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Abstract: - Heart disease remains a leading cause of morbidity and mortality worldwide, necessitating the 

development of efficient diagnostic tools for early detection and prevention. With the rise of large-scale 

medical data, leveraging advanced computational techniques such as deep learning has become critical for 

accurate heart disease classification. This paper proposes an efficient framework for feature extraction and 

feature selection techniques, utilizing deep learning models to improve classification accuracy for heart 

disease using Internet of Things (IoT). The framework integrates convolutional neural networks (CNNs) 

for feature extraction and employs a hybrid method combining Recursive Feature Elimination (RFE) with 

Principal Component Analysis (PCA) for feature selection. The proposed framework is evaluated on the 

UCI Heart Disease dataset, achieving a classification accuracy of 91.3%, precision of 90.8%, recall of 

89.9%, and an F1-score of 90.3%. The model outperforms traditional methods such as SVM and random 

forests, which achieved accuracies of 85.2% and 86.5%, respectively. These findings demonstrate the 

efficacy of the proposed framework in heart disease classification and its potential for real-time clinical 

applications. 
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I.  INTRODUCTION 

Cardiovascular conditions are among the primary causes of death worldwide, accounting for millions of 

fatalities each year. Its early diagnosis is crucial to reducing mortality rates and improving the quality of life for 

patients. Accurate and timely detection of heart disease enables appropriate medical intervention and prevention 

of severe complications. However, diagnosing heart disease can be complex, as it involves a wide range of 

factors, such as patient demographics, medical history, lifestyle, and clinical test results. To aid in the diagnosis 

process, various computational methods have been developed to predict the likelihood of heart disease based on 

clinical data. Traditional heart disease prediction methods often rely on machine learning algorithms such as 

decision trees, support vector machines (SVM), and logistic regression, which have shown success in various 

medical applications. These methods typically analyze structured data such as age, cholesterol levels, and blood 

pressure. However, they face significant challenges when applied to high-dimensional datasets. Medical data, 

especially from Iot and electronic health records (EHR) or wearable devices often contain numerous features, 

some of which may be irrelevant or redundant. This high dimensionality can introduce noise, hinder the model's 

ability to generalize, and increase computational complexity [1]. 

     In recent years, deep learning has emerged as a transformative technology for healthcare applications [2]. 

Deep learning models[3], particularly convolutional neural networks (CNNs), have demonstrated exceptional 

performance in tasks involving image processing, time series analysis, and structured data [4]. By leveraging 

the power of CNNs, heart disease prediction models can capture more subtle and complex relationships within 

the data, which traditional machine learning methods may overlook. However, deep learning models, 

particularly when used with high-dimensional datasets, are not immune to challenges. Overfitting and high 

computational costs can occur when models are trained on irrelevant or redundant features. To address these 

challenges, feature selection plays a critical role in enhancing model performance. Effective feature selection 

methods reduce dimensionality, removing noise and irrelevant features while preserving the most informative 

ones [5].  
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     In this context, the combination of deep learning-based feature extraction with robust feature selection 

techniques offers a promising approach for heart disease classification. In particular, the integration of CNNs 

for feature extraction with advanced feature selection methods like Recursive Feature Elimination (RFE) and 

Principal Component Analysis (PCA) can significantly enhance classification performance. CNNs can 

automatically extract deep features from the data, while RFE systematically eliminates less important features, 

and PCA reduces the dimensionality of the selected features by transforming them into orthogonal components.    

This paper presents a novel and efficient framework that incorporates CNNs for deep feature extraction, and a 

hybrid feature selection approach using RFE and PCA to optimize heart disease classification. The CNN model 

is employed to capture critical patterns from the clinical dataset, and the hybrid feature selection technique 

ensures that only the most relevant features are retained for classification [6]. By reducing the dimensionality of 

the input data, the framework accelerates the computational process, making it suitable for real-time clinical 

applications. This approach is validated on the UCI Heart Disease dataset, where it achieves superior results 

compared to traditional machine learning methods, demonstrating its effectiveness and potential for future 

applications in heart disease diagnosis. 

