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Cim Ze se to ted zabyvam

\."3 DataSentics

Accelerating the digital transformation of enterprises in Europe with the power of machine learning

ML Center of Excellencein Prague & Bratislava We become your data innovation strike Powered by
serving Central and Western Europe team within your digital transformation .
$databricks
ML use case "y Experiments/ )
Data science Data engineering ideas prototypes We are one of the first European partners
How We Work Machine learning Cloud
(incl. NLP, image, graphs...) (Azure, AWS) \ / =. Microsoft aWS
25+ specialists 15+ specialists o
Automated ML solutions into production We are a Microsoft partner We arean AWS partner
specialized on Al in Azure specialized on Al
Key Industry Focus 9} Financial Services E Retail/FMCG and ecommerce/digi
® .
Key References MONETA Allianz VIG~ l MALL ' socialbakers ol A
y ERSTES X @ VIG® Asai [N J X il L

Customer Engagement 360° Fraud / AML / Risk Contact center Shelf Inspector
Main Solutions Combiningdigital and offline behavioral data Using advanced methods such Using NLP for automatic Computer-vision-based Al solution for

and machine learning to personalize the as NLP and graph analytics to routing of emails/request, automatically analyzing the quality of
customerexperience identify anomalies, etc. topic detection, etc. placement of my productsin a store shelf

We will help you build your own best practice cloud data platform using our ADAP framework.
Getting the best “data science experience” for your teams unifying data scientists and data engineers.

Best Open-source Unified Analytics Infrastructure, Scalability and *  AFully Open Data Platform for ML Use Cases in
Agile Data Analytics Big Data Engines + Environment + Automation Production, Automation + CI/CD
*  BestPractice Lambda Architecture Using Standard
Platform (ADAP) ) g
Spar‘i(‘z @ python $&databricks A\ rzure or AWS Cloud Components

*  Deployed to Your Own Cloud Environment

© 2019 DataSentics. All rights reserved. 3 -




& Sentics

0. Data science — co tim vlastné myslim
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& Sentics

Data analytics hype-word ecosystem

CLOUD COMPUTING
MACHINE LEARNING

BIG DATA DATA VISUALISATION
HADOOP NEURAL NETWORKS
BUSINESS INTELLIGENCE
DATA SCIENCE PREDICTIVE MODELLING
NATURAL LANGUANGE PROCESSING
DATA ANALYTICS

ARTIFICIAL INTELLIGENCE

DEEP LEARNING

DATA WAREHOUSING

DATA ENGINEERING
NOSQL
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& Sentics

Data analytics hype-word ecosystem

DATA SCIENCE Improve something in your business by using a combination of
DATA ANALYTICS data + data analytics method (with more or less mathematics) + data technology

What business problem we want to tackle (improve success rates of follow-up calls, improve efficiency
of marketing spend, ...) + input data + methods used + outputs + how exactly will the outputs be used
(ideallyautomatically—e.g. call centre agents will be callingthe clients with the highest score first)

DATA ANALYTICS
USE CASE

Mathematics light -> Business intelligence Mathematics heavy -> Data science

DATA ANALYTICS  BUSINESS INTELLIGENCE ARTIFICIAL INTELLIGENCE

METHOD DATA VISUALISATION MACHINE LEARNING Ny ATURAL LANGUANGE PROCESSING
DASHBOARDING/REPORTING/KPIs PREDICTIVE MODELLING  NEURAL NETWORKS

DEEP LEARNING

DATA DATA WAREHOUSING DATA ENGINEERING
TECHNOLOGY Bl TOOLS BIG DATA HADOOP NOSQL CLOUD COMPUTING

DATA SCIENCE TOOLS

© 2019 DataSentics. All rights reserved. 6



HDataSentics

Data analytics hype-word ecosystem

Artificial Intelligence

Machine Learning

Deep Learning A subset of Al that  Anytechnique that
enables computers

includes abstruse T
TG . to mimic human
statisticaltechniques . : z
: intelligence, using
that enable machines Sy
: logic, if-then rules,
to improve at tasks 2t
: . decision trees, and
with experience. The 2 .
: machine learning
category includes ; .
: (including deep
deep learning :
learning)

The subset of machine learning
composed of algorithms that permit

software to train itself to perform tasks,
like speech and image recognition, by
exposing multilayered neural networks to
vast amounts of data.

© 2019 DataSentics. All rights reserved. 7 -



Display ad purchasing optimization {;giDthSentics

Get more leads (serious interest in product) from RTB campaigns with the same budget (or the same amount of leads for less)

—J realitk
el Y
—als Saz.mq.ca |
- P Digital campaign
Digital <
& ONLINE AD'Z\\T/ZRT'S'NG OWN MOBILE CLIENT PORTAL 3rd party data, management tools
channels WEBSITE APP INTERACTIONS partnerships, geo
behaviour (BROAD INTERNET) INTERACTIONS data, etc. R

Automatic
\ \ personalization of
l l / Machine customer journey and
) optimization of digital
Customer Digital non-client & client behaviour profile learning channels

Engagement Connecting the data onindividual
3600 platform NON-CLIENTS customer level
in cloud Automatic signals
for classic channels
/' f T \ ENRICHED NEXT BEST OFFER i1l
. Classic campaign
On-premise Branches Transactional Emailing / SMS Callcentrum < palg

/ classic systems & sales networks data / Push data/ call logs management tools

© 2019 DataSentics. All rights reserved.



