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THREE STORIES FROM OUR
EXPERIENCES OVER THE PAST
TWO YEARS.

1. CURATING EXTERNAL DATA TO BETTER
UNDERSTAND CUSTOMERS

2. BRINGING STATISTICAL MODELING INTO THE
BOARDROOM

3. APPLYING MORE EXOTIC MACHINE LEARNING TO THE
BUSINESS



APPLIED Al'lS A DATA SCIENCE
CONSULTANCY

WE HELP LEADING INSURERS CREATE A COMPETITIVE
ADVANTAGE THROUGH APPLIED ARTIFICIAL
INTELLIGENCE



WHO ARE WE?

A SMALL BUT EXPERIENCED TEAM WITH EXPERTISE IN

STATISTICS, MACHINE LEARNING, ACTUARIAL SCIENCE,

SOFTWARE DEVELOPMENT, FINANCIAL SYSTEMS AND
CONSULTANCY.



Michael Crawford

Actuarial Science | Financial Systems | Software




Jonathan Sedar

Machine Learning | Physical Sciences| ¥

L

Consulting M



A Team of Expert Practitioners

Quantitative Finance | Statistics | Software Development |
Insurance
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AND THOUGHT‘:I'HAT MACHINE LEARNING &
INSURANCE WERE A NATURAL FIT

- LETS ASK INSURANCE COMPANIES
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SO WHAT HAPPENED
NEXT?




PART ONE

CURATING EXTERNAL DATA TO BETTER
UNDERSTAND CUSTOMERS

OR WHAT HAPPENED WHEN WE CUT EXPERIAN OUT
\ OF THE LOOP

CLUSTERING
INTROSPECTION
VISUALISATION

o




BACKGROUND

WE WORK MAINLY WITH INSURANCE COMPANIES
THEY DON'T HAVE A REPUTATION FOR BEING EXCITING
BUT FROM A DATA SCIENCE POINT OF VIEW...






By Michael Palir
and Terry Jones
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WHEN AN INSURANCE COMPANY SETS A POLICY UP:

e IT PAYS A COMMISSION TO THE BROKER WHO SOLD
MFEPOEE

e IT MAY HAVE TO SEND YOU FOR A MEDICAL - AND
PAY

e |IT INCURS ADMINISTRATION & REGULATORY
EXPENSES

IT'S 2 YEARS BEFORE THE INSURER IS IN THE BLACK
SO THEY REALLY WANT YOU TO STICK AROUND



THE THING IS

PEOPLE DON'T WANT TO STICK AROUND!
e IN THE RECESSION THEY WERE DROPPING LIKE FLIES
e WE WERE ASKED IF WE COULD FIGURE OUT WHY
e AND TRY FIND WAYS TO REDUCE IT
= We used survival analysis (of which more later)

= After a few weeks we had a good model

ALONG THE WAY WE NOTICED SOMETHING



i 5, el F o S Jr

ni.THEMITIW e
 WASSKY-HIGHIN -

%o . NEWESTATES




-OGRAPHIC
"FFECTS







HOW CAN WE USE THESE
EFFECTS?

e TO ENCOURAGE CUSTOMERS TO STAY
e TO HELP PRICE RISK
e IDENTIFY NEW MARKETS

WE CALLED EXPERIAN...



IT WAS A SHORT CONVERSATION

I'D LIKE SOCIOECONOMIC INFORMATION FOR 250K
ADDRESSES

HOW MUCH!?




CHEAPER & BETTE
OURSELVES




GEOCODING

FIRST LET'S GEOCODE OUR ADDRESSES
WE HAD TWO CHOICES:
e USE GOOGLE - WHICH YOU PAY FOR
e USE NOMINATIM - FOSS 7/ ROLL YOUR OWN
WE TRIED BOTH:
e FOR IRELAND, GOOGLE IS BETTER
 MAINLY BECAUSE ..
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lig fion Social class" ‘ ‘
Religi€ N | cation.’ I

11 | Commuting
12 | Health
13 l Occupation

Industries







SMALL AREA MAPS

THE SMALLEST OUTPUT AREA FOR CENSUS DATA
e ~20,000 SMALL AREAS COVERING IRELAND
e EACH COVERS APPROX. 200 PEOPLE
o EACH CENSUS FEATURE AVAILABLE AT THIS LEVEL

THIS IS THE POWER WE WERE
LOOKING FOR!
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NOT A TRIVIAL TASK

IT'S HARD TO MAKE SENSE OF THIS MUCH DATA:
e THERE ARE 18,488 SMALL AREA MAPS
e EACH SMALL AREA MAP IS REPRESENTED BY A ROW

« EACH ROW HAS 767 ENTRIES ONE FOR EACH
FEATURE
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WITH 18,488 ROWS & 767 COLUMNS



