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 Abstract- Medical data analysis is increasingly used to 
plan, improve research techniques, and explain diagnoses. The 
allocation of medical resources is based on the prevalence of 
specific pathologies. Artificial intelligence (AI) offers robust 
software solutions to analyze existing data and provide optimal 
predictions of medical outcomes. The dataset for heart disease 
prediction consists missing values in important features like 
cholesterol, ECG results and lifestyle factors. This research 
focuses to solve the issues in the traditional machine learning 
algorithm and designing a system model incorporating multiple 
data processing algorithms to classify heart disease. The 
classification process allows for the generation of a predictive 
model from training and testing datasets. These datasets are 
processed using an algorithm for classification to create a new 
model that can analyze detailed data, potentially with these 
same classes, by combining computational techniques with 
mathematical tools. This study uses optimization strategies to 
improve this model's performance and maximize prediction 
outcomes. This study aims to provide a framework to forecast 
cardiac problems based on significant risk using various 
classifier techniques, including the Bayesian Optimized SVM, to 
variables. The UCI repository is the source of the dataset 
utilized in this investigation. Linear Discriminant Analysis is 
used for feature extraction to decrease dimensionality and 
enhance the model's capacity to identify relevant patterns in the 
data. To generate the results as a precision, Recall, f1 score and 
accuracy.  

 Keywords- AI, feature extraction for LDA, Bayesian 
Optimized Support Vector Machine, UCI repository, precision, 
Recall and accuracy.  

I. INTRODUCTION 

The heart is an essential organ in the human body that 
pumps blood. That has been supplemented with oxygen to 
other organs through a network of veins and arteries. Heart 
illness can trigger a heart attack because the body's organs 
cannot get enough oxygen-rich blood from the heart. Heart 

disease might result from several factors, and symptoms 
might differ depending on the individual [1]. Utilizing clinical 
data, assistance with a decision-making system for the quick 
and inexpensive diagnosis of cardiac disease might be created 
utilizing machine learning techniques. Physicians can detect 
the sickness early using this decision-making system [2]—a 
decision-support tool for diagnosing cardiac disease based on 
machine learning. First, training is done using separate 
classifiers. A variety of machine learning methods are 
employed to diagnose cardiac disease. Deep learning 
frameworks may further increase diagnostic accuracy [3]. 
Machine learning: It is possible to train models. Using large 
amounts of unprocessed electronic health data collected by 
inexpensive wearable technology enables more accurate and 
efficient detection of heart disease with fewer resources. Due 
to the long training time, these features cause system lag and 
make ML models more complex. Only characteristics 
relevant to the aim should be chosen or discovered in the 
datasets and fed into machine learning ways to get around the 
dimensionality curse. 

The chance of relevant feature selection can be improved 
by improving prediction accuracy and decreasing model 
complexity - two critical factors for medical diagnosis [4]. 
Support vector machines (SVMs) classify data using a linear 
kernel function. It is frequently used when there are a lot of 
characteristics in the dataset. On the other hand, sparse 
training data causes it to take a lengthy time. The proposed 
system employed Libsvm with a radial basis function as the 
training parameter. Two distinct Cleveland and Hungarian 
datasets on heart disease were used to evaluate the suggested 
model. The University of California, Irvine Online, sources 
these datasets: Machine Learning, Data Science Library [5]. 

• The main objective is to design and implement a 
system model that classifies cardiac disease using a 
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variety of data processing methods and utilizes 
training and testing datasets to produce an accurate 
predictive model. 

• Optimization approaches increase the model's 
efficacy, boost its accuracy and dependability, and 
ensure that forecasts match actual results. 

• The study uses linear discriminant analysis (LDA) to 
extract features and reduce dimensionality. LDA 
aids in finding pertinent patterns and enhancing the 
model's effectiveness while working with 
complicated data. 

•  This ROC curve guarantees a thorough examination 
of the model's capacity to forecast the course of 
various cardiac conditions, allowing for a 
comprehensive evaluation of its effectiveness using 
necessary measures like precision, accuracy, and 
memory. 

