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ABSTRACT
The Lee-Carter (LC) model has been recurrently used to forecast mortality,
including by national statistical offices. This model has many advantages,
but tends to underpredict life expectancy due to its assumption of constant
age-specific response to the time index. Does this bias emerge fromall ages
or from specific ages only? In this paper, we aim to provide a more detailed
evaluation of the model, by evaluating its accuracy, bias and robustness
by age. Our analysis is based on 806 out-of-sample forecasts using vari-
ous different fitting periods and forecast horizons. We focus on age 65 and
above, as most deaths occur at older ages nowadays. We showed that the
LCmodel is not fundamentally biased, but its main assumption of constant
age-specific response to the time index, often leading to constant rates of
mortality improvement, is not appropriate in all populations and at all ages.
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Introduction

Forecasts of life expectancy are essential to estimate future health care and pension costs. Each private
or public institution using forecasting products tends to have its own model, even across institu-
tions in the same country (Stoeldraijer et al. 2013). These models often rely on various different
assumptions or fitting periods, leading to a diversity of expected future mortality trends. One model
recurrently used to forecast mortality is the Lee-Carter (LC) model (Lee & Carter 1992), which fore-
casts age-specific death rates log bilinearly. In the original model, the parameters are estimated using
principal component analysis, but othermethods of estimation, such asmaximum likelihood, are also
possible (Brouhns et al. 2002). Many national statistical offices use the LC model, or an extension, in
their official national projections (Stoeldraijer et al. 2013). The LC model has many advantages, such
as its simplicity; it requires little subjective judgement and can factor in uncertainty.

However, themodel has onemajor drawback: it tends to underpredict life expectancy (Lee&Miller
2001, Booth et al. 2006, Bergeron-Boucher et al. 2019). This underestimation has been attributed to
the model’s assumption of constant age-specific response to the time index, often leading to a con-
stant rate of mortality improvement (ASRMI) over time, even though some age groups have shown
accelerating decline in mortality (Kannisto et al. 1994, Rau et al. 2008). Booth et al. (2006) showed
that the model underpredicted mortality at younger ages, but over-predicted it at older ages for many
countries.
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Underestimation of future life expectancy is amajor threat to the financial sustainability of pension
funds. The Swiss Re reportA short guide to longer lives: Longevity funding issues and potential solutions
states:

Underestimating life expectancy by just one-year – a relatively small miscalculation, it could easily be higher –
can increase liabilities by up to 5%. For a pension plan with USD 1 billion of assets, an extra USD 50 million
would need to be funded. (Singleton et al. 2010)

The choice of forecastmodels andmodelling assumptions impacts financial products, such as annuity
and pension (Richards & Currie 2009).

In addition, mortality forecasts have been used to predict health care expenditures (HCE) (Lee
& Miller 2002). The consideration of time to death in HCE projections has been encouraged, given
that mortality has been declining in many countries (van Baal &Wong 2012). Whether reductions in
mortality will lead to an increase or decrease in HCE is not clear, however, and depends on whether
health costs by age will stay constant or increase for both survivors and deceased over time (Payne
et al. 2007). Nevertheless, it should be expected that errors in mortality forecasts will lead to errors in
the HCE projections.

The LC model has been evaluated many times and has often served as a standard reference for
any newly introduced forecast methods (Lee & Miller 2001, Booth et al. 2006, Koissi et al. 2006).
These evaluations, however, have focused on life expectancy at birth, or from age 65, and sometimes
used the in-sample fit of the model to assess its accuracy. In this paper, we ask: How does the LC
model perform at different ages? Does the LC bias emerge from all ages or from specific ages only?
The LC model could have varying forecast performance at different ages, which cannot be captured
by an evaluation based on life expectancy at one given age only or on the mean errors on death rates
across all ages. In addition, evaluations based on the in-sample fit are not representative of themodel’s
forecast accuracy, as the fit of a model can always be improved with additional parameters (Hyndman
& Athanasopoulos 2018). Given the use of the LC model by public and private institutions, we aim
to provide a more detailed evaluation of this model performance at high ages. We evaluate the LC
model’s performance by age, from age 65 and above, but also by fitting period and forecast horizon,
based on out-of-sample performance of the most recent mortality trends. We assess and discuss the
LCmodel accuracy, bias, and robustness for four countries whose statistical offices use this model for
their national forecasts. Finally, we discuss some variants of the LC model and evaluate their forecast
performance.

