Model Industrialization in ING Bank

Presentation to Data Innovation Summit - 2019
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https://datainnovationsummit.com/

| will not waste your time

You will learn something about:
Data science activities in the banking domain.

Using data science in transforming your organization.

Scaling up machine learning applications in large organizations.

Get the slides - Lots of useful references for follow up

\
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Dor.Kedem (at) ing.com

Image Credit: My wife,
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A bit about me — Dor Kedem

* Extensive software development career since 2002.

* Working on Al research & data science applications since 2010.

e At ING Bank in Amsterdam since 2014.

* Today, a lead data scientist and product owner.

Grab me later (or via LinkedlIn) to talk about:
* CI/CD solutions for a data science project lifecycle.
e Impact-driven data science (moving from POCs to MVPs mindset).

* Modelling techniques and machine learning applications in banking.

* Board games and 3D puzzles.

* Transitioning from software development or IT roles to data science.
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ING Bank at a glance

Market Leaders
Netherlands, Belgium, Luxembourg

* Leading retail and wholesale banks in the Benelux
+ Evolving into ‘direct-first’ banks

\ Improving operational excellence

o R

Challengers
Germany, Austria, Spain, ltaly, France, Australia, Czech Rep.
* Leading ‘direct-first' banks
* Further integrating retail and wholesale banking capabilities
\» Broadening lending capabilities

Y.

AN
. Growth Markets )
Poland, Romania, Turkey and our stakes in Asia

= Strong positions in fast-growing countries
= Evolving into ‘direct-first’ banks
" Developing digital leadership capabilities J

» Wholesale Banking network and global franchises
* International network: more than 40 countries
» Extensive international client base across all regions

+ Global franchises: Industry Lending and Financial Markets;
\_ Trade Finance and Cash Management Y.

Active in 38M retail customers +54.000 Net Promoter Scores:

more than 40 and employees #1 in 6 out of 13 retail
countries 12.5M primary in ING Group countries
customers in 4Q18

Source: https://www.ing.com/About-us/Profile/Key-figures.htm
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Challenges in European Banking Scene

Historically low Regulations leads Fintech is
interest rates to more open everywhere...
banking

Historical LIBOR rates (grey — recession)
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How does a bank differentiate itself from the rest?

FOl'beS Billionaires Innovation Leadership Money

The World's Best Banks: ING
And Citibank Lead The Way

Kurt Badenhausen rorbes Staff o o o
i life and in business
I cover sports business with rare dips into b-schools, local economies

Our purpose

Empowering people to stay a step ahead in

Our strategic priorities

Creating a differentiating customer experience

1 Earn the primary relationship
¥ EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEREENE)»

[ | . . .

s 2 Develop analytics skills to understand our customers better .

|| ||

] ) ) ) ||

= 3 Increase the pace of innovation to serve changing customer needs n

|| ||

Photo credit: Getty Images GEeTTY = =
' = 4 Think beyond traditional banking to develop new services and business models 7§

Dutch financial services giant ING Group has a long legacy of innovation 4ANEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEENS®

Sources: https://www.forbes.com/sites/kurtbadenhausen/2019/03/04/the-worlds-best-banks-ing-and-citibank-lead-the-way/ (March 2019)
https://www.ing.com/About-us
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Analytics Efforts in ING

Artificial Intelligence: Currently, ING employs around 80
data scientists, working on various Al-projects:

Penple

Anulgtics

Customer Innuuutiun &

dinlngue | Beyond Banking
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FC & Regtech

Customer
interaction
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Analytics training: Thousands of employees to engage
analytical projects, tools and insights.

ING builds analytics academy to
help employees with data skills

18 January 2019

ING is setting up an 'analytics academy' where any member
of the Dutch bank's staff can brush up on their data skills.

"Data is the language of the future.
If you don’t speak it yet, we’ll help you master it.”
Gorkem Koéseoglu, ING’s chief analytics officer.