LINEAR ALGEBRA
TO THE RESCUE




SULAR VALUE
DECOMPOSITION

ES THE SIZE OF THE PROBLEM BY DES

. DATA IN A NEW SET OF AXES
FEATURES OFTEN PARTIALLY COR
IF YOU KNOW ONE COLUMN




SVD LETS US SHRINK DOWN TO
100 COLUMNS

« AND RETAIN 80% OF THE FULL INFORMATION
e THISIS STILL PRETTY HARD TO VISUALISE
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HUMAN INTERPRETATION IS
OFTEN VITAL

WE WANT TO SEE STRUCTURE IN THE DATA, BUT
VIEWING 100 DIMS IS STILL TRICKY

e USE UNSUPERVISED LEARNING

e T-DISTRIBUTED STOCHASTIC NEIGHBOR EMBEDDING
(T-SNE)

e CREATE A 2D REPRESENTATION OF ND SPACE



OVERLAY KNOWN CLASSES

e Instantly see
grouping in the
regions

e The tSNE was
fitted using full
census data, but
not the region id

e Yet we see the
regions have
similarity
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AGGLOMERATIVE HIERARCHICAL
CLUSTERING

e Group nearby
datapoints into
progressively
larger clusters

e Get anested
hierarchy of
clusters

e Choose your
level




INTERESTING STRUCTURE!

e Clustering was
entirely
unsupervised

e i.e.determined
only by the data
itself

* Now we need to
understand what
the clusters mean




FIRST TRICK: M
sl



















INTERPRETING THE CLUSTERS

e Custom
m visualisation of
- e i raw feature
7 T 1 : proportions per
L A cluster
- ' e Requires lots of
careful evaluation
¢ Incorporate
expert opinion

I

LI




RESULT

VALUABLE GEO-

SOCIOECONOMIC
INDICATORS FOR USE
IN OTHER PROJECTS
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MODELLING +

THE ABILITY TO INSE /A'i' THE MODEL FUNCTION




"WHAT'S OUR CHURN RATE?"

SEVERAL DIFFERENT WAYS TO MEASURE CHURN
PARTICULARLY IMPORTANT IN LIFE INSURANCE




EUREKA LIFE INSURANCE COMPANY of Baltimere, Md.

INFANTILE BONUS ADDITIONAL POLICY
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SURVIVAL ANALYSIS

A WELL-STUDIED PART OF MEDICAL STATISTICS
BUT NOT USUALLY DISCUSSED IN MACHINE LEARNING
SEEMS TO HAVE BEEN OVERLOOKED




THE BASIC IDEA:

o Take a cohort at
some start date

e Count the prop.
remaining at
subsequent dates

e Simply draw or fit
the line

Time until first lapse for protection policies

.-~~~ Estimated survival function S(t)




SIMPLEST VERSION: KAPLAN-

e Simple count-
based
description of
events

e Draw theline
per group

e Prediction not
possible




A MODEL-BASED VERSION: COX
PROPORTIONAL HAZARDS

e Fit semi-
parametric linear
model

e Learn effect of
feature values

e Make predictions
on new data




RVIVAL RATE?




INCREASE THE COMPLEXITY TO
BETTER FIT THE REAL-WORLD

e Survival
Regression

o Allow hazards to
vary with time:
Aalen Additive

e Bayesian
approach:
Gaussian
Processes




-
THE BEST MODELS®

PRESERVE (@ @ @
UNCERTAINT
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A NATURAL ALTERNATIVE TO TRADITIONAL
(FREQUENTIST) STATISTICS

BAYESIAN VERSUS FREQUENTIST

e e WELL Ok THEN
STRL HAVE THIS IS THAT i o> eI
“DEBATE" EACH YEAR. ? &”ﬂfﬁs’élﬂw

D e
HEADS!
1| KNOW
ITS A BIT PASSE YeE v i

i LA CONSTRUCTION:
WANT TO TOSS TRICK BAYES WINS AGAN!
FOR IT?

BAYESIAN

REVBAYES #005

MADE POSSIBLE THROUGH COMPUTATIONAL POWER




FAR TOO MUCH DETAIL FOR HERE




FAR TOO MUCH DETAIL FOR HERE

uniform

(§]
student t

v,

model of dependencies for robust linear

wression. The datum, y; at
the bottom of the diz

ram, is distributed around the central tendency s, which is a

linear function of x;. Compare with Figure 16.11 on p. 437. Copyright © Kruschke,
1. K. (2014). Doing Bavesian Data Analysis: A Tutorial with R, JAGS, and St
Edition. Academic Press / Elsevier.




