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Abstract

Internet use has expanded rapidly across Southeast Asia, but national trajectories remain heterogeneous and short-horizon
forecasting evidence is limited. This study evaluated whether routinely reported connectivity indicators improved one-
year-ahead forecasts of the World Bank indicator “individuals using the Internet (% of population)” beyond a persistence
benchmark for the 11 current ASEAN member states. A longitudinal archive contained 1,120 observed country-indicator-year
records, with a 2000-2024 analytical panel. Rolling-origin evaluation covered 2016-2024, with each test year predicted
only from earlier observations. The revised primary ridge-regression specification selected its penalty parameter within
each outer training window by temporally ordered nested validation. Dependence-aware uncertainty used country-cluster
bootstrap intervals, test-year resampling, a crossed country-by-year bootstrap sensitivity analysis, and an exact test on nine
annual mean loss differentials. The nested ridge model achieved mean absolute error (MAE) 3.70 percentage points versus
5.04 for persistence, a 26.6% reduction, with RMSE 5.83, pooled R? 0.941, and persistence-relative squared-error skill 0.343.
The MAE difference was -1.34 percentage points (country-cluster 95% Cl -2.13 to -0.57), although the crossed country-by-year
interval included zero. On the identical 89-observation complete-case sample, adding lagged fixed broadband changed MAE
from 3.852 to 3.887 (difference 0.035; country-cluster 95% Cl -0.104 to 0.178), showing no clear incremental short-horizon
gain. Out-of-sample permutation importance identified previous-year Internet use as the dominant predictor. These results
support leakage-resistant forecasting benchmarks while cautioning against causal or Al-readiness interpretations.
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Timor-Leste was admitted to membership in ASEAN on
26 October 2025 (2). In this respect, any current analysis
of the situation in the region should take account of the

1. Introduction

Connectivity via Internet is an indispensable component

of infrastructure for electronic commerce, digital public
service delivery, telework, cloud computing, and services
based on data. According to the ASEAN Digital Masterplan
2030, inclusiveness of connectivity, reliability of digital ser-
vices, digital skills, and advanced technologies should be
addressed together in an integrated vision for 2026-2030 (1).
Consequently, the policy issue at stake is not confined to the
very existence of the networks; rather, it is about expansion
of Internet use in economies with diverse levels of develop-
ment, geography, institutions, and history of infrastructure
development.

fact that Timor-Leste has joined the region recently and,
therefore, should be considered differently from its more
experienced members regarding the quality and quantity
of digital statistics.

Although there has been fast growth of connectivity in
the Southeast Asian region, there are some notable differ-
ences in its infrastructure. According to the OECD data,
there are large differences in broadband penetration and
subscription intensity in the region, with mobile broadband
dominating in terms of broadband subscriptions and fixed-
broadband penetration being highly differentiated between
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economies (3). Furthermore, both indicators cannot be
used interchangeably with Internet usage because subscrip-
tion intensity may be larger than 100 per 100 people be-
cause a person may have several subscriptions, while the
Internet-use measure in the WDI is measured as the share
of people who use the Internet.

The broader global context reinforces the need to distin-
guish infrastructure from realized use. The International
Telecommunication Union estimated that 5.5 billion peo-
ple, or 68% of the world population, were online in 2024,
while substantial income and location gaps persisted (4).
Regional work similarly treats digital inclusion as multidi-
mensional, involving affordability, network quality, digital
skills, rural access, and participation in the digital economy
(6). Connectivity is also one enabling foundation for data-
intensive and artificial-intelligence applications, but it is
not by itself a measure of Al readiness (5).

Internet and broadband diffusion have already been ex-
amined with several aggregate forecasting and diffusion
frameworks. Cross-country studies have modelled Internet
diffusion using Gompertz and related S-shaped processes
(21, 22), while Bass-type approaches have been applied to
the global digital divide and broadband diffusion (23, 25).
Broadband forecasting has also combined diffusion models
with time-series methods (24), and mobile-broadband diffu-
sion has been compared across alternative growth models
(27). Within Southeast Asia, prior research has examined
ICT diffusion across ASEAN (26), and ASEAN-specific studies
have used Bass models to characterize and forecast Inter-
net diffusion (28). The contribution of the present study is
therefore not a claim to be the first regional Internet fore-
cast.

