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Abstract 

Stock price forecasting remains a challenging task due to the nonlinear, dynamic, and highly volatile nature of financial markets. Traditional 

forecasting methods often struggle to capture complex relationships among market variables, resulting in limited predictive accuracy. This study 

proposes a Multi Level Stacked Ensemble Learning (MML-SEL) framework integrated with multiple hyperparameter optimization techniques 

to improve stock price forecasting performance. The proposed architecture combines heterogeneous machine learning models across several 

hierarchical stacking layers, including Random Forest, Stochastic Gradient Descent, Multilayer Perceptron, Long Short-Term Memory, eXtreme 

Gradient Boosting, Gradient Boosting, and Support Vector Regression. To further enhance model performance, three hyperparameter 

optimization methods—Grid Search, Random Search, and Bayes Search—are employed and compared. Historical stock market data consisting 

of Open, High, Low, Close, and Volume variables were collected from three different stock exchanges, represented by TLKM (Indonesia Stock 

Exchange), MSFT (NASDAQ), and BIDU (Hong Kong Stock Exchange). The dataset was chronologically divided into training and testing sets, 

followed by data preprocessing, feature scaling, model training, stacking integration, and performance evaluation. Forecasting accuracy was 

assessed using R-Squared (R²), Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE). The experimental results demonstrate that 

the proposed MML-SEL framework achieves strong predictive performance across all datasets. The best results were obtained using Grid Search 

optimization, producing an R² value of 0.9996, MAE of 0.0114, and RMSE of 0.0202 on the MSFT dataset. The findings indicate that hierarchical 

ensemble learning combined with systematic hyperparameter optimization can significantly improve forecasting accuracy and model stability. 

This study contributes a scalable and effective forecasting framework that can support data-driven investment analysis and financial decision-

making in diverse stock market environments. 
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1. Introduction  

Stock price forecasting has attracted significant attention from researchers and practitioners because of its crucial role 

in supporting investment decisions, risk management, and portfolio optimization. Accurate forecasting remains a 

challenging task due to the complex, nonlinear, and dynamic characteristics of financial markets. Stock prices are 

influenced by numerous interacting factors, including historical market behavior, trading volume, investor 

expectations, and market sentiment, making prediction a highly uncertain process [1]. Traditional statistical 

approaches, such as autoregressive models and linear regression techniques, often exhibit limited capability in 

capturing nonlinear dependencies and complex interactions among financial variables [2]. Recent advances in machine 

learning have transformed the field of financial forecasting by enabling the modeling of high-dimensional and nonlinear 

relationships that are difficult to capture using conventional methods. Algorithms such as Random Forest (RF), Support 

Vector Regression (SVR), eXtreme Gradient Boosting (XGBoost), Multilayer Perceptron (MLP), and Long Short-

Term Memory (LSTM) networks have demonstrated promising performance in stock market prediction tasks [1], [2]. 

Despite these developments, no single machine learning model consistently outperforms others across different market 

conditions. Individual models often suffer from limitations related to overfitting, underfitting, model variance, and 

generalization capability, which may reduce forecasting reliability when applied to volatile financial environments. To 

address these limitations, ensemble learning has emerged as an effective strategy for improving predictive performance. 
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Ensemble methods combine multiple learning algorithms to generate predictions that are generally more accurate and 

robust than those produced by individual models [3]. Previous studies have shown that ensemble-based approaches can 

reduce forecasting errors and improve model stability in financial applications [4], [5]. 

Among various ensemble techniques, stacking has gained increasing attention because it allows heterogeneous 

predictive models to collaborate through hierarchical learning structures. Unlike bagging and boosting methods, 

stacking utilizes meta-learners to integrate predictions from multiple base learners, enabling the model to exploit 

complementary strengths from different algorithms [5], [6]. Although stacking-based forecasting frameworks have 

demonstrated encouraging results, most existing studies rely on relatively shallow architectures consisting of a single 

stacking layer. Such architectures may not fully capture the complexity of financial market behavior, particularly when 

multiple machine learning algorithms produce diverse predictive patterns. 

Financial time-series data often contain hierarchical relationships and nonlinear interactions that may benefit from 

deeper ensemble structures. However, empirical research investigating multi-level stacked ensemble architectures 

remains relatively limited in the stock forecasting literature. Consequently, there is a need to explore whether deeper 

stacking hierarchies can improve predictive performance and enhance model robustness. Another critical factor 

influencing machine learning performance is hyperparameter optimization. Model performance is highly dependent on 

the selection of appropriate hyperparameter values, and suboptimal configurations may significantly degrade 

forecasting accuracy [7]. 

Various optimization approaches, including Grid Search, Random Search, and Bayesian Search, have been developed 

to identify optimal parameter combinations. Previous studies have demonstrated that systematic hyperparameter 

optimization can improve predictive accuracy, convergence efficiency, and model stability [8], [9]. Nevertheless, most 

stock forecasting studies evaluate optimization techniques separately from ensemble architectures, leaving limited 

evidence regarding their combined effectiveness within a hierarchical stacking framework. Based on these 

observations, a significant research gap exists in the integration of multi-level stacked ensemble learning and systematic 

hyperparameter optimization for stock price forecasting. While ensemble learning and optimization techniques have 

been extensively studied independently, their combined implementation within a hierarchical forecasting architecture 

has received comparatively less attention. Furthermore, many previous studies focus on a limited number of algorithms 

or employ relatively simple ensemble structures, potentially restricting predictive performance. 

