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Abstract

This paper proposes an online multivariate cumulative sum (MCUSUM) moni-
toring procedure for detecting changes in mortality dynamics, with direct applica-
tions to mortality and longevity risk management for insurers and pension funds.
The method is built on Gaussian process (GP) non-parametric mortality forecasts,
and performs surveillance in real time by tracking multivariate forecast errors across
ages. We develop MCUSUM schemes targeting two practically relevant forms of
change: (i) a change in level, corresponding to an abrupt proportional shift in mor-
tality rates, and (ii) a change in trend, corresponding to a shift in the rate of mor-
tality improvement. In both cases, one-sided monitoring rules allow the practitioner
to focus on either adverse mortality shocks or adverse longevity developments. By
explicitly exploiting dependence between age groups, the proposed multivariate ap-
proach improves detection performance relative to collections of univariate control
charts. We evaluate the procedure through simulation experiments and empirical
applications to recent mortality data from France, Japan, Canada, and the USA,
and we further illustrate its use on a real-world life insurance portfolio.
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1 Introduction

Monitoring mortality in real time is central to the management of both mortality and
longevity risk. Life insurers and pension funds rely on forecasting models calibrated on
historical data to price products, set reserves, and hedge exposures; when the underlying
mortality dynamics shift, these models can become misspecified and generate material
basis risk. Recent experience has highlighted that such shifts may occur abruptly (e.g.,
shocks affecting multiple ages simultaneously) or gradually (e.g., changes in improvement
trends), and the financial impact depends critically on how quickly the change is detected
and incorporated into pricing and risk management. This motivates prospective surveil-
lance tools that can signal, as soon as possible, departures from the expected mortality
evolution while controlling false-alarm rates. A particular challenge is that mortality is
inherently multivariate: adjacent ages and cohorts exhibit strong dependence, so effective
monitoring should exploit cross-age information rather than treat age-specific series as
independent.

Recently, a few researchers have studied methods for detecting changes in mortality
dynamics, using multivariate control charts (Diaz-Rojo et al., 2020) or univariate proce-
dures such as the Shiryaev—Roberts procedure (Abgrall et al., 2018). In the latter case,
the intensity of the aggregate mortality is obtained by summing up the intensity at the
different ages invoking the standard independence assumption. As Pascual and Akhund-
janov (2020) pointed out, if different processes are independent, monitoring each process
separately can be very effective for detecting any change. However, mortality data are of-
ten correlated due to similarities in adjacent ages or cohorts (Xu et al., 2020, Jevti¢ et al.,
2013). In the presence of such correlations, a system of separate univariate monitoring
cannot be efficient as they ignore the dependence structure in the data.

For efficient monitoring of mortality rates in a multivariate setting, multivariate control
charts should be considered (see Jiang et al. (2011), Rogerson and Yamada (2004), Joner Jr
et al. (2008) in a general context). Multivariate methods generate powerful surveillance
schemes that are able to capture the dependence structure for which univariate control
charts are insensitive. Jiang et al. (2011) using breast cancer incidences and Pascual
and Akhundjanov (2020) using hepatitis C counts found that multivariate charts provide
faster and more accurate detection of outbreaks than the surveillance methods based
on the assumption of independence. For an overview of multivariate statistical process
control charts, we refer to Bersimis et al. (2007) and Qiu (2013).

In this paper, we consider the multivariate cusum (MCUSUM) control chart from
Healy (1987) for detecting a shift in the mean p of a multivariate normal process to an
out-of-control mean p. that the user wants to detect. In an actuarial context, p. may
correspond to a change of level or a change of trend in the observed death rates. To this
end, we use Gaussian processes (Rasmussen and Williams, 2005) as the basis for a Bayesian
non-parametric forecasting mortality model and use the difference between the predicted
and observed death rates to monitor change in an online fashion. The application of
Gaussian process (GP) models for mortality rates was already considered in a single-
population case by Ludkovski et al. (2018) and in a multi-population setting by Huynh
and Ludkovski (2021). The advantage of using GP as the baseline is that the predicted
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log death rates are multivariate normal distributed, allowing a direct application of the
MCUSUM algorithm while standard mortality models such as Lee and Carter (1992),
Brouhns et al. (2005), Cairns et al. (2006) often impose a relatively low-dimensional
dependence structure across ages through shared latent factors. This may be restrictive
in a monitoring context when one wishes to capture richer cross-age forecast dependence.

Among early contributions using GP for time series change detection, Chandola and
Vatsavai (2011) proposed a GP-based algorithm to identify changes in a univariate Nor-
malized Difference Vegetation Index (NDVI) time series. In contrast, our approach is
based on CUSUM rather than Exponentially Weighted Moving Average (EWMA) moni-
toring, and it is designed for multivariate rather than univariate processes.

More broadly, our work is related to two strands of the change-detection literature.
First, several authors have developed GP approaches for change-point detection, includ-
ing kernel constructions specifically designed to capture structural changes (Saatgi et al.,
2010, Caldarelli et al., 2022, Zhao and Pan, 2025). Second, recent work has empha-
sized the importance of dependence-aware or correlation-aware procedures in sequential
detection problems (Deng et al., 2025). Our contribution is complementary to these de-
velopments. We do not propose a new GP change-point kernel, nor a new general-purpose
dependence-aware detection method. Instead, we use GP regression as a flexible proba-
bilistic forecasting model for age-specific mortality and combine its multivariate Gaussian
predictive distribution with a MCUSUM surveillance rule targeted at actuarially mean-
ingful departures from the baseline mortality regime.

To summarize, this paper proposes an online mortality monitoring framework that
combines GP forecasting with multivariate CUSUM (MCUSUM) surveillance. We model
age-specific log death rates jointly using GP regression, which provides probabilistic fore-
casts and yields a multivariate Gaussian predictive distribution that is naturally com-
patible with the MCUSUM procedure. Building on this, we design MCUSUM schemes
to detect two actuarially meaningful departures from the baseline dynamics. First, we
consider a change of level in which mortality shifts from a baseline rate p to pp; this
setting allows us to monitor either mortality risk (p > 1, higher-than-expected mortality)
or longevity risk (p < 1, lower-than-expected mortality) by selecting the relevant direc-
tion of change. Second, we consider a change of trend in the mortality improvement rate;
this setting allows us to monitor either weaker-than-expected mortality improvements
or stronger-than-expected mortality improvements, depending on the direction of change
under consideration. The proposed multivariate approach explicitly exploits cross-age
dependence through the GP predictive covariance structure, in contrast to collections of
univariate charts that ignore this dependence. We evaluate the methodology on national
populations (USA, Canada, France and Japan; ages 50-89; 1991-2020) and on an insurer
portfolio, and we complement this with a simulation study showing that the multivari-
ate scheme detects these level and trend shifts faster than competing univariate CUSUM
procedures, with gains that increase as dependence across age classes strengthens.

