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Machine Learning - A bit of history mgg;!-l

BERLIN 2018

“Classical” programming

Machine Learning

--_ 7—_1 - = ' " \ . . 4 . P 2 2
Arthur Samuel, 1959
" B S P LY 4

Learnlng Algorlthm

“Machine Learning is a field of study that '
gives computers the ability to learn

without being explicitly programmed.” m—» Hypothesns h

Picture: https://history-computer.com/ModernComputer/thinkers/Samuel.html | * https://www-cs.stanford.edu/memoriam/professor-arthur-samuel
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The first applications of Machine Learning 7".‘1]1
Development and refinement of strategies 230
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Reinforcement learning

...iS an area of machine learning inspired by behaviorist psychology, concerned with how software agents
ought to take actions in an environment so as to maximize some notion of cumulative reward.

The problem, due to its generality, is studied in many other disciplines, such as game theory, control
theory, operations research, information theory, simulation-based optimization, multi-agent systems,
swarm intelligence, statistics and genetic algorithms.

Source: https://en.wikipedia.org/wiki/Reinforcement_learning
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Machine Learning is present in our daily lives Vi \]1
Recommendations (Amazon, Spotify, LinkedIn, Netflix,...) S=1

BERLIN 2018

< = ST - y—— Content Based Recommendation (CBR)

Frequently bought together

wesco Telekom.de LTE 22:47

IJ CBR provides personalized recommendation by matching
o S, . .. . .
e user’s interests with description and attributes of items. For
X CBR, we can use standard ML techniques like Logistic
Buy Both: EUR 71,48 Y Nestlé kauft Starbucks-Kaffeesparte, . . e
== oat self nur Gesunda uroetrister . °° Regression, Support Vector Machines, Decision tree etc.
Sponsored products related to ; based on user and item features for making predictions for
L e.g.: extent of like or dislike. Then, we can easily convert

> snurrepLay R R :
Posiianan s the result to ranked recommendation.
-~ Available Offline Neue Positionen anzeig...
AmazonBasics - HDMI Kabel 1,5 B Kkee e . . - - -
eep On Shining L
Gefloch j e [ gl sind desa Wocha 7 Malin . Collaborative filtering (CF)

Aktuell

Discover Weekly

FOLLO!

EUR 899 ¢ | diliac Alle Suchen anzeigen
adille | g
EUR 8,99 vprime EUR 6,49 vprime Cadillac Gir

Neighbourhood models are heuristics based models which
Ramona gé‘d.”;hhh. uses similarity metrics, for e.g. : Pearson similarity, cosine

similarity, for finding similar users and items. It is based on,
very reasonable, heuristic that a person will like the items
=~ TRTTET e ¢ that are similar to previously liked items.

Compare with similar items Gratulieren

s Of Pompeii

Source: https://www.quora.com/How-exactly-is-machine-learning-used-in-r -engines (as of 01/09/2017)
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Machine Learning is present in our daily lives 73‘11
Pattern recognition m!
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. 3G 1-59%02»

Google

\]

Conwert handwriting into-text :

Convert handwriting into text
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Machine Learning is present in our daily lives 7\
Pattern recognition 2
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eee00 Telekom.de LTE 22:48 T h a5 % M i — .. Veri; 2 511 PM L-
Q General-Anseiger = e
google translate [ < Messages Aspect Mila Details
7 Face recognition at the
ALLE BILDER GOOGLE MAPS GOOGLE Checkout xt M
Deutsch = LD | need some time off

Alright, let's schedule you some
vacation! Just tell me the
relevant date(s) and times and

I'll do the rest!

Is this for all day, or a partial
day? If it is a partial day please
specify the time like "from 10am

10 10:30am"
Electronic displays can depict personalised advertising at

) lightning speed. All day
Google Ubersetzer

https://translate.google.com » translate

Das ist einen Versuch wert.

That's worth a try.