To address these limitations, this study proposes a Multi-Level Stacked Ensemble Learning (MML-SEL) framework 

integrated with multiple hyperparameter optimization techniques. The proposed architecture combines heterogeneous 

machine learning models, including Random Forest, Stochastic Gradient Descent (SGD), Multilayer Perceptron, Long 

Short-Term Memory, eXtreme Gradient Boosting, Gradient Boosting, and Support Vector Regression, through 

multiple hierarchical stacking layers. The proposed framework is evaluated using historical stock market data from 

three representative stocks: TLKM from the Indonesia Stock Exchange (IDX), MSFT from NASDAQ, and BIDU from 

the Hong Kong Stock Exchange (HKEX). Model performance is assessed using R-Squared (R²), Mean Absolute Error 

(MAE), and Root Mean Squared Error (RMSE). By integrating hierarchical ensemble learning with systematic 

hyperparameter optimization, this study aims to contribute a scalable forecasting framework capable of improving 

prediction accuracy and supporting more reliable investment decision-making. The contributions of this study are 

threefold. First, it proposes a hierarchical multi-level stacked ensemble architecture that integrates multiple 

heterogeneous machine learning algorithms. Second, it evaluates the effectiveness of three widely used hyperparameter 

optimization techniques within the proposed framework. Third, it provides empirical evidence regarding the capability 

of combining ensemble learning and hyperparameter optimization to improve stock price forecasting performance 

across multiple international stock market datasets. 

2. Literature Review  

2.1. Machine Learning-Based Stock Price Forecasting 

Stock price forecasting has long been a major topic in financial research because of its importance in supporting 

investment decisions, portfolio management, and risk assessment. Predicting stock prices is inherently difficult due to 

the dynamic and uncertain nature of financial markets. Price movements are influenced by various factors, including 

historical trends, trading volume, investor behavior, and market conditions, which often interact in complex and 

nonlinear ways. As a result, traditional forecasting approaches frequently encounter limitations when attempting to 

model the complexity of financial data and generate accurate predictions. In recent years, machine learning has emerged 

as a promising alternative for stock price forecasting. Unlike conventional statistical methods, machine learning 
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algorithms are capable of identifying hidden patterns and learning complex relationships directly from large datasets. 

This capability allows machine learning models to process financial information more effectively and adapt to changing 

market conditions. Consequently, researchers have increasingly adopted machine learning techniques to improve 

forecasting performance and provide more reliable predictions in financial markets. 

Various machine learning algorithms have been applied to stock market prediction, each offering unique strengths. 

Random Forest is known for its ability to reduce overfitting and handle high-dimensional data, while Support Vector 

Regression performs well in modeling nonlinear relationships. Similarly, eXtreme Gradient Boosting has gained 

popularity because of its strong predictive performance and computational efficiency. Deep learning approaches, 

particularly Long Short-Term Memory (LSTM) networks, have also demonstrated remarkable success in forecasting 

stock prices by capturing temporal dependencies within financial time-series data [2]. These developments indicate 

that machine learning has significantly enhanced the capability of forecasting models compared to traditional 

approaches. 

2.2. Ensemble Learning and Multi-Level Stacking Architecture 

The increasing complexity of financial markets has encouraged researchers to move beyond single-model forecasting 

approaches and adopt ensemble learning techniques. Ensemble learning refers to the integration of multiple predictive 

models to generate a more accurate and robust prediction than any individual model can achieve independently [3]. In 

stock market forecasting, where data are often noisy, nonlinear, and highly volatile, ensemble methods have 

demonstrated superior performance by combining the strengths of different algorithms while reducing their individual 

weaknesses. As a result, ensemble learning has become one of the most widely adopted approaches in modern financial 

prediction studies [6], [10] . 

Ensemble machine learning techniques combined with feature engineering significantly improved stock trend 

prediction accuracy consistently outperformed standalone models in high-frequency trading environments due to their 

ability to improve prediction stability and reduce forecasting errors offer a promising solution for addressing the 

inherent uncertainty and complexity of stock market behavior  [4], [5]. 

Among various ensemble methods, stacking has attracted considerable attention because of its capability to combine 

heterogeneous learning algorithms within a hierarchical framework. Unlike bagging and boosting techniques, which 

focus on aggregating or sequentially improving predictions, stacking introduces a meta-learning layer that learns how 

to optimally combine the outputs generated by multiple base learners. This architecture enables different algorithms to 

contribute complementary information to the forecasting process. Previous studies have shown that stacking-based 

frameworks can effectively leverage the strengths of both conventional machine learning and deep learning models, 

resulting in improved predictive performance [11], [12], [13] .  

Despite the success of stacking approaches, most existing studies employ relatively shallow architectures consisting of 

only a single meta-learning layer. While such architectures have demonstrated promising results, they may not fully 

capture the complex patterns embedded within financial time-series data. Recent developments in artificial intelligence 

suggest that deeper ensemble structures can provide additional predictive advantages by progressively refining 

prediction outputs through multiple learning stages.  Building upon this perspective, multi-level stacking architecture 

extends traditional stacking by incorporating several hierarchical ensemble layers, where the outputs of one layer 

become inputs for subsequent layers. Such an architecture enables information to be processed and refined 

progressively, allowing the model to capture more sophisticated nonlinear relationships and interactions among 

financial variables. Given the increasing complexity of stock market dynamics, multi-level stacking architectures 

provide a promising framework for improving forecasting accuracy, enhancing model robustness, and generating more 

reliable predictions.  

2.3. Hyperparameter Optimization 

Hyperparameter optimization has become an essential component of modern machine learning because the 

performance of predictive models is highly dependent on the selection of appropriate hyperparameter values. Unlike 

model parameters, which are learned automatically during the training process, hyperparameters must be determined 

before model development and directly influence how the learning algorithm operates. Examples include the number 

of trees in Random Forest, learning rates in boosting algorithms, kernel functions in Support Vector Regression, and 

the number of hidden units in neural networks. Inadequate hyperparameter settings can lead to underfitting, overfitting, 

poor generalization, and reduced forecasting accuracy. Therefore, optimizing hyperparameters has become a critical 

step in developing reliable machine learning models, particularly in complex domains such as financial forecasting [7] 



Journal of Applied Data Sciences 

Vol. 7, No. 4, December 2026, pp. 2618-2634 

ISSN 2723-6471 

2621 

 
The growing complexity of financial time-series data has further increased the importance of hyperparameter 

optimization. Stock markets exhibit nonlinear behavior, high volatility, and dynamic patterns that require machine 

learning algorithms to operate under optimal configurations. Previous studies have demonstrated that even highly 

sophisticated models may produce unsatisfactory results when hyperparameters are not properly tuned. Consequently, 

researchers have increasingly emphasized the integration of systematic optimization procedures to enhance predictive 

accuracy and model stability  [14], [15], [16]. Effective hyperparameter optimization enables machine learning models 

to better capture underlying market patterns while reducing prediction errors. Several optimization techniques have 

been developed to identify optimal hyperparameter configurations. Grid Search is one of the earliest and most widely 

used approaches because it systematically evaluates all possible combinations within a predefined search space. 

