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Abstract
The vast majority of researchers, actuaries, and demographers use standard time series analysis techniques to project
time-varying parameters of popular mortality forecasting methods such as the Lee–Carter and Li–Lee models.
However, spatial dependence can be as significant as temporal autocorrelation in these time series, and the under-
lying panel structure of the data is often neglected. We draw on techniques from panel and spatial econometrics,
including ordinary and spatial dynamic panel linear models, spatiotemporal autoregressive integrated moving aver-
age processes, and spatial eigenvector filters, to capture such dependence and improve projections. We present a
methodology to estimate the parameters of these techniques from spatial multipopulation mortality series, select
their optimal hyperparameters, and use them for forecasting. We propose a tailor-made robust selection framework
to identify the best model–technique combinations for each country, as well as a bootstrap-based procedure to
quantify projection uncertainty with accurate nominal coverage on a separate validation period and a strategy for
assessing the quality of the resulting prediction intervals. We test these methods on mortality data from 22 European
countries. The results show that the proposed techniques yield a clear advantage in both point and interval forecasts
for several populations, and these findings are corroborated by a robust selection design and additional robustness
checks. These improvements have the potential to deliver meaningful gains for life insurance, pensions, and other
contexts involving longevity risk.

1. Introduction
Mortality forecasting is crucial for demographers and actuaries, enabling them to predict future popu-
lation trends and financial liabilities with greater accuracy. For demographers, understanding mortality
patterns helps in projecting population growth, age distribution, and life expectancy, which are essential
for planning public health initiatives, social services, and economic policies. Actuaries rely on mortality
forecasts to assess the long-term viability of pension plans, life insurance policies, and annuity products.
Accurate mortality predictions ensure that these financial instruments are adequately funded, mitigating
the risk of insolvency.

The Lee–Carter (LC) model of Lee and Carter (1992) is a seminal approach in mortality forecasting,
capable of decomposing mortality rates into a time-varying mortality index and age-specific compo-
nents. By employing standard time series techniques to forecast the mortality index, it enables the
modeler to effectively capture temporal dependencies in mortality trends. However, when used for a
set of countries, this framework is limiting as it overlooks the cross-sectional and spatial dependencies
evident in mortality data across different populations.

Mortality rates are influenced by a myriad of factors, some of which vary geographically and are inter-
connected across regions, such as those related to climate and culture. The fields of spatial and panel
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econometrics offer a rich literature and a wide range of methodologies that can address these com-
plex dependencies. Incorporating these into mortality forecasting models has the potential to enhance
their accuracy and predictive power, accounting for nuanced temporal, spatial, and spatiotemporal
interactions.1 Despite its potential, this integration remains poorly explored, presenting an opportunity
to significantly advance the precision and reliability of mortality forecasts.

We present, adopt, and test four advanced techniques that account for cross-sectional and spatiotem-
poral dependencies to forecast the mortality index. Beyond the LC model, we also apply the proposed
methodology to country-specific mortality indices from the Li–Lee (LL) model for coherent multi-
population mortality forecasting (Li and Lee, 2005). Besides refining predictions, we aim to highlight
the importance of accounting for spatial and spatiotemporal correlations and cross-sectional interac-
tions in demographic and actuarial models. We emphasize robustness in performance evaluation and
the accurate assessment of prediction uncertainty. Finally, we present a numerical analysis involving a
comprehensive performance comparison of various forecasting techniques across 22 countries.

The remainder of our paper is organized as follows: Section 2 presents a literature review, Section 3
provides a summary of the applied methodology, Section 4 details our results, and Section 5 discusses
the conclusions and limitations of our study.

2. Literature review
We present our literature review in three parts: a concise and nonexhaustive overview of mortality fore-
casting models, a survey of dynamic panel and spatiotemporal forecasting methodologies relevant to
our analysis, and a brief literature review on Bayesian spatiotemporal mortality models not considered
in this paper.

2.1. Mortality forecasting
Mortality forecasting has seen significant advancements over the decades. The groundbreaking paper
of Lee and Carter (1992) decomposed age-specific logarithmic mortality rates into components rep-
resenting age patterns, a time trend modeled as a discrete-time stochastic process, and random noise,
providing a flexible yet parsimonious framework for forecasting. Building on this foundation, Lee and
Miller (2001) proposed the Lee–Miller variant to better fit historical data and improve forecast accuracy.
Booth et al. (2002) further extended the LC framework with their Booth–Maindonald–Smith variant,
incorporating age-specific improvements and adjustments for variable mortality decline. Meanwhile,
Brouhns et al. (2002) introduced a Poisson log-bilinear approach, integrating the LC methodology
within a statistical framework that models death counts as Poisson-distributed variables, enabling
rigorous probabilistic inference.

The Cairns–Blake–Dowd model (Cairns et al., 2006) represented another significant contribution to
the field, followed by several extensions in Cairns et al. (2009). This method focuses on higher ages and
models the logit transform of death probabilities using stochastic processes for the intercept and slope
parameters, making it particularly useful for pension and insurance applications.

Cohort effects are important extensions of these models, and the Age–Period–Cohort model (Clayton
and Schifflers, 1987) is one of the foundational approaches in this field. It accounts separately for the
effects of age, calendar time (period), and birth year (cohort) on mortality rates. Building on this,
Renshaw and Haberman (2006) proposed the Renshaw–Haberman model, which incorporates a cohort
effect into the LC framework. The generalized age-period-cohort framework (Hunt and Blake, 2014),
implemented by Villegas et al., (2015), provides a unifying approach to modeling mortality and gener-
alizes several models by incorporating a set of probability distributions and link functions, additional
age–period interactions, and cohort effects.

1We include the word “geographical” in the title to emphasize that we are using the word “space” in its traditional—and not in
an abstract mathematical—sense.
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P-spline smoothing, introduced by Currie et al. (2004), is a flexible method for modeling and forecast-
ing mortality rates while effectively balancing fit and smoothness, thereby capturing underlying trends
while avoiding overfitting. Hyndman and Ullah (2007) proposed a functional data approach to mortality
forecasting, emphasizing robust handling of mortality and fertility rates by leveraging smooth functional
representations of demographic data.

Multipopulation mortality forecasting has also been a topic of great interest. Li and Lee (2005)
extended the LC framework to handle groups of populations, ensuring coherent projections for related
demographic units, such as neighboring countries or different sexes. Enchev et al. (2017) examined
several multipopulation mortality models on data from England and Wales. Antonio et al. (2017) devel-
oped a stochastic multipopulation standard for Dutch and Belgian mortality projections. Lam and Wang
(2023) introduced the weighted multivariate functional principal component approach for coherent
multipopulation forecasting.

