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Abstract

Under a unified pension system, subnational differences in longevity can translate into
implicit pension redistribution through differences in the expected duration of pension
receipt. Using Japan as a case study, this paper examines the implicit pension redistribution
induced by subnational longevity heterogeneity and analyzes how its measurement varies
across spatial scales. Accurate measurement of future redistribution requires forecasts of
subnational mortality rates, from which future remaining life expectancy can be derived.
Because mortality series at different spatial scales are linked by hierarchical aggregation
relationships, independent forecasts may violate aggregation coherence and affect the
comparability of redistribution estimates. To address this issue, we introduce and compare
several forecast reconciliation methods and select the empirical minimum trace (EMinT)
method based on its forecasting performance. Using the reconciled mortality forecasts, we
estimate future post-retirement remaining life expectancy across subnational areas and
subsequently measure implicit pension redistribution. The results show that subnational
longevity heterogeneity will persist throughout the forecast period, generating implicit
pension redistribution with clear spatial clustering. Redistribution is substantially greater
at the prefectural level than at the regional level, and the difference is projected to widen
over time. These findings indicate that analyses conducted at more aggregated spatial
scales may underestimate the true extent of pension redistribution across areas. This
study provides quantitative evidence for the spatial evaluation of pension systems and
public policymaking.

Keywords: pension redistribution; mortality heterogeneity; forecast reconciliation; spatial
scales

1. Introduction
As population aging accelerates, the sustainability and fairness of pension systems

have become central issues in global public policy. Under uniform contribution and
benefit rules, systematic differences in life expectancy may give rise to implicit pension
redistribution. Specifically, among individuals with identical contribution histories, longer-
lived individuals receive pensions for a longer period and consequently obtain greater
lifetime pension benefits, whereas shorter-lived individuals receive lower lifetime benefits,
resulting in an implicit transfer from the short-lived to the long-lived (Ayuso et al. 2016;
Bravo et al. 2021).

Existing studies have primarily examined longevity disparities associated with indi-
vidual characteristics such as income, occupation, and sex, as well as their resulting pension
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redistribution effects. Specifically, Sanchez-Romero et al. (2020) found that longevity
gaps between high- and low-income groups generated implicit transfers from low-income
to high-income individuals, thereby affecting the actuarial fairness of pension systems.
Ayuso et al. (2016) systematically reviewed longevity heterogeneity across dimensions such
as income, wealth, and education, showing that less-educated and low-income groups bore
implicit taxes, whereas highly educated and high-income groups received implicit subsidies.
Ayuso et al. (2017) showed that when a uniform pension benefit formula did not account
for gender differences in life expectancy, women received implicit subsidies because of
their longer life expectancy, whereas men bore implicit taxes. Using Swedish data, Shi
and Kolk (2022) further found that mortality inequality had a more pronounced effect on
lifetime pension inequality among men, primarily because life expectancy disparities across
educational and income groups were larger among men than among women. However,
compared with the focus on individual characteristics discussed above, the geographical
dimension of pension redistribution has received insufficient attention. Existing studies
of subnational longevity have primarily examined spatial disparities in mortality and life
expectancy and their determinants. Chetty et al. (2016) found substantial geographical
differences in life expectancy among low-income individuals in the United States and
showed that these differences were associated with health behaviors and local socioeco-
nomic conditions. Dwyer-Lindgren et al. (2017) further documented persistent disparities
in life expectancy across US counties and linked them to socioeconomic, behavioral, and
health-related factors. Using Australian regional data, Atalay et al. (2023) found that spatial
mortality inequalities were partly associated with urban-rural longevity disparities and
unequal access to healthcare. Although these studies identified subnational disparities
in mortality and life expectancy and their determinants, they have yet to examine the
redistributive effects of such spatial heterogeneity under a unified pension system. Under
a unified pension system, subnational longevity disparities may further translate into
implicit spatial redistribution of pension resources. Moreover, longevity heterogeneity may
manifest differently across spatial scales, making spatial scale an important consideration
when measuring pension redistribution. Such implicit redistribution directly concerns the
equitable distribution of pension benefits among residents of different areas. Accurately
measuring its intensity, spatial pattern, and future evolution can facilitate a comprehensive
assessment of how subnational longevity disparities affect the distribution and fairness
of pension benefits, while providing quantitative evidence for the spatial evaluation of
pension systems and the design of complementary fiscal support measures.

Accurate measurement of pension redistribution depends on reliable estimates of
life expectancy. Because life expectancy is calculated from age-specific mortality rates
using life tables, assessing future pension redistribution first requires forecasts of sub-
national age-specific mortality rates. However, subnational mortality exhibits a clear
hierarchical aggregation structure (Shang and Hyndman 2017). Forecasting each area
independently may produce results that fail to satisfy aggregation coherence across spatial
levels, thereby undermining the comparability and reliability of pension redistribution
measures (Li and Hyndman 2021; Shang and Yang 2021). To address this issue, we intro-
duce forecast reconciliation methods to preserve subnational mortality heterogeneity while
ensuring coherent forecasts across spatial levels, thereby providing a reliable forecasting
basis for accurately measuring future spatial pension redistribution.

Based on this background, this study primarily addresses two research questions:
First, to what extent do subnational longevity disparities give rise to implicit pension
redistribution, and what are their spatial patterns and future evolutions? Second, how
do the measurements of pension redistribution differ across spatial scales? To address
these questions, we conduct an empirical analysis using Japan as a case study. Japan
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provides an ideal research setting due to its high overall life expectancy, distinct longevity
disparities across prefectures, and a unified national pension system, which allow for
a comprehensive examination of implicit pension redistribution driven by subnational
mortality heterogeneity (Nomura et al. 2025). We construct a multilevel mortality dataset
covering three spatial scales, including national, regional, and prefectural levels, and
evaluate the forecasting performance of various forecast reconciliation methods to select
the most suitable approach for Japan’s future mortality projections. The results show that
the empirical minimum trace (EMinT) method generally achieves better out-of-sample
mortality forecasting performance than the other compared approaches across most spatial
levels and forecasting horizons. Based on its forecasts, we find that subnational longevity
heterogeneity in Japan will persist throughout the forecast period and generate implicit
pension redistribution with a clear pattern of spatial clustering under the unified pension
system. Longer-lived areas generally receive implicit subsidies, whereas shorter-lived areas
bear implicit tax burdens. Further comparisons reveal that the extent of redistribution
is more pronounced at the prefectural level than at the regional level, with the disparity
widening over time. This suggests that higher levels of spatial aggregation may lead to an
underestimation of the true magnitude of pension redistribution across subnational units.

