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Abstract

Breast cancer is the most prevalent malignant tumor among women globally. Traditional screening
methods suffer from insufficient sensitivity and reliance on specialized physicians. Particularly for
women in remote areas, factors such as limited medical resources, economic constraints, and geo-
graphical access delays prevention and treatment, leading to delayed interventions and disease
progression for many patients. This study proposes a deep learning-based multi-stage breast can-
cer diagnosis system. By comparing ResNet50, VGGNeT, GoogleNet, and CNN-ViT models, we se-
lected ResNet50 as the optimal model, achieving 93.47% accuracy, 91.35% precision, 91.50% recall,
and an F1 score of 91.56%. The system integrates model predictions with clinical expertise to gen-
erate comprehensive diagnostic reports. Patients can receive real-time results via a WeChat Mini
Program, facilitating prompt decision-making for subsequent treatment. This framework offers a
feasible solution to improve breast cancer prevention and management, particularly in resource-
limited settings.
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AW, @it ResNet50. VGGNeT. GoogleNet 1 CNN-VIT i ()2 Witk G,
ResNet50 B AR RG RS WER, M FHAE THERE. W=, Bub R,
2.2.1. ResNet50 %8
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28N ZRI f i L Ie) 2 —,  IF B2l O 28 S EEUE AR E T, 9 T R DL IX Ee ) B, DRI AR T 9
Fede T ResNet (Residual Neural Network)45 %9 . ResNet 3L A/ 2 g5 #tn R 14 1 s .

AL

layer name | output size ResNet50
convl 112x112 7x7,64,stride 2
3x3 max pool,stride 2
conv2 x 56x56 1x1,64
3% 3,64 |x3
1x 1,256
1x1,128
conv3 x 28x28 [3 X 3,128]><4
1x1,512
1x 1,256
conv4d x 14x14 l 3% 3,256 ]X6
1x1,1024
1x1,512
conv5_x 7x7 ISX3,512]><3
1x1,2048
1x1 Average pool,1000-d fc,softmax
FLOPS 3.8x10°

Figure 1. ResNet network structure
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Figure 2. ResNet network
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Table 1. Characteristic types and types of breast cancer
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Figure 3. The multi level diagnostic architecture
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Figure 4. The registration interface
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Table 2. Model parameters
=2 BESY
4 il
Epoch 30
image_size 224
batch_size 32
PR Binary Crossentropy
it Adam
learning rate 0.0001
5.3. RS

AT I T ResNet50. VGGNeT. GoogleNet £1 CNN-VIT BEIZE AL IR W E RG> 25PERE. N
TAREEAE, BT RS F AR R I BAE AT ISR, AT DR i, IR mtpLk
TR AR A A S 5 ELAE A S 5 A RR AR R

AW FFTE DY RS . A RIRA FL 8RR RAES 3 h. G5B, FEDUFRAL
ResNet50 BB U R A ft. HI7< 3 I, ResNet50 BAY[FFE#% 4 0.9135, H[EIZ 4 0.9150, F1 7-40CH
0.9156.

Table 3. Model training results table
Fz 3. HWRNIGERK

o WS B it
Accuracy Accuracy Accuracy Precision Recall F1 5341
ResNet50 0.9515 0.9261 0.9347 0.9135 0.9150 0.9156
VGGNeT 0.8689 0.7656 0.7563 0.7436 0.7419 0.7427
GoogleNet 0.8676 0.7196 0.7063 0.6828 0.6571 0.6697
CNN-VIT 0.8941 0.7121 0.7188 0.7233 0.7143 0.7187

ARSI S AT TR I R B APy A [ 2R ot L R PR VR A B 0 o T URR 918 Y 3 4 AR B o 31 A
RIMTRIAEAGZ, BRI R RS, 15 6 RN AR BT LR R 5 4 s 45 SRR HE R .

T L PO AN [ Accuracy, HHIE 7 AT %0, ResNet50 A8Y (HERAZRIAF] T 0.9347, T H4b=
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N T 25 B ResNet50 F A 7E FL AR 2 WT I HER I, ASGENH T iER 2] )ik X1 ResNet50
R R 54 FE R 27 ) 7 ik s ae 45 ik 4 Fow.

7 4 RIS RATR, [ERITRSS, Seieg RAER TR HITR % R & T 4.9%.

gh47 3. 18 6, ResNets0 HERITLICZFEMIR . HEIR. FL /3B RERim m T 1 4 =AM A,
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Figure 6. Confusion matrix of breast recognition quantity results by different models: (a) ResNet50; (b) VGGNeT; (c) Goog-
leNet; (d) CNN-VIT
6. AEIEBINTZLARIR R BB L5 FIR 5% (a) ResNet50; (b) VGGNeT; (c) GoogleNet; (d) CNN-VIT
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Figure 7. Accuracy of each model
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Table 4. Whether to use transfer learning results comparison
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