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transported in (big) «tankers»
siphoned through (capable) «pipelines»
stored in (m

assive) «silos»
refined through «data science»
in order to get valuable «data products»
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H. MASON AND C. WIGGINS, 2010
D

ata science is clearly a blend of the hackers’ arts, statistics
and m

achine learning...
and the expertise in m

athem
atics and the dom

ain of the data
for the analysis to be interpretable...
It requires creative decisions and open-m

indedness in a
scientific context.
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D. J. PATIL, 2011
W

e realized that as our organizations grew
, w

e both had to
figure out w

hat to call the people on our team
s. «B

usiness
analyst» and «D

ata analyst» seem
ed too lim

iting
T

he term
 that seem

ed to fit best w
as «data scientist»: those

w
ho use both data and science to create som

ething new
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C. SOMOHANO, 2013
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CHARLES JOSEPH MINARD, 1851

num
ber of N

apoleon's troops; distance; tem
perature; the latitude and longitude; direction of

travel; and location relative to specific dates





FLORENCE NIGHTINGALE, 1858





TOP 10 THINGS DATA SCIENTISTS DO
1

. A
sk G

ood Q
uestions: W

hat is w
hat w

e don't know
? A

nd w
hat

w
e'd like to know

?
2

. D
efine and test an hypothesis, run experim

ents
3

. Scoop, scrap, sink, &
 sam

ple business relevant data
4

. M
unge and w

restle data, tam
e data

5
. E

xplore data, discover unknow
ns

6
. M

odel data and algorithm
s

7
. U

nderstand data relationships
8

. Let a com
puter learn from

 data
9

. C
reate data products that deliver actionable insight

1
0

. T
ell relevant business stories from

 data





D
A

TA
 SCIEN

CE R
OLES





A
 D

A
TA

 SCIEN
TIST TOOLK

IT 1
D

iffe
r
e

n
t m

o
d

e
r
n

 p
r
o

g
r
a

m
m

in
g

 la
n

g
u

a
g

e
s

 (J
a

v
a

, R
, P

y
th

o
n

,

S
c

a
la

)

F
r
a

m
e

w
o

r
k

s
 fo

r
 d

is
tr

ib
u

te
d

 s
to

r
a

g
e

 a
n

d
 c

o
m

p
u

ta
tio

n

(H
a

d
o

o
p

, S
p

a
r
k

, S
to

r
m

)

Q
u

e
r
y

in
g

 la
n

g
u

a
g

e
s

 fo
r
 d

is
tr

ib
u

te
d

 in
fo

r
m

a
tio

n
 (H

B
a

s
e

, P
ig

 &

H
iv

e
)

S
o

ftw
a

r
e

 e
n

a
b

lin
g

 e
ffic

ie
n

t d
a

ta
 c

o
lle

c
tio

n
 a

n
d

 tr
a

n
s

fe
r

(W
e

b
s

c
r
a

p
e

r
s

, F
lu

m
e

, S
q

o
o

p
)





A
 D

A
TA

 SCIEN
TIST TOOLK

IT 2
F

r
a

m
e

w
o

r
k

s
 fo

r
 a

c
c

e
s

s
in

g
 s

tr
u

c
tu

r
e

d
 d

a
ta

 (S
Q

L
, R

D
B

M
S

,

O
L

A
P

)

F
r
a

m
e

w
o

r
k

s
 fo

r
 a

c
c

e
s

s
in

g
 n

o
n

-s
tr

u
c

tu
r
e

d
 d

a
ta

 (N
o

S
Q

L
,

M
o

n
g

o
 D

B
, C

o
u

c
h

b
a

s
e

, C
a

s
s

a
n

d
r
a…

M
a

c
h

in
e

 le
a

r
n

in
g

 a
n

d
 d

a
ta

-c
r
u

n
c

h
in

g
 lib

r
a

r
ie

s
 (W

e
k

a
, S

c
iP

y
,

N
u

m
P

y
, s

c
ik

it-le
a

r
n

, p
a

n
d

a
s

)

V
is

u
a

liz
a

tio
n

 lib
r
a

r
ie

s
 (D

3
.js

, G
e

p
h

i, g
g

p
lo

t2
, T

a
b

le
u

, F
la

r
e

,

S
h

in
y

)

S
y

s
te

m
s

 fo
r
 «

h
e

a
v

y
»

 s
y

m
b

o
lic

/n
u

m
e

r
ic

a
l c

o
m

p
u

ta
tio

n
s

(W
o

lfr
a

m
 M

a
th

e
m

a
tic

a
, S

P
S

S
, M

a
tla

b
, S

A
S

)





D
A

TA
 SCIEN

CE M
ETR

O M
A

P





PRINCIPLES
1

. Socio-T
echnical System

s (ST
S) are com

plex!
2

. D
ata is never at rest

3
. D

ata is dirty, deal w
ith it

4
. D

ata m
unging &

 data w
restling >

 7
0

%
 tim

e
5

. Sim
plification, reduction, distillation

6
. C

uriosity. E
m

piricism
. Skepticism
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hat is to say, there are things

that w
e know

 w
e don't know

B
ut there are also unknow

n unknow
ns. T

here are things w
e

don't know
 w

e don't know
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ALGORITHMIC MODELING

W
e don't understand the w

orld

T
he w

orld produces data in a black-box
D

ata Scientists
M

achine Learning, A
I &

 N
eural N

ets
R

andom
 Forests, SV

M
, ...

Iterative
P

redictive A
ccuracy
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Statistical vs. M

achine learning
Supervised vs. unsupervised Learning
Induction vs. deduction
Sam

pling &
 C

onfidence Intervals, P
robability &

 D
istribution, ...

C
orrelation vs. C

ausation
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U
CT IS...

C
urated and crafted from

 raw
 data

A
 result of exploration and iterations

A
 m

achine that learns from
 data

A
n answ

er to know
n unknow

ns or unknow
n unknow

ns
A

 m
echanism

 that triggers im
m

ediate business value
A

 probabilistic w
indow

 of future events or behavior




