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47} ArGEs EAdo] wet, 22 o' gojEe] Hlhlolg P T
croret dipsol AMEL Qirk. 58], ol2gAbRofolA] Magenetic
Resonance Imgage(MRI), Computed Tomography(CT), Ultrasonud
images %4 dolElE Festel 215 AHL w2n A IS 9
s chret B4 wdol A7t Mgl =9y HolHg Asos
Electrocardiogram(ECG), Photoplenthysmography(PPG) & A|AIE O]
olEls HEI ATSE Fus| AyE T ek,

zZol= g2 3(Deep learning) 7]&9 A&o g W2 wWAlo] o=
AT It} Held slaols tmAoz HEHC EAS EEcte
Convolutional Neural Network(CNN) o} AJ7FAQl EAlS FEol=
Recurrent Neural Network(RNN) o] Qlct. thofst Al7daksS Eof st
wpro] oieb B, MY Ze A7Se] APHL ok S Wuole
AEag, xRS0 gt AESSe S5E A% ¥ Yelo] et
AP FFE PAOE 3L APt Yol L, vAL FEe A

w2 xA g1 clolele] S4& FAakSL Mz e dlolelo] oishA

oz AFASY 7leo] YA
dARCR Holy Exd i A siAd o wAEJY. HA EﬂOlEi
e q;nﬂ JElollA] £5] WABsl: @afolch. AR o] ojolEjof|A]

= ; § AgtolLt Aol g HolE: A
27tugt @afolct. ol2fgt HloEl g 1AL
2l'd g AldYsHAl =W, dio]E o] XujAQl Fef Ao tisiA HEe}
wd2 shgo] §u ot a4 Feao] ot o5 L HE] ol
Mozl ®oixl7] €k thgoR AR siMo] me 2ARe gy
S| o

deld BAe s, Bl BE coje 2RFL sasty] Y 4
WA AEE B H5e ulaslo AKe] Y5 L WEe AL, YA



ol mE EAMEe FY AAE doleH Fa AIKIRES wAE
S WS AHgstel 5 NS, AYAE AAE dlolEl] o] A
S Adtstel AA oA A ¥y OAYZS Dyt Yejdor
Qgm S| Mstol sAstct

otEOA = AA B tojE 73559 OFelt AAEE
TEOA S EF/7]+= 2l=2Yl(Resnet) BH-S AREsto] A=
sh5& Xlgisto] 871X]19] AghS 2 H3t

AGA SiAIFEO|A = PTB-XL 90429, F= 719999 dut A
SSA @delE AT S ARESTE o] mEoAE A AX =] Qujol
H(preQ), QRSEHAN(QRS), Su} o]F(PostS) = U0l QEQITIYH 2
S APgsto] g Addstal, AWAlE @Y Xz il Hrts Al
R Aot AP HREo ol dAlE Altste] At A

= dlojE 299 TEOM+= et Fl

= 475 096 28 Focal &ATaE ARESH Ado] H
d FHA M 22 ds B

A mtEO|ME ZF £QBHol PreQ,QRS PostS ZF miof
2= Mean Squared Error(MSE)& AAHS ZIs§gi 1, AlUbA|
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2. AFR=31 Y (Artificial Intelligence and Deep Learning)
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AL 1943d Y3l WZZE(Warren McCulloch)at €E
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Tanh 2 tanh(z) =
_exp (a)
ATETA B T
Y expla,)
j=1
RelLU 32 f(z) =max (0, z)
ELU a5 f(x):{ ("=1),2<0
XT
LeakyReLU 8tz f(z) =max (0.01z, z)
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2. A
(1) eflolgAl