Data

We used data from the Human Mortality Database (HMD 2020) for Canada, Denmark, Italy and
Sweden for both sexes. The countries have been selected because their national statistical offices use
the LC model, or a variant, to forecast mortality. The analysis has been replicated for an additional
six countries in the Appendix. We used data from 1921 to 2016 for our analysis, which is the longest
data series with available observations for all four countries.

Death counts and exposures were extracted from the HMD and life tables were calculated from
non-smoothed rates. We used data from age 65–100 by single year of age. Data above age 100 are
often scarce, especially in the past, making forecasts problematic without further assumptions about
mortality patterns at these ages. As few deaths occur after age 100, relative to younger age groups, the
results are robust to inclusion of age groups beyond age 100.

Methods

The Lee-Cartermodel

The original LC model is expressed as

ln(mx,t) = ∝x + βxκt + εx,t (1)
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Table 1. Lee-Carter (LC) variants used by the national statistical offices of Canada, Denmark, Italy and Sweden.

LC Variants References Fitting period

Canada Coherent (Sex+ regions)
Rotating age pattern

Li & Lee (2005), Li et al. (2013) 1981–2016

Denmark κt adjusted Lee & Miller (2001) 1990–2017
Italy κt adjusted

Death probabilities rather
than rates

Lee & Miller (2001) 1974–2014

Sweden LC from age 50 (no-variant)
Male-Female coherent after
2050

Lee & Carter (1992) Average over multiple periods,
1985–2017

where mx,t are the death rates at age x and year t, ∝x is the average of the age-specific logged death
rates over time, βx is the age-specific adjustment to κt and κt is a time-index capturing the dominant
time trend in the logged death rates matrix. The parameters have been estimated with a Singular
Value Decomposition, as it is done by many statistical offices (Hansen & Stephensen 2013, Zhang
et al. 2019). The κt time-index was forecast using a time-series model. We used a random walk with
drift model, as suggested by Lee & Carter (1992). We used the Lee & Miller (2001) modification to
the original model, which corrects the jump-off year by changing∝x to be equal to the most recently
observed age-specific logged death rates. This procedure results in fewer forecast errors, by using the
correct jump-off (Lee & Miller 2001).

Fitting the LC model using an SVD does not have a unique solution. Hence, identifiability con-
straints are necessary to identify the models’ parameters. We use the same identification as Lee &
Carter (1992) where

∑
x βx = 0 and

∑
t κt = 1. However, as shown by Currie (2020) the mortality

forecasts is invariant with respect to the choice of constraints.

Age-specific rates ofmortality improvement (ASRMI)

The main assumption of the LC model is constant age-specific response to the time-index over time
(βx). As the time-index is often assumed to be linear, this assumption leads to constant ASRMI over
time. The ASRMI are equal to −κ̇tβx, where κ̇t is the derivative of κt with respect to time. If κt is
forecast with a random walk with drift, the ASMRI are estimated by −dβx where d is the drift.

We first analysed the ASRMI over time for different age groups and identified whether mortality
improvement rates have been constant. This first analysis indicates if the LC model is suitable for
forecasting in the selected countries, i.e. if the assumption of constant ASRMI is fulfilled. The ASRMI
were calculated as

ρx,t = 1 −
(

mx,t

mx,t−1

)
(2)

LC variants used by national offices

Most of the selected countries use a variant of the LC model for their national forecasts. The fitting
period to estimate the LCmodel also varies across countries. Table 1 summarizes the models used by
the offices in charge of doing national forecasts and are briefly described.

