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Abstract

Significant advances in imaging analysis and the development of high-throughput methods that
can extract and correlate multiple imaging parameters with different clinical outcomes have led

to a new direction in medical research. Radiomics and artificial intelligence (Al) studies are
rapidly evolving and have many potential applications in breast imaging, such as breast cancer risk
prediction, lesion detection and classification, radiogenomics, and prediction of treatment response
and clinical outcomes. Al has been applied to different breast imaging modalities, including
mammography, ultrasound, and magnetic resonance imaging, in different clinical scenarios. The
application of Al tools in breast imaging has an unprecedented opportunity to better derive clinical
value from imaging data and reshape the way we care for our patients. The aim of this study is

to review the current knowledge and future applications of Al-enhanced breast imaging in clinical
practice.
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Introduction

One of the most promising areas of health innovation is the application of artificial
intelligence (Al) in biomedical imaging. Medical imaging has always been an integral

part of disease diagnosis and treatment decision-making. Innovations in medical imaging
techniques have led to a surge in the volume of increasingly complex imaging investigations.

Of the myriad proposed use cases for Al in radiology, breast cancer screening is perhaps

the best known and most researched use case. Mammography was one of the first imaging
modalities to incorporate Al techniques, beginning with traditional computer-aided detection
(CAD). CAD systems for mammaography have been available for over a decade, meaning
that the application of more recent machine/deep learning techniques to mammography
already has a benchmark against which to compete. The early CAD systems for screening
relied on machine learning with human-coded feature engineering and generally presented
limited performance.

Since then, significant advances in imaging analysis and the development of high-throughput
methods have allowed the rapid and simultaneous extraction and correlation of multiple
imaging parameters. With the possibility of using Al for image analysis to identify findings
that are beyond what the human eye can detect, radiology is now moving from a subjective,
perceptual skill-based field to a more objective science with accurate, objective, efficient and
reproducible image analysis.

Radiomics analysis is the extraction and correlation of multiple imaging parameters

with different variables of interest (patient characteristics, and histopathologic, genomic,
molecular, and outcome data) to create decision support models. These models can be used
for multiple purposes such as treatment planning, risk assessment, and outcome prediction.
When we correlate imaging data specifically with genetic data, this is referred to as
radiogenomics [1-3]. To fully harness the power of radiomics/genomics analysis, we harness
the power of Al. Due to the non-invasive nature of medical imaging and its ubiquitous use in
clinical practice, the field of Al-enhanced imaging is rapidly evolving [4-7].

Breast imaging is an ideal platform for Al since it deals with a relevant clinical problem, big
datasets, and an algorithmic nature of the workflow [8]. The analysis of large amounts

of imaging data has become a challenge and the demand for breast radiologists has
dramatically increased. In contrast, there is a shortage of breast radiologists in the workforce
and a high prevalence of burnout [9,10]. Al is well suited to handle repetitive work processes
and to manage large amounts of data; hence, it could be used to enhance breast imaging
efficiency and overcome problems with high workload.

With the continuous advances in radiomics analysis and machine learning (such as deep
learning), we are now on the cusp of providing more effective, more efficient, and even more
patient-centric breast cancer care than ever before. This review will explain the concept and
methodology of radiomics and Al studies, and then review the current knowledge and future
applications of Al-enhanced breast imaging in clinical practice and address its challenges
and limitations.
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Basic Concepts of Radiomics and Al Studies

Based on how imaging information is transformed into mineable data, radiomics analysis
can be divided into two arms: hand-crafted radiomics and Al (Figure 1). Hand-crafted
radiomics extracts features that are used to fingerprint phenotypical characteristics in
images, whereas Al uses a complex network to create its own features.

