Clinical Radiology 74 (2019) 357—366

Contents lists available at ScienceDirect

clinical

RADIOLOGY

Clinical Radiology

journal homepage: www.clinicalradiologyonline.net

Review

Artificial intelligence in breast imaging H

Check for
updates

E.PV. Le®P, Y. Wang®, Y. Huang ™, S. Hickman ¢, FJ. Gilbert ¢~

2 University of Cambridge School of Clinical Medicine, Cambridge Biomedical Campus, Hills Road, Cambridge CB2
0QQ, UK

P EPSRC Centre for Mathematical and Statistical Analysis of Multimodal Clinical Imaging, University of Cambridge,
Cambridge CB3 OWA, UK

¢ Department of Radiology, University of Cambridge School of Clinical Medicine, Cambridge Biomedical Campus, Hills
Road, Cambridge CB2 0QQ, UK

This article reviews current limitations and future opportunities for the application of
computer-aided detection (CAD) systems and artificial intelligence in breast imaging. Tradi-
tional CAD systems in mammography screening have followed a rules-based approach,
incorporating domain knowledge into hand-crafted features before using classical machine
learning techniques as a classifier. The first commercial CAD system, ImageChecker M1000,
relies on computer vision techniques for pattern recognition. Unfortunately, CAD systems have
been shown to adversely affect some radiologists’ performance and increase recall rates. The
Digital Mammography DREAM Challenge was a multidisciplinary collaboration that provided
640,000 mammography images for teams to help decrease false-positive rates in breast cancer
screening. Winning solutions leveraged deep learning’s (DL) automatic hierarchical feature
learning capabilities and used convolutional neural networks. Start-ups Therapixel and
Kheiron Medical Technologies are using DL for breast cancer screening. With increasing use of
digital breast tomosynthesis, specific artificial intelligence (AI)-CAD systems are emerging to
include iCAD’s PowerLook Tomo Detection and ScreenPoint Medical’s Transpara. Other AI-CAD
systems are focusing on breast diagnostic techniques such as ultrasound and magnetic reso-
nance imaging (MRI). There is a gap in the market for contrast-enhanced spectral mammog-
raphy AI-CAD tools. Clinical implementation of AI-CAD tools requires testing in scenarios
mimicking real life to prove its usefulness in the clinical environment. This requires a large and
representative dataset for testing and assessment of the reader’s interaction with the tools. A
cost-effectiveness assessment should be undertaken, with a large feasibility study carried out
to ensure there are no unintended consequences. AI-CAD systems should incorporate
explainable Al in accordance with the European Union General Data Protection Regulation
(GDPR).
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has been widely recognised® and the early detection of
breast cancer is associated with better outcomes.*”

The limitations of mammography screening include
over-diagnosis,” overtreatment and false-positive rates
with associated negative psychological impact’® and un-
necessary costs and biopsies.® Interpretation of mammo-
grams varies with experience,”’ is subjective,'’ and prone to
error due to the heterogeneous presentation of breast
cancer and the masking effect with dense breast tissue. This
contributes to interval cancers that are diagnosed between
screening or cancers found in the subsequent screening
round.'"'? Although reading time for two-dimensional (2D)
mammography is <30—60 seconds, the huge volumes of
mammograms and double-reading of each mammogram
creates manpower problems and resource issues.

Computer-aided detection (CAD) systems for mammog-
raphy have been used extensively in the USA following
initial promising results and reimbursement introduced in
2001; however, more recently, CAD has been shown to
adversely affect some radiologists’ performance, increase
recalls without improvement in cancer detection rates."”
This has resulted in some scepticism as to whether or not
artificial intelligence (AI) tools can reliably assist radiolo-
gists in breast cancer screening. This article reviews the
current limitations and future opportunities for the appli-
cation of CAD systems and artificial intelligence in breast
imaging.

