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D
iscovered in 2

0
0

9
, com

bining elem
ents of viruses causing the

bird and the sw
ine flu.

N
o vaccine readily available, thus the only option w

as to slow
its spread.
N

eed to (accurately and tim
ely) localize infected people.





THE STANDARD WAY TO GO
D

octors inform
 the C

D
C

 (C
enters for D

isease C
ontrol) about

all flu cases
T

w
o-w

eeks lag
people tend to w

ait before going to the doctor
relaying info to central organizations takes tim

e
C

D
C

 tabulates tim
e only w

eekly
R

esult: a poor tim
eliness!





ACCIDENTALLY...
E

ngineers at G
oogle just published in N

ature a paper about
predicting the w

inter flu spread dow
n to specific U

S states
using a com

pletely new
 approach

N
o doctors involved, no m

edical tests involved: they analyzed
search queries
W

ith prediction obtainable alm
ost in real tim

e (now
casting)





HOW DID THEY DO?
Inform

ally: finding out w
hich term

s ill people types in the
G

oogle search box
T

echnically: crossing the m
ost frequent (geolocalised) search

term
s betw

een 2
0

0
3

 and 2
0

0
8

 w
ith the C

D
C

 historical data
about seasonal flu, in search for correlations
R

esult: 4
5

 search term
s predicting the localization of w

inter flu
during 2

0
0

7
 and 2

0
0

8
 w

ith results com
parable to those of

C
D

C
N

ot a new
 idea, but G

oogle had a m
assive am

ount of data
(three billions search queries per day) to process
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ANOTHER TALE: FARECAST
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HOW DID HE DO?
Inform

ally, he scaled out the the inform
al survey m

ade during
his flight
T

echnically, he “scraped” all ticket prices from
 the airlines w

eb
sites over a 4

1
-day period...

...and built a m
odel predicting the likelihood of a price increase

or decrease





WHY THESE TWO TALES?
In both cases, w

hat m
ade the difference w

as the availability of
a very big am

ount of data
T

hat w
ould not have been possible ten (or even five) years

earlier, because of
too high price of com

puting pow
er

too high price of storage
the availability of data

M
ore im

portant, people started to think differently about data
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IFT

D
ata w

as no m
ore seen as a “static” inform

ation to be
collected, com

puted and discarded (after a plane landed or a
user got his search results)
It becam

e a raw
 m

aterial of business, to be reused to create
econom

ic value
T

he am
ount of processable data w

as crucial to this process
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T
hanks to the diffusion of com

puters, laptops, cell phones,
sensors...
...a w

ide am
ount of data has becom

e available, and that
am

ount is grow
ing fast

T
his change of scale led also to a qualitative change

B
ig data refers not only to the use of m

assive quantities of
inform

ation, but also to new
, specific technologies and new

fields (starting from
 genom

ics and astronom
y)





BIG DATA
T

here is no rigorous definition (and a lot of hype, too)

B
ig enough to not fit the m

em
ory of a com

puter
B

ig enough to not fit the secondary storage
B

ig because w
e consider all data instead of a sam

ple
B

ig because at a sm
aller scale w

e w
ouldn't get the results w

e
expect:

extract new
 insights

create new
 form

s of value
changing m

arkets, organizations, citizenship





LOTS OF D
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in 2
0

0
0

, in som
e w

eeks telescopes could collect m
ore data

than had been am
assed in the entire history of astronom

y
the first genom

e scan in 2
0

0
3

 took a decade to sequence the
three billion base pairs; today the sam

e task takes no m
ore

than five days
G

oogle processes 2
4

 P
B

ytes each day (thousands of tim
es the

printed m
aterial in the U

.S. Library of C
ongress)