The contributions of this study are threefold: First, while existing studies on pension
redistribution mainly focus on individual socioeconomic characteristics such as income,
education, and occupation, this study examines implicit redistribution under a unified
pension system from the perspective of subnational longevity heterogeneity, thereby ex-
tending the literature to the spatial dimension. Second, this study integrates multilevel
mortality forecast reconciliation with pension redistribution measurement, constructing a
comprehensive analytical framework that links coherent mortality forecasting, estimation
of post-retirement remaining life expectancy, and measurement of future pension redis-
tribution. By ensuring that pension redistribution estimates at different spatial levels are
derived from coherent mortality forecasts, this framework improves the comparability of
redistribution measures across spatial scales. Third, this study compares pension redistri-
bution at the regional and prefectural levels and reveals the effect of spatial aggregation
on redistribution measurement, thereby providing quantitative evidence for the spatial
evaluation of pension systems and related policy analysis.

The remainder of this paper is organized as follows: Section 2 introduces the data
used in this study, constructs a multilevel spatial mortality data system, and presents
the basic characteristics of subnational mortality differences. Section 3 introduces the
pension redistribution measurement framework, including the construction of pension
redistribution indicators, mortality forecasting methods, forecast reconciliation methods for
ensuring coherence, and life expectancy estimation based on standard life table methods.
Section 4 presents the empirical results, including the comparison and selection of different
forecast reconciliation methods, the projected results of future subnational life expectancy,
and the pension redistribution induced by longevity heterogeneity, together with further
comparisons of pension redistribution outcomes across different spatial scales. Section 5
summarizes the main findings and further discusses the related policy implications and
limitations of the study.

2. Data and Descriptive Analysis
This section introduces the data used in this study and provides a preliminary de-

scription of subnational mortality disparities in Japan. First, we outline the data sources
and the spatial structure. Subsequently, we conduct a descriptive analysis of mortality
heterogeneity across areas, establishing the empirical basis for the subsequent measurement
of pension redistribution.
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2.1. Data Source and Spatial Structure

Japan combines a nationally unified National Pension system with relatively complete
subnational mortality data, providing a suitable empirical setting for examining the implicit
pension redistribution induced by subnational longevity heterogeneity. Specifically, Japan’s
public pension system consists of two tiers. The first tier is the National Pension, which
provides basic pension coverage to all residents aged 20–59. The second tier is the Employ-
ees’ Pension Insurance, which covers employees and provides earnings-related pension
benefits in addition to the basic pension. This study focuses on the basic pension layer rep-
resented by the National Pension. Its contribution requirements, eligibility conditions, and
benefit standards are established nationally, without prefecture-specific contribution rates
or benefit formulas (Ministry of Health, Labour and Welfare 2025). The National Pension
operates within Japan’s broader public pension financing framework, which is financed
primarily on a pay-as-you-go basis, with pension reserves maintained to support long-term
financial stability. According to the Government Pension Investment Fund (GPIF), over the
approximately 100-year financial projection period, about 90% of the resources for public
pension benefits are expected to come from current pension premiums and government
contributions, while about 10% is expected to be financed by pension reserves (Government
Pension Investment Fund 2025). In this setting, subnational differences in age-specific
mortality translate into differences in remaining life expectancy after retirement and thus in
the expected present value of pension benefits, generating implicit pension redistribution
across areas.

To measure the above implicit redistribution and its evolution over time, this study
uses Japanese mortality data obtained from the Japanese Mortality Database (Japanese
Mortality Database 2024). The database provides age-specific death counts, exposure-
to-risk data, and mortality rates at both the national and prefectural levels from 1975
to 2022. This study uses prefectural-level data as the basis for constructing a multilevel
spatial analytical framework. Long-term mortality and population exposure data are
available at the prefectural level, with population sizes sufficient to support the estimation
of age-specific mortality rates. Moreover, prefectures are fundamental administrative and
statistical units in Japan, giving prefectural-level results substantial policy relevance. Based
on these data, we aggregate the 47 prefectures into 8 regions according to Japan’s standard
geographical classification, thereby constructing a three-level spatially nested structure
comprising the national, regional, and prefectural levels. Considering data completeness
and comparability, we analyze single-year mortality rates for ages 0–99, while ages 100 and
above are combined into an open-ended age group.

We simultaneously consider the national, regional, and prefectural levels, and fur-
ther distinguish total, female, and male populations in order to characterize mortality
differences across areas and genders. This produces a set of age-specific mortality series
covering multiple spatial levels and population groups. The detailed structure of the data
is summarized in Table 1 and forms the basis for the subsequent mortality forecasting,
remaining life expectancy estimation, and pension redistribution analysis.

Table 1. Structure of the Japanese mortality data.

Series Category Composition Number of Series

National population Total, female, male 3
Regional population 8 regions × 3 groups 24
Prefectural population 47 prefectures × 3 groups 141
Total — 168
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2.2. Mortality Heterogeneity Across Areas

Subnational mortality heterogeneity is an important source of differences in remaining
life expectancy after retirement and also forms the basis for measuring implicit pension
redistribution. To illustrate such differences more intuitively, Figure 1 presents the ranking
of mortality rates at age 65 across prefectures in 2022 for the total, female, and male popula-
tions. Since age 65 generally corresponds to the eligibility age for receiving the National
Pension, mortality differences at this age provide intuitive evidence of post-retirement
longevity differences and support the subsequent analysis of pension redistribution.
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Figure 1. Ranking of log mortality rates at age 65 across Japanese prefectures in 2022.

Overall, substantial mortality differences can still be observed across Japanese prefec-
tures, with mortality levels showing a certain degree of variation rather than clustering
around similar values. In particular, prefectures such as Okinawa and Aomori exhibit
relatively high mortality levels, whereas Shiga and Nagano show relatively low mortality
levels. This indicates that residents in different areas face different mortality risks around
retirement age.

