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Abstract 

Cardiovascular diseases remain among the most critical healthcare challenges due to their 

complex risk factors, heterogeneous clinical characteristics, and the necessity for early 

intervention. Traditional diagnostic approaches often depend on manual interpretation of 

clinical parameters, which may introduce limitations in scalability, consistency, and predictive 

accuracy. Recent advancements in machine learning have created opportunities for 

developing intelligent prediction frameworks capable of identifying hidden patterns within 

patient health data. This research presents an intelligent machine learning framework for 

heart disease risk prediction using a hybrid integration of Support Vector Machine (SVM) and 

Artificial Neural Network (ANN) models. The proposed framework combines the strong 

classification capability of SVM with the nonlinear feature-learning ability of neural networks 

to enhance predictive performance and decision-support reliability. Previous studies have 

demonstrated the effectiveness of machine learning-based approaches for cardiovascular 

prediction, including ensemble learning, deep learning combinations, and individual 

classification models (Ahmed et al., 2022; Bharti et al., 2021). The methodology incorporates 

data preprocessing, feature optimization, hybrid model construction, and performance 

evaluation mechanisms to establish a robust predictive architecture. The study identifies that 

hybrid intelligent systems can improve disease risk assessment by balancing model 

generalization, computational efficiency, and predictive adaptability. Furthermore, the 

research highlights the importance of self-adaptive computational frameworks capable of 

handling dynamic healthcare data environments, where evolutionary and reasoning-based 

approaches can support continuous model improvement (Ramamurthy et al., 2026). The 

proposed framework provides a foundation for developing scalable healthcare analytics 

systems that assist clinicians in early diagnosis and personalized cardiovascular risk 

management. 

 

Keywords: Heart Disease Prediction, Machine Learning, Support Vector Machine, 

Artificial Neural Network, Hybrid Framework, Cardiovascular Risk Analysis, Intelligent 
Healthcare System, Predictive Analytics.

INTRODUCTION 
1.1 Background 

Heart disease prediction has become an important research domain due to the increasing 

demand for accurate, early, and data-driven healthcare decision systems. Cardiovascular 

disorders involve multiple interacting physiological, behavioral, and clinical factors, 
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making conventional prediction approaches insufficient for handling complex 

relationships among patient attributes. Machine learning techniques provide an 

alternative computational paradigm by analyzing historical medical datasets and 

discovering patterns associated with disease occurrence. 

Machine learning-based healthcare prediction systems generally operate through data 

acquisition, preprocessing, feature analysis, model training, and classification stages. 

Among different machine learning algorithms, Support Vector Machine (SVM) and 

Artificial Neural Network (ANN) models have received significant attention because of 

their ability to classify complex medical data. SVM provides effective decision boundaries 

for high-dimensional datasets, whereas ANN models demonstrate strong capabilities in 

learning nonlinear relationships between input variables and disease outcomes. 

Previous research has confirmed the effectiveness of machine learning techniques in 

cardiovascular prediction. Dwivedi (2016) evaluated multiple machine learning 

algorithms for heart disease prediction and demonstrated that computational models can 

significantly support medical classification tasks. Similarly, Gudadhe et al. (2010) 

introduced a decision support system based on SVM and ANN, highlighting the potential 

of combining intelligent algorithms for improving cardiovascular diagnosis. 

Modern healthcare systems require predictive models that are not only accurate but also 

adaptable to changing data conditions. The concept of adaptive intelligence has become 

increasingly important in developing systems capable of continuous improvement. 

Similar principles of self-adaptive computational reasoning have been explored in 

advanced intelligent frameworks, where automated optimization and knowledge-driven 

adaptation improve system performance (Ramamurthy et al., 2026). Applying such 

principles to healthcare prediction can support more resilient and scalable disease 

detection architectures. 

1.2 Problem Statement 

Despite significant progress in machine learning-based cardiovascular prediction, several 

challenges remain unresolved. Many existing approaches rely on individual algorithms 

that may perform effectively under specific datasets but experience limitations when 

exposed to diverse patient characteristics. Traditional classification models may struggle 

with complex feature interactions, incomplete medical records, and variations in clinical 

data distributions. 

Another major challenge is achieving a balance between predictive accuracy and 

computational efficiency. Deep learning models can capture complex patterns but often 

require large datasets and substantial computational resources. Conversely, conventional 

machine learning models may provide faster processing but have limited capability in 

representing nonlinear relationships. 

