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Abstract
The GWO-XGBoost model achieved an R² of 0.991 in Gross Domestic Product 
(GDP) prediction, exceeding all other machine learning models compared in 
this study. Thus, GWO-XGBoost provides a transparent and reliable decision-
making support system for all those who develop economic policies. Developing 
accurate macroeconomic predictions can assist in the advancement of sustainable 
development. However, the non-linear relationships among many macroeconomic 
variables, such as industrial production, governance, and demand, make it 
difficult to develop accurate and understandable predictions using conventional 
macroeconomic models. To address the limitations of these traditional models, we 
propose a hybrid explanatory model, GWO-XGBoost, that integrates the Grey Wolf 
Optimizer (GWO) with Extreme Gradient Boosting (XGBoost). This integrated model 
automatically tunes its hyperparameters. Monthly US data from 1996 to 2020 was 
utilized in the experiment. These data include: Government Effectiveness, Consumer 
Demand/Retail Sales, Industrial Production, Trade Balance, and Unemployment. The 
results of the SHapley Additive exPlanations (SHAP) analysis show that the two most 
significant factors influencing economic performance were consumer demand and 
government effectiveness. As a result of being both highly predictive and having 
clear feature attributions, the proposed hybrid explanatory model will be useful for 
all institutions involved in developing and implementing evidence-based planning 
processes that align with economic growth.

Keywords  Explainable AI, GWO–XGBoost, SHAP, GDP prediction, Institutional quality, 
Consumer demand

1  Introduction
Forecasts of national economic output guide fiscal policy, monetary decisions, and pri‑
vate investment. Accurate gross domestic product (GDP) projections allow governments 
to set budgetary priorities, adjust interest rates, and deploy counter‑cyclical measures 
during downturns [1]. They also allow firms to plan capital expenditures and employ‑
ment levels. A recent assessment of machine learning for GDP forecasting notes that 
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precise GDP projections can help governments and businesses allocate resources and 
implement timely interventions, and that these forecasts are vital [2].

Traditional econometric models, such as the seasonal autoregressive integrated mov‑
ing average (SARIMA) model, assume linearity and stationarity in the underlying pro‑
cesses [2, 3]. In complex economies, these assumptions often fail, limiting the usefulness 
of linear models when sudden shocks or structural shifts occur [2, 4, 5]. The rise of big 
data and real‑time analytics has expanded the sources of information available to fore‑
casters. New data streams, including real‑time financial transactions, provide granular 
signals that can improve predictions. Choi and Varian’s work demonstrated that this 
data could augment traditional economic indicators and improve GDP prediction [6]. 
Economic researchers have therefore begun to explore machine learning (ML) meth‑
ods capable of capturing nonlinear patterns and high‑dimensional interactions [2]. ML 
has transformed numerous domains by learning intricate patterns within the data and 
adjusting to varying conditions within the data.

In fields as diverse as healthcare, communications, agriculture, and transportation, ML 
has enabled better decision‑making and optimized resource use [2]. In economics, ML 
has been applied to forecast variables such as GDP and inflation, offering more flexible 
representations than conventional econometric models [2, 7]. Long short‑term memory 
(LSTM) networks, a class of recurrent neural networks, have been shown to outperform 
SARIMA on GDP forecasting tasks in both accuracy and ability to capture long‑term 
dependencies [2, 8, 9]. Other ML techniques, such as support vector machines (SVMs), 
Random Forests (RF), and Gradient Boosting (GB), have yielded performance gains over 
linear models in several studies [10]. However, adopting ML in macroeconomic con‑
texts introduces challenges. Models such as Extreme Gradient Boosting (XGBoost) offer 
high predictive accuracy and robustness to missing data and overfitting [11] but contain 
many hyperparameters that influence their behavior. Finding appropriate hyperparam‑
eter settings is laborious, and poor tuning can negate potential gains. Moreover, many 
ML models behave as black boxes, making it difficult for policymakers to trust their out‑
puts or understand which factors drive the forecasts.

Accurate forecasting also depends on recognizing institutional factors that shape eco‑
nomic performance. Governance quality is one such factor. The World Bank’s World‑
wide Governance Indicators (WGI) cover six dimensions of governance for over 200 
economies and emphasize that good governance fosters economic growth, builds human 
capital, and strengthens social cohesion [12]. Among these dimensions, government 
effectiveness captures perceptions of the quality of public services, the competence and 
independence of the civil service, the quality of policy formulation and implementation, 
and the credibility of the government’s commitment to those policies. Research indi‑
cates that institutions and governance affect long‑term growth by shaping incentives and 
promoting efficient divisions of labor. Efficient governments enhance market efficiency 
by enforcing property rights and complementing private-sector activities by directing 
resources and facilitating learning. Empirical evidence on the impact of government 
effectiveness on growth has been mixed, but recent analyses using dynamic panel meth‑
ods suggest that government effectiveness has a substantial positive effect on economic 
growth [13]. A study sub‑Saharan African countries found that higher government effec‑
tiveness contributed positively and significantly to economic growth [14]. Despite its 
potential importance, governance quality rarely appears as a feature in macroeconomic 
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forecasting models, leaving a gap in the integration of institutional variables with 
data‑driven forecasting methods.

The literature on macroeconomic forecasting has evolved from linear time‑series 
models to high‑dimensional, data‑driven techniques. Chi et al. emphasized three ideas: 
exploiting large datasets with regularization, rigorously evaluating models out-of-
sample, and allowing for nonlinearities [15]. Yet even with large datasets, linear mod‑
els remain constrained by their functional forms. When economic relationships are 
nonlinear or vary over time, linear models can underperform. Gradient boosting algo‑
rithms such as XGBOOST have become particularly attractive for economic forecast‑
ing. XGBOOST combines many weak learners (decision trees) in a boosting framework, 
employs regularization to control overfitting, and handles missing values internally [11]. 
However, its performance depends on hyperparameters controlling tree depth, learning 
rates, and subsampling ratios. Selecting these parameters manually or via grid search is 
expensive and may fail to explore the solution space adequately. Studies have therefore 
turned to metaheuristic optimization. Hyperparameter tuning is essential for achiev‑
ing high performance in ML models. Traditional grid search or random search meth‑
ods can be inefficient because they explore only a small fraction of the hyperparameter 
space [16, 17]. Metaheuristic algorithms offer dynamic and non‑linear search strategies 
that can escape local optima and reduce computational cost [18]. The GWO is a pop‑
ulation‑based metaheuristic inspired by the social hierarchy and hunting strategies of 
grey wolves. Wolves are modeled in hierarchical roles (alpha, beta, delta, and omega), 
and the algorithm simulates encircling prey, searching for, and attacking the target [19]. 
Metaheuristic optimization has been paired with ML models in various domains [20], 
including prediction of efficiency in information technology firms [21], disease analy‑
sis [22], feature selection [23], and parameter identification of photovoltaic models [24]. 
Such results suggest that integrating metaheuristic algorithms with ML improves fore‑
casting accuracy, yet this combination remains largely unexplored in macroeconomic 
forecasting.

