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Abstract

Forecasting annual GDP growth across a large set of economies remains
difficult because the data combine structural differences, uneven reporting
and occasional shocks of exceptional size. We compare linear regression,
random forest, XGBoost, Light GBM and CatBoost using 3,472 country-
year records for 217 economies and territories over 2010-2025. The
workflow  includes indicators, median  imputation,
winsorisation, robust scaling, lagged wvariables and country and year
encodings, followed by a chronological holdout. All five models produce a
negative outoftime RZ LightGBM is closest to the holdout-mean
benchmark at -0.0076, whereas linear regression records -0.7106. The tree
ensembles nonetheless improve markedly on the linear model. Light GBM
reduces RMSE by 23.25%, CatBoost reduces MAE by 44.37%, and
random forest achieves the highest reported sign agreement at 95.08%.
That sign result should be interpreted cautiously. The available outputs do
not include the class balance, a majoritysign or persistence benchmark,
paired  forecast country-clustered
uncertainty. Model explanations are similarly sensitive to the diagnostic
used: split importance gives greatest weight to lagged GDP growth, while
mean absolute SHAP values emphasise GDP-per-capita variables and the
year code. The evidence therefore favours nonlinear ensembles over the
fitted linear specification, but it does not establish superior point
forecasting, a wvalidated recession-warning rule or causal macroeconomic
effects.

missingness

errors, rollingorigin  estimates or

1.0 Introduction

Annual GDP growth enters fiscal plans,
monetary-policy  discussions,  sovereign-risk
assessments and private investment decisions.
Yet it is a difficult quantity to predict across
countries. National accounts are revised,
publication calendars differ, and crises can
break relationships that appeared stable in
earlier years. Structural models remain useful
because their assumptions are explicit [1,2],

while forecast pooling can protect against some
forms of model instability [3]. Datarich
nowcasting and time-varying parameter models
address other parts of the problem, although
neither eliminates sensitivity to the information
set and evaluation period [4,5]. Machine
learning offers a different compromise between
structure and flexibility. Random forests
average many decorrelated trees [6,7], and
boosting methods build nonlinear predictors
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sequentially [8]. XGBoost, LightGBM and
CatBoost extend that idea with efficient
optimisation and, in CatBoost's case,
specialised treatment of categorical information
[9-11]. Such flexibility is useful only when the
validation design resembles the intended
application. Chronological separation and
forecast-origin information sets are
indispensable; otherwise, revised or
contemporaneous variables can make a
retrospective exercise look like a genuine
forecast [12,13]. These design choices matter
especially in policy settings, where models are
often used to complement rather than replace
established analysis [14]. Three concerns are
central here. Several regressors are measured in
the same year as GDP growth, so the exercise is
better described as out-oftime prediction or
retrospective nowcasting unless their release
dates are shown to precede the target. A high
sign-hit rate may also arise when expansions
dominate the holdout. Finally, feature-
attribution plots describe a fitted function;
without additional assumptions, they do not
identify structural economic effects [15-17].
Against that background, the paper compares
four tree ensembles with linear regression on a
common chronological holdout. It examines
whether pointerror and sign metrics lead to the
same model choice and rereads the published
explanation plots without assigning them a
causal meaning. The revision also extracts a
small set of additional, fully reproducible
quantities from the reported table: approximate
sign counts, descriptive Wilson intervals, the
implied mean-benchmark RMSE and error
reductions relative to linear regression. No
model is retrained for these calculations.

2.0 Related Work

Large macroeconomic databases have led to
frequent employment of a relatively new range
of techniques involving regularization and
nonlinear forecasting [18-20]. These data sets
enable the juxtaposition of both fiscal and
financial indicators, as well as to demographic
and institutional indicators, but also raise the
possibility of overfitting and unstable variable
selection. Therefore, regularization is of great

importance as it is used to reduce the
complexity of the model and prevents the
impact of insignificant/exploratory predictors.
However, as noted in the literature, machine
learning should not be seen as a single tool but
also as the thought that the more complex the
model, the better the predictions will be [21].
Algorithms have varying assumptions, noise
sensitivities and are of  different
representational capacity for interactions. In
some cases, a dense predictor set can also be
perceived as a sparse predictor set given a
specific sample. A dense predictor set can also
seem like a sparse predictor set in a specific
sample even though the underlying economic
signal exists, but isn't common across multiple
related predictors. [22] Therefore, by choosing
one factor and leaving out a second factor, it is
not concluded that the second is an
economically unimportant factor. The chosen
variable can only be considered as reflecting a
wider (macro-economic) process.

