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Abstract
Background: Heart disease prediction is a critical healthcare task for identifying individuals at risk and enabling
timely intervention. Accurate prediction models can help reduce morbidity and mortality rates associated with
cardiovascular conditions. Various approaches, such as feature selection and hybrid models, have been proposed to
improve the effectiveness and accuracy of the prediction of heart disease.

Method: The study employs the Genetic Algorithm-Support Vector

Machine-Convolutional Neural Network (GA-SVM-CNN) approach and evaluates it on three diverse datasets: UCI, Z-
Alizadeh Sani, and Cardiovascular Disease Dataset. The genetic algorithm is utilized first to select the most relevant
features from the datasets, effectively reducing dimensionality, eliminating irrelevant or redundant features, and
choosing the most suitable ones. Subsequently, the hybrid SVM-CNN model is trained using the selected features,
harnessing the complementary capabilities of both techniques to enhance prediction accuracy.

Results: The performance of the GA-SVM-CNN approach is assessed using the three benchmark datasets and
models. On the UCI dataset, the approach achieves an impressive accuracy of 98%, indicating its effectiveness in
accurately predicting heart disease. On the Z-Alizadeh Sani dataset, the approach achieves an accuracy of 97%. On
the Cardiovascular Disease Dataset, the approach achieves an accuracy of 86%. These high accuracy rates across
different datasets underscore the efficacy of the GA-SVM-CNN approach in heart disease prediction.

Conclusion: The combination of the genetic algorithm’s feature selection and the hybrid SVM-CNN model’s
predictive power leads to superior performance in heart disease prediction. By accurately identifying individuals at
risk of heart disease, this approach can enable timely interventions and contribute to more effective healthcare
interventions.

Background
Cardiovascular disease is a critical medical condition that ranks as the third leading cause of death worldwide,
resulting in approximately 18 million deaths annually [1, 2]. Early prediction of heart disease is crucial for improving
patient outcomes, preventing complications, and reducing healthcare costs [3]. Traditional risk factors

provide valuable information, but the integration of multiple data sources and machine learning approaches has
shown promise in enhancing prediction accuracy [4, 5, 6, 7]. Based on research, it has been identified that
individuals experiencing heart disease commonly exhibit various symptoms [5]. These include chest pain or
discomfort, known as angina, shortness of breath, cold sweat, nausea, and episodes of lightheadedness or sudden
dizziness [8].

Machine learning has shown great contributions in the prediction of the risk of heart disease, enabling early
intervention and personalized treatment plans. The current predictive models (e.g. SVM, Neural Networks, Hybrid,
and ensemble models) used by healthcare professionals often rely on traditional approaches such as logistic
regression (e.g. presence or absence of disease) or decision trees (e.g. high-risk or low-risk) [9, 10]. However, these
approaches are limited in their accuracy, as they tend to rely on a single set of features and metrics that can be used
to accurately predict the risk of heart disease. As such, there has been an increased interest in hybrid machine
learning models that can combine features from various sources such as clinical history, lifestyle behaviors, and
physiological data for better prediction accuracy. In recent years, there has been a notable emphasis on the
development of hybrid classification models in the field of heart disease prediction [11]. These models aim to
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enhance accuracy and performance by leveraging the strengths of multiple machine learning algorithms. Such
studies aim to advance the accuracy and overall performance of heart disease prediction, leading to improved
diagnostic and prognostic capabilities. [12].

In predicting heart disease, the hybridization of feature selection and classification techniques involves combining
two essential steps [9]. The first step is the identification of relevant features from a pool of potential predictors,
while the second step entails the utilization of a classification algorithm based on selected important features to
predict the presence or absence of heart disease [9]. The integration of feature selection and classification
techniques offers numerous advantages in heart disease prediction. Most notably, it increases the accuracy of
prediction models by focusing solely on the most informative features (e.g. age, gender, cholesterol level, blood
pressure, etc.). By doing so, these hybrid approaches can improve the efficiency and effectiveness of heart disease
prediction systems [13]. The hybridization of feature selection and classification techniques holds significant
promise in improving the accuracy and interpretability of heart disease prediction models. By identifying relevant
features and utilizing effective classification algorithms, these hybrid approaches contribute to more accurate risk
assessment, personalized treatment plans, and improved patient outcomes. Hybrid classification models are a
promising approach for improving the accuracy and robustness of heart disease prediction. By combining the
strengths of different machine learning algorithms and integrating other techniques, such as feature selection and
data augmentation, we can develop more accurate and effective heart disease prediction models, enabling early
intervention and personalized treatment plans. The integration of AI techniques in the form of hybrid ML models
presents an exciting avenue for researchers. These models can aid in predicting and preventing heart disease,
ultimately improving patient outcomes [14].

In our groundbreaking research study, we present an innovative and powerful hybrid technique aimed at
revolutionizing heart disease prediction. The proposed

approach harnesses the collective strength of a genetic algorithm for feature selection and a cutting-edge hybrid
SVM-CNN model for prediction. Our ultimate objective is to identify the most pertinent features through the genetic
algorithm’s intelligent search and subsequently, improve the overall performance of the prediction model. The
genetic algorithm plays a pivotal role in this novel approach, as it employs a bio-inspired optimization process to
search for the most relevant features within the vast pool of potential predictors. By iteratively selecting and
evolving feature subsets based on their fitness and contribution to the prediction model, the genetic algorithm
efficiently hones in on the key determinants of heart disease risk. This feature selection process is crucial for
enhancing the prediction model’s efficiency and interpretability by focusing on the most informative attributes while
minimizing noise and irrelevant factors.

