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®

What we will cover Munich RE

® Why now?
® New data
® Role of analytics

® \What does it all mean?




l. Why Now?

Munich RE

®



Why is the underwriting paradigm changing now? Munich RE =

®  Current process is not aligned
with today’s customer
expectations — too long and
arduous

Customer

Price Experience

Time to issye ®  Current market is based on
information gained from fluids

m and a multiple risk class product
®  Risk management requires
Preferreq Underserveq .robust unde.r.wrltlng. — two-year
middle market incontestability period

® New data and new technology
offer new ways to get at the
same price; lack of underwriting
resources creates openness to
change

®
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Digitization is the catalyst for the paradigm shift

Munich RE =

' 2

EVIDENCE Driving
SOC|aI
Activity E Media :
Medical Credit
Medical
’ ASSESSMENT .
° >
: Rules Machine Artificial
Underwriter

Engines Learning Intelligence

Munich Re Life
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The accelerated underwriting landscape shows how data Munich RE

is used today and what the future holds

Insurance W Driving
History Record

Lifestyle / Electronic
social health record

Application
&
Tele-Interview

Traditional Data/Process
Existing Data Sources
New Data Sources

New Process

Predictive models:
* risk selection
* smoker

Rules-based
Automated UW

Holdout Risk Class

Manual UW
|
Attending Income &
Physician financial

Medical
Lab

Results Statement info

®



Assessing new data: lifestyle, financial, demographic data Munich RE =
Demographics Lifestyle Home Agcrgggts Credit activity

Max mortgage credit

Fitness & exercise
Year built # Student trades
Hunting & shooting

% Revolving trades

Avg payment auto
loans

Survey xxx vacations 4p |fi
: ersonal finance
Property size trades
Survey xxx diet

Contest sweeps

Family composition ;
# Delinquent student

trades

% Housing units
i # Installment trades % Derogatory

XXX pet ownership mortgage trades

% Households with
kids

«Q
(]

B More likely to be a smoker @ Mixed relationship with smoking

0 Less likely to be a smoker

®



Assessing new data: physical activity

Results
Steps per day stratifies mortality risk

= People with sedentary/low steps per
day have a higher mortality risk,
while those with moderate/high
steps per day have lower mortality
risk

= People with sedentary behavior
have 3x relative mortality of active
individuals

Relative mortality

Relative A/E Mortality by Average Steps per Day

2.0
1.0
0.0
Sedentary Low Moderate High
(0-5k) (5-7k) (7k - 9Kk) (9k+)

Steps per day

% Insurable Lives ===@== Insurable Lives s«ssss= Population-based

Munich RE

100%

75%

50%

25%

0%

% of lives
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Physical activity and mortality

Machine learning survival analysis

Age

Steps per day

Gender

Drug use

BMI

Blood Pressure
Smoking Status
Alcohol per week
Diabetes

Cholesterol Ratio

Face Amount (proxy)
Total Cholesterol

Skin Cancer

Family History of Diabetes
Family History of Cardio

Variable Importance

100.0

90.0

80.0

70.0

60.0

®

Munich RE =

Model comparison - AUC

86.5 cel 87.3
83.2 I I I

Model A: Model B: Model C: Model D:
Demographics Demographics Demographics Demographics
+Traditional +Traditional +Steps

+Steps
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Electronic Health Records provide an alternative to APSs Munich RE =

11
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lll. Role of Analytics Munich RE
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Incorporating predictive models Munich RE

Concept: Predictive models “learn” from historical data to score future cases

1. Assemble Data 2a. Build Predictive Models 4. Deploy
« Approximately 3 years « Train models on 70% of data * Implement scoring algorithm in UW software
* Age limits

FA limits

Fully UwW Predict Likelihood : : New Cases Predictive
f of Actual Risk [|_Scoring Algorithm + Rules Assignment

Historical DB
Actual FUW Risk
Class

Historical DB /5. Audit & Refine

App/TI 2b. Validate Models 3. Quantify Impact * Random holdout or post-issue APS
MVR, MIB, Rx . . * Examine non-disclosure and anti-
. ’ . 0 » Actual vs predicted classification .
DS Test models on 30% of unseen data ctualvs p e
Rules/Decision Distributionof Actual W Class by Predctd Decle : * Review applicant characteristics
el Predicted Class . . . .
5 Swor Pl Pl Sd RUW * Determine if model refinement is
§ Super Pref necessary

Actual FUW
Class

100%
8 b
& ,’:/ 8 Declined
40 1
- Tob
2 u Prefen n-Tob SubStd
Decline
!
1 2 3 a 5 & 7 8 9 10

Predicted Decile

g § ¥ B 2

B
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Value of evidence

Source

Attribute

BMI

BMI (self-reported)
Cotinine

Issue age

History of diabetes
GGT

Face amount
Protein

Glucose

Gender

Variable importance

Labs
App
Labs
Demo
App
Labs
Demo
Labs
Labs
Demo

Attribute

Tobacco use
Issue age

BMI (self-reported)
Face amount
History of diabetes
Gender

Sales channel

Source

App
Demo
App
Demo
App
Demo
Demo

®

Munich RE =

Model accuracy comparison

Declined Smoker Preferred

m Demographics only ®Demographics, Application mDemographics, Application, Fluids

14
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Predicting underwriting outcome (protective value) Munich RE =