II. RELATED WORK 

The application of machine learning (ML) and deep learning (DL) techniques in heart disease classification has 

garnered significant attention due to the increasing availability of healthcare data and the pressing need for 

accurate diagnostic tools [7]. Traditional machine learning methods such as decision trees, support vector 

machines (SVM), and k-nearest neighbors (KNN) have been widely used in medical applications, particularly 

for heart disease prediction [8]. These models are capable of identifying patterns in structured data, such as 

demographic and clinical features [9], to make predictions about a patient's risk of heart disease. For example, 

SVM has been successfully applied to medical diagnosis because of its robust performance with small datasets 

and high-dimensional spaces, as shown in various studies on heart disease classification [10]. However, these 

traditional methods face significant challenges when dealing with large, complex, and high-dimensional 

datasets often encountered in medical settings. As the number of features increases, traditional algorithms can 

become prone to overfitting and struggle to generalize well, leading to reduced classification accuracy. 

     The emergence of deep learning has transformed many fields, including healthcare, by offering advanced 

tools for data analysis, particularly when dealing with large and complex datasets. Deep learning, particularly 

convolutional neural networks (CNNs), has revolutionized feature extraction due to its ability to learn 

hierarchical feature representations directly from raw data, without requiring extensive domain knowledge for 

feature engineering [11]. CNNs have been extensively used in tasks such as image classification, object 

detection, and structured data analysis, making them highly suitable for heart disease classification. Studies 

have demonstrated that CNNs can outperform traditional machine learning models by extracting more abstract 

and high-level features from complex medical datasets [12]. For instance, CNNs have been successfully applied 

to classify heart disease using medical imaging data, such as echocardiograms and electrocardiograms (ECG). 

CNNs' ability to automatically detect patterns in these data types has made them a powerful tool in predictive 

diagnostics. Despite the success of CNNs in medical classification tasks, they are not without limitations. One 

common challenge faced by deep learning models is overfitting, particularly when applied to high-dimensional 

datasets with redundant or irrelevant features. When a CNN model is exposed to too many unnecessary features, 

it may focus on noise in the data, leading to poor generalization on unseen cases. Moreover, the high 

computational complexity of CNNs can make training difficult, particularly with large medical datasets. Thus, 

while CNNs excel at feature extraction, the inclusion of irrelevant or redundant features can degrade the 

performance of the model. 

     To mitigate these issues, recent studies have focused on hybrid models that combine deep learning with 

feature selection techniques to enhance performance. Feature selection methods aim to reduce the 

dimensionality of the input data by identifying and retaining only the most informative features while 

discarding irrelevant or redundant ones. Principal Component Analysis (PCA) is among the most commonly 

used dimensionality reduction techniques in this context [13]. By reducing the number of input features, PCA 

can prevent overfitting and reduce the computational load of the CNN model. However, while PCA is effective 

in reducing dimensionality, it does not always guarantee the retention of the most discriminative features for 

classification tasks. This is because PCA focuses on variance rather than class separability, which may result in 
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the removal of features that are crucial for distinguishing between different classes, such as heart disease and 

non-heart disease cases. 

     To address these limitations, researchers have explored the combination of PCA with feature elimination 

techniques, such as Recursive Feature Elimination (RFE) [14]. RFE is a wrapper-based feature selection method 

that works by recursively fitting a model and eliminating the least important features based on their contribution 

to the model's performance. Unlike PCA, which reduces dimensionality through linear transformations, RFE 

directly selects features based on their relevance to the classification task. This allows RFE to preserve the most 

important and discriminative features while systematically removing those that contribute little to the model's 

accuracy. Several studies have demonstrated the effectiveness of combining PCA and RFE, particularly in 

medical applications where high-dimensional data is common. For example, by applying RFE and PCA to heart 

disease datasets, researchers have achieved significant improvements in both classification accuracy and model 

efficiency.  

