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Abstract We propose the use of parametric bootstrap methods to investigate the
finite sample distribution of the maximum likelihood estimator for the parameter
vector of a stochastic mortality model. Particular emphasis is placed on the effect
that the size of the underlying population has on the distribution of the MLE in finite
samples, and on the dependency structure of the resulting estimator: that is, the
dependencies between estimators for the age, period and cohort effects in our
model. In addition, we study the distribution of a likelihood ratio test statistic where
we test a null hypothesis about the true parameters in our model. Finally, we apply
the LRT to the cohort effects estimated from observed mortality rates for females in
England and Wales and males in Scotland.

Keywords Small population - Age effect - Period effect - Cohort effect - Bootstrap -
Parameter uncertainty - Systematic parameter difference - Likelihood ratio test -
Power of test

1 Introduction

Stochastic mortality models are widely used as risk management tools in the
insurance and pensions industry with the main application being the generation of
plausible scenarios for future mortality rates. Many stochastic mortality models
have been introduced in the last few decades. When new models have been
developed the objective was mostly to improve the goodness of fit of the model to
mortality data observed in relatively large populations: the Lee-Carter model and its
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refinements (e.g. [3, 23, 31]) have been developed to provide a good fit to the
mortality rates observed in the United States, England and Wales and the population
of UK male assured lives; while the Cairns-Blake-Dowd ([6]) model (CBD) was
introduced for modelling the England and Wales males population at higher ages.

In contrast, actuaries will often face the problem of modelling the mortality
experience of much smaller populations, for example, the members of a pension
scheme. Empirical research has found that mortality rates of smaller populations
exhibit significantly more variability compared to the observed rates in larger
populations. Furthermore, models that fit large countries well, might not be
appropriate for smaller populations, for example, [3] showed that the Lee-Carter
model provides a rather poor fit to the mortality experience of smaller populations.
A related issue is that empirical data from smaller populations might only be
available for a relatively short period, which makes mortality projections rather
uncertain. As a result, a number of recent papers have aimed to develop models
specifically for smaller populations: for example, the Saint Model of [18].

A common assumption for many of the proposed models is that the observed
numbers of deaths are realisations of random variables with a Poisson distribution
given the underlying mortality rates. The estimation of parameters of any such
model is therefore based on samples from a Poisson distribution, and, as always in
statistics, parameter uncertainty is related to the sample size. Furthermore, many
results about the distribution of estimators and corresponding confidence intervals
rely on the Maximum Likelihood theorem and large sample sizes.

The increased uncertainty about estimated parameters for small populations
results in high levels of uncertainty about projected mortality rates. As a
consequence future realised mortality rates will not only diverge from projected
rates due to future sampling variation caused by the Poisson distribution, but might
also diverge from projections since the projections themselves are uncertain.

In the actuarial literature, simulation techniques have been proposed for dealing
with uncertain parameters and projected mortality rates. For example, [24]
investigated mortality uncertainty by applying a block bootstrap method on the
Lee-Carter model, and [4] proposed Poisson bootstrap methods for mortality
forecasting. [6] studied the parameter uncertainty of the two factor CBD model by
adopting a Bayesian approach. Czado et al. and Pedroza [12, 29] carried out the first
Bayesian analysis using Markov Chain Monte Carlo (MCMC) of the Lee-Carter
model, with further work by [21, 22]. Reichmuth and Sarferaz [30] applied MCMC
to a version of the [31] model. Cairns et al. (2011) applied MCMC to a two-
population Age-Period-Cohort model by combining the Poisson likelihood for the
deaths counts with time series likelihood functions for the latent random period and
cohort effects.

However, to the best of our knowledge, bootstrap methods have not been applied
in a systematic way to investigate the impact of the size of a population on
parameter and projection uncertainty. This is the focus of our research in this paper.
We firstly apply Poisson parametric bootstrap methods to investigate how the
variation of parameter estimates and projections is affected by the size of a
population. The specific mortality model that we consider is a second generation
CBD model with added cohort effect: see Sect. 2 for details. We vary the size of the
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population by assigning weights to a chosen benchmark population, e.g. England
and Wales males. In simulation studies we find that the size of the population has a
significant effect on the variation of parameter estimates and projections.

Although we apply a weight to the benchmark population (i.e. scale it down), we
ensure that the mortality rates of the constructed small populations are equal to the
fitted mortality rates of the benchmark population. In such a situation, uncertainty in
projected mortality rates will be reduced if information from the benchmark
population parameter estimates can be used for fitting smaller populations. This
raises the question of how we can test for systematic differences between the
parameters driving mortality rates in a small population and a given null hypothesis
about those parameters, where the null hypothesis might have been obtained from a
model fitted to a much larger population. If no significant differences can be found
then it seems reasonable to use elements of the large population model fit to assist in
generation of scenarios for the small population. We therefore investigate the
properties of a likelihood ratio (LR) test for all or some of the estimated parameters,
and, in particular, consider the distribution of the test statistic based on the bootstrap
simulations. This allows us to investigate the power of the LR test and the effect of
varying population sizes on the rejection rates. We find that the population size has a
strong effect on the probability of a type II error. This is particularly relevant for
pension schemes since the acceptance of an incorrect null hypothesis might lead to
inaccurate mortality assumptions. To investigate the financial consequences of the
resulting misspecified model, we consider annuity prices based on different
assumptions about the underlying parameters of our model.

We apply the LR test in an empirical study. The null hypothesis for that study is
the estimated cohort effect for males in England and Wales. With this null
hypothesis we then carry out hypothesis tests using, first, mortality data for females
in England and Wales and, second, males in Scotland to check if their cohort effects
are significantly different from the estimated cohort effect for males in England and
Wales. We find for both populations that the estimated cohort effect is significantly
different from that in the null hypothesis.

The remainder of the paper is organised as follows. Section 2 introduces the
model, assumptions and the notations we apply. Section 3 discusses the process of
simulation and investigates the distribution of the maximum likelihood estimates,
the correlation between the estimates and how these will be affected by changing
the population size. In Sect. 4, we investigate the effect of the population size on
forecasting by projecting the parameters as well as the mortality rates. Section 5
introduces a likelihood ratio test for testing systematic deviations of the true
parameters from a given null hypothesis. The power of the likelihood ratio test is
also analysed and we then investigate how significant the impact of shifting and
scaling parameters is on the fitted mortality rates and corresponding annuity prices
in Sect. 6. Finally, Sects. 7 and 8 include the LRT for testing a null hypothesis about
the cohort effect only, and an empirical example for this test is provided. Section 9
provides our final conclusions.
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2 The model
We denote by D(#, x) the number of deaths during calendar year r = 1y, . . ., 1, atage
X =Xxi,...,%,, and by E(t, x) the corresponding central exposure to risk.
We will fit the following Poisson model to the observed death data, see [8]:
D(t,x)|0 ~Pois(m(0, t,x)E(t, x)) (1)
m(eatvx) :—IOg(l —q(@, t7x)) (2)
logit q(0,t,x) = ;ct(l) + Kfz)(x —x)+ KES)((X —x)> =) + y@x (3)

where the parameter vector 0 is given by

0= (1, k® Kk y®)

with the following interpretations:

. K,(i) is a period effect in year t = t1,...,1,, for eachi=1,2,3,
o = {xW, xk® kO3, where k) = {Kﬁi)}l:lh_“ fori=1,2,3,

° y£4> is the cohort effect for the cohort born in year ¢ =t — x,

4 _ @)
i V< ) - {/C }c:tlfx,,“,.”,t,,yfxl
e x is the mean of the age range we use for our analysis, and

In

e 7 is the mean of (x — )%

The reason for including the cohort effect is that it is a well established feature in
some populations such as England and Wales [8]. We do not claim that this model is
necessarily the best model for the datasets to be considered. However we select the
model based on a particular set of model selection criterion studied in Ref. [8]. The
choice of “M7” here reflects the work of Ref. [8] namely that we want to use a
model that fits the males from England and Wales well.

