5544 550 5 W T R A (AR Vol.44 No.5
20254E 9 J] Journal of South-Central Minzu University (Natural Science Edition) Sept. 2025

FUISIE B 5 5 2 S R BN S T R i it
FEE TR RER, F8, RO

(R RR: a AEWIBR 2 TR BE 3 b. 25 BB MAMRIZ Y AL AS B A S0 3, kil 430074)

OE YR LIR A UG SR S A X e 2T AT S S Sy I PR FL I 12 T 04 3 AR, A2 S ISR R A P AN
LRV, N T 22 WisCRAR 12 Wil SRR 22 37 B A PRS0 . DRI A 1 4 e 2L R 2H 200 B PR A 43 25
2R 55IE RFLRI L A2 W LR oK 4R I T — A TR 2 > A3 8 1 2 T LI AR AL SE-ConvNext-T, FH T
FLIRZH L PR RS 5325 . AfFH BreaKHis FLIR 41 200 S EHGOR I AR AT 38, S0 1 8 DA () 2L It ek g g 42 6l 41 1)
A 35325, -1 0 F A R 8 5] 99.18%. 73 4k, FE T IIIZR 1Y SE-ConvNext-T A BT % T FL AR s BE BSR4y 25 S 50 b
WIAE /IR IT P 228 BT Lo iy A LR e 9 B A% L 12 2 G2 T S ZL R IR 19 A sl o 28, T 43 s kit
W, 2%/ IV P PG RO S B B A 4 S s Wl

KA FLIRIPIR R B EMG s BUR 2 R S HLH] s SE-ConvNext-T ALY i B2 W R 56

FESES R737.9;TP391.41 XEERERE A XEHS 1672-4321(2025)05-0703-09

doi: 10.20056/j.cnki.ZNMDZK.20250516

Breast pathological image classification and auxiliary diagnosis

system design

XIA Tiantian®, WANG Lu*, CHEN Junbo™ ,HUANG Min*,CHEN Xinhao"
(South-Central Minzu University, a. School of Biomedical Engineering; b. Hubei Key Laboratory of Medical Information
Analysis and Tumor Diagnosis & Treatment, Wuhan 430074, China)

Abstract The classification of tumor types based on breast histopathological examination is regarded as the gold standard for
clinical breast cancer diagnosis. However, due to the complexity and diversity of pathological images, manual classification
and diagnosis are inefficient, and the results can be influenced by the subjectivity of the doctors. In order to improve the
classification accuracy of breast histopathological images and meet the needs of clinical breast pathological classification and
diagnosis applications, a channel attention mechanism model SE-ConvNext-T based on transfer learning was proposed for
breast histopathological images classification. The BreaKHis breast histopathological image dataset was used for testing,
achieving automatic classification of eight different breast tumor pathological images with an average classification accuracy of
99.18%. In addition, based on the trained SE-ConvNext-T model, a WeChat applet for breast cancer pathological image
classification and auxiliary diagnosis has been developed. Users can input breast tumor pathological images on their
smartphones, and the diagnostic system can automatically classify breast tumors and provide diagnostic suggestions. The
serves as an effective auxiliary diagnostic tool for breast tumors, helping doctors improve diagnostic efficiency.

Keywords pathological images of breast tumors; image classification; attention mechanism; SE-ConvNext-T model;

auxiliary diagnostic system
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Fig. 2 SENet network structure
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Experimental environment

Tab. 1

BAERSE Windows 10 64 {37 &R
AbFEER Intel(R) Core(TM) i9-10900X CPU @ 3.70 GHz
TR S NVIDIA GeForce RTX 3080
A 10 GB
LS Python 3.8
TR 2 HESE PyTorch
-5 G CUDA 10.1

212 AHxE

S8 I 2k ARk 100, it B KN
16, AR A AdamW , 2% ) % (Ir) Ky Se-4 , B 5
I (wd) N Se-2.
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Tab.2 BreaKHis dataset at different magnifications

A AR AY LESGES o4
40f%  100f%F  200f%  400f%
i 114 113 111 106 444
G Yl 253 260 264 237 1014
R 149 150 140 130 569
BRI 109 121 108 115 453
A 864 903 896 788 3451
WE /N 156 170 163 137 626
R 205 222 191 169 792
FAoMIE 145 142 135 138 560
e 1995 2081 2013 1820 7909
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Tab.3  Number of training, validation, and test sets at different

magnifications (after data augmentation )

I ON
el NN Zi RS 40 100 200 400
N A A
adenosis (i) 550 586 573 477
fibroadenoma (£F 4E 5 ) 553 581 565 457
R .
o phyllodes_tumor (F-{RfI{E) 553 543 553 465
4 tubular_adenoma CEFARBRI) 546 570 529 491
ductal_carcinoma(‘F45 95 ) 557 583 581 513
% . lobular_carcinoma (/NH-¥iE) 551 541 516 472
~ mucinous_carcinoma(Ki¥ ) 556 574 544 478
papillary_carcinoma(FLJ{RJE) 552 540 514 470
adenosis (i) 171 180 177 148
fibroadenoma ( £ 4 I8 ) 172 179 174 142
R )
phyllodes_tumor( THR e ) 171 169 173 144
. wbular_adenomaCEEARIRED) 171 180 168 156
It ductal_carcinoma(#H) 172 180 179 157
% o lobular_carcinoma (/NHEE) 173 170 163 147
mucinous_carcinoma (RS ) 173 178 168 148
papillary_carcinoma(FLIJRIEE) 174 170 162 146
adenosis (J5 ) 134 140 136 117
fibroadenoma (£F 4 95 ) 135 139 136 112
il phyllodes_tumor (IR {87 ) 131 137 130 115
tubular_adenoma (FF{RR) 139 142 134 133
X
ductal_carcinoma (‘5459 ) 135 138 138 118
* P lobular_carcinoma (/N ) 141 137 132 120

mucinous_carcinoma CKi & 58 ) 136 135 139 117
papillary_carcinoma(FLIJHRIEE) 144 150 143 115
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Fig. 9 Confusion matrix of the eight-classification results of the SE-ConvNext-T model
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Tab. 4 Classification comparison results of SE-ConvNext-T at different

magnifications
T IO
FrifE/ % 4015 1001%  2004%  4001%

o Z55 A2 2

Precision  99.55 9923  99.19  98.83
Specificity  99.94  99.89  99.89  99.84
SE-ConvNext-T ~ Sensitivity ~ 99.54 9920  99.18  98.85
Accuracy  99.54  99.19  99.17  98.84

Fl1 99.54  99.17 99.18  98.83
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Fig. 10 Comparison of ROC plots of the two models (40 x)
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Tab.5 Comparison of the classification accuracy of the SE-ConvNext-T model with other models

" TEM R A B HE R R %
X 2 A5 75
401 1004 2001% 4001% SR Ar AR
DAFLNet'®! / / / / 95.50
CA-BreastNet™®! 95.96 94.92 95.43 96.43 95.69
ResNet18'!"! 94.49 93.27 91.29 89.56 92.15
ConvNext-T 98.48 98.03 97.61 97.25 97.84
SE-ConvNext-T 99.54 99.19 99.17 98.83 99.18
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