The LC model assumes constant rates of mortality improvement across ages, contrary to observed
trends where mortality decline decelerates at younger ages and accelerates at older ages—a phenomenon
known as the “rotation” of mortality decline. Li et al. (2013) incorporated this into the LC model for
better long-term projections. Vékás (2019) conducted an empirical analysis of this rotation in countries
of the European Union using a new data-driven methodology, revealing the presence of this phenomenon
in several member states, with notable differences between sexes.

Guibert et al. (2019) proposed penalized vector autoregression (VAR) to capture the dependence
structure of mortality dynamics. Guibert et al. (2020) presented locally coherent forecasts, which enforce
coherence only in subgroups of countries and bridge the gap between the independence assumption of
the LC model and the strict coherence enforced by the LL model. Li and Shi (2021) introduced a global
VAR approach that decomposes multipopulation mortality dynamics into local systems parsimoniously.
Njenga and Sherris (2020) proposed Bayesian VAR as a related alternative. Jarner and Jallbjørn (2020)
discussed the application of cointegration for forecasting mortality factors. Li et al. (2021) presented a
multifactor mortality model based on the Gompertz law. He et al. (2021) introduced time-varying factor
loadings into mortality forecasting models.

Recently, machine learning approaches, including neural network-based models, have significantly
advanced mortality forecasting by accommodating the automatic detection of complex nonlinear depen-
dencies (Hainaut, 2018; Richman and Wüthrich, 2021; Perla et al., 2024, 2021; De Mori et al.,
2025).

Comprehensive reviews of mortality forecasting methods and recent extensions are provided by
Basellini et al. (2023) and Pascariu et al. (2018), while Yao and Wang (2023) offer an overview of
machine learning frameworks. A full survey of the mortality forecasting literature is beyond the scope
of this paper.

2.2. Dynamic panel and spatiotemporal forecasting techniques
Pfeifer and Deutsch (1980) introduced the spatiotemporal autoregressive moving average (STARMA)
process as an extension of the well-known ARMA framework that is also capable of capturing
spatiotemporal dependencies.

Arellano and Bond (1991) popularized the generalized method of moments (GMM) estimator for
dynamic panel linear models, and Blundell and Bond (1998) introduced the improved system-GMM esti-
mator. Yu et al. (2008) presented the spatial dynamic panel model with fixed effects and investigated its
asymptotic properties. Yu and Lee (2010) proposed a spatiotemporal dynamic panel model that works for
both stationary and non-stationary data. Elhorst (2014) and Salima (2018) provided broad overviews of
spatial panel models, and Astuti et al. (2020) presented theoretical developments and potential research
directions in this field.

Griffith (2010, 2012) proposed eigenvector spatial filters and eigenvector spatiotemporal filters
(ESTF) for modeling spatial and spatiotemporal relationships, and presented the contemporaneous and
lagged spatiotemporal Moran’s I as two adequate measures of spatiotemporal autocorrelation in spatial
panel data. Islam et al. (2022) embedded this eigenvector approach into machine learning models.
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2.3. Bayesian spatiotemporal mortality models
While Bayesian methods are not considered in our analysis, we include selected examples for con-
text. Bayesian spatiotemporal mortality models (Ocaña-Riola and Mayoral-Cortés, 2010; Álvaro-Meca
et al., 2011; Greco and Scalone, 2013; Bennett et al., 2015; Gibbs et al., 2020; Liu, 2021) explic-
itly model structured spatiotemporal dependence through prior distributions. Hassan (2021) extended
the LC model using functional PCA, Ugarte et al. (2010) introduced Bayesian P-spline smoothing,
Pickle (2000) embedded spatiotemporal mortality forecasting in a linear mixed effects framework, and
Carracedo et al. (2018) identified spatiotemporal mortality clusters in European data.

3. Methods
3.1. Spatial and spatiotemporal autocorrelation
Spatial autocorrelation refers to the correlation of a variable with itself across space—a manifesta-
tion of Tobler’s First Law of Geography (Tobler 1970). Moran’s I , introduced by Moran (1950), is
a foundational statistic used to quantify global spatial autocorrelation, measuring the extent to which
geographically proximate observations tend to exhibit similar (positive autocorrelation), dissimilar (neg-
ative autocorrelation) or spatially random (zero autocorrelation) values. The methodological foundations
and theoretical properties of Moran’s I were significantly advanced by Cliff and Ord (1973), establishing
it as a core tool for exploratory spatial data analysis.

Given a set of N spatial observations {ui}N
i=1 and an N × N spatial weights matrix Wspace � [wij],

Moran’s I is defined as:

I � N∑
i

∑
j wij

∑
i

∑
j wij(ui − ū)(uj − ū)∑

i (ui − ū)2
,

where ū is the mean of the observations, and wij encodes spatial relationships (e.g., contiguity weights,
where wij = 1 if regions i and j are neighbors and 0 otherwise, when values at neighboring locations are
assumed to be autocorrelated; or inverse-distance weights, where wij = 1/δij, when autocorrelation is
assumed to decay with geographical distance δij measured between pairs of capital cities or centroids).2

Local indicators of spatial association (LISA, Anselin, 1995) provide a standard framework for detect-
ing spatial clustering and spatial outliers that may be obscured in global analyses. By decomposing
the global Moran’s I statistic into contributions for each geographic unit, LISA identifies areas where
neighboring values are significantly similar (high–high or low–low clusters) or dissimilar (high–low or
low–high outliers). Statistical significance is typically assessed through permutation testing.

Spatiotemporal autocorrelation refers to the correlation of a variable with itself across space and time;
in other words, it describes the similarity or dissimilarity of values measured at proximate locations
and time points. In extending Moran’s I to spatiotemporal settings, the spatial weights matrix Wspace is
expanded using Kronecker products to form a spatiotemporal weights matrix Wspace-time.

A common contemporaneous specification is given by:

W(contemporaneous)
space-time � IT ⊗ Wspace + Wtime ⊗ IN ,

where IT and IN are identity matrices of size T and N , respectively, and Wtime is a temporal adjacency
matrix of size T connecting each time period with its predecessor and successor, with ones on the first
lower and upper off-diagonals and zeros elsewhere (Griffith, 2010, 2012; Griffith and Paelinck, 2018).

Alternatively, the lagged specification is given by:

W(lagged)
space-time �Wtime ⊗ Wspace + Wtime ⊗ IN ,

capturing the relationship between observations at each location and their neighbors’ past values.

