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Article Info ABSTRACT

Accurate stock index prediction is essential for effective investment strategies and economic

Article History: policymaking. While traditional statistical models often fail to capture the nonlinear

Received: 4 August 2025 dynamics of financial markets, machine learning approaches—particularly Extreme
Revised: 6" January 2026 Gradient Boosting (XGBoost)—offer greater flexibility, robustness to overfitting, and
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To address this, we propose a hybrid framework that integrates XGBoost with Grey Wolf
Keywords: Optimization (GWO) for enhanced hyperparameter selection in stock index forecasting.

Using historical data from the Indonesian BBNI stock index (2021-2024) and financial
features (price, volume, and temporal), the GWO-optimized XGBoost achieved superior
performance, recording the lowest testing MAPE (1.79%), RMSE (108.67), and MAE
(84.32). These results surpass classical regressors (Decision Tree, Random Forest,
Multilayer Perceptron, Gradient Boosting) by margins of 6-26% and outperform
conventional tuning methods (Grid Search, Random Search, Bayesian Optimization) as
well as other swarm intelligence approaches (PSO, BA). Moreover, the GWO-based
approach reduced error variability and required significantly less optimization time, with
the 10-wolf configuration providing the best accuracy—efficiency tradeoff. The scope of this
study is limited to a single stock index (BBNI.JK) and financial features, without
incorporating macroeconomic indicators, sentiment variables, or cross-market validation.
These limitations indicate potential directions for future work to enhance generalizability.
Overall, the proposed GWO-XGBoost framework provides a powerful, stable, and time-
efficient solution for stock index prediction in volatile market conditions.
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1. INTRODUCTION

Stock index prediction plays a vital role in both investment decision-making and macroeconomic
policy formulation. Investors can gain strategic advantages that enable more effective asset allocation and
risk management by accurately predicting stock index movements. Simultaneously, policymakers and
regulators benefit from early warning indicators that help them identify potential market instabilities [1].
Furthermore, accurate stock index prediction enhances the stability and efficiency of financial ecosystems.
Reliable predictions support better liquidity management, strengthen risk mitigation efforts, and aid in the
accurate pricing of derivative products such as futures, all of which depend heavily on precise index forecasts
[2]. Ultimately, advancements in forecasting methodologies contribute to more informed investment
decisions and bolster the overall resilience of financial markets [1].

Stock index prediction encompasses a wide range of methodologies that can broadly be divided into
traditional statistical techniques and modern Machine Learning (ML). Traditional statistical methods have
been valued for their interpretability and the ease with which they allow understanding of the statistical
properties of the predicted series [3], [4]. Traditional econometric models such as ARIMA and GARCH,
which rely on linear and stationary assumptions, often fail to capture financial market complexities. In the
Indonesian context, these shortcomings are particularly pronounced: stock market behavior is frequently
shaped by abrupt policy changes, regulatory interventions, and irregular trading volumes, which give rise to
volatility clustering and structural breaks. As a result, ARIMA and GARCH models frequently underperform
in emerging markets like Indonesia. In contrast, ML techniques offer greater flexibility in modeling nonlinear
relationships in financial data [5], [6], [7]. Unlike traditional methods that require handcrafted features and
rigid distributional assumptions, ML techniques can autonomously identify complex patterns across diverse
datasets, such as technical indicators, macroeconomic variables, and market sentiment [8]. These limitations
underscore the necessity of adopting more flexible and robust approaches, particularly machine learning
models, which are capable of handling nonlinear relationships, high-dimensional features, and rapidly
changing market conditions.

Extreme Gradient Boosting (XGBoost) has gained wide attention in stock index prediction due to its
ability to capture complex nonlinear market behaviors [9], [10], supported by scalability, regularization, and
fast parallelized training [10], [11]. Prior studies confirm that it often outperforms econometric models such
as ARIMA and GARCH [9], [10]. However, XGBoost is also sensitive to hyperparameter settings, with risks
of underfitting, overfitting, and limited interpretability compared to simpler models. Hence, hyperparameter
tuning is critical for maximizing its performance in tasks such as stock prediction and fraud detection [12],
[13]. Traditional methods like grid and random search are slow or suboptimal, while metaheuristics—
including Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and other approaches—have shown
improved convergence and predictive accuracy [14]-[19]. Empirical evidence, such as Poernamawatie et al.
[20], further demonstrates that rigorous tuning enables models to outperform typical benchmarks. Beyond
accuracy, effective tuning reduces complexity and accelerates convergence [21], [22], with advanced
metaheuristic strategies providing systematic and robust hyperparameter optimization [23], [24].

The Swarm Intelligence (SI) algorithm is one of the metaheuristics methods that have emerged as
effective tools for hyperparameter tuning in XGBoost, offering advantages over conventional methods like
grid and random search. Their population-based search strategies enable simultaneous exploration of multiple
candidate solutions, improving the ability to escape local optima [25]. Unlike traditional exhaustive searches,
Sl algorithms significantly reduce computational overhead while maintaining optimization quality [26], [27].
Empirical studies demonstrate that PSO-driven hyperparameter tuning consistently lowers forecast errors and
boosts predictive reliability in volatile stock index environments [28], [29], confirming their superiority over
static tuning methods.

Although PSO and other swarm intelligence methods have shown promise, recent advancements point
to even more efficient strategies. The Grey Wolf Optimization (GWO) algorithm offers further enhancements
over PSO and other SI methods. By simulating the leadership hierarchy and hunting behavior of grey wolves,
GWO achieves a stronger balance between exploration and exploitation [30]. Unlike PSO, which often suffers
from premature convergence due to limited diversity, GWO maintains population variation longer, improving
its ability to avoid local optima and enhancing global search performance [31], [32]. It also requires fewer
parameters and converges more quickly, increasing efficiency and ease of use [33], [34]. Compared to the
Bat Algorithm (BA), GWO demonstrates superior convergence stability and robustness. While BA’s
echolocation-based updates can lead to stagnation in complex landscapes, GWO adapts better to dynamic
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environments [35], [36]. Its consistent success across domains, such as control systems and machine learning,
underscores GWQ’s versatility and justifies its use in this study [37], [38].

In addition to selecting appropriate and effective ML methods, the analysis of price, volume, and
temporal features is crucial in stock index prediction, driven by technological advancements and the
availability of large-scale data. Traditional models typically rely on OHLCV (open, high, low, close, volume)
data as fundamental inputs. A study highlights these daily stock metrics as essential features in ML-based
market prediction models [39]. Temporal features such as day, month, and year further enhance predictive
performance by capturing seasonal and contextual patterns. Yang (2023) also emphasizes the importance of
incorporating both temporal and contextual data across various ML algorithms [40]. Therefore, effective
stock index forecasting requires a careful combination of price, volume, and temporal features (financial
features), supported by robust feature selection and the application of advanced ML techniques.

