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ABSTRACT

Improving patient outcomes depends critically on the
early identification of breast cancer. Artificial Intelli-
gence (Al) has the potential to completely transform
Breast Cancer (BC) screening by enabling detection
up to five years before a clinical diagnosis. This pa-
per examines this possibility and explores the most
recent developments in Al algorithms, particularly in
relation to medical imaging, such as mammography.

We investigate how Al can identify precancerous al-
terations that are often invisible to the human eye by
analyzing minute patterns in breast tissue. Addition-
ally, we discuss the challenges and opportunities as-

INTRODUCTION

For many years, intelligent computer systems have played a sig-
nificant role in society. Research and development in AI have
garnered interest across various sectors, including the economy,
government, industry, technology, healthcare and security and
defence (Plan S, 2016). The use of Al is currently evolving in many
disciplines due to the convergence of innovative Al approaches,
immense computational power and the widespread increase in
digital data gathering and storage, particularly in science and
health.

In the field of cancer care, Al systems are being created, inves-
tigated and tested for disease detection, prognostication and as
support tools for clinical decision-making. Current research on
BC represents an international effort to develop sophisticated Ma-
chine Learning (ML) algorithms for analyzing screening mam-
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sociated with developing and evaluating Al models for
early detection, including issues of model interpret-
ability, data quality and ethical considerations.

The ultimate goal of this analysis is to demonstrate
how Al can significantly reduce BC mortality by facili-
tating much earlier detection.
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mograms, which could enhance BC screening by reducing false
positives (Houssami N, ef al., 2017).

AT applications in BC diagnostics extend beyond imaging to in-
clude the interpretation of pathology results (Figure 1). For in-
stance, Al has assisted in identifying metastatic BC in whole slide
images during sentinel lymph node biopsies. This work focuses
on understanding how contemporary Al systems can improve
screening procedures for the early identification of BC (Wang D,
etal., 2016).

BC has become the most commonly diagnosed disease, sur-
passing lung cancer, with approximately three million cases and
700,000 fatalities recorded in 2020 (Sung H, et al., 2021). The an-
nual incidence of BC has been increasing since the mid-2000s;
however, there has been a significant decline in the mortality rate
associated with the disease (Figure 2).

Al used in health care system as personalized medicine

Figure 1: Representation of Al in the health care system
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Stage 3
Figure 2: Representation of the stages of breast cancer

Mortality trends differ by ethnicity. Non-Hispanic White (NHW) indi-
viduals have higher rates of BC compared to Non-Hispanic Black (NHB)
individuals; however, NHW individuals have experienced a greater decline
in mortality rates than their NHB counterparts. As a result, NHB individ-
uals face higher mortality rates despite having lower incidence rates than
NHW individuals (Martini R, et al., 2022).

Many screening programs are primarily based on age, which is the most
frequently researched risk factor for breast cancer. However, the disease can
also develop due to various other factors (Pike MC, et al., 1983). Important
risk factors include high Body Mass Index (BMI), a history of hyperplastic
or neoplastic breast disease and a family history of breast cancer.

Additionally, long-term estrogen exposure whether from early menstrua-
tion or late menopause is another significant risk factor (Jakes RW, et al.,
2000).

LITERATURE REVIEW

We conducted a literature search from 2010 to 2018 to review advances
in AI methods for BC detection. This review focused on studies assessing
Al approaches in screening, specifically those that included quantitative
performance data compared to established standards.

Eligible studies evaluated AI in BC screening among women, without re-
striction to those with a history of cancer or biopsy. We excluded studies
that involved simulated lesions, those lacking performance data and stud-
ies with fewer than 100 subjects or 200 images. Additionally, commentary
articles, editorials, reviews and conference abstracts were also excluded
from our analysis.

The impact of Al on healthcare diagnostics

Al is transforming healthcare, particularly in diagnostic processes. Phys-
icians utilizing Al to interpret images and diagnose patients more accur-
ately can save lives (Stoitsis J, et al., 2006).

