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Abstract

The objectives of this research are 1) to compare risk predictive model performance
for heart attack in the elderly using data mining techniques, and 2) to develop
a prototype system for predicting the risk of heart attack in the elderly, using the heart
attack dataset in the Heart Attack Analysis & Prediction Dataset. This research used the
Scikit-Learn Library in Python to create the models. Three classifiers in machine learning,
namely Support Vector Machine, Naive Bayes, and Decision Tree were used
for comparison. The performance of the models was evaluated using accuracy, precision,
recall, and F-measure. The research found that Naive Bayes had the highest performance
with an accuracy of 86.05%), precision of 87.44%, recall of 85.82%, and F-measure
of 85.869%. Naive Bayes was then used to develop a prototype system for predicting
heart attacks in the elderly through web application, to Predict whether the chance

of having a heart attack is more or less.
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Figure 1 Conceptual framework
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2.1 Manusiusaudeya (Data gathering)
NuIdedlaldyndeyanilaviaidemdeundu Tuynves Heart Attack Analysis &

Prediction Dataset a1nv3ulas https://www.kaggle.com/ F1uaudeyarianun 1w 215

seilou audnvuy 14 audnvae lnsegluguuuulid csv. degdeyauansly Figure 2

V|

1l age sex cp trtbps chol fbs restecg thalachh exng oldpeak sip caa thall output

2 77 1 0 125 304 0 0 162 1 0 2 3 2 0
3 76 0 2 140 197 0 2 116 0 11 1 0 2 1
4 74 0 1 120 269 0 0 121 1 0.2 2 1 2 1
5 71 0 1 160 302 0 1 162 0 04 2 2 2 1
6 71 0 2 110 265 1 0 130 0 0 2 1 2 1
7 71 0 0 112 149 0 1 125 0 16 1 0 2 1
8 70 1 1 156 245 0 0 143 0 0 2 0 2 1
9 70 1 0 145 174 0 1 125 1 26 0 0 3 0

Figure 2 Heart attack data example

2.2 myasunedaya (Describe data)
mmseSutedeya wu esuefagudnuaizdng 9 lumseSureianuurvesdayai
Ynld waryihnisussdiuideyanliunassiuanudesnisvieli wanssvazidenlan Table

1 uay Figure 3

Table 1 Feature details

Feature Description Data Type Range
1 Age Age of the patient Real (50, ...,77]
2 Sex Sex of the patient Binary 0: Male 1: female
3 Cp Chest Pain type nominal 0: typical angina
chest pain type 1: atypical angina

2: non-anginal pain

3: asymptomatic

4 Trtbps resting blood Real [94, ..., 200]
pressure

5 Chol cholesterol in Real [126, ..., 564]
me/dl

[45]
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Table 1 continued.

Feature Description Data Type Range
6 Fbs fasting blood sugar Binary 0: false 1: true
> 120 mg/dl
7 Restecq resting nominal 0: normal
electrocardiographi 1: having ST-T wave
c results abnormality

2: showing probable
or definite left

ventricular
hypertrophy

8 Thalachh ~ maximum heart Real [71, .., 195]
rate achieved

9 Exng exercise induced Binary 1:yes 0: no
angina

10 Oldpeak Previous peak Real [0, ....6.2]

11 Slp the slope of the nominal 0: Unsloping
peak exercise ST 1: Flat sloping
segment 2: Down sloping

12 Caa number of major Ordered 0,1,2,3,4
vessels

13 Thall Thal rate nominal 0-1: normal

2: fixed defect
3: reversable defect
14 output Target variable Binary 0: less chance of

heart attack
1: more chance of

heart attack
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Figure 3 The graph shows the relationship between features and output.

3. msm‘%am’iaga (Data Preparation)
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U

Iarnmsiiusivrudeyannduneuneuninuanuazeindeya (Cleaning data) Iaevin
madarrinwesdeyalaedayadedifidinuarnsnaeunvazdeadoyadesudusiely uana
Aregeduneun1sinauaretadeya wazvinisulasdeya (Data transformation) 1Uu

Tuneunsulastoyaliningaudnsunisldeu lvihnsulasdeyanliinisifiusiusiumn

(raw data) Tnaneidudeyaiiannsailuieseilududalyle

4. mMsnauALuUNeInsal (Modeling)
wellamlesdayaiidontunlioudisuuseansamiethlvinseideyauazasne

WUUTIINNA 3 9ana3diy lawn dnnesannmesiusiuudwiug wazaulidadula Insagum
a da a a Aaa Y a o o ° o

wiadianiduszAnsamnafgauazmunzaniuteyanianluimuissuuduuuyiweaudss

nsifinnmgilanadendeundululaiens feg1enisasiewiauuuds Figure 4
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m sklearn.naive_bayes rt GaussianNB
modell = GaussianNB()
model1.fit(x_train, y_train)
y_pred = modell.predict(x_test)
n sklearn.metrics import dlassification_report, confusion_matrix, ConfusionMatrixDisplay
print('Class | , classification_report(y_test, y_pred))

cm = confusion_matrix(y_test, y_pred)

disp = ConfusionMatrixDisplay(confusion_matrix=cm, display_labels=model.classes_)
disp.plot(cmap='viridis', values_format="'d")

plt.title( sion Matrix')

plt.show()

