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[Abstract] Objective To leverage deep learning technology to assist endoscopists in accurately
diagnosing colonoscopy images of Crohn’ s disease (CD), ulcerative colitis (UC), and Normal tissue.
Methods A total of 24 492 colonoscopy images from 1 309 subjects were collected from Department of
Gastroenterology, Daping Hospital, Army Medical University, and Sir Run Run Shaw Hospital between
January 2018 and November 2020. The dataset included 4 729 CD images from 424 cases, 7 074 UC images
from 605 cases, and 12 689 Normal images from 280 cases. The images were randomly split by caseina7 : 1 : 2
ratio into a training set (915 cases, 17 136 images), an internal test set (131 cases, 2 626 images), and an
external validation set (263 cases, 4 730 images). To address feature fusion between CNN and Transformer
architectures and correct endoscopic image distortion, we constructed a Ring-Feature Fusion Network
(RFFNet) based on ResNeSt50 and MViTv2. The network employs bidirectional channel-spatial attention for
cross-stage feature fusion, effectively combining the local feature extraction strengths of CNN with the global
modeling capabilities of Transformer. An innovative ring-feature mechanism was introduced to handle barrel
distortion and depth-of-field phenomena in colonoscopy images, enhancing the model’ s adaptability to the
geometric properties of the distal intestinal lumen. RFFNet was compared with five existing deep learning
models. Recognition results on the external validation set were visualized using confusion matrices, and
performance was evaluated using accuracy, sensitivity, specificity, F,-score, and area under the curve (AUC).
Ablation studies were conducted on the external validation set using metrics like accuracy and F1-score to
validate the effectiveness and necessity of each improvement in RFFNet. Gradient-weighted class activation
mapping (Grad-CAM) was used to generate heatmaps, visually demonstrating the model’ s focus areas and
improving interpretability. Results  On the external validation set, RFFNet achieved an overall accuracy of
95. 68% (95%CI: 94. 14% to 98. 58%) and an overall AUC of 0. 987 (95%CTI: 0. 985 to 0. 990). For CD, UC,
and Normal classes, the AUCs were 0. 982 (95%CI: 0. 979 to 0. 986), 0. 981 (95%CI: 0. 977 to 0. 984), and
0.997 (95%CI: 0.995 to 0.998), respectively; sensitivities were 93.35% (95%CI: 91. 67% to 94.71%),
94. 00% (95%ClI: 92. 60% to 95. 16%), and 98. 56% (95%CI: 97. 99% to 98. 97%), respectively; specificities
were 94. 58% (95%CI: 93. 81% to 95. 27%), 94. 20% (95%CI: 93. 36% to 94.94%), and 98. 61% (95%CI:
98. 05% to 99. 01%), respectively; Fl-scores were 87. 81% (95%CI: 86. 28% to 89.25%), 90. 05% (95%CI:
89.00% to 91.25%), and 98. 58% (95%CI: 98.22% to 98.92%), respectively. These results indicate that
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RFFNet achieved high diagnostic precision. Compared to using CNN or Transformer models alone, RFFNet’s

overall accuracy improvement was statistically significant (P<0.05). Ablation studies confirmed that the

model, through a dynamic spatial attention mechanism, deeply integrates CNN’ s local fine-grained feature

extraction with Transformer’ s global contextual modeling advantages. The CNN-Transformer architecture

improved overall accuracy by 0. 11% compared to using CNN alone, respectively. The ring-feature mechanism

corrected endoscopic optical distortion and depth-of-field attenuation, enhancing modeling of the distal lumen

geometry, and improved RFFNet’ s overall accuracy by 0.57%. Grad-CAM heatmaps demonstrated the

model’ s adaptive ability to capture structural features in colonoscopy images. Conclusion RFFNet, through

its dual-backbone architecture that deeply couples CNN s local texture perception with Transformer’s global

dependency modeling, and explicit correction of endoscopic distortion via ring-features, enables high-accuracy

real-time classification of CD, UC, and normal mucosa.

[ Key words |

inflammatory bowel disease ; deep learning; ulcerative colitis, the Crohn’s disease

Supported by the Chongqing Technology Innovation and Application Development Special Key Project (CSTB2022TIAD-KPX0161), the Chongqing Natural

Science Foundation Innovation and Development Joint Fund (CSTB2024NSCQ-LZX0141) and the Chongqing Yingcai®Innovation and Entrepreneurship
Leading Talent Project (CQYC20220303576). Corresponding author: NIAN Yongjian, E-mail: yongjian_nian@163. com