The paper is structured as follows. In Section 2, we present the GP-based mortality
forecasting model and its multivariate Gaussian predictive distribution. Section 3 intro-
duces the MCUSUM monitoring framework and explains how it can be implemented for
two types of actuarially relevant departures from the baseline: (i) level shifts in mortal-
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ity and (ii) changes in mortality improvement trends, with one-sided schemes allowing
the practitioner to focus specifically on either mortality risk or longevity risk. Section
4 applies the proposed procedures to national populations described above and to a life
insurance portfolio. Section 5 reports a simulation study showing that our multivariate
monitoring scheme outperforms competing univariate CUSUM charts, with larger gains
when dependence across age classes is stronger. Section 6 concludes.

2 Gaussian Process Regression for mortality fore-
casting

We present briefly mortality forecasting based on GP. For an extended treatment on
the parameter choices, we refer to Ludkovski et al. (2018). Consider a (training) set
of observations (X,y) = {(m’,yz) li=1,... ,n} where each ! is an input vector of

dimension d and %’ is the corresponding output. In our case, x* is a bivariate vector
x = (.:L';ge, x_fyear) representing the age (or age tranche) and year of the data point, e.g.
x = (65,2020) or x = ([65,69],2020), and 3" is the corresponding logarithmic central
death rate y* = log(D!/E?) where D' and E* represent the annual deaths and exposures.
The goal is to find the relation between inputs and outputs. With a GP, this is done by

assuming ’ _ A
y = f(a') +<, (2.1)

where f(x) is a GP and &' ~ N (0,02) are i.i.d. random variables representing the noise
in the data.

A GP f(x) is a, possibly infinite, collection of random variables, any finite subset of
it having a joint Gaussian distribution. The process f(x) is completely defined by its
mean function m(x) and a covariance or kernel function k (x,«’). For a sample (X, f) =

{(a:i, fi> li=1,... ,n} generated from f(x), we then have
f~N(m(z), K(X,X)), (2.2)

where K (X, X) is the covariance matrix, defined as

K(X.X) = (2, ') - k(x?, ™)
k(x™ x') - k(z" x")

GP Regression is a Bayesian method as it starts from the prior GP (2.2) to impose
initial knowledge about the function f and then combines this with the observed data
points (X, y) using the Gaussian assumption (2.1), leading to a posterior distribution of
functions.

Consider a matrix X, consisting of n, test inputs and denote the corresponding (un-
known) vector of function values by f.. For instance, the new points &* may correspond
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to new age-year inputs for mortality projections. By detrending via f — m(x), we may
assume without loss of generality that m = 0. Then, the GP posterior distribution in the
test inputs is multivariate normal (Rasmussen and Williams, 2005) and given by

Fol X, X,y ~ N (K (X, X) [K (X, X) + 020y,

K (X., X.) = K (X, X) [K(X, X) + 0217 K (X, X.)). (2:3)

Point mortality predictions can then be obtained as the mean of the distribution (2.3).

GP is completely specified by its mean function m(x) and its covariance or kernel
function k (x,2’). In this paper, we use the most commonly used covariance function,
which is the squared exponential (SE) kernel,

k(x,x') = o} exp <|a:2l2m|>

/ (2.4)
= o} exp <_ T (0 xk)Q)

202

with 0]% the highest possible covariance and [ a length-scale parameter that determines
the smoothness of the fit. Both parameters are called hyperparameters and are estimated
using the training data, e.g. by maximizing the marginal log-likelihood:

1 1
—5 log(det(K (X, X))) — §yTK(X,X)_1y + constant.

In several applications, the mean function is often taken equal to zero, but can be modelled
using a set of basis functions by defining the function:

g(x) = f(x) + h(x)"B,

where f(x) is a GP with zero mean function m = 0 and kernel function k (x, '), h(x) is
a set of fixed basis functions and § are the corresponding coefficients that are estimated
from the training data. In this way the model appears as a linear model, where the
residuals are modelled via a GP.

This basis-function representation is introduced to emphasize the flexibility of the GP
framework. In the remainder of the paper, however, we use the following specific quadratic
mean specification, following Ludkovski et al. (2018):

m(x) = o + 517 Tage + B1“ Tyear + 057 00y (2.5)

For smoothing the mortality surface, the choice of the mean function has little effect, but
for mortality forecasting (that is, extrapolation), it plays an important role. Indeed, if
we predict data points far away from the training data points, the predictions will be
essentially driven by the prior mean; see Ludkovski et al. (2018) for a detailed discussion.
It was shown in Ludkovski et al. (2018) on US mortality data that the quadratic model
tends to perform better than the linear model without quadratic term. We use this
quadratic specification as a parsimonious baseline mean function, following Ludkovski
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et al. (2018), rather than as a universally optimal model for all populations considered
here. Figure 1 displays the observed historical and GP-predicted log death rates for
representative 5-year age groups 50-54, 65-69, and 85-89 in each country. The transition
from the calibration period (1990-2010) to the forecast period (2011-2020) is smooth,
with no visible discontinuity at the forecast boundary, and the extrapolated trajectories
remain qualitatively consistent with the age-specific historical trends.
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Figure 1: Observed and GP-predicted log death rates for selected ages 50, 65, and 85 in
Japan, France, Canada, and the USA. Points correspond to observed historical mortality
data over the calibration period 1990-2010. Solid lines represent the fitted Gaussian
process mean over the calibration period, while dashed lines represent the forecast mean
over 2011-2020. Shaded areas indicate the corresponding 95% predictive intervals. The
vertical dashed line marks the transition between the calibration and forecast periods.

Assume that we have mortality data for years ¢t = 1,...,T and we want to forecast N
years ahead. From the posterior distribution (2.3), we find that the vector of predicted
log death rates is multivariate normal, i.e.

y' = log (k) 2.6)
~ N(mt, Et)
for any prediction year t =T+ 1,...,T + N where at any time point ¢, the mean m; and

the covariance matrix ¥; are time-dependent. In this expression, log (p¢) is the vector of
log death rates:

I‘l't - (ﬂ'zl,ta o 7H'ZM,t)
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for different M age-groups, e.g. z; = [50;55); z2 = [55;60);...; 2y = [85;90). Following
(2.6), monitoring the central log death rates boils down to monitoring the mean of a
multivariate normal process, which is discussed in the next section.

