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Introduction

About the team member - we are colleagues!

Suguru Fujita, FIAJ, ASA, CERA

» Actuary

« Life (3yr) -> Non-Life (1.5yr) -> Reinsurance (4yr)
- M.S./B.E. - Applied Mathematics

Sara Sakimura

« Actuary

« Accounting (1yr) -> Reinsurance (3yr) Guy Carpenter Japan, Inc.
- BSc. — Applied Statistics = Reinsurance Broking

= Reinsurance Pricing

Kotaro Kuge . .
= Natural Catastrophe Risk Analysis

« (Catastrophe Risk Engineer

« Non-Life (7yr) -> Reinsurance (4.5yr) 2 GuyCarpenter
« ME - Structural Reliability Engineering

We always welcome new challenges to apply ML methodologies into our tasks!!!

@ GuyCarpenter
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First...Poll Time!



What We’'re Here to Talk About

1. Overview of the competition (10mins)

2. Our submitted model & Final results (15mins)

3. Our findings (5mins)

Alcrowd #  Insurance Pricing Game - Motor Insurance market simulation

LRI R RS Y (LI TN RERE TP L RN ( #supervised_learning ) ( #educational ) ( #insurance

Alcrowd

Prizeg
Motor insurance market simulation $12,000
(Usp)

Pag —— A v 1 iR
lrgmcetere BTN e @ sy HRen . UQAM

https://www.aicrowd.com/challenges/insurance-pricing-game
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Overview of
the Competition
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Competition Overview

Organizers

Participants

Sponsors

Timeline: Mid-Dec. 2020 - Mid-Mar. 2021
About 11 weeks

@ GuyCarpenter



Competition Rules and Challenges

RULES:

We act as a motor
insurance company, where

@ we build a pricing model
and compete against other
players for profit

¢ In this simulated market, customer always buys
the cheapest insurance

e For policies you sell, you will earn premiums
and you are also responsible for any claims that
occur

@ GuyCarpenter

>

EVALUATION METRICS:

@ Prediction Accuracy

e RMSE (Root Mean Squared Error) for claims

e Instant feedback

Profit Leaderboard

e Final Ranking is based on the profit

e Weekly feedback



Competition Rules and Challenges

Cheapest-wins-market Example

Claim amount

Company 1 | Company 2 l
Policy 1 120 90 100
Policy 2 30 25 10
Policy 3 10 15 0
Policy 4 5 10 0
Total revenue 15 115
L 3
' ' 0 110 «——Total loss
. Mast profit =~
Total profit ——— *1s 2
Most Accurate
Prediction Accuracy e
Measurement 15.2 12.7

(Lower the better)

@ GuyCarpenter

e Having the most accurate prediction
DOES NOT mean it can generate the
most profit

e Ideally, we want to price as close to
the actual claim amount as possible,
but slightly above



Data and Feedback

Training Data: table format / 60k records

Q Policy Info

« Coverage
* Type
« Payment Frequency

Q Driver Info Claim heatmap (columns sum to one) >0
° -0.1
Age often  3.71% 2.28% 1.36% 7.14%

° SeX —-125k-100k —75k —-50k -25k 0 25k 50k
Profits

Profit Vs Market share

0.5

0.4

0.3

0.2

0.1

Market Share {of 11)

