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1. INTRODUCTION

Mortality 1s a fundamental demographic indicator that provides a basis for population projections, actuarial
analysis, and social security planning [1], [2]. Over recent decades, global mortality levels have generally declined
alongside improvements in healthcare and socioeconomic conditions [3]. However, the COVID-19 pandemic
disrupted this long-term pattern in 2020-2021, when mortality differed substantially from previous trends [2],
[4]. Such changes highlight the importance of evaluating mortality forecasting models across different mortality
conditions.

Accurate mortality forecasts are important for evidence-based decision-making in demography, actuarial
science, and public health. Forecasting errors may affect actuarial assessments, pension funding, and healthcare
resource allocation [5], [6]. Evaluating model performance is therefore important for understanding the suitability
of mortality forecasting approaches for different population contexts.

The Lee-Carter model remains a widely used framework for mortality forecasting. It represents the
logarithm of age-specific mortality rates using an age profile (a,), age sensitivity (b,), and a mortality index (k,),
conventionally estimated using Singular Value Decomposition (SVD) and projected using a Random Walk with
Drift [7]. Previous studies have demonstrated its usefulness for populations with relatively stable mortality trends
[8]. Recent applications include forecasting life expectancy in Medan City [9], comparing Random Walk with
Drift and Simple Exponential Smoothing for mortality forecasting in Indonesia [10], and constructing life tables
i different demographic contexts [11]. However, the assumption that mortality 1s time-invariant may become
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less suitable when mortality patterns change substantially over time [8], [12], [13]. This has motivated the
development of extensions based on structural changes, time-varying factor loadings, and machine-learning
approaches [14], [15], [16], [17].

One such extension models k; a latent state within a state-space framework estimated using the Kalman
Filter and Kalman Smoother [18]. This formulation provides a framework for representing changes in the latent
mortality index over time [19], [20]. Similarly, kernel-smoothed Time-Varying Lee-Carter models have been
mvestigated for mortality patterns that vary over time [21]. However, direct empirical comparisons between the
Classical and Time-Varying Lee-Carter models under a consistent out-of-sample validation framework remain
limited.

Model performance may also vary across demographic contexts. Previous studies have reported that the
Classical Lee-Carter model can perform well under relatively stable mortality trends, while structural changes
may affect its forecasting performance [22], [23], [24]. Global evidence also indicates differences in mortality
trajectories across countries [3], providing a basis for comparing Indonesia and Japan. According to WPP 2024
estimates used 1n this study, Indonesia shows greater temporal variation in mortality over the study period,
whereas Japan exhibits comparatively stable mortality patterns [4], [25], [26].

In Indonesia, previous studies have predominantly applied the Classical Lee-Carter model without an
explicit training-testing split [10]. This study therefore compares the Classical and Time-Varying Lee-Carter
models under a consistent out-of-sample validation framework. Both models use the same RWD forecasting
procedure but differ in how they estimate the mortality index. The Classical model estimates the index through
SVD, whereas the Time-Varying model uses a state-space framework with Kalman filtering and smoothing.
Keeping the forecasting procedure consistent allows the comparison to focus on differences associated with the
estimation framework.

This study uses WPP 2024 mortality estimates for Indonesia and Japan to compare the Classical and Time-
Varying Lee-Carter models under a consistent out-of-sample framework. Forecasting performance 1s evaluated
using MAE, RMSE, and MAPE, complemented by prediction mterval analysis and annual MAPE during the
testing period, including the COVID-19 years (2020-2021). The analysis examines whether the two estimation
frameworks perform differently across populations with contrasting mortality dynamics while keeping the
forecasting procedure consistent.

2. RESEARCH METHOD

The predictive performance of the Classical and Time-Varying Lee-Carter models was assessed using a
quantitative comparative approach. Secondary mortality data were obtained from the United Nations
Department of Economic and Social Affairs’ World Population Prospects (WPP) 2024, which provides age-
specific death counts and corresponding population exposures for Indonesia and Japan from 1970 to 2023. The
analysis included age groups from 0 to 100+, with the open-ended age group at 100+ years and older retained as
reported in WPP 2024. No additional age truncation or smoothing was applied. Estimates for the oldest age
group should therefore be interpreted with caution, as mortality rates at very old ages may be associated with
greater uncertainty.

