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Abstract: Breast Cancer (BC) is a major universal health problem. Early detection and precise diagnosis are vital for enlightening outcomes.
Artificial Intelligence (Al) technologies can potentially revolutionize the field of BC by providing quantitative representations of medical images to
assist in segmentation, diagnosis, and prognosis. Al can improve image quality, detect and segment breast lesions, classify cancer and predict its
behavior, and integrate data from multiple sources to predict clinical outcomes. It can lead to more personalized and effective treatment for BC
patients. Challenges faced by Al in real-life solicitations include data curation, model interpretability, and run-through guidelines. However, the
clinical implementation of Al is expected to deliver vital guidance for patient-tailored management. BC is a major global health problem; early
detection and treatment are crucial for improving outcomes. Imaging detection is a key screening, diagnosis, and treatment effectiveness assessment
tool. However, the irresistible number of images creates a heavy capacity for radiologists and delays reporting. Al has the potential to revolutionize
BC imaging by improving efficiency and accuracy. Al can recognize, segment, and diagnose tumor lesions automatically and analyze tumor images
on a molecular level. It could lead to more personalized treatment strategies. However, Al-assisted imaging diagnosis is still in its early stages of
development, and more research is needed to validate its clinical effectiveness. Therefore, Al is a promising new technology that has the potential
to progress the diagnosis and treatment of BC, and Al-assisted imaging diagnosis is a promising new technology for improving the early detection
and diagnosis of BC. More research is needed to bring this technology to clinical practice.
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1. INTRODUCTION

Breast Cancer (BC) accounts for over 2.4 million fresh cases
(11.8%) and 0.7 million fatalities (6.8%) of all cancer cases
globally. In a large number of nations, it is the most often
detected cancer, and in |10 of those nations, it is the main
factor in cancer-related death'. Early identification and precise
diagnosis of BC are crucial for improved results and to stop
the spread of the illness. Age, genetics, genes, and
environmental variables are only a few risk factors involved in
the pathogenesis of the illness known as BC. BC also shows
heterogeneity at the molecular and morphological levels”.
Several treatment strategies are required for people with
various molecular subtypes to achieve the best results.
Understanding the basis of BC is essential for accurate
diagnosis and successful prognosis. Full-spectrum analyses can
be addressed by non-invasive radiologic imaging, which
provides promising options. Digital mammography (DMy),
digital breast tomosynthesis (DBTs), Ultrasound (US),
magnetic resonance imaging (MRI), nuclear magnetic methods,
or an amalgam of these, are often utilized modalities®. Early
recognition and clinical staging of BC have both benefited
greatly from the use of imaging detections. Nevertheless,
several challenging concerns have recently gained more
attention in clinical settings. On the other hand, radiologists
have a significant burden because of the volume of imaging data
that is created following the diagnosis of BC*. On the one
hand, radiologists' ability to make accurate diagnoses is limited
by pictures of inadequate quality or ambiguous characteristics.
Demonstrating elusive or complicated disease symptoms may
need both imaging and clinical data. Computer-aided diagnosis
(CAD) suggests operative computerized lesion segmentation,
picture identification, and diagnosis, possibly lowering
radiologists' labor and increasing diagnostic precision®. The
therapeutic relevance of CAD in BC has greatly increased due
to the advancements in CAD, which have led to the
development of more adaptable and versatile analyses,
particularly image-based Al approaches. A dependable CAD
methodology with advanced computer technology is necessary
to enhance and assure the precision of diagnosis, which
directly influences the assessment's accuracy®. The prompt
detection of BC and the fall in death rates among individuals
have been significantly helped by advancements in medical
imaging modalities and technology. Current rapid
developments in radioactive substances and deep learning
technologies, as well as high-performance techniques for data
analysis and Al technologies, have exponentially increased the
creation of new Al-based models of breast images that address
a wide range of application areas. BC is a complicated and
ever-changing progression, making cancer management a
challenging journey with many obstacles along the way ’.
Advancements in medical imaging technology and progress
toward a better understanding of BC's intricate biological and
chemical nature have significantly influenced the substantial
decrease in BC mortality. In this therapeutic pipeline, the
process of deciding on each of these tasks is greatly influenced
by medical imaging. To identify suspicious tumors, gauge the
likelihood of malignancy, and assess the prognosis for cancer,
radiologists  traditionally use descriptive or partially
quantitative material visually gleaned from medical pictures®.
Information that is clinically significant might involve patterns
of improvement, the existence or inability of necrosis or
bleeding, the density and size of suspicious tumors, tumor
border fringe speculation, or the position of the distrustful
tumor. Making a final diagnosis requires analyzing and
combining information visually observed from medical imaging,

