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Abstract

This research aimed (1) to create cardiovascular risk diagnosis prediction models using algorithms including Neural
Network, Random Forest, Naive Bayes, K-Nearest Neighbors and Decision Tree (2) five algorithms were used with
attribute selection and (3) comparing the model performance using 10f Fold cross validation method. Tools usee were
MySQL and RapidMiner Studio programs. The data see comprised people who had been screened as patients with
cardiovascular disease that were collected from the Saraburi Provincial Public Health Office during 2018-2019 from 12
Saraburi hospitals and 126 health promoting hospitalsrelt was found that the model with the best prediction performance
was the neural network model with attribute selection having 99.29% accuracy, and the lowest was the decision tree
model with 70.39% accuracy. This research concluded that the neural network model with attribute selection of the

best qualificationt should be further developed for early diagnosis of cardiovascular risk web applications.
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Figure 3 Conceptual framework
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Figure 4 Information from the Saraburi Provincial Public
Health Office
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18a@ (RISK_SCORE) ﬁagamszﬁummL’émﬁvlﬁmt,‘ﬂu
@AY UFAIVBIFIRNIURITITUFY (Thai CV Risk
Score) it

cvd_func(AGE_Y,SEX_CVD,L_SBP,DM,L_SMOKING,L_CHOL,L_
WAIST_CM,L_HEIGHT)

DECLARE FullScore DECIMAL(20,9) DEFAULT 0 ;

DECLARE cvd_score DECIMAL(5,2) DEFAULT O ;

IF chol > 0 THEN

SET FullScore = (0.08183*age) + (0.39499*sex) + (0.02084*sbp) +
0.69974*dm) + (0.00212*chol) + (0.41916*smoking) ;

SET cvd_score = (1-POWER(0.978296,EXP(FullSco
re-7.04423)))*100 ;

END IF ;

IF chol = 0 THEN

SET FullScore = (0.079*age) + (0.128*sex) + (0.019350987*sbp) +
(0.58454*dm) + (3.512566 * (waist_cm/height)) + (0.459*smoking) ;
SET cvd_score =(1-POWER(0.978296,EXP(FullSco
re-7.720484)))*100 ;

END IF ;

IF cvd_score > 0 THEN

RETURN cvd_score ;

ELSE

RETURN 0 ;

END IF ;
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AAE anunanmvadszuumaihiely ey Jesiu
L lauaznasaifien (N3znI1amIAga, 2561) ldun

R1 A21uLE89dn fien RISK_SCORE <=10

R2 Auidsathunans fien RISK_SCORE =
11-20

R3 mwmﬁmgo @1 RISK_SCORE = 21-30

R4 mwm’émgnmn 61 RISK_SCORE = 31-40
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R5 ANNULFSI8UATE SN RISK_SCORE >= 41

(3) ﬁwmsﬂ%’mﬂﬁﬂuﬁagaﬁmmﬁaﬁT;ﬂime
MysaL ldgatoyaninua 44,674 au ¢ Figure 5
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7 F a7 ¥ N 118 206 78 160 RL
S F 57 N N 122 194 0 154 RL
9 F 43 ¥ N 120 230 95 150 RL
10 F 53 N N 133 177 93 150 RL
11 F 55 N N 140 223 26 152 RL
12 F 38 ¥ N 147 131 102 152 RL
12 F 52 N N 125 223 78 156 RL
14 M 50 N ¥ 138 182 26 163 RL
1s F 42 ¥ N 146 129 104 157 RL
16 F a8 N N 128 180 102 165 RL
17 F 52 N N 121 174 95 160 RL
18 F 46 N N 128 186 79 152 RL
19 F 52 ¥ N 123 203 89 160 RL
20 F 52 ¥ N 133 1398 82 158 RL
21 F a8 N N 137 162 82 165 RL
22 F 50 N N 110 180 26 160 RL
23 F a5 ¥ N 115 139 93 160 RL

Figure 5 Data Transformation

Table 1 Attribute details

Performance Comparison of Cardiovascular Risk Prediction Models using

Data Mining Algorithms
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a ] .
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N: lateedulsannainm
4 AGE a1 (TJ) Numerical scale
5 HEIGHT NG (TU.) Numerical scale

6 WAISTCM LUIOLLET (TX.)
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7 SBP fanusuladia Numerical scale
(mmHg #3adafiuasdsan)

8 CHOL flalsalnaseasiy (mg/dl wia Aaansuiadaas) Numerical scale

9 CLASS fszauanuisslsaialanaznasaiian

Ordinal scale

R1: AnaLEssei

R2: AuLEssthunans
R3: mﬂmﬁmga

R4: mﬂmﬁmgamﬂ
R5: ANALEISUATY

2. N1IE3UUUINaa9 (Modeling)
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Figure 6 Parameters in the RapidMiner Studio program

Table 2  Parameter setting details

Algorithm Parameter setting

Neural Network  Hidden layer sizes = 2
Training cycles = 500
Learning rate =0.01

Momentum = 0.9

Random Forest ~ Number of trees = 100
Criterion = gain_ratio
Maximal depth = 10

Voting Strategy = Confidence vote

K-Nearest k=4
Neighbors Measure type = MixedMeasures

Mixed measure = MixedEuclidean Distance

Naive Bayes Laplace correction

Decision Tree Number of trees = 100

Criterion = gain_ratio

Maximal depth = 10

Confidence = 0.1

Minimal gain = 0.01

Minimal leaf size = 2

Minimal size for split = 4

Number of prepruning alternatives = 3

v a K g; ad v =1 s
(2) lfaanasfiuns 5 Finsaamuteongmania
299u0an3076 (Attribute Selection) dr8lUsunsu
RapidMiner Studio lasinafialumsidenuwaansdag 14
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AGE 0.265
[ <]
=
Weight DM 0.395

Visualizations SMOKING  0.297

IIIIII sBP 0.283
= cHoL 0
Annotations
WAISTCM 0
HEIGHT 0

Figure 7 Optimize weights (Evolutionary)
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0

—&—DT with AS 0.74 0.03 0.00 0.65 1

oo o o o
oo o o o

Figure 8 Efficiency attributes selection results
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Figure 9 Results of the model performance efficiency
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Data Mining Algorithms

97N Figure 9 LaaNamMaIauinulsz&nsnw
Pasuuuimesmsvhwsauasslsailawaznaaaidon
lagld 5 daneifiunidastioya walEFanesfinr 5 5%
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3. wan1std3suLfiay Confusion Matrix
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Table 3  The confusion matrix of a neural network
model with selection of propertics
Predicted value
R1
R2 R3 R4 R5
R1 14983 57 0 0 0
% R2 29 8215 16 0 0
% R3 0 41 3986 29 0
< R4 0 0 22 2027 18
R5 0 0 0 14 2492
Table4  The confusion matrix of a neural network
model
Predicted value
R1
R2 R3 R4 R5
R R1 14978 62 0 0 0
§ R2 81 8112 67 0 0
®
§ R3 0 68 3950 38 0
E(:: R4 0 0 46 1967 54
R5 0 0 0 25 2481

arlnauazandsngnan1sivg
MNNAMTITONL LuDaesfiaiedanasia

lovsthodszanifivaniaunafenquanii@ (Neural

Network with Attribute Selection)ld@@dsz@ntaiwnns
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