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Kto do pekla je Filip Vitek ?

Filip Vitek
I 6 rokov sa venujem Viybudoval som analytické Gtvary pre 6 réznych
stratégii, analyze dat

odvetvi, teraz pracujem preTeamviewer (IT) :

a rozvoju CRM systémov a
BigData pristupov

V Data mining a BigData oblasti ma skor budete poznat cez

300+ expert blogov

Ak nebudeme mat $ancu ist do hibky, budem sa davat
odkazy na blogy na dané témy.

/:/'\OCmé

SENI /7 dat&

Tyzdennik o ekonomike a podnikani WWW‘mocngData'sk
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Upozornenie:

Cielom tejto prezentacie NIE JE VAS VYSTRASIT.

- - - AJ ked, niektore veci, ktoré za chvilu poviem,
sUu NAOZAJ STRASIDELNE. - - -

|dedlne by bolo, keby ste sa
ZARIADILI PODLA NICH

Mozete sa rovnako rozhodnut ich aj ignorovat, ale iba na vlastné riziko.
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Preco by sa vlastne datovi analytici vobec mali bat?

Riadena datami Vela ludskych vstupov

Umela

Pracuje
inteligencia S nastrojmi
2 2 Opakujuce sa
Automatizacia e Datova Ginnosti
o\ analytika
B I , o I = -

Seivist .

Eurozone Industrial Production YoY

Survey: -2.1%
Actual: -3.3%

. Ekonomické kriza uz prichadza
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Vyvoj rocneho platu' Data Scientistu v US

+7% -2%
(”4%7 ( Sg;K W r+0%j

$91K $95K  $95K
$80K

2014 2015 2016 2017 2018

Vzdy bude
treba takych
[udi
Vysoky
dopyt
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1 Rocny plat, data z USA trhu od © 2018 Burtch Works LLC



Vzdy sme to vedel

1800’'s

- i
I

nandat “ strojom. Doslova!

1900’'s

21 dtokov ' na Waymo (Google)
v meste Chandler, Arizona
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Ako sa teda tomu postavit celom?

nerobit posledné
neznizovat GO BY SME
LATKU PEVNO§T|
NEMALI L UD|
zvéint'
DESATBOJ orejst ’
ZDOKONALENIM
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Ked sa bojime, ze nas stroje porazia, preco im to
ulahcujeme tym, ze znizujeme pre nich latku ...

G ZlepSujeme sa v

Q Ignorancia externych dat . :
et nespravnych veciach

)

,' .push(alcl);

.. : s B (Ve
G Pandémia “Default option” gunction '()"';.a(), a = 4(d)
guiger‘/log%f(j Vg :
place( y:,C : ;C?" l
L a ;
= Silnaorientacia len na interné data ] = =, s . r( :‘
=  Mylne sa domnievame, Ze je to PROMNCS - ptaParten T

vela usilia
[V skutocnosti = 7 riadkov kodu na
prehladanie webstranok 900 tis klientov]

Vacsina ML/Al kurzov je ...

=  Skontrolovali ste niekedy po MS Excel m

= Roboti nebudu lenivi, im to pride &i podita spravne? (0.50.4-01)

uplne normalne

Algoritmy su komoditami
[ako by ¢lovek mohol porazit XG Boost ?]

= Pythonje novy MS Excel
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Co teda v datove analytike zostane pre ludi?

Skuste si spomenut na ostatny Machine learning model, ktory
ste robili. V ktorych z nasledovnych krokov ste sa spolahli na
nejaky predprogramovany package/kniznicu? (e.g. Scikit Learn, ...)

Your ticket to
longer analytics

survival

) Model
Feature Feature Sampling fitting Model
creation transform. & Cross Se Ct)[TFrpaRré(s:]on
& selection validation Regression,..] |

) A oxereadh o 0 ¢ o I ¢ 0. 0.0 G ¢ 0.0 0 QNI 0.0 ¢ 0*¢

Rate of machine replacement quality compared to human

o Ktoré &asti Datovel i Sinn "Aku alternativu mame, ako ludstvo, oproti Al?* e
oré Casti Datove] analytiky prezijd: http://mocnedata.sk/en/what-alternative-do-we-have-to-ai/




Byt vSetkym znamena byt ...