This current result also replicates what macro-
economic applications suggest: most often the
fact that improvements in the forecast come
not from one particular software library or
algorithm, but because the result should be in
the  form and proper
transformations and regularization procedures
[23]. The links of these properties to GDP
growth are that effects of investment,
government  expenditures financial
conditions can vary with economic states.
Nonlinearities and interactions can be modeled

of nonlinearities

and

by random forests without a need to specify
them ahead, which has led to adaptation to
macroeconomic forecasting [24]. But the more
flexible they are, the greater the risk of needing
to properly validate it as they may learn
shortcuts and/or some permanent country
differences. Model rankings can also be altered
depending on the forecast horizon and the
transformation and test period of the inflation
data [25]. The model that works well when the
economic situation is stable may not be as
effective in times of crisis and big policy shifts.
The use of predictive superiority must hence be
qualified not to suggest general statements, but
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to indicate the sample design and the
evaluation time.

Observations cannot be lumped
together from different cross-country panels.
What measurements are taken from the same
economy are also serially related and economies
in the same year may be impacted by similar
global events. This structure can be included in
country and year terms, but note that integer
country codes in a tree model are not the same
as econometric fixed effects [26]. As a data
structure of these codes is used as a predictor in
tree-based models, it can create economically
uninterpretable numeric partitions. They
should therefore be seen as predictive rather
than as structure, and they don't necessarily
have to be liked. Evaluation should also be
based on not just on
improvement compared to a fitted linear
model, but on improvement over simple
heuristic models like the historical mean or
persistence/prevailing sign. A more
sophisticated model could fare better than a

simply

improvement,

regression, but not substantially gain any
advantage these practical standards.
Forecast tests, where the forecast
difference is measured on both directions, can
be used to check systematic forecast loss
differences and direction tests can guess the
direction of the forecast loss more successfully
than the benchmark [27,28]. It is better to take
and the
direction of the errors when judging the
performance of a forecast.

SHAP decomposes an individual prediction
into the sum of the contributions of each

over
loss's

into account both the amount

in a tree ensemble and can be
computed efficiently [29,30]. It
variables that are most important to the
predictions that are made and indicate how
much that variable contributes to those
predictions from one observation to the next.
Partial dependence, on the other hand, refers
to the average fitted response when one
predictor is varied. Both approaches are
descriptive in nature and should be used with
due caution in some instances where the
predictors are correlated. Redistribution of
SHAP contributions across similar attributes

feature
can find

and evaluations of unrealistic combinations of
attributes. The effects are more likely to be
stable in accumulated local effects since they
consider only changes that have taken place in
the areas for which predictors have been
observed.  All  these  procedures are
observational methods that do not prevent any
cause/effect. For a causal interpretation,
assumptions need to be made about the
absence of confounding, the simultaneity
effect, and identification—assumptions not
provided by the prediction model itself [17].

3.0 Methodology

3.1 Research design and scope

We frame the supervised
regression comparison with a chronological
holdout. Each row represents an economy in a
calendar year, and every model is fitted to the
same engineered feature matrix. Because the
predictor list contains
macroeconomic variables and no release-vintage
table is available, the empirical target is out-of-

analysis as a

same-year

time predictive association rather than a
verified one-year-ahead real-time forecast.

3.2 Data source and analytical sample

The processed file, world_bank_data_2025.csv,
from World
Development Indicators. It contains 3,472
rows: 217 economies and territories observed
on a l6year grid from 2010 through 2025.
Since 217 x 16 equals 3,472, the row grid is
balanced; missingness occurs within indicator
fields rather than through absent country-year
rows. GDP growth (annual %) is the response.
Fifteen initial predictors cover nominal output
and income, GDP per capita, consumer-price
and GDP-deflator inflation, public debt,
government revenue and expense, the current-
account balance and unemployment. The
World Bank GDP-growth series combines
national and international statistical sources
and is distributed under a CC BY 4.0 licence
[31].

is described as an extract

3.3 Preprocessing and feature construction
Preprocessing proceeds in a fixed sequence.
Variables with more than 50% missing values
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are removed, after which missingness indicators
are created for retained fields. Country
medians provide the first imputation level and
a global median is used when an economy has
no observed value for a feature. Continuous
predictors are winsorised at the Ist and 99th
percentiles, highly skewed size variables receive
a loglp transformation, and selected indicators
are lagged by one year. GDP growth is also
lagged. Country and year codes complete the
feature set. The modelling pipeline applies
median imputation and RobustScaler to the
resulting matrix.