Display ad purchasing pipeline

1) Download data from ad system every day — currently working with 1,5 billionimpressions

2) We see what person (anonymous but individual) visited, which sites / what articles he read, etc.:

I
okiell

-9213710615765419756  https:/iwww lide.cz/ hitps /iwww.li

cz/ https://www lide.cz

-9201554805977552101 https.//
https
https

sfd_cz/film/32492-v-pinem-slunci/prehled/ r2b2 cz https:/ w.csfd cz/tvurce/2008-jean-paul-belmondo/ https://w
v.csfd cz/film/159899-utajeny/prehled/ https://wwaw. csfd cz/film/32563-doterny-chlap/prehled/ https://www.csfd.cz

vww.csfd cz/tvurce/2009-alain-delon/ r2b2 cz https://technet idnes cz/ https:/
2b2 cz https://b.cpex.cz/01 r2b2.cz

-9181889006973565627 https //www sport cz/ostatni/ostatni/clanek/1067439-nevim-jak-to-petr-dela-rika-sablikova htmi#hp-artcl

-9180351750282907576 https://iwww.sbazar.cz/ https://vww.sbazar.cz/ https://www.sbazar.cz/ hitps://www.sbazar.cz/ https.//www.sbazar.cz/

3) For each person we identify interests/topics based

CookielD tokens

-8778597263115494681 » ["zpravy”, "aktualne” “zahranici”,"donald”,"trump” “interrupce”, "usa”, "spojene” “staty" "potrat”, "amerika"]

-8768341419222352654 » ["idnes”]

-8761763359002315682 » ["blesk”,"clanek”,"celebrity”, "serialy” "filmy” "kino” "smutna”,"dohra”,"vymeny” "manzelek"”,"potrat” "kvuli","stresu”,"stehovani”,"blesk”,"clanek”, "celebrity” "serialy”,"filmy”, "kino","sm
-8759332933456071596 » ['penize” "mesec” "clanky” "leasing” "akontace” "delka” "splaceni"]

-8742275175582910903 » ["bezrealitky”,"nemovitosti”,"byty" “"domy"” "nabidka","pronajem” "bytu”,"eliasova”,"praha"”,"mail","centrum” “source”,"centrumhp”, "content”, "default” "term” "position” “expres” “ivani
-8727196472789610958 » ["horoskopy” "blesk” “clanek” “nove” "horoskopy" “astroclanky” “astrologie” "horoskop”, “lasky”,"pro” “vodnare" "beranem" "nikdy" “nebudete” "nudit” "kozorohy" "vytacite"]
-8726898350420273305 » ["super”,"neni”"pry” "protekcni” "dite” "podivejte” "jak” “vypada” "dcera” "michala”, "suchanka” "ktera" "snazi" “prosadit”, "divadle” "novinky", “kultura” "zemrel" "herec" "jiri" "pecha”

-8718405020472090768 » ["idnes” "revue” 'spolecnost"betr' "vancura”,"jan","cina" “jsou”,"par”,"lidicky"]

© 2019 DataSentics. All rights reserved.

v.novinky.cz/komentare/490653-komentar-milos-zeman-je-pry-arijec-jiri-pehe_html https://www.csfd.cz/film/297835-un-mari-de-trop/prehled/ https.//www.csfd.cz/tvurce/2009-alain-delon/ https csfd.cz/film/32506-zlocin/prehled/ https.//www.csfd.cz/film/24978-stir/gale

csfd.czftelevize https:/fwww csfd.cz/film/3256 1-druhy-dech/prehled/
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Display ad purchasing pipeline \,"3 Sentics

4) Predictive model correlating desired behaviour(serious interest in product on website) with broad internet behaviour
and interests/topics — using NLP methods (TF-IDF, LDA, word2vec, supervised learning)

List of cookies IDs (audience) with high probability of interest in product
Top 10% of people based on model have a 4x serious interestin product

40
"_I. 30
3 20
gii1IfTrTr
0.00 -
0 1 2 3 4 5 b o 9

5) Predictive model to rate quality of ad space (visibility time, visibility quality, robots, ...)

Whitelist of domain with coefficients describing quality

6) Campaigns automatically definedin display ad system every day = audience (who to target) + domain whitelist (where)

Actual A/B test results very close to theoretical model lift

© 2019 DataSentics. All rights reserved. 10



Fraud/AML checker

Typical traditional fraud and AML solutions are based on expert rules and are difficult to tweak/maintain (react to changes in fraudster behavior,
etc.) and do not scale well in case of increase complexity. Our solution enriches the traditional rule based approach by combining it with machine
learning based algorithms (anomaly detection using clustering and graph methods + auto-weighting of rules) and thus giving a more reliable and
accurate engine for detecting suspicious cases. All of this is powered by Spark making it easily scalable.

& Sentics

1. Raw data

2. Input data preparation 3. Features (360 view) for each party

PARTY_SK Large_Topup Premium_Cash_AVG Premium_Wire_AVG_3M

Transactions —_ >
Policies 1000216066 210,7840684 0 393,8586
Parties 1003923840 0,366319333 12,72668067 0
100818586 2,542911333 57,443 0
1009082064 2,394485786 55,90654421 0

4. Combination of different predictive methods

l

5. Parties sorted by risk score

© 2019 DataSentics. All rights reserved. 11

Clusters Node2Vec Rule based system Pﬁ;ggzg% R|SK—SC%R:6
1000216066 0,87

2= - o o00 > > '
fas\/ ast, 3:’ o @ o ® o 1034515283 0,79
T2, /(ase- o 00 .o A L 1053521418 0,77
= A Q- @ o ¢ 5 o o 100818586 0,77

L e ® ® S aTooom @ -
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? om e o "o ® X ) (] e e =
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\.’3 DataSentics

Data analytics hype-word ecosystem

Tech demos with limited real impact

&

Machine Math &
Learning Statistics

Computer Science
using Big Data

Y
Data

i[:] Science

Dangerous Traditional
Software Research

Interesting slides and graphs but
limited impactin real life

Developers playing with fire

© 2019 DataSentics. All rights reserved. 12 -



\."3 DataSentics

Aktuarska véda x data science?

- Profese s dlouhou historii — ,plvodnidata - o
. .y . v P Cqmpu"[er selence Machine Math &
scientisti v pojistovnach using Big Data i e
. . . : =g Statistics
- Kdyz vznikala, tak Computer Science a Big Data
je$té neexistovaly %ﬁf
- Kdyz vznikala, tak hlavnidatové problémyv EYE!
pojistovnach byly kolem rezerv a pricingu —jiné | Science p
véci pomoci dat moc nesly resit (obchod, Dangerous Traditional
marketing, fraud, likvidace, ...) Software Research

- Toto zaméreni ale do velké miry pretrvalo

- Proto se profese datascience a aktudar( zacaly
oddélovat/ vzdalovat

© 2019 DataSentics. All rights reserved. 13 -



Aktuarska véda x data science?

c‘::: .
WibDatoSentics
Vérim, ze se aktuari mohou v nékterych vécech inspirovat

Je hodné modernich
matematickych metod, které jsou
nyni dostupné diky technologiim
(pokrocilejSimodely, neuronky,

...) — aktudrska véda na né nedava
velky dlraz

Aktuarska véda zde Casto
nedava velky dlraz

Computer Science . :
Omezeniplynouciz typickych using Big N~*-. MaCh!ne Math &
technologii v aktuarské oblasti " Learning statistics

Nové metody z oblasti strojového uceni a Al

Velks zavislost a téska pronikaji do aktuarské védy velmi pomalu —

Q\—
spoluprace s IT — manualni

tradi¢ni metody jsou malo kdy vyzivané
kvalitni dat Data - =
procesy, nekvalitni data, . . ”
vzdjemné nepochopeni a ba Scierce /(-)
frustrace...

