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[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

el 32 3 1RRH AY B TS fls) 18
ol=e] N FETHI60M9F HEF A9k AR} A
agAke] AR I} 17 o HE FE5
gk ElofE PhEgt 2 45 vehi AL gl

F 2. 0o|g] O}E 7% 9 EZ 4
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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B AFM = HEF 1A} 38,6698 WA =3
Al w A} 38,6699 FFE HoHE ARRalGoH, &
77,338W 9] Hlo|E Aoz AFsint. 17| al HEF A3t o
=9 5ol APAS Hestaral 10-fold nAHHS(cross
validation) S #]-8-3}3it}. o]l ek WA F-S FalA] Bt &
St WS A3 oS Rele] 4 A g AlEsta dukslelal
2 gl oo HE Aol 10-fold WARITOR
Stroke-CNN =20l FA3}A] 4-8-5F31t). Optimizer< Adam
o2 AL, SsE T 35 5o stol FEvE K
32 ol o] A Aol A 1} AAsHA A st

3 A7) Aol A= Stroke-CNNE] %2 th2A] A 9)slo]
A Aol A4S TGt E AjolA= BT B
=4 dlojojo] e e AAgakal A EAEE o] Wi batch
normalization A& o7& WA sk Ag@sqlrh. 7)o g%
E2 001 AFeZ 15,0004 T3 34(teration) oA &=
171022 221 0.001, 22,5001 4] F& 31570 4= 0.0001 7L
2 AR5 30,0007 Tl A ShES FRAIZTE T
¥ 32 AEFA golo=E 247, &Y dloloje] AAA
ZE 1~37] 2@ A B AMEE 3} batch normalization AHE-0]5-o]]
AFAINE Ho|al vk AFA, AEFA A4
22 247} 3709 2708 ARE-SaL, A BATE -2 max pooling
} batch normalizations AF8-31S wf 1L #}e] = &5 3t of
A7) = A 0= VeI
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¥ 3. Stroke-CNN 7Zx9H LEF o5 Hetz 24
Table 3. Stroke prediction accuracy analysis by
Stroke-CNN structure

Conv. # BN S-S FC # Acf;f)acy
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



oS Ao M e AR ddd 2= 24737092
N 24 skar A8 AE3 3} batch normalization AF-8-315 0.,
g Ed 3l 22 sloly dEvHE Fdsh HY
o) HEF A3 oS BdS g 2 FAE0I0E 2 AES E
&) 552 0.001, T3 3192 40,0000 o] w] Ak o
2 QPRI oS A5 S BT th-2 H 4T 2 =704 Al
oFsl= -8 3 E DB 7]%F] Stroke-CNN F.2 o] 4] 89.47%
o) W E e AJ5S HoFal 93-S FRlskith

E 4. Stroke-CNNolA o] w20l RS S £Ho| HES
s 2 24

Table 4. Analysis of optimal stroke prediction model with
parameter tuning in Stroke-CNN

e | iortion | raon | decgy | Momentum | A€GEY
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
v.d B

B =R e 712 HES 7] FolE Bk &%
109 F-2] W 71eAS dS5etE dlel S Heksle
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