The core of our innovative approach lies in the integration of a hybrid SVM-CNN model for heart disease prediction.
Support Vector Machines (SVM) have proven to be highly effective classifiers in various domains, including
healthcare. By combining SVM with Convolutional Neural Networks (CNN), we capitalize on the CNN’s exceptional
ability to extract complex patterns from raw data, complementing the SVM’s robustness in handling high-
dimensional feature spaces. This synergistic fusion empowers our prediction model to capitalize on both global and
local features within the data, resulting in superior accuracy and performance. The experimental results showcase
remarkable outcomes, with our hybrid approach achieving significantly higher accuracy due to its ability to leverage
critical and informative features extracted by the genetic algorithm. Our groundbreaking study opens up new
horizons for heart disease prediction, providing healthcare professionals with an invaluable tool for early risk
assessment and targeted interventions to combat this prevalent and life-threatening condition. The primary
contributions of this research lie in the development of a novel hybrid technique that synergistically combines a
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genetic algorithm for feature selection and a hybrid SVM-CNN model for heart disease prediction. This approach
enhances the accuracy and interpretability of the predictive model, leading to more effective early risk assessment
and targeted interventions. By advancing heart disease prediction research, the study opens new avenues for
improved patient care and cardiovascular disease management.

The paper is structured into the background, literature review, methodology and proposed solution, results, and
discussion, conclusion and future work sections.

Literature Review
The literature review section provides an overview of existing research on heart dis- ease prediction and related
methodologies. It highlights previous studies, predictive models, and feature selection techniques used in this
domain, demonstrating the research background and the need for the proposed hybrid approach. Heart disease is a
complex and widespread condition that poses significant challenges in health- care, particularly in cardiology,
detecting cardiac disease accurately and early is of utmost importance [15]. Researchers have developed various
intelligent systems that can improve heart disease prediction [16]. Within the realm of heart disease pre- diction, a
variety of machine learning and deep learning algorithms and approaches have been utilized. The classification
process typically involves two key steps: the selection of relevant features and the training of the model.

The utilization of feature selection methods to enhance the accuracy of heart disease prediction models is
addressed in a research paper [17]. The experimental results in [17] show that feature selection techniques can
significantly gain accuracy up to 88% and reduce the dimensionality of heart disease prediction models. The paper
[18] provides valuable insights into suitable machine-learning approaches for heart disease prediction and got up to
95% accuracy. In a study conducted by the researchers [19], the objective was to assess the performance of
different feature selection techniques and classification algorithms for heart disease prediction. The author [19]
found that the feature subset selected by the backward feature selection achieves the highest accuracy of 88.52%
with the decision tree classifier. Through the use of a genetic algorithm for feature selection prior to classification,
the scientists hope to increase the precision and effectiveness of heart disease prediction, the prediction accuracy
increased from 72.9–91.9% by using the evolutionary algorithm for feature selection prior to classification [20].

Lakshmanarao et al. [21] used feature selection methods like information gain

and chi-square to select the most relevant features from the original dataset that contribute the most to the
prediction accuracy. Ensemble learning techniques like Bagging, Ada-Boost, and Random Forest were applied to the
selected features. This led to improved prediction accuracy compared to using a single classification model. This
study [9] used 6 different machine learning classification algorithms on 2 different data sets to conduct an
experimental investigation of the model’s effectiveness. The Random-Forest classification algorithm performed
best in both datasets, with a 93.25 percent accuracy in the second [9] dataset and a 77.25 percent accuracy in the
first. Multiple heart disease datasets are utilized for experimentation analysis in this paper [22], which focuses on
feature-selection strategies and algorithms and demonstrates the accuracy increase. In [23], Al-Tashi et al. suggest
a hybrid feature selection strategy for diagnosing heart disease combining Support Vector Machines (SVM) and
Grey Wolf Optimisation (GWO). It is employed to look for the best possible subset of features to use in order to
improve classification accuracy [23].

Using the UCI heart illness dataset, one such work [12] suggested a hybrid classifi-
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cation model for heart disease prediction. ANN is trained using swarm optimization, which optimizes its weight and
biases to increase performance by up to 89.83%. An- other work [24] suggested a hybrid classification model for
heart disease prediction. The SVM 85% UCI Cleveland heart disease dataset produced the highest accuracy. A study
[25] used a filter algorithm for reducing low-value features and GA is used to select high-value features. Statlog
dataset used from UCI Repository. Dissanayake et al. [19] found that the feature subset selected by the backward
feature selection achieves the highest accuracy of 88.52% with the decision tree classifier. The main achievement of
the paper [26] is its accuracy and effectiveness in predicting heart disease. The researchers tested the system on
three datasets of heart disease patients and found that the random forest classifier achieved an average accuracy
of around 90% when optimized using the evolutionary approach [26]. In [15] heart disease is predicted by using 10
different classifiers, six are single classifiers and one is an ensemble classifier with four different variations, the
best accuracy scores are obtained as 91.78%, 85.47%, for the Z-Alizadeh Sani and Cleveland using MLP classifiers
and 86.66% for the Statlog dataset using KNN classifier. In [27] proposed

a hybrid machine learning approach for heart disease prediction using a Genetic Algorithm with radial basis
function (GA-RBF), using dataset Cleveland was taken from UCI Repository and this model achieved an accuracy of
94.20% while considering 9 features.