Dangerou. Tralditional

Software Research V rdmci pojistoven je hodné data-
driven proces(, na které
aktuarskavéda nedavavelky
diraz (obchod, marketing,
likvidace, fraud, ...)

| »__»A‘KTUARSK/-'\ VEDA

Zajetiregulatornich problému afakt, Ze aktuarska
prace a vystupy nemajivzdy takovy dopad na
zivot firmy a uzitek, jaky by mohly

© 2019 DataSentics. All rights reserved. 14 -



Jak mi aktuarsky background pomohl v data science DatoSentics

Pravdépodobnosti modelovani dlouhodobého cash-
flow

© 2019 DataSentics. All rights reserved. 15



CLV model — Mana 7

ag=
PO
8
e Performance of acq. cohorts in months 3
* Consumption approach with no cancelation =
Akt. tydeni spotreba Hodnota Leden Unor Brezen Duben Kveten Cerven Cervenec Srpen Zari Rijen Listopad Prosinec
do1 0,5 0 36 62 83 99 113 125 136 145 153 160 167
do 2 1,5 0 25 50 75 100 124 147 168 188 206 223 238
dod 3 0 a3 88 126 156 177 191 199 204 205 204 202
do 10 7 0 194 277 305 307 297 283 268 253 240 229 218
nad 10 12 1000 703 523 a11 338 289 255 229 211 196 184 175
Inputs: X12d X35p X24.96d X70p X108d X140p
* Relevantsegmentationrule 12d 27.7% 34.2% 25.6% 7.6% 2.3% 2.6%
e Relevanttimeframe 35p 4.7% 70.6% 9.2% 7.4% 5.3% 2.8%
° Product (SKU) tra ns|t|0ns 24-96d 2.9% 2.9% 54.9% 30.8% 0.1% 8.4%
° I\/Iargin 70p 1.9% 3% 13.8% 67.1% 0.3% 13.9%
° 108d 2.8% 11.5% 2.4% 3.6% 72.6% 7.1%
140p 1.5% 1.8% 5.9% 11% 1.2% 78.6%

© 2019 DataSentics. All rights reserved. 16 -



Jak mi aktuarsky background pomohl v data science DatoSentics

Pravdépodobnosti modelovani dlouhodobého cash-
flow

Koncept predpokladili — kombinace historickych dat a
expertniho usudku, backtesting

Koncept best estimate / ocekavané hodnoty a
distribuce vysledki / kapitalu — scénare, jejich
pravdépodobnosti, riziko

© 2019 DataSentics. All rights reserved. 17



Mozna inspirace pro aktuary FDataSentics
Moderni data science pristup a zpusob prace

0. Data science: co tim vlastné myslim

1. Pristup: agilita a proces standardizace
Od explorace problému, pres prototyp k udrzitelnému produkénimu reseni

2. Tym: struktura data science tymu
Nastavenirole vidiIT, jak dosahnout vétsi nezdvislosti a spolehlivosti

3. Technologie: jak mohou pomoct
Open source, big data, cloud, vizualizace, continuousintegration, ...

4. Data science metody: vyuziti v aktuarskych problémech
Prediktivni modely, clustering, analyza textu, ...

© 2019 DataSentics. All rights reserved. 18



Shift in data science happening...

Oldschool data analytics

& Sentics

Modern data science

Large projects with uncertain business value

Agile experimentation, fail fast, exploration

Approach Black-box solutions Focus on owning the know-how, gradual improvement
Ends with a presentation and dashboards Automated data solution in production
Team Slloc?s teams across busme-ss', IT, data rr?mln.g Small cross-functional teams — data strike team concept
Don’t talk to each other, difficult coordination
100MBs, Manual extracts GBs — TBs, Automated data pipelines
Data Mostly internal Internal and external/online
Monthly calculations Real-time / daily
' ' ' Automated decision-makin
Methods Bus.lness |r.1t(-3.II|gence . . . g
Basic predictive analytics Advanced machine learning
Proprietary and closed Open-source based
Tools Expensive Inexpensive
Siloed Integrations first
On-premises — in-flexible and expensive In the cloud — scaleable and cost-efficient
Infrastructure Notebook as a terminal

On your notebook — difficult collaboration
Large servers — limited/expensive

Distributed computing — scaleable/cheaper

© 2019 DataSentics. All rights reserved. 19



& Sentics

1. Pristup: agilita a proces standardizace

© 2019 DataSentics. All rights reserved.



Data science process

Textbook approach = linear

¥

Model
Deployment

Data Science Life ,
Cycle

Exploratory

Modelling Data Analysis

© 2019 DataSentics. All rights reserved.

\.’3 DataSentics

Reality = back and forth

Business
Understanding

-P i |
Data Source On-Premises \n_rs Cloud
Transform, Binning Feature Database vs Files
Temporal, Text, Image Enngeering

Feature Selection
2 - Streaming vs Batch
PlpEImE Low vs High Frequency
Algorithms, Ensemble Ll

Parameter Tuning Model Acquisition &

Retraining Training Understanding . On-premises vs Cloud
S Wigelsly[=Ts}all Database vs Data Lake vs ..