The methodology of hand-crafted radiomics usually follows this workflow: image
acquisition (2D or 3D); normalization to pixel intensities evenly across a data set and

within standardized range; image segmentation (Figure 2) and annotation (manual, semi-
automatic, or fully-automatic), which includes definition of the region of interest (ROI)

for feature extraction; radiomics analysis (feature selection and reduction); classification,
and modeling. Radiomics analysis includes first order features based on the distribution

of pixel intensities (histogram based) and higher order features based on how pixels are
positioned in relation to each other (co-occurrence matrices, run length matrices, size zone
matrices, neighborhood grey level dependence matrices, Minkowski functionals, local binary
patterns, and wavelet analysis). As a large quantity of imaging features is extracted and

not all features are necessarily relevant to the question/task proposed, feature selection and
reduction is an essential next step, followed by classification and modeling to answer the
specific question being proposed. Hand-crafted radiomics studies usually use Al methods
(decision trees, support vector machines, random forests, neural networks, etc.) to select
features and construct models. Ideally, the model’s performance should be validated in
external data sets to avoid overfitting, which refers to the spurious correlations in the data
that do not allow generalization to other similar data sets. If no external validation data set
is available, cross-validation techniques can be applied to split the data into different subsets
(i.e., training set and validation set).

In Al studies, either traditional machine learning (ML) or more recently deep learning (DL)
techniques are employed. The first Al models in breast imaging are CAD models, which
have been studied since the 1960s. CAD uses hand-crafted radiomics coupled with ML to
extract patterns such as shape, margin, or texture of a lesion based on a large number of
examples, and then defines algorithms to aid the radiologist. However, its performance in
studies was limited and thus clinical implementation was also limited. Recently, facilitated
by advances in computing power, DL has been increasingly studied in breast imaging. DL
is based on the structure of neural networks as inspired by the human brain, and allows the
computer to learn to identify patterns in a set of images on its own, without the need for
pre-defined characteristics. The convolutional neural network (CNN) is currently the most
used DL architecture in image analysis and has been successfully applied in the analysis

of digital images in various areas of knowledge. Recent advances in software and hardware
have allowed CNN models the ability to surpass human performance in many situations.

DL studies must pass through rigorous validation steps including defining the imaging

data sets (training, validation, and test sets), defining the ‘ground truth’ reference standard,
having a detailed description of the training approach and metrics of model performance,
and having validation or testing of the algorithm with external data [11,12]. Three
independent data sets (training, validation, and test sets) are needed: first, the Al algorithms
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are trained on an initial set of images according to a reference standard; second, the final
algorithm is validated on a separate set of images; third, an external set of images is used to
report the final statistical results of the Al algorithm [12].

Radiomics and Al in breast imaging have many possible applications, including in the
improvement of image acquisition, the detection and diagnosis of breast lesions, and the
development of new imaging biomarkers. Al can also be applied to different imaging
modalities and different clinical scenarios. We will discuss the most relevant current clinical
applications for each breast imaging modality (Table 1).

Al-Enhanced Mammography

Mammography is the current gold standard in breast cancer screening to detect early
breast cancer, when its treatment can achieve better outcomes. One limitation of screening
mammography is the relatively high number of missed cancers; in the general screening
population, mammography has a sensitivity ranging from 75%-85% but this sensitivity is
significantly reduced among women with dense breasts [13]. Additionally, this technique
has a high rate of false positives and therefore comes with a high recall rate. Thus, Al in
mammography has been mainly used to increase the detection of significant cancer and
reduce the recall rate [14].

The most recent Al studies in mammography have focused on using CNN to increase
screening accuracy by characterizing a mammographic abnormality. Different frameworks
have been trained, used, and compared, and the most representative algorithms have
achieved an area under the curve (AUC) of around 0.9 [15-17]. Many authors have
compared Al algorithm performance in multi-reader studies and demonstrated that a hybrid
model, using an Al algorithm combined with radiologist assessment, is more accurate than
either of the two separately. Rodriguez-Ruiz et al. [18] compared the breast cancer detection
performance of radiologists reading mammography examinations unaided versus supported
by Al system. The results showed that the AUC of the Al system alone was similar to

the average AUC of the radiologists, but when the radiologists were provided with the Al
support system, the radiologists’ performance improved without requiring additional reading
time (AUC of 0.89 vs. 0.87, p = 0.002). Similarly, Wu et al. [19] designed a model that
achieved an AUC of 0.895 using over 200,000 mammography exams. Comparison of the
model’s performance with the performance of 14 experienced radiologists who interpreted
10,080 screening exams combined showed no difference but when both were combined

in a hybrid model, the hybrid model performed better than either the model alone or the
radiologists alone. Stelzer et al. [20] showed that combined texture analysis and ML can
potentially avoid unnecessary benign biopsies of suspicious mammographic calcifications.

