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“Noi, in un’occhiata, percepiamo: tre bicchieri su 
una tavola. Funes: tutti i tralci, i grappoli e gli acini 
d’una pergola. Sapeva le forme delle nubi australi 
dell’alba del 30 aprile 1882, e poteva confrontarle, 

nel ricordo, con la copertina marmorizzata d’un 
libro che aveva visto una sola volta, o con le spume 
che sollevò un remo, nel Rio Negro, la vigilia della 
battaglia di Quebracho. Questi ricordi non erano 

semplici: ogni immagine visiva era legata a 
sensazioni muscolari, termiche ecc. Poteva 
ricostruire tutti i sogni dei suoi sonni, tutte le 

immagini dei suoi dormiveglia”.



“Funes o della memoria”

Silvia Hopenhayn per il quotidiano argentino La Nación



Memoria vs. sintesi (data compression)

Microscopico vs. macroscopico
⇠ 1023 O(1)
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Traditional DATA sources

Experiments



The Largest Artificial Entity in History

The Internet



Techno-social systems
community 

level

user level
cognitive,  

behavioural

social, 
interactive

infrastructure 
level

ICT, networks, 
physical-digital









Sources of data
Social Networks  
(human-sourced information)

Traditional Business systems  
(process-mediated data):

Internet of Things  
(machine-generated data)

Task Team on Big Data, June 2013



Data exhausts

Frozen

data generated as a byproduct of people’s  
online actions and choices

Forced perspectives

Contexts ??



http://twitter.github.io/interactive/sotu2014/#p1
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 "truncated"=>false,
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  {"id"=>6253282,
   "screen_name"=>"twitterapi",
   "name"=>"Twitter API",
   "description"=>
   "The Real Twitter API. I tweet about API changes, service issues and 
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   "url"=>"http://apiwiki.twitter.com",
   "location"=>"San Francisco, CA",
   "profile_background_color"=>"c1dfee",
   "profile_background_image_url"=>
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   "created_at"=>"Wed May 23 06:01:13 +0000 2007",
   "contributors_enabled"=>true,
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   "friends_count"=>13,
   "time_zone"=>"Pacific Time (US & Canada)",
   "utc_offset"=>-28800,
   "lang"=>"en",
   "protected"=>false,
   "followers_count"=>100581,
   "geo_enabled"=>true,
   "notifications"=>false,
   "following"=>true,
   "verified"=>true},
 "contributors"=>[3191321],
 "geo"=>nil,
 "coordinates"=>nil,
 "place"=>
  {"id"=>"2b6ff8c22edd9576",
   "url"=>"http://api.twitter.com/1/geo/id/2b6ff8c22edd9576.json",
   "name"=>"SoMa",
   "full_name"=>"SoMa, San Francisco",
   "place_type"=>"neighborhood",
   "country_code"=>"US",
   "country"=>"The United States of America",
   "bounding_box"=>
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      [[[-122.42284884, 37.76893497],
        [-122.3964, 37.76893497],
        [-122.3964, 37.78752897],
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user name.

The author's 
screen name.

The author's 
biography.

The author's 
URL.

The author's "location".  This is a free-form text field, and 
there are no guarantees on whether it can be geocoded.
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The contributors' (if any) user 
IDs (http://bit.ly/50npuu).

DEPRECATED

The place associated with this 
Tweet (http://bit.ly/b8L1Cp).

The place ID

The URL to fetch a detailed 
polygon for this placeThe printable names of this place

The type of this 
place - can be a 
"neighborhood" 

or "city"

The country this place is in

The bounding 
box for this 

place

The application 
that sent this 

tweet
Map of a Twitter Status Object

Raffi Krikorian <raffi@twitter.com>
18 April 2010





Implicit  
signals



We show that easily accessible digital 
records of behaviour, Facebook Likes, can be 
used to automatically and accurately predict 
a range of highly sensitive personal attributes 
including: sexual orientation, ethnicity, 
religious and political views, personality traits, 
intelligence, happiness, use of addictive 
substances, parental separation, age, and 
gender.