Table 1. Selected age-specific mortality rates (m, ) derived from WPP 2024 death counts and population
exposures.
Age 1970 1990 2010 2020 2023
Indonesia
0 0.12396  0.06621 0.02834 0.01926 0.01733
20 0.00403 0.00212 0.0017  0.0014  0.00133
40 0.00692 0.00397  0.0034  0.00323 0.00278
60  0.02384 0.01887 0.01766 0.01974  0.0155
80  0.14188  0.1281 0.11301 0.11662 0.09923
100+ 0.50549  0.55985  0.54634  0.76274  0.5249
Japan
0 0.01377 0.00453 0.00233 0.00178 0.00162
20 0.00098  0.00056 0.00039 0.00031 0.00032
40 0.00242 0.00123 0.00106 0.00078  0.00075
60  0.01334 0.00811 0.00573 0.00447  0.00455
80  0.11013 0.06231 0.03949 0.03189 0.03121
100+ 0.57073  0.4925  0.4154  0.39023 0.41895
Note: Only selected ages and calendar years are presented. The complete mortality matrices (ages 0-100+ years,
1970-2023) were used in model estimation and evaluation.
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The age-specific mortality rate 1s calculated as,

Dyt
mx,t = i (1)

where m, ; is the mortality rate at age x and year t, D, , is the number of deaths, and P, ; is the corresponding
population exposure [27]. Before model fitting, mortality rates were log-transformed, and the data were divided
mto a training set (1970-2015) and a testing set (2016-2023) for out-of-sample validation. All analyses were
performed in R using the StMoMo, KFAS, and forecast packages.

2.1 Mortality Forecasting Models

The Classical and Time-Varying Lee-Carter models were compared using the same Random Walk with
Drift (RWD) forecasting procedure. The Classical Lee-Carter model serves as the baseline, whereas the Time-
Varying Lee-Carter model incorporates a state-space representation to allow the latent mortality index to evolve
[8], 121]. The formulation of the Classical Lee-Carter model 1s

In (my,) = a, + bk, + & 2

where a, represents the baseline logarithmic mortality level at age x, b, measures the sensitivity of age-
specific mortality to changes in the mortality index, k, represents the mortality index over time, and &, ; captures
random deviations from the fitted model [7]. The model parameters were estimated using SVD with the StMoMo
package, and the mortality index was forecast using RWD.

ki =k, +d+eg (3)

where the random disturbance is represented by &, and the drift parameter is denoted by d.

To ensure parameter identifiability, the standard Lee-Carter normalization constraints were applied, where
the age-specilic sensitivity parameters satisfy )., b, = 1 and the mortality index satisfies Y, k; = 0. These
constraints provide a unique decomposition of the mortality surface and prevent arbitrary scaling between b,, and
ke 17].

The forecast mortality rates were obtained by substituting the projected mortality index derived from Eq.
(3) into Eq. (2) [7].

M, = exp (ax + bxﬁt) (4)
where I:Ct denotes the forecasted mortality index [7].

For the Time-Varying Lee-Carter model, the mortality index was represented as a latent state within a linear
Gaussian state-space framework and estimated using the Kalman Filter and Kalman Smoother [21]. Following
the general state-space formulation proposed by Durbin and Koopman, the observation and state equations are
expressed as follows [28], [29]:

Ve =Ziay + & )
and
a = Tiar_1 + Re1y (6)

where y; denotes the observation vector, @; denotes the latent state vector, Z; 1s the observation matrix, T,
1s the transition matrix, and R; 1s the state disturbance matrix. The observation disturbance & and the state
disturbance 7; are assumed to be mutually independent and normally distributed as.

& ~ N(0H),
and

Ny ~ N(O’ Q)’

where H and @ denote the covariance matrices of the observation and state disturbances, respectively.
Under these assumptions, the Kalman Filter provides recursive estimates of the latent state, while the Kalman
Smoother refines these estimates by incorporating information from the entire observation period [28], [29].
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For the Lee-Carter model considered in this study, the observation variable is defined as [7].