HolH+= A& oMY F=(Muse, GE Health care, USA) A|AEIO 2
FE] 735559 AL HolHE ARttt HlolH& &34l ofolds] oA
SRU(IRB 2021-1259) &2 do]Eo|tt. Tlo]El= 18A] o4 HAtollA
12 8]=(Leadl, Lead2, Lead3, aVL, aVR, aVF, V1, V2, V3, V4, Vb,
VORI E 1022 +dd dojgola, MEFELE+ 500HzT LITA[Z
th(2210) glolg9] ZefjAa= = 87J= atrial flutter, a first or
second degree AV block (Mobits type 1), supraventricular
tachycardia(PSVT), a high degree or complete AV block, sinus
node dysfunction, sinus tachycardia, ventricular premature
contraction(VPC) =3t} dlo]EAlQ] v]&2 AT 32.3% HEH 3.8%
7HA] Hlole E+tgo] EXfste dlolgAloltt. HlolH M2 & 3VHA =
=@ dlol8Al, « HlolEA, stelZ2A HlolEAl o]FA SdH
Ev 3 UolEA2 Hlol8 Extgo] U= HolEAlo]al, w1 HlolHAle
Vg afIAal] Tier BE %EH’\J Mg L5 BHEE dlolH
Alo]al, ste] ZefiA HlolHAle ALIAE st Feiaz 4l Hlo]
g Alojct.(& 4)
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cl Name of Imbalance Balance Subclass
ass
class dataset (%)  dataset (%)  dataset (%)
1 Atrial Flutter 655 (8.9) 279(12.5)
Ist degree
AV block or
2nd degree
2 AV black 279 (3.8) 279(12.5)
(Mobits type 1540(20.9)
1)
3 PSVT 307(4.2) 279(12.5)
High degree
4 or complete 299(4.0) 279(12.5)
AV block
Irregular
narrow QRS
5 tachyarrhyth 1451(19.7) 279(12.5) 1451(19.7)
mia
Sinus node
6 dysfunction 850(11.6) 279(12.5) 850(11.6)
Sinus
7 tachyarrhyth 1132(15.4) 279(12.5) 1132(15.4)
mia
8 VPCs 2382(32.4) 279(12.5) 2382(32.4)
Total 7355(100) 2232(100) 7355(100)
= 4 AYE Uolg Bx

_’|8_



of A sYdgt YRl dolg AANaE Al
+ 7159 A9 oz UAshe 7
I AFB]=7] Z2fo](Savitzky-Golay) BE|S Al

2E coleAe
5] =4 dlolelo] 3712 Qs Wy

B3t HA AA &
AR Aes A7skl s
&3to] A Fuh wo]=E A|ARh(1

A SEEs S YRS Aatet S Y. B de Fg-
A4 A3t (Min-Max normalization)S %X13§5te] XA oolglo] =
£ -101A 1Ao]9] gtez Aets Alageh(Ld11).
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3x3 Convolution

3x1 Convolution

3x3 Convolution

1x3 Convolution

Concat

5x5 Convolution |

| 3x3 Convolution

| Covolution layer | | Pool

Factorizing & asymmetric convolutions

4G 2ol

Ll

ot

_24_

bl

A

| Y

Grid reduction

e =E PN

=5
=}



3. A+

okl

7t

N

23

Aeo) Prte SFE2NM AMREE F7HR RS 285to] 2 49
of oiet PrE At {7 fas FeEk(Accuracy), AFAUE

(Precision), Ajdl&(Recall), F1 ALE AFEstch(:®5) AlOA  True
positive(TP)= 20| o &35t /g 7AlolA F AA| /g Aol Ao sfidst
+ A& UEU L, True negative(TN)2 ZHo| o &3t 34 7ol& &
AR 274 7ol A(Case)of| dligsh= A& YERU L, False positive(FP)+=
Ddo] goz oEsiet AAlE 54U AlolAE YERJiLL, False
Negativer ®Ho] S0z 53t UAle ¥4 Zolas UEd

ch

olr

H71x 5 A

TP+ TN

J k= (Accuracy) TP+ FN+ FP+ TN

A & (Precision) %
Al & (Recall oV
F1 A2(F1 score) 2 % (Precision x Recall)

Precision+ Recall

5 23 JUt Alw
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At 7f Ze2of st B7F Zaker 2F Ao dist H7HE Micro
average A|HEZ AREsto] H|WSIITH(E6,H7) A BoA= AMESH +
g HlolHAl wHo] A= 0.859F 0.86 Atolo] ZAubrt Uit o]+ f
o|E| S dFgAor FER7] sl HolHE ALFEAY JeE Algtcte
A2 23] d5o] BojFaZ & 4 At ol txaNog A AoA

