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Abstract: Objective To address the difficulty in collecting sufficient endoscopic images of colorectal submucosal tumors for
traditional deep learning model training, a few-shot learning based model (FSL model) is proposed for classifying colorectal
submucosal tumors and polyps on endoscopic images. Methods A total of 172 endoscopic images of colorectal submucosal
tumors were collected from different centers, including 43 each of colorectal lipomas (CRLs), neuroendocrine tumors
(NETs), serrated lesions and polyps (SLPs), and traditional adenomas. A support set and a query set were constructed using
these endoscopic images. ResNet50 which was pre-trained on ImageNet and esophageal endoscopic images was used to
extract image features. Subsequently, K-nearest neighbors algorithm was used for classification based on the calculated
Euclidean distance. The classification performance of FSL model was evaluated through the comparison with the original
model and endoscopists. Results FSL model had a 4-class classification accuracy of 0.831, Macro AUC of 0.925, Macro F1-
score of 0.831; moreover, the proposed model achieved diagnostic accuracies of 0.925 and 0.906 for CRLs and NETs, with
F1 score of 0.850 and 0.805. Additionally, the proposed model exhibited high classification consistency (Kappa=0.775) and
interpretability. Conclusion The established FSL model performs well in distinguishing CRLs, NETs, SLPs and traditional
adenomas on endoscopic images, indicating its potential utility in assisting the identification of colorectal submucosal tumors
under endoscopy.
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Figure 1 Flowchart of the few—shot learning for 4—class classification

B= B 9 B2 o0 1 172 5K 25 i B OB ER . o,
ARG S — I L rpts MUBE AR 5T, 2299 AJR N CRLs NETs f& 4t i F1 SLPs N5 KR 45 43 3K . I
KA E AR — BB H AT 28— BE R AP I NI Ah B A TR I I 25— BR B N B bl 1512 5K



7

- 899 -

B N FDEER A4 420 5K 1IE W & K%, 489 5K
FELIUT B R UG A 594 gk kR I A A IR . X 8
18 N BT PR LA 8:2 B LL 1 4% Bt ML K] 40 Ay )11 25 4
IMRRAE T kA4,
1.2 BfgfariE

F T4 4% o 4 0 PN B I O AT — 44 20 4 0 L 5 Ui
X172 5K NGRS BB 2 0, Horb NETs A% 48 g Al
SLPs Y12 W 24 B s B S35 A5 , CRLs A2 7 i 7
P B O B L, AR . TR S ER S — A i =
331 mmx331 mm K/, 2L RGB =il il A% 2ARAF -
1.3 DRI RN E T
13,1 ZTHEMEBENET DRI BRI —

d R
1
! Endoscopic images from i
i > the First Affiliated Hospital |
i 7 of Soochow University 3
L )

1

1

i

a: AT NG MR AU S R

A AT W B AR 22 ST A, i T U409 S 4k
(Support Set) F1H F M3 (12 1145 (Query Set) ¥4 i,
THERALE N A A K MR ic A,
R N-way K-shot, £ if)4E HH ABR 0 A FE A B, 5 {2
SCRFE AR E R REARTCE R o AR 2 T T
YINRA R B HE A 28 50 TR iR S Re S th B Am e i
AN A A ARARICREAR AT 4325

ARBEFEH, R4S 41325 (CRLs \NETs  f%
SN A1 SLPs) , BB A0 3 9k N B RIZ, A I
fir 24 M 4-way 3-shot [} /D FEA 22 S LAY A 4E
T 431 160 7K EGHE . B8 B BUR ISR 43
TR AN AR R S AR 2 TR .

F g N 2 N
4 Hospital 1 A 4 Hospital 2 and 3 3
H !
i i - i
i ‘ SLPs n=26 n Adenoma n=321 i . SLPsn=17 m Adenoman=11 |
| ol : r—— - :
i " NETs n=36 m CRLsn=30 |} 1 @0\ NETs 0= CRLsn=13 |
\~ 4 ‘~~ " 4
fre——— e e T
b Randomly allocate _ _ _ _ _ _ _ _ _ _ _ i
s \ Y \
i i i |
i Adenoma | § NETs | CRLs |
=43 3 N n=3 | n=43 1l n=d3 |
N2 )& ;
t t
Lo___ 1_ ________________ l _____
Support Set @-way 3-shot) ‘: /" Query Set (160 unlabeled images) R
i
SLPs Adenoma  NETs CRLS ! E Query 1 Query 2 Query 3
A | SO

D
: 1
g w ;
H
: 2 ’! ......
- 9 X ®
/' i \
‘\ 'l -

b - 25 0 A B PR AT LA R SR A T e T B g

B2 AREIGEIEERE

Figure 2 Establishment of endoscopic image datasets
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Figure 4 Utilizing metric learning to classify endoscopic images on query set
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Figure 5 Confusion matrix on classification results of few—shot learning (FSL) model (a), original model (b), junior (c)
and senior (d) endoscopists
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Figure 6 Four—class task metrics of FSL model, original model, junior and senior endoscopists
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Table 1 Classification performance of FSL model, original model, junior and senior endoscopists for each category
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