Ye = log (mx,t) — Ay (7)

where m,. . denotes the central mortality rate at age x and year t, and a,, represents the average log mortality at
age x. The observation matrix was specified as Z; = b,., where b,, represents the age-specific sensitivity to changes
in the mortality index. The latent state corresponds to the mortality index k;, while the transition and state
disturbance matrices were specified as T, = 1 and R, = 1, respectively.

The unknown parameters of the state-space model, mcluding the observation and state disturbance
variances, were estimated by maximum likelihood using the KFAS package in R. The latent mortality index (k)
was first estimated using the Kalman Filter and subsequently refined using the Kalman Smoother to obtain
smoothed state estimates [30]. In the Time-Varying Lee-Carter model, a, and b, were retained from the
Classical Lee-Carter estimation obtained using SVD, while k; was estimated as a latent state through the state-
space framework.

2.2 Prediction Interval Analysis

To quantify the uncertainty associated with mortality forecasts, a 95% prediction interval was constructed
for the forecasted mortality index (k;). A prediction interval provides a range of plausible future values and
quantifies the uncertainty associated with point forecasts [31].

Assuming approximately normally distributed forecast errors, the 95% prediction interval for forecast

horizon h is given by
keen £ Z1-aj2 ’Var (Et+h) )

where k., denotes the forecasted mortality index at forecast horizon h, z; _,, /2 1s the critical value of the standard
normal distribution corresponding to the selected confidence level (1.96 for a 95% prediction interval), and
Var (EH h) denotes the variance of the forecast error [32].

Prediction intervals for the Classical Lee-Carter model were obtained using the forecasting procedure
implemented in the StMoMo package, while those for the Time-Varying Lee-Carter model were generated using
the forecast package. The resulting intervals represent uncertainty in the projected mortality index and do not
include additional uncertainty from parameter estimation or Kalman filtering.

2.3 Forecast Accuracy Evaluation

Three commonly used accuracy metrics were used to assess the forecasting accuracy of the Classical and
Time-Varying Lee-Carter models: MAE, RMSE, and MAPE [33], [34]. MAE measures the average absolute
forecast error, RMSE gives greater weight to larger errors, and MAPE expresses the error relative to the observed
mortality rate [35]. Lower values indicate better forecasting performance.

The metrics are defined as follows:

1 P
MAE = ; ?=1 |mi - mil (g)
RMSE = \/% Y (m; — ;)2 (10)
100 i~ Ai
MAPE =237 |%| (11)

where m; and 1y; denote observed and forecasted mortality rates, respectively, and n is the total number of
test observations. Additionally, annual MAPE metrics were calculated for each year across the testing horizon
(2016-2023) to assess performance stability over time, particularly during the COVID-19 pandemic (2020-
2021).
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2.4 Diebold-Mariano Test

The Diebold-Mariano (DM) test was applied to the out-of-sample forecast errors from 2016-2023 to assess
whether the forecasting accuracy of the Classical and Time-Varying Lee-Carter models differed significantly.
Unlike MAE, RMSE, and MAPE, the DM test assesses the statistical significance of the difference in predictive
accuracy between two competing models.

The null hypothesis (Hy) states that both models have equal predictive accuracy, whereas the alternative
hypothesis (H,) states that their predictive accuracies differ. A two-sided test with a significance level of 5% was
employed [36].

DM = 4
[ (12)
Var(d)
‘Where
d, = L(ey,) — L(ey) (13)

where e, . and e, represent the forecast errors of the Classical and Time-Varying Lee-Carter models,
respectively. The function L(-) denotes the loss function, dis the average loss differential between the two
competing forecasting models, and V/a\r((i) represents the estimated variance of the mean loss differential [36].

In this study, the DM test was performed using all age-specific out-of-sample forecast errors for the testing
period (2016-2028). The squared-error loss function (power = 2) and a one-step forecast horizon (h = 1) were
adopted, consistent with the forecast evaluation procedure implemented in the R package forecast. A p-value less
than 0.05 indicates that the difference in predictive accuracy between the two models is statistically significant

[36].

