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Abstract: Cardiac arrest and heart-attack cases are rising sharply year after year, and World Health
Organization (WHO) figures place the resulting global death toll above 18 million annually. This study
aims to build machine learning models capable of predicting heart disease with improved accuracy. Five
supervised algorithms were implemented for this purpose: Random Forest (RF), Support Vector Machine
(SVM), Logistic Regression, Decision Tree, and K-Nearest Neighbors (KNN). Random Forest delivered the
strongest result at 90.16% accuracy, Logistic Regression followed at 85.25%, and KNN trailed the group at
67.21%. Precision and recall were also derived from the confusion matrix for each model. Since near-
perfect accuracy can signal overfitting rather than genuine predictive strength, models exceeding 90%
accuracy were treated here as the reliability benchmark.

Keywords:- Random Forest, Decision Tree, SVM, Machine Learning, Heart Disease, KNN, Logistic
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Introduction

Cardiovascular disease is one of the most significant problems in today's health care, and accounts for a
significant proportion of deaths annually due to heart attack and cardiac arrest. There are several reasons for
this, but the most prominent include poor eating habits and the stress that comes with modern life (including
work stress, monetary difficulties, etc.). Delayed diagnosis also worsens the situation and consequently, the
annual mortality rate due to heart attacks continues to rise at a rapid pace [1] [2].
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Figure 1: Deaths due to heart attack in India [in 2022, 70 per cent of heart attack deaths occurred in the 30—
60 age group].
Several different classification methods (Naive Bayes + Laplace smoothing) have been used to predict heart
diseases to date and machine learning algorithms in general have yielded real-time observations and results
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to support this task [3]. There is also a wide body of related work that investigates machine learning and
data-mining methods to predict heart and cardiovascular disease [4], [7]-[11], [13]-[25]. Clinicians will
usually use a number of diagnostic tests — summarized in a variety of statistical measures — to help reduce
the chances that someone has heart disease. The term 'heart' comes from the Latin word for the organ that is
clinically called the cardiac muscle. Fig. 2 is the anatomical structure of the heart. A hollow organ made of
muscle tissue, with a partition between four chambers, two on top and two below (atria and ventricles).
Blood entering the heart goes through the atria and is pumped through the ventricles to circulate throughout
the body of the body [5]. Oxygenated blood is blood which carries oxygen, which helps the body to carry
out its functions.
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Figure 2: Anatomic structure of the heart.
Heart disease is generally categorized according to abnormalities within the blood vessels themselves —
irregular white blood cell activity, altered platelet counts, and fatty deposits that obstruct normal blood flow
to the heart are among the most common underlying causes [6].

Methodology

Use parameters from Kaggle to create this study, as this is the data that has parameters for patients. All data
used is pre-processed to ensure that there are no inconsistencies that may impact the performance of the
algorithms. The data set was then split into 70% training data set and 30% test data set, the model was then
fitted on the training data set. The latter was then used to develop a successful prediction technique for
heart-disease using five supervised learning algorithms (Logistic Regression, KNN, SVM, Decision Tree
and Random Forest).

A. Logistic Regression

Logistic regression is a statistical technique used to analyze data with a binary dependent variable, with its
parameters estimated directly from the underlying logistic model. Technically, it expresses the probability
of an event as a linear combination of the independent variables. It isn't a classifier in the strict sense —
rather, it produces an output probability from given inputs — but it is commonly turned into one by
applying a cut-off threshold: values falling below the threshold are assigned to one class and those above it
to the other. Two main variants exist: Multinomial Logistic Regression (MLR), which works with absolute
values and sorts outputs into more than two categories, and Ordinal Logistic Regression (OLR), which

36



ISSN: 2581-3404 (Online) IF: 5.445 (SJIF)

IJIRTM, Volume-7, Issue-2, April-2023.
i
WTM

arranges those multiple outputs in a meaningful order. In both cases, the underlying likelihood of an event
remains a linear combination of the independent variables.
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Figure 3: Linear regression versus logistic regression.
The sigmoid function is used as the activation function for logistic regression and is defined as:
f(x)=1/(1+¢ (1)
Logistic regression is expressed as:
y= e(b0+ b1x) / (1 + e(b0+ blx)) (2)
where X is the input value, y is the predicted output, b0 is the bias/intercept term, and bl is the coefficient
for input x.
B. Decision Tree
Decision trees are widely applied in healthcare settings and are built around core concepts such as the root
node, internal branches, and leaf nodes. Each tree arrives at its own class prediction, with different trees
formed by varying the parameters considered. A voting classifier then combines these individual trees into a
single, more accurate final model — this ensemble strategy works for both classification and regression
tasks. Multiple trees are grown during training, and their individual regression-based outputs are aggregated
to produce forecasts. The main benefit of this approach is lower variance, along with a strong ability to
combine multiple input features when making predictions.
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Figure 4: Decision tree algorithm flowchart.