Statistics Canada uses the Li-Lee (LL) variant (Li & Lee 2005) to forecast mortality. The LL model
is used to forecast mortality by sex or regions in a coherent way, such that their mortality trends do
not diverge significantly from one another. Statistics Canada extends this model to include a coherent
term between both sexes and regions. Two adjustments are then made: (1) the βx values are modified
above age 80 to avoid having negative numbers, by use of exponential approximation, and (2) the
age pattern is rotated to allow ASRMI to change over time, using the approach developed by Li et al.
(2013). The fitting period starts in 1981 (Zhang et al. 2019).
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Danish official forecasts, estimated by the Danish Institute for Economic Modelling and Fore-
casting (DREAM), are based on the LC model (Lee & Carter 1992), with an adjustment of the initial
parameters using the Lee&Miller (2001) variant and based on data since 1990. Both sexes are forecast
separately (Hansen & Stephensen 2013).

The ItalianNational Institute of Statistics (ISTAT– IstitutoNazionale di Statistica) also uses the Lee
& Miller (2001) variant of the LC model, based on data since 1974. However, the death probabilities
are used for the forecasts, rather than the death rates. Both sexes are forecast separately (ISTAT 2018).

Statistics Sweden use the LCmodel to forecastmortality from age 50–100 (alternative assumptions
are used for younger ages). Because the method can be sensitive to the choice of fitting period, the
average of five forecasts based on different fitting periods is used: 1985–2017, 1990–2017, 1995–2017,
2000–2017 and 2005–2017. Forecasts are done separately for each sex at the beginning of the pro-
jection, but the ASRMI for both sexes are assumed to converge in 2050 (Statistiska centralbyrån
2018).

Some of the variants used do not change the main assumption of the LC model. The Lee–Miller
variant readjusts κt , but if the parameter is extrapolated with a random walk with drift, the ASRMI
will be constant. All four national forecasts use a random walk with drift or an ARIMAmodel with a
linear trend to forecast κt .

The LL model forecasts the average trends between populations using the LC model and then
forecasts the population-specific deviation from the average using a stationary time-series model (Li
& Lee 2005). The use of a stationary time-series to forecast the deviation from the mean imposes no
long-term changes. Thus, the LL model can allow for some short-term changes in the ASRMI but
imposes constant long-term ASRMI, determined by the average trend.

Statistics Canada does allow for changing ASRMI in their forecast by using the rotating age pattern
model developed by Li et al. (2013). The authors suggested changing the βx over time, such that
they decline at younger ages and increase at older. κt is then reestimated so that the projected life
expectancy using the rotated βx equals that of the original LCmodel. This approach thus changes the
age pattern of death rates that generates the forecast life expectancy by the LC model, but does not
change the life expectancy forecasts.

By using the death probabilities rather than death rates, the Italian national forecast does allow for
small changes in the ASRMI, as shown by Bergeron-Boucher et al. (2019). However, these changes
tend to be small and an LCmodel applied to death rates or death probabilities tends to produce similar
results (Bergeron-Boucher et al. 2019).

For comparability purposes, we initially only assessed the original LC model performance in all
four countries.We then evaluated and discussed some of these abovementioned variants andwhether
they can improve forecasts.

Forecast errors

To evaluate the forecast accuracy, bias and robustness, we used an out-of-sample approach based on
various different fitting periods and forecast horizons. Forecasts are sensitive to both these compo-
nents. Mortality for each country was forecast starting from year 1982 to 2012 (jump-off years) with
the last year of the forecast being 2016, representing a forecast horizon of 35 to five years, respectively.
For each jump-off year, we used the preceding 25–50 years as the fitting period. This meant that the
first forecast used the fitting period 1987–2011, forecasting the years 2012–2016, and the last forecast
used the fitting period 1932–1981, and forecast the years 1982–2016. In total, 806 forecasts by coun-
try and sex were performed. The errors were estimated for the period 2012–2016 – i.e. the period for
which we have forecasted values for all combinations of length of fitting period and forecast horizon.