Muzi 100m Muzi Desatboj
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.. je nutné vediet, akym analytikom chcete NAOZAJ BYT

Analytika ako Jeden kontinent Analytika ako Suostrovie
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.. the MBTI v oblasti analytiky. Over si aky typ Datového analytika si TY sam:
http://mocnedata.sk/en/VIBA-type-of-analyst/
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NEROBME, €o by sme NEMALI ROBIT

| . o . Rozho-
Data , Tré . lteracie 0 Pri Oskéruj  Sledu .
, , . \'Wber rening yber riprava J U
Definovat zgzdee- clean e pagame— prvych ?/V'El}(rc?r?tje zle r]éaenie o scoring  &zapis  predik, drggtjrtel'rig-
target ratdata  ransf. troy  modelov y mgdelu modelu dat  kamtreba vysledok P vani

R R uwr Rur Qs )
./a .)- /‘ .)- ./6 -)- ./6 -)- ./6 -)- A
/) l" : &~ . S ¥ 3 ,

i . &S Kolko zamestnancov

g 2

treba na vytvorenie
10 modelov /rok MY;_V TeamViewer,
sme printteni rozsahom.
200 modelov /rok I Ale vacsina teamov nie je ..
3

1000 modelov /rok F

12 Ktoré Casti Datovej analytiky preziju?




Zdokonalenie sa. Ako by sme sa my, [udia,

Univerzity. Naozaj?

40 40
I |

Zasadne zmena

55
vzdelanie pracovny Zivot

1900's

FCIL | m—

=  Kazdy hovori, ze nam chyba “viac
absolventov Data Science”
= V&CSina Uspednych uchadzatov NEMA
Al vzdelanie z Univerzity
(ked uz sme pri tom, ani ja nie)

=  ESte intenzivnejSi boom Udemy,
Coursera, Udacity, FutureLearn

= Vznika konceptu “Al citizen” ,
ak mozete, vyuzite toho

Manazérsky aspekt

=

| |
L8 mE g

Kazdy chce byt data scientistom.
.. ale v konecnom désledku ich nebudeme
potrebovat tolkych ...

Data Scientisti dnes reportuju
NE-analytickym nadriadenym
[syndrém Osamelého analytika + 4. druhy séfa ]

Ak uz dnes ovladate ML/DL, nesnazte sa
zdokonalovat v technickych veciach.
Trénujte soft skills, zoberte (aj keby horsie
plateny) job Teamlidra ...

mali pripravit?

Finske 1%

Welcome to the Elements of
Artificial Intelligence free

online course

English = |  Start the caursa

Spominate na kurzy IT gramotnosti?
.. budeme potrebovat nieco také...

Finsko vybralo nahodne 1% populacie,
ktoré vyskolia na Umelud inteligenciu [zubar]

Ak prepukne nezamestnanost, dopadne
to na Stat. Takze ten ma zavazny zaujem
podporovat takuto Al do-kvalifikaciu

Ak by to nakupila vo velkom objeme,
Jje to super lacné (< 10 EUR per person)

‘Osamelost Datového analytika”
13 http://mocnedata.sk/osamelost-datoveho-analytika/

"4 druhy séfov, co nerozumeju analytike”
http://mocnedata.sk/4-druhy-sefov-co-nerozumeju-analytike/ e



Zdokonalenie sa. Co & Kde si preéitat?

) Lo Blog 2 tyzdne b S e
Kolko to trva, kym NICK BOSTROM

NIECO NOVE [ Cosopis [ SUPERINTELLIGENCE the |

s obavi . | - NUMERATI |
STEPHEN |

\ /\OCV\Q _BAKE R
https://blog.feedspot.com/ai_blogs/ / datA
www:* /HocneData -sk

. pre expertov

- : U
DATA B,
Data Science
. FR THE PEGPLE Jor Bu%mes% &
Web Data HBW T8 MAKE e o Know ‘{\')Anal tlcssﬂ
Mlnlng BUR PBST- e rinking How to win with intelligence
y PRIVACY P - = [0 C S \)]
ECONAMY WORK ™S (o, 7> seanigend | l\ "ﬁ R
F@R Yau SVERENL AL i PRODUCT INNOVATION LT i
ANDREAS ‘ q‘é)ﬁ \5
WEIGEND Foster Provost & Tom Faweet iﬁé&%’(h L\@

T . i Sinn 4 kvalitné knihy, ktoré by ste s/ mali precitat _ °
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Expertl sa zhoduju: “Priprava premennych bude pravdepodobne
jedna z poslednych pevnosti cloveka v analytike.’