Source: Finextra: ING builds analytics academy
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https://www.finextra.com/newsarticle/33222/ing-builds-analytics-academy-to-help-employees-with-data-skills

One-to-One Analytics

Our ambition: all customer interactions driven by analytics

7| Maximising number of analytics driven service
and sales interactions

Data > insight > action is in ING’s DNA

Democratize big data usage across ING

Users of our services are extremely happy




Data Analytics for customer interactions (NL+BE)

¢

CJE - Christina

- Customer Journey Experts Data Analysts Data Scientists Data Engineers

DA - Arjen

DS - Samir

¢ €& ¢

DE - Eleanor

many? Over 400 (outside 1:1) Over 100 Roughly 20 Roughly 15
+ Banking Bl tools (SAS, + Statistics & ML ) Blghdatla .
5 i IBM Cognos) : technologies
What do Marketing theory g - Data Privacy .
> Data Pri o  CI/CD solutions
we know? . Customer engagement ata Frivacy «  Programming (i.e. _
, « Security &
« Message framing SQL Python, R, Scala) Compliance
* Product specification Reports  ETL systems
What do _ > _ > - Statistical models d
we * Online & offline content Dashboards » Data lake
create? _ « Data Products _
: « Customer engagement A/B Testing * Model hosting
ING.




The need for model industrialization
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Example case: Credit Card Acquisition

For Black-Friday (Nov 239, 2018), Christina wants to contact customers to acquire a

new credit card (via website offering or direct communication).
We have two types of offers: regular credit cards & platinum credit card.

How can she find who to contact with these offerings?

* Plot customer engagements on different ¢ EE T e
demographics. “30s 10DD 1000 | ﬂ
‘- * Come up with business rules based on i “-‘f-'??“Eg e
¢ DA - Arjen shared personal understanding. L o
40 \ . A M a
* Build a likelihood model based on past gt _.
CJE - Christina behavior and engagements. =a
* Rank customers according to this model. 52 13.8 lUUD 1000 lDD[‘

m_/ ,_-x

DS - Samir A. VAN DIJK

11



Example case: Credit Card Acquisition

Before Black-Friday (Nov 239, 2018), Christina wants to contact customers to
acquire a new credit card (via website offering or direct communication).
We have two types of offers: regular credit cards & platinum credit card.

How can she find who to contact with these offerings?

Very vast majority

mastercard.

* Plot customer engagements on different
demographics.

* Come up with business rules based on
shared personal understanding.

e Build a likelihood model based on past

CJE - Christina behavior and engagements.

 Rank customers according to this model. soug 1000 1000 lD@D

Valid thru

) . Di/23
DS - Samir A. VAN DIJK
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What are we missing when we don’t use models?

It takes a lot of time to make and adjust customer One of the added value of models:
] Ranking customers
selection.
Unordered Ranked by relevant

We're bound by our personal understanding and | e Purchese
our data analyst capabilities. | |

B |
There’s no structured way of learning and |

i i [ No purchase

improving our engagements for the next time.

Selection based on threshold

We're not as relevant or personal to our

customers as they expect us to be. w - \“_0”/

All clients Top 10%

A =
ATy B
M$"§ﬁ°'§.~



Our Objective

Democratizing model building: Enabling DA’s to create models for finding customers for their offers.
Accelerate best practices: Make it easy & fast to be effective in customer selections.

* Model building process “built-in”: Tell us “what” you want — we take care of the “how”.

* Evaluation “built-in”: Decide what to build 2 Get a free model & campaign evaluation!

* Compliance “built-in”: GDPR, archiving, legal, commercial pressure, risk — we got you covered.

Understand the Saves time More relevant
p customer better Better engagement offerings
\
CJE - Christina DS - Samir Customer - Claire
Saves time Making large-scale Meeting
Grows in skills impact objectives
DA - Arjen DE - Eleanor ING Bank

17



Our approach — Model Factory
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Model Factory

Building customer models without reinventing the model building process

Model Building Process Scoring Model Scoring eligible Feeding scores to
IN F’ET o customers ING processes
(

D [rocrons | B F(R) = y

)T

OUTPUT f(x)

Creating reports in Bl tools
for ING business units

Somewhat similar open source approach: Uber’s Ludwig: Training models without writing any code (February 2019)

Another open source model factory for reference: KPN’s model factory

E ING [



https://eng.uber.com/introducing-ludwig/
https://gist.github.com/kpn-advanced-analytics/13477b6d419531bc7232ef4da1a4cda2

Model Recipe

Mandatory ingredients:

* Business Objective
Selection from: acquisition, deepsell, retention, customer journey.

