RErRERE R
Korea Computer Graphics Society Vol. 32, No. 2, P. 23~31

yud = O
FAE" @At Ay’ d=4* zgat
sz Eg o] g3t

* A A A

hlhong@swu.ac.kr

Attention-based Multiple Instance Learning for Classification of
Inflammatory Activity in Crohn’s Disease Patients from MR
Enterography

Seohyun Hwang!! Hansang Lee!! Nieun Seo? JoonSeok Lim? Helen Hong!’

Department of Software Convergence, Seoul Women’s University
Department of Radiology, Severance Hospital, Yonsei University College of Medicine

7 .
A28l 3, DINOV2 RS 7 %2%7]2 88511 Top-K o8l 4 £ A = 9e 55
229 sMaRIA A48 A& 8t} 20882 37} dlolElo] g A% A7 DINOv2-Smallz o] €l4 714 £ 2 Top-K
Jdrds AEK=3)S AT mdo] 77.78%9) M4 $4% Be A%LE FASden], A4se So mdol

Abstract

This study proposes a deep learning framework that combines a foundation model, DINOv2, with an attention-based multiple instance
learning (MIL) strategy to automatically assess inflammatory activity in Crohn’s disease from magnetic resonance enterography
(MRE) images. The proposed method treats lesion-level MRE patches as multiple instances and employs DINOv2 as a feature
extractor, followed by a Top-K attention pooling strategy to focus on clinically relevant lesions and derive patient-level sMaRIA
scores. Experimental validation on a dataset of 208 patients demonstrated that the model integrating DINOv2-Small with attention-
based pooling and Top-K instance selection (K = 3) achieved the highest classification accuracy of 77.78%. Qualitative results further
confirmed that the model effectively attends to clinically meaningful inflammatory regions.
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Inflammation Instance Embedding

Patches Based on DINOv2 Attention-Based Pooling

And Classification
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Table 1. Dataset statistics for patients and instances

_E_%_ Label Train Validation Test
Patients Class 2 53 26 26
Class 3 37 19 19
94 dlolE & 2apd ~E A7} 2T
MRE 7 wlojEle SAE R the] AARA7E 239 g Cass 2 141 54 %3
TZRE JHEER, 32 999 Ids fHA= HE Class 3 182 66 85
Jdrdlrg] B4 MEES DU A ZH BHOR e

_25.-



VS

Jdads 4ue ATk A PHHE K2 308
A5, o’ B2t 7 =2 A9 371 ARk
A¥sty o] E oj'lA 7]Wk 3 (Attention Based Pooling)
WA o7 Fohoto] 384 AFl o] &at o] WEE A gt of
A 94z 7PE s o S SHe=
shate] AEIE Toste AA #BE A FRH0=R
-s= ], Wid FRU GG A 2 kol= AdaEAl
V= Aggith =3 dRHor 53873

s of sMaRIA 7| %] Y= SFL Ao
Ak el Fes B 1

R 3}7] 93, Focal LossE 8hsy Al =41 & A}
Focal Loss+= Binary Cross Entropy(BCE) Loss& 7|WFe. 2 47|
TRHE=EAEY A 7=
53 }E% z22%e F7He &4 F5olth BCE Losse 4]

, 0] = 7]¥ko & Focal Loss= 4] (4) £} Zo)

i

£ AaA71aL, o3& A Zel H

BCE(p,) = —log(p,) (3)

FL(p,) = —a,(1 —p)" log(p,) (4)

2 ATl A= QAT S Al B A Aol A =3 =
222087 2 27w Fx

4 X Mz of o
1o o gob ot o> B

o B 4 B © Lo

[>

r

> 3

it

5]

& of
) x
©

v

ol

Jo
B
o
ox
fuj
i

-
o,
o
38
kv

d3t9 21, sMaRIA #4271 022
i}x}% BA el A Al skgich ol
18092} 2

gi
=,
o,
o
N
>
ok
2
S
>
fo
i,
41 39

= 32 RunPod®] NVIDIA RTX A4500 GPUE o]&3)
Z-= 71 AW 7o) A Python 3.10 ¥ PyTorch (2.8.0)
Zvte® P ATk MRE 4
224x224 A7 FAdFHow, Bdo ZFA
Aol B ol vk 7-219] 3] d, o] 5, 27 &
TS A4S ¥ F
AHgste] AatskE sl 2 HAHSlols AdamW
S uto] A&} 8e?e] weight decays AHg 3l on, Sr5EL
ReduceLROnPlateau 2~ Al & & & 2] 3}t

= 1
—

Qe

0.
o,

ﬂl?i
ol
lo

(

(17
]

ImageNet H+ % EF

Table 2 : Performance comparison according to Top-K selection and pooling methods.