3 Online monitoring via the MCUSUM algorithm

The CUSUM algorithm is a well-known sequential procedure based on likelihood ratios
for detecting a change in a process. Assume that we observe a sequence y = (yt)t21 of

random variables such that
Yyt ~F, 1<t<T,

NFQ, T+1§t,

where the distributions £} and F3 are known but the change point 7 is unknown and
deterministic. The objective is to determine if and when the shift from F} to Fy occurs.

The CUSUM algorithm signals that the change of distribution has happened the first

time: ( ) ( )
- f2 Y & fo (Y
o glog fily)) Iilgl?;log 1 (y) > L, (3.1)

where f; and f5 are the density functions corresponding to F; and Fj, respectively, and
L is a fixed threshold which is based on the rate of false alarms we are ready to accept.
More conveniently, the CUSUM can be computed recursively via Sy = 0 and

f2 (y") )
Sy =max | S;_1 +1o 0. 3.2

t ( o g fi(y?) (32)
Therefore, once we know the log ratio of densities, the CUSUM can be easily calculated.
Intuitively, the CUSUM increases at time ¢ if the likelihood that y* is coming from f, is
greater than the one that y* is coming from f1, i.e. fo (y*) > f1 (y?).

Assume now y® may come from a multivariate normal with an in-control mean 6,
or a multivariate normal with an out-of-control mean 6y, i.e. F; = N(0;,X) and
Fy = N(05,%) with a known covariance matrix X. In our application, p; and po
would correspond to best-estimate mortality assumptions and to some mortality shocks,
respectively. In that case, the log-likelihood ratio is given by

f2(yt) _ _ INv—=1,t
log ) (0, —6,)>"(y" —6,)

Inserting into Equation (3.2), the CUSUM for multivariate normal distribution, also called
MCUSUM, is given by

_ ;(92 0,50, — 0)) (3.3)

1
S, = max (SH +(62 - 61) 27 (yf —61) — (62— 61) 57 (62— 6) ,o) . (34)
Remark 3.1 One may wonder why we model mortality by age groups rather than by
single ages, and why we monitor the full age range instead of a narrower local window.
There are two main reasons.



First, the computation of the MCUSUM in (3.4) requires inversion of the covariance
matriz. For the standard age range [50,90) at single-year resolution, this leads in our em-
pirical applications to a high-dimensional and nearly singular covariance matriz. Grouping
ages reduces dimensionality and yields a more stable multivariate monitoring procedure.

Second, age grouping reflects a trade-off between statistical stability and resolution.
Finer groupings preserve more local age-specific information, but they increase sampling
noise and estimation error in the covariance structure. Coarser groupings reduce noise
and improve numerical stability, but may smooth out localized changes. We use 5-year
age groups as a pragmatic compromise that is standard in demographic and actuarial
applications and that performed well in our datasets.

This choice is not universal. If the practitioner is mainly concerned with a specific seg-
ment of the portfolio or liability structure, the same MCUSUM framework can be applied
to a local age window (for example, ages 60-70 for pension-related applications) rather
than to the full monitored age range. More generally, the relevant grouping should bal-
ance similarity within groups, dependence across groups, and the granularity needed for
the decision problem at hand.

3.1 Change of level detection

The best-estimate mortality projections can be monitored by investigating a possible shift
from the in-control mean m; of the log death rates to an alternative out-of-control mean
m,;. The change-point model can be expressed as

m; fori=1,...,7
m; fori=71+4+1,...

E [log (112)] ~ { (35)

where T, corresponds to a possible change of level of the multivariate mortality process.

When the in-control and out-of-control Gaussian parameters are allowed to vary with
time, the corresponding period-by-period Gaussian log-likelihood ratio can be inserted
into the usual CUSUM recursion, yielding

Sy =max(Si_1 + (Mg —my) ;7 (’yt - mt)
1 (3.6)

- §(Wt—’mt)/2t_l (my; —my),0),

where y? is the vector of observed log death rates

yt = (log(Dzht/Ezl,t), s ’log(DzM,t/EZM,t)) ) (37)

for different M age-groups, e.g. z; = [50;55); 22 = [55;60);...; 2y = [85;90). Equation
(3.6) is therefore the time-varying analogue of (3.4), obtained by replacing the constant
parameters (4, fo, 2) with their time-dependent counterparts (my, 7, ¥;) in the Gaus-
sian log-likelihood ratio.



As an illustrative actuarial benchmark, one may consider the 20% longevity stress used
in the Solvency II Standard Formula to compute the solvency capital requirement for the
longevity risk submodule.! In our framework, such an externally specified stress can be
represented as a proportional downward shift in mortality rates across all age groups:

u,fh""’k =0.8u; — 1og(p,fh°°k) = log () + log(0.8)1.
This example is used here only to illustrate how a pre-specified actuarial stress can be
translated into the monitoring framework; it should not be interpreted as a realistic model
of a pure level change, nor as a full representation of the Solvency II longevity stress.

Therefore, setting mm; = my+log(a)l in Equation (3.5) with o = 0.8 provides a simple
illustration of how a uniform proportional mortality shock can be incorporated into the
change-detection framework. Such a persistent proportional departure from the baseline
is referred to here as a change of level; see also Abgrall et al. (2018) for related level-shift
monitoring ideas in the Shiryaev-Roberts setting within a Poisson model.

In mortality applications, this terminology should be interpreted with care. Our ob-
jective is not to assume a literal discontinuity in mortality rates, but rather to detect
the onset of a period during which the previously calibrated forecasting model becomes
persistently misspecified relative to subsequent observations. In practice, such departures
may correspond to sustained structural changes in mortality dynamics, for example pro-
longed slowdowns in mortality improvement rates (Djeundje et al., 2022) or structural
changes in mortality projections documented in time-series models (Van Berkum et al.,
2016). By contrast, shocks such as Covid-19 may be transitory or persistent depending
on the context; see, for instance, the discussion in Richards (2024).

If one is only concerned with the change of level in the i-th age-group, we can of course
set Ty = my + log(a)e; where e; is the vector of zeros except 1 in the i-th place.

3.2 Change of trend detection

Apart from detecting a change of level in mortality rates, actuaries are also concerned
with the detection of a change of trend in mortality dynamics. In that case, rather than
observing a sudden and permanent shift in mortality rates, the change develops gradually
over time. To monitor such changes, it is natural to focus on mortality improvement rates.
We define the yearly mortality improvement by

Itﬁ=log<’%1> = — (log(p) — log (1))

£y
= — Alog(p,)- (3.8)

With this convention, positive values of I, correspond to improving mortality, and a
decrease in I, corresponds to a deterioration in the trend of mortality improvements.