2Moran’s I values are slopes and not correlation coefficients, and are thus not constrained to the interval between –1 and 1.
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Given these weights matrices, spatiotemporal Moran’s I is defined as:

I(spec)
space-time �

NT∑
(i,t)

∑
(j,s) w(spec)

(i,t),(j,s)

∑
(i,t)

∑
(j,s) w(spec)

(i,t),(j,s)(u(i,t) − ū)(u(j,s) − ū)∑
(i,t) (u(i,t) − ū)2

,

where spec ∈ {contemporaneous,lagged} is the chosen specification, u(i,t) denotes observations at loca-
tion i and time t, and ū is the overall mean across all spatial and temporal observations (Griffith
2010).

It is both theoretically plausible and empirically supported to assume that mortality improve-
ments exhibit spatiotemporal autocorrelation, thereby motivating the integration of spatiotemporal
econometric methods into mortality forecasting.

3.2. Stochastic mortality models
Let Dxt and Ext represent the number of deaths and the central exposure at age x ∈X and year
t ∈ {1, 2, . . . , T}, where X denotes the age range included in the analysis, and let mxt � Dxt/Ext be the
corresponding central mortality rate. The LC model assumes

ln mxt = ax + bxkt + εxt,

where ax and bx are age-specific parameters, kt is a time series, and εxt are error terms with mean 0
and variance σ 2

ε
> 0. For parameter estimation, we adopt the approach of maximizing the Poisson log-

likelihood following Brouhns et al. (2002), which provides a statistically rigorous alternative to the
singular value decomposition (SVD) used by Lee and Carter (1992).

The parameters ax denote the average log-mortality rates by age in the sample, while the mortality
index series kt represents mortality dynamics in the entire population, and bx determines sensitivities
to changes in the mortality index by age group. To address the issue of identification, the following
constraints are imposed:

T∑
t=1

kt = 0 and
∑
x∈X

bx = 1.

In the remainder of this paper, we will refer to country i ∈ {1, 2, . . . , N} using an additional first
subscript i in the notation of all parameters.

The LL model (Li and Lee, 2005) closely resembles the LC model in structure:

ln mixt = aix + BxKt + bixkit + εixt,

where Bx and Kt are common parameters, kit, bix, and aix are population-specific parameters, and εixt are
error terms, and it is assumed that

T∑
t=1

Kt =
T∑

t=1

kit = 0 and
∑
x∈X

Bx =
∑
x∈X

bix = 1 (i = 1, 2, . . . , N).

For the sake of coherent forecasts with

lim
t→∞

mixt

mjxt

= constant (∀x ∈X, i �= j),

all kit should converge to constants as t → ∞. Consequently, the authors advocate for employing AR(1)
models with autoregressive coefficients less than 1 in absolute value or driftless random walk (RW)
processes for forecasting the mortality indices kit.

3.3. Forecasting techniques
We consider the following forecasting techniques for the time series of the mortality indices kit of the LC
or LL models, with N and T denoting the number of countries and calendar years, respectively, and the
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notations ξ t � (ξ1t, ξ2t, . . . , ξNt)ᵀ (t = 1, 2, . . . , T) for the time-dependent and ξ � (ξ 1, ξ 2, . . . , ξ T)ᵀ for
the overall vector of innovations of the time series models with mean μ�E(ξ ) and covariance matrix
� �E

[
(ξ − μ)(ξ − μ)ᵀ

]
:

1. Random walk with drift (RWD):
kit = αi + ki,t−1 + ξit,

ξ ∼N(μ, �),

μ = 0, � = diag(σ 2
1 IT−1, σ 2

2 IT−1, . . . , σ 2
NIT−1),

so that innovations are multivariate normal with mean zero, constant variance within countries,
and no correlations across both countries and time periods. Assuming that the first-order dif-
ferenced series is stationary, parameters can be estimated by maximum likelihood estimation
(MLE). Lee and Carter (1992) used this specification for US data, and it has been shown to
perform well across a large number of populations (Tuljapurkar et al., 2000).

2. Autoregressive integrated moving average (ARIMA):

yit ��(di)kit = αi +
pi∑

�=1

φi�yi,t−� +
qi∑

�=1

θi�ξi,t−� + ξit,

ξ ∼N(μ, �),

μ = 0, � = diag(σ 2
1 IT−d1 , σ 2

2 IT−d2 , . . . , σ 2
NIT−dN ).

Again, it is assumed that innovations are multivariate normal with mean zero, homoskedastic
within countries and uncorrelated across countries and time periods. Differencing is applied to
ensure the removal of unit roots for stationarity. As with RWD, the standard estimation method
is MLE. The numbers of lags pi and qi by country can be optimized by minimizing the Bayesian
information criterion (BIC) or related alternatives. The RWD is a special case with pi = 0,
di = 1, and qi = 0 (i = 1, 2, . . . , N). There are no interactions among cross-sectional units.

3. Dynamic panel linear model (DPLM):

yt ��(d)kt = α +
p∑

�=1

φ�yt−� + ξ t,

μ = 0, � = diag
(
σ 2

1 IT−d, σ 2
2 IT−d, . . . , σ 2

NIT−d

)
.

It is assumed that innovations have mean zero and are homoskedastic within countries and
uncorrelated across countries and time periods. This in turn amounts to uniform ARIMA spec-
ifications with di = d, pi = p, φi� = φ�, and qi = 0 (i = 1, 2, . . . , N), but without the assumption
of multivariate normality. Popular estimators for this model are the generalized method of
moments (GMM, Arellano and Bond, 1991) and system-GMM (Blundell and Bond, 1998).
The lag order p can be determined based on the statistical significance of the autoregressive
terms. There are no interactions among cross-sectional units.

4. Vector autoregression (VAR):

yt ��(d)kt = α +
p∑

�=1

A�yt−� + ξ t,

μ = 0, � = diag
(
σ 2

1 IT−d, σ 2
2 IT−d, . . . , σ 2

NIT−d

)
.

Innovations are assumed to have mean zero and equal variance within countries, with no cor-
relation across countries and time periods. Differencing ensures the removal of unit roots, as
stationarity is required to fit the model. Estimation is typically performed by ordinary least
squares (OLS), which does not require normality of the innovations. However, in our applica-
tion, the ratio of observations to parameters is well below the commonly applied rule of thumb
of at least five (Van Belle, 2008), so OLS is not recommended. Instead, coefficients can be
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estimated using elastic net—or, as in our special case, LASSO or L1—regularization (Guibert
et al., 2019) in order to achieve a parsimonious description of the dependence structure. The lag
order p can be determined by minimizing the cross-validated mean squared error (CV-MSE).
The VAR framework allows for cross-sectional interactions, which are not necessarily spatial
in nature.

