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Abstract

This study adapts the United Nations’ methodology for national probabilistic population
projections to subnational contexts. The Bayesian approach used by the UN addresses data
collection complexities effectively. By applying hierarchical model assumptions, national
projections can be extended to subnational levels. There is a significant demand for subna-
tional projections with uncertainty measures, especially in South Korea, where low fertility
rates have led to rapid population decline, impacting economic and social conditions. The
Bayesian hierarchical model predicts South Korea’s population will peak in 2024 and then
decline sharply, potentially reaching 30 million by 2100 or below 20 million in lower projec-
tions. Seoul’s population may reduce to one-third of its 2020 size by 2100. Persistently low
fertility rates result in a high dependency ratio and accelerated aging, particularly in Seoul
and Gyeonggi-do. Although old-age dependency ratios might improve slightly by 2100,
economic challenges such as reduced purchasing power and socio-economic strain from an
aging population and declining fertility remain significant. A probabilistic approach can
enhance resource allocation strategies to support the aging population at both national and
subnational levels.

Keywords: population projections; subnational; probabilistic; Bayesian hierarchical

1. Introduction
The cohort-component method (CCM) was first introduced by Cannan in 1895 [1]; it

was then used by Bowley in 1924 [2] and, later, independently rediscovered by Whelpton in
1928 [3]. It remains the most widely adopted method for generating population projections.
The CCM, originally designed for current population estimates, can also be applied to
future projections [4]. Although the CCM is a scientific approach to predicting future
populations, it has faced criticism for lacking a probabilistic foundation and producing
implausible results across different geographic areas or time periods [5].

The United Nations (UN) stands out as the primary organization that regularly pro-
duces national population projections by age and sex for all countries [6]. Since 2015,
these projections have generally been updated every two years in the World Population
Prospects (WPP) reports. The most recent update was released in 2024 [7]. The UN’s official
projections have been probabilistic since 2014, employing Bayesian hierarchical models
(BHMs) for fertility and mortality [7–10].

The application of BHMs to subnational or small-area demographic estimation initially
focused on core demographic indicators such as life expectancy in the United Kingdom
and later expanded to include mortality and life table estimation for smaller geographic
units [11–14]. More recently, BHM approaches have been employed to estimate internal
migration rates at the small-area level in countries such as New Zealand and Iceland [15,16].
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In addition to these developments, a limited number of studies have addressed the
use of probabilistic methods to quantify forecast uncertainty for local and small-area
populations. Prior to the adoption of BHMs, Lee and Carter [17] introduced a time series-
based approach to forecasting life expectancy and life table functions using a random walk
with drift. Building on this foundation, Cameron and Poot [18] developed a probabilistic
cohort-component model to forecast district-level populations in New Zealand. Similarly,
Wilson et al. [19] constructed empirical prediction intervals for total population forecasts
based on an evaluation of 30 years of local-area population projections in Australia.

The three key components of the United Nations’ probabilistic population projections
are grounded in BHMs that have been meticulously adapted to function effectively at the
national level [20]. However, the applicability of these national models to subnational or
small-area settings presents significant challenges, such as missing data and measurement
errors. Despite several recent studies concentrating on forecasting the total fertility rate
(TFR), life expectancy at birth (e0), and net migration rates (NMR) [20–22], there remains a
significant need for subnational projections. For instance, in the United States, state- and
county-level projections are crucial for local government planning, private sector decision-
making, and health and social science research focused on subnational variation and
inequality [19,23,24]. Furthermore, there is an increasing interest in subnational projections
at the international level [25].

While numerous applied demographers have developed methods for small area pop-
ulation projections beyond the cohort-component method (CCM) [23,24], there have been
relatively few endeavors focused on subnational probabilistic projections [25–27]. This
study aims to adapt the United Nations’ methodology for national probabilistic population
projections to the subnational context. The existing literature underscores an increasing
demand for subnational population projections that incorporate uncertainty bounds. How-
ever, generating such projections is inherently complex, necessitating substantial expertise,
contextual understanding, and tailored data. These requirements render the production of
probabilistic subnational projections particularly challenging [25].

