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Big Data from smart environments 

We	live	in	an	era	where	ubiquitous	digital	devices	are	able	to	broadcast	rich	
informa7on	about	human	lives	in	real-7me	and	at	a	high	rate.	The	reality	is	that	we	
just	began	to	recognize	significant	research	challenges	across	a	spectrum	of	topics.		



SOCIAL COMMUNCATION & WEB 
ANALYSIS 



7 Billion people 

6.8 Billion mobile phones 



Shopping patterns & lifestyle 

Desires, opinions, sentiments 

Relationships & social ties 

Movements 

Digital	Footprints	of	Human	Ac7vi7es	











 
pollicini digitali 

LA VITA NOVA, E-MAGAZINE DE IL 
SOLE 24 ORE 
FOSCA GIANNOTTI, DINO PEDRESCHI 
 



 
 
data availability,  sophisticated analysis 
techniques, and scalable infrastructures 
brought what we call today “Data Science”  
 

•  “Data	Science	and	BigData:	a	Game-changer	for	Science	and	Innova7on”		Document	for	G7	Academy,	March	2017,		
•  “Realizing	our	Digital	Future	and	shaping	its	impact	on	Knowledge,	Industry,	and	WorkForce	Document	for	G7	

Academy,	March	2018:		
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From DATA to KNOWLEDGE 





Data…. 
	 1,200,000,000,000,000,000,000	bytes	
of	data	

	 Facebook	-	1,150	million	users	
	 Gmail	–	425	million	users	
	 Skype	–	300	million	users	
	 Tweeter	–	500	million	users	(200M	ac7ve)	
	 WhatsApp	–	300+	million	users		
	 Youtube	–	1,000	million	users	(4	B	daily	views)	
	 Instagram	-	150	million	users	

	
Sources:	
hRp://expandedramblings.com/index.php/resource-how-many-people-use-the-top-social-media/	September	15,	2013	



Data…. 
	 Waze	–	50	million	users	
	 Amazon	–	209	million	users	
	 Ebay	-	120	million	users	
	 Paypal	-	132	million	users	
	 Google	searches	–	~12	billion	(monthly,	US	alone)	

	
Sources:			
hRp://expandedramblings.com/index.php/resource-how-many-people-use-the-top-social-media/	September	15,	2013	



Big Data and Vs 
	 Volume	and	complexity	of	data	is	increasing.	“complexity”:	it	refers	to	
the	context	of	data	(crea7on,	provenance,	rela7ons)	in	which	it	exists	
and	which	must	be	considered	when	interpre7ng	or	re-using	the	data.	

	 Velocity	with	which	data	is	being	created	and	characterised	is	changing	

	 Variety	of	data	in	all	respects	and	the	challenges	of	combining	variety	

	 Veracity	related	to	aspects	such	as	trust	in	dealing	with	data,	i.e.	
sta7s7cal	significance.	

	 Value	
	 Privacy		



The ‘Datafication’ 
of our World; 
 
•  Activities 
•  Conversations 
•  Words 
•  Voice 
•  Social Media 
•  Browser logs 
•  Photos  
•  Videos 
•  Sensors 
•  Etc. 

Volume 

Veracity 

Variety 

Velocity 

Analysing  
Big Data: 
 
•  Text 

analytics 
•  Sentiment 

analysis 
•  Face 

recognition 
•  Voice 

analytics 
•  Movement 

analytics 
•  Etc. 

Value 

Turning Big Data into Value:  

Bernad	Marr	Bigdata:	using	Smart	BigData	analy7cs	and	metrics	
To	make	beRer	decisions		



hRp://www3.weforum.org/docs/WEF_Future_of_Jobs.pdf	



How to develop a 
big data analytics 
project 
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From DATA to 
KNOWLEDGE 
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Selec7on	and		
Preprocessing	

Data	Mining	

Interpreta7on		
and	Evalua7on	

Data		
Consolida7on	

Knowledge	

p(x)=0.02	

Warehouse	

Data	Sources	

PaRerns	&		
Models	

Prepared	Data		

Consolidated	
Data	

The KDD process 



CRISP Model 



The modern data scientist!!! 



