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Big Data has transformed customer behavior... actuaries
will need to face the same transformation
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In the last decades, there has been a wide transformation of the
customer behavior, driven by: BERLIN 2018

Globalization

Easier and cheap technology access
Mobile diffusion

Cloud computing

VV VY

The actuaries have been forced to face the three major
disruptors of the last decades:

» BigData
» Digitalization
> Data Science




Introduction
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The statistical analyses will then converge into three components: m!
BERLIN 2018
REHaVIOR
The prof|taI3|I|ty parts Behavior, once more linked to Mood, custc?mers interact
remain the “bread and every day with external

conversion and retention challenges is
now incorporating other aspetcs that
customers are using like telematics and
wearable devices.

butter” for the actuarial
profession.

sources, leaving messages in
FaceBook, Linkedin, Twiter and
so much more...
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With the explosion of new digital data sources, the actuary/insurer can identify m
many aspects: BERLIN 2018
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http://newdigitalanalytics.blogspot.com/




It's estimated that

40 ZETTABYTES

of data will be created by
2020, an increase of 300
times from 2005

6 BILLION
D PEOPLE
have cell
phones

Most companies in the
U.S. have at least

100 TERABYTES

'WORLD POPULATION: 7 BILLION

The New York Stock Exchange 7 - TEEEE' E;gaaRv; close to
captures.

1 T8 OF TRADE m () et monic s v o
INFORMATION (R = tue level and tre pressure

during each trading session

of data stored

Velocity

ANALYSIS OF
STREAMING DATA

By 2016, it is projected
there will be

18.9 BILLION
NETWORK
CONNECTIONS

YYYYYVYYYyY
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‘Sources: McKinsey Global Institute, Twitte, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, GAS

2.5 QUINTILLION BYTES

of data are created each day

What is Big Data? Multiple V’s

As of 2011, the global size of
data in healthcare was
estimated to be

By 2014, it's anticipated
there will be
420 MILLIO}
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) are watched on
) YouTube each month

The

FOURV’s
of Big
Data

are shared on Facebook
every month

are sent per day by about 200
million monthly active users

Poor data quality costs the US
economy around

don't trust the information
they use to make decisions

Veracity

4.4 MILLION IT JOBS UNCERTAINTY
OF DATA
in one survey were unsure of

how much of their data was
inaccurate

http://www.ibmbigdatahub.com/infographic/four-vs-big-data
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What does data come from?

e Claims

Internal systems - Operational Systems

Underwriting
¢ Campaigns

* Bancassurance
Distribution Channels [itisiiaches

* Insurtechs, Plataformas Digitais
» Call Centers

* Census
* Credit and Claims Bureau

* Demographic segmentation

* Maps, building location, flood maps

External

* Web

e Celular Apps
* Social Media
* GPS, telematic and dolomatics devices
* Wearables

Post office

Affi nity Pa rtners : Supermarkets and other retail outlets

Debit/Credit card

_n'J
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What is Data Science -

THE DATA SCIENCE VENN DIAGRAM v ‘511'.

N
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Data science is an

interdisciplinary field that seeks E "

to extrac.t knowledge or insights Computer R )

from various forms of data. sl ST
Data

Data Science is the blend of three - Science

large domains : Deveopmert s

Domains/Business
Knowledge

e Math and Statistics
* Computer Science
* Business Knowledge

http://www.fox.temple.edu/institutes-and-centers/data-science/

=S


http://drewconway.com/zia/2013/3/26/the-data-science-venn-diagram

What is Data Science

THE CONWAY VENN DIAGRAM

Machine oo ,S}.

Substantive
Expertise

http://drewconway.com/zia/2013/3/26/the-data-science-venn-diagram

THE CAS DATA SCIENCE VENN DIAGRAM

Data & Advanced
Tech Skill Analytic
0 » Skills
Insurance
Knowledge

CAS Data and Technology Working Party report. CAS E Forum Fall, 2016
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The depth of domain knowledge and analytic rigor defines the difference between
dangerous, misleading hacking and true data science




Big Data and Data Science: An Actuarial Perspective
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Claims Underw.rl.tmg and P M.ark.etlnfg &
Pricing Distribution

* Fraud detection * Telematics * Pricing sensitivity * Agency score

* Case reserves *  Wearables * Upsell/Xsell * Competitor analysis

* Claims handling (drones) * Connected homes * Relevant products * Media effectiveness

* Loss adjustments * Pricing comparision * Personalised targeting * Sentiment analysis

websites * Customer satisfaction * Location-based targeting
* Granular pricing
* Pricing at real time
Potencial for behavioral Benefits for the Privacy and ethical
change Society considerations




Internet of things: Customer Value Concept
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They belong to the same risk profile: gender, address and social status.
Should they be rated with the same price in Motor Insurance?