The two primary subfields of Al are ML and Deep Learning (DL). ML en-
ables computers to discover patterns and insights by learning from data
and making predictions without explicit programming. In contrast, DL
goes a step further by learning directly from unprocessed data, eliminating
the need for human-defined features. This capability makes DL especially
effective for deciphering complex data patterns and facilitates more auto-
mated and sophisticated learning processes.
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Anterior view of
Breast Cancer

AT holds immense promise for medical imaging. It can assist radiologists
in analyzing results, optimizing imaging systems and automatically iden-
tifying lesions in various organs. Al-driven Computer-Aided Detection
(CADe) systems enhance diagnosis and prognosis by providing second
opinions.

Furthermore, Al improves image post-processing tasks such as segmenta-
tion and registration (Choy G, et al., 2018).

Current methods of BC detection

International approaches to BC screening vary significantly. In the United
States and similar countries, women seeking screening may either self-refer
or be referred by their doctors to screening institutions. These institutions
differ in their screening methodologies and image interpretation practices.

Conversely, many European nations have government-run screening
programs that utilize standardized tools and processes. Women enrolled
in these programs are periodically invited for screenings and those who
exhibit any abnormalities are referred to hospitals for further assessment
(Figure 3).
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Figure 3: Representation of current methods used in the detection
of breast cancer

Digital Mammography (DM): BC screening practices vary globally. In
countries like the United States, screening is often institution-based, with
women either self-referring or being referred by their doctors. The meth-
ods of screening and image interpretation can differ significantly between
institutions.
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In contrast, many European countries have government-run screening
programs that utilize standardized procedures and equipment. Women
participating in these programs receive periodic invitations for screening
and any suspicious findings typically result in referrals to hospitals for fur-
ther evaluation (Thomassin N1, et al., 2019).

DM offers several advantages over traditional film mammography, one of
which is a more efficient workflow. While DM is largely similar to film
mammography for the general population, it has demonstrated better
performance in certain patient groups. Additionally, digital technology
enables the development of sophisticated image processing tools and ad-
vanced imaging techniques, such as tomosynthesis and dedicated breast
Computed Tomography (CT) (Skaane P, 2009).

Despite the advancements in imaging technology, both film-based and
DM are limited by their two-dimensional representation of a three-di-
mensional breast. This limitation presents a significant challenge known as
tissue superposition, where overlapping structures can obscure underlying
abnormalities. To mitigate this issue, standard mammography protocols
involve taking two orthogonal views of each breast: The Mediolateral Ob-
lique (MLO) and Cranio-Caudal (CC) projections. Radiologists careful-
ly compare these images to identify potential lesions, considering factors
such as lesion shape, density, margins and calcifications.

However, the limitations of 2D imaging frequently lead to missed cancers,
particularly in women with dense breast tissue, where malignant lesions
can be obscured by overlapping glandular tissue.

Digital Breast Tomosynthesis (DBT): Over the last 20 years, the develop-
ment and clinical acceptance of DBT have been driven by the inherent
limitations of standard 2D mammography. DBT addresses the issue of
overlapping tissue artifacts associated with traditional mammography by
capturing multiple images of the breast from various angles, providing a
pseudo-3D perspective. As a result, DBT has demonstrated increased
cancer detection rates and typically lower recall rates compared to DM,
particularly in scenarios where the initial DM recall rate was high (Ciatto
S, etal., 2013).

However, interpreting DBT images is more time-consuming due to the
greater number of image slices compared to standard mammograms. This
presents a significant challenge for the widespread implementation of DBT
in screening programs. To overcome this obstacle, automated techniques
are essential.

Al can play an important role by accelerating navigation through the im-
age stack and assisting in lesion detection, thereby significantly reducing
the workload for radiologists.

Moreover, Al can help standardize interpretation, which may enhance
the consistency of DBT’s impact on cancer detection rates across different
studies. By improving efficiency and accuracy in image interpretation, AI
has the potential to further optimize the benefits of DBT in BC screening.

Conventional techniques used in detecting BC: The transition from film
to DM has led to the development of two main categories of computer-as-
sisted techniques for detecting breast cancer: CADe and Computer-Aided
Diagnosis (CADx).

CADe focuses on identifying potential abnormalities, such as masses or
clusters of micro calcifications. Traditional CADe systems operate in three
steps: First, the image is pre-processed to enhance suspicious features;
second, the system identifies potential areas of interest; and third, these
regions are evaluated to determine the likelihood of a true abnormality.
Regions that exceed a certain threshold are then flagged for radiologist re-
view (Ganesan K, et al., 2012).