* Business Objective specification
Based on the objective. For example: which product to acquire?

* Features to include / exclude
Selection from a list. Done based on domain expertise.

e Customers to include / exclude
SQL “where clause”. Based on domain expertise.

Optional ingredients (with defaults):

* Times specification: (How long does it take to acquire, how long before
customer makes decision)

* Modelling techniques: (for advanced / data scientists users)

Il.ndaf dl ldg Sco gMdl seo glgbl
Recipe

‘l N | oS — —
~L ¥ Ve —F
Building Blocks |:> @ f =
eports s
\

Model specification is
translated to a 10-15 lines
JSON file and is filled by a




Building Blocks

Available to all models built with a recipe specification:

Analytics features extraction

Machine learning monitoring processes
Target templates (i.e. acquisition, deepsell)
Classifiers

Evaluators

Hyperparameter / model selection (AutoML)

Fairness & bias reduction

Data-sets creators
Uplift measurement
Storage management
Scheduling

Hosting

GDPR applications

Model Building Process  Scoring Model Scol g eligible

m ‘l'.‘ L

B Building Blocks t> =
SSuRR Creating r prt Blt ols

‘lllll ) for ING business unit

ol

if\

Interaction with ING services




Building Blocks Example (1): Data Sources
Built on top of:

Creating the model feature sources * IBM PureData for Analytics (PDA)
* SAS Enterprise Global

Data dumps &

streams from ING < ) ) ) < Data scientists Data
sources </> <I>j <ILT </> & analysts engineers
build an build the ETL
analytics processes to
Data repository create data
Lake from data sources.
sources.
\a
Structured

Data Sources

DS - Samir
DE - Eleanor

Analytics Features in the

Features table are GDPR

Table(s) validated _—
DA - Arjen

. I NG m’«“'“‘



Building Blocks Example (2): Data Sets Creators

4 N
Jan ‘17 Jan ‘18 Mar ‘18 = Legend

‘ ‘ , . learn hyper-
Jan 17 May ‘18 Jul ‘18 validator sarameters.

= I Used to
T 7
ol evaluate and to pick
Picking best hyper-parameters | best mode. )

Jan ‘17 l Jul ‘18 Dec ‘18

Some tips to building datasets:

* Selecting different customers in each timestamps = Generalizing to new customers.
* Arranging data set in time series accordance = Generalizing better for forecasting.

Useful resource - Timothy Lin’s Creating a Custom Cross-Validation Function in PySpark



https://www.timlrx.com/2018/04/08/creating-a-custom-cross-validation-function-in-pyspark/

Building Blocks Example (3): Model Building

Relying on open-source Big Data technologies as building blocks

Classifiers (the model types): mainly based on the Spark Machine
Learning framework and includes:

* Linear / Logistic regression

* Naive Bayes

* Decision Trees

* Ensemble methods (Random Forest, GBRT)

 Neural Networks (MLP)

Evaluators (the model performance validation):
* Everything under the Spark MLLib evaluation metrics.

Meta-learning and AutoML (finding the best model):
e Currently experimenting with auto-sklearn & H20 for faster hyper-
parameter tuning. See Georgian Partners’ comparison.

Spark

MACHINE LEARNING

Auto-

Sklearn

Spoﬁh(z + H,O
SPARKLING

WATER

£ >
B A
SRR E
I NG it @ @2


https://spark.apache.org/docs/2.4.0/ml-classification-regression.html
https://spark.apache.org/docs/2.4.0/mllib-evaluation-metrics.html
https://medium.com/georgian-impact-blog/choosing-the-best-automl-framework-4f2a90cb1826

Building Blocks Example (4): Fairness

For easy explanation:
Attacking discrimination with smarter machine learning

Resource: https://research.google.com/bigpicture/attacking-discrimination-in-ml/

Loan Strategy

Maximize profit with

MAX PROFIT

No constraints

GROUP UNAWARE

Blue an sholds
arethe

DEMOGRAPHIC
PARITY
ue / orang

Same

EQUAL
OPPORTUNITY

Sarm

10 people

@

eloans

Equal Opportunity

Among people who would
pay back a loan, blue and
orange groups co equally
well. This choice is almost as

parity, and about as many
people get loans overall.

