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Agenda

1 Introduction
2 Applications
3 Example Group Life
4 Example Group LTD

5 Data

This presentation has been prepared for general educational purposes only and does not purport to
be and is not a substitute for specific professional advice. It may not be suitable for use in any other
context or for any other purpose and we accept no responsibility for any such use.

In developing this presentation we relied on SOA group life and LTD experience study data.
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Predictive model advantages — better data utilization

" Traditional techniques require data

to be segregated and isolated at Age
the granular level c0.59 5s e
" Ad hoc credibility methods tie
estimate back to the aggregate 60-69 Mes F65
70-79 M75 F75
" Predictive modeling creates an
algebraic web at the granular level Age lale e
= More complete use of the data 50-59 | M55 Es50~
results in better estimates 60-69 ( M65 @4
70-79 | M7 ~—F75)"
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ITM-ness Slopes — Classical
Classical analysis would present a peculiar lapse pattern by ITM-ness . . .

Actual Lapse Rates By ITM-ness
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50% - Distorted by:

4.0% - = Distribution shifts
3.0% - = Invs. out of penalty
2.0% - = Policy size

1.0% -

0.0%

40% 60% 80% 100% 120% 140% 160%

-E-Actual Lapse Rates

* ITM (In-the-money) = Account Value / PV Income Payments
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Predictive Model — Projection

" Projecting lapses with the full predictive model fits the experience very well
" The predictive model anticipates the odd dips in the experience seen in the raw data

Actual vs. Model Lapse Rates By ITM-ness
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Trends and Observations

Obsns

N

N

More dynamic behavior from large policy sizes
Lower base lapses from richer benefits

Lower base lapses from females and nonqualified
contracts

Higher base lapses for customers with previous
excess withdrawals

Recently lower in surrender charge lapses and higher
shock and ultimate lapses for out of the money policies

Recently higher dynamic lapses for more moderate levels
of ITM-ness
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New techniques are need to derive the most value from historical data

" Limits of traditional analysis
" Changes in exposure
® Changes in underwriting or pricing
" Interactions of factors

" Benefits of predictive analytics
® More granular risk assessment
® Variation by certain characteristics
= Better predictions when mix changes
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Applications
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Use of Predictive Analytics

Percent of Companies Using Predictive Analytics

Now vs. Within 2 Years

Over $3 billion $1 billion - $3 billion less than $1 billion

In two In two In two
Line of Business Now years Now years Now years

Individual life insurance 70% 90% 50% 75% 53% 89%

Group insurance 71% 100% 67% 100% 23% 46%
Retail individual annuities 71% 71% 18% 32%

Institutional annuities 50% 83% 50% 75% 11% 33%

Individual health 40% 80% 40% 15% 38%

Base: Those who sell or have in-force business on the books (n varies).
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Applications

= Next best action = Persistency analysis and

determination (sales, management

servicing, claims) _ = Campaign optimization
- E::éélrgr? éﬁi?éﬁjecr)ﬁers RE)eee::Ii'Sl'il(r)nne Customer = Personalized customer

: i Analytics experience
profile Making
T Quotes = Leads value analysis
orkforce :

= Workforce assurance Analytics Analytics = Resource allocation /

and forecast optimization per sales

= Workforce allocation, and channel

resource optimization

Frau_d = Streamlined Underwriting
Analytics . . T
Claims N7 ammms = Risk selection optimization
= Fraud detection/ = --------- aims : s
investigation Analytics Mortality / Profitability

assessment

“TT===—__.____ = Claim triage optimization

-

= Claims performance analysis
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Life Insurance — Experience Studies

Predictive modeling will continue to improve quantification of cost

Mortality Morbidity Loss Ratio Lapse Rate

" This is done by more granularly assessing the impact of policyholder characteristics that
may be difficult to quantify using traditional analysis. Examples of factors include:

® Face amount band = Distribution channel
" Risk class " Prescription drug history
= Application questions =  \Wear-off

" This may significantly increase the number of factors used in the pricing of new products
and granularity of pricing differentials (reducing risk to anti-selection)

" This also provides improved confidence in setting in-force assumptions allowing for more
informed in-force management
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Use of predictive analytics for mortality and morbidity
IS most prominent in annuities