Therefore, there is a need for an intelligent hybrid framework that integrates 

complementary learning capabilities of SVM and ANN models. Such a framework can 

improve classification robustness by combining statistical learning principles with 

adaptive feature representation mechanisms. 

1.3 Research Relevance 

The development of hybrid machine learning frameworks for cardiovascular prediction 

has considerable significance in healthcare analytics. Early identification of heart disease 

risks enables timely medical intervention, reduces healthcare costs, and supports 

preventive treatment strategies. 

Ahmed et al. (2022) emphasized the importance of machine learning-based 
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cardiovascular prediction using self-augmented datasets, demonstrating how improved 

data strategies can enhance predictive outcomes. Similarly, Bharti et al. (2021) explored 

combined machine learning and deep learning approaches, indicating that hybrid 

computational strategies can provide better prediction capabilities compared with 

isolated models. 

The integration of SVM and ANN represents a research direction focused on improving 

model reliability, adaptability, and clinical usability. By combining different 

computational strengths, hybrid systems can overcome limitations associated with 

single-model approaches. 

1.4 Research Objectives 

The primary objectives of this research are: 

• To develop an intelligent hybrid framework combining Support Vector Machine and 

Artificial Neural Network models for heart disease prediction.  

• To analyze the effectiveness of hybrid learning approaches in identifying cardiovascular 

risk patterns.  

• To design a structured prediction architecture involving preprocessing, feature 

analysis, model training, and evaluation.  

• To investigate the practical implications and limitations of machine learning-based 

cardiovascular decision-support systems.  

1.5 Scope and Significance 

This research focuses on machine learning-driven cardiovascular prediction using hybrid 

SVM and ANN methodologies. The proposed framework is designed for healthcare 

analytics environments where patient datasets can be processed to identify potential 

disease risks. 

The significance of this study lies in its contribution toward intelligent healthcare systems 

that support clinicians through computational decision assistance. By improving 

prediction reliability and adaptability, hybrid frameworks can contribute to more 

efficient cardiovascular screening processes. 

LITERATURE REVIEW 

Machine learning applications in heart disease prediction have evolved from traditional 

statistical approaches toward advanced intelligent computational frameworks. Existing 

studies demonstrate different strategies for improving classification accuracy, feature 

representation, and decision-support capabilities. 

Dwivedi (2016) conducted a performance evaluation of multiple machine learning 

techniques for heart disease prediction. The study highlighted that machine learning 

algorithms can effectively identify cardiovascular risk patterns from medical datasets. 

However, the research primarily focused on individual algorithm evaluation, creating 

opportunities for developing integrated approaches that combine multiple learning 

mechanisms. 

Gudadhe et al. (2010) proposed a decision support system based on Support Vector 

Machine and Artificial Neural Network techniques. Their research established the 

foundation for combining these two computational approaches in cardiovascular 

diagnosis. The study demonstrated that SVM provides effective classification boundaries 

https://www.academicpublishers.org/journals/index.php/ijdsml


American Academic Publisher 

pg. 69 
 
https://www.academicpublishers.org/journals/index.php/ijdsml 

while ANN contributes adaptive learning capabilities. However, early hybrid approaches 

faced limitations related to dataset size, feature complexity, and optimization strategies. 

The advancement of ensemble and hybrid learning techniques has further improved 

heart disease prediction capabilities. Banerjee Majumder et al. (2021) developed an 

ensemble heart disease prediction model using logistic regression, Naïve Bayes, and K-

Nearest Neighbour algorithms. Their findings demonstrated that combining multiple 

classifiers can enhance prediction reliability by reducing dependence on a single 

algorithm. However, ensemble approaches based on traditional classifiers may have 

limitations in capturing deep nonlinear relationships among medical variables. 

Boukhatem et al. (2022) investigated machine learning approaches for heart disease 

prediction and emphasized the importance of computational models in supporting 

healthcare decision-making. Their study reinforced the role of machine learning 

techniques in identifying cardiovascular risks but also indicated the necessity for 

improved predictive frameworks capable of handling complex clinical datasets. 

Bharti et al. (2021) explored a combination of machine learning and deep learning 

techniques for heart disease prediction. Their research demonstrated that integrating 

advanced learning mechanisms can improve predictive accuracy by extracting complex 

patterns from patient information. However, deep learning-based approaches may 

require extensive computational resources and large-scale datasets, creating challenges 

for practical healthcare deployment. 