Big Data Sensing & 
Procurement 

	 Big	data	sources,	crowdsourcing,	crowdsensing	
	 Web	Search	Engines	and	Informa7on	Retrieval	

	 Analy7cal	Crawling,	Text	Annota7on	



Big Data Mining 	

	

	 Data	Mining	&	Machine	Learning	

	 Mobility	Data	Analysis	

	 Social	Network	Analysis	

	 Web	Mining	&	Nowcas7ng	

	 Sen7ment	Analysis	&	Opinion	Mining	

	



Big Data Story Telling 	

	

	 Data	Visualiza7on	&	Visual	analy7cs	
	 Data	Journalism	&	Story	Telling	



Big Data Technology 

	 Data	Management	for	Business	Intelligence	

	 High	Performance	&	Scalable	Analy7cs,	NO-SQL	Big	Data	PlaZorms	



Visual	Tools	

Specialized	
Libraries	

Programming	
Languages	





Course Goals 
 
	 This course is an introduction to the emergent field 
of big data analytics and social mining, aimed at  acquiring 
and analyzing big data from multiple sources to the 
purpose of discovering the patterns and  models of human 
behavior that explain social phenomena.  



Course Focus 
 
	 The focus is on: 
◦  new challenges in implementing a knowledge Discovery 

process …when data are Big Data. 
◦ what can be learnt from big  data in different domains: 

mobility and transportation, urban planning, demographics, 
economics, social  relationships, opinion and sentiment, sport etc.;  

◦  the analytical and mining methods and methodology that can 
be used to realize Big Data analytics projects .  

◦  an  introduction to basic technologies  to collect, manipulate 
and process big data. 



Module1: Methodological 
scenarios lectures: 
	 Lecture	1-2:	What	is	possible	to	observe	with	Mobile	Phone	Data?	Novel	ques7ons:	Es7ma7ng	
Presence,	es7ma7ng	Origin-Des7na7on	Matrix,	understanding	city	dynamics,	classifying	city	
users,	observing	unemployment,	gender	distribu7on,	Nowcast	Wellbeing.	
Data	prepara7on,	Model	Construc7on	and	Valida7on		

	 Lecture	3-4:	What	is	possible	to	observe	with	GPS	data?	Mobility	Data	mining	methods	in	a	nut	
shell:	Trajectory	paRer	mining,	Mobility	profiles,	Next	Loca7on	Predic7on.	Novel	ques7ons:	
Understanding	human	mobility,	Understanding	travel	demand,	Predic7ng	travel	purpose,	Building	
territory	indicators.	Data	prepara7on,	Model	Construc7on	and	Valida7on		

	 Lecture	5-6:	What	is	possible	to	observe	with	Social	Media	Data?	Combining	Space	and	
Sen7ment:	measuring	happyness	with	twiRer	data.	Quan7fica7on.	Data	prepara7on,	Model	
Construc7on	and	Valida7on		
	

	 Lecture	7:	What	is	possible	to	observe	with	IoT	Data?	Sensor	data	in	sport	and	training.	Predic7ng	
athlets	injuries.	Data	prepara7on,	Model	Construc7on	and	Valida7on	

	 Lecture	8:	Paper	presenta7on	from	students	and	peer-to-peer	discussion	(one	presenter	and	two	
discussants)	

33 



Module2: Technologies 
lectures: 
 
 
1.  Python	for	Data	Science	
2.  The	Jupyter	Notebook:	developing	open-source	and	reproducible	

data	science	

3.  MongoDB:	fast	querying	and	aggrega7on	in	NoSQL	databases	

4.  GeoPandas:	analyze	geo-spa7al	data	with	Python	
5.  Scikit-learn:	programming	tools	for	data	mining	and	analysis	

6.  M-Atlas:	a	toolkit	for	mobility	data	mining	



Module 3: Laboratory for 
interactive project 
development 
1.  Data	Understanding	and	Project	

Formula7on	
2.  Mid	Term	Project	Results	
3.  Final	Project	results	



Exam: 

	 The	two	mid-terms	will	be	40%	of	the	final	grade,	the	remaining	60%	is	the	evalua7on	of	the	Project	
and	the	Discussion.	There	is	the	possibility	to	do	the	a	final	test	about	technologies	if	the	Mid-Terms	are	
not	sufficient.	