The methodological question addressed hereis narrower:
given only information available before a forecast year, can
simple public ICT indicators improve a one-year-ahead fore-
cast of national Internet use beyond the previous year’s
value? A descriptive ranking or in-sample regression does
not answer this question. Random train-test splitting can
also leak future information into model evaluation. The
present design therefore uses expanding-window rolling
origins, an explicit persistence benchmark, and matched
country-year comparisons.

The analysis evaluated two parsimonious feature sets.
The core specification used previous-year Internet use,
previous-year mobile-cellular subscriptions per 100 people,
and a common time index. The augmented specification
additionally used previous-year fixed-broadband subscrip-
tions per 100 people. Ridge regression, random forest, and
gradient boosting were benchmarked against persistence
over rolling test years 2016-2024. Because no formal pre-
registration or dated pre-specification record was available
for the submitted ridge penalty, the revised primary ridge
model selected its penalty parameter within each outer
training set using temporally ordered nested validation;
the originally submitted fixed settings are retained as
reproducibility and exploratory sensitivity analyses.

This study makes three contributions. First, it provides a
leakage-resistant one-year-ahead forecasting benchmark
covering all 11 current ASEAN member states. Second, it
makes persistence an explicit baseline, so predictive value
is assessed relative to information already contained in the
most recent Internet-use observation. Third, it separates
predictive utility from causal interpretation and evaluates
whether mobile and fixed-broadband indicators add incre-
mental forecast information without treating predictive im-
portance as evidence of infrastructure effects.

2. Materials and Methods

2.1 Study design, data sources, and
terminology

This study used a quantitative longitudinal secondary-data
design with country-year as the unit of analysis. The geo-
graphic frame comprised the 11 current ASEAN member
states. The principal analytical window was 2000-2024,
while earlier historical observations were retained in the
raw archive for provenance and reuse. The supplied archive
contained 1,120 observed country-indicator-year records:
327 observations for individuals using the Internet, 546 for
mobile-cellular subscriptions, and 247 for fixed-broadband
subscriptions.

The primary statistical source was the World Bank
World Development Indicators (WDI). The three series
were individuals using the Internet (% of population;
ITNET.USER.ZS), mobile-cellular subscriptions per 100 peo-
ple (IT.CEL.SETS.P2), and fixed-broadband subscriptions
per 100 people (ITNET.BBND.P2) (11, 12). The telecom-
munications series are based principally on data supplied
through the International Telecommunication Union. His-
torical fixed-broadband values in the submitted workbook
were also described as having been checked against the
Asian Development Bank Key Indicators Database (13).
The data sources, variables, and their forecasting roles are
summarized in Table 1.

The measured outcome is “individuals using the Internet
(% of population).” In the title and general discussion, the
term “Internet adoption” is used as shorthand for national-
level uptake as represented by this reported Internet-use
indicator; it is not treated as a direct measure of individual
adoption behaviour. “Internet diffusion” is used when dis-
cussing the established diffusion literature, while “Internet
use” is preferred when describing the empirical outcome,
model target, results, and forecast errors.

2.2 Data provenance, cleaning, and lag
construction

Data integrity was prioritized over cosmetic completeness.
No synthetic observations, interpolation, forward filling,
smoothing, or statistical imputation were used to replace
unavailable source values. The 2000-2024 analytical grid
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contained 275 possible country-year rows (11 countries x
25 years), of which 263 contained an Internet-use observa-
tion. After one-year lags were constructed within country,
251 rows were complete for the core feature set and 228
for the broadband-augmented feature set. Missing obser-
vations remained missing.

The reproducibility workflow rebuilds the analytical
panel from the long-form raw archive rather than treat-
ing the calculated worksheet as an input. Text fields are
standardized, years and values are coerced to valid nu-
meric types, duplicate country-indicator-year records are
rejected, the complete country-year grid is constructed,
and the three indicators are pivoted to analytical columns.
One-year lags are generated with within-country shifts,
preventing values from one economy from being carried
into another. The time index is defined as calendar year
minus 2000.