which is difficult. Despite being the most widely used imaging
modality for BC screening, mammography usually performs
poorly because of its lower sensitivity. The idea of Al, which
entails teaching computers to execute activities that ordinarily
entail human intellect, such as decision-making, speech
recognition, and language translation, has existed since the
1950s°. It works effectively for processing massive amounts of
heterogeneous, unstructured data from different imaging
modalities to create high-dimensional associations.

2, BREAST CANCER IMAGING MODALITIES

BC is evaluated using radiological and unhealthy images, which
take into account intrinsic abnormality characteristics like
location, size, and morphology, cancer risk factors like
malignant or benign, stage, and molecular types, and survival
outcomes like metastasis, treatment response, and
recurrence'®. The following summary of the most popular
imaging modalities: Digital mammography (DM) is frequently
used to check for BC. From the ages of 40 to 75, depending
on the national/regional screening programs, screening is
conducted every |, 2, or 3 years. It has been demonstrated
that routine breast DM substantially lowers cancer-related
mortality''""%. In DM, the breast is exposed to X-rays, and the
radiations are collected by a digital X-ray detector and
converted into a two-dimensional (2D) digital picture.
Mammography loses its precision, sensitivity, and reliability
when breast tissues just vertically separated from one another
look overlaid. This is especially true for thick breasts. Breast
screening uses two perspectives of each breast—the cranio-
caudal (CC) view and the medio-lateral oblique (MLO) view—
to address this problem'. It is done by reestablishing a
pseudo-3D image from multiple predictions, each obtained
while the X-ray source was situated at a different angle, which
increases sensitivity and specificity. Breast US is suggested as a
first-line assessment for young women during pregnancy or
nursing and is viewed as a supplemental evaluation, particularly
for women with thick breasts. Breast US imaging can increase
the global rate of detection by 17% when compared with DM.
Regardless of breast density, MRI offers the best sensitivity
among the current modalities for the examination of the
breast for the diagnosis of occult malignancies'®. In high-risk
individuals, breast MRI (also known as DCE-MRI) is
increasingly seen as a complement to DM. The increased
sensitivity can be attributable to improved tissue contrast from
cancer cell-absorbing contrast agents like gadolinium and
comprehensive information offered by different scanning
sequences such as shape, size, and blood perfusion. However,
breast MRl is unsuitable for universal screening because of its
high cost, limited specificity, lengthy examination duration, and
constrained tolerance. Diagnostic approaches in radiation
therapy includes positron emission tomography (PET) and
molecular breast imaging (MBI). Breast PET uses an instrument
adjacent to the breast to assess the absorption of fluorine 18
('®F) fluorodeoxyglucose (FDG) to identify metabolically active
cancer cells. They have demonstrated their capacity for
axillary lymphatic node (ALN) identification, categorization,
and distant staging in BC'®.