3. RESULT AND ANALYSIS
3.1 Age-Specific Mortality Patterns

The logarithmic age-specific mortality rates for Indonesia and Japan from 1970 to 2023 are shown in Figure
1. The logarithmic scale facilitates comparison of mortality patterns across age groups and calendar years.

(a) Indonesia (b) Jepang

In(m,)
In(m,)

0 E 0 0 50 100 0 E) E ) 50 100
Age (Years) Age (Years)

Figure 1. Logarithmic age-specific mortality rates in Indonesia and Japan, 1970-2023.

Both countries exhibited similar age-specific patterns, with mortality highest in infancy, declining through
childhood, remaining relatively low during adolescence and early adulthood, and increasing with age thereafter.
However, their temporal patterns differed. Indonesia showed greater variation across calendar years, whereas
Japan exhibited relatively more stable mortality patterns over the observation period.

3.2 Fstimated Lee-Carter Parameters

Building on the descriptive analysis, the Lee-Carter model parameters were estimated to characterize the
age-specific mortality profile and its temporal variation. Figures 2-4 present the estimated baseline age effect (a,),
age-specific sensitivity parameter (b,), and mortality index (k;) for Indonesia and Japan.

= Indonesia == Japan

0 10 20 30 40 50 60 70 80 90 100
Age (Years)

Figure 2. Estimated age-specific average log mortality (a,) for Indonesia and Japan.
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Figure 2 illustrates the estimated baseline age effect (a,,) for Indonesia and Japan. Both countries showed a
similar age-dependent pattern, with relatively high estimates during infancy, followed by a sharp decline
throughout childhood. The lowest estimates occurred at around 10 years of age, after which a, increased with
age. This pattern indicates lower estimated baseline log mortality during childhood and higher levels at older
ages.

Japan generally had lower a, estimates than Indonesia across most age groups. The difference became
smaller at older ages, where the estimated values were more closely aligned. This pattern is consistent with the
age-specific mortality profiles shown in Figure 1.

= Indonesia == Japan

0.00

0 10 20 30 40 50 60 70 80 90 100
Age (Years)

Figure 3. Estimated age-specific sensitivity parameter (b,.) for Indonesia and Japan.

Figure 3 presents the estimated age-specific sensitivity parameter (b,) for Indonesia and Japan. The b,
profiles varied across age groups in both countries, with differences in their magnitude and age distribution.

In Indonesia, the largest b, estimates occurred during infancy, followed by a pronounced decline
throughout childhood and adolescence. Between approximately 20 and 40 years of age, the parameter remained
relatively stable before gradually decreasing toward the oldest ages. This pattern indicates greater sensitivity to
changes in the mortality index at younger ages.

Japan showed lower b, estimates during infancy and childhood, followed by a relatively stable profile during
adulthood. A modest increase appeared between approximately 70 and 80 years of age, followed by a slight
dechne at older ages. Overall, the variation in b, across age groups was less pronounced in Japan than in
Indonesia, indicating a more even age-specific sensitivity to changes in the mortality index.

(a) Indonesia (b) Jepang

— LeeCarterKiask — Time-Varying

/,
\.

1970 1980 1990 2000 2010 1970 1980 1990 2000 2010
Year Year

Figure 4. Estimated mortality index (k;) from the Classical and Time-Varying Lee-Carter models for
Indonesia and Japan.

Figure 4 shows the estimated mortality index (k;) from the Classical and Time-Varying Lee-Carter models.
Both countries exhibited declining long-term trajectories, although differences appeared in selected years. In
Indonesia, the Time-Varying estimates showed a more noticeable fluctuation around 2004-2005, whereas the
Classical estimates followed a smoother path. In Japan, the two estimates remained closely aligned, with a small
deviation around 2011.

Table 2. Selected estimated mortality index (k;) values from the Classical and Time-Varying Lee-Carter
models for Indonesia and Japan.