Although these are promising results, single-center studies limit the generality and
applicability of these algorithms. Most recently, an international multi-reader study
conducted by Schaffter et al. [21] included 144,231 mammography exams combined with
prior mammograms, clinical information, and demographic data from the United States and
Sweden. They compared several Al algorithms with radiologist performance and found that
no algorithm in isolation outperformed the radiologists in any of the two countries. However,
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United States radiologist assessments in combination with top-performing algorithms
achieved both a higher AUC of 0.942 (vs. AUC of 0.858 for the top-performing algorithm)
and a higher specificity of 92% (vs. 66.2% for the top-performing algorithm and 90.5%

for radiologist assessments) at the same sensitivity. Another multicenter, multi-reader study
using a cancer-enriched dataset of 320 screening mammograms was conducted by Kim et
al. [22] (Figure 3). The Al algorithm was evaluated on three validation sets from three
different countries (South Korea, the United Kingdom, and the United States) and achieved
an overall sensitivity of 0.914, higher than radiologists in the detection of masses, distortion,
and asymmetries. It is worth mentioning that most of these studies are retrospective and
cannot be directly compared with radiologist performance in a real screening scenario.

Another important goal is to increase screening efficiency. Less than 1% of screening
examinations yields a cancer diagnosis; therefore, most of the workload is related to reading
normal exams. In addition, double reading is standardized in several countries, lengthening
reporting times. Using an ML classifier to correctly identify normal mammograms would
reduce radiologist workload and improve the screening mammography workflow without
harming diagnostic accuracy. CNN multitask learning was applied to mammograms from
over 7000 women in a study conducted by Kyono et al. [23] combining non-imaging
features and pathology outcomes. Their proposed model identified 34% and 91% of normal
exams when the cancer prevalence was 15% and 1%, respectively. Lang et al. [24] used

a DL-based system in a subcohort of the prospective population-based Malmd Breast
Tomosynthesis Screening Trial and showed that Al can correctly identify a proportion of
screening mammograms as normal, but we have to be careful to avoid Al-missed cancers.
Yala et al. [25] also developed a DL model for triaging normal screening mammograms. The
DL-triage workflow simulation including 223,109 screening mammograms yielded higher
specificity and comparable sensitivity to radiologists. Even better results were achieved by
McKinney et al. [26] who tested an Al system to detect breast cancer in mammogram
images from two datasets from the United Kingdom (25,856 mammograms) and the United
States (3097 mammograms). They found that the Al system outperformed radiologists
with a reduction in the number of false negative and positive examinations (Figure 4).

In addition, a reduction of 88% in the workload was achieved when the algorithm was

run in a second-reading simulation process. Recently, Raya-Povedano et al. [27] evaluated
15,987 screening examinations and showed that a strategy with an Al system could safely
reduce the screening workload by up to 70% for either digital mammography and digital
breast tomosynthesis-based programs without reducing the sensitivity by 5% or more. Al
validation sets in many of these studies often include only screen-detected cancers and
therefore do not allow Al to find cancers that radiologists have missed.

Al has also been used as a tool for breast cancer risk prediction based on the analysis of
mammography images, which could be an essential foundation for the implementation of
personalized screening. High mammaographic breast density is known to be an independent
risk factor for breast cancer development [28] and therefore, women with dense breast could
be candidates for additional screening examinations. The identification of these women is
often limited by the subjective assessment of breast density across radiologists. The addition
of Al for automated quantitative assessment of breast density has proven to be superior
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to human evaluations in several studies [29,30]. However, models based solely on breast
density are limited to predict an overall risk of breast cancer.

DL density-based models combining traditional risk factors could be more accurate than
density-based models and the established risk models currently used in clinical practice
alone for breast cancer risk prediction. Dembrower et al. [31] developed a DL risk score
that was able to predict women’s risk for future breast cancer more accurately than density-
based models and with a lower false-negative rate for aggressive cancers. Yala et al. [32]
developed three full-field mammography-based DL breast cancer risk models to determine
breast cancer risk within 5 years by using traditional risk factors, mammaographic density
alone, and a hybrid DL model that used both traditional risk factors and mammograms. The
latter yielded the best AUC of 0.70 compared to the other two models and to the clinically
establish Tyrer—Cuzick (version 8) model.

