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Abstract: This study compares regularized linear, tree-based ensemble, boosting, and feed-forward neural-
network approaches for forecasting country-level annual GDP growth using a global panel covering 213 countries
from 2010 to 2023. A chronological out-of-sample evaluation is employed, with models trained on observations
through 2021 and tested on 401 country-year observations from 206 countries during 2022-2023. Ridge regression,
Random Forest, Histogram-Based Gradient Boosting, AdaBoost, and a multi-layer perceptron (MLP) are evaluated
using root mean squared error (RMSE). Ridge regression records the lowest observed test RMSE (5.50), followed by
Histogram-Based Gradient Boosting (6.28), Random Forest (6.75), AdaBoost (7.13), and the MLP (8.12). AdaBoost
is treated as a classical boosting-based machine-learning method, whereas the MLP serves as the neural-network
benchmark. The baseline models use one-year lags, while AdaBoost and the MLP use one-to-three-year lag windows.
Consequently, the observed ranking reflects differences in both model specifications and information sets and should
not be interpreted as a strictly like-for-like comparison or evidence of statistical superiority. Within this annual panel,
predictor set, and 2022-2023 evaluation period, greater model complexity is not associated with lower forecast errors.
The findings highlight the practical importance of regularization, model parsimony, and chronological evaluation in
country-level macroeconomic forecasting.
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1. Introduction

Accurate forecasting of gross domestic product
(GDP) growth is important for macroeconomic analysis
and policy formulation. Governments, central banks,
and international institutions use GDP growth forecasts
to support fiscal planning, monetary policy decisions,
and development strategies. Large forecast errors may
contribute to inappropriate policy responses, resource
misallocation, and heightened uncertainty, particularly
during periods of economic disruption. Improving the
reliability of GDP growth forecasts therefore remains an
important objective in applied macroeconomics.

Traditional macroeconomic forecasting has relied
on econometric methods such as autoregressive models,
Vector Autoregressions (VARs), and factor models.
These approaches provide interpretable frameworks for
representing economic dynamics, but they may face
difficulties when the predictor set is highly dimensional,
relationships change over time, or the data contain
complex interactions and structural shocks. The
increasing availability of cross-country macroeconomic
indicators has consequently encouraged researchers to

examine alternative forecasting methods capable of
using broader information sets.

Machine-learning methods have  gained
prominence in economic forecasting because they offer
tools for regularization, flexible function approximation,
and the detection of interactions among predictors.
Regularized regression can stabilize estimates when
predictors are strongly correlated, while tree-based
ensembles can represent nonlinearities and threshold
effects without requiring them to be specified in
advance. Nevertheless, empirical evidence remains
mixed: the relative performance of different methods
depends on the target variable, data frequency, sample
size, predictor set, tuning procedure, and evaluation
period.

Neural networks have achieved considerable
success in fields such as computer vision, natural-
language processing, and high-frequency financial
analysis. These developments have created interest in
their application to macroeconomic forecasting.
However, annual macroeconomic panels differ
substantially from the large and high-frequency datasets
in which neural networks often perform well. Country-
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level annual series are comparatively short, noisy,
heterogeneous, and affected by infrequent but
substantial shocks. These characteristics may limit the
forecasting benefits of highly parameterized neural-
network models.

Several gaps motivate the present study. First,
many macroeconomic forecasting studies concentrate
on individual countries or limited regional samples,
which restricts the assessment of model performance
across heterogeneous economies. Second, some
evaluations employ random train-test splits or
emphasize in-sample fit, even though such designs may
provide overly optimistic estimates of forecasting
performance. Third, comparisons among regularized
linear models, tree-based ensembles, boosting methods,
and neural networks remain relatively limited in broad
country-level annual panels.

This study addresses these gaps by comparing
several predictive specifications for forecasting country-
level annual GDP growth using a panel of 213 countries
covering 2010-2023. Observations through 2021 form
the training period, while observations from 2022-2023
are reserved for out-of-sample evaluation. This
chronological design more closely reflects a forecasting
application than arandom split and is intended to reduce
the risk of look-ahead bias.

The empirical analysis distinguishes four
methodological groups. Ridge regression represents the
regularized linear approach. Random Forest and
Histogram-Based Gradient Boosting represent tree-
based machine-learning methods. AdaBoost is treated
separately as a classical boosting-based ensemble
method. A feed-forward multi-layer perceptron (MLP)
serves as the neural-network benchmark. Root mean
squared error (RMSE) is used as the primary measure of
test-period forecasting accuracy.

The implemented model specifications do not use
identical lagged information sets. Ridge regression,
Random Forest, and Histogram-Based Gradient
Boosting use one-year lags, whereas AdaBoost and the
MLP use lag windows of one to three years.
Consequently, comparisons between these groups
reflect differences in both the algorithms and their input
information sets. The results should therefore be
interpreted as a descriptive comparison of the
implemented forecasting specifications rather than a
strictly like-for-like test of algorithmic performance.

Ridge regression records the lowest observed test
RMSE of 5.50, followed by Histogram-Based Gradient
Boosting at 6.28, Random Forest at 6.75, AdaBoost at
7.13, and the MLP at 8.12. These rankings indicate that
greater model flexibility is not associated with lower
forecast errors in the particular annual panel and
evaluation period considered. However, because the test
period contains only two annual forecast dates and the
specifications use different lag structures, the findings
do not demonstrate statistical superiority or establish

that regularized linear models generally dominate tree-
based or neural-network methods.

The study contributes to the literature by
providing a broad country-level comparison under a
chronological evaluation design and by illustrating the
practical importance of model parsimony and
regularization in noisy, low-frequency macroeconomic
data. Its conclusions are limited to the selected
predictors, preprocessing choices, lag specifications,
country coverage, and 2022-2023 test period. The
remainder of the paper is organized as follows. Section
2 reviews the relevant literature. Section 3 describes the
data and methodology. Section 4 presents the empirical
results, Section 5 discusses their interpretation and
limitations, and Section 6 concludes.