From the gender perspective, the overall ranking patterns for males and females are
broadly similar, although some prefectures still exhibit differences in their relative positions
across gender groups. In addition, mortality levels for males are consistently higher than
those for females, which is consistent with the generally higher mortality risk observed
among male populations. At the same time, the gap between the highest- and lowest-
mortality prefectures is relatively larger for males, indicating more pronounced subnational
differences in male longevity. In comparison, female mortality levels are relatively closer
across prefectures. The mortality level for the total population generally lies between those
of the male and female populations.

In summary, there is clear mortality heterogeneity at the subnational level in Japan.
Since remaining life expectancy after retirement is jointly determined by age-specific
mortality rates after retirement age, the above mortality differences will be further reflected
in differences in post-retirement remaining life expectancy across areas. These differences
may then lead to unequal expected durations of pension benefit receipt across areas, thereby
generating implicit pension redistribution under the unified National Pension system.

3. Pension Redistribution Measurement Framework
In this section, we present a framework for measuring the implicit pension redistribu-

tion under a unified pension system. First, we introduce the indicators used to measure
such redistribution. Second, we describe the mortality forecasting model used to project
future age-specific mortality rates. Third, to ensure coherence in forecast results across
different spatial levels, forecast reconciliation methods are employed to adjust mortality
forecasts across different levels. Finally, we use life table methods to translate the reconciled
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mortality forecasts into estimates of remaining life expectancy after retirement, thereby
providing the foundational actuarial basis for measuring pension redistribution.

3.1. Pension Redistribution Measure

Under a unified pension system, residents across different areas generally follow
the same contribution and benefit rules. However, due to differences in longevity across
areas, the duration of pension benefit receipt after retirement may vary across populations,
thereby generating implicit pension redistribution across areas. From a life-cycle actuarial
perspective, an individual’s expected net pension benefit depends on the difference between
the present value of expected lifetime pension benefits after retirement and the present
value of contributions made during working life. When contribution and benefit rules
are uniform nationwide, systematic differences in remaining life expectancy across areas
directly affect the present value of post-retirement benefits. Specifically, residents in areas
with higher longevity are expected to receive pensions for a longer period, so their lifetime
expected present value of benefits is relatively higher, making them more likely to be net
beneficiaries within the system. In contrast, residents in areas with lower longevity have a
shorter expected benefit duration and a relatively lower lifetime expected present value
of benefits, and may therefore receive lower expected net pension benefits. Consequently,
in the process of unified pension pooling and benefit payment, part of the contributions
made by residents in shorter-lived areas may, in an actuarial sense, support the additional
benefits received by residents in longer-lived areas due to their longer benefit duration.
Under the same contribution and benefit rules, residents in shorter-lived areas therefore
systematically obtain lower expected net benefits and, in effect, bear a relatively higher
implicit burden.

To characterize the pension redistribution mechanism induced by longevity differ-
ences, we follow the framework of Ayuso et al. (2016) by translating subnational longevity
differences into differences in pension liabilities, and further measure the pension redis-
tribution arising from these differences. At the per capita level, pension liabilities mainly
depend on the pension benefit level, the growth rate of pension benefits, the discount
rate, and post-retirement survival time. For simplicity, the pension benefit per period is
normalized to 1, the pension benefit growth rate is denoted by g, the discount rate by r,
and the remaining life expectancy at retirement age x by ex. The per capita pension liability
can then be expressed as

PLx = 1 +
1 + g
1 + r

+

(
1 + g
1 + r

)2
+ · · ·+

(
1 + g
1 + r

)ex−1
=

ex

∑
t=1

(
1 + g
1 + r

)t−1
.

The above expression implies that, under a unified pension system, subnational
differences in pension liabilities are primarily driven by differences in post-retirement
survival duration. Areas with longer post-retirement life expectancy correspond to higher
per capita pension liabilities, whereas areas with shorter survival duration are associated
with relatively lower pension liabilities.

Furthermore, when the benefit growth rate equals the discount rate, i.e., g = r, the
above expression can be simplified to PLx = ex. We adopt this benchmark assumption to
eliminate the influence of benefit growth and discounting on comparisons across areas,
thereby isolating the effect of differences in post-retirement remaining life expectancy.
In this case, per capita pension liabilities are linearly related to post-retirement life ex-
pectancy. Therefore, under a unified pension system, subnational longevity differences are
further translated into differences in pension liabilities, thereby generating implicit pension
redistribution across areas.
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To further evaluate the relative gains or burdens across different areas within the pen-
sion system, we take the per capita pension liability under the national average longevity
level as the benchmark and define the pension redistribution effect for group s in area i at
retirement age x as

τx,s,i =
PLx,s,i − PLx,s,J

PLx,s,J
=

ex,s,i

ex,s,J
− 1,

where PLx,s,i denotes the per capita pension liability for group s in area i at age x, calculated
based on the local longevity level, while PLx,s,J denotes the corresponding per capita
pension liability under the national average longevity level. ex,s,i denotes the remaining life
expectancy at age x for group s in area i, and ex,s,J denotes the corresponding remaining life
expectancy under the national average level. The index s represents the population group,
including the total, male, and female populations.

When τx,s,i > 0, the corresponding group in area i has a higher life expectancy
than the national average, implying a higher per capita pension liability and therefore
receiving an implicit pension subsidy under the unified pension system. In contrast,
when τx,s,i < 0, the corresponding group has a lower pension liability than the national
average and therefore bears an implicit pension tax under the unified pension system. The
magnitude of |τx,s,i| reflects the intensity of pension redistribution arising from subnational
longevity differences.

3.2. Mortality Forecasting

Based on the above indicator definitions, evaluating pension redistribution requires
projections of the future remaining life expectancy after retirement for each population
group across areas. However, remaining life expectancy is obtained through a nonlinear
transformation of age-specific mortality rates using life table methods. Therefore, to obtain
reliable estimates of future remaining life expectancy, the primary requirement is the
accurate projection of age-specific mortality rates. To this end, the classical Lee-Carter
model is employed to model mortality dynamics (Lee and Carter 1992). The model has
been widely applied in mortality forecasting research because of its interpretability and
ability to capture long-term mortality trends across age and time. Let mt(x) denote the
central death rate at age x in year t, where x = 0, 1, . . . , P and t = 1, 2, . . . , T. The Lee-Carter
model is specified as follows:

log mt(x) = a(x) + b(x)kt + ϵt(x),

where a(x) is age-specific invariant and is estimated by the average of log mt(x) over time,
kt is a time index capturing the overall trend in mortality, b(x) measures the sensitivity of
the log mortality rate at age x to kt, and ϵt(x) is an error term representing the component
that cannot be explained.