In contrast, CADx systems assess the likelihood that a detected lesion is be-
nign or malignant. While CADx and the final phase of CADe are compar-
able, CADx does not rely on a simple threshold for evaluation.
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Both conventional CADe and CADx systems depend on pre-programmed
features that instruct computers on what to search for based on specific
traits associated with concerning lesions. This approach differs significant-
ly from contemporary Al-based techniques. Researchers have developed
algorithms that analyze breast images in a manner that mimics human
interpretation processes, thereby enhancing CADe performance. One
method involves comparing similar characteristics between the same and
different breasts to improve detection accuracy (van ES, et al., 2007).

Limitations and challenges of these conventional

The assessment of the efficacy of conventional BC detection algorithms is
complicated by the fact that various algorithms currently utilize different
testing data and methodologies. Additionally, there is a lack of independ-
ent studies that evaluate their effectiveness (Topol EJ, 2019).

One significant challenge is the scarcity of high-quality, labelled and repre-
sentative data, particularly regarding the distribution of pathologies, demo-
graphics and breast density. Most available research datasets are limited in
scope and often originate from a single institution or a specific mammog-
raphy machine vendor, which can lead to overfitting of algorithms.

To facilitate independent testing with fresh datasets and to minimize bias
from recurring situations, the data used for training, validating and testing
Al systems should be made publicly accessible.

Moreover, since the ground truth significantly influences algorithm per-
formance, it is important that this data is reliable.

Potential biases must also be considered before implementing Al in clinic-
al practice. One such bias is known as the anchoring effect, which occurs
when an image contains indicators suggesting potential cancer. This can
lead viewers to over-rely on these indicators, skewing their judgment and
potentially affecting diagnostic accuracy.

Addressing these limitations and challenges is essential for improving the
reliability and effectiveness of BC detection technologies (Becker AS, et al.,
2017).

Al algorithms and technology

Recent studies have compared the performance of DL, Convolutional
Neural Networks (CNNs) to conventional methods such as CADe and
CADx in the early stages of BC diagnosis through mammography. For ex-
ample, (Bruno MA, ef al., 2015) conducted a study to identify masses in
DBT and found that DL improved sensitivity for suspicious lesions from
83.2%-89.3% and for malignant lesions from 85.2%-93.0%.

In another early study, (Becker AS, et al., 2017) tested the effectiveness of
DL against radiologists instead of using traditional CADe. They utilized a
commercial deep learning-based image analysis method that was not au-
thorized for medical use and was originally designed for industrial applica-
tions. Two distinct datasets were employed: One contained an equal mix-
ture of 50% malignant and 50% control instances, while the other, which
more closely mirrored real screening settings, comprised approximately
10% malignant and 90% control cases. The findings indicated that DL al-
gorithms, even those intended for non-medical imagery, could be trained
to identify BC in digital mammography, despite the second dataset having
substantially higher cancer prevalence than actual screenings.

In the high prevalence group, two of the three readers significantly out-
performed the algorithm; however, in the lower prevalence set, the algo-
rithm’s performance was comparable to that of the radiologists (Kooi T,
etal.,2017).

Benefits of early detection

Early identification of illnesses, particularly cancer, offers several advan-
tages that significantly enhance patient outcomes. One of the primary
benefits is that early diagnosis typically leads to easier treatment and
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management, thereby increasing the likelihood of survival.

With early identification, patients often require less aggressive therapies,
which can reduce both physical and psychological stress. Additionally; ear-
ly detection can help avoid the costly treatments associated with advanced
stages of illness, ultimately lowering healthcare expenses.

Moreover, prompt treatment can halt the progression of the disease,
improving the quality of life for affected individuals and their families. By
identifying health problems before they worsen, early diagnosis supports
better long-term health and well being. These benefits underscore the
critical importance of early detection in improving patient outcomes and
optimizing healthcare resources (Shaikh K, et al., 2021).

Future prospects

Future advancements in imaging technology, including more sophisticated
Computed Tomography (CT) and Magnetic Resonance Imaging (MRI)
scanners as well as the development of liquid biopsies, are set to revolu-
tionize early illness identification and treatment. These innovations will
provide less intrusive screening options and yield higher-quality images.