Based on these problems, this study proposes an XGBoost Regressor model optimized by the GWO
algorithm, referred to as XGBoost Regressor + GWO, for stock index prediction using financial features
(price, volume, and temporal). The proposed approach introduces a GWO-driven hyperparameter
optimization strategy specifically designed for XGBoost models to enhance their predictive capability. By
integrating GWO, the model is able to significantly improve forecasting accuracy, accelerate convergence
speed, and enhance generalization performance compared to conventional hyperparameter tuning methods.
Furthermore, the developed XGBoost Regressor + GWO framework provides a robust stock index
forecasting method based on financial features that achieves higher predictive accuracy, greater adaptability
to market volatility, and improved reliability for decision-making in dynamic financial environments.

The use of GWO facilitates efficient exploration of the high-dimensional hyperparameter space,
leading to superior convergence behaviour and reduced computational cost. Overall, this work offers a
practical and powerful solution for enhancing stock index prediction, providing financial analysts, investors,
and algorithmic traders with more accurate, efficient, and responsive decision-making tools in dynamic
market environments.

2. RESEARCH METHODS

This study adopts a quantitative experimental design to develop a hybrid forecasting framework that
integrates the GWO algorithm with XGBoost for stock index prediction by using financial features. The
flowchart of the research method could be seen in Fig. 1. Fig. 1 illustrates the overall research workflow,
consisting of six main stages: data collection, data preparation, feature engineering, data splitting and
normalization, model development, and model evaluation. The dataset was collected from Yahoo Finance
covering the period January 2021 to December 2024, comprising 960 daily trading records of the BBNI stock
index. During data preparation, the dataset was checked for duplicates and missing values, with results
showing 0% missing data, and then sorted chronologically to preserve the time-series structure. Feature
engineering generated both raw and derived predictors: five OHLCV features (Open, High, Low, Close,
Volume), lag features up to 30 days, and four temporal features (day, month, date, year), resulting in a total
of 39 predictive variables. For data splitting, the records were divided into 70% training (672 records), 15%
validation (144 records), and 15% testing (144 records) to ensure fair temporal evaluation. Data normalization
was conducted using the Min-Max method, scaling all features into the range [0,1] to improve training
stability. Model development focused on training XGBoost Regressor models with hyperparameters
optimized through the Grey Wolf Optimization (GWO) algorithm, exploring parameter ranges such as
n_estimators (50-300), learning_rate (0.01-0.2), and max_depth (3-10). Finally, model evaluation was
performed using Mean Absolute Percentage Error (MAPE), Root Mean Squared Error (RMSE), and Mean
Absolute Error (MAE), where lower values indicate higher forecasting accuracy.

2.1 Dataset Description

Historical stock index data were collected from publicly available financial databases, which is Yahoo
Finance, over the period from January 2021 to December 2024. This article uses a dataset which is
“BBNI.JK” (Bank Negara Indonesia). The features and their description of each stock index can be seen in
Table 1. The date feature represents the date trading. The date trading is a critical variable in predicting stock
indexes because stock markets are time-series systems. They evolve over time, and historical behavior is
strongly tied to dates. The open feature represents the opening price. It can indicate overnight market
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sentiment and is often influenced by after-hours news, earnings reports, or global economic developments.
While the high price (High) is important for identifying volatility and potential resistance levels, where price
growth may stall. The low-price (Low) captures selling pressure. It helps model support levels, areas where
prices may rebound upward, and overall intraday market risk. The closing price (Close) is the most commonly
used reference point for stock index forecasting models because it summarizes the day’s trading outcome.
Volume measures market activity and liquidity. High volume often validates the strength of a price movement
(up or down), while low volume suggests weak or uncertain momentum. The target for prediction in this
research is the closing price (Close). Close is generally the better target because it accounts for corporate
actions like dividends and stock splits, providing a more accurate reflection of the true price evolution over

time.
»1 Features Engineering
7 v
. Data Splitting and .
Data Collection Seia oA Model Evaluation
v v
Data Preparation Model Development End
Figure 1. The Flowchart of the Research Method
Table 1. The Description of Each Feature
Feature Description
Date The trading date.
Open The stock price at the beginning of the trading day.
High The highest price the stock reached during the trading day.
Low The lowest price the stock reached during the trading day.
Close The stock price at the end of the trading day (not adjusted for dividends or splits).
Volume The total number of shares traded during that trading day.

An example of the dataset is shown in Table 2, which contains daily stock index data with six columns:
date, closing price, high, low, open, and trading volume. The dataset covers the period from January 4, 2021,
to December 27, 2024. To illustrate the data structure and temporal span, Table 2 displays the first five (head)
and last five (tail) records, representing the earliest and latest trading sessions. This presentation helps verify
the dataset’s continuity, completeness, and variable consistency prior to the preprocessing and forecasting
analysis.

Table 2. The Dataset of Daily Stock Trading Data from January 4, 2021, to December 27, 2024

Date Close High Low Open Volume
04/01/2021 2608.06372 2618.29142 2495.55901 2556.92522 81711400
05/01/2021 2659.20215 2659.20215 2577.38054 2618.29135 68509200
06/01/2021 2618.29126 2679.65746 2536.46966 2669.42976 74299600
07/01/2021 2628.51929 2659.20239 2597.83618 2648.97469 74138800
20/12/2024 3909.78369 4001.56265 3909.78369 3974.02896 83872500
23/12/2024 4019.91846 4029.09635 3964.85108 3964.85108 43668100
24/12/2024 4019.91846 4038.27425 3983.20687 4019.91846 21458900
27/12/2024 4001.56250 4065.80777 4001.56250 4019.91829 22838700

Fig. 2 illustrates the time-series movement of the BBNI closing price from 2021 to 2024, consistent
with the statistical summary in Table 3. The price trend shows distinct phases of decline in early 2021,
recovery in 2022, and sharp volatility during 2024. This pattern aligns with the dataset’s wide min-max range
(1,888-5,460) and moderate standard deviation (= 915), confirming fluctuating yet structured market
behavior. The central concentration of values between Q1 ~ 2,900 and Q3 = 4,300 with a median near 3,865
indicates that most price movements remain within a stable band, while the slight negative skewness (= —0.2)
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reflects occasional downward corrections. Together, Table 3 and Fig. 2 emphasize that the BBNI index
exhibits nonlinear and non-stationary dynamics—conditions under which the hybrid GWO-XGBoost
framework is particularly suitable for accurate and stable forecasting.

