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S segmentation Z1& 1HH 0 Al Regions of interest(RONZHES AMESICH ROI= & 1
2 2dAes 92 #= Aok EF 92 MESY X2 52 242 F=dE o
g 23 M=o, 07tz AL 2 XNe| X

|0
rot

bounding box L{2| ¥HES X2
5t 2223 backgroundE FA|

oz
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Segmentation Classes Classification Classes

LV(Left Ventricle): ZtAIAl NOR(Normal);: &4t

RV(Right Ventricle): &4 MINF(Myocardial Infarction): =2
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(a) Basal Shce

(b) Mid Slice
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3.1.3. Segmentation 2H{z{|o] OrA YU
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BOlE Ft7] fSiME MK, segmentation® imageZFE Z2 classZ
labeling®l voxel?| 7H=& SHOFSICE Fob JH==0ff i nifti T2
voxel?| 27|E &5t Z|

ol EFHIOlE 2

T ROE 5% A2 Ch3dh 2L

=&t 0fof Cht &

volume = voxel num X voxel size

= Z[CH Of&tAle| 2I|0]| M Z[a O|RtA|Q| 21
O O|gtAlel RI|E L0 Fotrt.
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EF =
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—

Agh2 ROof 1.058 &5t A Lotk

MYO mass = MYO volume X 1.05

AE Infocfg THAONA 7|2t S2A
= Lhz 24e| M&20|ct
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3600
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Feature Importances of Random Forest Classifier

Es[vol(Lv)] T

EF(LV)

ES[vol({LV)/vol(RV)] -
ED[vol{LV)/vol(RV)] -
ES[vol(MYO)vol(LWv)]
ED[mass{MYO)vol(LV)] -
ED[vol(LVv)]

EF(RW)
ED[stdev(stdev(MWT|SA)|LA)] |
ES[mean(stdev(MWT|SA)|LA)] -
ES[vol(RV)] 1
ED[mean(stdev(MWT|SA)|LA)]
ED[max(mean(MWT|SA)|LA)] -
ES[max({mean{MWT|SA)|LA)]
ED[mass{MYO)] |

ES[vol(MYO)] 1
ES[stdev(mean(MWT|SA)|LA)] 1
ED[vol(RV)] -
ES[stdev(stdev(MWT|SA)|LA)]
ED[stdev(mean({MWT|SA)|LA)] -

Features

s

T T T T T T
—-0.05 000 005 010 013 0.20
Feature Importances

12 7. Feature Importances of Random Forest Classifier

3.2.2. g JAx

F=El featureE £ classification2 ZISRUCE O] W, 0§27} classification RHSE &
ME 7IHE MEWULCL LHE J|BMSEE soft voting classifierE AM&3UCH AEE

classifierg2 Ofzfet &Lt
1) Random forest
2) XGB(Extreme Gradient Boosting)
3) MLP(Multi Layer Perceptron)
4) LR(Logistic Regression)
5) GNB(Gaussian Naive Bayes)
6) SVM(Support Vector Machine)

7) KNN(K-nearest neighbor)
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Cardiac Classifier

ess (mm) -

3.3.2. g2E 3}
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Cardiac Classifier

Segmentation

o Ol SHON zip OtAS HZ2E o B
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3.3.3. MRI A|Zt3} s}H

32 11. MRl A|Zts} 3t Ul

Viewer Setting

Patlent InfD Enable Segmentation
Disabled

Height : 158.0
Weight : 60.0
= Frame:

Change MRI frame

& 12. MRI A|Zt2t 2t M23t
e ZIXIO| 7| HE MEE HY|

e Al Model 2 8 =&sHH HE2| segmentatione ON / OFF

rir
N
or

e 4D cardiac MRIQ| frames HZAGIN, MAO| == 0|2t

mjo
ot

Lol 8}
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Viewer Setting

Enable Segmentation
Enabled

Change opacity
RV:

MYO:
Lv:

Change MRI frame
Frame:

&l 13. 1Segmentation 7|

e Segmentation 7|s& A = RV, LV, MYOLS| £E8E Z=HO| 7ts

Classification Info Classification Info
Disease Type: HCM Disease Type: MINF

Reason
LV (EF): 2 o
ED LY (Vol): 65.7mL/m= (= 80m L-"mE}

Reason
ED MYO: 14.4mm (= 15mm)

a2 14. &= 2XtQ| Classification Info Ul

e Classification AIZt TICteh ZICHHEDL XIEH ALRO| CHSH 7|&

T

o T 7[=Of B3| ME2 X d =M TIH 7|

1y = =

MM
mjo
[P
=t}
rot
ox
Ho
M
rlo
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4. A7 ZT 2H W B}