A wvalid replication must estimate medians,
winsorisation cut-offs, scaling parameters and
any data-driven transformation choices on the
training period alone, then apply them
unchanged to the holdout. The material
available for this review does not contain an
execution log that confirms the fitting scope of
each transformation. The results should
therefore be read with this reproducibility
limitation in mind.

3.4 Temporal split and information set
Observations are ordered by year and split at
the 80th percentile of the timeline. The panel
dimensions reported percentages  are
consistent with a final three-year block of 651
rows and an earlier block of 2,821 rows,
although the exact row-level split should be
confirmed from code. The reported evaluation
uses this single holdout rather than random k-
fold resampling. Consequently, the estimates
describe one recent period and do not reveal
how rankings change across alternative forecast
origins.

and

3.5 Models

Five regressors are compared using fixed

specifications drawn from the reported analysis:

e Linear regression: an  unregularised
parametric baseline.

e Random forest: 500 trees, maximum depth
8, minimum 5 observations per leaf and
random_state = 42.[6,7]

e  XGBoost: 500 estimators, learning rate
0.03, maximum depth 4, row subsampling

0.80, column subsampling 0.80 and
random_state = 42. [9]

e LightGBM: 500 estimators, learning rate
0.03, maximum depth 4 and
random_state = 42.[10]

e CatBoost: 500 iterations, depth 6, learning
rate 0.03 and random_seed = 42. [11]

No training-only tuning protocol is reported, so
the settings are treated as fixed model
specifications rather than as the outcome of an
unbiased hyperparameter search. Country and
year codes are predictive encodings; they should
not be interpreted as evidence that econometric
fixed effects have been identified.

3.6 Evaluation metrics

The accuracy of the points is expressed in
RMSE, MAE and R2 Here R2 measures
squared error against prediction using the
'holdout mean', which if negative will indicate
that the "fitted" model does worse. The MAPE
is retained to represent the original analysis and
is represented as a percentage, not a ratio. Since
the annual gdp growth could be null, near null
or even negative, MAPE may be unstable and
should not be used alone to rank the models
[32]. The accuracy of direction shows
percentage of the rows where the direction of
the prediction growth rate and the actual
growth rate were the same.

3.7 Secondary -calculations from reported
outputs

The secondary analysis is based only on Table 1
and an assumed number of holdouts of 651.
Sign percentages are reported in a roundabout
fashion for the nearest possible integer count,
then mapped to Wilson intervals, which are
then compared to linear regression to derive
RMSE, MAE and directional-error reductions.
These intervals are descriptive in nature, and
do not take into account dependence within
and within years. A small
inconsistancy is preserved  transparently:
93.54%, for CatBoost maps it's about 609
correct signs, but 609/651 is rounded to
93.55%. The result indicates truncation which

countries

could be due to a different effective
denominator, or to a reportingrounding
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problem in the source output. This would only
be resolved at an observation level. These
comparisons are not an experiment to remove
features but one of a “model family”
comparison.

3.8 Explainability analysis

The LightGBM diagnostics comprise split-based
importance, mean absolute SHAP values and
partial-dependence curves for lagged GDP
growth and the current-account balance. These
measures will address different questions and
do not necessarily have to produce the same
ranking. Therefore we use the terms views of
the fitted model, and not elasticities or causal
effects.

4.0 Results

4.1 Comparative performance of machine
learning models

All models’ predictive performance presented
in Table 1. The analysis of the results shows
that the nonlinear ensemble models in general
give better results than the linear regression
models when tested with all metrics. Overall, of
the tested solutions, LightGBM showed the

best performance in the squared-error category

with the smallest RMSE (3.6398) and R?
(3.6398) closest to 1 (least negative RZ
(—0.0076)). CatBoost had the smallest MAE
(1.6496)). The highest Directional accuracy of
95.08% was obtained by using Random Forest,
which has better performance in determining
changes in the GDP growth direction.