28 5E M 7 9 (inflammatory bowel disease, IBD) &
— L5 [N T (1 0 e A e S B S R R 2
FLALFE 97 P 45 W R (ulcerative colitis, UC) Fl 52 2 &L
J (Crohn’ s disease,CD) , & i MK R 85%~90% ; 5
A 10%~15% 23 JCIE Wi 73 S 00 “ AN B 2 BU 25 Tl R
(indeterminate colitis, IC):Z] . IBDEHHEH T RIEL
AR PRI , R T | H L 9 45 3B RE AR A, 38 H Bl
BT R A IR ER A AE IR e 55 0 &
I AR RS T R 2B KT, IBD SR
P R 0 A R e 1 XU A 8 vy, £ N
AT N ITEES S M IBD Bk —
A BRPEPN L FORTE NS [ 5020 1 & R 2 EACF
H I AEFE Y L b 58 U B b RIS 43 b IX 5
BT T IBD W R 4 R BN ity T B
AR TFBSY . 75 IBD RIS i BE e T2
Wr UCHICD™  H s B R e 220 1. LR B e
S R N R R I AT Bk, S B IZ IR R W E T,
M2 X — 2L T A 20 i Be U BR KU AR 5
W4 U R PR R KO AR T R R e, T
REW ATz AR 5 v M 0T B2 W TR R

N T2 6E (artificial intelligence, Al )4 AR AE IBD IF
HIPUHATBRIRAS T EER . TONG %5 LB T B
5 WK N 2 T 4 28 ) 45 (convolutional neural network ,
CNN) P78, ZEHHAT 6 399 191 A B2 A6 47 114 SCACHi ik
Ol b S 1B I RS BE 2 W, b CNN R SR
I AR T HEALARMR I 78 UC .CD M 45 8% = 4r AT
% HORS B0 EE 43 514 0. 99.0. 87 F10. 525 A [ 5653 5l

0.97.0. 83 F10. 81, AbHACH W EH L THEHN T2 Wi,
LA R E N Gy i LA S AR R AT
JNHETT, KB SABA-ResNet B B 7E 43 5 1 576 ] 5%
A 19 34 300 5K Py 8 G SE L, X €D UC FLE &
H AR AR HAER R IR E] 92. 67%(95%CI: 91. 91%~
93.37%) . $K1M, LA B9 K2R FH B — CNN 2R 42
A, LA 2 1 % PR 5 R A 110 K 8 s TR AR O 2R
BRI T 35 DX B AE DG Y AR RE O . HRT, A SR
R TR A 42 0 ok 52 B 1 % 95 9 B9 = kG BE 4 2
UDRISTOIU %" 2L CNN-LSTM 44 G455 76 L i A B 2
FRIE  AEL O N B R AR T 95. 30% MOMERGR.
MAURICIO %‘ 15! i 1 W B8 AR e #% (vision transformer,
ViT) FI CNN e [ ) (A5 A0 DL U 5% QR AE , 45
B HR AR AR AR S 50, W R T T HE R

SRR A AR B BB, AR X R 25 R B AR Y
HRIE W A8 5 SR B4 X B e iR B = A g . T
I A B B8 B0 37 £ T 5K 1707, I 1A% 2 DR ot 7 A B
AR AR | LAy 1) AR AR (R A% d B KT 36 1444
Z O TR I B S 0 R VAR AR L 2 2 A A )
SEA ) FE M, TE SRR L R v R R R B T R
£ BOVE B G B 0 R IR G . A B
55 RS 5 A B R TR W 7 D R S R B4, ) 2 il A 75
P4 R R AE 5 SR B RRAE R A I 5] A I AR R A ) AT
FEL Tl 455 780 ) g s M. n o [ B R CNIN R 3 S0 3R
JENE Y Transformer i #2425 MR AL 18 71, I X
B AR A T R 2RI, B A ZE B PE BB Y St

R e E 3R B R, AR GE N 24 A BE R IR B



482

Bl 2242 R K22 41, 2026, 48 (4)

http ://aammt. tmmu. edu. cn

AR =5 1BD 2 W o B PERE : L — TS By
BEVE R A A 0 a] 38 18 -5 [R) 0 o A L i
BN A 25 [A)E B ) AL 5 | A5 780 R 5 1 ik DX 3
SCELCNN ﬁ%%ﬁhﬁl & 715 Transformer 4 Jay HE 5
IR R G B LT I8 U R A JE %
SCRPCE 8], IF-Fil ABERYI ik B2 |, 38 FHA5E A0 £ X iz
Uity 2 22 g s U AT 2 403 g 1, (SR 7R RE A AT R I
HRTE W AR 38 W e RIS, I SEEL CD \UC 5 1E# %)
I P 1o S TS24 2R R ) fi 5 PR ) VA 2 T

1 #R57FE

1.1 BRAFRAA

AR AT CD 5 UC BT ML By 25 5132 Wi
MESE, BRI T R AN T . ARBFSR A T —A
£18 CD UC FIIE % 18115 (Normal ) 3 R 25 51 9 IBD %
1) 1 B PRI B30H 4 % P s TR P A I e 2 5 5%
WIS, 5T ResNeSt50 ' 5 MVITv2 ™ ¥ il o 4%, 42
H IR R AE Bl A X 2% (Ring-Feature Fusion Network ,
RFFNet) M4% . AITAL e RFFNet B PERE, 51 A S FP3R
G R 3 4% £04E ResNet50"  ViT™ | Swin-T"
ResNeSt50 FI MViTv2. TEAH R L UIZRREME - 5]
CD \UC FlIEH W B MR (Y i ik LA RIS AY (1Y)
B A A5, LI IIE RFFNet YERE B0 E . it 4h | i
T Al S, 1 — 25 B R 2% Hh SE SRR R A A Ak
Vi 5B, 454 B B IR B0 5 (gradient-

weighted class activation mapping , Grad-CAM ) 5.7 K A
BRG], BT S5 AT SR B 25 R, i v
il REFNet £E I R4 B2 W o 1 i) i v 1 506
1.2 HEEHMHE