The United Nations’ Bayesian methodologies offer several advantages in addressing
the complexities and challenges associated with data collection. The BHM generates
uncertainty through probability intervals (PI) for any demographic outcome of interest,
which are statistically calibrated if the model is accurate (e.g., 95% intervals encompass 95%
of the possibilities). The BHM employs Markov Chain Monte Carlo (MCMC) techniques,
which can be implemented, even for relatively large and complex models, more easily
than non-Bayesian alternatives, such as maximum likelihood estimation [28]. Additionally,
the BHM automatically incorporates information from other countries when producing
estimates for a country of interest, which is particularly beneficial when the data quality for
the country of interest is poor or missing [29]. Under the hierarchical model’s assumptions,
population projections can be extended from the United Nations’ national probabilistic
projections to subnational levels. This adaptation involves applying the international
framework by treating a country as the “world” and subnational levels as “countries”
within the UN probabilistic model. However, the subnational context presents distinct
characteristics compared to the national context [25].

Utilizing the cohort-component method (CCM) and Bayesian hierarchical model
(BHM), numerous studies have addressed probabilistic projections by decomposing each
population component for subnational projections. Methods for the probabilistic subna-
tional projections of each component have been developed for individual countries or
regions [30–36]. For the subnational projection, TFR trajectories at the subnational level
using BHMs have been conducted among 49 UN countries [22]. Additionally, mortality
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rates and life expectancy at the subnational level using BHMs have been studied across
29 countries and 447 subregions [20].

Firstly, correlations in fertility and mortality between subnational areas are generally
much higher than those between countries [20]. Secondly, while international migration is
globally balanced to net zero, subnational migration does not follow this constraint [37].
Thirdly, the demographic composition of subnational populations, such as sex and age
distributions, significantly influences geographic planning for facilities like schools and
military barracks [38]. Lastly, some subnational areas have such small populations that
stochastic variations in vital events, often overlooked in population projections, can sub-
stantially affect the population forecast for those areas [23].

To address these complex challenges, this study employs a probabilistic approach
to the subnational population projections. Fertility projections are modeled using the
subnational TFR method described by Ševčíková et al. [22], while the subnational mortality
projections utilize the technique developed by Ševčíková and Raftery [20]. For probabilistic
migration projections at the subnational level, the methodology of Azose et al. [37] is
implemented to circumvent the sum-to-zero constraint. Additionally, the R package 4.2.3
‘bayesPop’ is employed to execute the subnational probabilistic cohort-component method,
as outlined by Yu et al. [25].

Finally, we performed two validity assessments utilizing the same models by compar-
ing projected and observed population data at both national and subnational levels. The
first validation test involved comparing the 2015 population projections generated by our
model with the actual population changes observed in South Korea at the subnational level
from 2015 to 2020. The second validation entails comparing our population projections for
the period from 2020 to 2070 with the official population projections issued by the Korean
government’s official statistical institute (KOSIS) at the national level, which covers the
same period from 2020 to 2070.

This paper is structured as follows: First, we provide a brief introduction to the
subnational regions of Korea and their demographic characteristics. Next, we describe the
two data sources utilized and outline the Bayesian hierarchical model (BHM) probabilistic
method employed. Subsequently, we present our projection trajectories at both the national
and subnational levels and validation tests. Finally, the paper concludes with a discussion.

2. Korea and Subnational Context
The population of South Korea experienced rapid growth due to two significant baby

booms in the 1950s and 1970s. However, declining fertility rates over the past two decades
have led to a population peak of 51.7 million in 2024, followed by a subsequent decline,
with projections indicating a rapid decrease (KOSIS). The primary factor driving this
population peak is the country’s extremely low total fertility rate (TFR) and the resulting
natural demographic changes [39]. International net migration remains relatively minor,
accounting for approximately 0.2% of the total population. Nonetheless, there is a notable
pattern of domestic migration, with regions outside the metropolitan areas surrounding
Seoul experiencing population outflows to the capital and its metropolitan area (KOSIS).

The subnational regions of South Korea examined in this study comprise eight major
cities and eight provinces, amounting to a total of 17 subnational areas (Figure 1).

The first area, Seoul, is the capital city, with a population of approximately 10 million
people. The eighth area, Gyeonggi Province (“do” in Korean), has an estimated population
of 13.5 million people. Together, the populations of areas 1, 4, and 8—representing the most
densely populated regions in South Korea—account for nearly half of the country’s total
population of 51.8 million. Over the past five decades, these three metropolitan regions have
experienced significant domestic in-migration due to urbanization and the concentration
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of job opportunities, while populations in other areas have declined as residents have
relocated to these metropolitan centers (KOSIS).

Figure 1. Subnational areas and population composition of South Korea. Source: Korean Statistical
Information Service (KOSIS) [40].

