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Abstract

This topical review is focused on the clinical breast x-ray imaging applications of the rapidly
evolving field of artificial intelligence (Al). The range of Al applications is broad. Al can be

used for breast cancer risk estimation that could allow for tailoring the screening interval and

the protocol that are woman-specific and for triaging the screening exams. It also can serve as a
tool to aid in the detection and diagnosis for improved sensitivity and specificity and as a tool to
reduce radiologists’ reading time. Al can also serve as a potential second ‘reader’ during screening
interpretation. During the last decade, numerous studies have shown the potential of Al-assisted
interpretation of mammography and to a lesser extent digital breast tomosynthesis; however, most
of these studies are retrospective in nature. There is a need for prospective clinical studies to
evaluate these technologies to better understand their real-world efficacy. Further, there are ethical,
medicolegal, and liability concerns that need to be considered prior to the routine use of Al in the
breast imaging clinic.
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Introduction

Breast cancer remains the leading cause of cancer-related mortality worldwide and more
than 2 million women are diagnosed each year.! In the United States, approximately
264,000 women are diagnosed annually with breast cancer, which is the second leading
cause among all women, and the leading cause in Hispanic women, of cancer-related
mortality.2 Mammography remains the primary tool for the detection and diagnosis

of breast cancer. Most countries have transitioned from screen-film mammography to
digital mammography.3# To reduce tissue superposition, there is a continuous transition
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from digital mammography to digital breast tomosynthesis (DBT).>~8 In many countries,
screening asymptomatic women for breast cancer using mammaography and more recently
DBT is being practiced. Screening mammography has demonstrated reduction in breast
cancer-related mortality. The success of these screening methods is predicated upon the
early detection of breast cancer while reducing false-positive interpretations. A key factor to
facilitate the success of these screening programs is the availability of trained breast imaging
radiologists. In the United States, each mammography exam is read by a single radiologist,
whereas, in many countries in Europe it is read by two radiologists, typically in an
independent manner, and is referred to as double-reading. Computer-aided detection (CAD)
was developed to assist the radiologist during breast imaging interpretation. The rapid
growth in computing hardware and advanced algorithms, in conjunction with the availability
of digital images and electronic health records, have facilitated artificial intelligence (Al)

to assist in radiologists’ decision-making. There have been several topical reviews on the
use of Al in breast imaging.®-18 Considering the rapidly changing field of Al, in this

topical review, we focus on the radiological application of Al in breast x-ray imaging,
specifically for risk estimation, to provide guidance on screening interval, to improve
radiology workflow, and to assist radiologists in clinical decision-making.

Background

The term “artificial intelligence” was coined more than seven decades ago. This is a

broad field that uses computers and algorithms to learn to solve problems that traditionally
required humans. Al has made rapid strides in the last decade. Al includes both machine
learning and deep learning (DL) approaches. In machine learning, “features”, which are
pre-defined mathematical measures of the region(s) of interest are determined followed by
classification. In radiology literature, these features are commonly referred to as “radiomics”
features. Regarding classification, when statistical methods are used to determine the
features that are associated with the outcome of interest, these features are referred to

as “hand-crafted” features. If computer algorithms that learn the association between the
features and outcome variable of interest are used for classification, then they are referred to
as machine learning. Support Vector Machines (SVM), Decision Trees (DT), and Random
Forests (RF) are commonly used machine learning algorithms, and their choice depends

on the number of categories of the outcome variable. A random forest is an ensemble

of decision trees. These algorithms use supervised learning, which requires a training
dataset with input features and a known outcome (commonly referred to as “label”) for

the algorithm to learn their associations.

Deep learning uses neural networks and attempts to mimic the human brain in an
approximate and highly simplified manner. Each neuron in the network is activated based on
the input or inputs to the neuron. In DL, the “features” are mathematical abstractions of the
data and there are multiple layers that allow for hierarchical learning from simple to a more
complex abstraction of the data.1” DL includes both convolutional neural networks (CNNs)
and fully connected networks (FCNs). Most DL networks use supervised learning and hence
need a training dataset with input data (images) and corresponding labels. The number

of samples, the diversity of data, and the relative distribution of outcomes in the training
dataset are important considerations. In contrast to supervised learning, self-supervised
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learning does not require labeled training datasets and learns from the similarities and
dissimilarities between images to perform the classification. Unsupervised learning does not
require training datasets and is generally used for clustering. To improve the interpretability
of Al, saliency maps and class activation maps are often provided to help localize regions of
the image that contributed to the classification.