Customer Value concept: actuarial function need to move from a “pool-
to-one” to a “one-to-one” concept: many additional variables need to be
embedded in the legacy systems.




Internet of things: Telematics in Motor Insurance
PAYD*PHYD

Lots of data and potential for development

Insurance Application .
PP of algorithms

*  Motor Telematic Data

* Speed

* Cornering
Braking and acceleration
*  GPS Information
Number of passengers
* etc

Ve
\-

G

G

v *  External Context

* Types of road
s *  Points of interest
0 *  Weather
o «  Traffic density
0 * Road repairs
et

* Lifestyle data
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!%1111

BERLIN 2018




Internet of things: Telematics in Motor Insurance

PAYD*»PHYD Ny
!%1111
Building a new telematics-based insurance product involves: BERLIN 2018

* The selection of the telematics device(s)
v" What device(s) are compatible with my policyholders’vehicles?

* The analytics for managing large amount of data
v" How will the insurer collect, aggregate, normalize and use the data for risk selection

and pricing?
v" What information and in what format, will be provided to policyholders to easily
monitor their driving behavior?

* The required integration with existing operating systems
v" What requirements will be necessary to integrate telematics into the insurer’s operations and

core systems?




Internet of Things: wearables in Life and Health Insuranc
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. . Future tech promises more useful AN Q-_I
Paralels with Motor Telematics - data m!*“ =1
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Many applications in insurance but uptake
largely limited to those self-selecting Steps
e Sleep
* Highly relevant contextual data and need e Heart hate
for new algorithms e Stress
* Heart Rate Variability
* Need for partners: . ECG
* Data management through data «  Temperature
* Do insurers want to provide the « Sleep Apnea detection
technology? *  Blood pressure

* Insurtechs as partners? v- Etc...




Concerns and Restrictions
» Privacy

v" What personal data might be used for and to
whom it may be passed onto?

v" This does not only refer to data directly
provided by the insured, it could include social
network footprint or tracked browsing history.

» Data security

v Cyber risk: unexpected and unpredictable

v Security and confidentially of consumer’s
information should be protected

. customers
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Concerns and Restrictions

» Data owner

v" Who owns the information: the insurer,
the consumer, the product manufacturer,
or a collection source?

» Data reliability and accuracy

v" Malfunctioning measurement devices

v’ Inaccurate data transmission

v" Misuse of a measuring device deliberately
or inadvertently

» Legal aspects
v Country legislation allows the use of Big
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Concerns and Restrictions o
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» Fair premium
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v' Is micro segmentation damaging or even
destroying the very principle of insurance pa— Java ma'ﬁ‘ﬁ.‘ne prgte,

a5 a pooling of risk? == EXPerience:

DUSITESS [Jbis - g wnodeing = staific 1005 =
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v Some people will face higher premiums o gemeis cjsxrgeln?pm"'}‘ca,:gffgmﬁ‘e‘j?,”"°"i;gmge o
due to factors outside of their control § :‘fﬁwm % large § nodels roblems [

lang)

v Should these individuals be protected by
insurance solutions or through other

mecanisms?

https://www.datascienceacademy.com.br




New Frontiers for the Actuary: Actuaries of the Fifth Kind?
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Kind deterministic methods BERLIN 2018

Actuaries of the Second  Early 20" century: General insurance,
Kind probabilistic methods
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Actuaries of the Third * 1980s: applying stochastic processes
Kind to assets and liabilities

Early 21st century: ERM

B

Big Data
Working
Party (*)

il

Actuaries of the Fifth Second decade of 21st century: Big Data/Data Science

Kind

(*) Singapore Actuarial Society Big Data Working Party




Insurance pricing: old vs new methodologies Py
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The Generalised Linear Models (GLMs), devised in the 70’s together with significant m!
advances in computer hardware caused a near revolution in personal lines pricing. BERLIN 2018

What is GLM: A Statistical procedure for measuring the effect of one or more independent
variables upon a dependent variable.