« Driving History Indicator

&) Vehicle Info
« Value

« Weight

« Max Speed

Sample Profitable Market
sample Average Market
@ Sample Losing Market

sometimes 7.48%

rarely 9.50% 5.50% 2.72%

Claims made by policies won

Location Info never 64.00%  78.47%  88.44%  50.00%

« Population
N (0,5K] (5K, 10K] 10K+
« Town Surface Area one Claim value

@ GuyCarpenter 9



Leaderboard

Discussion

-=55 to the test data?
«By simon_coulombe 19 days ago

Uncertainty quantification type models
By mikeoma 21 days ago

Ideas for an eventual next edition
By simon_coulombe 21 days ago

1 Townhall Recording
¥ By aalok_devkota 20 days ago

24 Sharing of industrial practice
¥ By davidlkl 28 days ago

21 Announcing a bonus round while
Qy alfarzan About 1 month ago ~

and Discussion Board

accounts

3o [Final Ween._ timeline,
* By alfarzan ADOU™ e,

40 You are probably wondering how much profit loading to select?
¥ By michael_bordeleau About 1 month ago

2 Time of town hall
¥ By jocelyn 24 days ago

105 It's (almost) over! sharing approaches
* By simon_coulombe About 1 month ago

4 Athought for people with frequency-severity models
¥ By simon_coulombe 26 days ago

28 Legal [ ethical aspects and other obligation
¥ By moto 27 days ago

13 Who else got a call from Ali?
* By simon_coulombe 28 days ago

1o "Asymmetric” loss function?
¥ By simon_coulombe About 1 month ago

@ GuyCarpenter
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Leaderboard

Profit
Avergage Profit  Market Share

A # Participants Py on

o1 @ jocelyn
02 © solve_fx H
03 @ edwin_graham

... . 90108.871 o19¢

185919.311 0.161

05 @ moto Yes iFeb 2021 20:06

06 @ tom_snowidon Yes 9932.500 ‘0094 1 Sun, 28 Feb202104:38

07 @ Calico Yes 9816.430 0.015 1 Sun, 28 Feb 2021 03:22
g

RMSE Entries
Accuracy
A # Participants
& Insclvent 499'168 542
(]
g NetSim
02
499.431 234

a2 WorldExpe
"
04 ©sclvejx

05 michael borde...

i MCAF-VLC

" «99.5051
o7 @locewn 499.544 El

499.442 / 319

"4

Submission Trend

| b

Submission Trend

M
T

T
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62 Mar 2021 21:29 be\mm
Sat, 16 Jan 2021 12:22 L
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Townhall and Final Results

(=

3 YouTube e .

. -

team Worldexperts... e AliFarzanehfar

| | 49 3:38 / 2:14:41

https://www.youtube.com/watch?v=GkU2IgZulgA

@ GuyCarpenter 11
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Our Submitted Model
& Final Results
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Roadmap

Start

@ GuyCarpenter

Pricing Logic Goal

Large loss modeling is

done separately from

attritional loss modeling Avoiding Large Claims

Better to target no claim
policies - Learned from Weekly
feedback

/,a ﬁw[ Entries

Vs Claim heatmap (columns sum to one) it
- e
/ often AGE e e £/8038.250 0.119 1 Sun, 24
/ o1 @J»‘\ g
. s L
E
& 02
T sometimes 15.11% 4.55% 0.00%
s 25550.500 0.085 1 Sun, 24,
> o3 ]
2 [x A
:
£ rarely | 16.26% = 11.58% 4.55% 33.33% 0a
”
£ \
3 . 2026.160 0.084
/ never 44.19%  59.28%  81.82%  66.67% \
/ oa (@) umrronen i

7 None (0, 5K] (5K, 10K] 10K+ N\

- = - Low RM SE Claim value o7 I@ Calica Yes 9816.430, 0.051

G O O d ACC u ra Cy = G O O d 08 @ techagi o Yes 9296.400 0134 1 Sal, 27 Feb 2021 0118 ‘P‘ f‘lﬂ."m." NIWH l‘ )
P rofit Le a d e rb O a rd 03 @ andrew_muth Yes 7016.410 0.017 1 Sun, 14 Feb 2021 13:42 h‘ —
O u tco m e ? 10 @ michael_mayer Yes 6892.240 0.042 1 Thu, 25 Feb 2021 18:47 I\ A I‘""I || I 1 .luﬁl.ﬁ
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Model Pipeline

Training
Data

Random
—> ) I

Non-zero Claim

Risk Classification Model

Attritional Loss Model

Stepwise +
GLM
Pure
Premium
Stacking GLM
Large Loss Model
Random Stepwise
Forest GLM 1
Stack on

explanatory variable Gross

» — Premium

Stack on

offset

O > SUBMIT!!