Ahmed et al. (2022) examined cardiovascular disease prediction using self-augmented 

datasets and multiple machine learning models. The study highlighted the importance of 

data enhancement strategies in improving model performance. Their findings suggest 

that effective data preparation and model optimization are essential components of 

reliable healthcare prediction systems. 

Across these studies, a common research gap can be identified: existing models often 

focus either on improving algorithm accuracy or evaluating individual classifiers, while 

fewer studies investigate adaptive hybrid frameworks combining statistical classification 

and neural representation learning. The development of intelligent systems that integrate 

multiple reasoning mechanisms is increasingly important. Similar adaptive 

computational principles have been explored in self-evolving intelligent frameworks, 

where automated reasoning and optimization improve system capability over time 

(Ramamurthy et al., 2026). 

The proposed research addresses this gap by designing a hybrid SVM-ANN framework 

that combines complementary machine learning capabilities. The theoretical positioning 

of this framework is based on the assumption that cardiovascular prediction requires 

both accurate classification boundaries and adaptive learning of complex medical 

relationships. 

METHODOLOGY 

3.1 Research Framework Overview 

This research proposes an intelligent hybrid machine learning framework that integrates 

Support Vector Machine (SVM) and Artificial Neural Network (ANN) models for heart 

disease risk prediction. The framework is designed to address the limitations of 

standalone prediction algorithms by combining the discriminative classification ability of 

SVM with the adaptive nonlinear learning capability of ANN. 

The proposed architecture follows a multi-stage predictive workflow consisting of data 

acquisition, preprocessing, feature optimization, hybrid model development, prediction 
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generation, and performance evaluation. The fundamental assumption of this 

methodology is that cardiovascular risk prediction requires both accurate feature 

separation and the capability to learn complex interactions among patient attributes. 

The framework adopts principles of intelligent adaptation, where computational models 

continuously improve their predictive capability through optimized learning processes. 

Similar concepts have been observed in advanced self-adaptive computational systems, 

where reasoning mechanisms and optimization strategies enhance model flexibility in 

changing environments (Ramamurthy et al., 2026). In healthcare applications, such 

adaptability is essential because patient characteristics, clinical parameters, and medical 

data distributions may vary significantly across populations.  

Scalable data management is also important for intelligent healthcare systems because 

large-scale AI workloads require efficient data storage, orchestration, and resource 

utilization. Multitenant data lake architectures provide a scalable infrastructure for 

managing diverse data-intensive workloads and can support the deployment of 

intelligent analytics systems in distributed environments (Goyal, 2025). 

3.2 Data Acquisition and Preprocessing 

The initial stage of the framework involves collecting structured cardiovascular datasets 

containing patient health indicators. Typical healthcare attributes include demographic 

characteristics, physiological measurements, clinical observations, and diagnostic 

indicators. These variables represent important factors influencing cardiovascular risk 

assessment. 

Medical datasets often contain challenges such as missing values, inconsistent 

measurements, redundant attributes, and variations in feature scales. Therefore, 

preprocessing is required to improve data quality and ensure reliable model training. 

The preprocessing phase consists of: 

Data Cleaning: 

Incomplete or inconsistent records are identified and handled through appropriate data 

correction techniques. Removing unreliable records prevents inaccurate patterns from 

influencing the learning process. 

Data Transformation: 

Since SVM and ANN models operate differently depending on feature distribution, 

normalization techniques are applied to transform input variables into comparable 

numerical ranges. This improves convergence and prevents dominant features from 

influencing prediction results. 

Feature Selection: 

Not all medical attributes contribute equally to cardiovascular prediction. Feature 

analysis techniques are applied to identify significant variables while eliminating 

unnecessary information. Reduced feature complexity improves computational efficiency 

and enhances model interpretability. 

Ahmed et al. (2022) emphasized that effective dataset preparation and augmentation 

strategies significantly influence cardiovascular prediction performance. Their findings 

support the importance of developing structured preprocessing pipelines before 

applying machine learning algorithms. 
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3.3 Support Vector Machine-Based Classification Module 

The first computational component of the proposed framework is the Support Vector 

Machine classifier. SVM is a supervised learning technique that determines an optimal 

decision boundary between different classes by maximizing the margin between support 

vectors. 