AR 2018 4F 1 H 2 20204F 11 A 24215 K2k
P BE B T A B VTR 2 s 2= Be B BB ik 5% 2 B
HALNRHE 1 576 613218 & Bl ™, B R R A S A%
K5 , 3 1309 Il Z ik 3 99 A 5%, 4145 CD . UC 5
Normal 3 #2551 24 492 0§ Ji 5% K114 , Hvb CD &
424 491 (4 729 18 &%) , UC .3 605 41 (7 074 R IE%)
Normal 21 280 51 (12 689 & K15 ) . AHIFFY B 28 ki 24
P& R KPR Be AR B 22 D 25 (AL HE (2018-137) L Sz i
TR 2 52 e B S R IR g 48 B 2 B3 254tk ifiE (2024-
1064) . FllEBIREH IR 1,

ARMFFEFE 7 122 1 AR E5H 45 Fe9s 1] BEATL K] 43
ol 2 SO B B B S N o s S = S [
9151 17 136 5K EIZ , PRI 2 131 4] 2 626 7K &
1% AN EAIEAE L 263 11 4 730 3K KIS . EARECHR 4 %)

L2,
1.3 ERRNELEH
RFFNet Z5 4n1& 2 fif 7 , CNN #5532 % ResNeSt50

Fa g, H—> Stem J2 F1 34N Fr Be 4 A%, Stem J2 TP AL 45
147 x TEZ (Conv) , 1 MILIH—4LZ (BatchNorm ) ,
14~ ReLU 303 PRI 148 Kt A6 )2 (MaxPool ), 75 %
A BB AL 4G 14T SRR (DownBlock ) 545 1

=

o
N}

~
J=

Ss—

o

" 02 04 06 08 10
1 - Specificity

RFFNet
CoIIectlon Screenlng 4
U Annotatlon ) )
1 7
: “ 3
1.0 - -
( ) ch 88 135 15
08 095
& } 2 om0 ]
£06 S yc 80
/'L J\ S04 y E

0 38

Normal

cD uc

Normal
Predicted label

E1 BEHRRE

Figure 1 Opverall research process



http://aammt. tmmu. edu. cn ik ZE 72 1 K 2f 241, 2026, 48(4)

483

* 1 KIFEERSEPE X ER® CD.UC 1 Normal BI85 55 B & RE 61515 75 (95%CI)

Table 1 Distribution of colonoscopy images and case counts for Crohn’s disease, ulcerative colitis, and Normal in Daping

Hospital and Sir Run Run Shaw Hospital (95%CI)

Discase Daping Hospital Sir Run Run Shaw Hospital Total

subtype  Number of cases Number of images Number of cases ~ Number of images Number of cases Number of images
cD 49(36~65) 1093(1029~1160)  375(338~415) 3 636(3 519~3 756) 424(385~466) 4729(4 595~4 866)
uc 269(238~303) 3379(3266~3495)  336(301~374)  3695(3 577~3 816) 605(558~655) 7074(6910~7 241)
Normal 280(248~315) 12 689(12 469~12912) 0(0~3) 0(0~3) 280(248~315) 12 689(12 469~12912)
Total 598(551~648) 17 161(16905~17420)  711(660~765)  7331(7 164~7501) 1309(1239~1382) 24 492(24 186~24 801)

% 2 CD.UC #l Normal 735 B 7E I 2R & . M AR S R SN BRI IE S O XU 43 1B 8 (95%CT)

Table 2 Partition of colonoscopy images for Crohn’s disease, ulcerative colitis , and Normal across training, internal test, and

external validation sets(95%CI)

Disease Training set Internal test set External validation set

subtype Number of cases Number of images Number of cases Number of images Number of cases Number of images
CD 296(263~332) 3224(3 114~3 337) 43(31~58) 467(426~511) 85(68~105) 1038(976~1103)
uc 423(384~465) 4972(4 835~5112) 60(46~77) 768(715~824) 122(101~146)  1334(1263~1408)
Normal 196(170~225) 8940(8 756~9 127) 28(19~40) 1391(1319~1 466) 56(42~73) 2358(2 264~2 455)
Total 915(857~976) 17 136(16 880~17 395) 131(110~155)  2626(2527~2728)  263(232~297) 4 730(4 596~4 867)
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Hodr Speonw(+) K 2D TR B AL, BN () M ttIH — 1k pR L,
ReLU (-) 4 ReLU S PR FOIREHAE BEAE E L5 55 5t
GRS B SRR IE 25 18] v A4 A ) 5 4 SRR g o Al
P FHERIABRI T FE 200 3 2 m & FUS 6 HE
FRAESEAT A0 B, 1T 46 BRI AR 1Y 25 (B) 48 2, H 0 B
EERE B B A 40 J5 I B R 04T DR | B 245
2 Ay 0RO D BT AT B RRAE PR IS 0 EURAE , 8 T
# 5 Stage3 i i FFIE—3K .
1.6 Sk 5iF M35 4n

