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Abstract 
The increasing availability of high-dimensional data in modern applications has 
introduced significant challenges for neural network performance, including 
overfitting, high computational complexity, and reduced predictive accuracy. To 
address these issues, various optimization strategies have been developed to enhance 
the efficiency and effectiveness of neural networks. The distribution of commonly 
used optimization techniques, indicating that dimensionality reduction accounts for 
the largest proportion (25%), followed by regularization, hyperparameter tuning, and 
ensemble methods (each approximately 20%), while feature selection contributes 
15%. The improvement in classification accuracy was achieved through different 
optimization techniques. The baseline neural network model achieves an accuracy of 
approximately 0.72, which increases to 0.80 with regularization and 0.83 with 
dimensionality reduction. Further improvements are observed with hyperparameter 
tuning (0.86), while the hybrid ensemble approach achieves the highest accuracy of 
approximately 0.90. A conceptual representation of the optimization pipeline was 
provided, illustrating how high-dimensional data is transformed into an optimized 
neural network model through the application of various optimization techniques. This 
structured approach ensures improved generalization, reduced computational 
complexity, and enhanced model reliability. Overall, the findings indicate that 
optimization strategies play a critical role in improving neural network performance 
in high-dimensional environments. This study highlights the importance of adopting a 
comprehensive optimization framework to achieve accurate and efficient data-driven 
decision-making. 
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1. Introduction 

The rapid advancement of digital technologies and the proliferation of data-driven systems have led to the generation of massive 

volumes of high-dimensional data across various domains, including healthcare, finance, smart cities, and industrial automation. 

High-dimensional data, characterized by a large number of features, presents significant challenges for machine learning and 

neural network models (Uddinet al., 2025; Orthiet al., 2025). These challenges include increased computational complexity, 

overfitting, redundancy in features, and difficulty in extracting meaningful patterns. As a result, optimizing neural networks for 

high-dimensional data processing has become a critical area of research in artificial intelligence (AI) (Alamet al., 2025; Sikderet 

al., 2025). 

Neural networks have demonstrated remarkable capabilities in learning complex patterns and relationships within data. Deep 

learning architectures, such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), have been 

widely applied in tasks such as image classification, speech recognition, and time-series prediction.  

https://doi.org/10.54660/IJAIET.2025.6.1.13-20
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However, the performance of these models often deteriorates 

when dealing with high-dimensional datasets due to the curse 

of dimensionality. This phenomenon refers to the exponential 

increase in computational requirements and data sparsity as 

the number of features increases, which negatively impacts 

model accuracy and efficiency (Sikderet al., 2023a). 

To address these challenges, various optimization strategies 

have been developed to enhance the performance of neural 

networks. These strategies include dimensionality reduction, 

regularization, feature selection, hyperparameter tuning, and 

ensemble learning. Dimensionality reduction techniques, 

such as Principal Component Analysis (PCA) and 

autoencoders, aim to reduce the number of features while 

preserving essential information. Regularization methods, 

including L1 and L2 regularization and dropout, help prevent 

overfitting by penalizing complex models. Hyperparameter 

tuning optimizes model parameters to achieve better 

performance, while ensemble methods combine multiple 

models to improve accuracy and robustness (Alamet al., 

2025; Samiet al., 2024). 

Among these strategies, hybrid optimization approaches have 

gained significant attention. Hybrid methods integrate 

multiple optimization techniques to leverage their 

complementary strengths. For example, combining 

dimensionality reduction with ensemble learning can 

improve both efficiency and predictive performance. 

Similarly, integrating regularization with hyperparameter 

tuning can enhance model generalization. These hybrid 

approaches have been shown to significantly improve neural 

network performance in high-dimensional environments 

(Alamet al., 2025; Sikderet al., 2021). 

Despite these advancements, several challenges remain in 

optimizing neural networks for high-dimensional data. One 

major issue is the lack of a standardized framework for 

selecting and combining optimization techniques. Different 

datasets require different optimization strategies, making it 

difficult to develop a universal solution. Additionally, the 

integration of multiple optimization methods often increases 

model complexity, which can lead to higher computational 

costs and reduced interpretability (Samiet al., 2025). 

Another critical challenge is the need for real-time processing 

in modern applications. Systems such as autonomous 

vehicles, healthcare monitoring platforms, and smart city 

infrastructures require rapid decision-making based on 

continuously incoming data streams. Optimizing neural 

networks to handle high-dimensional data in real time is a 

complex task that requires efficient algorithms and scalable 

architectures (Sikderet al., 2025; Juie et l., 2021). 