The following significant parts comprise the remainder of 
the paper: An outline of recent studies on ML methods to 
forecast heart illness is given in Section II. The numerous 
strategies and techniques used by various researchers to 
increase the accuracy and effectiveness of this section discuss 
prediction models for heart disease. The three main steps of 
the suggested method's workflow are selection, classification, 
and data pre-processing, described in Section III. This section 
describes the importance of each step in enhancing the 
effectiveness of the ML models used to forecast heart disease. 
The main conclusions of the tests carried out to predict heart 
disease are highlighted in Section IV. The suggested model's 
performance analysis is examined, and its efficacy against 
current models is evaluated using criteria like Recall, 
accuracy, and precision. The paper's conclusion, Section V, 
summarises the research's primary findings. Following 
pertinent references, it also explores possible avenues for 
further research into improving ML techniques for predicting 
heart disease. 

II. RELATED WORK  
Nadikatla Chandrasekhar et al. (2023) This study uses 

ML approaches to increase the precision of heart disease 
prediction AdaBoost classifier, naive Bayes, gradient boost, 
random forests, logistic regression, and K-nearest neighbour. 
Five-fold cross-validation and Grid search CV increase the 
model's accuracy. While logistic regression beat the other 
methods on the Cleveland dataset with a 90.16% accuracy 
rate, AdaBoost did well on this Dataport dataset from IEEE 
with an accuracy of 90%. This study also analyzed the loss of 
accuracy for every fold to assess how well the model performs 
on two reference datasets. Compared to previous Predictions 
of heart disease research, the ensemble classifier with soft 
voting technique significantly outperformed previous findings 
and improved accuracy on both datasets.in this study, the 
important features extracted from the dataset is not discussed. 

Mohammad Abood Kadhimetal., (2023) The study offers 
a suggested method for identifying the most effective machine 

learning strategy for early, most accurate myocardial 
infarction prediction. The model is assessed and trained to 
ensure that it provides practical recommendations. Using 
machine learning techniques based on patient data. Patient 
data is collected, processed, trained, and tested using ML 
technologies, including RF, KNN, SVM, and decision trees. 
Finally, these classification results are optimized using 
random search, one of the hyperparameter optimization 
techniques, which produces a very high accuracy of 95.4%. 

Priya R. L et al. (2021)The proposed strategy blends 
contemporary gradient boosting techniques with conventional 
machine learning techniques to select optimal features for 
diagnosis. The proposed approach uses a genetic algorithm to 
increase performance through feature selection, resulting in a 
20% parameter reduction while maintaining model accuracy. 
Hyperparameter tweaking techniques are also used to enhance 
the efficacy of the prediction model further. 

S.P. Patro et al., (2021) The goal of this research project 
is to develop a framework for heart disease prediction using a 
range of significant risk variables and classifier algorithms, 
including K-Nearest, NB, Salp Swarm Optimized Neural 
Network, and Bayesian Optimized Support Vector Machine. 
Using this UCI Machine Repository dataset on heart illness, 
the effort aims to diagnose heart disease accurately. BO-SVM 
produced the best results with 80% sensitivity, 93.3% 
accuracy, and 100% precision. SSA-NN came in second with 
86.7% accuracy, 100% precision, and 60% sensitivity. 
According to the findings, this suggested unique, optimized 
algorithm may provide An efficient clinical observation 
system for early detection of cardiac conditions. the age 
feature in the UCI Repository dataset is not always uniform 
across all age groups 

A. Abdellatif et al. (2022) This study offers An efficient 
technique by using this Artificial Minority Overestimation 
Method for resolving the imbalance distribution problem, six 
distinct machine learning classifiers for determining the 
condition of patients, and hyperparameter optimization to 
determine SMOTE and the optimal hyperparameter for the 
ML classifier. Two publicly available datasets were employed 
to create and test the model with all its features. in the dataset 
, the features like Serum Cholesterol, LDL, HDL, 
Triglycerides Strong indicator of cardiovascular risk. These 
results showed that SMOTE and Additional Trees boosted 
with hyperband performed better than other models and state-
of-the-art research, respectively, with accuracy rates of 99.2% 
and 98.52% in diagnosing CVD. 