Brief overview of Al

Machine learning (ML) refers to the training of a model
that learns features and associated parameters that most
likely describe the observed data.'* Deep learning (DL) is
one such ML technique that builds upon deep neural net-
works, which mimic but oversimplify human neurons in the
brain. DL relies on deep layered architecture that enables
hierarchical learning, extracting features gradually from
simple to complex abstractions from the data.”” ML has a
data-driven approach learning a mathematical model based
on the observed “training” data. The goal is to make later
predictions for new “test” data based on the learnt model.
“Learning” or “training” in a ML regime usually refers to the
iterative procedure of measuring the gap between current
predictions (e.g., a cancerous mass) against a benign mass
or normal tissue using an evaluation metric known as the
“objective function” (also known as the “cost” or “loss”
function). The ultimate aim is that with further training, the
model adapts to reduce this gap in a clinically useful
manner, i.e., until the predicted label matches the ground
truth.

Supervised learning'® refers to the training procedure
where the observed training data and the associated ground
truth labels for that data (or sometimes referred to as
“targets”) are both required for training the model. For
instance, in mammography, a cancer is accurately outlined
on the image (as the labels) allowing the algorithm to
“learn” the features of malignancy from the labelled anno-
tations. In contrast, unsupervised learning'’ is where the

training data has no diagnosis or normal/abnormal labels.
Semi-supervised learning or weakly supervised'® learning
provides some information to the algorithm, but not
necessarily for all the training examples. Currently, super-
vised learning seems to be the most popular approach in
image classification tasks.

Classical ML techniques such as support vector machines
(SVM),"? decision trees (DT),”° random forests (RF),> and
dimensionality reduction techniques, such as principal
component analysis (PCA), have relatively low computa-
tional requirements, as these models involve relatively
fewer parameters compared to DL algorithms. These algo-
rithms are actively used in computer vision for feature
extraction and feature selection of hand-crafted features. DL
is more time-consuming in training the models as DL tends
to have millions of parameters and hence requires high-
performance computing hardware.

There are various DL architectures published in the
literature, but the majority of these networks fundamen-
tally build upon some basic and similar neural network
building blocks, referred to as “layers”.”” A neural network
consists of consecutive layers, comprising an input layer
(e.g., raw pixels of a mammogram), hidden layer(s), and an
output layer (e.g., outputs the prediction of the model:
“benign”/“malignant” label). This is shown in Fig 1. The
earlier layers in a DL model are considered to act similarly to
the simple cells of the human primary visual cortex that
learn low-level features such as edges in particular orien-
tations in the image. Higher levels of abstraction are a result
of multiple stacked layers.”> Information is propagated
through the DL architecture, and more complex features are
extracted. These features are finally fed through the last
layer of the network architecture for prediction or
classification."”

Convolutional neural networks (CNNs)'>?* consist of
special ML structures that are one of the most popular ar-
chitectures in general image analysis applications today.
CNNs have characteristic layers in which a convolution
operation (also referred to as a kernel) acts as a filter on the
pixel image matrix to extract spatially correlated features of
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Figure 1 Structure of a neural network. Groups of neurons that
perform similar functions are aggregated into layers. A neural

network consists of consecutive layers, comprising an input layer, a
hidden layer(s), and an output layer.
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the input image and hence offer some shift invariance. The
convolutional layer generates a linear output (feature map).
Other layers include the pooling and fully connected
layers.”>*> The feature map created in the convolutional
layer is initially passed through a non-linear activation
function, e.g., a rectified linear unit (ReLU) that converts all
negative values to 0, mapping it to an output. This is then
transferred to the pooling layer to enable down-sampling of
the feature map. Lastly, the output is then passed into the
fully connected layer to classify the overall outcome. These
layers constitute components of the hidden layers of a CNN.
There can be hundreds of hidden layers and with an
increased number of layers, there is an increase in the
complexity of feature extraction.

