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Machine learning (ML) improves operations in many industries, including
medicine. It affects the prognosis of several disorders, including heart
disease. If predicted, it may provide doctors with new insights and allow
them to treat each patient individually. If anticipated, it may provide medical
practitioners with valuable information. Our team uses machine learning
algorithms to study heart disease risk. This research will compare decision
trees, AdaBoost, support vector machines, artificial neural networks (ANN),
and customized ANN. The study will include this analysis. The given model
will leverage the dataset of general information and medical test results. Our
model uses particle swarm optimization (PSO) and k-nearest neighbors
(KNN). Algorithm for feature selection. The model reduces dimensionality
using evolutionary algorithms and neural networks. We compared the
numerous assessment criteria to the current models, our model, and earlier
models. Because of this, the suggested model's suitability was rated with the

highest accuracy.
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1. INTRODUCTION

Worldwide, heart attacks are the leading cause of death. Causes include stress, genetics,
hypertension, and other issues. "Heart disease" is often an umbrella term for various conditions that interfere
with the heart's standard structure and function. The 75% or more of the victims were from low- and middle-
income countries. Coronary heart disease (CHD), i.e., heart attack, is the most prevalent and lethal of all
heart conditions [1]. An estimated 805,000 Americans have a heart attack yearly in the United States, with
one occurrence reported every 40 seconds. It can be challenging to identify individuals who are at high risk
of health issues due to the range of risk factors involved, including diabetes, hypertension, hyperlipidemia,
and others. Doctors and scientists have started using machine learning (ML) techniques to create screening
tools as they are better at detecting patterns and classifying data than traditional statistical methods [2]-[4].
Cardiovascular diseases (CVD) include all heart diseases. However, not all heart disorders are cardiovascular
ailments. Heart or blood vessel diseases are referred to as CVD.

These methods can estimate outcome probability for individuals aged 30 to 74 throughout 4 to 12
years. Compare the equations with a new CHD prediction equation to see whether a single profile accurately
predicts associated endpoints. Individual shapes for diastolic (DBP) and systolic blood pressure (SBP) are
presented for all outcomes. An approach to calculating confidence intervals for expected probabilities, hazard
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ratios, and excess risk estimations is described. Blood is pumped around the body through the circulatory
system, also called the cardiovascular system. The circulatory system's primary components are the heart,
veins, arteries, and blood capillaries. Heart disorders result from their inability to carry out their duties
adequately. Instantaneous death may result from cardiovascular system failure [3]. Heart disease is the
leading killer on a global scale. The increased incidence of heart disease makes accurate early disease
prediction urgent and unsettling. By combining data mining and neural network approaches, people's heart
iliness severity was precisely diagnosed [5]. The severity of the disease is categorized using decision trees
(DT), genetic algorithms (GA), naive bayes (NB), and K-nearest neighbor (k-NN) algorithms. The diseases
must be handled with attention due to the complexity of their problem characteristics. Failure to do so may
result in premature mortality or a reduction in the efficacy of organs. Integrating data mining and neural
network methodologies accurately identified the degree of cardiac ailments in individuals [6].

The categorization component of data mining techniques is crucial for data study and cardiac
disease prediction. The random forest (RF) algorithm is an ensemble ML algorithm. It performs well across
various classification and regression predictive modeling tasks and is possibly the most well-known and
commonly used ML method. The random forest approach also provides a brute-force parameter adjustment
method that facilitates more accessible feature selection. The linear support vector machine (SVM) technique
is used for linearly separable data, which means that a dataset is considered linearly separable if it can be
separated into two groups with only a single straight line [7]-[9]. After that, the linear SVM classifier is
applied to the data to classify it. Linear regression (LR) is a popular ML technique in supervised learning.
This approach predicts a dependent variable that falls into categories based on independent factors. LR helps
to analyze data and understand the relationship between a dependent binary variable and one or more
independent variables [10]. It is a method to determine the connection between a reliant binary variable and
one or more autonomous variables.

The result must thus be a value that can be classified as either discrete or categorical, such as yes or
no, zero or one, true or false, and so on. Instead of presenting exact values like 0 and 1, it gives probabilistic
values ranging from 0 to 1. Ensemble learning is a method that incorporates the model methods of five
different classifiers to predict and diagnose the recurrence of cardiovascular illness [11]. These classifiers are
the SVM, the artificial neural network (ANN), the NB, the regression analysis, and the RF. The symptoms of
cardiovascular disease are shown in Figure 1. It is crucial to remain vigilant for symptoms of heart disease
and communicate with your doctor if you have any concerns. Regular medical check-ups can sometimes
detect cardiovascular disease at an early stage [12]-[15].

