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ABSTRACT

Heart diseases are becoming one of the leading causes of death in the arena. Consequently, the medical community has
shown a great deal of interest in cardiac disease prediction. In order to assist doctors in the design of clinical procedures, a
number of studies have created machine learning algorithms for the early prediction of coronary heart diseases. The function
set that is chosen has a significant impact on how well such structures perform. This will be more difficult if the schooling
dataset has missing values for the various capacities. It is well known that Principal Component Analysis (PCA) can be used
to address the issue of missing attribute data. This study offers a method for identifying heart disease by using scientific
testing data as input, identifying coronary heart disease by extracting a low dimensional characteristic subset. The suggested
approach uses Modified Principal Component Analysis (M-PCA) to extract improved depth characteristics from fresh
projections. PCA reduces the size of the function by assisting in the extraction of projection vectors that significantly
contribute to the maximum covariance. Three datasets are analyzed to determine the impact, accuracy, sensitivity, and
specificity of the suggested approach. The results obtained from the use of the suggested M-PCA technique are compared to

earlier studies in order to demonstrate its relevance. The dataset generated by the suggested M-PCA technique was incredibly
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accurate.

04-10-2025

INTRODUCTION

The heart works like an engine or motor and is responsible for
blood circulation throughout the body. Diagnosing heart disease
is seen as a crucial activity that needs to be finished accurately
and promptly. Early detection, which is made possible by a
number of medical tests, a thorough medical record, and the
patient's daily routine, can help monitor the high number. Until
a healthcare expert is present to analyze the data, it is unlikely
that data alone will be adequate.

Finding the optimal answer to the issues of precise diagnosis and
therapeutic delivery is the primary objective of a physical
evaluation. However, there is still a significant research gap
when it comes to analyzing a lot of data to forecast cardiac
disease. There haven't been enough contributions to incorporate
or extract features to establish the class labels because the
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processed data has a well defined feature set to try to define
the heart disease.

Similarly, machine learning would be quite helpful. Heart
disease prediction is the world's most challenging undertaking.
To extract features, the majority of academics have focused on
data or signal gathering. Even so, the processed data's
designated features are not very good at differentiating between
the class labels. Supervised learning is a prerequisite for this
unique function. Furthermore, supervised learning relies on the
efficacy of the training method, which necessitates adequate
infrastructure to handle the nonlinearities of both extracted
features. Therefore, a better heart disease prediction system is
needed, and people would gain from its precise prediction
process.
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Figure 1: - Feature Extraction

One way to start analyzing high-dimensional data that is easy to
understand by just looking at the vast quantity of information is
to use Principal Component Analysis (PCA), a type of design
recognition approach. Prior to charting and understanding the
data, the increasing component of the information must be
lowered to a low measurement for information analysis. The
score plot and stacking plot are two basic charts that employ
PCA to include significant data. Breaking down a lot of
information in the research area of investigation is difficult. The
association between the highly correlated informative indexes is
ascertained using the PCA calculation. With variables as sections
and perceptions or tests as lines, PCA's mathematical analysis in
linear algebra provides a clear explanation of the link between
the data. Reducing the incredibly high number of connections
between different factors to a tolerable level is the aim of the
PCA computation. Principal components are the terms used to
describe these interrelated elements. The basic idea is to build
a network with the most important information from the first
two sections, and then use Python programming to arrange the
data into a 2-dimensional plot.

The development of an effective prediction mechanism is
necessary to lower the risk of heart disease. This research

suggests a Modified Principal Component Analysis (M-PCA)-based
feature reduction method. The suggested method presents a
compelling argument for dimensionality reduction.

This article's remaining content is organized as follows. The
many ways the researchers approached the issue statement are
examined in Section 2. Section 3 examines current approaches
that offer different approaches or solutions for CD prediction.
The system method utilized in the suggested plan to address the
problem statement is described in Section 4. The performance of
the suggested M-PCA approach is contrasted with that of current
techniques in Section 4. A summary of the suggested work is
provided at the end of Section 5.

2. RELATED WORK

The performance characteristics and accessibility of heart
disease are affected by a number of feature extraction
approaches. Research on data mining algorithms and coronary
disease risk prediction has been published; it is challenging to
assess whether algorithm performs better than others because
each one has unique advantages and disadvantages [5]. The
suggested study focuses on medical diagnosis, but additional
work is needed to determine the method.

