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ABSTRACT

Ulcerative colitis (UC) severity is typically evaluated
using the Ulcerative Colitis Endoscopic Index of Severity
(UCEIS), but endoscopy is invasive and costly. To explore
a non-invasive alternative, previous work proposed a
Vision Transformer (ViT)-based model using stool images
for binary classification of UCEIS scores. In this study, we
extend this approach in two ways. First, to enable practical
use in resource-limited and on-device settings, we
implement lightweight models—MobileNetV2,
EfficientNet-B0O,  ShuffleNetV2, and  GhostNet—and
compare their performance and efficiency against ViT.
Second, we restructure UCEIS scores into three clinically
relevant classes (0-1, 24, 5-8) for multi-class
classification. This work demonstrates the feasibility and
clinical value of stool image-based UC
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Table. 1 Dataset Collection and Split Summary

Collection Period infa(;fes pa#:igxf]ts
Training 2021.09~2022.09 1,625 229
Validation | 2021.09~2022.09 379 57
Test 2022.10~2023.04 1.099 103
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2.2.1 Image-wise Classification (8}5)

of ] 2] ©h9] ol A= o5 dlofE A W 2 T
ojm A& B AR =9 HlolH & sl kg
ot 19 2= ofu] x| &9 k<5 # 2] e s e
Wk & Aol A= ImageNet-21K AR 85 71541 &
Z2713kC.2 ARgSH] f1al E HlolEl= 224x224 3
Areg et shgick 2Z3t dae|E o 2= Adam
SE|IFO| A S ARESlAL 27] SHEE le-30.2 HAs)
Rem, 20 epoch F7|mith ShFES HAAT=
StepLR 2A|=£21E #8359t} Batch size= 1602
475101 - 100 epoch 52} 8142 stk #7144
o7, FESHA| G2 HolE 5 Hestr] 23 Y
33, 3|, CutMix, MixUp} 22 =7} 7|9 =98}
e

Ingut Image RO fmage

{Stool Image) (RGB)

Light-Weight Al Model
(MobilsNety2, HFicientNet- —*
B0, ShuffleNetv2, Grcstiet)

Qutput
class

Fully Connected Layer
(Soft—-max)

Fig. 2 Image-wise training process

2 2 2 Patient-wise Classification (EH|AE)
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Fig. 3 Patient-wise test process
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Table. 2 2-class classification results

24} 2 7|y ALY hEY SBE oS o7

Model Major Parameter Mode Accuracy | Sensitivity | Specificity | AUROC
. . image-wise 0.8526 0.76 0.9168 0.904
ViT Depth:12, Heads: 12, Patch size: 16 - -
Patient-wise 0.932 0.864 0.9661 0.943
i -Wi 0.8071 0.7178 0.869 0.86
MobileNetV2 Depth: 19, factor: 6, Multiplier: 1.0 1ma'ge w1§e
Patient-wise 0.8932 0.8636 0.9153 0.911
. Depth: 18 , Compound image-wise 0.8007 0.7667 0.8243 0.8728
EfficientNet-b0 . - -
Scaling : (1,1,1) Patient-wise 0.8641 0.9091 0.8305 0.918
Channel size: image-wise 0.828 0.8311 0.8259 0.9002
ShuffleNetV2 - -
(116, 232, 464) Patient-wise 0.9233 0.8864 0.9492 0.94
Depth: 28 image-wise 0.8371 0.7578 0.8921 0.9
GhostNet . ; .
Ghost ratio: 2 Patient-wise 0.9223 0.8409 0.9831 0.9518
_ Distribution of 4-Class 7%—:!._9_ /H VIT—Q}' EH 5]_ /%] 1.0 E_O:‘E}‘ ?_1;(_] _—g_ o /\_]
ZtHo|| A= GhostNet¥}t ShuffleNetV27} 71 =34
t}. £3] GhostNet-2 ViT tjH] oF **1/100 4~52] oAt
g 2151.84 MMac)**3} 3.9M 2] w}atu|glgto 2 =0 4
£ s GAsto], e Ast flol AAI 32 7Fs A
w9 SR B SRk
Table. 4 3-class classification results

o1 27 56 78
UCEIS Group (Classes)

Fig. 4 4-class Distribution of training dataset
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Table. 3 Comparison of lightweightness

Model # of parameter (M) | FLOPs (MMac)
ViT 85.8 16,870
MobileNetV2 2.23 305.73
EfficientNet-b0 4.01 390.83
ShuffleNetV2 1.26 151.36
GhostNet 3.9 151.84
231017 &5
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DR VAT ] mretulele} dliteko] A 28
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GhostNet-2 Ghost Module2 £3]| E4 222 243}

Model Accuracy F1-score
MobileNetV2 ;r;a;gz:ziis:e 00_.6579968 gggég
EfficientNet-b0 ;Tsfzt\fj:e 00_'5576268 g?gi}‘
ShuffleNetV2 ;I;?fz;j;s:e 2245122 0(?.6%46366
ot |Gy O

Table. 5 Confusion Matrix of 3-class classification
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