     In summary, while traditional machine learning models such as SVM and decision trees have been useful 

in heart disease classification, they face limitations when applied to complex and high-dimensional datasets [15]. 

Deep learning, particularly CNNs, has revolutionized feature extraction by learning hierarchical representations 

from raw data. However, CNNs alone may suffer from overfitting due to the inclusion of irrelevant features. To 

overcome this challenge, recent research has explored hybrid models that combine CNNs with feature selection 

techniques such as PCA and RFE. The integration of deep learning and feature selection holds significant 

promise for enhancing heart disease prediction and improving clinical outcomes. 

III. PROPOSED FRAMEWORK 

A. Framework Overview 

The proposed framework consists of three major components: 

• Data acquisition: The patient data collected from patient’s Physical parameter using Blood pressure and 

Heart rate sensor. The data transfer to the heart disease prediction model using NodeMCU Wifi Module 

through the IoT cloud platform. The Blood pressure and Heart rate sensor has been shown in Fig.1. 

• Feature Extraction: Convolutional Neural Networks (CNNs) are utilized to automatically extract deep 

features from the input data, thereby capturing complex patterns that are challenging to identify using 

conventional methodologies [16]. 

• Feature Selection: A hybrid feature selection approach combining Recursive Feature Elimination (RFE) 

and Principal Component Analysis (PCA) is used to enhance the performance of the model and reduce its 

complexity by selecting the most relevant features. 

 

Fig. 1. Blood pressure and Heart rate sensor. 

     These components are integrated into a pipeline designed to maximize classification accuracy while reducing 

the dimensionality of the input data, making the model more computationally efficient and capable of real-time 

processing. The workflow diagram has been shown in Fig.2.  

B. Dataset 

      The framework was tested on the UCI Heart Disease Dataset, which consists of 303 samples and 14 

attributes [17], including patient demographics and medical data such as age, sex, cholesterol levels, resting 

blood pressure, and maximum heart rate. The dataset is frequently used in heart disease classification tasks and 

is suitable for evaluating the performance of various ML models [18] .   
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       Let 𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1
𝑁  represent the dataset, where 𝑥𝑖 ∊ ℝ14 is the feature vector for the i-th patient, and 𝑦𝑖 ∊

{0,1}  is the corresponding label indicating the absence or presence of heart disease. The goal of the 

framework is to learn a mapping 𝑓 ∶  ℝ14 → {0,1}  that can predict 𝑦 based on 𝑥. 

 

Fig. 2. Workflow diagram of proposed work. 

C. Feature Extraction using CNN 

      CNNs are utilized to extract high-level abstract features from the structured input data. In this approach, 

Here employ a 1D CNN specifically designed to process tabular data. The CNN is constructed using the 

following layers: 

• Input Layer: Corresponding to the 14 features in the dataset. 

• Convolutional Layers: The CNN applies multiple convolutional filters to capture local patterns in the 

features. The output of a convolutional layer for input 𝑥 and a kernel 𝑘 is given by equation (1): 

ℎ(𝑥) = (𝑥 ∗ 𝑘)(𝑡) =  ∑ 𝑥(𝑡 + 𝑠)𝑘(𝑠)𝑆−1
𝑠=0              (1) 

where ∗ denotes the convolution operation, 𝑡 is the index over the input, and 𝑆 is the size of the kernel. The 

convolution layers detect relationships between the medical features. 

• Pooling Layers: To reduce the dimensionality of the feature maps and capture the most significant features, 

pooling is applied. Max pooling is a common choice, defined as equation (2): 

𝑝(𝑡) = max {ℎ(𝑥)(𝑡), ℎ(𝑥)(𝑡 + 1), … , ℎ(𝑥)(𝑡 + 𝑛 − 1)}     (2) 

where 𝑛  is the size of the pooling window. This reduces feature dimensionality and helps the model 

generalize better. 