Another challenge for ML‑based forecasting is interpretability. Policymakers need to 
understand which variables drive predictions to evaluate their plausibility and design 
interventions. The opaque nature of complex models can reduce trust and hinder adop‑
tion. Techniques such as SHAP provide post‑hoc interpretability by attributing contri‑
butions to individual features. Growth theory has long acknowledged that institutions 
and governance are fundamental determinants of economic performance. Yet experi‑
mental results on the connection between governance and growth are mixed. Some 
studies find no association between government effectiveness and subsequent growth. 
Others, using larger datasets and dynamic estimators, find that government effective‑
ness has a substantial positive effect on the growth of economy [13]. Despite this evi‑
dence, governance indicators rarely appear in machine‑learning forecasts of GDP. There 
is therefore an unaddressed opportunity to examine whether incorporating government 
effectiveness into ML‑based forecasting can improve accuracy and generate insights 
about institutional drivers of growth.

While many studies have used machine learning methods for macroeconomic fore‑
casting, three areas remain of concern. The first area is the lack of studies that use meta‑
heuristic-optimized XGBoost. Metaheuristic-optimized XGBoost has shown improved 
results in several other studies, including energy optimization [25], sales forecasting [26], 



Page 4 of 25Ojekemi and Kirikkaleli Discover Computing          (2026) 29:467 

and economic-cycle classification [27]. However, the use of metaheuristic-optimized 
XGBoost in GDP-level macroeconomic forecasting has not been explored. Most of the 
previous studies used XGBoost but did so without parameter optimization [28]. None 
of these techniques leverages the population-based, gradient-free search characteristics 
of bio-inspired metaheuristics to optimize the large number of hyperparameters associ‑
ated with XGBoost. While this does not mean that prior models were poorly optimized, 
the unique combination of Grey Wolf Optimizer (GWO) cooperative search mecha‑
nism and XGBoost’s regularized boosting has not been investigated in this forecasting 
domain. The second area of concern is the lack of institutional quality in ML-based GDP 
forecasting models. Institutional quality is generally recognized as a structural determi‑
nant of long term economic performance [13, 14] and therefore should be included in 
any GDP forecasting model. A recent study [29] employed governance indicators along‑
side trade network features in an ML framework for growth prediction; however, this 
study did not test metaheuristic-tuned models nor provide game-theoretic explanations 
of feature interactions. Other GDP forecasting studies utilizing LSTMs [2, 29], Random 
Forests [30, 31], and Gradient Boosting [33] limited themselves to traditional macroeco‑
nomic indicators such as industrial production, unemployment, trade, etc. These studies 
did not explore the predictive power of governance quality. Finally, while several recent 
studies have utilized SHAP to explain economic forecasting models [33, 34] and meta‑
heuristic algorithms have been coupled with XGBoost in numerous applications [19, 35, 
36, 37]; as far as we know no study currently exists that integrates all three aspects: auto‑
matic hyperparameter selection through a population-based metaheuristic, inclusion of 
institutional quality into the set of predictive features and post hoc explanation by means 
of SHAP. These three missing elements limit both the accuracy of current GDP forecasts 
and their policy relevance. The contributions of this study is summarised as follows:

1.	 In this study we present an integrated GWO-XGBoost to forecast the Monthly 
National Level Gross Domestic Product (GDP).

2.	 Government effectiveness is incorporated with traditional macroeconomic variables.
3.	 The proposed integrated model is compared to other Machine Learning architectures.
4.	 SHAP Explainer is implemented used to generate Post-Hoc feature attributions from 

the trained model.

The rest of the research is structured as follows: In Sect.  2 we detail previous research; 
Sect.  3 provides the methodology of the proposed hybrid model. This includes the Orig‑
inal GWO, XGB-boost Algorithm, Proposed hybrid model, data used, evaluation met‑
rics; In Sect.   4 we outline the experiments and discussion; and finally in Sect.   5 we 
detail the Conclusion.

2  Related work
2.1  Machine learning architectures for GDP forecasting

The application of machine learning to GDP forecasting has progressed from simple 
neural networks to sophisticated deep learning and ensemble architectures. Ngoc et al. 
[30] developed a phase‑adaptive attention LSTM (PAA‑LSTM) that adjusts attention 
weights based on the stage of the economic cycle. By aligning the learning process with 
the recession, recovery, expansion, and stagnation phases, their model captures cyclical 
dynamics that are missed by standard deep learning approaches. When tested on GDP, 
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the PAA‑LSTM consistently achieved lesser root mean square errors and mean absolute 
errors than bi‑directional LSTM. Oancea [38] examined the predictive capability of uni‑
variate LSTM networks for quarterly GDP and compared them with a classical SARIMA 
model. The LSTM captured nonlinearities and produced lower mean absolute percent‑
age error, mean absolute error, and mean squared error than SARIMA across all forecast 
horizons. Mourtas et al. [39] proposed a multi‑function activated weight and structure 
determination time‑series neural network (MWASDT) for GDP prediction. The model 
introduces novel activation functions that adapt to different data regimes and automati‑
cally determine the number of hidden neurons. Experiments showed that MWASDT 
outperformed traditional neural networks and machine‑learning models on GDP data‑
sets, particularly on unseen data, where it maintained low prediction error. The auto‑
matic architecture selection reduced the need for manual hyperparameter tuning. Jallow 
et al. [40] evaluated generative adversarial networks for forecasting the Gambia’s GDP. 
They trained GANs to generate realistic GDP trajectories and compared their perfor‑
mance against RF and XGBoost models.

The GAN achieved better predictive accuracy. Xia [33] proposed a combined predictor 
that fuses linear regression and XGBoost regression through entropy‑based weighting to 
forecast regional GDP. The entropy method assigns higher weights to models with lower 
forecast errors, and the combined prediction is a weighted average of individual fore‑
casts. Their experiment on Chinese provincial GDP showed that the ensemble model 
achieved better performance. The study shows that combining linear and tree‑based 
learners can improve accuracy without complex tuning. Passarella et al. [31] performed 
a comparative evaluation of machine‑learning algorithms for predicting Indonesia’s GDP 
growth. They applied random forest, XGBoost, Support Vector Regression (SVR), Huber 
Regressor (HR), Decision Tree (DT), and Multi-Layer Perceptron (MLP) within a fuzzy 
logic framework. Among these, the RF delivered the best out‑of‑sample accuracy when 
predicting GDP. Jallow et al. [41] explored a hybrid RNN‑LSTM framework with transfer 
learning to model GDP growth in the Gambia. The model leverages parameter transfer 
from pre‑trained networks and optimizes hyperparameters through random search. It 
achieved a better accuracy and low root mean square error, outperforming standalone 
recurrent networks. Soybilgen and Yazgan [32] investigated the prediction of U.S. GDP 
by combining dynamic factor models with Bagged Trees (BT), RF, and GB. GB was aug‑
mented by incorporating dynamic, time-varying factors into the model to improve fore‑
casting performance over traditional linear models.