L Dependent variable for ratemaking are:
= frequency
= severity
= pure premium
O GLM allows extreme flexibility in model design:
= multiplicative, additive or mixed plans
= different error distributions (i.e. Normal, Gamma, etc.)
= variable interactions (i.e. sex & age)
O Explicitly produces relativity estimates




Insurance pricing: old vs new methodologies
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Machine learning is the modern science of fitting patterns and make -
predictions from data based on work on multivariate statistics, data mining, BERLIN 2018
pattern recognition, and advanced/predictive analytics.
. Forecasting
Categories: Operational
< Supervised: All data is labeled and the algorithms learn 3%/ g : Wowdlets,

« Simulated Annealing

to predict the output (Y) from the input data (X).
Examples:

Decision trees
Logistic regression
Ordinary Least Square Regression

. « Harmoni¢ Analysis
+ K-Means Clustering

+ Genetic Algorithms . r, Logistic Regression, GLMs
* Graph Theory

+ Link Analysis
+ Decision Trees
+ Random Forest
+ Support Vector Machines

+ Montg Carlo
Pringiple Components

+ Reliability/Survival Analysis

« Visualisation + ANOVA
H H 4 + MANOVA .
Boosting algorithm o  Comsiaton  Statistics
Data SO abs « Factor Analysis
Mining

Presented by Peter Banthorpe — Big Data: Big Oportunity or Big Risk for Actuaries? March 2016




Insurance pricing: old vs new methodologies
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» Unsupervised: All data is unlabeled and the algorithms learn to
inherent structure from the input data.

There are input data (X) and no corresponding output variables
Examples:

K-means for clustering problems
Apriori algorithm for association rule learning problems

** Semi supervised learning: falls between these two extremes —
there is some form of feedback available for each predictive step
or action, but not precise label or error message.

o0

% Reinforcement learning: refers to a kind of Machine Learning method in which
the agent receives a delayed reward in the next time step to evaluate its
previous action. It is mostly used in games (e.g. Atari, Mario)




Machine learning Algorithms vs GLM

_'J']
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Objective: to study the most popular Machine Learning algorithms in m!
predicting the Probability of Conversion or Conversion Rate. BERLIN 2018

» Linear models: GLM
» Decision Tree: CART
» Forests: Gradient Boosting Machine & Random Forest

= Data Set: random subset of all quotes made on the website by potential customers
during a given period
« Data training: is composed by 205.439 quotes requests and 1,33% is the percentage
of customers who in fact converted the quote into a policy.
« Data testing: is composed of 51.739 quote requests and 1,13% is the percentage of
customers who in fact converted the quote into a policy

4 — 8 June 2018, www.ica2018.o0rg



Machine Learning Algorithms -
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» C(Classification & Regression Tree (CART) m
BERLIN 2018

Y

Start with a “Target” and split population into 2 groups that are different to each other,
using simple rules - e.qg. typically higher/lower than a threshold

It is immune to outliers & handles missing values automatically
Generally finds the optimal split
Fast and easy to build
Simple to communicate to non technical audiences > P 4
Over-fitting risk @
Instability with respect to the data f“"“ﬁ

® =

VV V V VY

4 — 8 June 2018, www.ica2018.org



Machine Learning Algorithms o
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= Random Forest m!
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> Fit trees to random subsets of data, X

with random choices of explanatory variables /Z \
Use a linear combination of the trees’ predictions

More stable than Decision Tree alone N \ N \ >
Generally higher predictive accuracy 'R ; ; R\ R \

There is no need of formal distribution assumptions on y

Considered a black box approach \ V

YV V V V V

4 — 8 June 2018, www.ica2018.org



Machine Learning Algorithms
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Gradient Boosting Machine (GBM) m! 1
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Can achieve excellent accuracy with only modest memory once the model has been
trained

Runs quickly: running many small models/trees do not take much long run times than
one big model

Robust and combats overfitting N

Very difficult to interpret Aalsts
Final model may be very complex 33 )
SR, +.9.'-
g
‘.'..::'-"‘.‘:‘ +Q‘.’.I

\\.Mn + cee
‘.1"—\—

Algorithm Iterations
https://www.kdnuggets.com/wp-content/uploads/algorithm-iterations.jpg