5. Spatiotemporal ARIMA (STARIMA, Pfeifer and Deutsch, 1980):

zit �
�(d)kit − mean

i,t

(
�(d)kit

)
sd
i,t

(�(d)kit)
=

= α +
p∑

�=1

λ�∑
r=0

φ�rW
(r)zi,t−� +

q∑
�=1

μ�∑
r=0

θ�rW
(r)ξi,t−� + ξit,

μ = 0, � = σ 2IN(T−d),

where W (r) is the r-th order spatial lag operator representing adjacency of r-th order.3
Innovations are assumed to have mean 0 and equal variance across all countries, with no
correlation across countries or time periods. Differencing ensures the removal of unit roots.
Estimation is performed using the Kalman filter (KF), and the numbers of time lags p and q and
space-time lags λ� (� = 1, 2, . . . , p) and μ� (� = 1, 2, . . . , q) can be determined by minimizing
the BIC. STARIMA is capable of capturing complex spatiotemporal interactions.

6. Spatial dynamic panel linear model (SDPLM):

yt ��(d)kt = α + φspace Wspaceyt + φtime yt−1 + φspace-time Wspaceyt−1 + ξ t,

μ = 0, � = diag
(
σ 2

1 IT−d, σ 2
2 IT−d, . . . , σ 2

NIT−d

)
.

It is assumed that innovations have mean zero and are homoskedastic within countries and
uncorrelated across countries and time periods. There is no normality assumption, and param-
eters are estimated by quasi maximum likelihood (QML), with the Lee–Yu transformation
removing finite-sample bias (Yu and Lee, 2010). The presence or absence of a time lag and
a space-time lag, the choice between adjacency and inverse-distance spatial weights, and the
necessity of the Lee–Yu transformation can be determined by minimizing the quasi-BIC.
SDPLM allows for structured and easily interpretable spatiotemporal interactions.

7. Eigenvector spatiotemporal filter (ESTF):

�(d)kt = α + Sspace-time β + Sspace γ + Pφ + ξ t,

μ = 0, � = diag(σ 2
1 IT−d, σ 2

2 IT−d, . . . , σ 2
NIT−d),

where Sspace and Sspace-time are matrices of eigenvectors of the spatial and spatiotemporal weights
matrices Wspace and Wspace-time, and P is a matrix of country dummy variables. Griffith (2010)
proposes keeping all country dummy variables in the equation and using stepwise OLS (SW-
OLS) estimation for the sake of parsimony, or alternatively, shrinkage by LASSO can be
applied.4 Choices between adjacency and inverse-distance spatial weights and between contem-
poraneous and lagged specifications can be made by minimizing the BIC in the case of SW-OLS
and the deviance ratio (DR) in the case of LASSO. ESTF allows for complex spatiotemporal
interactions, but is typically less interpretable than an SDPLM.

Chief properties of the proposed techniques are displayed in Table 1. Additionally, we consider two
ensemble techniques. The first one, denoted by ENS1, computes the mean predicted log-mortality rate
across the seven forecasting techniques for every country, age, and calendar year in both the LC and LL

3For example, W(2) takes the average value of neighbors of neighbors, excluding the unit itself.
4As warranted by widespread criticism of the SW-OLS procedure (Derksen and Keselman, 1992).
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Table 1. Properties of the various techniques (∗: not used previously in this context).

Technique Dependence Estimation Hyperparameters Criterion
RWD temporal MLE – –
ARIMA temporal MLE pi, qi (i = 1, 2, . . . , N) BIC
DPLM∗ temporal GMM p Significance
VAR temporal and

cross-sectional
LASSO p CV-MSE

STARIMA∗ spatiotemporal KF p, λ� (� = 1, 2, . . . , p),
q, μ� (� = 1, 2, . . . , q)

BIC

SDPLM∗ spatiotemporal QML weights ∈ {contiguity,
inverse-distance},
time lag ∈ {0, 1},
space-time lag ∈ {0, 1},
Lee–Yu transf. ∈ {0, 1}

Quasi-BIC

ESTF∗ spatiotemporal SW-OLS or
LASSO

weights ∈ {contiguity,
inverse-distance},
spec ∈ {contemporaneous,
lagged},
selection ∈ {SW-OLS,
LASSO}

BIC or DR

models, whereas the second one, denoted by ENS2, computes a trimmed mean excluding the lowest and
highest predictions.

Given the time series kit for each country from the LC model, univariate unit root and second-
generation panel unit root tests (Hurlin and Mignon, 2007) may help determine their orders of integra-
tion. The latter account for cross-sectional dependence, which is central to our approach. Specifically, for
ARIMA, we use augmented Dickey–Fuller (ADF) tests to determine country-specific orders di such that
the differenced series have no unit roots. For all forecasting techniques other than RWD and ARIMA,
we use the covariate-augmented Dickey–Fuller (CADF) test (Costantini and Lupi, 2013), a second-
generation panel unit root test, to determine a uniform order of integration di = d (i = 1, 2, . . . , N) across
countries.

For the LL model, following Li and Lee (2005), we recommend forecasting the common trend Kt

using an RWD process estimated by MLE. For the country-specific kit, we set di = 0 and d = 0 across
all countries and forecasting techniques to ensure coherence.

In the remainder of our paper, we will use the word “model” for the LC and LL models, and
“technique” for the forecasting techniques presented in this subsection.5

3.4. Robust selection6

We propose dividing the dataset into a training set, consisting of the initial Ttrain years of available data,
and a test set, comprising the remaining Ttest years, with T = Ttrain + Ttest, thereby spanning the entire
observation period. Additionally, because model performance may be sensitive to the location of the
train–test split, we propose a robust selection procedure involving repeated estimation across multiple
training horizons T (h)

train, with T (h)
test = T − T (h)

train (h = 1, 2, . . . , H).

5Under this terminology, DPLM and SDPLM are techniques, despite what their names suggest.
6We avoid the term “model selection,” as “selection of model–technique combinations” would be more accurate but unneces-

sarily cumbersome.
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Forecast accuracy of forecasting technique j under model � (LC or LL in our case) in country i given
train–test split h is then evaluated using the mean squared error (MSE) of the forecasted logarithmic
mortality rates:

MSE(h)
i,j,� �

1

XT (h)
test

∑
x∈X

T∑
t=T(h)

train+1

(
ln mixt − ln m̂(j,�)

ixt

)2
,

where m̂(j,�)
(·) denotes mortality rates forecasted using technique j with its optimal hyperparameters under

model �.
As it is preferable to assess model performance relative to the best-performing procedure rather than

against a perfect fit or another hypothetical benchmark, for each split, we define the underperformance
scores

U(h)
i,j,� �MSE(h)

i,j,� − min
j,�

MSE(h)
i,j,�,

which measure how much worse forecasting technique j under model � performs for country i and
training horizon h, relative to the best-performing combination.