However, despite significant advancements in recent years, there remain major issues 
inherent in the large body of research on predicting GDP: the limited exploration of 
metaheuristic parameter optimization of the models, while other optimization strategies 
demonstrated improvement. 

2.2  Metaheuristic-optimized machine learning in forecasting applications

A parallel stream of literature has demonstrated the value of metaheuristic algorithms 
for hyperparameter optimization in forecasting contexts within macroeconomics. Chen 
and Wu [42] introduced a chaotic whale optimization algorithm (CWOA) to tune a 
Back‑Propagation Neural Network (BPNN) and then combined it with an Autoregres‑
sive Integrated Moving Average (ARIMA) model to predict Chongqing’s GDP. LASSO 
regression first selected the most relevant macroeconomic indicators, then the CWOA 
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searched for optimal neural network weights, and the ARIMA modeled residual errors. 
Their hybrid CWOA‑BPNN‑ARIMA system reduced mean absolute error and root 
mean square error compared with an RF baseline. Sun et al. [27] employed a multi-
objective Lichtenberg algorithm (MOLA) with an XGBoost model for forecasting Chi‑
na’s economic cycle, and the results demonstrated better accuracy. However, many areas 
remain unexplored. Specifically, the MOLA-XGBoost study used cyclic categorization 
rather than predicting continuous GDP values, and it did not include governance indi‑
cators. While Chen and Wu’s framework is a metaheuristic optimizer, the authors did 
not employ an ensemble model as their base learning algorithm and did not conduct an 
interpretability analysis.

2.3  Summary of gaps and positioning of current research

The preceding survey of the existing literature identified three related gaps intended to 
be addressed in this research. First, although some researchers have shown that using a 
metaheuristic to optimize the hyperparameters of an XGBoost machine learning model 
can yield better predictive performance than manually tuning them, no prior study has 
applied GWO-XGBoost to monthly national-level GDP forecasting for the US. Second, 
none of the previously published machine-learning-based GDP forecasts included gov‑
ernance quality as a predictor, leaving a significant gap. Finally, no known methodology 
combines a metaheuristic optimization algorithm with SHAP-based feature importance 
explanations, while also including governance-quality variables, into a single GDP fore‑
casting method. Thus, the proposed GWO-XGBoost with SHAP framework bridges 
these three gaps. It combines automated hyperparameter search, institution-augmented 
feature modeling, and game-theoretic post-hoc attribution explanations into a single 
coherent, policy-oriented forecasting tool. The placement of this proposed framework is 
summarized in the comparison table presented in Table 1.

3  Research methodology
3.1  Grey Wolf Optimizer (GWO)

The GWO is a population-based metaheuristic algorithm inspired by the social hier‑
archy and cooperative hunting strategies observed in grey wolf packs [47]. Central to 
the algorithm’s design is a dominance structure comprising four roles: alpha ( α ), beta 
( β ), delta ( δ ), and omega ( ω ) [48]. The α  individual represents the pack leader and 
is considered the optimal solution at any given iteration; the β  and δ  wolves support 
decision-making and act as secondary and tertiary guides, respectively; the remaining 
members-designated as ω -follow these leaders during the search process. The GWO 
algorithm models three primary phases of predation: (1) tracking and approaching prey, 
(2) encircling and harassing the target, and (3) attacking once the prey is immobilized. 
These stages collectively emulate the algorithm’s transition from global exploration to 
local exploitation. The mathematical formulation of GWO begins with the random ini‑
tialization of potential solutions (wolf positions) inside the bounded problem space as 
defined in Eq. (1).

	 X = (UB − LB) · ϕ + LB� (1)

where UB and LB denote the upper and lower bounds of the decision variables, ϕ  is a 
uniformly distributed random vector in [0,1], and X represents the position vector of 
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an individual in the d-dimensional search space. After initialization, the fitness value of 
each search agent is computed. The three individuals with the highest fitness values are 
designated as α , β , and δ , respectively. Subsequently, the positions of all other wolves 
are updated relative to these leaders using the following equations in Eqs. (2–4)

	

{
Dα = |C1 · Xα − X|
Dβ = |C2 · Xβ − X|
Dδ = |C3 · Xδ − X|

� (2)

	

{
X1 = Xα − A1 · Dα
X2 = Xβ − A2 · Dβ
X3 = Xδ − A3 · Dδ

� (3)

	
X(t + 1) = X1 + X2 + X3

3 � (4)

In these expressions, Xα , Xβ , and Xδ  denote the current positions of the three leading 
wolves. A1, A2, and A3 and C1, C2, and C3 are coefficient vectors defined as expressed 
in Eqs. (5) and (6)

	 A = 2a · r1 − a� (5)

	 C = 2r2� (6)

where r1 and r2 are random vectors in [0,1], and a is a linearly decreasing parameter 
that controls the transition from exploration to exploitation, its mathematical expressed 
in Eq. (7)

	
a = 2 − 2t

M
� (7)

Here, t represents the current iteration, and M  is the maximum number of iterations. 
At the beginning of the search ( t = 0), a = 2, promoting broad exploration. As the algo‑
rithm progresses, a declines to zero, intensifying local search around promising regions. 
The coefficient vectors A and C  modulate the divergence from (when |A| > 1 ) or con‑
vergence toward (when |A| < 1 ) the leaders, thereby enabling adaptive balance between 
exploration and exploitation. After position updates, the fitness values are reevaluated, 
and the top three solutions are reassigned as the new α , β , and δ . This iterative cycle 
continues until a termination criterion-typically the maximum number of iterations, is 
satisfied. Ultimately, the algorithm returns the position of the α  wolf as the best approx‑
imation to the global optimum.

3.2  Extreme gradient boosting (XGBoost)

The XGBoost, proposed by Chen and Guestrin [48, 49], is an advanced implementation 
of the gradient boosting decision tree framework that leverages second-order optimi‑
zation techniques to enhance model performance and generalization. Grounded in the 
principles of classification and regression trees, XGBoost is particularly adept at han‑
dling complex, non-linear relationships in both regression and classification tasks. Its 
efficacy stems from a carefully balanced objective function that jointly minimizes predic‑
tion error and controls model complexity through explicit regularization. At each itera‑
tion of the training process, XGBoost incrementally constructs a decision tree aimed at 
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reducing the residual errors of the ensemble model built up to that point. Unlike con‑
ventional boosting methods that rely solely on first-order gradients, XGBoost employs 
a second-order Taylor expansion of the loss function to more accurately approximate 
its curvature, thereby enabling more stable and efficient parameter updates. To pre‑
vent overfitting, a regularization term is incorporated into the objective function, which 
penalizes both the number of leaf nodes and the magnitude of their associated scores. 
The objective function minimized at each boosting round is expressed as in Eq. (8)

	 L (ϕ) =
∑n

i=1
ℓ (yi, ŷi) + Ω (f)� (8)

where yi denotes the true target value for the i-th observation, ŷi represents the cor‑
responding model prediction, and l(· ) is a differentiable loss function-commonly the 
squared error in regression contexts, is defined in Eq. (9)

	 ℓ (yi, ŷi) = (yi − ŷi)2� (9)

The regularization component Ω (f) is defined as given in Eq. (10)

	
Ω (f) = γ T + 1

2
λ

∑
T
j=1 w2

j � (10)

T  signifies the total number of terminal (leaf ) nodes in the tree, wj  denotes the score 
(or weight) assigned to the j-th leaf, and γ  and λ  are hyperparameters that govern the 
complexity penalty: γ  controls the cost of introducing additional leaves, while λ  penal‑
izes large leaf weights to encourage smoother predictions.

