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Stochastic Modeling Is on the Rise
Editor’s Note: In the last issue of The Messenger David Wylde and Michael Failor
examined “why” companies are designing and implementing stochastic models to
project death claims. Now they turn to the “how’s,” by examining closely one modeling
approach.
By David N. Wylde
Pricing Research Actuary,
Life Solutions
and Michael Failor
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In the June edition of The Messenger, we discussed the increasing use of stochastic
models in the actuarial arena, along with the benefits these models can provide. In this
article we discuss the design and implementation of a practical model for stochastically
projecting death claims from a fully underwritten term life insurance portfolio.

Monte Carlo Simulation
Stochastic models typically incorporate Monte Carlo simulation to reflect complex
stochastic variable interactions in which alternative analytic approaches would be
either unworkable or untenable at best. For the illustrative projection discussed in
this article, we developed a Monte Carlo simulation model to stochastically project 30
years of annual claims on a large fully underwritten term life insurance portfolio. The
implemented modeling process can be described in the following four high-level steps:
1.
2.
3.
4.

Input variable analysis and specification
Random sampling of input stochastic variables
Computation of death benefit projections
Aggregation and analysis of results

Input Variable Specification
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We define input variables as either stochastic or deterministic. Deterministic variables
are assigned a predetermined fixed value or may be the result of a fixed non-random
formula. Stochastic input variables are assigned statistical distributions and may
correlate with other stochastic variables.
In our model, we defined three stochastic input variables: base mortality rate, mortality
improvement rate, and catastrophic mortality rate. We also defined one deterministic
variable: policy lapse rate.

Deterministic Policy Lapse Rate Variable
We could have modeled policy lapse rates stochastically based upon some realworld model of policyholder behavior. However, determining appropriate statistical
distributions and correlations for our particular project proved to be difficult: the
policyholder’s decision to lapse term insurance is typically not driven by external
fluctuating forces such as interest rates or stock market indices, but by other less
tractable criteria. We chose instead to use predetermined best estimate lapse rates
in the Monte Carlo simulation to lapse individual policies randomly (see“Lapse
Rates in a Principles-Based World.” The Messenger, June, 2007.).

This stochastic variable reflects the uncertainty in
determining an underlying best estimate mortality
assumption for our portfolio. For this exercise, we
referenced a recent mortality experience study for the
portfolio. We can think of a mortality study as one
random sample from the portfolio’s “true” mortality.
Just as with any random sample, uncertainty exists
as to whether the sample is a good representation
of the population (Figure 1). The left chart in Figure
1 shows the range of actual-to-expected (A/E) ratios
that an experience study might produce for a portfolio
where we expect only 25 claims. The right chart shows
the range for a portfolio with 1,250 expected claims.
The uncertainty about a particular study’s credible
representation of the population is a function of the
expected claim count, and decreases as the count
increases.
Figure 1 – Distribution of Experience Study A/E Ratios

Figure 2 – U.S. Population Mortality Improvement
Male 45-49
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Mortality among males age 45-49 improved noticeably 1970-1982, but since
has flattened out.

appropriate periods for the analysis
(Figure 2). A significant and
seemingly permanent change in
the pattern of mortality occurred
around 1982, so we used data from
only 1982 to 2007 in our analysis.
For this period, we determined that
trended mortality had an annualized
mean improvement rate of 0.8
percent with a standard deviation of
approximately 0.4 percent.

Mortality improvement rates
vary significantly by attained
age, so we created a vector of
The uncertainty surounding a particular study’s credibilty in representing the population is a function of the
improvement assumptions by age
expected claim count. The lower the count (left), the greater the uncertainty.
group. Recognizing that mortality
improvement is correlated among
age groups, we also determined a
We can model this uncertainty stochastically. With
correlation
matrix
reflecting
historical correlations in
mortality as a binomial process, the experience study’s
improvement rates.
overall mortality is our mean assumption and 1 /
√(#claims) is an approximation to its standard deviation.
Then, for a given stochastic iteration, we used the
Normal approximation to the Binomial to randomly
select a base mortality assumption for that iteration
(“Credibility Analysis for Mortality Experience Studies –
Part 1,” The Messenger, March 2008.).

Stochastic Mortality Improvement Rate Variable
In our model, mortality improves as we project our
portfolio into the future. However, just as with base
mortality, there is uncertainty surrounds the rate at
which this improvement will occur. We calculated
long-term mean improvement rates, along with
corresponding standard deviations, based upon an
analysis of US population mortality. We reviewed
historical trends over the past 20-30 years to select

Using the US population data, we determined that a
Normal distribution best represented the fluctuation
of improvement rates around the long-term mean.
Given the mean and standard deviation parameters, we
stochastically generated 10,000 mortality improvement
rate scenarios by attained-age group across the
projection horizon. We then randomly selected a single
scenario from these 10,000 scenarios for application in a
single stochastic projection iteration of the portfolio.

Stochastic Catastrophic Mortality Variable
Unlike the property/casualty sector, we are concerned
only about catastrophes that result in significant loss
of life. Natural disasters were less impactful than
pandemics and other disasters, which have the potential
for loss of life in far greater numbers. Our model

includes a stochastic variable representing additional
lives lost in a given calendar year from three types of
disasters: pandemics, earthquakes, and terrorist attacks.
From third-party data sources, we developed frequency
and severity distributions for each of these three types
of disasters and randomly sampled these distributions
for each projection year (Figure 3).
Figure 3 – Frequency and Severity of Pandemics

The graph shows the annual probability that an influenza pandemic will cause
mortality greater than the X-axis values shown. (Influenza pandemics: Time for
a reality check? Swiss Re, March 2007.)

For each projection year, we randomly sampled the
additional catastrophic mortality rate that was then
added to the base mortality of each individual life.
In the next issue we will show how these variables are
used and how to analyze the results. ∞