Some cardiac conditions are congenital, meaning they can occur at birth. Throughout your lifespan,
various types develop. As shown in Figure 2, coronary artery disease develops gradually over a person's
lifetime due to the slow accumulation of a gummy material known as plaque in the arteries that carry blood
to the heart muscle. Plagque has been linked to various cardiac conditions due to its ability to limit or block
blood flow to the heart muscle [16]. Some of the heart diseases are shown in Figure 3. Heart disease may lead
to heart attacks, strokes, and death. Early detection of heart disease signs ensures proper therapy. This paper
proposes a hybrid data mining-based solution to detect heart illness. Numerous academics worldwide began
analyzing large databases to predict heart-related disorders [17]. Various ML approaches may analyze large
datasets and make helpful findings. Different methods in ML models are crucial for effectively indicating the
presence or absence of cardiac disorders.

Common Symptoms of
Heart Disease

o0 55

Chest pain, pressure,
heaviness or discomfort. Shortness of breath.

Dizziness/ sz
lightheadedness. Exhaustion.

T3 Cleveland Clinic

Figure 1. Symptoms of CAD
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Figure 2. Coronary artery diseases  Figure 3. Various types of heart diseases

2. RELATED WORK

Li et al. [18] created a classification system using SVM, K-NN, artificial neural networks (ANN),
LR, DT, and NB. Cleveland heart disease dataset tests the system. They presented a quick conditional mutual
information feature selection technique. SVM with fast conditional mutual information (FCMIM) has
92.37% accuracy. Mohan et al. [19] concentrated on enhancing the functionality and accuracy of heart
disease prediction. Several different approaches, including KNN, DT, genetic algorithm (GA), and NB, are
used to categorize the severity of the condition. The University of California Irvine (UCI) dataset was
utilized to test a method that predicted heart disease with an accuracy of 87.4%. Yadav et al. [20], multiple
algorithms, including NB, KNN, and LR, were examined to predict heart illness and analyze the best
treatment. The accuracy of the different models was as: NB was 82.91% accurate, Fuzzy KNN was 94.19%
accurate, and BP-Neural Network was 98% accurate. The Statistical Update is essential for anyone seeking
the best data on these variables and situations [21], including the public, lawmakers, journalists, doctors,
healthcare facility administrators, researchers, and health advocates.

Dwivedi [22] analyzed the predictive capabilities of six different ML techniques in forecasting heart
disease. The StatLog heart disease dataset, acquired from the ML laboratory at the UCI, was used in this
study. The results showed that the logistic regression model had the highest level of classification accuracy at
an impressive 85%. In 2020, Yahaya et al. [23] published a detailed research paper on using machine
learning (ML) to predict heart disease. The findings will be helpful to medical professionals in identifying
potential cardiac risks. They proposed a practical approach for determining the existence of heart illness by
using the back propagation (BP) feature extractor of ANN to the various online heart disease database
categorizations. Allow for more accurate results. The discovery in the study discloses the usage of the
WEKA tool; the prediction of heart disease resulted in a rapid turnaround and obtained an accuracy of
97.5%. TR et al. [24] developed four methods for comparative assessment and positive performance. This
research found that statistical techniques performed worse than ML. The UCI online heart disease data set
was used to assess ML's classification algorithms' precision, F1 score, accuracy, and recall. The KNN
classification method fared better than any of the other fourteen parameters that were provided.

Nashif et al. [25] used two prominent open-access databases to confirm this. The system was tested
for heart disease detection in several datasets using 10-fold cross-validation. The SVM approach has 97.53%
accuracy, 97.50% sensitivity, and 94.94% specificity. The patient's doctor or caretaker monitors them 24/7
while treating heart disease. The new technology sends data to a centralized server that updates every 10
seconds. The notion of inflame-aging acknowledges that older low-grade inflammatory pathways increase
CV risk. Understanding the paths that connect inflammation and aging may uncover novel treatment targets
and help address the global aging population [26].