Among the three demographic components, the total fertility rate (TFR) emerges as the
most significant determinant in projecting South Korea’s population trends. The national
TFR has shown a consistent decline, decreasing from 1.30 to 0.72 children per woman
within the recent decade (Figure 2a). Conversely, life expectancy at birth (e0) increased
from 80.2 to 83.5 years (Figure 2a). However, due to the spread of COVID-19 variants, there
was an unexpected decline of 0.9 years in 2022 [41]. Over the past decade, net migration
rates (%) in South Korea have had a relatively minor impact, remaining stable within the
range of −0.25 to 0.33 percent of the total population (Figure 2).



Forecasting 2025, 7, 40 5 of 19

 
(a) 

(b) 

0.19 0.18

0.02

0.18
0.27

0.14 0.15
0.20

0.25

0.02

-0.25

-0.08

0.33 0.31

1.23 1.24
1.30

1.19 1.21 1.24
1.17

1.05
0.98

0.92
0.84 0.81 0.78

0.72

80.2

80.6

80.9

81.4

81.8

82.1

82.4

82.7 82.7

83.3
83.5 83.6

82.7

83.5

78

79

80

81

82

83

84

-0.40

-0.20

0.00

0.20

0.40

0.60

0.80

1.00

1.20

1.40

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

S. Korea population component trends

NMR(%, LHS) TFR (LHS) Life expectancy(e0, RHS)

0

10,000,000

20,000,000

30,000,000

40,000,000

50,000,000

60,000,000

Total and subnational population projection 2020 and 2052 by three scenario 

2020_Base 2052_High 2052_Medium 2052_Low

Figure 2. (a) South Korea national TFR, life expectancy at birth and net migration rates trends.
(b) Population projection by KOSIS by 2052. Source: Korean Statistical Information Service (KOSIS).

The Statistical Information Service [42] has conducted population projections at the
subnational level using scenario-based cohort component methods, extending to the year
2052. Figure 2b presents data for the base year, as well as high, medium, and low scenarios
for the year 2052, encompassing the total population of South Korea and its 17 subnational
areas. The projections indicate a general decline in the total population at the national level.
Notably, Gyeonggi-do, the most populous subnational province, is anticipated to maintain
its population even under the low growth scenario.

3. Data
The data for the subnational population projection are obtained from two main sources:

the United Nations World Population Prospects and the Korean Statistical Information
Service (KOSIS). These resources provide data at both the national and subnational levels.
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The subnational data covers 16 regions, comprising eight metropolitan cities, including
Seoul, and eight provinces.

The national-level total fertility rate (TFR), life expectancy (e0), and migration data for
South Korea can be extracted from the R package ‘wpp2022’ by the United Nations. This
package provides historic national TFR, e0, and net migration rate (NMR) data since 1950.
The national-level data and three trajectories can be obtained from the ‘wpp2022’ package.

KOSIS offers detailed demographic components for subnational regions, including
fertility rates, life expectancy, and net migration data from 1997 to 2022. The TFR for
subnational regions is calculated by summing the age-specific fertility rates (ASFR) for
females aged 15 to 49 who gave birth in the previous year. Life expectancy (e0) data are
also available from KOSIS for these subnational regions. Additionally, KOSIS provides net
migration data, which combine both international and domestic migration for the same
geographic levels, covering the period from 1997 to 2022.

4. Methods
4.1. Probabilistic Cohort-Component Method

The cohort-component method (CCM) represents the predominant methodology for
population projection. This approach classifies the population at time t into age–sex groups
and individually considers the fertility, mortality, and migration behavior of each cohort as
it advances from the base year t to the projected date at time t + k [38].

To manage the inherent uncertainty in population forecasting, the United Nations has
implemented a probabilistic Bayesian approach. This method utilizes the BHM to estimate
future trends in total fertility rates and life expectancy, generating a wide range of potential
outcomes through posterior predictive distributions. These projections are then integrated
into the cohort-component method to derive probabilistic estimates of future population
metrics [9]. Specifically, the process involves simulating 2000 trajectories for fertility rates
and joint male-female life expectancy for each five-year interval from 2010 to 2100. These
simulations are subsequently translated into age-specific fertility and sex- and age-specific
mortality rates using standardized UN methodologies [28].

