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) O . ABSTRACT

According to the Breast Imaging-Reporting and Data System (BI-RADS),
i category 4 breast lesions have a 2-95% probability of malignancy. Such estimation can cause challenges
Received: 04 Nov 2022 © in planning for the treatment of women with breast cancer. Contrast-enhanced spectral mammography
Accepted: 29 Jan 2023 (CESM) is one of the best imaging modalities in breast cancer detection. In this study, we aim to assess
i the efficiency of deep learning methods in determining the malignancy degree of BI-RADS 4 breast
lesions using CESM images.
[VETEEE In this study, 1408 CESM images of BI-RADS 4 breast lesions were used. The image pre-
processing step was first done to remove noises and improve image quality. Then, segmentation was
done for the region of interest extraction. Feature extraction was done using three different conventional
classifiers. Finally, the classification of images was done using deep learning methods.
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Keywords: [ESTE Among the applied methods, the Densenet-201 network used for feature extraction and
Mammaography;, K-nearest neighbor (KNN) used for Classification showed the best results with accuracy, sensitivity,
Deep learning, : specificity, and area under the curve of 98.57%, 99.20%, 97.50% and 0.987 respectively.

Breastcancer, Image  :  [SelalE0s The proposed method (Densenet-201 and KNN) using CESM images is effective in estimating
processing  the malignancy of BI-RADS 4 breast lesions and thus in timely treatment of breast cancer.
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Extended Abstract

Introduction

reast cancer is one of the most common

types of cancer and the most serious threat

to women’s health. The use of an accurate

screening method can play a significant

role in the early diagnosis of this cancer
and, thus, reducing the mortality caused by it. Contrast-
enhanced spectral mammography (CESM) is an imag-
ing technique by which the diagnostic capability is sig-
nificantly increased by injecting a contrast agent into the
patient and increasing the contrast in suspicious areas of
the breast. Breast Imaging-Reporting and Data System
(BI-RADS) is a risk assessment tool for breast lesions in
which radiologists divide the lesions into seven categories
according to the evidence in mammography, ultrasound,
or magnetic resonance images. In the fifth edition of this
scoring system, which was updated in 2013, category 4
breast lesions have a 2-95% probability of malignancy.
Reporting such vast degree of malignancy can cause
challenges in planning for the treatment of these patients.
Therefore, it is very important to determine the degree
of malignancy of BI-RADS 4 lesions by a non-invasive
method using medical images. In this study, we aim to
assess the efficiency of deep learning techniques to deter-
mine the malignancy degree of BI-RADS 4 breast lesions
using CESM images.

Methods

In this study, CESM images of women with breast can-
cer available in the CDD-CESM database of the TCIA
portal were used. In the pre-processing step, for remov-
ing noise from the images, a median filter with a win-
dow size of 3x3x3 was applied. In the next step, to im-
prove resolution and increase the brightness of images,
contrast stretching was done. In the final step, due to the
fact that the borders and edges of the images are consid-
ered disturbing factors in the calculations, erosion with
disk size of 2 was applied. Manual segmentation was
also done by expert radiologists and using convolutional
neural network (CNN)-based feature extraction and clas-
sification by three different conventional classifiers: k-
nearest neighbor (KNN), support vector machine (SVM)
and feed forward neural network (FNN). The CNN has
a unique efficiency in automatic extraction of features
from images. The number of features extracted from the
Densenet-201, Resnet-101, and Inception-v3 networks
were 1920, 2048, and 2048 respectively, for each image.
To evaluate the performance of the proposed models,
their accuracy, sensitivity, specificity, and the area under
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the curve (AUC) were evaluated. The proposed models
and the obtained results were validated using a 10-fold
cross-validation method. All related processes were done
in MATLAB 2021 software in a laptop with 4GB GPU,
Intel Core 17 11th Gen 11800H (2.30 GHz), NVIDIA
GeForce RTX 3050 Ti. Statistical calculations were per-
formed in GraphPad Prism 9.4.1 software.

Results

Among the applied models, the Densenet-201 network
and KNN showed the best results in feature extraction
and classification with accuracy, sensitivity, specificity
and AUC of 98.57%, 99.20%, 97.50%, and 0.987, re-
spectively.

Conclusion

In this study, the performance of different machine
learning methods was compared to estimate the degree
of malignancy for BI-RADS4 breast lesions in 1408
CESM images. The results showed the valuable ability of
the proposed model compared to other related methods.
The goal of this study was to reduce unnecessary biopsies
and timely diagnosis and treatment of patients with breast
cancer by doctors. The proposed model can be used as an
auxiliary tool in timely and reliable treatment of breast
cancer; by this method, doctors can classify breast lesions
in a non-invasive manner without clinical information,
just by the image of a suspected person with BI-RADS 4
category breast cancer. This process can increase the sur-
vival of affected people and reduce the unnecessary treat-
ment of people suspected of this cancer.
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