Deep learning neural networks (DNNs) were successfully implemented by Sharma and Parmar [27]
utilizing Talos optimization. In DNN, one of the optimization strategies available is called Talos
optimization. Talos offers a higher level of accuracy (90.76%) compared to other optimizations. It is used for
heart disease datasets to discover a good forecast. They developed a Keras model using the Talos
optimization and then deployed it. According to Krishnaiah et al. [28], many methods from the field of data
mining have been used to forecast the patients who would develop cardiac disease. However, the ambiguity
that existed in the data was not eliminated. An effort was made to stop the uncertainty caused by unstructured
data by injecting fuzziness into the measured data. It was accomplished by creating and combining a
membership function with the estimated value. In addition, an effort was made to categorize the patients by
basing the classification on the characteristics obtained from the medical profession. While testing and
organizing the system, it was discovered that those in the age range of 50 to 60 years had the same symptoms
of heart disease as those in the age range of 40 to 45 years. It was discovered when comparing the two age
ranges.
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Sharma et al. [29] utilized the Cleveland dataset, which contains information regarding cardiac
problems and has 1,025 instances. They divided the data into training and testing datasets based on a
percentage-based division. The Cleveland dataset mainly comprises studies on coronary heart diseases. They
examined the accuracy using 14 different characteristics and used four distinct methods. After the
implementation stage, the level of accuracy achieved by random forest is a maximum of 99%, while the level
achieved by decision tree is a minimum of 85%. Although it's unclear how childhood CVD risk factors relate
to clinical occurrences, they predict subclinical adult VD. The number of risk factors at target can improve
cardiovascular-free survival in patients with type 2 diabetes who have a high risk of developing CVD [30].
CVD risk factor assessment's predictive value in cardiotoxic cancer patients is unclear. Prospective
multicenter study of moderate/high cardiotoxic anticancer treatment patients [31].

Using the RF classifier and the basic k-means algorithm as ML approaches, Dhar et al. [32] created
a hybrid method for predicting cardiac conditions. It would seem that a random forest classifier that is
applied to specified variables and has a classification accuracy of 100% is the most successful model for
predicting individuals who will develop heart disease. Archana Singh and Rakesh Kumar gave research on
the accuracy of ML methods for predicting CVD [33]. Following the implementation of the ML strategy for
testing and training the accuracy of the KNN, it was shown to be much more effective than other algorithms.
The accuracy of the findings was determined to be SVM 83%, DT 79%, LR 78%, and KNN 87%. Bhatt et al.
[34] created a technique to forecast cardiovascular illnesses accurately to decrease fatalities. This work
presents Huang-started k-mode clustering to increase classification accuracy. Nikam et al. [35] suggested a
model that would use methods from ML to predict cardiovascular illness based on characteristics. One of the
aspects that stands out most is the body mass index (BMI). The decision classifier technique was shown to be
quite effective in predicting sick individuals by utilizing characteristics such as age, BMI, cholesterol, and
many more. The accuracy of the forecast was significantly enhanced with the addition of feature BMI. Not
just conventional MS risk factors cause CVD [36]. Multiple factors induce and cause atherosclerosis. But its
medium- and long-term effects always induce morbidity and death. Most environmental risk factors cause
stress hormone signaling, oxidative stress, and inflammation [37].

3. METHOD

In this model, the prediction of heart diseases will be done using ML techniques. The model will use
a genetic algorithm with neural networks to reduce dimensionality. The model will also predict the sub-
classifications like mild, moderate, and severe. The dataset contains general information along with medical
reports in attribute form.

3.1. Problem definition

Heart disease is characterized by a high degree of complexity, making it essential to manage it
cautiously. If this is not done, it might cause damage to the heart or perhaps lead to an early death. It may be
challenging to identify heart disease since there are so many risk factors that might contribute to the
condition, such as diabetes, high blood pressure, high cholesterol, an irregular pulse rate, and a significant
number of other risk factors. The mortality rate may decrease significantly if the illness is identified when it
is still in its early stages and preventive measures are implemented as soon as possible.

3.2. Goals

The primary goal is to create an ML-based model that combines particle swarm optimisation (PSO)
and K-nearest neighbors (K-NN) algorithms to forecast a person's chance of developing heart disease. A
neural network that has undergone cross-validation is used to predict cardiac disease. It also assesses how
well the model performs on the selected dataset and compares the outcomes with other machine-learning
techniques used for the same problem.