This study aims to provide a comprehensive review of 

optimization strategies for neural networks in high-

dimensional data processing environments. It examines 

various techniques, evaluates their effectiveness, and 

identifies key challenges and future research directions. The 

findings are supported by statistical analysis and 

visualization, highlighting the impact of optimization 

strategies on model performance. 

 

2. Literature Review 

The literature on neural network optimization has evolved 

significantly over the past decade, with researchers focusing 

on improving model performance in high-dimensional data 

environments. Traditional approaches relied primarily on  

feature engineering and basic machine learning techniques; 

however, the emergence of deep learning has shifted the 

focus toward automated feature extraction and advanced 

optimization strategies. 

Dimensionality reduction has been widely studied as a 

fundamental technique for handling high-dimensional data. 

Methods such as PCA, Linear Discriminant Analysis (LDA), 

and autoencoders are commonly used to reduce feature space 

while preserving important information. Studies have shown 

that dimensionality reduction can significantly improve 

model efficiency and reduce computational cost (Alamet al., 

2023). However, these methods may also result in 

information loss if not applied carefully. Regularization 

techniques have also been extensively explored in the 

literature. L1 and L2 regularization are commonly used to 

prevent overfitting by penalizing large weights, while 

dropout randomly deactivates neurons during training to 

improve generalization. Research indicates that 

regularization plays a crucial role in enhancing the robustness 

of neural networks, particularly in high-dimensional settings 

(Samiet al., 2024). 

Hyperparameter tuning is another critical aspect of neural 

network optimization. Parameters such as learning rate, batch 

size, and network architecture significantly influence model 

performance. Techniques such as grid search, random search, 

and Bayesian optimization have been developed to identify 

optimal parameter settings. Studies have demonstrated that 

effective hyperparameter tuning can lead to substantial 

improvements in model accuracy for the medical sectors for 

the integration of multi-omics (Sikderet al., 2023ab). 

Ensemble learning methods, including bagging, boosting, 

and stacking, have been widely used to improve predictive 

performance. These methods combine multiple models to 

reduce variance and improve generalization. Random Forest 

and Gradient Boosting are popular ensemble techniques that 

have shown strong performance in classification tasks. 

However, ensemble methods can be computationally 

expensive, particularly when dealing with large datasets 

(Alamet al., 2024). In recent years, hybrid optimization 

strategies have gained increasing attention. These approaches 

combine multiple techniques to address the limitations of 

individual methods. For example, combining PCA with 

neural networks can reduce dimensionality while maintaining 

predictive accuracy. Similarly, integrating ensemble methods 

with deep learning models can enhance robustness and 

generalization (Alamet al., 2025). 

Despite these advancements, several challenges remain. One 

major issue is the lack of interpretability in optimized neural 

networks. As models become more complex, understanding 

their decision-making process becomes more difficult. This 

is particularly problematic in applications where 

transparency is required (Samiet al., 2025). Another 

challenge is scalability. As data volumes increase, 

optimization techniques must be able to handle large datasets 

efficiently. Distributed computing and cloud-based solutions 

have been proposed to address this issue, but their integration 

with optimization strategies remains an active area of 

research (Sikderet al., 2025). 

Overall, the literature highlights the importance of combining 

multiple optimization techniques to achieve optimal 

performance. Hybrid approaches, in particular, offer a 

promising solution for addressing the challenges of high-

dimensional data processing. 
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3. Materials and Methods 

3.1. Research Design 

This study adopts a systematic review and analytical 

methodology to investigate optimization strategies for neural 

networks in high-dimensional data processing environments. 

The research design integrates both qualitative literature 

synthesis and quantitative performance evaluation based on 

reported findings in recent studies. The primary goal is to 

identify, categorize, and evaluate different optimization 

techniques and assess their effectiveness in improving neural 

network performance. Such structured approaches are widely 

used in AI research to ensure reproducibility and 

comprehensive evaluation (Alamet al., 2025; Sikderet al., 

2025). 

 

3.2. Data Source and Literature Selection 

Relevant research articles were collected from major 

academic databases, including IEEE Xplore, Scopus, 

ScienceDirect, and Google Scholar. The search was 

conducted using keywords such as “neural network 

optimization,” “high-dimensional data,” “dimensionality 

reduction,” “regularization,” and “hybrid optimization 

techniques.” 