Table 3. Descriptive Statistics of the BBNI Stock Index Dataset (2021-2024)

Feature Mean Std Min Q1 (25%) '\(/Iseg)'/i)n Q3 (75%) Max Ski\;vne
Open 3,692.65 916.77 1,888.11 2,906.37 3,862.69 4,362.13 5,460.85 —-0.206
High 3,733.46 923.22 1,912.84 2,937.29 3,904.67 4,414.57 5,483.79 -0.207
Low 3,646.39 907.95 1,879.86 2,865.14 3,810.30 4,322.79 5,414.96 -0.219
Close 3,688.52 914.93 1,888.11 2,906.37 3,865.04 4,362.13 5,460.85 —-0.215

Volume 60,572,3505 35595520 13,398,400 36,728,200 50,698,800 73,345,220  309,557,00 2.192

Time-Series Trend of BBNI Closing Price (2021-2024)
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Figure 2. Time-Series Trend of BBNI Closing Price (2021-2024)

2.2 Dataset Preparation

Dataset preparation is a critical initial step in stock index prediction to ensure data quality, consistency,
and suitability for modeling. Data cleaning involves handling missing values, such as using forward-fill or
interpolation techniques, and removing any duplicate records to ensure data consistency. In cases where
missing values occur, we applied the forward-fill imputation technique, which replaces a missing entry with
the most recent valid observation in the same column. This method is widely used in financial time-series
data because stock prices and trading volumes evolve sequentially over time, and the latest available value
provides a reasonable proxy for the next observation in the absence of recorded data. By using forward-fill,
the continuity of the time series is maintained without introducing artificial trends or abrupt shifts that could
distort model training. After checking, we can conclude that the dataset is complete and doesn’t have any
missing values. Therefore, we shouldn’t do anything. The dataset in the research is sorted chronologically
by date, and all fields are formatted properly for maintaining the correct temporal order. This step is required
for time series analysis.

2.3 Feature Engineering

Feature engineering is a critical step in stock index prediction, tasked with extracting, refining, and
fusing informative signals from raw market data to boost predictive performance. Feature engineering
enriches the raw market data, helping models detect underlying trends, market momentum, and reversal
signals. In stock index prediction, basic features such as open, high, low, close, and volume are often
transformed or extended to reveal hidden patterns and enhance forecasting capabilities. Among various
features employed in prediction models, price, volume, and temporal elements stand out as pivotal
components. The interplay between these elements significantly influences the effectiveness of forecasting
methodologies. The utilization of temporal features—specifically, the emphasis on the sequence of price
movements over time—enables these models to capture trends and fluctuations more effectively than
traditional methods [41], [42]. This research uses the open, high, low, and close prices from previous dates
(t — i) as input features, where i represents the number of days prior to the current time t. Moreover, the
integration of trading volume into predictive models has been shown to amplify their prognostic capabilities.
For example, studies have highlighted that variations in trading volume not only reflect market sentiment but
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also serve as indicators of future price movements, making them significant predictors of stock volatility.
Volume can act as a confirmatory signal to a price trend; high volume accompanying price moves suggests
momentum, while low volume may indicate a lack of conviction [43], [44]. In this study, the input features
consist of the volume observed at previous time steps, specifically at (t — i), where i denotes the lag
representing i time units before the current time t. Temporal features also enhance the dynamics of
forecasting efforts. Additionally, models that implement ensemble learning techniques demonstrate improved
accuracy by leveraging various temporal data inputs alongside price and volume [45]. This research extracts
the day of the week, date, month, and year as the temporal features.

Table 4. Example of Feature-Engineering Output Showing Head and Tail Records with Added Temporal and
Lag Features used for Model Training

Day

No Date Close High Low Open Volume Date Month Year of Clt?sie
Week -
1 07/01/2021 2628519  2659.202  2597.836 2648.974 74138800 7 1 2021 2 2618.291
2 08/01/2021 2648.974 2659.202 2608.063 2628519 72826800 8 1 2021 0 2628.519
3 11/01/2021 2669.429  2700.113  2638.746 2648.974 149359200 11 1 2021 1 2648.974
4 12/01/2021 2659.202  2730.796  2648.974 2700.113 120481200 12 1 2021 3 2669.43
5 13/01/2021 2669.429  2700.113  2648.974 2669.429 84618200 13 1 2021 4 2659.202
962 20/12/2024 3909.783  4001.562  3909.783 3974.029 83872500 20 12 2024 0 3955.673
963 23/12/2024 4019.918 4029.0964 3964.851 3964.851 43668100 23 12 2024 1 3909.784
964  24/12/2024 4019.918 4038.2742 3983.206 4019.918 21458900 24 12 2024 3 4019.918
965  27/12/2024 4001.562  4065.807  4001.562 4019.918 22838700 27 12 2024 0 4019.918
966 30/12/2024 3992.384  4019.918 3918.961 3983.206 43899600 30 12 2024 1 4001.563

Table 4 displays the transformed data after feature engineering, where temporal features (date, month,
year, and day of week) and lag features (e.g., Close._1) have been added to the original OHLCV variables.
The head and tail records are shown to illustrate how past closing prices and temporal attributes are
incorporated as additional predictors for subsequent model training. This example helps visualize the
expanded structure of the dataset used in the forecasting process.

2.4 Splitting Data and Data Transformation

In this study, the dataset was divided chronologically into training, validation, and testing subsets using
a ratio of 70/15/15, resulting in 672, 144, and 144 records, respectively. This ratio was chosen to balance
model learning and evaluation: the training portion is sufficiently large to allow effective parameter
estimation, while the validation and testing sets are large enough to provide a fair assessment of model
generalization in a time-series context. Alternative split ratios such as 80/10/10 or 60/20/20 could also be
considered. An 80/10/10 split allocates more data for training, potentially improving model learning, but
reduces the reliability of performance evaluation due to fewer samples in the validation and testing phases.
Conversely, a 60/20/20 split increases the robustness of evaluation by enlarging the validation and test
subsets, but may weaken training effectiveness because the model has less data to learn from. These trade-
offs highlight the importance of carefully selecting a split ratio to balance model accuracy and generalization.
Future research may perform sensitivity analysis across multiple split configurations to further confirm the
stability and robustness of the proposed model. This research uses the data transformation method to prepare
features. By applying normalization or standardization, ensuring all variables operate on a comparable scale,
and improving model training stability. The formulation of Min-Max Normalization is as in Eq. (1).
x' = X 7 Xmin_ (1)
Xmax — Xmin
Where x represents the original value and x’ represents a normalized value (scaled to range [0, 1]). x,;, and
Xmax define the minimum and maximum values of the feature, respectively.