3.3. Objectives

Using dataset and ML models may be used to predict CVD, including determining whether people
are more likely to acquire heart-related illnesses. By using a dataset, several algorithms will have varying
degrees of precision in their results. Objectives of the project are: i) To develop a PSO-integrated KNN to
perform feature selection; ii) To design a customized cross-validated neural network that can predict heart
stroke; iii) To demonstrate the state of the art, compare ML measures with the current methods.

3.4. System architecture
The dataset was taken into consideration as an input. Labeled examples for use in training and
assessing models should be included in this dataset. Images may need to be resized, pixel values may need to
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be normalized, and the dataset may need to be divided into training and validation sets. Create a plan for how
your CNN model will work. The hyperparameters that must be determined are the convolutional layers'
depth, the filters' width, the number of fully connected neurons, the activation function, and the dropout rate.
The entire flow of the proposed work is shown in Figure 4.
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Figure 4. Workflow of the proposed work

To create a CNN model, you must first compile it by deciding on a loss function, optimization
technique, and metrics to utilize during training. Set your cross-validation's fold size (K). Five or ten is a
popular option. K-Fold By dividing the dataset into K equal parts (folds), cross-validation allows you to
evaluate your model's ability to generalize. Separate the dataset into training and validation sets for each fold.
PSO automatically tunes KNN hyper parameters, finding the best k and distance metric values. The
hyperparameters k and the distance metric substantially affect KNN performance. Therefore, PSO may
improve them. PSO efficiently finds optimum hyper parameters compared to brute-force grid search or
random search.

3.5. Datasets

The data was obtained from the UCI ML repository. Dr Z-Alizadeh Sani collects it for CAD diagnosis.
The dataset contains 54 attributes and 304 records. Patients might be CAD or normal. Patients with diameter
narrowing of less than 50% have normal diameter narrowing; those with more than 50% have CAD.
Demographics, symptoms and evaluation, electrocardiogram (ECG), and laboratory and echo results are the
features. Patient demographics, risk factors, and medical history are gathered to study the condition. It includes
304 records and 56 traits. Each patient might be CAD or normal. The attributes of the dataset are shown in

Table 1.
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Table 1. Various features with various types

Feature Feature name Range Feature Feature name Range
type type
Demographic  Age 30-36 Clinical Blood pressure (BP): mmHg 90-190
Weight 48-120 Pluse rate (PR) (ppm) 50-110
Length 140-188 Edema Yes, No
Sex Male, Female Weak peripheral pulse Yes, No
Body mass index (BMI) 18.1-40.9 Lung rales Yes, No
Diabetes Mellitus (DM) Yes, No Systolic murmur Yes, No
Hyper tension (HTN) Yes, No Diasstolic murmur Yes, No
Current smoker Yes, No Typical chest pain Yes, No
Current smoker Yes, No Dsypnea Yes, No
Family history (FH) Yes, No Function class 1234
Obesity Yes, No Atypical Yes, No
Cronic renal failure (CRF) Yes, No Nonanginal Yes, No
Cerebrovasculare accident Yes, No Exertional chest pain (CP) Yes, No
Thyroid disease congestive Yes, No LowTH Ang (low Thershold Yes, No
heart failure (CHF) angina
Dyslipidemia Yes, No Rhythm Yes, No

3.6. Attribute selection

During the feature selection process, you will choose the most relevant properties to the prediction model.
It is implemented into the system to make it work more effectively. The forecast is based on the patient's gender,
the kind of chest pain they are experiencing, their blood pressure while they are fasting, their serum cholesterol,
and other patient factors. From algorithm 1, we can easily select the exact attribute to retrieve the precise target
class. In developing predictive models, attribute selection is vital, mainly when working with high-dimensional
datasets. It includes picking out the most important characteristics (attributes) from the whole collection of features
to boost model performance, simplify computation, and improve interpretability. Combining neural networks with
the PSO algorithm is one strategy that may be used when selecting attributes [38].

PSO is a natural-inspired optimization technique that mimics the coordinated actions of a group of
particles. The optimization issue has several possible solutions, each represented by a particle. Using their
collective knowledge and that of their neighbors, PSQO's population of particles navigates a solution space in
pursuit of the optimal combination of qualities. Particles, locations, velocities, and fitness functions constitute
the foundation of PSO. Particles optimize their locations and velocities using information about their
previous best states and the best states of their neighbors. They are composed of layered networks of artificial
neurons. Because of their adaptability and learning ability, neural networks are increasingly used for
classification and regression tasks. Using all available information may occasionally lead to overfitting or
higher computational costs, which can significantly impact the performance of neural networks. A population
of particles (possible solutions) searches a search space for the best solution in PSO. Each particle in KNN is
a possible k-distance metric configuration. The position is a KNN hyper parameter solution, while velocity
reflects the particle's search space movement [39].