The revised archive is designed to record row-level
provenance for every observed source value, including
exact source, UTC retrieval date, database release or source
vintage, exact APl query or raw-file identifier, SHA-256 file
hash, cross-check source where applicable, reconciliation
rule, and notes. The WDI retrieval script records these fields
for archived API downloads. For the 247 fixed-broadband
observations, however, the submitted workbook labels the
source jointly as WDI/ADB and does not preserve enough
metadata to identify retrospectively which individual values
came from WDI, ADB, or an ADB cross-check. No unverified
row-level provenance was imputed. The final archived
dataset should therefore use the recovered historical ADB
source/vintage if available; otherwise, a clearly identified
replacement vintage should be archived and the affected
analysis rerun with the source-vintage change disclosed.

2.3 Forecast design and models

The response variable was Internet use in year t. The core
predictors were Internet use in year t-1, mobile-cellular sub-
scriptions per 100 people in year t-1, and a linear time in-
dex. The broadband-augmented specification added fixed-
broadband subscriptions per 100 peopleinyeart-1. Country
identity was excluded from the primary specification so that
performance reflected transferable temporal and connec-
tivity relationships rather than memorized country-specific
intercepts.

Forecast accuracy was evaluated with an expanding-
window rolling origin. For each outer test year from 2016
through 2024, the training set contained only observations
from earlier years, and the fitted model then predicted
all eligible countries in that test year. The origin moved
forward one year and the procedure was repeated. This
design mimics genuine one-step-ahead forecasting and
avoids future-year leakage (14, 15).

The persistence benchmark predicted Internet use in year
t as the observed value in year t-1. Ridge regression stan-
dardized predictors within each training fit. Because a doc-
umented pre-analysis justification for the submitted fixed

ridge penalty a=10 was not available, the revised primary
ridge analysis used temporally nested tuning. Candidate
« values were 0.01, 0.1, 1, 10, 100, and 1000. Within each
outer training window, candidates were evaluated on the
preceding up to five temporally ordered inner validation
years, with each inner fit restricted to observations earlier
than its validation year. The outer test year was never used
for hyperparameter selection. The selected a values were
0.01 for outer years 2016-2019 and 1 for 2020-2024.

The submitted random-forest and gradient-boosting
specifications were retained as fixed exploratory bench-
marks rather than retrospectively described as pre-
specified. Random forest used 200 trees, maximum depth
6, minimum leaf size 2, and 80% of predictors at each split.
Gradient boosting used 200 shallow trees, learning rate
0.03, maximum depth 2, minimum leaf size 2, and Huber
loss. Randomized algorithms used seed 42 (16-19).

2.4 Metrics and dependence-aware inference

The primary error measure was mean absolute error (MAE),
expressed in percentage points of Internet use. Root mean
squared error (RMSE) was reported as a complementary
measure that gives greater weight to large misses. The
pooled out-of-sample coefficient of determination was
defined relative to the pooled mean of the observed test
outcomes and was not interpreted as skill against per-
sistence. A separate persistence-relative squared-error
statistic, R20S,persistence, compared model squared error
directly with the persistence benchmark. Positive values in-
dicate lower squared error than persistence, zero indicates
equal squared error, and negative values indicate worse
performance.

Because forecast errors repeat within countries and
within nine rolling test years, uncertainty was evaluated us-
ing dependence-aware resampling rather than treating all
country-year errors as independent. The primary interval
analysis used a country-cluster bootstrap that resampled
entire countries with replacement and retained all test-year
observations for each sampled country. Sensitivity anal-
yses resampled complete test years and used a crossed
country-by-year bootstrap with independently resampled
country and year weights. Ninety-five percent confidence
intervals were calculated for model MAE, persistence MAE,
and their paired MAE difference. Country-year loss differen-
tials were also averaged within each of the nine test years
and assessed with an exact two-sided sign-flip test. Effect
sizes and confidence intervals were treated as the principal
inferential evidence.