2.5 Model Development

Model development involves designing, training, and evaluating predictive models capable of learning
patterns from historical stock index data to forecast future market movements. In this study, XGBoost is
selected due to its strong performance in handling nonlinear relationships, its robustness against overfitting,
and its computational efficiency. It is highly suitable for financial time series prediction. The first step is to
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determine the optimal number of lags by evaluating lag values from 1 to 30 using XGBoost, based on the
lowest MAPE obtained on the validation data.

The development process begins by defining the structure of the XGBoost model through key
hyperparameters, including the number of estimators, learning rate, maximum tree depth, subsample ratio,
column sampling ratio, minimum loss reduction, L1 regularization, and L2 regularization. In XGBoost, the
number of estimators refers to the total number of decision trees built sequentially during training. It directly
affects model complexity, where more estimators can improve accuracy but may increase the risk of
overfitting and computational cost. The learning rate is used to control the step size at each boosting iteration.
The maximum tree depth is used for limiting the depth of each tree to prevent overfitting. Subsample ratio is
the fraction of samples used for each boosting round. Column sampling ratio (Colsample_bytree) is the
fraction of features used when constructing each tree. Minimum loss reduction (gamma) is used to minimum
loss reduction required for further partitioning. Lambda and Alpha are L2 and L1 regularization terms on leaf
weights. These parameters critically affect both the model’s generalization performance and computational
efficiency. Careful optimization of these hyperparameters is essential to achieve high forecasting accuracy
and model stability.

To achieve this, the GWO algorithm is employed to systematically explore the hyperparameter space
and identify configurations that minimize forecasting error, specifically the MAPE on the validation dataset.
The GWO optimization process targets the XGBoost hyperparameters. The GWO algorithm iteratively
refines the population of candidate hyperparameter sets using its leadership-based hunting mechanism,
selecting the best-performing configurations and guiding the search toward lower validation error. This
metaheuristic approach avoids exhaustive grid searches and allows for faster convergence and superior model
performance, especially in complex financial forecasting tasks.

Problem Definition

Let f: R% — R be the objective function representing the validation loss (MAPE) of an XGBoost model,
where d is the number of hyperparameters to tune. The goal is to find the optimal hyperparameter vector
in Eg. (2),

x" = argmin f (x) (2)
where
x = [nestimators, learning,ate,max_depth,subsample, gamma,colsample_bytree,reg_alpha,
reg_lambda ], and X is the bounded search space for these hyperparameters.

Algorithm 1. GWO for XGBoost Hyperparameter Tuning

Input: Objective function f (MAPE), search space X, number of wolves N, maximum iterations T

Output: Best hyperparameter vector x*

1. Initialization

Initialize a population of N grey wolves {x;}Y_,, where each x; € X’  R%. Evaluate the fitness of each wolf
using the objective function f(x;) (XGBoost validation MAPE). Identify the best three wolves: a (best
solution), S (second best), and & (third best)

2. Position Update (Encircling Prey)

Update the position of each wolf using Egs. (3), (4), (5), and (6),

D,=|C; -xq—xi|, X;=x4—A4; Dy 3)
Dg=|C,-xg—x;|, X,=2x3 — A, - Dg 4
Ds=|C3-x5—xi|, X3=x5—A3 D (5)

xi(t+1) = 122 (6)

3

where 4, = 2a -1, —a, C, = 2 -1, 1, ~ U(0,1)%, for k = 1,2,3 a decrease linearly from 2 to 0 over
iterations. The “.” operator is used for element-wise scalar multiplication
3. Fitness Evaluation

a.  Evaluate the fitness f(x;(t + 1)) for all wolves using the validation MAPE of the XGBoost model

trained with parameters x;(t + 1).

b. Update a, 8, and & based on new fitness values.
4. Termination Criteria
Repeat steps 3—4 for a fixed number of iterations T or until convergence (no improvement in best fitness for
k iterations).
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Pseudocode 1. Fitness Function

Function FitnessEvaluation(x;):
Input: x; — A vector of hyperparameters for the XGBoost model
Output: Fitness — The Mean Absolute Percentage Error (MAPE) on the validation set
Step 1: Split the dataset into training and validation sets
[Xtrain Xvat Yerain Yvar] < SplitData(dataset, validation_ratio)
Step 2: Initialize the XGBoost model with hyperparameters from x;
model « XGBoost(
n_estimators = x;[0],
learning_rate = x;[1],
max_depth = x;[2],
subsample = x;[3],
colsample_bytree = x;[4],
gamma = x; [5],
reg_alpha = x;[6],
reg_lambda =x;[7]
)
Step 3: Train the XGBoost model on the training set
mOdeI-ﬁt(Xtrainr Ytrain)
Step 4: Predict on the validation set
Yprea<— model.predict(X,,q;)
Step 5: Compute Mean Absolute Percentage Error (MAPE)
fitness « MAPE(yval, ypred)
where y; is the predicted value and y; is the actual value
Step 6: Return fitness

2.6 Evaluation

To comprehensively assess the performance of the optimized XGBoost models, the following evaluation
metrics were employed:

1. RMSE. It measures the square root of the average squared differences between predicted and actual
values, providing insight into the model’s absolute prediction error magnitude.

2. MAE. It measures the average of the absolute differences between predicted and actual values,
providing a straightforward indication of the model’s average prediction error without emphasizing
large errors disproportionately

3. MAPE. It captures the average absolute percentage error between predictions and actual values,
offering an intuitive percentage-based measure of forecasting accuracy.

Model performance was evaluated on both the validation and test sets to ensure that the model
generalizes well beyond the training data. Reporting results on both sets helps verify that improvements
during optimization are not due to overfitting but reflect true predictive capability on unseen data.

The proposed XGBoost + GWO Regressor model is also compared to classical machine learning
approaches and other optimization-enhanced XGBoost variants to highlight the predictive accuracy and
generalization performance of the proposed XGBoost + GWO Regressor model. The inclusion of two widely
used Sl algorithms (PSO and Bat Algorithm (BA)) provides a rigorous benchmark to assess the efficacy of
GWO as a hyperparameter tuning strategy.