T FH BMR T 0T B2 7 R 490 45 1 R 4R T i LA
BMG R AL HER N 1.920%1 082, SRAE o P A8 e
it A S, B AT A A8 e i 2 e
S, WA A 817 AR B WL 2% 5 IR BE I, DAL 3 T
4l ML KRG CREE BIARYGR H 4T
W CJCHAEE J5 S AT ad ) IR B RIS 6 min; &
PURT B A I, 0 A L ACHR AL RN R L T £ Al
NG RN BE  CLE SRRFEREOR , T iR 728 K/
0 [ R R B A I TR A IO % s BT 2 B LY
M) B, P9 7K B8 2 v ) B s g o SR AR RS R, I
MR EEFE S & 1ok, MUE A THEs i T BEEs i
i KL RGBS B0 120K A R IR
W o B P, ORIk ek e T R Y I

SR L S A P i R R 1) 2 R AR AL TR
W R RNZ AL RR Ty, ik e AL LG FE U SR AR
K HTRA ALK V- B0 | AL B B0 S Hd 4 0 0K
W HATREAN 0. 3, JFAESE 5 K% BERLER DY 224%224
() XS E AR A A o ZEASE RN I, o 5 4 1 15 4
TR 224x224 VN o INGRERAE BRI 25 32 22
Bl A AR S A rbod o R AR Y 451 2K 5

R AL, ARG > R 0. 01, Bt 25T
A~300 Epoch 14, 3 18 4% 5% 1R K 2 2] FE 9 38 5 W 7
YRR B A e 27 ) A8 0 SR A2 UG 101 2K pR B Bt
HLES & K % (stochastic gradient descent, SGD) 4k 7%
T ZH AL . SGD b 2% 8l & (momentum ) % &
470.95, L2 IEM 4T (weight_decay )15 & R 1x107, Ffr
AR FIE 27 ) LE YNGR TT W AT N 25 7E ImageNet
Bl ERTONZZR. SCH A  Pytorch HESR , If-7E
8 HL NVIDIA GeForce RTX 2080 Ti GPU 11G iy i K I
SE U A B I 5 IS B E
1.7 it F o
THECTORE LB B AT 55 5 B TR T4
BB IE — 20 4 T 545 2 59 B K HE B 2R (accuracy
ACC) Lo JEUERG % | RHUE (sensitivity, SEN) F5 5
& (specificity, SPE) | BH P 7 I {5 (positive predictive
value, PPV) | Bf] ¥ il Il {E (negative predictive value,
NPV)HIF A, 2 — LA 23 OB RE sk . BR AUC Aha%
i @~
MARACC = TN, /N
ACC =(TP + TN)/N
SEN = TP/(TP + FN)
SPE = TN/(TN + FP)
PPV = TP/(TP + FP)
NPV = TN/(TN + FN)

Precision X Recall

® @O

F, — score = 2 —
! Precision + Recall

HA TN, TR 2N S IE SR I RE AR B, VAR
HNREUESE BT A REAEL, TP A SR L BHEREA K, FP AT
FARPAEREALL, TN R IHEREAEL, FN AR B
PEREASL

B 58112 040 % 1 Python3. 9. 19 8 4 R 4743
i, KL NumPy ,SciPy . scikit-learn BN DMK )3 TT
BEIH SR R SRR RE AR bS5 AUC B & T
B[R] BSAFE Bh Bootstrap B R AE % FH T 2 AU SE L EAR X
E AT . S B PEAG 45 1R BB 48 br Al T THE 1 42
TR M ST T 584, R FH Bootstrap B RAF XS A1
50 IE AR B R AT 1 000 YR EE A ER RS LT R AR
F| ACC . B3 2 i % .SEN . SPE . PPV NPV . F, {H Y
95% ‘B A% X 8] (95%CI) , P<0. 05 N 22 5 B A 58 i 2

2 #R

2.1 RFFNet &M Abd s AR 2 55 %
K H Bootstrap 5 R AF 7 (1 000 X 5 2 fHAE ) 1155
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95%CI , TN IR SE X} RFFNet 55 Bl R i 2 > #
BRI ACC B3 2R HERf % SEN \SPE & F, {H 55 #% .0t
AE 48 bp UF 17 B L . RFFNet b 1A 7 5 5% ik 5
95. 68%(95%CI: 94. 14%~98. 58%) ,95%CI [XJH] 55 & Fy
4. 44% , .2 7 T ResNet50(P<0. 01) . ViT(P<0. 001) .
Swin-T (P<0. 001) 5 %F B A A (& 3) ; HL CD.UC #
Normal 251 i 43S HERR 3253 31118 3] 94. 31%(95%C:
93. 62%~94. 94%) 94. 14%(95%CI: 93. 44%~94. 78%)
1 98. 58% (95%CI : 98. 21%~98. 88% ) , 3 > | (1) B
A3 JEUERA R 5 T A X BEASE AR (P 341<0. 05,36 3) s H:
SR 48. 28x10°, TR FENERE R 22. 300 GFLOP/s, H
ik G HEFERERT 8. 24 ms (3£ 3) , Z5A A 8 UER R, W)
HIIE T RFFNet 1948 805 52k