The proposed technique in [28] is tested on a small sample size and the perfor-mance may be compromised due to
the high computational complexity of algo-rithms. In [29], a comparative analysis is performed among 3 proposed
algorithms to measure the effectiveness and accuracy of the system. This study explores the use of an embedded
feature selection method [30], combined with a deep neural network, to predict the presence of heart disease. The
main contribution of the paper [30] is in demonstrating the effectiveness of an embedded feature selection method
using linear-SVC and deep neural network for heart disease prediction, the authors concluded that the model was
successful, with a prediction accuracy of 97%. The hybrid model (RF-DT) in [31] is applied to clinical data taken from
the UCI repository named as Cleveland dataset to assess its accuracy and perfor- mance, using a hybrid approach
88.6% accuracy was obtained which is higher than DT and DF. Hybrid approaches for disease prediction and
classification are very popular nowadays because of their performance and accuracy [32]. An advantage is taken in
[33], by proposing a hybrid approach using an artificial bee algorithm and a genetic algorithm. Results show that
employing and combing these algorithms can effectively improve the accuracy and performance of the feature
selection pro- cess. A general disease prediction model proposed in [34], is based on the patient’s symptoms. K-
Nearest Neighbour (KNN) and Convolutional Neural Network (CNN) machine learning algorithms are used to
accurately forecast disease. To handle the problem of data consistency and irregularity a new convolutional neural
network (CNN) based on a multimodal disease risk prediction algorithm is proposed in [9]. The paper [35] discusses
methods for identifying the most relevant features for prediction, as well as methods for eliminating redundant
features, the Cleveland Heart dataset from the UCI repository was used in the study, and the different classification
models are used in this study, the accuracy achieved 94.92% using Lasso-regression and ridge-regression. The
paper [24] presents an overview of the performance of several supervised classification models, It concluded that
the sup- port vector machine achieved the highest performance at 85%, and 87% in terms of accuracy and precision.
In [36] examines the potential for a hybrid CNN and LSTM network to predict heart disease, improved prediction
with 89% accuracy compared to traditional approaches.

The objective of this study [37], is to create an efficient method for predicting heart disease using an ensemble
technique based on sequential feature selection. The authors use the gradient-boosting-based sequential feature
selection technique to choose the most appropriate features from the training dataset. Table 1 shows the existing
techniques, datasets used, and their limitations. An innovative way of predicting heart-disease risk using a hybrid
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GA and PSO approach is presented in this paper [38]. For precise cardiac disease prediction, a Hybrid Trunicate
Swarm Algorithm and Ensemble Deep Learning (TSA-EDL) technique are used [39]. In conclusion, the hybrid
machine learning model shows promise for heart disease pre- diction, offering improved accuracy and robustness.
By integrating diverse machine
 
 
 

Table 1
Existing Techniques

Study Ref-
erence &
Techniques

Datasets & Accuracy

& Limitations

     

V. K. Sudha et al.
2023 [36]

weight by SVM for
featureselection CNN + LSTM
for

prediction

Clevelanddataset
from UCI Repository

89% It only evaluates the
model on a single
dataset

Girish S.
Bhavekar et al.
2022 [40]

HybridRNNand LSTM for
prediction

Clevelanddataset
from UCI Repository

95%. small dataset,No pre-
processing
techniquesare
defined.

Jafar Abdol- lahi
et al. 2022 [25]

Filter algorithm and genetic
algorithm for reduction and
selec- tion of features.

Statlog dataset from
UCI Repository

97% Potential inaccu-
racies due to un- equal
feature im- portance

Senthil Murugan
Nagarajan et al.
2022

[41]

genetic-based crow search
algorithm for feature
selection and DNN for
classification

Statlog dataset from
UCI Repository

88% Accuracy is lim- ited
by relying on a small
sample set of data.

BP Doppala et al.
2021

[27]

GA-RBF Clevelanddataset
from UCI Repository

94.20% single dataset.

Gárate- Escamila
et al. 2020 [28]

Dimensionality reduc- tion
method and prin- cipal
component anal- ysis

Clevelanddataset
from UCI Repository

98%. Raw data com- puted
lower re- sults and
would require greater.

Karunakaran
Velswamy et al.
2021 [42]

Modified bee algo- rithm for
feature selection and SVM,
Naïve Bayes, and KNN for
classification

UCI Repository 85% Withfewer features of
the dataset

Dr.M.