@3 GuyCarpenter



Training Risk Classification Model

Random

= S B —— ——
Ensemble Approach (Stacking)
Stepwise +
: I — — i
Using Random Forest’s prediction value as a feature/offset term [ stackiog Lt e o N =0
RF : : ewhry vkt Sh:;’mis G!ss
== °
Stacking GLM
with RF Large Loss Model . J
Random Stepwise
Forest GLM
i Stack on Pure
T A
Draatlala1 » Ex\',);?i:,?,ﬁzry Premium
Stack on

Offset

o >

Random Forest can capture large losses & Relatively easy hyper-parameter tuning!

@ GuyCarpenter 15



Loss Element Decomposition

Split train data into “Attritional” and “Large” losses and

build separate claim models o
Attritional Loss Model

Stepwise
GLM
Claim Amount - Gaussian
<= threshold
- BIC e BIC
Train
Data

Large Loss Model
Stacking GLM

-

with RF
Claim Amount
> threshold « AIC
« Gamma
- AIC

Training

Risk Classification Model

Data
L Random
— —) e
Non-zero Claim
Attritional Loss Model
Stepwise +
GLM
== Pure
PPPPPP m
Stacking GLM —
f Large Loss Model
Random Stepwise
re: GLM l
Stack on
explanatory variable | e @ @ Gross
» —— el Premi m
offset
» e N susMme

Capturing different characteristics of Attritional (Light Tail) and Large (Heavy Tail) losses

by separating the two!

@ GuyCarpenter
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Pricing Model for Profit Leaderboard == 4[ =

Attritional Loss Model

Stepwis +
Accurate model does not always win in the profit leaderboard ul s
- Do NOT accept policies that potentially cause losses T =
- On the other hand, underwrite good risks actively which lead to profits T W N ‘
: Pure Gross
Train Random . B
Premium Premium
Data Forest
) I ) Infinity = 6 — @
Zero
SUBMIT!
Non-zero
Claim

Using Random Forest Flag to select low risk policies to win in the profit leaderboard

@ GuyCarpenter 17



Result

@ OUR ACHIEVEMENT

3N

10th Place

In the Final Profit Leaderboard

Top Models

selected by the organizer

e Invited to present our model along
with top 4 participants at the townhall

@ GuyCarpenter
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Our Findings
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Summary

We used the combination of GLM and Random Forest, “"Stacking GLM”, for our model

— More likely to be accepted in the insurance industry due to

a high degree of interpretability & accountability

Through Our First Machine Learning Competition...

Firsthand experience of the strength of the common task frame

Amazing learning opportunity

Challenges of aspects other than prediction accuracy

@ GuyCarpenter
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Japanese Participants Achievement

Player 1 Player 2 Our Team

Individual or Team Individual Individual Team

Participation Period Week 3 - (9 weeks) Week 3 - (9 weeks) Week 6 - (6 weeks)

Submitted Model AGLM NGBoost S 5F L
(Stacking)
RMSE Leaderboard 18t place 126t place 43 place

Profit Leaderboard 52nd place 12t place 10t place

@3 GuyCarpenter



Utilizing Machine Learning Methods

« We hope to develop machine learning skills that align with insurance industry needs such as

uncertainty, accountability and model governance

« As a reinsurance broker, we are keen to apply machine learning methods to evaluate low-
frequency & high-severity risks for realistic market, despite our strategy to win profit

leaderboard by opting to sell only low risk policies in this competition

« Looking forward to project/competition focusing on optimization of insurance risk

diversification (multi-year, geographical, markets, etc.)

@ GuyCarpenter 22



@ GuyCarpenter

Suguru Fujita
suguru.fujita@guycarp.com

Sara Sakimura
sara.sakimura@guycarp.com

Guy Carpenter Japan, Inc.

GC Analytics Tokyo
https://www.guycarp.com/

A business of Marsh McLennan



Appendix. Validation Process

Validation Process
Two patterns
Chronological validation
RMSE

Pattern 1
Training Testing

11

l

@3 GuyCarpenter

Pattern 2

Training

l

l

Testing

24



Appendix. Poll

1. Are you interested in participating in data analytics competition?
Yes or No

2. Have you participated in data analytics competition before?
Yes or No

3. To people who are interested in data analytics competition but not ready to participate,
what is the biggest barrier for you?
No time
Concerns about knowledge and programming skills
Don’t want to do it alone

Other

@ GuyCarpenter
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