Al for risk estimation

Mammographic breast density is an established risk factor for breast cancer.18:19 During
the radiologist’s interpretation, breast density is classified into four categories as per the
American College of Radiology (ACR) Breast Imaging — Reporting And Data System
(BI-RADS).20 Quantitatively, breast density is defined as the proportion of fibroglandular
tissue to the total breast tissue either in terms of area or volume. Meta-analysis indicates a
progressive increase in relative risk with percent breast density and the relative risk is 4.64
for women with greater than 75% percent breast density compared to women with less than
5% breast density.2! Several commercial tools, as well as algorithms developed by multiple
research teams, including those that use Al, are available for estimating breast density from
mammography and DBT.22-27

The quantity percent breast density measure described above only factors the percent
area or volume of fibroglandular tissue to total breast tissue and does not consider

the tissue distribution patterns. The association between breast cancer risk and tissue
distribution patterns in mammograms was noted several decades ago.28:29 Subsequent
studies investigated the association between parenchymal texture in mammograms and
breast cancer risk.39-34 More recently, Al-based risk estimation has been reported which
factors both the tissue distribution and the amount of fibroglandular tissue, though not
explicitly using the percent breast density.35-37 In Yala et al.,36 the DL model was
trained and tested on a single institution dataset and showed improvement over traditional
risk factors. In a subsequent study, an improved Al-based breast cancer risk estimation
tool, referred to as MIRAI, was tested in multi-institutional and multi-national cohorts
and showed better accuracy than the Tyrer-Cuzick (version 8) model38 which includes
clinical, genetic, and familial risk factors along with the radiologist-assigned breast density
category.3” In an independent study, a neural network that combined an Al-based cancer
detection model with breast density was shown to improve the risk estimation for interval
cancers.39

The potential of risk-based screening rather than standard screening was felt nearly

two decades ago.*% Using breast density-based risk stratification and comparing multiple
screening intervals (annual, biennial, or triennial) and age intervals, a microsimulation
model recommended breast density-stratified screening with baseline mammography at
the age of 40 years.#! The availability of Al-based risk estimation of mammograms has
prompted similar investigations. One study used the previously developed Al-based tool

to estimate the breast cancer risk from mammograms, MIRALI, in conjunction with an
Al-based screening interval policy, referred to as Tempo, to provide personalized screening
recommendations.*2 Evaluation with multi-institutional datasets showed that the combined
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pair of Al-based risk estimation and Al-based policy recommendation had the potential to
enable early cancer detection while reducing the number of screening exams.*2

Al for workflow improvements

Several studies have investigated the potential of Al to reduce the radiologists’ workload

or to improve workflow. In a retrospective case-control study, Al was used to triage
mammograms into two categories: one that skipped the radiologist’s assessment and the
other that required enhanced assessment by the radiologist; the results showed that the
radiologist’s workload can be reduced by more than half.43 Another retrospective study used
Al to triage the screening exams into three groups: 1.) exams not read by radiologists, 2.)
exams interpreted by radiologists, and 3.) exams assessed to be highly suspicious by Al and
recalled; this study showed up to a 70% reduction in workload compared to double reading
by radiologists.*# In an effort to identify normal mammograms using Al which may not need
radiologists’ interpretation, a retrospective study showed that selection of the threshold for
the Al-provided score to determine the likelihood of a normal mammogram could reduce the
radiologists” workload by 17% at the cost of missing 1% of true-positive exams.*> Another
retrospective study using Al for triaging and for cancer detection showed an improvement

in radiologists’ sensitivity and specificity and could reduce their workload.*6 Although the
idea of having a proportion of mammograms being interpreted by Al alone is controversial,
interestingly, among 91 primary care providers participating in a survey, a majority (76%)
accepted the use of Al-based triaging to filter out likely-negative mammograms without
interpretation by a radiologist.*’