Year Indonesia (Classical) Indonesia (TV) Japan (Classical) Japan (T'V)

1970 33.702 38.505 61.438 62.274
1980 19.928 19.578 28.786 26.095
1990 4.100 0.911 2.910 1.340

2000 -12.559 -12.933 -20.093 -18.880
2010 -26.313 -24.699 -36.418 -36.293
2015 -34.361 -32.259 -44.570 -47.226
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Table 2 provides selected estimates to complement the graphical comparison in Figure 4. The values show
the same overall decline observed in the plotted trajectories, with differences between the two models at selected
years.

3.3 Observed and Fitted Mortality Rates

The fit of the Classical and Time-Varying Lee-Carter models was assessed by comparing the observed
mortality rates with their fitted values. Although fitted mortality rates were obtained for all age groups (0-100+
vears), only age 50 1s presented as an illustrative example to facilitate visual comparison between the two models.
Presenting all age groups 1n a single figure would result in an overly crowded visualization.

Observed and Fitted Mortality Rates for Indonesi: Observed and Fitted Mortality Rates for Japan

0.012 0.0055
0.0050

o.o1 0.0045

0.010 0.0040

0.009 0.0035
0.0030

0.008
0.0025

0.007

1970 1980 1990 2000 201¢ 1970 1980 1990 2000 201¢
Year Year
= Classical == Observed * = TimeVarying = Classical == Observed * = TimeVarying

Figure 5. Observed and fitted mortality rates at age 50 for Indonesia and Japan under the Classical and Time-
Varying Lee-Carter models.

Figure 5 compares the observed and fitted mortality rates at age 50. In Indonesia, both models captured
the overall declining pattern, with deviations during the mid-1980s to mid-1990s and a temporary increase around
2004-2005. In Japan, the fitted rates remained close to the observed values throughout the study period. Overall,
the differences between the fitted trajectories were small at the selected age.

3.4 Forecasting Mortality Index
The mortality index was forecast for the out-of-sample period (2016-2023) using the Classical and Time-
Varying Lee-Carter models. The resulting forecasts are presented in Figure 6 and Table 3.

(a) Indonesia (b) Jepang

=@~ Lee-Carter Klasik @~ Time-Varying Model =@~ Lee-Carter Klasik =@~ Time-Varying

36 | -s04

554

ky
A
3
ke

604

654

2016 2017 2018 2019 2020 2021 2022 2023 2016 2017 2018 2019 2020 2021 2022 2023
Year Year

Figure 6. Forecasted mortality index (k,) for Indonesia and Japan using the Classical and Time-Varying Lee-
Carter models, 2016-2023.

Figure 6 and Table 3 show the forecasted mortality index for Indonesia and Japan during the testing period.
For both countries, the mortality index generally declined throughout the forecast horizon.

For Indonesia, the forecast trajectories from the two models were closely aligned. The Time-Varying Lee-
Carter model produced slightly higher forecasted mortality index values than the Classical model across the
forecast period. Despite this difference, the overall trajectories were similar.

A similar pattern was observed for Japan. The mortality index declined throughout the forecast period, with
the Time-Varying model producing slightly lower values than the Classical model. The two forecast trajectories
remained closely aligned.

Comparative Analysis of Classical and Time-Varying Lee-Carter Models for Mortality Forecasting in Indonesia and Japan (Syipa Arista)
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Table 3. Forecasted mortality index for Indonesia and Japan using the Classical and Time-Varying Lee-Carter
models, 2016-2023.
Year Indonesia (Classical) Indonesia (I'V) Japan (Classical) Japan (T'V)

2016 -35.874 -33.831 -46.926 -49.659
2017 -37.386 -35.404 -49.282 -52.092
2018 -38.899 -36.976 -51.638 -54.526
2019 -40.411 -38.549 -53.993 -56.959
2020 -41.924 -40.121 -56.349 -59.392
2021 -43.436 -41.694 -58.705 -61.826
2022 -44.949 -43.266 -61.061 -64.259
2023 -46.461 -44.839 -63.416 -66.692