Model management
Small vs Medium vs Big Data

Cross Validation Model Wrangling, Structured vs Unstructured

Model Reporting Evaluation (FAo][e]=1i e R Data Validation and Cleanup
A/B Testing Cleaning Visualization

Deployment Customer
Acceptance

Scoring,

) Performance
Intelligent

Applications monitoring, etc.




oo
[ [ [ . ° ‘..o: D t S t.
Data science best practice process — agile/iterative ~y-arasenties

Gather and

Analyze Insights | - | Example (1 month iterations):
| | Iteration 1: Pilot / PoC / Prototype / Experiment
.................................. Iteration 2: MVP (Minimum viable product) in
Monitor Predictions " light automation mode
Iteration 3: Key improvementsto algorithm
based on feedback from live runs
Iteration 4: Productionalization
Data Iteration 5: More advanced improvements

Preparation

.. 4. Measure 1. Define -

__________________________________ : 2. Prototype

Make Predictions

Evaluate Models
Deploy Models

Productionize
Models

Train Models

Uber machine Leamn ng

© 2019 DataSentics. All rights reserved. 22 -



Data science best practice process — agile/iterative

lteration 1 lteration 2
Prototype MVP
Ad purchasing — test Simple automation—
if url history predicts download data, score
click using simple model predictions,
linear regression send top 20% to ad
model systém
Backlog:

* identify topicsfrom urls
 downloadactual pages and analyze content
* detect sex and age from type of content

& Sentics

Iteration 3 Iteration 4 lteration 5
Version 2.0 Robust Version 2.5
Clicksare not a Standardize code, Improve model
good target -> use implement logging performance by
offline purchase and model using model
data as new target performance advanced model
for model monitoring, ... (xgboost)

Benefits:

At the start | only needed to invest into Iteration 1
Already from point 2 | am getting business value

| didn’t know what the most important thing for
iteration 3 to improve will be at the start

| didn’t know if the invest into Iteration 4 makes sense

© 2019 DataSentics. All rights reserved. 23



Balance of business/algorithm vs. technical effort

In 15 step (DEFINE &PROTOTYPE) In 2" step (LIGHT-AUTOMATION)

«  Meeting business goals *  Setting up automation tools and minimalistic
«  Gathering data governance based on our best practise (MVP)
«  Basic environment setup *  Datalake & Databricks automation

*  Security
. Pipeline automation & monitoring
*  Automating the pipeline, refactoring data
transformation and learning from regular runs

Effort

Iststep 2nd step 3rdstep 4th step

Technical perfectioness effort
spent

Business perfectioness effort
spent

Proof of business Automated run Production run
goals

Time

& Sentics

In 3" step (IMPROVING BUSINESS OUTCOME)

*  Automating the pipeline based on learnings
from regular runs

*  Customizing/Improving the governance &
toolset based on actual priorities

*  Creating a backlog for further development

In 4" step (PRODUCTION)
e Stabilizing business outcomes
*  Agreeing on minimal production run requirements
and meeting them
*  Security/privacy
. Operation/Documentation
* Issuing/Improving standards for similar use cases
* Including scaling upin terms of pipelines and
business criticality
*  Setting up basic operation process

© 2019 DataSentics. All rights reserved. 24



& Sentics

2. Tym: struktura data science tymu

© 2019 DataSentics. All rights reserved.



Rozbiti mytd — idedlni data scientist wiDataSentics

Idealni data scientist:

- Je genialnimatematik

- Umi perfektné programovata zna vsechny nejnovéjsitechnologie
- Chapedo detailubyznysové fungovanifirmy

- Umivyborné komunikovata prezentovat

Computer Science Ve Math &

using Big Data i
9= Statistics

\J NEEXISTUJE! (prakticky)

iD Science O

Danger: s Trac »nal
Softw 2 Resec ~h

© 2019 DataSentics. All rights reserved. 26 -



'v.::' .
Rozbiti mytd — tradiéni struktura wijDatoSentics

Priklad situace: Digitdlni kampan mirici na potencidlni klienty podobni soucasnym klientim s vysokou hodnotou

Ve firmé existujou experti, ktefi by to byli
schopniudélat

! Digi Malokdy se jim to podari, protoze kazdy

sila

Kdyz po sobé néco chtéji musi si predem dat
DWH Campaign Product jasné zadani, obhajit byznys case, sehnat
RTB expert . . . e
developer manager actuar budget -> to se vyplatijen u velkych projektd s

jistym vysledkem

Takto ale nejde délat agilni expertimenty s
nejistym postupem a vysledkem

© 2019 DataSentics. All rights reserved. 27 -



Co s tim? Data Strike Team koncept

Business
architect / use
case designer

ETL, DWH, et ,
data Productio- Data Engineer

integration nalizatoin

Data Scientist

& Sentics

Kombinovany (cross-funkcni) tym

Nemusi byt unicorn —lze pokryt tymem

Vsechny klicové kompetence v jednom tymu — sedi vedle
sebe a konstanté kolaboruji

Takovito tym muze vétSinu témat posouvatvpred nezdvisle
na soucinnostis jinymitymy (kapacity IT/DWH, ...)

Klicovy je vztah k IT/DWH/data tymu

CentralnilT tym pouze poskytuje platformu (sadu
technologiia workflow) a definuje mantinely
Implementaci samotného obsahu (konkrétni use case,
projekt, model) uz si ale zajistuje data science tym sam,
protoze ma silné technické kompetence

Centralnitym jen pomaha s komplexni
produkcionalizaci/standardizacia podporuje
prepouzitelnost napfric tymy

© 2019 DataSentics. All rights reserved. 28
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3. Technologie: jak mohou pomoct

© 2019 DataSentics. All rights reserved.



Na jakych technologickych konceptech stavet agilni data science «fDataSentics

2. Kolaborativni prostredipro data 3. Vizualizace dat
science exploraci a prototypovani @) Sorse
UZivatelské rozhrani 1. Open-source P P :/p T'km 7
. -sou . s _ r++ableau
. +i+
datové platformy $databricks pyter
| ) Power B
A. python 4. Data Izi\ke pristup 5. Cloud a Paa$
, a paralelizace
Infrastruktura na pozadi & I\ Azure AWS
SpOI’K Spqﬁ(\z

6. Data engineering 7. Verzovania CI/CD
a automatizace

Pfistup a podplirné nastroje ‘> glt Gi'f;*)ub
Q kAirrow
* mlf/c

© 2019 DataSentics. All rights reserved. 30



1. Advantages of open-source data science tools DatcSentics

Traditional tools in actuarial space Open-source tools

* They are free

Great for fast and simple * Full-fledged programming languages — ideal for automation, data
ﬁ Excel things integration and more complex logic/algorithms

Crazy for more complex * The system is open — you can see exactly what’s going on and

and production things modify it if needed

* Fast new development — the community is constantly developing

More powerful analytics new algorithms and methods for you to use — there is a library for

Not so cheap, notopen everything
Ssas L. o ] ! * It is more popular (easier to hire) — students at school use it, etc.
!Imltathns in algoritmhs, data * It’s code — much easier to version control, collaborate on,
Integration, ... continuously integrate/deploy
* Cloud friendly, easier to scale

Specializedtools  c|gsed / black box *  You look much more cool!