The six originally submitted fixed-setting model-versus-
persistence comparisons were treated as an exploratory
family. Their exact test-year p values were adjusted with the
Holm procedure. No comparison is described as formally
preregistered or pre-specified in the absence of a dated
protocol, analysis plan, or code record preceding inspection
of the test results.
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Table 1: Data sources, variables, and forecasting roles

Variable Indicator code Unit Model role

Source / provenance status

Individuals using the IT.NET.USER.ZS
Internet
Mobile-cellular
subscriptions
Fixed-broadband
subscriptions

Time index

% of population
IT.CEL.SETS.P2 per 100 people
IT.NET.BBND.P2 per 100 people

Derived years since 2000

Target atyeart; lagat t-1
Core predictor at t-1
Augmented predictor at t-1

Shared secular trend

World Bank WDI / ITU
World Bank WDI / ITU
WDI and historical ADB cross-check; exact row-level

source/vintage must be completed before submission
Derived from calendar year

Abbreviations: ADB, Asian Development Bank; ITU, International Telecommunication Union; WDI, World Development Indicators. Missing source observations were
retained as missing; no statistical imputation was applied. Fixed-broadband provenance must be resolved row by row in the final archived dataset.
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2.5 Permutation importance and robustness
analyses

Permutation importance was recalculated strictly out of
sample. For each outer origin, the tuned ridge model was
fitted only on the historical training set, baseline MAE was
calculated on that year’s held-out test fold, and one predic-
tor at a time was permuted only within the held-out test
fold. Each feature permutation was repeated 1,000 times
with random seed 20260914. Fold-specific importance was
aggregated across the nine forecast origins, and uncertainty
was summarized by resampling whole origins. Because the
time index is constant within a single test year, within-fold
permutation of that variable is uninformative; a zero value
for that feature is therefore a property of the evaluation de-
sign rather than evidence that calendar timeis substantively
irrelevant.

Robustness analyses included country-level and year-
level loss distributions, inspection of the largest forecast
errors, exclusion of abrupt annual Internet-use changes,
leave-one-country-out rolling-origin sensitivity in which the
omitted country was removed from both training and test-
ing, a separate structural-transfer leave-one-country-out
exercise retained only as a distinct estimand, a simple trend-
plus-persistence ordinary least-squares benchmark, clip-

ping sensitivity, and rolling empirical 90% and 95% predic-
tion intervals. Core-versus-broadband comparisons were
repeated on the identical 89 country-year complete-case
observations.

Internet-use predictions were constrained to the admis-
sible interval [0,100] after estimation. In the originally sub-
mitted 724 stored model predictions, only two predictions
were exactly at a boundary because of clipping, both in
the broadband-augmented ridge model; removing clipping
changed that model’s MAE from 4.238 to 4.258. In the re-
vised nested-ridge primary analysis, eight of 92 raw predic-
tions fell outside [0,100]; clipping reduced MAE from 3.802
to 3.698. Both sensitivities are reported so the practical
effect of the rule is transparent.

2.6 Reproducibility environment

All revised analyses were executed in Python 3.13.5 using
pandas 2.2.3, NumPy 2.3.5, scikit-learn 1.8.0, SciPy 1.17.0,
openpyxl 3.1.5, requests 2.32.5, and matplotlib 3.10.8. The
reproducibility package contains pinned requirements, an
environment file, runtime-version documentation, SHA-256
manifests, and a README. A concise data dictionary for all
submitted workbook columns is provided in Supplemen-
tary Table S7.

The executable workflow includes scripts for WDI re-
trieval and archiving, cleaning and panel reconstruction,
lag construction, rolling-origin fitting, prediction, clipping,
dependence-aware inference, multiplicity adjustment,
nested tuning, robustness analyses, permutation im-
portance, prediction intervals, and figure generation. A
one-command driver regenerates the analytical panel,
model outputs, tables, figures, and file hashes. The rebuilt
275-row analytical panel matches the stored Analysis_Panel
exactly, including its missing-value pattern, and all 724
submitted fixed-setting model predictions are reproduced
to machine precision.