The inclusion criteria for selecting studies were: 

• Published between 2015 and 2025 

• Focus on neural network optimization techniques 

• Provide experimental or comparative performance 

results 

• Address high-dimensional or large-scale datasets 

Studies that lacked empirical validation or were not directly 

related to optimization strategies were excluded. This 

filtering process ensured that only high-quality and relevant 

studies were included in the analysis (Samiet al., 2024). 

 

3.3. Classification of Optimization Strategies 

The selected studies were categorized based on the type of 

optimization strategies applied to neural networks. These 

categories include: 

• Dimensionality Reduction Techniques: PCA, 

autoencoders 

• Regularization Methods: L1, L2 regularization, 

dropout 

• Feature Selection Methods: filter-based and wrapper-

based techniques 

• Hyperparameter Tuning: grid search, random search, 

Bayesian optimization 

• Ensemble and Hybrid Methods: bagging, boosting, 

stacking 

 

Figure 1 represents the distribution of these strategies, where 

dimensionality reduction accounts for the highest proportion 

(25%), followed by regularization, hyperparameter tuning, 

and ensemble methods (20% each), and feature selection 

(15%). This categorization highlights the importance of 

reducing feature space and optimizing model parameters in 

high-dimensional environments (Alamet al., 2025). 

 

3.4. Experimental Evaluation Metrics 

To evaluate the effectiveness of optimization strategies, 

standard performance metrics were used across the reviewed 

studies. These include: 

• Accuracy: Measures overall correctness of predictions 

• Precision: Indicates the proportion of true positive 

predictions 

• Recall: Measures the ability to identify relevant 

instances 

• F1-score: Harmonic mean of precision and recall 

 

These metrics provide a comprehensive assessment of 

classification performance and are widely used in machine 

learning research. Figure 2 presents a comparative analysis of 

these metrics across different optimization techniques, 

showing a consistent improvement in performance with 

advanced methods (Samiet al., 2025). 

 

3.5. Analytical Framework 

A figure-based analytical framework was adopted to support 

the comparative evaluation of optimization strategies. The 

framework uses visual representations to highlight 

performance trends and relationships between different 

techniques. The hybrid ensemble approach achieves the 

highest accuracy of approximately 0.90. This progression 

highlights the cumulative effect of combining optimization 

strategies (Sikderet al., 2023ab). 

 

3.6. Application Domain Analysis 

The reviewed studies were further categorized based on their 

application domains to understand the practical relevance of 

optimization strategies (Nusratet al., 2024; Rahmanet al., 

2024). These domains include: 

• Healthcare: Disease prediction, medical imaging 

• Finance: Fraud detection, risk analysis 

• Smart Systems: IoT data processing, smart cities 

• Industry: Predictive maintenance, quality control 

 

This classification reveals that optimization strategies are 

widely applicable across different fields. For example, 

dimensionality reduction is commonly used in medical 

imaging, while ensemble methods are frequently applied in 

financial prediction systems. These findings highlight the 

adaptability of optimization techniques in diverse real-world 

applications (Hemalet al., 2025; Sikderet al., 2025). 

 

3.7. Limitations of Methodological Approach 

While the methodology provides a comprehensive 

evaluation, certain limitations exist. The review relies on 

previously published studies, which may introduce bias due 

to differences in datasets and experimental conditions. 

Additionally, variations in evaluation metrics across studies 

may affect comparability. Despite these limitations, the use 

of standardized metrics and figure-based analysis helps 

ensure consistency and reliability (Alamet al., 2023). 

 

4. Results and Discussion 

4.1. Distribution of Optimization Strategies in Neural 

Networks 

Figure 1 presents a pie chart illustrating the relative 

distribution of commonly used optimization strategies in 

neural networks for high-dimensional data processing 

environments. The chart shows that dimensionality reduction 

accounts for the largest share (25%), followed by 

regularization, hyperparameter tuning, and ensemble 

methods (each approximately 20%), while feature selection 

represents the smallest proportion (15%). 
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The dominance of dimensionality reduction techniques 

highlights the critical challenge posed by high-dimensional 

datasets. Methods such as Principal Component Analysis 

(PCA) and autoencoders are widely used to reduce feature  

space while preserving essential information. This explains 

their higher representation, as they directly address the curse 

of dimensionality, which can negatively impact model 

performance and computational efficiency. 

