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InpLt Output
Embedding Embedding
Inputs Outputs
{shifted right)
19y 8. A¥H G2 [10]
Vision Transformer
HiFEH vld FokolM % Transformer % g83st7] 9t

A ZE0] o]FojF. VIT Rd2 7|F& AEFMH (convolution) Ak

ol 7

e AN d
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°]&3td CNN(Convolution Neural Network) = 224
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2elg CNN 7¥F 2anth uAd %4 (fine tuning) P4 o A&

dolEEn o e 4%S HolFb mdoth Ed, mdd FE

A g e, ViTe 73+ 1999 2t

Vision Transformer (ViT) Transformer Encoder

MLP
Head
Transformer Encoder ’
Pa:‘i‘l‘lt:‘!:ﬁ?:ll{:nn-b m Eﬁ Iﬁ

# Exira learnable

[class) embedding Linear Projection of Flattened Patches

| I
"“——ilﬂﬁ%@ﬂﬂ
i N . &5 Y :
] L

a4 9. VIT +x[12]

ViTE olnAE 18] 712e919 A (patch) &= £k, 7t
WA AHRE AT 2 el AR VIT-B169] 45, sl¥sH=
olwA o] A7|= 224 x224 pixel, ¥ V2l WA A7)

16 x 16 pixel®, stt}e] oln|x= & 228719 patch® #3x ], X

i)

Aud AP 16x16x3=768°] H}. th3o2 dudd x|
ZFY 2~ EF(class token)S Eo|lx, Z Hxnit} £A] ARE &

91 AW Y (Position Embedding) & ©dtth o] uw, A B 1l
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AA g 2F ghEEH= b (parameter) ©]™, VIT B-16
2do] A Transformer? QIG7}F 12507 %ol U&= FFo|H,

7ZF dFUvE ¢kA] A3 Transformer? <13 T o A

10
off
2
=

At ol @A e dadE AuvdE, BTl HE

2
o
f
A
rh
o

&, o] W Melgow Fo AE9 mpAaE 8 = Q) [12]
ViTold oJeld A x=¢} viA=E Attention Rollout[28]] 23}

ARbE T o= B dEelA VITS F9] 7teAE Hststal, B

golojel  JtEa  AEs  AAHCER Fihe  WReld, REE

dolojelAe] Eoel g ojulde HgHow Uedr. ojuA
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Al 4 2 Holy 54 7Y

ol el Nt PCG AT9 A F sl HolEsh HEshrhe
R wedtel B 4 PNV AT dolE F4 U

afstast ok @49 HolH A AFER st olg B/ o

fl

A% Eo] Fd doldel dal UT W ol B Agel:
A4 & (overditting) & 7540l ¥ oleld AATL  HolH

=7} (Data Augmentation) 7|HS Z&] ¢38a 2= 9lon, o] mdlo]

o
olr
-

Pl 2 o

==

S v x]= A 13} (regularization) 7]¥ o]},

02
r

el 7Rl ViTe F2 oluA ZRASelA AREH=

odle Fas ANE AL & Aok olgdw Aol wlFo} ol
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Image Data
Augmentation

Basic Image
Manipulations

Deep Leaming
Approaches

Kemel Filters Calor Space
Transiormations

Random Erasing
) [ l o GAN Data
Geometric - Adversarial Training Meuwral Style Transter N
Transformations Midng Images Augmantation

Meta Learning

¥ T

Sman Avgmentation ‘

MNeural J\ugmaniaﬁonJ AutoAugment ‘

a9 11, oA ey 4 7Y F[29]

olulA| dolH F%

A vAeM= omx e HolHE UM EEY Ass

Fol7] SIs 71 Ee] BEA R ARRET. AEAR oy Tl
AT oA YedeE  =AE HAdE ®HESfE WHoE
9 # 7] (flipping), M ¥t %W (color space augmentations), 9
2} 2 7] (random cropping), 24 (rotation) 2 HHol <t} o]
WHES oluA|] diovt WstE Fol FIHAQ] HolHE WEv
ZIWMEolH, e olmA e EA3 T3 ARE A ;HAA ot

wazxow ARgHET AR oA ¥ ¥odes AR(E=, AL

23 ,H 2-tjj 8t
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Jugaz 4 lHe weh Gfel deAEz, AFE wd

o= F2 AHEH= HolHAEed del ado] 2 T4 Wl

F7HA] olu X} s A H|EZ 4ol AR o]u]X| (Ho]H) &
Y= = mixup[30]9 WAlo]l AT I 2ok GAN[31] 7]HE9
e o g7 AA B9 (Generative model) & &&3fo] F71& <l o8 FA+

dolE & Adsts el dHolg T4 AIME AHa At [32]

r]I.

