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Abstract: This paper presents the design and implementation of a Heart Attack Prediction System using
Machine learning techniques, aimed at improving early detection and risk assessment of cardiovascular
diseases. Heart disease remains one of the leading causes of mortality worldwide, and timely prediction
can significantly reduce fatal outcomes. The proposed system utilizes patient medical parameters such as
age, blood pressure, cholesterol levels, heart rate, and other clinical attributes to predict the likelihood of a
heart attack. A hybrid machine learning approach is employed, combining algorithms such as Logistic
Regression, Random Forest, Support Vector Machine (SVM), and Gradient Boosting to achieve high
prediction accuracy. In addition to prediction, the system provides personalized health suggestions based
on input features, making it a decision-support and preventive healthcare tool. Experimental results
demonstrate improved prediction performance and actionable insights for users.
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1.Introduction

The increasing prevalence of heart disease has made early diagnosis a critical requirement
in modern healthcare systems. According to medical studies, cardiovascular diseases are
responsible for a significant percentage of global deaths. Early prediction can help doctors take
preventive measures and reduce risk [1-5].Traditionally, heart disease diagnosis depends on
clinical tests and doctor experience. However, manual diagnosis may be time-consuming and
prone to human error. Machine Learning (ML) provides an efficient solution by analyzing large
datasets and identifying hidden patterns [6-10].In this project, we develop a Heart Attack
Prediction System using machine learning algorithms. The goal is to assist doctors by providing
a quick and accurate prediction based on patient data [11-15].

Two major approaches in prediction systems are:

o Traditional statistical methods (slow and less scalable)
e Machine learning models (fast and accurate)
This project focuses on ML-based prediction for better performance.

Mathematical Formulation
The system is based on supervised machine learning classification, where we predict
whether a patient has heart disease or not [16-17].
o Input Features:X = (xq,x,,%3,...,X,)
e Output Label:
Y € {0,1}
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0 — No Heart Disease ,
1 — Heart Disease

A. Logistic Regression

Formula
1

1 4+ e~ WotwiXx1+WoXa++WnXy)

P(Y=1) =

Explanation
This formula gives probability of heart disease
Output range: 0 to 1
Terms Meaning:
wy— Bias (constant), wy, ws, ..., w,— Weights (importance of each feature)
X1,%5,...,Xp— Patient data
Working:
Multiply each feature with weight. Add all values. Apply sigmoid function
Decision Rule:
If P > 0.5— Heart Disease (1)
If P < 0.5— No Disease (0)
B. Random Forest
Formula
Prediction = MajorityVoting
Explanation
Random Forest = Collection of Decision Trees. Each tree gives prediction (0 or 1)
Working:

1. Create multiple trees using random data. Each tree predicts independently. Final output =
Most common prediction
Example:
Tree | Prediction
Treel | 1
Tree2 | 0
Tree3 | 1
Tree4 | 1

Majority = 1 — Heart Disease
C. Support Vector Machine (SVM)
Formula
w-x+b=0

Explanation

SVM finds a boundary (hyperplane) that separates:
e Heart Disease (1)
e No Disease (0)

Terms Meaning:
w— Weight vector
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e x— Input features
e b— Bias
Working:

1. Plot data points
2. Draw line (or plane) separating classes
3. Choose maximum margin (best separation)

Concept:
e Points closest to boundary = Support Vectors
e Model tries to maximize distance between classes

D. Gradient Boosting

Idea:

Gradient Boosting builds models sequentially, correcting previous errors.
Formula (Conceptual)

M
FOO = ) V(@)

Explanation:
e h,,(x)— Weak learners (small decision trees)
e Ym— Weight of each model
o Final prediction = sum of all models
Working:
1. First model makes prediction, then Calculate error. Next model learns from errors.
Repeat until accuracy improves
Example:
e Model 1 — wrong prediction
e Model 2 — corrects error
e Model 3 — improves further
Final output = strong prediction

2. Dataset Description

The dataset used in this research is the Cleveland Heart Disease dataset obtained from the
UCI Machine Learning

Repository.

Total Samples: 303

Total Attributes: 14

Input Features: 13 clinical parameters

Target Attribute: Presence or absence of heart disease
3. Proposed Methodology

The proposed system utilizes a stacked hybrid machine learning architecture to enhance
prediction performance.

A. Data Preprocessing

Data cleaning, normalization, and dataset splitting are performed. The dataset is divided
into:

80% Training Data

20% Testing Data
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Base Machine Learning Models
Random Forest, Support Vector Machine, and Gradient Boosting are used as base models.

Stacked Hybrid Model

Predictions generated by base models are combined using stacking.

