¥

Institute

e
5

iﬁ@u\ and Faculty
25 | of Actuaries

More than Just a Big Idea: How big data
and deep learning is helping Japanese
insurers to protect homeowners from Nat
Cat risk?
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Data: The Raw Ingredient of Decision Making
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How Does More Data Impact Risk and Insurance?

understanding
creates
opportunities
for insurance
markets

» Ignorance and

Partial knowledge,
uncertainty, risk,
insurance

certain
knowledge
generally rule out
insurance
o
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... What’s The Impact of More Observations?

More observations
can create markets

Risk measured by

risk owners Insurance gain

Measurement begets from decreased

management ignorance

Risk more

quantifiable for

insurers

More data is a good thing:
Emerging Risks
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Empower Results® .‘\\,5, (a;?i(}::taucaur‘iteys
12 May 2017 5

... What’s The Impact of More Parameters?

More parameters
may destroy
markets in the long
run

More granular
underwriting

Less risk sharing

Affordability and
availability issues

More data is a bad thing:

Existing Risks
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How Does More Data Impact Risk and Insurance?

- Different data
models apply in
different markets

+ Net growth impact
on insurance risk
indeterminate

More datais :
Disruption
?F}? itu
AON i 5
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Machine Learning (ML) and Deep Learning (DL)

Machine learning is a method of
extracting a certain principle —{ Regression Analysis |
(automatically) from a bunch of data

Logistic Analysis
‘ Al F—{ Machine Learning Supervised learning F

—{ Support Vector Machine |

Unsupervised learning
Deep Learning
Deep learning is a new
Expert System type of machine learning

A.l. means human-like K-means Clustering |
intelligence exhibited by
i X
machines Y50k | nsttute
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An Example of the Network of Deep Learning (DL)
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[ Output: DL can

) classify the input
Recognize the local feature Recognize the overall image as a class with
(edge/slope) of the image feature of the image a probability.
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The filter 1 highlights the vertical line

Input image

Digital image consists of pixels Filter 2
A pixel in gray scale shows the value between 0 and 255.
A convolutional layer is a process of extracting image-features by a filter.

DL is able to learn the appropriate pattern of the filter automatically.
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fixed-size image.
9 THE MNIST DATABASE of handwritten digits

http://yann.lecun.com/exdb/mnist/

SVM was a traditional best method before deep learning appeared.

Support Vector Machine (SVM) 89%
Convolutional Neural Network (Deep Learning) 98%
A Institute
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2011 Tohoku-Oki earthquake

Japan and Its Natural Catastrophes

1959 Vera typhoon

Source: Encyclopaedia Britannica
2015 Joso Flooding

2004 Songa typhoon
-

Source: Aon Benfield

3 2014 Severe winter weather
Source: The BBC
2016 Kumoto earthquake
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Source: The Atlantic % ‘;
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The Challenge ...

... is to improve our
understanding of

natural catastrophe
risk to the highest

Deep
Learning

resolution
possible O r
New
products
and ideas
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The Challenge with Typhoon Modelling

Source: The Asahi Shimbun Compan

It is well known that a building roof is very
vulnerable to strong wind caused by a
typhoon.

« If the information on roof shape/condition is
obtained, it is possible to estimate a
typhoon risk more accurately.

+ However, as roof-related information is
typically not collected during insurance
contract making, the development of
database has been a longstanding
problem.

Reference:
Takeshi Okazaki, “Application of Typhoon Model in the Non-Life Insurance
Industry”, Wind Engineers, JAWE, 2016, Vol. 41, No. 2, pp. 152-160

https://www.jstage.jst.go.jp/article/jawe/41/2/41_152/_article/-char/ja/ Am
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Roof Shape Classification in Japan

The roof shape in Japan can be mainly classified into the following five types.

VOV

gambrel roof gable roof hipped roof square roof flat roof
ABRER DERR FHRER HRER fEEIR

Vulnerability to strong wind
+ —I\ -
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gambrel roof A EEH I
flat oof EE AR

square roof # BB
hipped roof FHER

gable roof IEEHR
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Figure 2: The overall structure of Network In Network. In this paper the NINs include the stacking

of three mlpeony layers and one global average pooling layer. Reference: “Network in Network”, M Lin, Q
Chen, S Yan, International Conference on
Learning Representations

1.0
0.9
0.8
0.7
0.6
05
0.4
0.3
0.2
0.1
0.0

—train dataset

test dataset

Error rate

The error rate is 6% (The accuracy rate is 94%)
?verfitting

Lass o B
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To rotate the
image by 90
degrees

To extract the area
that contains only
a building
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Classify Roof Shape: Roof Condition

If a roof is not deteriorated, the peak If a roof is deteriorated, the peak value of
value of the grey histogram tends to be the grey histogram tends to be
high/sharp. low/smooth.
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Probability (= count for each value / total count)
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Classify Roof Shape: Roof Condition (2)

If the roof isnot —> 1

deteriorated, the
value assigned is 1.

Deteriorated roof

T T
o] ] L

0.8

07 \
® 0.6
=2
g 0.5 \ o )

0.4 Logistic regression .

03 1 Not deteriorated roof
o y=——

o | 1+ exp(—(ax + b))

| | | Lig
5.0% 10.0% 15.0% 20.0%

0.0%
fthe roofis —

deteriorated, the
value assigned is 0.