2.7 Experimental Setup

All experiments were conducted to evaluate the effectiveness of the proposed XGBoost + GWO
framework for stock index prediction. The model training and optimization processes were executed on
Google Colab, accessed through Google Chrome on a Windows environment. The computations ran on a
virtual machine equipped with an Intel Xeon CPU @ 2.20 GHz, 12 GB RAM, and Ubuntu 20.04 LTS (64-
bit) as the server-side operating system. The implementation employed Python 3.10 with major libraries
including scikit-learn 1.5, xgboost 2.1, and numpy 1.26, while the GWO algorithm followed its standard
pseudocode. All tools and libraries used in this research are open-source and freely available, ensuring full
reproducibility and transparency of the experimental results.
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This study applies XGBoost to predict stock index movements, aiming to minimize validation error.
To optimize model performance, the GWO is employed for hyperparameter tuning. The GWO algorithm is
configured with a population of 5, 10, and 20 wolves and 200 iterations, using MAPE on the validation set
as the fitness function. If the best fitness shows no improvement for k iterations, the GWO will be stopped.
The choice of 200 iterations is based on preliminary experiments, which indicated that model performance
stabilized before this point. Extending the iteration count beyond 200 produced only marginal improvements
(less than 0.1% reduction in error metrics) while substantially increasing computation time. Therefore, 200
iterations were selected as a practical trade-off, ensuring sufficient search space exploration while
maintaining computational efficiency. In this study, the stopping criterion of the GWO was defined using
k = 50, meaning that if no improvement in the best fitness is observed for 50 consecutive iterations, the
optimization process is terminated early. This value was selected based on preliminary trials. When k was set
below 50 (e.g., 10 or 20), the algorithm frequently stopped too early, resulting in suboptimal hyperparameter
selection and higher prediction errors. On the other hand, larger values of k (>50) did not yield substantial
accuracy gains but increased computation time considerably. Therefore, k = 50 was chosen as an
appropriate balance, ensuring that the optimization process has sufficient opportunity to converge while
avoiding unnecessary computational overhead.

The optimized hyperparameters and their search ranges were as follows:

1. Mestimators: [501 300]1

learning rate (n): [0.01, 0.2];

max depth: [3, 10];

subsample: [0.5, 1.0];

colsample by tree: [0.5, 1.0];

gamma (minimum loss reduction): [0, 5];
L1 regularization (): [0, 1];

L2 regularization (1): [0, 1].

This configuration enables efficient and adaptive exploration of the hyperparameter space, ensuring
convergence while minimizing overfitting. The experimental environment described above guarantees
transparency and reproducibility, allowing fair comparison of computational efficiency and forecasting
accuracy across different optimization techniques.

O NGk WN

3. RESULTS AND DISCUSSION

This section provides a comprehensive comparison between the XGBoost Regression + GWO model
and the established ML models (Decision Tree (DT) Regressor, Random Forest (RF) Regressor, Multilayer
Perceptron (MLP) Regressor, and Gradient Boosting (GBR) Regressor). The XGBoost Regression + GWO
is also compared to XGBoost Regressor + Grid Search, XGBoost Regressor + Random Search, XGBoost
Regressor + Bayesian Optimization, and two popular SI approaches for hyperparameter tuning. The two Sl
hyperparameter-based optimizations used for benchmarking are PSO and BA. The evaluation focuses on key
performance metrics, including MAE, RMSE, and MAPE, to assess prediction accuracy and model fit. In
addition, this section presents visual comparisons of actual versus predicted stock index values to illustrate
forecasting performance. The average of the computational time for all methods is also compared.
Furthermore, it highlights the optimal hyperparameter values obtained through GWO tuning and discusses
their impact on model performance.
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Figure 3. Relationship between the Number of Lags and MAPE of Testing Data Using XGBoost
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Table 5. Results of Different GWO Population Sizes

Wolves Iterations MAPE (%) RMSE MAE Time ()
5 200 2.010 112.300 87.900 138.000
10 200 1.788 108.670 84.320 145.000
20 200 1.790 108.900 84.700 422.000

5 Wolves 2.010 5 Wolves 112.300

; wclch_; b N WOWES_MHM

20 Wolves 1.790 20 Wolves 108.900

0.0 0.5 10 15 2.0 20 40 60 80 100
(@) MAPE (%) (b) RMSE
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B WGIVES_N CormE -
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Figure 4. Comparison of Different GWO Population Sizes (5, 10, 20 wolves) across Evaluation Metrics:
(a) MAPE, (b) RMSE, (c) MAE, and (d) Computation Time, where the Best-Performing Settings Are
Highlighted in Green

In the initial stage, lag selection was performed to ensure that the model incorporated sufficient
historical information. Fig. 3 shows that when only one lag is used, the MAPE is relatively high (around
10%). Increasing the lag to two drastically reduces the MAPE to about 2%, which is the optimal point. Adding
more lags beyond two does not yield further improvements and may even increase the risk of overfitting.
Therefore, lag = 2 was selected as the best configuration for subsequent experiments.

Table 5 then presents the quantitative results of different GWO population sizes (5, 10, and 20 wolves)
under the lag = 2 configuration. The results indicate that the 10-wolf setting provides the best balance between
accuracy and efficiency, achieving an MAPE of 1.788%, RMSE of 108.670, MAE of 84.320, and
computation time of 145.000 seconds. Although the 20-wolf configuration yields similar accuracy, it requires
substantially longer computation time (422.000 seconds), reducing its overall efficiency.

To complement these numerical results, Fig. 4 provides a visual comparison of model performance
across evaluation metrics using horizontal bar charts for MAPE, RMSE, MAE, and computation time. In each
subplot, the best-performing configuration is highlighted in green. This visualization clearly confirms that
the 10-wolf configuration consistently delivers the highest predictive accuracy while maintaining acceptable
computational cost, making it the most effective setting for subsequent evaluations.

Fig. 5 presents a comparison of various regression models and hyperparameter tuning methods based
on their average MAPE for both training and testing datasets. The proposed method, XGBoost Regressor +
GWO Regressor, demonstrates the best overall performance. Specifically, XGBoost Regressor + GWO with
20 wolves achieves the lowest testing MAPE of 1.788%, outperforming all other methods. In contrast,
traditional ML models such as DT Regressor, RF Regressor, MLP Regressor, and GB Regressors, all tuned
using Grid Search, produce higher testing MAPE values ranging from 1.903% to 2.129%. This indicates that
the proposed method generalizes better and achieves superior accuracy. When compared to standard
hyperparameter tuning techniques like Grid Search (2.151%), Random Search (2.475%), and Bayesian
Optimization (2.473%), XGBoost Regressor + GWO significantly outperforms them, confirming its ability
to more effectively explore the search space. Additionally, among other swarm intelligence-based tuning
methods, namely BA and PSO, GWO also achieves the lowest testing error. While BA and PSO improve as
the number of agents increases, their best results (1.836% for BA and 1.799% for PSO) still fall short of
GWO’s performance. There is a clear pattern indicating that increasing the number of swarm agents (from 5
to 20) generally leads to improved testing MAPE across BA, PSO, and GWO. Although training MAPE
slightly increases with larger swarms, the testing performance benefits outweigh the potential overfitting risk.
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In summary, XGBoost Regressor + GWO with 20 wolves is the most effective approach, demonstrating
superior accuracy and generalization compared to well-benchmarked ML models, conventional
hyperparameter optimization methods, and other swarm-based strategies.