K Pooling Accuracy

Sensitivity Specificity AUC
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All Max Pooling 60.00 68.42 53.85 0.6680
Instance Avg. Pooling 40.00 31.58 46.15 0.4332
Attention 73.33 89.47 61.54 0.7712
Max Pooling 73.33 84.21 65.38 0.7429
2 Avg. Pooling 75.56 89.47 65.38 0.7955
Attention 75.55 68.42 80.77 0.7530
Max Pooling 77.78 84.21 73.07 0.7632
3 Avg. Pooling 64.44 78.94 53.85 0.6883
Attention 71.78 94.74 65.38 0.7551
Max Pooling 68.89 78.95 61.54 0.7632
4 Avg. Pooling 64.44 84.21 50.00 0.6903
Attention 66.67 78.95 57.69 0.7409
Max Pooling 71.11 84.21 61.53 0.7328
5 Avg. Pooling 64.44 63.16 6538 0.7166
Attention 66.67 94.74 46.15 0.7490
24 52 H2E doleAle] sl = (Accuracy), ZF=th A A ZH5) 245 3 ekl o] & 53
vl 7+ = (Sensitivity), £ o] &= (Specificity), 28] 1L AUCE A AFelo]  Rdlo] o= oA o A2EAE oY AHHEZ
BV Aljtshs W2 RFEAS HHERE A58 E8=A A o2 74T
Asl, 2+ T8 849 TAxRE A= Hm ATS
QAT BA, A2d 2 B A 2RE A ge 33 HE
= (A

ax
> Table 2% ] 7ol ojEA  A]u
ka3 A oksl= o'l A 7]WE £ 3 (Attention Based Pooling)
) ] <% (Attention Based Pooling)# Top-K {I2®x e
YA 45 vlm BASYE £, BLAY QAAAE
Fades 735% 7] 913, DINOv2-Small dWgdS 7|9t =
WA Aol 4% Wl TR AGE Aelskar, me o on AsH] A, DINOw Smal LTE
I = K gte] W 2 4%e ua B4R
AAHAE A AP TopK AnEs AE Bl g oo oo St K@ sl e
FolTh WA AAEs AHS 44517 93 A%, o el A 7]u
KAS Qags we Adste A8sE 498 oz
o . <= % (Attention Based Pooling) o] % &%= 73.33%, AUC 0.7712&
A s =3 X A 9 K gk 3H7] S1 sl K 3k& 20014 57HA] |25 HUg = W w29
71 =3 = J (Max Pooling) © 3 = 9 (Average
W37 e wE AR £HSATE o]o] MRE @Abo] 1 A 1 o y o > kg
Pooli Hlsl dAHA =2 A= HAth ol Ao
347(4§]—5] %Xo] zdS /\ﬂﬁ]-7] -,4*‘]] ]_‘,:_Tﬂ;" 7]1?}9] oomg)oﬂ | H = ] c© = A © |
Top-K 18l AlHi S A8 31& wlol = Qaha o2 tehis
ResNet[10] A & (ImageNet ¥ RadlmageNet[11] AFAsH<y) 2 o . 14 o " .
< 53 AR tFEHL HAd:s AEG 7
o AAAERE e DINOv mg vl gAstdek T ae : Df]
JI2R2e FRES 3579 A= = Ao
sA e g, Ak melo] AAE BHET} £ A% W] ° el PR AR T !
shate] G4 E ol § A AL L 4 ek
28 AEAE ReldeA A3 A A5 AT b T
Table 3 : Comparison of embedding models.
Embeddings Accuracy Sensitivity Specificity AUC
ResNet18 (ImageNet) 66.67 63.18 69.23 0.7065
ResNet50 (RadImageNet) 71.11 63.15 76.92 0.7065
DINOV2-S (LVD-142M) 73.33 89.47 61.54 0.7712
DINOv2-B (LVD-142M) 73.33 100 53.84 0.7287
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(a) max score

(b) 2nd score

(c) 3rd score (d) min score

Figure 2 : Visualization of patches ranked by attention score
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