Training a CNN requires a vast amount of data, signifi-
cantly more than required for other types of ML. Radiology
is one of the most digitised fields in medicine; however, the
majority of the data is not freely accessible, not labelled
appropriately, or of the quality required. To overcome this
limitation in training, transfer learning (TL)*® can be
applied. This works by pre-training a model to detect
various key features, e.g., edges and then apply this pre-
existing learning to a related image task, such as identifi-
cation of lesions on a mammogram. Subsequently processes
of feature extraction or fine tuning can occur to adjust the
network for the new feature detection task.”” Other
methods to overcome limitations of the available data
include, data augmentation techniques to minimise over-
fitting, unsupervised'” learning or utilisation of generative
adversarial networks (GANs).””

CAD systems in mammography screening

The first commercial CAD system, ImageChecker M1000
system (R2 Technology, Los Altos, CA, USA), received US
Food and Drug Administration (FDA) approval in 1998 with
the aim of providing a prompt or second opinion to the
radiologist in order to enhance radiologists’ diagnostic ac-
curacy. ImageChecker is a computer-assisted detection
system rather than a standalone diagnostic tool.

The R2 approach utilised classical computer vision
techniques for pattern recognition. It searched for clusters
of bright spots, which are suggestive of microcalcifications,
and radial lines suggestive of spiculate masses within a
concentric “annulus” between 3 and 16 mm radii. The R2
system calculated the likelihood of malignant micro-
calcifications and malignant masses, and highlighted re-
gions above a fixed threshold of likelihood for
radiologists.””

Traditional CAD schemes followed a similar rules-based
approach,”®?? incorporating prior domain knowledge into
hand-crafted features before using classical ML techniques
as a classifier.>° For example, the earliest breast cancer
detection CAD approach published in the academic litera-
ture incorporated the importance of global side-to-side
comparison for each breast to identify any areas of archi-
tectural distortion or asymmetry, which could indicate
malignancy.®!

Mathematically describing qualitative visual character-
istics and patterns of cancer is time-consuming and prone
to subjectivity: the method that relevant features are cho-
sen (known as feature engineering) and how these features
are combined leads to different outputs once they are fed
into a ML classifier. Furthermore, there is no consensus on
the most suitable ML technique for classification in the final
stage of the CAD pipeline. These ML techniques aim to
classify breast tissue lesions based on the inputted extrac-
ted features by identifying hidden patterns and non-linear
relationships between these variables. To date the
SVM'?*? classifier has been the most widely used technique
in traditional CAD systems.**

The accuracy of these classification algorithms depends
heavily on the prior feature engineering process and is
limited by the available expert knowledge and the ability to
hand-engineer suitable descriptive features. It is difficult to
evaluate the performance of products from different
research groups as they are tested on various private data-
sets or public domain datasets**>° without standardisation.

In the UK screening programme, a single reader using
traditional CAD was compared with standard double
reading. Both methods had similar cancer detection rates,
but the recall rates for single reading with CAD increased by
0.5% compared to double reading.>” Although CAD systems
have been around for many decades, they have yet to reach
satisfactory clinical utility.”>?® It has been difficult to
translate radiologist intuition using the traditional ML
approach. CAD systems face additional challenges related to
the low signal-to-noise ratio in mammographic images as
well as the large variation in lesion appearance: location,
shape, size, and boundaries.

Application of ML to the mammographic screening
population could provide automated assistance in detection
of breast cancer. Testing artificial neural networks (ANNSs)
against three readers on 18 cancers and 233 controls pro-
duced a sensitivity of 73.7% versus 66.6% and specificity of
72% versus 92.7%.%° Another approach to detect malignancy
and rule out normal mammograms found a sensitivity of
76.1% with a specificity of 88.5% for both screening and
diagnostic mammograms from three mammography ven-
dors.*® This study used a deep CNN without pixel level su-
pervision and was trained by weak supervision. In testing,
the specificity decreased from 100% to 77.78% when density
increased.