	 02/10	-	Datasets	presenta7on	

	 30/10	-	Mid-term	Tech	I	

	 20/11	-	Discussing	the	final	project	proposal	-	Collec7ve	discussion	(not	evaluated)	

	 18/12	-	Mid-term	Tech	II	and	Final	Project	proposal	

	 15/01	&	16/02		-	Final	Project	and	Discussion	
	

	  	
		
	



Project steps: 

	 -	data	set	presenta7on	and	projects	will	be	presented	on	2/10	
	 -	the	students	are	required	to	submit	a	proposal	submission.	A	preliminary	
collec7ve	discussion	is		planned	on		20/11	

	 -	proposal	submission	is	a	report	on	data	understanding	that	can	be	realized	
in	team	and	a	proposal	for	each	member	of	an	analy7cal	objec7ve	to	be	
inves7gated	individually:		not	more	than	8	pages.	Proposal	submission	
planned	on	18/12	

	 (Collabora7ons	are	welcome,	but	at	the	end	any	student	has	to	
demonstrate	her/his	effort	in	realizing	the	project)	

	 -	the	project	report	is	presented	before	the	oral	exam	and	discussed	
individually	on	15/01	or	16/02	
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Big Data Analytics- Evaluation 

	 Ongoing projects (on small  datasets) or seminars on 
research papers with presentation to the class 
	 Final (Team)  Project 
◦  Team of 2-3 person. 
◦   Unique grade.  
◦  Projects consist into the realization of some complete analytical 

processes on a given problem and a given dataset, aimed at 
realizing some novel services 

◦  A final  report followign the CRISP standard describing all steps:  
esploration, preparation and anaysis and final evaluation. 

◦  Project presentation .ppt 

	 Individual Project Discussion 





Big	data	&	new	
ques7ons	to	ask	



The	Social	
Microscope:	a	tool	to		
	measure,	understand,	
	and	possibly	predict		
human	behavior	

Big Data & Social Mining 



Google	Flu	Trends	

Nature	457,	1012-1014	(2009)	





Searching the most happy city in 
US 



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	
Bri7sh	Medical	Journal	337	(4	December	2008)	

Spread	of	Happiness	



Diversity and Wellbeing 
(phone calls) 



Diversity and Wellbeing 
(Mobility) 



Big Data for smart cities 



How people use the city during the 
day? 



Fingerprint of the city 



Carpooling 
Network 

IEEE TRANSACTIONS ON AUTOMATIC CONTROL, VOL. XX, NO. Y, MONTH 1999 104

Fig. 4. MyWay prediction strategies schema.

Fig. 5. Example of usage of the spatial and temporal tolerances: the red
triangles are the real points s0 and s00 such that |t0 � t00|  temp

tol

, the
green circle is the predicted point such that ks� s00k  spat

tol

.

The resulting three predictors are shown in Fig.4, depicting
how the individual history, the individual profile and the indi-
vidual predictor are inside the user PMS, while the collective
predictor is outside and therefore handled by a third party that
orchestrates the users’ information as well as the hierarchical
predictor. This third party, usually called coordinator, has
the responsibility for the storage and management of the
users’ profiles. Our experiments will show how the hierarchical
strategy achieves the best performances.

VI. EVALUATION MEASURES

In this section we present some measures used to evaluate
the prediction results. It is important to note how the proposed
method is challenging a very hard prediction problem due the
following considerations: (i) users do not move every time in
the same period of the day (at least not exactly); (ii) movement
speed is not constant during the travel, even following the
same route; (iii) possible errors deriving from spatial sampling
of the data could influence deeply the predicted position
both in time and space. Consequently, it is reasonable to
consider a set of tolerances to fairly evaluate the results. In
the following, we will use spat

tol

and temp
tol

to describe
the spatial and temporal tolerances which generate a spatio-
temporal area around the real point. This area contains all
the values considered correct for the prediction problem. An
example of usage of these tolerances is shown in Fig.5.

Definition 7 (spatio-temporal tolerance): Given the pre-
dicted position s at time t, the real position s0 at time t0, and
the position s00 at time t00 that is the closest real position to s
such that |t0 � t00|  temp

tol

, then the prediction is considered
correct if and only if ks� s00k  spat

tol

.
It is worth to underline that if temp

tol

= 0 then s0 = s00

and thus we are predicting exactly the point where the user
will transit in future without any temporal tolerance.