The forecast errors are calculated for death rates and life expectancy at all ages from age 65. As the
scale of death rates and life expectancy vary across ages, we used relative errors measures to avoid bias
interpretation from the size effect. To measure the accuracy, we used the symmetric mean absolute
percentage error (sMAPE). Similarly, the bias is measured with symmetric mean percentage error
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(sMPE). The robustness is measured with a 95% confidence interval (CI) of the sMAPE, based on the
2.5% and 97.5% percentiles of the 806 forecasts.

Results

Constant ASRMI assumption

Figure 1 shows the mean ASRMI in the previous 10 years by 5-year age groups for the four selected
countries. The figure shows that the ASRMI have not been constant in most cases, with periods of
faster or slower mortality decline, and some periods of increase. For males in all four countries, we
observed an important increase in ASRMI since the 1980s formost age groups, but more pronounced
below age 90.

For females, a diversity of patternswas observed. For example, theASRMI inDenmark andCanada
(particularly above age 85) were lower in the 1990s than in the previous and following years. In Italy,
the ASRMI had been increasing since the 1970s, but decreased in more recent years. For Sweden, the
ASRMI were roughly constant since the 1970s, except for a small decline below age 80 in recent years.

From this simple analysis of the ASRMI, we can expect that the LC model will over-predict death
rates for males because increasing ASRMI are observed. For females, the accuracy of the model

Figure 1. Average ASRMI in the previous 10 years in Canada, Denmark, Italy and Sweden, 1931–2016. (a) Females; (b) Males.
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will vary by country, age and fitting period because constant, decreasing and increasing ASRMI are
observed.

Forecast errors for females

Figure 2 shows the errors in life expectancy for females using measures of accuracy, bias and robust-
ness by age, forecast horizon and length of fitting period. The LC model predicts life expectancy less
accurately for older ages, with increasing sMAPE over age. A general conclusion for females is that
the errors in life expectancy are smaller at younger ages, for shorter horizon and when based on a
longer fitting period. The 95% CI is also smaller for forecasts with these characteristics.

At all ages, the robustness of the model is not very strong. For example, at age 65 in Denmark, the
errors vary between 0.5% and 10.2%, representing errors between 0.1 and 2.0 years of life expectancy,
depending on the fitting period and forecast horizon. In Canada, the errors are smaller and vary
between 0.2% and 4.2%, representing errors between 0 and 0.9 years. At age 85, the CI upper bound
is between 9.4% (Sweden) and 15.4% (Italy), representing an error in life expectancy up to between
0.7 and 1 year.

Figure 2 also shows that themodel tends to underpredict life expectancy below age 80 in Denmark
and below age 90 in Canada. This underestimation comes from short-term horizon forecasts (below
25 years forecast horizon). In Italy, the model also underpredicts life expectancy below age 85, but
this underestimation comes from long-term forecasts. For Sweden, the model tends to overpredict
life expectancy at all ages.

Figure 3 shows the errors by age for the death rates. The LCmodel tends to overpredict death rates
below age 80 in Denmark, which is consistent with the results based on life expectancy and consistent
with the slower or decreasing ASRMI observed in Figure 1 at these respective ages in the 1990s. The
CI are also quite large at these ages. This special pattern for Denmark can possibly be explained by a
large cohort effect for these age groups (Lindahl-Jacobsen et al. 2016). After age 80, we found little bias
for Denmark, but the robustness worsens above age 90, which can come from the stronger mortality
fluctuations at older ages – a pattern also observed for the other countries.

For Italy, the LC model overestimates death rates between age 70 and 90, with lower robustness at
these ages. Important fluctuations in the ASRMI are observed over time at these ages in Italy (Figure
1), which lower the robustness of the LC. The forecast results thus vary quite a lot depending on the
fitting period and forecast horizon for Italy.

For Canada and Sweden, the errors in death rates are somewhat lower than for the two other
countries. Themodel is also somewhatmore robust for these countries, however relatively largeCI are
still observed. Less fluctuations in the ASRMI are observed since the 1960s for these countries (below
age 85 in Canada), which could explain these results. However, themodel tends to underpredict death
rates at all ages for Sweden, which can come from slower improvement observed in recent years. For
Canada, there is a relatively small overprediction in death rates at most ages.