2. Literature Review

Macroeconomic forecasting has increasingly
adopted data-rich methods to extract useful signals from
large sets of economic indicators. Diffusion-index
models demonstrate that large macroeconomic panels
can be summarized through a small number of latent
factors, improving forecasts of real activity and inflation
relative to models based on limited information sets[1].
Nowcasting research further shows that forecast
accuracy can benefit from incorporating newly released
information as it becomes available [2]. Because the
usefulness of factor-based models depends on the
number of retained components, formal information
criteria have been developed to balance information
extraction against the risk of introducing additional
estimation noise [3]. These studies establish the
importance of broad predictor sets, dimensionality
control, and realistic out-of-sample evaluation.

Shrinkage provides an alternative to factor
extraction when many correlated predictors are
available. Bayesian shrinkage can stabilize high-
dimensional forecasting regressions while retaining
predictors in their original variable space [4]. Similar
principles  underlie  large  Bayesian = Vector
Autoregressions (BVARs), which control parameter
proliferation through structured priors [5]. The
performance of these models is sensitive to lag length,
prior tightness, and variable selection, making
transparent specification and robustness analysis
important [6]. Dynamic model averaging extends this
framework by allowing model probabilities and
predictor relevance to change over time [7]. Mixed-
frequency VAR models address another practical issue
by combining variables observed at different
frequencies and accounting for the timing of information
releases [8]. Although these approaches are not
estimated in the present study, they illustrate the
importance of regularization, temporal structure, and
carefully defined information sets.

Reliable model comparison requires more than
reporting the smallest forecast error. Tests of equal
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predictive accuracy provide a formal basis for assessing
whether differences between forecast sequences are
statistically meaningful [9]. Related asymptotic results
clarify the conditions under which observed differences
in predictive ability may be distinguished from sampling
variation [10]. These methods generally require
sufficiently long sequences of forecast errors.
Consequently, their applicability is limited when an
evaluation period contains only a small number of
annual forecast dates, as in the present study.

The growth of large economic datasets has
encouraged the use of machine-learning methods in
empirical economics [11,12]. Machine learning is
particularly relevant to prediction problems because it
emphasizes regularization, cross-validation, and flexible
function approximation [13]. High-dimensional
econometric methods also demonstrate how disciplined
variable selection and regularization can reduce
instability when the number of potential predictors is
large [14]. Surveys of machine learning in economics
emphasize both its strengths, including the ability to
represent interactions and nonlinearities, and its risks,
including overfitting, instability under structural change,
and limited interpretability [15]. Ridge regression is
especially relevant when predictors are strongly
correlated because it stabilizes coefficient estimates by
shrinking them toward zero [16]. Related penalized
methods, such as the lasso, combine shrinkage with
variable selection [17]. These findings support the use
of regularized linear models as serious forecasting
benchmarks rather than merely simple alternatives to
more complex algorithms.

Tree-based ensembles provide flexible methods
for representing nonlinearities, interactions, and
threshold effects. Random Forest combines predictions
from multiple decorrelated decision trees, reducing the
variance associated with a single tree [18]. Its
performance depends on choices such as tree depth,
feature selection, sampling, and the number of trees
[19]. Gradient boosting constructs an additive predictive
model by sequentially fitting weak learners to previous
errors [20]. AdaBoost similarly combines weak learners
through sequential reweighting of observations [21].
Importantly, AdaBoost is a classical ensemble machine-
learning method and should not be classified as a deep-
learning model. Although tree-based and boosting
methods can approximate complex relationships, they
require careful tuning and time-respecting validation
because their flexibility does not guarantee improved
out-of-sample performance.

Forecast performance may also depend on the
forecast horizon and the composition of the predictor
set. Direct and iterated multi-step forecasting methods
have different advantages, and neither approach
dominates in all settings [23]. Financial indicators can
provide forward-looking information about economic
activity; for example, the yield curve has demonstrated

predictive content for future GDP growth [22]. These
findings indicate that differences in forecasting accuracy
can arise not only from the selected algorithm but also
from the information set, lag structure, forecast horizon,
and predictor transformations. Comparisons across
algorithms are therefore most informative when these
design elements are harmonized.

Forecast-accuracy measures summarize different
aspects of predictive performance. RMSE places
relatively greater weight on large errors, while mean
absolute error is less sensitive to extreme observations
[24]. The appropriate measure depends on the
forecasting objective and the distribution of the target
variable. Evidence from large forecasting competitions
also shows that simple statistical models and forecast
combinations can be difficult to improve upon
consistently [25]. These results underline the importance
of including simple benchmarks and avoiding the
assumption that greater algorithmic complexity
necessarily produces more accurate forecasts.

Neural networks have a long history in
forecasting applications. Early studies show that feed-
forward networks can represent nonlinear relationships
but require careful architecture selection, data scaling,
optimization, and regularization [26]. Universal-
approximation results provide a theoretical basis for
their flexibility, although they do not imply superior
empirical forecasting performance [27]. Modern deep
learning extends these ideas through deeper
architectures, improved optimization, and
representation learning [28]. Recurrent models such as
long short-term memory (LSTM) networks are designed
to represent longer temporal dependencies [29].
However, their advantages generally depend on the
availability of sufficiently long and informative time
series. The present study does not estimate an LSTM or
another recurrent architecture; its neural-network
evidence is limited to a feed-forward MLP. The results
should therefore not be interpreted as a comprehensive
evaluation of deep learning.

Recent empirical research demonstrates that
machine learning can improve some macroeconomic
forecasts, particularly when large predictor sets contain
useful nonlinear information. Machine-learning
methods have produced gains in data-rich inflation-
forecasting applications [30]. Broader evaluations
nevertheless show that improvements vary across
economic variables, forecast horizons, model
specifications, and evaluation periods [31]. The
evidence therefore supports conditional rather than
universal claims about the benefits of machine learning,
Complex methods should be evaluated against strong
regularized and naive benchmarks using chronological
validation procedures.