Blue Population

loan threshold: 59

Positive Rate 40%

n / defaults
n / pays back

Orange Population

loan threshold: 53

defaults

Incorrect 17"

Positive Rate 25%

Resource: http://aif360.mybluemix.net/

Al Fairness 360 - Demo
*e—9 0 O

Data Check Mitigate Compare

4. Compare original vs. mitigated results

Dataset: Adult census income
Mitigation: Optimized Pre-processing algorithm applied

Protected Attribute: Race
Privileged Group: White, Unprivileged Group: Non-white
Accuracy after mitigation changed from 82% to 74%

Bias against unprivileged group was reduced to acceptable levels' for 1 of 2 previously biased metrics
(1 of 5 metrics still indicate bias for unprivileged group)

0] @
“Statistical Parity Equal Opportunity Average Odds Difference
Difference Difference
1 1 1
o5 05 (13
] —— o i 0 _— F
05 : 05 05
a K] q
- M original W original W original
B mitigated B mitigated W mitigated
0]
Disparate Impact Theil Index
15
08
air 04
oz o
o el -
- M original W original
M mitigated B mitigated

For approaches on reducing bias:
IBM Al Fairness 360

e



https://research.google.com/bigpicture/attacking-discrimination-in-ml/
http://aif360.mybluemix.net/

Model Factory Products
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Engaging with the model factory process & results SR =R
"R IQ=—0T

for ING business unit:
ssssEEEEEEEEEEEERY

Validating Validating  Validate Understand Selecting Post-hoc Getting the big

building model model the customer customers for campaign picture of model
blocks execution quality better campaign evaluation usage
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Q Jourmey v v v v
AR

Expert

6 _ Data
Analyst
[ §
Data
Scientist

| Data
Engineer

Vi v v Y
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v
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Monitoring Tool Bl Tools (IBM Cognos Analytics)
(Developed in-house)

*
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Designated system for monitoring production ML models

Home Getting Started Projects Status Logged in as: mh15uq Logout

Available Projects (4 projects)

Search for project...

UMF_Investment_acquistion Metric Mean Max Min _ Plot
U " Pl . AUPRC 0.00 000 000
Modeling monithoring of Investment Acquisition
AUROC 083 083 083
Sibisorz 21 O 2019-02-25 @ 1617:26
OKv
UMF_Data_Source Metnc. . Mean Max  Min Plot
U " " Population deviation 016 i
Data sources monithoring of percentage 2 g 016
Double records check 0 0 0
Variables differences 3 3 3

ibisorz A0 @ 2019-02-25 @ 15:53:42

UMF_Investment_chuistion... Home Getting Started Projects Status ez} test project3 Hor QuickStart  Proje oggedinasbiezis {3 logout
@ wetries View the performance metrics defined for this project.
%
2 Metrics View the models inside the project Hodels You may select any of the available synced metrics below.
- Predictions Summary -_Accumcu R2 Precision
You can select any of the synced models within this project and check it's parameters and features
é Models Data Summary
Search for model... % Stages
/= Predictions Summary Logs 2016020670000 0000040020
Vale: 0500
Usea Mocel: ee
N RF_model 2 Momize
<) Data Summary sooi pyspark.ml.classification.RandomforestClassificationModel
sack
? Stages (®2019-02-25T10:26:41.612628+0100 {7 ctich1e0c968542fc37e53cf632b530c7b877423 = 39c2285c-F164-4a94-B8e5-fbS
=/ Logs
R - arenzote sreoa0s sreoa0ts 2018
rameter ‘alue
=1 Minimize

Open source alternative: miflow.org (platform for machine learning lifecycle)
Useful resource: Google Al’'s What’s your ML test score? A rubric for ML production systems (Breck et. al, 2016)