Objective: Employ predictive models constructed with and
without key evidence (fluid testing) to identify segments where

incremental value of evidence is minimal. .
lllustrative Mot
Smaller average distance suggests these segments can forgo k. ‘°‘:"' e
s s Issue Age < st

fluid tests with minimal deterioration in mortality: = =

Avgé)ésﬁnoe
» Under xx years old 99%

PRI ERR s
@)

= BMis ... :
Avg Distance
= No history of .. e i
Data: — is Gender Male ? ) @ Dlabetes?
|
. . .01
= Application _ A
i . Diabetes ?
= |abs/exams :
TeChmque: - AWM] Angi:stamj Angiﬁiance [
. . ) . . L ) 0012 0.024 0.024
= Gradient boosting with multinomial distribution, Tree 26% 10% 16%

15



Managing misrepresentation

Predict smokers

Objective: underwriting triage

Data: Application + US Census

Example application:

7)
2)

3)
4)

Set cutoff to flag likely smokers amongst all
applicants, about 20% of applicants

Model finds 19.5% of these applicants
actually test for tobacco

Tobacco rate in remainder <7%

As misrepresentation rates increase, mortality
savings from targeted testing are
considerable.

Smoker %

30%

25%

20%

15%

10%

5%

0%

®

Munich RE =

Average Smoker %

-
1 2 3 4 5 6 7 8 9

10

Decile

16



APS and predictive analytics Munich RE =
1) The APS provided the most useful 2) Various regression and machine learning 3) Besides probability, model
information for modeling. techniques including random forest, provides keywords driving

gradient boosting and support vector

hi lied t dict brobabilit prediction along with page
| mac |r?es applied fo predict probabiiily where found in text.

IO =SS of decline.

W!ﬁm%ﬁ&ﬁuled for: Ex"zmmel # Bagee BESCRCELA

%3%% COT”THE Aecem. ‘ Decline Rate by Decile

RR Cu@wm 2013 16%%@;@% % * ainIary: 12, 28, 30
S « prostate: 12, 56, 57

?Ga'\lme seen 31031 emmmmdam 90%
e svc: 33

TR e T 0%
e rmﬁﬂmmmmmm N | 60% .
i - £ 50% « ancillary: 39, 40, 41, 43,

.4 40%

f o 1827 Colegser 30% 44

! - 20% R .
| ne i ol 10% prostatic: 57, 61

i mrgyee 0% :

) 0\0 0\0 o\o o\o o\o 0\0 o\o o\o u\o

70%

Comp

i

§,

:

=

B
Decline %

b e . * influenza: 62, 63, 66
! e | - 2 ,\Q' ,19' 5 o §° @ S qQ’\ * jaundice: 59

: . o et | Score « excised: 59, 61, 62

2 Progegures § AR BrRCE T ) :

P [eaas - * jaundiced: 68
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Predicting mortality — commercial scoring models

New 3rd party tools, such as

LexisNexis Risk Classifier
Transunion TrueRisk Life
Milliman Rx Score

Common applications include:

Set threshold for eligibility into
AUW

Set threshold for cases that are
Declined

Set threshold for Preferred
criteria

Risk class shifting

<

2

Relative A/E vs Milliman Rx Score by Drug Priority

0
<7,
4 2

Q

o — TR
.

*7.

0
“67,
Og TOg

"0z, 7.
o o g
Milliman Rx Score 2.0

250%
200%
150%

100%

Relative A/E

50%

0%

1-10  11-20 21-30 31-40 41-50 51-60 61-70 71-80 81-90 91-100

Ton ey Te; e 20, 2
<5

e Tlg 2o
<40K
-~ TOKTGk— - -

Yellow =  Red

Relative A/E vs LexisNexis® Risk Classifier
Score by Age
300%

250%

w

 200%

@

2 150%

s

2 100%
50%

R

0%

200 201to 300to 400to 500t 600to 700to 800to 900to
299 399 499 599 699 799 899 997
LexisNexis® Risk Classifier Score
<=30 eeeees 3140 ===4150 5160 = =61-70 = >70

Munich RE

TrueRisk® L

40k-49k
80K+

Relative A/E vs TrueRisk® Life Score
By Income

ife score

50k-59k = = — B0k-8%
NA
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Predicting mortality — proprietary scoring models

Number of Lives

120,000

100,000

80,000

60,000

40,000

20,000

Actual to Expected by Amount
Underwriting Class vs. Model Assigned Class

Class 1 Class 2

Class 3 Class 4 Class 5

Underwriting Class

mmmm Underwriting Class Counts

= A/E by Underwriting Class

Model Assigned Class Counts
e A/E by Model Class

120%

100%

80%

60%

40%

20%

0%

A/E

Munich RE =

{We can assign risk

classes using the mortality
model in similar
proportions as
underwriting class.

o Model class assignment is
controlled for age, gender,
and smoking status.

o ltis clear that the model
classes have more A/E
differentiation than

underwriting class.

®

\_ /
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V. What does it all mean?

Munich RE
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What are the implications of all these changes Munich RE

= We may have the same price but we will get to it in new ways
= We are looking at new dimensions of risk in addition to health
= Activity
= Responsibility
= The how in risk selection is as important as the what?

= Given new data and digitalization, we can track mortality at issue and beyond

21



Ultimately, how we price and monitor mortality risk will
transform to a continuous process

Munich RE =

45 200%

40 180%

35 160%

140%
30
120%
25
100%

20
80%

15

10
5 .
0

Decline  Substandard  Standard Preferred

60%
40%

20%
80%

90%

0,
0% Refagjy e 100%
moftahty 110%

Munich Re Life

®
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