XGBoost Regressor + Random Search [ INT72TT 2.475
XGBoost Regressor + Bayesian Optimization I 2473
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Figure 5. Performance Comparison of XGBoost+GWO Against Benchmark Models and Optimization
Techniques Using MAPE (%)
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Figure 6. Performance Comparison of XGBoost+GWO Against Benchmark Models and Optimization

Techniques Using RMSE

The bar chart in Fig. 6 compares the average RMSE of various regression models and hyperparameter
optimization methods for both training and testing datasets. The proposed method, XGBoost Regressor +
GWO, demonstrates the best overall performance. Specifically, XGBoost Regressor + GWO with 20 wolves
achieves the lowest testing RMSE of 108.67, outperforming all other models and tuning strategies. Compared
to traditional machine learning models, such as DT Regressor (124.44), RF Regressor (116.69), MLP
Regressor (125.26), and GB Regressor (114.37), the proposed method reduces testing RMSE by a notable
margin (5-16%). When compared to standard tuning techniques like Grid Search (125.32), Random Search
(143.11), and Bayesian Optimization (143.44), XGBoost Regressor + GWO reduces testing RMSE by up to
24%, demonstrating superior hyperparameter search capabilities. Among the SI benchmark methods, GWO
shows consistently better performance than both BA and PSO. While BA (20 bats) and PSO (20 particles)
achieve testing RMSEs of 111.67 and 108.95, respectively, they are slightly less accurate than GWO
(108.67). This highlights GWQO’s ability to balance exploration and exploitation more effectively.
Additionally, increasing the number of swarm agents (from 5 to 20) improves testing performance across all
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swarm-based methods. However, this is accompanied by a moderate increase in training RMSE, suggesting
a trade-off between underfitting and generalization. Despite this, the testing performance gain indicates better
robustness and model generalization. In conclusion, XGBoost Regressor + GWO with 20 wolves is the most
effective approach, delivering the lowest testing RMSE and outperforming both traditional models and
alternative hyperparameter optimization techniques.

MAE is a valuable evaluation metric because it provides a straightforward and interpretable measure
of the average magnitude of prediction errors without exaggerating the effect of outliers. Unlike RMSE,
which squares the errors and thus gives more weight to larger deviations, MAE treats all errors equally,
making it a more balanced indicator when consistency is prioritized over penalizing big mistakes. MAE is
expressed in the same units as the target variable, which aids in understanding the practical significance of
prediction errors. Its simplicity, robustness to extreme values, and ease of interpretation make MAE a widely
preferred metric for regression problems, especially when data contains noise or outliers. From Fig. 7, it can
be shown that across all 16 configurations, the lowest testing MAE (84.32) is achieved by XGBoost Regressor
+ GWO with 20 wolves, establishing it as the best performer in the figure. Relative to well-known learners
tuned by grid search, such as DT Regressor (95.09), RF Regressor (91.49), MLP Regressor (96.80), and GB
Regressor (89.67), the proposed method lowers error by 6 %—13 %, with the largest absolute gap (12.5 points)
against the neural MLP. Against the three classical XGBoost Regressor search schemes, GWO is even more
decisive: it trims MAE by 16 % versus grid search (99.96) and by roughly 26 % versus both random search
(114.62) and Bayesian Optimization (114.39), showing that GWO explores the hyperparameter space far
more effectively. Within the SI family, increasing colony size consistently improves generalization. For the
BA, the testing MAE falls from 89.23 (5 bats) to 86.65 (20 bats); for PSO, it drops from 85.42 to 84.73; and
for GWO, it descends from 85.60 to the chart-leading 84.32. Thus, larger swarms enrich exploration, though
the improvements diminish as size grows and are accompanied by a gradual rise in training error (GWO
climbs from 24.77 to 27.78), hinting at a mild over-fitting trade-off that remains acceptable. In summary,
XGBoost Regressor + GWO (20 wolves) not only surpasses established tree, forest, neural, and boosting
baselines, but also outperforms standard grid, random, and Bayesian searches and edges rival swarm tuners,
confirming it as the most accurate and robust strategy in this evaluation.
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Figure 7. Performance Comparison of XGBoost+GWO Against Benchmark Models and Optimization
Techniques Using MAE

Table 6 presents the standard deviation of evaluation metrics, MAPE, RMSE, and MAE, for various
regression models across training and testing datasets. Models tuned with Grid Search, including DT, RF,
MLP, and GB Regressors, show near-zero standard deviations (1.09 x 1014 to 6.80 x10-16), indicating highly
consistent results but also suggesting potential overfitting or synthetic data behavior. In contrast, XGBoost
models using traditional tuning methods such as Random Search and Bayesian Optimization yield more
realistic standard deviations. For example, XGBoost Regressor + Random Search has a testing MAPE
standard deviation of 0.1168, while Bayesian Optimization results in a higher deviation of 0.1518, indicating
less stability. SI - based methods, including the BA, PSO, and GWO, exhibit variable but generally lower
testing standard deviations. GWO stands out with the most stable performance, especially with 10 wolves,
where the testing MAPE standard deviation is only 0.0098, the lowest among all methods, along with low
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RMSE and MAE deviations (0.6838 and 0.4562, respectively). PSO and BA also show improved stability as
the number of particles or bats increases, though their results are not as consistent as GWO. Interestingly,
increasing swarm size generally reduces testing standard deviation, highlighting the benefit of larger
populations for robust optimization. However, in the case of GWO with 20 wolves, a slight increase in
standard deviation suggests that overly large swarms may introduce minor instability. In summary, swarm-
based tuning methods, particularly XGBoost combined with GWO using 10 wolves, offer the most consistent
and reliable model performance. They outperform conventional tuning strategies not only in accuracy but
also in robustness, making them a strong candidate for hyperparameter optimization in real-world regression

tasks.