It is well known that the parameters in model (3) are not identifiable without
imposing constraints on their values. Nielsen and Nielsen [27] discussed the impact
of identifiability problems within stochastic mortality models on parameter
estimation, hypothesis testing and forecasting. Currie [11] discussed modelling
with M7 by writing the model as a generalized linear model with a non-full rank
design matrix. We follow Ref. [8] and apply the following constraints on 0:

S0 Yoo Lo
ceC ceC ceC

where C = t; — x,,,...,1,, — X1 is the set of all years of birth in a given dataset. In
this study, identifiability constraints are defined as part of our model system to
ensure all parameters are identifiable and provide a coherent framework for the
consideration of confidence intervals and for hypothesis testing. One can freely
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adopt any reasonable set of constraints to the model and the study would be focusing
on the results given the selected constraints.

To estimate the parameters in (3) we apply maximum likelihood estimation. The
log-likelihood function in our model is

1(0;D,E) = ZD(r,x)log[E(t, x)m(0,t,x)] — E(t,x)m(0,t,x) — log[D(t, x)!] (5)

where m(6,t,x) is given by (2) and (3). It is worth noticing that both the fitted
mortality rates and the log-likelihood function /(6; D, E) are invariant to the choice
of the identifiability constraints.

As mentioned earlier, in this paper we are concerned with the consequences of
small exposures, or population sizes, on the distribution of the maximum likelihood

estimator (MLE) 0 of 6. To study the distribution of the MLE 0 we will simulate
death data D(z, x) from the model in (1-3) using a given parameter vector 6y and
different exposure sizes.

To ensure that our results are relevant for typical values of 6 we first fit our model
to death and exposure data observed in England and Wales during the years 1961 to
2011 for males aged 50 to 89. Note that we do not claim that this is the only choice
of dataset. Any large population plus any model that is known to fit it well can be
used for this study. The reason for the choice of dataset is that we have familiarity
with the England and Wales data and the selected model fits the similar dataset well

in Ref. [8]. We then fix 0 to be equal to the estimated parameter vector éEw for this
data. Note that this is only an example for the true parameter vector 6y and our
analysis can be applied to other choices of 0. Mortality data for England and Wales
are obtained from the Human Mortality Database.' Note that we do not exclude
short cohorts from the estimation since we are interested in how the MLE fits the
short cohorts and the impact of small population sizes on the estimates.

The different exposure sizes used to simulate data in the remainder of this paper
will be relative to the exposure Ey(f,x) for a benchmark population. For reasons of
practical relevance and consistency with our choice of 6, the benchmark population
is the male population in England and Wales unless stated otherwise.

3 Distribution of MLE in finite samples
For any given parameter vector 0, and benchmark exposure Ey(z,x) we define the
small-sample exposure as

E"(t,x) = wEy(t,x)

for a constant w < 1. Table 1 shows the exposures for males in England and Wales
in our dataset in year 2011 with selected ages (50, 60, 70, 80, 89). The total
exposure for males in England and Wales in 2011 across all ages from 50 to 89 is

! Human Mortality Database. University of California, Berkeley (USA), and Max Planck Institute for
Demographic Research (Germany). Available at www.mortality.org or www.humanmortality.de (data
downloaded on 16 February, 2014).
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Table 1 The exposure of males in England and Wales (EW) in the dataset in year 2011 with selected
ages (50, 60, 70, 80, 89)

Age x 50 60 70 80 89

Exposure EwW 381, 797 307, 825 213, 455 134, 966 42, 640

9, 049, 613. The weights we consider in this paper are 1, 0.1, 0.01 and 0.001. The
smallest population will therefore have an exposure of 43 at age 89 and 382 at age
50.

We then simulate N scenarios for the death counts D" (¢, x) using the model in (1-
3) with 6 = 6. Through our simulation we obtain N independent scenarios D}'(#, x)

for the death counts with
Dy (t,x) ~Pois(m(, t, x)WEo(t,x))  for all j=1,...,N. (6)

A more general approach would be to consider a weights matrix W = {w,,}
allowing for weights to depend on age and calendar year. This would be particularly
relevant when our proposed methodology is applied to investigate the mortality of
members of a pension scheme with a very different age structure than the age
structure of the overall population in England and Wales. However, for clarity of
presentation, we only consider a constant weight applied to all ages and calendar
years.

3.1 MLE

To obtain MLEs for 0 for each simulated scenario j and each w we maximise the
log-likelihood functlon 1(6; Dy ,E") as given in (5) subject to the constraints in (4),
that is,

0; == arg max ¢l(0; D}, E"). (7)

Classical sampling theory tells us that
\/rv(éf - 00) DS N(0,H), as w — oo

for some positive semi definite matrix H (see Appendix A for further discussion).
Therefore, we would expect that, even in a finite sample, the co-variance of the

distribution of é]w is approximately to w—'H and the correlations between different
components of é]w are approximately independent of the relative population size w.
Using the simulated sample é;v, ey é;v, we can investigate the finite-sample
covariance and correlation matrices of éw In Fig. 1 we plot a graphical

representation of the correlation matrices of 0 that we obtain for two values of w.

We conclude from Fig. 1 that there are no significant differences between the
empirical correlation matrices obtained from different population sizes, as
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Fig. 1 The empirical correlation matrix of the simulated parameter estimates 0" for different values of
the population size w = 1 and w = 0.001. The grid lines at 51.5, 102.5 and 153.5 are used to visually
separate the parameters K,(l), KEZ), 1653), y£4> from each other in both dimensions. For instance, the bottom

left rectangle contains the correlations for ;C',(l)’w for the 51 years from 1960 to 2011

predicted. However, individual components of 0" are not independent from each
other as we would expect given the model in (1-3).

To investigate the finite-sample distribution of the MLE 0" further we plot the
empirical mean together with 90% confidence intervals for each of the components
of 0" in Fig. 2.

We find for all population sizes considered that the empirical means of the
simulated estimates fluctuate around the true parameter values 6y (solid line), which
indicates that the MLE is approximately unbiased for all considered population
sizes. However, the standard deviation of the estimator depends strongly on the size
of the population, increasing significantly as the exposures get smaller as can be
seen from the width of the confidence intervals.

The relative levels of the lines in the graphs on the right hand side of Fig. 2 show
that the level of fluctuation increases approximately by a factor 1/n if the population
size is reduced by a factor 1 / n, which is consistent with the asymptotic covariance
matrix being proportional to 1 / w. It also suggests that the variance is generally
stable for all the period effects over years, which is not the case for the cohort effect
with a wave shaped pattern. We notice that the standard deviation of y% widens out
considerably at both ends, reflecting the reducing number of observations that we
have for the younger and older cohorts. It is worth recalling that the finite-sample

distribution of the MLE 0" varies if different sets of constraints are defined in the
model system: that is, for a given w, the shapes of the various confidence intervals
might be different if other identifiability constraints are used. The impact of the
identifiability constraints in our study can be removed by calculating the following
quantities of the point estimates: A3;€,(l)’w, Az}%gz),w’ AJ€§3)’W and A3)?£4)’W for
w=1,0.1,0.01,0.001, where AF represents the k" order difference. The finite-
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sample distribution of these quantities and the corresponding standard deviation are
shown in Fig. 3, where unsurprisingly the right column implies that our conclusion
regarding to the proportional relationship between the variance and the population
size holds.
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«Fig. 2 The distribution of MLEs: the mean and confidence interval (left column) and the log-scaled

standard deviation (right column) of the MLEs of !, @ 13 7M™ with respect to year 7 and year

of birth ¢ respectively, of populations with w = 1 (dashed line), w = 0.1 (long dashed line), 0.01 (dotted
line), 0.001 (dot dashed line), together with the parameter estimates for the England and Wales
population (solid line). Note: the upper bound of the CI in the left column is the 95% quantile of the
distribution and the lower bound is the 5% quantile

4 Mortality projections

While fitting the model in (1-3) to observed mortality data only requires the
estimation of the period effects x; = (K£l>,K£2),K§3))/ and the cohort effect y£4),
projecting mortality rates into the future requires a model for values of i; for ¢ > 1,

where 7, is the last year for which mortality data are available. Similarly, future
values of the cohort effect y#) are also required.