Segmentation &S Bt If 08 f1x& 7I8 223 TS0 Hlwsta FMYCE HA

Rahman and Marculescu (2023)[6]2 &1 Transformer2t Attention decodmg% AHE

MERIT 29| 52 &It E3H Baumgartner et al. (2017)[7]2] =22 &) 2D
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U-Netg Bidst DHIS E{EQCH 12|12 Khened et al. (2019)[5]5 X138 A DenseNet
TEE A% FCN Bld EEo| 452 =QIMCH MA| HO|HZE at&st ZEE9| XF
Mse g 29 ZCt
Model Avg Dice Score RV LV MYO

MERIT 0.854 0.865 0.911 0.787

Modified 2D U-Net | 0.911 0.892 0.948 0.893

FC DenseNet 0.882 0.864 0.918 0.864

H2 DY XE ZAnt

SegmentationOf CiStO 2D U-net 7|8t 2Ol H50| MY =A Lig2Lf, stat AHof
N stES Tidst Het stat MHIF B If 2EES NS 5 AQUCE £ U-net2
instance segmentationE AM&d H| X st A[ZHO| 2] ZE{M CiA| S5 A[7|7]0f] Al
70| 2z

Zt classOl ¥t instance@t Z=X|st7| RO O3 instance® TESHE  instance
segmentation/t =0| HR5EXA| RULL I{F 0| instance segmentationE A= U-Net
O] OtLl A4t HI8O| B S0{7k11 7tH{2 semantic segmentatione AtE5t= CHE OF7|
M7 O YSICH EERHCH et S/ E 4s50| @55t stgAlZh ot 7HE A

= =
A 01 222 74517 &0[Tt FC DenseNet2 A1 EHRULCE.

L 250 epochE =&, St52+5 loss 20| E0EE AS =g &+ ULh stg 21

A
T
Jd2l=Z = TensorBoardE &850 LIELLHRULCE.
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Total_loss

epoch-avg per-step
tag: Total_loss/epach-avg tag- Total_loss/per-step
4
- 3
" 2
1
0 ]
[1] 40 80 120 160 200 240 a 4k Bk 12k 16k 20k
avgDice_score
epoch-avg per-step
tag: avgDice_score/epoch-avg tag avgDice_score/per-step
0.995
0.99
0.985
0.98
0.975
0.9
0.96 0, BES
0.9 0.955
0.9 0.945

0 40 B0 120 160 200 240

12 15. €& TensorBoard A2l Total loss?t - Dice score A2fZ. HF2 M2 trainA| logE,

t
FE2 M2 validationA| logE °|0|$tCt.
a3 1500 epoche| &7

to et 2= Jd2fz=7t s=8gg & = A2 FEFot
epochE =XICt TEFSH = QALK

| o |

a3 16t 32 170N |22 Z gt predictions Hlwd| E}S Mz DS Qtgt A
oH7F LERECEH

4

Input Image GT Prediction

1% 16. Case 12| segmentation Z 3}
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Input Image

GT

719 17. Case 29] segmentation 2 3}

Classification 2 & Q| &% ZIt= Decision tree2 =t

o|sHLC I-
- A .
ES[vol(LV)] <= 79565.062
gini =
samples = 70
value = [14, 14, 14, 14, 14]
TI"l‘IE/ False

ED[stdev(stdev(MWT|SA)|LA)] <= 0.463 ES[mean(stdev(MWT]|SA)|LA)] <= 2.091
gini = 7

gini =
samples =

42 samples = 28
value = [14, 0, 0, 14, 14]

value = [0, 14, 14, 0, 0]

ES[vol(LV)/vol(RV)] <= 0.561
gini =

gini = 0.0

ES[stdev[mean(MWTlSA)lLA]] <—h‘

Prediction

samples = 28
value = [14, 0, 0, 0, 14]

samples = 14
value = [0, 0, 0, 14, 0]

gini =
samples = 17
value = [0, 3, 14, 0, 0]

gini = 0.0
samples = 11
value = [0, 11, 0, 0, 0]

VN

P EF(LV) <= 0.499
sa?::al];s 0:‘0]3 gini = 0.124
value = [0, 0, 0, 0, 13] valutseainfllzs D_ (1550 1]

N

gini = 0.0 gini = 0.0
samples = 1 samples = 14
value = [0, 0,0, 0, 1] value = [14, 0, 0, 0, 0]
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