Your ticket to
longer analytics

survival

§ Model
Feature Feature Sampling fitting Model
creathn transform. & Cross [t ct}n\ﬁpa;[l}scrn
& selection validation Regression, ] :

Frorrow Yokoloksr Sololoiok Solololotr Solololo

Rate of machine replacement quality compared to human

CAPTCHA

2 300 000 anotovanych vstupov
VS. 260 anotovanych vstupov
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Aké joby vyjdu vitazne z 1. utoku Al na datovu analytiku?

Front-End dizajnér

Feature inZinier pre Al produkty
(alebo Data Scientist so silnym
Feature skillsami)

Model auditor/

i Model Model v 7 = 1] =
Feature Sampling fittin ; M t I t I t
g comparison
wansorm.  &Css  (un  comears anazer vysvetiteinost
l PERFORMANCE VS. INTERPRETABILITY
e re sement ¢ compared to humar ‘r [_ ______ 1
Credit card denied - Monotonic decision
[ _ ! boundary :
& |
Y Nommaaaa
- Zamestnanec
f— - -—
- - - -
L CE I A trhoviska algorit
Late Fe § .
o | = - rnoviska aigoriimov
-
,/’_ . Non-Manotonic - ik + G
- decision boundary 833 o
-
P
-
Credit card approved

Annual Income

SOFTECON
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Zhrnutie toho najdolezitejsieho

) nerobit
CO BY SME

ledné
NEMALI POS
o PEVNOSTI

’ y
¥ e \ = e el P Quor  Qour Qeur Qoe I UDI -
e 2 22 2WINly »# 22 -
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zvazit
prejst ,
DOKONALENIM
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SOFTECON

Dakujem za Vadu pozornost a som pripraveny na

VASE OTAZKY

/:_f'\ﬂCmé )
/\ datQ
www-MocneData-sk Pokojne
saozvi ... L
Pridaj sa Mgr. Filip Vitek

Data Science Director
TeamViewer, Berlin

+421 911 072 231

do komunity

inffo@mocnedata.sk @

https://sk.linkedin.com/in/vitekfilip
m | T @ik

http://mocnedata.sk/zostanme-v-kontakte/



mailto:filip.vitek@mediworx.sk
https://sk.linkedin.com/in/vitekfilip
http://mocnedata.sk/zostanme-v-kontakte/

BACK UP SLIDES
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Co oc¢akavam od... COOL pripravy premennych

Sorting out the hopeless cases

Rozsirila zoznam “surovin”

(= viac informacii pre model)
&nu_t T £

Ohlasi, ze mi chyba
nieco zasadné

Zuzenie poctu hodnot pre rychlejsie
trénovanie a spravu modelu

uuuuuuuu

: : “What (shoul Fe / ng look like?”
20 How To Do Cool Feature Engineering In Python al (shoula) good Feature engineering look like

http://mocnedata.sk/en/good-feature-engineering/




SciKit Learn ... Nase ICcko v Machine Learningu (?!)

Supervised Learning
(GLM, LinDiscAnal, KernelRidge, SVM, StochGradDescent,

NearestN, NaiveBayes, DecisionTrees, Feature selection,
Ensemble methods, MulticlassAlgor, Isotonic Regress., Prob.
Calibration, NeuralNetworks, ... )

Unsupervised Learning

(GaussianMixture, ManifoldLearning, Clustering,
Biclustering, MatrixFactorization, Covariance estimation,
OutlierDetect, DensityEstimate, NeuralNet, ...)

Model selection

(CrossValid, HyperParemeters, Model evaluation,
Model persistence, Validation curves.)

