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Abstract

Population forecasting is essential for long-term planning in labor markets, healthcare,
education, infrastructure, and social protection. This study evaluates the short-term
reliability and long-term limits of Stable Log-ARIMA for population forecasting across
eleven Southeast Asian countries. Annual population data from 1950 to 2023 were used
for model fitting and validation, while United Nations World Population Prospects (UN
WPP) projections from 2024 to 2100 were used as the long-term demographic
benchmark. The model was fitted to logarithmic population series using constrained
ARIMA estimation, with model order selected by the Akaike Information Criterion. Short-
term validation, using 1950-2010 for training and 2011-2023 for validation, yielded an
average MAPE of 2.01%, indicating strong short-term forecasting performance. However,
comparison with UN WPP projections showed increasing long-term divergence, with the
regional forecast increasingly overestimating population toward 2100. These findings
indicate that Stable Log-ARIMA is useful as a transparent and parsimonious short-term
statistical baseline. Still, it should not be interpreted as a substitute for structurally
informed demographic projection models that incorporate fertility, mortality, migration,
and age-structure dynamics.
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1. Introduction

term national

Accurate population forecasting is a cornerstone of long-
development planning. Demographic
projections inform critical policy decisions across labor
markets, healthcare systems, education, infrastructure,

and fiscal management,

anticipate and

enabling governments to
respond to structural changes in

century. At the same time, life expectancy has risen
substantially, producing aging populations and shifting
dependency ratios at a pace that challenges existing
social protection frameworks [2, 3]. These changes are
not uniform because they are deeply shaped by regional
economic conditions, cultural norms, and policy
environments, making place-specific demographic
forecasting both scientifically necessary and practically

population size and composition [1]. At the global level,
population dynamics are undergoing an unprecedented
transformation. Total fertility rates have declined sharply
across more than 200 countries over the past half-
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urgent.

Southeast Asia presents a particularly compelling case for
demographic analysis. The region encompasses eleven
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countries at vastly different stages of demographic
transition, ranging from below-replacement fertility
economies such as Thailand, Singapore, and Vietnam to
higher-fertility countries such as the Philippines,
Cambodia, and Timor-Leste [3, 4]. This heterogeneity is
further intensified by rapid economic transformation,
urbanization, and cross-border migration, all of which
interact with fertility and mortality trends to produce
divergent population trajectories [5]. At the same time,
population aging is intensifying pressure on pension
systems and healthcare financing across more advanced
Southeast Asian economies [6]. The WHO South-East
Asian Region alone is home to nearly two billion people,
and the region's capacity to manage its demographic
transition has direct implications for labor supply,
intergenerational equity, and long-term economic growth
[6]. These challenges make Southeast Asia one of the
most demographically significant and analytically
complex regions in the world, underscoring the need for
reliable, regularly updated population forecasts at both
the country and regional levels.

Two broad families of approaches dominate the
population forecasting literature. The first, exemplified
by the United Nations World Population Prospects (UN
WPP), relies on cohort-component models that explicitly
incorporate assumptions about future fertility, mortality,
and migration [7]. The UN WPP is the official series of
population estimates and projections produced by the
United Nations Population Division and is widely used as
an international demographic benchmark. In addition,
probabilistic extensions of these structural models have
been developed to communicate forecast uncertainty
alongside central estimates [8]. While structurally rich,
these methods are data-intensive and require detailed
age- and sex-disaggregated inputs that may not always
be available or reliable in developing-country contexts.
The second family comprises statistical time-series
approaches, which extract systematic temporal patterns
from historical data without imposing explicit
demographic assumptions. Among these approaches,
the Autoregressive Integrated Moving Average (ARIMA)
model, formalized within the Box-Jenkins framework, has
been widely adopted for its methodological
transparency, parsimony, and demonstrated empirical
performance across economic, epidemiological, and
demographic applications [9, 10].

ARIMA-based forecasting has been applied extensively in
health and population research. Studies have
documented its utility in forecasting disease incidence
[11], evaluating health policy interventions through
interrupted time-series designs [12], and projecting sub-
national population dynamics [13]. Furthermore, a

logarithmic transformation applied before ARIMA
modeling, producing what is known as a Log-ARIMA
specification, has been shown to improve forecast
reliability for population data by stabilizing variance and
accommodating the multiplicative growth processes that
characterize demographic series [14]. Comparative
evaluations of ARIMA against machine learning
alternatives such as Long Short-Term Memory (LSTM)
networks also suggest that neither approach consistently
dominates across all forecasting contexts, thereby
preserving the relevance of ARIMA as a robust statistical
baseline.

Despite this body of work, several important gaps
remain. First, existing ARIMA-based demographic
forecasting studies predominantly focus on short
horizons of one to five years, with limited systematic
evaluation of how forecast accuracy degrades over multi-
decade projection windows. Second, while the UN WPP
projections serve as the global demographic standard,
few studies have formally compared univariate statistical
forecasts against this benchmark over long horizons to
quantify the nature and magnitude of divergence. Third,
and most critically for this study, no existing work has
simultaneously applied a Log-ARIMA framework to all
eleven Southeast Asian countries while systematically
evaluating its short-term accuracy and long-term
benchmark alignment across this demographically
heterogeneous region. Consequently, policymakers and
demographic agencies in Southeast Asia still lack
regionally integrated evidence on the practical limits of
parsimonious statistical forecasting models relative to
structurally informed projection benchmarks [15].

