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Model Sensitivity Specificity AUC
DenseNet 56.25% 86.25% 0.8553
DenseNet + MBN-V1 75.00% 92.50% 0.9252
DenseNet + MBN-V2 87.75% 93.75% 0.9491
DenseNet + MBN-V3 82.50% 92.50% 0.9472
DenseNet + MBN-V4 77.50% 92.50% 0.9483
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Hl ol 3%
Model Sensitivity Specificity AUC
ResNet 65.00% 70.00% 0.7675
ResNet + MBN-V1 68.75% 77.50% 0.8270
ResNet + MBN-V2 71.25% 86.25% 0.8795
ResNet + MBN-V3 70.00% 91.25% 0.9261
ResNet + MBN-V4 67.50% 90.00% 0.8797
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Case Sensitivity Specificity AUC
Normal 91.67% 53.18% 0.858
x-axis slice 83.30% 86.11% 0.8982
y—axis slice 93.33% 75.00% 0.9019
z-axis slice 83.30% 66.67% 0.8590
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Case Detection rate FPR
QV CAD 0.71 0.12
QV CAD(same testset) 0.845 0.450
ours 0.876 0.442
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Abstract

A Study on the Deep-learning
based Computer-aided

Detection system for Breast
cancer in the Automated Breast
Ultrasound

Daekyung Kim

Interdisciplinary Program in Bioengineering

The Graduate School

Seoul National University

The goal of this study is to develop computer aided
detection system for breast cancer in three—dimensional
automated breast ultrasound images and evaluate the performance.
Automated Breast Ultrasound(ABUS), which has various
advantages  over  mammography or  handheld  breast
ultrasound(HHUS) requires relatively more time and effort to read
by radiologists due to the image characteristics of ultrasound and
the three—-dimensional problem. Recent studies have employed
computer vision technology and deep learning algorithms to

develop computer aided diagnosis systems, and if it is applied to

75



automatic breast ultrasound images, it will contribute greatly to
the efficiency and quality of the medical service.

Breast cancer detection systems developed in this study
consist of three modules, each based on a three—dimensional
convolutional neural network that has shown high effectiveness in
image analysis through a number of recent studies. The breast
cancer detection system first scans the whole automated breast
ultrasound image through the "region proposal module for breast
mass" to estimate the location of suspicious lesions. To determine
whether breast mass is actually present at the estimated location,
we classify the area where the actual tumor exists with a ‘breast
mass classifier’. Results classified as breast mass are classified
as benign and malignant through a "breast malignancy classifier"
that predicts the malignancy of breast masses, resulting in lesions
suspected of malignant breast cancer except benign tumors.

To train the deep learning algorithm used in this study, we
built datasets in an efficient way without additional labeling work
from automated breast ultrasound images. To effectively train
deep learning algorithms, we utilized weakly supervised learning
methods and proposed neural network architectures, which
showed the performance improvement.

In this study, experiments were proceeded to verify the
performance of both each modules and the overall system that.
Single module evaluation showed higher performance compared

to conventional methods, especially template masks and mask
76



networks used in breast mass classifier showed significant
improvements. The systems developed in this study showed
higher performance compared to other existing systems with a
detection rate of 84.4% (95% confidence interval, 75.5%-93.3%),
and a false positive detection rate of 0.8 (95% confidence interval
0.6-1.0).

In this study, breast cancer detection system was developed
using self-built datasets and algorithms, and showed high
performance. Thus, breast cancer detection systems utilizing deep
learning has the potential to improve the diagnostic performance

of automated breast ultrasound.

Keywords.: Deep learning algorithm, Breast cancer, Automated

breast ultrasound, Computer aided Detection system

Student Number: 2019-23660
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