Although Grid Search can identify highly effective parameter settings, its exhaustive nature often requires substantial 

computational resources, particularly when dealing with large datasets and complex models. To overcome this 

limitation, Random Search was introduced as a more computationally efficient alternative. Rather than evaluating every 

possible combination, Random Search explores randomly selected configurations and has been shown to achieve 

competitive performance while significantly reducing computational cost. 

More recently, advanced optimization approaches have emerged to further improve efficiency and predictive 

performance. Bayesian Search employs probabilistic modeling to guide the search process toward promising regions 

of the parameter space, thereby reducing the number of evaluations required to identify optimal configurations. In the 

context of financial forecasting, several studies have reported substantial performance improvements through advanced 

optimization techniques.  a hybrid deep learning model optimized through the Golden Jackal Optimizer and reported 

superior forecasting accuracy compared to baseline models [8], [9], [17], [18]. Despite the growing body of literature 

on hyperparameter optimization, most studies focus on optimizing individual machine learning models rather than 

investigating optimization strategies within hierarchical ensemble frameworks. Furthermore, limited research has 

compared multiple optimization techniques in the context of multi-level stacked ensemble architectures for stock price 

forecasting. This gap is particularly important because the performance of ensemble models depends not only on the 

diversity of learners but also on the quality of their individual configurations. Therefore, integrating Grid Search, 

Random Search, and Bayes Search within  Multi-Level Stacked Ensemble Learning (MML-SEL) framework offers an 

opportunity to evaluate the combined effects of hierarchical ensemble learning and systematic hyperparameter 

optimization on forecasting accuracy and model robustness. 

2.4. Integration of Multi-Level Stacking and Hyperparameter Optimization 

The rapid advancement of machine learning has led researchers to explore not only individual predictive algorithms 

but also integrated frameworks that combine multiple learning strategies to improve forecasting performance. Among 

these developments, ensemble learning and hyperparameter optimization have emerged as two of the most influential 

approaches in predictive analytics. Ensemble learning enhances prediction accuracy by leveraging the diversity of 

multiple models, whereas hyperparameter optimization improves model effectiveness by identifying the most suitable 

parameter configurations. Although both approaches have independently demonstrated strong predictive capabilities, 

their combined application within a unified forecasting framework remains relatively underexplored, particularly in 

stock price prediction. 

Multi-level stacking architectures have shown considerable potential in addressing the limitations of single-model and 

shallow ensemble approaches [3], [19], [20]. Previous studies have reported that ensemble-based frameworks generally 

outperform standalone machine learning models because they reduce prediction variance and improve generalization 

capability [21], [22] that stacking ensemble structures can significantly improve predictive performance by integrating 

diverse learning mechanisms within a hierarchical architecture. These findings suggest that deeper stacking structures 

may provide greater predictive robustness when applied to complex financial datasets. At the same time, numerous 

studies have highlighted the importance of hyperparameter optimization in maximizing machine learning performance. 

Model effectiveness is highly sensitive to hyperparameter settings and that optimization procedures are essential for 

achieving reliable results [7], [23], [24]. Furthermore, automated optimization frameworks could enhance both 

predictive performance and computational efficiency. These studies collectively indicate that hyperparameter 

optimization plays a critical role in unlocking the full potential of machine learning models. 

Despite these advances, existing research has largely examined ensemble learning and hyperparameter optimization as 

separate research streams. Most studies focus either on developing sophisticated ensemble architectures or on 

improving individual models through optimization techniques. Consequently, limited attention has been given to 

understanding how hyperparameter optimization can enhance the effectiveness of hierarchical ensemble frameworks. 
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This limitation is particularly important because the performance of ensemble systems depends not only on the diversity 

of constituent models but also on the quality of each model's configuration. Without proper optimization, even 

advanced ensemble architectures may fail to achieve their maximum predictive potential. The integration of Multi-

Level Stacked Ensemble Learning and Hyperparameter Optimization offers a promising solution to this challenge. By 

combining hierarchical ensemble structures with systematic optimization strategies such as Grid Search, Random 

Search, and Bayes Search, forecasting models can simultaneously benefit from model diversity and parameter 

efficiency. Multi-level stacking enables the framework to capture complex nonlinear relationships across different 

learning layers, while hyperparameter optimization ensures that each learner operates under near-optimal conditions.  

3. Methodology  

Several crucial phases are covered by the MML-SEL Model research approach, which aims to increase the precision 

of stock price forecasts. In order to create reliable configuration designs, this methodical approach focuses on using a 

variety of machine learning approaches, data sources, assessment frameworks, and hyperparameter tuning. 

One of the crucial phases in stock price forecasting research is the compilation of data sets.  Analyzing how accurate 

stock price forecasting are is one of them.  Each stock has six variables in the data set: trading volume, transaction date, 

open, high, low, and closed price.  Five phases make up the data set construction procedure employed in this study. 

Gathering stock transaction data from Google Finance is the first stage.  Preprocessing the gathered data is the second 

phase.  The regression model was tested on several training datasets in the third phase using Random Forest (RF), 

Stochastic Gradient Descent (SGD), Long Short-Term Memory (LSTM), Multilayer Perceptron (MLP), eXtreme 

Gradient Boosting (XGB), Support Vector Regression (SVR), and Gradient Boosting (GB).   In the fourth phase, the 

model is evaluated using the R-Squared (R²), Mean Absolute Error (MAE), and Root Mean Squared Error (RMSE) 

techniques.   Finally, we modify the Hyperparameter in the fifth step using Grid Search (GS), Random Search (RS), 

and Bayes Search (BS). 