Applying pre-trained CNNs to distinguish benign from
malignant lesions achieved an area under the receiver
operating characteristic curve (AUC) of 0.99 when tested on
an independent dataset of 113 mammograms with a
radiologist-defined ground truth.*! A further study applied
the publicly available INbreast dataset>” to test classification
of benign and malignant cases and achieved an AUC of 0.91
(+0.12) versus 0.76 (+0.23) for a manual assessment.*

Al application for breast density

Several software programs receiving FDA clearance have
automated breast density assessment as higher breast
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density confers a greater risk of breast cancer*® with high
interobserver variability in breast density estimation.**
Masking can occur in dense breast tissue preventing
detection of cancers.*” An automated assessment of breast
density with consistent quantitative classification could
guide the need for supplemental imaging with ultrasound,
contrast-enhanced mammography, or magnetic resonance
imaging (MRI).

Research into the classification of Breast Imaging-
Reporting and Data System (BI-RADS) categories is limited
by the variable ground truth provided by human readers.*°
A clinical implementation study demonstrated 77% agree-
ment between a single radiologist’s BI-RADS classification
and a deep CNN algorithm when tested on 8,677 previously
unseen mammograms, as well as overall acceptability into
daily workflow.”” The highest rates of disagreement
occurred between scattered fibroglandular tissue and het-
erogeneously dense category (BIRADS B and C). Seeking
consistent classification between breast density categories
(B and C) a CNN was tested on 1,850 processed non-cancer
images acquired from a single vendor, with quantitative
selection of cases to ensure correctly labelled data were
used. An AUC of 0.9882 versus 0.9857 was achieved for an
algorithm without pre-training and with pre-training.*®

VolparaDensity (Volpara Solutions) derives the thickness
of fibroglandular tissue and the thickness of fat from areas
of brightness in the mammography image, which can be
collectively used to calculate the volumetric breast den-
sity.*” Hologic received FDA 510(k) clearance in December
2017 for their Quantra 2.2 Breast Density Assessment soft-
ware,”’ which uses ML to analyse the mammographic
breast tissue distribution and texture in order to output one
of four categories in alignment with the US breast density
rating system: BI-RADS 5™ edition.”’ Densitas received FDA
510(k) clearance in February 2018°? for their ML-based
automated breast density software, which calculates
percent breast density and outputs an automated report
with breast density grade and BI-RADS density category.

The DM DREAM challenge and DL in
mammography

The Digital Mammography DREAM Challenge (DM
DREAM),”* which ran from November 2016 to May 2017,
was a multidisciplinary collaboration®*: Sage bionetworks
provided the infrastructure for the competition, the Group
Health Cooperative (a National Cancer Institute-funded
Breast Cancer Surveillance Consortium registry) contrib-
uted more than 640,000 de-identified digital mammog-
raphy images, and teams from all over the world submitted
their solutions to improve diagnostic accuracy in breast
cancer screening. The top winning teams incorporated
different aspects of ML with a strong focus on DL. DL ap-
proaches include the ability to deal with an increased
complexity of input data, where raw imaging data rather
than statistically derived features, such as entropy and
kurtosis,” are used. Each pixel in a medical image repre-
sents one dimension, therefore medical images are

extremely high-dimensional that are computationally
expensive. Secondly, compared with classical ML ap-
proaches, the models are able to learn much more inter-
esting non-linear relationships between the input and
output.

Despite its vast potential, DL is not a magic bullet and
mammography presents many challenges that go beyond
fine-tuning the parameters of a DL model. As illustrated by
one of the winning teams of the DM DREAM competition,
challenges include (1) dealing with an imbalanced dataset,
(2) processing high-resolution images, and (3) weakly su-
pervised learning.