Experience analysis: mortality/morbidity

Institutional annuities n = 11 55% 36% 9%

Retail individual annuities n = 15 40% 33% 27%

Individual health n = 11 28% 36% 36%

Individual life insurance n = 40 23% 52% 25%

Group insurance n = 16 19% 37% 44%

m Currently use Plan to use within two years ® Do not use and have no plans to use

Base: Those currently using or planning to use predictive analytics in at least one line of business (n varies).
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Customer Behavior

Existing Policies Behavior Related to New Policies

Assess potential behavior = Can incorporate learnings on in-force
= Lapse policies into pricing
"  Premium payment -

Determine how changes in premium
® | oan can impact the level of sales and the

mix of business written
Assess event that could trigger behavior

= Credited rate changes " In order to quantify, will need ability to
o collect information related to sales
= Premium increases on term when premiums / charges have

= Change in interest rates changed

"= Life event change = Term may be the first mover in this

" COl or load changes space
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Use is growing across all products

Experience analysis: policyholder behavior

Retail individual annuities n = 15 60% 27% 13%

Individual health n = 11 36% 28% 36%

Individual life insurance n = 40 32% 40% 28%

Institutional annuities n = 11 28% 36% 36%

Group insurance n = 16 25% 44% 31%

m Currently use Plan to use within two years ® Do not use and have no plans to use

Base: Those currently using or planning to use predictive analytics in at least one line of business (n varies).
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Individual Life Insurance — Accelerated Underwriting

" No one is happy with the historic approach
" Expensive
= Slow, many drop out
" |nvasive tests are a negative for customers

® Growing use of predictive models
= Streamline the process
" Fit models that predict the underwriting class
" Use external data to replace invasive tests
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Use in underwriting is highest in individual life, but is growing in other lines

Underwriting

Individual life insurance n = 40 SYA)) 40%

19%

Group insurance (case level underwriting) n = 16

Individual health n = 11 27% 46%

Group insurance (medical underwriting) n = 16 25% 31% 44%

m Currently use Plan to use within two years ® Do not use and have no plans to use

Base: Those currently using or planning to use predictive analytics in at least one line of business (n varies).
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Individual Life Insurance — Advanced Analytics

" As a further example of innovation,

models have been developed that
use a selfie...

Huight (Fest & Inches)

B8 B9 LD 131 13T G653 154 365 L8 WT LR IO T30 131 148 WED 284 W5 G
=i s T AL s e il S
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Weight (kg
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Eﬂ.ﬁﬂl-bu.-:mll

... to estimate BMI (Body Mass Index)!

willistowerswatson.com

WillisTowers Watson LI"I'll
© 2019 Willis Towers Watson. All rights reserved. Proprietary and Confidential.



Life Insurance — Wearables

® Some life insurance companies have
begun to offer discounts

Lower risk of
all-cause mortality

" Not based on rigorous statistical
models

18.

" Potentially used more broadly once tower Halel
a sufficient volume of data has been Cardiosasoualdies
collected

.l

Lower risk of
cancer
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Limited use of wearables currently, but growth is expected in individual life
and health

Individual life insurance n =41 &% 37%

Group insurance n = 23 13% 83%

Individual health n =21 24% 76%

Retail individual annuitiesn =34 6% 94%

Institutional annuities n =19 5% 95%

m Currently use Plan to target within five years

Base: Those currently using or planning to use predictive analytics in at least one line of business (n varies).
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Modeling Example — Group Life
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Group Life Model

Generalized Linear Model (GLM) of group life mortality rates built using the
data from the 2016 SOA Group Life Experience Study

Selected analyses and model results from initial model

Examples of model development and review of model fit
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Predictive Modeling Process

Build Model

Structure

Data Make Initial
Exploration Selections
= Visualizing Data = Define Training
and Testing

= Correlation Data
Statistics
= Choose Error

Structure and

Link Function

= Distribution of
Response

= Select initial
model

= |nclude/exclude
Factors

= Simplify with
Groups and
Curves

= |nclude
Interactions

= |ncorporate
Constraints

-

= Test for
Predictiveness
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Model Methodology

" To understand the drivers of group life mortality rates we developed a Generalized Linear
Model (GLM) using the data from the 2016 SOA group life experience study.

" We limited our analysis to ages up to age 64.

" Model mortality rates are equal to the product of a base rate and factors for each of the
characteristics that were determined to be significant drivers.

The next slide shows an example of a simple model to illustrate the structure.

willistowerswatson.com WillisTowers Watson Lil"I"Ll
© 2019 Willis Towers Watson. All rights reserved. Proprietary and Confidential.