Daniyal Asif et al. (2023) To predict heart disease, this 
paper proposes an ML model that uses multiple pre-
processing steps, ensemble learning approaches, and 
hyperparameter optimization strategies. To build a thorough 
dataset for examination to assess our model's performance, the 
author combined three Kaggle datasets with comparable 
featuresNormalizing the data using an extra tree classifier, 
splitting Our suggested approach yielded an outstanding 
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accuracy of 98.15% by employing The dataset is divided in an 
80:20 ratio for training and testing, Grid search cross-
validation is used for hyperparameter tuning. Noise data in 
the dataset may be affected by medications, temporary health 
conditions, or patient stress. 

Ibrahim M. El-Hasnony et al. (2022) continually chose 
the five selection methods for Random, Adaptive, QUIRE, 
and AUDI multi-label active learning, as well as the most 
pertinent information to query their labels, were used in this 
work to lower labelling costs. To enable predictive modelling 
in any situation, the label ranking classifier selection 
techniques for the heart sickness dataset have their 
hyperparameters modified by a grid search. F-score and 
accuracy, whether or not hyperparameter change, are part of 
the experimental evaluation. The results demonstrate that the 
optimized label ranking model employs this selection 
approach more effectively than other models when this 
learning model is extended beyond the currently available 
data. On the other hand, the F-score with ideal parameters was 
used to illustrate the selection strategy. 

Prerna Sharma et al. (2020) The Modified Artificial Plant 
Optimization (MAPO) method was created for this goal with 
the assistance of other machine learning techniques. The 
fingertip video dataset may be utilized as an ideal feature 
selector to forecast heart rate, predicting whether or not an 
individual now has coronary heart disease. Following pre-
processing and noise-filtering, the heart rate is estimated using 
MAPO on the video data; the resultant standard error estimate 
and Pearson correlation are 2.418 and 0.9541, respectively. 
Expected Two further datasets include heart rate as a feature, 
and MAPO is once again applied to enhance the 
characteristics of these datasets. 

Ghulab Nabi Ahamad et al. (2023) In this work, two 
datasets related to heart disease were studied using six ML 
algorithms: Extreme gradient boosting, LR, KNN, SVM, DT, 
and RF classifiers. One dataset came from UCI Kaggle 
Cleveland, while the other came from the whole UCI Kaggle 
dataset for Long Beach V, Cleveland, Hungary, and 
Switzerland. The performance outcomes of these ML 
techniques were acquired. The SVM with improved 
hyperparameters obtained the maximum experimental 
accuracy of 87.91% for dataset I. In comparison, the extreme 
gradient boosting classifier with changed hyperparameters got 
the best experimental accuracy of 99.03% for the complete 
dataset II. 

Sri Hadianti et al. (2023) This study examines how ML 
methods can predict heart disease. Predictive models are 
created using various data elements, such as clinical measures, 
medical history, and lifestyle factors. The study aims to 
ascertain the most efficient ML method for accurately 
predicting heart disease. These findings demonstrate that ML 
can be useful for medical professionals to make well-informed 
choices and offer personalized treatment to patients at risk for 
heart disease. 

A. M. Qadri, et al., (2023). In this study, the author 
developed a machine learning-based approach to enhance the 
detection of heart failure using patient health parameter data. 
Our research improves early detection of heart failure to 
prevent death. The author analyzed nine ML-based methods 
to identify the most important features to improve 
performance and proposed a unique primary component 
feature engineering tool for heart failure. The author improved 
this proposed PCHF technique and developed a new feature 
set to obtain better accuracy estimates. 

Abdulwahab Ali Almazroi (2021)For this effort, a 
qualitative, clearly defined, carefully collected set of typical 
benchmark methods and a carefully selected dataset are 
selected to objectively evaluate their performance using 
various performance evaluation measures to add knowledge. 
Our experimental study shows that decision trees are more 
practical than logistic regression. SVM, ANN, regression. 
Decision trees outperformed the average accuracy 
performance of other methods by 14%. In contrast to previous 
research, this study found that ANNs are less competitive than 
decision trees and support vector machines. 