This study addresses these gaps by evaluating the short-
term reliability and long-term limits of Stable Log-ARIMA
for population forecasting across all eleven Southeast
Asian countries. Rather than treating short-term forecast
accuracy as sufficient evidence of long-term
demographic reliability, this study explicitly tests whether
a parsimonious univariate time-series model remains
aligned with structurally informed UN World Population
Prospects projections over an extended horizon from
2024 to 2100. Specifically, the study aims to: (1) assess the
short-term forecasting accuracy of Stable Log-ARIMA
using a held-out validation period from 2011 to 2023; (2)
quantify the long-term divergence between model-based
forecasts and UN WPP projections; and (3) classify
Southeast Asian countries into growth, stability, and
decline pathways based on their projected demographic
transition patterns. The novelty of this study lies in
integrating  short-term  validation,  long-horizon
benchmark comparison, and demographic transition
classification within a single regional framework. By doing
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Figure 1. Research workflow for population forecasting and demographic transition analysis.

so, this study positions Stable Log-ARIMA as a
transparent and useful short-term forecasting baseline,
while demonstrating why it should not be interpreted as
a substitute for structurally informed demographic
projection models.

2. Materials and Methods
2.1. Data Source and Study Area

Population data were obtained from the Our World in
Data repository, which aggregates historical estimates
and UN WPP projections from the UN World Population
Prospects 2022 revision [16]. The dataset covers annual
population counts from 1950 to 2023 (historical) and UN-
based projections from 2024 to 2100 for 195 countries.
The dataset is publicly available at
https://ourworldindata.org/population-sources and was
downloaded as a CSV file named population-with-un-
projections.csv, which contains five columns: Entity
(country name), Code (ISO-3 code), Year (integer),
Population (historical counts, 1950-2023, null for
projection years), and Population (Projected) (UN
medium-variant counts, 2024-2100, null for historical
years).

The study area consists of eleven Southeast Asian
countries: Brunei, Cambodia, Indonesia, Laos, Malaysia,
Myanmar, the Philippines, Singapore, Thailand, Timor-
Leste, and Vietnam. These eleven countries correspond
to the current ASEAN membership, with Timor-Leste
included, given its observer and then candidate member
status and its geographic and demographic relevance to
the region. A regional aggregate series was constructed

by summing annual population values across all eleven
countries [7].

2.2. Research Design

This study was designed as a sequential forecasting and
benchmarking framework to evaluate the short-term
accuracy and long-term divergence of Stable Log-ARIMA
population forecasts in Southeast Asia. The overall
analytical procedure is summarized in Figure 1.

The workflow begins with data acquisition from the
population dataset, followed by preprocessing to
construct a unified population series that combines
historical observations and UN WPP projections values.
The historical population data from 1950 to 2023 are
used for model development, while the UN WPP
projections series from 2024 to 2100 serves as the
benchmark  for long-term  comparison.  After
preprocessing, exploratory analysis is conducted to
examine regional and country-level population dynamics.
The Stable Log-ARIMA model is then fitted to the
historical  population  series using logarithmic
transformation, first-order differencing, and constrained
ARIMA estimation. Candidate model orders are selected
using the Akaike Information Criterion (AIC), and short-
term model performance is evaluated using a held-out
validation period from 2011 to 2023. Following validation,
the selected model is retrained using the full historical
series from 1950 to 2023 and used to generate
population forecasts for 2024-2100. These forecasts are
compared with UN World Population Prospects
projections to assess benchmark alignment rather than
actual future forecasting accuracy. Finally, demographic
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transition patterns are classified by projected population
change and the timing of peak population.

All figures in this study were generated by the authors
using Python-based visualization tools and were not
copied or reproduced from other published works. Figure
1 was redrawn by the authors as a conceptual workflow
diagram, with its methodological logic adapted from the
standard Box-Jenkins time-series modeling procedure
and the benchmark comparison framework used in
demographic projection studies [1, 15].

2.3. Data Preprocessing

The raw dataset contains two separate columns:
Population (historical, 1950 to 2023) and Population
(Projected) (UN WPP projections, 2024 to 2100). These
two columns are mutually exclusive, with no year
appearing in both; this was verified before processing. A
unified Population_Combined variable was created by
filling the historical column with projected values for
post-2023 years. A Data_Type indicator was added to
distinguish  Historical from UN WPP Projections
observations.

Country names were standardized before analysis. The
dataset uses "East Timor" as the entity name for Timor-
Leste, which was recoded to "Timor-Leste" to align with
contemporary official usage. No missing values were
present for any ASEAN country within either the historical
or projection periods.

2.4. Exploratory Data Analysis

Before modeling, exploratory data analysis was
conducted at both the regional and country levels.
Regional population trends were visualized from 1950 to
2100 using line plots, with a vertical reference line at 2023
to mark the boundary between observed and projected
data. Country-level dynamics were examined using
individual time-series plots to identify heterogeneity in
growth rates, population peaks, and trajectory shapes
across ASEAN members [17, 18].

2.5. Stable Log-ARIMA Model

The Stable Log-ARIMA model is used in this study as a
forecasting approach for long-term population
projection. Population data commonly show a persistent
upward trend and increasing variability over time,
meaning that larger populations tend to be followed by
larger year-to-year fluctuations [19]. Because of this
pattern, a standard ARIMA model may be insufficient
when applied directly to the original series, especially
when the variance changes over time [9]. Stable Log-
ARIMA addresses this issue by combining three elements:
logarithmic transformation to reduce heteroscedasticity,

ARIMA modeling to capture temporal dependence, and
stationarity and invertibility constraints to ensure
numerical stability during long-term forecasting [20]. In
this study, the model is referred to as Stable Log-ARIMA
because it combines log-transformed ARIMA modeling
with constrained parameter estimation.

2.5.1. Model Foundation and Development

The Stable Log-ARIMA model used in this study was
developed in three stages, each addressing a specific
limitation of the previous one. The first stage begins with
the Autoregressive Integrated Moving Average (ARIMA)
model, formalized by Box and Jenkins [19]. ARIMA
combines autoregressive, differencing, and moving
average components to model univariate time series
data. The autoregressive component captures the
relationship between current and past values, the
differencing component removes non-stationary
patterns, and the moving average component accounts
for past forecast errors [19]. For a time series Y_t that
becomes stationary after differencing of order d, the
ARIMA (p,d,q) model is expressed in Equation (1).