The most common approach to obtain future values of x and y* is to consider
these parameter vectors as observed trajectories of stochastic processes and fit a
parametric time series model to each trajectory. In the following we will fit a three-
dimensional random walk to x;, and a stationary AR(1) model to y£4), as in Ref. [8].
We will then discuss the estimation of the parameters of those models based on the
values of 0y and élw for different values of w. This will allow us to investigate the
impact of the relative population size w on the estimators for the parameters of the x
and 7 processes.

For the estimation of those parameters and the projections of the period effects
and the cohort effect we will consider two approaches. Firstly, we will use a
frequentest approach to obtain point estimates of the process parameters ignoring
any uncertainty about those estimates. In our further analysis we will follow a
Bayesian approach to incorporate parameter uncertainty into our mortality
projections.

4.1 Projecting period effects

As mentioned above, we model the period effects «; as a three-dimensional normal
random walk.

Ak, = u+ Le, (8)
where Ax; = k; — K,_ and the ¢, = (e§1>, e,(z), 6(3))/ are independent random vectors
with a multivariate standard normal distribution. The parameter vector p is the 3 x 1

drift vector of the random walk and L is the 3 x 3 Cholesky decomposition of the
covariance matrix V = LL'.

4.1.1 Point estimators

Having generated N scenarios for the number of deaths according to (6) and having

estimated the parameter vector éjw in each scenario as in (7), we can now apply the
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Fig. 3 The distribution of k™ order difference of MLEs: the mean and confidence interval (left column)
and the log-scaled standard deviation (right column) of A3;€fl)‘w, Az;e@"‘”, Az%,m‘w and A3)5£,4)’W, with
respect to year ¢ and year of birth ¢ respectively, of populations with w = 1 (dashed line), w = 0.1 (long
dashed line), 0.01 (dotted line), 0.001 (dot dashed line), together with the parameter estimates for the
England and Wales population (solid line). Note: the upper bound of the CI in the left column is the 95%
quantile of the distribution and the lower bound is the 5% quantile
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random walk model to the period effects in 6y and éw for every generated scenario j.
We then apply the usual (i.e. maximum likelihood) point estimators ,u "and V for
each simulated scenario of D} (¢, x). The estimators for the three components of I
(scenario j) are

In
AW [ 1 - A(1),w A(1),w .
) =— > @ =k =123 9)

and the entries of the estimated 3 X 3 covariance matrix V;v are

IZ[(AKE] Aw())(AK fﬂ;”(k)ﬂ; ik=1,23.

t=t;+1

V(zk

(10)

The corresponding estimators for u and V for the true trajectory 6, are defined
similarly.

4.1.2 Bayesian estimation—parameter uncertainty

As mentioned earlier we model uncertainty about the parameters p and V by
applying a Bayesian approach to estimation. We denote by p the density of the prior
joint distribution of the two parameters. Assuming that we have no prior knowledge
about the true values of y and V, we use the Jeffreys prior density

_3
p(u V) o [V[ 2,

where V1 is the determinant of V (see for example, [16]). Using this prior distri-
bution in each scenario j, the posterior distribution is given by the inverse Wishart
distribution for V and a multivariate normal distribution for p, that is,

~yp\ 1 AW . —1 /W —
(Vj ) |AR}" ~; Wishart(n, — 2, (n, — 1) vhH™ (11)
IV AR ~N (@ (ny = 1) V) (12)

where ﬂ;” and \7]W are the estimates obtained from é]w as defined in (9) and (10).

4.1.3 Empirical comparison

For our empirical study we simulate N = 1000 scenarios for different values of w
and plot the empirical density of the point estimator 4" in (9) based on the sample
Ay, ..., iy on the left hand side of Fig. 4. To incorporate parameter uncertainty we
draw a further sample of size M = 100 from the posterior distribution of ﬂ}” in (12)

in each scenario j=1,...,N. The empirical density of ﬂ}“ from these N x M
realisations is shown on the right hand side of Fig. 4.
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Fig. 4 The impact of population size on the distribution of the random walk drift, from population of
w =1 (dotted line), w = 0.1 (long-dashed line), w = 0.01 (solid line), w = 0.001 (dot dashed line) and
England and Wales (vertical line). The left column is the density of drift without allowance to the
parameter uncertainty; the right column is the density of drift with allowance to the parameter uncertainty

By comparing the densities in the two columns of that figure we observe that the
additional parameter uncertainty increases the variance of the empirical distribu-
tions of the drift estimators. This can be explained by investigating the source of
uncertainty to the drift. The variation to the point estimator " (i) with no allowance
for parameter uncertainty comes from the Poisson noise in the number of deaths
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from the bootstrap simulations, while the variance of the Bayesian estimator {" (i)
with allowance for extra parameter uncertainty also includes the uncertainty
(Eq. 12) from the posterior distribution given the Poisson noise.

We also find in Fig. 4 that the size of a population affects the uncertainty about
the drift vector u. The variance of the empirical finite sample distribution of both
estimators, [ and [ decreases significantly when the population size increases,
although the difference between w =1 and w = 0.01 is rather small as is
particularly obvious for the Bayesian estimator i Fig. 5

However, for smaller values of w we find that the population size has a much
more pronounced effect on the variance. For example, the range of likely values of
19 is significantly wider than the range of values of %' and fi' reflecting the
uncertainty about " that we have already observed in Fig. 2 top left. The same
argument applies to the point estimators fi.

To investigate parameter uncertainty further we calculate the standard deviations
for the distributions of fi and fi in Fig. 4. Those standard deviations are shown in
Table 2. We observe that the standard deviation of the point estimator /i is increased
approximately by a factor /10 if the population size is reduced by a factor 10. The
situation becomes more complicated when for the Bayesian estimator ji since the

(a) The Density of oy (b) The Density of ay
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Fig. 5 The effect of removing the cohort effects of short cohorts on the distribution of the parameter

estimators of the AR(1) model for w = 1. We investigate the distribution of parameter estimates when the
first and last 1, 2, 3, 4, 5, 6 cohorts are removed
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Table 2 The finite sample standard deviation of £ and [

i=1 i=2 i=3

Point estimator {1" (i) w=1 0.0000966 0.0000071 0.00000113
w=0.1 0.0003050 0.0000217 0.00000343
w =0.01 0.0009777 0.0000727 0.00001068
w = 0.001 0.0028787 0.0002206 0.00003387

Bayesian estimator fi* (i) w = 0.00369 0.000173 0.00000936
w=0.1 0.00396 0.000222 0.0000162
w =0.01 0.00620 0.000505 0.0000458
w = 0.001 0.01689 0.001566 0.0001478

variance of the posterior distribution affects the finite sample variance of the
estimator. There is no obvious proportional relationship between population size
and variation, which suggests that the size of the population is not the only
determinant of the variance of fi.

To investigate the impact of the relative population size w and the inclusion of
parameter uncertainty on the empirical distribution of the estimated co-variance

matrix V of the random walk in (8) we compare the empirical means of V and V
obtained for different values of w. The means of the estimated co-variance matrix V

are:
6.82 x 107* 2.12x 107° 542 x 1077
V]=[212x107 141x107% 299 x 1078
542x 1077 299 x 1078 4.30 x 107°
18.7x107%  —152x 107  4.61 x 107°
=] -1.52x 107 1.25 x 1073 —1.89 x 1077
461 x 107  —1.89x1077 0.99 x 1077

and the mean values of the Bayesian estimator V are

7.58 x 107* 237 x 1075 6.06 x 1077

E[V]=|237x10° 158x10° 3.35x10°%
6.06 x 107 335x10° 4.79 x 10~°
2090 x 104 —1.74x 1075 5.11 x 1076
EV™ = —174x10° 139x10° —2.10x 1077

511 x 107 —2.10x 1077 1.11 x 1077

The corresponding estimated covariance matrices, VEW  for England and Wales
based on the single sample paths of x;, and 7. and the mean of Bayesian estimator
are
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670 x 104 2.16 x 105 4.94 x 107

reV™" =1 216 x 105 131 x 1076 3.18 x 108
494 %107 3.18x 10 3.30 x 10~
549 % 107% 1.80x 1075 1.05x 1077

=] 1.80x 1075 1.07 x 10 2.19 x 108
1.05x 1077 2.19 % 1078 3.06 x 10~

Comparing the mean values of V and V with the estimates obtained from the
England and Wales data we find significant differences in the estimated covariances.
In particular, for smaller populations (e.g. w=0.01) sampling variation pushes up
significantly estimates of the covariance matrix. In addition, sampling variation also
widens the distribution of V around these mean values for smaller values of w. On
the other hand, for a given value of w, the inclusion of full Bayesian parameter
uncertainty moving from V to V has rather less of an impact.