Haifeng Zhang et al. (2024) This technique can improve 
model performance by removing the most relevant 
components from the data. Then, optimization techniques 
combined the first three models to improve their accuracy and 
generalization in heart failure prediction. In the last step, 
performance indicators such as Matthews correlation 
coefficient, F1-score, precision, Recall, and accuracy were 
used to evaluate the selected models (XGBC, RFC and DTC). 
After a thorough study, the XGGA hybrid model performed 
very well, demonstrating its ability to predict heart failure 
accurately. XGGA demonstrated resilience throughout the 
training phase with significant metrics such as F1 score of 
0.972, precision, accuracy and Recall. 

Md. Mahbubur Rahman et al. (2022)The research 
resulted in A web-based and manual automated prediction 
approach that can provide a conceptual report with a clear 
warning about a patient's heart condition. Based on some 
health factors, the proposed prediction method predicts heart 
disease. 13 health criteria, including age, gender, blood 
pressure, ECG, and cardiac discomfort, are used in this 
method. KNN, XgBoost, LR, SVM, Ada Boost, Decision 
Tree, NB, and Random Forest are these eight algorithms 
independently used to predict heart disease reliably. Two 
techniques, Random Forest and Decision Tree, perform better 
than the others. 

Rayavarapu Veeranjaneyulu et al. (2023) By using three 
distinct strategies, this work aims to improve the feature 
diversity and system procedures to forecast cardiac disease. 
This study's primary objective is integrating machine learning 
perception with sophisticated motion based on the dragonfly. 
Metrics Recall, accuracy, precision rate, and F1-score are the 
metrics used to evaluate the proposed approach. The 
information entropy-based random forest technique based on 
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MLPEBMDA has 84 per cent prediction accuracy for heart 
disease. It can tell heart disease patients apart from healthy 
people. 

III. PROPOSED METHODOLOGY 
AI-powered methods can significantly improve machine-

learning techniques for predicting heart disease, especially 
when it comes to feature extraction and model tuning. One of 
the essential techniques for feature selection and 
dimensionality reduction in heart disease prediction is linear 
discriminant analysis or LDA. LDA extracts the most relevant 
features by optimizing the separation across classes, allowing 
the machine learning model to concentrate on these crucial 
data elements. This is especially useful when working with 
high-dimensional data, such as medical records, where not all 
features are equally important. The SVM is one of the best 
classifiers for forecasting cardiac illness, which can be further 
improved using Bayesian optimization. Bayesian-optimized 
SVMs improve model performance by optimizing the kernel 
functions and the selection of high-order criteria. The 
reliability of heart disease achieved through the following 
process like data quality enhancement, feature extraction from 
the dataset, feature selection, create a machine learning model 
with advanced optimized algorithm, illustrated in the figure 
1.The UCI repository, which contains several datasets related 
to heart disease, is an excellent resource for training and 
evaluating these models. Datasets from the UCI collection can 
be used to improve models for real-world applications. 
Precision, Recall, accuracy, and F1 score are essential metrics 
for analyzing these enhanced ML models' performance. 
Figure 1 illustrates the general structure of the proposed task. 

  

 

 

 
 

 

 

 

 

Fig. 1. Proposed Block diagram 

A. Dataset Collection 
Only 14 of the 76 traits in this database are utilized in all 

published research. In particular, machine learning 
researchers have only used the Cleveland database thus far. If 

the patient has heart disease, it is indicated in the "Goal" 
column. Its integer value ranges from 0 (no value) to 4. The 
Cleveland database tests concentrate on fundamental efforts 
to differentiate between absence (value 0) and presence 
(values 1, 2, 3, 4). Recently, fictitious data has been added to 
the database in place of the patients' names and Social 
Security numbers. The Cleveland database is one of the 
"processed" files. This directory contains all four of the source 
files. For Peter Turney's test expenses, see the "Costs" section. 
Age, sex, chest pain type, resting blood pressure, serum 
cholesterol, fasting blood sugar, resting electrocardiogram 
results, maximum heart rate attained, exercise-induced 
angina, oldpeak ST depression caused by exercise compared 
to rest, the slope of the peak exercise ST segment, number of 
major vessels, and Thalassemia are the 14 attributes that make 
up the dataset. There are 76 characteristics in this database, 
however only 14 of them are used in all published research.  