Start with a pool of particles, each of which stands in for a different set of attributes. To measure
how effectively a neural network, trained on the chosen characteristics, performs on a particular job, you
must first define a fitness function (such as classification accuracy or mean squared error). After each cycle,
particles realign themselves and slow down or speed up depending on where and how fast their neighbors are
going. Particle locations stand in for the input variables in a neural network. Use the properties that each
particle's location represents to train and assess a neural network on the dataset. Adjust the fitness values of
each particle according to the neural network results. Iterate the PSO until a convergence threshold is reached
or until a certain number of generations have passed. Once PSO has converged, the optimal attribute subset
may be chosen based on the particles' best past placements. Create the final model by training a neural
network on only the selected set of attributes. By quickly searching the space of potential attribute
combinations, PSO can help neural networks pick a subset of attributes to maximize the model's
performance. This method enhances the model's interpretability by zeroing down on the most important
features while decreasing the likelihood of overfitting.

Algorithm 1: Particle swarm optimization (PSO) Algorithm+ Neural Networks

Input Parameters: V;; = Velocity; X;y = position; w = interia Weight;

Ct,C? = random acceleration constants; P', = personal best t*"position for the i*" particle;
Pt, = local best position

BEGIN

Step 1:  Set the position and speed of each particle to a random value

Step2:  While not completing all iterations or coming up with a satisfactory solution
do
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a. Determine the function value for each solution;
b. The present position and the best locations in history are compared for function value. Update as the current position
for each particle if the current location has a higher function value than;
c. Choose a particle from the immediate vicinity of the present particle with the best fitness value; this particle is
referred to as the neighborhood best ();
d. for every particle, do
revise the particle's speed following the equation;
Step 3: V5 = w Vit + Ctrand()(Py — X' 1) + C?rand(O((Pq — Xt 10)
i. Reposition the particle following the equation;
. Xy = X5 + VG
END

3.7. Models used
3.7.1. Artificial neural network (ANN)

It is a popular ML technique for predicting CVDs. The first step in utilizing ANNs to predict
cardiovascular illness is to gather a dataset with appropriate patient data. Pretreatment is essential to
guarantee the data is clean and acceptable for ANN training. Data cleaning, normalization, scaling, and
encoding of categories are all part of this process. Layers of artificial neurons form an ANN for making CVD
predictions [40], [41]. The architecture for ANN is shown in Figure 5.

Neurons in the input layer represent data set qualities used to train the model. Each neuron stands
for a distinct characteristic. Neurons that process and alter the incoming data are located in one or more
hidden levels. A model's number of hidden layers and neurons can significantly affect its performance. In the
output layer, one neuron is used to predict the presence or absence of a specific CVD, but multiple neurons
are needed to indicate various CVDs. A labeled dataset is fed into an ANN to train it. It is then adjusted to
minimize a loss function by changing the synaptic weights and biases. The importance and preferences are
typically updated repeatedly using back propagation and the gradient of the loss function.

The ANN is trained to identify intricate data patterns and correlations that predict the danger of
developing cardiovascular disease [42]. To check on the model's progress during training and avoid
overfitting, a portion of the dataset is often put aside for validation. Adjusting hyper parameters, such as the
learning rate, number of hidden layers, neurons per layer, and regularization procedures, can improve model
accuracy and generalization.

Qutput

Feature Set
Training Set

A1l

: AN
Feature Extraction .

Figure 5. ANN architecture

Learning complicated patterns from patient data, ANNs are a flexible tool for predicting
cardiovascular illnesses. They may help doctors spot patients in danger and intervene with them before it's
too late [43]. However, before implementing the model in a clinical scenario, it is crucial to guarantee data
quality, tweak hyper parameters, and thoroughly evaluate the model.