• Fully Connected Layers: These layers combine the learned features and help in classification. Given the 

feature vector 𝑧, the fully connected layer computes: 

𝑦 = 𝑊𝑧 + 𝑏      (3) 

where 𝑊 is the weight matrix and 𝑏 is the bias. The final output is passed to the classifier for heart disease 

prediction [19]. 

D. Hybrid Feature Selection: RFE and PCA 

      To avoid overfitting and improve generalization, a hybrid feature selection method combining Recursive 

Feature Elimination (RFE) and Principal Component Analysis (PCA) is applied. 

      Recursive Feature Elimination (RFE) is a backward feature selection method that iteratively eliminates the 

least significant features, as ranked by a machine learning model such as a linear classifier. For a model 𝑓(𝑥) =

𝑊𝑥 + 𝑏 , RFE calculates feature importance based on the weight 𝑊  assigned to each feature. It iteratively 

eliminates the features with the smallest weights until the desired number of features is reached [20]. 

     Let 𝓌𝑗   be the weight associated with feature 𝑗. At each iteration, RFE eliminates the feature with the 

smallest|𝓌𝑗|, leading to a refined feature set S after 𝐾 iterations. The objective is to minimize the classification 

error by retaining only the most significant features: 

𝑆 = 𝑎𝑟𝑔𝑆⊆𝑥,𝑆=𝑑
      𝑚𝑖𝑛  ∑ 𝐿(𝑦𝑖 , 𝑓(𝑥𝑖

𝑆))𝑁
𝑖=1      (4) 
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     where 𝑆 is the feature space, 𝑑 is the number of selected features, and 𝐿 is the loss function. 

     Principal Component Analysis (PCA) is a dimensionality reduction method that converts the feature space 

into a set of orthogonal components, representing the directions of greatest variance [21]. Subsequent to the 

application of RFE, PCA is employed to further reduce the dimensionality of the dataset while preserving the 

most salient components. Given a feature matrix 𝑋 ∊ ℝ𝑁∗𝑑  , PCA finds the principal components 𝑋 ∊ ℝ𝑁∗𝑝 , 

where 𝑝 ≪ 𝑑, by solving the following eigenvalue problem: 

Ʃ𝓌 = 𝜆𝓌       (5) 

     where Ʃ is the covariance matrix of 𝑋, 𝓌 is the eigenvector (principal component), and 𝜆 is the eigenvalue 

corresponding to 𝓌. The principal components with the highest eigenvalues are selected, reducing the feature 

space while retaining the majority of the variance. 

E. Classification using Fully Connected Neural Network 

     The selected features from the RFE-PCA pipeline are then fed into a Fully Connected Neural Network 

(FCNN) for classification. The FCNN consists of the following layers: 

• Input Layer: This layer takes the reduced set of features obtained from the feature selection process. 

• Hidden Layers: The hidden layers utilize Rectified Linear Unit (ReLU) activation functions to model 

nonlinear relationships within the data. The ReLU function is defined as equation (6): 

𝑅𝑒𝐿𝑈(𝑥) = max (0, 𝑥)       (6) 

This activation function helps introduce nonlinearity into the model, allowing it to learn complex decision 

boundaries. 

• Output Layer: For the binary classification task (presence or absence of heart disease), a softmax activation 

function is applied to the output layer. The softmax function is defined as equation (7): 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑧𝑖) =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗2

𝑗=1

      (7) 

     where 𝑧𝑖  represents the output of the last hidden layer. This function ensures that the outputs are interpreted 

as probabilities, summing to 1. 

     The model is trained using the cross-entropy loss function, which for binary classification is defined as: 

𝐿(𝑦, ŷ) = −[𝑦 log(ŷ) + (1 − 𝑦) log(1 − ŷ)]    (8) 

     where 𝑦  is the true label and ŷ  is the predicted probability. The model is optimized using the Adam 

optimizer, which adjusts the learning rate dynamically during training to achieve faster convergence. 