YE—3 301 %, RFFNet /£ CD ,UC Fl Normal 32
) R 53538 93. 35%(95%CI: 91. 67%~94. T1%) .
94. 00%(95%CI: 92. 60%~95. 16%) F198. 56%(95%ClI:
97.99%~98.97%) 5 R 5 FE 43 3l 4 94. 58% (95%CI :
93. 81%~95. 27%) .94. 20%(95%CI: 93. 36%~94. 94%)
H198.61% (95%CI: 98.05%~99. 01%) ; F, {H 43 ) Ky
87. 81%(95%CI: 86.28%~89.25%) .90. 05% (95%ClI ;
89. 00%~91. 25%)1198. 58%(95%CI. 98. 22%~98. 92%),
H RFFNet 78 3 280 (9 F {E) B 2 5 T ResNet50
ViT , Swin-T %5 Xf B #5 %1 (P 35 <0.05, % 3) . #&/~
RFFNet 7EAME GG IEARE 2R o0 Mg i 2500 T30
AR 2 A TR [R]85 W AR % T 8 %o B A 3
JEBLH A TN AL RE , B0IE T T Ok A A
GICIETR

T8 T 22 ROC il 2k LWL 7R RFFNet 5 B A5 A5 7Y
TEA 5] LR HEREXT HE , 7R H Bootstrap B R A
B 95%CI, X AR B2 CD . UC  Normal 2 5] f) AUC
AT R, 455 B8, RFFNet 54K AUC 24 0. 987

(95%CI: 0.985~0.990) ; 7£ CD R 252 5] |-, RFFNet
AUCIAF]0. 982(95%CI: 0. 979~0. 986) , i T HiAth x:f i
LAY s AE UC HR A2 2851 I, HAUC 24 0. 981 (95%CI:
0. 977~0. 984) , [AlFf 5 T H A X FEAAY ; 7E Normal 2 1)
b AT UL AUC 22585 /N , RFFNet i AUC 34 5]
0.997 (95%CI: 0.995~0.998) . $2 7~k RFFNet 7E % i
PRI AH 5 53 2T 55 vh HA D0 53 ) 3 AR 0 ) 3 g,
HAE CD UCHR ARSI 3 e 35 00 T 30 A
L LE 4,

R T A AR 3 S FURE L, R R ¥ R X 45
BERY () 43 He P REAE PR E AT I & . T A B ALK Normal
2 571 J B A i A0 R R, RE A AT R0 HLAS S MR
BIIE H REAS s 8K, 78 CD 55 UC ZE B I, 45 B 33 7
P 5 TR VA , S0 B) BT B e A A LR A
(FE5), £AFERIYE Normal ZE511HR 51 BoA 3, {HTE
CD 5 UCHEH X 5> EAREAEA B | 75 i — 20 LA 7Y
X 3 P 2 U R

SRR FAE I O X I, 2R FH Grad-CAM J5 7 X A5
TP S I AR G HE bR e AT . 5 LA BT AR
RFFNet 538 [0 B8 B 1) J LA 28544 , BEAE B8 AT Rk
B BEAR B E R AR A Ay 2 ke (K 6) o E—25
Ui W RFFNet 76 117 58 8RR E 32 B 5 10 2 A 1l R A
e, HX o BEAR 2 = O BRE T R R T 3 2 PR RE Y
R,

2.2 RFFNet ¥ & 5 Bo 3o 4iE & 450 BE e A JA A 3%

S CFE AL e S50, R S BB /L%
T 3 DA AS ] R TR 5 A1 K00 5 75 e A VA it 3 ) 2 i
DU CFE BER A S 280, BARI &, iAol i 20
T AR IR B0 BN O B 21428 43 551 R = 34 B8 (F 48 40 px)
4 IR (P42 35 px) SAFR (42 30 px) L6 IR (AR
25 px) TR (CEAE 20 px) (8 IR (AL 15 px) (9 FR

