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ABSTRACT

Objective To implement deep learning through convolutional neural networks (CNNs) to distinguish
benign and malignant breast masses on US and chest CT images. Methods \We retrospectively collected
281 images of benign masses and 155 images of malignant masses from patients who underwent
surgical resection and mammotome biopsy to obtain their pathological results. The ResNet-50
architecture was used, and the convolutional block attention module was included to establish
deep learning models. The benign and malignant masses were analyzed using US, CT, and US + CT
images. The sensitivity, specificity, accuracy, and AUC were calculated. Moreover, the deep learning
results were compared with those of manual evaluations. Results The AUC of the ROC curve from
ultrasound doctor evaluations on US images was 0.808 and that on CT images was 0.749. In addition,
the AUC of the ROC curve from the single US deep learning model was 0.883, while that of the single
CT model was 0.871, and that of the combined US + CT model was 0.947. Compared with single-
modality diagnosis and manual evaluations, US combined with chest CT shows the highest diagnostic
performance. Conclusion Deep learning analysis of US + CT images using a CNN shows high diagnostic
performance and effectively distinguishes benign and malignant breast masses. Its diagnostic accuracy
notably outperforms the use of a single imaging modality.
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