Al @ | o
. T

5 A Y dr

o WHelM )]l He

0

A 2} (generator) & T2 AF(discriminator) & o] Fojzl  Fxo|H,
Ao = AA "ol WIE = 7% dHolHE AA s,

FRAANME ol@A Y HolE} WAAAE TR

e
o

Elasy
olgA GAN 7IRte] rEls Faf HelHE A4 A ARgshs
Wl

[33]el w=m, ViTe ShFol= @ <8 Holgrt de® v,
ViTell A4 mixup< &3 doly S 7|Woltt. A% mixup=

LG olmAeld AHgEE Y dely 4 71Me delge)

rol

54 et Tt AR

i

ST 5 glom, oled Ao mu
Sieg gastel, muol delHe H3& ¥ wgshd Eeh:

2~ A g (underfitting) & ¥]lo] ¥H7|% St}

2t M= ¢



22 doly 2%

ZeHolE e HolHE T7HAA BEO des ko7l fE
s 7IMEel ARgET. &g dHolE ek oln[A] HolE= dHolH <
5S40 wol v=27] "l olvjA T4 7ol 4 HeolHe Fad
ARE E4AA ol S ayrt "Wolxith ole] 4 HolHE

gs ket dole F4 /M Se] AFHoigth xg delHd A%

AEIE AR, e AT FER F AL 54 F s
sEMERTROR WAt AT 5 At JUE AT HI Rt
2] dlolele] nUHOR AHBHE HolE F7 el e

S F7Meke e 7% (noise injection), 48] 8] AlZF Sl W&
FE AlZF o]% (time shifting), 289 £:2= w24 374U =g A
st &% W3l (speed changing) T2 7IHel Stk SpA|NE

=Z]

sAERIRS Azl W Fod ARE Gn Qb 29 54

Jm

dolglo]x} A7+ <=x} dlo]H (time—sequential—data) 9] A, ©]& 3t

2 4+ 9x  7]¥Wel  SpecAugment[34]17F ATt}
SpecAugmentol = A ZF HE9 (time warping), e

vt~ 7) (frequency masking), A7t wFA7 (time masking) & Al 714

-

71 WO R HolEE FTAAIY. I 129 FHA o]u| A o] A

HAEH A7t gloH, o] 7L 92 AgE 5 Y= 379
25 J:rﬁ'! _CI:I_ 1—l| =]



HxE(FA, 3}, P E Adgse T4 JAxE FHeE HAS5 Hx9 =5
H2E HEY QA (warping factor) a¥HE olE3dt:= 7|Woloh 19
129] AA oAl Fub mpAYL FaFF AR 959
ARE 7hele 7P¥olw, ¥ 129 dWA olm| Al AIZF wpATS
AFS 5 9959 ARE JHe ZINelt o FEA 7R
"zl AIZF #JE5E"E 7S vasdeltt. &g AVE AAHeE
71 9-At Fol= WHQl Hol= 9l o}%(fade in and out) 7|HE FF
ARERTE o]y E T 7S HolH Y Tttt ARE FARXFICEA,
Rdo] dolEle] FA4 ShFol Qo] EAIZF A7IA goew, RHE9
Atsts weh SpecAugmentys  7FdsEha e 54
29 (computing resource) & L Z 3= G874 Wolt}, [34]

ViTe 8tFole wWe e dolgrt de=w Hw, AFERTIY
ojmA| & AMgFThH dolE o] FRE EFATIA P Ao 2w
574 9 SpecAugment WHE AREShE Zlo] AAT Zojth. o]y F
7ol mdo] dlolEel 5AS wkysh=d WelehA g, e
Ara s w9} 323 g (overfitting) & WA T = S Aot
26 A& &



19 12. SpecAugment 9| A] [34]

27



A3 F AT B E 2A

off
K:)

oil MeME el aAd ViITE 4G xel dolHE
sgal7] el A S ARE oluAR Wa @ g, A BF
male 45 kolyl g8 AW @ woly A Bl oA