An identification issue arises in the Lee-Carter model. Following Lee and Carter (1992),
the following constraints are imposed to ensure identifiability:

P

∑
x=0

b(x) = 1,
T

∑
t=1

kt = 0.

For parameter estimation, singular value decomposition (SVD) is employed to estimate
the parameters of the Lee-Carter model. Following Lee and Carter (1992), the estimated
mortality index kt is further modeled as a random walk with drift:

kt = d + kt−1 + et,
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where d is the drift parameter, and et is a white noise error term. Under this specification,
the future value of the mortality index at horizon h can be written as

kT+h = kT + hd +
h

∑
j=1

eT+j.

When forecasting future mortality, the conditional expectation of this random walk
process is commonly used as the baseline forecast. Since the error term has mean zero, the
forecast of kT+h is given by

k̃T+h = E(kT+h | FT) = k̂T + hd̂,

where FT denotes the information available up to year T. The corresponding forecast of
the log central death rate is then given by

log m̃T+h(x) = â(x) + b̂(x)k̃T+h.

The forecasted central death rate m̃T+h(x) is obtained by exponentiating this value.

3.3. Forecast Coherence Across Spatial Levels

Considering that this study simultaneously involves the national, regional, and prefec-
tural levels, while further distinguishing the total, male, and female populations, mortality
forecasting needs to be conducted separately across different spatial levels and population
groups in order to obtain the base forecasts for each level. Since aggregation relationships
exist across both spatial levels and population groups, the mortality forecasts should remain
coherent in terms of both spatial and population structures. For mortality rates at age
x in year t, the female and male mortality rates should separately satisfy the following
aggregation relationships across different spatial levels:

mF
A,t(x) = ∑

j∈A
wF

A,j,t(x)mF
j,t(x).

mM
A,t(x) = ∑

j∈A
wM

A,j,t(x)mM
j,t (x).

Furthermore, the total mortality rate for an upper-level spatial unit can be obtained as
the weighted aggregation of female and male mortality rates across its lower-level areas,
that is,

mT
A,t(x) = ∑

j∈A
wF

A,j,t(x)mF
j,t(x) + ∑

j∈A
wM

A,j,t(x)mM
j,t (x),

where A denotes an upper-level spatial unit, and j ∈ A represents the lower-level areas
contained within A. T, F, and M denote the total, female, and male populations, respec-
tively. mF

j,t(x), mM
j,t (x), and mT

j,t(x) denote the mortality rates for the female, male, and total

populations in area j at age x and year t, respectively. wF
A,j,t(x) and wM

A,j,t(x) denote the
corresponding exposure-based population weights for the female and male populations in
area j within the upper-level spatial unit A, respectively.

However, since forecasts at different levels are generated independently, the resulting
forecasts may not automatically satisfy the above aggregation relationships, thereby leading
to incoherence across spatial levels and population groups. To ensure forecast coherence
across different spatial levels, we further employ forecast reconciliation methods to adjust
the base forecasts (Athanasopoulos et al. 2024; Hyndman et al. 2011).
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Let ŷT+h(x) denote the base forecasts across all levels, and let ỹT+h(x) denote the
corresponding coherent forecasts satisfying the aggregation constraints. Following Wickra-
masuriya et al. (2019), a general linear reconciliation framework can be expressed as

ỹT+h(x) = ST+h(x)GhŷT+h(x),

where ST+h(x) denotes the summing matrix that describes the aggregation structure across
different spatial levels and population groups. Gh denotes the reconciliation matrix, which
maps the base forecasts into adjusted bottom-level forecasts. These adjusted bottom-level
forecasts are then aggregated by ST+h(x) to obtain coherent forecasts at all levels. Since
the construction of Gh is not unique, different specifications of the reconciliation matrix
correspond to different forecast reconciliation methods.

In this study, we consider several widely used forecast reconciliation methods, in-
cluding bottom-up (BU), ordinary least squares (OLS), weighted least squares (WLS),
minimum trace (MinT), and empirical minimum trace (EMinT) (Hyndman et al. 2016,
2011; Wickramasuriya 2021; Wickramasuriya et al. 2019). Among them, the BU method
only utilizes information from the bottom-level series and obtains higher-level forecasts
through upward aggregation. The OLS method linearly adjusts the base forecasts under
the unbiasedness constraint while assuming equal forecast error variances across different
series. The WLS method further accounts for heterogeneity in forecast error variances
across series by constructing reconciliation weights through variance scaling. The MinT
method further exploits the forecast error covariance structure and obtains reconciled
forecasts by minimizing the trace of the covariance matrix of reconciled forecast errors.
Since the number of series is relatively large compared with the number of available time
observations, the sample covariance matrix of forecast errors may be unstable. We therefore
use the shrinkage covariance version of MinT, referred to as MinTs, to improve the stability
of covariance estimation. The EMinT method further relaxes the unbiasedness constraint
within the MinT framework and constructs an empirical reconciliation solution by mini-
mizing the trace of the covariance matrix of reconciled forecast errors. The specifications of
the reconciliation matrices corresponding to different forecast reconciliation methods are
provided in Appendix A.

To obtain more accurate mortality forecasts while ensuring forecast coherence, an
expanding-window approach is adopted for out-of-sample forecast evaluation. Different
forecast reconciliation methods are compared based on the root mean squared forecast error
(RMSFE). Based on the RMSFE comparison, the forecast reconciliation method with the
lowest RMSFE is selected and applied to the subsequent pension redistribution analysis.

3.4. Life Expectancy Estimation

After obtaining coherent mortality forecasts for each area using the methods described
above, this section further applies standard life table methods to translate these forecasts
into remaining life expectancy after retirement, thereby providing the necessary actuarial
input for the measurement of implicit pension redistribution.