3.5 Prediction Interval Analysis
To assess the uncertainty associated with the mortality index forecasts, 95% prediction intervals were
constructed for both the Classical and Time-Varying Lee-Carter models. Figures 7 and 8 show the forecasted
mortality indices and their corresponding prediction intervals for Indonesia and Japan, respectively. The shaded
regions represent the 95% prediction intervals, while the dashed lines indicate the forecasted mortality indices
during the out-of-sample period (2016-2023).
(a) Classical Lee—Carter (b) Time-Varying Lee—Carter

25

ke

-25

-50

75 75
1970 1980 1990 2000 2010 2020 1970 1980 1990 2000 2010 2020
Year Year

Figure 7. Forecasted mortality index (k;) with 95% prediction intervals for Indonesia using the (a) Classical
Lee-Carter and (b) Time-Varying Lee-Carter models.

For Indonesia, both models showed similar downward forecast trajectories. The prediction intervals
widened as the forecast horizon increased. The Time-Varying model produced wider intervals than the Classical
model throughout the forecast period.

(a) Classical Lee—Carter (b) Time-Varying Lee—Carter

50

ke

-50

1970 1980 1990 2000 2010 2020 1970 1980 1990 2000 2010 2020
Year Year
Figure 8. Forecasted mortality index (k;) with 95% prediction mtervals for Japan using the (a) Classical Lee-
Carter and (b) Time-Varying Lee-Carter models.

A similar pattern was observed for Japan. The forecast trajectories declined over the testing period, while
the prediction intervals widened with the forecast horizon. The Time-Varying model also produced wider
mtervals than the Classical model.

3.6 Forecasted Mortality Rates

Using the forecasted mortality index (k;) from the Classical and Time-Varying Lee-Carter models,
mortality rates were projected for the testing period (2016-2023). Although forecasts were generated for all age
groups (0-100+ years), only age 50 1s presented in Figure 9 as an illustrative example to facilitate visual
comparison between the two models. Presenting all age groups in a single figure would result in an overly crowded
visualization.
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Forecasted Mortality Rates for Indonesia Forecasted Mortality Rates for Japan
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Figure 9. Forecasted mortality rates at age 50 for Indonesia and Japan using the Classical and Time-Varying
Lee-Carter models, 2016-2023.

Figure 9 shows declining projected mortality rates for both countries over the forecast horizon, consistent
with the forecasted mortality index. For Indonesia, the Time-Varying Lee-Carter model produced slightly higher
projected mortality rates than the Classical model, whereas the opposite pattern was observed for Japan. The
differences between the two models were small in both countries.

Although Figure 9 illustrates projections at age 50, forecast accuracy was evaluated across all age groups (0-
100+ years). Figure 10 complements the age-50 illustration by presenting age-specific MAPE. profiles for the full
age range.

Model = Classical LC == Time-Varying LC Model = Classical LC == Time-Varying LC

MAPE (%)
<

IS
s}

0 10 20 30 40 5 60 70 8 90 100 0 10 20 30 40 5 6 70 8 9 100
Age Age
Figure 10. Age-specific MAPE profiles of the Classical and Time-Varying Lee-Carter models during the testing
period (2016-2023): (a) Indonesia and (b) Japan.

Figure 10 shows that forecasting errors varied across age groups in both countries. In Indonesia, the Time-
Varying model generally produced shightly lower MAPE values across several adult age groups, although the
differences remained modest. In Japan, the Classical model tended to yield lower MAPE values at several older
ages. Overall, neither model consistently produced lower forecasting errors across all age groups or both
countries.