Model underperformance can then be assessed independently from the location of the train–test split
by measuring average or maximum underperformance (AU or MU) scores across the splits, with the
maximum criterion being more conservative and reflecting the minimax principle from decision theory:

AUi,j,� �
1

H

H∑
h=1

U(h)
i,j,�,

MUi,j,� � max
h=1,2,...,H

U(h)
i,j,�.

These measures can then be summarized by their medians across all countries, enabling the robust
comparison of model–technique combinations:

MAUj,� � median
i=1,2,...,N

(AUi,j,�),

MMUj,� � median
i=1,2,...,N

(MUi,j,�)

MAU captures median average underperformance relative to the best-performing combination, while
MMU reflects median worst-case underperformance across train–test splits.

3.5. Stochastic forecasts
Stochastic forecasts may be generated by incorporating some or all of the following four sources of
uncertainty (Cairns 2000):

1. Measurement uncertainty arises from the random error terms εixt in the LC and LL log-mortality
equations. It captures fluctuations in observed log-mortality rates that are not explained by the
systematic components of the models.

2. Process uncertainty arises from the inherent randomness in the future evolution of the
stochastic time series components kit of the models.

3. Parameter uncertainty results from potential errors in the estimation of the model parameters
aix, bix, kit, Bx, and Kt based on finite historical data.

4. Model uncertainty reflects the possibility that the chosen model structure (e.g., LC–RWD)
may be misspecified, or that alternative models could better represent the underlying mortality
dynamics.

Following the approach recommended by Brouhns et al. (2005), we address parameter uncertainty by
generating synthetic training datasets of bootstrapped death counts {D(r)

ixt}R
r=1 drawn independently from
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Poisson distributions with means λixt � Dixt, where R is the number of bootstrap samples. This yields
bootstrapped estimates a(r)

ix , b(r)
ix , and k(r)

it separately for the LC and LL models and B(r)
x and K(r)

t for the LL
model.

We incorporate process uncertainty via resampling with replacement from the past residuals of the
fitted time series model for the given country:7

�(di)k(r)
i,Ttrain+t = � (r)

it + ξ (r)
it (t ≥ 1, r = 1, 2, . . . , R),

and additionally, for the LL model, we apply

�K(r)
Ttrain+t = 
(r) + η(r)

t (t ≥ 1, r = 1, 2, . . . , R),

where �
(r)
it �ETtrain

(
�(di)k(r)

i,Ttrain+t

)
withETtrain (·) denoting a conditional expectation8 based on bootstrapped

samples up to Ttrain, 
(r) is the drift term of the RWD process of the common mortality index Kt, and
ξ

(r)
it and η(r)

t are randomly drawn with replacement from training-set residuals of �(di)kit and �Kt (t =
1, 2, . . . , Ttrain). We draw from the residuals rather than from normal distributions, as the normality
assumption may not hold and methods outside the ARIMA family do not rely on it.

We account for measurement uncertainty by adding bootstrapped residuals ε
(r)
i,x,Ttrain+t drawn from past

values {ε̂ixt}Ttrain
t=1 to the systematic components of the log-mortality equations (with B(r)

x � K(r)
t � 0 in the

case of the LC model):

ln m(r)
i,x,Ttrain+t � ln m(r)

i,x,Ttrain
+ b(r)

ix (k(r)
i,Ttrain+t − k(r)

i,Ttrain
) + B(r)

x (K(r)
Ttrain+t − K(r)

Ttrain
) + ε(r)

i,x,Ttrain+t.

Model uncertainty could be accounted for within a fully Bayesian framework; however, we leave this
aspect outside the scope of the present study, as subjective priors would introduce a new layer of uncer-
tainty, and model averaging with BIC-derived weights is not feasible as some forecasting techniques we
have proposed are not estimated by maximum likelihood. Instead, we apply post hoc adjustment and
ensembling to mitigate this limitation.

To reduce sampling bias, we apply mean calibration, that is, a pointwise shift to the bootstrapped
trajectories so that their sample mean equals the expected trajectory m̂i,x,Ttrain+t computed under the given
model–technique combination at the end of the training period:

ln m̃(r)
i,x,Ttrain+t � ln m(r)

i,x,Ttrain+t + ln m̂i,x,Ttrain+t − 1

R

R∑
r=1

ln m(r)
i,x,Ttrain+t.

Then, we construct bootstrapped prediction intervals with confidence level 1 − τ for the log-mortality
rates ln mi,x,Ttrain+t as

(
π (L,τ )

i,x,Ttrain+t, π
(U,τ )
i,x,Ttrain+t

)
�

(
Q τ

2

({ln m̃(r)
i,x,Ttrain+t}R

r=1

)
, Q1− τ

2

({ln m̃(r)
i,x,Ttrain+t}R

r=1

))
,

where Qτ (·) denotes the empirical τ -quantile of the resampled estimates.
To correct potentially inaccurate interval coverage (e.g., due to model uncertainty or structural

breaks), we apply a post hoc scaling adjustment by solving for scaling factors νt that achieve the empir-
ical nominal coverage probability 1 − τ on a validation set of length Tval, for each model–technique
combination and forecast horizon t = 1, 2, . . . , Tval:

1

N |X|
N∑

i=1

∑
x∈X

1(
π

∗(L,τ )
i,x,Ttrain+t

≤ln mi,x,Ttrain+t ≤π
∗(U,τ )
i,x,Ttrain+t

) = 1 − τ ,

7We suppress the dependence on the model–technique combination to simplify the notation. Past residuals are computed from
the original parameter estimates and not the bootstrapped ones.

8We are avoiding the sigma-algebra notation.
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where 1(·) are indicator functions, and(
π ∗(L,τ )

i,x,Ttrain+t
, π ∗(U,τ )

i,x,Ttrain+t

)
�

(
π (L,τ )

i,x,Ttrain+t
− νt − 1

2

(
π (U,τ )

i,x,Ttrain+t − π (L,τ )
i,x,Ttrain+t

)
,

π (U,τ )
i,x,Ttrain+t +

νt − 1

2

(
π (U,τ )

i,x,Ttrain+t − π (L,τ )
i,x,Ttrain+t

) )
.

We assess the quality of these prediction intervals on a separate evaluation period of length Teval, with the
original test period partitioned as Tval + Teval = Ttest, using average interval scores (Gneiting and Raftery,
2007) by country, computed as

AISi,1−τ �
1

|X| Teval

∑
x∈X

Teval∑
t=1

[
π ∗(U,τ )

i,x,Ttrain+Tval+t − π ∗(L,τ )
i,x,Ttrain+Tval+t

+ 2

τ
max

(
π ∗(L,τ )

i,x,Ttrain+Tval+t
− ln mi,x,Ttrain+Tval+t , 0

)

+ 2

τ
max

(
ln mi,x,Ttrain+Tval+t − π ∗(U,τ )

i,x,Ttrain+Tval+t
, 0

)]
,

where we sample from the first Ttrain + Tval years, simulate for the remaining Teval years, use mean calibra-
tion to expected trajectories estimated at the end of the validation period, and apply the scaling factors
νt previously estimated on the validation period.