Only 0.35% (1,114 images out of 318,000) of the training
data for the DM DREAM challenge were breast cancers.”®
The first sub-challenge of the DM DREAM challenge was
to predict the cancer status of each breast of a patient,
outputting a score between 0 and 1, using only their
screening mammogram. This competition focused on a
combination of both computer-aided detection as well as
computer-assisted diagnosis. Unlike other public domain
mammography datasets, such as the commonly used Digital
Database for Screening Mammography (DDSM)*> dataset
(which has pixel-level annotation), the DM DREAM training
data did not include cancerous lesion location. Instead this
was an example of weakly supervised learning as only
mammogram-level labels, 0 or 1, to indicate absence or
presence of cancer, were provided. The ML algorithms had
to learn discriminatory features between cancer and non-
cancer cases from very few positive examples.

Mammography images have a large memory require-
ment as they are an order of magnitude larger than the
commonly used natural images in ML and computer vision
tasks (~3,000x3,000 pixels in mammography versus
~300x300 pixels in ImageNet’’ competition). Significantly
down-scaling a whole mammographic image, down-
sampling with excessive pooling or focusing on classifying
only a small region of interest to reduce computational cost
would hamper performance as breast cancer screening re-
lies heavily on the fine details. Microcalcifications and other
cancerous lesions are relatively small and subtle. In addi-
tion, whereas high resolution enables in-depth examination
of the finer details, it is also important to visualise the whole
breast in order to assess for global features such as archi-
tectural distortion. The ML approach to mammography data
must not only deal with a single high-resolution image, but
should have the ability to take into consideration the
standard four views concurrently and ideally prior mam-
mograms as sometimes cancers are only visible in a certain
view, as well as allowing for evaluation of breast
asymmetries.’®

Therapixel, a French start-up was one of the overall top
teams in the DM DREAM challenge, provided a solution by
using a multi-stage approach and CNNs.°® They started by
pre-training a lesion detector (called Detector Net) using
the external Digital Database for Screening Mammography
(DDSM) dataset>> and TL (employing a modified VGG ar-
chitecture), followed by end-to-end fine-tuning on the
whole mammography images themselves for binary clas-
sification: label 0 = normal and label 1 = cancer. TL*? refers
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to applying a model trained on a different dataset (such as
natural images) to a different domain (medical images).
Lower-level features are learnt that are useful in both nat-
ural images and medical image applications; however, there
are fundamental differences between the low-resolution,
2D, colour (three-channel) images, i.e., the natural images,
in ImageNet®® and medical images such as mammograms
and this shift in domain between natural images and
medical images impinges on the performance of the TL
method. Therapixel’s best-performing model achieved an
AUC of 0.85, a good result given the limited time available in
the competitive phase and limited direct access to the DM
DREAM challenge training data. The participants of the
challenge could only access 500 mammography images
from the DM DREAM challenge dataset directly. For the
actual training of their models, the participants had to
transport their models in Docker containers to the cloud for
training on the large dataset in an effort to maintain suitable
data protection.

In the final task both the Ann Arbour and Therapixel
groups applied DL approaches to finish in joint first place.®!
The DM DREAM challenge has now entered the collabora-
tive community phase whereby top performing teams will
work together to improve their algorithms and share their
source code publicly for academic and commercialisation
efforts.”>%! Collaboration sits at the heart of spurring on
development for AI-CAD tools. Countries with a national
breast cancer screening program, such as the USA and UK,
have a great opportunity to develop high-quality, well-an-
notated datasets that can help to capture the large variation
in breast cancer presentation as well as normal variants. For
example, the Cancer Research UK (CRUK)-funded OPTIMAM
project has created an anonymised dataset of 4,307 malig-
nant cases, 450 benign cases and 680 normal cases (as of
June 2017).%%% The OPTIMAM group are collaborating with
a number of commercial groups such as DeepMind and the

UK-based start-up Kheiron Medical Technologies.®*%°
Digital breast tomosynthesis and Al
Digital breast tomosynthesis (DBT) is a three-

dimensional (3D) imaging technique that has been shown
to increase breast cancer-detection rates®® and reduce false-
positive®’ results as compared with digital mammography
(2D) alone.°® The superimposition of tissues in 2D digital
mammography has contributed to false positives. DBT re-
duces overlapping shadows and increases lesion conspi-
cuity and reduce recall rates. Recent studies have found that
DBT are particularly beneficial in the detection of masses
and in women with increased breast density®® or hetero-
geneously dense breasts.