®(B)(1 - B)?Y, = 0(B)e; ®
where ¢(B) =1—¢;B —--— ¢,B? is the autoregressive
operator of order p, ©(B) =1-6,B —--—6,B? is the

moving average operator of order g, B is the backshift
operator, and g, ~ WN(0,02) is a white noise error term.
The parameters p, d, and q represent the autoregressive
order, the degree of differencing, and the moving
average order, respectively [19]. Although ARIMA is
widely used for time series forecasting, its classical
formulation assumes that the error variance remains
constant over time. This assumption is often difficult to
satisfy in population series because fluctuations tend to
grow as population levels increase [9]. Therefore, a
transformation is needed before model fitting.

The second stage introduces a natural logarithmic
transformation to stabilize the variance of the population
series. Instead of fitting the ARIMA model directly to the
original series Y, the model is fitted to the transformed
series Z, = log(Y,). This transformation compresses large
values more strongly than small values, reducing the
effect of increasing variance over time [14]. As a result,
the transformed series is better suited to ARIMA
modeling when the original population series grows
exponentially or nearly exponentially. Granger and
Newbold [21] provided the theoretical basis for
forecasting log-transformed series and converting the
results back to the original scale. At the same time,
Lutkepohl and Xu [14] showed that log transformation
can improve ARIMA forecast accuracy when it
successfully stabilizes within-sample variance. After
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forecasts are produced on the log scale, they are
transformed back into the original population scale using
the exponential function, so that the final forecast is
obtained as ; = exp(Z,).

The third stage strengthens the Log-ARIMA model by
enforcing stationarity and invertibility constraints during
estimation. Although the log transformation helps
stabilize variance, it does not automatically guarantee
that the ARIMA model is dynamically stable.
Autoregressive and moving average polynomial roots
that lie on or near the unit circle can produce unstable
forecasts, especially over long projection horizons [22].
This issue is important in this study because the
projection period extends across 77 years. Following
Hyndman and Khandakar [20], stationarity and
invertibility constraints are enforced during maximum
likelihood estimation. Stationarity requires all roots of the
autoregressive polynomial @(B) to lie strictly outside the
unit circle, while invertibility requires all roots of the
moving average polynomial @(B) to also lie strictly
outside the unit circle [22]. As documented in the
statsmodels implementation [23], these constraints are
applied directly within the likelihood estimation process
by restricting the parameter space. Therefore, the Stable
Log-ARIMA model used in this study is an ARIMA model
fitted on the logarithmic scale with explicit stationarity
and invertibility enforcement, allowing it to produce
forecasts that are both variance-stabilized and
numerically stable over the 77-year projection window.

2.5.2. Stationarity Assessment

The Box-Jenkins procedure begins with an assessment of
stationarity for each training series [19]. This step is
necessary because ARIMA modeling requires the series
to be stationary before the autoregressive and moving
average components can be properly identified. In this
study, stationarity is evaluated using both visual
inspection and formal statistical testing. Visual inspection
is performed by examining time-series plots of the raw
training data to identify persistent trends in the mean. In
contrast, the ACF and PACF plots are used to examine the
autocorrelation structure of each series. A slow decay in
the ACF, where autocorrelation coefficients remain large
and gradually decrease across many lags, indicates that
the series is likely non-stationary and may require
differencing before model estimation [24]. Formal testing
is then conducted using the Augmented Dickey-Fuller
(ADF) test [25], which evaluates the null hypothesis that
the series contains a unit root against the alternative
hypothesis that the series is stationary. The test is based
on the auxiliary regression shown in Equation (2):

k
Aye = a+Bye1 + Z 8iAye—i +& (2)

i=1
where Ay, denotes the first difference of the series, « is
the intercept term, B is the coefficient of the lagged level
term, §;represents the coefficient of the lagged
differenced terms, k is the selected lag length, and &, is
the error term. The lag length is selected using AIC
minimization to balance model fit and parsimony [26]. A
series is considered non-stationary when the ADF test
produces a p-value greater than 0.05, meaning that the
null hypothesis of a unit root cannot be rejected. In this
study, all log-transformed training series were found to
be non-stationary at level. This result is consistent with
the visual inspection of the time series, ACF, and PACF
plots, confirming that differencing is required before
proceeding to model identification.

Stationarity was assessed using both visual ACF/PACF
inspection and the ADF test [25, 27]. The ADF null
hypothesis states that the series contains a unit root (i.e.,
is non-stationary); the null is rejected when the p-value is
< 0.05. The test was applied to: (1) the raw training series,
(2) the log-transformed training series, and (3) the
differenced log series. The lag length was selected by
minimizing AIC. Table 1 presents ADF results for the raw
training series. All eleven series failed to reject the null
hypothesis (p > 0.05), confirming non-stationarity and the
need for differencing.

2.5.3 Differencing and Model Identification

After confirming non-stationarity, differencing of order d
is applied to the log-transformed series. The differenced
series is then re-examined using the ADF test and
ACF/PACF plots to confirm that stationarity has been
achieved. Rapid decay of autocorrelation coefficients to
near zero within a few lags indicates that the series has
been adequately differenced [11].

The ACF and PACF plots of the stationary differenced
series are then used to guide the selection of candidate
orders. A PACF that cuts off sharply after lag p, combined
with a slowly decaying ACF, indicates an AR(p) process.
Conversely, an ACF that cuts off sharply after lag q,
combined with a slowly decaying PACF, indicates an
MA(q) process. Gradual decay in both plots suggests a
mixed ARMA(p,q) structure [19]. At this identification
stage, 16 candidate orders with d € {1, 2} were evaluated
for each country. The sixteen orders were: (0,1,0), (1,1,0),
(0,1,1),(1,1,1),(2,1,0), (0,1,2), (2,1,1),(1,1,2), (0,2,0), (1,2,0),
(0,2,1), (1,2,1), (2,2,0), (0,2,2), (2,2,1), and (1,2,2). For each
candidate, stationarity and invertibility constraints were
enforced by setting enforce_stationarity=True and
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Table 1. ADF test results for raw training series (1950-2010).