'For further details on the Solvency II technical specifications, we refer to the Directive of European
Commission (2009).



Ludkovski et al. (2018) remarked that there are two possibilities to model mortality
improvements using GP. A first possibility is to compute historical mortality improve-
ments and then model these directly with a GP. This approach is in the same spirit as
Mitchell et al. (2013) who applied Lee-Carter on mortality improvements. The second
possiblity is to remark that the instanteneous mortality improvement is also a GP, there-
fore obtaining it as a by-product, see Proposition 1 in Ludkovski et al. (2018). Since
Alog(p,) is Gaussian as a difference of two Gaussian vectors, the mortality improvement
vector I = —Alog(p,) is also Gaussian:

It NN(m{721€I)

for some mean vector m! and covariance matrix 3.

The change-point model for trend detection can then be expressed as

I
m, fort=1,...,7,
I

where ™, corresponds to a possible change in the mortality improvement trend. For
instance, if we want to detect a deterioration in mortality improvements of size a > 0, we
may consider a downward shift in the improvement factor from ¢; to ¢; — o, where

c = exp(m{).
This yields the out-of-control mean
m{ = log (exp (m{) — a) ,

which corresponds to weaker improvements than expected.

By a direct adaptation of (3.6), the MCUSUM for trend detection is given by

Sy =max (St + (1 — ml) (517 (! —m})
1

— 5 (= mi) (=) (m! - m) 0).

where y! is the vector of observed mortality improvements, namely

ytI = log(ut_l) - 108;(/%) = _(yt - yt—l)'

3.3 Choice of threshold

The choice of the threshold L in (3.1) which determines the moment when we stop the
algorithm is closely related to the concept of false alarm. In the literature of sequential
control, the standard approach is to compute the in-control average run length ARLy,
that is the expected number of sampling periods until we hit the threshold L, in case
there is no change (so the name “in-control") (Li et al., 2014, Pascual and Akhundjanov,
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2020). For instance, if ARLy = 100 and the periods are years, this means that we have, on
average, a false alarm once every 100 years. Another approach to determine the threshold
is to look at the probability of false alarm rather than the expected average time (Abgrall
et al., 2018). In this case, the threshold L is determined by solving

P [max S; > L} =« (3.11)
1<i<T
where (5;),.,r is the MCUSUM sequence when no change occurs (i.e. in our case,
the sequence is following the expected GP-based mortality forecasts). The parameter a
needs to be determined by the user based on the desired trade-off between false alarms and
detection delay. In particular, a more risk-averse decision-maker may be willing to tolerate
a higher false-alarm probability in exchange for faster detection of adverse changes.

4 Monitoring longevity and mortality risks: Appli-
cations to real mortality data

In this section we apply the MCUSUM algorithm described in Section 3 to national
mortality data from France, Canada, USA and Japan, and on a life insurance portfolio.
For the national data, we focus on the male death data and the corresponding exposures,
for ages 50-89 by age tranches of 5 years and the years 1991-2020 extracted from the
Human Mortality Database (HMD).? In our analysis, we split the data into two parts: the
first 20 years (1991-2010) are used to calibrate the model using the GP approach described
in Section 2 and the last 10 years (2011-2020) are used to detect a possible longevity or
mortality risk in the data using the MCUSUM approach. This choice reflects a trade-
off. A sufficiently long pre-monitoring period is needed to estimate the baseline mortality
surface and, in particular, the improvement trend in a stable manner. At the same
time, using a relatively recent calibration window helps keep the baseline representative
of contemporary mortality dynamics. To assess the sensitivity of our conclusions to this
choice, we also considered an alternative split with an earlier calibration period (1981-
2000) and a longer monitoring window (2001-2020); the corresponding results are reported
in Appendix A. The main qualitative conclusions remain unchanged. Similar to Ludkovski
et al. (2018), the R package DiceKriging (Roustant et al., 2012) was used to implement
our GP model. The implementation of the MCUSUM for level and trend detection given
in Equations (3.6) and (3.10) respectively is straightforward. To determine the threshold
(3.11), the probability of false alarm is set to 1%. Since the resulting threshold L may differ
across countries and monitoring specifications, we report in the figures the normalized
monitoring statistic

St

L

This rescaling is used only for visual comparability across datasets: the alarm threshold
then becomes S; = 1 in all cases, and the stopping rule is equivalently given by S, > 1.

Sy =

2See www.mortality.org.
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4.1 Detecting a change of level
4.1.1 Study on HMD data

First, we apply the MCUSUM to detect a possible increase or decrease of 5% in the level
of death rates, i.e. we set
m; = my + log(p)1

in Equation (3.5) with p = 0.95 for the longevity level risk and p = 1.05 for the mortality
level risk.

Figure 2 shows the MCUSUM for the mortality and longevity risk over the 10-year
detection period 2011-2020 for Japan, France, Canada and USA. We presented also the
percentage change in the 40-year period survival probability of a male individual aged 50
to illustrate the change between the observed survival probability and the GP-predicted
survival probability. We observe that a change of level is detected at p = 1.05 for the
USA and Canada indicating a mortality risk for both countries, and a change at p = 0.95
for Japan, which shows evidence of a 5% decrease in Japanese male death rates for all
age tranches. This is in agreement with other case studies that observed a mortality
deterioration in North America but improvements in Japan (Case and Deaton, 2015,
Leon et al., 2019, Raleigh, 2019, Djeundje et al., 2022). A close look at the survival
probability indicates a sharp decline in 2020 due to Covid-19 with a 7% percentage loss
for the survival probability in the USA.

The case of Japan is particularly interesting because the longevity-risk MCUSUM is
triggered (Figure 2, panel C) even though the observed and GP-predicted 40-year survival
probabilities remain close (Figure 2, panel A). This illustrates that the multivariate mon-
itoring procedure can reveal changes that are not visible from a simple aggregate survival
indicator. To better understand this signal, Figure 3 reports the percentage difference be-
tween observed and GP-predicted death rates by age group and year for Japanese males.
A compensation effect appears: mortality worsens at the oldest ages, but this is offset
in the aggregate by mortality improvements at younger ages, especially around ages 50—
59. This suggests that the MCUSUM signal is driven by a change in the age pattern of
mortality deviations rather than by a uniform shift in aggregate mortality.