1.0 | 1.0 1.0 .
1 1 r 1.007
0.8 0.95- 0.8 095 0.8 0.95 r
> 0.90 > 0.90 > 090
s 06 5 06 £ 06
[} 2] [2]
5 5] 3
» 04 . o 04 . » 04
b —T 75 0 b —— 7 020 b — 7 520
" ResNel50 AUC=0.975 (95%C1:0.970~0.980) - ResNet50 AUC=0.975 (95%CI0.970~0.979) - ResNet50 AUC=0.998 (95%CI:0.998~0.999)
7 e VIT AUC=0.979 (95%C1:0.975~0.982) e VT AUC=0.975 (95%C1:0.971~0.979) e VT AUC=0.998 (95%C1:0.997~0.998)
0.2 +77 e SWin-T AUC=0.973 (95%C1:0.968~0.978) 0.2 7" e SWin-T AUC=0.972 (95%CI:0.967~0.976) 0.2 7" e SWin-T AUC=0.998 (95%C:0.998~0.999)
e ResNeS150 AUC=0.979 (956%CI:0.974~0.983 e RosNeS150 AUC=0.977 (95%CI:0.972~0.981) e ResNeSt50 AUC=0.997 (95%CI:0.995~0.998)
e MVITV2 AUC=0.980 (95%C1.0.976~0.984) e MVITv2 AUC=0.975 (95%C1:0.970~0.979) e MVITV2 AUC=0.994 (95%C.0.992~0.996)
e RFFNet AUC=0.982 (95%Cl:0.979-0.986) . —— RFFNet AUC=0.981 (95%CI0.977~0.984) . e RFFNet AUC=0.997 (95%C1:0.995~0.998)
0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
1-Specificity A 1-Specificity B 1-Specificity C

A: ROC curve for CD category; B: ROC curve for UC category; C: ROC curve for Normal category
El4 FREROC HLITLL

Figure 4 Comparison of ROC curves of different models
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&3 RFFNet SMHREFIREIL[%, (95%C) ]
Table 3 Comparison of RFFNet with state-of-the-art deep learning models [ %, (95%CI) ]

Disease subtype

andevalqalion ResNet50 ViT Swin-T ResNeSt50 MViTv2 RFFNet
metric
Total ACC 94.67"(92.05~98.46)  94.25"(92.09~97.95)  93.67(91.40~97.89)  94.40°(92.18~98.58)  94.83°(92.05~98.25)  95. 68(94. 14~98. 58)
CD
ACC 93.51(92.77~94.18)  92.71°(91.93~93.41)  91.40"(90. 56~92.16)  92.18"(91.38~92.91) 94.19(93.48~94.82)  94.31(93.62~94.94)
SEN 90.75(88.84~92.37)  93.06°(91.35~94.46)  92.39°(90. 62~93. 85) 94.51(92.95~95.74) 91.91"(90. 09~93. 42)  93.35(91. 67~94.71)
SPE 94.28"(93.49~94.99)  92.61"(91.72~93.41)  91.12"(90. .99)  91.52°(90.58~92.38)  94.83"(94.06~95.50) 94.58(93. 81~95.27)
PPV 81.70°(79.36~83.83)  77.97"(75.57~80.19)  74.51"(72.06~76.82)  75.81"(73.40~78.07)  83.32"(81.05~85.37) 82.89(80. 63~84. 94)
NPV 97.32(96.73~97.80)  97.94°(97.41~98.36)  97.71°(97. 15~98. 16) 98.34(97. 86~98.72) 97.66"(97.11~98. 10)  98. 06(97. 56~98.47)

1

AUC 97.50°(97.03~97.96)  97.86(97.53~98.23)  97.29%(96. 81~97.
uc

ACC 92.05"(91.25~92.79)  92.09"(91.29~92.83)  91.73"(90.91~92.

SEN 93.55°(92. 11~94.75)  92.43"(90.88~93.73)  93.25"(91.78~94.

SPE 91.46(90.47~92.35)  91.96"(91.00~92.83)  91. 14°(90. 13~92.

PPV 81.14(79.11~83.02)  81.87°(79.85~83.74)  80.52°(78.47~82.

NPV 97.31"(96. 68~97.81)  96.87"(96.21~97.42)  97.17"(96. 54~97.

F -score 86.90°(85.61~88.22)  86.83°(85.49~88.06)  86.42"(85.

AUC 97.50%(97.07~97.92)  97.52°(97.09~97.92) 97.17°(96. 72~97.
Normal
ACC 98. 46(98. 06~98. 77) 97.95°(97.50~98.32)  97.89"(97. 44~98.
SEN 98.56(97.99~98.97) 98.39°(97. 80~98. 82) 98.30"(97. 70~98.
SPE 98.36(97. 76~98.79) 97.51°(96. 80~98. 07) 97. 47°(96. 76~98.
PPV 98.35(97.75~98.79) 97.52°(96. 81~98.07) 97. 48"(96. 77~98.
NPV 98.56(98. 00~98.97) 98.38°(97.79~98.82)  98.30"(97. 69~98.
F,-score 98.45(98. 05~98. 80) 97.95°(97.50~98.36)  97.89"(97. 45~98.
AUC 99. 86"(99. 80~99.91)  99.77°(99. 69~99. 84) 99. 83"(99. 78~99.
Number of
parameters/ 23.51 86.39 86.75
(x10%)
Floating point
operations/ 4.132 16. 863 15. 169
(GFLOP/s )
Inference
. 1.09 0.29 0. 66
time/ms

F,-score 85.99"(84.38~87.57)  84.85"(83.29~86. 45) 82. 49"(80. 93~84.