Finally, the projected parameters based on the Bayesian estimates /i and V are
shown in Fig. 7. As we expected, the prediction intervals reflecting the uncertainty
about future values of the period effects are very wide for small populations. The
plots also suggest that the means of the co-variances are right biased compared to
the estimate for England and Wales. The variance of projection for all the
populations are much higher than the estimates, due to the additional normal
randomness added in the forecasting model by simulating the sample paths for x and
7). However, the left column shows that there is no obvious proportional
relationship between the population size and projection variance. By investigating
the mean co-variance matrices, we find that the increase of E [Vgg] from w = 0.01 to
w =1 is of the highest among the three period effects, which suggests that the
standard deviation of projection for K§]> and K,(Z) is not as sensitive as K,(S) to the
change of population size.

4.2 Projecting the cohort effect

As mentioned earlier we fit an AR(1) model to the cohort effect. We will not
investigate how additional parameter uncertainty influences mortality projections,
but will only use point estimates for the parameters in the AR(1) model. To be
precise, our model is given by

2= o0+, (4 = o) + e (13)

Figure 2 shows that the variance of the estimated cohort effect is very large for the
very early and very late years of birth, in particular, for w = 0.01 and 0.001. This is
a consequence of the very few observations available for those cohorts. We
therefore remove the cohorts with six or less observations. Cohorts are removed
equally from the beginning and the end.

However, removing short cohorts could significantly influence the estimated
values of the parameters. To investigate the effect of removing short cohorts in more
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Fig. 6 The comparison of the distribution of the parameter estimates of the AR(1)model between the
constructed populations w = 1 (dotted line), w = 0:1 (long dashed),w = 0:01 (solid), w = 0:001 (dot
dashed) and England and Wales (vertical line)

detail we plot the empirical densities for the parameters in (13) based on the
estimated parameters in each simulated scenario j for w = 1. We find that the
distribution of & is not significantly affected by removing cohorts which is also the
case for the estimated variance of €. when more than 4 cohorts are removed in total.
In contrast, ¢, is shifted to the left as more cohorts are removed. Further we notice
that the variance of the estimators for all three parameters stays approximately
unchanged regardless of how many cohorts are removed.

After having removed cohorts with six or less observations from the data, we fit
the AR(1) model in (13) to the rest of the cohort effects. The resulting density of the
parameter estimates of the model are shown in Fig. 6. All of the parameter estimates
and the standard deviation of error terms appear to be biased relative to the estimate
for England and Wales, regardless of the size of population. However, we find that
reducing the population size will greatly increase the mean bias as well as the
uncertainty.

We now forecast the cohort effect from ?gi)'_v;l_() — 7182 instead of 74y} and the

result is shown in Fig. 6d. The variation in the projected cohort effects for the years
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Fig. 7 The comparison of twenty-year forward projection of Kf‘]vg,x,(ig,;cfi‘),,yﬁf‘l, of weight w=

1,0.1,0.01,0.001 with England and Wales. Note: We forecast the cohort effect from the last sixth cohort
instead of the very last one due to the cohort removal. The upper bound of the CI is the 95% quantile of
the distribution and lower bound is the 5% quantile. Parameter uncertainty is allowed in the projection

1956 to 1961 now comes from the Poisson and Normal randomness, which is not as
great as variation at the two tails of the estimates observed in Fig. 2 where no
cohorts have been removed. Within the sample, the confidence intervals are
narrower for cohorts with greater numbers of observed years (ranging from 7 to 40)
and greater numbers of deaths since variance is reduced by having more number of
observations.

4.3 Projected mortality rates

Based on the projected period and cohort effects we can now turn to the projection
of mortality rates using our model in (1)-(3). Figure 8 shows the twenty-year
forward projections of mortality rates at ages 65 and 85. We compare the predicted
rates with and without the allowance for parameter uncertainty for all the
constructed populations with the projections based on the England and Wales data.
Unsurprisingly, the uncertainty about future mortality rates increases as the forecast
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(a) Projected mortality with allowance for Parameter Uncertainty
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(b) Projected mortality with no allowance for Parameter Uncertainty

Age=85 LT T
o | -
I
[So |
o 1
[
3
5 Age=65 Tl
S
% v
£
[To R
I
© |
1
T T T T
1990 2000 2010 2020 2030

Year

Fig. 8 The log-scaled 90% prediction intervals of twenty-year forward mortality rate projections with
(upper plot, a) and without (lower plot, b) allowance for parameter uncertainty at ages 65 and 85, for
population size w = 1 (dashed line), 0.1 (long dashed line), 0.01 (dotted), 0.001 (dot dashed line) and
England and Wales (solid line). Note that the solid line at the left end is the estimated mortality rate of the
England and Wales population, with length of 20 years. The upper bound of the prediction interval is the
95% quantile of the distribution and lower bound is the 5% quantile
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horizon increases. The other two factors which significantly influence the projection
uncertainty are age and population size.

Reducing the population size results in greater uncertainty about mortality
forecasts for both ages. For example, the uncertainty is much greater for the smaller
populations (w = 0.01,0.001) at both ages 65 and 85. This means that there is
considerable uncertainty about future mortality scenarios for a relatively small
pension scheme with significant implications for the risk management of such a
scheme.

Comparing parts (a) and (b) of Fig. 8§ we find that the inclusion of parameter
uncertainty for the drift parameter p adds further uncertainty about the projected
mortality rates. This reflects the additional randomness from not having a
sufficiently long period of observed rates. We notice that the difference of variance
between including and excluding parameter uncertainty increases as time increases.
Thus parameter uncertainty becomes much less important when only relatively short
forecast horizons are considered. Similar results can be found in Fig. 6 of [6] which
shows the log scaled variance of both, with and without parameter uncertainty, for
the survival index. Our findings are also in line with results obtained by [20] who
have found that the uncertainty about the drift of the period effect in a Lee-Carter
model has little impact on the uncertainty of short term projections while it
significantly affects the uncertainty of long-term projections. This supports our
conclusion that the differences in the variances are tiny when the projection horizon
tis very small, and become more significant for long term projection. We notice that
for age 65 the intervals are not smooth in some years due to the cohort effect.

We also notice that age seems to affect the amount of uncertainty around the
central projection differently in small and large populations. To illustrate this further
we consider the standard deviation of projected mortality rates as a function of age
for a fixed projection horizon. Figure 9 shows the log-scaled standard deviation of
the projected mortality rates in the calendar year 2030 with respect to age. We find
in this figure that the variance is an increasing function of age if the population size
is rather large. In contrast, we find for the smallest population (w = 0.001) that the
variance only starts to increase from about age 70 while it is constant or slightly
decreasing for younger ages. As we found in Fig. 8, at age 65 (and also at age 85),
the three largest populations have prediction intervals which are of similar width.
However, Fig. 9 shows that the much wider prediction intervals for the two smaller
populations seem to be less affected by age with the relative increase in the standard
deviation from age 65 to 85 being smaller than for the large populations. We are
also interested in how much of the forecast variation is due to the impact of
sampling variation and parameter uncertainty on the covariance matrix, V, and the
drift, . To investigate this, we consider four experiments outlined below. Note that
we still projected the cohort effect, given the point estimates for population w with
the method introduced in Sect. 4.2 and we sample from the empirical distribution of

fi and V without considering the Bayesian posterior.