Prophet :

TW Radar L\lcz’:(;chat easy to integrateor

Remetrica R ﬂ pl:lthﬂﬂ Sporckz

© 2019 DataSentics. All rights reserved. 31



2. TYPICAL COLLABORATIVE DATA SCIENCE ENVIRONMENT — e.g. Databricks N Sentics

Adform_en_copy (pyton

@ ? &
& Detached R Filev [l View: Code » @ Permissions ® Run Al & Clear = =B 2 Schedule = Comments @ Runs D Revision history
ADFORM IMPRESSIONS and CLICKS
ftab_final = spark.read.parquet('/projects/Migrace_double_modelu/result_final_without_transIDeses.parquet') Pl
display(tab_final
» @ tab_final: pyspark sql dataframe DataFrame = [CookielD: long, Timestamp: timestamp .. 3 more fields]
- . CookielD Timestamp RtbDomain
N o I nfra st ru ct u re ma I n te n a nce -9003025931535393551 2019-01- http://neviditelnypes lidovky.cz/psi-cane-corso-predstavte-se-prosim-dbf-ip_zviretnik.aspx?c=A070524_000636_p_zviretnik_dru
02719:54:30.000+0000
.
I -8751977235620731183  2019-02- 2b2.cz
(managlng c USters) 04718:06:26.000+0000
-8751977235620731183  2019-02- https:/ikurzy.cz
07701:05:36.000+0000
-8602709738026072656 2018-12- hitps-//email_seznam cz/?hp#inbox/36099
GET STARTED IN SECONDS
-8524719436489967184 2018-12- https/iwww sbazar c2/
. . 12T11:17:01.000+0000
Single click to launch your new e . —
:
R/Python/Spark environment
.

Automatically manage clusters in the
background

display(df_ga.select('clientID’, 'visitStartDate

TEAM COLLABORATION
Projects, common data, work on the same
notebook in real-time while tracking
changes with detailed revision history INTERACTIVE EXPLORATION
Explore data using interactive notebooks
with support for multiple programming
languages including R, Python, Scala, and
sQL
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Deploy Production Jobs & Workflows
Execute jobs for production pipelines on a specific
schedule, ...
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3. Using modern visualization tools wlatasentics

* Traditional tools do not offer any dynamic and interactive visualization platform:

Interactive: ® v | = v | AeroCRS® B | Av & Ede Dashboard &l v = ¢ >
i SEEN 0 (%

If | want to e>.<plore.1ust some data/ e —

filter them (time window, just one . v . . .

product, just some age etc.), | just click a

button and everythingis recalculated 205 1 AC 3 s

u y 8 < 1.39M X 93.47k (0] 221.45M
and redrawn.

are Per

3592 F
Passenger
201,66

Dynamic (some of them):
Visualiziton of the datais live. |

—
Easy to use: m—
Predefined charts, nice user interface,

no need to write any code.
Clan Liandle quite big data, can run in RS | FTE TR | [TH FTTEE
cloud. IS P PSPPI B P F PSPPI
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4. Data lake approach

Classical way — ETL + DWH:

* Load all data into a database— first step of
standardization

* Normalize the data - dimensional data
models, etc. — high quality data but slow
process and not friendly to changes

* Acentral team prepares data for business
users / limited sandbox capability

* Accessto raw dataonly for selected few

e Enterprise data warehouse —need for
always-on expensive infrastructure

* SQLas main language

ORACLE % %Ql&_ Server

Fy I8

~

/Real-time streaming
* Special set of tools for real-time
* Ingestion and processing

33 kclfkc: 9 ‘m

\_ Spork

Flat-file approach - more
friendly for data science

Ingest new data much
faster

Have the full granularity of
data -> do your own
preparation

/Orchestration R pirflow
* Scheduling
* Monitoring
* Rightorder

\

-

LA .
N Sentics
Data lake centric approach:

e Juststorethe data asitis in files (csv, txt, json, ...) —
storageis cheap

* Perform basic standardization (schema, etc.) using for
example Parquet or Avro file formats

* Send only selected data in DWH/database

* Give access to the data to all

* Separation of compute and storage

* Distributed computing -> scalability but also complexity

* Wider use of languages — R, Python, Spark, Java, ...

Storage * @

Compute spoﬁ‘(\z @ m‘

~

/Downloading external/online data

* Calling APIs
i Downloading files |I|\I Azure

o Functions

% A h
docker python @/

\
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AGILE DATA ANALYTICS PLATFORM: DATALAKE STRUCTURE

Data Lake structure

* Automatically generated and
checked data structure

e Automated CI/CD

* Config library

* \Versioning
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5

i

datalake-dev Data Lake Storage
datalake-stage
Y Data | Sandbox
don | Data 4 | Sandbox
Data Sandbox
r—— T T oo T T © lan@eompanyoom 1T — =
| Eventdatal : Eventdata2 | | | | lucy@company.com
: L - —
| Landing | | Landing | | FolderX | e —
l : l l l | iohn@company.com
|S ice B Raw | | Raw | | | L
erviceBus | ||| -1 1 - | ..., ! |, t=-——————
| Primary data) 5 : | I FolderY |
| arsed } | Parsed | | | |phantomas@company.com| -
| § I L — 4 L - —
I L - I :
| Features store - | Solutions
I 1
L - A . -
F—————— — — — — — — e —— Solution 1 DatabricksDemo
| subsystem Prod Prod/dev
: . landing InDatalist Churn
System# | [  -._ 1\ - - M-
Raw
l . Work | WorkSample
| Customer360
| Parsed
P QutData | OutSample
r—-———H"—"""—"————— Agregations
| Solution 1 dataset
| name
ISA')Iution 1 Output I
l Solution 2
| Parsed Prod |_ Prodidev J
| N I ahS N b A I (N | AR | AR