Facebook gets 1
0

 m
illions photos uploaded each hour, and

three billions of “like” and com
m

ents daily
T

w
itter gets m

ore than 4
0

0
 m

illions tw
eets daily (w

ith a yearly
grow

th rate of 2
0

0
%

)
users upload over one hour of video on Y

outube each second
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INFORMATION GROWTH RATE
C

urrently, it doubles every three years
four tim

es faster than the w
orld econom

y (processing pow
er

grow
s nine tim

es faster)
G

utenberg printing press:
in the first 5

0
 years: 8

 m
illion books

m
ore than the docum

ents w
ritten by scribes since

C
ostantinople's foundation som

e 1
2

0
0

 years earlier
T

hus, 3
 years vs 5

0
 years





WHY IS BIG IMPORTANT?
B

ecause at that scale w
e can do things that w

eren't im
possible

using a sm
aller am

ount of data
In other w

ords, som
ething sim

ply changes
A

n analogy (P
eter N

orvig): pictures
Iconic horse in a cave painting
then paintings, draw

ings
then photographs
and suddenly, a qualitative change: m

ovies!
A

nother (inverse) analogy: m
acro- and m

icro-scale in physics





WHY IS BIG IMPORTANT?
U

sing big data

G
oogle could speed up the process of identifying the

prevalence of flu (faster than official sources) and w
ithout

requiring actual visits of patients to doctors
Farecast could predict the price volatility of airplane ticket,
giving custom

ers a substantial econom
ic pow

er





SEVERAL OTHER APPLICATIONS
S
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PR
ED
ICTION

S
M

ost of the big data technology is about predictions
W

ith w
hich probability a m

ail m
essage containing the w

ord
“vi6

gra” is spam
?

Should the autom
atic car break or sim

ply slow
 in order to

avoid hitting that person on the pedestrian w
alk?

Is “teh” an E
nglish w

ord or should it be replaced by
som

ething else?
W

hich sites are m
ost relevant for this search query?

W
hich books should be recom

m
ended to this user?

W
hich Facebook users this guy could know

?
P

redictions m
ade on the basis of collected data

System
 im

proving itself over tim
e





M
A

CH
IN

E LEA
R

N
IN

G
C

om
puter science 

 A
rtificial intelligence 

 M
achine learning

N
ot related into teach com

puters how
 to «think» like a hum

an
being
data +

 answ
ers 

 prediction
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POSSIB
LE STR

A
TEG

Y: LEA
R

N
IN

G
collect several pictures of both characters
label them

 as S(heldon) or L(eonard)
feed a sam

ple of labeled pictures to a learning algorithm
get a classificator turning a generic picture into S or L
key facts:

how
 do I test this classificator?

approxim
ate results





TOOLS FOR
 LEA

R
N

IN
G

B
ayes classifiers

N
eural netw

orks
Support V

ector M
achines

and several other approaches
note that there's m

ore to learning than classification





TH
R

EE SH
IFTS IN

 D
A

TA
 A

N
A

LYSIS
Far m

ore data than usual, often all of the data
B

eing satisfied w
ith approxim

ate results rather than aim
ing at

exact ones
G

etting to know
 w

hat rather than w
hy





M
OR
E

before the advent of big data... sam
pling (analog technology,

im
possibility of storing all inform

ation, ...)
using all data 

 getting m
ore details

but also being able to w
ork at different granularities





M
OR
E

B
ut also «new

» kinds of inform
ation starts deserving attention:

location of a person
vibration of an engine

W
ith interesting effects

ability to predict new
 things

less im
portance to «instinctive» m

anagerial decisions
dem

ocratization of tools and techniques for data-crunching
(although not of data!)





MESSY
big data 

 loose up the desire for exactitude
tradeoff bew

teen sam
pling error and m

easurem
ent error

if I have few
 data, I w

ant them
 to be as m

uch precise as
possible
low

er sam
pling error, higher m

easurem
ent error

a sm
all grocery store m

ay count the m
oney in the cash register

up to the penny
it's im

possible to do the sam
e for a country's G

D
P

thus w
e'll be satisfied w

ith a sense of general direction





GOOD ENOUGH
suppose you find out that a com

bination of aspirin and orange
juice induces rem

ission of a given cancer in 9
0

%
 of patients...

...but you don't know
 w

hy this w
ork.

N
ot know

ing the exact cause of this health im
provem

ent has a
secondary im

portance: those patients lived!
in other w

ords: content yourself in know
ing that som

ething
happens (and use that inform

ation), rather than know
ing w

hy
it happens
for instance: using FareC

ast w
e don't know

 w
hat actually

affects the price of airline tickets; w
e (approxim

ately) know
w

hether or not that price w
ill rise... a good enough inform

ation
for custom

ers