1. Project mortality rates for each constructed population, while fixing the
parameters u and V of the random walk to the estimates obtained from the
England and Wales data.
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(a) Log-scaled standard deviation of projected mortality with allowance for Parameter Uncertainty
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(b) Log-scaled standard deviation of projected mortality with no allowance for Parameter Uncertainty
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Fig. 9 The log-scaled standard deviation of projected mortality rates with (upper plot) and without
(lower plot) allowance for parameter uncertainty in year 2030 with respect to age for population size
w = 1 (dashed line), 0.1 (long dashed line), 0.01 (dotted), 0.001 (dot dashed line) and England and Wales
(solid line)

2.

Project mortality rates for each constructed population, while fixing only the

drift u to the corresponding EW estimates and sample realisations of V from its

empirical distribution.

Project mortality rates for each constructed population, while fixing only the
variance matrix V to the corresponding EW estimates and sample the drift
parameter from the empirical distribution of fi.
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(a) Projected Mortality forw = 0.001 (b) Projected Mortality for w = 0.1
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Fig. 10 The projected mortality rates at age 65 and 85 for population sizes w = 0.001 (left), w = 0.1
(right) for the four experiments outlined in Table 4.3. The upper bound of the prediction interval is the
95% quantile of the distribution and the lower bound is the 5% quantile. Note that the solid line at the left
end is the true mortality rate of the England and Wales population, up to year 2011

4. Project mortality rates when both V and u are samples from the empirical
distribution of V and fi.

The results are shown in Fig. 10. We find that fixing parameters has a significant
effect on mortality forecasting when populations are very small (w = 0.001) in
Fig. 10a. We can see that the widths of prediction intervals for our experiments 1
and 3 are much narrower than for experiments 2 and 4, and the difference of
variance is greater for long term projections. The major difference between these
two scenarios is that we fix the co-variance matrix V to its estimate obtained from
England and Wales data in experiments 1 and 3. Thus we conclude that a major
source of uncertainty for our mortality forecasts comes from the bias in the
estimated covariance matrix for small populations.

4.4 Summary

To summarise, forecasts levels of uncertainty in future mortality are biased upwards
for two reasons. First, and most obvious, the Poisson noise in the data biases up
estimates of the random walk covariance matrix to a significant extent (Fig. 10).
Second, when we include a Bayesian analysis of parameter uncertainty, uncertainty
in the random walk drift resulting from observation over a relatively small number
of years is pushed up by the small population bias in the covariance matrix, V. This
has its greatest impact in longer term forecasts, and less impact in the short term.

5 Likelihood ratio test for systematic parameter difference
We have seen that the size of a population has a substantial impact on the level of

uncertainty about the parameters of the model in (1-3) when this model is fitted to
the population’s mortality data. This raises the question whether the estimated
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period and cohort effects in 6 = (;cﬁ”, K,(2>, K§3>,y£‘4)) for a small a population are

significantly different from those in a given, typically much larger, reference
population. To address this question we apply a likelihood ratio test to test for
significant deviations of estimated parameters from a given null hypothesis using
the maximum likelihood estimator 9 defined in (7) for simulated mortality data Dw
as in (6). We are particularly mterested in the finite sample distribution of the test
statistic as compared to its asymptotic distribution. As in Sect. 3 we will use
simulated deaths scenarios to investigate the finite sample distribution and the
power of the likelihood ratio test (LRT) applied to mortality data. We will start with
a short review of the LRT.

5.1 Review of likelihood ratio test

The LRT used in this study follows the generalized form of the LRT as defined in
Ref. [19]. For a random variable X with a distribution that depends on a parameter
vector 0, the likelihood function is defined as usual:

L(x]6) : Hf (x:10),

where f;(.]0) is the probability density function of X; given the parameter vector 0.
We assume that 0 := (0,, 0;) is a vector of r + s parameters. The null hypothesis
and alternative for the LRT concern only the parameters in 0,, that is,

H() : 9,— = 9,-0;H1 : 0, 7& 0,0. (14)

In order to calculate the test statistic, we first find the MLE of (6,, 6;), which leads
to the unconditional maximum of the likelihood function

0 := (Ora 0Y) = arg maxg, o) L(x[0,, 05). (15)
We then find the MLE of 0; assuming that the null hypothesis is fulfilled, that is,

05 := arg maxg,L(x|0,9, 05). (16)

In general 0, = és(ﬁro) + 0,. We use the notation éS(H,O) to emphasis that 0, is
conditional on the value of 0,.
We now define the test statistic in the usual way:

o L(x|9r07 és)

I' =— —.
L(x]0,,0,)

(17)

[33] proved that when Hy holds, I" asymptotically follows a central y? distribution
with r degrees of freedom. From the central limit theorem, it follows that the y2
distribution can be approximated by a normal distribution with mean r, given r is
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sufficiently large.” Thus we expect that the distribution of " should approximately
be symmetric around r.

Before we start testing our null hypothesis, it is worth considering the testability
of the hypothesis.” In our approach the constraints in Equation (4) in Sect. 2 are part
of the model and therefore the effective number of parameters that are identifiable is
the total number of parameters reduced by the number of constraints. In this paper,
we formulate the constraints in terms of the cohort effect y since we will in
particular consider the case 6, = 7y in our empirical study. If the test is about one of
the period effects we could reformulate the constraints in terms of that period effect
(strictly, therefore, a different model). In that way, the constraints are always
fulfilled under Hy. In short, the constraints should be chosen such that the null
hypothesis fulfils the constraints. In other words, we are testing the null hypothesis
that the mortality experience is generated by mortality rates that follow model M7
with the constraints in Equation (4) and 0, = 0,,.

In the reminder of this section we will consider a null hypothesis about the entire
parameter vector 6 setting s = 0. In Sect. 7 we will then consider a null hypothesis
about the cohort effect y only, that is s > 0.

5.2 Finite sample distribution of LRT

As mentioned above, we now consider a test for systematic parameter differences
involving all period effects and the cohort effect, that is, s=0 and
0=10,= (Kﬁl),;cgz),;c,@),yf‘ )). The null hypothesis and alternative are given in
(14), and the LRT statistic is defined in (17) which simplifies to

L(x|0,0)

I' = —2lo ~
L(x[0,)

(18)
since s = 0.
As in Sect. 3, we choose the male population in England and Wales as our base

case and set 0y = 9Ew.

To investigate the finite sample properties of the LRT in small populations we
apply a parametric bootstrap procedure in which we simulate N mortality scenarios,
estimate the parameter vector 6 as in Sect. 3 and apply the LRT in each scenario.
More precisely we use the following steps to find a bootstrap approximation of the
finite sample distribution of I': for different values of w and for each scenario
j=1...N we

1. simulate DJ‘.” as in (6),

2. find the estimate ij as in (7),
3. calculate the realisation of the LRT statistic F}“ as in (18) and

2 See [19] for more details about the likelihood ratio test and the asymptotic distribution of the LRT
statistic.

3 See [32] for more details about testable hypotheses.
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Fig. 11 Likelihood ratio test: a empirical CDF’s of test statistics for sample size N = 1000. b empirical
CDF’s of asymptotic p-values. Results shown for populations of w = 1 (solid line), w = 0.1 (dashed line),
w = 0.01 (dotted line) and w = 0.001 (dot dashed line). The mean of the asymptotic 1%40 distribution is
also shown as the vertical dashed line in plot (a)

4. calculate the p-value P} based on the asymptotic %>-distribution as Py =

PIX > F]W] where X is has y>-distribution with o degrees of freedom.

The degrees of freedom of the y? distribution in step 4 should be the effective
number of parameters denoted by o, which is the total number of parameters r less
the number of constraints, that is

o=3n,+n.—3

where n, is the number of years, and n. = n, + n, — 1 is total number of cohorts in
a given dataset without removing short cohorts. In our case, n, =51,
n. =514+40 — 1 =90, hence o = 240. After applying the parametric bootstrap
method we can generate the distribution of the test statistic. We expect that the
distribution of T should be approximately symmetric around 240.