All four models showed negative OUT-of-Time
R? which suggests that none of the models
performed better than from this holdout mean
benchmark under squared error evaluation.
The result sheds light on the challenge of
modelling cross-country GDP growth with
typical models being based on structural
heterogeneity and high economic volatility,
decreasing the models' ability to predict growth
magnitude correctly.

The significantly lower regression R* = —0.7106
and RMSE = 4.7425 also supports results from
linear regression as linear relationships are not
sufficient to capture the non-linear nature of
GDP growth dynamics. The ensemble models
showed minor advantage in
performance, indicating however that it is
mainly due to the use of nonlinear learning
models instead of a given boosting or tree-based
one.

only a

Table 1. Comparative performance of machine learning models for out-of-time GDP growth

prediction.
Model R2 RMSE MAE MAPE (%) Directional accuracy (%)
LigchtGBM -0.0076 3.6398 1.7473 132.77 94.62
CatBoost -0.0093 3.6428 1.6496 118.63 93.54
Random Forest 0.0171 3.6569 1.7818 133.88 95.08
XGBoost 0.0521 3.7193 1.8260 132.55 92.78
Linear regression | -0.7106 | 4.7425 2.9655 148.95 74.65

4.2 Directional accuracy and prediction
reliability

The direction of the prediction results are also
displayed on Figure 1. The ensemble models
outperformed the linear regression model
significantly with Random Forest model giving
the maximum sign accuracy of 95.08%,
followed by LightGBM model with 94.62%,
CatBoost model with 93.54% and XGBoost

model with 92.78%. A linear regression made a

correct growth direction classification of only
74.65%. The directional accuracy is high
showing a good fit of the imagery of the broad
expansion and contraction patterns of the GDP
series, captured by the nonlinear models.
However, the interpretation of directional
profile need to be taken with caution as sign
prediction does not consider the amplitude of
the forecasts.
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Linear regression

74.65% (~486/651)

XGBoost

———— 92.78% (~604/651)

Random Forest

CatBoost

LightGBM

95.08% (~619/651)

93.54% (~609/651)

94.62% (~616/651)

70 75 80

85 90 95 100

Directional accuracy (%)

Figure 1. Directional accuracy comparison with descriptive confidence intervals.

A model can accurately signal a period of
positive growth, but at the same time seriously
misjudge the magnitude of an economic
expansion or contraction. Moreover, the
uncertainty intervals overlap among ensembles
(see Figure 1), which further indicates limited
differences between the ensemble models.
Thus, the results give evidence for the
performance of nonlinear methods of better
performance than linear regression for
directional classification; however, they can not
give strong evidence in favor of the superiority
of one ensemble method over the others.

4.3 Relative improvement of nonlinear
models over linear regression

Table 2 shows the relative improvements made
by each of the ensemble models over linear
regression, while the relative improvements are
displayed in Figure 2. All non-linear methods
resulted in meaningful decreases in errors of
prediction. LightGBM gave the biggest

reduction (23.25%) in the RMSE while
CatBoost gave maximum reduction (44.37%)
in the MAE. The highest percentage of
reduction in the magnitude of directional error
was obtained from Random Forest with a value
of 80.59%.

The fact that the results achieved by the
nonlinear models are better than those
obtained by the linear models in the
exploitation of the relationships between the
macroeconomic indicators indicates that these
models represent a more suitable approach for
relationships among variables that are not
necessarily  orthogonal. The relationships
between the macroeconomic indicators and the
target GDP growth depend on the state of the
growth rates, so they are not required to be
orthogonal, as the linear models would have
suggested. The differences between ensemble
models, however, are not that significant,
suggesting it is not an algorithm that matters as
much, but moving beyond linear modelling.

Table 2. Relative improvement of nonlinear models compared with linear regression.