IV. RESULTS AND DISCUSSION 

A. Evaluation Metrics 

     To assess the performance of the proposed framework, several classification metrics were employed [20], 

ensuring a comprehensive evaluation: 

• Accuracy: The proportion of correctly classified instances relative to the total number of instances. This 

metric provides a general measure of model performance; however, it may yield misleading results when 

applied to imbalanced datasets. 

Accuracy =  
TP+TN

TP+TN+FP+FN
     (9) 

• Precision: The ratio of correctly predicted positive observations to the total predicted positives. It focuses 

on the accuracy of positive predictions. 

Precision =  
TP

TP+FP
              (10) 

• Recall (Sensitivity): The ratio of correctly predicted positive observations to the total number of actual 

positive instances, highlighting the ability to capture true positives. 

Recall=  
TP

TP+FN
           (11) 
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• F1-Score: The harmonic mean of precision and recall. This metric provides a balanced measure between 

precision and recall. 

F1 − Score =  2 ∗
Precision∗Recall

Precision+Recall
     (12) 

• AUC (Area Under the ROC Curve): This metric assesses the model's capacity to differentiate between 

classes by measuring the trade-off between the true positive rate (TPR) and false positive rate (FPR). 

TPR =  
TP

TP+FN
 , FPR =

FP

FP+TN
     (13) 

    The IoT device used to collect real time data from patients. The mentioned sensor can able to collect Blood 

pressure and Heart rate information. The dataset was divided into training (80%) and testing (20%) sets, and 10-

fold cross-validation was performed to ensure the robustness of the model [22]. Cross-validation mitigates 

overfitting by testing the model on different subsets of the data. In fig 3shows that workflow of IoT Data 

transmission.  

 

Fig. 3. Data acquisition from Blood pressure and Heart rate sensor. 

B. Comparative Analysis 

     The correlation between selected features is visually represented in Fig. 2, utilizing a heat map to effectively 

illustrate the relationships. Heat maps are a well-established and powerful method for visualizing correlations 

between multiple variables, allowing for quick identification of patterns or associations. In this figure, the 

intensity of the color corresponds to the strength of the correlation between features, with darker shades 

indicating stronger correlations, either positive or negative. 

    The proposed method, which integrates RFE and PCA, ensures that only the most relevant features are 

retained, and their interdependencies are clearly visible in the heat map. This visualization allows researchers to 

observe how the selected features interact with each other, providing insights into which variables are more 

influential in predicting heart disease outcomes. By focusing on these relationships, the proposed model can 

more effectively reduce noise, improve computational efficiency, and enhance classification accuracy. 

The feature selection results confirm the robustness of the feature selection process by highlighting any 

potential redundancies among the chosen features. This is crucial in medical data, where high-dimensionality 

can obscure meaningful patterns if not handled correctly. To validate the efficacy of the proposed framework, a 

comparative analysis was conducted against baseline models, including SVM, decision trees, random forests, 

and a CNN model without feature selection. The results are summarized in Table 1. 

Table 1: Performance results of baseline models 

Model Accuracy Precision Recall F1-Score AUC 

SVM 85.2 84.5 82.7 83.6 0.87 

Decision Tree 81.8 80.1 79.4 79.7 0.84 

Random Forest 86.5 85.3 84.6 84.9 0.88 

CNN (no feature selection) 88.9 88.5 87.2 87.8 0.91 

Proposed Framework (CNN + RFE + PCA) 91.3 90.8 89.9 90.3 0.94 

     As shown in the Table 1, Proposed framework demonstrates superior performance compared to alternative 

methodologies, achieving an accuracy of 91.3% and an Area Under the Curve (AUC) of 0.94. The hybrid 

feature selection approach not only enhances accuracy but also reduces the dimensionality of the final model, 
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thus enhancing computational efficiency. In Fig.4 shows the proposed framework combining CNN with RFE 

and PCA achieved the best overall performance across all metrics. Specifically, it achieved 91.3% of accuracy. 

