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Abstract

The incidence and mortality rates of colorectal cancer continue to rise, making improving the diag-
nostic accuracy of this disease a critical issue. Medical imaging plays a vital role in diagnosis, treat-
ment, and health management, and deep learning has achieved significant progress in medical im-
age recognition tasks. However, relying on a single type of medical image for diagnosis is limited by
constraints such as restricted deep tissue imaging and inter-observer variability. Deep learning
combined with multimodal fusion will emerge as a future research hotspot, while currently only a
few studies have explored combining deep learning algorithms with histopathological images. This
study constructs a ResNet50 dual-branch fusion model based on a cross-modal attention mecha-
nism, integrating colorectal cancer histopathological section images and MRI features to enhance
the accuracy of histopathological type recognition. The model framework implements multimodal
mid-term and late fusion, avoiding the loss of modality-specific features while enabling efficient in-
formation interaction between different modalities. Results show that after multimodal fusion, the
model’s overall classification performance, ability to identify positive samples of key categories,
and capability to distinguish between 9 different categories were all improved (1.98%~14.70%). t-
SNE visualization further demonstrated that the multimodal fusion model achieved more effective
separation among the 9 categories. This multimodal fusion model helps reduce misdiagnosis and
false positives of colorectal cancer pathological types, enhances the identification of cancerous re-
gions, and holds theoretical and practical value.
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1. 5|

& B 1 (colorectal cancer, CRC) A& tH 5L 2 — KR Jp 3 AN AR R AU T2 (P s [1] . AR s tH 57 AR
#12{(World Health Organization, WHO)EAE St iH#dls, A4 FTIZ I B CRC il 120 75, HAH
FEET NHGEIE 60 /. fEHE, CRC IR FFET 20 & 5 A RS FiAL, A8 K I CRC i
HHE 100 J[2]. Bl E EEAGERR IR A AR TE U7 SRR, RO NISE T R R B, R, R
2 T R HER 2 O B B

YR G BB g B Y B SR R, B R T A S A RIS
SEMSEROEA SR, & CRC WM “&hrit” o Rz RIS 2 % HAAEM SR H N ZE R . &
22 PR (5 B N 2 0 B AROU B B 2 26 VR N A P SR 45 R R AR, RS WT . TRIT AR B A T R G
HEMEH, BRI RRIZ AR . H IR % (Magnetic Resonance Imaging, MRI);& ¥
TEH FRIXT CRC BT Wi i EZ R R BT B2 —. MRI 2 FH SR BE3 A A0 A AR N 3R 45
R EE ER, REM W2 T SRR A B KN 5 R B A LU R 58 R SRS, TERIZIT
HAEME L TEOICEES . MRS PR SR, Oy T IR S A B TH . 2R, 440 i s
SRR BT UR R AR AT N LR, ANl AR R, FMNER . B ERBEEE RS E, X2l
PR 2 Wi T 11 P 2 KBk
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WAESR, TRPES S BORAE R S AN UG TS 7 g e . KR 2 S W ST e Bl T i 22
2 2 MG AE IR S5 AT 14012 T B T TR0 55 77 TR 77 . Wang 258 N[BT & T —Ffdi F i R 2% 1 Fl
Inception-V3 5 A4 22 [ 2% (CNN) 5 2256 1E 5 Al CRC 648 (9 FG 7 #3547 70 25 . A. Ben Hamida 25 A [4]3£ T
CRC U3 K5 WSI, Jiid 51 N\ Att-UNet (1757 B3 s B4 T UG o 80, R 2011524
LSV UG o B0 55 B 2 20, R 0 B 1 feige 2H 2. Mohsin 55 A [5]5: T 55 IS B AR 2% 2], M H&E
Jetiff) CRC 43 G+ 7l BRAF. TP53. KRAS 5504 7> T RADIRE, BUE T REFHI st . X
B T AR RS T2 Wi R BCRFIUHERA R . (RS0 B2 BRI T BEIR R A, TR BE 5 o) B ek
R FFVRFAE SR GE 1 LS NREAR 22 ST 6 77, 8 Bh T S B GR 56 15 2 B A4 7 R 2 2 [ B5 b