3. ULTRASOUND

Another imaging method for detecting BC is breast
ultrasonography. Because it is non-radioactive and simple to
use, it is frequently employed in assisted percutaneous biopsy
and BC diagnosis. Ultrasound is a better alternative to
mammography for small, non-calcified occult lesions'’. There
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are several types of breast ultrasound, such as automated full-
volume breast scan imaging, ultrasonography, ultrasound light
scattering tomography, ultrasound elastography, etc.,
alongside traditional breast ultrasound. These ultrasound-
based detections combine several ultrasound contrast agents,
3D imaging technology, and spectral analysis technology based
on conventional ultrasound to satisfy various diagnostic needs
like evaluating the texture of tumors, differentiating between
benign and malignant tissue and displaying its connection with
the surrounding tissues'®. The success rate of ultrasonography
in the detection of BC has significantly increased with the
newest invention of ultrasound elastography, and the semi-
quantitative evaluation of lesion arduousness provides an
improved distinction between swelling benignity and
malignancy. In order to determine the condition of axillary
lymph node metastases in clinical T, cancer, ultrasound
elastography, and breast ultrasound imaging characteristics can
be combined'". The workflow of ultra-sonographers and the
interpretation of films by ultrasound physicians both suffer
from considerable subjective biases that affect operator-
dependent imaging modality and comprehensive Al
identification of ultrasound pictures. Ultrasound image
classification with Al is less developed than CT and MRI
because it relies more on exchanging deep learning models
between Al researchers and ultrasound experts®. It is one
reason Al identification of ultrasound images lags behind CT
and MRI. To address this challenge, Singh et al. proposed a new
breast ultrasound classification method using a contextual
information-aware, firmly adversarial learning framework?".
This method can effectively segment breast ultrasound images
and handle a variety of tumors with different sizes and shapes.

4. MRI FOR BREAST CANCER

Breast MRl is an exceptionally susceptible and reliable imaging
technique for determining the stage of BC before surgery, and
the amount of tissue has no bearing on how sensitive it is to
tumor diagnosis®. When genes are altered in BCs with
vascular infiltration, this can be used to predict the likelihood
of tumor vascular infiltration events and to assess the response
to chemotherapy. MRI can provide information about the
biological function of tumors. Spectral imaging can identify
tissue regions' chemical composition for subjective tumor
diagnosis by detecting metabolites. According to reports, MRI
may be used to diagnose BC in a variety of ways, such as
pathologic complete response(PCR) forecasting BC following
neo-adjuvant treatment”. Contrast-Enhanced Magnetic
Resonance Imaging (CE-MRI) may offer various structures,
including tumor morphology, texture, hemodynamics, and
pharmacokinetics*. Dynamic characteristics are a distinctive
identification benefit of MRI above the two prior imaging
exams, as they can aid in recognizing and categorizing tumors
by demonstrating hemodynamic structures of tumors that are
entirely distinct from those of normal glands. The viability of
using DL to recognize breast tumor lesion-containing slides in
MRI images was proven by Winkler and colleagues. They
implemented the DL technique interested in the images and
archiving communication system (ACS) to enhance the clinical
workflow of viewing breast MRIs so that radiologists could
rapidly select the desired image rather than scanning the
imaging stack®.

5. NUCLEAR MEDICINE TECHNIQUES

"®F-Fluorodeoxyglucose(FDG) is a nuclear medicine test used
in some cases of BC¥. Diagnoses, staging, evaluation of

recurring metastases, phenotypic identification, prognosis, and
evaluation of therapeutic response are all covered by PET/CT
in the case of BC in FDG. When compared to extra imaging
tests, PET has the benefit of providing staging data for the
entire body in a single scan?”’. Due to the higher glucose
metabolic background of brain parenchyma, PET/CT is not
suited for identifying small intracranial metastases, and given
the high cost, additional research is required to determine
whether this test is price-effective for identifying early stages
of BC. The adoption of composite imaging of '8F FDG-PET/CT
with MRI in BC is encouraged by the greater diagnostic
accuracy of MRI compared to other imaging tests. PET/MRI
offers a 90-99% sensitivity for identifying BC and is more
effective in staging the disease than PET/CT®. PET scans use a
small amount of radioactive tracer to create images of the
body's tissues and organs. The tracer is injected into the
bloodstream and travels to different body parts, where tissues
absorb. A PET scanner detects the radiation from the tracer
and creates images showing how much the tracer is in different
body parts. PET scans can be used to detect cancer, including
breast cancer®.