ING


https://ai.google/research/pubs/pub45742
https://mlflow.org/

Designated system for monitoring production ML models

UMF_Data_Source_F..... Home Getting Started Projects Status LOCUMF_Investment_acquistion... ~ Home  GettingStarted  Projects  Status loggedinas:mhisug 11 Logout
Metrics i e
Metri View the statistics of your datasets.
EHICs View the status and completion ofthe stages within a session of the project_ wodis You can select any of the synced datasets within this project and checkit's distributions and statistics. (2 synced datasets).
£ You can select any of the sessions and view its stages and their statuses (1 synced sessions). Search for dataset...
' Models * Predictions Summary
: training_20190225
A Search for session... D oata Summary Contains 3 features.
'\~ Predictions Summary . s
Y Stages
N Source_reference
=/ Data Summary Contains 4 stages. Logs
e 400k -
? o e Search for feature. Mean std Compare -
ages 5o @4 ®
£ ® 2019-02-25715:53:42.680819+0100 I irb18012 7 567365519475b03e3629e809ce41b16939a50e. 4 ()0 i e [r— 350k
< Back
= flozmos_leeftjd 46200223476417655 22285686204305613 @ £ 300k
=] Stage Execution Time =
=) [HER 2 ozmos_s2btd 2356.1702998205216 13370600450119151 g
g 250c
Initialization 0h Om 0s & -
Splliniee Settings assigned 0Oh 1m 13s -
UMF_Data_Source_F..... Home Getting Started Projects Status Logged in as: mh15uq o Logout.
sok
L2J Metrics o
20 w0 &0 50 100 120

View the logs within a session of the project.

You can search session and search within a session

© fkozmos _leeftijd

") Models

\ Search session name/id... Start Date End Date
'\ Predictions Summary

</ Data Summary

Source_reference
Contains 4 stages.

Sj Stages -+

= (© 2019-02-25T15:53:42.680819+0100 [ Ib18012 (7 567365519475b03e3629e809ce41b1693%asbe D4 Do
=] Logs

Search within the session logs Log Level
INFO @ WARNING @ ERROR

Last Sync: 2019-02-25 @ 17:39:28

= Minimize Search Text Start Date End Date Search

< Back
Mon, 25 Feb 2019 14:08:22 GMT <<<<<<K<K<KKLKKLKLKLKLKKLKLLKLKLKLKLLLLLLLLLLLLLLLL NEW SESSION >>>>>>>>>>>>5>>>5>>5>>5>>5>5>>>>>>>>>>>>>>>>

Mon, 25 Feb 2019 14:08:22 GMT <<<<<<<<<LKKLLLLLLLLLLLLLLLLLLLKLLKLLLLLL NEW SESSION >>>3>>35355555555555555555555555555>5>>
Mon, 25 Feb 2019 14:08:22 GMT NEW SESSION

Open source alternative: mlflow.org (platform for machine learning lifecycle),

Useful resource: Google Al’'s What’s your ML test score? A rubric for ML production systems (Breck et. al, 2016)



https://ai.google/research/pubs/pub45742
https://mlflow.org/

Reporting on the model built

Regulnr credlt card acquisitions

A. Technical quality F. Customer Segmentation B mSSspape st
metrics Recall g
i Precision o o |
G. Model comparison heat e ’| A= Bt B
B. Lift curve map. = 7/
C. Cumulative Gains H. Compare features e R

Customer percentiles (1% = 54k)

D. Overlap with manual distributions.

selection I. Score distribution

E. Feature Importance J.  Conversion for feature
values.

Combined scores for both credit
card acquisition models

Who are the likely customers? (In this example: by age)
You selected the top 18% from the

Age distribution in each customer group population

0.08%

1505% i
sion opn, 2 2l 0.07% 0.07%
es sy oy 3,00% Ui
L e Average 0.06%
| I I I 250% Response
s mm wE BB ow 6 wx na oo . (0,04%) 0.04%

butes oer
mostlkely

austomers?

Top10%

versus
Bottom 90%

Whodidwe
missinthetop
20%2

Selected

Not Selected

Portion of entire available population

,,,,, ) 003% oo
- 150% 0.01% § 0.01%
.
I II r I I I 0,50% \ 0-6 6-110 110-270 270-470 470-730 730- 1.1k 1.1k - 1.8k 1.8k - 3.3k 3.3k-8.3k 28.3k
3 0% 3 0w s sos P (10%) (10%) (10%) (10%) (10%) (10%) (10%) (10%) (10%) (10%)

0,00%

Amount on current account (in EUR)
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What’s the difference between my old selection and the model’s? a