T K 22 0K B 2 S B R A o — Y s ag AT 1, R, A B — 1 B2 22 BB AT 12 T A2 AR TR
JFHBSAGEZ IR N AW ZE T SEM E R ZES N, BT 2R ET R, RS s IOIrg
AR Z B AN TURFIVMEEE, B 4ENLA 2 RALRIE I Rl — H AR . IX 46 2 ZE R0 A i)
KGR T NG ANEN, LB T VR TR /D (W R R R AR DX S ) T, R R T RS W RS
HRIEEIE[6]. Chen 55 A [7] VAR BE 5 ST RN 20 2325 B G RBE DR LRAIE FEAT 2 RS Rl &, A R 2 R 4
T3 B AR 1 v TSR T A 4 A e R 2 B )1 S B DR JEE X 2%« He [8]55 N TR JE 2 1 RS BTN
S (Il CT SRRHIE) 52 T8, M T HUS TR, R8T SRl AN A A7 30 o0l b 2
AL . He S N[IRR T —Fh ZHSIR B 7 SIHEZECR A RS K R WA b HoR), A H IR B
KIg. RS T8, FT IS B B 0 AR R . IR ) 456 2R RA I U AR
SKIBFET,  TH ARG DRI SRR TORIR R ) Bk 5 S B UG AR 25 S (7 1 [9]

AR SO A — b I T S R A E B IHLHI ) ResNet50 [101X0 ) Sz & 47, ¥ CRC 4L 430 #)
BRI MRI BT 2 B8 A . &85 A TR AE &, o A T S B 5, I/l IR s —
BEEEEA RSB REEF 2.

2. 5 HE
2.1. BRRMS AR

% MedMNIST v2 %3 4E (https://medmnist.com) ] PathMNIST 1 OrganMNIST _axial T4, J:A(E
Bang 1 pis. PathMNIST £15 9 95 CRC MU 73 J5(5% 2), OrganMNIST £15 11 28 MRI JEH#%
B EM SRR 3). PathMNIST 5 OrganMNIST B 7R B S M 48 R Z N R R, ZHEKA
AT SR T AR AR o g AR [X 2k P 45 A A0 TR R T

Table 1. Dataset information

=1 BiRsE
HEE BE E3fE-E i EGHE HA% PR R#R
PathMNIST SR RGB 107,180 9 CRC R 52k
OrganMNIST _axial MRI YA 58,850 11 JEEES B A 5 IR

Table 2. Histopathological classification of CRC in the PathMNIST dataset
# 2. PathMNIST ##E5EH) CRC A4URIE S 2

%51 k&g  BiEE WAL §S87n
adipose (A5 17) 9366 1041 1338 11,745
background (& 5% 9509 1057 847 11,413

DOI: 10.12677/hjbm.2025.155108 1014 LR 2


https://doi.org/10.12677/hjbm.2025.155108
https://medmnist.com/

BEHE, TKARH

g
debris (74 }4) 10,360 1152 339 11,851
lymphocytes (7 [ 411 10,401 1156 634 12,191
mucus (B5K) 8006 890 1035 9931
smooth muscle (*F-i# 1) 12,182 1354 592 14,128
normal colon mucosa (1E & 45 7 %6 i) 7886 877 741 9504
cancer-associated stroma (J&HH < JE J57) 9401 1045 421 10,867
colorectal adenocarcinoma epithelium (45 B i L %) 12,885 1432 1233 15,550

Bt 89,996 10,004 7180 107,180

Table 3. Abdominal organ MRI localization in the OrganMNIST dataset
7= 3. OrganMNIST ¥EEMEARREE MRI E L