The previous analysis suggests that, at least for Japan, the relevant deviation from the
baseline is not well represented by a uniform level shift across all ages. Instead, the age-
specific residuals point to a structured pattern combining lower-than-expected mortality
at younger ages and higher-than-expected mortality at the oldest ages.

To illustrate the flexibility of the proposed framework, we next consider a retrospective
age-structured alternative in which the out-of-control mean varies by age group rather than
through a common multiplicative factor. This exercise is not intended as a genuine ex
ante detection experiment, since the specification is motivated by the age profile observed
in Figure 3. Its purpose is instead to show that, when a practitioner has prior reason to
monitor a non-uniform age pattern, an appropriately specified MCUSUM can detect such
departures earlier than a uniform-shift detector.
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A Change in the survival probability from age 50 to 90
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Figure 2: A: Percentage change difference of the 40-year survival probability of an indi-
vidual aged 50 between the observed survival probability and the GP-predicted survival
probability. B: MCUSUM for the detection of a change at the level p = 1.05 (mortality
risk). C: MCUSUM for the detection of a change at the level p = 0.95 (longevity risk).
Dotted lines represent the detection threshold.

To illustrate this idea, Figure 4 reports two stylized age-structured alternatives applied
to all four populations based on HMD data for ages 50-99 by 5-year age groups. We
first consider a stylized age-structured alternative, loosely motivated by the U.S. pattern:
mortality rates below age 70 are multiplied by 0.95, rates between ages 70 and 80 are
unchanged, and rates above age 80 are multiplied by 1.05 (left panel of Figure 4). Relative
to the uniform-shift specification of Figure 2, this alternative illustrates how the MCUSUM
can be adapted to monitor simultaneous longevity improvements at younger ages and
mortality deterioration at older ages.

We then consider a second stylized age-structured alternative motivated by the Japanese
age profile: mortality rates below age 80 are multiplied by 0.95, rates between ages 80 and
90 are unchanged, and rates above age 90 are multiplied by 1.05 (right panel of Figure 4).
Under this retrospective specification, the monitoring statistic signals earlier than under
the uniform level-shift alternative. This does not mean that the age pattern was identified
prospectively in 2014; rather, it shows that non-uniform alternatives can be substantially
more informative when the underlying departure from the baseline operates through a
changing age structure.
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Figure 3: Percentage change between observed and GP-predicted death rates by age
tranches for Japanese males.
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Figure 4: Left: MCUSUM for the HMD national-population data with a changing de-
tection level:p = 0.95 before 70 years, p = 1 between 70 and 80 years, p = 1.05 after
80 years. Right: MCUSUM for for the HMD national-population data with a changing
detection level: p = 0.95 before 80 years, p = 1 between 80 and 90 years, p = 1.05 after
90 years.

4.1.2 Study on real-world insurance data

To complement the study based on HMD data, we now present an illustration using a real-
world French life insurance portfolio. The underlying dataset covers the period 1970-2024
and contains approximately 179,000 insured individuals, around 70% of whom are male. In
the present analysis, we focus on the richest male quartile of the portfolio, corresponding
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to roughly 31,000 policyholders. The age range considered in this illustration is 65-99
years.

After a preliminary mortality analysis based on standardized mortality ratios (SMRs),
comparing the insurer population mortality with the French national insured population
prospective mortality table for males (TGHO05), we observe that for this wealthy male
subpopulation the SMRs are below 1 at younger old ages and above 1 at older ages
(see Figure 5). This pattern is consistent with a possible rectangularization phenomenon
(Fries, 1980, Carter et al., 2001) and further supports the relevance of refining classical
detection techniques in order to allow for different behaviours across age groups.

We perform a detection analysis similar to the one conducted for HMD data on this
portfolio and motivated by the observed mortality rate switch from Figure 5. These
results (see Figure 6) confirm the hypotheses of mortality level changes across different
age groups. Indeed, we do not detect anything in the first three graphs, which correspond
to the cases where:

1. we have p = 1.05 constant for all age groups, indicating an overall increase in
mortality across the entire portfolio;

2. we leave p unchanged below 80 years old and p = 1.05 after, which corresponds to
an increase in mortality after 80 years;

3. we have p = 0.95 below 80 years old and unchanged afterward, indicating an increase
in longevity before 80 years.

Finally, we detect a regime change in the last case, when we monitor both a 5%
increase in longevity for age groups under 80 (p = 0.95) and a 5% increase in mortality
for those over 80 (p = 1.05).

These results seem to be in line with the rectangularization of mortality curves, char-
acterized by a compression of mortality rates towards older ages and predicted by demog-
raphers like Olshansky et al. (2005). Gavrilova and Gavrilov (2015) believe that there is
a biological age limit or a Gompertzialization of mortality (which increases exponentially
with age). This means that even if mortality rates among younger age groups continue
to decline, overall life expectancy will not increase significantly, even in well-developed
countries, due to the increase in mortality rates among older age groups. This trend can
be explained by the biological limits to longevity (see Olshansky et al. (2005)). While
the human body has inherent biological constraints that make it more susceptible to age-
related illnesses, such as cancer, cardiovascular diseases, and neurodegenerative disorders.
These illnesses tend to be more severe in old age and are less easily recoverable. Others
factors (global warming, pollution, health system saturation) can negatively affect older
populations, increasing vulnerability to health risks.

We now modify our real-world dataset (a group of male policyholders from a port-
folio of a French life insurer) by a uniform and constant factor that does not affect the
interpretation of the results. The mortality rates calculated from this dataset represent
average mortality rates over the five-year period from 2017 to 2022. These rates have been
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Figure 5: Mean Standardized Mortality Ratio by single age within the richest quartile of
the insurer’s portfolio and the TGHO5 data from 2017 to 2024.

smoothed using a Savitzky—Golay filter (see Schafer (2011)), which is a signal-processing
technique designed to preserve broad trends while reducing noise. Our filter applies a
fiftth-order localized polynomial regression to obtain a smoother representation of mor-
tality rates and make the age pattern easier to visualize. We emphasize, however, that
this smoothing step is used here for descriptive purposes only, in order to make the rect-
angularization pattern more visible. Smoothing may affect the behavior of monitoring
procedures such as MCUSUM: while it reduces high-frequency noise, it can also attenu-
ate abrupt local deviations and thus alter the timing or magnitude of detection signals.
The smoothed curves should therefore be interpreted as illustrative rather than as the ba-
sis for a formal real-time monitoring exercise. Additionally, we use again the prospective
mortality table TGHO05 (2006) (still in force for male insured population in France). It
provides age-specific mortality rates for male insured individuals and is commonly used
in French actuarial calculations to estimate life expectancy and assess longevity risk since
2007.