4 — 8 June 2018, www.ica2018.org



Comparison: Machine Learning Algorithms vs GLM

= |ist of features which have been chosen (26 variables):

Fuel source

Number of years of possession
Number of non-insured years
Bonus-malus class

Number of payments

Housing density

Age of the client

Age of the driving license
Vebhicle age

Initial vehicle age

Guide style

X
o

Engine power

Maximum speed
Marital status
Number of claims
Unemployment rate
Car bodywork

Title study

Flag signing vs contractor
Area

Power to weight ratio
Region

Gender

Premium range

Profession

— AR

BERLIN 2018

™

4 — 8 June 2018, www.ica2018.org




Comparison: Machine Learning Algorithms vs GLM
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= Stepwise procedure:
BERLIN 2018
1. checking the correlation of the 26 variables and excluding those which result highly correlated,
2. fitting the GLM model using a forward stepwise regression, testing the selected variables and
eliminating whose which are not significant,

3. creating custom factors or variables for features with strong trends or similar level of conversion,
4, inspecting the time consistency of the estimated coefficients of the features,
5. checking p-values of the final modified features and verifying that the excluded parameters are well

explained by the model,

6. finally computing the strength of the predictors and selecting the 5-10 most informative ones. These
features represent the input for estimating the three tree based ML models.

4 — 8 June 2018, www.ica2018.org



Comparison: Machine Learning Algorithms vs GLM
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= The selection of the best method is based on three parameters: m!
precision, recall and accuracy. BERLIN 2018

Prediction outcome

p n total TP TP
Precision = ———, Recall = ————
True False rectsion TP n FP eca TP n F_.-'\-Y
p’ | Positive Negative| P’ Accuracy — TP+ TN
= (TP) (FN) Y T TP FP+ FN + TN
2=
0 ®
< @ False True
n’ | Positive || Negative| N’
(FP) (TN)
total P N

4 — 8 June 2018, www.ica2018.o0rg



Comparison: Machine Learning Algorithms vs GLM -
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(b) log Loss Frvor on test sct

4 — 8 June 2018, www.ica2018.org



Comparison: Machine Learning Algorithms vs GLM -
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4 — 8 June 2018, www.ica2018.org



Comparison: Machine Learning Algorithms vs GLM -
= Accuracy ;/':11-.
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(a) Accuracy on train set.
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(b) Accurmacy on test set.

4 — 8 June 2018, www.ica2018.org



Machine Learning Algorithms vs GLM e
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4 — 8 June 2018, www.ica2018.org



Machine Learning Algorithms vs GLM -
= Recall ;/.'!1'.
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(b) Recall on test set.

4 — 8 June 2018, www.ica2018.org



Machine Learning Algorithms vs GLM

= F Score
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Machine Learning Algorithms vs GLM -
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Machine Learning Algorithms vs GLM -
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= Conclusion m!
. . BERLIN 2018
« Boosted tree is the most precise model

« Random Forest has the highest value of recall

« GLM benchmark model performs as a trade off between the two models
— it is still model with the lowest log loss error on the test set

» CART behave poorly

Optimal maximum depth for the Random Forest and the Extended Boosted Tree:

Model Depth || Log Loss Error || Precision || Recall || I Score

GLM n.d. 0.0137 9.8% 28 8% 14.6%
Random Forest 8 0.0141 8.0% 41.5% 12.5%
Ertended Boosted Tree 4 0.0150 11.3% 24,3% 15.4%

4 — 8 June 2018, www.ica2018.org




Conclusion

_'Jn_

Vi L
> The world (and insurance) is going digital and what this means for m;_a] _

the actuaries is that there is an ability for segmentation in new ways. BERLIN 2018

> Big data opens many new possibilities for actuaries. Data Science and Actuarial

Science do mutually reinforce each other. More data allow for a richer basis for
actuarial mathematical analysis.

» For Big Data to be successful, understandable models with predictive power are
required for which the professional judgement of the actuary is essential.

» Actuaries need to actively consider how to expand their skills sets to continue to grow
and serve the public, employers and the profession.

» There is a bright future out there for actuaries, but you need to make it happen!




Thank you very much for your attention
— AN

Danke Schon! m-:-'!
' BERLIN 2018
Muito Obrigada!

Grazie Mille! I I

cristinamano@cmanoatuaria.com

elena.rasa@it.zurich.com

http://www.lebigdata.fr/data-science-definition
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