Table 1: Literature Review and Study

Study Proposed

Techniques and Tools Findings

Amin, M. S., et al., To use and created a model
(2019) for predicting heart disease.

The vote algorithm is a hybrid
of logistic regression and NB.

The feature selection
algorithm does not exist.

The feature selection
Saqglain, S. M., et al., algorithms are proposed for a

(2019) cardiac disease diagnosis
system.

SVM for binary classification.

The feature selection
algorithm requires
improvement.

Purnomo, A., et al.,

(2020) Various FS & NB.

NB + (Backward Elimination /

The classifier algorithm

Optimization / Forward must be improved.

Selection).

Vivekanandan, T., & The effectiveness of DE set of
lyengar, N. C. S. N. rules for prediction of heart
(2017) disease.

AHP and artificial neural
network (ANN).

The classification accuracy
must be improved.

Several adaptive methods for identifying cardiovascular disease
with modified principal component analysis have been
developed, according to a review of the literature. The

transformed matrix used in PCA is likewise derived from the
entire image since the covariance matrix is usually calculated
using the complete data set. Every potential cover class in the

— e
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field of study is considered, including those that have no bearing
on a particular application. A Modified Principal Component
Analysis (M-PCA) is suggested in this study, where data from
specific classes are the only ones used to construct the
transformed matrix.

3 THE PROPOSED MODEL

The search space and information storage will be expanded due
to the duplicated and inconsistent statistics in the pre-processed
dataset. In order to achieve classification accuracy, we must
eliminate all redundant and superfluous records. To reduce
dimensional records, superfluous dimensional records are
compressed using the dimensionality reduction approach,
subject to certain limitations. The most pertinent feature, the
important function, is extracted using characteristic extraction
using primary factor analysis.

Modified M-PCA, also known as Principal Component Analysis, is
a variation of the PCA dimensionality-reduction technique. It is
frequently used to reduce the dimensionality of large data sets
by reducing a large number of variables to a smaller one while
maintaining the majority of the records in the large set.
Accuracy is sacrificed for reduced dimensionality; nonetheless,
the dimensionality discount approach involves sacrificing some
precision in favor of simplicity. Because there are fewer
variables to process, smaller data sets are easier to study and
illustrate, and they also make data analysis much easier and
faster for gadget mastering algorithms.

Suppose we have a random vector population A, where
Algorithm

1. Compute the mean feature vector
1

A = (al,a2, ...an)” (equ. 1)

And the mean of that population is denoted by,
pHe = P(A)
And the covariance matrix of the same data set is
Zy=P{(A— p)(A—p)"}

By identifying the eigenvalues and eigenvectors of a symmetric
covariance matrix, it is possible to degree an orthogonal
foundation from it. By arranging the eigenvectors in descending
order of eigenvalues (biggest first), an ordered orthogonal basis
can be produced. The first eigenvector will have the records'
path of finest variance.

This enables us to determine which instructions have the
greatest significant parts of power in the statistics set. A
statistical set of 500 information sets is used to identify patterns
in coronary heart disease. When diagnosing coronary heart
disease, a number of factors are taken into account.
Nonetheless, there are 15 qualities that stand out as being
crucial.

(equ.2)

(equ. 3)

u= ;EizixJF where, x; 1s a pattermn (k=1 to p). p = number of pattems, x is the

feature matrix

b2

Find the covariance matrix

C= iEiq{xk — uHx, — u} Where, T represents matrix transposition

3. Compute Eigen values A,and Eigen vectors v; of covariance matrix

4. Estimating high-valued Eigen vectors

i. Arrange all the Eigen values (4,) in descending order

1i. Choose a threshold value, 6

ili. Number of high- values A4, can be chosen so as to satisfy the relationship

(X, 4,) [Z?:rli)_l = 6§, Where, s =number of high valued A.chosen

Iv.

LA

Select Eigen vectors corresponding to selected high valued 4,
Extract low dimenional feature vectors (principal components) from raw feature

matrix. P = VT x, where, V is the matrix of principal components and x is the feature

matrx.

