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Abstract

Breast cancer has already overtaken lung cancer as the No. 1 cancer in the world. Therefore, the
diagnosis of breast cancer is of great importance. To improve the accuracy of classifying patholog-
ical images of breast cancer, a diagnostic method based on convolutional neural network (CNN) is
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proposed. This method makes a quick and automatic benign and malignant diagnosis for breast
cancer pathology images. In general, the structure of pathological images of breast cancer is very
complex. In order to enhance the capability of feature extraction, Random Vector Functional Link
Neural Network (RVFLNN) and Coordinate Attention (CA) are introduced based on CNN. Because
there are too few breast cancer datasets, data enhancement is used to augment the datasets. Abla-
tion experiments and horizontal experiments were conducted. The experimental results show
that the optimized CNN can improve the accuracy of classification effectively.
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Figure 1. RVFLNN
[# 1. RVFLNN
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Figure 2. CNN
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Figure 3. The flowchart of RVFLNN-CNN-CA
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Figure 4. Some data sets are presented
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Figure 6. Data set segmentation
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Table 1. Experiments on CA
1. XTF CAMER

Model P/% R/% F1/% Al%
CNN-CAL1 90.23 90.28 90.25 90.26
CNN-CA2 87.67 88.65 88.71 88.01
CNN-CA3 91.02 90.23 91.33 91.23
CNN-CA4 88.61 88.77 89.01 88.93
CNN-CA5 86.21 86.05 86.69 86.56
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Figure 7. Histogram of indicators for evaluating the CA experiment
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Table 2. Ablation experiment
2. IHRASCIE

Model RVF CA P/% R/% F1/% A%
CNN 90.08 90.15 90.17 90.22
CNN-RVFLNN v 92.55 92.36 91.43 92.67
CNN-CA v 91.02 90.23 91.33 91.23
RVF-CNN-CA 4 4 93.28 93.65 93.29 93.56

DOI: 10.12677/mo0s.2023.125394 4327 R ()


https://doi.org/10.12677/mos.2023.125394

VA
94
93
92
=
;\}5 91
90 EF1
89
88
CNN-RVFLNN CNN-CA RVFLNN-CNN-CA
AR

Figure 8. Histogram of evaluation indicators for ablation experiments
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Table 3. Cross-sectional experiments

3. EEsE

Model P/% R/% F1/% A/%
Perceptron 85.09 85.17 85.13 85.21
SVM 86.12 85.98 86.06 86.19
LR 86.82 86.96 86.91 87.61
RF 87.09 87.19 87.16 87.21
AlexNet 87.69 87.06 87.52 87.96
VGG 86.21 86.39 86.31 86.96
GoogleNet 87.98 88.09 88.03 88.23
ResNet 90.12 90.02 89.93 90.23
DenseNet 90.17 90.56 90.36 90.36
RVFLNN-CNN-CA 93.28 93.65 93.29 93.56
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Figure 9. Histogram of evaluation indicators for cross-sectional experiments
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Figure 10. Confusion matrix
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