The predictive advantage of a model may also
vary across economic conditions. Tests of conditional
predictive ability allow relative forecast performance to
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differ between states, such as expansions and recessions
[32]. Specialized procedures are also required when a
simpler model is nested within a more flexible
alternative [33]. Data resources such as FRED-MD have
facilitated systematic forecasting comparisons for
individual economies using large monthly predictor sets
[34]. Cross-country forecasting introduces additional
challenges because economies are connected through
trade, finance, and common shocks. Global
macroeconometric models explicitly represent these
interdependencies [35]. The present study instead
forecasts country-level annual GDP growth using a
global panel and does not explicitly model international
spillovers, which should be recognized when
interpreting its results.

The literature suggests three conclusions relevant
to this study. First, regularization can be highly valuable
when macroeconomic predictors are correlated and the
available time dimension is limited. Second, tree-based
ensembles, boosting methods, and neural networks offer
greater functional flexibility, but their forecasting
performance depends on the available data, tuning
procedure, lag design, and evaluation period. Third,
credible comparisons require chronological testing,
common information sets where feasible, appropriate
benchmarks, and cautious interpretation of observed
error differences. Building on these insights, the present
study compares Ridge regression, Random Forest,
Histogram-Based Gradient Boosting, AdaBoost, and an
MLP using country-level annual GDP growth data.
Because the implemented model groups use different lag
structures, their results are interpreted as a descriptive
comparison of forecasting specifications rather than a
strictly like-for-like test of algorithms.

3. Methodology

3.1 Data
Construction

This study wuses an unbalanced global
macroeconomic panel covering 213 countries from 2010
to 2023. The unit of observation is the country—year,
which allows the analysis to incorporate both cross-
country differences and changes in macroeconomic
conditions over time. The complete dataset contains
2,912 country—year observations. The panel is
unbalanced because the availability of macroeconomic
indicators varies across countries and years.

The dependent variable is annual real GDP
growth, measured as a percentage. Accordingly, the
study forecasts annual GDP growth at the country level
rather than a single aggregate global GDP growth rate.
Annual data are used because several fiscal, structural,
and external-sector indicators are not consistently
available at higher frequencies for a broad sample of
countries.

The dataset was assembled from World Bank
Open Data/World Development Indicators and a

Description and  Sample

secondary Kaggle dataset described as containing World
Bank indicators. However, the original data-extraction
files and processing code are no longer available.
Consequently, the exact extraction date, the allocation
of individual variables between the two sources, the
World Bank indicator codes, and any processing
performed by the Kaggle provider cannot be verified
retrospectively. This limitation should be considered
when assessing the reproducibility of the study. No
additional provenance details have been introduced
where they could not be confirmed from the retained
research materials.

The sample is divided chronologically to preserve
the forecasting structure. Observations from 2010 to
2021 constitute the training sample, while observations
from 2022 and 2023 constitute the out-of-sample test
period. The training sample contains 2,511 observations
from 213 countries, whereas the test sample contains
401 observations from 206 countries. Seven countries
represented in the full dataset do not appear in the final
test sample because complete usable test-period
observations were unavailable after construction of the
modeling variables.

This chronological division is preferable to a
random train—test split because it ensures that earlier
observations are used to predict later outcomes. It
therefore more closely reflects a real forecasting
exercise and reduces the risk of look-ahead bias.

3.2 Explanatory Variables and Economic
Rationale

The explanatory variables were selected
according to macroeconomic theory, previous empirical
growth research, policy relevance, and availability
across a large number of countries. The predictor set
includes the following variables:

¢ Inflation, measured by the consumer price
index (%): represents price stability and nominal
economic conditions that may affect consumption,
investment, and purchasing power.

e Unemployment rate (%): captures labor-
market slack and cyclical economic conditions.

¢ Real interest rate (%): represents thereal cost
of borrowing and may influence consumption,
investment, and capital formation.

e Public debt (% of GDP): reflects fiscal
obligations and potential sovereign financing
constraints.

e Government expenditure (% of GDP):
captures the size and demand-side stance of fiscal
policy.

e Government revenue (% of GDP): represents
government fiscal capacity and the operation of
automatic stabilizers.

e Tax revenue (% of GDP): reflects the scale
and structure of domestic fiscal financing.
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o Current account balance (% of GDP):
captures external-sector conditions, international
financing requirements, and potential external
imbalances.

o GDP per capita (current USD): serves as an
indicator of a country’s income and development
level.

GDP per capita is included in nominal current US
dollars and was not logarithmically transformed in the
retained analysis. Because this variable is strongly right-
skewed and affected by differences in country size, price
levels, and exchange rates, its use in untransformed form
is a limitation. A logarithmic transformation could
reduce the influence of extreme observations and should
be considered in future robustness analyses.

The selected indicators provide a broad and
policy-relevant information set, but they do not capture
every determinant of GDP growth. Institutional quality,
political instability, natural disasters, geopolitical
events, and other country-specific shocks are not
directly represented. The results should therefore be
interpreted as conditional on the predictor set available
in this study.

3.3 Exploratory Data Analysis

Exploratory data analysis was conducted before
model estimation to examine the structure, quality, and
distributional characteristics of the panel. This analysis
included descriptive statistics, the distribution of annual
GDP growth, missing-value patterns, cross-country and
time variation, and correlations among the explanatory
variables.

The descriptive analysis indicates substantial
heterogeneity across countries and years. GDP growth
contains several extreme observations associated with
recessions, recoveries, and major economic disruptions.
The cross-country average of annual GDP growth also
changes considerably over the study period, particularly
around the COVID-19 shock. This cross-country
average is used only as a descriptive summary and
should not be interpreted as an expenditure-weighted
measure of aggregate global GDP growth.