Config
- source
- solution
- connections
- ownership
- structure definition
- metadata definition
- environments

Sentics

A
A

Serverless
governance
Automation

- edit project(service)
- check governance
compliance(service)
- load config(service)

- getPath
i
Yy

Analytics engines
with
VersionControl




Non-Distributed computing

1GB

CSV . Count: 400,000




Non-Distributed computing




D|Str|bUted COmpUtIﬂg Computational Cluster

Node
10s+ GB /

epiy

CSV § CSV o

4

\

K

r

Z prd
o a
@D ® -

Nl

N ﬂ
\
\
\
\
\ |
\ T
\ —
—
-

Master




Distributed computing — not an easy task

Computational Cluster

Node
import requests
N import csv
- \
AN ip_addresses = {
N ‘nodel’: 127.0.0.5,
\\ ‘hode2’: 127.0.0.6,
N ‘node3’: 127.0.0.7,
ﬁ \ ﬁ ‘node4’: 127.0.0.8
N w}
Node
N ? # connect to the worker
D S 7 ® try:
7| ~— r=requests.post(¢..”)

ode // Master # read csv

/ with file(‘csvl’) open as f:

:/ //// \/ ﬁ except:
Node SN
—

W # calculate sum
len(csv)




Distributed computing —> L

Computational Cluster

)

Node

se framework

Driver Program

SparkContext

Worker Node

Executor | Cache
-
//j Task || Task
Cluster Manager

'\ Worker Node
v
¥ Executor | Cache
> | Task Task

\ h
\
\
\
~

Spa

ik’

o
—

Master

df = spark.read.csv(‘test.csv)

df.count()



Open-source framework wars

Data Engineering Data Science

Machine Learning
%2 MAHOUT

Data Manipulation, ETL

() " NoR
} PR S\Ignlte
presto. . “ @ learn

Pandas '
Db 6sas
STORM _— ™
g‘” NeOL| a'rln;t?r?op r

Streaming

Graph Operations



Open-source framework wars

Data Engineering Data Science

Machine Learning
%2 MAHOUT

Data Manipulation, ETL

() " NoR
} PR S\Ignlte
presto. . “ @ learn

Pandas '
Db 6sas
STORM _— ™
g‘” NeOL| a'rln;t?r?op r

Streaming

Graph Operations



Unitied & unitying Spark

Data Engineer

_—

- ETL

- DataIntegration

- Deploymentof models
- Scala, Java, Python, SQL

Spo

Data Scientist

Data Analyses
ML models
Notebooks
Python, R



5. Where to Build This — On-Premise vs Cloud

LA .
N Sentics
O PO
-
=
=
/
Feature On-Premise Cloud VM Cloud Serverless
Control over underlying hardware Yes No No
Control over underlying software Yes Yes No

Software (typically)

Maintenence requirements
Scaling

COSt (depends)

Proprietary / open-
source

High
Difficult (+costly)
Usually high

Open-source /
proprietary

Medium
Medium

Medium

Cloud services

Almost none
Seamless

Low
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Why the Public Cloud Serverless is cost efficient  «patoSentics

» Data science / data analytics workloads are typically very irregular and spread

in time

*  When | am training a deep learning network | need a lot of performance

* But | only do this for example once a month/week

* Similarly with recalculation of the DWH/datamarts/data
cleansing/unification/etc.

* Alot more reports are generated towards the end of the month / end of
the year

* Alot more performance needed during the day than during the night,
etc.

* On-prem dilemma of whether to buy a lot of machines to cover peaks but then

have them standing idle or to sacrifice peak performance to lower idle time
* In cloud serverless there is no such dilemma — you just pay for the actual
needed performance at the given time, adapts automatically at a seconds

notice

Model training

Standardization Production run

development

Public cloud — pay for actual computing you used (blue)

Private cloud — the majority of the time you have more than
you need and in the peaks (typically the mostimportant
times) you have less power than you need. Applies to both
hardware and software (typically node based licencing).
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6. Data engineering— why? | g suen mor i h
B - @ python’

//R

—

First, it all looks easy

a/c" python (R

K o

—»

ETL

=]
m” |

>

‘-'ﬁ
-\ 5L

o\l

- Bl, High level reporting
- Application(s) feedback

) )
( - Automation
g APACHE

SOOrK.

> External Services Data i Data Eng|neer|ng I," Data Consumers (usecases)
) — 4 - s
e - !
WMVSQL zendesk I \ .
_______________ Google Analytics /: i
—>g @ python

Real-time

n - Real time alerts |
Y , - Real time reports :
i A g '\\ o0 - Real time fraud detection |
VoL Ny - Offline/Online ML, DS !
i i (Streaming) Data i/ n i
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release
feature
branches hotfixes master

branches develop

7. Versioning and CI/CD

e ]
{
Q -
ml Gb  Docs -§
F—
Experiments Default -
Defaun 0 Users/jules/iss Mflow examplesheastirary classlier Avmiuns® Major Severe bug

fixed for
production:
hotfix 0.2

feature for
next release

Feature
for future
release

s Mwrrcn Cex
Incorporate
bugfix in
develop

Tracked parameters, metrics, and artifacts

\ A4 -

EXPeriment-2 e pos  man gy  abostt - s osr ) 85
EXp er ment-1 se—( o jies  mam regy abesit X J ey crosmertsogy e 4 0 95 ) " » 0.2
Base — pes mam gy ebes)! X ' tnary comsertssp . 304 om 0 1
ot e 1 o ay o ¢ » 304 o8y T \
. . va o e

Start of
release
branch for

1.0

From this point on,
“nextrelease”
means the release
after 1.0

CODE ' . O(
® </> _: ‘
COMMIT % a@ REVIEW STAGING PRODUCTION |
& @ O—0 00 @ ® @ .
BUILD UNIT |NTEGRATION Bugfixes from
rel. branch

1.0

TESTS may be
. continuously
merged back
CI PIPELINE into develop

RELATED CODE

\ v -
\
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Data Sources
Lacal ar online

Queues
Streaming endpoints

B2ZB or Internal APIs

Standard APIs
(Google, Adform,..)

