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AUC Accuracy Sensitivity Specificity

Set 1 0.942 86% 81% 91%
Set2 0.975 93% 94% 92%
Set3 0.926 86% 87% 85%
Set4 0.976 91% 90% 91%
Set5 0.949 89% 90% 87%
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Differential Diagnosis of Breast Masses at US:
Initial Experience with Deep Learning

Won Hwa Kim,MD, Hye Jung Kim,MD

Department of Radiology, School of Medicine, Kyungpook National University,
Kyungpook National University Chilgok Hospital, Daegu, Korea

Purpose: To design a deep convolution neural network (CNN) to diagnose breast nodules at
ultrasound (US).

Materials and Methods: Between 2011 and 2018, 1000 nodules (500 malignant and 500 benign
nodules) were diagnosed by biopsy or surgical excision or over 2-year follow—up. In order
to prevent overfitting that may occur in machine learning, preprocessed images were divided
by training and test sets; randomly selected 800 out of 1000 nodules for training set and 200
nodules for test set using 5-fold cross—validation. The diagnostic performance of the learning
CNN model was calculated with accuracy, sensitivity, and specificity. The CNN model in this
study provided information that can be used for localization while classifying using Global
Averaging Pooling (GAP) technique.

Results: The 5—fold cross—validation test showed that the sensitivities for sets 1, 2, 3, 4 and 5 ranged
from 81% to 94%, with specificity ranging from 85% to 92% and accuracy ranging from 86% to
93%. In addition, when the attention heatmap using GAP technique was applied and confirmed,
the signal (red) presented in the model was found to be in good agreement with most malignant
and benign lesions.

Conclusion: In the initial results of this study, it was confirmed that the accuracy of CNN diagnosis
was good without the segmentation technique. The results of this study will be reexamined and
verified through external data obtained from multicenter studies.

Index words: Breast; Ultrasound; Diagnosis; Convolutional neural network
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