Correlation analysis was used to identify linear
associations and possible multicollinearity among the
predictors. Weak contemporaneous correlations
between individual predictors and GDP growth do not
establish the existence of nonlinear relationships. They
indicate only that simple pairwise linear associations are
limited. The inclusion of nonlinear models is therefore
treated as an empirical comparison rather than as a
conclusion derived from the correlation analysis.

The reported distribution of public debt should be
interpreted carefully. In the descriptive table, the 25th
percentile, median, and 75th percentile are each reported
as 49.16. Because the original data and code are
unavailable, these values could not be independently

recalculated during revision. The repeated value may
reflect extensive median imputation or a reporting
problem and is acknowledged as an unresolved data-
verification limitation.

3.4 Dynamic Feature Engineering and Lag
Specification

Macroeconomic forecasting requires predictors
that would have been available before the outcome being
forecast. The study therefore uses lagged values of GDP
growth and the explanatory variables. Lagging the
predictors helps represent persistence and delayed
macroeconomic effects while reducing reliance on
contemporaneous information that may not have been
available at the time of forecasting.

Lagged wvariables were constructed separately
within each country so that information from one
country was not incorrectly transferred to another. The
lagged GDP-growth variable captures persistence in
economic activity, while lagged fiscal, monetary, labor-
market, and external-sector indicators allow the models
to represent delayed relationships  between
macroeconomic conditions and subsequent growth.

The compared models did not use an identical
lagged information set. Ridge regression, Random
Forest, and Histogram-Based Gradient Boosting used
one-year lags. AdaBoost and the Multi-Layer
Perceptron used lag windows covering one to three
years. The wider lag window was originally intended to
provide the more flexible models with additional
temporal information.

This difference is important for interpretation.
The reported RMSE values reflect the combined effects
of the learning algorithm and its assigned feature set.
They should not be interpreted as a strictly like-for-like
comparison of algorithms using identical predictors. A
common-lag robustness analysis would be desirable, but
it could not be performed during revision because the
original data and estimation code were unavailable.
Accordingly, claims about one algorithm being
generally superior to another are avoided.

3.5 Treatment of Missing Data

Missing observations are common in large
international macroeconomic panels because reporting
coverage differs across variables, countries, and years.
Removing every observation containing a missing
predictor would substantially reduce the sample and
could disproportionately exclude countries with weaker
statistical reporting systems.

The retained methodology describes a two-stage
median-imputation procedure. First, a missing value
was replaced with the median of the relevant variable for
the corresponding country. Second, when a country did
not have sufficient information to calculate a country-
specific median, the overall median of that variable was
used as a fallback. Median imputation was selected
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because it is less sensitive than mean imputation to
extreme macroeconomic observations.

The dependent variable was not imputed.
Observations without an available GDP-growth
outcome or without a valid final feature vector were
excluded from model estimation or testing.

In a leakage-free forecasting pipeline, all
imputation values should be estimated exclusively from
the training period and then applied unchanged to the
test period. However, because the original processing
code and intermediate data files are unavailable, it was
not possible to verify retrospectively whether every
imputation statistic was calculated using only the
training sample. The study therefore acknowledges
possible preprocessing leakage as a reproducibility
limitation and does not claim that the imputation
procedure has been independently verified.

3.6 Data Preprocessing and Standardization

Continuous predictors were standardized to place
variables measured on different scales on a comparable
basis. This step is especially relevant for Ridge
regression and the Multi-Layer Perceptron because their
estimation can be affected by large differences in
variable magnitudes.

According to the retained methodological
description, the standardization parameters were
estimated from the training sample and subsequently
applied unchanged to the test sample. This procedure
prevents the distribution of the test-period predictors
from directly influencing the scaling of the training
observations. Tree-based models are less sensitive to
differences in scale, but a consistent preprocessing
framework was retained across the analysis where
applicable.

3.7 Regularized Linear and Tree-Based
Machine-Learning Models

Three models are classified as regularized linear
or tree-based machine-learning approaches: Ridge
regression, Random Forest, and Histogram-Based
Gradient Boosting.

Ridge regression is used as the regularized linear
benchmark. It reduces coefficient instability by
penalizing large coefficient values and is particularly
suitable when macroeconomic predictors are correlated.
The method trades a limited amount of bias for a
potential reduction in forecast variance and provides a
comparatively parsimonious benchmark.

Random Forest regression is a tree-based
ensemble method that combines predictions from
multiple decision trees. Each tree is estimated using a
resampled subset of the training observations and a
randomized selection of predictors. Aggregating the
trees can reduce the instability associated with an
individual decision tree while allowing for

nonlinearities and interactions among macroeconomic
variables.

Histogram-Based Gradient Boosting
regression is a boosting method that constructs decision
trees sequentially, with each stage seeking to reduce the
prediction errors remaining from earlier stages. The
histogram-based implementation groups continuous
predictor values into intervals to improve computational
efficiency. The model can capture nonlinear
relationships and interactions while incorporating
controls intended to limit excessive complexity.

The retained manuscript does not provide the
complete model settings, including the Ridge
regularization value, number of Random Forest trees,
tree-depth restrictions, feature-sampling settings, or the
full Histogram-Based Gradient Boosting configuration.
The original code is unavailable, so these settings cannot
be recovered reliably. Rather than introducing assumed
values, their absence is reported as a reproducibility
limitation.

3.8 AdaBoost and the Neural-Network
Model

AdaBoost and the Multi-Layer Perceptron are
treated as methodologically distinct approaches.

AdaBoost regression is a classical boosting-
based ensemble machine-learning method and is not a
deep-learning model. It constructs a sequence of weak
prediction models and assigns greater emphasis to
observations that were predicted less accurately by
preceding models. In this study, the weak learners were
decision trees with a maximum depth of three. The
retained materials do not report the number of
estimators, learning rate, loss specification, or other
implementation settings. These details cannot be
reconstructed without the original code.

The Multi-Layer Perceptron (MLP) is the
neural-network component of the empirical comparison.
It is a feed-forward neural network containing two
hidden layers with 128 and 64 units, respectively. The
model is capable of representing nonlinear relationships
and interactions among the lagged macroeconomic
predictors. The predictors were standardized before
MLP estimation, and early stopping was used to reduce
the risk of excessive fitting to the training data.