Country ADF Stat. p-value Lags Critical 5% Stationary
Brunei -1.3521 0.6072 1 -2.9678 No
Cambodia -1.1843 0.6814 1 -2.9678 No
Indonesia -1.4209 0.5722 2 -2.9678 No
Laos -1.2037 0.6742 1 -2.9678 No
Malaysia -1.5834 0.4953 1 -2.9678 No
Myanmar -1.1209 0.7063 1 -2.9678 No
Philippines -1.6021 0.4842 2 -2.9678 No
Singapore -1.3874 0.5891 1 -2.9678 No
Thailand -1.3874 0.4312 1 -2.9678 No
Timor-Leste -0.8923 0.7834 1 -2.9678 No
Vietnam -1.4502 0.5613 1 -2.9678 No

enforce_invertibility=True in the model fitting call. Any
order that produced a fitting exception was skipped.

2.5.4 Parameter Estimation and Model Selection

Each candidate order is fitted to the log-transformed
training series using maximum-likelihood estimation,
with stationarity and invertibility constraints enforced
during estimation. The best model is then selected based
on the Akaike Information Criterion (AIC), which balances
goodness of fit and model complexity [26]. The AIC is
calculated using Equation (3):

AIC = —2log(L) + 2k 3)

where L denotes the maximized likelihood and k
represents the number of estimated parameters. The
candidate order with the lowest AIC is selected as the
final model for each country.

2.5.5 Residual Diagnostic Checking

Before accepting the selected model, residuals from the
training fit are evaluated using four diagnostic tests at a
significance level of a =0.05. These diagnostics are
conducted to ensure that the fitted Stable Log-ARIMA
model has adequately captured the data's temporal
structure and that the remaining residuals behave
approximately as white noise.

First, the ADF test is reapplied to the model residuals to
assess residual stationarity. A well-specified Stable Log-
ARIMA model is expected to produce stationary residuals
because the differencing component should already
account for non-stationarity in the original series [19].
Second, the Ljung-Box test is used to test whether
residual autocorrelations up to lag 10 are jointly zero [28].
The test statistic is shown in Equation (4):

i
T—k

h
0 =TT+2)) @
k=1

where T is the number of training observations, h is the
maximum lag tested, and r is the sample autocorrelation

of the residuals at lag k. The null hypothesis states that
the residuals are independently distributed. A p-value
greater than 0.05 indicates that no significant
autocorrelation remains, suggesting that the model has
captured the systematic temporal structure in the data.

Third, residual normality is assessed using the Jarque-
Bera test [29], which evaluates whether the residuals
deviate from normality based on skewness and kurtosis.
The test statistic is given by Equation (5):

n (K —3)?
JB = g(sz + T) (5)

where n is the number of observations, S is the sample
skewness, and K is the sample kurtosis. A p-value greater
than 0.05 indicates that the residuals do not significantly
deviate from normality. However, because the training
samples are relatively small, violations of normality are
acknowledged as a limitation. ARIMA parameter
estimation can remain asymptotically valid even with
non-normal residuals, although forecast uncertainty
should be interpreted with greater caution.

Finally, the ARCH-LM test is applied to detect conditional
heteroscedasticity in the residuals by regressing squared
residuals on their own lagged values [30]. The null
hypothesis states that the residuals are homoscedastic. A
p-value greater than 0.05 indicates no significant ARCH
effect, suggesting that the logarithmic transformation
has adequately stabilized the residual variance. Together,
these four diagnostic tests provide the basis for
determining whether the selected Stable Log-ARIMA
model is statistically acceptable for forecasting.

2.6 Model Validation

Model performance is evaluated using a held-out
validation set to assess the out-of-sample forecasting
accuracy of the selected Stable Log-ARIMA model [24].
The training period covers 1950 to 2010, representing 61
years of historical population data, while the validation
period covers 2011 to 2023. This 13-year validation
window contains actual observed population counts,
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allowing forecast errors to be computed against
legitimate ground truth values.

Three accuracy metrics are used to evaluate model
performance on the validation set: Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and Mean
Absolute Percentage Error (MAPE). MAE measures the
average absolute difference between the actual and
forecasted values, as shown in Equation (6):

n
1
MAE == |y - 71 ©
i=1

RMSE measures the square root of the average squared
forecast error and gives greater weight to larger errors,
as shown in Equation (7):

n

1 ( R

EZ Vi —}’z)
i=1

MAPE provides a scale-free measure of relative
forecasting accuracy by expressing the average absolute
error as a percentage of the actual values, as shown in
Equation (8):

RMSE = @)

n
LI
MAPE = = § |u| x 100% ®)
=l

where y; denotes the actual population value, % denotes
the forecasted population value, and n represents the
number of validation observations [31, 32]. Together,
these metrics provide complementary information on
model accuracy: MAE summarizes the average absolute
error, RMSE highlights larger forecast errors, and MAPE
expresses forecast accuracy in relative percentage terms.

2.7 Long-Term Forecasting and Benchmark Comparison

After the validation stage, the selected Stable Log-ARIMA
model is retrained on the full historical series from 1950
to 2023, then generates final forecasts for the period
2024 to 2100. Retraining the model on the complete
historical window incorporates all available observed
information into the final parameter estimates, which is
important for producing the long-term projection series
[8]. Since the model is fitted on the logarithmic scale, the
resulting forecasts are transformed back to the original
population scale using the exponential function. As a
precautionary post-processing step, all back-transformed
forecast values were floored zero to avoid physically
implausible negative population forecasts.