A relative disadvantage is that DBT increases reading
times from 50—200% due to the increased number of im-
ages.”” There is a need for optimised CAD and diagnosis
systems for DBT in order to reduce radiologist evaluation
time and improve efficiency. iCAD’s PowerLook Tomo
Detection’! is one of the first in this domain and received
FDA clearance in 2017. The tool implements DL technology

to reduce the reading time of DBT. Currently the approach
involves extracting regions of interest from the 3D images
and incorporating them onto a synthesised 2D image to
ameliorate navigation of the tomosynthesis datasets.

With the trend of increasing use of DBT, developers of Al-
CAD systems have taken this emerging imaging technique
into consideration. Based in the Netherlands, ScreenPoint
Medical has been equipping its DL software solution,
Transpara, for multimodality applications.”” For 2D
mammography, Transpara considers multiple views to
automatically identify soft-tissue and calcification lesions
and finally calculate a cancer suspiciousness score (on a 10-
point scale: no potential abnormalities = a low score) for
each mammogram.”® The interactive decision support na-
ture of the software is unique compared with traditional
CAD prompts, as CAD marks remain hidden unless probed
by the reader.”* An independent evaluation of Transpara
version 1.3.0 applied the tool to a cancer data set of 240
mammograms from two mammography vendors, read by
14 experienced radiologists from centres in the US, and
demonstrated an improved breast cancer detection without
an increase in reading time’”; however, further studies are
required to demonstrate the application of this tool in a
screening population with blinded readers to reduce the
“laboratory effect” on these results. For DBT volumes,
Transpara considers the full 3D information to quantita-
tively analyse soft-tissue lesions and calcifications, marking
the relevant section with the hope of improving DBT
reading times.”° The Transpara Score offers potential for
triaging, as mammograms can be sorted according to like-
lihood of detectable breast cancer.

CAD systems in other breast imaging
techniques

Ultrasound

Breast ultrasound can provide additional information to
further characterise mammographic findings, palpable ab-
normalities, and guide interventional procedures. In
particular, ultrasound can increase detection of early breast
cancer when used as a supplementary imaging technique in
women with high breast density.”” Automated breast ul-
trasound (ABUS) has been developed to overcome the
limitations of inter-operator variability with handheld ul-
trasound (HHUS) and is able to generate ~2,000 2D ultra-
sound images to give a 3D representation of the breast
tissue.”®

QView Medical received FDA PMA approval for its
QVCAD System (QView CAD) in 2016.”° The CAD system for
ABUS has been shown to decrease reading times (RT), with
CAD-ABUS averaging an RT of 113.4 seconds per case
compared to 158.3 seconds per case using ABUS alone
(p<0.001)%° without compromising diagnostic accuracy.
Development of the QVCAD DL algorithms involved global
collection of ABUS cancer cases, benign and normal cases
(over one million ABUS 3D images).”” As a result, the
QVCAD System is able to automatically extract features
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from suspicious areas of breast tissue with a diameter of 5
mm or more to finally generate a score of suspiciousness for
each area.®' The CAD output includes the CAD Navigator
image, which is displayed simultaneously with the original
ABUS and acts as a roadmap for navigation as well as CAD
marks (coloured circles) for potentially malignant lesions.

Koios Medical (formerly Clearview Diagnostics) provides
a cloud-based Al decision-support software for diagnostic
breast ultrasound®” called Koios DS. Following integration
of the software with PACS, a physician simply clicks on a
suspicious area and Koios DS can analyse over 17,000 fea-
tures per region of interest (ROI) and finally provide feed-
back or recommendations.®® Their algorithm was trained
using a supervised ML approach that utilises thousands of
radiology images and their associated pathology data.®*
This training database is constantly expanding as well,
and the Koios DS system is dynamic as it is continually
updated with new images and their analyses.