HOW THE NAPA EARTHQUAKE AFFECTED BAY AREA 
SLEEPERS



www.haisentitoilterremoto.it/
P. Tosi e V. De Rubeis (INGV)27234  corrispondenti fissi 

10752  terremoti rappresentati 
889961 questionari compilati





Mobility data 
and insurances

https://www.tuttocitta.it/traffico/roma

https://www.tuttocitta.it/traffico/roma


http://www.citychrone.org/

Citychrone - Isochrones

http://www.citychrone.org


Citychrone - Escape velocities



Rome Paris

Berlin Milan



Planning new lines
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Making sense of all these data



BIG DATA 

+ 

ENHANCED COMPUTATIONAL  
POWER

Machine learning





All that glitters ain't gold!



“big data analytics have the 
potential to eclipse 

longstanding civil rights 
protections in how personal 

information is used in 
housing, credit, 

employment, health, 
education, and the 

marketplace.”

profiling 
segmentation



Algorithmic discrimination

Opacity

Filtering bubble



Consumer scores

Consumer scores are built using predictive modelling. 
Predictive modelling uses copious amounts of information 
fed through analytical methods to predict the future, 
based on past information. Predictive consumer scores 
are important because they affect the lives, privacy, and
wellbeing of individuals. Many people know about credit 
scores, but few know about the broader range of new 
consumer scores. Consumer scores are already abundant 
and are in active use. Consumer scores are not just an 
online phenomenon. Consumer scores are found in a 
wide array of “offline” arenas, including businesses, 
health care providers, financial institutions, law 
enforcement, retail stores, federal and state 
government, and many other locations. Some social 
consumer scores may have online applications, but 
mostly, consumer scores are not solely focused on just 
online activities. And unlike credit scores, consumer 
scores remain largely secret and unregulated.



Michela Del Vicario et al. PNAS 2016;113:554-559 

“Contents tend to circulate only  
inside the echo chamber.”



Challenge	1:	Inputs	to	an	Algorithm	

Challenge	2:	The	Design	of	Algorithmic	Systems	and	Machine	Learning	

Poorly	selected	data		

Incomplete,	incorrect,	or	outdated	data,		

Selec5on	bias		

Uninten5onal	perpetua5on	and	promo5on	of	historical	biases	

Poorly	designed	matching	systems		

Personaliza5on	and	recommenda5on	services	that	narrow	instead	of	expand	user	op5ons	

Decision-making	systems	that	assume	correla5on	necessarily	implies	causa5on		

Data	sets	that	lack	informa5on	or	dispropor5onately	represent	certain	popula5ons		



BIG DATA  as Radical empiricism 



New ICT-driven opportunities

Games/experiments in social sciences
opinions and norms formation 
consumers behaviours, marketing strategies 
cultural trends, globalisation 
dynamics of innovation 
language evolution 
...

Learning, awareness and behavioural changes
New learning paths 
Management of common resources and environment 
Feedback to policy makers 
Sustainable development 
...

Understand and predict complex phenomena
mobility and urban dynamics 
information, culture, opinion dynamics 
epidemic spreading 
...



http://www.gleamviz.org/



www.gleamviz.org

http://www.influenzanet.eu


www.gleamviz.org

http://www.influenzanet.eu


Balcan et al. BMC Med 2009 
Tizzoni et al BMC Med 2012

validation

http://www.gleamviz.org




Topology  
It’s the branch of math 
t h a t c a n ’ t t e l l t h e 
difference between a 
coffee cup and a donut

Topological approach  
to big data



Simplicial Complex



An abstract simplicial complex on a set of vertices V  
is collection S of subsets of V such that, 

 if A belongs to V and B is a subset of A, then also B is in S 

Simplicial Complex



Data
Rips-Vietoris 

Simplicial  
complex

Clique 
complex

Proximity 
Graph

Data to Complex: metric case



Data
Rips-Vietoris 

Simplicial  
complex

Clique 
complex

Proximity 
Graph Nerve

Data to Complex: metric case



Ghrist, R. (2008). Barcodes: The persistent topology of data.  
Bulletin-American Mathematical Society, 45(1), 61.