The toy model adopted in Figure 7 is as follows: starting from the TGHO05 mortal-
ity table, 20% of individuals who were originally expected to die before the age of 87 are
assumed to avoid death due to advancements in medical science, their access to new treat-
ments, improved healthcare facilities, better preventive measures, and enhanced disease
management strategies: they continue their life and we assume in this model that they do
not have any additional mortality risk penalty (compared to other ones) after this avoided
death instant. Secondly, we increase the mortality rates projected initially by this table
in 2006 by 10% due to factors such as the increasing prevalence of chronic diseases, en-
vironmental changes affecting public health, an aging population with higher frailty, and
the potential long-term effects of emerging health crises. The impact of this modification
to the TGHO5 mortality table is illustrated in Figure 7. We observe that our toy model
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Figure 6: Multivariate CUSUM for insurer’s richest quartile portfolio.

closely aligns with the filtered and adjusted mortality rates derived from the insurer’s
population data. The fact that we can reproduce real-world mortality patterns with a
very simple model shows that it is likely that some future actuarial assumptions may in-
clude a rectangularisation component. It is therefore desirable to anticipate this evolution
and to opt for monitoring techniques that can accomodate such refinement, which is the
case for MCUSUM. As mortality rates become more rectangular, with a greater concen-
tration of deaths occurring at older ages, the detection of changes in mortality patterns
becomes even more critical. The MCUSUM, with its ability to capture joint behavior and
correlations among age tranches, offers a valuable tool for monitoring these changes and
assessing longevity and mortality risks. The comparison of MCUSUM performance with
other techniques to monitor rectangularisation is left for future research.

4.2 Detecting a change of trend

As pointed out by Hunt and Villegas (2022), actuaries in practice are often interested in
the mortality improvement rates rather than the level of death rates. Indeed, practitioners
usually make a level assumption to move from the national population to the specific
insurance portfolio or pension scheme. Then, improvements rates, often estimated at the
national level, are applied to the sub-populations even though there might be a basis risk
(Villegas et al., 2017). The concept of mortality improvement rates is widely adopted e.g.
in the United Kingdom with the CMI Mortality Projection Model (see CMI (2009)) and
the Scale AA improvement rates by the Society of Actuaries in the United States (see
SOA (2020)).

Following Section 3.2, we consider the detection of a change in mortality improvement
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Figure 7. TGHO05’s, SVG-filtered modified insurer’s mortality rates and toy model mor-
tality rate from 2017 to 2022.

trends. More specifically, we consider an increase or decrease of 1% in the mortality
improvement factor by setting

m; = log (exp (mt[ ) — a)

with a = 0.01 for weaker-than-expected improvements and
m! = log (exp (mf) + a)

with a = 0.01 for stronger-than-expected improvements.

Figure 8 shows the MCUSUM for the mortality and longevity trend risk over the
10-year detection period 2011-2020 for Japan, France, Canada and USA. The figure also
represents for each year the observed difference in mortality improvements averaged over
age tranches:

1 M
Difference; = i > (Mlzbts — Mlgf) (4.1)
i=1
where M is the number of age classes, Mlgf’f and Mlgf are the observed mortality im-
provements and the GP-predicted mortality improvements for the age-tranche z and year
t.

Contrary to the MCUSUM for the level detection, the MCUSUM for the trend de-
tection is more unstable due to the volatility of the mortality improvements themselves.
Indeed, it is well documented that observed mortality improvements are extremely noisy
as being the ratio of two small quantities (see Hunt and Villegas (2022) and the refer-
ences therein). In particular, for a change of 1% with a probability of false alarm of 1%,
the MCUSUM for the longevity and mortality trend risk hits the threshold for almost
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Figure 8: A: Difference averaged by age tranches between the observed improvement rates
and the GP-predicted improvement rates. Dotted lines represent the levels 1% and —1%.
B: MCUSUM for the detection of a change in the trend at the level o = 1% (longevity
trend risk). C: MCUSUM for the detection of a change in the trend at the level « = —1%
(mortality trend risk). Dotted lines in B and C represent the detection threshold (L = 1).

all countries (except the USA for the longevity trend risk). These results are consistent
with Figure 8 (Graph A) where we notice that the year of detection of the MCUSUM
corresponds to the year in which the average observed difference (4.1) exits the range
[—1%,1%]. Given the volatility of mortality improvements, this analysis suggests to in-
crease the parameter |a| > 0.01 or decrease the probability of false alarm to e.g. 0.1 %
to focus on large long-term changes of the trend.

To complete our analysis, we provide in Figure 9 the difference between the observed
and GP-predicted mortality improvements in Japan, complementary figure to mortality
rates in Figure 3. We remark that the MCUSUM for the longevity trend risk was essen-
tially driven by the mortality improvements in the younger age classes (50-70) during the
period 2011-2015 but since then, there is a stagnation of mortality improvements. Such
stagnation can also be observed by the decrease of the MCUSUM for longevity trend risk
for Japan on Figure 8 (Graph B).

To conclude this section, both level risk and trend risk are important for effective mor-
tality risk management. Informally, level risk concerns whether mortality is immediately
above or below the baseline forecast, whereas trend risk concerns whether the rate of
mortality improvement has changed. Monitoring trend risk is more challenging because a
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Figure 9: Difference between observed and GP-predicted mortality improvement rates by
age tranches for Japanese males.

change in trend affects the slope of the mortality trajectory rather than its current level,
so the resulting deviation from the baseline accumulates only gradually over time. Con-
sequently, more post-change observations are typically needed to detect a trend change
reliably than a level shift. For this reason, in our real-world dataset we only report results
for level-risk monitoring.

5 Simulation study: Comparison of the MCUSUM
and CUSUM charts

In this section, we evaluate the performance of the proposed multivariate control chart
based on GP regression in monitoring changes in the distribution of death rates. Specifi-
cally, we compare the performance of the multivariate cumulative sum (MCUSUM) chart
with two univariate counterparts, the Min-MCUSUM and the comonotonic CUSUM de-
fined hereafter which do not account for the dependence between age classes. We perform
a simulation study to investigate the effect of the dependence structure between age groups
on the performance of the control charts. In particular, we show that the MCUSUM out-
performs the Min-MCUSUM and the comonotonic CUSUM and such effect is increasing
with the correlation between age classes. Such result is line with other studies, e.g. Jiang
et al. (2011) who studied spatial correlation between regions and Pascual and Akhund-
janov (2020) who considered correlated Poisson processes.
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For the simulation study, we assume that we want to detect a proportional change of
level that affects all age tranches, that is

fort=1,...,7

my
E[log(l‘l’t)] ~ { Wt:mt_i_log(a)l fOTt:T+1,~-- (51>

as introduced in Section 3.1.