Forecast errors formales

Figure 4 shows the errors in life expectancy formales usingmeasures of accuracy, bias and robustness
by age, forecast horizon and length of fitting period. Unlike females, the forecast errors for males are
lower between age 80 and 90 than at younger ages. The accuracy improves (lower sMAPE) from age
80–90 for all male populations and worsens from age 90–100. This trend could be explained by a
smaller (or more recent) increase in the ASRMI above age 80, relative to those observed at younger
ages. Similar to the female populations, the higher sMAPE for the oldest age group could be explained
by stronger mortality fluctuations at these ages. The length of fitting period seems to matter less for
males, with the errors staying roughly constant over length of fitting period. As for females, the shorter
the forecast horizon, the smaller the errors.
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Figure 2. Lee-Carter out-of-sample performance based on errors in life expectancy using sMAPE (in grey) with confidence inter-
vals and sMPE (black dashed line) by age, forecast horizon and length of fitting period. Canada, Denmark, Italy and Sweden from
2012–2016, Females.

The robustness of the model is poor for all four countries, with very large CI. For example, at age
65, the 95% CI has an upper bound around between 19.4% (Canada) and 25.2% (Denmark), which
represents an error in life expectancy at age 65 of between 3.4 and 4.1 years. At age 85, the CI upper
bound is between 15.6% (Sweden) and 20.0% (Denmark), representing an error in life expectancy of
between 0.8 and 1.1 years.

There is a clear bias in the LC model when predicting male life expectancy. The model underpre-
dicts it for all countries below age 90, and for all forecast horizons and length of fitting period.

Figure 5 shows the errors in death rates for males. The LC model overpredicts mortality at most
ages. This bias is especially high below age 90, wheremortality improvement has been the fastest in all
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Figure 3. Lee-Carter out-of-sample performance based on errors in death rates using sMAPE (in red) with confidence intervals and
sMPE (in blue) by age. Canada, Denmark, Italy and Sweden from 2012–2016, Females.

male populations. Large CI are also observed at these ages, suggesting little robustness, with forecast
results varying a lot depending on the forecast horizons and fitting period.

Can the forecast be improved?

Provided that the ASRMI are not always constant in time, could we improve the forecast bias and
robustness by adjusting the ASRMI? We test two different variants of the LC model to this aim: (1)
coherent forecasts and (2) rotating age pattern.

As discussed earlier, coherent forecasts allow the ASRMI to temporarily change before reaching a
constant, guided by an average or reference population. Theβx of a populationwill thus be adjusted to
converge to those of a reference population, such that the slow improving countries will have higher
βx (e.g. Denmark) and the fast-improving countries will have smaller βx (e.g. Italy), compared with
the LC model. However, the question of which reference population to use is still unanswered. The
reference population has an impact on the forecast results and should be chosen carefully (Kjærgaard
et al. 2016, Stoeldraijer 2019).

In Table 2, we used an average between the four selected countries to guide the population-specific
forecasts for females, using the Li & Lee (2005) model. This approach improves accuracy and robust-
ness when forecasting life expectancy at age 65 and 85 for Canada and Denmark. It also lowers the
bias at age 65, but not at age 85. However, the model worsens the forecasts in Italy, by lowering βx
which leads to an even higher overestimation of death rates. For Sweden, while the LL model lowers
the bias at age 65 compared with the LC model, it increases the overestimation in life expectancy at
age 85. As improvement in mortality at older ages in Sweden has stayed roughly constant, the LC
model can better capture these trends. However, the LL model is more robust at older ages than the
LC for this country.

Table 3 shows similar results to those of Table 2 for males, using female mortality as the reference
population. Studies showed that using females’ mortality as a standard to forecast male mortality
tends to increase accuracy and reduce the bias for males. However, using males as a standard for
females tends to lower the accuracy for females (Hyndman et al. 2013, Bergeron-Boucher et al. 2018).
When looking at life expectancy at age 65, the LL model reduces the bias and improves robustness
and the accuracy for all countries. However, for Italy, the LL model underestimates death rates above
age 75, leading to an overestimation of the life expectancy at age 85, but also at age 65.