The model-based forecasts are then compared with the
United Nations World Population Prospects (UN WPP)

projections for the same forecast period. Because actual
population values are not available for future years, this
comparison is not treated as a formal out-of-sample
accuracy evaluation. Instead, it is used as a benchmark
for assessing alignment, measuring the degree of
agreement between data-driven statistical forecasts and
the UN demographic projection series. In this context, the
Mean Absolute Percentage Error (MAPE) is computed
using the UN WPP projections as the reference series.
Therefore, the resulting MAPE value is interpreted as an
alignment metric rather than a true measure of forecast
error [31].

For Singapore, the training window for the final forecast
model was restricted to 1950-2019, excluding years
2020-2023. Singapore's population fell sharply during
this period due to the mass temporary departure of non-
resident foreign workers following COVID-19 border
closures, which represented a transient structural break
rather than a long-term demographic trend. Including
these years caused the model to project a sustained
decline that was inconsistent with Singapore’s underlying
trajectory. All other ten countries used the full 1950-2023
training window. As a precautionary post-processing
step, all back-transformed forecast values were floored
at zero to prevent physically impossible negative
population outputs.

2.8 Demographic Transition Classification

Each ASEAN country is classified according to its
projected demographic trajectory, using combined
historical observations and the UN World Population
Prospects projection series. The UN WPP projections
were used for this classification because they explicitly
incorporate demographic assumptions about fertility,
mortality, migration, and age structure, making them
more appropriate for assessing long-term demographic
transition. Two criteria are applied: trend class and
transition timing [33]. Trend class measures projected
population change between 2023 and 2100. Countries
are classified as Growth if the 2100 population exceeds
the 2023 level by more than 5%, Decline if it falls more
than 5% below the 2023 level, and Stable if the change
remains within this range. The 5% threshold is used to
distinguish meaningful demographic change from minor
long-term variation [34].

Transition timing is based on the projected year of peak
population. Countries are classified as Early Transition if
the peak occurs in or before 2035, Mid-Century Transition
if the peak occurs between 2036 and 2060, and Late
Transition if the peak occurs after 2060. These categories
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Figure 2. Total population of Southeast Asia, 1950-2100.

broadly represent early, middle, and late demographic
transition patterns across the 21st century [33]. All
analyses are conducted in Python 3.10 using pandas,
numpy, statsmodels, and scikit-learn, while visualizations
are produced using matplotlib and seaborn.

3. Results and Discussion
3.1. Population Dynamics in Southeast Asia

The population of Southeast Asia experienced substantial
growth during the historical period. Based on the dataset,
the total population of the eleven Southeast Asian
countries increased from approximately 164.55 million in
1950 to 690.12 million in 2023, representing a 4.19-fold
increase. According to the United Nations projection, the
regional population is projected to reach 774.57 million
in 2050, then decline to 679.27 million by 2100.

The regional population trajectory in Figure 2 illustrates
the long-term demographic shift of Southeast Asia from
rapid historical growth toward projected stabilization and
decline. The region experienced rapid population growth
from 1950 to 2023. After the historical period ends, the
projection indicates that the population continues to
increase until around the middle of the 21st century.
However, after peaking, the regional population
gradually declines toward 2100.

This pattern indicates that Southeast Asia is entering a
demographic transition phase. While the region has
historically experienced rapid population growth, the
projected period shows a slowdown and eventual
decline. This transition has important implications for
labor supply, aging population, healthcare demand,

social protection, and long-term regional development
planning.

3.2. Country-level Population Trends

Although the regional population shows a general
pattern of growth followed by decline, country-level
trajectories reveal substantial variation among Southeast
Asian countries. Each country follows a different
demographic pathway, with some countries continuing
to grow while others begin to stabilize or decline earlier.

At the country level, Figure 3 indicates that Indonesia
remains the largest contributor to the population in
Southeast Asia throughout the observation period. The
Philippines, Vietnam, Thailand, and Myanmar also
contribute significantly to the region's population. In

contrast, Brunei, Singapore, and Timor-Leste have
smaller populations than other Southeast Asian
countries.

The projected period shows that population growth is not
uniform across countries. Indonesia, the Philippines,
Malaysia, Laos, Cambodia, and Timor-Leste are projected
to continue experiencing population growth for several
decades after 2023. Meanwhile, Thailand shows an
earlier decline pattern, while Vietnam, Myanmar, and
Singapore are projected to reach their population peaks
around the middle of the century before declining. These
differences suggest that Southeast Asia should not be
treated as a single homogeneous demographic region.

3.3. ARIMA Assumption Verification

The complete Box-Jenkins procedure yielded the
following assumption-verification results. All eleven log-
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Figure 3. Population trends in Southeast Asia, 1950-2100.

Table 2. Residual diagnostic tests for final ARIMA models.

Country ARIMA Order ADF Residual Ljung-Box Jarque-Bera ARCH-LM
Brunei (1,1,2) N N X v
Cambodia 1,1,1) v v X X
Indonesia 1,1,1) N N X v
Laos 2,1,1) v v X v
Malaysia 1,1,1) N N X X
Myanmar (1,1,1) N N X X
Philippines (1,11 v v X X
Singapore (1,1,2) N N X v
Thailand (2,1,0) v N X v
Timor-Leste (1,1,2) v v X v
Vietnam (1,1,1) N N X v

transformed training series were found to be non-
stationary in levels, as indicated by the ADF test, with p-
values greater than 0.05 for all countries (Table 1). First-
order differencing successfully achieved stationarity in
eight countries, while three countries required second-
order differencing. Visual inspection of the ACF and PACF
plots further supported these findings, where the raw
and log-transformed series exhibited persistent slow
decay patterns. In contrast, the differenced series
showed rapid decay toward zero within approximately
two to three lags, indicating adequate stationarity after
differencing.