25 [ IOESE WAL i
bladder (k) 1956 321 1036 3313
femur-left (/2 Ji &) 1390 233 784 2407
femur-right (45 &) 1357 225 793 2375
heart (‘0 JIF) 1474 392 785 2651
kidney-left (% %) 3963 568 2064 6595
kidney-right (£ ') 3817 637 1965 6419
liver (T 1) 6164 1033 3285 10,482
lung-left (7 fii) 3919 1033 1747 6699
lung-right (45 fit) 3929 1009 1813 6751
pancreas (A7) 3031 529 1622 5182
Spleen (i) 3561 511 1884 5956
Mit 34,561 6491 17,778 58,830

KT Z-score bR TT AT T EE RO TALER, DL OR MR B AE R R I ZRad A rh i) — B R AT LG
Yo K MRI IR EEEIBE N RGB. Xt BTy BRI RS BEALERF: . ied% (£10°) 2 1 o

2.2. HBETHEESTERNIIEIE ResNet50 M &R

AR SCAE R ) 2 RS R 2 BB Rl I A HE 2R G0 P 1 BT, L7 5T ResNet50 [9] 3053 3 T M /15
A AERBUREE, KPS 4 NGRE, HBEWIEERZEGx3 B/, BK 1)UMREEZ =NEER, B
T B R B S AL I R SR . 7E layer3 A layerd 5| AN BE AR ZSVE S AR, Gt 1 x 1 B R A
WL B R, EEEASERIRGE, KRR IAEE N TRHMER S, BSRAHCRHMER R, SEIARIE
ZEH. o X5y 14 HRRAE ELE I A R PR Ak R FoRFE G — RS . e AT R B Rl i A 8 )2 2
SIHREE, JfH Softmax Bi%5E i CRC 4 ZURHLN 9 43 T

i ResNet50 (13053 32 WA 26 PR AL 73 AR IURFAE, 3¢ 4 TEAN R T IR SR BB HR 1) 32 BL45 04 11
SR AR B BE B e AT O ARSI, 2 SR AT R RS AR RS . BARSRYE, H G
TESE 1 FIEE 2 BRUZ ) BT SR B A RRAE, DU G R R E Rl & 5 30 2 R AN R BEAS IA HARRAE
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Figure 1. The workflow diagram of ResNet50 dual-branch multi-
modal fusion model based on cross-modal attention mechanism
E 1. BEFEESTE I ResNets0 W X SHEASmE

REVEE

Wija, fE2 3 MEE 4 BRUZ MR BEIGER IR, 2B S PR RS RAE B 18] (1 28 FACEE,
XPRFAEHEAT G N (PR ) o POIR BE OR B AN B A M () R 2 A EL R R B R . TE R IR A
FRATA] 22 I S B (NG R B y) B S AR 3k sk, I DASh A 8 % B RHEAE Rl & Th I DTk . %
TEE SRR AT Z R A B, AR R AT IR T 4855 TSRS ACH. R)E, XA SO A& A i
PRFAE HEAT PF 4 (W0 IR ), 8 G 1 o BB 70 SR 45 RABEAT i SIS ) S S A 265 1) 22 T P AR A5
R, IR A FAS BRI R R R AR A . S5, B 2RI B I SR E R B, JF
I Softmax p&#(SEHL CRC [ 9 NI (K4 2) IR 2L 25 HEJ3 SEF5 -

Table 4. Convolutional layer parameters

=4 EREEH

R B N4 ki W 2% S5 FREE R ~F BRZEH
" LR 3x3
7] 1= *
HMINBIZ 3x3 64 x 64 Sk 1 64*64
o 1x1/3x3/1x1
BRE1 64 x 64 256 x 256 k1 64*64 3
o 1x1/3x3/1x1
BEE 2 256 x 256 512 x 512 K 21 32 x 32 4
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. 1x1/3x3/1x1

HH)Z 3 512 x 512 1024 x 1024 K 21 16 x 16 6
. 1x1/3x3/1x1

LBRE 4 1024 x 1024 2048 x 2048 K o 8x8 3
Ptk )Z 2048 x 2048 2048 x 2048 LRI 8x8 1x1