MRI

Breast MRI is another imaging method that may be used
as an adjunct when mammography findings are inconclu-
sive.®” Its advantages include particularly high sensitivity
and no ionising radiation. MRI forms part of the NICE
guidelines for surveillance of women with a high risk of
breast cancer, for example, younger women with a family
history of breast cancer or those with BRCA gene
mutations.5°%9

Existing breast MRI CAD systems include CADstream
(Merge Healthcare) and DynaCAD for Breast (Invivo). They
are widely used in the USA®° due to their automated breast
MRI enhancements’! via various image-processing tech-
niques and motion correction. On the horizon, the Innovate
UK-funded INTELLISCAN project focuses on bringing artifi-
cial intelligence to breast cancer MRI interpretation and
reporting. This collaboration®” involves Teeside University’s
Healthcare Innovation Centre (HIC), Brunel University’s
Innovation Centre, and First Option Software coming
together to develop a software application that can provide
a decision-support tool with automated anomaly detection
of breast MRI examinations.”>

Axillary response to neoadjuvant chemotherapy has
previously been shown to be a strong prognostic factor.
Predicting the response by use of ML could provide a further
approach to utilise quantitative image data. Potential fea-
tures to use as clinical markers that strongly predict the
post-chemotherapy response, have been identified.”* %
Testing of ML to predict a response in small single-
institution datasets, has achieved an AUC of 0.93, using a
histologically defined ground truth with T1-weighted MRI
images.”” Radiomic features allow for expansion beyond
standardised radiological reporting and could provide a
guide for treatments, allowing for a personalised approach
to improve survival outcomes. The feasibility for ML to aid
in prognostic prediction by calculation of Oncotype Dx score
or predicating axillary lymph node metastasis could mini-
mise long-term morbidities associated with axillary lymph
node dissection and other invasive procedures.”®°

Contrast-enhanced spectral mammography (CESM)

Contrast-enhanced spectral mammography (CESM), also
known as contrast-enhanced digital/dual-energy
mammography (CEDM) is an enhanced form of digital
mammography using iodinated contrast media. The
contrast media enables better depiction of lesions against
the breast background with studies suggesting that CESM
has similar diagnostic performance to breast MRI, suggest-
ing this could be an alternative option for breast MRI in-
dications.'’®!°1 As this is a newly emerging technology,
imaging datasets are nascent and limited and so too are
CESM CAD systems. This gap in the market is a prime op-
portunity for AI-CAD tool developers as CESM gains
growing popularity.

AI-CAD tools: limitations and challenges to
implementation

Current comparison of clinical efficacy between algo-
rithms is challenging due to variations in the datasets used
and overall methodology of testing as well as a limited
number of independent evaluations of efficacy.®>'%? Avail-
ability of data that are of high quality, labelled, and repre-
sentative of the population, including distribution of
pathology, demographics, and breast density, is limited.
Current datasets commonly used in research are of small
size and from single institutions and mammographic ma-
chine vendors, resulting in a potential for overfitting of al-
gorithms. The data used for training, validating, and
subsequent testing should be transparent for each Al algo-
rithm to allow for independent testing with a previously
unseen dataset avoiding potential bias by using repeated
cases. The ground truth used should be reliable as it will
greatly influence the algorithm.