3. Results

The 2000-2024 analytical grid contained 275 possible
country-year rows. Internet-use observations were avail-
able for 263 country-years; 251 observations were com-
plete for the core lagged-feature model and 228 for the
broadband-augmented model. Country coverage is sum-
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marized in Table 2. Myanmar’s Internet-use series in the
assembled vintage ended in 2020 and Timor-Leste’s ended
in 2021, so the core rolling-origin test sample comprised 11
countries per year through 2020, 10 in 2021, and 9 in each
of 2022-2024. Internet-use trajectories across all 11 current
ASEAN member states are shown in Fig. 1.

The latest reported Internet-use values remained hetero-
geneous (Fig. 2). Malaysia recorded 98.0% in 2024, Brunei
Darussalam 96.3%, Singapore 94.4%, Thailand 90.9%, and
Viet Nam 84.2%. Indonesia, Cambodia, the Philippines, and
Lao PDR were between about 65.6% and 72.8% in 2024.
Myanmar’s latest observation was 45.5% in 2020 and Timor-
Leste’s was 35.0% in 2021. Fig. 2 therefore marks these
two observations with different symbols and years rather
than visually presenting them as part of a same-year 2024
ranking.

The revised primary nested ridge analysis generated 92
out-of-sample country-year forecasts across nine test years.
Persistence had MAE 5.039 and RMSE 7.193. Nested ridge
reduced MAE to 3.698 and RMSE to 5.830, corresponding
to 26.6% MAE skill. Pooled R? was 0.941, while persistence-
relative squared-error skill was 0.343. The latter means
that pooled squared error was 34.3% lower than persis-
tence, whereas the pooled R? should be interpreted mainly
as fit relative to the pooled test-set mean. Primary and ex-
ploratory rolling-origin performance is summarized in Table
3; pooled forecast error is illustrated in Fig. 3, and observed
versus out-of-sample nested-ridge predictions are shown
in Fig. 4.

The average nested-ridge MAE difference versus persis-
tence was -1.341 percentage points. The country-cluster
95% Cl was -2.132 to -0.571 and the test-year resampling
interval was -2.334 to -0.231. The crossed country-by-year
bootstrap interval was wider (-2.691 to 0.170), and the ex-
act sign-flip test on the nine annual mean loss differentials
gave p=0.0664. Thus, the average error reduction was prac-
tically meaningful, but the strength of formal inference de-
pended on how both country and year dependence were
represented. Dependence-aware interval estimates and the
primary inferential results are summarized in Table 4.

Forecast skill varied substantially across years and coun-
tries. Nested ridge improved on persistence in six of nine
test years but was worse in 2019, 2023, and 2024 on annual
MAE; the largest improvements occurred in 2020-2022. At
the country level, MAE skill was positive for nine of the 11
economies and negative for Brunei Darussalam and Singa-
pore. This heterogeneity shows why pooled R? alone is in-
sufficient for assessing short-horizon forecast performance.
Annual MAE patterns are shown in Fig. 5 and Supplemen-
tary Table S1, while country-stratified forecast performance
is reported in Supplementary Table S2.

For the six originally submitted fixed-setting model-
versus-persistence comparisons, Holm adjustment re-
moved conventional 0.05-level significance for every
comparison. For example, the fixed core ridge exact test-
year p value was 0.0156 before adjustment and 0.0938

after Holm correction. These fixed-setting comparisons
are therefore reported as exploratory sensitivity results
rather than as multiple independent confirmatory tests.
The full multiplicity-adjusted comparison family is reported
in Supplementary Table S8.

The fair comparison of fixed broadband used the same
89 complete-case test observations for both feature sets.
Under nested ridge tuning, the core specification had MAE
3.852 and the broadband-augmented specification had
MAE 3.887. The augmented-minus-core difference was
only 0.035 percentage points, with a country-cluster 95%
Cl from -0.104 to 0.178. The data therefore do not show a
clear incremental one-year-ahead forecasting benefit from
fixed broadband after conditioning on prior Internet use,
mobile subscriptions, and the time index. The matched
core-versus-broadband results are summarized in Table 5.