3.3  Proposed GWO-XGBoost

The analytical methodology runs sequentially as follows: the first step involves collect‑
ing all data relevant to this study, cleaning and preprocessing each dataset, and apply‑
ing min-max normalization to remove the effects of different units on the results (Sect.  
3.5). In the second step, an evolutionary search over a six-dimensional hyper-parameter 
space is conducted using the Grey Wolf Optimizer to find the best possible configura‑
tion for the XGBoost model. For this purpose, the Mean Squared Error (MSE) on the 
training set is used as the objective function. The third step involves training the best 
possible configuration for the XGBoost model identified in step 2 using the training por‑
tion of the data and comparing its performance with that of several machine learning 
models using five evaluation criteria (Sect.   3.4). The fourth step uses SHAP values to 
analyze how each input variable contributes to the GDP prediction. By doing so, we can 
provide policymakers with information on the factors that contribute most significantly 
to a country’s GDP levels (Sect.  4.2).

In this research, we selected the GWO for several key reasons. First, GWO is rela‑
tively simple and has only a few hyperparameters, both of which are important charac‑
teristics when optimizing machine learning algorithms. This is because optimizing too 
many hyperparameters can create instability. Second, GWO naturally shifts from the 
initial global search phase to an exploitation phase by adjusting its control parameter 
as it progresses. This allows the search to be initially very broad and then narrow down 
as it finds promising areas. Finally, previous studies have shown that GWO performs 
well for tuning the hyperparameters of ML models. Therefore, based on both theoretical 
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and empirical results, we chose GWO as our optimizer of choice for finding optimal 
combinations of the large number of nonlinear and interactive hyperparameters used in 
XGBoost [46, 50]. The decision to choose XGBoost as the primary predictive model was 
driven by a number of factors. First, XGBoost has been shown to be highly effective at 
modeling both linear and nonlinear relationships among predictor variables. Secondly, 
the regularization built into the XGBoost framework provides an additional tool to miti‑
gate overfitting, as XGBoost uses a boosting approach to add new trees to the model. 
Finally, the tree-based nature of XGBoost and the ability to train models in parallel make 
the computational costs associated with training many different versions of the model 
during hyperparameter search much lower than they would be with other types of mod‑
els. Prior studies have also demonstrated that tree-based ensemble methods tend to out‑
perform other machine learning approaches in forecasting applications [51, 52, 53].

In order to overcome the fundamental problem of configuring hyperparameters for 
XGBoost, this research introduces an innovative hybrid optimization approach using 
GWO’s metaheuristic search capabilities to optimize critical hyper-parameters of 
XGBoost. The combination has been developed to resolve some disadvantages associ‑
ated with hand-tuning or grid-search based on hyper-parameters, such as being either 
time-consuming or failing to achieve global optimum. The proposed methodology capi‑
talizes on GWO’s biologically inspired social hierarchy and cooperative hunting dynam‑
ics to navigate the complex, non-convex parameter space of XGBoost with enhanced 
efficiency and robustness. The core innovation lies in treating the hyperparameter tun‑
ing process as a continuous optimization problem. Each individual within the GWO 
population represents a unique candidate set of XGBoost hyperparameters. The param‑
eters of XGBoost were tuned based on predefined search ranges specified before model 
training. For the proposed framework, GWO was used to iteratively search within these 
bounds and identify the hyperparameter combination that produced the best predictive 
performance according to the selected objective function. The operational workflow of 
GWO-XGBoost framework is illustrated in Fig. 1. The algorithm commences by initial‑
izing a population of N grey wolves, where each wolf ’s position vector X is a 6-dimen‑
sional point in the defined hyperparameter space, generated according to Eq. (1). In each 
iteration, the fitness of every individual in the population is evaluated. Crucially, the fit‑
ness function is defined as the predictive performance of an XGBOOST model trained 
using the specific hyperparameter set encoded by that individual. The primary perfor‑
mance metric used for fitness assessment is the Mean Squared Error (MSE), A lower 
MSE value signifies a better fitness score, indicating a more optimal hyperparameter 
configuration. Following the fitness evaluation, the three individuals with the best fit‑
ness scores are selected as the alpha ( α ), beta ( β ), and delta ( δ ) wolves. The remaining 
wolves ( ω ) then update their positions in the hyperparameter space by moving towards 
these elite leaders, guided by the mathematical models outlined in Eqs. (2)-(4).

This collaborative movement mechanism ensures that the entire population con‑
verges toward promising regions of the search space while preserving a degree of diver‑
sity through the stochastic nature of the coefficient vectors A and C. The convergence 
behavior is dynamically regulated by the linearly decreasing parameter a, as defined in 
Eq. (7). In the initial stages of the optimization, a is high (starting at 2), promoting broad 
exploration across the hyperparameter landscape. As iterations progress, a diminishes 
towards zero, shifting the algorithm’s focus to intensive exploitation around the most 
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promising configurations identified by the α , β , and δ  wolves. This adaptive balance 
between exploration and exploitation is fundamental to the algorithm’s ability to escape 
local optima and locate the global optimum. The iterative process continues until a pre-
defined termination criterion is met-typically, the maximum number of iterations M is 
reached. Upon convergence, the hyperparameter set corresponding to the final α -wolf 
position is selected as the optimal configuration for the XGBoost model. This optimized 
model is then retrained on the full training dataset and deployed for prediction on the 
hold-out test set to evaluate its final performance. This proposed GWO-driven hyper‑
parameter optimization strategy offers a systematic, automated, and highly effective 
approach to configuring XGBoost. By harnessing the collective intelligence and adaptive 
search mechanisms of GWO, the framework significantly improves the accuracy and 
generalization capacity of the underlying XGBoost model, thereby providing a powerful 
tool for tackling complex regression and classification tasks in data science applications. 
Table  2 presents the search bounds for the six XGBoost hyperparameters optimised 
by the Grey Wolf Optimizer in this study. The bounds for each hyperparameter were 

Fig. 1  Proposed GWO-XGBOOST model
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chosen based on two complementary criteria. First, the ranges align with values com‑
monly reported in prior metaheuristic-optimised XGBoost studies in forecasting appli‑
cations, ensuring that the search space is consistent with the empirical norms of the field. 
Second, the bounds reflect a deliberate trade-off between computational overhead and 
search efficiency: each GWO iteration evaluates the fitness of every wolf in the popula‑
tion by training a complete XGBoost model on the training partition, so the cumulative 
cost of the metaheuristic loop scales with both the population size and the volume of the 
search space. Narrower bounds reduce per-iteration cost but risk excluding promising 
regions of the hyperparameter space, while excessively wide bounds inflate the search 
cost without proportional gains in predictive accuracy. The bounds reported in Table 2 
balance these two considerations and ensure that the optimisation remains tractable on 
the computational resources available for this study.