Specifically, the life-table calculation uses the forecasted central death rate mt(x) at
age x in year t as the mortality input. The construction of the life table begins by converting
mt(x) into the one-year probability of death qt(x). Under the assumption that deaths are
uniformly distributed within each age interval, the relationship between the two can be
expressed as

qt(x) =


mt(x)

1 + 0.5mt(x)
, x < ω,

1, x = ω.
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where ω denotes the highest open-ended age group in the life table. Since all individuals
surviving to this age group are assumed to eventually die within the open-ended interval,
the probability of death for this group is strictly set equal to 1.

Setting the life table radix to lt(x0) = 100,000, for ordinary ages with x < ω, the
number of survivors reaching age x + 1 in year t can be recursively calculated as

lt(x + 1) = lt(x)[1 − qt(x)], x < ω.

Furthermore, the number of person-years lived between ages x and x + 1 in year t,
denoted by Lt(x), is given by

Lt(x) =


lt(x) + lt(x + 1)

2
, x < ω,

lt(ω)

mt(ω)
, x = ω.

Based on the person-years lived at each age, the total number of remaining person-
years for individuals aged x in year t, denoted by Tt(x), is obtained by summing Lt(j) from
age x to the open-ended age group

Tt(x) =
ω

∑
j=x

Lt(j).

Finally, the remaining life expectancy after retirement at age x in year t, denoted by
et(x), can be calculated as

et(x) =
Tt(x)
lt(x)

.

Through the above life table conversion, the reconciled age-specific mortality forecasts
are further translated into remaining life expectancy after retirement. In the empirical
analysis, we set the retirement age to 65, and the resulting remaining life expectancy at
age 65 serves as the direct actuarial input for the subsequent quantification of subnational
implicit pension redistribution.

4. Empirical Results
In this section, we present the empirical results based on Japanese mortality data.

First, different forecast reconciliation methods are compared based on their out-of-sample
forecasting performance in order to identify the method most suitable for the characteristics
of Japanese subnational mortality data. Second, based on the selected method, future
mortality rates are projected and remaining life expectancy is estimated, and the spatial
distribution of remaining life expectancy at age 65 across prefectures is presented. On this
basis, the pension redistribution induced by longevity heterogeneity across prefectures is
further quantified. Finally, pension redistribution results across different spatial scales are
compared in order to examine the scale effects in the measurement of pension redistribution.

4.1. Model Comparison and Selection

To identify the forecast reconciliation method most suitable for the characteristics
of Japanese mortality data, this subsection compares the out-of-sample forecasting per-
formance of different reconciliation methods. Following the methodology introduced in
the previous section, an expanding-window forecasting scheme is adopted for evaluation.
Specifically, mortality data from 1975 to 2007 are initially used for model estimation, and
forecasts are generated for 2008–2022. The estimation window is then recursively expanded
year by year, with data from 1975 to 2008 used to forecast 2009–2022, and this procedure
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continues until data from 1975 to 2021 are used to forecast 2022. Forecast accuracy is
evaluated using the root mean squared forecast error (RMSFE), defined as follows:

RMSFEk(h) =
1

mk

mk

∑
i=1

√√√√ 1
(P + 1)× (H + 1 − h)

H

∑
ς=h

P

∑
x=0

[
mi

T+ς(x)− m̃i
T+ς(x)

]2
,

where mk denotes the number of series at the kth level for k = 1, . . . , K; T denotes the
endpoint of the initial estimation window and is set to 2007; h denotes the forecast horizon;
P is the maximum age; and H denotes the longest forecast horizon and is set to 15. mi

T+ς(x)
and m̃i

T+ς(x) denote the observed mortality rate and its h-step-ahead forecast, respectively,
for age x in year T + ς for the ith series at the kth level. This measure enables a comprehen-
sive evaluation of forecast errors at different forecast horizons and spatial levels, thereby
allowing a systematic comparison of the out-of-sample forecasting performance of different
forecast reconciliation methods.

Table 2 summarizes the mean and median RMSFE for each method across different
levels, calculated from 1- to 15-step-ahead forecasts. The results show that forecast reconcil-
iation methods generally reduce the errors of the independent forecasts while maintaining
forecast coherence. In particular, the EMinT method has lower mean and median RMSFE
values at all levels, indicating better overall forecasting performance. Meanwhile, the
forecast errors of all methods are relatively small at the national level but increase at the
regional and prefectural levels, suggesting that mortality forecasting uncertainty increases
as the spatial hierarchy becomes more disaggregated.

Table 2. Mean and median out-of-sample RMSFEs (×100) for base and reconciliation methods
across levels.

Level Base BU OLS WLS MinTs EMinT

Mean
Total 1.33 1.07 1.15 1.17 1.07 0.81
Sex 1.30 1.27 1.35 1.37 1.26 0.99
Region 1.45 1.17 1.26 1.28 1.16 0.85
Region + Sex 1.47 1.42 1.49 1.52 1.40 1.11
Prefecture 1.51 1.28 1.37 1.38 1.28 1.01
Prefecture + Sex 1.70 1.70 1.77 1.79 1.70 1.48

Median
Total 1.25 0.99 1.07 1.09 1.02 0.72
Sex 1.21 1.18 1.25 1.28 1.18 0.89
Region 1.41 1.13 1.21 1.23 1.13 0.77
Region + Sex 1.42 1.35 1.42 1.45 1.33 1.00
Prefecture 1.45 1.24 1.32 1.34 1.25 0.93
Prefecture + Sex 1.64 1.64 1.71 1.73 1.64 1.37

Building on this, Figure 2 further illustrates the variation in RMSFE across 1- to
15-step-ahead forecasts. Unlike the aggregate metrics in Table 2, Figure 2 captures the
dynamic characteristics of how forecast errors evolve with the forecast horizon. It can be
observed that forecast errors for all methods generally increase with the forecast horizon,
reflecting the greater uncertainty inherent in medium- to long-term mortality forecasting.
Throughout the evaluation period, the RMSFE curve for the EMinT method consistently
lies at the lowest position across most spatial levels and forecast steps. This indicates that
the performance of EMinT is not driven by an isolated result, but that it generally performs
better than other methods across different spatial levels and forecast horizons.
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Based on the above comparison of forecasting performance, we use the EMinT method
for subsequent mortality forecasting, and then use the forecast results to estimate remaining
life expectancy and measure pension redistribution. Since remaining life expectancy is
derived from the complete age-specific mortality schedule through a unified life-table proce-
dure, more accurate and coherent mortality forecasts provide a more reliable demographic
basis for the subsequent pension redistribution analysis.
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Figure 2. Out-of-sample RMSFEs (×100) by forecast horizon and method across levels.