B. Data Pre-Processing (ECG Signal) 
Our dataset underwent feature selection, a crucial pre-

processing phase in machine learning that improves learning 
accuracy, reduces dimensionality, eliminates unnecessary 
data, and makes results more straightforward to understand. 
The mean values of the data analyzed using a node named 
"missing values" were used to replace empty fields to address 
the high frequency of missing values in the current task. The 
nodes "linear correlation" and "correlation filter" were used to 
calculate a correlation matrix among variables to select the 
most essential features. As stated in the "Methods" section, a 
threshold was chosen to weed out variables that were too 
correlated and did not contribute information to the 
algorithms. 

C. Feature Extraction Using LDA 
It is still a widely used statistical approach to pattern 

classification. This LDA method finds a projection vector in the 
feature space to minimize the within-class scatter matrix and 
maximize the between-class scatter matrix. For two-class 
situations. The goal here is to find a linear function (66). 
Following that, a feature extraction method called LDA is 
applied. Items may be categorized using LDA based on the 
attributes defining each unique entity. The proposed system use 
multi-class linear discriminant analysis to classify a variety of 
unknown ECG signals into several classes (exercise, smoking, 
normal, etc.). To classify many unknown ECG signals into four 
groups: exercise, smoking, normal, and terror. The system 
employ multi-class Linear Discriminant Analysis. This is 
achieved by using properties such as mean, global mean, mean 
subtraction, transposition, covariance, probability, and 
frequency and establishing thresholds for each class on the 
distributed space area. A mathematical derivation of the LDA 
may be found below. Additionally, it is explained by 

𝑦 = 𝑎!𝑥"! + 𝑎#𝑥"# + 𝑎$𝑥"$ +⋯+ 𝑎%𝑥"%……. (1) 

Dataset Details 

ECG Data Signal Pre-processing 

Feature Extraction using LDA 

BO-SVM Classification 

Performance Metrics ( Precision, Recall Accuracy 
And ROC Curve) 
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Where, 

𝑎& = [(𝑎!, 𝑎#, … . , 𝑎%,]………………………. (2) 

It is a vector of variables that must be identified while  
 

x' = [x'!, x'#	, … . x')]………………………….. (3) 
 
In addition to being patients, are the patients and 
 

𝑥* = 𝑥*!, 𝑥*#, … 𝑥*)……………………………... (4) 
 

Multivariate analysis of variance is necessary to estimate 
the mean and variance of the dataset. 

• Normality: independent variables at every grouping 
variable level are expected. 

• Independence: It is considered that the sampling is 
random and that the scores of a sample on a 
particular measure are unrelated to the scores of all 
other participants on that same variable. 

• Collinearity: a high correlation between variables 
may reduce the predictive potential. 

 

3.4 Classification using Bayesian Optimized SVM Classifier 
Many real-world challenges nowadays include the usage 

of multi-class categorization. Binary (+/−1) issues were 
formerly handled with Support Vector Machines. The 
expression for this objective function is 
𝑤+ ∈ Η, ∈,∈ R-, b, ∈ R

!
#
∑ w,

#-
,.! + /

-
∑ ∑ ∈ r',01!
-
'.! .. (5) 

According to 
 
𝑊2"𝑋" + 𝑏3" ≥ 𝑊" , 𝑋" + 𝐵+ + 2 − 𝜖"+ , … 𝜀"+ ≥
0…………………. (6) 
 
Where the multi-class label for the Xi pattern is m ∈ {1,…, 
M}\Yi and Yi ∈ [1,…, M]. 
 

This technique, used for real issues, is determined by the 
constraints available. Relevant considerations include the 
categorization problem's type, processing time, development 
time, and the level of precision needed. When it comes to 
precision, the outcomes of this method are on par with those 
of the one-against-the-rest method. 