Areta, ol WS T8 A & HelHE VITE T8 &7

a7 ool ¥ =meld AREE dHolE Al dis| AsistaAl g
a9 133 o] 4 dHeolHE dely HdA, Heoly FAe X

o1% VIT welel 2ol Aohe ks $3L A

: Data Vision
Input — | Pre-processing | — . — — Qutput
P P £ Augmentation Transformer P

PN
i
of
o
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o,
P>
AL
du
S
i=3
N
i
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% 13.ViT +

A 1 A dolgAl

B =59 Ad¥o+= The George B. Moody Challenge 2022
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golE]Alo] AMg-E M, o] HolEE 2014d 7LHE 8€3y 20154
6EFE 7€ BEtd HFFoA Aotz RE FHFHAG. oz A
diojefelli= 15687 ] #Afell thsh skt oo AR A =53

Sapel] Tlak AFAA AT BA ot LT ek o3 Aol

dugFe Fgo] A4 ABF SAE AETtelAl ddFskA etk

boRRIelA dEsE AR s s, o 0 9

J

Algorithmic

pre-screening Cost: $10
Referral .
MNo referral
(Abnobﬂilhgﬁs;m‘ or (Normal or Absent)
Cost: . Cost:
Depends on number Human screening No treatment Normal? $0
Of refe rrals (auscultation, echocardiogram, ... {but diagnostic errars possible) Abnormal':? $50K
Abnorma/\i\lormal
Cost: $10K Treatment No treatment Cost: $0

% 14. A 44 Z2AA 9 88 (35]
29 ] .a:':~| ';:':r' 1_]




HsHHPV), A (AV),

rlr

3] dolHelA  Z A
FEIFMV), AHB(TV) 2 71EH(Phe) 5 3kt ool A 91A <A
7155 SR A &g 55 dvolHe AZ uE HX fA A
A4 F2715 AFgste] &Ad oz SAFHT. 53 dolg 9] A,
SAT A g AR FApwbe Aolsh, tislelA UiE dHiolE ]l
S5 dlelEl= AAl dHlolE e °oF 60%% 942 RFE A
316370 A 22 delHE Egev, vwA 40%9 HelH=
TNEA o, Zl g9l FrihelEE tilo] AEE A=59 4%
Sl AHgET & E=welA AldskeE HHO® Heart Murmur
Detection from Phonocardiogram Recordings: The George B. Moody
PhysioNet Challenge 2022¢] ZrojstFon, F/HEx = el 1l
B o Bl el it dytE et

oM ARGShe sl HIolE Mol xgels R o

!

19 2o, Axs gaze] 49 228 2o volgrt 43 st

i 7Vsd %
Age Neonate, Infant, Child, Adolescent, Young adult
Sex Female, Male
Height >0
Weight >0
Pregnancy status True, False
Murmur Present, Absent, Unknown
Outcome Normal, Abnormal

¥ 1. PhysioNet 2022 ©lo]E| Ao A AFE3= WHE-
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Clinical
Outcome

Normal | 486

Abnormal | 456

Murmur
Absent | 695
Present | 179
Unknown | 68

32. PhysioNet 2022 Hlo|E| A S 7))
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Al 2 2 AAZ Y oln|A] "ol B

oyl HelMe AEE VIT RES & x5 £ e onA

dolelz Weste Hg= Aofetna ok doly dAAe AgS

off

o7t A= e 43 28 dolEES #5% Atew w57 ¢4
AT #EIE Ao At 1 tgor Ag dolHE 21
A~AEZTHORE WS H, VIT d5s ol ¥ F U= A7Is

Fejol  oluxE sty ek dojEAlel  xFE FHA9

pEte s omdelHe FEAd @AM dHelHZE FSsive

-z
M
o
=
-
ol
do,
e}
-
S
()
[
14,
l
H
[d
juic]
E
0{1
<

doly %%

© =wollde Folxl dlolHel e A Aol glo] A 49

glolg el ¥ A A (re—labeling) oY} A 2] (excluding) + *138Y&}A]

olm| A& 4y W] wFed FU3st A7| 224x224 pixel =

%7 (resizing) 3tAl H™  olu|x|7} ¥33t HARE £AFA HDEZ
olF FHAislelr] Hgoltt. 2 olf=E WX A7]i= VIT B-16°4

A}LEE= F7]9 16 % 16 pixelS AL},



. Sound _|  Signal Convert to Data
Signal | Segmentation | | Spectrogram 7| Augmentation [~