Simplified Example — Mortality Rate Model

" This simple example illustrates how our model is constructed

= Single variable factors for Gender, Central Age and Salary, plus an interaction between
Central Age and Gender.

® Actual model is more complex than this example

3. Central Age 4. Salary ($US 000s) 5. Central Age * Gender
22

0.002 Female 0.55

0.27 <25 1.12 Female Male

il s 021  25-49 1.00 22 0.45 1.00
32 024  50-74 0.77 27 0.60 1.00

37 030  75-99 0.66 32 0.82 1.00

42 043  100-149 0.51 37 0.93 1.00

47 064  150-249 0.41 % 1.03 s

52 1.00 250+ 0.46 47 1.03 1.00

57 1.53 52 1.00 1.00

62 2.39 57 0.95 1.00

62 0.95 1.00

Example Mortality Rate Calculation:

Gender: Female

Central Age: 42

Salary: 50-74

Mortality Rate: .002 *0.55 *0.43* .077 * 1.03 = .00037
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Initial Mortality Rate Model

® Qur initial model included factors for the following single variable factors
= Central Age
" Gender
= Face Amount
" Case Size
" Region
" Industry
® Face Amount in Relation to Salary

" Interaction between Gender and Central Age

" Mortality rates are estimated by multiplying a base mortality rate times factors for each of
the variables listed above

The following slides show results from the initial model
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Group Life
Selected Results from Initial Model
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Mortality Relativities by Central Age

4
3.5
3
2.5
2
1.5

1

22 27 32 37 42 47 52 57 62

Exposure =—@=Model Relativities

" Mortality relativities are shown by Central Age, with all other variables held constant
" The relativities show the effect on mortality rates of Central Age alone

" The rate for each Central Age is shown relative to the base level - here age 47.

" As Central Age increases, mortality rates generally increase (with all other variables held constant)
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Mortality Relativities by Gender and Age
Mortality rates shown relative to base level of Gender (Male)

11

0.9
0.8
0.7

0.6

0.5
0.4

0.3

mmmm sex (Female) Exposure sex (Male) Exposure ==@==\lortality Female Mortality Male

" The impact of gender on mortality declines significantly up to Central Age 47, and then
increases slightly for ages 52+
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Mortality Relativities by Case Size

1.8
1.6
1.4

1.2

0.8
0.6

0.4
A.<2or B. 2-9 C. 10-24 D. 25-49 E. 50-99 F. 100-249 G. 250-499 H. 500-999 1. 1000-4999 J. 5000+
Unknown

== odel Relativities Exposure
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Region - Model Relativities and Their Standard Errors
Mortality shown relative to base level of Region (East North Central)

1.20
8
]
v
1.00 v
v |
s v

0.80

0.60

0.40

h . I . . .

v

New Middle East North West North South East South West South Mountain Pacific Canada Unknown
England Atlantic Central Central Atlantic Central Central
® Model Estimate . Exposure

Estimate Plus One Standard Error

® Estimate Minus One Standard Error

For most regions there is a significant difference in mortality from the base level. In addition, the standard errors of the
relativity estimates for most regions are small.

For Canada the standard error of the model relativity is large

® The model could be simplified by combining Canada with the base level (East North Central).
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Industry - Model Relativities and Their Standard Errors

Grey and Blue Collar Only
Mortality shown relative to base level of Industry (Manufacturing Heavy Steel)
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Industry - Model Relativities and Their Standard Errors

White Collar Only
Mortality shown relative to base level of Industry (Manufacturing Heavy Steel)

1.25 1

1.05
0.95
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0.75 ~
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® Model Estimate
Estimate Plus One Standard Error

® Estimate Minus One Standard Error
. Exposure
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Group Life - Review of Initial Model

Actual and Fitted Results
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Review of Initial Model
Actual and Fitted Values — Salary

0.0015
0.0013
0.0011

0.0009

0.0007

0.0005

0.0003 l

H e .

