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Index words: Breast; Automated breast ultrasound; Multiview convolutional neural network;
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ABUS)E 7] =21} (Hand-held Ultrasound, HHUS)
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e AN Al Z-8 Alof mhE 45 Afol7F Bl
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Automated Breast Ultrasound and Artificial Intelligence: Multiview
Convolutional Neural Network Performance by Radiologist Experience

Seoyun Choi, Eun Jung Choi

Department of Radiology and Research Institute of Clinical Medicine of Jeonbuk National University—Biomedical
Research Institute of Jeonbuk National University Hospital, Jeonbuk National University Medical School,
20 Geonji-ro, Deokjin—gu, Jeonju City, Jeollabuk—Do 54907, South Korea.

Automated breast ultrasound (ABUS) is increasingly used as a supplemental screening modality for
women with dense breasts; however, it has several limitations, including prolonged interpretation
time and inter—reader variability due to the large volume of three—dimensional data. Recently,
artificial intelligence (AI) based on convolutional neural networks (CNNs), particularly multiview
CNN strategies that simultaneously utilize transverse and coronal views, has been introduced and
shown to improve diagnostic performance. This review summarizes the diagnostic performance
of ABUS—based multiview CNN models and analyzes differences in the supportive effect of Al
according to reader experience and imaging characteristics, aiming to suggest potential directions
for clinical implementation in the Korean screening environment.

Index words: Breast; Automated breast ultrasound; Multiview convolutional neural network;
Ultrasound features
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