Out-of-sample permutation importance confirmed the
dominant role of previous-year Internet use. Permuting
lagged Internet use within each held-out test year increased
MAE by 18.774 percentage points on average, with an origin-
bootstrap 95% Cl of 15.344 to 21.872. The corresponding
increase for lagged mobile subscriptions was 0.029 points
(-0.040 to 0.097). The time index cannot be assessed by
within-year permutation because it is constant within each
test-year fold. The fold-level and aggregated out-of-sample
permutation results are reported in Table 4 and Supplemen-
tary Table S6.

Robustness checks did not indicate that the pooled
improvement was driven only by a few extreme annual
changes. Excluding observations with annual Internet-use
changes of at least 15 percentage points left 89 observations
and increased nested-ridge MAE skill to 29.6%. When each
country was removed from both rolling training and testing,
MAE skill remained positive in every leave-one-country-out
run, ranging from 22.4% to 32.8%. A simple trend-plus-
persistence benchmark had MAE 3.883 compared with
3.698 for nested ridge. Empirical rolling prediction intervals
achieved 94.6% coverage for the nominal 90% interval and
96.7% coverage for the nominal 95% interval, although
these intervals were wide and are descriptive rather than
guaranteed under independent-data assumptions. Abrupt-
change sensitivity, rolling leave-one-country-out sensitivity,
and additional benchmark, clipping, and interval checks
are reported in Supplementary Tables S3b, S4, and S5,
respectively.

The largest nested-ridge errors occurred during abrupt
changes and reversals, including Cambodia in 2018 (abso-
lute error 28.34 points after a 32.1-point annual increase),
Cambodiain 2016 (23.44 points), Cambodia in 2019 (17.35
points after a decline), Brunei Darussalam in 2016 (16.29
points), and the Philippines in 2024 (13.84 points). These
cases reinforce the difficulty of forecasting discrete revisions
or sudden annual movements in a small country panel. The
ten largest nested-ridge absolute errors are listed in Supple-
mentary Table S3a.
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Table 2: Country-level coverage of the 2000-2024 analytical panel

Country First Internet year Latest Internet year Internet n Mobile n Fixed broadband n Latest Internet %
Brunei Darussalam 2000 2024 25 25 22 96.30
Cambodia 2000 2024 25 25 23 68.48
Indonesia 2000 2024 25 25 25 72.78
Lao PDR 2000 2024 25 24 21 65.59
Malaysia 2000 2024 25 25 24 98.02
Myanmar 2001 2020 20 25 17 45.45
Philippines 2000 2024 25 25 23 67.26
Singapore 2000 2024 25 25 25 94.38
Thailand 2000 2024 25 25 23 90.87
Timor-Leste 2002 2021 18 22 21 35.04
Viet Nam 2000 2024 25 25 23 84.15

Latest Internet-use values for Myanmar (2020) and Timor-Leste (2021) are not contemporaneous with the 2024 values for most other economies.

100 A

—#— Brunei Darussalam Philippines
Cambodia —4— Singapore
=—d— Indonesia =p=Thailand
—4— Lao PDR Timor-Leste
—%— Malaysia —a— Viet Nam
Myanmar
80
2
¥
o
=
o
o
=3
u—
©
£ 60
u
o
c
=
[
=
c
o
<
-~
o
c 40
)
=]
L]
©
=]
z
=
o
=
201

2000 2005 2010 2015 2020 2025
Year

Figure 1: Internet-use trajectories across the 11 current ASEAN member states, 2000-2024. Distinct line styles and markers improve
traceability; gaps and shorter series denote unavailable source years rather than imputed values. Source: World Bank WDI (11).

Table 3: Primary and exploratory rolling-origin performance for the core feature set, 2016-2024

Model Status n MAE RMSE Pooled R? MAE skill % R?0S vs
persistence

Persistence baseline Benchmark 92 5.039 7.193 0.910 0.0 0.000

Nested ridge regression Revised primary 92 3.698 5.830 0.941 26.6 0.343

Fixed ridge regression  Audit sensitivity 92 3.777 5.955 0.939 25.0 0.315

(a=10)

Gradient boosting Exploratory fixed 92 3.823 6.063 0.936 24.1 0.289
setting

Random forest Exploratory fixed 92 4.524 6.758 0.921 10.2 0.117
setting

The nested ridge specification is the revised primary analysis because no documented pre-analysis justification for «=10 was available. Tree-model settings are retained as
exploratory fixed-setting benchmarks.