Studies have also been conducted to evaluate the effect of Al assistance on radiologist
interpretation. Multi-reader, multi-case retrospective studies using digital mammography
showed either an improved or similar area under the receiver operating characteristic (AUC)
with Al-assisted reading compared to interpretation without Al assistance, but the specificity
and reading times were not different.#8:4% Another study showed that the reading times using
Al were similar for interpreting mammograms with a low likelihood of malignancy and
longer for mammograms with a higher likelihood of malignancy.>% Comparing radiologists
specializing in breast imaging and general radiologists, a decrease in reading time was
observed with Al assistance for breast imaging radiologists, whereas an increase in reading
time was observed for general radiologists.> A retrospective study using single-view wide-
view DBT interpreted with Al assistance showed similar reading times and specificity, while
improving sensitivity, when compared with interpretations that did not use Al assistance,>2
whereas another study with a slightly larger sample size showed an average reduction of 5
seconds for interpreting bilateral DBT exams with Al assistance.?3

Al for detection

In breast imaging, the lesions suggestive of malignancy can be broadly classified as

soft tissue lesions, microcalcifications, or their combination. Hence, several Al-based
detection algorithms were developed that identified or located these lesion types and then
analyzed the lesion features to determine the likelihood of malignancy.>#:5% For exams with
microcalcifications, one study used a DL CNN from DBT images to classify the cases based
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on clustered microcalcifications as benign or malignant and achieved an AUC greater than
0.9.56 In another study, a DL network using CNN was used to detect and extract features of
masses followed by a DL using FCN to detect and classify them as benign or malignant.>’
This approach achieved an AUC greater than 0.99 for detecting the masses and an AUC
greater than 0.95 for classifying them as malignant or benign.>’ Regarding asymmetries, a
DL CNN was used to infer the features either from bilateral images or from temporal images
to detect asymmetries.>8 In another study, adding hand-crafted features to DL models was
found to improve sensitivity.>* In contrast, other studies use image-level or exam-level

using standard bilateral two-view mammograms or DBT exams for classifying benign and
malignant cases.>®-61 These image-level or exam-level approaches do not require the tedious
process of identifying and labeling the lesions during DL network training.

Investigating the performance of stand-alone Al, i.e., interpretation by Al without a
radiologist, a study showed similar performance in terms of sensitivity and specificity

for both digital mammography and DBT, with a reduction in recall rate for digital
mammography and an increase in recall rate for DBT.52 Another study compared the
performance of stand-alone Al with 101 radiologists and observed that overall, the Al
performance was similar to the radiologists, with the stand-alone Al showing improved
AUC over 64% of the radiologists.®3 Studies have also shown the ability of Al to detect
malignancies in one-cycle prior mammograms that were interpreted as normal exams,1.64
suggesting the potential of Al for earlier detection and for reducing interval cancers.

Al for other breast x-ray imaging applications

Image reconstruction in DBT has been the subject of several investigations (e.g.,65-67). Deep
learning-based image reconstruction continues to be investigated as a means to provide
better quality images and to improve the estimation of breast density.58-70 There are also
ongoing investigations into the potential of DL-based image reconstruction’? for dedicated
breast computed tomography (CT), which provides the benefit of compression-free, fully
three-dimensional imaging.”2~"> There are numerous studies investigating the potential of
analyzing pretreatment mammograms to determine outcomes, such as tumor recurrence. As
an example, in order to predict the recurrence of estrogen-receptor (ER)-positive, human
epidermal growth factor 2 (HER2)-negative tumors, hand-crafted radiomics features from
pretreatment mammograms in combination with clinical factors have been shown to predict
the Oncotype DX score, a genetic test used to provide the likelihood of recurrence.” There
are also several studies reporting on using Al for the interpretation of other commonly used
breast imaging modalities such as ultrasound and breast magnetic resonance imaging (MRI),
which are beyond the scope of this topical review.