3.4  Evaluation metrics

The predictive capability of the GWO optimized XGBoost model is assessed using a set 
of multiple error and accuracy measures in order to evaluate each component of the 
model’s performance (bias, variance, relative deviation) as well as the models’ overall 
performance. The evaluation indicators used include the coefficient of determination 
( R2), root mean squared error (RMSE), mean squared error (MSE), max error (ME), and 
mean bias error (MBE). Their mathematical formulations are as follows in Eqs. (11–15)

	
R2 = 1 −

∑n
i=1 (yi − ŷi)2

∑n
i=1 (yi − y)2 � (11)

	
RMSE =

√
1
n

∑n

i=1
(yi − ŷi)2� (12)

	
MSE = 1

n

∑n

i=1
(yi − ŷi)2� (13)

	
ME = max

i
(|yi − ŷi|)2

� (14)

	
MBE = 1

n

∑n

i=1
(ŷi − yi)� (15)

Table 2  GWO search space for XGBoost hyperparameter optimization
Hyperparameter Symbol Lower 

Bound 
(LB)

Upper 
Bound 
(UB)

Description

Learning rate lr 0.001 0.05 Step size shrinkage to prevent 
overfitting

Maximum tree depth max_depth 3 15 Maximum depth of each decision tree

Number of boosting 
rounds

n_estimators 10 200 Total number of sequential trees in 
the ensemble

Subsample ratio subsample 0.5 1.0 Fraction of training instances sampled 
per tree

Column subsample ratio colsample_bytree 0.5 1.0 Fraction of features sampled per tree

Regularisation penalty gamma 0.0 5.0 Minimum loss reduction required for 
a further partition
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where yi and ŷi represent the actual and predicted values, ȳ denotes the mean of the 
observed values respectively, and n denotes the total number of observations. Together, 
these metrics offer a multidimensional perspective on model accuracy, robustness, and 
reliability.

3.5  Data

This study utilizes a comprehensive macroeconomic dataset for the United States span‑
ning the period from January 1996 to December 2020 at a monthly frequency. Because 
these variables were originally reported at annual frequency, they were converted to 
monthly frequency in EViews 14 to expand the sample size. This preprocessing step was 
important for machine learning implementation, since a larger number of observations 
improves training stability, supports pattern extraction, and reduces the limitations asso‑
ciated with sparse annual data. The selected indicators collectively capture key dimen‑
sions of economic activity, labor market conditions, trade dynamics, consumer behavior, 
institutional quality, and overall economic output. Specifically, the dataset comprises 
the following six variables: (1) the Industrial Production Index (INDPRO), sourced from 
the Federal Reserve Economic Data (FRED) repository [54]; (2) the Unemployment Rate 
(UNEMP) obtained from the World Bank Database [55]; (3) the Trade Balance (TBAL) 
for Goods and Services [54]; (4) Advance Retail Sales for Retail Trade (RSALES) [54]; 
(5) the Government Effectiveness index (GOVEFF), drawn from the World Bank Data‑
base [55]; and (6) Gross Domestic Product (GDP) [55]. The target variable is GDP, while 
other variables are the input variables. Crucially, to mitigate the adverse effects of scale 
disparity and to facilitate machine learning void of bias, all features including the target 
variable (GDP) were normalized using the min-max scaling transformation as defined in 
Eq. (16).

	
xscaled = x − xmin

xmax − xmin
� (16)

where x denotes the original value of a variable, and xmin  and xmax  represent the 
minimum and maximum values observed for that variable. This normalization maps all 
values to the closed interval [0,1], while maintaining the relative relationships among 
observations while eliminating unit-dependent biases that could disproportionately 
influence model learning. The correlation matrix and the data distribution of each vari‑
able are given in Figs. 2 and 3, respectively. Table 3 shows variable’s definition, source, 
and theoretical justification.

4  Experiment and discussion
4.1  Performance comparison

To ensure a rigorous and fair comparative assessment, this study benchmarks the pro‑
posed GWO-XGBoost framework against established machine learning models: the 
standard XGBoost, an MLP, SVM, RF, Light Gradient Boosting Machine, and DT. Their 
parameters are given in Table 4. The GWO was employed with a population size of 30 
search agents and a maximum of 50 iterations. All experiments adopted a random 80:20 
training-to-testing data split ratio. The selection of baseline models is guided by several 
criteria designed to ensure both methodological rigor and coverage of the contempo‑
rary forecasting landscape. First, architectural diversity: the final pool spans, boosting 
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ensembles, neural networks, and kernel methods, ensuring that the proposed GWO-
XGBoost framework is tested against a representative range of learning paradigms.

The empirical evaluation of the proposed GWO-XGBoost framework was conducted 
to rigorously assess its predictive efficacy against established machine learning models. 
The performance comparison was performed on both the training and test datasets, 
with results quantified across five distinct metrics. As presented in Table 5, the GWO-
XGBoost model demonstrated improved performance across all evaluated metrics on 
the training set. It achieved an R2 score of 0.99127, significantly outperforming the 
standard XGBoost, MLP and SVM models. This indicates that the optimized model 

Fig. 3  Distribution of variables

 

Fig. 2  Correlation matrix of variables
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explains over 99% of the variance in the training data. The substantial improvement in 
R2 is corroborated by a marked reduction in error metrics: the RMSE decreased from 
0.15172 (XGBoost) to 0.09345, and the MSE plummeted from 0.02302 to 0.00873. These 
reductions signify not only a lower average magnitude of prediction errors but also a 
drastic decrease in the spread of those errors, suggesting enhanced stability and pre‑
cision in the model’s forecasts. Furthermore, the ME values for GWO-XGBoost were 
0.31093, respectively, indicating that while the maximum error remains moderate. The 
MBE value of 0.00070 reveals negligible systematic bias, confirming that the model’s 
predictions are neither consistently overestimating nor underestimating the true val‑
ues during training. In contrast, the MLP exhibited a notable negative bias, while the 
SVM displayed a positive bias, highlighting the robustness of the GWO-tuned model in 
achieving unbiased predictions.