C. K-Nearest Neighbor (KNN)

K-Nearest Neighbor (KNN) is one of the simplest supervised learning algorithms available. It works by
comparing a new data point against existing data and placing it into whichever class it most closely
resembles. Because it keeps the entire training dataset in memory and classifies new points using a
similarity measure, KNN can technically handle both classification and regression, though classification is
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by far its more common use. Its main drawback is that it tends to be slow and does not actually learn
patterns from the training data in the way other algorithms do.
Euclidean = V(Z(xi — yi)?),i=1...k (3)
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Figure 5: KNN machine learning algorithm.

D. Random Forest

Random Forest builds on the decision tree concept by combining a large collection of individual trees into a
single ensemble. Each tree makes its own class prediction based on a different subset of parameters, and a
voting mechanism merges these predictions into one optimized final model — a strategy that applies to both
classification and regression problems. Because many trees are trained in parallel and their regression-based
outputs pooled together, the resulting model tends to have lower variance and can capture relationships
across many input features effectively. The main trade-off is interpretability: understanding exactly why a
random forest reached a particular classification is considerably harder than doing so for a single tree.
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Figure 6: Plot of a simplified random forest.
Entropy quantifies the likelihood of a particular outcome and is used to decide how each node should
branch while constructing a decision tree:
Entropy = X —pi-log2(pi),i=1...c (4)
E. Support Vector Machine (SVM)
Non-linear SVM is among the most widely used algorithms for handling unlabelled data and finds
application across numerous industries. Given a labelled training set, it identifies an optimal hyperplane that
can then be used to classify new incoming instances. In a two-dimensional space, this hyperplane is simply
a dividing line, with each class occupying one side of it [12]. The analysis carried out in this work relies on
Support Vector Machines (SVMs), where the algorithm identifies relevant features starting from a
collection of sample feature sets drawn from the dataset.
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Figure 7: Support vector machine (SVM) algorithm.
The two-dimensional linearly separable data can be separated by a line whose function is y = ax + b.
Renaming x as X1 and y as x2 gives:

~
.
~

Negative Hyperplah&_\

ax] -x2+b=0 (5)
Defining x = (x1, x2) and w = (a, —1) gives:
w:-X+b=0 (6)

This relation, derived here for two dimensions, generalizes to any number of dimensions and defines the
equation of the hyperplane.
Results and Discussion

The dataset used in this study is obtained from the standard Kaggle dataset, which has a variety of human
health parameters. The data was pre-processed to correct for any potential inconsistencies that would
negatively impact the accuracy of the algorithms, then split the data into a training set (70%) and a test set
(30%) — the ratio may vary, but the idea is to produce the most accurate model possible. Finally, five
supervised ML algorithms (LR, KNN, SVM, DT, and RF) were used to create an optimal heart-disease
prediction approach. All experiments were carried out in Google Colab using Python. The respective
outcomes of each of the implemented algorithms are given below:
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Figure 8: Comparative analysis of accuracy among implemented algorithms.
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The best results were obtained by the Random Forest model (90.16%) and the weakest by the KNN model
(67.21%). The results of Decision Tree and SVM were 81.97%. It is important to note that an exceptionally
high accuracy figure might also indicate that the algorithm is simply memorizing the patterns of the specific
dataset, and not actually predicting the data well; the threshold for good and excellent accuracy is as
follows: over 80% accuracy is a red flag for overfitting the data; above 90% accuracy is considered a good-
to excellent-accuracy score.
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Figure 9: Precision and recall values for the ML algorithms.
Precision and recall were also computed; Random Forest achieved a precision of 91.67 and a recall of 92.5.

Conclusion
We first gave an overview of the range of input devices and methods for alphanumeric data. We then had a
closer look at touch-typing as input method and highlighted its benefits. We found that the trend goes
towards retaining the original keyboard metaphor as closely as possible. We have designed a new Gadget
i.e., Sun-Key. In this device we have removed some of the drawbacks of previously explained virtual
keyboards.
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