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MATTHIAS AND NIKOS
WHO ARE THEY?

AND WHAT WILL THEY DO TODAY?




NIKOS LEKKAS

SENIOR DATA SCIENTIST

At Deutsche Telekom since May 2020.
Manager of Analytics Team at Dixons SE Europe 2016-2020

Senior Consultant at IRT 2010-2016
Analyst at VPRC doing political and social research 2007-2009

m https://www.linkedin.com/in/nikos-lekkas-10894966/




MATTHIAS KRUMREIN
SENIOR CONSULTANT

* As a consultant active for ~ 15 years

* With focus on Business Intelligence (BI)
* Data Analyst
« Data Engineer

e Data Scientist

m https://www.linkedin.com/in/matthias-krumrein-791a251ab/
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OUTLINE

* What is ML quick intro
* Expectations vs Reality from a business perspective

» A practical example of predicting the probability of selling a product




WHAT IS MACHINE LEARNING (ML)




Machine learning usually refers to the changes in systems that perform tasks associated with artificial
intelligence (Al).

An artificial system learns from examples and can generalise them once the learning phase 1s
complete. To do this, machine learning algorithms build a statistical model based on training data.

When the performance of a speech-recognition machine improves after hearing several
samples of a person’s speech, [...] in that case to say that the machine has learned.
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Next best action (NBA)

NBA recommendations can be improved through more accurate data, analytics and value calculations.
Predicting each customer’s likelihood to respond to certain products allows a cost-effective approach to
marketing, as resources are not wasted on offers that are likely to be rejected

From To
Product offer Customer needs
“I have a campaign, who can | target?” “What does my customer need?”
Fixed term mortage ——
Easy access to funds
Credit card — -
Planning for the future

B —
= = e

Holiday plans




WHAT ARE THE NEEDED STEPS IN

A PERFECT WORLD TO IMPLEMENT
ML SOLUTION IN A BUSINESS
PROCESS




Getting the
Data

Measure the
Performance

Vision/Request

Put it in
production

Validate
results

Find the
relevant
features/tune
parameters




DO STAKEHOLDERS HAVE A PLAN?

WHAT IS THE PLAN




EXPECTATION REALITY

“I have some data! “These data are not suitable for running an
Just push the play button and let the ML ML algorithm. We need to narrow down the
Algorithms do their work. problem”

Next month we will have doubled our sales”

“Bring us a list of our best 10 customers “Yes but the only thing we know about the
which are willed to spend a lot more money” customers 1s their Postal Code”

“You must predict the age of our customers” “Okay, but we have only the customer 1D”

,,Get to pick the problem to work on* “Problems are driven by business need*




DO WE HAVE THE DATA?

DO WE HAVE THE “RIGHT” DATA?
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Data are often distributed and have to be processed and merged.

The quality of the data 1s often insufficient.




DATA LAKE vs DATA WAREHOUSE

Data
LAhOON

Use cases Data Users Use cases
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Structured Business Analysts Batch Processing.
unstructured Data Scientists, Stream Processing, BI. Reporting
Data Analysts Machine Learning.
Real time analysis

Raw

Data Lakes contain unstructured, semi structured and structured
data with minimal processing. It can be used to contain
unconventional data such as log and sensor data

Refined

Data Warehouses contain highly structured data that is cleaned, pre-processed
and refined. This data is stored for very specific use cases such as Bl

Large

Data Lakes contain vast amounts of data in the order of petabytes.
Since the data can be in any form or size, large amounts of
unstructured data can be stored indefinitely and can be
transformed when in use only

Undefined

Data in data lakes can be used for a wide variety of applications,
such as Machine Learning, Streaming analytics, and Al

Smaller

Data Warehouses contain less data in the order of terabytes. In order to
maintain data cleanliness and health of the warehouse, Data must be
processed before ingestion and periodic purging of data is necessary

Relational

Data Warehouses contain historic and relational data, such as
transaction systems, operations etc