Potential biases need to be considered before integrating
AI-CAD into clinical practice. One of them is known as the
“anchoring effect”. Once markers for potential malignancy
are placed on the image, readers tend to make their in-
terpretations in relation to this initial reference and become
biased in their decision making.!> CAD systems are also
known to lead to automation bias, where readers over-rely
on the computer-generated decision by either committing
false positives or omitting the undetected abnormal-
ities.'°*1%5 Moreover, the “bandwagon effect” could occur
with CAD systems based on supervised learning; readers
may tend to align their opinion with the algorithm,
knowing that the automated decision is the result of a large
collection of annotations by experts.'°° In addition to
training the AI-CAD system for improved predictions, there
is also a need to train future radiologists to beware of such
biases in the coming era of Al

The European Union’s General Data Protection Regula-
tions'?”'%® emphasise the importance of upholding strin-
gent privacy and security regulations and AI-CAD systems
should incorporate an element of explainable Al to enhance
interpretability of an Al decision. Human-in-the-loop Al
solutions are also an option that provides the opportunity
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for clinicians to interact with the model in order to improve
the model’s performance and to act as a safeguard from
detrimental erroneous mistakes.

Further studies are needed to provide evidence for cost
effectiveness due to the high cost of storage of data and use
of GPUs. The acceptability of Al integration into workflows
as well as how tools will deal with artefacts produced on
clinical images requires further enquiry. Lastly the educa-
tion required for radiologists before tools can be used in
clinical practice should be assessed as well as potential
recommendations for incorporating education on Al into
radiologists training.

Future applications of algorithms evaluating risk pre-
diction have the potential to inform surveillance and sur-
gical decision making.'’” This will only be possible by the
linkage of data from various sources including clinical in-
formation as well as genetic profiles and a collaboration
between multiple healthcare fields with secure and inter-
operable data flows. The continuous ability for decision
feedback and adjustment of an algorithm should be
acknowledged in regulation and standardised performance
audits.

AI-CAD tools: implementation in clinical
practice

Software needs to be tested in clinical settings to prove
the value in the clinical environment. Initial retrospective
evaluation providing evidence of efficacy of algorithms is
essential before moving into expensive clinical trials. A
large and representative dataset is required, which includes
all cancers from a large screening cohort when testing an
algorithm to be used in screening mammography. Ideally,
sequential cancers should be included together with the
interval cancers and subsequent round cancers from that
group of women, in addition to a large number of normal
examinations representative of the screening population.
Once the diagnostic accuracy is ascertained, comparisons
can be made with different algorithms on a standardised
independent test dataset. Algorithms proven to demon-
strate efficacy can then be applied to prospective studies to
test performance in day-to-day work flow. The reader’s
interaction with the tools is an important component as not
all readers behave in a similar manner. A cost-effectiveness
assessment should be undertaken to determine the impact
on the health system in which it is being proposed, with a
large feasibility study carried out to ensure there are no

unintended consequences of introducing this new
technology.
Opportunities for the application of Al in CAD

mammography systems remain ripe, these could include:
(1) a pre-screening triage system to allow radiologists to
focus their time and energy on the more difficult and
complex cases, or where there is uncertainty; (2) breast
cancer risk prediction: incorporation of a multitude of
clinical variables with imaging data to calculate a priori
breast cancer risk; (3) automation of time-consuming sub-
components of mammography interpretation such as lesion

segmentation. A successful AI-CAD tool is expected to be
completely reliable in dismissing normal cases with highly
confident scores, so that the radiologist can instead focus on
cases that are more likely to be positive. The Holy Grail
would be a tool to classify those cancers that are life-
threatening requiring treatment and those that can be
safely ignored to reduce over-diagnosis.

Conclusion

The transition from rule-based CAD systems to DL solu-
tions with embedded domain knowledge has the potential
to reduce diagnostic errors, improve radiologist accuracy,
and help with decision-making.”> DL advantages include
the ability for end-to-end training and automatic hierar-
chical feature learning. Although there are several Al-CAD
tools on the market today, innovation in ML and breast
imaging will continue to drive their improvement. National
and international collaborations between radiologists,
computer scientists, academia, and industry are therefore
necessary to regulate the integration of AI-CAD systems
rapidly, safely, and effectively into clinical practice.
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