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LA 2 Disclosures

This report is for the exclusive use of the purpose indicated herein, and is not intended for general circulation or publication, nor is it
to be reproduced, quoted or distributed for any purpose without the prior written permission of Ruark. There are no third party
beneficiaries with respect to this report, and Ruark does not accept any liability to any third party. Information furnished by others,
upon which all or portions of this report are based, is believed to be reliable but has not been independently verified, unless
otherwise expressly indicated. Public information and industry and statistical data are from sources we deem to be reliable; however,
we make no representation as to the accuracy or completeness of such information.

The findings contained in this report may contain models, assumptions, or predictions based on current data and historical trends.
Any such predictions are subject to inherent risks and uncertainties, as future experience may vary from historical experience.
Readers should consider the applicability of these models, assumptions, and predictions for the future, and whether additional
margins for conservatism should be included. Ruark accepts no responsibility for actual results or future events. The opinions
expressed in this report are valid only for the purpose stated herein and as of the date of this report. No obligation is assumed to
revise this report to reflect changes, events or conditions, which occur subsequent to the date hereof. All decisions in connection with
the implementation or use of advice or recommendations contained in this report are the sole responsibility of the reader. This report
does not represent investment advice nor does it provide an opinion regarding the fairness of any transaction to any and all parties.
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o FUarK Agenda

e Complex experience data for long-term products
e Developing behavioral models using company and industry data
e Examples
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Complex experience data
for long-term products



O ruark Data

VA FIA

e 2008 through Jun-2017 e 2008 through Sep-2017

e 13.8 million policyholders e 3.3 million policyholders
e 77 million contract years e 17 million contract years
e 5905 billion ending AV e 5215 billion ending AV
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Surrenders
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VA surrenders vary by living benefit type...
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...and by partial withdrawal history
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...and over time
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VA surrenders decrease with moneyness
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Largest and smallest VA contracts behave differently
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FIA GLIB surrenders decrease with moneyness
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FIA GLIB surrenders vary by credited rates
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Partial Withdrawals and
Income Utilization
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Age and tax status are drivers of VA withdrawal frequency
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VA withdrawal behavior is becoming more efficient
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VA income commencement increases with moneyness
GLWB commencement frequency — LT and full WDs, Normalized by Age, Tax, and Duration
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FIA GLIB commencement rates vary by age...
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...and duration
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...and actuarial moneyness

15% - Normalized by Age, Tax, & Duration
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Developing behavioral models






Qruark Meta-modeling

e \What is the functional form of the model?

e How will you solve for the model parameters?
— How will you choose between alternative models?
— How will you quantify goodness-of-fit and predictive power?
— Do you have a specific objective function?

* How often will you update the model?
e How will you communicate this to stakeholders?
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o Udll ik Google it(ordustoffyourexam materials)

e Generalized linear model, logistic regression model
e Train and test data

e Goodness-of-fit, Bayesian Information Criterion

* Predictive power, standard error

e Bias-variance trade-off

e Qverfitting
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Examples



Sample 1: solving for model parameters

Bootstrapping approach for poodness-of-fit

Apply this to train data to determine preferred models that best fit the train data for each number of model factors.

For k=1 to n, determine the k-factor preferred model based on best goodness-of-fit metric (e.g. lowest BIC score).

Then for each k, determine (k+1)-factor preferred model with best goodness-of-fit metric.

Continue, and stop at n-factor preferred model when further improvements in goodness-of-fit metric become immaterial.

NMumber
of Factors Preferred Model Sample factors for annuity surrenders
o Constant Trivial model, such as average surrender rate across data period
1 Factor 1 Years Remaining in Surrender Charge Period
2 Factors 1, 2 Years Remaining in Surrender Charge Period, Partial wWithdrawal History

Years Remaining in Surrender Charge Period, Partial Withdrawal History, Presence of
3 Factors 1, 2, 3 Living Benefit

Years Remaining in Surrender Charge Period, Partial Withdrawal History, Presence of
4 Factors 1,2, 3.4 Living Benefit, Moneyness of Living Benefit

Years Remaining in Surrender Charge Period, Partial Withdrawal History, Presence of
n Factors 1, 2, 3,4, .... n Living Benefit, Moneyness of Living Benefit, Contract Size, Interaction Terms

26



Sample 1: solving for model parameters

BIC
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Sample 1: solving for model parameters

Testing predictive power
Apply this to test data to determine which of the n models abowve has the best predictive power.

For each of the n models above, perform j-fold cross-validation to determine average absolute AJE error across the j folds.
Choose the model with lowest average absolute AJE error.
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Sample 2: the power of more data, industry ~ 40x company
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Sample 2: the power of more data, industry ~ 40x company
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Sample 2: the power of more data, industry ~ 40x company

More statistically
justifiable model
factors, and
dramatically improved
fit and predictive
power.

Art+science, subject
matter expertise, and
actuarial judgment

More data and/or

relevant industry data
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O ruark

Actuary June/luly 2018

http://theactuarymagazine.org/when-is-your-own-data-not-enough/
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Discussion
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