Furthermore, let T S be the set of trajectories for which
we want a prediction, T P the set of trajectories for which
a prediction is provided, and T PC the set of trajectories
for which the future spatio-temporal position is correctly
predicted, then the following validation measures are defined:
• Prediction rate =

|T P|
|T S| allows to estimate the predictive

ability and corresponds to the percentage of trajectories
for which a prediction is supplied;

• Accuracy rate =

|T PC|
|T P| allows to estimate the prediction

goodness and corresponds to the percentage of future
spatio-temporal positions correctly predicted;

• Spatial Error =

P
8(s,s00)ks�s

00k
|T P| allows to estimate the

error of the predictions (both correct and incorrect).

VII. EXPERIMENTS

In this section we evaluate the performances of all prediction
strategies in MyWay.

A. Experimental Setting
Dataset. As a proxy of human mobility, we used real GPS

traces collected for insurance purposes by Octo Telematics
S.p.A. This dataset contains 9.8 million car travels performed
by about 159, 000 vehicles active in a geographical area
focused on Tuscany in a period from 1st May to 31st May
2011. From this dataset we selected only the users traveling
through Pisa province with at least 20 travels considering only
week-days. Considering that in Pisa province there are about
476, 260 trajectories, this led to a dataset with 30% of the
all users and 80% of the all trajectories, that is about 5, 000
users and 326, 000 trajectories. We considered as training set
the first 3 weeks and as test set the remaining last week.
We tested MyWay using two different test sets: one got by
considering only the first 33% of each trajectory (test33), and
one by considering the first 66% (test66). These two test sets
represent two levels of knowledge of the current movements
and we will show how they affect accuracy and prediction rate.

User’s Profiles. We extracted from the training set three
different collections of individual mobility profiles P100, P500

and P1000 obtained by using the following distance threshold
values: 100, 500, 1000 meters. We analyze some statistics
of these profiles for selecting the more promising for our
prediction strategies. The aspects we consider are: (i) the
dataset coverage, (ii) the profile distribution per user, and (iii)
the profile distribution in time. In Fig.6(left) the number of
routines per users is shown. The first important aspect to
notice is the coverage of the dataset, in fact for P100 we
have only the 57, 9% of the users with at least one routine
against the 72.7% for P500 and the 77.4% for P1000. Moreover,
we observe that both P100 and P500 have two peeks at 0
and 2 representing respectively, the users without regularity
and the users with common behavior home-work and back.
Instead, P1000 has a lot of users having only one routine. This
happens usually when the behaviors are mixed together by the
clustering algorithm due a too permissive threshold. Finally,
in Fig.6(right) the temporal distribution of the trajectories and
routines is shown. It illustrates how all the three profile sets

Personal mobility assistant  



Call Data Records… when, where and 
who 



A

B

C

H
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Call Data Records for Developing 
Countries  
(D4D Challenge) 



Epidemics simulations 



Community Discovery, Evolution, 
Diffusion, Multidimensionality,… 

Michele	Coscia,	Giulio	Rosseg,	Fosca	Giannog,	Dino	Pedreschi:	Uncovering	Hierarchical	and	Overlapping	Communi7es	with	a	Local-First	Approach.	TKDD	
9(1):	6	(2014)	



Retail Market as Complex 
system 

generic	u7lity	
func7on	
(ra7onality)	

personal	u7lity	
func7on	
(diversity)	

Product	

Price	

Quan7ty	
Needed	

Sophis7ca7on	

R2	=	17.25%	 R2	=	32.38%	

R2	=	85.72%	

Pennacchioli,	D.,	Coscia,	M.,	Rinzivillo,	S.,	Giannog,	F.	and	Pedreschi,	D.,	The	retail	market	as	a	complex	system.	In	EPJ	Data	Science,	2014.	