4.2. Future Longevity Heterogeneity

Building upon the EMinT-based reconciled mortality forecasts, we apply the life table
method from Section 3.4 to derive future remaining life expectancy from the forecasted
mortality rates, thereby examining the temporal evolution and spatial distribution of
longevity heterogeneity. Figures 3 and 4 illustrate the characteristics of future longevity
heterogeneity in Japan from the perspectives of temporal evolution and spatial distribution,
respectively. Specifically, Figure 3 presents the trends in remaining life expectancy at age
65 for the total population over the period 2022–2032 for several representative prefectures,
including relatively high-longevity prefectures such as Shiga and Oita and relatively low-
longevity prefectures such as Okinawa and Aomori, along with the national average for
comparison. Figure 4 further illustrates the spatial distribution of remaining life expectancy
at age 65 for the total, male, and female populations across prefectures in Japan in 2032.

From the perspective of temporal evolution, the remaining life expectancy at age
65 across Japan is projected to exhibit a continuous upward trend in the future, indicating
that mortality conditions are expected to continue improving. However, longevity dif-
ferences do not show clear signs of convergence as overall longevity increases. The gap
between high-longevity and low-longevity prefectures persists throughout the projection
period and even shows a slight widening trend. Prefectures with relatively high longevity
levels consistently maintain higher expected remaining life expectancy over the entire pro-
jection period, whereas prefectures with relatively low longevity levels continue to exhibit
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lower longevity levels. The national average generally lies between the high-longevity
and low-longevity prefectures. These findings suggest that longevity heterogeneity across
prefectures in Japan is likely to persist in the foreseeable future.
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Figure 3. Projected remaining life expectancy at age 65 for the total population in selected prefectures,
2022–2032.
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Figure 4. Projected remaining life expectancy at age 65 across prefectures in Japan, 2032.

Figure 4 further illustrates the spatial distribution of longevity heterogeneity in 2032.
Overall, substantial longevity differences can still be observed across prefectures in Japan,
exhibiting a relatively stable spatial distribution pattern. For the total population, pre-
fectures such as Shiga, Nagano, and Oita correspond to relatively high remaining life
expectancy at age 65, whereas prefectures such as Aomori and Okinawa exhibit relatively
lower longevity levels. From the spatial perspective, high-longevity and low-longevity
prefectures display clear geographic clustering patterns. In particular, high-longevity pre-
fectures are mainly concentrated in the Chubu and Kinki regions, whereas low-longevity
prefectures are more concentrated in the Tohoku region. These findings suggest that future
longevity heterogeneity is not randomly distributed, but instead exhibits a clear degree of
spatial association.

From the gender perspective, females generally exhibit higher remaining life ex-
pectancy at age 65 than males across most prefectures, while the longevity level of the
total population lies broadly between those of the male and female populations. At the
same time, substantial longevity differences can still be observed within both the male
and female populations, suggesting that longevity heterogeneity is not merely driven by
differences in gender composition, but also exists within each gender group.
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Due to substantial differences in remaining life expectancy across subnational areas,
the duration of pension benefit receipt after retirement also varies significantly among
residents in different areas. Residents in areas with higher longevity are generally expected
to receive pension benefits for a longer period after retirement, whereas those in areas with
lower longevity tend to have relatively shorter benefit durations. Under a unified pension
system, such differences further lead to systematic disparities in pension liabilities across
areas, thereby generating corresponding pension redistribution.

4.3. Spatial Patterns of Implicit Pension Redistribution

Based on the projected remaining life expectancy obtained in the previous sections, we
further quantify the implicit pension redistribution arising from longevity heterogeneity.
Figure 5 illustrates the spatial patterns of implicit tax rates and implicit subsidy rates at the
prefectural level for the total, male, and female populations in 2032.
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(a) Total
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Figure 5. Prefecture-level implicit pension redistribution at age 65 in Japan, 2032.

Overall, substantial pension redistribution differences can be observed across prefec-
tures in Japan. Prefectures with relatively high longevity levels generally correspond to
implicit subsidies, whereas prefectures with relatively low longevity levels are more likely
to exhibit implicit tax burdens. This indicates that longevity differences across prefectures
have already been translated into resource redistribution within the pension system. In
terms of redistribution intensity, the gap between implicit tax rates and implicit subsidy
rates across prefectures is also considerable. For the total population, the highest implicit
subsidy rate reaches 4.74% in 2032, whereas the highest implicit tax burden reaches −5.05%,
implying a gap of nearly 10 percentage points. This suggests that longevity heterogeneity
across prefectures has generated substantial implicit resource transfers under the unified
pension system.

Further from the spatial perspective, prefectures such as Shiga and Nagano correspond
to relatively high implicit subsidy rates, whereas prefectures such as Aomori and Okinawa
exhibit relatively high implicit tax burdens. From the geographic distribution pattern,
implicit subsidy prefectures are mainly concentrated in the Chubu and Kinki regions,
whereas the Tohoku region is more characterized by implicit tax burdens. Overall, the
pension redistribution effect exhibits a clear spatial clustering pattern, in the sense that
neighboring prefectures tend to display similar redistribution characteristics.

From the gender perspective, the spatial patterns for the male, female, and total
populations are broadly similar. However, compared with the female population, the
differences between implicit tax rates and implicit subsidy rates are generally larger for
the male population. The gap between the highest implicit subsidy rate and the highest
implicit tax burden reaches 12.77% for males, whereas the corresponding gap for females is
11.78%. This corresponds to the more pronounced longevity differences observed across
areas within the male population. In contrast, although females generally exhibit higher
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longevity levels, the longevity differences across areas are relatively smaller, and therefore
the corresponding implicit pension redistribution differences are also relatively weaker.

In summary, the long-standing longevity heterogeneity across prefectures in Japan has
been further translated into implicit redistribution within the pension system. Prefectures
with relatively high longevity levels generally correspond to implicit subsidies, whereas
prefectures with relatively low longevity levels are more likely to exhibit implicit tax
burdens, with clear spatial clustering patterns. These findings suggest that, under a unified
pension system, longevity differences across prefectures systematically influence the spatial
redistribution of pension resources.