Residual diagnostic results for the final ARIMA models are
presented in Table 2. Overall, all eleven models satisfied
the stationarity and white-noise assumptions based on
the ADF and Ljung-Box tests, indicating that the fitted
models adequately captured the autocorrelation
structure of each series. However, residual normality was
not achieved in any series according to the Jarque-Bera
test, which is considered acceptable given the relatively
limited training sample size.

Table 2 shows that homoscedasticity was satisfied in
seven out of eleven models according to the ARCH-LM
test. The remaining four countries, namely Cambodia,
Malaysia, Myanmar, and the Philippines, exhibited
residual variance clustering that may reflect demographic
instability, policy-related disruptions, and rapid structural
transitions not fully accommodated by logarithmic
transformation. Despite these limitations, the overall
diagnostic results indicate that the fitted ARIMA models
were statistically adequate for short-term validation and
benchmark comparison. However, their long-term
outputs should still be interpreted as statistical
extrapolations rather than complete demographic
projections.

3.4. Stable Log-ARIMA Validation Performance

The Stable Log-ARIMA model was validated using
historical population data from 1950 to 2010 for training
and from 2011 to 2023 for validation. This validation was
conducted to evaluate the model's short-term
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Stable Log-ARIMA Validation Error by Country, 2011-2023
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Figure 4. ARIMA validation error by country, 2011-2023.

forecasting performance before applying it to the long-
term forecasting horizon.

Validation errors across Southeast Asian countries are
summarized in Figure 4 using MAPE. The average
validation MAPE was 2.01%, indicating that the model
achieved relatively good short-term forecasting
performance. The lowest validation error was observed
in Myanmar, with a MAPE of 0.09%, while the highest
error was observed in Timor-Leste, with a MAPE of 5.75%.

The country-level validation results in Table 3 provide the
selected ARIMA orders, AIC values, and forecasting
accuracy metrics for the 2011-2023 validation period.
The selected ARIMA orders were determined by selecting
the model with the lowest Akaike Information Criterion
(AIC) for each country, indicating the most parsimonious
model within the candidate set. Overall, the model
produced strong short-term forecasting performance,
with an average validation MAPE of 2.01%.

The lowest validation error was observed in Myanmar,
with a MAPE of 0.09%, followed by Thailand, Laos,
Malaysia, and Indonesia, all of which recorded MAPE
values below 1%. These results indicate that the model
reproduced short-term population dynamics with low
relative error across several countries. Although
Indonesia had relatively larger MAE and RMSE in absolute
terms, this is expected because it has the largest
population in the region. Therefore, MAPE provides a
more comparable measure of relative forecasting
accuracy across countries with different population
scales.

Higher validation errors were observed in Timor-Leste,
Singapore, the Philippines, Cambodia, and Brunei. Timor-

Leste recorded the highest MAPE at 5.75%, suggesting
that smaller or more irregular population series may be
more difficult to forecast using a univariate ARIMA
framework. Nevertheless, all country-level MAPE values
remained below 6%, supporting the usefulness of Stable
Log-ARIMA as a short-term statistical baseline for
population forecasting.

However, low validation error over the 2011-2023 period
does not necessarily imply reliable long-term forecasting
performance. Long-term demographic trajectories are
influenced not only by historical population values, but
also by fertility decline, mortality improvement,
migration, age structure, and broader demographic
transition processes. Since these structural factors are
not explicitly included in a univariate Stable Log-ARIMA
model, the long-term forecasts should be interpreted as
statistical extrapolations rather than full demographic
projections.

3.5. Regional Comparison Between Stable Log-ARIMA
Forecasts and UN WPP projections

After validation, the Stable Log-ARIMA model was used to
forecast the population from 2024 to 2100. The forecast
was then compared with the UN WPP Projections to
evaluate the degree of alignment between a data-driven
time-series model and a demographic projection
benchmark.

The regional comparison in Figure 5 reveals that the
Stable Log-ARIMA forecast and the UN WPP Projections
are relatively close in the short-term horizon. In 2030,
Stable Log-ARIMA estimates the regional population at
approximately 724.96 million, while the UN WPP
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Table 3. Stable Log-ARIMA validation performance by country.

Country ARIMA Order AIC MAE (million) RMSE (million) MAPE (%)
Myanmar (1,1,1) -728.56 0.04 0.05 0.09
Thailand (2,1,0) -795.22 0.21 0.31 0.29
Laos (2,1,1) -743.73 0.04 0.05 0.49
Malaysia (1,1,1) -690.33 0.23 0.33 0.68
Indonesia (1,1,1) -697.51 2.03 3.01 0.74
Vietnam (1,1,1) -617.92 1.10 1.23 1.14
Brunei (1,1,2) -548.48 0.01 0.01 2.85
Cambodia (1,1,1) -366.36 0.53 0.70 3.14
Philippines (1,1,1) -621.87 3.74 4.81 3.35
Singapore (1,1,2) -504.92 0.21 2.86 3.64
Timor-Leste (1,1,2) -275.20 0.07 0.08 5.75
Average - - - - 2.01

Regional Population Forecast of Southeast Asia: Stable Log-ARIMA vs UN Projection

—— Stable Log-ARIMA Forecast
1000 UN Projection
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Figure 5. Regional population forecast of Southeast Asia: Stable Log-ARIMA versus UN WPP projections.

Table 4. Regional comparison between Stable Log-ARIMA forecasts and UN WPP projections.

Year Stable Log-ARIMA Forecast UN WPP Projections Difference (%)
2030 724.96 million 722.29 million 0.37

2050 817.16 million 774.57 million 5.5

2075 933.41 million 727.42 million 28.32

2100 1,013.72 million 679.27 million 49.24

Projections estimates 722.29 million. This results in a
small difference of approximately 0.37%.

However, the difference between the two trajectories
becomes larger over time. In 2050, Stable Log-ARIMA
estimates the regional population at 817.16 million,
compared with 774.57 million from the UN WPP
Projections. By 2100, Stable Log-ARIMA estimated the
regional population at 1,013.72 million, while the UN WPP
Projections estimated only 679.27 million.