Another attempt to adjust the LC to the changes in the ASRMI is the model developed by Li et al.
(2013), from now on labelled the LLG model. Their model allows the age pattern (βx) to change
over time, such that its values decline at younger ages and increase at older ages. An ultimate βx is
estimated, such that its values at ages 15–65 equal the average value for this age range and its values
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Figure 4. Lee-Carter out-of-sample performance based on errors in life expectancy using sMAPE (in red) with confidence intervals
and sMPE (in blue) by age, forecast horizon and length of fitting period. Canada, Denmark, Italy and Sweden from2012–2016,Males.

after age 65 are proportionally adjusted, such thatβx sum to 1. The authors then suggest re-estimating
κt so that the projected life expectancy using the rotated βx equals that of the original LCmodel. This
approach thus changes the age pattern of mortality that generates the forecast life expectancy by the
LCmodel, but does not change the life expectancy forecasts obtained in applying the LCmodel. This
strategy is adopted by Statistics Canada.

Using this approach will not change the results of Figures 2 and 4 but will change those of Figures
3 and 5. The age pattern could be rotated without re-estimating κt to allow for life expectancy to
change in accordance with the rotated age pattern. This approach resembles a target value approach:
theASRMI are allowed to change until they converge to a constant after a given time period. However,
the method of estimating this period is subject to discussion. Li et al. (2013) suggest finishing the
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Figure 5. Lee-Carter out-of-sample performance based on errors in death rates using sMAPE (in red) with confidence intervals and
sMPE (in blue) by age. Canada, Denmark, Italy and Sweden from 2012–2016, Males.

Table 2. Life expectancy at age 65 and 85 sMAPE with confidence intervals and sMPE, based on forecast with the LC, LL and LLG
models between 2012 and 2016, for females. When the LL and LLG models outperformed the LC model, the numbers are in bold.

Age 65 Age 85

sMAPE 95% CI SMPE sMAPE 95% CI sMPE

LC
Canada 1.80 [0.20, 4.15] −0.86 5.04 [1.06, 11.61] −1.18
Denmark 4.44 [0.54, 10.22] −3.54 3.85 [1.11, 10.65] −0.56
Italy 2.35 [0.72, 8.92] −0.99 4.22 [1.80, 15.42] −0.22
Sweden 1.57 [0.32, 4.66] 1.31 2.82 [0.76, 9.41] 1.38
LL
Canada 1.10 [0.18, 3.54] 0.37 2.63 [0.54, 8.73] 1.36
Denmark 2.38 [0.41, 5.44] 0.51 2.79 [1.10, 8.33] 1.10
Italy 4.27 [0.73, 7.87] −4.03 4.28 [1.86, 8.68] −3.28
Sweden 1.04 [0.28, 3.00] 0.70 2.99 [0.78, 8.36] 2.87
LLG
Canada 3.42 [0.30, 11.71] 1.40 7.48 [0.79, 21.70] 1.84
Denmark 4.27 [0.50, 11.55] −0.50 7.28 [1.15, 21.23] 4.32
Italy 2.58 [0.76, 8.66] 2.39 5.71 [1.84, 15.37] 5.07
Sweden 2.76 [0.32, 11.06] 2.28 4.88 [0.77, 19.48] 3.65

rotation when life expectancy reaches an ultimate value (they suggest 112 for life expectancy at birth
for both sexes). In Tables 2 and 3, we provide an example of this model, assuming that the observed
βx will converge towards the ultimate βx (as determined by Li et al. (2013)) in 20 years.

This approach tends to overpredict life expectancy for females. This bias comes from the use of
fitting periods where the ASRMI were high at younger ages (e.g. before 1960), which leads to high
ASRMI at older ages. The model performs better when more recent fitting periods are used.

For males, the LLG approach improves the accuracy and robustness and reduces the bias for all
four countries at age 65, relative to the LC model. At age 85, mixed results are found.

Thus, the LC model can sometimes be improved by allowing some changes in the ASRMI over
time. However, how the ASRMI are modified, and the underlying speed of progress imposed are
important, but vary across populations and age groups.