AI will play an important role in the medical field by rapidly and accur-
ately analyzing vast amounts of data, identifying trends and abnormalities
and customizing treatment regimens based on a patient’s genetic makeup
and medical history. When integrated with wearable medical technology,
Al-powered solutions will enhance diagnostic precision and facilitate re-
al-time patient monitoring.

This combination of AI and wearable devices will enable early illness
diagnosis, leading to prompt treatments and improved patient outcomes.
As these technologies continue to evolve, they hold the promise of trans-
forming healthcare delivery and enhancing the overall quality of care for
patients.

Current state of art Al algorithms for DM and DBT

CNNis are currently the foundation of the most advanced Al algorithms for
identifying and categorizing lesions in mammography and DBT. Several
companies have developed commercial Al applications that have received
approval from the Food and Drug Administration (FDA) or are currently
in the final stages of review.

To assess the efficacy of a commercial Al system for DM, Rodriguez Ruiz
and colleagues collected nine datasets from locations in the United States
and Europe. These datasets included Probability of Malignancy (POM)
ratings and DM images from studies comparing DM with other imaging
modalities.

The study involved breast screening performed by radiologists, culminat-
ing in a final dataset comprising 2,652 examinations from four different
suppliers, which included 653 instances of cancer. A total of 28,296 sep-
arate interpretations of the images were produced from the assessments
of 101 radiologists (Rodriguez RA, et al., 2019). At the case level, the per-
formance of the AT system was statistically no worse than the average per-
formance of these radiologists.

Notably, the AI outperformed 61% of the individual radiologists when
comparing its performance to that of each reader.

The robustness of this extensive study is attributed to the diversity of the
data and the large number of cases and readers involved. The research in-
cluded images from systems manufactured by four distinct vendors and
interpretations from radiologists across seven different countries, encom-
passing varied screening practices. The Receiver Operating Characteristic
(ROC) curves demonstrated that the AT’s performance was consistently
comparable to that of the radiologists, regardless of whether prior tests
were considered in the evaluation.

This body of research underscores the potential for Al algorithms to en-
hance BC detection capabilities in both DM and DBT, paving the way for

348 Systematic Review Pharmacy

improved diagnostic accuracy and patient outcomes in BC screening (Kim
EK, et al,, 2018).

Graphical abstract

This study, however, did not entirely resolve all issues and does not ad-
equately predict how AT would perform in actual BC screenings compared
to human radiologists. Some of the datasets were unilateral, others exclud-
ed previous images and all were enhanced and evaluated in a laboratory
environment. Radiologists often rely on the ability to compare recent im-
ages with older ones, but AT systems are not yet capable of doing this. Despite
these drawbacks, the performance of radiologists was not significantly impact-
ed in comparison to the Al even when previous images were available.

Determining any bias in the study’s results may be challenging due to fac-
tors such as laboratory settings and non-screening illness prevalence that
may have influenced the findings. Thus, while this comprehensive analysis
provided valuable insights regarding the current level of AI assessment in
DM, further research is necessary ideally involving large scale datasets to
evaluate radiologist performance in real screening scenarios.

Very large training datasets are needed for whole image classification tech-
niques that are not trained with annotated images.

Furthermore, these approaches require additional procedures to indicate
to users where concerning discoveries are located. For example, (Kim EK,
et al., 2018) trained, validated and tested a DL using a CNN that could
classify images as malignant or not. The model produced heat maps indi-
cating the areas that contributed most to the final classification decision,
using a dataset of over 4,000 cancer cases and nearly 25,000 normal cases,
all without pixel level annotations (Figure 4).
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Figure 4: Representation of graphical abstract for AI detection of
breast cancer

CONCLUSION

Computers are becoming increasingly adept at identifying BC in mam-
mograms. While they show great promise, additional research is still need-
ed to determine their effectiveness. Scientists have utilized images from
various locations and medical professionals to test Al Although the Al
performed reasonably well, it remains unclear whether it can detect cancer
as accurately as human doctors can. This uncertainty arises because the
computer was trained on unique images that were not representative of
typical examinations.

Furthermore, physicians often use Al to detect changes in patient records
by comparing recent images to older ones.

To truly understand how AI functions, it is essential to test it on a large
number of standard images. If successful in doing so and continuing to en-
hance the AT’s capabilities, it could assist doctors in finding cancer earlier
and ultimately save lives.
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