Spectrogram
Input Patch size : 16x 16 pixel

| Demographic | Label MinMax

—| Encoder |~ | Scaler |~ Preprocessed Demographic

Information Information

T 15, 4% 29 dlole W ATEANA Gu W 3y

NE BT BPS Dot APeAA e Y 29 P v

glo] AgF Arow Rdstel mue]l I Ed F A wWE

_

125%, 2622 H+5E @AM e vugesd, 12527 7H4

Aew-2 12557 Hasto] AFEFITH
AAEZTH W o= Aol ViTE dEEH= @l

A2l (patch) G912 v = e AT A7]eh FHC] olmAR

Image size : 224 x224 pixel

Hasit)h 7z A A HolHE 224 x224 pixeld] AHER J#:MO g
Hesl7] 98 F A7) (window size)w 0.112 AFg3w, HA

H] & (overlap ratio) = 0.55 ARt djFto] AsAdFoA AH8-H

AAe 71l HAEE 9 AEPES A A4 fle] 2 REd xi;}fﬂ
F i



o =
5 3z

rlr

o] Esid, ASm=rF 7 Rl A4S HAse)
A3l kA kot

o A5 delH7E 125280 25 A9l 44 pixel oMAE
AFEE] HESot BES Qo2 AlZ 99 (zero padding) & &3&
T E=F 1256%7F 9o A, 125622 YHAE wae Agdsta
% FH B Aolwkg ZebA AREERITE dE S0 I¥H163 ol
8.5%9 Az7l Uupd, ANFzE AdER Ao WHEAI FH FHE
425 74 pixel oluAZ AYFErh o 24%°] AT7F Urhd

ok 5.75%, ¥ 5.75%2 W1 12.5%0 dEst= A THS AL}
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2.2 oy 7%

B Ao gzdgolE = syl AL dolEHE AMLEh,
s =S el diFEe] omEelErE A= dolE e F=
=AZE BARG. o] EAIE syl f1% EabAll W oR HolH

SA7IMe AP kA ATfE om Ao HAFHOoE A=

SpecAugmentES 2 €3t} SpecAugmentolls= F3 uwpAF) 0 AzE

Aol EgEY, T 9o S WHoR Holm Ql/opx 7

ojm#], (b)) Fa= vAA, (o= ARF vkAA, (D) Hol= <l/okx

7IMe AE7 o] Aol

(a) Original (b) Freqeuncy masking (c) Time masking (d) Fade in and out

29 17. dolE 27 M 449 ~dERT
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2.3 ATFFTASA AKr ¥

Holel Az w8 vlole AEdA ATEARH 54 F o],
B 7], AF, Q4 ARE wde Agay] da xS dan.
MEd dolEe A dold AIHE Algse WA H, 7%

JAIEE Agste] HAE doly ®wdte] AMgeigict. 45 @ 4§

Mz U4z dsdnt, Y oy A5 Hd Ha AAdYE

P

o]g3te] WGl om, 7t ~AdEE Aste] EHAE dolE Wt
ARgETE. FAE dlolE ] AF g HWlghs AREslA AT
olgdA AP FHLZ EHAE HolEd: AMEHATG. HFHoE
ArEATH 5ALS [Ages, Sexs, Heights, Weights, Pregs]®
3]

2385, 74 5S4 ¥ A FA= otdel Zoh

Age
Child 664 Sex Pregnancy
Infant 126 Female | 486 True R72
Adolescent | 72 Male 456 False 70
Neonate 6

¥3. PhysioNet 2022 "ol A W53 dlo]g 54 QoF

Weight (kg) Height (cm)
Mean | 23.63 Mean | 110.8
Mode 24.8 Mode 115
Median | 20.4 Median | 115

¥4. PhysioNet 2022 Ho|E|Al X8 dlolg EA 29k
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ol A= BREO FxE AYstua RES sFAIZ B
s 78t Ak Skl ImageNet—21K(o]w]x] 1400%F 7, ZdH X~