Al-enhanced Ultrasound

Ultrasound (US) has shown more sensitivity than mammography for breast cancer detection
regardless of age group. However, its specificity remains lower than that of mammaography
especially for women aged 50 years or older [33]. Thus, the main interest of Al in breast
US has been the differentiation of benign and malignant breast masses based on B-mode
features according to the Breast Imaging-Reporting and Data System (BI-RADS). Shen

et al. [34] evaluated eight BI-RADS sonographic computerized features (namely shape,
orientation, margin, lesion boundary, echo pattern, and posterior acoustic feature classes)
for the differentiation of breast masses. All these features showed significant differences
between benign and malignant lesions with the angular characteristic exhibiting a high
correlation with the pathological result. The model achieved an AUC of 0.97 with an
accuracy of 91.7%. Based also on morphological and texture features, a group headed by
Niu et al. [35] investigated Al for the differentiation of benign and malignant BI-RADS
4A lesions. They found more margin lobulations and lower entropy in malignant tumors
whereas more internal calcifications and a greater angle between the long axis of the lesion
and skin were found in benign lesions.

With these promising results, the application of DL to US images have further evolved,
showing accurate and reliable results. Han et al. [36] developed a CNN deep learning
framework for the differentiation of malignant breast lesions and nodules based on 7408
images acquired by US. The network was able to classify malignant lesions in a short time
with an accuracy of 90% and therefore was proposed to work together with radiologists

to improve breast cancer diagnosis. Several groups have investigated these Al models in
multi-reader studies [37—40]. Becker et al. [37] retrospectively evaluated the performance
of a generic deep learning software for the classification of 637 breast lesions on US
exams and compared it to radiologists with varying levels of expertise. They found that the
accuracy of the software for breast cancer diagnosis was comparable to that of radiologists
but allowed for a better and faster learning than a human reader without prior experience.
A deep CNN developed by Ciritsis et al. [38] showed higher accuracy than radiologists
for the differentiation of BI-RADS 2-3 versus BI-RADS 4-5 lesions, mimicking human
decision-making in the evaluation of single US lesions. DL algorithms have been recently
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incorporated in US devices to assist radiologists in decision-making based on frozen images.
Kim et al. [41] assessed the performance of a tool called S-detect for the differentiation of
breast lesions in clinical US. They showed that the diagnostic accuracy and the AUC were
significantly higher than those achieved by an experienced radiologist when the cut-off was
set at category 4a in BI-RADS. The same tool was evaluated by Di Segni et al. [42] for

the assessment of focal breast lesions. They compared the performance of S-detect to five
operators with different levels of expertise. This group did not find significant differences in
the receiver operating characteristic (ROC) curve areas between the CAD and the operators,
thereby postulating that it is a feasible tool for the characterization of breast lesions. Another
Al-based decision support tool was evaluated in a multi-reader study by Mango et al. [43]
(Figure 5). They reported an improved accuracy of sonographic breast lesion assessment
when combining reader assessment with this tool. There was a significant reduction in the
number of upgraded BI-RADS 4a from BI-RADS 3 lesions and in inter- and intra-observer
variability which is important for the standardization of these tools. Although some of these
Al-based decision support systems are approved by regulators in different countries, there
are still no guidelines to recommend the application of Al with US in clinical practice.

US elastography is an adjunct tool to B-mode US and has also proven to be useful for

lesion characterization [44]. Zhang et al. [45] evaluated a DL architecture which was

able to automatically extract features obtained from shear-wave elastography. This network
achieved an AUC of 0.947 and accuracy of 93.4% for breast tumor differentiation. The same
group [46] also developed a CAD model with features extracted from real-time elastography
(hard area ratio, strain ratio, and coefficient of variance) and B-mode US (presence of
hilum, size, shape, and echogenic uniformity of a lymph node) to distinguish benign

from metastatic lymph nodes in patients with breast cancer. All features were significantly
different between benign and metastatic nodes. The computer-assisted dual-modal model
achieved a high AUC of 0.895 and accuracy of 84.5% and was proven to be valuable for the
identification of benign and metastatic lymph nodes.

Al-enhanced MRI

Breast MRI has a high sensitivity for breast cancer diagnosis and can provide quantitative
biomarkers for breast cancer assessment. Therefore, breast MRI is probably the imaging
modality with the most data available from Al studies on different applications, mainly

for lesion detection and classification [47]. Fully automated detection of breast cancer

on screening MRI using CNN has been shown to be possible, not only for systematic
diagnostic interpretation [48] but also for identifying tumor-containing slices stored on
picture archiving and communication systems [49]. This can be particularly useful for
non-systematic image review, such as for research purposes or interdisciplinary tumor board
meetings.

