Journal of the Korea Industrial Information Systems Research Vol.27 No.5, Oct. 2022 :73-82
http://dx.doi.org/10.9723/ksiis.2022.27.5.073  ISSN:1229-3741

AR 79 AhFEAE w98 29 B4

(Analysis of Hypertension Risk Factors by Life Cycle Based on
Machine Learning)

M o|-1) 2 __|2 = g 53

o

(SeongAn Kang, SoHu1 Kim, and Min Ho Ryu)

8 o n¥Gy e UAAFE W] 9L fUddt g9dEo] BiHoz 285y uiol
Aol 7)o wiel 2dstd AEvF Dot B dAY3s wayydS olgd ndt Ao 9FE v
AE 85 AdFrERE Aolg A% ol 98, AWde e FuAgg Al dolEoe
gt Az 2 W AY AAS AA F 3B WEE FEYr 244, EFURE vy
2d F XGBoost7t @ =d BT oS Aol & RAR YWt WETaEE B = F
H AT ndt 913 e9s A Fd9 Ae AJEAY 29, 47 29, %A 2
o] Y fFaNoF eI, wde A g gl AT add, AFEHFT 8o 1
o g8 od E&HJ 2 AF A= AolFriE n¥eh HEd FE&F V2ARE ALE
2 Ude Aog vgEh

Abstract Chronic diseases such as hypertension require a differentiated approach according
to age and life cycle. Chronic diseases such as hypertension require differentiated management
according to the life cycle. It is also known that the cause of hypertension is a combination of
various factors. This study uses machine learning prediction techniques to analyze various
factors affecting hypertension by life cycle. To this end, a total of 35 variables were used
through preprocessing and variable selection processes for the National Health and Nutrition
Survey data of the Korea Centers for Disease Control and Prevention. As a result of the study,
among the tree-based machine learning models, XGBoost was found to have high predictive
performance in both middle and old age. Looking at the risk factors for hypertension by life
cycle, individual characteristic factors, genetic factors, and nutritional intake factors were found
to be risk factors for hypertension in the middle age, and nutritional intake factors, dietary
factors, and lifestyle factors were derived as risk factors for hypertension. The results of this
study are expected to be used as basic data useful for hypertension management by life cycle.
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Table 2 Final Variable

Factor Explanatory Variable
Chronic disease doctor
diagnosis family history,
. H i
Genetic y'];)erten.slon doctor
diagnosis(father),
Factors .
) Hypertension doctor
diagnosis(mother),
Hypertension doctor
diagnosis(siblings)
Personal Sex, Personal Income,
Characteris | Household income, Household
tics Member, Marital Status, Body
(7) Mass Index(BMI), Diabetes
Smoking, Drinking,
Lifestyle strength training day(1
5) week),
Cardiovascular exercise,
Fasting time
. Breakfast frequency per
Dietary
week, Lunch frequency per
Factors .
week, Dinner frequency per
(3)
week
Water, Protein, Fat,
Nutritional ‘Cholest'erol, qarbohydra‘Fe,
Factors Dietary fiber, Sugar, Calcium,
(16) Ferrum, Sodium, Vitamin A,

Thiamine, Riboflavin, Niacin,
Folate, Vitamin C

3.4 Il Xl®E
B oAgolA ALgE dolEE AT Hol
7 189t w9 diolHuul e HgFo] EA)
sh7] wiitol 5 2P Aee Hrtshr] ¢
3 %3 & (Confusion Matrix)& 3 HT=
(Accuracy), A %(Precision), A& & (Recall),
Fl scoreE AsH7/MAEZ ALE3I T} Fig. 1
& @7 Axel 0@ F42 GEd moly
Actual Values
True False
True False
True . .
Predict Positive Positive
Values False True
False . .
Negative | Negative
Indicator Formula
Accuracy (TP+TN}/(TP+TN+FP+FN)
Precision TP/ (TP+FP)
Recall TP/{TP+FN}
2+Precision*Recall/
F1 Score o
(Precision+Recall)