Finally, we compute median average interval scores across countries as a robust summary of
prediction interval quality across model–technique combinations:

MAIS1−τ � median
i=1,2,...,N

AISi,1−τ ,

and assess out-of-sample coverage using empirical coverage probabilities:

ECP1−τ �
1

N |X| Teval

N∑
i=1

∑
x∈X

Teval∑
t=1

1(
π

∗(L,τ )
i,x,Ttrain+Tval+t

≤ln mi,x,Ttrain+Tval+t ≤π
∗(U,τ )
i,x,Ttrain+Tval+t

).

This procedure could be made even more robust by using multiple train–test splits, following the analogy
of the robust selection pipeline described in Subsection 3.4.

4. Empirical analysis
We used the R programming language (R Core Team, 2025) for our computations.9 Figure 1 illustrates
the steps of the analysis, from data collection to robust selection and the evaluation of the prediction
intervals.

4.1. Data collection and preparation
We obtained our dataset from the Human Mortality Database (HMD, 2025). We collected unisex data
on the number of deaths and exposures in all European countries for which data were available for the
T = 60 years between 1960 and 2019, categorized by country, age, and calendar year, and excluded the
remaining countries. We did not use data for ages above 99 years due to missing data and other potential
data quality issues. Consequently, our dataset comprised the N = 22 countries depicted in Figure 2.

We used data only up to 2019 to avoid testing on the years of the COVID-19 pandemic, which would
have led to a bias toward models that tend to overestimate mortality. Assuming that COVID-19 was a
one-off event, the pandemic years could be included after subtracting COVID-19 deaths from total counts

9And in particular, the packages StMoMo (Villegas et al., 2015), MultiMoMo (Robben, 2021), punitroots (Kleiber and Lupi,
2011), forecast (Hyndman and Khandakar, 2008), sparsevar (Vazzoler, 2021), plm (Croissant and Millo, 2008), starma
(Cheysson, 2016), and SDPDmod (Simonovska, 2025).
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Figure 1. Analysis workflow.

or by interpolating data for the years of the pandemic using rates from neighboring years. However, a
significant problem with the subtraction approach is that criteria for recording the cause of death and
the extent of testing varied widely by country, while the second approach is not yet viable as data for
years following the end of the pandemic are not yet available for some countries in the Human Mortality
Database. Due to these constraints, we opted to perform our analysis on this truncated period.

By default, we used the first Ttrain = 45 years, up to 2004, as training data, the remaining Ttest = 15
years as test data, and split the test period into a validation period of Tval = 8 years and an evaluation
period of Teval = 7 years.

4.2. Model estimation and interpretation
We estimated the parameters of the LC and LL models on data from all N = 22 countries. Table 2
displays the spatial and spatiotemporal Moran’s I statistics of the differenced mortality indices �kit of
the LC and LL models using contiguity and inverse-distance spatial weights10. These results indicate
that there is significant spatial and spatiotemporal autocorrelation in mortality improvements in both
the LC and LL models, which motivates the application of spatiotemporal forecasting techniques, and
contiguity weighting yields stronger spatiotemporal autocorrelation than inverse-distance weighting.

10This descriptive step is not shown in Figure 1. Averages 1
T−1

∑T
t=2 �kit across time periods are used in the computation of

spatial Moran’s I . Contemporaneous spatiotemporal autocorrelation is not significant at the 5% level for the LL model, but it is
significant at the 10% level using contiguity weighting.
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Figure 2. Map of the countries included in the analysis with their ISO-2 codes.

We performed LISA clustering at the 5% significance level on the means of �kit from the LC and LL
models by country. We used contiguity weighting in this step, based on the findings reported in Table 2.
LISA identified two spatial clusters for the LC model: France and Switzerland and the Baltic states of
Estonia, Latvia, and Lithuania, both showing high mean differences in the mortality index. For the LL
model, the first significant cluster consisted of France and Germany, and the second of the three Baltic
states, again both with high mean differences.

In the ESTFs, the spatiotemporal eigenvectors with the largest absolute coefficients revealed clear
spatial patterns. In the LC model, they separated the United Kingdom and Ireland, as well as the
Scandinavian countries of Finland, Norway, and Sweden, from the rest of Europe under both Stepwise
and LASSO selections. In the LL model, they again isolated these same clusters under LASSO, while
under stepwise the three Baltic states were separated from the rest of Europe. This has a natural geo-
graphic interpretation, as the separated groups of countries are divided by bodies of water from the rest
of the countries in the analysis.
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Table 2. Spatial and spatiotemporal Moran’s I statistics of the differenced mortality indices �kit from
the LC and LL models under alternative spatial weighting schemes (p-values in parentheses).

Contiguity weights Inverse-distance weights

Model I I(C)
space-time I(L)

space-time I I(C)
space-time I(L)

space-time

LC 0.709 0.097 −0.150 0.273 0.062 −0.147
(0.000) (0.000) (0.000) (0.000) (0.004) (0.000)

LL 0.774 0.039 −0.057 0.326 0.023 −0.090
(0.000) (0.093) (0.005) (0.000) (0.273) (0.000)

4.3. Forecasting techniques and hyperparameter optimization
We assessed the stationarity of the LC mortality indices using the CADF test, which yielded the p-values
0.847 on the original panel data and 0.000 after differencing, indicating the successful removal of unit
roots, and d = 1 as the uniform order of integration.

For both the LC and LL models, we estimated the parameters and optimized the hyperparameters
of the time series forecasting techniques as we outlined in Table 1. In all cases, the contiguity spatial
weights matrix outperformed the version constructed from inverse distances between capital cities, in
line with the findings from Table 2.

4.4. Point forecasts
We forecasted the country-specific mortality indices of the LC and LL models and the log-mortality
rates using all forecasting techniques presented in Subsection 3.3, each with its optimal set of hyper-
parameters, using observed jump-off rates to enhance forecast accuracy, as recommended by Lee and
Miller (2001), and applied an RWD for the common mortality index of the LL model11 The first row
of Figure 3 illustrates the LC model predictions for Norway across selected ages, and the second row
shows the corresponding coherent LL forecasts.12

4.5. Robust selection
Following forecasting, we applied the robust selection procedure described in Subsection 3.4, using the
years 2001 through 2007 as the endpoints of the training period (i.e., Ttrain ∈ {42, 43, 44, 45, 46, 47, 48})
to evaluate the predictive performance of the combinations of the LC and LL models and the seven
forecasting techniques and the two ensembles. The numbers and ISO-2 codes of the countries in
which each technique performs best under each model, based on AU and MU, are summarized in
Table 3.13

Within the LC framework, LC–ESTF emerges as the strongest overall performer, with 6 and 7 wins
under AU and MU, respectively. LC–SDPLM also performs well, achieving 4 wins under both criteria.
Overall, the spatiotemporal techniques account for 17 and 14 wins under AU and MU, respectively, out
of the 22 populations.