The UN population projections utilize Markov chain Monte Carlo (MCMC) methods.
MCMC combines two key concepts: Monte Carlo sampling, which estimates distributional
properties through random sampling, and the Markov chain process, where each sample
depends only on the immediate previous one. This sequential dependency characterizes
the Markov property. MCMC is especially valuable in Bayesian inference, as it enables ap-
proximation of complex posterior distributions that are analytically intractable, facilitating
the estimation of quantities such as posterior means and random samples [43–45]. Each de-
mographic component is modeled using a Bayesian hierarchical first-order autoregressive,
or AR (1):

fc,t+1 − µc = ρc( fc,t − µc) + εc,t, with εc,t ∼ N
(

0, σ2
ε

)
This suggests that for each subnational area c, a demographic component is modeled

with a long-term average µc and an autoregressive coefficient ρc, both of which are as-
sumed to come from a broader, national-level distribution. The parameters of this national
distribution themselves follow a joint prior, forming a three-tier hierarchical model. These
tiers consist of the observed data, the subnational level, and the national (or higher) level.
The entire model is estimated using MCMC methods.

To generate subnational probabilistic population projections, we initiate with the
existing national-level projection, which employs Bayesian hierarchical models for the total
fertility rate (TFR), life expectancy at birth, and net migration rate (NMR) for eight cities
and eight provinces in South Korea [8,29,37,46]. Each projection model produces a sample



Forecasting 2025, 7, 40 7 of 19

of trajectories, with each trajectory signifying a potential future scenario for the respective
demographic quantity [28].

Following the disaggregation of each trajectory into sex- and age-specific values,
the cohort-component method is employed to derive a sample of sex- and age-specific
population trajectories [20]. This sample is then utilized to obtain any predictive quantile of
any demographic quantity of interest, such as its median or a specific probability interval.

4.2. Subnational TFR Projection

To generate subnational total fertility rate (TFR) trajectories for South Korea, national
TFR trajectories are first derived using the R package ‘bayesTFR’ and ‘wpp2022’ (country
code: 410). This process can be customized within the MCMC simulation, starting from
1980 and running for over 5000 iterations (Figure 3). For countries with extremely low
fertility rates like South Korea, Phase III fertility trajectories are additionally simulated.

Figure 3. BHM framework for subnational TFR projections. Source: bayesTFR R package [22].

Utilizing Bayesian hierarchical models (BHMs), the subnational models extend the
posterior distribution from the national-level prior distribution, weighted by observed
area-specific data [47]. Probabilistic projections of TFR for subnational areas in South
Korea are achieved by scaling the national projections with a time-varying region-specific
scale factor. The R package ‘bayesTFR’ models this regional scale factor using a first-order
autoregressive, or AR (1), process [22]. To generate subnational TFR trajectories for South
Korea, the TFR data from 1997 to 2022 are applied within this BHM framework (KOSIS).
The resulting subnational posterior distribution is then utilized to project the subnational
TFR (Figure 3).

4.3. Subnational e0 Projection

To derive subnational life expectancy at birth (e0) trajectories for South Korea, national
e0 trajectories must first be obtained using the R package ‘bayesLife’ and ‘wpp2022’ (country
No. 410). Like subnational TFR, the national-level trajectories are simulated using a Markov
chain Monte Carlo (MCMC) process starting from 1980 and running for approximately
5000 iterations. For e0, the ‘bayesLife’ package [20] is utilized, which predicts male e0

after determining female e0 trajectories and incorporating a female–male gap model [10].
Ultimately, the current subnational e0 trajectories are predicted based on the national
simulation, assuming that subnational e0 predictions can be accurately derived by adjusting
the national predictions using an AR (1) process [20].

4.4. Subnational NMR Projection

Initially, the R package ‘bayesMig’ [21] is employed to generate national-level net
migration rate (NMR) trajectories for South Korea. Subsequently, historical NMR data from
1997 to 2022 are incorporated to derive subnational migration projection trajectories for the
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17 subnational regions in South Korea. The subnational parameters reflect the long-term
average of NMR and the rate of convergence to the long-term average for each subnational
region [37].

Regarding the impact of immigration on South Korea’s population projection, it is
relatively minor compared to natural population changes by births and deaths. Since 1980,
the NMR for South Korea has fluctuated between approximately −0.005 to 0.01 persons per
1000 individuals (KOSIS). Additionally, domestic migration constitutes the primary migra-
tion pattern, historically aligning with the urbanization trend observed over recent decades.
This trend ranges from approximately −0.001 to 0.118 persons per 1000 individuals from
1997 to 2022 among the 17 subnational regions (KOSIS). Consequently, the NMR has a rela-
tively minor impact on overall population change and South Korea’s population projection.

4.5. Subnational Probabilistic Population Projection

The three subnational trajectories of total fertility rate (TFR), life expectancy at birth
(e0), and migration are employed to estimate the future population using the cohort-
component method within the R package ‘bayesPop.’ To execute this projection package
and predict future subnational populations, we need to input 16 subnational geographic
area lists, age- and sex-specific historical population data, and the migration patterns
of the net migration rate (NMR) among the subnational areas as base year inputs. The
previously generated trajectories for TFR, e0, and migration are then converted into sex-
and age-specific rates [22,25].