Fig. 1 Confusion Matrix / Performance Indicators

. _ 4, EMZ 1}
(Guolin Ke et al, 2016). o]&gt E7 7|4k = s
e MARHe L MEFHI BFOow, Holg
_ o o 41 27 =8 g7l
of tigk 7hgo] glo] AFEA AR F o
o dIFS = QoES AnA
TR o Table 3¢ 3571¢] WHg gate] 7 vy
oz gAa% £ qlu $3 o] Ath(Lee and .
2 oEW R wdel n@e 48 ovE A3
Lee, 2020; Oh et al., 2021). ) !
Aol Fd dolge A% A¥E P 1
Table 3 Detect Model Performance Indicators
Life Cycle Middle age Old age
Model Random Forest XGBoost LightGBM | Random Forest XGBoost LightGBM
Accuracy 70.03 70.95 70.46 78.89 79.41 78.22
Precision 55.63 53.88 60.03 98.05 98.18 95.91
Recall 68.00 683.30 66.96 80.00 80.35 80.50
F1-Score 61.18 63.24 63.30 88.10 88.38 87.53
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Table 4 The Importance of Variables by Life Cycle

Middle age
N Random Forest XGBoost LightGBM
Feature Weight Feature Weight Feature Weight
0.1430 + 0.0952 + 0.0878 +
1 BMI 0.0112 BMI 0.0104 BMI 0.0079
Hypertension doctor | 0.0541 + 0.0393 + . 0.0363 *=
2 . ) o Sex Sex
diagnosis (siblings) 0.0080 0.0079 0.0098
. 0.0510 + . 0.0292 = . 0.0346 =
3 Sex 0.0095 Diabetes 0.0100 Diabetes 0.0048
4 Diabet 0.0305 + Hypertension doctor | 0.0252 + Hypertension doctor | 0.0253 +
iabetes
0.0104 diagnosis (siblings) 0.0073 diagnosis (siblings) 0.0104
0.0271 * 0.0129 =+ 0.0173 =
5 Household members 0.0059 Water 0.0068 Water 0.0018
6 Hypertension doctor | 0.0221 * S 0.0093 + Riboflavi 0.0106 +
ugar iboflavin
diagnosis (mother) 0.0032 & 0.0043 0.0066
. 0.0199 = 0.0072 = . . 0.0085 =
7 Sugar 0.0061 Household members 0.0050 Vitamin A 0.0045
Chronic disease 0.0184 H hold 0.0068 0.0079
. . . + ouseho ) + X +
8 docto-r dla.gnosm 0.0040 Income 0.0052 Household members 0.0020
family history
. 0.0177 + . . 0.0060 * . . 0.0062 =
9 Smoking 0.0054 Riboflavin 0.0019 Dietary fiber 0.0071
Household 0.0174 + . . 0.0057 + 0.0061 =
10 Income 0.0020 Vitamin A 0.0055 Fat 0.0070
Table 5 The Importance of Variables by Life Cycle in Old age
Old age
N Random Forest XGBoost LightGBM
Feature Weight Feature Weight Feature Weight
0.0011 = . . 0.0038 =+ . . 0.0099 =
1 BMI 0.0010 Riboflavin 0.0023 Riboflavin 0,0033
. . 0.0007 * 0.0037 * 0.0048 =
2 Riboflavin 0.0003 BMI 0.0053 BMI 0.0038
0.0006 + 0.0023 + .. 0.0034 =+
3 Sugar 0.0004 Personal Income 0.0017 Thiamine 0.0021
L. 0.0005 + Cardiovascular 0.0016 + Cardiovascular 0.0023 +
4 Thiamine . ; .
0.0005 Exercise 0.0022 Exercise 0.0018
5 Wat 0.0005 + Breakfast frequency | 0.0013 + | Lunch frequency per | 0.0019 +
ater 0.0003 per week 0.0012 week 0.0011
. 0.0004 = L. 0.0013 = . . 0.0019 =
6 Sodium 0.0005 Thiamine 0.0018 Vitamin C 0.0017
7 Potassi 0.0004 + Household 0.0010 + Srmoki 0.0017 +
otassium 0.0003 Income 0.0008 moKmg 0.0007
3 Household 0.0004 + | Hypertension doctor | 0.0009 + Sodi 0.0017 +
odium
Income 0.0004 diagnosis (father) 0.0004 0.0019
9 Diabet 0.0004 + | Lunch frequency per | 0.0008 + p 11 0.0013 +
iabetes 0.0003 week 0.0008 ersonal Income 0.0018
. 0.0003 * 0.0008 + 0.0013 =+
10 Smoking 0.0004 Folate 0.0023 Sex 0.0010
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