Discussion

The LCmodel tends to underpredict life expectancy at high ages formost of the analysed populations,
especially for males as the model cannot capture changes in the rate of improvements by age. This is a
clear limitation with the LCmodel, given that improvement in mortality has been observed at higher
at higher ages (Rau et al. 2008). Furthermore, if the LCmodel is used as input for population forecasts,
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Table 3. Life expectancy at age 65 and 85 sMAPE with confidence intervals and sMPE, based on forecast with the LC, LL and LLG
models between 2012 and 2016, for males. When the LL and LLG models outperformed the LC model, the numbers are in bold.

Age 65 Age 85

sMAPE 95% CI SMPE sMAPE 95% CI sMPE

LC
Canada 10.39 [0.26, 19.42] −10.38 10.47 [2.21, 18.36] −10.46
Denmark 15.18 [1.66, 25.20] −15.18 8.34 [0.96, 19.96] −8.11
Italy 9.00 [0.61, 24.35] −8.89 4.33 [1.50, 15.76] −2.98
Sweden 9.35 [0.38, 21.35] −9.34 7.23 [1.22 15.63] −7.16
LL
Canada 4.49 [0.23, 8.96] −4.46 6.04 [0.74, 15.74] −1.96
Denmark 7.21 [0.65, 18.07] −6.20 6.81 [0.86, 19.12] 4.87
Italy 2.31 [0.61, 5.59] 1.43 7.30 [1.70, 13.73] 6.51
Sweden 2.22 [0.31, 6.90] −1.69 3.70 [1.02, 12.51] 1.73
LLG
Canada 6.80 [0.19, 11.31] −6.80 8.76 [1.11, 16.82] −6.63
Denmark 11.28 [1.22, 22.40] −11.13 12.08 [0.94, 53.84] 1.43
Italy 4.50 [0.61, 14.80] −2.17 8.89 [1.46, 49.65] 7.62
Sweden 4.89 [0.40, 11.36] −4.88 5.79 [1.07, 22.62] −0.52

those forecasts are likely to underpredict the number of elderly people in the population and hence
to underpredict the potential need for care in those societies.

The bias of the LC model has been known for a while now and the results presented in the article
are consistent with previous evaluations based on life expectancy at birth (Lee & Miller 2001, Booth
et al. 2006). However, we show that themodel can performwell for some populations and age groups,
e.g. for Swedish females. The LC model is thus not fundamentally biased, but its main assumption of
constant ASRMI is not appropriate in all populations and at all ages.

Another important finding is that the model is rarely robust. The LC model is sensitive to the
fitting period and forecast horizon, especially for populations and ages with changing ASRMI over
time. Thus, confidence in the forecast results is reduced and the results become sensitive to the choice
made by the forecasters regarding the years used to fit the model. Subjective decisions thus have to be
made regarding the fitting period, which affects the forecast. For females, it seems that longer fitting
periods providemore robust and accurate forecasts, as also shown by Bergeron-Boucher et al. (2020).

We evaluated two possible ways to increase robustness and reduce the bias, by allowing the ASRMI
to change. However, no single approach performs best for all countries or at all ages, which makes
the model selection complicated and case-specific. Among the alternatives tested, coherent models
hold potential to increase robustness and reduce bias, especially formales (using females as standard).
However, these results are not generalizable to all populations and reference populations, as coherent
models are sensitive to the reference population chosen (Kjærgaard et al. 2016).

The results are based on relative errors only. When assessing the accuracy of a model at different
ages, relative measures, such as the sMAPE, have the advantage of being scale-independent, thus
allowing a comparison of performance across age groups with different mortality scales. Absolute
differences in death rates give more weight to ages where mortality is high, even if only a few people
are still alive at these ages. On the other hand, relative measures give more weight to ages where
observed mortality is low (used as the denominator) and put a heavier penalty on positive errors.
However, these problems are less severe with the sMAPE and sMPE than with other measures of
percentage errors (Hyndman & Koehler 2006).