Kavitha et al.
2021 [31]

Hybrid DT-RF for pre- diction Clevelanddataset
from UCI Repository

88% no pre-processing

Bindu M G et al.
2020

[33]

Artificial bee colony and
Genetic algorithm for feature
selection

Clevelanddataset
from UCI Repository

91.8% Limited in its data
used to evaluate the
effectiveness.

learning algorithms and techniques like feature selection, we can develop more effective models for early
intervention and personalized treatment. However, further enhancements are needed to maximize performance.
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Methodology and Proposed Solution
The literature review process helps to understand and analyze the existing techniques in a comprehensive manner.
The Review process assists in founding a re- search methodology process and basic pillars behind the whole study.
After a de- tailed literature review, some RQs are drawn on the basis of previous techniques and information. The
RQs help to understand the proposed work and methodology in a detailed manner. Following are the research
questions for the proposed study.

RQ-1: What are current techniques for Heart Diseases prediction in Machine Learning? (answered in the Literature
review)

RQ-2: Can the SVM-CNN be combined to outperform ML algorithms for heart disease prediction?

RQ-3: How can we evaluate and validate the criteria of the SVM-CNN model?

RQ-4: How can we compare the performance of the proposed SVM-CNN model with an existing model?

RQ2, RQ3, and RQ4 are discussed in the result and discussion section. Detailed information about the research
process is explained in the methodology section, and the research methods used, and the data processing methods
are explained in a detailed manner. The approach used in scientific research is composed of a few basic steps.
Each study differs in some way due to the period of time, conditions, and location in which it is being conducted.
The research process is a common and well-known phenomenon. A modification in one phase of the research
process will also affect the other stages because each phase is interconnected. Researchers must evaluate the
other stages after introducing a modification in one phase to ensure that changes are reflected in all phases.

The proposed model mainly focuses on identifying heart disease with better ac- curacy using selected features. The
performance of the ML algorithm has been tested on three datasets UCI Dataset, Z-Alizadeh Sani Dataset, and
Cardiovascular Dataset. The workflow of the model has been implemented in three stages shown in Fig. 1. Input
phase, Feature Selection, and the last step is the classification and performance evaluation of heart disease. These
are the following steps that we will discuss in this section.

Input Phase

In the input phase, various pre-processing techniques are applied to each dataset to enhance the proposed model’s
capabilities and performance. Following Data pre- processing techniques are applied.

1. Replace NaN values with the mean values of the column.
2. Removing Duplicate entries Handling Outliers
3. Label encoding is a common encoding technique for categorical information. This approach assigns a unique

number to every label based on its alphabetical order. The label encoding gives each occurrence in the chosen
datasets a special identification number.

4. Dataset 1 suffers from imbalanced class distribution, we use SMOTE technique to balance the classes and
improve model performance.

5. Data is split into the ratio of 70:30. 70% is used for model training while the remaining 30% is used for testing
purposes. The test set is used to evaluate the model performance on unseen data.

Integrating multiple algorithms that capture different patterns can create a stronger predictive model for heart dis
ease.
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6. Feature Scaling is applied to the selected datasets. The Feature scaling is carried out by using standard
scalers. In feature scaling the trained data is

Feature Selection Phase

After the pre-processing, pre-processed datasets are passed towards the genetic algorithm, one of the evolutionary
algorithms. The genetic algorithm with CNN finds the optimal solution based on the F1 score criteria.

Genetic Algorithm GA is a useful, reliable strategy and search approach. The nat- ural selection of the test
individuals used by nature to generate species served as the basis for the GA search algorithm. In that it determines
the most suitable and effective solution to a given computer issue, a genetic algorithm is comparable to natural
evolution. The biological ideas of evolution and the survival of the fittest serve as the foundation of the genetic
algorithm. Because it offers a solid and re- liable answer that is graded against fitness criteria, this algorithm is
significantly more effective and powerful than an exhaustive search algorithm. The fitness function measures how
closely a particular solution comes to being optimum. Feature selection aims to reduce the dimensionality of the
data by identifying the subset of features that are most predictive or influential for the problem at hand. This
component helps improve the efficiency and accuracy of the solution by focusing on the most significant features
and reducing noise or irrelevant information.

This method offers a decent and resilient solution that is graded against fitness criteria, making it far more powerful
and efficient than an exhaustive search algorithm. A solution’s closeness to optimality is measured using the fitness
function. The possible solutions to the problem are represented by a set of chromosomes. A chromosome is a
string of binary digits. Each digit is called a gene. The initial population can be created randomly. The Genetic
Algorithm (GA) is a search and optimization technique inspired by the principles of natural evolution. It iteratively
evolves a population of candidate solutions to a problem by mimicking the processes of selection, reproduction,
and mutation.

1. Initialization: Start by creating an initial population of potential solutions to the problem. Each solution is
represented as a set of parameters called chromosomes or genes. The population is typically generated
randomly or using some heuristic. We used a population size and number of generations of 50,50 each.

2. Evaluation: Evaluate the fitness of each individual in the population. The fitness function measures how well
each solution performs with respect to the problem at hand. The fitness function can be problem-specific and
aims to quantify the quality or suitability of a solution

3. Selection: Select two individuals from the population at random and compare fitness values. The selection
process is usually based on the fitness values of the individuals. Solutions with higher fitness have a higher
probability of being selected, mimicking the concept of survival of the fittest.