,,Start supervised learning with a wealth of historic data [...] Start with clean data, not big data“ . - Danny Lange




EXPECTATION REALITY

“Standard benchmark datasets, often with fixed ,,]Novel, never-before-seen datasets with lots of
features“ space for feature engineering*

What data scientists spend the most time doing

“We have all the relevant features for the
last 5 years and we can easily access them”

® Building training sets: 3%

Cleaning and organizing data: 60%
® (ollecting data sets; 19%

Mining data for patterns: 9%
® Refining algorithms: 4%

® Other: 5%

“Since all available data come from our
business system and have a structured

format can be used immediately for our
model”

What'’s the least enjoyable part of data science?

® Building training sets: 10%
Cleaning and organizing data: 57%

® (Collecting data sets: 21%

“All needed tooling and infrastructure for
processing and accessing the data is
available”

Mining data for patterns: 3%
® Refining algorithms: 4%

® Other:5%

Data Science Report 2016 - https://visit.figure-eight.com/rs/416-ZBE-142/images/CrowdFlower_DataScienceReport_2016.pdf



NOW RUN THE AUTO ML MAGIC




EXPECTATION REALITY

“You need domain knowledge and a general
understanding of different ML approaches to
get started.”

“Since I'm using this sophisticated ML
software the output should be correct”

“The Software is support ML out of the Box — “Software is Fhe tooling. and will not show
so everything is there just put in the data” you automatically the right way forward”

“Sometimes you need to sacrifice accuracy and
complicated models if you cannot answer simple
business questions”

“Which are the most important reasons for
causing loss of sales? ”

“ML can solve all of my problems since is a ML often fails. It’s not the general answer of everything.
sophisticated and state of the art process” It all depends on how well you’ll define your problem.




IS IT FINISHED AND WORKING
ALREADY?




EXPECTATION REALITY

“Running a good model is just a small portion of
the whole process”

. Data
Data Collection et licalon Moniann
Configuration
Machine
ML code Analysis tool resource
management

Serving Process management
Infrastructure tools
Feature Extraction

“So the model is finished in round about 5 hours,
so we are ready to go?”

“All Data is there you have good laptop so we
expect that we can use the ML model for
increasing our sales next month”

. 1-6 months

. 7-12 months

. 13-18 months
19-24 months

. More than 24 months

https://dotscience.com/assets/downloads/Dotscience_Survey-Report-2019.pdf



WE RUN IT ONCE - IT SEEMS TO
WORK - NOW WHAT?

“SALES IS COMPLAINING IT IS ALL
WRONG!”




EXPECTATION REALITY

“I will always promote data analysis because |i§isiislioRdsls

It worked perfect on test data. So, it’s easy to numbers, but the human factor will always matter.

use 1t in production — it will work perfect with , . —
’ When we talk about fashion trends, an E3fe{e)sidsvseqer:s §aFesA(IF:]

real data ,
, an algorithm can’t go to Paris, London and Milan

“Everyone is happy to get ML supporte d and say ‘Oh my God, I know this is perfect for my customer’.
Because algorithms only rely on historical data and oftentimes you

decisions and will use it” :
R ReReRRuse that sixth sense that you have as a
that tells you

“Easy to trust the numbers, they telling you IR RN R VAR R dsmart buyers and visionary

‘ merchants in retailing

always the truth”

A.S. Senior Buyer SDA




ARE THESE TWO GUYS JUST
DOING FUN OF IT?