Within the LL model, LL–DPLM stands out with 6 and 5 wins under AU and MU, respectively,
making it the best performer across criteria. LL–STARIMA follows with 3 and 5 wins. Spatiotemporal
techniques are best in 9 and 11 countries under AU and MU, respectively—less frequently than in the
LC framework. This is expected, as the common trend in the LL model already captures much of the
cross-country dependence, and the spatiotemporal techniques can only leverage residual dependence
beyond this.

11Since the SW-OLS and LASSO methods rely on different selection criteria and are not directly comparable, we applied an
unweighted average ensemble of the best SW-OLS and LASSO specifications for forecasting in both the LC and LL cases.

12Ensemble forecasts are not displayed to avoid visual clutter, but can be interpreted as (trimmed) average paths.
13In the case of the LL model, RWD, ARIMA, and STARIMA reduce to RW, ARMA, and STARMA, respectively, since no

differencing is applied to ensure coherence.
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Table 3. Number of wins by technique within each model, and ISO-2 codes of countries where they
won, based on AU and MU. Asterisks denote newly proposed techniques in this context, and highest win
counts by column are typeset in bold underlined font.

LC LL

Technique AU MU AU MU
RWD 1 (FR) 5 (AT,CH,FR,IE,PL) 3 (GB,IT,SE) 3 (CH,GB,IT)
ARIMA 1 (EE) 1 (EE) 1 (ES) 0
DPLM∗ 1 (HU) 1 (HU) 6 (DK,EE,

HU,IE,NO,PT)
5 (DK,EE,IE,NO,PT)

VAR 2 (BE,IT) 1 (BE) 3 (CZ,LV,PL) 3 (CZ,HU,PL)
STARIMA∗ 1 (PL) 0 3 (DE,FR,NL) 5 (AT,BE,DE,FR,NL)
SDPLM∗ 4 (AT,DE,GB,PT) 4 (DE,GB,IT,PT) 0 0
ESTF∗ 6 (CH,DK,

ES,FI,NL,NO)
7 (CZ,DK,
ES,FI,LV,NL,NO)

2 (AT,FI) 2 (FI,SE)

ENS1∗ 4 (CZ,IE,LV,SK) 1 (SK) 1 (BE) 3 (ES,LT,LV)
ENS2∗ 2 (LT,SE) 2 (LT,SE) 3 (CH,LT,SK) 1 (SK)
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Figure 3. Point projections of log-mortality for selected ages in Norway from the LC (first row) and LL
(second row) models.

Spatiotemporal techniques often outperform generic VAR as they rely on more parsimonious
dependence structures.

We provide another comprehensive summary of our results in Figure 4, where the red bars display
MAU, the red and blue bars combined correspond to values of the more cautious MMU, and the left and
right panels refer to the LC and LL models, respectively. This comparison is chiefly relevant if the same
model–technique combination is applied in all countries. Otherwise, country-specific combinations are
clearly superior.
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Figure 4. Comparison of MAU and MMU values across models and techniques (MMU is the sum of
the heights of the red and blue columns).

As shown in Figure 4, the LL–DPLM model achieves the lowest overall MAU, but is slightly outper-
formed by the ensembles LL–ENS1 and LL–ENS2 in terms of the more conservative MMU. Within the
LC model, the ensembles LC–ENS1 and LC–ENS2 achieve the lowest MAU, while LC–SDPLM is the
best in terms of MMU.

Notably, ensembles achieve excellent overall MAU and MMU, and LL-based forecasts outperform
LC-based ones, as they incorporate information on the common trend distilled from a larger set of data
in addition to country-specific patterns, while remaining coherent.

Overall, on the set of countries, ages and calendar years under consideration, LL–DPLM, LC–ESTF,
LL–VAR, and LL–STARIMA emerge as strong performers, with notable variation by country. The
widely used RWD and ARIMA specifications are clearly outperformed by other procedures in both
the LC and LL frameworks.

4.6. Stochastic forecasts
We performed the procedure presented in Subsection 3.5 using Ttrain = 45, Tval = 8, and Teval = 7 years,
R = 100 bootstrap samples, and a confidence level of 1 − τ = 0.9. For the sake of illustration, the first
and second rows of Figure 5 display mean-calibrated, post hoc adjusted, bootstrapped 90% prediction
intervals of log-mortality rates for selected ages in Norway, based on the LC–ESTF and LL–ESTF
frameworks.14

As ENS1 and ENS2 lack their own mortality index series, we computed their prediction intervals
as quantiles of the means and trimmed means, respectively, of the bootstrapped samples of the log-
mortality rates from the seven individual techniques and applied all subsequent modeling steps in the
same way as to the original techniques.

14Prediction uncertainty at age 30 is dominated by measurement uncertainty, which does not accumulate over time.

https://doi.org/10.1017/asb.2026.10092 Published online by Cambridge University Press

https://doi.org/10.1017/asb.2026.10092


ASTIN Bulletin 383

Table 4. Number of countries in which each forecasting technique yields the lowest
average 90% interval score, and ISO-2 codes of countries where they won. Asterisks
denote newly proposed techniques, and highest win counts by model are typeset in bold
underlined font.

Technique LC LL
RWD 1 (IE) 0
ARIMA 1 (LT) 2 (ES, IT)
DPLM∗ 3 (DK, PL, SK) 7 (BE, CH, CZ, HU, NO, PL, PT)
VAR 1 (DE) 2 (IE, NL)
STARIMA∗ 4 (EE, FI, NO, PT) 1 (GB)
SDPLM∗ 6 (AT, FR, GB, HU, IT, LV) 1 (EE)
ESTF∗ 2 (BE, CZ) 6 (AT, DK, FI, LT, LV, SK)
ENS1∗ 3 (CH, ES, SE) 1 (SE)
ENS2∗ 1 (NL) 2 (DE, FR)
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Figure 5. Bootstrapped 90% prediction intervals for selected ages in Norway from the LC–ESTF (first
row) and LL–ESTF (second row) frameworks.

Table 4 reports the number and list of countries in which each technique achieves the lowest average
90% interval score under the LC and LL models. Under LC, SDPLM performs best, winning in six
countries, followed by STARIMA, DPLM and ENS1, while the classical benchmarks RWD and ARIMA
win in one country each. Under LL, DPLM attains the highest number of wins (seven), closely followed
by ESTF (six), whereas ARIMA wins in only two countries and RWD in none.