The initial stage is choosing the apriori model from the 
accessible space of functions. Numerous parametric 
techniques, like the Generalized Linear Models or the Beta-
Bernoulli Bandit, or nonparametric models, like the Gaussian 
or t-Student Processes, can be used. The process can be 
repeated until a particular stopping condition is satisfied. 

A posterior distribution is created by combining the prior 
and the likelihood of the current data. The term comes from 
this being accomplished using the Bayes theorem. Remember 

the Bayes theorem. Given two occurrences, A and B, for 
where The probability P (A | B) may be determined using the 
conditional probability P (B | A), which is known. 

𝑃(𝐴/𝐵) = 4(6/8)4
4(6)

 ……………………………………..(7) 
 

In a posteriori model, a specific utility function is 
maximized to identify the next point to be evaluated. New 
observations are collected and repeated until a halting 
condition is satisfied. In this case, the conditional probability 
of event B is P(B|A), the likelihood of the outcome is P(A|B), 
and the a priori probability is P(A). The main objective of the 
SVM classifier is to solve this feature subset selection 
through parameter transformation. This SVM approach 
produces less accurate data loss results because it uses a 
discreteness method for the continuous parameter. A formula 
that can transform SVM parameters is presented in the 
recommended study. This kernel function, weight, and C are 
two SVM parameters optimized using the techniques 
presented in this study. As shown in Figure 2, this first 
parameter weight determines the trade-off between 
successfully classifying specific points and miscategorizing 
others. In contrast, the second parameter kernel instantly 
chooses the feature subset and adjusts SVM parameters. 

To attain high model accuracy and an improved 
prediction process, the SVM uses hyperparameters such as 
regularization parameter, kernal type, gamma, degree, and 
epsilon that are fine-tuned with the aid of the Bayesian 
optimization algorithm. The table 1 shows the algorithm 
steps for Bayesian optimizer with SVM algorithm. 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 

UCI Machine Learning Repository 

Data pre-processing 

Training Data set 

Support Vector Machine 

Apply Bayesian Optimization 

Compare 
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          Actual Output  

 
                                                                                                         

Error                Desired Output 
 
 
 
 

 
Fig. 2. Block diagram of the proposed BO-SVM method 

TABLE 1. BO-SVM ALGORITHM 

BO-SVM algorithm 
 
Input: read 𝑘,𝑚, 𝑞, 𝛾 and termination criterion  
Output: Optimal value for SVM parameters and 
classification accuracy  
Step1: start  
Step 2: k:=solutions 
Step 4: T=sort (s1,s2,s3….sk) 
Step 5: report while (classification accuracy 1=100%) or 
(i! =10) 
            Do  
               Step 5.1: for 1 in 1 to m 
                              Step 5.2: select s [according to its 
weight] 
                              Step 5.3: s<-sample  
                      [end of for ] 
Step 6: call SVM (s) 
Step 7: [end of while] 
Step 8: T= Best (Sort S1……Sk+m),k) 
Step 9: stop  

IV. RESULT AND DISCUSSION  
The proposed heart disease prediction model is 

implemented using the BO-SVM algorithm in Python version 
3.11. Linear Discriminant Analysis (LDA) is used for feature 
extraction to improve the model's performance. The 
prediction model is built using the BO-SVM approach, where 
Bayesian optimization fine-tunes the support vector 
machine's hyperparameters to achieve optimal accuracy. The 
objective function evalutes the model’s performance given 
specific set of hyperparameters. Typically, this is done using 
cross-validation. 

𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑓	(𝛾) = 1 − 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	(𝛾) …..(8) 
 

 
Fig. 3. Correlation matrix  

Figure 3 presents the correlation matrix for heart disease 
prediction based on the dataset's input features. This matrix 
provides insights into the relationships between features, the 
foundation for the BO-SVM algorithm's performance. 