_/'5_
Se)a JhEA BeE 2ZeA ¥4 2Uo| A} & Hojg 2@

g 2o uls) Bt 5ol AMHAL. 1 F, mH2A 4 2do] 7}
A 450l F1 A4 09602 7Y &8 45¢ Byt 319 222 2
5o AR RRATE FL AL7E 0972 BE A sl 7V &
B % AN BF ASIRLED LRE 0 R R

of chat 5ol WolFee B 4 rk WiE mT2A ¥4 o
MM 1HS ALt & a4 Zf2o] it 27 50l A FEHA
ot

Type Accuracy Precision  Recall  FI Score
Imbalance 0.92 0.92 0.92 0.92
Focal loss 0.96 0.96 0.96 0.96

Class weight 0.95 0.94 0.95 0.95
Balance 0.85 0.86 0.86 0.86
Subclass Ist 0.97 0.96 0.97 0.97
2nd 0.85 0.84 0.85 0.84

I 6 72t Addd nd i Ayl(Micro Average)
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Class

Imbalanc
e dataset

Focal
loss

Class
weight

Balance
dataset

Subclass dataset

First Second
classifica classifica
tion tion

Atrial
Flutter

0.77

0.87

0.86

0.85

Ist
degree
AV
block or
2nd
degree
AV
block(M
obits

type 1)

0.85

0.94

0.91

0.68

PSVT

0.78

0.83

0.81

0.92

High
degree
or
complete
AV
block

0.75

0.88

0.88

0.85

0.85

0.86

0.93

0.82

0.79

Irregular
narrow
QRS
tachyarrh
ythmia

0.92

0.98

0.97

0.65

0.98

Sinus
node
dysfuncti
on

0.97

0.98

0.98

0.98

0.99 }

Sinus
tachyarrh
ythmia

0.93

0.95

0.96

0.95

VPCS

0.99

0.99

0.99
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Study Method Class Precision =~ Recall =~ F1 score  Support
1 0.87 0.64 0.74 136
2 0.78 0.56 0.65 67
3 0.67 0.92 0.77 57
Ribeiro 4 0.75 0.84 0.79 58
(ezt.ozaé.) DNN 5 0.89 0.88 0.88 284
[17] 6 0.98 0.99 0.99 178
7 0.91 0.96 0.94 216
8 0.97 1 0.98 475
Al\feigfg’e 0.91 0.91 0.91
Class Precision  Recall F1 score  Support
1 0.86 0.77 0.81 136
2 0.95 0.72 0.82 67
3 0.8 0.93 0.86 57
Ssk%i 4 0.7 0.92 0.79 58
(2023) | Resnets0 5 0.97 0.89 0.93 284
[18] 6 0.99 0.98 0.99 178
7 0.93 0.98 0.95 216
8 0.98 1 0.99 475
Al\feigge 0.94 0.94 0.94
Class Precision  Recall F1 score  Support
1 0.85 0.66 0.74 136
2 0.77 0.72 0.75 67
3 0.73 0.92 0.81 57
Zhou 4 0.73 0.76 0.75 58
et.al. Resnet50
(2020) | + LSTM 5 0.9 0.92 0.91 284
[19] 6 0.99 0.98 0.99 178
7 0.93 0.97 0.95 216
8 0.98 0.99 0.99 475
Al\feiggge 0.92 0.92 0.92
Class Precision  Recall F1 score  Support
1 0.9 0.83 0.87 136
Our Inception 2 0.95 0.93 0.84 67
study Net 3 0.79 0.88 0.83 57
4 0.87 0.9 0.88 58
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5 0.98 0.99 0.98 284