4.4. Scale Effects in Measuring Pension Redistribution

Previous results indicate substantial pension redistribution differences at the prefec-
tural level in Japan. However, longevity heterogeneity may be represented differently
across spatial scales, which may further lead to differences in the measurement of pension
redistribution. Therefore, spatial scale itself may constitute an important factor in the mea-
surement of pension redistribution. To further examine the scale effects in the measurement
of pension redistribution, we compare pension redistribution results at the prefectural and
regional levels.

Figure 6 illustrates the distribution of pension redistribution across different spatial
scales in 2032. From a cross-sectional perspective, pension redistribution at the prefectural
level exhibits substantially greater dispersion, with the ranges of implicit pension subsidies
and implicit tax burdens being considerably wider than those observed at the regional
level. In contrast, redistribution results at the regional level are more concentrated, and
both extreme subsidies and extreme tax burdens become noticeably weaker. This suggests
that spatial scale itself can influence the measured pension redistribution. One possible
explanation is that regional-level aggregation smooths redistribution differences across
prefectures with heterogeneous longevity levels. Since Japan’s 8 major regions still contain
prefectures with substantially different longevity and redistribution characteristics, aggre-
gation at the regional level may partially offset redistribution differences across lower-level
areas. Consequently, pension redistribution measured at the regional level is substantially
weaker than that measured at the prefectural level. These findings imply that analyses
conducted solely at higher spatial scales may underestimate the true extent of pension
redistribution across lower-level areas.

Building upon the cross-sectional comparison, Figure 7 further illustrates the temporal
evolution of pension redistribution intensity across different spatial scales. Here, overall
redistribution intensity is measured by the gap between the highest implicit subsidy rate
and the highest implicit tax burden, and the corresponding trends at the prefectural and
regional levels during 2022–2032 are examined. The results show that redistribution
intensity at the prefectural level remains consistently higher than that at the regional level
throughout the entire projection period, indicating that pension redistribution measured at
higher spatial scales is smoothed to some extent. Meanwhile, redistribution intensity at
the prefectural level exhibits a gradual upward trend over time, suggesting that pension
redistribution induced by longevity differences across areas may become further intensified
in the future. In contrast, redistribution intensity at the regional level displays a certain
degree of convergence. Consequently, the gap in redistribution intensity between the
prefectural and regional levels may continue to widen over time. This further suggests that
spatial aggregation can not only underestimate measured pension redistribution at a given
point in time, but also obscure the increasing divergence in redistribution intensity over
time. As a result, redistribution patterns measured at higher spatial scales may deviate
further from the underlying redistribution differences that exist across lower-level areas.
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Figure 6. Distribution of implicit pension redistribution across spatial scales in Japan, 2032.
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Figure 7. Evolution of pension redistribution intensity across spatial scales in Japan, 2022–2032.

From the gender perspective, the total, male, and female populations exhibit similar
patterns across different spatial scales. In particular, the redistribution intensity associated
with the male population remains consistently higher than that of the female population
across spatial scales, which is consistent with the more pronounced longevity heterogeneity
observed within the male population in the previous analysis.

Overall, pension redistribution results differ substantially across spatial scales. Com-
pared with the regional level, redistribution measured at the prefectural level exhibits
greater dispersion and stronger redistribution intensity, suggesting that finer spatial units
are able to capture more pronounced longevity heterogeneity and the associated pension
redistribution patterns across areas. These findings indicate that analyses based solely on
more aggregated spatial levels may underestimate the true extent of pension redistribution
across lower-level areas.

5. Discussion and Conclusions
Using subnational mortality data from Japan, this study examines longevity disparities

across subnational areas and the implicit pension redistribution induced by these dispar-
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ities under a unified pension system. Since the analysis involves multiple spatial levels,
including the national, regional, and prefectural levels, mortality forecasts need to satisfy
spatial aggregation coherence. To this end, we compare several forecast reconciliation
methods and select the EMinT method for subsequent mortality forecasting based on its
out-of-sample forecasting performance. On this basis, we further estimate post-retirement
remaining life expectancy across areas. The results show that longevity heterogeneity
across Japanese areas will persist throughout the forecast period, with no clear convergence
between longer-lived and shorter-lived areas, and that these disparities exhibit a certain
degree of spatial clustering.

Based on the projected post-retirement remaining life expectancy, we further measure
implicit pension redistribution under the unified pension system. The results indicate that
areas with higher longevity generally receive implicit pension subsidies, whereas areas
with lower longevity bear implicit pension taxes, suggesting that subnational longevity
disparities are translated into systematic redistribution differences within the unified pen-
sion system. The redistribution results also display clear spatial clustering, indicating that
implicit subsidies and taxes are not randomly distributed across areas. From the perspective
of spatial scale, prefectural-level redistribution outcomes are more dispersed and exhibit
stronger redistribution intensity than those at the regional level, and this intensity increases
over the forecast period. These findings suggest that analyses based solely on national
average life expectancy or more aggregated spatial levels may underestimate the true extent
of pension redistribution across areas.

These findings demonstrate that subnational longevity heterogeneity and its spatial
distribution are crucial for evaluating the redistributive effects of a unified pension system.
Our estimates provide a quantitative basis for the spatial evaluation of pension policy.
First, they can serve as supplementary information for assessing distributional fairness
within the unified pension system. More specifically, these estimates can be used in
periodic actuarial reviews of the National Pension system to assess whether subnational
longevity differences lead to persistent spatial inequalities in expected lifetime pension
benefits under uniform contribution and benefit rules. Second, the estimates can inform
the design of complementary fiscal support measures. For example, policymakers could
consider tax-financed central subsidies or contribution subsidies targeted at areas that
systematically occupy disadvantaged redistributive positions. These measures would help
mitigate the implicit burden arising from shorter post-retirement survival while preserving
the nationwide uniformity of contribution and benefit rules. In this sense, the proposed
measurement framework provides practical evidence for pension policy evaluation and for
the design of complementary fiscal support mechanisms under a unified pension system.

