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Breast Cancer Diagnosis System Based on Transfer Learning
and Deep Convolutional Neural Networks
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Abstract Breast cancer computer-aided diagnosis (CAD) system is playing more and more important role in medical
detection and diagnosis. In order to classify tumor and non-tumor in magnetic resonance imaging (MRI), a novel
breast cancer CAD system based on deep learning and transfer learning is designed. First, we balance the
imbalanced data sets and use data augmentation to deal with it. Then, we use the convolutional neural network
(CNN) to extract CNN features from MRI data sets, use the same support vector machine to evaluate the feature
extraction abilities of different layers, and select the highest F1 score layer as the node of fine-tuning, the layers
behind it, which has relatively low dimension as the node of connection of new networks. Next, we select the newly
designed fully-connected layers with two layers to form a new network, and use transfer learning to load weights on
the new network. At last, we freeze the layers before the node of fine-tuning, while other layers can be trained in
the fine-tuning procedure. The CAD systems are built on three CNN networks, including VGG16, Inception V3,
and ResNet50. The effects of the system based on VGG16 and ResNet50 have the best performance, and twice
transfer learning can improve the performance of VGG16 network system.
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Fig. 1 (a) Comparison of extraction between traditional machine learning features and CNN features;

(b) illustration of the layers of VGG16
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Fig. 2 (a) Flow of network construction and the way of transfer learning; (b) flow of two-step transfer learning method
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Fig. 4 Reference images of MRI region of interest.
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Table 1 Comparison of feature performance
Performance metric Gabor GLCM HarrLike Combination V-HarrlLike V-Gabor V-GLCM VGGI16-16L
Accuracy 0.8702 0.8844 0.7302 0.8299 0.9074 0.8784 0.8734 0.9042
Precision 0.9193 0.8681 0.7117 0.8222 0.8737 0.8784 0.8734 0.8924
Recall 0.8117 0.9066 0.7737 0.8417 0.9025 0.9145 0.9177 0.9193
F1 0.8621 0.8869 0.7737 0.8318 0.9114 0.8961 0.8950 0.9056

= 2 VGG16 JZ N HURREPERE b3

Table 2 Performance comparison of extracted features in VGG16 layers

Performance metric Layer 8 Layer 9 Layer 10 Layer 11 Layer 12 Layer 13 Layer 14 Layer 15 Layer 16 Layer 17
Accuracy 0.6724 0.6094 0.6028 0.7998 0.9074 0.9185 0.9319 0.9303 0.9042 0.8678
Precision 0.6116 0.5632 0.5596 0.7269 0.8737 0.9025 0.9099 0.9121 0.8924 0.8571

Recall 0.9446 0.9642 0.9651 0.9604 0.9525 0.9382 0.9588 0.9525 0.9193 0.8829
F1 0.7425 0.7110 0.7084 0.8275 0.9114 0.9200 0.9337 0.9318 0.9056 0.8698
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(d) performance comparison of the three systems based on transfer learning

Transfer learning and non-transfer learning of the system based on (a) VGG16, (b) Inception V3 and (c)

ResNet50;
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Table 3 Comparison of evaluation index obtained by different methods
Method F1 score Precision Recall Accuracy AUC
Twice transfer learning based on VGG16 0.9742 0.9687 0.9798 0.9795 0.9749
Combine the data sets together based on VGG16 0.9722 0.9667 0.9778 0.9790 0.9732
Once transfer learning based on VGG16 0.9620 0.9668 0.9574 0.9706 0.9682
Fine-tuning with method B based on VGG16 0.9590 0.9627 0.9554 0.9668 0.9650
Fine-tuning with method C based on VGG16 0.9620 0.9668 0.9574 0.9706 0.9682
Fine-tuning with method B based on ResNet50 0.9642 0.9596 0.9687 0.9685 0.9685
Fine-tuning with method C based on ResNet50 0.9680 0.9723 0.9638 0.9732 0.9710
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