08) 84. 13"(82. 44~85.71) 87.40(85.94~89.01)  87.81(86.28~89.25)

75)  97.85%(97.39~98.27)  97.98°(97.61~98.35) 98.24(97.86~98.61)

48)  92.43°(91.64~93.15)  92.05°(91.25~92.79) 94.14(93. 44~94.78)
48)  95.35°(94.09~96.36)  92.95"(91.45~94.21) 94.00(92. 60~95. 16)
05)  91.28(90.29~92.19)  91.70(90.72~92.58)  94.20(93. 36~94. 94)
42)  81.12(79.11~82.98)  81.47(79.44~83.34)  86. 42(84.56~88.09)

70) 98.04"(97. 49~98.47)  97.07"(96.43~97.60)  97. 56(96. 97~98. 04)

.72) 87.66°(86. 46~88.94)  86.83"(85.52~88.13)  90.05(89.00~91. 25)

61) 97.67"(97. 26~98. 09) 97.45%(97.02~97.86)  98.06(97. 71~98. 40)

26) 98.58(98.21~98. 88) 98.25°(97. 83~98.58)  98.58(98.21~98. 88)
75) 98.73"(98.19~99. 1) 97.96"(97.31~98.46)  98.56(97. 99~98.97)
03) 98.44"(97. 86~98. 87) 98.52(97.95~98.94)  98.61(98.05~99.01)
03) 98. 44"(97. 85~98. 86) 98.51(97.93~98.92)  98.60(98. 04~99.00)
75) 98.73"(98.19~99. 1) 97.99"(97.34~98.48)  98.57(98. 00~98. 97)
28) 98.58(98.21~98.92) 98.23°(97. 85~98.59)  98.58(98.22~98.92)

88) 99. 65(99. 48~99. 80) 99.42°(99.23~99.59)  99.67(99. 53~99. 80)

25. 44 50.71 48.28
5.427 8.902 22.300
0.51 4.12 8.24

a: P<0.001, b: P<0.01, c: P<0.05, compared with RFFNet

(4210 px) o 7E 6 4~ BRI B AL B 44 o 1 K 1k 3|
95. 68%(95%CI: 94. 14%~98. 58% ) , M if 15 I S K5k
FR AR (F 7)o ZSEOTAGEE STl CFE L i
DRI RAEH5 0 00 o Pt B AR Al , 2 17 P B A 7
PR A SR Ak

K FH 7w S2 56 v M £ RFFNet #' CNN-Transformer
HAHE  CSAF ik K CFE B0 #5880 S A 32 L4528
B BAAT I ERG L F ARSI, DL SIE A5 A5 7 5%
Pk Frh LR # % RFFNet (19 CNN #543 , I %

i A B Stage3, FELAAIA B 5 HAA ResNeSt50 £H
FEAE SR ACC FRTF T 0. 59%[ FELAE A BAK ACC Ky
94.99% (95%CI: 93. 15%~98.37%) 1, W3¢ 4; 5 32k
BEARUAE L, A 5] A CNN-Transformer ZE 5 1}, BAK ACC
FETHT 0. 11%[ EfRACC H95. 10%(95%CI: 93. 07%~
98.41%) ], {E CNN-Transformer Z2F JERE 43551 A
P — AR AU CSAF BT, B ACCHETH0. 31%
(MK ACC H95. 419%(95%CI: 93. 81%~98. 58%) ] ;4
i FH CFEASHI , Normal 28 1 4 543 S HERG K[ 98. 79%
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A: Confusion matrix of ResNet50; B: Confusion matrix of ViT; C: Confusion matrix of Swin-T; D: Confusion matrix of

ResNeSt50; E: Confusion matrix of MViTv2; F: Confusion matrix of RFFNet

5 BEERBEREXTLL

Figure 5 Comparison of confusion matrices of different models

Original ResNet50 ViT

s

uc S

Normal ¥

Swin-T

ResNeSt50 MViTv2 RFFNet

=

6 HREEHMFEBRIEXILL

Figure 6 Comparison of class activation maps of different models

(95%CI: 98. 44%~99. 07%) 15 F {E.[98. 79%(95%CI:
98. 45%~99. 10%) JILFN TR, [FIT SR ACCEEF0. 57%
[ EK ACC K 95.67% (95%CI: 94. 02%~98. 79%) | ,
W4,

224 5] A CNN-Transformer Z2 ¥4 . CSAF £ 3k il
CFE MY 524 RFFNet 25 7E CD A1 UC 1 55325
TR 5 F B RIEEE R 5 RAF A, CD .,
UC Fl Normal =25l A2SHERG 2253 51527+ T 0. 86%(CD