In particular, to convert NMR trajectories, the bayesPop package applies a Rogers–
Castro model migration schedule [25,37,46], which assigns more weight to migrants aged
20–40 and their children. Finally, bayesPop predicts a set of sex- and age-specific population
trajectories over five-year intervals for each subnational area in South Korea, targeting
specific future years.

5. Result
5.1. National Projection

The national total fertility rate (TFR) of South Korea is projected to recover after
reaching a record low of 0.7 in the 2030s, as our model in bayesTFR assumes a Phase III
TFR. During 2020–2024, the TFR followed the lower 95 percent probability interval (PI)
path, resulting in a TFR of 0.7 in 2024. Consequently, it is predicted that South Korea’s TFR
will remain below 1.0 until 2100, based on the lower 95 percent PI TFR trajectories (Figure 4
top left)

The national life expectancy at birth (e0) for South Korea is expected to increase
continuously and moderately, reaching approximately 95–100 years of life expectancy by
2100 (Figure 4 top right). The national immigration rates of South Korea have shown
minimal changes over the past decades and are projected to converge to near-zero rates in
the future, maintaining stable trajectories until 2100 (Figure 4 bottom left).

Based on these national demographic component trajectories, probabilistic population
projections indicate that South Korea’s population will peak in 2024 and then decline to
around 30 million by the median projection in 2100. However, according to observations
from the past five years (2020–2024), the lower 95 PI predicts that the population could fall
below 20 million by 2100, representing an unprecedentedly rapid decline in human history
(Figure 4 bottom right).
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Figure 4. South Korea national demography components and total population projection. Source:
own research result trajectories from BHM model projection.

5.2. Subnational Projection

The same methodology has been applied to predict subnational population projec-
tions. Figure 5 presents a summary of the projected population changes for subnational
regions until 2100, including the year 2060, based on the median probability interval (PI).
Notably, the rate of population decline accelerates between 2060 and 2100. In particular,
the population of Seoul is projected to decrease to approximately one-third of its 2020 level,
even according to the median PI. Additionally, the observed trajectories of TFR decline
have followed the lower 95 percent PI pace, which may represent a more realistic decline
based on population changes observed from 2020 to 2024.
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Figure 5. Subnational population projection by median values in 2020, 2060, and 2100. Source: own
research result trajectories from BHM model projection.

Figure 6 illustrates the lower 95 percent PI population projections for subnational
regions. Firstly, the most populous province, Gyeonggi-do, is projected to decline to
one-third of its current level by 2100. Most notably, the population of Seoul is expected
to decrease to one-fourth of its 2020 level by 2100. Due to domestic migration patterns,
individuals are moving from other major cities such as Busan and the eight provinces to
Gyeonggi-do and Seoul. This migration pattern results in similar population losses in those
areas, despite the higher total fertility rates (TFR) observed in the subnational regions.

Furthermore, population projections for other less densely populated regions exhibit
a declining trend similar to that observed in Seoul and Gyeonggi-do. However, the pro-
jected population levels of other major cities and rural areas appear to converge toward a
comparable lower bound. These subnational regions have already experienced significant
demographic contraction historically. Consequently, their projected contribution to the
national population by 2100 is expected to be relatively limited (see Figure 6).

Figure 7 depicts the population pyramids of Gyeonggi-do, the most populated subna-
tional areas in South Korea, using three probability intervals (PI): median, 80%, and 95%.
As of 2020, Gyeonggi-do exhibits a significantly low total fertility rate (TFR), resulting in a
population pyramid with a high dependency ratio. By 2060, Gyeonggi-do is projected to
have a significant proportion of individuals aged 65 and older. The old-age dependency ra-
tio is expected to be higher in 2060 than in 2100. The reduction in the mid-aged population
by 2060 will result in an aging population by 2100, which may alleviate some social welfare
burdens in terms of the old-age dependency ratio. However, with less than one-fourth of
the purchasing power of South Korea expected, this demographic shift may pose additional
economic challenges for the country.
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Figure 6. Subnational population projection by lower 95 percent PI in 2020, 2060, and 2100. Source:
own research result trajectories from BHM model projection.

 

Figure 7. Population pyramid of Gyeonggi-do in 2020, 2060, and 2100. Source: own research result
trajectories from BHM model projection.

