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Abstract: Since 2020, breast cancer has become the most frequently diagnosed malignancy worldwide. The role of
breast imaging in early detection and intervention is critical for improving patient outcomes. In the past decade, deep
learning has revolutionized the analysis of breast cancer imaging, providing significant advancements in interpreting the
complex data from various imaging modalities. With the rapid evolution of deep learning technology and the increasing
incidence of breast cancer, it is essential to review past achievements and identify future challenges. This paper offers an
extensive review of deep learning-based breast cancer imaging research, focusing on studies involving mammograms,
ultrasound, magnetic resonance imaging, and digital pathology images over the last ten years. It highlights the primary
deep learning methods and their applications in imaging-based screening, diagnosis, treatment response prediction, and
prognosis. Based on the research findings, we discuss the challenges and propose potential future research directions in

deep learning-based breast cancer imaging.
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Extended Abstract

1- Introduction

This article explores the advancements made over the past
decade in utilizing deep learning for breast cancer image
analysis. Since 2020, breast cancer has held the highest
incidence rate among all malignancies globally. Breast
imaging is vital for early diagnosis and intervention,
enhancing outcomes for patients with breast cancer.
Throughout the last decade, deep learning has shown
remarkable progress in analyzing breast cancer images,
fostering great optimism for interpreting the rich and
complex information embedded in these images.

2- Deep Learning Methods for Breast
Cancer Analysis

e Classification: Deep learning models are employed to
classify images into different categories, such as the
presence or absence of cancer. These models are trained
using Convolutional Neural Networks (CNN) to extract
important features from images and make decisions based
on them. For example, the Densely Connected Network
(DenseNet) model is one of the successful models in this
field, achieving high accuracy in detecting breast cancer
through the use of dense layers.

e Detection: Deep learning techniques are utilized to
identify and locate suspicious areas in images. These
models generally employ convolutional neural networks
(CNNs) and recurrent neural networks (RNNs) to pinpoint
these regions. Such methods can aid radiologists in
detecting suspicious areas more swiftly and accurately.

¢ Segmentation: The goal of these methods is to deliver
pixel-wise predictions that define the exact boundaries of
tumors. Deep learning models like U-Net and SegNet are
employed for this task. These models pinpoint the precise
tumor boundaries in images through convolutional and
recurrent layers, aiding doctors in developing more
accurate treatment plans for patients.

3- Deep Learning Applications in Breast
Cancer

e Screening and Diagnosis: Utilizing deep learning for
the early and more precise detection of breast cancer via
mammography, ultrasound, and MRI images. These
models can autonomously analyze images and pinpoint
suspicious areas, aiding in reducing diagnosis time and
enhancing accuracy.

¢ Predicting Treatment Response and Prognosis: Deep
learning models are used to predict patients' response to
treatment and predict long-term outcomes. These models
can analyze clinical and image data to predict which
patients will respond positively to certain treatments and
which patients need alternative treatments.

e Pathology Image Analysis: Deep learning models are
used to analyze digital pathology images. These models
can identify cancer cells in pathology images and help
doctors make a more accurate diagnosis. These methods
can help reduce human errors and increase diagnostic
accuracy.

4- Results (Deep Learning Applications)

e Screening and diagnosis: Deep learning models have
been used to detect breast cancer earlier and more
accurately through mammography, ultrasound, and MRI.
These models can automatically analyze images and
identify suspicious areas, which can help reduce detection
time and increase accuracy.

e Predicting treatment response and prognosis: Deep
learning models are used to predict patients' response to
treatment and predict long-term outcomes. These models
can analyze clinical and image data to predict which
patients will respond positively to certain treatments and
which patients need alternative treatments.

o Pathology Image Analysis: Deep learning models are
used to analyze digital pathology images. These models
can identify cancer cells in pathology images and help
doctors make a more accurate diagnosis. These methods
can help reduce human errors and increase diagnostic
accuracy.

5- Challenges and future directions:
Challenges:

o Need for big, high-quality data: Deep learning models
require big, high-quality data for training. Collecting and
labeling this data is time-consuming and costly.

o Interpretability of models: One of the main challenges
of deep learning is the interpretability of models. Deep
learning models are known as "black boxes," and it's
difficult to figure out how they came to a specific outcome.
e Adaptability of models to new data: Deep learning
models need to be able to adapt to new and diverse data.
This requires improving training methods and increasing
the generalizability of models.

Future directions:

o Semi-supervised learning and transferential
learning: The use of semi-supervised learning and
transferential learning can help reduce the need for labeled
data and increase the accuracy of models.

e Multifaceted learning: Using multiple data such as
images, clinical data, and genetic data can help in a more
comprehensive and accurate analysis.

o International cooperation: International cooperation
and the use of big data can lead to further advancements in
this area.
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> DW-MRI: Diffusion-weighted MRI

¢ Dynamic Contrast Enhanced (DCE)-MRI

7 hematoxylin-eosin stain (H&Estain)

8 Immunohistochemistry (IHC)

°In Situ Hybridization (ISH)

10 Predictive and prognostic biomarkers estrogen receptor o,
1 Progesterone Receptor (PgR)

12 Human epidermal growth factor receptor 2 (HER2)
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4 Visual Geometry Group (VGG)
5 Residual networks (ResNet)
¢ Densely Connected Network (DenseNet)
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! Region Proposal Network (RPN)

2 Graphic processing unit (GPU)

3 Image Net challenge
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4 generative adversarial network (GAN)
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! Class Activation Map (CAM)
2 Multiple Instance Learning (MIL)
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