< $25k 25k - 49k 50k -74k 75k - 99k 100k - 149k 150k - 249k 250k - 499k 500k - 749k 750k - 999k 1 million -2 2 million+ Unknown
million

—@— Actual Fitted . Exposure
e Salary is not included in the initial model.

e The initial model prediction is too high for salaries between $50k and $250k.
* For salaries above $250k, the opposite is true. However, the results are much less credible.
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Review of Initial Model

Actual and Fitted Values — Industry (Banks and Securities) & Central Age

0.006
0.005
—— Banks & Securities - Actual
0.004 ——B— Banks & Securities - Fitted
0.003
0.002
0.001 //M
P e
0
22 27 32 37 42 47 52 57 62
* For the Banks & Securities industry category, the model fits the data well by age.
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Review of Initial Model
Actual and Fitted Values — Industry (Mining) & Central Age

0.006

]
0.005 ’
0.004
0.003
0.002 ——+— Mining - Actual
0.001 -8 Mining - Fitted

57 62
* For Mining, the model estimates are too low at younger ages and too high for ages 47+
» Similar results are seen for Construction, and Agriculture and Forestry
* The model could be improved by including an interaction variable for Industry and Age.
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Review of Initial Model
Actual and Fitted Values — Industry Collar and Salary

0.0019 -
- 140
0.0017 -
- 120
. Grey
\\
0.0015 - e
ST
E{ - 100
“7""""':fiffffiig\ —s— Grey - Actual
0.0013 - B _
T~ L 80 ----B-- Grey - Fitted
White ' ~_ ~—+ White - Actual
0.0011 - N N o
~__ - 60 O White - Fitted
N ~ .
\ \;"~;
. .
0.0009 - R P
— ° m
& \‘ Exposure Grey
. . _ ’ . o
0.0007 - E| ‘ﬁ - 20
0.0005 - - _ _ | Lo
A. <25 B. 25-49 C.50-74 D. 75-99 E. 100-149 F. 150-249

» The effect of Industry Collar on mortality varies by Salary
» For Grey Collar the model estimates are too high at salaries over $75k
*  For White Collar the opposite is true

* The model could be improved by adding an interaction variable for Industry Collar and Salary.
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Modeling Example — Group LTD
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Simplified Example — Recovery Rate Model

" Model methodology is the same as the group life mortality model
" Based on 2016 SOA Group Long Term Disability Experience Study

" Single variable factors for Gender, Annual Duration and Age at Disabillity, plus an
interaction between Age at Disability and Annual Duration.

® Qur actual model is much more complex than this example

3. Annual Duration @ 4. Age at Disability |8 5. Age at Dlsablllty*AnnuaI Duration

0.015 Male 0.79 1 3.48 <30 2.79 2-3 6-7 10+
Female 1.00 2 1.00 30-39 2.09 <30 1.30 1.00 1.28 1.30 1.17 0.69
3 1.00 40-49 1.48 30-39 1.16 100 138 154 135 0.93
g g'ig 28;59 é'gg 40-49  0.90 1.00 126 136 121 0093
= 0'10 ' 50-59  1.00 1.00 1.00 1.00 100 1.00
5 Bl 60+ 1.06 1.00 083 125 159 143
8 0.06
9 0.05
10+ 0.04
Example Recovery Rate Calculation:
Gender: Male
Annual duration: 5 Years
Age at disability: 40

Monthly recovery rate: 0.015*0.79*0.15* 1.48 * 1.26 = 0.0033
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Recovery Rate Model

" The model we developed is much more complex than the simple example shown on the previous
slide

® [tincludes a base rate plus fifteen single variable factors and ten interactions:

Single Variable Factors Interaction Factors

® Claim Duration ® Elimination Period * Claim Duration

= Gender = Age at Disability * Claim Duration

" Age at Disability = Disability Category * Claim Duration

" Disability Category " Integration with STD * Claim Duration

: Elimination Period _ " Gross Indexed Monthly Benefit Amount * Claim Duration
Limited Own Occupation Pgnod » Case Size * Claim Duration

- Ownocc_ @ A_ny Ot Tra_nsmon = Disability Category * Age at Disability

® |ntegration with STD Indicator . 7 .