3.1. Data Collection  

The first phase entails gathering a lot of data.  Data on past stock prices, such as closing price and daily trading volume, 

should be gathered from trustworthy sources. This data approach ensures a rich set of data that can capture the influence 

on stock price movements. Table 1 displays data for this time period that shows the movement of stock trading 

transactions on the Nasdaq, Hong Kong Stock Exchange (HKEX), and Indonesia Stock Exchange (IDX). 

   Table 1. Data Description                                                  

Item Description 

Period January 1, 2010 to September 30, 2025 

Indonesia Stock TLKM (IDX) 

US Stock MSFT (Nasdaq) 

China Stock BIDU (HKEX) 

Variables Date of Transaction, Open, High, Low, Close, and Volume 

Number of Observations 11,711 

3.2.Data Preprocessing 

Following collection, the data is initially cleaned up, which includes identifying missing numbers, eliminating noise 

and outliers, smoothing out irregular data, and looking for data inconsistencies.  After then, the data is categorized by 

type. 

3.2.1. Time-Series Data Splitting Strategy 

Unlike conventional machine learning tasks, stock price forecasting involves sequential data in which temporal 

ordering must be preserved. Randomly shuffling observations prior to model training may introduce look-ahead bias, 

allowing future information to influence the learning process and resulting in overly optimistic performance estimates. 

To maintain the integrity of the forecasting task, the dataset was partitioned chronologically into training and testing 

subsets. Specifically, the earliest 85% of observations were allocated to the training set, while the most recent 15% 

were reserved exclusively for testing. No random sampling or shuffling procedures were applied during data 

partitioning. This approach ensures that the model is trained using only historical information and evaluated on unseen 
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future observations, thereby providing a more realistic assessment of forecasting performance. The chronological train-

test split is consistent with established practices in financial time-series forecasting, where preserving temporal 

dependencies is essential for avoiding information leakage and maintaining the validity of predictive evaluation. 

3.2.2. Experimental Configuration and Reproducibility Settings 

To improve reproducibility and transparency, all experiments were conducted using a consistent computational 

environment and predefined model configurations. The proposed Multi-Level Stacked Ensemble Learning framework 

was implemented in Python using established machine learning and deep learning libraries. Hyperparameter 

optimization was performed using Grid Search, Random Search, and Bayes Search to identify the best-performing 

parameter combinations for each learning algorithm.  

The training process followed identical preprocessing, feature generation, and evaluation procedures across all datasets. 

The dataset was chronologically divided into training (85%) and testing (15%) subsets to preserve temporal ordering 

and prevent information leakage. Model performance was evaluated using Mean Absolute Error (MAE), Root Mean 

Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and Coefficient of Determination (R²).  

3.3. Stacking Ensemble Method 

The MML-SEL model is visualized in figure 1. Proposed Methodology System. Testing models on some of our training 

datasets, namely stock data from TLKM (Telekomunikasi Indonesia Tbk), MSFT (Microsoft Corporation) and BIDU 

(Baidu Inc.), using: 

 

Figure 1. Proposed Methodology System 

3.3.1. RF (Random Forest) 

RF a group approach that builds numerous decision trees while training.  The mean prediction of each individual tree 

serves as the final prediction for regression tasks, minimizing variance and avoiding overfitting.  This algorithm creates 

a more accurate and stable model by using random feature selection and bagging techniques.  The output class is chosen 

by majority voting, in which each decision tree casts a vote for a certain class; the class with the most votes becomes 

the final forecast. Able to handle large and complex datasets, reducing the risk of overfitting and providing high 

accuracy in classification, calculated with the formula: 

𝑦̂ =
1

𝐵
∑ 𝑇𝑏

𝐵

𝑏=1

(𝑥) (1) 
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3.3.2. XGB (eXtreme Gradient Boosting) 

XGB is a machine learning approach that builds hundreds or thousands of decision trees sequentially in order to achieve 

better speed and accuracy.  The goal of every new tree that is produced is to fix the errors that the ones that came before 

it, calculated with the formula: 

𝑦̂𝑖 = ∑ 𝑓𝑘

𝐾

𝑘=1

(𝑥𝑖),  𝑓𝑘 ∈ ℱ 

 

(2) 

 

3.3.3. SVR (Support Vector Regression) 

SVR is a regression variant of the widely used Support Vector Machine (SVM) classification algorithm.  Finding the 

lines that best match the data while maintaining a specific level of fault tolerance is the aim of the SVR if the SVM's 

objective is to identify the lines that best divide the data into classes, calculated with the formula: 

𝑓(𝑥) =  ⟨𝑤, 𝑥 ⟩ +  𝑏 (3) 

3.3.4. SGD (Stochastic Gradient Descent) 

SGD Machine learning models are trained using the optimization process known as stochastic gradient descent.  

Finding the ideal model parameters (weights) involves repeatedly modifying them little by little until the smallest errors 

or prediction errors are achieved, calculated with the formula: 

𝜃 =  𝜃 −  𝜂 ⋅ ∇𝜃𝐽(𝜃; 𝑥{(𝑖)},𝑦{(𝑖)}) 
(4) 

3.3.5. MLP (Multilayer Perceptron) 

One of the most basic forms of artificial neural network architecture is the multilayer perceptron.  It is a simple deep 

learning model that recognizes intricate patterns in the data by connecting multiple layers of neurons, calculated with 

the formula: 

𝐚(𝑙) = 𝑓(𝐖(𝑙)𝐚(𝑙−1) + 𝐛(𝑙)) (5) 

3.3.6. LSTM (Long Short-Term Memory) 

One kind of sophisticated Recurrent Neural Network (RNN) architecture called (Long Short-Term Memory) is made 

especially to remember information for an extended amount of time.  Because of this, it is very dependable for 

processing sequential data, including time series data, text, and speech, calculated with the formula: 

𝑓𝑡 =  𝜎(𝑊𝑓 ⋅ [ℎ{𝑡−1}, 𝑥𝑡] + 𝑏𝑓) (6) 

𝑖𝑡 =  𝜎(𝑊𝑖 ⋅ [ℎ{𝑡−1}, 𝑥𝑡] +  𝑏𝑖) (7) 

