P CIXE28I=st3|=2X
-+ Journal of Digital Contents Society
* Vol. 21, No. 6, pp. 1191-1200, Jun. 2020 M) Check for updates

SR M RHE Al A KSBE% = , BrREZ=stoi el ol 8SHAIYE gAlE o T el
SEUALR T FoiMAM Y, ‘SHRMASLATY KSBEHATE Ml T
St EZE DSl el O RSFAIAE 2 oloi el

Stroke Disease Prediction based on Deep Learning using the
Elderly Cohort DB

Jaehak Yu' - Soon-Hyun Kwon' - CheeMeng Benjamin Ho’ - Kyeong-ran Lee’ - Nae-soo Kim' - Cheol-Sig Pyo* - SeJin Park’

'Senior Researcher, Department of KSB(Knowledge-converged Super Brain) Convergence Research, Electronics and
Telecommunications Research Institute (ETRI), Daejeon, 34129, Korea

Postdoctoral Researcher, Research Team for Health & Safety Convergence, Korea Research Institute of Standards
and Science (KRISS), Daejeon, 34113, Korea

®Manager, Department of benefits strategy, NHIS(National Health Insurance Service), Wonju, 26464, Korea
“Principal Researcher, Department of KSBConvergence Research, ETRI, Daejeon, 34129, Korea
®Principal Researcher, Research Team for Health & Safety Convergence, KRISS, Daejeon, 34113, Korea

[ oA

HEFS A AAN SR G} A3 oo 2 ISk T8 s AP Rl o), A o] AP F AR A ofl w2 wjd 709]
g o] AFgAE7Y AR AL Qe 58], 2030 ol = Q1T T SRR Q15 HEF T Tl F 3 g o] 36| o] FE T A0 R oY
=3 vk WA HES Ao 2 AP X 58] Fehs Fo| L AR A £4& HAselr] 918 AT A A E] 87 A gl
B =X = g4 5417 W(convolution neural network, CNN) 7]HFe] ¥ &% A8 of| 58 7157 sl M2 23 A 4
it & =iellA = SRRl A FIHE 604 o] /do] LA} T E 558,147 ©] Hlo]El & o] &-3to] HEF A g
o & 2dS HAF3AT AP S Fato] gh=Ql AEAE Qg HEF A3 oS Az} mdle] IS gkl
[Abstract]

Stroke is the leading cause of death worldwide after cancer and heart disease. According to a statistical analysis of deaths by Statistics
Korea, about 70 deaths occur every day. By 2030, the incidence of stroke disease is expected to surge more than three times due to an aging
population. Therefore, research is required to reduce the burden of death and medical expenses and minimize social loss due to stroke
disease. In this paper, we designed and implemented a new model that enables CNN-based stroke disease prediction. The model for
predicting stroke disease was verified by using data from 558,147 elderly over the age of 60 published by the NHIS(national health insurance
service). Through this experiment, we confirmed the accuracy of the model and the prediction of stroke disease for the Korean elderly.
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Table 1. Number of main tables and tuples in the elderly

cohort DB
Table Name Number of Tuples
JK DB Table 2,105,304
GY_DB Table 67,219,744
GJ_DB Table 502,830
TO1_DB Table 401,251
YK_DB Table 196,884

% JK DB: Qualification DB, GY_DB: Diagnosis DB, GJ DB:
Medical Checkup DB, TO1 DB: Long-Term Care DB, YK DB:
Medical Institutions DB
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Table 2. Number of data mart deployments and tuples

Table Name Number of Tuples
DS DB X GJ DB Table 14,334,844
JK_DB X GJ DB Table 502,830
JK DB X DS DB Table 67,219,744
DS DB X PRE DB Table 170,024,778
DS DB M GY_DB Table 199,092,962
DS DB X CH_DB Table 209,245,603

% M: Join Symbol Between DB, DS: Diagnosis Specification,
PRE: Prescription, CH: Corporal History
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Fig. 1. The overall architecture of our proposed system
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Fig. 2. The architecture of Stroke-CNN(convolution neural network) using elderly cohort DB
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Table 3. Stroke prediction accuracy analysis by
Stroke-CNN structure

Conv. # BN S-S FC # Acf;g‘cy
2 O average 1 74.14
2 X max 3 73.57
2 O max 2 78.69
3 O average 2 84.81
3 X max 3 82.98
3 O max 2 85.64
4 O average 1 82.33
4 X max 3 83.63
4 O max 2 84.88

% Conv. #: number of convolution layer, BN: batch normalization,
S-S: sub-sampling, FC #: number of fully connected layer
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Table 4. Analysis of optimal stroke prediction model with
parameter tuning in Stroke-CNN

Ve | frton | o | deeny | Momentum | G0
0.01 30,000 50 0.01 0.5 84.80
0.001 30,000 100 0.001 0.9 85.79
0.0001 30,000 100 0.0001 1.0 85.71
0.01 40,000 50 0.001 0.9 87.69
0.001 40,000 50 0.001 0.9 89.47
0.0001 40,000 100 0.0001 0.9 88.96
0.01 50,000 50 0.01 0.9 86.10
0.001 50,000 100 0.001 0.9 89.35
0.0001 50,000 50 0.001 0.5 88.87
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