2.3. #EEN)IZ

WEZRor NSRS Z ARSI AP B BB YIZRM B B 7R LB 43 il 7 2 SR 1)
A RRHER S, BT YIZRE 1 50 (epoch). ZREASELA M B & T AN L BAE R, e lZh)H
W04 40, HitiE K/ (batch size) i 5E y 32 LL Adam fiLib 88 LRt AEAESE . %5 FEF] CRC 41405 B 7 R4
PEAFAE A7 1) 8, 353 2% bR BRI 28 SOH 353 2% b B (Categorical Cross Entropy, CCE)4E & bR 43 A Jik
1101 5 (Label-distribution-aware Margin, LDAM)#2k, URENBETY S BT . R A bR BAURIR (RS H
GRAD_ACCUM_STEPS =4), RIHf 4 MK FT—IXSH, DLEAT BRAEEBEIET LB R i (1 11 2550
Ho IR IEEKH ReduceLRONPlateau SR, YIS UFAE MGk S 4 TR A RN, BAIIFIEY ]
K, DABE G A R A S IR R KRR IS P B0 U AR R I, AR B S0 UIE A %6 I v AR A
NIRAER, MR AL RE
2.4. VN IBHR

B 7y eV g BLR JUA T AR bR AT VR4S, 02 #ER 2 (Accuracy) . 7 H] % (Recall). K5
# (Precision). F1 73(F1 score). #1270 AE5, #—P2:4 One-vs-Rest (OVR)Al One-vs-One (OvO) i
TR ns N 22500 ROC Wk, S ALBLAIAS [0 19 X 47 g

SeAh, I RO RY b S AR AR T R AR H R AFAE (40 ResNet 58 3 &R Z A& RHE), FIA t-
SNE SLiEHEHTRR4ERT AL, 0 Hr R RS RS R AE 7R 4 25 1) (R 20 A BRI U0, B0 IE 5 M A0 i B 75
AR T ZHEE B MRS 55 .
3. KBMLER
3.1 ZESHAERIE pESIRB RS FM TN

BRI R G S AR SRR 1 o TP e . BRI 0 2 SRR RE LE AR S AR
BIETE. R SILE T RBIES S SRR AR 1) I B AR FR X L

Table 5. Comparison of classification performance between single-modal and multi-modal models

5. BRESESIESRAR A MEEEXTEE

(L PSR EZL Ny kil FEXTRTE
Accuracy 0.9029 0.9249 +2.20%
Precision 0.8794 0.9087 +2.93%

Recall 0.871 0.9012 +3.02%
F1-Score 0.8705 0.9021 +3.16%

HIZE 5 A0, ARG AL R P T An Y LE SR O PEBE AR 2 73201, BRI, HERRRIE
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T+ 2.2%, HARTFEHWREZES 5 L (p<0.001,2=4.70), 52 RBFASHIRIETT T 2.93%, #HHHE
PTFT 3.02%, F13¥3EmE T 3.16%. IXHBEMH, RS AN T 9 Fh CRC KRR BAR I IE #7325 hE

VaRTE SINCD

BRSO AR RIIRE TR LIS 2. tiRVEREREAT L, BB SHRE 7 T 683 MEA, T4
SBALRATFEABCRFRCE] 540 4>, 5 RBESBIRATILE, 2 BB R HE 7 2 5] AR A (1 S A ) 1E
R BE ST BRI, JUHAR P WUMIE B R RE D9 v S, TR MRI 1S B A Bh €47
S LR U7 4025 18] 23 A7 SRR T BRL05 BRAREAUE O AN A o (BT R A O3 T R R AR R A TR g A B

A] RE R P 2R AR R 35 /0 (339 A1 421 1)

Confusion Matrix

adipose 1 1 3 3 70 o 0 17 1200
background- 2 0 0 0 0 o 0 0
1000
debris- 0 2 294 0 7 23 o 2 1