Table 6. Standard Deviation of Comparison Between Baseline and XGBoost Regressor + GWO Models

Model MAPE in % RMSE MAE

Training Testing Training Testing Training Testing

DT Regressor + Grid Search 4,54 x10716 0 2.18x10%®  7.25x10  1.09x10%*  5.8x104

RF Regressor + Grid Search 1.13x1016  4.53x10%®  3.63x105  7.25x10 0.0 2.90x10%4

MLP+ Grid Search 6.80x10%®  9.06x1016 0 5.80x10%*  1.45x10%*  2.90x10

GB Regressor + Grid Search 2.27x10%  6.80x10%  7.25x10®  1.45x10*  1.09x10 0

XGBoost Regressor +

Random Search 0.1821 0.1168 7.8906 6.2950 5.9530 5.2976

XGBoost Regressor + Grid

Search 0 0 0 4.35x104 0 0

XGBoost Regressor +

Bayesian Optimization 0.2260 0.1518 9.6277 8.8781 7.3351 6.8925

XGBoost Regressor + BA (5

bats) 0.2296 0.0479 9.6487 1.9970 7.4928 2.4517

XGBoost Regressor + BA (10

bats) 0.2842 0.0231 12.0992 1.4959 9.2829 1.1108

XGBoost Regressor + BA (20

bats) 0.3155 0.0196 13.3442 1.0764 10.2494 1.0350

XGBoost Regressor + PSO (5

particles) 0.3747 0.0285 16.1067 1.1690 12.2402 1.3068

XGBoost Regressor + PSO

(10 particles) 0.3684 0.0187 15.7756 12.0174 0.8552 0.8278

XGBoost Regressor + PSO

(20 particles) 0.3857 0.0159 16.6063 0.6502 12.5931 0.7377

XGBoost Regressor + GWO

(5 wolves) 0.2437 0.0135 10.6914 0.7860 7.9790 0.7667

XGBoost Regressor + GWO

(10 wolves) 0.2170 0.0098 9.5262 0.6838 7.1265 0.4562

XGBoost Regressor + GWO

(20 wolves) 0.2036 0.0169 9.0106 0.8841 6.6767 0.7552
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Figure 8. The Comparison of the Average Computational Time of XGBoost+GWO Against Benchmark
Models and Optimization Techniques
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Fig. 8 reports the average optimization time (s) for each modelling strategy. Among baseline learners
tuned by grid search, Decision-Tree (0.49 s) and Random-Forest (27.6 s) are extremely fast, whereas MLP is
the slowest overall (=920 s). Gradient-Boosting sits mid-range at 58 s. Focusing on XGBoost, traditional
searches are costly: Random Search (431 s) and Bayesian Optimization (475 s) consume four-to-five times
more time than grid search (98 s). The proposed XGBoost + GWO offers a balanced compromise. With 5—10
wolves, it requires = 138—145 s less than one-third of Random or Bayesian search and far below the MLP
baseline, yet only 1.4 x the cost of XGBoost’s exhaustive grid search. At 20 wolves, time rises sharply to 422
s, matching Random Search; thus, the 10-wolf setting emerges as the best efficiency—accuracy trade-off
reported in earlier metrics. Compared with other swarm tuners, GWO is heavier than the Bat Algorithm (30—
107 s) and moderately above PSO at comparable populations (PSO-20 =272 s). Nonetheless, its additional
cost is offset by the superior predictive accuracy and stability previously observed. Finally, a clear linear
pattern appears: larger swarms systematically increase run-time across BA, PSO, and GWO. The steepest
slope belongs to GWO, indicating a higher per-agent computational burden; practitioners should therefore
cap wolf numbers around ten to gain most of GWO’s accuracy benefits without incurring disproportionate
time penalties.

Fig. 9 plots the standard deviation of optimisation time for each method, thus reflecting run-to-run
stability. Conventional grid-search baselines, DT, RF, and GB Regressor, are extremely stable (6 =0-1 s),
while MLP Regressor +Grid Search is a notable outlier at = 112 s, indicating erratic convergence behaviour
despite similar average speed. For XGBoost, classical search schemes remain consistent: grid search (=2 s),
random search (=12s), and Bayesian optimisation (=21s). By contrast, the proposed XGBoost
Regressor +GWO shows higher but still manageable variability: = 81 s with 5 wolves, = 58 s with 10 wolves,
and =~ 215 s with 20 wolves. The 10-wolf setting therefore delivers the best trade-off, its time spread is five
times that of Bayesian search yet half that of the unstable MLP baseline, and markedly lower than the 20-wolf
configuration. Relative to other swarm-based tuners, GWO’s dispersion sits between the lightweight Bat
Algorithm and the heavier PSO. BA grows modestly from 6 s (5 bats) to 20 s (20 bats), whereas PSO balloons
from 62 s to an extreme 232 s at 20 particles. Hence, for large populations, PSO is the least predictable, GWO
intermediate, and BA the most stable. A clear pattern emerges: increasing swarm size inflates the standard
deviation of runtime across all three meta-heuristics, with the steepest rise in PSO and the mildest in BA.
This reflects the greater stochastic exploration demanded by larger colonies and the differing internal update
rules of each algorithm. Consequently, practitioners seeking both accuracy and runtime reliability should cap
GWO at roughly ten wolves—aobtaining the substantial accuracy gains reported earlier while restraining the
variability of computational cost.

Table 7. Results of the Diebold—Mariano (DM) Test Comparing GWO against other Forecasting Models

Model DM stat p-value Mean diff Interpretation

MLP+ Grid Search -2.864 0.00465 -4088.36 GWO significantly better
DT Regressor + Grid Search -3.169 0.00178 -3565.65 GWO significantly better
XGBoost Regressor + BA -2.182 0.0303 -611.59 GWO significantly better
GB Regressor + Grid Search -1.662 0.0981 -782.72 Not significant

RF Regressor + Grid Search -2.601 0.0100 -1517.73 GWO significantly better
XGBoost Regressor + PSO 0.356 0.722 69.36 No significant difference
XGBoost Regressor + Bayesian ;756 42006 -7201.22  GWO significantly better
Optimization

XGBoost Regressor + Random Search  -5.329 2.7e-07 -7547.27 GWO significantly better

XGBoost Regressor + Grid Search -2.883 0.00438 -2694.59 GWO significantly better




BAREKENG: J. Math. & App., vol. 20(3), pp. 2131- 2150, Sep, 2026. 2145

250.000
214.566

200.000

150.000
123.395
112.429

100.000 50608
50,000
s A | 13.200 19988

0.125 0.683 1.115 2.159 .
0.000 .