The true test of any predictive model lies in its ability to generalize to unseen data. 
As shown in Table 6, the GWO-XGBoost model maintained its dominant performance 
on the test set, achieving an R2 of 0.99114, which is nearly identical to its training 
performance. This minimal degradation underscores the model’s exceptional gener‑
alization capacity and suggests it is not suffering from overfitting, a common pitfall in 
complex models. The RMSE and MSE on the test set were 0.09468 and 0.00897, respec‑
tively, again representing a significant improvement over the baseline XGBoost and 

Table 3  Variable definition and theoretical justification
Variable Definition Source Theoretical justification
GDP Gross Domestic Prod-

uct (current USD)
World Bank 
[55]

Target variable; aggregate measure of national eco-
nomic output

RSALES Advance Retail Sales for 
Retail Trade

FRED [54] Proxy for consumer demand

INDPRO Industrial Production 
Index

FRED [54] Proxy for production-side economic activity; captures 
manufacturing, mining, and utilities output aligned 
with the supply-side of national accounting

UNEMP Unemployment Rate World Bank 
[55]

Labour market indicator

TBAL Trade Balance for 
Goods and Services

FRED [54] Proxy for net exports; the external sector component 
of the GDP expenditure.

GOVEFF Government Effective-
ness Index

World Bank 
[55]

Proxy for institutional quality; institutional economics 
theory identifies governance as a structural determi-
nant of long-term growth through incentive structures, 
property rights enforcement, and policy credibility

Table 4  Compared machine learning model parameters
Model Hyperparameter configuration
XGBoost learning_rate = 0.01; max_depth = 15; n_estimators = 200;

MLP Hidden layers = (100, 50); activation = ReLU; optimiser = Adam; learning_rate = 0.001; epochs = 500

SVM kernel = RBF; C = 100.0; γ = ‘scale’; epsilon = 0.1

DT max_depth = 15, min_samples_split = 3

Table 5  Performance comparison of models on the training set
Model R2 RMSE MSE ME MBE
XGBoost 0.97698 0.15172 0.02302 0.45120 0.00053

MLP 0.97620 0.15429 0.02381 0.41699 -0.01572

SVR 0.96449 0.18843 0.03551 0.30032 0.06407

GWO-XGBoost 0.99127 0.09345 0.00873 0.31093 0.00070
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the other competitors. The model’s low MBE of -0.00344 on the test set further con‑
firms its calibration, demonstrating that the slight negative bias observed during train‑
ing does not amplify in the out-of-sample data. The ME of 0.24592 indicates that the 
model’s predictions are not only accurate but close to the observed value in the worst 
case. The MLP and SVM models, while still performing reasonably well, lagged con‑
siderably behind, with RMSEs exceeding 0.19 and R2 scores below 0.96, underscoring 
their inferior capacity to capture the underlying patterns in the data. The experimen‑
tal results unequivocally validate the hypothesis that hyperparameter optimization via 
the GWO significantly enhances the predictive power of the XGBoost algorithm. The 
GWO-XGBoost model consistently outperformed all comparative methods across every 
metric and on both training and test partitions. This superiority can be attributed to the 
GWO’s ability to navigate the complex, multi-dimensional hyperparameter space effec‑
tively, identifying configurations that balance model complexity and predictive accuracy, 
a task that manual tuning or grid search often fails to accomplish efficiently. The R2 
scores on both sets suggest that the model has successfully captured the fundamental 
relationships within the macroeconomic indicators used as predictors. The consistent 
reduction in RMSE and MSE, coupled with the minimal MBE, indicates that the GWO-
optimized model produces forecasts that are not only precise but also unbiased, making 
it particularly suitable for applications where directional accuracy is critical. The neg‑
ligible difference between training and test performance further attests to the model’s 
robustness and reliability for real-world deployment. In conclusion, the integration of 
GWO for hyperparameter tuning represents a significant methodological advancement 
for XGBoost-based forecasting systems. It transforms a powerful yet potentially subopti‑
mal model into one capable of achieving state-of-the-art performance, thereby providing 
researchers and practitioners with a highly effective tool for predictive analytics in eco‑
nomic and financial domains.

To provide a qualitative and intuitive assessment of model fidelity, Fig. 4 presents scat‑
ter plots comparing predicted values with actual observations for the evaluated mod‑
els XGBOOST, MLP, SVM, and the proposed GWO-XGBoost on both the training and 
test datasets. These plots serve as a powerful complement to the quantitative metrics 
presented in Tables  5 and 6, offering direct insight into the distribution of prediction 
errors, the presence of systematic bias, and the overall alignment between forecasts and 
ground truth. The scatter plot for the baseline XGBoost model reveals a generally strong 
positive correlation between predicted and actual values, consistent with its high R2 
score of 0.976 on the training set. The data points cluster closely around the diagonal 
line of perfect agreement, particularly in the mid-range of the target variable. However, 
a slight deviation from the ideal line is observable at the lower and upper extremes, sug‑
gesting minor underestimation or overestimation in these regions. On the test set, the 
dispersion appears marginally wider than in the training set, indicating some degree of 

Table 6  Performance comparison of models on the test set
Model R2 RMSE MSE ME MBE
XGBoost 0.97635 0.15471 0.02394 0.36070 -0.00487

MLP 0.96346 0.19232 0.03699 0.43357 -0.03869

SVM 0.95756 0.20726 0.04296 0.35642 0.03957

GWO-XGBoost 0.99114 0.09468 0.00897 0.24592 -0.00344
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performance degradation during out-of-sample prediction, a phenomenon that is quan‑
titatively reflected in its slightly lower test-set R2 of 0.97635.

The MLP’s scatter plot demonstrates a robust fit on the training data, with predic‑
tions tightly near the diagonal. Nevertheless, a more pronounced non-linear distortion 
becomes evident, especially at higher values, where the model appears to exhibit a ten‑
dency toward underprediction. This aligns with its negative MBE on the training and test 
sets, confirming a systematic downward bias. The test set points exhibit greater scatter 
than the training set, corroborating the model’s reduced generalization capability rela‑
tive to the optimized variants. For the SVM, the scatter plot exhibits a less uniform dis‑
tribution of points, with visible clustering and gaps along the diagonal. While the model 
captures the general trend, it struggles to accurately predict values in the middle range, 
where points deviate most significantly from the ideal line. This is consistent with its 
comparatively lower R2 scores and higher RMSE values. The positive MBE is also appar‑
ent, as the cloud of points appears slightly elevated above the diagonal, indicating a con‑
sistent overestimation bias across both datasets. In stark contrast, the scatter plot for the 
proposed GWO-XGBoost model displays an exceptional degree of alignment between 
predicted and actual values. Both training and test data points form a tight linear band 
along the diagonal, with minimal deviation across the entire range of the target variable. 
The tight clustering of points, even at the extremes, underscores the model’s superior 
capacity to capture complex, non-linear relationships without introducing significant 
bias. The negligible MBE values are visually confirmed by the symmetric distribution 
of points around the diagonal, indicating a highly calibrated and unbiased predictive 
system. The near-identical positioning of training and test points further validates the 

Fig. 4  Scatter plots of predicted vs. actual GDP for all models on training and test sets
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model’s outstanding generalization performance, reinforcing the quantitative findings of 
its high R2 scores and minimal error metrics.