The more extensive use of breast MRI for both screening and conventional imaging
problem-solving purposes has posed significant challenges in clinical practice due to the
high number of detected lesions. Hence, different approaches have been tested to help
classify breast lesions identified on MRI as benign or malignant [50-54]. Truhn et al. [52]
compared the diagnostic performance of radiomics with ML and CNN to that of radiologists
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for the classification of dynamic contrast enhancement (DCE)-MRI enhancing lesions. They
evaluated 447 patients with 1294 lesions and found that CNN (AUC of 0.88) was superior
to radiomics/ML (AUC of 0.81) for lesion classification but both approaches were inferior
to radiologists’ performance. Dalmis et al. [53] also applied Al-based classification of breast
lesions on a multiparametric MRI protocol with DCE-MRI, T2-weighted imaging, and
diffusion-weighted imaging (DWI). A final Al system combining all imaging information
achieved an AUC of 0.852, which was significantly higher than that of ultrafast DCE alone
(p = 0.002), and with less false positives when operating at the same sensitivity level

of radiologists. Bickelhaupt et al. [55] investigated radiomics with DWI and T2-weighted
imaging for the classification of suspicious lesions identified in 50 asymptomatic women
who underwent screening mammography. The results of this study indicate that DWI
radiomics classifiers can perform well for breast cancer diagnosis and achieve higher
performance than the mean apparent diffusion coefficient (ADC) parameter alone. Thus,

the application of Al in multiparametric breast MRI may improve its specificity and thereby
reduce the number of unnecessary breast biopsies. A similar conclusion was achieved with
a DCE-MRI radiomics Al 4D classifier which could avoid up to 36.2% of unnecessary
biopsies [56].

This is particularly important in the setting of challenging lesions such as sub-centimeter
lesions, non-mass like lesions, or those pertaining to high-risk patient groups. Al has shown
potential to improve the diagnosis of these type of lesions in breast MRI [57]. For example,
Lo Gullo et al. [58] evaluated sub-centimeter enhancing lesions in BRCA mutation carriers
and showed that radiomics/ML improves diagnostic accuracy and could be used as an
adjunct to spare unnecessary biopsies for benign-appearing small breast masses in this
population (Figures 6, 7). Another subgroup of challenging lesions are high-risk lesions.
The same group of authors [59] investigated whether DCE-MRI radiomics coupled with
ML could help in predicting malignant upgrade in atypical ductal hyperplasia to avoid
surgical excision. They concluded that this approach was not able to accurately predict
which biopsy-proven ADH lesions would be upgraded to malignancy, which highlights that
the application of Al still has its limitations.

Another reported application beyond lesion classification and detection is the prediction

of breast cancer molecular subtype. It has been shown that specific molecular subtypes
seem to carry radiomics signatures on DCE-MR images that can be used to accurately
classify lesions with respect to receptor status and molecular subtypes [60-69]. Although
radiomics and Al are unlikely to replace invasive tissue sampling, these signatures may have
the potential to provide prognostic indicators derived from the whole tumor, while biopsy
sampling, currently used for molecular subtyping, is only a snapshot of the bigger picture.
This could be especially useful to monitor biology changes during treatment.

Radiomics feature extraction can also be extended to other MRI sequences such as DWI. In
a study by Leithner et al. [70], features extracted from ADC maps achieved accuracies over
80% for breast cancer subtype differentiation. They found that luminal B and HER2 cancers
seemed to carry distinct radiomic features from other cancers. Zhang et al. [71] developed
an ADC-based radiomics model for predicting the Ki-67 proliferation index in breast cancer
patients and found AUCs of 0.72 in the test set. Further investigation with multiparametric
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MRI showed also AUCs over 0.80 for non-invasive differentiation of triple negative and

luminal A breast cancers from other subtypes [72] (Figure 8). This approach can also be

applied to contrast-enhanced mammography, which has the same underlying physiologic
mechanism as DCE-MRI and can be used as an alternative when MRI is not available.