4. Reproduction: Create offspring by combining the genetic material of the selected parents. This is typically done
through genetic operators such as crossover and mutation. The probability of crossover is 0.8. Crossover
involves exchanging genetic information between two parents to produce new individuals, while mutation
introduces small random changes to the genetic material to promote exploration of the search space. The
probability of mutation is

0.2. Choose crossover point and choose gene to mutate.

1. Replacement: Replace some individuals in the current population with newly created offspring. The
replacement strategy can vary, but commonly the off- spring replace the least fit individuals, ensuring that the
population maintains diversity and potential improvements.
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2. Termination: Repeat steps 2–5 for a certain number of generations or until a termination criterion is met.
Termination criteria can be based on the number of generations, reaching a satisfactory fitness level, or a
predefined time limit. Or termination is also met when we analyze that the next step will overfit the data then we
stop the process. Select the best individuals.

Now, selected features are used for classification and prediction.

Classification Phase Using Hybrid Model SVM-CNN

Set up the SVM model, including the choice of kernel function (e.g., linear, polynomial, or radial basis function) and
hyperparameter selection. Train the SVM model using the training dataset. Define the architecture of the CNN
model, including the arrangement and number of convolutional, pooling, and fully connected layers. Train the CNN
model using the training dataset, optimizing the model’s weights through forward and backward propagation.
Determine how the output features or representations from the SVM and CNN models are combined or integrated to
create a hybrid model. A hybrid approach that combines Support Vector Machines (SVM) and Convolutional Neural
Networks (CNN) for classification tasks. SVM is a machine learning algorithm used for supervised classification,
while CNN is a deep learning technique commonly used for classification. By combining the strengths of both SVM
and CNN, the hybrid approach aims to leverage the discriminative power of SVM and the ability of CNN to learn
hierarchical features automatically from the input data. These components give an effective means of classifying or
categorizing the input data based on the selected features, utilizing the power of both traditional machine learning
and deep learning techniques.

Support Vector Machine

Support Vector Machine (SVM), is a classification and regression prediction model that makes use of machine
learning theory for the best accuracy and to prevent model overfitting. Locating the hyperplane in N- dimensional
space is the support vector machine’s goal. For the separation of two classes, there are numerous potential
hyperplanes from which to choose. Drawing the hyperplane with the greatest possible margin distance is the goal in
order to

classify upcoming data points. Decision boundaries called hyperplanes aid in categorizing the data points. Support
vectors are data points that relate to the sides of the hyperplane and which indicate the characteristics of the
classes. The hyperplane will be a line that the attributes that belong to separate classes if the input features are
two. A hyperplane is a two-dimensional plane if the input features are three. The hyperplanes become challenging
when the input feature reaches three. Support vectors that are near the hyperplane have an impact on the
hyperplane’s position and orientation. The sigmoid function compresses the input in logistic regression into the
range [0, 1]. Assign the input value a label of 1 if it exceeds the threshold value (0.5). The output of the linear
function is taken into consideration while determining the class label in SVM.

A class label is assigned if the output is 1, and a different class label is assigned if the output is -1. There is a
margin between threshold values, which range from 1 to -1. The margin value between the data points and the
hyperplane should be maximized so that future data points can be classified more confidently. The kernel’s goal is
to make it possible for operations to be carried out in the input space. The data is transformed using the kernel
functions, and based on these transformations, an ideal boundary between the potential outputs is discovered. We
categorize the binary class data for the linearly separable data using the linear kernel. The non- linear SVM is utilized
in the scenario of non-linear separable data though. The border determined by utilizing the non-linear kernels is not
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a straight line in a non-linear SVM. Depending on the nature of the dataset, several kernels such as Gaussian,
polynomial, sigmoid, or others, are employed in non-linear SVM.

Convolution Neural Network

A synthetic neural network with numerous concealed layers. CNN can extract greater order of connection by using
more hidden layers. The incoming and outgoing layers of a CNN are split at different levels. Whatever their size or
structure, neural networks must have neurons, connections, values, bias, and functionalities. Here’s a detailed
explanation of how CNNs work in our model and their components

Input Layer

The input layer of a CNN receives the output of SVM model.

Convolutional Layer

The convolutional layer is the core component of a CNN. It consists of a set of learnable filters (also called kernels)
that convolve over the input data. Each filter detects specific features, by performing element-wise multiplication
and aggregation. The outcome is a feature map that draws attention to the fact that certain features were present in
the input.

Activation Function

After each convolutional operation, an activation function is applied element-wise to introduce non-linearity.
Common activation functions used in CNNs include Rectified Linear Unit (ReLU), sigmoid, or hyperbolic tangent.
ReLU is the most popular choice due to its simplicity and effectiveness in preventing the vanishing gradient
problem. We use ReLU in our model.

Pooling Layer

The pooling layer reduces the spatial dimensions of the feature maps while retaining the most salient information. It
achieves this by applying operations like max pooling or average pooling within a localized region. Pooling helps in
reducing computational complexity and making the learned features more invariant to small spatial variations.

Fully Connected Layer

The fully connected layer, also known as the dense layer, takes the output from the previous layers and connects
every neuron to every neuron in the subsequent layer. It learns high-level representations by combining the learned
features from previous layers. These layers are similar to those in a traditional neural network and perform
classification or regression tasks.

Dropout

Dropout is a regularization technique commonly used in CNNs to prevent overfitting. During training, a certain
percentage of neurons in the fully connected layer are randomly ignored or "dropped out." This helps in reducing
interdependent learning between neurons and forces the network to learn more robust features.