Hereafter, we compare the performance of the MCUSUM (3.6) with two CUSUM al-
ternatives that do not account for the dependence between age classes that are introduced
hereafter.

5.1 Univariate CUSUM alternatives
5.1.1 Min-MCUSUM

One naive way to detect a change that affects all age tranches is to apply a univariate
CUSUM for each age tranche i = 1,..., M separately and stop the detection algorithm
once all M univariate CUSUMs are above the threshold.

The univariate CUSUM for the age tranche ¢ is given by

)(y,t m,t)_i(mﬂf m,t) 70)7 f()r’l:]ﬂ_,,,]\47

Oit 2 Oit

Sit = max(S;1—1 + (M — My

which is the univariate special case of the MCUSUM (3.6) with m,, and o;;, the mean and
standard deviations of the i-th component of the log death rates vector yy = (Y14, - - -, Yarst)s
and m;; = m;; + log(a) in line with (5.1).

The run time until detection (also called run length) for the min-MCUSUM is defined
as
szin{lel: min Si’tZH}. (5.2)

1<i<M
Hence, the detection algorithm is stopped the first time all M CUSUM processes are above
the threshold. We remark that in this case, all age classes are monitored independently
using the univariate CUSUM and the process min-MCUSUM is considered out of control
when all age classes are out of control.

5.1.2 The comonotonic CUSUM

Another interesting case is to compare the MCUSUM with the CUSUM obtained under
the assumption of perfect dependence which is motivated by common factor models such
as the Lee-Carter. Indeed, in the Lee-Carter model, log death rates are driven by the
common period effect x;, and therefore changes in log death rates over time are perfectly
correlated across age. Such perfect correlation is unrealistic and undesirable.

As pointed out by Cairns et al. (2008), there are two problems that arise from using
a model that assumes perfect correlation. First, the model may overstate the aggregate
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levels of uncertainty at the portfolio level because it assumes that there are no diversi-
fication benefits across ages. Second, perfect correlation would suggest that derivative
instruments linked to mortality at one age could be used to hedge perfectly mortality
improvements at a different age, which is not accurate. If this problem is ignored, it
may result in a hidden basis risk if hedging strategies are adopted that rely on perfect
correlation.

Consider for instance the log death rate for age x and time ¢ in the Lee-Carter model:
log(,ux,t) = Qg + Bx'%t;

with x; ~ N (p,0). Then, the sum across age is given by
Z log(um,t) ~ N(,uc7 Uc)a

with u¢=>_a,+> ., Bepp and 0 = >, B,0. Therefore, the sum of log death rates across
age is a comonotonic sum completely driven by the period effect x;, and the standard
deviation of the sum is the sum of the standard deviation (Dhaene et al., 2002a,b).

More generally, if we consider a change of level « in the death rates, this would lead
to

M M
> log(apiz:) = ) log(pas) + M log(a)
=1 r=1
~ N (i + Mlog(a), 0%,
This motivates the following comonotonic CUSUM, denoted C-CUSUM, defined as

c __ [ 1 C o c 2
sg:max< ¢, (g — ) L) L~ mi) ,o).
of 2 of

with

M
c _ .
mt - mz,t7

my =Y _m;; + M log(a)

i=1

M
c __
0y = Z Oit
=1

M
c __
Sy = Zyi,t
i=1

where we recall that m;, and o;;, are the mean and standard deviations of the ¢-th
component of the log death rates vector yr = (Y14, ..., Ynmt)-

The C-CUSUM corresponds to the univariate CUSUM of the comonotonic sum s;
obtained by summing the log death rates across age.

The run time until detection for the C-CUSUM is defined as
N=min{t >1:5 > L}. (5.3)
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5.2 The simulation setup

For a given monitoring scheme, the run length N is defined as the number of sampling
periods until the procedure signals, i.e. the first time the detection statistic crosses the
decision threshold:

N=inf{i>1:5; > L},

see Equations (3.1), (5.2), (5.3) for the precise definitions of the charting statistics used
in the MCUSUM, Min-MCUSUM and C-CUSUM procedures, respectively.

The expected run length, ARL = E(N), is called the average run length and is the
standard performance metric for control charts and sequential monitoring procedures
(Montgomery, 2007, Qiu, 2013, Bersimis et al., 2007). When no change occurs, ARL
quantifies false-alarm behavior (the in-control average run length, often denoted ARLy).
When a change occurs at some time point, ARL measures detection speed (the out-of-
control average run length, ARL;), with smaller values corresponding to faster detection.

The thresholds for the MCUSUM, Min-MCUSUM and C-CUSUM charts are selected
to control the probability of at least one false alarm over a fixed monitoring horizon T

P [max S; > L] = q, (5.4)
1<i<T
where (5;),.,.p denotes the detection process under the in-control model (i.e. when no
change occurs). In the simulation study, we set a = 5% and T = 100. Since one sampling
period corresponds to one year in our applications, this means that under the in-control
model there is a 5% probability that the chart signals at least once over the next 100
years. For a fixed false-alarm specification, we compare procedures using their out-of-
control ARLq; the most efficient procedure is the one with the lowest ARL;, since it
detects the change fastest on average.

To align with the empirical analysis, we use Japanese male mortality data from 1990
to 2010 for ages 50 to 89 grouped into 5-year age tranches. Mortality forecasts are
estimated using GP regression as outlined in Section 2. Then, for each detection procedure

(MCUSUM, Min-MCUSUM, C-CUSUM), we proceed in two steps:

e Determine the threshold L in (5.4). We simulate 25,000 in-control trajectories
of future death rates from the fitted GP model and compute the empirical (1 — a)-
quantile of maxj<;<r S;.

« Estimate the out-of-control average run length. Once L is fixed, we simulate
25,000 out-of-control trajectories and estimate ARL; by the sample mean of the
corresponding run lengths, considering a proportional level shift affecting all age
tranches from time 0.