Radiomics features can be combined with other omics features and clinical information

to predict clinical outcomes. Guo et al. [74] performed a study to evaluate the value

of radiogenomics features for the prediction of clinical phenotypes in invasive breast
carcinomas. Although they found statistically significant correlations with clinical outcomes
for genomics, radiomics, and radiogenomics data, they did not report an additional value

on the prediction performance by combining genomics and radiomics. Recently, Bismeijer
et al. [75] linked gene expression levels from RNA sequencing to seven MRI radiomics
features related to tumor size, shape, initial enhancement, late enhancement, smoothness

of enhancement, sharpness, and sharpness variation. They found an association between
enhancement and sharpness of the tumor margin and the expression of ribosomal proteins
which suggests that MRI features may be imaging biomarkers for drugs targeting the
ribosome. In other radiogenomics studies, Metha et al. [76] associated MR perfusion
parameters with differential gene expression when monitoring anti-VEGF treatment, and
Yamamoto et al. [77] evaluated a qualitative imaging model including tumor heterogeneity
and enhancement for prediction of expression of immune-response genes. Dietzel et al. [78]
showed that an artificial neural network based on breast MRI descriptors can also be used to
predict axillary lymph node metastasis with an AUC of 0.74.

Al-enhanced MRI has also been used to predict response to neoadjuvant chemotherapy
(NAC) at an early stage or even prior to the commencement of NAC [79,80]. This
application of Al would be useful to avoid administering ineffective potentially toxic
therapies and to expedite surgery in patients that would not benefit from neoadjuvant
chemotherapy. Furthermore, surgery can be potentially avoided in patients with pathologic
complete response (pCR) after NAC. Tahmassebi et al. [81] showed that ML with
multiparametric MRI allowed early prediction of pCR after only two cycles of NAC (AUC
of 0.86) and of survival outcomes with high accuracy. In this study the most relevant features
for the prediction of pCR were changes in lesion size, pattern of shrinkage, and mean
transit time on DCE-MRI; minimum apparent ADC on DWI; and peritumoral edema on
T2-weighted imaging. Similar results were achieved by a radiomics multiparametric model
with four radiomic signatures designed by Liu et al. in a multicenter study [82].

Bitencourt et al. [83] investigated Al combined with clinical variables to assess complete
pathologic response after NAC in overexpressing HER2 breast cancer, showing an accuracy
of 83.9%. HER2 positive cancer response was the focus of another work conducted by
Braman et al. [84] where they investigated intra and peritumoral features. Their model was
able to identify HER2 breast cancer subtype with an AUC of 0.89 and predict NAC response
to HER2-targeted therapy in both validation cohorts (AUC of 0.80 and 0.69, respectively).
More recently, Sutton et al. [85] developed a model that combined radiomics with molecular
subtypes associated with pCR on end-of-NAC-treatment MRI, which had an AUC of 0.78 on
the test set. Other groups have investigated response to NAC in axillary nodes. Ha et al. [86]
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found good accuracy (AUC of 0.93) of CNN algorithms to predict response to NAC using
pretreatment breast MRI scans.

The prediction of cancer recurrence is another relevant clinical query. Currently, this is
assessed through recurrence score genetic testing, which is relatively costly and may not be
available for all patients. Al-enhanced MRI has shown to be potentially useful for recurrence
prediction [87-93]. Li et al. [92] used radiomics signatures for predicting breast cancer
recurrence risk as given by commercially available gene assays. The of use radiogenomics
for the differentiation of good and poor prognosis in terms of estimated risk of recurrence
achieved an AUC of 0.88 for MammaPrint, 0.76 for Oncotype DX, 0.68 for PAM50 ROR-S,
and 0.55 for PAM50 ROR-P. Tokuda et al. [93] correlated qualitative and quantitative
DCE-MRI features with Curebest 95-gene classifier results for recurrence prediction in ER+
positive breast cancer. Whereas qualitative parameters were not significant to differentiate
low risk from high-risk groups, high volume ratio of “medium” in initial phase and/or

high kurtosis in delayed phase were able to predict high recurrence risk. Ha et al. [91]
investigated the feasibility of CNN for prediction of low, intermediate, and high risk of
recurrence. CNN achieved an overall accuracy over 80% with an AUC of 0.92 (Figure 9).