We used a random walk with drift to forecast the time-index, which typically is found to be an
appropriate mode (Callot et al. 2016). A randomwalk with drift is often used by the national forecast,
including by Statistics Canada and DREAM. However, other ARIMA models can be used to get a
more well-specified ARIMAmodel i.e. adding AR andMA terms. For lowmortality populations, the
log death rates over time can often be described by a linear trend. As the LC model only specifies
one factor in the SVD, the linear trend will oftendominate the time factor (Callot et al. 2016). The
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linear trend will also often dominate the forecast even when AR and MA terms are added. Hence, a
better specified ARIMAmodel is less relevant for this study as we focus on the forecast performance.
Further, as we produced a large number of forecasts for multiple populations, we limit the complexity
of the exercise by using a random walk with drift for all the forecasts.

The LC model has become widely used, presenting many advantages, such as its simplicity.
However, its assumption of constant ASRMI does not hold in many cases, increasing the bias and
decreasing the robustness of the model. Most alternative models considered by national offices are
either variants of the LC model, direct extrapolation, target value or expert opinions, or a mixture
of these approaches (Stoeldraijer et al. 2013). Whether these approaches perform better than the LC
model is subject to discussion, and analyses similar to those performed in this paper should be done
to evaluate these models.

We here only tested the original LC model and two variants, used by statistical offices. However,
many other variants of the model exist with generally better in-sample fit – e.g. using maximum
likelihood to fit the parameters (Brouhns et al. 2002), smoothing the parameters (Delwarde et al.
2007, Hyndman & Ullah 2007, Currie 2013), using more than one set of components (Hyndman
& Ullah 2007), etc. These variants can also generally improve out-of-sample accuracy (Booth et al.
2006), but it is not always tested. Other alternative models have been proposed and could potentially
increase accuracy and robustness. To cite only a few, they could comprise: forecasts of life expectancy
directly, using a Bayesian approach (Raftery et al. 2012) or using best-practice as a reference (Torri &
Vaupel 2012, Pascariu et al. 2018); forecasting the ASRMI directly (Bohk-Ewald &Rau 2017); forecast
by causes of death (Kjærgaard et al. 2019); forecast based on a different indicator (Bergeron-Boucher
et al. 2017, Bergeron-Boucher et al. 2019); forecast for cohorts (Rizzi et al. 2021); forecast by socio-
economic groups (Kjærgaard et al. 2020), etc. Testing all thesemodels was, however, outside the scope
of this paper. From our results, a model allowing for flexible ASRMI would be optimal. However,
models that allow for periods of accelerating and decelerating mortality changes are not so common.

In this paper, we only tested the LC model performance based on an out-of-sample approach,
testing if the model could have predicted recent mortality trends. The issue of whether the actual
trends are representative of the future is an open question. However, such an assumption underpins
any extrapolative approach: the observed trends should continue in a near, or not so near, future.
Thus, by using an extrapolative model, such as the LC model, we recommend doing out-of-sample
analysis to identify any potential bias.

Conclusion

This paper provides an in-depth look at the accuracy, bias and robustness of the LCmodel by age, from
age 65, for four countries based on an out-of-sample analysis. The results show that the LCmodel can
be an adequate model when the ASRMI are constant over time. However, constant ASRMI are rarely
observed at all ages. Given the use of forecasts by public and private institutions, a detailed analysis
of the ASRMI should be done by any institutions interested in using the LCmodel, and if the ASRMI
are not constant, an alternative model should be considered.
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Appendix

Figure A1. Lee-Carter out-of-sample performancebasedonerrors in life expectancy using sMAPE (in red)with confidence intervals
and sMPE (in blue) by age, forecast horizon and length of fitting period. Australia, France, the Netherlands, Norway, Spain and the
UK from 2012–2016, Females.



SCANDINAVIAN ACTUARIAL JOURNAL 79

Figure A2. Lee-Carter out-of-sample performancebasedonerrors in life expectancy using sMAPE (in red)with confidence intervals
and sMPE (in blue) by age, forecast horizon and length of fitting period. Australia, France, the Netherlands, Norway, Spain and the
UK from 2012–2016, Males.
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