6. RADIOMICS IN BREAST CANCER

Al-powered high-throughput picture recognition features,
filtering using techniques based on the chosen evaluation or
prediction endpoint events, model development with the
screened features of images, and model validation with internal
and external datasets’®. Entropy, tumor vascularity, and
heterogeneity are correlated, and this information may be
used to distinguish between benign and malignant BCs,
according to radionics research employing breast MRI scans.
The predictive molecular markers HER2, progestin receptor,
and estrogen receptor were among those whose levels and
statuses could be more clearly distinguished using the model
created in this study’’. A nomograph was created using
medical characteristics based on radiomic algorithms to
forecast the possibility of axillary lymph node metastasis and
complications in people with initial BC. Radiomics examination
of MRI was also used to forecast axillary lymph node
metastasis in BC. Despite this study being retrospective, it has
a substantial degree of MRI scan heterogeneity and a little
follow-up time, and its results offer important guidance aimed
at the practice of MRI-based imaging radiomics in the detection
of BC. To deliver more detailed and customized radiological
and genetic features, radiogenomics performs the joint
examination of radiomics and genomics®’. As a result,
precision healthcare and customized treatment are no longer
restricted to genetic or proteomics research projects that rely
on tissue or blood samples. By analyzing alterations at the
cellular level of the illness, radiogenomics research can aid in
the prediction and early identification of cancer. Due to the
numerous aspects of genetic testing, for example, DNA
organizing and RNA sequencing, alongside the various image
characteristics produced by various imaging exams, there are
several distinct arrangements for imaging genomics analysis. A
further benefit of imaging genomics is the ability to resolve
imaging data of the entire lesion, which is unavailable by
perforation or biopsy owing to tumor heterogeneity. It allows
for acquiring complete data at the molecular level of genes
inside the application. The Finished genetic and medical
biomarkers for adult cancer have been connected by the
Cancer Genome Atlas effort™.

7. Al TECHNIQUES
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The present phase of BC combating and prevention efforts is
secondary prevention, or improving screening for high-hazard
groups. Initial detection is also a critical part of BC control
measures. The most valuable use of Al in BC screening might
be the effective detection of malignant lesions among the
enormous volume of photos of healthy individuals, significantly
lessening the labor of imaging doctors. The establishment of
computer-aided detection/diagnostic (CADe/CADx) systems
underpins the establishment of Al-assisted breast imaging
diagnosis. CAD is a key type of ML that helps radiologists
detect small tumor lesions that they would have missed by
fusing math, statistics, processing of images, and computer
analysis®’. Fortunately, its use in healthcare is constrained by
the high biopsy and false positive rates (FPR) associated with
CAD detection®. Learning is carried out to improve the
efficacy of CAD, which covers the duties of clinical data set
gathering, neural network standardized data set interpreting,
ML classification algorithm selection, and system-wide
performance assessment. The visual input data is utilized as an
example set® to create a model. Making a DL-based Al
application tool for BC diagnosis requires establishing a DL
algorithm that is dependable across users, devices, and
modalities and amassing a sizeable training dataset of great
breast inspection photographs. The ability to annotate
manually depends on the expertise of the imaging professional,
and the manually drawn lesions serve as guidelines for
automated segmentation®’. On the other hand, small-volume
lesions or those with masked characteristics might be
challenging to differentiate from adjacent healthy breast tissue.
In Al for BC, there are two main forms of ML: regulated