{𝐶}𝑡 = \𝑡𝑎𝑛ℎ(𝑊𝐶 ⋅ [ℎ{𝑡−1}, 𝑥𝑡] + 𝑏𝐶) (8) 

𝐶𝑡 =  𝑓𝑡 ⊙ 𝐶{𝑡−1} +  𝑖𝑡 ⊙ {𝐶}𝑡
̃  (9) 

𝑜𝑡 =  𝜎(𝑊𝑜 ⋅ [ℎ{𝑡−1}, 𝑥𝑡] +  𝑏𝑜) (10) 

ℎ𝑡 =  𝑜𝑡 ⊙\𝑡𝑎𝑛ℎ(𝐶𝑡) (11) 

3.3.7. GB (Gradient Boosting) 

GB is a machine learning strategy that combines multiple weak prediction models into a single, stronger model to 

increase prediction accuracy. This method is renowned for its capacity to handle complex data, especially data with 

noise, and it can yield excellent accuracy, calculated with the formula: 

𝐹𝑀(𝑥) =  𝐹0(𝑥) + ∑ ℎ𝑚(𝑥)

𝑀

{𝑚=1}

 (12) 
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3.4. Evaluation Model 

Some of our training datasets whose analysis results were acquired utilizing the RF, XGB, SVR, SGD, MLP, LSTM, 

and GB Stacked Ensemble Models were evaluated during this evaluation step. The R², MAE, and RMSE methods were 

employed. 

3.4.1. R-squared (R²) 

The percentage of the dependent variable's variance that the independent variables in the regression model can account 

for is measured by the coefficient of determination.  Higher R2 values show that the model is more effective in 

explaining data variability. R² values range from 0 to 1.  The formula used to compute R² is:  

𝑅2 = 1 −
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖 − 𝑦̅)2𝑛
𝑖=1

 (13) 

3.4.2. Mean Absolute Error (MAE) 

The average absolute difference between the expected and actual numbers is measured by the {Mean Absolute Error 

(MAE)}.  Without accounting for the error's direction, MAE provides a clear image of the size of the forecast error.  

The model performs better when the MAE value is less.  The formula for MAE is:  

𝐴𝐸 =
1

𝑛
∑|𝑦𝑖 − 𝑦̂𝑖|

𝑛

𝑖=1

 (14) 

3.4.3. Root Mean Squared Error (RMSE) 

Measure that illustrates how distant the projected value is from the actual value by computing the square root of the 

average square of the difference between the two.  RMSE lends more weight to larger errors since the errors are squared 

before being averaged.  The model's quality increases with a decreased RMSE value. The formula for RMSE is: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)2𝑛

𝑖=1   (15) 

3.5. Tuning Hyperparameters 

In machine learning or deep learning, the following procedure is used to determine or set a model's optimal value. 

3.5.1. Grid Search (GS) 

Is a technique for determining a machine learning model's optimal hyperparameter values.  In order to determine which 

combination of the given hyperparameters yields the greatest model performance, we will work in a very thorough and 

scientific manner, trying every potential combination.  The formula for GS is: 

𝐺 =  Λ1 × Λ2 × … × Λ𝑝 (16) 

𝜃best = arg max
𝜃∗∈𝒢

𝒮 (𝐴𝜃∗ , 𝐷val) 
(17) 

3.5.2. Random Search (RS) 

Is a method to find the best hyperparameter setting for a machine learning model by trying random combinations and 

testing only a randomly selected number of combinations from a given search space. The RS formula is: 

𝜃(𝑖) ∼ 𝒟,  for 𝑖 = 1,2, … , 𝑛 (18) 

𝜃best = arg max
𝜃(𝑖)∈{𝜃(1),…,𝜃(𝑛)}

𝒮 (𝐴𝜃(𝑖) , 𝐷val) (19) 

3.5.3. Bayes Search (BS) 

Is a smart method for hyperparameter optimization that learns from each experiment to make better guesses in the next 

experiment and uses probabilities to guide its search to the most promising areas. The BS formula is: 
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𝑃(𝐴|𝐵) ∝ 𝑃(𝐵|𝐴) ⋅ 𝑃(𝐴) (20) 

𝑦̂final = 𝑀meta(𝑦̂1, 𝑦̂2, … , 𝑦̂𝑁) (21) 

4. Results and Discussion 

4.1. Results 

The following is an in-depth explanation the analysis with a MML-SEL structure that uses a specific combination of 

algorithms at each level. The process configuration model contrasted in figure 2. The Base Layer (Stack 1) uses five 

base models, namely Random Forest, SGD Regressor (used twice as m2 and m4), LSTM, and MLP Regressor. 

Intermediate Layer Stack 2, the results of the base layer are further processed using two units of XGBoost (A and B) 

and one unit of Gradient Boosting (C) and Intermediate Layer Stack 3 using SVR (X). Final Model (Meta Model) 

Using a Random Forest Regressor as the final decision maker to minimize residual prediction errors.                                         

4.1.1. Relationship Between Figure 1 and Figure 2 

Figure 1 presents the conceptual architecture of the proposed Multi-Level Stacked Ensemble Learning (MML-SEL) 

framework. It illustrates the overall workflow, including data pre processing, hierarchical ensemble construction, 

hyperparameter optimization, model training, and forecasting evaluation. The figure is intended to provide a high-level 

representation of the proposed forecasting methodology. 

Figure 2 operationalizes the conceptual framework presented in figure 1 by specifying the actual machine learning 

models used at each stacking level. In the implementation stage, Random Forest (RF), Stochastic Gradient Descent 

(SGD), Multi-Layer Perceptron (MLP), and Long Short-Term Memory (LSTM) serve as first-level learners. Their 

outputs are subsequently processed by XGBoost (XGB) and Gradient Boosting (GB) models in the second stacking 

layer, followed by Support Vector Regression (SVR) in the third layer. Finally, a Random Forest meta-learner generates 

the final stock price prediction. Therefore, figure 1 represents the conceptual design of the proposed framework, 

whereas figure 2 illustrates its specific implementation and experimental configuration. The two figures should be 

interpreted as complementary components of the same forecasting architecture rather than independent frameworks. 