Figure 8 illustrates the population pyramids for Seoul, the capital of South Korea, based
on the same PI. Among the subnational regions analyzed, Seoul is projected to experience
the most pronounced demographic transformation, with the highest old-age dependency
ratio by 2100. This shift is largely driven by continued population migration to Gyeonggi-
do, resulting in an increasingly imbalanced age structure in Seoul by 2060. Notably, this
severe demographic burden is expected to persist through the end of the century.
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Figure 8. Population pyramid of Seoul in 2020, 2060, and 2100. Source: own research result trajectories
from BHM model projection.

6. Validation Test
Forecasting experts generally agree that evaluating models should focus more on how

well they perform on data not used during training, rather than how closely they fit the
training data. A common method for testing predictive accuracy beyond the estimation pe-
riod is the “Hold-Out” technique, which involves dividing the dataset chronologically into
two parts—one for training the model and the other for testing its predictive ability [48–51].

To evaluate the validity of the current Bayesian hierarchical model (BHM) approach in
projecting the future population of South Korea, we employed the United Nations method-
ology, utilizing the three component trajectories (bayesTFR, bayesLife, and bayesMig), with
2015 as the base year. The objective of this assessment is to determine the accuracy of the
2020 population projection derived from the 2015 base year. This approach is predicated on
using the earliest available model for projection (2015). Consequently, we can evaluate the
BHM by comparing the projected 2020 population with the observed 2020 population at the
national level. Furthermore, this evaluation tool can be extended to assess the population
projections for the 16 subnational areas in South Korea.

Our Bayesian hierarchical model (BHM) projection can be evaluated using the 2020
Korean national quinquennial Population and Housing Census. This census, conducted
every five years, ensures that the data collected is current and reflective of demographic
and housing trends. Figure 9 presents the national population projection using the BHM,
starting from the year 2015. The BHM forecasts a rapid decline in South Korea’s total
population, despite an anticipated rise until 2020, primarily due to population structure.
This projection aligns with the bottom right panel of Figure 4, as expected.

Absolute Percent Error(APE) =
|Projected − Observed|

Observed
∗ 100

We utilize the absolute percent error (APE) to measure the errors of our projection
compared to the observed 2020 Census data. The projected median population for 2020 was
51,829 thousand, while the census population was 51,321 thousand, resulting in an APE of
approximately 1%. However, the advantage of BHMs is their ability to provide probability
intervals (PI) for specific years. Our model projected a range of 50,933 to 51,648 thousand
with a 95% PI. This upper 95% PI projection reduces the APE to 0.35%, closely aligning
with the observed 2020 population.
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National  2015 2020 Median 2020 lower 95 2020 upper 95 

Projected 50,293 51,321 50,933 51,648 

Observed 50,293 51,920 51,829 51,829 

Errors at t years 0 −508 −896 −181 

APE at t years 0 0.98% 1.73% 0.35% 

Figure 9. BHM national population projection of South Korea as base year of 2015. Observed
data from KOSIS, thousand. Source: own research result trajectories from BHM projection, Korean
Statistical Information Service (KOSIS).

When applying the same measurement for subnational projections, the variation is
significantly larger compared to national-level projections, despite the projection period
being only five years. Figure 10. illustrates that the APE for each subnational population is
considerably greater than that of the national-level projection.

The 2020 projections for the two largest subnational areas, Seoul and Gyeonggi-do,
exhibit contrasting APE values, with an over-projection for Seoul and an under-projection
for Gyeonggi-do (Figure 10). This outcome is noteworthy because the BHM relies on histor-
ical long-term trends using statistical probability. However, substantial domestic migration
from Seoul to Gyeonggi-do, driven by the unaffordable housing prices in Seoul over the
past decade [52], has led to discrepancies in the model’s projections. Consequently, the
long-term statistical model inevitably encounters errors in reflecting these recent changes.

