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Disclaimer

The following presentation is for general information, education and discussion purposes only.

It may not be reproduced or disseminated in any form, without the prior written permission of
PartnerRe.

Views or opinions expressed, whether oral or in writing, do not necessarily reflect those of
PartnerRe, nor do they constitute legal or professional advice.

PartnerRe accepts no liability as a result of any reliance you may have placed or action taken
based upon the information outlined in this presentation.
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The goal

Data

Mahem Predict the future
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Data Science: Classic vs New

Models are defined up-front, and

“© Rules —= . .
§ Classical - AnSwers then applied to data
% Data —=| Programming Age?
(@) ?-o '
~ Gender?

@' Age* Gender?

Data = Machine Rules Models are trained on data, and
N Answers —= learning then applied to new data
<
—
> Challenges
‘% = Needs a lot of data and computing
Z horsepower

= Models can be hard to explain (“black box”)
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What do we mean by Bayesian?

Bayesian

» Derive the probability of the
parameters after seeing the data Data
(posterior distribution) | athematics
» Incorporate knowledge of parameters el U,
before seeing the data (priors)

Model m3: posterior predictive check
Bayesian estimate against data

Predict the future

Density

33'500 34'000 34'500 35'000
Total lives incurred
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Which approach is better?
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The Theory Section

This shouldn't hurt too much




A short detour onto the putting green

Data on putts in pro golf Fitted logistic regression
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https://mc-stan.org/users/documentation/case-studies/golf.html

Incorporating external knowledge

Physical model

Golfer accuracy

-20 0 20
Angle of shot

Golfer accuracy

y; ~ binomial(n;, p;)

a

in V(B — 1)/
pj=2~1>(5m (« Tj’mﬂ)—l,fﬂrj=1,,..,l
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Probability of success
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Two models fit to the golf putting data

Logistic regression

Geometry-based model
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https://mc-stan.org/users/documentation/case-studies/golf.html

Prior predictive checks

Modeled Pr(success) for different values of o
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Modelling workflow

Candidate model Prior predictive checks Model fitting Posterior predictive checks

4

Cross-validation
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osterior predictive checks & cross-validation

Prior probability sy 1o E o ol e Posterior probability

» Does the updated model fit the observed data?
 How well can the model predict left-out data?

Model m2.2: posterior predictive check
Bayesian estimate against data

Model m3: posterior predictive check
Bayeslian estimate against data

Bad

Density
Density

T T ] T T T T ] T
33'500 34'000 34'500 35'000 33'500 34'000 34'500
Total lives incurred Total lives incurred

35000
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In practice




Bayesian Use Cases at PartnerRe

* In-force claims monitoring: generalised additive models
* IBNR claims reserving: hierarchical non-linear growth curves

* In-house mortality benchmark: (hierarchical) non-linear generalised
additive models

* Covid pandemic forecasting: particle filters
« Distribution guality management: hierarchical models

» Longevity experience analysis: generalised additive models
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Bayesian Use Cases at PartnerRe

In-house mortality benchmark: (hierarchical) non-linear generalised
additive models

Distribution quality management: hierarchical models

© Singapore Actuarial Society



Bayesian mortality model

CMI Mortality experience data: 30m life-years exposure (£), 35k deaths (response variable, D)
* Predictive variables: Age, Gender, Smoker, Duration, Sum Assured,..

 What is the generative process?

log(x) = Intercept
D~ Poisson(£, u) + Gender
+ Smoker
+ smooth(Age)

Person

How does y vary with
predictive variables?

prior_Smoker ~ Normal (0.5, 0.25)
prior_Female ~ Normal(-0.5, 0.5)

© Singapore Actuarial Society



Bayesian GAM for mortality models

Data-driven confidence Force of mortality mu, duration = 10+

Bayesian model includes *only* parameter uncertainty

\\. -

20 w 60 30 30 40 50 V 60 70
Age Better model fit

Data point-estimate: -

Efficient use of data (not extrapolation)

Bayesian credible intervals: [l 68.0% [ 950%  99.7%

Frequentist point-estimate: —
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Positive features

4

« Different age-graduation shapes

* Precisely quantifies uncertainty which naturally increases when data is sparse or low credibility; differentiate our
view of confidence

« Allows for a flag when the data is sparse / lacks credibility and actuarial judgment / overrides are required

« Historical tables are a lot of work to produce each time. Here we can just "refresh", allowing for easier updates

* More accurate model than industry benchmark

- Efficient use of data

« Limited judgement calls, transparent and flexible structure vs many subjective expert judgment calls
« Detects new features

* Monotonicity can be enforced through priors

N
» « Controls for all variables simultaneously vs piecewise, path-dependent modelling

© Singapore Actuarial Society



Distribution Quality Management

Agent quality

Agents sell insurance policies

» Lapse rate = proxy for quality 90

Agents have limited control:
60

» Stochastic outcomes

Number of agents

« Affects smaller agents more
30

Confidence interval tests can guide us

Hierarchical modelling improves inference 10% 20% 30%

True lapse rate
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DQM - identifying the good ones
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Estimating true agent quality

Confidence interval test Bayesian model
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Source: PartnerRe Strategic Analytics
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Wrapping up




Advantages of a Bayesian approach

Enforces a rigorous, systematic approach:

« Transparent, flexible structure with explicit assumptions Prior probability

Priors incorporate domain knowledge which would l

otherwise be omitted:

 Allow plausible parameter values; penalise implausible ones Update probability
« Can be used to enforce known structure with data
Precisely quantifies uncertainty directly from data:

 Differentiate parameter vs. stochastic uncertainty

« Naturally increases when data is sparse or lacks credibility Posterior probability
Produces distribution of parameter estimates:

 Explicit choice of best-estimate (mode, median or mean)

« Quantifies probability & magnitude (risk) of deviations
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( Practical considerations

@ Is it worth the effort?

@ Do you have the people?

@ Best with “medium data”

@ Computationally intense
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Thank You & Questions

alexis.lglauer@partnerre.com

Alexis Iglauer | LinkedIn



mailto:alexis.Iglauer@partnerre.com
https://www.linkedin.com/in/aiglauer/
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