. 95% RMSE MAE S
Approximate .. ) ) Directional-error
Model . descriptive reduction reduction S
correct signs . o o reduction (%)
interval (%) (%)
Light GBM ~616/651 92.6196.11% 23.25 41.08 78.78
CatBoost ~609/651 91.39-95.19% 23.19 44.37 74.52
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Random ~619/651 93.14-96.50% 22.89 39.92 80.59
Forest
XGBoost ~604/651 90.53-94.53% 21.58 38.43 71.52
Lmea}r T486/651 71.17-77.84% Reference Reference Reference
regression
90 -
[ RMSE reduction I MAE reduction [ Directional-error reduction
80 788 80.6

Reduction relative to linear regression (%)

LightGBM CatBoost

74.5

Random Forest XGBoost

Figure 2. Reduction in RMSE, MAE, and directional error relative to linear regression.

4.4  Prediction
characteristics

In Figure 3, the results of the relationship
between observed and predicted GDP growth is
shown. Model predictions focus on moderate
growth values, and with limited spreads from
actual results. This suggests that the models
reflect general economic features and are not
very sensitive to and explanatory of extreme
GDP turns. This behaviour is seen in the
residual distribution of Figure 4. Prediction
errors are clustered near zero, but with long

behavior and residual

tails, meaning that there are often large errors
related to very unusual economic events. For
most of these errors, they are extreme errors,
and these extreme errors are part of why we
have these large negative R? values in Table 1:
squared-error measures do penalize large
forecasting errors very heavily. Overall,
conclusions suggest an improvement in the
average prediction of the ensemble models
while also noting that they fall short in the
prediction of rare macroeconomic shocks and
even country-specific disruptions.
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Figure 3. Observed versus predicted GDP growth values.
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Figure 4. Distribution of prediction errors.

4.5 Explainable Al analysis of influential
predictors

Figure 5 and Figure 6 show result of analyzing
Feature importance for LightGBM. In fact,
lagged GDP growth was shown to be the most
important indicator, followed by current
account balance and inflation related indicators
in the splitbased importance analysis. It

prior performance of the
economy and the external environment are
good predictors of GDP growth. The ranking
by SHAP, however, is different, showing that
the sensible people with the highest average
contribution are factors related to GDP per
capita and information of the year. These two
methods highlight the differences between

indicates that
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methodologies and the importance should not
be used to rank economics as this is not a final
rule. Based on the results, forecasting of GDP
growth is based on both historical persistence
and level of development together with

GDP_growth_lagl
Current_Account_Balance_pct GDP
Inflation_GDP_Deflator_pct

year

GDP_per_Capita_Current_USD
GDP_per_Capita_Current_USD_lagl
Current_Account_Balance_pct_GDP_lagl
Inflation_CPI_pct_lagl

Inflation_CPI_pct

Economic Variables

Unemployment_Rate_pct
GDP_Current_USD
Government_Expense_pct_of_GDP
Unemployment_Rate_pct_lagl
Government_Revenue_pct_of GDP

country_effect

macroeconomic conditions, and no single
factor is more significant. These explanations
refer to model behavior and are not causal
explanations.

520

200 300 400 500
Importance

Figure 5. LightGBM split-based feature importance.

GDP_per_Capita_Current_USD_lagl
GDP_per_Capita_Current_USD

year

GDP_growth_lagl

Unemplayment_Rate_pct
Government_Expense_pct_of GDP
Current_Account_Balance_pct_GDP_missing
Inflation_CPI_pet_lagl
Inflation_GDP_Deflator_pct
Unemployment_Rate_pct_lagl
Inflation_CPI_pct

GDP_Current_USD
Current_Account_Balance_pct_GDP_lagl
Current_Account_Balance_pct_GDP
Government_Revenue_pct_of GDP
country_effect
Gross_National_Income_USD
Inflation_CPI_pct_missing
Tax_Revenue_pct_of GDP

Government_Revenue_pct_of_GDPF_missing

0.00 0.25

0.75 1.00 1.25 1.50 1.75
mean{|SHAP value|) (average impact on model output magnitude)

Figure 6. Mean absolute SHAP feature importance.