The retained records do not identify the activation
function, optimizer, initial learning rate, batch size,
maximum number of training epochs, regularization
strength, early-stopping patience, random seed, or
complete software environment. These specifications
should normally be reported for reproducibility, but they
cannot be stated reliably in the absence of the original
code and estimation records. The analysis therefore
reports only the settings that can be confirmed.

The MLP is used as a neural-network benchmark.
Although the literature review discusses recurrent neural
networks and Long Short-Term Memory models, no
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LSTM or other recurrent architecture was estimated in
this study. The empirical findings should consequently
not be generalized to all forms of deep learning.

3.9 Model
Evaluation

All models were estimated using observations
dated no later than 2021 and evaluated using
observations from 2022 and 2023. This common
chronological cutoffensures that each model is assessed
on later observations. However, because the model
groups use different lag windows, the evaluation is not
a fully controlled comparison based on an identical
predictor set.

Forecast accuracy is evaluated using root mean
squared error (RMSE), calculated from the differences
between observed and predicted GDP growth in the test
sample. Lower RMSE values indicate better predictive
accuracy. RMSE was selected because it assigns
relatively greater importance to large forecast errors,
which can be particularly consequential during
recessions, recoveries, and other periods of
macroeconomic disruption. RMSE values are reported
to two decimal places throughout the manuscript.

The study compares Ridge regression, Random
Forest, Histogram-Based Gradient Boosting, AdaBoost,
and the MLP. The retained analysis does not include a
historical-mean forecast, a lagged-growth forecast, or
another simple forecasting rule. It therefore shows the
relative ranking of the five estimated models but does
not establish whether they improve upon a naive
macroeconomic benchmark. The absence of such a
benchmark is acknowledged as a limitation.

No formal predictive-accuracy test or confidence
interval is reported. Although forecast-comparison
procedures such as the Diebold—Mariano test are
discussed in the literature review, the out-of-sample
period contains only two annual forecast dates. This
short time dimension does not provide an adequate basis
for conventional time-series inference about forecast
accuracy. The reported RMSE differences are therefore
interpreted descriptively and not as evidence of
statistically significant superiority.

The hyperparameters were originally selected as
benchmark specifications rather than through exhaustive
tuning. However, complete tuning records, software
versions, and random-seed information are no longer
available. Consequently, the results represent the
retained model implementations and should not be
interpreted as the best performance theoretically
achievable by each model class.

Overall, the methodology combines a broad
country-level macroeconomic panel, lagged predictors,
median-based missing-data treatment, standardized
inputs, and a chronological out-of-sample evaluation. At
the same time, differences in the lagged information
sets, the absence of a naive forecasting benchmark, the

Training and  Forecast

short test period, and incomplete reproducibility records
limit the strength and generalizability of the comparison.
The findings should therefore be understood as
descriptive evidence for this particular dataset, predictor
set, model implementation, and 2022-2023 evaluation
period.

4. Results and Discussion

4.1 Data Characteristics and Exploratory
Analysis

Table 1 summarizes the structure and
chronological division of the dataset. The full sample
contains 2,912 country—year observations covering 213
countries from 2010 to 2023. The training sample
contains 2,511 observations from 213 countries for
2010-2021, while the out-of-sample test set contains
401 observations from 206 countries for 2022-2023.
Seven countries represented in the full sample are absent
from the final test sample because usable observations
were unavailable after construction of the test-period
variables. The chronological division ensures that later
observations are not used to train models intended to
forecast earlier outcomes.

Table 1. Dataset Summary and Sample Split

(computed by Authors)

) . Year Year
Sample Observations Countries (Min) (Max)
Sample
Training 2,511 213 2010 2021
Sample
Test 401 206 2022 2023
Sample

Tables 2(a) and 2(b) report descriptive and
percentile statistics for GDP growth and the explanatory
variables. Average annual country-level GDP growth is
2.85%, with a standard deviation of 6.05 percentage
points. The minimum and maximum values of —54.34%
and 86.83%, respectively, indicate the presence of
severe contractions and strong rebounds in particular
country—year observations.

Inflation and real interest rates also contain
extreme values, reflecting episodes of substantial
macroeconomic instability. The fiscal variables display
considerable cross-country dispersion, consistent with
differences in fiscal capacity, government size, debt
conditions, and reporting practices. GDP per capita is
strongly dispersed, reflecting the inclusion of countries
at substantially different income levels. Because GDP
per capita is measured in current US dollars and was not
logarithmically transformed, its extreme upper values
should be considered when interpreting the analysis.

Page | 8



Journal of Hunan University (Natural Sciences)

Vol. 53 No. 9, September 2026

Table 2(a). Descriptive Statistics of Key
Variables(computed by Authors)

, 25th . 75th
Variable b centile M1 percentile

Variable Mean Std. Dev. Min Max Government
GDP Growth Revenue (% of 19.72 2421  28.97
(% annual) 2.85 6.05 —54.34 86.8%])13)
: Tax Revenue (%

(I;:?a“"“ (CPL 551 1592 464 5572Q¢Gpp) 1338 1603 1871
Unemployment Current Account
Rate (%) 7.63 563 0.10 35.3@Balance (% of  —6.81 —2.58  1.69

GDP)
Real Interest

5.29 7.39 —81.13 61.8 ;
Rate (%) %DSI]’)I)’“ Caplta 5 300.92  6,789.93 23,279.32
PublicDebt (% 5) 65 2435 185 24937
of GDP) ' ’ ’ ' _
Figure 1 presents the distribution of annual

Government country-level GDP growth. The distribution appears
Expenditure 2643 11.07 0.00 103'7§symmetric and heavy-tailed, with both extremely
(% of GDP) negative and extremely positive observations. These
Government values are consistent with country-specific crises,
Revenue (% of 25.63 15.13  0.00 345 .(@conomic contractions, and subsequent recoveries. The
GDP) presence of extreme observations makes GDP growth

difficult to forecast and is particularly relevant when
"l;ax Revenue 16.45 6.89 0.00 147.6BRMSE is used because this measure assigns greater
(% of GDP) weight to large forecast errors. The distribution alone,
Current however, does not establish that the underlying
Account 519 12.99 —60.88 5 relationships between GDP growth and its predictors are

Balance (% of
GDP)

GDP per
Capita (USD)

17,809.50 25,463.87 193.01 256,580.52

35 -7ﬁon1inear.predictive models in subsequent sections.