Social Influence: Leaders 



Ask to LAST.FM 

80.000	users,		
4000.000	connec7ons	



	 It	has	been	observed	that	a	small	set	of	users	in	a	Social	
Network	is	able	to	an7cipate	(or	influence)	the	behavior	of	
the	en7re	network	

	 We	detected	3	possible	scenarios:	

What is Social Prominence? 

width	 length	 strength	



No limits to 
creativity  
IF DATA ARE AVAILABLE, THEN ANY 
PHENOMENON BECOMES MEASURABLE, 
QUANTIFIABLE AND POSSIBLY PREDICTABLE 
… INCLUDING HUMAN BEHAVIOUR 



Big	Data:	the	way	
of	Success	

The	paRerns	of	success	
in	cycling:	

	
	
• 	data	from	Strava.com	
	
• 	How	you	train	is	fundamental	

• A	confirma7on	of	the	
“overcompensa7on”	theory	



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

 
 

The patterns of success in 
Sports 

 



Big	Data:	the	way	
of	Success	

The	paRerns	of	success	in	
football:	

	
	
• detailed	data	on	every	match	
(trajectories,	passes,	goals,	…)	
	
• 	a	network	approach	to	study	the	
strategy	of	teams	
	
• 	a	data	mining	approach	to	study	
the	performance	of	players	



... 
<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 Opta:  
All events during the match 



Big	Data	Analy7cs	&	Social	Mining	



We	are	not	Google’s	
customers,		
we	are	its	products.	
	
We	–	our	fancies,	
fe7shes,	predilec7ons,	
and	preferences	–	are	
what	Google	sells	to	
adver7sers.	







Data scientist 
the sexiest job of 
21st century 

Today	



Data	scien7st	
	 …	a	new	kind	of	professional	has	emerged,	
the	data	scien7st,	who	combines	the	skills	of	
sofware	programmer,	sta7s7cian	and	
storyteller/ar7st	to	extract	the	nuggets	of	
gold	hidden	under	mountains	of	data.		

	



Uses…. 



Predicting who could be persuaded 
and how? 





… 



The GDPR 
Ø Will	enter	into	force	on	25	May	2018		

Ø  Introduces	important	novel7es	
Ø New	Obliga7ons	
Ø New	Rights	

	



SOCIAL MINING &  
BIG DATA ECOSYSTEM 
 H2020 - WWW.SOBIGDATA.EU 
SEPTEMBER 2015- AUGUST 2019 
 
 
 
 





Big	Data	for	City	of	Ci7zens	

Personal	Mobility,	Social	+	Mobility,	Personal	Sensing	

Exploratory:	



Exploratories 

City	of	Ci7zens	
This	exploratory	tells	stories	about	ci7es	and	people	living	in	
it.		We	describe	those	territories	by	means	of	data,	sta7s7cs	
and	models.	

Well-being	&	Economic	Performance	
Can	Big	Data	help	us	to	understand	rela7onships	between	
economy	and	daily	life	habits?	We	use	data	of	purchases	in	

supermarkets	and	inves7gate	people’s	behavior.	

Societal	Debates	
We	study	public	debates	on	social	media	and	newspaper.	We	can	
iden7fy	themes,	following	the	discussions	around	them	and	
tracking	them	through	7me	and	space.	

Migra7on	Studies	
Could	Big	Data	help	to	understand	the	migra7on	phenomenon?	
We	try	to	answer	to	some	ques7ons	about	migra7ons	in	Europe	

and	in	the	world.	



Vision	papers	
1.  F	Giannog,	D	Pedreschi,	A	Pentland,	P	Lukowicz,	D	Kossmann,	J	Crowley,	D	

Helbing.	A	planetary	nervous	system	for	social	mining	and	collec7ve	
awareness.	The	European	Physical	Journal	Special	Topics	214	(1),	49-75,	
2012	

2.  M	BaRy,	KW	Axhausen,	F	Giannog,	A	Pozdnoukhov,	A	Bazzani,	M	
Wachowicz.	Smart	ci7es	of	the	future.	The	European	Physical	Journal	
Special	Topics	214	(1),	481-518,	2012	

3.  G7	Academies	Mee7ng	-	Rome,	23-25	March	2017	
	Joint	Statement	on	New	economic	growth:	the	role	of	science,	technology,	
innova7on	and	infrastructure,	Posi7on	Paper	on		Data	Science	by		Fabio	
Beltram,	Fosca	Giannog,	Dino	Pedreschi			

	