- o B B

& 7 & <&

S

&

S
a
&

Figure 9. The Comparison of the Standard Deviation of Computational Time of XGBoost+GWO Against
Benchmark Models and Optimization Techniques

Table 7 presents the results of the Diebold—Mariano (DM) test comparing the GWO-optimized
forecasting model with various benchmark algorithms. The DM statistic measures whether the forecast
accuracy of two competing models differs significantly. Negative DM values indicate superior accuracy of
the GWO model, while smaller p-values confirm statistical significance. The results reveal that GWO
consistently outperforms seven out of nine benchmark models, demonstrating significant improvements
(p < 0.05) over MLP + Grid Search (DM = —2.864, p = 0.00465), DT Regressor + Grid Search (DM =
—-3.169, p = 0.00178), XGBoost + BA (DM = —2.182, p = 0.0303), RF Regressor + Grid Search (DM =
-2.601, p = 0.0100), and XGBoost + Grid Search (DM = —2.883, p = 0.00438). The strongest evidence of
superiority is observed against XGBoost + Random Search (DM = —5.329, p = 2.7 x 1077) and XGBoost +
Bayesian Optimization (DM =—4.736, p = 4.2 x 107°), with mean forecast error reductions exceeding 7,000
units. These results highlight the efficiency of GWQO’s adaptive exploration—exploitation balance, which
allows the optimizer to escape local minima and achieve more stable solutions than stochastic or grid-based
searches.

Notably, no significant difference is found between GWO and PSO (DM = 0.356, p = 0.722),
suggesting that both swarm-based metaheuristics exhibit similar convergence behaviors. The comparison
with Gradient Boosting also yields an insignificant result (DM = —1.662, p = 0.0981), indicating that well-
tuned ensemble methods can approach GWQO’s accuracy under certain conditions. Overall, the DM test
confirms that GWO provides a statistically and practically superior forecasting framework. Its hierarchical
leadership structure and adaptive coefficient mechanism enable dynamic control of exploration and
exploitation, leading to robust generalization and reduced forecast errors. Consequently, GWO emerges as a
powerful optimization alternative for enhancing the predictive reliability of complex regression and
forecasting models.

Table 8 shows the optimal hyperparameters discovered by the GWO, which reflect a well-balanced
XGBoost configuration tailored for stock index prediction. The model uses 64 estimators, indicating that it
achieves strong performance with fewer boosting rounds, thereby reducing training time and the risk of
overfitting. A learning rate of 0.1386 ensures gradual learning, allowing the model to make steady
improvements while avoiding convergence to suboptimal solutions. The maximum tree depth of 3 keeps the
model relatively simple, which is beneficial for time series data prone to noise, as it prevents the model from
fitting minor fluctuations. A subsample ratio of 1.0 means all training samples are used in each boosting
round, which is suitable for stock market data that relies heavily on temporal continuity. The column sampling
ratio of 0.878 introduces sufficient randomness to reduce overfitting while retaining most of the predictive
information in each tree. A gamma value of 1.8656 imposes a high penalty for unnecessary splits, encouraging
the model to build only meaningful branches, further reducing complexity. Additionally, the model uses L1
regularization (reg_alpha = 0.1942) to induce sparsity by shrinking less important features, and a relatively
low L2 regularization (reg_lambda = 0.0478) to allow flexibility while still maintaining generalization.
Overall, these hyperparameter choices support a robust and interpretable model that effectively balances
accuracy, complexity, and generalization, ideal for dynamic and noisy environments like stock market
prediction.
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Fig. 8 shows the actual versus predicted closing prices using the GWO-optimized XGBoost model
from early 2021 to early 2025. In both training and testing phases, predicted values closely follow actual
prices, even during volatile movements, indicating strong fit, generalization, and the ability to capture
nonlinear market dynamics. This overlap confirms that the model effectively tracks trends and turning points
in financial time series. To validate these results statistically, the Diebold—Mariano (DM) test comparing the
proposed model with baseline XGBoost (Grid Search) yielded a statistic of 2.35 (p = 0.019), while the
Wilcoxon signed-rank test on MAE distributions from 25 runs produced W = 165 (p = 0.011). Both results
confirm that the predictive improvements are significant at the 5% level. Together, the visual and statistical
evidence demonstrate that the GWO-optimized XGBoost model consistently outperforms benchmark
approaches with significant gains in accuracy and robustness.

Table 8. Best Hyperparameters Discovered by GWO

Hyperparameter Optimal Value
n_estimators 64
learning_rate 0.138615
max_depth 3
subsample 1
colsample_bytree 0.878039
Gamma 1.865669
reg_alpha 0.19418
reg_lambda 0.047823
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Figure 10. Visualization of the Actual Versus Predicted Closing Prices Using the XGBoost Regressor + GWO

4. CONCLUSION

This study proposed a hybrid forecasting framework that integrates Grey Wolf Optimization (GWO)
with the XGBoost Regressor for stock index prediction using financial features. The GWO algorithm
effectively optimized XGBoost hyperparameters, achieving superior forecasting accuracy and computational
efficiency compared to conventional tuning approaches and other swarm intelligence methods. Experimental
results demonstrated that the proposed XGBoost + GWO model achieved the lowest testing MAPE of 1.79
%, RMSE of 108.67, and MAE of 84.32, surpassing all baseline models, including Grid-Search-tuned
Gradient Boosting, Random Forest, and Multilayer Perceptron regressors. The 10-wolf configuration
provided the best trade-off between accuracy and runtime, reducing optimization time by approximately 66
% relative to Bayesian optimization while maintaining stable performance (¢ = 58 s). Visual comparisons
confirmed that predicted and actual prices closely overlapped throughout the evaluation period, and statistical
validation using the Diebold—Mariano and Wilcoxon signed-rank tests verified that the improvements were
significant at the 5 % level. Compared to previous studies that employed traditional grid, random, or PSO-
based tuning methods, this research substantially improves model generalization, stability, and convergence
speed by leveraging GWQO’s adaptive exploration—exploitation mechanism. These findings demonstrate that
the proposed framework not only advances the optimization of XGBoost in financial forecasting but also
contributes a more consistent and time-efficient approach for stock index prediction in volatile markets.
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Future research may further enhance this framework by incorporating macroeconomic and sentiment-based
indicators, evaluating newer metaheuristics such as Harris Hawks or Aquila Optimizer, applying it in real-
time trading systems, and extending it to multivariate or cross-market prediction tasks.
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