 

              Figure 2. Process Configuration Model 

The description of the results of the research on the MML-SEL model for stock price forecasting is This study shows 

that the proposed stacked ensemble model has very high performance and surpasses single models and previous studies. 

The average results of the evaluation metrics achieved are as follows R-Squared (R2) 0.9996, Mean Absolute Error 

(MAE) 0.0114, Root Mean Square Error (RMSE) 0.0202. The model uses a tiered stacking architecture that combines 

various machine learning algorithms to capture complex data patterns and reduce the risk of overfitting. The algorithms 

used include Base Learners Stochastic Gradient Descent (SGD), Multilayer Perceptron (MLP), Random Forest (RF), 

Support Vector Regression (SVR), eXtreme Gradient Boosting (XGB), and Gradient Boosting (GB). Meta-Models are 

used to combine forecasting from basic models to minimize final prediction errors. This study proves that the use of 

Hyperparameter Tuning consistently improves model accuracy compared to models without optimization. The methods 

used are Grid Search (GS), Random Search (RS), and Bayes Search (BS). Best Results The Grid Search (GS) method 

proved to be the most successful in producing the lowest MAE and RMSE values for most of the stock codes tested. 
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The reliability of the model has been tested using historical data from various international stock exchanges to ensure 

its effectiveness, including the Indonesia Stock Exchange (IDX), TLKM Shares (Telekomunikasi Indonesia), Nasdaq 

(US): MSFT Shares (Microsoft), Hong Kong Stock Exchange (HKEX): BIDU Shares (Baidu). 

The study process model proposed MML-SEL is described in figure 1. The research uses the results of a historical 

stock transaction dataset, which only uses the status "close" to carry out the prediction process; features for the results 

include the statuses "Open," "High," "Low," and "Volume." There are two parts to the data set: training data (0.85) and 

testing data (0.15). The data is divided into train and test data in order to determine the optimal accuracy value.  The 

use of standard scaling for feature scaling ensures that all features in the dataset are at the same scale, which is crucial 

for machine learning algorithms that are sensitive to data scale. Additionally, it was used to merge the steps into one. 

The actual and anticipated stock values of the TLKM, MSFT & BIDU stock code's are contrasted in figure 3. The 

scatter plot actual and anticipated stock values of the TLKM, MSFT & BIDU stock code's are contrasted in figure 4. 

The R², MAE & RMSE Comparison Result are contrasted in figure 5. The results of the research can be seen in table 

2.   

 

                             TLKM                                                   MSFT                                                     BIDU 

                Figure 3. Actual vs Forecast Stock Price Result 

 

                              TLKM                                                        MSFT                                                               BIDU 

Figure 4. Scatter Plot Actual vs Forecast Stock Price Result 
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Figure 5.  R², MAE & RMSE Comparison Result 

Table 2 presents the stock price forecasting results for the TLKM, MSFT, and BIDU stock codes using four 

hyperparameter-tuning approaches, namely NH, GS, RS, and BS. The performance is evaluated using three metrics: 

𝑅2, MAE, and RMSE. Overall, all approaches produced high 𝑅2values, ranging from 0.9959 to 0.9995, indicating a 

strong agreement between the predicted and actual stock prices. For TLKM, the highest 𝑅2value was obtained using 

RS at 0.9981, while GS achieved the lowest MAE of 0.0286 and RMSE of 0.0441. For MSFT, BS produced the highest 

𝑅2value of 0.9995 and the lowest MAE and RMSE values of 0.0131 and 0.0234, respectively. For BIDU, GS achieved 

the highest 𝑅2value of 0.9969 and the lowest MAE and RMSE values of 0.0377 and 0.0550, respectively. 

Table 2. Table Stock Price Forecast Result 

Stock Code HT R2 MAE RMSE 

TLKM 

NH 0.9975 0.0327 0.0509 

GS 0.9974 0.0286 0.0441 

RS 0.9981 0.0319 0.0521 

BS 0.9977 0.0305 0.0491 

MSFT 

NH 0.9994 0.0140 0.0248 

GS 0.9994 0.0140 0.0248 

RS 0.9981 0.0319 0.0521 

BS 0.9995 0.0131 0.0234 

BIDU 

NH 0.9959 0.0444 0.0631 

GS 0.9969 0.0377 0.0550 

RS 0.9960 0.0431 0.0623 

BS 0.9960 0.0428 0.0619 

Note: HT → Hyperparameter Tuning, NH → Non Hyperparameter Tuning, GS → Grid Search, RS → Random Search,  BS  →  

Bayes Search 

As summarized in table 2, the results show that the performance of the hyperparameter-tuning approaches varies across 

the three stock codes. The MSFT forecasting results generally show the smallest prediction errors, with MAE values 

between 0.0131 and 0.0140 and RMSE values between 0.0234 and 0.0248. In comparison, BIDU exhibits relatively 

higher prediction errors, while TLKM produces intermediate error values. These differences indicate that the 

forecasting performance is influenced by the characteristics of each stock dataset. The consistently high 𝑅2values, 

together with relatively low MAE and RMSE values, demonstrate that the proposed MML-SEL model can closely 

approximate the observed stock prices across the evaluated 
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4.2. Ensemble Learning and Hyperparameter Optimization for Stock Price Forecasting 

4.2.1. The Role of Ensemble Learning in Stock Price Forecasting 

Ensemble learning has become one of the most effective approaches for stock price forecasting because it combines 

the strengths of multiple predictive models while reducing the limitations of individual learners. Financial markets 

exhibit complex nonlinear patterns, high volatility, and dynamic interactions among market variables, making accurate 

forecasting particularly challenging. By integrating diverse learning algorithms, ensemble methods can improve 

predictive stability, reduce model variance, and enhance generalization performance. 