For the dependence between age classes, we consider the stylized correlation matrix
given in Table 1. In this specification, adjacent age classes have correlation coefficient p,
whereas non-adjacent age classes are assumed to be uncorrelated. The parameter p varies
from 0 to 0.5 to represent independent, weakly correlated, and moderately correlated
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settings. This parsimonious structure is used only for the simulation study and is intended
to reproduce the broad short-range dependence pattern suggested by the GP-implied
predictive correlation matrix in Figure 10, in which dependence is strongest between
neighboring age groups and rapidly decreases with age distance.

o n o Ln o [Te) o n

o n © [{e] ~ N~ [e0] [e0] .
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55 0.35 1.00 0.36
60 0.36 1.00 0.36
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85 0.35 1.00 ’

0

Figure 10: GP-implied predictive correlation matrix for Japanese male log death rates in
forecast year 2011.
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Table 1: Correlation matrix between age tranches used for the simulation study.

5.3 Simulation results

5.3.1 Comparing MCUSUM and Min-MCUSUM

Figure 11 reports the ratio

ARL, (Min-MCUSUM)/ARL, (MCUSUM)
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of the out-of-control ARLs of the Min-MCUSUM to those of the MCUSUM for different
change levels a = 0.9,0.95, 1.05, 1.08, 1.1 and correlation parameters p = 0,0.1,0.2,0.3,0.4,0.5
in the correlation matrix of Table 1. Ratios above one indicate superior performance of
the MCUSUM, which is observed throughout. The gain is especially pronounced when
the cross-age correlation is stronger and when the change of level is smaller. This reflects
the fact that the MCUSUM uses the full covariance structure and can therefore exploit
joint information across age groups, whereas the Min-MCUSUM is based on separate
univariate monitoring.

ARL comparison of MCUSUM and Min—-MCUSUM under correlation
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Figure 11: Ratio ARL;(Min-MCUSUM)/ARL;(MCUSUM) under the simulated depen-
dence structure of Table 1. Values above one favor the MCUSUM.

5.3.2 Comparing MCUSUM and C-CUSUM

Figure 12 reports the ratio
ARL; (C-CUSUM)/ARL; (MCUSUM)

for the same set of change levels and correlation parameters. Again, the MCUSUM dom-
inates across the scenarios considered, with larger gains for stronger dependence and
smaller shifts. This indicates that accounting for the full dependence structure is prefer-
able to the comonotonic approximation in the class of common level changes studied
here.
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ARL comparison of MCUSUM and C-CUSUM under correlation
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Figure 12: Ratio ARL;(C-CUSUM)/ARL;(MCUSUM) under the simulated dependence
structure of Table 1. Values above one favor the MCUSUM.

Overall, the simulation study shows that, for the multivariate level-shift alternatives
considered here, the MCUSUM outperforms both benchmark procedures in terms of out-
of-control average run length. The advantage becomes more pronounced as dependence
across age groups increases and as the change becomes more difficult to detect. These
results support the use of the MCUSUM when the monitoring objective is to detect struc-
tured multivariate departures from the baseline, such as common level changes affecting
several age groups simultaneously. We emphasize, however, that this does not make the
MCUSUM universally optimal for every surveillance objective. In applications where the
priority is to flag any deviation arising in a single age class as early as possible, age-specific
charts or max-type procedures may be more appropriate. These local rules should there-
fore be viewed as complementary to the multivariate approach developed in this paper.

6 Conclusion

This paper presents a multivariate cumulative sum (MCUSUM) procedure to detect
changes in mortality intensity, which plays a critical role in risk management for insur-
ance companies and pension funds. Unlike univariate methods, the MCUSUM accounts
for interdependence between age-groups and provides a more comprehensive analysis of
mortality trends. We have studied the efficacy of the MCUSUM method thanks to a com-
parison to univariate control charts and a case study of recent mortality data in France,
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Japan, Canada, and the USA, as well as an illustration with a real-world life insurance
dataset. We have seen that MCUSUM is particularly relevant in the case of rectangular-
ization effect or in presence of inter-age correlations or death postponing mechanisms.

The proposed framework is not restricted to the specific GP mean function used in this
paper. More generally, it can be combined with any baseline mortality model that pro-
vides best-estimate forecasts together with a suitable description of forecast uncertainty
across age groups. In particular, external actuarial assumptions or APC-type models
can be incorporated by applying the monitoring procedure to the corresponding forecast
errors, provided that their cross-age dependence structure is modeled appropriately. In
this sense, the GP specification used here should be viewed as a flexible and convenient
baseline rather than as a prerequisite for the methodology. At the same time, the choice
of predictive mean and covariance model remains important. Richer GP kernels or hybrid
specifications combining actuarial structure in the mean with GP modeling of residual
dependence may offer a useful extension. For instance, Ludkovski and Risk (2023) ex-
plore compositional GP kernels for mortality modeling, allowing more flexible covariance
structures and a closer representation of complex mortality dynamics.

The proposed methodology may be useful to enhance risk management in insurance
companies and pension funds, not only in terms of modeling and monitoring longevity
and mortality risks, but also in terms of design of index-based hedging solutions, paving
the way towards potential basis risk reduction. Further research is of course needed to
determine the full scope of potential applications of MCUSUM techniques in life insur-
ance and pension industries. In addition, future work could investigate techniques—such
as Andrews Curves (Andrews, 1972) or the Mason-Tracy-Young (MTY) decomposition
(Tracy et al., 1992) to help identify the origin and driving factors behind the multivariate
signals detected by the MCUSUM procedure.
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A Robustness to the choice of calibration and moni-
toring periods

To assess the sensitivity of the empirical results to the choice of calibration and monitoring
windows, we repeated the real-data analysis using an earlier calibration period and a
longer monitoring window. More precisely, we calibrated the Gaussian process model on
the years 1981-2000 and then applied the monitoring procedures over the period 2001—
2020. Figures 13 and 14 report the corresponding results for level-change and trend-change
detection, respectively.

A Change in the survival probability from age 50 to 90
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Figure 13: A: Percentage change difference of the 40-year survival probability of an indi-
vidual aged 50 between the observed survival probability and the GP-predicted survival
probability. B: MCUSUM for the detection of a change at the level p = 1.05 (mortality
risk). C: MCUSUM for the detection of a change at the level p = 0.95 (longevity risk).
Dotted lines represent the detection threshold.

32



A Averaged observed difference in mortality improvements
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Figure 14: A: Difference averaged by age tranches between the observed improvement
rates and the GP-predicted improvement rates. Dotted lines represented the levels 1%
and —1%. B: MCUSUM for the detection of a change in the trend at the level a = 1%
(longevity trend risk). C: MCUSUM for the detection of a change in the trend at the
level @ = —1% (mortality trend risk). Dotted lines in B and C represent the detection
threshold (L = 1).
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