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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.

» Key words: heart disease, diseases that has high morality rate, Al, detected, Decision Tree

Tree®] A5S IA7]= Wilel disl] 71&dth 2 Aol A= macOS Big SurdH ol
Notebook &2 PythonsS AF&-3f scikit-learn, Keras, TensorFlow Z}o] B2 & o]&35lo] AdS a3
At Aol AHeH Decision Tree, KNN(K-Nearest Neighbor), SVM(Support Vector Machine),
DNN(Deep Neural Network) &2 ZF 4714 298 A5t BE9] A5 ¥]al 23} Decision Tree
sl 71 w2 AoE YEith £ AT A s e EAAE WAsta ET9 Hu ZolE
30% A7%% Decision Trees AHE8IAE Wl 7HE ool & A0E YEH OB R =9 54 b
2 WA Egle] Hu ZolE A3t Decision Trees AHESHE 21 AL

» FAO: YR, A 28 Y, AUBAIE, oIS, Decision Tree

o
A

» First Author: Young-Dan Noh, Corresponding Author: Kyu-Cheol Cho

*Young-Dan Noh (shdbwjd705270@gmail.com), Dept. of Computer Science, Inha Technical College
*Kyu-Cheol Cho (kccho@inhatc.ac.kr), Dept. of Computer Science, Inha Technical College

* Received: 2021. 12. 03, Revised: 2022. 04. 22, Accepted: 2022. 04. 25.

Copyright © 2022 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



22  Journal of The Korea Society of Computer and Information

I. Introduction
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Fig. 2.= feature@] 47} 27]o]1 3H9] 0]9-& Atx
o] AAlgS ol5oh= g dAloltt. o &stalAts=
AREQ] o] xRl Al Al & AVAS AP 1Y, AZdAls
o] 3+ AlE0] 2olu g ARfAlgto] gls AIFC R ol%
= 2 4 ok

w Aox= 19719 o2

ot

1.3 SVM

SUME = ZejA Ato]Q] Z|cff ofsio 2 Eﬂlﬂh 510
W W Aa off) Rl0IcHT). £ $R9 2
SAIA ASI 0 ol ol Slelzalo] 4
S| mErelch E3 SUMS HIME 342 o] @sto] O

olEjzie) Aelrt At Hle2 Rasty ANstE A
AAE A EA JHAla rHs).

[ Heart disease

o L 3 ,/ O No heart disease
§ _|:||7-|.=_y'
a Wi, i
£ v O
Principal componentl >
Fig. 3. SVM algorithm
Fig. 3.2 feature7} 27§ 4 wf AAAES FRsh= 4

29] ofAlolc}. olelz} 2x1dolata SVMe| A

Mol 3L 3xtloletdl A AL FHoR BATCHT)
SVMe 0|l 2:4017] 520] 5850 48907

=] 7:10 /\']%O] K«]O}Q oP’\ }\]7}0] 710-]7<qu ]

=2

ATHII.

1.4 DNN

DNN 7171@%“3 Z shgs 71&9 0]%/;_]7 ato] vl
af o 21 Yo 1xE 7K1 9lon, 7 o
4 cvpin} weisel Gl 3ustn w ;LE =

9)A 3FFTH10]. ESH DNN& ZIHdst L& 0] Al

EE Ol ThFsE 2ok o=
o] QeH11].

DNN:= F2Z Aolo] 27 olgo] 2 %;L
gEefglon] & AolA 2] DNNRHO] layer-/d%
o] thafAls 4xto|A] 71&3tt

olad =7
Yo

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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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
Table 3.2 47}A] BHO] Accuracy, Precision,

Recallo]] tjgt wo|ct.

Decision Tree?t 7P =& AccuracyS Hol3H
KNNo] 83.6%% 7} W& Accuracy2 HOoj&ch
Precisionof|A}&= 0.9791 Decision Tree?} SVMo] 7Hf
=2 258 B 4 9lon, 0ix[ZO 2 Recall 312 DNN
o] .0og 7V =2 Ze = 4 Atk

Al 7}A] Accuracy, Precision, Recall2 B]w3ig o
Recall3f2 DNNo| 7P =X]9F Accuracy, Precisione
Decision Tree?} 7V =2 718 & 4 QI TatA] 2
ALoflM= Decision TreeE ARERE AESE 52 #
Ayt
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