Databases
(ODBC / JDBC)

Jo 83

- xml, json, excel,
csv, parquet
- text, image, video

/7 Vit Agile Cloud Analytics by «

Sentics

Realtime
(Lambda architectura)

—
=== Event Hub
el

— .
/é' Event Grid

| S—

<;> Functions
E?' Logic Apps

‘ DataBricks

Human endpoint
b Emai

@ Website

Semi or non-structured files

Batch ingestion

E Data Factory
@ WebJohs

‘ DataBricks

Beautified
Raw Data

Data Lake
(Blob Storage)

Criginal format
t

Agile Data Science
and Analytics

DataBricks
Collaborative

,,,,,, notebook
SparK”  environment

Data
Transformation,
'@' cleansing, 360

@ views

Stream or Batch

Machine Learning
Training &
Evaluation

QOutput to Data Lake

ﬁ Data Lake

Wy (Blob Storage)

Output to Database

2
{ } DacumentDB Relational DB
(Cosmos, ..}

Output to Realtime

A% 8

Machine Learning+ AKS/Docker <’>

gun{:tion'.s, ,;F’Is b J arid p—
erate in Event hu rid === @
B g H =

Qutput to Search

Search
- & Elastic/Azure

k R & o 1

Centralized operations
ADF or Airflow

Unifying and automation techs

Python Git Repository
+ ClfCD

Drata Catalog

8 O

Metadata

; . Active Directo
Configuration Y

Similarly also on AWS

Target systems
Local or online

| Bl Tools
A [ I Location Intelligence

CRM, ERP, Eshop
Marketing automation

@ Wehsite

._) l Workflow Apps
(Embedding, javascript)

Cther Systems
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& Sentics

4. Data science metody: vyuziti v aktuarskych problémech

© 2019 DataSentics. All rights reserved.



Prilezitosti

& Sentics

O technologiich / pfistupu

Python/R jako siln&jsi a udrzitelnéjsi feSeni nez Excel

Pfiprava dat vlastnima agilnéjsim zplisobem, ale porad s dobrou stabni kulturou a Urovni automatizacea
robustnosti

Paralelizace a efektivnéjsi masivni vypocty — stochastické ALM modely, apod.

PouZiti vizualizace a dashboard( pro monitoring a vyvhodnocovani vysledkl model(, analyza zmény, apod.
Automatizovanéjsia udrzitelnéjsi procesy, rychlejsi schopnost experimentll a zmén

Pouziti pokrocilych data science metod

Pfiprava personalizovanych predpoklad( pro cash-flow modely — idmrtnost, stornovost, ndklady, Skodovost, ...
Vyuziti cash-flow a CLV modell pro fizeni marketingu / hledani optimalni nabidky

Pricing pomoci pokrocilejSich metod (random forest, xgboost, ...)

Vyuziti online dat (kotace, prohlizeniwebu, ...) a externich dat (scrapping, apod.) pro ziskani informaci o poptavcea
nabidce v zavislosti na vlastnostech klienta/pfedmétu pojisténi -> obohacenirizikového pricingu o trzni pohled /
elasticitu, apod.
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Back down to earth (Excel)

Use case: Assume that you have dataset and you have to prepare it for pricing
You have following data about cell phones:

ID Brand
1 Smasung
2 Samsung
3 huwei
4 Samsung
5 bb
6 |app|e
7 samsung
8 HTC
9 sams
10 smasung
11 BlackBerry
12 HTC
13 iphone
14 Huawei
15 huawei
16 Smasung
17 Motorola
18 huavei
19 SMs
20 Mokia
21 smasung

Price
12876
24652
33027
23449
3923
20999
3483
20954
28704
7151
23790
23183
24543
21631
30146
27286
19081
24294
10147
12821
12426

Sold
01.02.2010
14.08.2010
01.06.2010
19.08.2010
19.11.2010
09.09.2010
12.09.2010
26.11.2010
20.09.2010
20.09.2010
17.01.2010
06.09.2010
28.12.2010
30.01.2010
29.10.2010
20.04.2010
27.07.2010
23.05.2010
19.11.2010
22.08.2010
11.04.2010

Insured
01.02.2010
14.08.2010
01.06.2010
19.08.2010
19.11.2010
09.09.2010
12.09.2010
26.11.2010
20.09.2010
20.09.2010
17.01.2010
06.09.2010
28.12.2010
30.01.2010
29.10.2010
20.04.2010
27.07.2010
23.05.2010
19.11.2010
22.08.2010
11.04.2010

149
259
259
259
99

259
99

259
259
129
259
259
259
259
259
259
159
259
149
149
149

Brutto

The goal is to standardize Brand names and calculate Sum of Brutto Premium for each brand

Commission
52
91
91
91
35
91
35
91
91
45
91
01
91
91
91
91
56
91
52
52
52

""‘
5

Sentics

© 2019 DataSentics. All rights reserved. 51



o S .
Excel vs Python S } entics

* Assume that you have 50.000, 100.000 and 200.000 rows of such dataset
* To standardize the brand names you need to use something like Levenshtein distance
* In Excel -> there is no package / library to do this. You need to use multiple text functions or write VBA
script (60 rows of code)
* In Python -> there is library to do the trick for you (10 lines)

450,0
* To calculate Sum of Brutto per Brand

* In Excel -> Sumifs functions will do that 400,0
* In Python -> GroupBy and Sum function
350,0

* The graph demonstrates efficiency of both approaches: 200,0
*(for pythonit is time including loading data)

250,0

200,0

lmeinseconds

150,0
100,0
50,0

0,0
50 000 100 000 200 000

Dataset rows

Procesor: Intel(R) Core(Th) i7-8550U CPU @ 1.80GHz 2.00 GHz

Nainstalovana pamét 8,00 GB (pouzitelné: 7,73 GB) Python  ——Excel
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& Sentics

CLV model — life insurance company example

 Each month events can happen:death, claim, policy cancellation, up-sell of new risk, top-up into investment fund

* Inputs: contract details of given customer, age, sex, acquisition distribution channel

* Lapse rate: dependson length of history with insurer and distribution channel, Death: age and sex, Claims: age and
sex, number of claims in past, Up-sell: age, sex, region, distribution channel, contract configuration, family

Further years : Pojistné LIS $_mi o
2017 2018 2019 2020 I I I I I I
Premium 90 80 70 60 : :
Commissions ) ) ) ) . Poplatky/sradiy . Investiéni vynos
Claims -45 -55 -20 -20
Charges 8 8 8 8
Expenses -4 -4 -3 -3 Nikdagy - Provize
Change of fund -20 -20 -30 -30 ] I
Investment income 5 5 7 7
Profit 32 12 30 20 Discounting /