These analyses confirm that while all models exhibit a fundamental ability to learn 
the underlying patterns in the data, the proposed GWO-XGBoost framework achieves 
a level of precision and fidelity unmatched by its counterparts. The plots demonstrating 
minimal scatter, the absence of systematic bias, and consistent performance on both the 
training and testing datasets provide compelling support for the efficacy of the GWO 
driven hyperparameter optimization strategy. This plot complements the numerical 
results, affirming that integrating metaheuristic search with gradient boosting not only 
enhances statistical accuracy but also produces a more reliable, robust predictive model 
suitable for practical deployment in macroeconomic forecasting applications.

4.2  Explainability analysis

4.2.1  Overall feature analysis

To move beyond purely predictive performance and elucidate the decision-making logic 
of the GWO-XGBoost model, a SHAP-based feature attribution analysis was conducted. 
SHAP provides a theoretically grounded, game-theoretic framework for attributing the 
model’s output to its input features, ensuring local accuracy, and consistency [55, 56, 57]. 
Unlike permutation-based importance metrics, SHAP values quantify the marginal con‑
tribution of each feature across all possible coalitions of the remaining features, so that 
the sum of individual feature attributions equals the difference between a given predic‑
tion and the global average prediction.

SHAP values describe how the trained GWO-XGBoost model uses its input features 
to generate predicted GDP values; they do not measure the causal economic effect of 
any feature on actual GDP. This distinction is structural rather than cosmetic: SHAP 
attributes credit for the model’s output, and the model’s output is a function of the joint 
feature distribution observed in the training data. The SHAP value for feature i is com‑
puted as given in Eq. (16).

	
ϕ i =

∑
S⊆ N\ {i}

|S|! (| N | − |S| − 1)!
|N |!

[f( S ∪ {i}) − f(S )]� (16)

where N is the full feature set, S is any subset that excludes feature i, and f(S) is the mod‑
el’s expected output conditional on the features in S. The formulation gives a weighted-
average marginal contribution of each feature across all coalitions and supports both 
global feature ranking and local per-observation attribution [56]. 

Figure 5 presents the SHAP summary plot for the five macroeconomic predictors. The 
horizontal axis is the SHAP value (the magnitude and direction of each feature’s contri‑
bution to a single prediction), the vertical axis ranks features by mean absolute SHAP 
value (a global importance proxy), and the color gradient maps the underlying feature 
value from low (blue) to high (red). The analysis reveals a clear hierarchy of model-
internal feature importance. RSALES is the dominant feature in the model’s predictive 
structure, with the largest mean absolute SHAP value and the widest distribution. High 
retail sales values (red) are associated with positive SHAP contributions, while low val‑
ues (blue) are associated with negative contributions. Within the model, the consumer-
demand channel carries the most predictive weight. GOVEFF ranks second in the SHAP 
hierarchy. GOVEFF in Fig. 5 shows that high GOVEFF values (red dots) cluster on the 
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negative side of the SHAP axis, while low GOVEFF values (blue dots) are sparsely dis‑
tributed on the positive side. Within the data sample, observations with high GOVEFF 
values correspond to negative SHAP values, and observations with low GOVEFF corre‑
spond to positive. The model learns this association and reproduces it in the SHAP attri‑
butions: red dots (high GOVEFF, early years) carry negative contributions, and blue dots 
(low GOVEFF, recent years) carry positive contributions. TBAL ranks third in the SHAP 
hierarchy, with the majority of the values in blue associated with positive contributions 
and few red values with negative contributions. The model assigns meaningful but sec‑
ondary weight to the net-exports channel, consistent with the broader pattern in which 
domestic demand indicators dominate the learned structure of the model.

IPI ranks fourth, with SHAP values spanning a relatively narrow range. Higher IPI 
values are weakly associated with positive SHAP contributions and lower values with 
slightly negative contributions. The relatively modest magnitude of IPI’s SHAP contribu‑
tion does not imply that industrial production is unimportant for the U.S. economy in 
any structural sense; it indicates that, within this specific feature set, much of the predic‑
tive signal carried by IPI is already captured by RSALES, so the model has limited addi‑
tional information to extract from IPI given the other inputs. UNEMP ranks fifth, with 
SHAP values consistently small in magnitude. Higher unemployment values and lower 
values cluster around the zero axis, but the absolute magnitude of the UNEMP SHAP 
contribution is the smallest among the five features. Three model-and-data factors plau‑
sibly account for the pattern: collinearity between UNEMP and RSALES through the 
consumption–employment channel, the predominance of stable employment regimes 
in the data sample (which limits the variance UNEMP contributes to the model), and 
the absence of lagged specifications that would allow the model to capture the lead-lag 
dynamics of Okun’s law relationships.

4.2.2  Feature dependency relationship analysis

The SHAP dependency plots in Fig. 6 show how each feature’s SHAP value varies with 
its own value. Providing a feature-level view of the model’s learned decision logic. As in 
Sect.  4.2.1, the patterns described below characterise the model’s predictive use of each 
feature within the joint feature distribution. RSALES monotonic, approximately linear 
positive relationship. SHAP values rise steadily from approximately − 0.4 at the lowest 
values to + 0.25 at the highest, with very little scatter. This is the cleanest dependency 

Fig. 5  SHAP analysis plot
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pattern in the feature set and is consistent with the position of RSALES at the top of 
the global SHAP ranking. GOVEFF shows a clear non-monotonic pattern: SHAP con‑
tributions are strongly positive (up to + 0.08) at low values, decline rapidly through the 
moderate range (0.4–0.7), and remain slightly negative beyond 0.7. As discussed in Sect.  
4.2.1, this shape reflects the temporal structure of the data sample in which low GOV‑
EFF values are concentrated in recent (high-GDP) years and high GOVEFF values in 
earlier (lower-GDP) years.

IPI exhibits a broadly pro-cyclical shape: SHAP values are strongly negative ( ≈ − 0.06) 
at the lowest IPI values and rise rapidly to a narrow band slightly above zero for IPI val‑
ues above approximately 0.5. The magnitude of the IPI contribution is much smaller 
than that of RSALES. This attenuation is most plausibly explained by collinearity with 
RSALES, which allows the model to substitute predictive signal between two correlated 

Fig. 6  Dependency plot of variables
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demand-side indicators. Also, the strongly negative SHAP values at low IPI are driven by 
a small number of points in the sparse lower tail of the distribution; tree-based ensem‑
bles produce locally unstable attributions in sparse regions. A more complete investiga‑
tion of the IPI–GDP relationship would require regime-conditional or sequence-aware 
modeling, which will be identified as a direction for future work in conclusion section. 
TBAL shows a mildly negative relationship, with less scatter, and SHAP values are more 
positive at low TBAL. The wider scatter indicates that the model’s use of TBAL depends 
on the values of other features in the joint distribution rather than on TBAL alone. 
UNEMP dependency plot shows a noisy distribution with a negative tendency, consis‑
tent with the description in Sect.   4.2.1. SHAP values fluctuate within a narrow band 
across the full range of the feature. The small magnitude reflects three features of the 
modelling setup: collinearity with the demand-side indicators (which allows the model 
to substitute signals between correlated features), the predominance of stable employ‑
ment regimes in the dataset (which limits the variance UNEMP can contribute), and 
the absence of lagged features (which prevents the model from capturing the lead-lag 
dynamics of Okun’s-law-type relationships).