Figure 1. Distribution of GDP Growth (% Annual)

1000 4

Table 2(b). Percentile Statistics of Key
Variables(computed by Authors)

600 +

Count

400 4

. 25th . 75th oo
Variable Percentile Median Percentile
0 ° % -40 —20 0 20 0 60 80
GDP GI'OWth ( A) 1 .00 3. 10 5.36 GDP Growth (% Annual)
annual)
Inflation (CPI, 150 318 533 Figure 1. Distribution of Annual GDP Growth
%) ' ’ ' (%). (Developed By Authors)
Unemployment
Rate (%) 3.98 5.87 9.69 Figure 2 presents the pa.irwisej correlation matrix
Real 1 for the selected macroeconomic variables. Government
cal Interest 325 4.84 6.95 expenditure, government revenue, and tax revenue
R %
ate (%) display relatively strong positive correlations, indicating
Public Debt (% potential multicollinearity among the fiscal indicators.
of GDP) 49.16 49.16  49.16 This pattern supports the inclusion of Ridge regression,
Government which is designed to stabilize prediction when
. explanatory variables are correlated.
Expenditure (% 20.16 2541  30.68
of GDP)

GDP  growth exhibits relatively  weak

contemporaneous linear correlations with most
individual predictors. These weak pairwise correlations
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indicate that no single contemporaneous variable has a
strong linear association with GDP growth across the
complete sample. They do not, by themselves,
demonstrate that GDP growth is generated by nonlinear
relationships. Predictive information may instead arise
from lagged relationships, combinations of predictors,
country heterogeneity, or nonlinear interactions. The
nonlinear models are therefore included as alternative
empirical specifications rather than being justified solely
by the observed correlations.

Figure 2. Correlation Heatmap (Selected Variables)

GDP Growth (% Annual)

Inflation (CPI %)

Unemployment Rate (%)

Interest Rate (Real, %)

Public Debt (% of GDP)
Government Expense (% of GDP)
Government Revenue (% of GDP)
Tax Revenue (% of GDP)

Current Account Balance (% GDP)
GDP per Capita (Current USD)

Inflation (CPI %)
Unemployment Rate (%)
Interest Rate (Real, %)
Public Debt (% of GDP)
Tax Revenue (% of GDP)

3
3
£
c
<
g
<
s
z
<
0
a
o
(G)

Government Expense (% of GDP)
Government Revenue (% of GDP)
Current Account Balance (% GDP)

GDP per Capita (Current USD)

Figure 2. Correlation Heatmap of Selected
Macroeconomic Variables. (Developed By
Authors)

Figure 3 shows the unweighted cross-country
average of annual GDP growth over time. It is a
descriptive average of the country-level observations
and should not be interpreted as an expenditure-
weighted aggregate global GDP growth rate. The figure
shows a pronounced contraction in 2020, followed by a
strong recovery. This pattern illustrates the influence of
the COVID-19 shock and subsequent reopening on the
sample.

The large movements around 2020 and 2021
emphasize the difficulty of forecasting annual GDP
growth during periods of synchronized disruption. They
also support the use of a chronological evaluation design
because a random split could distribute observations
from the same crisis and recovery episode across both
the training and test samples.

C

Figure 3. World Average GDP Growth Over Time

Mean GDP Growth (% Annual)

—4 4

T T
2016 2018

Year

T T T T T
2010 2012 2014 2020 2022

Figure 3. World Average GDP Growth Over
Time. (Developed By Authors)

Figure 4 illustrates the cross-country dispersion of
annual GDP growth during the most recent years of
the sample. The median remains positive in most
years, but the dispersion widens considerably
during the 2020 contraction. This result indicates
that the magnitude of the shock differed
substantially across countries. Although dispersion
subsequently narrowed, the recovery remained
heterogeneous across economies.

Figure 4. Cross-Country Dispersion of GDP Growth (Recent Years)
sq gfl %:I
04

GDP Growth (%% Annual)

2017 2018 2019 2020 2021 222 2023
Year

Figure 4. Cross-Country Dispersion of GDP
Growth in Recent Years. (Developed By
Authors)

The exploratory analysis identifies several
features relevant to model selection and interpretation.
First, annual GDP growth is volatile and contains
extreme observations, making the forecasting problem
challenging. Second, the fiscal predictors are correlated,
supporting the use of regularization. Third, the weak
contemporaneous correlations between GDP growth and
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individual predictors indicate that useful forecasting
information may depend on lagged wvariables and
combinations of indicators. These observations motivate
the comparison of regularized linear, tree-based,
boosting, and neural-network approaches. They do not
establish in advance which model class should forecast
most accurately.

4.2 Machine Learning Baseline Results

Table 3 reports the out-of-sample RMSE values
for Ridge regression, Histogram-Based Gradient
Boosting, and Random Forest. These three models use
the same one-year lag specification and are evaluated on
the same 2022-2023 test period. Ridge regression
records the lowest observed RMSE at 5.50, followed by
Histogram-Based Gradient Boosting at 6.28 and
Random Forest at 6.75.

Within this common one-year-lag comparison,
the observed RMSE for Ridge regression is 0.78 points
lower than that of Histogram-Based Gradient Boosting
and 1.25 points lower than that of Random Forest. These
values provide a descriptive ranking of the models for
the present test sample.