In addition to comparing our model with the observed population 2020, we evaluated
our national BHM projection against the official national projection provided by the Korean
Statistical Information Service (KOSIS) up to 2070. The APE for both projections is remark-
ably low, indicating a high degree of similarity between the KOSIS official population
projection and our BHM projection (Table 1).
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Seoul 9,586,195           10,132,616        5.70 10,065,085      5.00 10,202,474      6.43
Busan 3,349,016           3,540,628           5.72 3,518,131         5.05 3,562,865         6.39
Daegu 2,410,700           2,528,913           4.90 2,512,778         4.23 2,544,915         5.57
Incheon 2,945,454           2,972,827           0.93 2,951,716         0.21 2,992,508         1.60
Gwangju 1,477,573           1,506,503           1.96 1,497,015         1.32 1,515,596         2.57
Daejeon 1,488,435           1,560,644           4.85 1,550,201         4.15 1,570,837         5.54
Ulsan 1,135,423           1,209,864           6.56 1,201,271         5.80 1,217,293         7.21
Gyeonggi-do 13,511,676        12,727,290        5.81 12,645,021      6.41 12,811,811      5.18
Gangwon-do 1,521,763           1,549,633           1.83 1,539,846         1.19 1,558,353         2.40
Chungcheongbuk-do 1,632,088           1,604,063           1.72 1,592,890         2.40 1,614,028         1.11
Chungcheongnam-do 2,176,636           2,094,352           3.78 2,079,271         4.47 2,106,951         3.20
Jeollabuk-do 1,802,766           1,879,770           4.27 1,868,530         3.65 1,890,838         4.89
Jeollanam-do 1,788,807           1,908,660           6.70 1,895,710         5.98 1,919,388         7.30
Gyeongsangbuk-do 2,644,757           2,721,489           2.90 2,703,625         2.23 2,738,422         3.54
Gyeongsangnam-do 3,333,056           3,421,983           2.67 3,399,772         2.00 3,443,211         3.30
Jeju-do 670,858               627,415               6.48 623,143            7.11 631,537            5.86
Republic of Korea 51,829,136        51,321,000        0.98 50,933,000      1.73 51,648,000      0.35

Figure 10. Evaluation of BHM subnational projection as base year of 2015 vs. 2020 observed. Source:
own research result trajectories from BHM projection and KOSIS.
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Table 1. Evaluation of BHM national projection with base year of 2020 vs. KOSIS projection. Source:
own research result trajectories from BHM projection and KOSIS.

2030 2040 2050 2060 2070 MAPE %

KOSIS Projection 51,306,000 50,059,000 47,107,000 42,302,000 37,182,000

Bayesian Projection 51,592,000 50,085,000 47,161,000 43,153,000 38,806,000

APE % 0.56 0.05 0.11 2.01 4.37 1.42

lower 95 50,463,000 47,458,000 43,275,000 38,033,000 32,502,000

APE % 1.64 5.20 8.13 10.09 12.59 7.53

upper 95 52,796,000 52,536,000 50,803,000 47,906,000 45,028,000

APE % 2.90 4.95 7.85 13.25 21.10 10.01

The median-level BHM forecast is approximately 2% and 4% higher than the KOSIS
projection for 2060 and 2070, respectively. Given that the lowest low TFR trajectory aligns
closely with the lower 95% prediction interval (PI), which is the primary driver of South Ko-
rea’s population change, we can place greater emphasis on the lower 95% PI. Consequently,
with a 95% probability, South Korea’s population is expected to decline to approximately
32.5 million nationally. However, it is important to acknowledge the possibility that the
decline phase may be extremely gradual (upper 95%), allowing South Korea to maintain a
population of around 45 million within the upper probability interval.

7. Discussion
Population projections play a critical role in ensuring sustainability, providing valu-

able insights for governments at all levels in planning healthcare systems, and supporting
strategic decision-making processes within the private sector. This importance is particu-
larly pronounced within the domains of social science and public health [19,23]. However,
traditional deterministic methodologies often fail to incorporate measures of uncertainty,
which are essential for evaluating the precision of such projections.

Although the United Nations produces national-level population projections that
include uncertainty measures biennially, there exists a significant demand for subnational
projections incorporating similar uncertainty assessments [22,27]. This necessity is ex-
emplified by South Korea, where record-low fertility rates over the past five years have
contributed to a rapid population decline, exerting profound impacts on both economic
conditions and social benefits [39]. Notably, population decline driven by unprecedentedly
low fertility rates is a widespread phenomenon observed across economically developed
nations globally [6].

According to our BHM, South Korea’s population is expected to peak in 2024 and
decline rapidly, potentially dropping to 30 million by 2100 or below 20 million in the lower
95 percent PI projections. This dramatic demographic shift is historically unparalleled.
Seoul’s population may shrink to one-third of its 2020 size by 2100, reflecting severe
regional impacts.

Persistently low fertility rates contribute to a high dependency ratio, with acceler-
ated aging anticipated by 2060, especially in Seoul and Gyeonggi-do. Though old-age
dependency ratios may slightly improve by 2100, economic challenges such as signifi-
cantly reduced purchasing power and socio-economic strain from an aging population and
declining fertility loom large.