Output Layer
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The output layer of the CNN provides the final predictions or out- puts. The activation function in the output layer
depends on the nature of the problem being solved. For binary classification, a sigmoid function is typically used,
while for multi-class classification, a softmax function is commonly used.

The proposed solution for heart disease classification involves utilizing a Genetic Algorithm (GA) for feature
selection and a combination of Support Vector Machine (SVM) and Convolutional Neural Network (CNN) models
(referred to as SVM- CNN) for prediction. This hybrid approach aims to enhance the accuracy and ro- bustness of
heart disease classification by selecting relevant features and leveraging the strengths of both SVM and CNN
algorithms.

Datasets
We use three different types of datasets and perform three experiments on each dataset. we use dataset 1 named
as UCI Dataset with 920 instances and 76 features shown in Fig. 2 With 303 instances and 56 attributes shown in
Fig. 3, dataset 2 also known as the Z-Alizadeh Sani Dataset is used in experiment 2. We use the Cardiovascular
Disease Dataset shown in Fig. 4, a dataset containing 70,000 instances and 11 characteristics, in experiment 3.
First of all pre-processing techniques are applied to clean the data that are already discussed in the methodology.
Start by preparing the datasets one by one, ensuring it is labeled with the corresponding class labels for each
instance. Here we did labeling on all heart disease Datasets that we are using UCI has 4 labels, Z-Alizadeh Sani has
2 and Cardiovascular has also 2 labels. We apply standardization from − 1 to 1 to transform data. Transform
categorical variables into numerical data using a label encoder. Then we split the data into training and testing in the
ratio of 70:30. UCI data was so imbalanced, for balancing the data we use SMOTE technique to balance the data.
After balancing the data feature scaling is used to transform the data, we use a standard scaler to transform data
from − 1 to 1. Preprocessing techniques are quite the same for the three datasets except for class imbalance, that
are used only for the UCI dataset. The experiment consists of three phases. Input Phase, Feature Selection Phase,
and Classification phase. Input phases consist of the data sets. The selected datasets are pre-processed to ensure
the accuracy and efficiency of the pro- posed model. The input phase consists of three datasets having different
numbers of instances and attributes. To check the performance of the proposed model it is trained and tested on
different sizes of datasets. These datasets are sufficient and helpful in heart disease prediction for several reasons.
They provide a diverse set of features, enabling the development of comprehensive prediction models. They offer
large and diverse samples of patient data, ensuring that the models are trained on representative populations. They
allow researchers to identify and investigate various risk factors associated with heart disease. The datasets can
serve as baselines for evaluating new models and comparing their performance against established methods.
These datasets also have some limitations. Datasets may have missing values or incomplete data for certain
features, which can affect the model’s performance and accuracy. We tackle this limitation by employing imputation
techniques to fill in missing values based on statistical methods or machine learning algorithms. The data might
contain errors, outliers, or noisy measurements due to various factors like data collection errors or inconsistent
recording practices. Data cleaning and preprocessing steps are applied to remove outliers and correct errors in the
data. We also use feature selection techniques to reduce the impact of noisy data on the model’s performance.

Results and Discussions
The experiments are conducted in the setting and environment that were previously stated. The data sets are in
numeric format. Data cleaning techniques are applied to the data before the experimentation process. Here the
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performance of the model is evaluated by using multiple datasets. Comparison is performed through accuracy,
precision, recall, and F1-score.

Here’s a comparison of the three datasets based on their accuracy, precision, recall, and F1-score. As shown in the
Fig. 5, The UCI dataset has the highest accuracy of 0.98, followed closely by the Z-Alizadeh Sani dataset with 0.97
accuracy. The Cardiovascular dataset has the lowest accuracy at 0.86. The UCI dataset achieves the highest
precision of 0.95, indicating a relatively low false positive rate. The

Z-Alizadeh Sani dataset has a slightly lower precision of 0.93. The Cardiovascular dataset has the highest precision
at 0.89. The Z-Alizadeh Sani dataset has the highest recall rate of 0.96, indicating a low false negative rate. The
Cardiovascular dataset follows closely with a recall rate of 0.83, while the UCI dataset has the lowest recall at 0.81.
The Z-Alizadeh Sani dataset achieves the highest F1-score of 0.95, indicating a good balance between precision and
recall. The Cardiovascular dataset has the next highest F1-score at 0.86, and the UCI dataset has the lowest F1-
score of 0.78. Overall, the UCI dataset performs well in terms of accuracy and precision but has a relatively lower
recall and F1-score compared to the other datasets. The Z-Alizadeh Sani dataset shows high performance across
all metrics, indicating a well- balanced classification performance. The Cardiovascular dataset, although having
lower accuracy compared to the others, still achieves a good F1-score and has the highest precision among the
three datasets. RQ3: We can evaluate and validate the criteria of the SVM-CNN model using accuracy, F1 score,
precision, recall and statistical analysis (i.e. pairwise comparison and mean comparison using one way ANOVA). In
each experiment, an optimized feature set is obtained using GA. The following feature sets are obtained
respectively shown in Table 2.
 