For any population size w we can now find the empirical distribution function of
I'" based on the sample '}, ..., I'y. Furthermore, if the asymptotic x> approxi-
mation is accurate, the p-values P}, ..., Py should be independent and uniformly
distributed on [0, 1]. The cumulative distribution of the test statistic I and the p-
values P for all considered population sizes w are shown in Fig. 11 for N = 1000.
Figure 11a shows that the empirical distribution of I is indeed centred around
o = 240. We also observe in Fig. 11b that the cumulative distribution function of
the p-values resembles the distribution function of the uniform distribution on
[0, 1]. Both results indicate that the y*> approximation for the distribution of I'"
under the null hypothesis is very good for all values of w considered.

5.3 Power of the likelihood ratio test

In the last section, we carried out the likelihood ratio test for the parameter
difference and found that the 3> approximation does not fail to capture the feature of
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the test statistic [ when H, holds. We will now investigate how the population size
affects the power of LRT. In general, the power of a binary hypothesis is the
probability of correctly accepting the alternative hypothesis when it is true.*

As usual the power of a test is defined as

Prob(Reject Hy | Hy is True).

To evaluate the power of the LRT with a parametric bootstrap procedure similar to
the one used in the previous section we need to generate scenarios under the
alternative. So far we have considered a very general alternative 0, # 0,9. We will
now need to specify this alternative further. To this end we define four alternative
models and investigate the power assuming that the “true” data generating model is
one of those alternatives. The four models we consider for the alternative shift or
scale one of the period effects or the cohort effect estimated from the England and
Wales data.
More specifically, the alternatives we consider are:

00 ) )

. 92 :<Ké‘>m2>+i &7 )
o 0= (R R R+ )
I P

We then evaluate the power of the LRT against each of those alternatives with
different values of A. Note that we scaled the cohort effect by A units instead of

shifting it since shifting the cohort effect would result in the same fitted mortality
rates as shifting KSI) in 0. We note that a more general alternative could be
considered by allowing for combinations of the above. However, we wish to focus
on the impact of misspecifying individual parameters and the power of the test to
detect those misspecification.

We can now proceed as in the previous section with simulating death counts and

then apply the LRT for different alternatives and different values of 4. We define
D;V’m (t,x) to be the simulated deaths in scenario j = 1...N for the population of size

wEy(t,x) using the parameter 0% in our model, that is,

D!(1,.x) ~Pois(m(0", t, x)WE(t, x))

for any i = 1,2,3,4, where m is defined in (2) and (3). Note that death counts also
depend on 4.

Using the simulated death counts D;V’(i) we obtain the MLE 0;%'(!‘) as in (7). We

then use the asymptotic y-distribution to test the null hypothesis that the parameters

of our model are equal to the parameters obtained from the England and Wales

) w,(0)
P

populations. The p-values P i i (A) are then calculated as in step 4 in the

4 See [15] for more details on statistical power.
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previous section, and the null hypothesis is rejected in any scenario j for which

P;Vﬁ(l) <0.05, that is, the significance level of the test is 0.05.

The power of the LRT for any fixed alternative i, relative population size w and
fixed /A is the proportion of the simulated p-values which are less than 0.05, that is,
we count the number of scenarios for which the null hypothesis is rejected. More
specifically, we define the random variables

(1) = { 1 if PPO(7) <0.05( Hy rejected)
0 otherwise
(19)

w. (i 1 al w,(i) /4
RO =y RO
J=1

so that R"()(2) is the proportion of scenarios in which the null hypothesis is
rejected among N simulated scenarios. We call R"-(!) (A) the empirical rejection rate.

Since we are considering independent scenarios, R"()(1) has a Binomial
distribution,

NR™9()) ~Bin (N, Pl (z)) (20)

where p"()(2) is the (unknown) power of the LRT if alternative 0 with parameter
A is the true parameter set for the simulated death counts. Therefore, the empirical
rejection rate R™()(2) is an unbiased estimator for the power p*()(1) and the
estimated standard deviation of R*()(1) can easily be found from (20) in the usual
way.

Then we investigate sensitivity of the power with respect to the size of 1 and the

4)

size of population w. for each of the four cases, 0(1), e 0 , we consider a set of

values for / that are regularly spaced.
Figure 12 shows the obtained estimates R;-V"(i) (4) for the power as a function of 1

for different relative population sizes w. Note that for each alternative 0" and any
fixed 1 we have simulated N = 100 scenarios, which is less than in the previous
section. The reason is that we need to simulate those scenarios for each combination
of i (alternative) and 4, which makes the total number of simulated scenarios very
large.

Unsurprisingly, the power of the LRT is increasing in A for any 0" and relative
population size w; the more we shift/scale the null hypothesis, the easier it is for the
test to detect any shift/scaling. For the three period effects, decreasing the
population size will greatly reduce the capability of LRT to detect the same amount
of shift to a single parameter. We can also compare these plots with the earlier Fig. 2
which includes distributions of parameter estimates resulting from sampling
variation. By way of example, for w = 0.01 the width of the confidence interval in
Fig. 2e for xﬁi& is about 0.005. This is much larger than the shifts that are considered
in the power plot in Fig. 12. The reason why the latter values are so much lower is
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(@) The Power of LR test when #(!) shifted (b) The Power of LR test when «(2) shifted
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Fig. 12 The empirical rejection rates R™) (1) under the LRT together with error bars for relative
population sizes w = 1 (dashed line), w = 0.1 (long dashed line) and w = 0.01 (dotted line). The width of
the error bars is one standard error based on (20)

because we apply a systematic adjustment to all of the KPMZ, in contrast to random

adjustments (due to sampling variation) in the former.

6 Impact of parameter misspecification on mortality rates and annuities

We now investigate how significant the impact of shifting and scaling parameters is on
the fitted mortality rates and corresponding annuity prices. We consider again the four
alternatives in the previous section. For each of those and for each relative population
size w we determine the value of A that results in a power of 50% of the LRT, that is,
there is a 50% probability that the LRT will detect the wrong model and reject the null

hypothesis. Those values are denoted by 13’5(0 and shown in Table 3.

Table 3 The table contains the
size of shift required for 50%
power when each parameter is w1

shifted separately, with respect ’“0.§ : 0.003 0.006 0.02

Parameter shifted w=1 w=0.1 w=0.01

to population w = 1,0.1,0.01 e 0.0003 0.0006 0.002
05
1375(3) 0.0000025 0.000005 0.00018
) 1.03 1.09 1.32
05
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(a) The impact of n(l) shifted at year 2011 (b) The impact of ng?) shifted at year 2011
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Fig. 13 The impact of shifting each parameter separately on the estimated death rate of England and
Wales. The shift is determined when it results in 50% power for each population w = 1 (solid line),
w = 0.1 (dashed line) and w = 0.01 (dotted line)

We then calculate fitted mortality rates using the model in (2) and (3) with the
following parameter constellations:

o O = (R, 42,40, 1)
o O = RO 1 D)
o O = (DR, R 1, )
o O = (DD, 20 0)

To quantify the change in fitted mortality rates we calculate the following ratio

w,(1
w, (i) _ m(OOS( )7ta x)
o m(0o,t,x)
foreachi = 1,2, 3,4 and different values of w. We expect that shifting Kl(l), K,(Z) and

K§3> will result in a parallel shift upwards, tilting rates in an anti clockwise direction

and add some concavity to the rates respectively. This can indeed be seen in Fig-
ure 13 where we plot the ratio p:f)’c(i) for the year t = 2011. Figure 13d suggests that

scaling y£.4 ) tilts and introduces more fluctuation to the ratio. For all the four

parameters, reducing the relative population size w increased the relative change

pf)}m since A ’5@ increases. This confirms the intuitive idea that even misspecified
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parameters which produce significant changes in the fitted mortality rates are hard to
detect with an LRT when the exposures are small.