800
llymphocytes - 0 0 0 632 0 0 [ o

T
|
- mucus - 42 12 1 o 948 8 18 o 6
3 -600
2
g
'smoothmuscle - 15 <) 1 0 44 505 0 13 2!
-400
normal colon mucosa - 1 0 0 19 4 1 3 n
cancer-associated stroma- 0 3 62 1 s 8 0 27 62 -200
colorectal adenocarcinoma epithelium - o o 2 38 3 1 13 5
! ' ' ' ' ' ' ! -0
N L Y L e
&S & & A
S & S N & K
K « & N & o
<0
& &S
&
ﬁy
O
&
Predicted Label
¥ 1 b VELY
(a) FAREASARBY TR P
Confusion Matrix
dipe 0 3 o o 49 o o 4 1200
background - 0 o o o 0 o 0 o
1000
debris - o 0 284 o o 51 o 4 0
llymphooytes - 0 ) o H 0 o 3 0 1 -800
@
|
- mucus - 17 21 g J 962 2 20 3 9
2
g -600
g
'smoothmuscle - o 31 v 0 2 555 o 1 1
-400
normal colon mucosa - 2 o 5 - o 0 7 p-3
cancer-associated stroma - 0 0 aa 2 3 12 2 206 52 ~200
colorectal adenocarcinoma epithelium - o o 3 28 1 2 23 <] 173
g ] -0
> & N
S s ¢ & §° @
EAV A A R G A
& « S
o« > eee(} &
DA A
&\ (s? &
&
&
X
&9

(b) ZRSHRRE RS

Figure 2. Confusion matrix

2. SRIBREM
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3.2. ZIRSEAERES BRSER XRAH B P A AR A 5E ST

LRSI CRC RS (AR FE T . S5 Bl e . WEfr . IR EE 40 ) b F ) RAOCR 4R T
B35 (5 6). F1-Score /2 Ak i R AN Bl AR (LR GHR AR, BELR & S WOAS TR ok SH P A A Py o kg L 22 T )
WAHIREST, FEBITIZWrh B A SR . B3 6 T, A CRC A 548 5 AR BE J14R T+
JuuiR, F1-Score A 0.6097 & J+% 0.7567, FeTHIEALE 14.70%, HAA G EZEME(p < 0.01, 2 =
8.42), XAEZE FETHNS R SO B ARSI 3 7 VAT Jeg A e 7% RSz o %ok 285 L P e B DR i 0 82T
A BT IR R IRIRAR AL o R A HE R TR 0 BEHRER T PR DR US o Xot I8 EL 4 R B IR ] RE ST AT ¢
E S AR FE PR R LR PG o R AN AR B M

Table 6. Key classes’ F1-Score
= 6. KHEAHHY F1-Score

Bl HEA FL ZHEFL RIS

cancer-associated stroma J&#H 3¢ 5 5 0.6097 0.7567 +14.70%
colorectal adenocarcinoma epithelium 45 B iz i i L iz 0.9188 0.9649 +4.61%
Debris v 0.8 0.8219 +2.19%
Lymphocytes 7k B4 ff1 0.9593 0.9797 +2.04%

3.3. BTSSR S PIREE R o MEAX 28 HEM
224 1 % CRC KAAENIRAE L) ROC HIZE, 4l 3 .

Per-class and Macro-average ROC Curves

= = macro-average (AUC = 0.99)
- adipose (AUC = 1.00)
-~ background (AUC = 1.00)
—— debris (AUC = 0.99)
—— |ymphocytes (AUC = 1.00)
——— mucus (AUC = 1.00)
—— smooth muscle (AUC = 0.97)
~—— normal colon mucosa (AUC = 1.00)
- cancer-associated stroma (AUC = 0.95)
colorectal adenocarcinoma epithelium (AUC = 0.99)

2064 +
« /
g /
; E
IS /
g /
(= 4
I’
0.4 ,
/
/
/
/
/
4
4
4
,I
0.2 /
/
/
’
/
/
/
/
/
/
0.0 : : : -
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