Together, the five plots show that the GWO-XGBoost model relies primarily on 
RSALES, uses GOVEFF and IPI through bounded relationships shaped by sample struc‑
ture and feature collinearity, and uses TBAL and UNEMP only marginally. These pat‑
terns describe the model’s internal decision logic within the predictive-contribution 
boundary.

4.3  Mapping SHAP findings to the sustainable development goals

The feature attribution results from the SHAP analysis can be linked to specific Sustain‑
able Development Goal targets, providing a structured bridge between the model’s pre‑
dictive findings and the SDG policy agenda. As established earlier in this section, SHAP 
describes how the model uses its features to generate predictions, rather than the causal 
economic effects of those features on actual GDP. The mappings, therefore, imply data-
driven hypotheses.

The dominant role of consumer demand in the model’s predictive structure aligns 
with the goal of decent work and economic growth, and in particular with the targets of 
sustaining per capita economic growth in line with national circumstances and achiev‑
ing higher economic productivity through diversification and technological upgrading. 
Within the model’s learned feature space, fiscal and monetary instruments that operate 
through household consumption targeted transfers, employment support, and demand-
side stimulus act on the channel the model identifies as most predictive. This suggests 
that consumption-oriented policy levers should be prioritized. The Trade Balance con‑
tribution connects to the goal of strengthening global partnerships for sustainable devel‑
opment, and in particular to the target of significantly increasing the export volumes of 
developing countries. The model assigns a meaningful but secondary predictive weight 
to the net-exports channel, supporting the case for integrating trade-facilitation mea‑
sures with domestic-demand instruments rather than treating them as separate policy 
domains.
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4.4  Policy and managerial implications

The empirical findings and SHAP-based attributions translate into a set of practical 
implications for three stakeholder groups. These are data-driven hypotheses derived 
from the model’s learned feature structure, suitable for guiding decision-making.

4.4.1  Implications for policymakers

Consumer demand emerges as the dominant feature in the model’s predictive structure 
across the full sample window. Within this framework, fiscal and monetary instruments 
that operate through household consumption targeted transfers, employment support, 
and demand-side stimulus act on the channel that the model identifies as most predic‑
tively informative. The Trade Balance ranks third in the SHAP hierarchy, suggesting 
that the net-exports channel carries meaningful predictive weight and supporting the 
integration of trade-facilitation measures with broader macroeconomic stabilization 
strategy. The relatively small SHAP contribution of unemployment suggests that the 
contemporaneous unemployment rate may function as a lagging indicator within the 
model’s learned decision structure, and that consumption-based indicators may offer 
more timely signals for real-time economic monitoring.

4.4.2  Implications for financial analysts

The GWO-XGBoost-SHAP framework can function as a transparent GDP monitoring 
tool that decomposes predicted GDP movements into feature-level contributions as 
new monthly data are released. This decomposition reveals whether a predicted change 
is driven by consumer demand, industrial production, or the external sector, each car‑
rying different implications for sector allocation and risk assessment. The feature abla‑
tion results identify retail sales and government effectiveness as the features carrying 
the most non-redundant predictive information, which may inform the construction of 
GDP-sensitive factor exposures.

5  Conclusion
This study developed a hybrid forecasting framework that combines GWO and XGBoost 
with SHAP-based explainability to predict monthly U.S. GDP using macroeconomic 
indicators enriched with an institutional quality variable. On the test dataset, the pro‑
posed GWO-XGBoost model achieved an R² of 0.991, with low forecast errors, thereby 
outperforming the competing machine learning models considered in this study. SHAP 
analysis showed that Consumer Demand and Government Effectiveness occupy the 
most influential positions in the model’s learned predictive structure, while Trade Bal‑
ance, Industrial Production, and Unemployment contribute at more moderate levels. 
When interpreted within the proper predictive contribution framework, these findings 
generate policy-relevant hypotheses concerning fiscal targeting, governance reform, and 
trade facilitation.

Several methodological limitations should nevertheless be acknowledged. The empiri‑
cal analysis is based on a single country and a 25 year monthly sample spanning 1996 to 
2020, which may constrain generalizability across structural breaks, cross-country set‑
tings, and post-pandemic regimes. Variables were converted to monthly frequency using 
interpolation in EViews, a procedure that preserves annual anchor points but cannot 
fully recover intra-period institutional or macroeconomic variation. Model validation 
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relied on a single shuffled 80:20 holdout split rather than a time series-specific walk-for‑
ward design. Although GWO was selected on the basis of its documented effectiveness 
in the metaheuristic literature and in related forecasting applications, the study did not 
perform a direct benchmark against several contemporary optimizers. Likewise, dedi‑
cated GWO-based tuning was applied only to XGBoost, whereas the benchmark learn‑
ers were implemented using established parameter settings drawn from prior studies. 
The SHAP results describe how the model uses the predictors to generate GDP forecasts 
and should not be interpreted as evidence of causal economic effects. The framework 
also treats GDP prediction as a prediction task, without lagged predictors or sequence-
aware architectures, and therefore does not capture dynamic lead-lag relationships. 
In addition, the reported metrics do not include several well-known machine learning 
metrics.

Future research will extend this framework in several directions. The most immedi‑
ate priority is the adoption of walk-forward temporal validation via an expanding-win‑
dow design with periodic GWO reoptimization over the test dataset, complemented 
by directional accuracy measures and regime-conditioned evaluation. A broader meta‑
heuristic benchmark will compare GWO with other contemporary optimizers. A more 
balanced benchmarking design will also apply comparable optimization pipelines to 
all baseline learners under a matched search environment and validation protocols. 
The treatment of temporal dependence can be strengthened through lagged feature 
engineering, hybrid autoregressive machine learning frameworks such as ARIMA and 
SARIMA with XGBoost, and sequence-aware architectures including LSTM and Con‑
volutional Neural Networks. Reporting quality will be improved by incorporating more 
metrics. Broader empirical validation should examine cross-country generalizability, 
especially across emerging markets and commodity-dependent economies. Finally, com‑
plementary causal inference strategies will be implemented to provide a stronger basis 
for evaluating the policy hypotheses suggested by the SHAP analysis before translating 
them into substantive recommendations.
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