From a financial point of view the effect on fitted mortality rates is only relevant
in so far as annuity prices are affected. We will therefore consider the following
annuities and discuss the effect of the four alternatives specified above on their
values:

e A temporary annuity of £1 per annum payable annually in arrears to a life now
aged 65 exactly, starting at the beginning of year 2012 with term of 25 years. Its
expected present value is calculated as:

25
a65:ﬁ‘ = Z S(T + jv 65>/Uj

J=1

e An annuity of £1 per annum payable annually in arrears to a life now aged 55
exactly, deferred for 10 years, starting at the beginning of year 2012 with term of
25 years. Its expected present value is:

35
10|a55:ﬁ - Z S(T + j: 55>Uj
j=11

where v is the discount factor, S(T + 7, x) is the survival index for the probability of
an individual aged x exactly at the start of year 7, that will survive for the next ¢
years. We assume the interest rate of i = 2%. The reason for investigating the
deferred annuity is that Fig. 2g suggests that the estimates of cohort effect at
¢ = 1946 is approximately zero and the effect of scaling cohort estimates may not
be obvious on the annuity price but more obvious for .

We project the period and cohort effects in H(V)V_’S(l) (i=1,2,3,4) and éEW forward
for 35 years as in Sect. 4 where we use the point estimates defined in (9) and (10) for
the parameters of the random walk for the shifted period effects, that is, we do not
consider uncertainty about the drift and variance matrix of the random walk.
Annuity prices are calculated for each sample path and we then calculate the
average annuity price for each w with the ith parameter shifted or scaled. The results
are shown in Tables 4 and 5.

The effects of shifting the period effects and scaling the cohort effect are
somewhat varied. As might be expected, the impact on prices is most obvious for
w = 0.01. The impact on both types of annuity is straightforward to see for «(1): the
shift pushes up mortality rates at all ages and lowers prices. For k() there is more
impact on the age-65 annuity than the age-55 deferred annuity as the shift lowers
mortality at younger ages and raises it at higher ages. For %), also, the impact is
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Table 4 The impact of shifting each parameter separately on the price of a twenty five-year temporary
annuity for an individual aged at 65

Parameter shifted England and Wales w=1 w=0.1 w=0.01
K 14.67466 14.66393 14.65318 14.60280
K2 14.67466 14.66887 14.66307 14.63588
K3 14.67466 14.67500 14.67534 14.69850
y@ 14.67466 14.66997 14.66056 14.62441

The shift is determined when it results in 50% power for each population w = 1,0.1,0.01, which are
shown in Table 3. We assume an interest rate of 2%

Table 5 The impact of shifting each parameter separately on the price of a ten-year deferred twenty five-
year temporary annuity for an individual aged at 55

Parameter shifted England and Wales w=1 w=0.1 w = 0.01
K 11.96545 11.95599 11.94652 11.84214
) 11.96545 11.96358 11.96169 11.95266
x3) 11.96545 11.96565 11.96584 11.97920
@ 11.96545 11.96815 11.97355 11.99411

The shift is determined when it results in 50% power for each population w = 1,0.1,0.01, which are
shown in Table 3. We assume an interest rate of 2%

different at different ages. Finally, for y(*), the impact of scaling simply depends on
the sign and magnitude of the value of y(* for the cohort being priced.

Generally shifting or scaling the parameter estimates has no obvious effect on the
annuity price and smaller populations can be affected more. Thus for testing a null

_ AEW .
hypothesis Hy : 0"~ = 0", if we accept Hy when, in fact, they are actually

different (type II error) the financial consequence of this type II error will be small
in our case. In other words, the fact that we have accepted Hy means that GZV:O‘O',

. . . ~EW .
while not identical, must be very close to 6 , and that, therefore, any error in
pricing will also be very small.

7 Likelihood ratio test for the cohort effect

The general form of the LRT as reviewed in Sect. 5.1 allows us to test a null
hypothesis about parts of the parameter vector 0 (restricted by the specified
identifiability constraints as part of the model) rather than the entire
0= (Kﬁ‘),xﬁz),xﬁ”,yﬁ“)). Testing parts of 6 is particularly relevant if mortality
rates in a rather small population are modelled using estimated period or cohort
effects from a larger population. Setting one or more of the components of 6 equal
to the function of corresponding parameters estimated from the large population
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reduces the dimension of the parameter vector which needs to be estimated from the
small population where parameter uncertainty is rather strong as we have seen in
Sect. 3. The example we have in mind is a pension fund that uses national mortality
data to improve its mortality models, or when the mortality experience in a small
country is modelled based on the combined experience of other similar countries.

In the reminder of this section we will use the LRT to test a null hypothesis about
the cohort effect . In our general setting of Sect. 5.1 this means that

0, = y and 0, = (Kgl),ng)ﬂCgS))'

Our null hypothesis is then that y = ), where y, is a given vector of cohort effects,
for which we later use an estimated cohort effect from a different population. We
can now write the hypotheses as in (14) and proceed as in Sect. 5.2 to find the
distribution of the LRT statistic in (17) for a finite sample of death counts from a
small population.

For practical relevance we base our simulation study on the female and male
populations in England and Wales. We choose y, = £V which is the estimated
cohort effect from the mortality data for males in England and Wales. It is worth
noting that, as +EW already satisfies the identifiability constraints, the null hypothesis
Hy : y =7, has no testability problems under the given identifiability constraints
defined in the model system. To investigate finite sample properties of I" we will
need to specify a full parameter vector 6 to simulate scenarios for the death counts.
Having fixed the cohort effect y, we choose the period effects to be the estimated
period effects from data for the female population in England and Wales assuming
that the cohort effect for those data is actually y,. As we are mainly interested in
small populations we will consider deaths count scenarios for populations which
have exposures equal to wE; where Ej is here the exposure for the female
population in England and Wales.

More specifically, we first find the MLE 0, = arg max ¢, L(x|0,0 = 7y, 05) of the
period effects 0, = (K,(I), Kl(2>, K§3>) from data for females assuming that the cohort
effect is indeed 7, (which is the estimated cohort effect for males), see (16). Note

that no constraints are applied for finding 0, since the cohort is fixed and therefore
there is no identifiability problem. We then generate N realisations of the value of
the test statistic I for different values of the relative population size w using the
following algorithm:

1. Simulate death counts D} as in (6) using the parameter vector
0= (0:00) = (5.7 557 39)

to obtain scenarios D} for different values of the relative population size w.
The period effects K are estimated from data for females with the cohort effect
fixed to y,. The exposure is wEy where E; is the exposure for the female
population in England and Wales.

2. Find the MLE 0, j of period effects x in scenario j assuming that the null
hypothesis holds, as in (16).
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Fig. 14 The results of likelihood ratio test, with distributions of test statistics (a) and p-values (b), for the
population of w = 10 (solid line), w = 1 (dashed line), w = 0.1 (dotted line), w = 0.01 (dashed dotted
line) and w = 0.001. The left vertical dashed line is the mean of normal approximation for the Xfw, at
x = 87. The right dashed line at x = 110 is the true 95% quantile of population w = 1

3. Find the unrestricted MLE éj as in (15).
4. Calculate the value of the test statistic I ]W in (17) in each scenario j.
5. Calculate the p-values P} based on the asymptotic y2-distribution with o

degrees of freedom, where « is the number of parameters (cohorts) r minus the
number of constraints as in Sect. 5.2. For our data set we obtain « = 87.

The simulated distribution functions of the LRT statistic I'"" and the p-values P" are
shown in Fig. 14. The results suggest that changing the size of the population has no
significant impact on the distribution of I"™ and that the p-values are roughly
uniformly distributed for all w, which is an indication that the y2-approximation
works well for our data set as we have also found in Sect. 5.2 where the full
parameter vector was tested.