education and spontaneous learning. This type of education
identifies natural groups or categories in unlabeled data,
whereas supervised learning trains models that map
characteristics to categories using labeled data. Support vector
machine (SVM), random forest (RF), and k-nearest neighbor
(kNN) are examples of representative algorithms that are
often used for medical imaging problems involving classification
and regression®®. These algorithms work fine uniformly with
little training data. Deep neural networks with many more
layers are used in deep learning (DL), a subclass of ANN-based
machine learning, to model complicated functions and identify
high-level characteristics in data. The primary benefit of DL is
its capacity to automatically derive rich representative features
from unprocessed data, allowing it to discover latent semantic
information about tasks. DL models are also adaptable since
they can handle massive amounts of unstructured and
heterogeneous data, learning from multi-modal pictures,
audio, and text. To produce high-quality pictures for the image
creation task, the generator and discriminator of the
generative adversarial network (GAN) are alternately trained
with various loss terms®. In this scenario, the generator
generates false data to trick the discriminator, who then tries
to distinguish between the true data and the false data
produced by the generator. When the created data is no
longer distinct, the creator is changed and constructed on
input from the discriminator from the real data*. There are
several uses for Al in the field of breast cancer, including
medication research, tumor screening, diagnosis, staging, and
therapy (Fig. O1).
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8. BREAST IMAGE AUGMENTATION

The quest for improved picture quality is crucial for the clinical
detection of BC. As a result, much recent research has used
Al  techniques for picture augmentation, including
enhancement, synthesis, and creation techniques‘“. Given the
scarcity of training samples for medical imaging models, Al-
established data augmentation is also required to develop
strong models. The results of these studies on BC show a
notable improvement in clinical diagnosis accuracy to a 5% gain
that can be attributable to US-synthesized. elastography®.
Decreasing acquisition time, denoising, and contrast
enhancement are just a few of the approaches under the
heading of "lmage enhancement techniques" that try to
increase the accuracy of medical pictures. Picture resolution is
severely compromised to speed up the reconstruction

process and decrease acquisition time. Scholars used a GAN-
based super-resolution network to produce high-resolution
DCE-MRI of BC from low-resolution ones in order to tackle
this problem, which may enable a more precise diagnosis with
better picture quality®. Physicians may make a correct
diagnosis with improved visualization, which is made possible
by Al-based breast image denoising. Numerous networks,
encompassing DM, DBT, US, MRI, and HP, are being used with
various modalities. Domain gaps brought on by various
scanning processes or suppliers threaten the generalizability of
Al models. In medical settings, combo-mode screening, which
combines 2D DM and 3D DBT, has been demonstrated to
boost the specificity of diagnosis®. Dual X-ray exposure,
however, raises the risk of radiation-induced BC. Creating DM
from DBT scratch using generative networks is one potential
remedy. Compared to conventional B-mode US, the latest BC
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imaging technology, elastography-ultrasound (EUS), offers
higher sensitivity to soft tissue and tumor depth information.
To offer data regarding tissue enhancement, DCE-MRI collects
a sequence of pictures both before and after the injection of a
contrast agent®. Researchers used GAN-based models to
create post-contrast pictures from pre-contrast images to
limit the adverse effects of contrast agents, which achieved
tissue enhancement and enhanced the diagnostic workflow for
BC. A considerable quantity of training data is necessary to
create an Al model effectively. Various dynamic networks have
been used to add synthetic breast pictures to training samples
to solve this problem, broadening the data dispersion and
enhancing the capacity for extrapolation of the network*. Due
to their ability to produce a variety of realistic pictures, GANs,
and their variations have shown to be very useful for data
enrichment.

9. MEDICAL IMAGING CHARACTERISTICS

AND TUMOR ENVIRONMENT
RELATIONSHIPS
Discovering the connections between medical image