 

Fig. 4. Classification performance on significant features 

     Compared to other models, this framework showed a substantial improvement in classification accuracy, 

precision, and recall, demonstrating that the hybrid feature selection method enhances predictive power. 

Additionally, by reducing the number of features, the model becomes computationally efficient without 

sacrificing accuracy, making it suitable for real-time medical applications. 

C. Discussion 

     The improved performance of the proposed framework is primarily due to the synergy between CNN-based 

deep feature extraction and the hybrid RFE-PCA feature selection method. 

• CNN's Role in Feature Extraction 

     CNNs are particularly well-suited for capturing complex, high-level features in structured medical data. In 

this study, the convolutional layers autonomously identified complex patterns within the patient data, such as 

the relationship between cholesterol levels and heart disease risk. By applying convolutions, the model learned 

hierarchical representations of the features, which traditional models like SVM and decision trees struggle to 

do. 

• Effectiveness of Hybrid Feature Selection 

     While CNNs excel at feature extraction, they can also suffer from overfitting, especially when dealing with 

noisy or redundant features in the data. This is where the hybrid RFE-PCA approach plays a crucial role. RFE 

eliminates the less important features in a recursive manner, ensuring that only the most relevant ones remain. 

By ranking features based on their contribution to the prediction task, RFE helps the model focus on critical 

information. PCA further reduces the dimensionality of the feature set, capturing the directions of maximum 

variance. This leads to a more compact representation of the data, significantly reducing the risk of overfitting 

while maintaining the essential information. 

     The combination of these two techniques strikes a balance between retaining important features and reducing 

the feature space, leading to improved generalization on unseen test data. 

• Comparative Insights 

     When comparing the proposed framework with traditional models like SVM and random forests, it is evident 

that the deep learning approach, in conjunction with feature selection, offers superior performance. The 

traditional models, although robust, do not have the same capacity as CNNs to learn from complex patterns and 

are more sensitive to high-dimensional data. Even the CNN model without feature selection, despite its deep 

feature extraction capability, is prone to overfitting, leading to slightly lower accuracy than the proposed 

framework. 
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      The results demonstrate that the hybrid CNN + RFE + PCA framework is not only more accurate but also 

more efficient. It reduces the computational burden by minimizing the number of features while maintaining 

high classification performance. This balance between complexity and accuracy makes the model ideal for 

practical applications, particularly in clinical settings where real-time processing and interpretability are crucial. 

V. CONCLUSION 

This paper presents an efficient and robust framework for heart disease classification by integrating Internet of 

Things (IoT) and Convolutional Neural Networks (CNNs) for deep feature extraction with a hybrid feature 

selection technique that combines RFE and PCA. The proposed framework demonstrated superior performance 

compared to conventional machine learning models (SVM, decision trees, and random forests) and CNN 

models without feature selection. By focusing on the most relevant features, the hybrid approach not only 

enhanced the classification accuracy, achieving an impressive 91.3%. Additionally, it reduced the dataset's 

dimensionality, thereby lowering the likelihood of overfitting and enhancing computational efficiency. The 

results indicate that the CNN + RFE + PCA combination successfully addresses the challenge of high-

dimensional data in heart disease classification, offering a more effective solution for medical data analysis. 

This balance between accuracy and feature reduction makes the framework suitable for real-time applications in 

healthcare, where precision and speed are critical. 

A. Future Enhancements 

    Future work will focus on expanding the capabilities of the proposed framework in several key areas. 

Currently, the framework is designed for binary classification (presence or absence of heart disease). Future 

research will extend the model to handle multi-class classification. While RFE and PCA have proven effective, 

exploring additional feature selection techniques like LASSO regression or genetic algorithms could further 

refine feature selection and enhance model interpretability. Future work will explore methods like Layer-wise 

Relevance Propagation (LRP) or SHAP values to make the model's decision-making process more transparent, 

helping clinicians better understand and trust the model’s predictions. These enhancements aim to further 

optimize the proposed framework, making it more adaptable and applicable to a wide range of real-world 

medical use cases. 
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