Data-driven
decision making

Dirk U Wulff, 7#e R Bootcamyp

GMFH @ Bern, 2019




-

We ve been to the _
lTIOOﬂ it & | ¢ R

Lann v

~ ' : ‘\l' .
Rl T RARONE -
-~ - "
S ;
e




We learned to treat many diseases..
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Still, we are Rind
of stupid!




The cognitive decision maRing system
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analysis - data - economic - process -
Income - context - estimate - export

Can you recall the words?

Probability of retrieval

Murdock (1962) JEP



A bat and a ball cost S1.10 in total. The
bat costs S1.00 more than the ball.
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How muth does the ball cost?
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Registered for organ donation’
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Person selects left picture.
Why did you choose the picture on the right?

Johansen et al. (2005) Science



Human decision maRing

Perfect
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Really that
stupid?



Broadly stated, the task is to
replace the global rationality
of economic man with a Rind
of rational behavior that is
compatible with the access

~ toinformation and the
computational capacities
that are actually possessed
by organisms, including man,
in the Rinds of environments
in which such organisms

exist.
Simon (1955, p. 241)
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Human decision maRing

Perfect
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Still, computers
do better!




Data explosion

1 Exabyte (EB) =1,000,000,000,000,000,000 Bytes
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omputing explosion

THE KURZWEIL CURVE

Moore’s Law is just the beginning: The powerof technology will keep growing
exponentially, says Kirzwerl, By 2050, vou Il be alie to buy a device with the

compaational capacity of all mankind for the price of a nice refrigerator teday.

Computer performance o
Plotted by number of calculations per second per $1,000 10"
Years by which, according to ... all human brains
Kurzweil, $1,000 of computation
will equal (or has already equaled)
the intelligence of ... .
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Tool explosion
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A mostly complete chart of

C) Backfed Input Cell

Input Cell ©2016 Fjodor van Veen - asimovinstitute.org
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Machine decision maRing

Perfect
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What computers
can do!




Object recognition

Ever cleverer

Error rates on ImageNet Visual Recognition
Challenge, %

".‘-'
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(ancer screening




Personality prediction
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Digital marketing
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Productivity benefits

Objective




Yes, computers can be
stupid, too!




An urban myth?!

"The Army trained a program to differentiate American tanks from Russian
tanks with 100% accuracy. Only Iater did analysts realize that the American
tanks had been photographed on a sunny day and the Russian tanks had

been photographed on a cloudy day. The computer had learned to detect
rightness.’

, - S ﬂxﬁ
New York Times L= \ |
| | ) :(‘




Fooling neural networgs

“Panda” “Nematode”
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Goodfellow, Shlens, & Szegedy (2015) ICLR



A-B: chair-map...nook-dog...car-idea ...
A-C: chair-printer...book-flower...car-shirt ...
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Repeating the past
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Machine decision maRing

Perfect
Not
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implications for
educators




Human-machine decision maring
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Humans roles

1. Select the world

3. Monitor output

'. —> Outcome
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some machme eal ﬂ|ng
DFOJeC 'S succeec ard Some

‘difference? Easily the most
'm‘po tant factc f‘ Of iS thewé-
features used.

Pedro Domlngos (2012)
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A changing economy

Best paid, Best paid, 220K
least vulnerable most vulnerable
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Fssential math concepts

Data

— Measurement
— Independence

— Designs

Estim

ation

— Probability
— Combinatorics
— Distributions

— Loss-functions
— Numerics

— Bayes theorem

Prediction

— Overfitting

— Complexity

 Bias &
\ariance




Conclusions

1) Humans make errors, and so do machines
2) The best decision making is done by humans and machines

3) Students must be educated on the workings and pitfalls of
machine decision MaRINg ... at least until singularity

TheRBootcamp.com




The algorithms we usec
are very standarc

for Kagglers. | ...
spent most
efforts in-

engineering. | ...

We
of our

eature
We

were also very careful

to discard fe

atures

[ikely to expose us to

the risk of over-
fitting our model..

Xavier Conort (2015)



Data jobs

Data analyst Data scientist Data engineer
Software Software Software
engineering engineering engineering

ML Deployment
Big data Data
\\ engiaztearing engineering
‘ 2rogramming
Business

Database
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COGNITIVE BIAS

What Should
Remember?

CODEX

We store memories differently based
on how they were experienced

We reduce events and lists

We edit and reinforce

some memories after the fact @

We favor simple-looking options

and complete information over
complex, ambiguous options

To avoid mistakes,

we aim to preserve autonomy
and group status, and avoid
irreversible decisions

To get things done, we tend to
complete things we've invested @
time & energy in

To stay focused, we favor the

immediate, relatable thi
in front of

We Need
To Act Fast

Visual & Algorithmic Design:  John Manoogian Il

Concept & Categorization: Buster Benson

List of 188 Cognitive Biases:  Wikipedia
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o act, we must be confiden o &2 gFad e
we can make an impact and s S

feel what we do is important

We project our current mindset and
assumptions onto the past and future
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We notice things alrea

dy primed in

memory or repeated often

Too Much
Information

We are drawn to details that
confirm our own existing beliefs

We notice flaws in others
@ more easily than we
notice flaws in ourselves

We tend to find stories and
patterns even when looking
at sparse data

We fill in characteristics from
stereotypes, generalities,
and prior histories
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We think we know what
other people are thinking

to make them easier to think about

Meaning
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