6 0.99 0.98 0.98 178

7 0.9 0.96 0.95 216

8 0.99 I 0.99 475
Al\fégge 0.96 0.96 0.96

% 8 o]d wavto] 4% ul@ Axt
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Autoencoder) ¥ GAN u} Z+e chofst m@llSo] Al
2 ZAIsPIL ol &Skt AFgElojstch Thillel[21]
dolEislol A AT B2 EAE 23 4 9
X Q& 93y & &8st Fl1 A7 0929 =&F
A7 A Jang 9J[22]2 G AAE Al g 7|¥Ie = 471X /9
A AFA] S} 0 ]o};‘;])e UR157198) st wold QEQIAY wHS At
st R oAl disiA F1 A4 0.86, AHAlsol ozt F1 A
0.769] =& H3th Hou?l[23]2 RNN 7]d¥F LSTM QERQIFH ©
2-gstof MIT-BIH 7™ do]EjAl-Z ARESHo] 7d24tat u]7g 4
Hoto] AAAR] Hot e 0.9940] =3t R ERITYH
2f GAN 7|8F Rt AL EQlon o4 X ©X] d5 T
= OlFAH. Zhu 9J[24]2 A v 2HAE FEGH
o ugd A EE 85 96 LSTM 7|8F GAN 233 ’\}
st 0.819] AL5g HICH Qin%[25] & AA AAXL
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ol 2fgt ‘EH_L%A woujet 52 BEIRUAT Al B2id 2= o
H Adts W2 gaiSoA dAA siAd digh A7 55k A7l
5] SdurAz Jdopgitt o] sHS Z2Es17] s Class Activation
map(CAM) % Attention 7|8F RE0] ALE-E]o] of &35t Aol dieh AT
RelZo] S| A+ H ot [26-29] SHA|TF o]2et A
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kA 237 TEoAN s AR ddAuE THAle s Qi O]
A(PreQ). QRS F+7HQRS), Sut o] &(PostS) & wof o5 Zgsh= A
MNE 7S 71X AAF AR TS [STM 7|8 9 EQldr] nalS &k

of 2 Ze|xol Cfat olYx] HAS ALG AP AT AAHS A

ottt BAPO sloj ohgat Lk,

ol
—_

-HIR| e Stg2 &l diolE 2R AaF= AREY 2hEd HlolEAl
of At BE25 dsts sl ol dAl BAIE ARESH USe

— R

il

-9l 2ol A58 FaE AYRoR s SAsh WHEE Pred
QRS, PostS 22 oz

O
I YIS 2 B

2ol Oal
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12-lead ECG
Two independant
Datasets

Preprocessing

A7 dole] X, Buats
o2 o]2olx girk(2H15)

Al e A

| PTB-XL

China

Extract lead IT

Filtering —»

Dividing
Segments

—» Normalization

g

Training da tasets Experiment A Experiment B Experiment C
PTB-XL China PTB-XL China
Training | Training | Training |
model | model | model |
1 1 1
1 1 1
DL model M Y A
PTB-XL & China model P cim
model model
] T o
v 7 [T 'N
Anomaly detection Unseen data Unseen data Unseen data
PTB-XL China PTB-XL China

‘ Calculate Anomaly score and Detect Anomalies

Evaluation each segment ( Accuracy, AUROC, Precision, Recall, F1 score )

=2 15, A9 @ H(Overview)
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(1) dlo]EAl

A9] HlolHAlL FadolEAl PTB-XL =% Ho]Eje} PhsiyoNet of
A Alet E=olEE A&t PTB-XL Hlo]EjAl2 1989 OflA]
19967HA] mUoAl 5749 12 & AA = fojEo]il, F 1888572
gt dlolE9] 21837 HlolE 7]E3 ARESIH.[30] F=UIolH= GE
MUSE ECG A]AHI0| 9]5]] Shaoxing People’s Hospital of Chinaoj]A]
7128 1222 AAE golHoln, & 10646%0] ARt 7|=g AMEE
chi31] % dlolElAl B 10£9) 7|=u 1B 4% 500Hz olch ¥ o
Fol AF8% clolEl: PTB-XL S9 dlolelo] AANAE 75287, A%
Als AdE 1514702 S=tol8 9] A= 541971, dHAls AX=
1780715 =ststy, 128]E % 2]t 2 7|20F £5510 @A =9 AlA
T2 ARgSIth 2] 9] AdE E6l 2He] dvhdE dSstt A
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(2) A2
A g2 STz TEHY, A= 2, A4s 2 =
AREY] MEm Lol2(7|AA &59) & 150 Ro|=2(HYAd kolx,
TSEH)E AAsH] Yl Fuks HYE 0.5004 50Hz= 7St 4%} H
B Y A (Butterworth) Yi=1jA =g (Band-pass filter)E ©o]&stth. =H
F A&9o= A=Y DU T HEA Qudles §&2Q PreQ,
QRS, PostS #&& Uttt WA Y BES UR7] Hsl 10X HlolH
o] Pan-Tomkin's ¥12]&5 ©]-&5to] R peaks 7&%@%[32] 74§El
R o3& 7} beats Uw7] {sh 3719 RHJi
Fg 7I&e= & R O3zt A 1/3 H R Zh
2 Uro] s} ol AlM g w|EE uk=ch TJ2]7ubA PreQ, QRS,
PostS RE2 7] 9o, @ vlEo|4 Qu=, REZ, ST2S Z&3
r}. Roj3 = 7]£9] Pan-Tomkin's ¢85S o|8&35to A
3= ©4 Ru3 o]A 0.08% XX fo]g2 ZZEstc}
&4 Holg Atol9 7lg7les ettt A 71=717F A
=52 v 279 KWO QumIz 7‘*°}Ur St Yo
L RE3 0% 0.1 CloElE &1 R-S $¥o| 7|27
o2 S40l4 Y42 HHE XM SHAE FUTh Ay
AI7je] B 02 PreQ. QRS. PostSZ UhrA| Hu, 7} B8o] &
Qo AR h2s] gee, Ue 24 AE Ry EL A R

