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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.
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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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¢ hematoxylin-eosin stain (H&Estain)

7 Immunohistochemistry (IHC)

8 In Situ Hybridization (ISH)

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

' Human epidermal growth factor receptor 2 (HER2)
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3 Pixel wise cross entropy loss and the Dice loss
4 Weakly-Supervised Learning (WSL)
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3 Semi-supervised learning (SSL)
4 generative adversarial network (GAN)
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! Class Activation Map (CAM)
2 Multiple Instance Learning (MIL)



Jo s g 00ljogaio | pyling Gl ()18 gl ;8 Gree 6 pSob oo p)l5

oo [V o] 595 o 5 4 cnl Slals it glgil g98g Lo
o (S5 sele Jlozms oS 5 sl |y Gl panteis A, S
sleidy samtn @S 50 gan 50 lacegin Goslesx b
St S5 3l e el (Shg ati a5 cenl S3 a4y aY [V Flass S
Gl dld asis g ol Lol sl aiilgiee 5 samarl
58 oolitul 350 Ciansd @ ylsi b (gloged 4 azg pilSe by DS
3 929 Sladllas ol sl cdél o5 sla byl (b ol b s 5
IVA V] 9 o ooliial (S it Buo (gl a g5 sloasis
Silwdld azs 5 gl lo Ths 5l colainl 35 5! aslllas S
Sloidiy preis Joo S (g0l sl Jedand Olsie 4 1y oS

Dl cotosls

Gsanks -T-¥

WS oo ol B anlo 5530 nogi 6l |y 5l e T e giaskad
bog oSy gbeadle 51 g2s B Jhie 4 L &S
5 oS Sl o)l 5L Jow Gaisel sl oz glacysslssl,
sla,tSlo (aloly a3 )15 0925 bagl S galo 51 p )2 (Gotpendis 3,50
adlae o D elewd alie U-Net glajbisle L oasedlol
el oas alosl [V )0 (gaankas calises slaJow (59, 2 (sldmslio

aaiz by -F-¥

pleol Gilies sy slp 1) Laosle b oS (330 lalllas 55
Sl opshate wiz ! Fonals SaF @y ansts slacgz )by U oS
Sl oS 4 el plteww o lp sole o, SO oS
DY] el iy ol sladue 5l slaegaze bigal isgarz
aiby o sln oz ge sladool, bl Gl ldllas ol ys a8
Mask R- . Faster R-CNN il o o5 (aseis glbaSius oiws
4z b gl g ganaib 95 58 plxil gl 55 YOLO 5 CNN
o Lal a5 jshailen ailoas 3wl 095 (laibgain s 5ok cunls 4
@ parid @l gl glp wlgiee ganaib sladus b
o (ol g odle [F O] Was oolinn] s &)l b slogeds
Jis Glaie @ wiloads slpriny VYhe o ax LSS slaadsgans
w930 B [A] gaeris U V] jasess b gonail o5 5

oS5 50 -0-7

b @by Glp (e slagby, drwg 5l i Sldlas 516k

o,fles jl lawslie adllas S S o 08B0 o0l SO
G jelgaly 5 Groe 250k Joo S o el Fule ganail
SaS @ kiS85 oo awglie ol o .l ool
IVlcad oo, Joe yige s jslonsl, (ol b anglin ;o pgemals
G (S 5ol sla Jow oS wilools lis ldlas 31 golass caalol jo

adlae V4] 0 S5 lacewjolgsl, o Slae Sguge 4 aiilys o

=
o\ f VPTGl — 099 0slond 093 Lo — o s 5 1 03 b oo o i = ¥

aiile el (655 0k lroaisS guanadil Koo b S 5 5o 9kl 08
bl 51 caloas ool [Vl SBolas i g olastin o popile
)5 &y diad Sgazme wlie o cdél (Sap gleools oS
4 6 yaiaSed jlonaisal (i 5l slanis L) o9z se slaases
2 Slaglas adlas S ailes S Jiine pl Sacle (sloosls acgazs
Gl ITY] o Gline slaaSos ol Saale sl o,Skos (s,
5l oolatwl L) (815 asle s (saimaide )5 anslae .canlonds
eSS g e sk e e 5 (Sangs sy dwais 098
30 (Bdmaw (§pa dwain 05,5 | eolaul L) (S5 gele Jlizs
3 sbJae 5l eeitee oolital 5 egdle cewlons 3155 [vY]
Sl s RSl Jul 5 See slaghy, Juis 4yt Slalllas s
G 31 el eolital 5 sl 31 i ol 9T s
C00gs gl sl sleosls acgerme 3l ouliais gal

el sole p (e unainl 13 (cope B Slaigeinir 5 RS0k
a8 5l s Sy s oaiSTyy el Slals 1y ccaslos S Lyl
o Sl b ligeinr 50k oo ganains drwg
e b Jhe Sy Gl (Fis 4 53,5 4oV sy il
Sl Samgd oaiS ganail S 5l o)l (B g 3 pete (PB4
Sr5b bmll S5 s G e sl @l ool s
e Iy-] 23,5 eolatul oled (soaman i ¢l p Slaigeins
3959 roba 5 Hlew gl G 650k Slllae 5 (S5
Jie plae @) Ao gbolfus wo,S olpin alfas
(ot 3 )l e sloolSags cad,bo 53 JlosS 58 sloalSs
Al slagby,; (rlpl Wedoo g 5588 (om)n Glp Sl
drwgl p Udes a5 wiload olpiiny pBas Wiz Shy w53
line Bl 5 jlolins slaioled adgs sl (Sing oSz el
Sl Sis bl b s glomal sl bagsl il 5l ool b
PR IR S TR [ TRPRVAS FR SRSPSUIE IRCH ST SUCIRR JUSE
(Sl oad gy pgai g (B3 el S gele (m) (L oud oKL
IVFl oS o8 5 oty ol ln 1) ((ad ol Sgale (m)
L gomail o Slee (gl sl 4 5 ladbgniz Sk
oS ol SB[l cotlan 318 adlae 5,00 iy ola
Sledbsl wislegy oo 2N iz 5 slaalg wix (6,.50L slossg,s
ssb 4 wlg oo Il 98 nl g WS (S8 ]y Joe 4 sabadl)|
IYV] g plesl o son

g WS atie |y j9eg g5 g oo Wlgie 995 n (A
@ gl e g0 Gl (addd S e | Ol iy drng
ol Goo3el o] jo aS w8 o 8 colaiul 590 00 S b
Gl (gl (goaide a5l S 4 00l (gu S Al bl
Ll &4 Lzl sl sl 18T pimmans Sl it 3o 3" Eaie
5 Sl ple gl JS 63955 Olore 4 a5 s )S el 5 3T,
oxolis a5 olailasl b olnls slp 29,5 55 s Slaise

! Computer-aided detection (CAD)
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