characteristics and the tumor microenvironment is a key goal
of BC research in the field of medical imaging in order to have
more accurately forecast clinical outcomes. Since hand-
crafting a collection of characteristics is necessary for typical
CAD schemes, it is crucial to comprehend what descriptors
correspond with radio mic-based genetic biomarkers
particular to cancer’. A hypoxic environment develops as
tumors spread and enlarge due to a reduction in the amount
of oxygen that is readily accessible due to increased demand.
The tumor will go into an angiogenic state, which modifies the
microvasculature in response to the newly hypoxic condition.
In order to effectively supply the tumor with oxygen and
nutrients, the tumor will activate angiogenic growth factors
such as vascular-endothelial-growth-factor (ViEGF) and
fibroblast-growth-factors (FiGF) *. Most malignancies are
characterized by nonhierarchical, immature, and extremely
absorbent capillaries distinct from normal vasculature. This
phenomenon is known as angiogenesis. Even while enhanced
angiogenesis and high MVD have been linked as biomarkers of
poor prognosis, MVD measurement is vulnerable to inter- and
intra-reader variability, making it an unreliable and non-
standardized diagnostic®. The creation of a rapid, non-invasive
biomarker that can distinguish between severely immature
angiogenic and normal vasculature has been a popular area of
study over the past ten years. The tumor microenvironment
may be found and described using DCE-MRI, a non-invasive
technique. Many research studies have shown the connection
between DCE-MRI and tumor angiogenesis by correlating
quantitative and semi-quantitative DCE-MRI-based kinetic
characteristics with MVD. The contrast agent's escape from
the tumor is shown by the peak signal enhancement ratio
(peak SER) and washout fraction (WF), two semi-quantitative
measures taken from the contrast augmentation curve. As fast
washout will occur with immature and leaky vessels, these
measures strongly correspond to a highly angiogenic state®®*'.
It takes a pharmacokinetic analysis with high time resolution
and frequently inadequate spatial resolution to gather
quantitative information from DCEMRI. Clinical DCE-MRI
scans favor spatial firmness over temporal firmness, making it
challenging to do a completely quantitative analysis. It may be
possible to distinguish between conventionally rounded benign
tumors and spiculated malignant tumors using shape-based
characteristics. Mammography compression makes it
challenging to obtain these features. Additionally, features may

be retrieved to quantify the tumor speculations, which will be
very useful for identifying malignant BCs.

10. BREAST LESION
SEGMENTATION

DETECTION AND

A skilled radiologist reviews screening mammograms, but the
interpretation procedure could be more varied, drawn out,
and prone to mistakes. The intricacy of mammography and the
number of tests each radiologist does might cause them to
misinterpret the true diagnosis®>. Overuse of mammograms
for BC screening has been studied for a long time, which
strongly encouraged the development of other medical
imaging methods such as tumor detection, localization,
segmentation, and classification. Additionally, locating and
segmenting the suspicious area of the tumor is a difficult and
time-consuming job *>. It is clear that a tumor may exist in any
part of the breast, and a single breast may have several lesion
occurrences, making it challenging to identify multiple
worrisome areas and categorize them appropriately. Because
it is possible for benign and malignancies to coexist on the
same breast and overlap, this issue needs to be dealt with very
precise”*. It calls for them to be independently classified and
contoured (segmented) for the radiologists' benefit.
Heterogeneous lesions seen in a single mammogram are not
identified and segregated independently in current computer-
aided diagnostic models. Consequently, multiple detection and
segmentation of breast lesions might aid radiologists in making
a precise diagnosis®>. Al-powered lesion detection techniques
are highly accurate and effective and may be divided into two
categories. The first uses bounding boxes on lesions, such as
micro-calcification clusters, provided by detection networks
like RCNN, Fast-RCNN, and Yolov4. Nevertheless, such
identification techniques must be more accurate and prone to
making false-positive predictions®®. The second method
produces ROI contours that define lesion borders using
classification networks with class activation maps (CAMs). A
revolutionary, completely automated technique is presented
to make lesion diagnosis easier in dynamic contrast-enhanced
magnetic resonance mammography (DCE-MRM). The
approach uses a cellular neural network to identify breast
areas from pre-contrast pictures, creates normalized
maximum 12*12 intensity-time ratio (nMITR) maps, and uses
3D template matching with three layers of cells to find
lesions>. A radiologist uses DCE-MRM to discover and assess
lesions based on their morphology, enhancement dynamics, or
both after initially identifying enhancing areas and marking a
region of interest (ROI). The radiologist cannot visually review
all of the captured and generated. Pictures for MRM: this
assessment procedure takes time and requires skill *®. The last
diagnosis may need more accuracy and specificity due to the
absence of a very minor feature. As a result, computerized
methods that aid radiologists in choosing options are being
developed. These methods often use intensity differences
between pre-and post-contrast pictures to extract
characteristics™.

