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Value of transfer learning model based on ultrasound images in the
differential diagnosis of benign and malignant breast masses

YU Meihui, YUAN Quan,ZENG Shue, CHENG Hui, LI Nan, YE Huarong
School of Medicine , Wuhan University of Science and Technology , Wuhan 430081, China

ABSTRACT Objective To explore the value of transfer learning model based on ultrasound images in the differential
diagnosis of benign and malignant breast masses. Methods A total of 582 ultrasound images from 300 patients with breast
masses confirmed by biopsy in our hospital were collected as an ultrasound data set (482 for training set and 100 for test set).
Three deep convolutional neural network models (VGG-16, Inception-v3, ResNet—=50) pre—trained on the ImageNet dataset
were trained and tested by transfer learning method.For the first transfer learning, three models were used to identify and learn
the X-ray images of benign and malignant breast masses in the CBIS-DDSM dataset and fine—tune the models. For the second
transfer learning, three models using a randomly selected training set of ultrasound images from the ultrasound dataset were fine—
tuned , and the final classification results were output in the test set.Receiver operating characteristic (ROC) curves were drawn to
compare the diagnostic efficacy of three models after transfer learning for benign and malignant breast masses. Results  The
accuracy , sensitivity, specificity, precision, F1 score, and Jorden index of VGG-16, Inception—v3 and ResNet—50 models in the
differential diagnosis of benign and malignant breast masses were all improved after transfer learning , and the model established
based on ResNet=50 had the best efficacy with an accuracy of 88.0%, sensitivity of 82.7%, specificity of 93.8%, and AUC of

0.915, which were higher than those of the other two models, and the differences were statistically significant (all P<0.05).
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Conclusion The transfer learning model based on ultrasound images has high diagnostic efficacy in the differential diagnosis of

benign and malignant breast masses, among which the model established based on ResNet—=50 has the best efficacy.
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