= COLA Indicator O Ownocc To Any Occ Transition * Limited Own Occupation

= Contractual Benefit Duration Period . o

= Gross Indexed Monthly Benefit Amount (GIB) = Ownocc To Any Occ Transition * Age at Disability

* Ratio Group (Benefit Amount / Salary) ® Ownocc To Any Occ Transition * Disability Category

® Case Size

® |ndustry

" Region

" We developed the model in three main steps:
" Review of Raw Data
" Model Fitting
® Model Validation

The following slides show results and analyses from each step
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Group LTD Recovery Rates

Reviewing Raw Data
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—o— Observed Recovery Rate

Exposure

= Distribution of exposures by Claim Duration looks reasonable, and there are no missing

values
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Raw Recovery Rate Data — Age at Disability

0.05
0.045
0.04
0.035
0.03
0.025
0.02

0.015

0.01

0.005
01:<20 02: 20-24 03:25-29 04:30-34 05:35-39 06:40-44 O07:45-49 08:50-54 09:55-59 10:60-64 11:65-69 12:70+

Exposure =—e=Observed Recovery Rate

= Distribution of exposures by Age at Disability looks reasonable, and no missing values
" In general, raw rates decline as Age at Disability increases

" Higher raw rates for age 60+ are due to those ages having more short duration claims
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Group LTD Recovery Rates
Model Fitting
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Recovery Relativities by Claim Duration
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" Recovery rate relativities are shown by Claim Duration, with all other variables held
constant

" The relativities show the effect on recovery rates of Claim Duration alone
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Recovery Relativities by Age at Disability
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Age at Disability and Claim Duration
Recovery rates shown relative to base level of Age at Disability (55+)
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Recovery Relativities by Own Occupation to Any Occupation Transition
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Age at Disability and Own Occupation to Any Occupation Transition

Recovery rates shown relative to base level of Age at Disability (55+)
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Recovery Relativities by Gross Indexed Monthly Benefit Amount
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Recovery Relativities by Disability Category
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Disability Category and Claim Duration
Recovery rates shown relative to base level of Disability Category (Back)
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Disability Category and Age at Disability
Recovery rates shown relative to base level of Disability Category (Back)
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Industry - Model Relativities and Their Standard Errors

Grey and Blue Collar Only
Recovery rates shown relative to base level of Industry (Health Services)
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Industry - Model Relativities and Their Standard Errors

White Collar Only
Recovery rates shown relative to base level of Industry (Health Services)
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Group LTD Recovery Rates

Actual and Fitted Results
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Model Validation — Actual and Fitted Values

Disability Category: Other Musculoskeletal
Using data sample withheld from modeling
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Model Validation — Actual and Fitted Values

Disability Category: Cancer
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Nervous System

<30

Model Validation — Actual and Fitted Values

Disability Category
Age at Disability
Using all Data
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Data
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Uses of Predictive Modeling and Big Data

Loyalty Reward

Programs Manufacturing Marketing

= Alrllnes, hotels, ®  Adjusted prices Hospitals & "  Amazon,

credit cards, _ based on . - Google,

on-line travel Oil & Gas demand Universities Wal-Mart
" Expanding

beyond liability =  Workforce " Beginning to

estimation analytics explore

into deeper "  Usedto opportunities in

understanding design health, forecasting

of cost drivers safety, planned giving

and even wellness

liability programs

optimization
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Big Data within the Insurance Industry

A favorable : . Some hurdles to
: The right skills
environment overcome

= Data intensive " |Leading analytical talents ® Change of mind-set
= Segmentation and = Actuaries have a very " An evolution of IT is
automated algorithms good profile to become required

Big Data scientists
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Explosion in Internal and External Data Assets

Insurance Company data Public and Pooled data

®= Policyholder characteristics: age, gender,
marital status, tenure etc.

" Policy level: face amount,
risk class, product etc.

® MIB: results from prior
insurance applications

= MVR: motor vehicle records,
citations, crash data

Fraud: Identify check

Modeling
Data

®" Pharmacy: flags for
medication use, dosage,

" Geo-demographic data
= Credit attributes

frequenc
A y ® Social Media
®= Lab test: cholesterol, drug = Derived ch i
testing erived characteristics

= Attending Physician Statement:
current conditions, historical
record

3rd Party, Medical 3rd Party, Misc.
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Unstructured data may prove to be valuable assets for insurers

= Definition: Data that is not organized in a pre-defined matter (i.e., formatted columns)
" Types: freeform text, audio recordings, and images

= Examples:
" Text: attending physician statements
® Audio: description of conditions giving in a tele-interview
" Images: images of submitted applications or selfies
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Considerations related to use of data

" Questions about data

Is it reliable?

Is it complete?

® [s it more predictive than other sources?

Will is be available when and where you need it in future?

" Data privacy issues

® General Data Privacy Regulation (“GDPR”) in the European Union
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