LET'S LOOK AT A REAL PROJECT




PREDICTING THE PROBABILITY OF PURCHASING A SPECIFIC PRODUCT
(SIMPLE NBA)

* Supporting sales by preselecting customer with a high

probability of purchasing a specific product

* Team skills: “Data Engineers, Data Scientists and Sales”
- e * Team knowledge: “Deep knowledge of available data and

general business context”

o




STEP 1: FOR RUNNING A ML PROJECT
SELECT THE LEVEL OF AGGREGATION

* Decide for the level of analysis. (Customer ,customer-product level, customer-product-store).
Depending on your level you’ll have to do the appropriate aggregation

created_on company_id company_entitlement_id status application_id name order_price rank_count rank_count_teams is_free_app ... tot
0 2012'.07f03 2 863.0 CANCELLED 3.0 QA_TEST_1 NaN 1.0 0.0 {OnE
14:58:29
STRATO
1 201127'%?"22 2 916.0 CANCELLED 195.0 HiDrive NaN 2.0 0.0 00 ..
) Business
2012-07-10 HiDrive Pro
2 08:54-58 2 1026.0 CANCELLED 226.0 2500 NaN 3.0 0.0 00 ..
;S 2 1125.0 CANCELLED 193.0 QA_TEST 2 NaN 40 0.0 00 ..
2012-07-16 HiDrive Pro
4 142453 2 1524.0 CANCELLED 227.0 1000 NaN 5.0 0.0 00 ..

5 rows x 30 columns




STEP 1: FOR RUNNING A ML PROJECT
SELECT THE LEVEL OF AGGREGATION

* Decide for the level of analysis. (Customer ,customer-product level, customer-product-store).
Depending on your level you’ll have to do the appropriate aggregation

created_on company_id company_entitlement_id status application_id name order_price rank_count <ank_count_teams>is_free_app .. tot
2011?1(;;23 2 863.0 CANCELLED 3.0 QA_TEST_1 NaN 1.0 0.0 3 )

STRATO
b2 2 916.0 CANCELLED 195.0 HiDrive » 2.0 0.0 00 ..
: Business

2012-07-10 HiDrive Pro

o

-

2 08:54-58 2 1026.0 CANCELLED 226.0 2500 NaN 3.0 0.0 00 ..
2012-07-11

3 143805 2 1125.0 CANCELLED 193. NaN 4.0 0.0 0.0 ..
2012-07-16 HiDrive Pro

4 14:24'58 2 15240 CANCELLED 227.0 1000 NaN 5.0 0.0 00 ..

5 rows x 30 columns




STEP 2: FOR RUNNING A ML PROJECT
SELECT THE RIGHT FEATURES

Select the appropriate features after doing some research or discussing the problem with some key
stakeholders. Sometimes you need to be creative and build new features from the existing ones

List of features: Customer Ageing, Previous purchases per application, Number of subscription
licenses, number of total applications, Voucher Dummy

The magic of domain expertise: Reach out to domain experts, talk to them about features you
can often get 80% of the benefit of deep learning models with about 10% of the effort




STEP 3: FOR RUNNING A ML PROJECT
RUN SOME EXPLORATORY DATA ANALYSIS (EDA)

 In real business problem you’ll often face the issue of significant imbalances. The latter means that
the amount of data that the model will use to predict is too few to make accurate predictions

0 ECEIRCERCE) @IENNE? SIS @ ¢

Out[45]: o 233651 <« Non-Buyers
1 137 <—— Buyers

Name: Y, dtype: inté4

Guide for performing an EDA: https://towardsdatascience.com/exploratory-data-analysis-in-python-c9a77dfa39ce



https://towardsdatascience.com/exploratory-data-analysis-in-python-c9a77dfa39ce

STEP 4: FOR RUNNING A ML PROJECT

RUN DIFFERENT ML ALGORITHMS AND SELECT THE ONE THAT PERFORMS
BETTER.

Machine Learning Algorithms Cheat Sheet

Unsupervised Learning: Clustering Unsupervised Learning: Dimension Reduction

START

Dimension Topic

; ot 3 atent Dirichlet
Reduction Modeling Probabilistic o

Prefer Categorical
Probability Variables

* Depending on the problem |
you would like to solve or teedto P
the kind of data that you
are using each algorithm —
will perform differenﬂy_ e linatle e s ) —

Supervised Learning: Regression

Naive Bayes

https://blogs.sas.com/content/subconsciousmusings/2020/12/09/machine-learning-algorithm-use/



https://blogs.sas.com/content/subconsciousmusings/2020/12/09/machine-learning-algorithm-use/

STEP 4: FOR RUNNING A ML PROJECT

RUN DIFFERENT ML ALGORITHMS AND SELECT THE ONE THAT PERFORMS
BETTER.

