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[Abstract]

All health problems that occur in the circulatory system are refer to cardiovascular illness, such as heart
and vascular diseases. Deaths from cardiovascular disorders are recorded one third of in total deaths in
2019 worldwide, and the number of deaths continues to rise. Therefore, if it is possible to predict diseases
that has high mortality rate with patient’s data and Al system, they would enable them to be detected and
be treated in advance. In this study, models are produced to predict heart disease, which is one of the
cardiovascular diseases, and compare the performance of models with Accuracy, Precision, and Recall, with
description of the way of improving the performance of the Decision Tree(Decision Tree, KNN (K-Nearest
Neighbor), SVM (Support Vector Machine), and DNN (Deep Neural Network) are used in this study.).
Experiments were conducted using scikit-learn, Keras, and TensorFlow libraries using Python as Jupyter
Notebook in macOS Big Sur. As a result of comparing the performance of the models, the Decision Tree

demonstrates the highest performance, thus, it is recommended to use the Decision Tree in this study.
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I. Introduction
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III. Predict Heart Disease With
Decision Tree
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2. Data analysis
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Fig. 5. Presence of heart disease by age
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5. Prediction with Decision Tree

5.1 Decision Tree model without max depth
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5.3 Decision Tree model with a max depth of 3
and changing the node’s feature placement
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Table 1. Decision Tree prediction accuracy
Train data Test data
accuracy(%) accuracy(%)

No max depth 100% 93.4%
Max depth-3 83.1% 95.1%
Max depth-3
&
Change node’s 82.2% 96.7%
feature
placement
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IV. Experiment
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Table 2. Experiment environment

0s macOS Big Sur
IDE Jupyter Notebook
Programing Python
Language
Library scikit-learn, Keras, TensorFlow

2. Comparison of test accuracy of DNN model
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Fig. 9. The structure of the DNN model used for training
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Table 3. Comparison of accuracy, precision and
recall of 4 model

Accuracy(%) Precision Recall
Decision Tree 96.7 0.97 0.97
KNN 83.6 0.86 0.86
SVM 95.1 0.97 0.94
DNN 93.4 0.88 1.0
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