_F_. ﬂ.l\ﬂ.l
lu
N T
G
_12
Do
~
w
"
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m

) go |
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RO

n 0%

B P

Im

gl B2 A7 PreQe 77 B8 174 AZ(sample), QRS= 280f4
62415, PostQe 16704 3628MEZ= =14 HYUol sigst= tlolH
o ZFARIG. 2 auA ZF 2729 sigste AT HojEe] RExE
A7t HAe = grR7] sl A|O-FA At WS ARESHY HlolH
of =35 -1o14 12 s A88stth. (RAHAlgE A2 Chapter 1-(1) d
olEAlS A1) 72 ARE BEo] gk dort AE 27| o], g2

1219 =alslA| 517]198), PreQ, QRS, PostSo] Zol=
256,64,512 Zojg zF 588 X2 mjdd(Zero padding)s Sth.(2H17)
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Time(s)

| Dividing Beat

L

LA

ﬁ

PreQ

Segment
_

QRS

PostS

}

Od 17 e AOHE 1t

- 38




(3) Held 2

2 9i7o] ALgH BHE RNNOJ & 7]¥Ql LSTM 7|3 egqlag 7
A% AEEh RNNE AIAY dlolelet 2ol of@ 240 mhe Hlojels
233 o] 93

3 71olch. RNN9| 7124191 Qgji AAY Solele] A
IHQl B F, aA0] 2 guo] 532
(Hidden state)g TAE=Z A|AE HA| JBE
gk RNN 712 ieidjole}} ﬂom o AZichol] Qi Wwst 2Ad
o watd olg s1Est71gls) mere welo] LSTM melo]ri(1318).
LSTM 22e 37| tojeje] An %% ALy AsfIFL B o]
El2 2 woistel olef dlolEl & o|SstES shik wlolch 118
oM We 218 71ERE Uen, 248 g4t AdRoc A4S
A}G3CE. WA Forgetgate TS $3ll Solet U2 oldo] word
dolelg stz @Ax) Juo| ojuure Agstn HURAA AR
CHEI-A],(1).(2).3). TZHIUA A @eld & 5 95 10}
UeiAo|Eg S5 oW Yue M= AFUUA AYACHA()6) olF
of F71% JEE AWSIHN BAMoR A YEL AAg Hof o
re =53tk 919 AF3 LSTM /|9 /A1 0EQIN BUL
o
2

SN—
S

EH3Z
FHYG eEaE YArolEe] E4g xEsto] HojEo] A
A=5t= OolFG(Encoder)?t A== EX(Representation)S T3

(Decoder)& ©]-&5to ¥3ut 22 AHLAO] GojE 2 tA] 5ddt= 2
2 FgEof A=A 19).