P = [PRF,PSVM,PGB]

These predictions are given as inputs to a Logistic Regression meta-model with LASSO
regularization.
Predict heart attack risk using patient data and provide health suggestions based on
feature values.

System Flow

Data Collection
Data Preprocessing
Feature Selection
Train-Test Split

Model Training (LR, RF, SVM, GB)

Model Evaluation
Prediction
Suggestion Generation

Advanced Heart Attack Risk Prediction Using
Stacked Hybrid Machine Learning
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Figure 1: Proposed Stacked Hybrid Machine Learning
Architecture for Heart Attack Risk Prediction

Figure 1:Proposed Stacked Hybrid Machine Learning Architecture

4. System Implementation

The proposed Heart Attack Risk Prediction System is implemented using MATLAB,
which provides powerful tools for machine learning, data processing, and visualization.

Implementation Steps
1. Data Collection
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o Dataset used: Cleveland Heart Disease Dataset
o Contains patient medical attributes:
o Age, BP, Cholesterol, ECG, Heart Rate, etc.
2. Data Preprocessing
e Missing values handled
e Data normalized (scaled between 0-1)
e Noise removed
Improves model performance
3. Feature Selection
o Important features selected using statistical methods
e Removes irrelevant data
Reduces complexity + increases accuracy
4. Model Implementation
The system uses multiple machine learning models:
e Logistic Regression
e Random Forest
e Support Vector Machine (SVM)
e Gradient Boosting (XG Boost)
5. Stacking Technique
e Predictions from all models are combined
e Meta-model (Logistic Regression) gives final output
Improves overall prediction accuracy
6. Final Output
e System predicts:
o 0 — No Heart Disease
o 1 — Heart Disease

5. Performance Evaluation

A.  Confusion Matrix Analysis

True Positive (TP) ™ False Negative (FN)
Actual Positive / Predicted Positive Actual Positive / Predicted Negative

False Negative = 30

Actual Positive /
Predicted Positive

Actual Class
Count

False Positive = 25

38588388

°cs88

False Positive (FP)
Predicted Positive

Figure 2: Confusion Matrix of the Proposed Stacked Hybrid Model
B. Model Accuracy Comparison
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Figure 3: Accuracy Comparison of Machine Learning Models
Based on the experimental results, the confusion matrix values are approximately:

. True Positive (TP) = 120
. True Negative (TN) = 128
. False Positive (FP) =25

. False Negative (FN) =30
. Total Samples = 303

Besides accuracy, other important metrics include:
The overall accuracy achieved by the model is:

TP+TN

Accuracy =

Total

120 + 128
Accuracy= 303

Accuracy = 81.67%

This indicates that the model correctly predicts heart disease presence or absence in
approximately 81.67% of cases.

1. Precision

Precision measurlezs C‘the correctness of positive predictions made by the model

Precision= 120 + 25

Precision = 82.7%
This means that when the model predicts the presence of heart disease, it is correct about
82.7% of the time.
2. Recall (Sensitivity)
Recall, also known as sensitivity, measures the model’s ability to correctly identify
actual heart disease patients.
TP
Recall=___
TP+ FN
120

Recall =120+ 30

Recall = 80%
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This indicates that the system successfully identifies 80% of true heart disease cases.
In healthcare applications, high recall is critical to reduce the risk of missing high-risk patients.
3. F1-Score
The F1-Score provides a balance between precision and recall.
Precision x Recall
F1=2x

Precision + Recall

F1=281.3%

The Fl-score confirms that the model maintains a good balance between detecting heart
disease cases and minimizing false alarms.

4. Specificity

Specificity measurlezs 8the model’s ability to correctly identify healthy individuals.

Specificity = 128 + 25
Specificity = 83.6%

This shows that the model correctly classifies healthy patients in 83.6% of cases.
5. ROC Curve and AUC
The Receiver Operating Characteristic (ROC) curve represents the trade-off between
sensitivity and specificity. The Area Under the Curve (AUC) for the proposed stacked hybrid
model is approximately:
AUC = 0.87

6. Suggestions based on features

Suggestion Layer

After prediction, system provides feature-based suggestions:
Feature Condition Suggestion
BP High Reduce salt,

exercise

Cholesterol | High Avoid fatty food
Heart Rate Low/High Regular cardio
Sugar High Control diet
Age High risk Regular checkups

7. Conclusion

The Heart Attack Prediction System using Machine Learning provides an accurate and
efficient solution for early diagnosis. By integrating Logistic Regression, SVM, Random Forest,
and Gradient Boosting, the system achieves high prediction performance.The addition of
feature-based suggestions enhances the system by providing actionable insights, making it
more than just a prediction model. This approach supports preventive healthcare and assists
doctors in decision-making.
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