(a) FSHIALR ROC Hhzk
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Per-class and Macro-average ROC Curves

= = macro-average (AUC = 0.99)
adipose (AUC = 1.00)
-~ background (AUC = 1.00)
~—— debris (AUC = 0.99)
- |ymphocytes (AUC = 1.00)
- mucus (AUC = 1.00)
—— smooth muscle (AUC = 0.99)
normal colon mucosa (AUC = 1.00)
- cancer-associated stroma (AUC = 0.94)
colorectal adenocarcinoma epithelium (AUC = 1.00)

2L 0.6 /
© 4
© /
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& /
] ’
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/
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(b) ZHERLEHAIN) ROC Hhzk

Figure 3. Test set ROC curve
B 3. MitEE ROC Hhzk

FHPE 3 AL, R0 A s A T BE 42, HBOom 2RI X 40 B8 /1N 90.49%, 1M MRI i
TR B AR B 0 BRI D A B TR R A 5, AL 4y 2R EE 1115 F) 92.48%, LRI EL A ALK
MR L AR SR ARNIS B T IR FH(+1.98%), H EAG Gt E M (p <0.001, z = 4.28), Z gkt 4
EAIRTE, W MRI IEERES B E AR A B 5R B ZRAY) A BT R RS, B sE A B SR A% CRC
R ER A A KX 4 e

AL, ZHEABAIE) OVR (+0.21%)F1 OVO (+0.37%) I # T Jt, FIIRRIZE £ 40 2587 5 S HEF
e ) R P 1 5
3.4. t-SNE wa[#i4t

{EH t-SNE AL RFIE 25 0] 40 AT, BGUERE A 5 AR IE 2 A U S AR AEEAR . 14 4 R T s
AT (@) A1 22 AR A5 () ZE 4 AE 2% 1) _Ef t-SNE R ARAL XS HE .

HiZE IR E R, S EEFSRRE S A A 4)8n, SRR S8, HZ2 BB
FERFEAR S X EE, RBRFED TR, ML EM R AEEA TR . 1 2 A A5 BT A5 45 1E 25 8] 4
A B 4(0)BrR, 9 SEIEATE BUAH G LT I B SR 2605, AN RIS BN BRI [RIRE , 1O S ARSI, ToH &
T8 B I B SR BN Ao DA BT S SRR B, 2RISR S AR O FPEo 2 (]S B T BN Aot 7 55
4. BESITR

AR T — P 2SR & 045 B e R By 28R, SR TR TE = WL
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t-SNE Visualization of Feature Space
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Figure 4. t-SNE dimensionality reduction visualization plot
4.t-SNE PEHERTIILE
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ResNet50 X 73 3l G HESE o IZARAUHE L SEIL | 2 AL 1) Th S AN SRk & o B 5608 XU 40 3CHK ResNet50 X
PN AT BT RRAE SR IR, 38 S A RBESE R 1E £ 2%, 4R J5 F CrossModal Attention FEESZEL T Hh i
ARV [ ) R RS A L, [RIBT CRAE VISR IR A AT 2 o g 1% B AN 23 St IR R AR 3R AT T I B 9
R G, (A RIS R R R S B 78 R

FZBR G CRC A SV BE % EUE A MRI B 3EHAT T 28RS, LT CRC 1 2 Fiis BE2E 2 1)
SRMERE. RERW, HTEZEEMEE, SRR AR (HER R T 2.2%) X OCEE I 1 H M
FEAR VLG GE 7 CRgAH ST TR IR B RE 42 T 14.70%, 45 B ise b R0 66 F18E T 4.61%) X 9 FOR[EZE
BIHIX 23 B8 J1(ROC #2 71 1.98%) 5 #0155 1 $2 T+ t-SNE A LAk th FoR 2 A ml A B AE 9 Fh2 i) 2 Ja) sk
LT SN R B . IZAE AL A BT E CRC R AR IR R, A Bl 388 i e X I 51
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