4. Discussion net use beyond persistence. The revised results support an
average improvement: temporally nested ridge regression

The practical question was whether lagged public ICT indi-  reduced MAE from 5.04 to 3.70 percentage points. However,
cators improve one-year-ahead forecasts of national Inter-
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Figure 2: Latest reported Internet-use percentage by economy. Filled circles identify 2024 observations; open squares identify Myanmar
(2020) and Timor-Leste (2021), preventing those earlier values from being interpreted as a same-year 2024 ranking.

Table 4: Dependence-aware inference and out-of-sample predictive importance for the revised primary ridge analysis

Item Analysis n Estimate Uncertainty / interpretation

Nested ridge vs persistence MAE difference (model - 92 -1.341 Country-cluster 95% Cl -2.132 to -0.571; year-resampling -2.334 to -0.231;
persistence) crossed country X year -2.691 to 0.170; exact nine-origin p=0.0664

Lagged Internet use Test-fold permutation MAE 92 18.774 Origin-bootstrap 95% Cl 15.344 to 21.872
increase

Lagged mobile Test-fold permutation MAE 92 0.029 Origin-bootstrap 95% CI -0.040 to 0.097

subscriptions increase

Time index Test-fold permutation 92 0.000 Constant within each test-year fold; within-fold permutation is uninformative.
importance

Permutation importance used 1,000 repeats per test fold with seed 20260914. Importance values are predictive diagnostics, not causal effects.

the dependence-aware analyses also show why the result
should not be reduced to a single small p value. Country-
cluster and year-resampling intervals supported a reduc-
tion, whereas the crossed country-by-year interval included
zero and the exact nine-origin test was not below 0.05. Ef-
fect size, uncertainty, and stability across robustness checks
are therefore more informative than the originally reported
country-year Wilcoxon significance.

Temporal persistence remained the central source of pre-
dictive information. This is substantively plausible because
national Internet use generally evolves gradually as infras-
tructure, devices, user experience, service ecosystems, af-
fordability, and digital practices accumulate. The out-of-

sample importance analysis shows that the forecast de-
pends strongly on previous-year Internet use, while lagged
mobile subscriptions contribute much less incremental in-
formation once the recent outcome s already known. These
importance values are predictive dependence diagnostics,
not causal effects.

The revised fixed-broadband comparison is deliberately
narrower than the submitted interpretation. The original
comparison of a 92-observation core result with an 89-
observation augmented result mixed different samples.
On the identical 89-observation sample, nested core and
augmented ridge forecasts were essentially similar, and the
confidence interval for the paired MAE difference included
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Figure 3: Pooled out-of-sample forecast error for the core feature set, 2016-2024. The nested ridge model is the revised primary
specification; random forest and gradient boosting are shown as exploratory fixed-setting benchmarks. Lower MAE and RMSE indicate

better accuracy.

zero. The appropriate conclusion is therefore that fixed
broadband did not show a clear incremental one-year-
ahead forecast benefit in this matched specification. This
finding does not imply that fixed broadband is unimportant
for economic development, education, cloud services, data
centres, or enterprise connectivity.

The results complement, rather than contradict, regional
broadband assessments. Development relevance and short-
horizon incremental predictive value are different questions.
Avariable can be important for long-run development while
contributing little additional one-year-ahead information
after the previous year’s outcome is already included. Sim-
ilarly, mobile-subscription intensity should not be inter-
preted as equivalent to individual Internet use, particularly
because subscriptions may exceed the population count.

The literature comparison also requires a narrower nov-
elty claim. Internet diffusion has previously been mod-
elled across countries with Gompertz and Bass frameworks,
broadband diffusion has been forecast with diffusion and
time-series methods, and ASEAN-specific work has already
examined Internet diffusion using Bass models (21-28). The
distinctive contribution here is the combination of all 11 cur-
rent ASEAN members, explicit one-year-ahead rolling-origin
evaluation, a persistence benchmark, matched feature-set
comparisons, and public lagged indicators rather than the
claim that Internet forecasting in the region was previously
absent.

