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" Context of predictive models in reserving

" Structuring claims data for modeling
" Choosing model(s)
= Applications of model results in reserving

® Conclusions
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Context

willistowerswatson.com WillisTowers Watson LiI'I'l:l 2
© 2017 Willis Towers Watson. Al rights reserved. Proprietary and Confidential. For Willis Towers Watson and Willis Towers Watson clientuse only.



Applications of predictive models in the insurance sector
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Predictive models are a market standard in pricing

What impact has predictive modeling had in the following areas? (Q.7)

Rate accuracy

2016

2015

2014

2013

2012

2011 2

2010

2009 2
B Positive impact No impact, neither negative nor positive = Negative impact

Base: U.S. respondents using predictive modeling for at least one line of business.
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Plans to use predictive models elsewhere
Personal lines

Beyond rating/pricing, in which of the following areas in personal lines does your company group
use, or plan to use, predictive modeling techniques in the next two years? (Q.5)

Underwriting/Risk selection 15%
Ordering reports (credit, MVR, CLUE, etc.)
Evaluation of claims for potential fraud 30%

Evaluation of claims for litigation potential 46%

Marketing/Advertising (target marketing, direct mail)

< Triage of claims 18%

Underwriting expense efficiency 15%

61%

41%

62%

N
2
>

Loss control 14% 65%

Premium audit 82%

< Case reserving

i

Agency/Distribution management 68%
B Currently use Plantouse ™ Do not use and no plans to use
Base: U.S. respondents giving a valid answer (percentages exclude ‘Do not know/Not applicable’).
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Plans to use predictive models elsewhere
Commercial lines

Beyond rating/pricing, in which of the following areas in commercial lines does your company
group use, or plan to use, predictive modeling techniques in the next two years? (Q.6)

Underwriting/Risk selection
Ordering reports (credit, MVR etc.) 52%

Premium audit 63%

( Triage of claims

Evaluation of claims for potential fraud

45%
Marketing/Advertising (target marketing, direct mail) 70%

Underwriting expense efficiency 62%

Evaluation of claims for litigation potential m 45%

< Case reserving

Agency/Distribution management % 71%
Loss control & 61%

B Currently use Plantouse ™ Do not use and no plans to use
Base: U.S. respondents giving a valid answer (percentages exclude ‘Do not know/Not applicable’).
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Why consider predictive models in reserving & claims management
Key points

" Accuracy of traditional reserving methods hinges on consistency
® Claim closure rate
= Case reserve adequacy
" Inflation
" Reinsurance

" Traditional methods do not provide insights into the drivers of claim cost
" How much does age affect the cost of WC claims?
" What is the impact of opioid usage on the cost of claims?
® How much did reform measures impact claim costs?

Predictive models can address both of these challenges

willistowerswat tson.com
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An evolution of predictive models in reserving
Developing comfort, seeking greater insights

Predictive

models were fit

to the same data s
contained in a

reserve triangle

® Using incremental
losses instead of
cumulative

" Only two
predictors: Report
year and lag

" Given appropriate
statistical
assumptions,
the forecasts
replicated chain
ladder using
volume-weighted
average of the
link ratios

Calendar Year
was introduced
as a predictor to
enable calendar
year changes in
inflation to be
reflected in the
reserve
estimation
process

= Still need to
extrapolate
beyond the latest
diagonal

Reserve
accuracy of
models fit to
aggregated data
still hinges on
consistency in
the data

Natural next
steps

—

" Predictive
modeling could
be used to group
claims with similar
development
behavior, such
that separate
triangles could
be analyzed

" Predictive models
could be fit to
individual claims
data
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Structuring data
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Traditional loss development methods

Traditional methods aggregate all claims in each cell within the historical triangle on a
cumulative basis

Accident Year 2010 Cumulative Paid Losses

Claim 12 24 36 48

000001 0 1,000 1,000 5,000
000021 50 50 50 50
000060 0 0 0 250
000124 300 500 500 750
000328 125 400 400 400
000443 0 0 100 2,000

i
& 2010 Total 475 1,950 2,050 8,450)
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Traditional loss development methods
Repeat the process for each year until entire triangle is populated

Lag -
Accident
Year
2010 475 1,950 2,050 8,450
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Traditional loss development methods
Goal is to square up the triangle using link ratios

Lag ==
Accident
Year
2010 475 1,950 2,050 8,450 9,000' 9,200
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Predictive model
Aggregated data

A traditional aggregate loss development method can be replicated in a
predictive modeling framework. Difference is that the data in the triangle is set to
an incremental basis

Accident Year 2010 Incremental Paid Losses

Claim 12 24 36 48
000001 0 1,000 1,000 5,000
000021 50 50 50 50
000060 0 0 0 250
000124 300 500 500 750
000328 125 400 400 400
000443 0 0 100 2,000
2010 Total 475 1,950 2,050 8,450
I —
<201o Incr 475 1,475 100 6,4@
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Predictive model

Individual claim data
When the data is organized at the individual claim level, the predictive model can be fit to

the individual claim response
Lag w—)

Year Claim

L |

2010 000001
2010 000021
2010 000060
2010 000124
2010 000328
2010 000443
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Predictive model
Individual claim predictors (Work comp example)