Table 2
List of Selected Features

Dataset Total No.
of

Features

No. of
se-

lected
fea-
tures

Selected Features

Heart-Disease-

uci

76 06 ’age’, ’sex’, ’fbs’,’restecg’,’thalch’, ’slope’

Z-Alizadeh
Sani

56 19 ’Age’, ’Length’, ’Sex’, ’BMI’, ’HTN’,’EX-Smoker’,

’BP’,’PR’,’TypicalChestPain’,’Atypical’,’Nonanginal’,’Q Wave’, ’St El-
evation’, ’Poor R Progression’, ’HDL’, ’BUN’,’Neut’,’EF- TTE’, ’Region
RWMA’

Cardiovascular 11 09 ’age’ ,’gender’, ’height’ ,’weight’, ’aphi’,’aplo’cholesterol’, ’gluc’,

’alco’

 

Results Comparison

The comparison is performed with state-of-the-art using UCI Heart Disease Dataset is plotted. Plotted accuracy of
the dataset is the combination of training and testing. The proposed model and existing model are executed on the
same dataset. The existing model is a combination of CNN and LSTM. At the start accuracy of the proposed model
and the existing one is the same which is 0.2. After continuous training and testing proposed model outperforms
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the existing model in accuracy. The model reaches an accuracy of 0.98 while the existing have only 0.89 shown in
Fig. 6.
The accuracy comparison of Z-Alizadeh Sani Dataset is plotted. Plotted accuracy of the dataset is the reflection of
training and testing. The standing model uses the technique of ensemble feature selection and classification on the
same dataset, the suggested model and the current model are both run in the same environment. The proposed
model’s initial accuracy is 0.2, compared to the present model’s initial accuracy of 0.15. The proposed solution
outperforms the existing model in accuracy after repeated training and testing. The proposed model’s accuracy is
0.97 as opposed to the old model’s accuracy of 0.91 shown in Fig. 7.

The accuracy comparison of the cardiovascular Heart Disease Dataset is presented. The dataset’s plotted accuracy
is the result of both training and testing. On the same dataset, the suggested model and the current model both are
executed on the same dataset. The current one uses the ensemble technique. The proposed model outperforms the
existing model at the beginning of the process. The suggested model outperforms the existing model in accuracy
after repeated training and testing. The proposed model’s accuracy is 0.86 as opposed to the old model’s accuracy
of 0.75 shown in Fig. 8.
 
 

Table 3
Comparison of Proposed and Existing Technique

Proposed Hybrid Model Existing Model

Datasets Precision Recall F1-Score Precision Recall F1-Score

Heart-Disease-uci 0.95 0.81 0.78 0.93 0.77 0.52

Z-Alizadeh Sani 0.93 0.96 0.95 0.91 0.92 0.91

Cardiovascular 0.89 0.83 0.86 0.86 0.80 0.81

Empirical Analysis

All research work empirical analysis performed which involves following steps: Ex- periments are performed on
above describes three datasets

1. Data collection: All three datasets are collected from different resources.

2. Pre-processing: Previously described pre-processing steps are performed on these three datasets.

3. Feature Selection: Performed feature selection through Genetic Algorithm. Optimized feature set are obtained
from these three previously described datasets.

4. Model Implementation: Proposed hybrid model is implemented, SVM is used as an initial classifier with hyper
parameters tuning. And CNN is used as a resultant classifier with fully connected hidden layers.

5. Training: The preprocessed data is splitted into training and validation set with the ratio of 70% and 30%
respectively. First of all the training is per- formed using SVM with previously described hyperparameters.
Output of the SVM is passed to the CNN model. In the hidden layers of CNN ‘relu’ used as activation function
while the output layer used ‘sigmoid’.
Furthermore, the SVM and CNN are also trained individually on all three datasets to produce the results for
comparative analysis. As well as different ensemble methods are also used to compare the performance of the
model.

6. Model Evaluation: The proposed model is evaluated using accuracy, precision, recall and F1-score measures.



Page 14/26

7. Results and comparison: The comparison is performed with baseline models, state-of-the-art models, and other
existing techniques. These comparisons are discussed in next slide.

8. Statistical Analysis: Performed statistical tests to evaluate the significance of the results.

Table 4 shows the empirical analysis of different existing classifiers and proposed classifiers and their performance
on the basis of accuracy.
 

Table 4
Model Comparison

Classifiers Dataset1 UCI Dataset2 ZAl-

izadeh

Dataset3 Cardio

Random Forest Classifier 0.77 0.78 0.68

LGBM Classifier 0.75 0.77 0.67

XGB Classifier 0.76 0.76 0.65

AdaBoost Classifier 0.74 0.78 0.64

Decision Tree Classifier 0.75 0.71 0.62

ExtraTrees Classifier 0.70 0.72 0.65

SVM 0.89 0.90 0.76

CNN 0.83 0.86 0.78

SVM + CNN 0.92 0.94 0.82

Statistical Analysis
Statistical Analysis shows the mean accuracies of different techniques used for heart disease prediction on "UCI,
Zalizadehsani, and Cardio" and conducts a one-way ANOVA test to check if there are any statistically significant
differences among the techniques. Additionally, it performs Tukey’s Honestly Significant Difference (HSD) test as a
post-hoc analysis to identify which pairs of techniques have significantly different mean accuracies. Following are
the tests we performed in our model.

