www.sobigdata.eu	  

fosca.giannou@is@.cnr.it	  



This	  is	  the	  work	  of	  many	  people	  for	  a	  
long	  @me	  

•  Salvo	  Rinzivillo,	  Mirco	  Nanni,	  Roberto	  Trasar@,	  Salvatore	  
Ruggieri,	  Chiara	  Renso,	  Anna	  Monreale,	  Franco	  Turini	  

•  all	  the	  fantas@c	  folks	  at	  KDD	  LAB	  Pisa	  
•  many	  interna@onal	  collaborators	  

•  Thanks!	  
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Knowledge Discovery  
& Data Mining Lab 
http://kdd.isti.cnr.it  
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Knowledge Discovery  
& Data Mining Lab 
http://kdd.isti.cnr.it  



Key	  publica@ons	  •  F	  Giannou,	  M	  Nanni,	  F	  Pinelli,	  D	  Pedreschi.	  Trajectory	  paJern	  mining.	  ACM	  SIGKDD	  	  2007	  

•  F	  Giannou,	  D	  Pedreschi.	  Mobility,	  data	  mining	  and	  privacy:	  Geographic	  knowledge	  discovery.	  Springer,	  
2008	  
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