218437 o x Atd FHE B-16 VIT REdS Alg3on o Rule
= F717F 16x16 pixelo] o]u|A] F7|7F 224 x 224 pixelo]t},

ojmx| g} A A AgH AT A YRS FEst] RdS TEE]

gk

A gA mEe] R

1o
:?L_"
B
=il
N
e
Sis
o
=
EN
)
lo
H
o>,
23
o

=)
r U

2o sfolAuElvlE s AREPTE VITY ®lx =7](batch size) 7}
T ATol FoAERE HAE AN THsd HAdgs
Abgetd e, @Al (step) 9] A9 AFAoE HAH s Frolulnh
Transformer T3 W2 49 HolHE &3 %2 dss Weo
7] wizel, dolE7E F-Eabd Awol "olAER Akl FH glole

wdlo] A FA5] YT

oATrel A Aljbske RS % 183 gk ¢ko] wAS wet

A Agd AS NzE AFEZ Y oluAE WikEoe ViT Hdd



= kel

EH A dMEE gl vz dadt g R ojnA|

EFE 98 ViT9 Transformer Q1FU e JHET}. of7]o] 5=

9e F 12409 VIT Qme 38 AWM g5sH, viAe

AzTleld EHE SHol A AAYE JAEAs AR 54S

heh olEAl A 5 vHAE SRl SRVl dHEH, 74

o) RN AP FFE BRAAG AFLL BRSA Aok

oleldt WL Fal B wRolA Ashs mue FUsE sudtn
FEe sA
Output

Input

ViT
Feature =
Extractor

Transformer

Encoder [ Classifier #
Attention mask

Spectrogram Present
Inference Class

Preprocessed Demographic
Information

ViT Feature Extractor

Patch + Positional embedding

RERRRERN

Linear projection of flattened patches

e LT T T

Multi-Head
Attention

Embedded Patches

% 18, ¥ w=wolA Ajbske VIT 2d
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P AERI=

STl

oA Z]EAQl &4 R AR i3] dHolE

A E 9]

ZQ%7F =7 wio] 7}

M

2.

L7k W

X

Y X wi x log(hg (xm, k)

WAk AERI AL

[€]

(98]

+

Td oA <]

714 M2

&

yk = 7} F#@ oA molA ZelA kol U

1o A 3),

ol

ay

oA Z A vlE 1.2:1,

thd @lol

dlo A Absent, Present, Unknown &AW H]E& 1:5:3),

a

Aol [37]
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A4 AE B 2

= B

- -

XO]—

o| Rl ol A

2]

2022 st HolEH Ao R e

37}

3)

A 12 B7H AR

B Aol APl AHg

L —

T

R

st

=

A= oA A3t 7teA=E 7S E

=oll A Ak

H

R

< PhysioNet challenge 20222 &4 H7IA] %

3] A3 (challenge metric) & AHE-

3l+= E 22 PhysioNet challenge

S|
=

A A (ablation study) ] ZAx}e}

dolels Fa -

ol A gk

Bige

1ot A8

2}

[-4 (
i

o

R4

o, 4

FAEINE
=

o

3

rfr
e

1o

S0 | =RE=1
o T psd

oX,

3t (Weighted Accuracy) &

A2tk did AaeE Hvg g5 7IEke] Aaolw, daElEo
A AR (prescreening)  B]E, A 7Fe] AAb(screening) al
e (treatment) 18131 JAAS] 7o #e FEs BT dshe

Hlg-o] ol vt ol A

A,

AFIEO] Bk

Abnormal Normal
mdol Ay} Abnormal Nop Npp
Normal Npy Moy
5. A 82 25 RE =5 ¥E
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A7he) s
Present Unknown Absent
Present Mpp Mpy Mpy
zdel Ay
Unknown Myp myy My,
Absent Myp Myy Myq
X6 S AE R = 9y

Cf)?ttt‘g)me = Calgorithm (N) + Cexpert (nTP + nFP) + Ctreatment (nTP) + Cerror(nFN)

T4 4.t vE Fa At

2
AN Cugoritnm & 108, Compere £ (25+3975-17185 +

4 -
11296 5)t . Cireatment = 100008, Corror = 50000s% X 1,
Citithne (B9 B BAT F AR s AASE F v gol Bk

4255 Yo £ vhehunh

el 25 Adeol Fae YEhY, M A s AE S
ofefj o} o] AR

Smpp + 3myy +my,

S(mpp +myp + mAP) + 3(mPU +myy + mAU) + (Mpy +myy +myy,)

Smurmur -

T2 5. W3] Thed dEE AL
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dolg oA 71 21 4ol dolg Zolrt} A& A9 black pixel
olu|A & &l APk NoPrer AMd st&® 715 A (pretrained
weight) Q1o] 85d H$-olm, NoAugt HlolE T4 7192 A3
3%, NoDemotv #77]elA RF-FA4 ARE F7iebA] &