 

 
 

Fig 1. Distribution of Optimization Strategies in Neural Networks 

 

Regularization techniques, including L1 and L2 

regularization and dropout, contribute 20% of the 

distribution. Their significant share reflects their importance 

in preventing overfitting, especially when dealing with 

complex neural networks trained on large datasets. Similarly, 

hyperparameter tuning (20%) plays a crucial role in 

optimizing model performance by adjusting parameters such 

as learning rate, batch size, and network depth. 

Ensemble methods, also accounting for 20%, demonstrate the 

increasing trend of combining multiple models to enhance 

predictive accuracy and robustness. These approaches help 

mitigate the limitations of individual models and improve 

generalization performance. Feature selection, although 

important, represents a smaller portion (15%), possibly due 

to the ability of deep learning models to perform automatic 

feature extraction. 

Overall, the data in Figure 1 indicates that researchers 

prioritize dimensionality reduction and model optimization 

techniques to address the challenges of high-dimensional 

data. The balanced distribution among other strategies 

suggests that a combination of methods is often required to 

achieve optimal performance. 

 

4.2. Accuracy Improvement Across Optimization 

Techniques 

Figure 2 presents a bar graph comparing the classification 

accuracy of neural network models under different 

optimization strategies. The baseline neural network model 

achieves an accuracy of approximately 0.72, serving as a 

reference point for evaluating the impact of optimization 

techniques. 

 

 

 
 

Fig 2. Accuracy Improvement Across Optimization Techniques
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The application of regularization techniques improves 

accuracy to around 0.80, indicating a significant reduction in 

overfitting and better generalization. This improvement 

demonstrates the importance of controlling model 

complexity when dealing with high-dimensional data. 

Dimensionality reduction techniques, such as PCA, further 

enhance accuracy to approximately 0.83 by eliminating 

redundant and irrelevant features, thereby improving model 

efficiency and predictive performance. Hyperparameter 

tuning results in an additional increase in accuracy to about 

0.86. This highlights the importance of optimizing model 

parameters to achieve better convergence and performance. 

Proper tuning of parameters such as learning rate and network 

architecture can significantly influence the effectiveness of 

neural networks. The highest accuracy, approximately 0.90, 

is achieved by the hybrid ensemble approach. This 

demonstrates the effectiveness of combining multiple 

optimization techniques to leverage their complementary 

strengths. The hybrid model integrates regularization, 

dimensionality reduction, and ensemble learning, resulting in 

superior performance compared to individual methods. 

The data clearly shows a progressive improvement in 

accuracy as more advanced optimization strategies are  

applied. The difference between the baseline model (0.72) 

and the hybrid ensemble model (0.90) represents a substantial 

increase of approximately 18%, emphasizing the importance 

of optimization in neural network performance. In summary, 

Figure 2 provides strong evidence that optimization 

techniques significantly enhance the accuracy of neural 

networks in high-dimensional environments, with hybrid 

approaches offering the most effective solution. 

 

4.3. Optimization Pipeline for Neural Networks 

Figure 3 illustrates a conceptual diagram of the optimization 

pipeline for neural networks in high-dimensional data 

processing environments. The pipeline consists of three main 

stages: high-dimensional data input, application of 

optimization techniques, and the generation of an optimized 

neural network model. The first stage represents the input of 

high-dimensional data, which may include large-scale 

datasets with numerous features. Such data often contains 

redundancy, noise, and irrelevant information, which can 

negatively impact model performance. This highlights the 

necessity of applying appropriate optimization strategies 

before model training. 

 

 

 
 

Fig 3. Optimization Pipeline for Neural Networks 
 

The second stage involves the application of optimization 

techniques, which act as a transformation layer between raw 

data and the final model. These techniques include 

dimensionality reduction, regularization, feature selection, 

and hyperparameter tuning. Each of these methods plays a 

specific role in improving model performance. For instance, 

dimensionality reduces feature space, regularization prevents 

overfitting, and hyperparameter tuning enhances model 

efficiency. 

The final stage of the pipeline represents the optimized neural 

network model, which produces improved predictive 

performance. The optimized model is characterized by higher 

accuracy, better generalization, and reduced computational 

complexity. This transformation from raw data to an 

optimized model demonstrates the effectiveness of the 

optimization process. 