The outcome analysed here is Internet use, not Al readi-

ness. Connectivity is one enabling digital foundation for
data-intensive and Al-enabled services, but Al readiness
also depends on computing infrastructure, data availability
and governance, skills, institutional capacity, affordabil-
ity, energy reliability, sector-specific adoption, and other
factors. Any relevance to Al policy is therefore contextual:
persistent differences in Internet use may form part of
the broader digital foundation on which Al adoption de-
pends, but this study neither estimates nor validates an
Al-readiness construct.

Country- and year-stratified results also caution against
assuming uniform regional performance. The nested ridge
model was worse than persistence in some countries and
in several later forecast years. Large errors often coincided
with abruptincreases, declines, or possible source revisions.
These patterns support reporting heterogeneous loss dis-
tributions alongside pooled metrics and suggest that hier-
archical or country-specific models may be valuable when
longer series and additional predictors become available.

Several limitations remain. First, the analysis is predic-
tive and observational; no coefficient, permutation score,
or forecast gain identifies a causal effect of mobile or fixed-
broadband infrastructure. Second, source series may be
revised retrospectively, making exact source vintage and
archival provenance essential. Third, mobile subscriptions
measure active subscriptions rather than unique people.
Fourth, national averages mask within-country differences
by income, gender, age, and urban-rural location. Fifth, the
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Observed versus out-of-sample nested ridge forecasts
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Figure 4: Observed versus out-of-sample predictions from the revised nested ridge model. Each point is one country-year rolling-origin

prediction; the dashed 45-degree line represents perfect prediction.

Table 5: Matched core-versus-broadband comparison using identical test observations

Specification n MAE RMSE Pooled R? Direct matched comparison

Core nested ridge 89 3.852 5.986 0.935 Reference

Broadband-augmented nested 89 3.887 5.993 0.935 Augmented - core MAE = 0.035; country-cluster 95% CI -0.104 to
ridge 0.178

Both specifications were trained and tested on the same 89 country-year complete-case observations.

panel is small, with only nine outer forecast origins and no
more than 11 countries per origin. Sixth, data complete-
ness differs by country and indicator, especially for fixed
broadband and the later Internet-use years for Myanmar
and Timor-Leste. Seventh, prediction intervals are empiri-
cal rolling intervals and should not be read as distribution-
free guarantees under the panel’s serial and cross-sectional
dependence.

Future research could add harmonized measures of
affordability, network speed, devices, education, income,
competition, electricity reliability, cloud and data-centre
capacity, and institutional factors when sufficiently long
country-year coverage is available. Multi-step and proba-
bilistic forecasting, hierarchical models, and subnational
analyses could test whether regional pooled performance
conceals important country or urban-rural differences.
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Figure 5: Annual MAE for the nested ridge model and persistence benchmark across rolling-origin test years. Ridge performs better in
most, but not all, years. Test-year sample sizes decline after 2020 because of source-data incompleteness.

5. Conclusion

Using a 2000-2024 ASEAN country-year panel, this study
evaluated leakage-resistant one-year-ahead forecasts of the
reported percentage of individuals using the Internet. The
revised primary ridge model selected its penalty through
temporally ordered nested validation and reduced MAE
from 5.04 percentage points for persistence to 3.70, a 26.6%
average improvement. Persistence-relative squared-error
skill was 0.343. Dependence-aware intervals showed that
the average improvement was robust to country-cluster
and year-resampling assumptions but less certain under
a crossed country-by-year bootstrap, so the findings are
best summarized through effect sizes, uncertainty, and
robustness rather than a single significance threshold.
On the identical 89-observation sample, adding fixed
broadband produced no clear incremental forecasting
gain. Previous-year Internet use was the dominant out-
of-sample predictor. These results support disciplined
forecasting benchmarks for comparative digital indicators
while emphasizing three limits: predictive importance is
not causality, pooled accuracy does not imply uniform
country-level performance, and Internet use should not be
interpreted as an Al-readiness measure.
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