Englisch = ‘D ::

| can submit a request for

Der kostenlose Service von Google iibersetzt in BONN. The Deutsche Post and Real are two vacation fLQM/ZQ/Z_(HQU.ILIY
Sekundenschnelle Worter, Sdtze und Webseiten companies trying out personalised Q/ZTZ/M Is that something
zwischen Deutsch und 'ubér 100 anderen Sprachen advertising at their branches in several cities, you'd like me to do?
one of them: Sankt Augustin. The Federal
e L . Commissioner for Data Protection sees legal @
6 G [1 LJ Q ZUM NACHSTEN ARTIKEL SPRINGEN

Q Send
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Machine Learning is present in our daily lives 73111

Autopilot / Autonomous driving
BERLIN 2018

4 — 8 June 2018, www.ica2018.org



_'J']
Machine Learning is present in our daily lives 73111 .

Detection of plagiarism as well as unknown / non-intuitive relations
BERLIN 2018
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Comparison of insurance and other industries m%g{'-l
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Predictive Analytics

Generalised Linear Models (GLM)

Non-life

insurance Machine Learning

A

Other industries
Machine Learning
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Why have GLM's been so successful in Non-life insurance? mﬁéﬁ}-l_.
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GLM’s have Claims cost modelling ®= As a consequence, they have shown to be a very
proven to offer a

robust way to determine an appropriate price for the
insurance product

GLM's yield model predictions in terms of table
multiplication, which are easy to implement from an
IT-perspective

sensible Client behavior modelling
statistical
environment for

Predicted Values - Age of youngest driver

By the way: “1 TR

GLM'’s can be wl [y . A

seen as Machine '

Learning =14y

Technique as
well

R e e e s o

o »
P A
- PR %
R e b & U + Modsl pracic
....... u sl m| Base levels
OOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOOO I 14
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Do we always need to have a statistical foundation? mﬁi}-l g
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Statistical Seience
2001, Vol. 16, Ne. 3, 199-231

Statistical Modeling: The Two Cultures

Leo Breiman

Abstract. There are two cultures in the use of statistical modeling to
reach conclusions from data. One assumes that the data are generated
by a given stochastic data model. The other uses algorithmic models and
treats the data mechanism as unknown. The statistical community has
been committed to the almost exclusive use of data models. This commit-
ment has led to irrelevant theory, questionable conclusions, and has kept
statisticians from working on a large range of interesting current prob-
lems. Algorithmic modeling, both in theory and practice, has developed
rapidly in fields outside statistics. It can be used both on large complex
data sets and as a more accurate and informative alternative to data
modeling on smaller data sets. If our goal as a field is to use data to
solve problems, then we need to move away from exclusive dependence
on data models and adopt a more diverse set of tools.
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Big Data - Different forms of appearance 73111
Straightforward application of Machine Learning techniques m!
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Digitize / Structure

a

Data base A
-
~|
-
Data b B —
ata base —
> »Single version of the truth®
—1 (svor)
—
Data base C —
-
—
—
Data base D —
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Some Machine Learning methods 7\
Currently applied in Non-Life insurance m.ﬁ*!!
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Gradient
Boosting
Machines

Classifica- Regression
tions Trees Trees

K-nearest Neural " Random
Neighbors Networks B RS Forests

Principal Support
Components Vector
Analysis Machines

K-Means
Clustering

Ridge
Regression
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Is it really all about the method? m%g;rl
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General requirements Vi L
\
Availability of data in sufficient quality, granularity and frequency m-‘*‘-l—'
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= Is data preparation in your company
= ,business as usual®
= or project work?

= Aggregated data from a data warehouse enable
= Quick analyses
" Less insights

= How to “feed” the machine?
= Raw data only?
= Data amended by information based on human intelligence?

= Possibility of your IT to implement relevant results based on
Machine Learning Techniques

® Privacy, Transparency and data protection rules
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Is there more to it... Vi
..than the ,Kaggle-metric"? m! 1
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Predictive

Power

4 — 8 June 2018, www.ica2018.org



Choosing a method
Dimensions of choice

Predictive
Power

Analytical
time and effort,

Execution
speed

Interpretation

BERLIN 2018
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Gradient Boosted Machine (GBM): The idea

Data base
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What does a GBM look like? m%@}-l_
BERLIN 2018
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What does a GBM look like?
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What does a GBM look like? mgﬁrl
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How does GBM rank in the dimensions of choice? m%@}!_.
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Predictive
Power