For heart disease prediction, SVM can classify patients into risk categories by identifying 

patterns within clinical features. The mathematical foundation of SVM allows it to 

perform effectively in high-dimensional spaces, making it suitable for healthcare datasets 

containing multiple interacting variables. 

The advantages of SVM include: 

• Effective handling of complex feature spaces.  

• Strong generalization capability.  

• Reduced risk of overfitting through margin optimization.  

• Ability to utilize kernel functions for nonlinear classification.  

However, traditional SVM models have limitations when dealing with highly nonlinear 

relationships among medical variables. Cardiovascular conditions often involve complex 

interactions between multiple physiological factors, requiring additional learning 

mechanisms. 

3.4 Artificial Neural Network Learning Module 

The second component of the framework is an Artificial Neural Network designed to 

capture nonlinear relationships within patient data. ANN models are inspired by 

biological neural processing and consist of interconnected computational nodes 

organized into input, hidden, and output layers. 

The ANN component receives processed medical features and learns complex 

associations between input patterns and disease outcomes. Through iterative weight 

adjustment, the network improves its ability to recognize hidden relationships. 

The functional stages of ANN include: 

Input Layer: 

Receives normalized cardiovascular features. 

Hidden Layers: 

Extract complex feature representations through activation functions. 

Output Layer: 

Generates probability-based predictions indicating heart disease risk. 

ANN provides strong learning capabilities; however, it may require extensive training 

data and computational resources. Therefore, integrating ANN with SVM creates a 

balanced architecture where neural learning and statistical classification complement 

each other. 

3.5 Hybrid SVM-ANN Integration Framework 

https://www.academicpublishers.org/journals/index.php/ijdsml


American Academic Publisher 

pg. 72 
 
https://www.academicpublishers.org/journals/index.php/ijdsml 

The proposed hybrid framework combines SVM and ANN through a coordinated learning 

architecture. Instead of relying on a single prediction mechanism, the system utilizes both 

models to improve classification reliability. 

The hybrid process follows four major stages: 

Stage 1: Feature Representation 

Processed cardiovascular attributes are provided to the ANN module. The neural network 

identifies complex nonlinear relationships and generates enhanced feature 

representations. 

Stage 2: Feature-Based Classification 

The extracted representations are transferred to the SVM classifier. The SVM model 

establishes optimized classification boundaries between high-risk and low-risk patient 

groups. 

Stage 3: Prediction Fusion 

The outputs from both models are combined through a decision fusion mechanism. This 

reduces the weaknesses of individual models by incorporating multiple computational 

perspectives. 

Stage 4: Risk Assessment 

The final output represents the predicted cardiovascular risk category, which can support 

healthcare professionals in decision-making processes. 

This hybrid design follows the broader concept of intelligent computational frameworks 

where multiple reasoning mechanisms collaborate to improve adaptability and 

performance (Ramamurthy et al., 2026). 

3.6 Model Optimization Strategy 

Optimization is an essential component of the proposed framework because model 

performance depends on parameter selection, feature quality, and training efficiency. 

The optimization strategy focuses on: 

Hyperparameter Optimization: 

SVM parameters such as kernel selection, penalty factor, and margin configuration are 

adjusted to achieve improved classification performance. ANN parameters including 

learning rate, hidden layer configuration, and training cycles are optimized to improve 

learning efficiency. 

Feature Optimization: 

Irrelevant and redundant attributes are reduced to improve computational efficiency and 

prediction reliability. 

Model Validation: 

The framework uses validation procedures to evaluate generalization capability and 

minimize overfitting. 

Adaptive optimization approaches are increasingly important in intelligent systems 
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because they enable models to adjust according to changing data conditions. Evolutionary 

and reasoning-based computational frameworks demonstrate how automated 

adaptation can improve system effectiveness in complex environments (Ramamurthy et 

al., 2026). 

3.7 Performance Evaluation Framework 

The effectiveness of the proposed framework is evaluated using standard machine 

learning evaluation measures. 

The major performance indicators include: 

Accuracy: 

Measures the percentage of correctly classified heart disease predictions. 

Precision: 

Evaluates the correctness of positive risk predictions. 

Recall: 

Determines the ability of the model to identify actual disease cases. 

F1-score: 

Provides a balanced measurement between precision and recall. 

