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Breast mass classification based on BIRADs multi-task learning model
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1. Department of Radiotherapy, Affiliated Cancer Hospital and Institute of Guangzhou Medical University, Guangzhou 510095, China;
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Abstract: Objective To propose a breast mass classification method based on multi-task learning model of breast imaging
reporting and data system (BIRADs) for addressing the challenges in breast mass classification and deep learning
applications. Methods A BIRADs multi-task learning model with a transfer learning-based morphological feature extractor,
texture feature extractor, and multi-task classifier, which enables the assessment of BIRADs-related characteristics such as
margin, shape, density and subtlety, was constructed. Model performance was analyzed through experiments involving
training strategies, network architectures, and input types. Results With transfer learning as the training strategy, both Base
and BIRADs models exhibit significant performance improvement. The models with original mass images as input
outperformed those with masked images. With transfer learning as the training strategy and original mass images as input, the
BIRADs model had higher AUC, accuracy, precision, recall rate, and F1-score as compared with Base model (0.830 vs 0.793,
0.747+0.024 vs 0.712+0.023, 0.643+0.032 vs 0.607+0.030, 0.774+0.037 vs 0.715+0.042, 0.702+0.028 vs 0.656+0.029,
respectively). The multi-task learning model demonstrated significant advantages in breast mass classification. Conclusion
The proposed BIRADs multi-task learning model combining clinical knowledge and data-driven methods enhances accuracy
and robustness in breast mass classification, which is expected to improve the diagnostic accuracy of breast cancer.
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Figure 1 Schematic diagram of breast mass classification framework based on BIRADs multi—task learning
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Figure 3 Comparison of ROC curves and AUC values for the same model with different training strategies
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Figure 7 Comparison of ROC curves and AUC values for the same model with different input types
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Figure 8 Box plots of evaluation metrics for the same model model with different input types
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