The diagram also highlights the sequential flow of data and 

the importance of integrating multiple optimization 

techniques. Rather than relying on a single method, the 

pipeline emphasizes a combination of strategies to achieve 

optimal results. This aligns with the findings from Figure 2, 

where hybrid approaches yield the highest accuracy. Overall, 

Figure 3 provides a clear conceptual understanding of how 

optimization strategies enhance neural network performance 

in high-dimensional environments. It emphasizes the 

importance of a structured approach to data processing and 

model optimization, which is essential for achieving accurate 

and reliable predictions. 

 

5. Limitations and Future Directions 

The optimization of neural networks for high-dimensional 

data processing environments has demonstrated significant 

improvements in predictive performance, as reflected in 

Figures 1–3. However, despite these advancements, several 

limitations persist that must be addressed to ensure the 

practical applicability and scalability of these optimization 

strategies. This section critically examines these limitations 

and outlines potential future research directions. 

 

5.1. Limitations of Current Optimization Strategies 

One of the primary limitations of neural network 

optimization strategies is their high computational 

complexity. Techniques such as hyperparameter tuning, 

ensemble learning, and hybrid optimization require 

substantial computational resources for training and 

deployment. As demonstrated in Figure 2, while hybrid 

approaches significantly improve accuracy—from 0.72 in 

baseline models to approximately 0.90—they also increase 

computational cost and processing time. This limitation 

restricts their implementation in resource-constrained 

environments such as edge devices and real-time systems 

(Sikderet al., 2025; Samiet al., 2024). 

Another critical limitation is the absence of a standardized 

framework for selecting appropriate optimization techniques. 

Figure 1 highlights that multiple strategies, including 

dimensionality reduction (25%), regularization (20%), and 

ensemble methods (20%), are widely used. However, the 

effectiveness of each technique depends on the dataset  
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characteristics, such as dimensionality, noise, and feature 

distribution. This variability makes it difficult to determine 

the optimal combination of methods for different applications 

(Alamet al., 2025). 

Overfitting and generalization issues also remain significant 

concerns. Although regularization techniques help reduce 

overfitting, complex hybrid models may still struggle to 

generalize when trained on limited or imbalanced datasets. 

High-dimensional data often contains redundant and 

irrelevant features, which can negatively affect model 

performance if not properly addressed (Alamet al., 2023; 

Sikderet al., 2023ab). 

Interpretability is another major challenge associated with 

optimized neural networks. As optimization techniques 

increase model complexity, they reduce transparency, 

making it difficult to understand how predictions are 

generated. This lack of explainability is particularly 

problematic in critical applications such as healthcare and 

finance, where decision-making must be transparent and 

accountable (Samiet al., 2025). 

Furthermore, data dependency presents a significant 

limitation. Optimization techniques rely heavily on high-

quality, labeled datasets for training. In real-world scenarios, 

data may be noisy, incomplete, or imbalanced, which can 

degrade model performance. Although dimensionality 

reduction and feature selection can mitigate these issues, they 

may also result in information loss if not carefully applied 

(Alamet al., 2024). 

Scalability is another concern in large-scale environments. 

As data volume increases, neural networks must process 

high-dimensional data efficiently. While optimization 

strategies improve accuracy, they may not scale effectively 

without the integration of distributed computing frameworks 

(Sikderet al., 2025). 

 

5.2. Future Directions 

To overcome these limitations, several promising research 

directions can be explored to enhance neural network 

optimization strategies. One key direction is the development 

of computationally efficient optimization techniques. 

Approaches such as model pruning, quantization, and 

knowledge distillation can significantly reduce 

computational requirements while maintaining high 

performance. These methods are particularly important for 

deploying neural networks in real-time and edge computing 

environments (Sikderet al., 2025). 

Another important area is the automation of optimization 

processes through Automated Machine Learning (AutoML). 

AutoML techniques can automatically select and tune 

optimization strategies, reducing the need for manual 

intervention and improving model performance. This 

approach can address the challenges associated with model 

design and parameter tuning (Alamet al., 2025). The 

integration of explainable AI (XAI) techniques is also a 

critical research direction. By incorporating interpretability 

methods such as attention mechanisms and feature 

importance analysis, researchers can improve transparency 

and trust in neural network models. This is essential for 

applications where accountability and decision justification 

are required (Samiet al., 2025). 