Across Scales



fMRI of altered states



fMRI of altered states



fMRI of altered states



placebo vs. psilocybin



Social computation

Populations of users facing collectively 
difficult problems using a small cognitive 

overhead



The human computer

“Before the computers 
were machines they 
were persons” 

 D.A. Grier



easy for humans - hard for bots



CAPTCHA
Completely Automated Public Turing test to tell Computers and Humans Apart
A. Broder (1997), L. von Ahn e M. Blum (2000)
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CAPTCHA
Completely Automated Public Turing test to tell Computers and Humans Apart
A. Broder (1997), L. von Ahn e M. Blum (2000)

easy for humans - hard for bots

reCAPTCHA
Every time our CAPTCHAs are solved, that human effort 
helps digitize text, annotate images, and build machine 

learning datasets. This in turn helps preserve books, 
improve maps, and solve hard AI problems.

L. von Ahn (2006)
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...individual volunteers or networks of volunteers, many of 
whom may have no specific scientific training, perform or 
manage research-related tasks such as observation, 
measurement or computation.

Citizen Science



Games and experiments



Gioco di Shannon



Gioco di Shannon
“Si capisce che si stava tutti lì, - fece 
il vecchio Qfwfq, - e dove altrimenti? 

Che ci... 
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Gioco di Shannon
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Gioco di Shannon
“Si capisce che si stava tutti lì, - fece 
il vecchio Qfwfq, - e dove altrimenti? 

Che ci... 

 ...nessun ancora lo sapeva. E il 
tempo, idem: cosa volete che ne 

facessimo, del tempo, stando lì pigiati 
come acciughe”

potesse_essere_lo _spazio,



Gambling and Complexity

guessing the next outcome with a  
proportional gambling

r ofondp

Final capital Complexity of the phenomenon



Web as a laboratory  
for social sciences
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http://www.humanbraincloud.com/

In less than a year: 

• 150 000 players 

• 600 000 words 

• 7 millions associations

http://www.humanbraincloud.com/


Conceptual network



Conceptual network



Comparison with a classical 
experiment: South Florida Free 
Association Norms (SF)
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k / < k >

10-4
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100

P(
k)

HBC In Degree
HBC Out Degree
SF In Degree
SF Out Degree

Degree (k) distribution for HBC and SF

Nelson, McEvoy
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s / < s >
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10-4
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100
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s)

HBC In Strenght
HBC Out Strenght
SF In Strenght
SF Out Strenght

Cosine similarity between HBC and SF 
links is 0.85 (0.48 reshuffled)

5 000 words 
60000 associations



The Xtribe platform for web-gaming

http://www.xtribe.eu/





it will allow virtually any researcher to realize 
his own experiment with minimal effort, paving 
the way of the use of the web as a standard 
“laboratory” for social sciences. 
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it will allow virtually any researcher to realize 
his own experiment with minimal effort, paving 
the way of the use of the web as a standard 
“laboratory” for social sciences. 

it can be a strong “basin of attraction” for 
people willing to participate to experiments, 
making in this way recruitment much easier than 
for single-experiment platforms.

research areas: opinion and language dynamics, 
decision making, game-theory, geography, human 
mobility, economics, psychology, etc...



In nearly every detective novel since the admirable stories of Conan Doyle there 
comes a time when the investigator has collected all the facts he needs for at 
least some phase of his problem. These facts often seem quite strange, 
incoherent, and wholly unrelated. The great detective, however, realizes that no 
further investigation is needed at the moment, and that only pure thinking will 
lead to a correlation of the facts collected. So he plays his violin, or lounges in 
his armchair enjoying a pipe, when suddenly, by Jove, he has it! Not only does 
he have an explanation for the clues at hand but he knows that certain other 
events must have happened. Since he now knows exactly where to look for it, he 
may go out, if he likes, to collect further confirmation for his theory.

cum grano salis
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Albert Einstein and Leopold Infeld

The evolution of physics (1938) 
Cambridge University Press.
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Open questions 

The new role of data in science

The role of modelling and theory in science

Data-driven or questions-driven research? 

…and in policy making

…and in policy making