4.6 Nonlinear response patterns of key
predictors

The partial dependence plots in Figures 7 and 8
show a non-linear relationship between some of
the predictors and the predicted growth in
GDP. The response curve for lagged GDP

growth shows threshold-like changes, indicating
the model does not imply a constant marginal
effect of the GDP growth. The same holds true
for the currentaccount balance relationship
where predicted GDP growth is found to have a
nonlinear relationship. The patterns seem to

https://jssstudies.org

| Shakoor et al., 2026 |

Page 390



JOURNAL FOR SOCIAL SCIENCE STUDIES

An International Peer-Reviewed Open Access Jowrnal

ISSN (Online): 3006-2071

ISSN (Print): 3006-2063

Volume 4 ¢ Issue 5 ® September 2026

reflect the capacity of tree-based models to
capture interactions and discontinuities in the
economic relationships. But these curves are
modelling behavior, not structural effects. The

thresholds that were observed were not
necessarily economic turning points, but were
related to the spread of data, country difference

or tree partitioning.

4.41
=
E
3 421
L
o
5
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=)
=
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Figure 7. Partial dependence of predicted GDP growth on lagged GDP growth.
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Figure 8. Partial dependence of predicted GDP growth on current-account balance.

4.7 Cross-country variation in prediction
errors

Figure 9 shows the distribution of the
respective prediction errors obtained with
respect to country. However, there are

significant differences between the economic
prediction errors of all the economies, with
Macao SAR having the greatest average error of

all the countries shown. The prediction
uncertainty is also high for a couple of smaller
and less-stable economies. This heterogeneity
identifies a major weakness of global GDP
modelling: the same modelling framework can
work differently in economies that have
different structural properties, have more or

less data and are differently exposed to shocks.
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Country-specific  calibration,  hierarchical

modelling and uncertainty-aware forecasting

method shall be explored in future studies.

Macao SAR, China
Timor-Leste
Guyana

Sudan
Afghanistan

Libya

South Sudan
Ireland

Marshall Islands

Country

Iraq

Sri Lanka
Palau
Estonia

Kuwait

West Bank and Gaza
0 5

10 15 20

Average Prediction Error

Figure 9. Countries with highest average prediction errors.

5.0 Discussion

5.1 Nonlinear machine learning improves
GDP growth modelling but does not
guarantee superior forecasting

The results show that nonlinear models of the
ensemble of models are able to offer significant
improvement in predicting cross-country GDP
growth when compared to linear regression.
The results show that LightGBM, CatBoost,
Random Forest, and XGBoost models have
lower performance on the RMSE, MAE, and
directional error scores, suggesting that these
models better capture complex interaction
between the various macroeconomic variables.
These findings are found to be consistent with
the situations of nonlinearity, country
heterogeneity, and interaction effects which are
hard to capture with the conventional linear
specifications of economic growth dynamics.
The negative R? values for all models however,
suggest that better relative performance does
not lead to good out-of-time forecasting skills.
The LightGBM model, which has achieved
great success using squared error metric, still
lagged slightly behind the holdout mean metric.

This is a major difference between comparing
models and forecasting them absolutely. Yet,
the ensemble models performed better than the
linear regression has been predicting growth in
GDP but it is still uncertain. Thus, rather than
replacing the traditional frameworks of
forecasting, machine learning is helping bring
the nonlinear patterns out of large
macroeconomic datasets.

5.2 Directional
forecasting reveal different aspects of model
performance

One of the findings of this study is that while
there is a significant difference between the
accuracy of numerical prediction and the
accuracy of directional accuracy. Random
Forest achieved the best prediction of 'sign?
(95.08%) and LightGBM attained the best
RMSE score. The difference represents an
example of the fact that a valuation's absolute
level does not necessarily follow from its

accuracy and numerical

direction of movement.
This behaviour is understandable from the
figure of prediction compression that is
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observed in Figure 3. The models are expected
to be more accurate around average economic
conditions - setting the correct sign is more
important during normal economic expansion
periods, but is less useful to explain extreme
events. Likewise the residuals in Figure 4
indicate that growth variation, especially
extreme growth deviations, are hard to forecast
due to the clustering of large errors in the tails.
These results highlight the need to measure the
performance of GDP forecasting models by
several indicators. Directional accuracy might
be considered for any economic indicator
where having a rough idea of a trend is
sufficient; however, RMSE and MAE are still
necessary metrics for applications that need
close quantitative forecasts.