Lastly, breast MRI has also been proposed as a tool for breast cancer risk prediction which
is relevant, for example, to define screening schemes. Portnoi et al. [94] developed an
image-based DL model to predict the 5-year breast cancer risk on the basis of a single breast
MRI from a screening examination and showed that this model improved individual risk
discrimination when compared with a state-of-the-art risk assessment model.

Challenges

Al-enhanced breast imaging techniques require continued study. Currently, the main
challenges for the implementation of Al techniques in a clinical setting are the lack of
standardization and small sample sizes. This is especially relevant for MRI studies. The

cost and availability of MRI make it limited in many occasions. In addition, there is no
standardized breast MRI protocol and images are highly variable across different vendors.
This creates the need for harmonization of the datasets across different sites and scanners.
Radiomics features themselves can be harmonized using combined batch methods such

as ComBat, which may enable databases to be acquired from different populations for

more comprehensive models of breast cancer [95]. The radiomics quality score (RQS) was
proposed to aid the assessment of radiomics studies, which should extensively report on

the study design, imaging protocols, statistical analysis, quality assurance processes, and
standard operating procedures [1]. A common challenge to all imaging modalities is the lack
of a standardized method for segmentation (2D vs. 3D), feature extraction, and selection and
classification of the relevant radiomic features. Future horizons will involve further studies
with larger datasets which will allow subgroup analysis by patient group and/or tumor type.
Collaboration between different institutions and independent testing for validation of the
results will be key in the achievement of the necessary milestones for a meaningful clinical
implementation.

Eur J Radiol. Author manuscript; available in PMC 2022 September 01.



1duosnue Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Bitencourt et al.

Conclusions

Page 11

The field of Al-enhanced breast imaging is rapidly evolving, with many potential
applications, such as breast cancer risk prediction, lesion detection and classification,
radiogenomics, and prediction of treatment response and clinical outcomes. Application of
Al tools in breast imaging have an unprecedented opportunity to better derive clinical value
from imaging data and reshape the way we care for our patients.
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Highlights
. Al-enhanced breast imaging extends to all imaging modalities
. Al applications: risk prediction, lesion detection/classification, radiogenomics
. Al applications also include prediction of treatment response and clinical
outcomes
. Continued study with larger sample sizes and rigorous standardization is
needed
. Al-enhanced breast imaging promises more effective and patient-centric

cancer care
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Figure 1.
Radiomics analysis workflow using hand-crafted feature extraction along with traditional

machine learning techniques and deep learning for classification and modelling.
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Figure 2.
Examples of tumor segmentation on a large mass in the right breast at (a) mammography

and (b) magnetic resonance imaging.
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Figure 3.
Reprinted under a Creative Commons Attribution 4.0 International (CC BY-NC-ND 4.0)

from: H.-E. Kim, H.H. Kim, B.-K. Han, K.H. Kim, K. Han, H. Nam, E.H. Lee, E.-K.

Kim, Changes in cancer detection and false-positive recall in mammography using artificial
intelligence: a retrospective, multireader study, Lancet Digit. Heal. 2 (2020) e138-e148.
https://doi.org/10.1016/S2589-7500(20)30003-0.
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Figure 4.
Discrepancies between the Al system and human readers. (a) A sample cancer case that

was missed by all six readers in the US reader study, but correctly identified by the Al
system. The malignancy, outlined in yellow, is a small, irregular mass with associated
microcalcifications in the lower inner right breast. (b) A sample cancer case that was caught
by all six readers in the US reader study, but missed by the Al system. The malignancy

is a dense mass in the lower inner right breast. Left, mediolateral oblique view; right,
craniocaudal view. Reprinted by permission from Springer Nature Customer Service Centre
GmbH: Springer Nature, Nature, International evaluation of an Al system for breast cancer
screening, S.M. McKinney, M. Sieniek, V. Godbole, et al., 2020.
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Figure 5.
(a) 75-year-old woman with invasive ductal carcinoma. Orthogonal ultrasound transverse