The maximum value of image histogram

Classifier Accuracy rate
The maximum value of image histogram in gray scale 80 - 85%
&
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Summary Process of Roof Classification

Input image
building by building

Classify the roof - Classify the
condition by the — <— roof shape —
maximum value of N using DL
. ; il
image histogram ol
in grey scale
' *Achieved a building coverage ratio of < 65 unique
GPU 100% for the whole Japan buildi
processing — - miion  PUIIAINGS
~4_ - The building database also includes
. the building area and the coordinates. X
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Typhoon Claim Loss Estimation

+ After a typhoon passes through Japan, observed wind speed from JMA are
available (1300 stations country wide). With this data we can estimate the
number of claims by combining the building database with the wind speeds.

Using the building
database, we can evaluate
the prospective damaged
buildings individually.

Vulnerability functions

Estimation Results

- Total number of claims
- Location of damaged
buildings
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Updating of Damage Curves

Individual buildings reported Vulnerability = Chance of Loss + Damage Ratio

claims for Typhoon 15 (95K) ——Building Wood updated
~Building RBM updated
—Building Steel updated
= Building Unknown updated
== Building RC updated

Chance of Loss

o

20 30 40 50 60
Peak Gust wind speed (m/s)

« The existing available damage curves were created based on aggregated
data (postcode) from 1998 to 2006

« With the DL technique we can study individual buildings and their roof
damage to create more accurate vulnerability models based on their
Chance of Loss (Col)

« Col is the probability of a property being affected by a typhoon or not
Chance of loss is an integral part of damage curves ;
grap 9 AON ) K1 ‘.\
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Results

+ Results using the typhoon damage prediction system were compared to actual
payments (as of July 2015).

+ Benchmarking was performed for three different typhoons in 2015 and we are
now working on 2016 data

+ The improvement on damage prediction is substantial for medium to large
storms

Typhoon 11  Typhoon 15 Typhoon 18

10% 4,482 97,484 1,190

0%
on 15 Typhoon 18

-10%
= Traditional

-20% mDeep Learning

-30%
.

Ratio between Actual to Predicted losses

-40% X
&
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Japan’s Standard Fire Insurance

3,
The tariff is classified by construction * /
class (fire resistance) and prefecture i

A breakdown of pure
premiums for residential
insurance

Water

leakage

, theft,
etc.

Fire

Several typhoons often
make landfall in the
Kyusyu region every

yea
Flood )
Wind
Pref. in red: high rate z’%‘; )
Pref. in Yellow: low rate Aw é‘ % S E
) Empowerkesuls® < | Of Actuaries
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The Concept of Building-level Insurance Rate

Grade A-1
Grade A-2
Grade A-3
Grade A-4
Grade A-5
Grade B-1
Grade B-2

arel ybiH

Grade F-4
Grade F-5

« Each building can be classified by a combination of:
1. Construction characteristics (materials, height, roof type, year built ...)
2. Geophysical characteristics (location, elevation, gradient ...)
3. Risk characteristics (flood, earthquake, storm surge ...) g%g
qon’ é!/
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Potential Impact of Building-level Insurance Rate

Decrease
in the total
premium
income

Land-use
regulation
effect

Differentiation
in overseas
expansion

Increase
profitability

Improve risk
mitigation
strategies

Cat risk
reduction

Building Exposure

Gl ]

Use catastrophe
models to analyse risk

Database

Use surveys to

confirmed how
s e row e
rating impact risk pure premiu
and insurance
products.

| Proftabiity | | Risk Mitigation |

| Premiums | | Land use |

{ Underwriting | | |
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What Could Fire Insurance Cover in the Future?

The function of fire insurance is to financially safeguard victims from damaging events
but could this change in the future as more disruption arises?

With wearable device, individual’s
health condition can be
constantly monitored

Imagery, robotics and smart

devices can regularly Climat
imate

1) SR ler=10=0 PR =A monitor and survey
c properties Change
o
2
S Loan Eg:]?gfggggcumes Protection &
] Using SN, the interest business protection Finance
= rate varies in accordance .
| with the individual credit risk development projects
Past Present Future
'Using aerial imageries and risk Building level rating could be
) modelling the fire insurance premiums E{e]ol=1i) Urban introduced in collaboration
g would vary depending on the building ERTIENTET[-) WEGTe with local governments for risk
= characteristics and degree of risk mitigation related purposes.
=
8 With wearable device and 10T, the Life 7;?‘5
medical insurance premium would SIS e=) Am ) Institute
vary depending on the individual %&. and Faculty
health condition. Empowerhesultst ¢4 | Of Actuaries
12 May 2017 32
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Summary

The combination of Big Data and Machine learning (DL) is one of
the key innovation areas across the insurance sector

Aon Benfield has used deep learning to identify roof

S characteristics across Japan and developed a building

Sl evel exposure database including 65 million properties.

We believe disaster risks would be reduced by
introducing a similar concept to the building-level rating in
collaboration with local governments.

AoN i\

A
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The database can support the development of multiple
insurance and non-insurance products

Institute
and Faculty
of Actuaries

12 May 2017 34

17

Aon Ex. 2009, Page 17



Special thanks to Takeshi
Okazaki who has been
developing Aon Benfield’s Deep
Learning Database

The views expressed in this presentation are those of invited contributors and not necessarily those of the IFoA. The IFoA do not
endorse any of the views stated, nor any claims or representations made in this [publication/presentation] and accept no
responsibility or liability to any person for loss or damage suffered as a consequence of their placing reliance upon any view, claim
or representation made in this presentation.

The information and expressions of opinion contained in this publication are not intended to be a comprehensive study, nor to
provide actuarial advice or advice of any nature and should not be treated as a substitute for specific advice concerning individual
situations. On no account may any part of this presentation be reproduced without the written permission of Aon Benfield.
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