4, EXPERIMENTAL SETUP

In this stage, the suggested method is assessed using publicly
available datasets, and its overall performance is then
contrasted with that of other recent methods. Additionally, the
suggested method will be contrasted with methods that
implement M-PCA and those that do not.

4.1. Performance Evaluation

An Intel Xeon processor with two 2.20-GHz cores and eight
gigabytes of random-access memory is used for all calculations.
Additionally, the studies are conducted using the scikit-study
Python programming language package.

i) Accuracy
Table 2: Comparison table of Accuracy
Dataset Chi square ReliefF Proposed M-PCA
100 73 65 79
200 89 85 93
300 85 81 91
400 82 76 89
500 72 69 80

— e
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The accuracy of the proposed and present techniques is stated in proposed technique is better than the present methods.
table 2. It shows that the general overall performance of the

Accuracy
100 -
@ 80 -
o
> 60 -
= | Chi square
3 40 -
& B ReliefF
20 -
® Proposed MPCA
o - . . . : )
100 200 300 400 SO
Dataset
Figure 2: Comparison chart of Accuracy
An accuracy comparison chart comparing the suggested (M-PCA) method. For the suggested M-PCA values, the existing algorithm
and current (Chi square, ReliefF) methods is shown in Figure 2. values range from 73 to 72, 65 to 69, and 79 to 80, indicating a
The suggested M-PCA settings perform better than the current 5% increase in performance.
ii) Sensitivity
Table 3: Comparison table of Sensitivity
Dataset Chi square ReliefF Proposed M-PCA
100 83.40 81.23 86.82
200 84.74 83.52 88.74
300 88.21 84.01 90.55
400 90.48 87.35 92.46
500 93.51 90.60 96.91

The sensitivity values represent the ability of a test to correctly
identify those with the disease. The above table 3 shows the
overall performance of the existing and proposed approach.

Sensitivity
100
95
&%
Z 90 4
roy
S ® Chi square
A
= 80 1 m ReliefF
Y75
B Proposed M-PCA
100 200 300 400 500
Dataset
Figure 3 Comparison chart of Sensitivity
A sensitivity comparison chart showing the percentage of true strategy will be 5% better than that of the current ReliefF
positives that the model correctly predicts is shown in Figure 3. approach and 2% better than that of the current chi-square.
When compared to the current methods, the suggested M-PCA Specificity

values perform better. The performance of the suggested

Table 4: Comparison table of Specificity
Dataset Chi square ReliefF Proposed M-PCA
100 78.48 80.22 85.87
200 80.74 82.52 88.74
300 82.21 84.01 90.55
400 85.48 87.35 92.46
500 88.66 91.65 97.10

e

1149



The Specificity values represent the capability of the take a look
at to correctly discover the ones without the sickness. Table 4

analyses the performance of the proposed and existing
procedures.

Specificity

120

100

a0

60

40

Specificity in %

20

100

Dataset

0 . ||| . ||| | ||\ . “\ _
200 300 400 500

W Chi square
| ReliefF

Proposed M-PCA

Figure 4: Comparison chart of Specificity

The percentage of true negatives that the model accurately
predicts is seen in Figure 4. The performance of the suggested
(M-PCA) and current (Chi square, ReliefF) models is depicted in
the comparison chart above. The suggested M-PCA values vary
from 85.87 to 97.10, while the values of the current algorithm
fall between 78.48 and 88.66, 80.22 and 91.65. It demonstrates
that the suggested method produces 5% greater specificity than
the current method.

CONCLUSION 1

This work presents research methodologies for coronary heart
disease analysis that use principle element analysis (PCA) to
generate a feature subset as the first step. Parallel analysis
completes the selection of the key components. The Cleveland,
Hungarian, and Swiss UC| datasets are used. For Cleveland,
Hungary, and Switzerland, the suggested method based entirely
on modified major thing evaluation (M-PCA) generated
characteristic subsets with dimensions lowered by 70%, 62%, and
70%, respectively. The application of M-PCA for extraction
results in individuals with coronary heart disease and frequent
issue training for suspected cases of heart disease. Metrics for
assessment include specificity, sensitivity, and accuracy. The
suggested M-PCA methodology performed well on all three
measures when compared to the current method. Experiment
outcomes also are offered, and their facts extended our
confidence inside the proposed approach.
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