Several limitations should be acknowledged. First, this study focuses on pension
redistribution induced by subnational mortality differences and does not explicitly model
the socioeconomic determinants of longevity heterogeneity. Although the supplementary
analysis in Appendix B does not show a significant positive association between prefectural
income and remaining life expectancy at age 65, future research could further incorpo-
rate other factors that could better explain in a more comprehensive way the differences
observed by prefecture, such as income, education, sex or climate conditions. Second,
migration is not explicitly modeled. Although the use of annual resident population
exposures and death counts partly reflects changes in population composition, future
migration flows may still affect prefectural mortality profiles and pension redistribution
patterns. Third, the pension liability measure is based on the benchmark assumption that
the benefit growth rate equals the discount rate. Future studies may conduct sensitivity
analyses under alternative assumptions regarding discount rates and pension indexation.
Finally, potential future pension reforms are not incorporated into the analysis. Future
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research may further integrate demographic, economic, and institutional factors to provide
a more comprehensive evaluation of the long-term redistribution of pension systems under
population aging.
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Appendix A. Reconciliation Matrices for Forecast Reconciliation Methods
This appendix presents the reconciliation matrix forms corresponding to different

forecast reconciliation methods.
Let ŷT+h(x) denote the independent h-step-ahead forecasts at all levels, and let

ỹT+h(x) be the corresponding reconciled h-step-ahead forecasts which satisfy all aggrega-
tion constraints. The general form of forecast reconciliation can be written as

ỹT+h(x) = ST+h(x)GhŷT+h(x),

where ST+h(x) denotes the summing matrix and Gh denotes the reconciliation matrix. It
should be noted that the ST+h(x) matrix contains exposure-to-risk ratios, whose future
values are projected following the approach of Shang and Hyndman (2017) to construct
future aggregation matrices. Different reconciliation methods correspond to different
choices for Gh.

The bottom-up (BU) reconciliation method only utilizes forecasts from the bottom-
level series and obtains higher-level forecasts through aggregation (Dangerfield and Morris
1992; Zellner and Tobias 2000). The corresponding reconciliation matrix is given by

Gh = (0m×(n−m), Im),

where m denotes the number of bottom-level series, n denotes the total number of series in
the hierarchy, and 0m×(n−m) is a zero matrix of dimension m × (n − m).

The ordinary least squares (OLS) reconciliation method jointly uses base forecasts
from all hierarchical levels and reconciles them through ordinary least squares to obtain
coherent forecasts, while assuming forecast errors across series have equal importance
(Hyndman et al. 2011). The reconciliation matrix is given by

Ĝh = (S⊤
T+h(x)ST+h(x))−1S⊤

T+h(x).

The weighted least squares (WLS) reconciliation method extends the OLS method by
further accounting for heterogeneity in forecast error variances across series (Hyndman
et al. 2016). Specifically, different weights are assigned according to the magnitude of
forecast error variances across series, and the base forecasts are adjusted accordingly to
obtain coherent forecasts. The reconciliation matrix can be expressed as

Ĝh =
(

S⊤
T+h(x)Λ−1

h ST+h(x)
)−1

S⊤
T+h(x)Λ−1

h ,
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where Wh denotes the covariance matrix of the h-step-ahead base forecast errors, and
Λh = diag(Wh) denotes the diagonal matrix containing their variances.

The minimum trace (MinT) reconciliation method further incorporates the covariance
structure among forecast errors across different series and obtains coherent forecasts by
minimizing the trace of the reconciled forecast error covariance matrix (Wickramasuriya
et al. 2019). The corresponding reconciliation matrix is given by

Ĝh = (S⊤
T+h(x)W−1

h ST+h(x))−1S⊤
T+h(x)W−1

h ,

where Wh denotes the covariance matrix of the h-step-ahead base forecast errors. In
practice, Wh can be estimated in different ways. Under general settings, the in-sample
forecast error covariance matrix is typically used directly. However, in high-dimensional
settings, the in-sample covariance matrix may become unstable or non-invertible. In such
cases, a shrinkage estimator of the covariance matrix can be adopted, corresponding to the
MinTs method.

The preceding forecast reconciliation methods ensure that the reconciled forecasts are
unbiased when the base forecasts are unbiased. However, base forecasts may be biased
in practical applications. To relax this condition, Wickramasuriya (2021) proposed the
empirical minimum trace (EMinT) reconciliation method, which estimates the reconcil-
iation matrix by minimizing the trace of the reconciled forecast error covariance matrix
without imposing the unbiasedness constraint. Assuming that the series are jointly weakly
stationary, the reconciliation matrix can be written as

Ĝh = B⊤
h (x)Ŷh(x)(Ŷ

⊤
h (x)Ŷh(x))−1,

where Bh(x) = [bh, · · · , bT ]
⊤ denotes the matrix of bottom-level observations, and

Ŷh(x) = [ŷh|0, · · · , ŷT|T−h]
⊤ denotes the matrix of corresponding base forecasts.

Appendix B. Correlation Between Prefectural Income and Remaining
Life Expectancy

As a supplement to the analysis of subnational longevity disparities, this appendix
examines the relationship between remaining life expectancy at age 65 and income levels
using data for all 47 Japanese prefectures. Income levels are measured by per capita
prefectural income for fiscal year 2022, obtained from the Prefectural Accounts published by
the Economic and Social Research Institute, Cabinet Office, Government of Japan (Cabinet
Office 2026). Period remaining life expectancy at age 65 is calculated from mortality rates
for the total population in 2022.

The Pearson correlation coefficient and Spearman rank correlation coefficient are used
to measure the linear and monotonic relationships between the two variables, respectively.
Figure A1 presents the scatter plot of per capita prefectural income and period remaining
life expectancy at age 65.

Table A1 reports the two correlation coefficients and their corresponding p-values.

Table A1. Correlation between per capita prefectural income and period remaining life expectancy at
age 65.

Correlation Measure Coefficient p-Value

Pearson correlation −0.027 0.859
Spearman rank correlation −0.106 0.479
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Figure A1. Relationship between per capita prefectural income and period remaining life expectancy
at age 65.

Neither correlation coefficient is statistically significant, and the scatter plot shows no
clear positive association between the two variables. Overall, remaining life expectancy at
age 65 across prefectures does not exhibit a clear income gradient.
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