1. One-Way ANOVA: The one-way ANOVA test assesses whether there are any statistically significant differences
in the mean accuracy scores across the ten techniques. The ANOVA provides an F-statistic and a p-value. We
apply one-way ANOVA on three different datasets and used 10 different techniques shown in Figs. 9, 10 and 11
respectively. These figures show the mean accuracies on three different datasets among 10 different
classifiers.

2. Tukey’s HSD Test: If the one-way ANOVA indicates that there are statistically significant differences among the
techniques, a post-hoc analysis is performed using Tukey’s HSD test. This test conducts pairwise comparisons
between all possible combinations of the ten techniques to identify which techniques have significantly
different mean accuracy scores. It shows the pairwise comparison of three different datasets among 10
different classifiers shown in Fig. 12, 13, 14 respectively.

3. Tukey’s HSD Test Plot: The plot shows horizontal lines connecting pairs of techniques that have significantly
different mean accuracy scores. The y-axis represents the different techniques, while the x-axis displays the
mean accu- racy scores.
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RQ2: Based on the shown Table 4, it appears that the SVM-CNN (SVM + CNN) classifier has the highest accuracy on
all three datasets: Dataset1 UCI, Dataset2 ZAlizadeh, and Dataset3 Cardio. It consistently outperforms the other
classifiers, including SVM and CNN as standalone models, on all datasets. Therefore, the re- sults suggest that the
combination of SVM and CNN in the SVM-CNN model is effective in improving heart disease prediction compared
to traditional ML algo- rithms and standalone CNN.
RQ4: We can compare the performance of our model with the existing model using different performance metrics.
We used accuracy, precision, recall, and F1-score to compare our model with the existing model. Table 3 shows the
comparison of our model with the existing model using precision, recall, and F1-score. While Figs. 6, 7, 8 show the
comparison on the basis of accuracy.

Limitations
The combination of a genetic algorithm for feature selection and a hybrid SVM- CNN model has proven to be a
promising approach for heart disease prediction. Despite its promising results, the proposed approach has some
limitations. Firstly, the genetic algorithm’s effectiveness heavily relies on the quality and diversity of the initial
feature pool, which could impact the performance of the model. Additionally, the feature selection step increases
time complexity, leading to higher computational costs. Frequent data training and testing are required for the
genetic algorithm to identify the optimal feature subset, which can be resource-intensive. Moreover, the
performance of the SVM-CNN hybrid model may be influenced by dataset size, class imbalance, and the complexity
of heart disease patterns present in the data. These factors could potentially affect the generalizability of the
approach across different datasets and populations.

Conclusion and Future Work
The combination of a genetic algorithm for feature selection and a hybrid SVM- CNN model for heart disease
prediction has shown promising results. This approach capitalizes on the strengths of both techniques, leveraging
the genetic algorithm’s ability to identify relevant features and the SVM-CNN hybrid model’s capacity for accurate
prediction. The genetic algorithm plays a crucial role in selecting the most informative features from a large pool of
potential predictors. By iteratively evaluating the fitness of different feature subsets, it optimizes the selection
process and reduces dimensionality. This feature selection step is critical for enhancing the model’s performance,
as it helps eliminate irrelevant or redundant features that may introduce noise or overfitting. The SVM-CNN hybrid
model takes advantage of the power of both support vector machines (SVM) and convolutional neural networks
(CNN).

SVMs excel at binary classification tasks by creating an optimal hyperplane to separate data points, while CNNs are
well-suited for classification. By combining the two, we obtain a model that can effectively handle both structured
and un- structured features for heart disease prediction. The hybrid model’s performance is enhanced by the
selected features, which are fed into the SVM for classification and then passed to the CNN for further analysis.
This integration allows the model to

capture complex patterns and relationships present in the data, leading to improved accuracy and robustness. The
results obtained from applying this approach to heart disease prediction are highly encouraging.

By leveraging the genetic algorithm’s feature selection, we achieve a more efficient and accurate model, reducing
computation time and improving predictive perfor- mance. The hybrid SVM-CNN model demonstrates its ability to
handle diverse data types, capturing numerical features to make accurate predictions. Further research and
validation are necessary to assess the generalizability and robustness of this approach across different datasets
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and populations. Nonetheless, the combination of a genetic algorithm for feature selection and a hybrid SVM-CNN
model holds great promise for enhancing heart disease prediction accuracy and contributing to the development of
personalized healthcare solutions in the future.
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Proposed Model

Figure 2

Snippet of UCI dataset

Figure 3

Snippet of Z Alizadeh Sani Dataset
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Figure 4

Snippet of Cardio Dataset

Figure 5

Performance of proposed model on three Datasets
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Figure 6

Accuracy comparison using UCI

Figure 7

Accuracy comparison using Z-Alizadeh Sani
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Figure 8

Accuracy comparison using Cardio

Figure 9

comparison of mean accuracies on UCI
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Figure 10

comparison of mean accuracies on ZAlizadehSani

Figure 11

comparison of mean accuracies on Cardio
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Figure 12

Pairwise Comparison on UCI

Figure 13
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pairwise comparison on Z-AlizadehSani

Figure 14

pairwise comparison on cardio