Cei‘l state > R s .
Com 1 oS Ly & £
A -

I 18 LSTM +&
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A
24

(1) fo=0(W; e [h_y 2]+ b))
(2) iy =0 W« [h_y 2] +0)
(3) C, = tanh (We « [hy_ 1, 2,] + bp)
(4) G=/*C+i*G

(5) op =0 (W, « [h_1,2] +0,)
(6) h, = o,* tanh (C,)

T 9 LSTM Al
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Encoder

i X
o
T

£
“3;5',,@ N

|

Input Layer

T2 19 QE0lFY V| BELE

Latent Space

_4"_

Decoder

Output Layer



PreQ, QRS, PostS 29 37|15 &Y +x29 Bd=s st52 ASgsith.(2
d20) A3t dHGolg x& ot 7HE5X] Wet HEo] Halijq &gt
g o] Foi7tal, ojn &/dst g4 ®HAIE Stolm-E2(hyperbolic
tangent) S ARESITE QIFTQ] 53 Z+= OA] A9 YYo=
=017} d¥dlolEjet 2 Al HoJEE A3l
SEEs d8Yolg e 42 & FE5tL &5 A
= blolgrt JHholeel Fo] A4t sk Aol

reconstruction £Ag4H~= MSE 33 AR5 %F:,E] =k 7<a4E1]o]
BjZt QAL 4%} HEs 5Z AS8tH(A]). wHe] AvbAlel Tl
= 2 2r]. zdo] olgfQo] 379 LSTM gojoj= A5t LSTMO]
+A(Unit)2 64712 AJAsto] AYHA £ Als S YFsHL, I vt
2 16702 Al&ste] 2vf4 52 AlsS AjpAdsich ®11s 239 5t
o] u}2}u] Bf (hyperparameter)S WERHCTE.
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A
24

how‘put of encoder - f(wix—l_bi )Z f(Z)

z=f (wh+0))

® 10 9EQlAY Al
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Experiment

Loss
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Experiment Segment Normal AFIB Threshold
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AUR F1 Clinical

Study Method Dataset oC score explain
Kent et.al
33] PTB-XL 0.98 - X
Xu et.al Feature extraction +
34] DL MIT-BIH 0.95 - X
Jo et.al
[35] PTB-XL 0.97 0.93 0
B Chen
et.al
36] Own_dataset 0.98 - X
Anderson
et.al DL
37] MIT-BIH 0.94 0.97 X
Petmezas
et.al
[38] MIT-BIH - 0.97 X
Kropf
et.al CINC (2017)
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Czabanski Feature extraction +
et al ML
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JE X = (Abstract)

With the advancement of the Fourth Industrial Revolution,
various studies have been underway due to the formation of big
data in recent medical data.Studies utilizing time-series data such
as Electrocardiogram (ECG) and Photoplethysmography (PPG), in
addition to medical imaging data, have been actively conducted.
Recently, the extensive accumulation of such data has led to
significant advancements driven by the application of Deep
Learning technology.With the advancement of medical artificial
intelligence technology, there are inherent Ilimitations. The
prominent ones include data imbalance and challenges arising
from clinical interpretation. Firstly, data imbalance is a common
occurrence in medical data. It adversely affects the performance
of minority classes in classification model training, which can
have critical implications in medical data. Secondly, challenges
stemming from clinical interpretation arise from the uncertainty
in deep learning analysis methods. The term 'black box' is
frequently used to describe deep learning interpretation,
indicating that it's not always clear how the deep learning model
arrived at its analysis given the input data.Therefore, this study
aims to address these issues. It conducts deep learning analysis
using electrocardiogram data. To mitigate data imbalance
resulting from the analysis, four experiments are conducted to
compare performance and identify the optimal approach.
Moreover, to tackle challenges arising from clinical interpretation,
the study utilizes unsupervised learning to train on three key
segments of normal ECG data. Additionally, it calculates outliers
in atrial fibrillation ECG data, emulating the diagnostic
mechanism of actual medical professionals, and employs deep
learning for clinical interpretation.

In the chapter one for addressing data imbalance, actual clinical

data from 7,355 individuals with multi-lead electrocardiograms is
utilized. In this phase, a ResNet model is employed as the
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classifier, trained through supervised learning methods to classify
eight different conditions.

In chapter two for the clinical interpretation, a dataset
comprising 9,042 individuals from PTB-XL and 7,199 individuals
from China is used. This dataset includes both normal cases and
cases of atrial fibrillation. Within this section, the normal
electrocardiograms are divided into three main segments: pre-Q
wave (preQ), QRS complex (QRS), and post-S wave (postS). An
autoencoder model 1is utilized for training. Furthermore, the
model is evaluated using electrocardiograms from patients with
atrial fibrillation. This evaluation involves calculating outliers to
mimic the diagnostic mechanism of actual medical professionals,
allowing for the classification of normal and atrial fibrillation

cases.
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