Insured Claimant Loss Service

i . Billin _r ) raph
Characteristics Characteristics 9 Characteristics Providers CEULIERNY
Policy start/ . - Medical service
— Al — P h — f — . Rural
end date ge ayment history Cause of injury e Urban/Rural
W WS Gl WU Sl e — Payment plan — Bp(_jy part — Pharmaceuticals Distance to work
company dependents injured
Number of Previous Times Attorney
— — L — . — Day of week —
employees disability delinquent involvement
Limits/ .
Deductible Marital status Month
—  Class code — Years employed — State
— Hazard group — Job level —  Report lag
— Prior Experience — Performgnce — Loss date
evaluations
— Weekly Wage — Type of loss
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Predictive model
Individual claim data
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Considerations
Individual claim data

" Claims should be coded to homogeneous claim types (basic Work Comp example)

Medical Indemnity Expenses

Medical Only 1 X 2

Lost Time 3 4 5

= Consider whether to use predictors that change over time
" Depends on application ( e

= New data trumps new methods hip O Uiays | ICaufo.
= External sources: pharma, medical billing f
® Unstructured data (text) ;

went-hospital:
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Building models
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Predictive models

" Models can be fit to a variety of responses and at different points in the claim
lifecycle

" Different modeling approaches are suitable for different portfolios

" Taylor & McGuire approach using Operational Time (claim closure rate) as a predictor
to model severity is suited to lines where a single payment is made on the claim
closure date

" For individual claim models, need to estimate pure IBNR (and potentially
re-opens) separately
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Types of predictive models
Statistical regression methods (e.g., GLM)

Response _ Systematic Random

Variable o Component + Component

y = h (Linear Combination of Rating Factors) + Error

| T T

g=h1is called the LINK function = Combination of Error should reflect
and is chosen to measure the explanatory underlying process and
signal most accurately variables is the comes from the exponential
model structure family

Output is set of parameters and a series of diagnostics
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Types of predictive models
Machine learning approaches (e.g., random forest)

A tree A random forest
fi(x) I

flx) = N fn(x)
n=1
Y | N _ _ _
Age < 40? 1 — -
Y N i o wm
I
N

e e ks s
Y s i e s e i
= e i b = el e

Output is the averaged result of a bunch of independent trees
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What types of models are currently used?

For which business applications do you use or plan to use these methodologies? (Q.13)

Modeling Techniques Loss Cost Modeling

One-way analyses |GG 57%

Decision trees 48%
Model combining methods [ 35%
Gradient Boosting Machines (GBMSs) - 30%
Penalized regression methods [N 30%
Random Forest (RF) [ 26%
Other ensemble methods [ 24%
Other Machine Learning methods - 26%

Grid search techniques [l 11%

Claims Analytics

Generalized linear models (GLMs) [ RN 100% [ 2%

I 0%
31%
B 23%
[ N7
[ 7
219
B 17%
33%

B 8%

Marketing
I 7%

I 7%
30%

B 19%
B 5%
B 22%
B 22%
B 19%
B 19%
B 5%

B Primary
Secondary
B Tertiary

Base: U.S. respondents who use or plan to use the methodology for the application specified (Loss Cost Modeling n = 46, Claims Analytics n = 48, Marketing n = 27).
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One model may be most useful aiding another

Machine learning methods can be used in their own right (to forecast
development) or can improve certain aspects of the analysis

" Topic modeling to create new structured data fields
" Penalized regression (e.g., elastic net) to select factors to include in analysis

" Multivariate adaptive regression splines to identify where separate models
should be built (e.g., by lag or segment)

" GBMs or neural networks to validate regression results
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Applications
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Applications of predictive models in reserving

" Validate traditional reserve estimates and assumptions

® Understand the influence of individual claims on reserves

Assist adjusters to set individual case reserve estimates

Micro-level stochastic loss reserving

" Predict large losses
= Underwriting

® Scenario test effect of different XOL reinsurance treaties
® Economic capital models

" Input to claims triage exercise

" Assigning adjusters and claims-handling protocols based on propensity of claim
becoming complex

" Complex can be defined as high probability to settle at large amount, high probability
to escalate from early reserve, etc

willistowerswa tson.com WillisTowers Watson LiI'I"Ll 25

© 2017 Willis Towers Watson. Al rights reserved. Proprietary and Confidential. For Willis Towers Watson and Willis Towers Watson clientuse only.



Considerations
Evaluating predictive models for an application

Predictive power

Analytical
time and Interpretation
effort

Method

Table
implementation

Execution speed
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Conclusions

" There is appetite to use predictive models in reserving to address
inconsistencies in (aggregated) data and to provide additional insights into cost
drivers

® Structuring data for modeling individual claims requires careful planning
iIncluding — cause of loss coding, claim-level predictors at points in time and
opportunities for additional data enrichment

" Model forms include statistical and machine learning, and often one model
improves (rather than replaces) another

" Applications include reserving analyses validation, case reserve estimation,
large loss prediction in UW, reinsurance, economic capital models and claims
triage

" Domain experts must weigh predictive power with critical deployment
considerations
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Thank you
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Claudine Modlin
Director
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T +1 805 433 2064
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About Willis Towers Watson

Willis Towers Watson (NASDAQ: WLTW) is a leading global advisory, broking and solutions
company that helps clients around the world turn risk into a path for growth. With roots dating to
1828, Willis Towers Watson has 40,000 employees serving more than 140 countries. We design
and deliver solutions that manage risk, optimize benefits, cultivate talent, and expand the power of
capital to protect and strengthen institutions and individuals. Our unique perspective allows us to
see the critical intersections between talent, assets and ideas — the dynamic formula that drives
business performance. Together, we unlock potential. Learn more at willistowerswatson.com.
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