Machine Learning Algorithms Cheat Sheet

Unsupervised Learning: Clustering Unsupervised Learning: Dimension Reduction

START

Gaussian Prefer Categorical T Dimens.ion Topi; : Probabilistic ‘ et
. Mixture Mode Probability Variables Reduction Modeling
* Depending on the problem | .
you would like to solve or - E=D Y.
peci esponses

the kind of data that you
are using each algorithm - a
will perform differently. o | Toolage | Bomte (P pri A

Supervised Learning: Regression

https://blogs.sas.com/content/subconsciousmusings/2020/12/09/machine-learning-algorithm-use/



https://blogs.sas.com/content/subconsciousmusings/2020/12/09/machine-learning-algorithm-use/

STEP 5: FOR RUNNING A ML PROJECT

|||||||||||||||||||||||||||

___________________

* Sometimes due to bias in the data
some features might be extremely
significant, but this cannot be

explained business wise ) -

« It’s better to sacrifice accuracy if you
can explain your results to your
stakeholders




STEP 6: FOR RUNNING A ML PROJECT
VALIDATE YOUR MODEL ON UNKNOWN DATA

 It’'s very common your model to perform perfectly on train-test dataset but when you tested on
new data it won’t work

« Keep some of your data to validate your model

We know what Now

happened |
\ TRAIN TEST }\//

f

Model period Validation period




STEP 7: PUT IN PRODUCTION

REMEMBER THAT YOUR MODEL IS PART OF A SYSTEM
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Nearly 40% of teams send models to another team for deployment into production (39%). The
second most common response respondents gave is that their teams deploy them manually onto
servers or VMs (31.8%). Another 24.2% stated that their ML and data science teams do not deploy
models into production—18.6% of whom would like to.

. Send to another team for deployment

24.2%

39.0% Deploy manually onto servers or VMs

. Don't deploy models into production

https://www.freecodecamp.org/news/what-is-mlops-machine-learning-operations-explained/

https://dotscience.com/assets/downloads/Dotscience _Survey-Report-2019.pdf



https://www.freecodecamp.org/news/what-is-mlops-machine-learning-operations-explained/
https://dotscience.com/assets/downloads/Dotscience_Survey-Report-2019.pdf

STEP 7: PUT IN PRODUCTION
REMEMBER THAT YOUR MODEL IS PART OF A SYSTEM

* User need to trust the model
« If possible, let the user interact with the model
* Give some info's why the model is predicting things

» Easy to use or well integrated into an existing business process
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WE'RE HERE TO MAKE ML MODELS THAT MEET A BUSINESS NEED.
MAKE SURE YOU UNDERSTAND THE NEED AND MEET IT AS
EFFICIENTLY AS POSSIBLE.

\HEN A USER TAKES A PHOTO,
B nded B . THE APP SHOULD CHECK WHETHER
e open minde e optimistic THEYRE IN A NATIONAL PARK....
SURE, EASY GIS LOOKUR
GIMME A FEW HOURS.
... AND CHECK WUHETHER
THE PHOTD 15 OF A BIRD.
. ’ T{L NEED A RESEARCH
Adaptability to learn the Not lock into your tiny TEAM AND FIVE YEARS.
IL’ Business Context a - ML-Room” - don’t be /
1solated
? A ML Model will never Even ML can do great
{’S'~ be 100% accurate rE-I: g stuff (close to magic) it N CS, IT CAN BE HARD AN
el ° can’t solve everything and NG, IT CPN B HARD TOBALA

THE DIFFERENCE BETWEEN THE EASY

if it 1s .. it’s wrong! . .
( g) will fail often. AND THE VIRTUALLY IMPOSSIBLE.