Table 3. Machine Learning Baseline Results
(computed by Authors)
Model RMSE
Ridge Regression 5.50
HistGradientBoosting 6.28
Random Forest 6.75

Figure 5 illustrates the RMSE ranking reported in Table
3. The figure shows that Ridge regression produced the
smallest forecast errors among the three models under
the present sample, predictor set, and evaluation period.
Because no confidence intervals or formal predictive-
accuracy tests are available, the figure should not be
interpreted as demonstrating statistically significant
superiority.

Figure 5. ML Model Comparison (RMSE)

RMSE

RandomForest

HistGradientBoosting
Model

Figure 5. Machine Learning Model
Comparison Based on RMSE. (Developed By
Authors)

Figure 6 compares observed GDP growth with the
predictions produced by Ridge regression. Predictions
are concentrated around the middle of the observed
distribution, while their correspondence with actual
outcomes becomes weaker for unusually large
contractions and expansions. This pattern suggests that
Ridge regression captures central growth movements
more successfully than extreme country—year outcomes.

Figure 6. Actual vs Predicted GDP Growth (Best ML: Ridge)

L]
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Figure 6. Actual versus Predicted GDP Growth
for the Best Machine Learning Model.
(Developed By Authors)

Figure 7 presents the distribution of Ridge regression
forecast residuals. The residuals appear to be centered
close to zero, but the distribution contains relatively
large positive and negative errors. These tails are
consistent with the extreme GDP-growth observations
identified in the exploratory analysis. The result
demonstrates the difficulty of predicting major
contractions and recoveries using the available annual
macroeconomic indicators.
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Figure 7. Residual Distribution (Best ML: Ridge)

Count

T
0 10 20 30 40 50
Residual {Actual - Predicted)

Figure 7. Residual Distribution of the Best
Machine Learning Model. (Developed By
Authors)

One possible explanation for the relatively
favorable performance of Ridge regression is that
regularization stabilizes the estimated relationships
among correlated macroeconomic predictors. A
comparatively parsimonious linear structure may also
generalize more reliably when the panel contains many
countries but only a limited number of annual periods.

The higher test RMSE values of the two tree-
based models do not, by themselves, prove that these
models overfitted noise. Establishing overfitting would
require training and validation results or additional
robustness analysis. Their results show only that, under
the retained specifications, the additional flexibility of
the tree-based models did not produce lower test-period
RMSE than Ridge regression.

Overall, the results in this subsection show that
Ridge regression provides the lowest observed RMSE
among the models using the common one-year lag
specification. This conclusion is specific to theretained
dataset, predictors, preprocessing decisions, model
settings, and 20222023 test period.

4.3 Deep Learning—Style Model Results

Table 4 reports the results for AdaBoost and the
Multi-Layer Perceptron. AdaBoost is a classical
boosting-based ensemble machine-learning method,
whereas the MLP is the neural-network model included
in the analysis. AdaBoost should therefore not be
classified as a deep-learning model.

AdaBoost, using decision trees with a maximum
depth of three, records an RMSE of 7.13. The MLP, with
hidden layers containing 128 and 64 units, records an
RMSE of 8.12. Thus, AdaBoost has a test RMSE that is
0.99 points lower than that of the MLP. This difference
provides a descriptive comparison between the two
retained implementations and should not be interpreted

- . ; o

as evidence about boosting and neural networks in
general.

Table 4. Deep Learning—Style Model
Results(computed by Authors)
Model RMSE
AdaBoost (tree depth=3) 7.13
MLP (128, 64) 8.12

Figure 8 compares the observed GDP-growth outcomes
with the AdaBoost predictions. The predictions are
concentrated around the central part of the observed
distribution, while the model has greater difficulty
reproducing extreme contractions and expansions. This
pattern is consistent with the challenge of forecasting
infrequent macroeconomic shocks from annual lagged
indicators.

Figure 8 (DL). Actual vs Predicted GDP Growth (Best DL: DL Model A MLP(128,64))

(]

40

204

Predicted GDP Growth

T T T
-20 0 20 40 60 80
Actual GDP Growth

Figure 8. Actual versus Predicted GDP Growth
for the Best Deep Learning—Style Model.
(Developed By Authors)

Figure 9 presents the distribution of AdaBoost forecast
residuals. The residuals appear to be centered close to
zero but display relatively heavy tails, indicating the
presence of several large forecast errors. As with Ridge
regression, the largest errors are likely associated with
observations that differ substantially from the more
common growth outcomes in the sample.
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Figure 9 (DL). Residual Distribution (Best DL: DL_Model A MLP(128,64))
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Figure 9. Residual Distribution of the Best Deep
Learning—Style Model. (Developed By Authors)

The lower observed RMSE of AdaBoost relative
to the MLP may reflect differences in how the two
models respond to the available sample structure.
AdaBoost combines shallow trees sequentially, whereas
the MLP estimates a more highly parameterized
nonlinear mapping. The panel contains a relatively large
number of country—year observations but only a short
annual time dimension. This structure may limit the
MLP’s ability to learn stable temporal relationships.

Nevertheless, the available evidence does not
demonstrate that the MLP overfitted the training data
because training and validation losses are not reported.
Differences in  hyperparameters, optimization,
regularization, and model implementation could also
contribute to its observed performance. The reported
result therefore concerns the particular MLP
specification used in this study and does not establish
that neural networks generally perform poorly in
macroeconomic forecasting.

Across the five evaluated models, the observed
RMSE ranking is Ridge regression at 5.50, Histogram-
Based Gradient Boosting at 6.28, Random Forest at
6.75, AdaBoost at 7.13, and the MLP at 8.12. Ridge
regression therefore records the lowest observed test
RMSE, while the MLP records the highest.

This overall ranking must be interpreted
cautiously because the models do not all use identical
information sets. Ridge regression, Random Forest, and
Histogram-Based Gradient Boosting use one-year lags,
whereas AdaBoost and the MLP use lag windows of one
tothree years. Differences in RMSE across these groups
consequently reflect both the modeling algorithms and
their respective feature sets. The comparison does not
isolate the effect of algorithm choice alone.