Il. AIIN BREAST PATHOLOGY

Breast pathologists frequently have several interpretations to
do because of difficult diagnoses and time-consuming,
repetitive activities, including calculating biomarker levels and
assessing lymph node metastases. These activities need time
and effort and are prone to inter-observer variability®®. Recent
Al-integrated digital pathology processing improvements have
shown intriguing solutions to these problems. Accurate
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categorization of BC is essential for treatment choices, and
histopathologic diagnosis of BC forms the cornerstone of
therapeutic therapy. Recently, scientists created ML/DL
algorithms to recognize and categorize breast tumors. To
facilitate the multi-classification of BC histopathologic kinds,
such as ductal carcinoma, lobular carcinoma, mucinous
carcinoma, papillary carcinoma, etc., Han et al.14 ¢ suggested
a unique DL model. Economically accessible Al systems
(algorithms) are accessible to identify/screen breast lesions in
breast core biopsy samples. The GALEN Breast algorithm is
one illustration. The algorithm is capable of screening the
entirety of breast core needle biopsy WSIs to generate heat
maps for various breast lesions, such as invasive carcinoma
(ductal and lobular), in situ carcinoma (ductal and lobular), and
atypical hyperplasia (ductal and lobular), as well as benign
findings, such as sclerosing adenosis, fat necrosis, etc. Since
lymph node metastases are significantly connected with
prognosis, accurate identification of axillary lymph node
metastasis in BC patients is essential for their clinical care.
Assessment of lymph node metastases requires a lot of time
and effort. While locating macro-metastasis is simple, finding
single tumor cells or micro-metastasis may be more difficult.
According to recent studies, Al algorithms can increase the
precision and effectiveness of lymph node evaluation. TILs in
the tumor's microenvironment are linked to improved
therapeutic response and overall survival in BC, particularly
triple-negative BC and HER2 breast carcinoma®’. TiLs are
becoming more and more common as a BC biomarker. Manual
evaluation of TILs is personal, has high inter-observer
fluctuation, and has subpar repeatability. Seeking to produce
more precise and repeatable outcomes, Al algorithms have
been created to analyze TlLs in light of the increased adoption
of digital pathology. The degree of lymphocytic infiltrate in
HER2 breast carcinoma was consequently detected and
graded in one study using WSIs®. The outcomes
demonstrated that the architectural set of characteristics
effectively differentiated samples with high and low
lymphocytic infiltrate the amount with a precision of
classification greater than ninety percent®. Adopting Al
algorithms in breast pathology requires taking into account
several important issues. The initial one is the volume and
caliber of training data used to create the Al algorithm. File
formats for WSlIs, scanner quality, and glass slide quality differ
significantly in terms of stained intensity, coverslip size, tissue
size, folded tissue, air bubbles, and so on®. To create thorough
ML/DL models, manual selection of WSlIs with artifact-free and
appropriate quality must be employed during algorithm
training. Second, before their adoption for usage in therapeutic
settings, Al algorithms must be validated®. Except for some
breast biomarker quantification Al algorithms, many of the
above Al algorithms are still experimental. Recent research
has shown that Al algorithms may be successfully validated,
and institutions have begun to use such Al algorithms for
clinical practice. Thirdly, if using Al algorithms to automate
normal pathology practice, a digital pathology workflow (digital
sign-out) is always recommended or required’. Many
organizations worldwide have adopted whole-sheet imaging
technology, but only a few pathology labs have a fully digital
pathology process.