Despite the Population and Housing Census conducted by the Korea Statistical Office
(KOSTAT) every five years, the total fertility rate (TFR) in Korea has experienced an unpre-
dictable and unprecedented decline, significantly impacting population projections. The
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United Nations projections for South Korea incorporate Phase III assumptions, which posit
that fertility rates will recuperate for all below-replacement levels and eventually converge
toward and oscillate around the replacement level [53]. Nationally, this assumption re-
mains overly optimistic. Temporally, there is no evidence to suggest that South Korea’s TFR
will recuperate, indicating that this trend may persist as the new normal for a significant
period. While a lower percent probability interval (PI) may help address this unrealistic
assumption, the Phase III TFR assumption requires modification to reflect a more realistic
phase for low-fertility countries like South Korea. A limitation of this study is the reliance
on Phase III assumptions without considering the unique demographic trends in South
Korea, which may necessitate a new phase reflecting more realistic fertility patterns.

The United Nations World Population Prospects (UN WPP) database presents certain
limitations when used to generalize demographic component trajectories at the national
level for forecasting purposes. As noted by Li and Gerland [54], the model life tables
employed may not accurately capture mortality patterns at the extreme, particularly in
countries experiencing rapid improvements in life expectancy. Similarly, Atance et al. [48]
highlight issues of overgeneralization across countries and inconsistencies in data quality
and completeness within the UN WPP database. Consequently, the use of higher-level
trajectories within the Bayesian hierarchical model (BHM) framework in this study may be
constrained in its ability to produce fully generalizable national-level forecasts.

8. Conclusions
This study modifies the United Nations’ methodology for probabilistic population

projections to address subnational contexts, responding to the rising need for projections
with uncertainty bounds. It uses the BHM to analyze fertility rates, life expectancy, and
migration across eight cities and eight provinces in South Korea, where persistent low
fertility rates have caused a dramatic population decline, from a 2024 peak of 51.7 million
to potentially below 20 million by 2100.

Seoul and Gyeonggi-do are especially affected, with Seoul’s population projected to
shrink to one-third of its 2020 size by 2100, creating socio-economic challenges such as
an aging population and high dependency ratios. While some improvement in old-age
dependency is expected by 2100, reduced purchasing power and economic strain from
declining fertility will remain significant hurdles for the nation.

South Korea’s working-age population peaked in May 2017 and has been declining
since, which poses significant economic, fiscal, and national security challenges [55]. In
response, the Presidential Committee on Aging Society and Population Policy introduced a
substantial five-year plan worth KRW 196 trillion (about USD 178 billion) to boost birth
rates, including monthly bonuses for families with infants and incentives for parental
leave [56].

The McKinsey Global Institute [57] report underscores the demographic challenges
confronting South Korea, notably, declining fertility rates and a rising old-age dependency
ratio, which may exert significant pressure on social security systems. While the precise
future trajectory remains uncertain, employing a probabilistic approach can enhance re-
source allocation strategies to better support the aging population, both at the national and
subnational levels.

Funding: This research received no external funding.

Data Availability Statement: The original data presented in the study are openly available in the
Korean Statistical Information Service (KOSIS) at https://kosis.kr/eng/ accessed on 13 December 2023.

Conflicts of Interest: The authors declare no conflict of interest.

https://kosis.kr/eng/


Forecasting 2025, 7, 40 17 of 19

References
1. Cannan, E. The Probability of Cessation of the Growth of Population in England and Wales during the next Century. Econ. J. 1895,

5, 506–515. [CrossRef]
2. Bowley, A. Births and Population in Great Britain. Econ. J. 1924, 34, 188–192. [CrossRef]
3. Whelpton, P. The Population of the United States, 1925 to 1975. Am. J. Sociol. 1928, 34, 253–270. [CrossRef]
4. Smith, S.; Tayman, J.; Swanson, D.A. State and Local Population Projections: Methodology and Analysis; Kluwer Academic Press: New

York, NY, USA, 2001.
5. Bongaarts, J.; Bulatao, R.A. (Eds.) Beyond Six Billion: Forecasting the World’s Population; National Academy Press: Washington, DC,

USA, 2000.
6. Lutz, W.; KC, S. Dimensions of global population projections: What do we know about future population trends and structures?

Philos. Trans. R. Soc. B 2010, 365, 2779–2791. [CrossRef] [PubMed]
7. United Nations Department of Economic and Social Affairs. World Population Prospects 2024 Dataset. 2024. Available online:

https://www.un.org/development/desa/pd/content/world-population-prospects-2024-dataset (accessed on 25 June 2025).
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