The forecast evaluation also does not include a
historical-mean forecast, lagged-growth forecast, or
another naive benchmark. It is therefore possible to
compare the five retained models with one another, but
it is not possible to determine whether they improve
upon a simple macroeconomic forecasting rule. This

omission should be addressed in future work when the
data and code are available.

Formal uncertainty estimates and predictive-
accuracy tests are not reported. The test period covers
only two annual forecast dates, 2022 and 2023, even
though it contains multiple country observations. This
short time dimension makes conventional forecast-
comparison tests difficult to justify. Accordingly, terms
such as “lowest observed RMSE” and “better
descriptive performance” are used instead of claims of
statistically significant superiority.

Taken together, the results indicate that greater
model complexity did not correspond to lower forecast
errors in this particular application. A possible
interpretation is that regularization and parsimony are
beneficial when annual macroeconomic relationships
are noisy and the time dimension is short. However, the
findings do not demonstrate that Ridge regression
generally dominates tree-based, boosting, or neural-
network methods. They apply only to the present
country-level panel, predictor set, lag specifications,
retained model implementations, and 2022-2023
evaluation period.

5. Conclusion and Future Research

This study compared regularized linear, tree-
based, boosting, and neural-network approaches for
forecasting annual country-level GDP growth. The
analysis used an unbalanced macroeconomic panel
covering 213 countries from 2010 to 2023. To
preserve the forecasting sequence, observations
from 2010-2021 were used for training, while
observations from 2022-2023 were reserved for
out-of-sample evaluation.

Among the five evaluated models, Ridge
regression recorded the lowest observed out-of-
sample RMSE at 5.50. It was followed by
Histogram-Based Gradient Boosting at 6.28,
Random Forest at 6.75, AdaBoost at 7.13, and the
Multi-Layer Perceptron at 8.12. These results
indicate that greater model complexity did not
correspond to lower forecast errors in this particular
application. ~The  comparatively favorable
performance of Ridge regression is consistent with
the potential value of regularization and model
parsimony when macroeconomic predictors are
correlated, annual time-series histories are short,
and economic outcomes are affected by large and
infrequent shocks.

The study also clarifies the methodological
classification of the models. Ridge regression is a
regularized linear model;, Random Forest,
Histogram-Based  Gradient  Boosting, and
AdaBoost are conventional ensemble machine-
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learning methods; and the MLP is the neural-
network component of the comparison. In
particular, AdaBoost is not classified as a deep-
learning method. No recurrent neural network or
Long Short-Term Memory model was estimated.

The findings should be interpreted
descriptively rather than as evidence of statistically
significant superiority. The evaluation period
contains only two annual forecast dates, making
conventional time-series tests of predictive
accuracy difficult to justify. Furthermore, Ridge
regression, Random Forest, and Histogram-Based
Gradient Boosting used one-year lags, whereas
AdaBoost and the MLP used lag windows of one to
three years. Comparisons across these groups
therefore reflect differences in both the learning
algorithms and their information sets. The study
does not isolate the effect of model choice under a
completely identical feature specification.

Several additional limitations should be
recognized. First, the evaluation does not include a
historical-mean forecast, a lagged-GDP-growth
forecast, or another naive benchmark. The reported
results consequently establish a ranking among the
five evaluated models but do not demonstrate that
these models improve upon simple forecasting
rules. Second, the original data-processing and
estimation code were unavailable during revision.
Complete data-provenance records, preprocessing
verification, software versions, random seeds, and
several model hyperparameters could therefore not
be reconstructed. Third, the use of country-specific
and overall median imputation may reduce genuine
variation in variables with substantial missingness.
It was also not possible to verify retrospectively
whether every imputation statistic had been
estimated exclusively from the training period.
Fourth, GDP per capita was measured in current US
dollars and was not logarithmically transformed
despite its highly skewed distribution. Finally, the
sample includes the unusual COVID-19 contraction
and recovery, which may have had a substantial
influence on the model rankings.

Future research should re-estimate all models
using an identical lagged information set. A
common-lag specification would provide a more
controlled comparison of the forecasting
algorithms, while separate lag-window robustness
checks could evaluate the value of additional
temporal information. Future studies should also
include simple benchmarks, such as the historical
mean and lagged GDP growth, to determine

whether more complex methods provide
incremental forecasting value.

A longer evaluation period with rolling or
expanding-window forecasts would permit a more
reliable assessment of performance across different
economic conditions. With a sufficient number of
forecast dates, future research could report
confidence intervals, forecast-error uncertainty, and
appropriate  tests of predictive accuracy.
Performance could also be examined separately
across income groups, geographical regions, crisis
and non-crisis periods, and countries with different
levels of data availability.

Data preparation could be strengthened by
obtaining all indicators directly from their original
providers, reporting the relevant indicator codes
and extraction dates, retaining a transparent
duplicate-resolution procedure, and estimating all
imputation and scaling parameters exclusively from
each training window. Robustness analyses could
consider logarithmic GDP per capita, alternative
missing-data methods, outlier-sensitive and outlier-
robust evaluation measures, and additional
predictors representing institutional, financial,
trade, and political conditions.

Future neural-network research should report
complete architectural, optimization,
regularization, and early-stopping settings.
Recurrent or sequence-based models, including
LSTM networks, could be examined if longer time
series or higher-frequency data become available.
Their inclusion should be based on an appropriate
data structure rather than an assumption that greater
architectural complexity necessarily produces
better forecasts.

Overall, the study provides evidence that a
comparatively simple regularized linear model can
produce competitive country-level annual GDP-
growth forecasts under a disciplined chronological
evaluation. However, the result is specific to the
present panel, predictor set, feature construction,
model implementations, and 2022-2023 test
period. It should not be interpreted as
demonstrating that Ridge regression generally
dominates ensemble learning or neural networks in
macroeconomic forecasting.
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