The numerical comparison in Table 4 confirms that the
difference between Stable Log-ARIMA and UN WPP
Projections increases as the forecasting horizon becomes

longer. The model remains close to the UN WPP
Projections in the short term, but it increasingly
overestimates population in the long term. The
benchmark comparison between Stable Log-ARIMA and
UN WPP Projections produced a regional alignment
MAPE of 16.73% over the 2024-2100 period.

This result suggests that historical trend-based
forecasting models tend to continue past population
growth patterns. In contrast, the UN WPP Projections
incorporates demographic assumptions such as fertility
decline, mortality change, migration, and population
aging. Therefore, Stable Log-ARIMA is suitable as a data-

Page | 29



Infolitika Journal of Data Science, Vol. 4, No. 1, 2026

Stable Log-ARIMA Forecast vs UN Projection by Country

Brunei

n
=3

o

Paopulation (Million)
Paopulation (Million)

3

@

2020
Year

1960 1980 2000 2040 2060 2080 2100 19860 1980

Laos

~
a

= . 60
512 s
= = 50
=10 =)
= < 40
2 8 kel
«©
= 230
g ° S
T, o 20
5 : 10
1960 1980 2000 2020 2040 2060 2080 2100 1960
Year
Philippines
H 7
160 H
140 8
z =
2 120 T 25
= =
b= 100 b=
2 k=] 4
® 80 2
a z3
g g
40 2
20 H 1
1960 1980 2000 2020 2040 2060 2080 2100 1960 1980
Year
Timor-Leste
H 140
4 120
= : =
= : E i}
= : =1
g3 : =S
s H 5 &0
s2 e - ket
2 P 3 60
& ~ S
o t [
! //‘/

1960 1980 2000 2020 2040 2060 2080 2100
Year

1960

= Historical

2000

2000

Cambodia

2020
Year

Malaysia

1980 2000 2020 2040

Year

Singapore

2020
Year

Indonesia

400

300

200

Population (Million)

100

2020
Year

2040 2060 2080 2100 1960 1980 2000 2040 2060 2080 2100

Myanmar

Population (Million)
F o o
& & 2

w
=3

2060 2080 2100 1960 1980 2000 2020

Year

2040 2060 2080 2100

Thailand

50

Population (Million)

2020
Year

2040 2080 2080 2100 1960 1580 2000 2040 2080 2080 2100

Vietnam

19080 2000 2020 2040

Year

Stable Log-ARIMA Forecast

2060 2080 2100

=== UN Projection

Figure 6. Country-level comparison between Stable Log-ARIMA forecast and UN WPP projections.

driven baseline model, but it should not be interpreted as
a complete demographic projection model.

3.6. Country-level Comparison Between Stable Log-ARIMA
and UN WPP Projections

The country-level comparison provides a more detailed
view of how the Stable Log-ARIMA forecast differs from
the UN WPP Projections across Southeast Asian
countries. While the regional comparison shows overall
divergence, country-level analysis helps identify which
countries contribute most to the difference between the
model-based forecast and the UN WPP Projections.

Country-level differences between historical population,
Stable Log-ARIMA forecasts, and UN WPP Projections are
displayed in Figure 6. The figure demonstrates that Stable
Log-ARIMA generally produces smooth extrapolative
trajectories based on historical population patterns. In
the short term, the model trajectories remain relatively

close to the UN WPP Projections for several countries.
However, divergence becomes more visible over longer
horizons, especially after the middle of the century.

Stable Log-ARIMA tends to project continued population
growth in several countries, including Indonesia, Laos,
Malaysia, Myanmar, the Philippines, Timor-Leste, and
Vietnam. In contrast, the UN WPP Projections indicate
that several of these countries are expected to reach a
population peak and subsequently decline before 2100.
The difference is particularly visible in Indonesia,
Malaysia, Myanmar, Singapore, Thailand, and Vietnam.
These differences highlight the limitation of univariate
forecasting models, which rely only on historical
population values and do not explicitly capture
demographic transition mechanisms such as fertility
decline, mortality improvement, migration, and age-
structure change.
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Demographic Transition Classification of Southeast Asian Countries
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Figure 7. Demographic transition classification based on UN WPP projections.
Table 5. Demographic transition classification based on UN WPP projections.
. Population Population Change 2023 ., _—
Country Population 2023 2050 2100 2100 (%) Peak Year Trend Class Transition Timing
Thailand 71.7 66.38 45.56 -36.47 2022 Decline Early transition
Singapore 5.79 6.08 4.16 -28.09 2040 Decline Mid-century transition
Vietham 100.35 110.01 91.71 -8.62 2049 Decline Mid-century transition
Myanmar 54.13 58.62 49.66 -8.27 2049 Decline Mid-century transition
Brunei 0.46 0.52 0.46 1.27 2055 Stable Mid-century transition
Philippines  114.89 134.37 114.22 -0.58 2057 Stable Mid-century transition
Indonesia 281.19 320.71 295.51 5.09 2058 Growth Mid-century transition
Laos 7.67 9.76 9.26 20.76 2068 Growth Late transition
Malaysia 35.13 44.29 44.03 25.34 2072 Growth Late transition
Timor-Leste 1.38 1.89 1.97 42.52 2076 Growth Late transition
Cambodia 17.42 21.93 22.74 30.5 2078 Growth Late transition

3.7. Demographic transition classification

To provide a more interpretable demographic analysis,
Southeast Asian countries were classified based on UN-
projected population change from 2023 to 2100 and on
their projected peak-population year. Countries with
population increases of more than 5% were classified as
Growth, countries with changes between -5% and +5%
were classified as Stable, and countries with declines
greater than 5% were classified as Decline.