FAR TOO MUCH DETAIL FOR HERE




FAR TOO MUCH DETAIL FOR HERE

Weibull Growth Curve with Random Effect

observation o—e—9©
mean prediction
90% pred. cred. interval

1991 1992 1993 1994 1995

p—
50 100 0 50 100 0 50 100 O 50 100 O 50 100
dev




BIGGEST WIN: MODEL
INTROSPECTION

Design structure of
model to reflect real
processes &
relationships

Inform the model
using prior
knowledge

Use qualified results
and predictions
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STATE OF THE ART ACADEMIC
TOOLS & TECHNIQUES OPEN TO

ALL

e Basic non-sampling

frameworks: scikit-
learn, arm, nlme etc

e Advanced model

HENECLSERE
samplers: STAN,
PyMC3, emcee

e Probabilistic graphical

models: gRain, pgmpy







",; A
ING US TO CREATE
ODELS THAT:

"REAL-WORLD PROCESSES
AINTY IN PREDICTION

) OBSCURE DATASETS
- WITH MORE DATA
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' 4 " BUT REMEMBER

IT'S ONLY A MODEL
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"OUR COMPANY HAS BEEN USING
DATA FOR YEARS'

SQE&SPREADSHEETS
BIBASHBOARDS
EXRERTFARUHEBASED-SYSTHEMS
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NLP UPON UNCONVENTIONAL
DATA SOURCES

Succession Plan

All Enron Worldwide

t: Succession Plan

kenneth.lay@enron.com Sig None

It is my great pleasure to announce that the Board has accepted my recommendation to appoint Jeff Skilling as chief executive
officer, effective at the time of their next board meeting on February 12, 2001. Jeff will also retain his duties as president and chief

operating officer. | will continue as chairman of the Board and will remain at Enron, working with Jeff on the strategic direction of
the company and our day-to-day global operations.

Jeff will assume the role at a time when the company is hitting on all cylinders and is positioned for phenomenal growth. He is
clearly ready for the job, and after 15 years as CEO of this great company, I'm ready for a somewhat different role.

Our succession plan has been clear for some time. This has afforded Jeff and me the freedom to combine our strengths toward
building a company that continues to exceed everyone's expectations, including our own. We look forward to furthering that
relationship as Jeff expands his role.

There are no plans for any other changes in our management team nor broad shifts in strategy and direction.

Please join me in congratulating Jeff. | look forward to a great 2001.




AFTER CAREFUL CLEANING AND
PREPROCESSING

%/

.. Office Memr-vandum - vsitep ¢ ATES GOVERNMENT

Yr. Fle ‘:\ez{.[.l‘{.g‘?/

DATE: July 1, 1949

vy o G

FROM : V. P. Kca}i
SUBJECT:
Willian L na, who was formerly Chief of Personnel Security,

jAtor:ic Energy Commission, but vwho is presently connected with the U, S.
Engineers in Ka s City, called me fren on June 30, 1949,
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I told Vamma we would do the best we could but, of

course, we could
net promise any special time on these investigations.

~EIDATTON:

2 2. LONS ||

-,
It is suggested this memorandum be referred to ¥r. CBfian in
Division Six in order that special attention can be riven to theds recuests
when they arrive,




MODEL THE TOPICS OF
CONVERSATION WITHIN A
CORPUS

e Topic modelling (Latent
Dirichlet Allocation)

e Cluster words into
topics by their co-
occurence

e Gainanew way to
define the contents of
documents

contri

|| ’ |||| "
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USE TOPICS AS AMETHOD TO
INTROSPECT THE HEARTBEAT OF
COMMUNICATIONS

» View trends of topics
by time

e Correlate topics to
internal / external
events

e Use topics in other
models e.g. predict
customer satisfaction
& longevity according
to topics




/E USE SOCIAL
NISATIONAL . *

TR c':'TUREA’tOO?




USE THE FROM: AND TO: TO
CREATE A NETWORK / GRAPH

* Nodes are email
accounts / people

e Edges are the
communications
between them

e Overall counts /
frequency / time of day /
season




ATTACH THOSE TOPICS FROM
BEFORE TO GAIN A RICH PICTURE
OF COMMUNICATIONS

e Non-invasive
introspection of the
state of the
organisation

¢ Relevant to networks
of brokers,
employees,
customers, reinsurers
etc.







OUTLIER / FRAUD DETECTION

e Describingdataina
vector space and
assigning outlier flags to
unusual points

e (orusegraphs/trees)

e Triage these firstin
fraud or operations
investigations




SUPERVISED CLASSIFICATION

e Good old-fashioned
prediction

e Product-market fit

e Operational
improvements

e Meeting compliance
(] (o




INTERACTIVE DASHBOARDING

e —— o Surface descriptive &

predictive insights to
the business to enable
better decision making

e Lightweight Javascript
frameworks are
powerful and easy to
use
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IN SUMMARY

DATA SCIENCE IS APPLICABLE
THROUGHOUT THE INSURANCE BUSINESS

WE ARE PROVING THIS EVERY DAY THROUGH OUR
PROJECTS



1. CURATING EXTERNAL DATA TO
BETTER UNDERSTAND
CUSTOMERS

2. BRINGING STATISTICAL
MODELING INTO THE
BOARPDROOM

3. APPLYING MORE EXOTIC
MACHINE LEARNING ACROSS
THE BUSINESS
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Fig. 319, — Batteuse Damey & manége direct placé sous la balteuse.
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Fig. 319, — Batteuse Damey & manége direct placé sous la balteuse.