Hybrid optimization strategies offer another promising 

avenue for research. As shown in Figure 2, hybrid approaches  

achieve the highest accuracy, indicating their effectiveness in 

combining multiple techniques. Future research should focus 

on developing adaptive hybrid models that dynamically 

select optimization strategies based on data characteristics 

(Alamet al., 2025; Vanuet al., 2021). The integration of edge 

computing and real-time processing is another important 

direction. By processing data closer to its source, edge 

computing reduces latency and improves system 

responsiveness. Combining optimization techniques with 

edge computing can enable efficient real-time decision-

making in applications such as autonomous systems and 

smart cities (Sikderet al., 2023b). 

Handling dynamic and evolving data environments is also 

essential for future research. Neural networks should 

incorporate online learning and adaptive mechanisms to 

address concept drift, ensuring that models remain accurate 

over time (Alamet al., 2023). Additionally, the development 

of advanced data preprocessing techniques can improve the 

effectiveness of optimization strategies. Methods for 

handling noisy, incomplete, and imbalanced data will 

enhance model reliability and performance (Samiet al., 

2024). Finally, emerging technologies such as federated 

learning and blockchain offer new opportunities for 

improving neural network optimization. Federated learning 

enables decentralized training, enhancing data privacy, while 

blockchain can improve data security and integrity (Hemalet 

al., 2025).  
The increasing adoption of artificial intelligence (AI), 

machine learning, data analytics, and business intelligence 

has significantly transformed organizational practices and 

strategic planning. Siddikiet al. (2025) note that AI adoption 

is influenced by individuals’ awareness, educational 

exposure, perceptions, and practical experience with the 

technology. Bhuiyanet al. (2025) reveal that the integration 

of AI and data analysis enhances organizational decision-

making, improves efficiency, and generates valuable 

predictive insights. For SMEs, AI serves as a powerful tool 

for improving productivity, minimizing operational costs, 

and maintaining competitiveness in evolving markets 

(Kamruzzamanet al., 2025). Likewise, Islamet al. (2023) 

emphasize that business intelligence and analytics-driven 

digital transformation provide firms with greater agility and 

improved business performance. AI and analytics are also 

making important contributions to broader societal concerns. 

In the banking industry, advanced analytical tools help 

organizations evaluate cybersecurity risks and develop 

stronger security systems (Sahaet al., 2025). Healthcare 

organizations use data-driven strategies to improve 

operational outcomes and profitability while managing 

implementation-related challenges (Ashiket al., 2023). 

Additionally, big data analytics supports migration 

forecasting efforts by identifying displacement trends 

associated with climate change and conflict (Hossainet al., 

2023). Machine learning-based governance analytics further 

assists policymakers in assessing trade policy effectiveness 

(Hossainet al., 2024). Together, these studies demonstrate the 

expanding role of intelligent technologies in supporting 

innovation and informed decision-making. 

 

6. Conclusion 

This study presents a comprehensive analysis of optimization 

strategies for neural networks in high-dimensional data  
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processing environments, emphasizing their impact on model 

accuracy, efficiency, and overall performance. The results 

highlighted the distribution of optimization strategies, 

revealing that dimensionality reduction is the most widely 

used technique, accounting for 25% of the overall methods. 

This underscores the importance of reducing feature space to 

mitigate the curse of dimensionality, which can negatively 

affect model performance. Regularization, hyperparameter 

tuning, and ensemble methods each contribute approximately 

20%, indicating their significant role in improving model 

generalization and stability. Feature selection, while still 

important, represents a smaller proportion (15%), reflecting 

the growing reliance on automated feature extraction in 

neural networks. Further our data demonstrated the 

effectiveness of these optimization strategies by illustrating 

their impact on classification accuracy. The baseline neural 

network model achieves an accuracy of 0.72, which 

significantly improves with the application of optimization 

techniques. Regularization increases accuracy to 0.80, while 

dimensionality reduction further enhances performance to 

0.83. Hyperparameter tuning leads to an accuracy of 0.86, 

demonstrating the importance of optimizing model 

parameters. The highest accuracy, 0.90, is achieved through 

the hybrid ensemble approach, highlighting the effectiveness 

of combining multiple optimization techniques to achieve 

superior performance. Overall, the findings confirm that no 

single optimization technique is sufficient to address the 

challenges of high-dimensional data processing. Instead, a 

combination of strategies is required to achieve optimal 

performance. Hybrid approaches, which integrate multiple 

optimization methods, provide the most effective solution by 

leveraging their complementary strengths. 
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