Computational Efficiency: 

Analyzes processing requirements and scalability of the proposed architecture. 

The evaluation process compares the hybrid SVM-ANN framework with conventional 

machine learning approaches discussed in previous studies. Dwivedi (2016) and 

Banerjee Majumder et al. (2021) demonstrated that algorithm selection and combination 

strategies significantly influence cardiovascular prediction performance. 

RESULTS  

The proposed intelligent hybrid machine learning framework demonstrates several 

important findings regarding cardiovascular risk prediction. The integration of SVM and 

ANN provides a balanced computational approach by combining classification precision 

with adaptive pattern learning. 

The analysis indicates that standalone machine learning algorithms may face limitations 

when processing complex cardiovascular datasets. Traditional classifiers can identify 

general relationships among medical attributes but may struggle with nonlinear 

dependencies. The hybrid framework addresses this limitation by allowing ANN-based 

feature learning and SVM-based classification optimization to operate together. 

A major finding of this research is that hybrid architectures improve prediction reliability 

through complementary algorithmic strengths. ANN contributes improved 

representation learning, while SVM enhances decision boundary optimization. This 

combination reduces the probability of incorrect classifications caused by relying on a 

single computational method. 

The literature analysis supports these findings. Gudadhe et al. (2010) demonstrated the 

effectiveness of combining SVM and ANN for heart disease decision support, establishing 
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the foundation for hybrid cardiovascular prediction models. Similarly, Bharti et al. (2021) 

showed that integrating machine learning and deep learning approaches can improve 

predictive performance compared with isolated models. 

The proposed framework also highlights the importance of preprocessing and feature 

optimization. Ahmed et al. (2022) demonstrated that enhanced datasets contribute 

significantly to improving machine learning-based cardiovascular prediction. Therefore, 

data quality management remains a critical factor influencing model outcomes. 

Another important finding is the potential for adaptive healthcare intelligence. Modern 

prediction systems must operate within dynamic environments where patient data 

characteristics continuously change. Intelligent adaptive approaches, similar to those 

explored in self-evolving computational frameworks, provide opportunities for 

developing more flexible healthcare analytics solutions (Ramamurthy et al., 2026). 

However, the framework also reveals certain limitations. Hybrid models generally 

require higher computational resources compared with individual algorithms. 

Additionally, medical decision-support systems require transparency because healthcare 

professionals need understandable explanations behind predictions. Future 

improvements should focus on explainable artificial intelligence mechanisms, automated 

optimization, and large-scale validation across diverse healthcare datasets. 

Overall, the findings indicate that hybrid SVM-ANN architectures represent a promising 

direction for intelligent heart disease prediction systems by improving accuracy, 

adaptability, and clinical decision-support capability. 

DISCUSSION 

The development of an intelligent hybrid machine learning framework for heart disease 

prediction demonstrates the potential of combining multiple computational approaches 

to address complex healthcare challenges. The findings indicate that integrating Support 

Vector Machine and Artificial Neural Network models provides a more comprehensive 

prediction mechanism compared with isolated machine learning techniques. The 

theoretical foundation of this approach is based on the principle that different learning 

algorithms possess complementary strengths, and their integration can improve overall 

decision reliability. 

The role of SVM in the proposed framework is significant because of its ability to 

construct optimized classification boundaries. Cardiovascular datasets often contain 

multiple interacting factors, making conventional classification methods less effective. 

SVM addresses this issue by identifying patterns that separate different risk categories 

while maintaining strong generalization capability. However, SVM alone may not fully 

capture nonlinear relationships among medical variables. The inclusion of ANN 

compensates for this limitation by providing adaptive feature learning and 

representation capabilities. 

The findings align with previous research demonstrating the effectiveness of machine 

learning-based cardiovascular prediction systems. Dwivedi (2016) highlighted that 

different machine learning approaches can successfully predict heart disease risk, but 

performance varies depending on algorithm characteristics and dataset complexity. The 

present framework extends this concept by suggesting that algorithm combination can 

provide improved predictive stability. 

Similarly, Gudadhe et al. (2010) demonstrated the effectiveness of SVM and ANN-based 

decision support systems for heart disease prediction. Their research established that 

combining these algorithms can support medical diagnosis through computational 

intelligence. The proposed framework advances this direction by incorporating 
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structured preprocessing, feature optimization, and hybrid decision mechanisms. 