3.7.2. Proposed model (customized artificial neural network)

The proposed model initially pre-processes the data in two ways; first, it converts the categorical
data into numerical data using label encoding and normalizes all the values. Then, these values are converted
to binary for fast computations using the genetic approaches. The task of the genetic process is to select the
features that can maximize accuracy. The proposed model uses the firefly algorithm because it can attract
more files based on the brightness. Suppose the space is better than the assumed threshold value. The records
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whose values are satisfied are passed as input to the KNN; based on the distance between them, it computes
the accuracy and prints the attributes. The selected features and randomly cross-validated records are passed
as input to the neural network. The proposed model has added dropout layers between the hidden and
information since it is a high dimensional data to reduce the computational power. In customized artificial
neural networks, the model designs the layers so that for every layer, it adds a dropout layer to filter the
unnecessary values and pass only the essential information to the successive layers. The filtration of values
helps the networks perform less computation and speeds up the process. The model uses the following
estimators in the layers.

—RelLu:

ReLu is a synchronous linear function that outputs one from an input of positivity and zero from a
negative value. It has developed into the typical activation function for various neural networks due to a
model that uses it. It is the simplest way to train and often yields better results. A neural network's activation
function transforms a node's weighted input sum into network activation or a consequence specific to that
input. The ReLU model takes much less time because it converges soon during training. This activation
function substitutes negative numbers with 0 and leaves positive ones alone. The slopes of small and big
values are no longer "killed," and this is computationally much faster.

z=max(0, z)

—Adam optimizer

Adaptive moment estimation optimizes gradient descent. The method works effectively for complex
challenges with numerous variables or data. It works great and uses little memory. Intuitively, it combines
the momentum algorithm with the Root Mean Squared Propagation (RMSprop) approach and gradient
descent. The Adam optimizer draws on the two approaches' good qualities and strengths to produce a more
optimal gradient descent. It measures the learning rate, including squared gradients, as RMSprop, and, like
stochastic gradient descent (SGD) with momentum, it employs momentum with the help of the gradient's
arithmetic mean like SGD.Adam is the name of the optimizer, which adjusts the proportional gain for each
neural network weight by estimating the first and foremost moments of the gradient. This approach is simple,
straightforward, and uses less memory.

4. RESULT

SVM, Decision Tree, Ada-boost, ANN, and customized artificial neural network (CANN) are used to
predict cardiac illness. There are 56 variables in the dataset. However, only 14 are used for predicting
cardiovascular disease. This project considers a wide range of patient characteristics, including gender, chest
pain kind, fasting blood pressure, serum cholesterol, etc. Predicting cardiac disease requires evaluating the
accuracy of many algorithms and then using the one with the highest accuracy. Accuracy, confusion matrix,
precision, recall, and fl-score are the only assessment metrics used to analyze the experiment results. The
correlation matrix is shown in Table 2.

During the process of cross-validation for a customized artificial neural network (ANN) using K-
fold cross-validation (where K is usually set to 10), you will carry out a series of training and assessment
iterations, which are more often known as "folds.” The dataset will be partitioned at each fold into various
subsets, which will then be used for training and validation. An explanation of what occurs in each of the 10
folds is shown in Figure 6 and Figure 7. The dataset will be partitioned at each fold into various subsets,
which will then be used for training and validation. The average score of all folds is shown in Figure 8. The
accuracy and loss of the proposed model are shown in Figure 9. The ROC curve is shown in Figure 10, and
the AUC-ROC curve in Figure 11.

Table 2. Correlation matrix

Age Weight Length Sex BMI DM HTN Current Ex-smoker  FH
smoker
Age 1.000000  -0.264585  -0.163753  -0.045769  -0.161414  0.072543 0.246690  -0.143879  0.076608 -0.183900

Weight ~ -0.264585  1.000000  0.460631 0.234529 0.725005  -0.003531  -0.028532  0.157385 0.068977 0.021963
Length  -0.163753  0.460631 1.000000  0.700279  -0.269356  -0.052316  -0.153668  0.335248 0.079034 0.004488

Sex -0.045769  0.234529 0.700279 1.000000  -0.284088  -0.194348  -0.149278  0.336330 0.156932 -0.071098
BMI -0.161414  0.725005  -0.269356  -0.284088  1.000000 0.045360 0.091652  -0.089398 0.005016 0.014045
DM 0.072543  -0.003531  -0.052318 -0.194348  0.045360 1.000000 0.217864  -0.208458  -0.120087  -0.064434

