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Popular Data Analysis Skills

http://www.crowdflower.com/blog/what-skills-should-data-scientists-have-in-2016

Jo
b 

O
ffe

rs
 w

ith
 S

ki
ll 

(%
)

0

15

30

45

60

SQ
L

H
ad

oo
p

Py
th

on

Ja
va R

H
iv

e

M
ap

Re
du

ce

N
oS

Q
L

Pi
g

SA
S C

O
ra

cl
e

Te
ra

da
ta

SP
SS

M
at

la
b

Pe
rl

M
yS

Q
L

Po
st

gr
eS

Q
L

Ru
by

H
tm

l

St
at

a0

15

30

45

60

SQ
L

H
ad

oo
p

Py
th

on

Ja
va R

H
iv

e

M
ap

Re
du

ce

N
oS

Q
L

Pi
g

SA
S C

O
ra

cl
e

Te
ra

da
ta

SP
SS

M
at

la
b

Pe
rl

M
yS

Q
L

Po
st

gr
eS

Q
L

Ru
by

H
tm

l

St
at

a

Which skills should data scientists have in 2016?
Analyzed ca. 3500 LinkedIn job openings for data scientists. 

SQL-Related SkillNon SQL-Related Skill
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Popular Data Analysis Tools

Which of the following tools do you use?
Please select only those tools which you use in your 

current role on a regular basis (i.e., about every week). 

SQL InterfaceNon-SQL Interface
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Comments on D-Wave
Experiments on the 

D-Wave devices over 
the past years have 
indicated that the 

devices use quantum 
effects. 12.2015

As far as I’m concerned, this completely nails down 
the case for computationally-relevant collective 

quantum tunneling in the D-Wave machine, at least 
within the 8-qubit clusters 12.2015

The general consensus 
now is that the D-Wave 
computers do exhibit 

some quantum behavior. 
5.2014

The sweet spot for quantum 
annealers is thus quickly 

finding approximate 
solutions. 12.2015

D-Wave has performed a careful study 
showing that their latest device is 15x 

faster than the best optimized classical 
codes on a single core of an Intel CPU 

(and thus still comparable to a high-end 
multi-core CPU) 12.2015

Another challenge is the embedding of 
problems into the native hardware 

architecture 12.2015

10,000,000 times faster than 
simulated annealing running 

on a single core. 12.2015

more efficient classical optimization 
algorithms exist for these problems, which 

outperform the current D-Wave 2X device for 
most problem instances. 12.2015

it remains uncertain whether D-Wave’s 
approach will lead to speedups over the 
best known classical algorithms. 12.2015

if you wanted to solve a practical 
optimization problem, you’d first need to 

encode it into the Chimera graph, and 
that reduction entails a loss 12.2015
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