Figure 4 Example of modeling using Naive Baye

5. NM13ATIEUUTEANSANAILUY (Evaluation)

msnsaUszansnmmesiinuy lusasmadedsihinieudisuazdesinnisidendeya
dufuiFoud (Training Set) uagdoyadmiunaaoy (Testing Set) s1uAfeiiidonld3n1sdu
\dondoyauuuanuiileanss k nqu (kfold Cross Validation) Ineidenld35nsgudendeya
LUUANTEIRSS 5 ngal (5-fold Cross Validation) udwhmsiauszavsnmvesiuuulag ia
MNAANLYNFDY AANIILEY AANusEAN WazAAmENna ievnduuuTiUsEANS M

Anan n13inUsyansnmueauuudiaadld Confusion matrix Tun1sAMAILEAIA Figure 5

Actual Value

P05|t|ve \ \ Negative

n

Figure 5 Confusion matrix

Predicated Value
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TN 38 True Negative Ao Asiluswnsuvinuedn “liase” uaz e “liade”
FP w30 False Positive fio AsilUsunsuhuie “a3e” ust Slandu “liase”

FN %38 False Negative e &slusunsusiunedn “laase” ud dandu “ase”

v '
v Ao a

finnausarwInilaann Confusion Matrix
- ANANULLILEN A NTIaANNLugdILUUlneRINSLENTIagAaE
Precision = TP / (TP+FP) (1)
- A1AUTEAN Ap MTIRANgNABIILUULAENA S LeNTIazAAA
Recall = TP / (TP + FN) 2)
- ANANENAA Fa MTInAIANLLING AT AIANTERNNSBU I UTRIMUY Lag
NsaLeniazpand
F-measure = (2 x Precision x Recall) / (Precision + Recall) (3)
- AIANQNABY AR N15IRANNABIYTRIILUUlAEATANTINNNAR A

Accuracy = (TP + TN) / (TP + TN + FP + FN) (4)

6. Mmsululgau (Deployment)
UMUUAILUUTHANIAMUYNABININTIGANITAIUTEUU AIUUUYIIUIEANUEEINI AN

Wlaviadeadvunduluasengiieadvauud 3 grvignienisunndlunisidenisnig

P

wanzaungalunstesiunsifianzidlavadendeundulugaetgegiiuseaniamuas

4 @
wlughedu
Nan1539y
1. wamsiUTguiiguyszansaw

wiatawiiosdayaniunldiueuiisulunuids 91w 3 dane3fin laud dnwnesaanimes
vy w1dnud wagaulddindula lavinnnsasaraeuysydnsnmvesiuuuanainugnies

AIAULILEN ANANSEEN wagAruanna agulads Table 2 uay Figure 6 fall
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Table 2 Performance Comparison Results

Algorithm Accuracy Precision Recall F-measure
Support Vector 69.77 69.78 69.70 69.70
Machine
Naive Bayes 86.05 87.44 85.82 85.86
Decision Tree 79.07 79.13 79.04 79.02

79.13

79.07
80
69.77 69.78 69.7

70
60
50
40
30
20
10

0

Accuracy Precision Recall F-measure

79.04

79.02
69.7

B Support Vector Machine  m Naive Bayes M Decision Tree

Figure 6 Performance Comparison Results

Fnwosanmeiuuvdu wnuanistaussAnsamlded denugnies whiusesas 69.77
AANiugwIiuTeray 69.78 ArAanusEaniniuieauay 69.70 waAIANGNAAWITY
Souay 69.70

wdwiug annanstauszansam IERel AIANYNABY WinduTeyay 86.05 AR
wlugviniusegay 87.44 AiAnuTEAnIAUTeuay 85.82 wavA1AUa WA uTeeaY
85.86

v
N v

suliifnduls annanisiausednsamlaasl Aanugnees wriufesay 79.07 Arriu
wiugwiniuesar 79.13 ArAnussinviniuiesas 79.04 uazAiANUaNaawiuieuas
79.02

A o v ] a = A P a da a2 a '

diethAAnugndesvedudazivainussuiisuiieniadiafiiussdvaningsan wui
wdnugd fUsransnmgengalaelviriniugneesiesay 86.05 Lesandefvaswdniudilyl
fosnsteyadniudeuiunnidnlesnnanududaszsenindlinesingg aunsoaianisalld

s uflolunaldaiuniseududuazarunsalinadnsiaummaunaudezdidoyanis
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v

Seuinddanny uwagldviinisuSeuisudauuuns 3 wuudaean ONE-WAY ANOVA ud3

S 9

WU11 A1 F= 47.237 uag A1 p < 0.05 LAAIIAILUUYY 3 WUV wanAiuageddediAgyi
¥6iU 0.05

2. mansRRYSTUUTILUUTIEAuds M aiaazialanadendeunduludgeeny
MnnansieuifisulsEansam@snudn duuuaindanesinundviudiiussansamgs
fign Fshanannszuy PTldfamnszvuduuwihmeanudsimsianngilanaiden
deundulugaseny Tuguuuuiuseundindy (Web Application) s Python + Streamlit 311
T5lunsinelaenstiildamnsalddeyaiiievinunginlonanisiinniizsizleviadon
Beunduilinnvieves uazuendeyafilinsevindmniieliannsansiuuazdesiuniean

Tona NaziinnizimlaviadendeunauauiudsTiniegantinaessuuuanstu Figure 7

Predictive Model for Heart Attack in Elderly

e

Thalacnn : S susuRaa AR

iatadu (3= 1a 0= aital)

Prediction Result

Tamafiansilanadaadsuwduion
less chance of heart attack

Figure 7 Example of system screen
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