HTN 0.246690  -0.028532  -0.153668  0.149278 0.091652 0.217864 1.000000  -0.169000 0.041045 -0.098467
Current  -0.143879  0.157385 0.335248 0.336330  -0.089398  -0.208458  -0.169000  1.000000 -0.094652 0.089532
smoker
EX- 0.076608 0.068977 0.079034 0.156932 0.005016  -0.120087  0.041045  -0.094652 1.000000 -0.080152
smoker
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Training for fold 1 ... Training for fold 10 ...
Epoch 1/18 Epoch 1/10
8/8 [ ==] - 1s 12ms/step - loss: @.6127 - accuracy: 9.6653 8/8 [==== 13ms/step - loss: ©.5757 - accuracy: 9.6818
Epoch 2/18 Epoch 2/18
8/8 [ ==] - @s 12ms/step - loss: ©.5075 - accuracy: @.7603 16ms/step - loss: 8.4928 - accuracy: 8.7769
Epoch 3/10 Epoch 3/10
8/8 [ ====] - @s 1ims/step - loss: ©.4516 - accuracy: @.7727 8/8 [=— 1ims/step - loss: 8.4538 - accuracy: B.7893
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Epoch 5/19
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Figure 6. Fold 1 output for customized ANN

Score per fold

Score for fold 10: loss of 8.2417239899748982; accuracy of 93.33333373069763%

Figure 7. Fold 10 output for customized ANN

Average scores for all folds:

> Accuracy: 89.76343989372253 (+- 4.327@177141887975)

> Loss: ©.2887722536921501

Figure 8. Average score of all folds
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Figure 9. Accuracy & loss of proposed model

The performance analysis of various algorithms is shown in Table 3. We used algorithms like
AdaBoost, DT, SVM, ANN, and CANN and compared these algorithms with multiple evaluation metrics.
Among them, CANN got the highest accuracy of 94% compared with the remaining algorithms. The 91% in
recall, 92% in precision, and 91% for F1 score were obtained for the proposed work. These metrics also got
the highest values compared with various models.
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Table 3. Values obtained for various metrics with various models

Models Accuracy  Recall  Precision F1-Score
Adaboost 78% 78% 87% 72%
Decision Tree 73% 73% 69% 69%
SVM 2% 73% 89% 83%
ANN 81% 82% 82% 81%
CANN (Proposed Work) 94% 91% 92% 91%

Considering Table 3, a graph was obtained to the accuracy shown in Figure 12. In Figure 12, it was
proven that CANN got the highest value, and another graph was obtained for various metrics with various
models shown in Figure 13. Figure 13 shows that the proposed work had the highest values compared with
other models.

Accuracy Performance Metrics

100% 4% 100%
W% d P % 1% _ 0%

60%

ORecall

Range
Range

40% 5
OAccuracy BPrecision

20% OF1-Score

ADA DT SVM ANN CANN

ADA DT SVM ANN CANN
MODELS Models
Figure 12. Graph for accuracy with various Figure 13. Graph for various performance
models metrics with various models

5. DISCUSSION

Many researchers have worked on prediction, detection, and classification using ML models with
various datasets. In this work, we selected a diabetic patient dataset from the UCI repository. We initialized
the parameters for that dataset, converted them into binary conversion, and computed the distance using
Euclidean distance. The threshold value and the parameter's position will be updated if satisfied. We
generated the objective function results and developed the rank using KNN with particles of PSO. From that,
the feature for cross-validations with n-batches was selected and forwarded to the customized ANN. The
entire process of the attribute selection was explained in Algorithm 1. After the feature selection, the models
were applied and compared with the existing models. Hence it was proved that our proposed work had the
best accuracy of 94% compared with 92% [7], 91% [10], 92.37% [11], 87.4% [12], 85% [14], 91.5% [15],
90.76% [18], 89.54% [19], 87% [22] and 91% [23]. The proposed work was done with a rare dataset, and the
features were selected using PSP with KNN to predict the exact target value so that the patients would not
suffer with these correct results.
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6. CONCLUSION

Based on PSO and KNN, this model predicts heart disease. Our method uses KNN as a classifier to
lower the misclassification rate. It uses a PSO-based feature selection measure to choose a few characteristics
and enhance the classification performance. The findings imply that the suggested strategy can considerably
raise learning accuracy. According to simulation studies, PSO-based feature selection is crucial for categorizing
heart disease. Doctors can more accurately predict conditions with common traits thanks to this algorithm. Plans
call for the integration of ensemble classifiers with PSO to create a decision support system for the early
detection of heart illness. They also include a comparison of GA and PSO for diagnosing heart disease.
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