Dataset Transformations

(Pipelines, Feature extraction, Preprocessing, Impute, DimensionReduction,

Projections, KernelApprox, PairWiseMetrics, TargetTransform)

Datasets, Loading & Scaling

(Toy/Real datasets, Generated datasets, Loading,
Incremental learning, PredicitonThrouput, Parallelism)

Feature selection tools

Low Variance Removal
Univariate feature selection
(Select K-Best)
Recursive Feature Elimination
(only backwards)

SelectFrom Model (Tree)

Including into Pipeline

Principal Component Analysis
Independent Component Analysis

J

21 ‘ How To Do Cool Feature Engineering In Python



Ako to vykompenzovat v Python prostredi ...

Postavte si VLASTNY FEATURE engine

Predpripravené Lamba na
opakujlce sa transformacie

8:. Featuretools Pouzite

https:/iwww.featuretools.com/ Deep

tSfr e Sh Learning

https://github.com/blue-yonder/tsfresh

= (Calculation costs
=  Team skills

=  Time-to-market

=  Explain-ability

https://epistasislab.github.io/tpot/

Parents Offspring

= (Genetic
| Programming

http://mwww.philipkalinda.com/ds8.html

a Calculate variable statistics

[see also transformations slide, ...]

Generate obvious suspects
[aggregations, time windows, ...]

Indicate missing info categories
[compare to dictionary, Expl. score ...]

° Hard criteria knock-out

[Variance, NonNulls, distinct X, ...]

e Binning & Categorical decomposition
[Forced binning if > N]

Univariate correlation & Log -P
[Simple tree is enough]

Bivariate relations
[Cut off for Categorical dummies by Support]

Decision on ranking of parameters
[Simple, Stage based, ...]

22 ‘ Feature Engineering In Data Science

‘Unconventional methods of Feature engineering” e
http://mocnedata.sk/en/feature-engineering-berlin/



Unconventional

Real examples of Unconventional Feature Generation

atff‘“'t\

features
Fee increase tolerance
How old are you, Bernard?

Zodiac, are you kidding me?

» Feeincrease sensitivity for =  Probability to have car accident

retail bank

= |n search for metric that
would tell: How “lazy” user is?

= As Joker card for model

=  Strong objection from Data
Scientists: " 7Ais 1s not serious
work, we protest.”

= Limited space, banking feels Detecting commercial

very un-emotional customer = Ended up as the Second
strongest parameter in model.

= Nothing like “National ID" for
German insurance companies

= they have no clue about age = [owest amount ever withdrawn

of customer from the ATM = Quite a few small = Later confirmed in 4 other
= |mportant for setting proper [worked surprisingly well, due to large coverage] companies without license countries in same issue

communication (web vs. call = Toosmall to detect via IP [l have a hypothesis why it works]

VS. paper letter) address range

= Using standard desktop OS

= First name + Region predicting .
versions

92% accurately the decade

when the customer was born
= Pattern of use strong within

[cut/off point for approx. 25% Individuals] working hours, weak outside

[nightmare of time zones from UTC]

. . . NIeI:IM //nd more of interesting feature examples here:
23 Feature Engineering In Data Science INFO http://mocnedata.sk/en/what-to-read-in-english-here/



Data underdogs ... and their impact

Has originally other

() Data fields that are ‘just identifiers”

Who will win the
car race to nearest
lights?

Indicates client behavior

informational role

[or its change]

Social impact on other
clients in portoflio

Jane.Angry@teamviewer.com
Martin.Neutral@teamviewer.com

Tone of voice

John.Warton @hotmail.com
Johny_geek @hotmail.com

(] Contact & Transactional data

(] No obvious relations as champion
challengers (Joker cards)

() Unusual aspect of usage

(] “Ryanair-like" data test

Bank
preference

(Online bank vs.
Postal bank)

Relationship o
proxy

(133333333 /xxxx
133353333 /xxxx)
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VeI Ospravedirite sa svojel databdze
INFO https://blog.etrend.sk/filip-vitek/data-underdogs.html


https://blog.etrend.sk/filip-vitek/data-underdogs.html