3.7 TForecasting Performance Evaluation
The predictive accuracy of the Classical and Time-Varying Lee-Carter models was examined based on out-
of-sample data covering the period from 2016 to 2023. Model performance was quantified using three evaluation
metrics: MAE, RMSE, and MAPE. A detailed comparison of the forecasting results for Indonesia and Japan is
presented in Table 4.
Table 4. Forecasting performance of the Classical and Time-Varying Lee-Carter models.
Country Model MAE RMSE MAPE (%)

Classical Lee-Carter 0.0065 0.0250 8.086
Time-Varying Lee-Carter  0.0066 0.0249 7.262

Classical Lee-Carter 0.0026 0.0078 7.857
Time-Varying Lee-Carter  0.0032  0.0090 8.254

Indonesia

Japan

For Indonesia, the evaluation metrics showed mixed results. The Time-Varying Lee-Carter model yielded
a lower MAPE. (7.262%) than the Classical Lee-Carter model (8.0869%), whereas the Classical model produced
a slightly lower MAE. (0.0065 versus 0.0066). The RMSE. values were nearly identical for the two models (0.0249
for the Time-Varying model and 0.0250 for the Classical model). Thus, the results did not show a uniform
advantage for either model across all three metrics.

For Japan, the Classical Lee-Carter model produced lower MAE (0.0026 versus 0.0032), RMSE (0.0078
versus 0.0090), and MAPE (7.857% versus 8.254%) than the Time-Varying model. The annual MAPE results
also showed higher errors for the Time-Varying model in 2022-2023, as discussed in Section 3.9.

Comparative Analysis of Classical and Time-Varying Lee-Carter Models for Mortality Forecasting in Indonesia and Japan (Syipa Arista)
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These findings are broadly consistent with [21], who reported that the Time-Varying Lee-Carter model is
more suitable for evolving mortality patterns, and with [22], who found that the Classical Lee-Carter model
remains effective when mortality changes gradually.

Opverall, the Time-Varying model yielded a lower MAPE. for Indonesia, whereas the Classical model
produced lower values for all three evaluation metrics in Japan. These results indicate that the relative
performance of the two models varied across countries and evaluation metrics. The statistical significance of the
differences was subsequently examined using the Diebold-Mariano test.

3.8 Diebold-Mariano Test Results

The statistical significance of the differences in forecasting accuracy between the Classical and Time-Varying
Lee-Carter models was further evaluated using the Diebold-Mariano (DM) test. The results are presented in
Table 5.

Table 5. Diebold-Mariano test results comparing the forecasting accuracy of the Classical and Time-Varying
Lee-Carter models for Indonesia and Japan.
Country Compared Models DM Statistic  p-value Interpretation

. Classical Lee-Carter o 00 F o o
312 . . 3.99! <0. A C C
Indonesia Time-Varying Lee-Carter 3.995 0.001  Significant difference

Classical Lee-Carter . .
d . . -8.5 <0. Q ¢ C
Japan Time-Varying Lee-Carter 8.500 0.001  Significant difference

For Indonesia, the DM test produced a p-value below 0.001, indicating a statistically significant difference
in predictive accuracy between the two models. The same result was obtained for Japan, with a p-value below
0.001. Thus, the null hypothesis of equal predictive accuracy was rejected for both countries.

The statistical significance should be interpreted together with the magnitude of the differences observed in
the MAE, RMSE, and MAPE results. Because the DM test uses the pooled age-by-year error series, the analysis
mcludes 808 age-by-year forecast-error observations for each country (101 age groups x 8 testing years), which
provides substantially more observations than the eight annual observations alone. This increases the ability of
the test to detect relatively small differences between the models. Therefore, statistical significance does not by
itself imply that the differences are large in practical forecasting terms.

3.9 Annual Forecast Performance with Emphasis on the COVID-19 Period

To further evaluate forecasting robustness under unusual mortality conditions, annual MAPE values during
the out-of-sample period (2016-2023) were examined, with particular attention to the COVID-19 pandemic
(2020-2021). This analysis compares forecasting accuracy before, during, and after the pandemic.

Table 6. Annual out-of-sample MAPE (2016-2023), highlighting the COVID-19 years (2020-2021).