= dr

i
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Challenge Cost

Weighted Accuracy

Outcome identification ablation study

33000
28000
23000

18000
- - - -

8000

W NoSeg M NoPre M NoAug M NoDemo M Final

a9 19 B4 AE AA AT

Heart murmur classification ablation

study
0.8
0.78
0.76
0.74
0.72
0.7
0.68
0.66
0.64
0.62
0.6

W NoSeg M NoPre M NoAug M NoDemo M Final
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A=Yk A B BR 49 £ delgnt AZdelgdA o
2o A%E J12gov, PdelHdd: Wt A% s

ARE BA BR A Tadeldl s @E L Hrield

Training | Validation | Test | Ranking
10615 9903 11943 6/39
7. PhysioNet challenge 2022 A2 gz} E7 32 A4

Training | Validation | Test | Ranking
0.936 0.671 0.69 | 21/40
¥ 8. PhysioNet challenge 2022 %S &7 32

o
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ke

%9 W EZ10°= thde] A= HF e o dE 9
dole Al 2 wvl3ul HF 2 BrE odolgale dig ARrE St
AUROC (Area Under Receiver Operating Characteristic) &= ROC =4
ofegfe] gede] wWZA, AUPRC(Area under the Precision—Recall

Curve) = PRC =4 olgfe] WAS on|sit}. &gk F1 d4, AR,

)

b Agx 8 3] vE HAeE RoFH, o ARE &

7} delelel e At oA TS FAT 5 Atk WA AR
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Dataset | AUROC | AUPRC F1 score | Accuracy | Weighted Accuracy Cost
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Test 0.717 0.569 0.571 0.769 0.69 17145
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Abstract

Classification of Phonocardiogram
Recordings Using Vision
Transformer Architecture

Joonyeob Kim
Department of Intelligence and Information
The Graduate School

Seoul National University

Diagnosis of cardiac disease starts with measuring heart sound. It
provides information about the cardiac condition and function, which
1s important medical information. Diagnosis by listening to a heart
sound through a stethoscope is less accurate than a detailed
examination, but it is essential for diagnosis because it is easy and
inexpensive. A healthy person can hear a regular and clear heartbeat,
but in an unhealthy person, a murmur can be heard along with the
heartbeat. Such a noise is called a heart murmur, and if the
characteristics of the heart murmur and the location at which the
noise is heard are used, heart disease can be judged by this alone.
Phonocardiograms (PCG) data created by recording heart sound data
can detect whether a person has a heart disease, detect abnormal

heart sounds, etc. Developing models is an important resear_lch topic _
% ', 1 ==
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for people suffering from heart disease in countries with limited
expertise and capital, such as developing countries.

The method of modeling medical data can be divided into a method
using a classical machine learning —based model and a method using
a deep learning—based model. Since machine learning —based medical
data modeling requires the direct extraction of features, the
researcher's prior knowledge and pre —processing methods have a
great influence on the data used. On the other hand, in deep learning —
based models, the influence of the researcher's prior knowledge and
preprocessing method on the data used is relatively low because the
model learns and extracts even these characteristics. Traditionally,
many machine learning models have been used for medical data
modeling, but recently, in the medical data field, studies are underway
to improve the performance of existing medical data modeling by
using a model with good performance in the deep learning field.
shows better performance than However, most deep learning —based
models cannot interpret the results, so it is difficult to help experts
in diagnosis.

In the case of the Vision Transformer structure used in this paper,
self—attention is included, which calculates an attention score that
helps to understand the result and converts it into an attention mask,

and it is a model with the advantage of showing high performance in
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the image classification task in the computer vision field.

In this paper, proposing a model that detects the presence or
absence of murmurs from multiple heart sound recordings from
multiple auscultation locations, as well as detecting the clinical
outcomes from phonocardiogram well. A visual approach was used to
aid in the interpretation of results and higher classification
performance. The proposed model converts heart sound signals into
spectrograms without requiring resampling or signal filtering, and
infers cardiac noise and clinical outcomes by receiving the image with
the patient's demographic information. For the clinical outcome
identification task on the test data, it shows a Challenge cost score
of 11943. The result shows a weighted accuracy score of 0.69 for
the murmur detection classification on the test data. In addition, the
model includes an attention mask that allows visualization of which

part was viewed and judged.

Keywords : Phonocardiogram, Heart murmur, Vision Transformer,

Spectrogram, Attention mask
Student Number : 2021—-29046
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