The effectiveness of stacking lies in its hierarchical learning mechanism. Rather than relying on a single algorithm, 

stacking enables multiple base learners to capture different characteristics of financial data. The outputs of these 

learners are subsequently combined through intermediate and meta-learning layers, allowing the framework to exploit 

complementary predictive information. This hierarchical structure is particularly beneficial for stock price forecasting, 

where market behavior is influenced by complex and evolving patterns. The results obtained in this study support these 

findings. The proposed Multi-Level Stacked Ensemble Learning framework integrates Random Forest, SGD, MLP, 

LSTM, XGBoost, Gradient Boosting, and Support Vector Regression within a hierarchical architecture. Experimental 

results show that the ensemble framework achieves high predictive accuracy across TLKM, MSFT, and BIDU datasets, 

outperforming non-optimized configurations. The combination of diverse learning mechanisms enables the model to 

capture both linear and nonlinear relationships present in historical market data. These findings suggest that forecasting 

performance can be significantly enhanced through the integration of multiple learning algorithms within a structured 

stacking architecture. The proposed framework demonstrates that ensemble diversity and hierarchical learning 

contribute substantially to prediction accuracy and model robustness, making Multi-Level Stacked Ensemble Learning 

a promising approach for stock price forecasting applications. 

Recent studies consistently demonstrate that ensemble learning outperforms single-model approaches in stock price 

forecasting because it reduces prediction variance and improves generalization capability. Ensemble architectures 

combine multiple learners with different predictive characteristics, enabling the model to capture complex nonlinear 

relationships commonly observed in financial time-series data. Previous reviews have identified ensemble learning as 

one of the most promising directions for financial forecasting due to its ability to integrate heterogeneous learning 

mechanisms and improve predictive stability across different market conditions. Although ensemble methods generally 

outperform standalone algorithms, significant differences exist among ensemble architectures. Traditional ensemble 

approaches such as bagging and boosting primarily focus on reducing variance or bias at a single learning level. For 

example, Random Forest improves stability through bootstrap aggregation, while Gradient Boosting and XGBoost 

sequentially correct prediction errors generated by preceding learners. However, these methods rely on a relatively 

homogeneous learning structure and may be limited when modeling highly complex market dynamics. 

To address these limitations, recent studies have explored multi-stage and stacked ensemble frameworks that a two-

stage ensemble architecture improves forecasting accuracy by combining signal decomposition and machine learning 

models [5], [25] and integrating feature engineering with ensemble learning significantly enhances stock trend 

prediction. These findings suggest that hierarchical integration of diverse learners can generate more robust predictive 

performance than conventional ensemble approaches [3], [26]. 

Despite these advances, most existing studies focus either on optimizing individual models or constructing shallow 

ensemble architectures. Research investigating deeper hierarchical stacking frameworks remains limited. Furthermore, 

previous studies rarely examine how different hyperparameter optimization strategies influence the performance of 

multi-level ensemble systems. As a result, it remains unclear whether improvements in forecasting accuracy originate 

primarily from ensemble diversity, hyperparameter optimization, or the interaction between both mechanisms. 

This research addresses this gap by integrating Multi-Level Stacked Ensemble Learning (MML-SEL) with multiple 

hyperparameter optimization techniques, namely Grid Search, Random Search, and Bayes Search. Unlike previous 

studies that evaluate optimization methods separately or apply them to individual learners, the proposed framework 

investigates their effectiveness within a hierarchical ensemble architecture. This approach enables a more 

comprehensive evaluation of how ensemble depth and hyperparameter optimization jointly contribute to stock price 

forecasting performance. 
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4.2.2. Hybrid Hyperparameter Optimization Techniques 

The performance of machine learning models in stock price forecasting is highly dependent on appropriate 

hyperparameter selection. Hyperparameters control model behavior during training and significantly influence 

predictive accuracy, generalization capability, and computational efficiency. Financial time-series data are 

characterized by nonlinearity, volatility, and temporal dependencies, making hyperparameter optimization a critical 

component of forecasting model development. 

Previous studies have demonstrated that model performance can vary substantially depending on parameter 

configurations of systematic hyperparameter optimization is essential for obtaining reliable machine learning results, 

particularly in complex prediction tasks. Similarly, recent stock forecasting studies have shown that optimized machine 

learning and deep learning models consistently outperform non-optimized configurations in terms of prediction 

accuracy and error reduction [7]. Among the most widely adopted optimization approaches are Grid Search, Random 

Search, and Bayesian Optimization. Grid Search performs an exhaustive exploration of predefined parameter 

combinations and often provides highly reliable solutions when the search space is manageable. Random Search 

improves computational efficiency by evaluating randomly selected parameter combinations, while Bayesian 

Optimization uses probabilistic modelling to guide the search toward promising regions of the parameter space, 

reducing the number of evaluations required. 

The findings of this study support previous evidence regarding the importance of hyperparameter optimization. Across 

the three stock datasets evaluated, optimized models consistently achieved better predictive performance than non-

optimized configurations. Among the evaluated approaches, Grid Search produced the most stable and accurate 

forecasting results, achieving the highest R² values and the lowest prediction errors in most experimental scenarios. 

These findings suggest that the effectiveness of ensemble learning frameworks depends not only on model diversity 

but also on the quality of parameter configurations assigned to individual learners. Therefore, integrating multiple 

hyperparameter optimization strategies within a Multi-Level Stacked Ensemble Learning framework provides a 

systematic approach for improving forecasting accuracy and model robustness in stock price prediction. 

4.3. Discussion of Predictive Performance and Data Leakage Prevention 

The proposed Multi-Level Stacked Ensemble Learning framework achieved exceptionally high predictive 

performance, with R² values approaching 0.9996 across several experimental scenarios. While such results may appear 

unusually high in financial forecasting studies, several factors should be considered when interpreting these findings. 

First, the forecasting framework was trained using historical market variables consisting of Open, High, Low, Close, 

and Volume (OHLCV) data. These variables exhibit strong temporal dependencies and inherent correlations, enabling 

machine learning models to learn recurring price movement patterns effectively. The integration of multiple learning 

algorithms through hierarchical stacking further enhances the model's capability to capture both linear and nonlinear 

relationships within the data. 