A. Evaluation metrics 
The performance of ML classification models was 

assessed using three widely used performance assessment 
metrics: accuracy and F1-score. A confusion matrix is a table 
that aids machine learning practitioners in characterizing a 
classification model's performance. A classifier's 
performance matrices are determined by a confusion matrix, 
which may be defined as (1) True Positive (𝑇 𝑃) and has four 
components. The first four categories are False Negative 
(Fail Negative 𝑁) test results that incorrectly classify a 
patient as not having heart disease, False Positive (False 
Positive 𝑃) test results that incorrectly classify a patient as 
having heart disease, and True Negative (False Negative 𝑇 
𝑁) test results that accurately determine whether a patient has 
heart disease. The most dangerous forecasts in the medical 
world are thought to be 𝐹 𝑁. The accuracy of a given dataset 
of size 𝑛 is calculated as follows: 

Accuracy = (TP + TN)/(TP + FP + FN + TN)…(9) 

Precision = TP	/(TP + FP) ….. (10) 
 
Recall = TP	/(TP + FN)……….. (11) 

 
F1:/;,< = 2(Precision × Recall)/(Precision × Recall)… 
….(12) 

 
The Receiver Optimistic Curves (ROC) evaluate a 
classification model's ability to classify data. They assess an 
ML model's "true positive rate" and "false positive rate." 
 
TPR = TP	/(TP + FN)…………… (13) 
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FPR = FP	/(FP + TN)	…………………. (14) 

 

 
Fig. 4. Confusion Matrix 

Figure 4 illustrates a confusion matrix, a table used to 
evaluate the performance of a BO-SVM classification model. 
It provides a detailed breakdown of true positives, false 
positives, and false negatives, providing insights into the 
model's accuracy and misclassification rates. True prediction 
of proposed dataset value is 88. Which is high rate compared 
to other metrics.  

TABLE 2. COMPARATIVE RESULTS FOR VARIOUS CLASSIFICATION 
METHODS. 

 Method  Accuracy Precision Recall  F1 
Score 

evaluation 
time (sec) 

KNN 80% 70% 60% 65% 6.91 

SVM  85% 75% 80% 89% 3.95 

BO-SVM 95% 93% 92% 90% 1.05 

 

 
Fig. 5. Comparative results graph representation for various classification 

methods. 

The performance analysis of the heart disease prediction 
model using the BO-SVM approach showed excellent 
results, achieving 93% accuracy, 92% recall, 90% F1-score, 
and 95% precision. Compared to the standard SVM (Support 
Vector Machine) and KNN (K-Nearest Neighbor), the BO-
SVM model consistently delivered the highest performance 
across all metrics, as shown in Figure 5. The table 2 consists 
accuracy, precision, recall, f1 score and evaluation time of 
proposed model with other machine learning model such as 
KNN and SVM. The accuracy, precision, recall and f1 score 
of the proposed model is 95%, 93%, 92% and 90% ,which is 
high compared to other machine learning model. 

 
Fig. 6. Evaluation time 

The proposed BO-SVM algorithm was analyzed for its 
performance in processing the heart disease dataset. 
Compared to the other two algorithms, BO-SVM 
demonstrated significantly reduced analysis time of value 
1.05 sec, highlighting its superior computational efficiency, 
as shown in Figure 6. 

V. CONCLUSION 
Significant advances have been made in predicting heart 

disease through cutting-edge machine-learning techniques. 
Among these, the most effective approaches are the 
Bayesian-optimized support vector machine (BO-SVM) for 
feature extraction and linear discriminant analysis (LDA). 
The model performs excellently classifying patient data using 
the BO-SVM algorithm, which uses Bayesian optimization 
for hyperparameter tuning. LDA further improves this 
process by reducing dimensionality and focusing on the most 
relevant features, allowing the model to identify meaningful 
patterns in complex datasets. Using datasets from the UCI 
repository ensures that the system is trained and validated on 
reliable and widely accepted data. The model demonstrates 
exceptional results through a structured classification process 
that includes training and testing on these datasets. In 
particular, the BO-SVM approach achieves a remarkable 
93% precision, 92% recall, 90% F1-score, and 95% accuracy, 
outperforming traditional methods. These results underscore 
the potential of combining advanced optimization techniques 
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and robust feature extraction methods to improve predictive 
accuracy in clinical diagnosis.  
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