The demographic transition map in Figure 7 shows that
Southeast Asian countries are distributed across
different stages of the transition. Thailand is classified as
an early-transition country because its population
peaked around 2022 and is projected to decline
substantially by 2100. Singapore, Vietnam, and Myanmar

are classified as declining countries with mid-century
transition patterns.

Indonesia, Laos, Malaysia, Timor-Leste, and Cambodia
are classified as growth countries. Indonesia is close to
the growth threshold, while Timor-Leste and Cambodia
show stronger long-term growth. Brunei and the
Philippines are classified as stable because their
projected population changes from 2023 to 2100 remain
close to zero.

The classification results in Table 5 confirm that
Southeast Asia does not follow a single demographic
pathway. Thailand has already entered an early phase of
decline, while Singapore, Vietnam, and Myanmar are
projected to decline after reaching their mid-century
population peaks. Brunei and the Philippines remain
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relatively stable by 2100. Meanwhile, Laos, Malaysia,
Timor-Leste, and Cambodia are projected to continue
growing for longer, indicating later demographic
transitions.

This classification is one of the study's main
contributions. Instead of presenting only numerical
forecasts, the study provides a framework for
interpreting long-term population change as growth,
stability, or decline. This makes the results more useful
for demographic interpretation and policy-oriented
discussion.

3.8. Synthesis of Findings, Implications, and Limitations

The findings answer the main research question by
showing that Stable Log-ARIMA is effective as a short-
term statistical forecasting baseline but less reliable as a
long-term demographic projection tool. During the 2011-
2023 validation period, the model achieved an average
MAPE of 2.01%, with several countries producing errors
below 1%, indicating strong short-term accuracy.
However, this accuracy does not extend uniformly to the
long horizon. The model remains close to the UN WPP
Projections in 2030, estimating 724.96 million compared
with the UN estimate of 722.29 million, but diverges
substantially by 2100, projecting 1,013.72 million
compared with 679.27 million from the UN WPP
Projections. This apparent conflict between short-term
accuracy and long-term divergence is expected because
Stable Log-ARIMA extrapolates historical population
patterns, whereas the UN WPP Projections incorporates
demographic mechanisms such as fertility decline,
mortality improvement, migration, population aging, and
age-structure change.

The demographic transition classification further shows
that Southeast Asia does not follow a single demographic
pathway. Thailand is already in an early decline phase;
Singapore, Vietnam, and Myanmar show mid-century
decline patterns; Brunei and the Philippines remain
relatively stable; while Laos, Malaysia, Timor-Leste, and
Cambodia are projected to continue growing for a longer
period. This heterogeneity is important because regional
forecasts can mask country-specific demographic
transitions. The novelty of this study lies in combining
Stable Log-ARIMA validation, long-term UN benchmark
comparison, and demographic transition classification
across all 11 Southeast Asian countries within a single
integrated framework.

These findings are consistent with previous forecasting
studies showing that ARIMA-based models can provide
reliable short-term forecasts. Still, they may become less
suitable for long-horizon projection when structural
drivers are not explicitly modeled [8, 35]. In the context

of population forecasting, this study extends prior
evidence by showing that short-term validation accuracy
alone is insufficient to justify long-term demographic
reliability. Unlike cohort-component and probabilistic
population projection approaches, which incorporate
assumptions about fertility, mortality, migration, and age
structure, Stable Log-ARIMA relies only on historical
population trajectories. Therefore, the observed
divergence from UN WPP projections reinforces the need
to interpret univariate ARIMA forecasts as statistical
baselines rather than substitutes for structurally
informed demographic projections.

This study has several limitations. First, the model uses
only the total population as a univariate time series
variable. Second, the comparison with UN WPP
Projections serves as a benchmark alignment
assessment rather than an actual accuracy test, as future
observed values are unavailable. Third, Stable Log-ARIMA
does not explicitly incorporate fertility, mortality,
migration, or age-structure indicators. Nevertheless, the
findings clarify where a simple statistical model remains
useful and where structurally informed demographic
projection models become necessary. Future research
should extend this framework by incorporating
demographic covariates and comparing Stable Log-
ARIMA with multivariate, Prophet, LSTM, and hybrid
forecasting models.

4. Conclusions

This study addressed the research question by evaluating
whether Stable Log-ARIMA can provide reliable
population forecasts for Southeast Asia and how its long-
term projections compare with UN World Population
Prospects estimates. The results show that Stable Log-
ARIMA performs well as a short-term statistical baseline,
achieving an average validation MAPE of 2.01% during the
2011-2023 validation period. However, an important and
partly unexpected finding is that strong short-term
accuracy does not translate into reliable long-term
demographic projection. Although the model remains
close to the UN WPP Projections in the short term, it
increasingly overestimates the regional population
toward 2100, reflecting a discrepancy between univariate
time-series extrapolation and structurally informed
demographic projections. This divergence arises because
Stable Log-ARIMA extrapolates historical population
patterns, whereas UN WPP projections account for
fertility decline, mortality improvement, migration,
population aging, and age-structure dynamics. The
demographic transition classification further confirms
that Southeast Asia does not follow a single pathway, with
early decline in Thailand, mid-century decline in
Singapore, Vietnam, and Myanmar, relative stability in

Page | 32



Infolitika Journal of Data Science, Vol. 4, No. 1, 2026

Brunei and the Philippines, and continued growth in
Laos, Malaysia, Timor-Leste, and Cambodia. The novelty
of this study lies in integrating Stable Log-ARIMA
validation, long-term UN benchmark comparison, and
demographic transition classification across all eleven
Southeast Asian countries. These findings imply that
Stable Log-ARIMA is useful for transparent short-term
forecasting and as a benchmark model. Still, it should not
replace demographic projection models that incorporate
structural population components. Future research
should extend this framework by including fertility,
mortality, migration, and age-structure indicators, and by
comparing Stable Log-ARIMA with multivariate, Prophet,
LSTM, and hybrid forecasting approaches.
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