Table 5 reports median average 90% interval scores and empirical coverage probabilities across
forecasting techniques. Under the LC model, ENS1 achieves the lowest median interval score, closely
followed by ENS2 and SDPLM, while classical benchmarks exhibit higher scores. Under the LL model,
ESTF attains the lowest MAIS, with DPLM performing similarly well. Empirical coverage probabilities
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Table 5. Median average 90% interval scores and empirical coverage probabilities by
forecasting technique under the LC and LL models. Asterisks denote newly proposed
techniques, and lowest MAIS by model are typeset in bold underlined font.

LC LL

Technique MAIS0.90 ECP0.90 MAIS0.90 ECP0.90

RWD 0.997 0.864 1.029 0.929
ARIMA 0.946 0.845 0.898 0.888
DPLM∗ 0.878 0.894 0.827 0.913
VAR 0.865 0.900 0.896 0.909
STARIMA∗ 0.892 0.913 0.883 0.908
SDPLM∗ 0.865 0.896 0.931 0.922
ESTF∗ 0.897 0.878 0.827 0.934
ENS1∗ 0.845 0.893 0.885 0.916
ENS2∗ 0.848 0.897 0.873 0.899

are generally close to the nominal level across methods, while LL-based frameworks tend to slightly
overcover.

4.7. Robustness check
To assess the robustness of our forecasts, we compared period life expectancy at birth at the end of
the test period in 2019, computed using the various forecasting techniques estimated on the training
period 1950–2004, for all N = 22 countries and both the LC and LL models. This choice was motivated
by four considerations: (i) life expectancy at birth is an easily interpretable measure with an intuitive
scale; (ii) it summarizes mortality across all ages into a single indicator, allowing for a parsimonious
comparison; (iii) by the end of the test period, forecasts from different techniques are expected to have
diverged sufficiently to allow for an informative comparison; and (iv) unlike cohort life expectancies, it
does not require re-estimating the models and techniques on the full dataset and forecasting an additional
100 years, which would be more speculative as well as computationally demanding.

By careful individual examination of the projected mortality trajectories by country, model, and tech-
nique, we identified a few anomalies. In the Baltic states of Estonia, Latvia, and Lithuania, the LC
mortality index series kit increases over time, accompanied by negative values of bix at childhood and
some other ages and positive values at middle ages. This pattern captures the idiosyncratic mortal-
ity experience of these countries, where middle-aged mortality stagnated or worsened during the late
Soviet period (Krúmiņš and Zvidriņš 1992), while other age groups experienced improving mortality.
STARIMA introduces decreases into kit over several periods, which leads to projected increases in child
mortality and decreases in middle-aged mortality in the forecasts for all three countries. A similar inver-
sion is observed for ESTF in Estonia and Latvia. As this behavior is clearly a modeling artifact, we
exclude LC–STARIMA for all three countries and LC–ESTF for Estonia and Latvia. This inversion
does not affect the robust selection or the evaluation of prediction intervals presented in Subsections 4.5
and 4.6, as these techniques were not selected for the affected countries and the reported medians are
robust to outliers.

The results are displayed in Figure 6, which shows little variation across techniques. The standard
deviations across techniques, computed separately for each country and model, range from 0.01 to
1.06 years, with a median of 0.44 years, corroborating the robustness of our forecasts.

5. Conclusion
Our paper introduces a suite of multipopulation forecasting techniques for the Lee–Carter and Li–Lee
country-specific mortality indices. Traditionally, most authors apply RWD or ARIMA processes. By
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Figure 6. Comparison of projected period life expectancy at birth in 2019 across countries, models,
and techniques.

contrast, we have also explored various spatial and panel econometric techniques. We applied these to
mortality data from 22 countries, spanning the years 1960 to 2019 and covering ages 0–99. We estimated
both the Lee–Carter and Li–Lee models on training periods ending in years ranging from 2001 through
2007 and forecasted their mortality indices using various techniques, with coherent forecasts in the
Li–Lee frameworks. We then analyzed the forecast accuracy based on our proposed robust selection
procedure using test sets spanning the remaining years through 2019.

Based on multiple robust metrics (number of wins by average and maximum underperformance
relative to the best model–technique combination, as well as median average underperformance and
maximum average underperformance), the combinations of the Li–Lee and the dynamic panel linear
models, the Lee–Carter model and the eigenvector spatiotemporal filter, the Li–Lee model and VAR,
and the Li–Lee model and spatiotemporal ARIMA emerge as particularly strong performers in point
forecasts, with notable variation by country. Out of these frameworks, we are the first to propose all but
the third one in the literature to the best of our knowledge.

We propose a mean-calibrated, post hoc adjusted bootstrapping procedure to generate prediction
intervals with correct nominal coverage. In interval forecasting, the newly introduced techniques clearly
outperform classical benchmarks, with the Li–Lee model combined with the eigenvector spatiotemporal
filter or the dynamic panel linear model achieving the lowest median average interval scores.

We examined projected period life expectancies at birth in 2019 across the various model–technique
combinations and found that the forecasts were sufficiently robust.

In summary, our results provide evidence that spatial and panel econometric techniques for forecast-
ing the Lee–Carter and Li–Lee mortality indices can be superior to more established approaches and
applying them may yield measurable improvements in accuracy in several populations.

Our study is limited in that it only considers the Lee–Carter and Li–Lee models as the two most
prominent general and coherent multipopulation stochastic mortality models, and the Random Walk
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with Drift for the common mortality index in the Li–Lee model, and it does not delve into Bayesian
techniques or more sophisticated ensembles for forecasting the mortality indices.

Despite the built-in robustness, the results may change if the set of countries, ages, and calendar years
considered in the analysis is modified.

A further limitation is the use of geographical distance, as countries’ mortality experiences may
be more closely aligned through cultural proximity. This could be accounted for using spatial weights
matrices based on Hofstede’s cultural dimensions theory (Hofstede, 1984), among other possible spatial
weighting schemes.

Additionally, we have omitted the years of the COVID-19 pandemic from the testing period out of
necessity, and our analysis is currently limited by the absence of data for the post-pandemic years.

Finally, it would be worthwhile to apply the outlined methodology to more granular data—for exam-
ple, at the levels of counties, states, or other subnational units—where even more meaningful spatial
relationships may emerge.

The proposed techniques lend themselves to practical applications by actuaries and demographers,
facilitating more accurate forecasting of mortality patterns and enhancing the design of demographic
projections, pension systems, and life insurance products.

Data and code availability. The data and code that support the findings of this study are available from the authors upon request.
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