Future need

Regarding the use of Al for risk estimation and potentially risk-based screening, most
studies, if not all, are retrospective in nature. Prospective studies are needed to validate these
risk estimates. A prospective clinical trial to evaluate these risk-estimation tools is not likely
to be cost-efficient; however, establishing a registry to track outcomes from risk-estimation
and risk-based screening could address this need.
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The use of Al to triage and prioritize the reading list for radiologists could improve

the timeliness of care. However, the use of Al as the only “reader” of mammograms is
controversial, even if it is for interpreting mammograms that are deemed to have a low
likelihood of malignancy by the triaging Al. Carter et al., provide a more detailed review of
the ethical, social, and legal implications of using AL.77 It is more likely that Al can serve
as a second reader in countries where double-reading is practiced by interpreting exams that
have a low likelihood of malignancy.

Since CAD is widely used to assist radiologists during interpretation and has been
successfully integrated into clinical workflow, it is quite likely that Al aimed at a similar
role will be more readily accepted. Modern Al-based detection and diagnosis methods

have shown comparable performance to trained radiologists; however, most of these studies
are retrospective and there is a need for prospective evaluation in diverse populations to
understand its real-world efficacy. Also, with new Al algorithms being developed, making
the validation dataset publicly available would be a good practice allowing comparative
testing using the same dataset. Most Al algorithms provide a numerical output that is
continuous over a specified range to indicate the likelihood of malignancy, which is then
classified into desired categorical outputs. When Al algorithms are implemented in the
clinic, it is generally a good practice to verify if the chosen thresholds for categorization

are appropriate for the specific clinical practice. This could be particularly important if

the population served by the clinic substantially differs from the one used to train the

Al algorithm. It is important to note that Al algorithms that use supervised training

can provide unreliable results when it encounters data that were not represented during
algorithm training, which is commonly referred to as “out of distribution (OOD)” data. Also,
adversarial techniques that make subtle changes to the input image can fool an Al algorithm
and this vulnerability needs to be evaluated.”8

Breast imaging interpretation is highly challenging and is prone to errors due to the
relatively low probability of malignancy in a screening setting and due to the presence of
anatomical background structure. Broadly, these errors can be classified as perceptual errors,
where the abnormality is not visualized by the radiologist, and cognitive errors, where the
visualized abnormality is not deemed to be clinically significant.”® Future studies using Al
need to investigate if Al helps in reducing perceptual or cognitive errors or a combination

of both. It is also important to understand how these Al-based decision support systems

will be used. An appropriate implementation would be for the radiologist to first interpret
the exam without Al assistance, followed by interpretation with Al assistance. However,

for convenience or workflow if the Al software preselects the location(s) of concern prior

to radiologist interpretation, then a concern arises that this preselection could influence the
radiologist’s ability to “search” for the lesion. In such conditions, the resulting interpretation
may be more reflective of the perceptual error of the Al rather than the radiologist.

Future studies need to evaluate if the malignant lesions identified by Al and missed

by the radiologists are aggressive cancers by correlating with proliferative markers in a
prospective setting. This would be of help in the evaluation of ductal carcinoma in situ,
which is a major cause of treatment, by identifying those that do not require prompt
intervention. It is important to evaluate if Al-assisted interpretation reduces interval cancers
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in a prospective setting. In terms of long-range studies, it is important to assess if Al-assisted
interpretation results in mortality reduction. This is an important metric used by advisory
panels, government agencies, and professional societies to provide recommendations for
clinical use.

There is increasing evidence showing that modern Al-based techniques for detection and
diagnosis provide comparable performance as radiologists. However, it is important to note
that most of these studies are retrospective in nature and need to be validated through
prospective studies. It is quite likely that institutions using conventional CAD will transition
to Al-based CAD or clinical decision support systems over time. When making this
transition, it is a good practice to verify the appropriateness of the Al-based algorithms

to their specific practice. Improving the trust, accuracy, and consistency of Al algorithms
will facilitate the integration of Al algorithms into clinical practice. Regarding the use of
Al for risk estimation and potentially risk-based screening, a prospective registry is likely
to be more cost-effective to understand its benefits as well as long-term outcomes. The use
of Al as the primary or the sole reader is controversial; it is more likely to be accepted as

a second reader in countries that practice double-reading. There is a need for prospective
studies to evaluate if Al-assisted interpretation reduces interval cancers and reduces breast
cancer-associated mortality.
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