(top) and sagittal (bottom) images of 0.4-cm breast mass that could be categorized as

oval and parallel and interpreted as benign or probably benign by reader. (b) 75-year-old
woman with invasive ductal carcinoma. Artificial intelligence decision support (DS) output
scores were presented to study readers in graphical form as electronic case report form in
conjunction with orthogonal ultrasound images of lesion for that case. Right panel shows
categoric assessment, in this case “suspicious,” with triangle marker indicating confidence of
assessment within that category. In this example, DS support correctly classifies this lesion
as suspicious; malignancy (invasive ductal carcinoma) was confirmed by ultrasound-guided
biopsy. LoM = likelihood of malignancy, B = benign, P = probably benign, S = suspicious,
M = probably malignant. Reprinted by permission from V.L. Mango, M. Sun, R.T. Wynn,
R. Ha, Should We Ignore, Follow, or Biopsy? Impact of Artificial Intelligence Decision
Support on Breast Ultrasound Lesion Assessment, Am. J. Roentgenol. 214 (2020) 1445-
1452. https://doi.org/10.2214/AJR.19.21872.
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Figure 6.
Transverse first post-contrast bilateral dynamic MR images (TR/TE, 4.5/2.1 ms; flip angle,

10°) of four patients with benign-appearing small breast masses (white arrows) in which
biopsy yielded invasive ductal carcinoma. Reprinted under a Creative Commons Attribution
4.0 International (CC BY 4.0) from: R. Lo Gullo, I. Daimiel, C. Rossi Saccarelli, A.
Bitencourt, P. Gibbs, M.J. Fox, S.B. Thakur, D.F. Martinez, M.S. Jochelson, E.A. Morris,
K. Pinker, Improved characterization of sub-centimeter enhancing breast masses on MRI
with radiomics and machine learning in BRCA mutation carriers, Eur. Radiol. 30 (2020)
6721-6731.
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Figure 7.
Transverse first post-contrast bilateral dynamic MR images (TR/TE, 4.5/2.1 ms; flip angle,

10°) of four patients with suspicious-appearing small breast masses categorized as BI-RADS
4 in which biopsy results yielded fibroadenoma (white arrows) and pseudoangiomatous
stromal hyperplasia (white arrow). Reprinted under a Creative Commons Attribution

4.0 International (CC BY 4.0) from: R. Lo Gullo, I. Daimiel, C. Rossi Saccarelli, A.
Bitencourt, P. Gibbs, M.J. Fox, S.B. Thakur, D.F. Martinez, M.S. Jochelson, E.A. Morris,

K. Pinker, Improved characterization of sub-centimeter enhancing breast masses on MRI
with radiomics and machine learning in BRCA mutation carriers, Eur. Radiol. 30 (2020)
6721-6731.
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Figure 8.
Original DCE-MRI images/ADC maps and corresponding color-coded feature maps as

overlays of the tumor area of triple negative (TN) and luminal A breast cancer. Reprinted
under a Creative Commons Attribution 4.0 International (CC BY 4.0) from: D. Leithner,
M.E. Mayerhoefer, D.F. Martinez, M.S. Jochelson, E.A. Morris, S.B. Thakur, K. Pinker,
Non-Invasive Assessment of Breast Cancer Molecular Subtypes with Multiparametric
Magnetic Resonance Imaging Radiomics, J. Clin. Med. 9 (2020) 1853.
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205

Figure 9.
CNN Architecture for two- and three-class classification models. Reprinted under a Creative

Commons Attribution 4.0 International (CC BY 4.0) from: R. Ha, P. Chang, S. Mutasa, J.
Karcich, S. Goodman, E. Blum, K. Kalinsky, M.Z. Liu, and S. Jambawalikar, Convolutional
Neural Network Using a Breast MRI Tumor Dataset Can Predict Oncotype Dx Recurrence
Score, J. Magn. Reson. Imaging. 49 (2019) 518-524.
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Table 1.

Main indications for Al-enhanced breast imaging in published studies.

Imaging Method Indications
Mammography . Screening accuracy and characterization of mammographic lesions [15-22]
. Increase screening efficiency (reduce workload) [23-27]
. Breast cancer risk prediction [28-32]
Ultrasound . Differentiation of benign and malignant sonographic lesions [34-44]
MRI . Automated detection of breast cancer [48-49]
. Screening accuracy and characterization of MRI lesions [50-59]
. Prediction of breast cancer molecular subtype [60-72]
. Prediction of other clinical outcomes (radiogenomics, tumor heterogeneity, lymph node metastasis) [74-78]
. Prediction of response to neoadjuvant chemotherapy [79-86]
. Prediction of cancer recurrence [87-93]
. Breast cancer risk prediction [94]
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