Discounting = taking into account time value of money (interest rates) CLV = 230
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CLV model — life insurance example GDatoSentics

Householding Personal to Commercial links

model commerce links model Relationships

Future potential
Response model - profits from
future contracts
(cross-sell, up-sell)

Predictive model Predictive model
for cross-sell for up-sell

Predictive model Expense allocation

for claims model
Existing contracts

— expected profits from

Predictive model . existing contracts
Cash-flow life
for lapses

Creating single customer

BicuictivSlmece! Cash-flow non-life view

for mortality
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Subscribe/up/cross-sell — life insurance example =) entics

* Use case: Sales signals (opportunities and threats) for physical sales agent network
* Life insurance is a complex product for solving complex needs (family, health, financial security)
* Importance of human touch - up to this day the role of physical agents is still pivotal to explain to clients how things work and
how to setup a contract
* Centrally organized push campaigns based on analytics have never really worked in this area — resistance from network
* Pull principle is more successful — provide agents with signals (based on analytics) with which they can work according to their
own judgement — sales signal model:
* Inputs: customer 360 view (contract history, contract events, interaction history, household information, demo and
regional info, sales partner info, etc.)
* Method: predictive model for each opportunity/threat (xgBoost) + clustering to create stories/life situations
* OQOutput: most relevant stories/life situations for given client

e Cross-sell opportunity for serious illness insurance — life

situation 1 (founding family, etc.) &8&8& CR M
Insurer e Cross-sell opportunity for disability insurance — life
S|that|on 2 (s.uboptlmal insurance policy setup) Financial advisory firm o
Policy maturity L p(\“
Claim p\)L
Changing address E
L

Marriage
Risk of lapse

*  Riskof non-payment / non-payment issue .
.o Insurer mobile app

Client
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Retention process in car insurance =3 entics

Use case: How big discount to offer in order to prevent client from cancelling contracts.

Car insurance is usually a fixed-term contract

Before the insurance end a renewal contract is offered (usually with higher price — the car gets older) and
the client can cancel it. If he fulfils certain conditions, he is being offered some discount (it can get up to
30 % in some cases).

Every year 25% of contracts are cancelled (but - includes also car selling).

Huge opportunity

Typically a single decision tree with few criteria is fitted (nr. of claims during some time period, insured
amount, type of product, ...)

Potential to use random forests —repeatedlyfitted trees. —_—
Then modus returned as the output. e Tond F
Potential to use A/B testing — validation of the models outcomes. = v

Random Forest Simplified

¢
. . AN A A
. uick results given the amount of contracts. S o D =
a 8 R ORGSR R R
00000060 OS000 0O 0000 d0'd
Tree-1 Tree-2 Tree-n
Class-A Class-B Class-B

I Majority-Voting |
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Automatization of key models WjbataSentics

* Use case: Most of the insurance models are refitted manually on a monthly basis — it takes a lot of time
and lot of effort just rerunningexisting code.

* Using platforms such as Databricks allows key models to be run daily/weekly - cloud allows orchestration
(running automatically at certain time).

* Because of the bigger computing power, "old" and "new" model can be run parallel, the results as well as
the data can be stored.

* Itis necessary to check the stability of the models.

* Advantages:
* Human needed only when something goes wrong.
* Automatic controlon the input data —if they do not differ too much
* Typicallyrevealschangesin DWH etc.
 Automatic control on the coefficients changes
* Earlywarningon the structural changes for example in clients behavior.
* Automatic control on the model performance metrics (fit or prediction)
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Usage of online data — personalized offers, discounts

& Sentics

* Use case: Online data is the ultimate way of understandingthe demand for the insurance product and its

relation to the price.

 Whatinformation can we gain from online data:
e Whatinsurancethe clientis and is notinterestedin

* If we knew he is interested mainlyin disabilityinsurance and less in death insurance, we can offer

a discount for the death insurance.

 We can havea model determining clients probability of conversion as a function of the insurance price

—we can find optimal discount maximizing profit.

* Thisiscloselyrelated to the law of demand

* Price elasticity of demand

* Instead of Quantitydemanded by a population, we can work
equivalently with the conversion probability (when we fix
population size).

* A parametric model is already described and explored — we can
just fit the parameters.

P2

P1

- Price Elasticity of Demand Curve

Inelastic Demand

Unit Elastic Demand

Elastic Demand

’ DEMAND

Q2 QI
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Interest - Motor insurance example FDataSentics

* Online motorinsurance sales -> leads (filled data and received quote but did not buy on web —i.e. similar to
abandoned cart) -> call-centre is performing follow-up calls
* Propensity-to-buy model:
* Inputs: driver (age, sex, region), car (brand, age, value, ...), quoted insurance configuration, guote interaction
behaviour (modified default packages, etc.), channel
* Method: predictive model (regression + random forest)
e Qutput: probability that the given customer will buy motor insurance after follow-up call
* CLV model:
* Some types of contracts/drivers/cars are more profitable for the companythan other

* Use case 1l: Call-centre prioritization — use propensity-to-buy * CLV as a measure of priority for follow-up calls = call
first/most tries/biggest discount/etc. to customers with highest combination of propensity-to-buyand CLV
- additional problem: probability of a fake number input— neural network returning probability
* Use case 2: Marketing targeting - Use PtB*CLV as measure of priority for purchasing online advertisement — invest
more marketing budget into segments with higher PtB*CLV
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"" »
Master pricing model — relation to the cancellation wjbatoSentics

* Use case: Pricing is usually done using only claim model. But the CLV of a client does not depend only on
claims — what about cancellation?

* Forexamplein life insurance, there are plenty of expenses for the insurance company on the beginning of
the contract (administration costs, agent provisions). By unit-link life insurance, there are cancellation fees in
the first years to cover them (client has some capital the insurer can take). By term-insurance, there is no
such option. The initial costs are somehow transmitted to the tariffs, but even though clients who cancel
quickly never pay for the expenses they brought to the insurer.

* Asterm-insurance is becoming more and more popular, clients features to the odds of cancellation
is becoming an important factor that should be taken into account when offering the price for the

insurance.
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