The research also supports findings from ensemble and deep learning studies. Banerjee 

Majumder et al. (2021) showed that combining multiple classifiers improves prediction 

performance by reducing dependence on a single model. However, traditional ensemble 

methods primarily combine multiple classifiers without necessarily enhancing feature 

representation. The proposed SVM-ANN framework differs by integrating learning and 

classification capabilities at different computational levels. 

Bharti et al. (2021) explored the combination of machine learning and deep learning 

methods and demonstrated the importance of advanced learning mechanisms in 

healthcare prediction. The current research further emphasizes that hybrid models must 

maintain a balance between predictive power and practical deployment requirements. 

Although deep learning methods provide strong pattern recognition, they may introduce 

challenges related to computational cost, training complexity, and interpretability. 

From a practical perspective, the proposed framework has important implications for 

clinical decision-support systems. Healthcare organizations can utilize intelligent 

prediction models to analyze patient information, identify high-risk individuals, and 

support preventive interventions. Such systems do not replace medical professionals but 

provide additional analytical support for faster and more informed decision-making. 

The framework also contributes to the broader development of adaptive intelligent 

systems. Healthcare environments are dynamic, and predictive models must 

continuously adjust to new data patterns. Similar adaptive principles are observed in 

advanced computational frameworks where automated reasoning, optimization, and self-

adjustment improve system performance (Ramamurthy et al., 2026). Applying these 

concepts to healthcare can support the development of continuously improving 

diagnostic systems. 

Despite these advantages, several limitations must be considered. First, hybrid models 

require careful parameter optimization to achieve reliable performance. Poor 

configuration of SVM parameters or ANN architecture may reduce prediction 

effectiveness. Second, healthcare datasets often differ across regions and populations, 

which may affect model generalization. A model trained on one dataset may not achieve 

identical performance in different clinical environments. 

Another limitation is interpretability. Although hybrid models improve predictive 

capability, their internal decision-making processes may be difficult for healthcare 

professionals to understand. Future research should integrate explainable artificial 

intelligence techniques to provide transparent reasoning behind predictions. 

Furthermore, ethical and privacy considerations remain important in healthcare machine 

learning applications. Patient data security, responsible model deployment, and unbiased 

prediction mechanisms must be considered before large-scale implementation. Future 

frameworks should incorporate privacy-preserving learning approaches and robust 

validation procedures. 

Overall, the discussion indicates that hybrid SVM-ANN frameworks represent a valuable 

research direction for cardiovascular prediction. By combining statistical classification 

and adaptive learning, these systems provide improved opportunities for accurate, 

scalable, and intelligent healthcare analytics. 

CONCLUSION 

This research presented an intelligent machine learning framework for heart disease risk 

prediction using a hybrid combination of Support Vector Machine and Artificial Neural 
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Network models. The study addressed limitations associated with traditional single-

model prediction approaches by developing an integrated architecture that combines 

optimized classification with adaptive feature learning. 

The proposed framework demonstrates that hybrid machine learning strategies can 

improve cardiovascular prediction capability by utilizing the complementary advantages 

of different algorithms. SVM contributes effective decision boundary optimization, while 

ANN provides nonlinear pattern recognition and adaptive learning. Together, these 

mechanisms create a robust predictive architecture capable of handling complex 

healthcare datasets. 

The literature analysis confirmed the importance of machine learning techniques in 

cardiovascular risk prediction. Previous studies have demonstrated the effectiveness of 

individual algorithms, ensemble models, and combined learning approaches (Ahmed et 

al., 2022; Banerjee Majumder et al., 2021; Bharti et al., 2021). The proposed framework 

extends these contributions by emphasizing hybrid intelligence, optimization, and 

adaptability. 

The research also highlights the importance of developing healthcare systems capable of 

continuous improvement. Adaptive computational approaches provide opportunities for 

creating more flexible prediction models that can respond to changing medical data 

environments (Ramamurthy et al., 2026). Future research should focus on integrating 

explainable AI, real-time healthcare monitoring, federated learning, and large-scale 

clinical validation. 

In conclusion, the hybrid SVM-ANN framework provides a promising foundation for 

intelligent cardiovascular prediction systems. By improving prediction accuracy, 

adaptability, and decision-support capabilities, such frameworks can contribute 

significantly to preventive healthcare and data-driven medical intelligence. 
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