Period Year Indonesia Japan
Classical Time-Varying Classical Time-Varying
2016 4.2915 3.5485 6.5110 5.8592
2017 4.3668 3.6430 7.2899 6.8534
Pre-COVID 2018 5.0848 4.2393 7.2856 7.1477
2019 4.6434 3.9369 7.0069 7.3544
. 2020 13.8114 12.6608 7.4374 7.8239
COVID-19 2021 21.5882 20.5223 8.2406 8.8528
2022 5.3451 4.6629 10.2345 11.8191
o 7
Post-COVID 2023 5.5573 4.8828 8.8501 10.3217

Table 6 shows that forecasting errors for Indonesia increased markedly during the COVID-19 period. The
MAPE reached 13.8114% for the Classical model and 12.6608% for the Time-Varying model in 2020, increasing
to 21.58829% and 20.5223%, respectively, in 2021. After the pandemic period, the errors decreased substantially
mn 2022 and remained lower in 2023.

For Japan, the annual MAPE values changed less sharply during the COVID-19 years. The Classical and
Time-Varying models produced MAPE. values of 7.43749 and 7.8239% in 2020 and 8.2406% and 8.8528% in
2021, respectively. In the post=-COVID period, the MAPE increased in 2022 before declining in 2023. The
Classical model had lower MAPE. values than the Time-Varying model in both post-COVID years.
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Figure 11. Annual MAPE comparison between the Classical and Time-Varying Lee-Carter models during the
testing period (2016-2023) for (a) Indonesia and (b) Japan. The shaded area represents the COVID-19 period
(2020-2021).

Figure 11 illustrates the annual MAPE patterns for both countries. Indonesia showed relatively low errors
before the pandemic, followed by a marked increase in 2020-2021 and a subsequent decline. Japan exhibited
smaller changes during the pandemic, although the errors increased in 2022 before decreasing in 2023. Overall,
the annual results show that forecasting errors varied across periods and countries, with the largest increase
occurring for Indonesia during 2020-2021.

3.10 Study Limitations and Future Research

This study has several imitations. First, mortality data for both sexes combined were used. Although WPP
2024 provides sex-specific mortality estimates, the availability and quality of the underlying empirical data may
vary across countries and periods, which can affect mortality estimation. The combined series was therefore
selected to ensure a consistent population-level comparison between Indonesia and Japan. Sex-specific analyses
were beyond the scope of this study and may be considered in future research. Second, WPP 2024 mortality
rates are model-based estimates rather than directly observed vital-registration data; thus, the out-of-sample results
should be interpreted within the WPP estimation framework. Finally, estimates for the open-ended 100+ age
group may be subject to greater uncertainty because of the relatively small population exposed to the risk of
death. Future research may extend the analysis using sex-specific data, alternative mortality databases, and
methods that account for uncertainty at very old ages.

4. CONCLUSION

This study compared the forecasting performance of the Classical Lee-Carter and Time-Varying Lee-
Carter models using mortality data for Indonesia and Japan from the World Population Prospects 2024. Overall,
the differences in MAE, RMSE, and MAPL were relatively small, although the Diebold-Mariano test indicated
statistically significant differences in predictive accuracy for both countries. Thus, statistical significance should
not be interpreted as evidence of a substantial practical advantage of one model over the other.

For Indonesia, the Time-Varying Lee-Carter model achieved a lower MAPE, while the Classical Lee-
Carter model produced a slightly lower MAE and a nearly identical RMSE. For Japan, the Classical Lee-Carter
model produced lower MAE, RMSE, and MAPE. These results indicate that the relative performance of the two
models varied across the populations and evaluation metrics considered. The additional flexibility of the state-
space formulation did not consistently result in lower forecasting errors.

From a practical perspective, the findings suggest that model selection should consider the characteristics
of the mortality data and the objectives of the forecasting analysis rather than model complexity alone. In the
populations examined in this study, the Classical Lee-Carter model provided lower errors for Japan, whereas the
Time-Varying model showed a modest advantage in MAPE for Indonesia. These findings should not be
mterpreted as establishing general superiority of either model.

This study is imited by the use of both-sexes-combined mortality data and model-based mortality estimates
from WPP 2024. Consequently, the out-of-sample validation should be interpreted within the WPP estimation
framework rather than as validation against fully independent observations. Future research may consider sex-
specific mortality data, alternative mortality databases, additional countries, longer forecasting horizons, and other
state-space forecasting approaches.
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