Analytical
time and effo

Interpretation

Implementation
in modern
rating engines

Execution
speed
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Predictive Modelling in Non-life insurance business '!1'.
Status quo m!
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= Models for the prediction of
= Claims (basis for rate setting)
® Customer behaviour
= Run-off of claims (portfolios)
" Fraud detection

= Most of these predictions are based on Generalised Linear
Models (GLM's) > IT-Implementation as multiplication of
tables

®=  Since GLM's can be fitted fully automated they can be viewed
as Machine Learning technique as well

=  But: Machines are currently not able to separate the noise
from the systematic effect
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Basic idea of each modelling task Vi
Separation of signal and noise m&] !
BERLIN 2018

Private Liability -

Claims frequency

Observed Signal Noise
8,0% 8,0% 4,0%
6,0% 6,0% 2,0%
4,0% H 4,0% 0,0% A AMAA At e A
2,0% 2,0% -2,0%
0,0% 0,0% -4,0%
IRANRIIRRSENRIBSR IRANRIIRRBNRIIAR ERARRITINRTENRGBaR
Age of the insured Age of the insured Age of the insured
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Basic idea of each modelling task 73111
| |

Smoothing is not always the solution of choice! mﬁ
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Private Motor Germany -

Glass claims frequency

Observed Signal ? Signal !

9,0% 9,0% 9,0%

8,0% 8,0% 8,0%

7,0% 7,0% 7,0%

6,0% 6,0% 6,0%

5,0% 5,0% 5,0%

0123456 7 8 91011121314 0123456 7 8 91011121314 0123456 7 8 91011121314
Age of the car Age of the car Age of the car

4
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Be aware of the regulation in the insurance industry 73"11

Not all areas can be tackled without human intervention / intelligence m
BERLIN 2018

GBM - Partial dependency plot

; ey I I ; I ; I ; P ; s ; s ; P R
18 20 22 24 28 28 30 32 34 36 38 40 42 44 46 483 50 52 54 56 58 B0 62 B4 66 68 VO 72 Y4 76 V8 80 B2 84 86
Age of Main Driver
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Some “obvious” applications of Machine Learning techniques Y, ‘."!1'.

Focus on Non-Life-Insurance
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Identification of (currently) = “Who plans to buy a new car?” = Assessment of outstandings /
= Re-engineering of competitor next weeks?” ~ Steering of claims
quotes = Identification of unhappy processes _ _
= Approximation of ranks (i.e. clients or fraudulent " _Clalms processing using
in aggregator business) customers Image recognition
—— —

4 — 8 June 2018, www.ica2018.org



So what...

..does that all mean for the home-turf of actuaries?

&ﬁﬁ&

It's an evolution,

not a revolution!

_'1'1
'\1'. .
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Machine learning brings a proliferation of Be aware of the regulation and the -
new methods consequences for you actuarial work
Machine learning is not all about improving New data and feature/ response engineering
predictive power. Take into account: generally add more value than new
=  Fast investigation of new data methods BUT we need to continuously
] Quick assessment and response of explore Wthh methOdS Work on Wh|Ch

emerging experience problems

Improving models is more than just finding the best method. Consider:

= What data are available and how can data be transformed to give insight?
=  What is the optimal model structure and target variable?

= How can information be transferred between models?
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Step out of your comfort zone... 73111

..in order to use your full potential
BERLIN 2018

Think about a unification of your pricing and Support in the underwriting process
reserVing data base in sufficient granUIarity = Use image recognition

* Enables use of Machine Learning techniques for = = 1dentify underwriting fraud
claims reserving using all risk information on a
granular basis

= Delivers relevant insight into claims triage
optimisation

® Prediction of the behaviour of client / agent /
underwriter

Improvement of claims handling
= Use image recognition

= Identify fraudulent claims
Digitization of all non-structured data . &; . he “right” clai |
available in your company Steer claims case to the “right” claims people
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Thank you very much for your attention! m =1
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Contact details:
Dr. Gero Nief3en

address: Habsburgerring 2

50674 Cologne, Germany
phone: +49 (0)221/8000-3269
mail: gero.niessen@willistowerswatson.com
web: www.willistowerswatson.com
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