5.3 Explainable Al reveals predictive signals
rather than causal economic mechanisms

The explainability analysis gives them an insight
into how the LightGBM model makes its
predictions but does not provide any evidence
of causal economic relationships. Lagged GDP
growth, currentaccount indicators, inflation
measures and income related variables were
found to be important predictors in the feature
importance analysis. The results confirm that
historical conditions/structural
development characteristics carry information
that can be useful for forecasting subsequent
structural growth.

Importance and SHAP values, however, show
that interpretation is highly dependent on the
choice of explanation method used, which is
why it is important to compare split-based
importance with SHAP scores. With lagged
GDP growth, the dominant importance factors
are the tree-based ones, whereas the importance
factors for the GDP per capita variables and
year-related effects are highlighted by SHAP.
This difference may be due to the correlations
between the so called macroeconomic
indicators, and the various ways in which the
importance was being quantified. This means
that the use of explainable Al techniques as
diagnostics for understanding model behavior
should be taken as a snapshot of model
behavior, and not as proof of economic drivers.

economic

This  study suggested an  economic
interpretation, which would need further
identification techniques, causal models, and
robustness analyses.

5.4 Implications for global GDP monitoring
and future research

Not only is the analytical framework of
nonlinear ensemble models valuable in
studying the global GDP growth rate, but the
results also indicate that it is the use of multiple
interacting indicators within the datasets,
combined with the diverse economies within
the essentials, that renders the use of such a
framework worthwhile. The improvement over
repeated results is
sufficient for testing the application of flexible
machine learning tools as exploratory tools for
monitoring and comparative power parameters
in macroeconomics.

However, there are a number of enhancements
needed before such models can be used in a
predictive forecasting system. Future studies

linear regression over

should include real time vintages of data to
mitigate availability
perform model performance comparisons to
naive forecasts, such as historical persistence
and mean forecasts, and assess models on
several rolling forecast origins. Furthermore,
the results could be enhanced by conducting
country-specific uncertainty analysis and by
employing hierarchical modelling for some
economies that do not have large amounts of
data and/or have a high degree of volatility.

In all, this research shows that relationship of
the GDP between countries is nonlinear, which
can be captured by the machine learning
ensembles, but only when it is properly
validated and interpreted. Overall, the evidence
does not support the use of machine learning
as an alternative to more traditional
macroeconomic  forecasting methods, but
rather as a complementary method.

information concerns,

5.5 Limitations

o The evaluation uses one chronological
holdout, so model rankings may be period-
specific.
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e Same-year predictors and undocumented predictions; however, these relationships
release dates prevent a verified real-time represent predictive associations rather than
forecasting interpretation. causal effects. Overall, machine learning

o The preprocessing fit scope cannot be
independently checked from the supplied
manuscript and images.

e No naive mean, persistence or majority-sign
results are reported alongside the fitted

models.

e  Observation-level predictions are
unavailable, preventing paired accuracy
tests, clustered bootstrap  intervals,
calibration analysis and error
decomposition by year.

e MAPE is unstable near zero and for
negative growth, reducing its usefulness for
annual GDP changes.

e Country and year integer encodings are
predictive proxies, not equivalent to
econometric fixed effects.

e Featureattribution results are sensitive to
correlated predictors and the selected
explanation method.

e The inclusion of 2025 requires a clear data-
extraction date and distinction between
observed values, provisional estimates and
missing entries.

6.0 Conclusion
This study demonstrates that nonlinear tree-
based ensembles provide superior predictive
performance compared with linear regression
for modelling global GDP growth dynamics.
The ensemble models captured
nonlinear relationships within macroeconomic
indicators, achieving substantial improvements
in RMSE, MAE, and directional error
reduction. However, the negative out-of-time R2
values indicate that improved model fit relative
to linear regression does not necessarily imply
superior forecasting beyond simple
benchmarks. The findings highlight the
importance of multi-dimensional evaluation, as
directional accuracy and numerical prediction
performance capture different aspects of
forecasting ability. Explainable Al analysis
further reveals that historical growth, income-
related  indicators, and
conditions  contribute

complex

macroeconomic

strongly to model

ensembles provide a valuable framework for
extracting nonlinear patterns from cross-
country macroeconomic data, but their
application  requires  robust  validation,
appropriate  benchmarks, and  careful
interpretation. Future research should focus on
real-time forecasting designs, uncertainty
estimation, and country-specific modelling
approaches to enhance the reliability of GDP
growth prediction systems.
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