12. PROGNOSIS

To guarantee the best prognosis, the appropriate therapy
should be administered to the appropriate people based on
the threat assessment for BC. Considering the intricate nature
of the etiology and pathophysiology of BC, a patient-tailored

treatment ought to consider a variety of layers of info from
radiologic data, pathologic data, genome, epigenome,
transcriptome, proteome, and more®. Integrating this multi-
omics data with Al technology has been investigated to help
with accurate cancer prognostic prediction. When extracting
useful characteristics that might be used in therapeutic
situations, Al is particularly good at identifying complicated
picture patterns, creating quantitative feature representations,
and integrating multi-omics data streams. The process of
decoding radiologic pictures into quantitative characteristics is
called Al-based radiomics®. Al-based radiogenomics tries to
link the genotype and tumor imaging phenotype. The
likelihood of recurrence is decreased by forecasting lymph
node (for example, ALN) metastasis, which gives helpful data
for treatment planning. In multi-modal imaging, Al shows
potential for determining ALN metastases. To anticipate ALN
and SLN metastases in multi-modal imaging, Al-based
radiomics models seem promising’’. DCE-MRI was employed
in various investigations because of its multi-parametric ability
to represent tumor heterogeneity. For instance, Yu et al.
retrospectively gathered people from four institutions who
had DCE-MRI images done before surgery. With radiomics
and DL approaches recording characteristics for long-term
monitoring of tumors, Al is being employed to expect
treatment response (i.e., immunotherapy and targeted flash
therapy) ”'. Radioactivity powered by Al for therapy DCE-MRI
performed well when combined with clinical data to predict
PCR, improving accuracy. Al-based radiomics analysis, in turn,
is widely used to estimate BC patients' overall survival (OS),

disease-specific survival (DSS), and disease-free survival (DFS)
72

13. CHALLENGES AND PROSPECTS

BC is still a very serious illness, and more common. The
probable mode to lower the disease's death rate is still early
identification during regular screening checks. The
effectiveness of the present breast screening program, which
includes both sensitivity and specificity, must be enhanced. It
is growing for more challenging and time-consuming for
medical professionals to process all of the data that is
accessible, make an accurate diagnosis and develop an
effective, individualized course of action as a result of the
growth in the number of breast imaging techniques and the
abundance of clinical, pathological, and genetic information. Al-
based models for forecasting now have considerably broader
implications in BC research than only the typical work of
identifying and classifying worrisome breast lesions in CAD
schemes’”. The use of Al in treating BC has opened the way
for the development of customized medicine since cancer
detection and diagnosis are now driven by quantitative data
about specific individuals rather than general qualitative
indicators . Even though much research has been done on
creating and testing innovative Al-based models in the lab, only
some of these studies or prototypes have made their way to
clinical practice. It might be related to several difficulties or
problems. Due to inevitable bias and model overfitting, training
a model with a short dataset frequently has low universality
and poor performance. The presence of widespread and first-
class picture collections for various application activities is thus
a significant barrier. Despite several breast image databases,
including Digital Database for Screening Mammography,
INbreast, MIAS, and BCDR, being accessible to the public,
these repositories mostly feature straightforward instances
and lack complex cases, significantly limiting their variety and
heterogeneity””. Many of the records mentioned in earlier
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studies must be updated (e.g., Digital Database for Screening
Mammography and MIAS used digitized screen-film-based
mammograms), lacking biopsy-approved ground-truth medical
images, or both. Efficient and reliable segmentation of breast
lesions from the variable backdrop tissue is still challenging,
whether lesion segmentation is carried out automatically or
semi-automatically using a preliminary seed. Al-based
software, such as (CAD) systems, has been created to expand
the breadth of Al treatments in the clinical process’®.
Nevertheless, the manually created features-based
convolutional CADs have many false-positive discoveries. It is
encouraging to note that DL-based systems have been created
with performance superior to traditional CADs and even on
par with highly skilled radiologists”’. Large amounts of high-
quality data pose a significant obstacle to creating automated
healthcare solutions since human tagging is expensive and
inefficient. Establishing open-source image libraries through
cross-institutional data exchange is a successful technique to
expand the amount of data. However, there is substantial
picture heterogeneity due to various institutions, scanners,
acquisition protocols, and post-processing algorithms. Data
augmentation and DL technologies may improve data quality
and quantity; via supervised learning, they can reduce the need
for data annotation; and through transfer learning, they can
use models already trained on huge datasets. Most Al
algorithms are designed retrospectively and absent
prospective validation, which is essential to guarantee the
model's resilience and generalizability.
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