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[Abstract]

This paper presents a machine learning model that predicts stroke risks in atrial fibrillation patients using public big data. As
the training data, 68 independent variables including demographic, medical history, health examination were collected from the
Korean National Health Insurance Service. To predict stroke incidence in patients with atrial fibrillation, we applied deep neural
network. We firstly verify the performance of conventional statistical models (CHADS,, CHA,DS,-VASc). Then we compared
proposed model with the statistical models for various hyperparameters. Accuracy and area under the receiver operating
characteristic (AUROC) were mainly used as indicators for performance evaluation. As a result, the model using batch

normalization showed the highest performance, which recorded better performance than the statistical model.

Key word : Atrial fibrillation, Stroke, CHA2DS,-VASc, Machine learning, Deep neural network.

https://doi.org/10.12673/jant.2021.25.1.96 Received 19 January; Revised 30 January 2021

Accepted (Publication) 15 February (28 February 2021
®® This is an Open Access article distributed under pted ( ) " ( Y )
@ the terms of the Creative Commons Attribution
ML Non-CommercialLicense(http://creativecommons
.org/licenses/by-nc/3.0/) which permits unrestricted non-commercial )
use, distribution, and reproduction in any medium, provided the Tel: +82-62-350-1761
original work is properly cited. E-mail: syyoo@jnu.ac.kr

*Corresponding Author ; Sunyong Yoo

Copyright (©) 2021 The Korea Navigation Institute 96 www.koni.or.kr pISSN: 1226-9026 elSSN: 2288-842X



.M B
AAE] 2 ST A1 291, ol 913915 AHA]s
[1]. 2 AA °F 15008F Ho] mid ¥ &5 0= a1kl
o, 27 suRk o] Apdstar st Welli= 5 o7t
ETH2]. ol = g AFeE S]] o]of WS 39)9] A
i 19lo] Em 2016 7] HE Ao 2 107 4587
o] APZBISITH[3]. HEF] WL A|ul, $-&F, B} 22
e XPOHQ}J@U}H] b D}HL glk}i% ell, o] %ol
Aegoz Ql

p

aL gl

¢

(=]

(

=

4

i |

e rlo
L of

)

i
r_‘::l,
ox,
o,
ro,
=

o
ol
Y
=
>
)
o,
o
0%
N
olN
oF
o
N

D)
N
k1
e}
e
ox
o
fr
>,
o
tlo

IF B
o &L
ol
N
ol
rlr

3
o _ﬂq
rlo
o
=
[
Y
o
o i
i
olr
1o
N,
=.°=
FE
i
r
o
0%
O o
o ot k1
o
)

Q010 wje} 2918] o] Tl opse) 4
= t}ekslk 7| Ao] 2485 HalAglo 2 A _/]%1:]— )
2%, 18, B, F9D 59 ABAAE 7ML A
= 5517} F4lelo] ] 71 sjol = Thet
o= vhisl A4 FUA WAl 4%
o)5k 41214 =74 5 Tokat 1le] &
ol T7HI7IM ol
SRR R HA g ool

_i‘é
33
i)

-

(
4

O
= S

H

=2 |o
S X
=
N
IS4
—r’r-r‘

Jo
2

e
ro,
re
tl

e S ook oy b
A
=0
>
i
X

fo HL % o
boFr L2

Ly
=

= Oé]fsc]:gi o]gH A]Huﬂg
12 A7 g E o giTt 7]
A o] ¥EF APEE HUt
0}7] SEl H AAES AE3lo] A2 ‘:}f“ 7}%ilé 0
CHA,DS,-VASc score S ©]-831© ‘Jr
o} 5l H83tE 93 99 IAES 4]
01 HeldE Sall W55 2 o 5S I3 slo
e R R s T Bt e =

‘5}‘34 71E AR R U 2EE o

A ST wEbA] 2 ATRe] BAS &
‘451-—? MdE S 7HM, AAls
3k Q1 ALEI A, A AY ] 8 AES T
o g5l HedS E3 HES A5 71 g

.

1

il
»
o

i S

ox
f

froneh mob gt 4 KT e

?
et
X
(o]
i
o

ol
-

o o mh X MNE
[0 W of 2 & e oF Hiubua

g FUoolN
&R o R

Bt

¢

ol== b
2-1 CHADS:; score
CHADS; Score= 41 A5-0] 9\)\-“:_ 3h2}e] 7

o] X Frh= Hof|A] 2

it F ST (A

97

SSHH0IHE &8 7|AHEE 7|E &5 Iz oS
# 1. CHADS2 score?| /et M4H
Table 1. Risk factors and their CHADS; scores.
Letter Risk factor Score
C Congestive heart failure 1
H Hypertension 1
A Age(275) 1
D Diabetes mellitus 1
Sa Prior, TIA or stroke 2
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Table 2. Risk factors and their CHA2DS>-VASc scores.
Letter Risk factor Score
C Congestive heart failure, LV dysfunction 1
H Hypertension 1
As Age(275) 2
D Diabetes mellitus 1
S, Thrombo-embolism, TIA or stroke 2
\% Vascular disease 1
A Age(65-74) 1
S Sex category: female 1
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Fig. 1. Overview of deep neural network model.
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Table 3. Evaluation of batch size 32.

all 1:1 1:5
Accuracy 0.92 0.5 0.83
Precision 1 1 1
Recall 0.00033 0.00033 0.00033
Fl-score 0.00066 0.00066 0.00066
AUROC 0.6980 0.6932 0.6994
AUPR 0.16 0.67 0.3
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Table 4. Evaluation of batch size 64.

all 1:1 1:5

Accuracy 0.92 0.5 0.83

Precision 0.54 1 0.65
Recall 0.0012 0.0012 0.0012
Fl-score 0.0024 0.0024 0.0024
AUROC 0.6980 0.6960 0.6980

AUPR 0.16 0.67 0.3

¥ 5. Batch size 1282 M5 HWIlE
Table 5. Evaluation of batch size 128.

all 1:1 1:5

Accuracy 0.92 0.5 0.83

Precision 0.65 1 0.81
Recall 0.0011 0.0011 0.0011
Fl-score 0.0021 0.0021 0.0021
AUROC 0.6960 0.6967 0.6956

AUPR 0.16 0.67 0.3

E 6. CHA.DS,-VASce| ds "HIt®
Table 6. Evaluation of the CHA2DS,-VASc score.

n Accuracy AUROC

9 0.92 -

8 0.92 -

7 0.91 -

6 0.89 -

5 0.85 -

4 0.77 -

3 0.62 -

2 0.42 -

1 0.21 -

all - 0.6448
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