8 Empirical examples
We apply the LRT for the cohort effect in two empirical studies.
8.1 Females vs. males in England and Wales

The population for which we wish to test the cohort effect first is the female
population in England and Wales that we already considered in our simulation
study. Our null hypothesis is therefore that the true cohort effect for the female
population in England and Wales is equal to the estimated cohort effect for males in
England and Wales. Note that this is different from testing the hypothesis that the
male and female population share the same (true) cohort effect since we ignore the
uncertainty about the estimated cohort effect for males.
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Fig. 15 The estimates of cohort effect, for England and Wales males (solid line) andfemales (dashed
line), age 50 to 89 last birthday, over year 1961 to 2011

To illustrate the difference between the two cohort effects we plot in Fig. 15 the
estimated cohort effects for females and males. There are fairly strong similarities
between the two curves after about 1910, but there are also significant qualitative
differences before 1900. To check empirically, that these differences are not simply

the result of the identifiability constraints, one can plot 33(4)’M — 75(4)’F . If this looks

quadratic then the differences could, simply, be due to the identifiability constraint.

()M _ 5(4).F

But for these data, a plot of ol

more of a cubic shape).

This difference can be confirmed more formally using the LRT with the null
hypothesis that the females have the same cohort effect as the previously estimated
males cohort effect. The test statistic I' is approximately 6311, which is an
extremely high value for a y?-distribution with 87 degrees of freedom and is also
very high compared to the values of I" observed in our simulation study, see Fig. 14.
The p-value is therefore very close to zero, and we reject the null hypothesis that the
cohort effect fro the mortality of the female population is the same as the previously
estimated cohort effect for the male population.

would clearly not be quadratic (exhibiting

8.2 Male mortality in Scotland vs. England and Wales

A second, and more intriguing, empirical example concerns the cohort effects
estimated from mortality data for the male population in England and Wales versus
the male population in Scotland. Figure 16 compares the independently-estimated
cohort effects with a confidence interval added around the Scottish estimates.
Compared to Fig. 15, the two curves here look much more similar, with the pattern
of 35<4)’EW — 33(4)’5 again not like a quadratic function with respect to cohort year
c. On the other hand, we find that most of the cohort effects for males in England

and Wales lie outside of the confidence interval calculated for Scottish males. This
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Fig. 16 The estimates of cohort effect, for the males of England and Wales (solid line )and Scotland
(dotted line), age 50 to 89 last birthday, over year 1961 to 2011. The dashedlines are the CI for the cohort
effect of Scotland. The upper bound is 95% quantile ofthe distribution and the lower bound is 5% quantile

suggests that although the two populations have similar pattern for the cohort
estimates, the difference might still be significant.

For the LRT we again choose y, = 75" and then test the hypothesis that the true
cohort effect for Scottish males is equal to },. The 99% quantile of a y-distribution
with 87 degrees of freedom is approximately 121. For the test statistic we find
I' = 193.37 and we therefore reject the null hypothesis and conclude that the cohort
effect in Scotland is significantly different from the estimated cohort effect for
England and Wales. This indicates that there might be factors in the Scottish male
population that result in significant differences throughout time. However, we might
speculate that there is a common cohort effect, that is, for some reason, magnified in
Scotland. Investigating this in detail is beyond the scope of this paper, but we
speculate that a magnified effect might be the result of socio-economic differences
between the two populations: for example, cohort effects might be greater in lower
socio-economic groups.

9 Conclusion

In this paper, we investigated the finite sample distribution of the maximum
likelihood estimators for the parameters of a stochastic mortality model. We found
that the size of a population has a significant effect on the uncertainty about the
estimated parameters and mortality projections. In particular, we found that there
exists a bias in the estimated covariance matrix of the random walk fitted to the
period effects when the size of the underlying population is small. As a
consequence, prediction intervals are rather wide for small populations even when
parameter uncertainty is ignored.

To investigate if parameters estimated from larger populations can be used to
generate scenarios for smaller populations we investigated how a likelihood ratio
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test performs when applied to the mortality experience of a small population. We
found that the finite sample distribution of the test statistic is very close to the
asymptotically correct y> distribution and, therefore, the observed rejection rates are
close to the chosen significance level. However, we also found that the power of the
test depends strongly on the population size with the ability of the test to detect
deviations from the null hypothesis being significantly reduced when the size of the
underlying populations is small.

A brief investigation of annuity prices has shown that the misspecification of
parameters has a limited financial impact. Considering shifts in the parameter values
which the LR test would detect with a 50% chance we have seen that the impact of a
small population size is significant for deferred annuities. To have a complete
picture of possible further financial consequences, a more detailed study is required,
which is beyond the scope of this paper.

In our empirical analysis we then applied the LRT, and found that neither of the
mortality rates of the female population in England and Wales and the male
population in Scotland should be modelled with a cohort effect estimated from the
male population in England and Wales.

In this paper, we used the traditional two-stage fitting approach whereby the
period and cohort effects are estimated using the Poisson maximum likelihood
method in the first stage and a time series model is fitted to these effects in the
second stage. We have found that sampling variation in the small population
datasets has significant impact, which can then obscure the true signal in those
effects, and giving rise to misleading forecasts. Bayesian approaches that combines
the two stages into one, e.g., [29], Cairns et al. (2011) and [12]) can be used to
provide a way to address this problem. However, as use of the two-stage approach is
widespread (perhaps because of its relative simplicity) we have, here, attempted the
first systematic analysis of the impact of population size on parameter estimates and
forecasts using the two-stage approach. In this way, users of the two-stage approach
will be better informed about its limitations as well as understanding how the
likelihood ratio test might be used to exploit data from larger populations.

Acknowledgements Liang Chen is in receipt of an Actuarial Research Centre PhD scholarship funded
by the Faculty of Actuaries Endowment Fund and the Institute and Faculty of Actuaries. Andrew Cairns
and Torsten Kleinow acknowledge financial support from the Actuarial Research Centre of the Institute
and Faculty of Actuaries, and Netspar under project LMVP 2012.03.

Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 Inter-
national License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribu-
tion, and reproduction in any medium, provided you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license, and indicate if changes were made.

Derivation of the asymptotic distribution of 0,

Recall the log likelihood function

1(0,, D)\ EY) = f(t,x,0,) — g(t,x,0,) + h(t,x)
tx
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where

f(t,x,0,) =D} log[m(t,x, 0y )]
g(t,x,0) =wE}" m(t,x,0,)

and A(t, x) is not a function with respect to 0,,. The form of the column vector 0,
with 4ny + na — 1 dimensions is

n .2 @ .03 G @ )

_ (D T
ew - (Ktl,wv sy Kt,ly,w7 Ktl,wv sy Kt,,y,wa Kthwv sy Kt,,\,,wv ycl,wv sy ndy+na—l7W)

The second derivative of /(0,, D', E}',) is

tx0

ol ’f g

o, 408, oo,

For every pair of (z, x), m(t,x, 0,,) is a single value, thus the second derivative of f
and g with respect to 0,, is a Hessian matrix with 4ny 4+ na — 1 rows and columns,
with the form as

o’ o o
oy o adhen, el
&
o0, ; : : : :
o o o
T < XA G -

Thus the form of the element at row m and column 7 is

f Db dm(t,x0,)0m1,x,0,) DY @m(t,x0,)
axﬁ,’;?wax,‘{;)w m(t,x,ew)z 6K,(,i?w ax,({)w m(t, x,0,) GK,(,’;?WGK%,

where i,j € (1,2,3,4) and are not necessarily the same. Note that k@ represents the
cohort effect for convenience. Same derivation can be done for g, and we have

of - o*m(t,x,0,)

— " = W x - -
o, " ok ord),

Thus for each pair of (z, x), the expected value of the element of the second
derivative of [ is

*(f — g) B EY. 0m(t,x,0,)0m(r,x,0,)
ol mtx00) ok, o,
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. . . ~EW
Thus we have the fisher information matrix given 0 as

W EEY  lom(1,x,0,) (Om(t,x,0,)\"
1) =w | o0 20
x m(t,x,0 ) w w 0, =05

Further, given t = t,,,x = x,,,

am(tm,x, Ow) _ (am(tmaxny Qw) aq(GWa tmvxn)
69w B 561(9%'7 tnnxn) K(l)

tw

arrl(e"1/? tWHxn) aq(6W7 IWI?X’Y)
aqu, trm xn) Kj(4)

tw

=)

Ty .

where

’ {1 t=t,
10 otherwise.
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