(s 20% Threshold
11000 .
Customers in old

@ 10000 ,
= selection
c 9000 ]
S Customers not in
5 8000 .
<1 old selection
e 7000
© 6000
Q
"g 5000 (’I feel more confident the model \
o - makes meaningful selections”
(7] 4000 ]
» - “I see that the model found top
°E’ 3000 - customers that | haven’t contacted
o 2000 ; yet”
: : N
S 1000 -

0 |

= DO O MNTTLU O ONMNTTULULLOMMOMT™OULOMMNT™LW O MM
=T AN NNV OECATITATONDLD O O O MNMNMODOOLWOWOO O
Ranked customers percentile (left — most relevant) g
DA - Arjen

o ING



Customer Segmentation

Grouping customers together based on the model’s important features.

Customer segmentation for [ ] on test set, colors based on [label]

Segment size: indication of

Allows for further
number of customers.

analysis on customer 100
segments

0.0030

Segment color: average
conversion (more yellow =
higher conversion).

"Age" Distribution 00025

0.0020

Y,X Axes: Don’t mean much,
00015 but the overall distance
between segments mean that
customers are more different
based on important features
(closer segments = more
similar).

]
20 30 40 50 60 70 80 90

"Median Income" Distribution

35000 0.0010
30000

¥ 25000

b

£

£ 20000

i
£
S
+ 15000 T T T
10000 T T T

5000

0.0005

o
0.00102030405060.7080910 1 3 =
"Median Income" Percentile -100 -75 =50 —-25

-
by
-
-
g

This helps me understand who are my customers and to tailor a
message for each type of customers.

CJE
Christina

48




Credit Card Acquisition — Which proposal to who?

X-axis: Ranked customers interested in

regular credit card (left - most interested)

Y-axis: Ranked customers interested in platinum

credit cards (down - most interested).

Rectangles — the top 10% of customers

in each group.

o

Bottom 90% .
Dom o0 347k 4.9Mil
Top 10% -

PI:tinu;1 232k 412k
Top 10% Bottom 90%
Regular Regular

~N

“I can now send the
relevant offer to the
relevant customers and

avoid spamming.
DA - Arjen Y,

-\

Customer Percentile - [Credit card - Platinum]

_ i
.
ﬂﬁﬂﬁﬂb@ﬁh’:ﬁtﬁ&ﬂ%@ﬁtﬂ

Customer Percentile - [Credit card - Regular]

Combined ranking for both
credit card acquisition models

100

-

40

# customers in
shared
-percentile (log

' scale)

Brighter
= more
customers




To wrap up
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Model Industrialization in ING Bank 1271
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Linkedin.com/in/KedemDor
Dor.Kedem (at) ing.com

Summary: Selected Resources:

* Enabling model creation, without coding and using Driving innovation:

data scientists best practices and cumulative efforts. . ING PACE: Evidence-based design-driven lean approach
e Simple specification, modular design.
Model building:
e Accelerates DA’s, empowers CJE’s, and makes all of +  Uber's Ludwig — Building models without coding
us more relevant to our customers. *  Georgian Partners’ AutoML comparison

. Creating a Custom Cross-Validation Function in PySpark
. Distributed deep learning on spark: dist-keras

( ) . . .
Model Model Building Process  Scoring Model ~ Scoring eligible Feeding scores to Machine learning in production:

Recipe i customers ING : i
~ INPUT x ! processes *  What's your ML test score? A rubric for ML production systems

B i 8 E*
@4}:? “ E> FUNCTION f: I:> f(&) =y L

OUTPUT f(x)

. MLFlow: machine learning lifecycle

R Fairness & bias removal:
* Google’s “Attacking Discrimination in ML”
e |BM'’s Al Fairness 360

Creating reports in Bl tools
\_ J for ING business units



https://youtu.be/C3FRA9iA7FE
https://medium.com/georgian-impact-blog/choosing-the-best-automl-framework-4f2a90cb1826
https://medium.com/georgian-impact-blog/choosing-the-best-automl-framework-4f2a90cb1826
https://www.timlrx.com/2018/04/08/creating-a-custom-cross-validation-function-in-pyspark/
https://github.com/cerndb/dist-keras/
https://ai.google/research/pubs/pub45742
https://research.google.com/bigpicture/attacking-discrimination-in-ml/
http://aif360.mybluemix.net/
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