Second, the evaluation procedure was designed to minimize the risk of information leakage. The dataset was divided 

chronologically into training and testing subsets, with the earliest 85% of observations used for model training and the 

most recent 15% reserved exclusively for testing. No random shuffling was applied during data partitioning to preserve 

temporal ordering and avoid look-ahead bias. Consequently, the model was evaluated only on unseen future 

observations. 

Third, the observed performance gains may also be attributed to the combined effects of multi-level ensemble learning 

and systematic hyperparameter optimization. By integrating diverse learners and optimizing model configurations 

through Grid Search, Random Search, and Bayes Search, the framework is able to reduce prediction errors and improve 

generalization performance across different datasets. 

Nevertheless, high predictive performance should be interpreted cautiously. Future research may employ additional 

validation procedures, such as walk-forward validation, rolling-window evaluation, and out-of-sample testing across 

broader market conditions, to further verify the robustness and generalizability of the proposed framework. 

4.3.1. Benchmark Comparison with Previous Studies 

To provide a broader perspective on the effectiveness of the proposed framework, the forecasting performance of the 

Multi-Level Stacked Ensemble Learning (MML-SEL) model was compared with results reported in previous stock 

forecasting studies. Although direct comparisons should be interpreted cautiously due to differences in datasets, 
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forecasting horizons, and evaluation protocols, such benchmarking provides useful insights into the relative 

performance of the proposed approach. The comparison indicates that the proposed MML-SEL framework achieves 

competitive predictive performance relative to existing machine learning, deep learning, and ensemble-based 

forecasting models. The integration of hierarchical stacking and multi-search hyperparameter optimization contributes 

to improved prediction accuracy and reduced forecasting errors across the evaluated datasets. Overall, the results 

suggest that combining heterogeneous learners within a multi-level ensemble architecture can provide substantial 

performance gains compared with conventional single-model and shallow ensemble approaches. 

Although the proposed Multi-Level Stacked Ensemble Learning framework achieved strong forecasting performance 

across the evaluated datasets, the results should not be interpreted as evidence of robustness under crisis conditions or 

geopolitical shocks. The experimental design focused exclusively on predictive accuracy using historical market data 

and did not include stress testing, event-based analysis, regime-switching evaluation, or crisis-period validation. 

Consequently, the findings demonstrate the effectiveness of the proposed framework under the observed market 

conditions represented in the datasets but do not establish its resilience during periods of extreme market turbulence, 

financial crises, or major geopolitical disruptions. Additional empirical investigations are required to assess model 

stability and forecasting reliability under such conditions. 

4.4. Studi Limitation 

Another limitation of this study is the exclusive use of structured historical market data. Alternative information 

sources, including investor sentiment, financial news, social media content, and textual market disclosures, were not 

incorporated into the forecasting framework. As a result, the study does not evaluate the potential contribution of 

sentiment-based or textual features to stock price prediction performance. Future research may explore the integration 

of these alternative data sources within the proposed ensemble architecture. Several limitations should be 

acknowledged when interpreting the findings of this study. First, the empirical evaluation was conducted using only 

three representative stocks, namely TLKM, MSFT, and BIDU. Although these companies originate from different 

industries and market environments, the dataset may not fully capture the diversity of global financial markets. 

Consequently, the generalizability of the proposed Multi-Level Stacked Ensemble Learning framework to other sectors, 

market capitalizations, or geographic regions should be interpreted with caution. Second, the study relies exclusively 

on historical market variables, including Open, High, Low, Close, and Volume (OHLCV) data. External factors such 

as macroeconomic indicators, and firm-specific fundamental information were not incorporated into the forecasting 

process. Therefore, the reported predictive performance reflects the model's ability to learn patterns from historical 

trading data rather than its capability to capture broader market influences 

Another limitation of this study is the absence of an ablation analysis. Although the proposed Multi-Level Stacked 

Ensemble Learning framework achieved strong predictive performance, the current experimental design does not 

isolate the individual contribution of each stacking layer, base learner, or hyperparameter optimization technique. 

Consequently, it is not possible to determine the relative importance of specific components within the overall 

architecture. Future research should conduct systematic ablation experiments by sequentially removing individual 

learners, stacking levels, and optimization strategies to quantify their respective contributions to forecasting 

performance. Such analyses would provide deeper insights into the mechanisms driving the effectiveness of the 

proposed framework and support more efficient model design. Finally, the experimental evaluation focuses on a limited 

number of stocks and a single forecasting setting. Future research should validate the proposed framework using larger 

and more diverse datasets, including stocks from multiple exchanges, sectors, and market conditions. Expanding the 

empirical scope would provide stronger evidence regarding the robustness, scalability, and generalizability of the 

proposed forecasting framework 

5. Conclusion 

This study proposed a Multi-Level Stacked Ensemble Learning (MML-SEL) framework integrated with multiple 

hyperparameter optimization techniques, including Grid Search, Random Search, and Bayes Search, for stock price 

forecasting. The framework combines heterogeneous machine learning and deep learning models through a hierarchical 

stacking architecture consisting of Random Forest, SGD, MLP, LSTM, XGBoost, Gradient Boosting, Support Vector 

Regression, and a Random Forest meta-learner. 

Experimental evaluations conducted on TLKM, MSFT, and BIDU stock datasets demonstrate that the proposed 

framework achieves high forecasting accuracy and consistently outperforms non-optimized model configurations. The 
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results indicate that combining multi-level ensemble learning with systematic hyperparameter optimization can 

significantly improve predictive performance and reduce forecasting errors. 

Among the evaluated optimization methods, Grid Search produced the most consistent performance across the tested 

datasets, while the hierarchical stacking mechanism effectively leveraged the complementary strengths of different 

learning algorithms. These findings highlight the importance of both ensemble diversity and hyperparameter tuning in 

developing accurate stock forecasting models. 

Nevertheless, the findings should be interpreted within the scope of the evaluated datasets and experimental settings. 

The study was conducted using three representative stocks and historical OHLCV market data. Therefore, further 

validation using larger and more diverse datasets is required to assess the generalizability of the proposed framework 

across different market environments. Future research may investigate the scalability of the proposed architecture using 

additional financial assets, alternative market conditions, and broader validation strategies to further examine its 

forecasting effectiveness. 
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