ACC K 94.31%, 95%CI: 93. 62%~94.94%) . 0.99%
(UC ACC N 94.14%, 95%CI: 93. 44%~94. 78%) FlI
0.21% (Normal ACC & 98.58%, 95%CI: 98.21%~
98. 88%) , A ACC 2T} 0. 69% [ Fifik ACC }y 95. 68%
(95%CI: 94. 14%~98. 58%) |, W3 4; 5{Lffi FH CSAF
BEHA H, CD AT UC By SR AER R 2 B4 & T 0. 50%
F10.29%; 5 (Ui FH CFE AL HAH b, CD A1 UC By B8
HERGR A HIHE R T 0. 10% F10. 12%.
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Figure 7 Comparison of ring feature numbers
R4 HBLEILLER [%(95%CD) ]
Table 4 Comparison of ablation experiment results [ %(95%CI) ]
Model Total ACC Disease subtype ACC F,-score
CD 93. 45 (92.70~94.12) 86.23 (84.67~87.77)
CNN 94.99 (93. 15~98.37) ucC 93. 15 (92.39~93. 84) 88.50 (87.24~89.79)
Normal 98.37 (97.97~98. 70) 98.36 (97.97~98.71)
CD 93.07 (92.31~93.76) 85. 69 (84.00~87. 18)
CNN-Transformer 95.10 (93.07~98.41) ucC 93. 83 (93. 10~94. 48) 89. 40 (88.21~90. 68)
Normal 98. 41 (98.02~98.73) 98. 41 (98. 04~98. 76)
CD 93. 81 (93. 08~94. 46) 87.05 (85. 44~88.59)
CNN-Transformer+CSAF 95.41 (93.81~98.58) ucC 93. 85 (93. 13~94. 50) 89. 50 (88. 30~90. 67)
Normal 98. 58 (98.21~98. 88) 98.57 (98.21~98.91)
CD 94.21 (93.50~94. 84) 87.40 (85.94~88. 84)
CNN-Transformer+CFE 95. 67 (94.02~98.79) ucC 94. 02 (93.30~94. 66) 89. 83 (88. 66~90. 97)
Normal 98.79 (98. 44~99. 07) 98.79 (98.45~99. 10)
CD 94. 31 (93. 62~94. 94) 87.81 (86.28~89.25)
CNN-Transformer+CSAF+CFE 95. 68 (94. 14~98. 58) ucC 94. 14 (93. 44~94.78) 90. 05 (89. 00~91. 25)
Normal 98.58 (98.21~98. 88) 98. 58 (98.22~98.92)

3 itig

3.1 RAEFIHBIBD S W eh#t B 5 ILAGHLH

AR, N TR e AR & SRV | I #E 2 A G 5
BT TN o R B AT, A2 B R R T B T
SEBE R LA K 1SR RN S5 i) TR 32 2 > A 7R ufe L, P 42
A 2 P 2 b e SR DR 2L PR, A5 7500 0 75 OB o) 1
B2 AT IE RS 2% ) L, ALTE B 22 RS e i
AT I I 2 BRER . XTIt AR PSR BR T G 2
ARSI AR SE ZIE B TEE AR D
I B B0, MedSAM RENS A S I £ 2%

B RO B 43 ) el B AR R v s Med CLIP fif
e T AL SR L 2 20 i [ 2740038 By 8 R ] i 35 A [
SR RIS g (BB B ) B2 s Uni Vi B B 5 2
JRRE A TR O B 25 R BT R 2 IR
AFFRICS bR SO BRI 157 SR, TR
BIRZH, — *%*“Xﬁuzﬁﬁw Uil AR AR 2 A
I X R e AR R %’uﬁuﬁ'ﬂjﬁ%ﬂiﬁéﬂﬁzﬁﬂﬁﬁm
DR BHARFAIE B8 1135 PC A AR A S5 35 67 1y & A A, DL
SRIRE T

AT 5% 4 A 1Y i B ity 43 25 55 B RFFNet, &
ResNeSt50 5 MViTv2 XU 52 URFAE 17 365 Ny Al A, 3
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Bic i B2 Pl 45 e A8 R o 1 o, 4 I I BT A A
B, i 5 Y BeRRIE A S T AL A R 4 SR
FFCE R EA LR, RS EMERN
PE P RRAE TUAR B, 4R T Al A ORI s . Hak,
IR IEARAE A e I B TUART S5 4, L 422 2 At A I g A
SRR MEN T, 50 Mk B s oy 2R 61
B Ji , R HILaRE DA 45 A BN G B R BB
SR P 45 AU ORI A, SR A48 35k X 3 LAY/ I
AV FE R B R AE S5 2t 114 [ B R i P (PR A A M A 2
Bk, A S8 R SRR DA B e 454
JFETECD 5 UCS Wt REFR AL T 3 B

IBD £ EALHE CD I UC 24N RS, R 2RI H
THALIE R G0 2 G SAR BRI AE IR, Wi s A
fi H L A R AR Y . ST CD I UC e s
LT ke, H 5 BUS R AT B 28 5 SR I 56
BAGAREYE TR 2 2 AL O KR RRAE i 5 22 T30
45 CD 5 UC WS B R B R Pk il . B0 AF 5% B IE 5
TR 2% 21 7E IBD 12 WHT 55 h e 5 m i B 5 sl
AT E T AR 2« 20 OWF TS MR B — Sy >
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