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Abstract

In breast imaging, there is an unrelenting increase in the demand for breast imaging services,
partly explained by continuous expanding imaging indications in breast diagnosis and treatment.
Since the human workforce providing these services is not growing at the same rate, the
implementation of artificial intelligence (Al) in breast imaging has gained significant momentum
to maximize workflow efficiency and increase productivity while concurrently improving
diagnostic accuracy and patient outcomes. Thus far, the implementation of Al in breast imaging
is at the most advanced stage with mammography and digital breast tomosynthesis techniques,
followed by ultrasound, whereas the implementation of Al in breast magnetic resonance imaging
(MRI) is not moving along as rapidly due to the complexity of MRI examinations and fewer
available dataset. Nevertheless, there is persisting interest in Al-enhanced breast MRI applications,
even as the use of and indications of breast MRI continue to expand. This review presents

an overview of the basic concepts of Al imaging analysis and subsequently reviews the use

cases for Al-enhanced MRI interpretation, i.e., breast MRI triaging and lesion detection, lesion
classification, prediction of treatment response, risk assessment, and image quality. Finally, it
provides an outlook on the barriers and facilitators for the adoption of Al in breast MRI.
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Introduction

In the field of breast imaging, there is an unrelenting increase in the demand for breast
imaging services, partly explained by continuous expanding imaging indications in breast
diagnosis and treatment. Unfortunately, the human workforce providing these services is
not growing at the same rate. Therefore, artificial intelligence (Al) applications in breast
imaging has gained significant momentum to maximize workflow efficiency and increase
productivity while concurrently improving diagnostic accuracy and patient outcomes.

Thus far, breast imaging Al is at the most advanced stage with mammaography and digital
breast tomosynthesis, followed by ultrasound (1). While the implementation of Al in breast
magnetic resonance imaging (MRI) is not moving along as rapidly, due to the complexity
of MRI examinations and fewer available datasets (given that MRI is not as frequently
performed as mammography or ultrasound) (2,3), there is persisting interest in breast MRI
Al. Breast MRI is the most effective imaging modality for detecting breast cancer (4),
playing an essential role in screening women at high risk of developing breast cancer

(i.e., = 20% lifetime risk). Breast MRI can identify more breast cancers compared to
mammography, detect cancers at an earlier stage (5), and reduce the likelihood of interval
cancers. It is also highly effective as a screening tool for women with a personal history of
breast cancer and women with extremely dense breast tissue, albeit these women may not be
classified as being at high risk (6,7).

This review presents an overview of the basic concepts of Al and the application of

Al to breast MRI, focusing on narrow Al applications. Broad Al applications in breast
imaging (e.g., image reconstruction, positioning, and quality assurance) have been reviewed
elsewhere (8).

Concepts of Al Image Analysis

Generally, Al applications in imaging have come to rely increasingly on deep learning
methods over classical machine learning methods. In deep learning, automated feature
selection is integrated within the machine learning framework, allowing the model to
self-learn the most representative image features for solving a particular problem (Figure
1). Although deep learning models can outperform classical machine learning models, one
drawback is their lack of explainability, where it can be challenging to understand which
image features the model has learned to use when solving the specified problem. Deep
learning models are often referred to as “black boxes” that do not provide the same level
of intuition as, for example, a radiomics model based on handcrafted features. However,
there are increasing efforts to provide explainability (9). Another drawback is that the
performance of deep learning models greatly depends upon the quantity and quality of

the available data used to train them; compared to transfer learning, supervised learning,
and semi-supervised learning, deep learning models need larger amounts of training data.
Other drawbacks include overfitting and catastrophic forgetting. Overfitting occurs when
the model gives accurate predictions for training data but not for new data. To address
overfitting, weight regularization can be applied which results in a simpler model that is
forced to learn only the relevant patterns in the training data. Catastrophic forgetting occurs
as, during continual learning, deep networks tend to swiftly replace previously acquired
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knowledge from earlier tasks. A neural variable risk minimization framework with neural
variable optimizers has been shown to relieve overfitting and catastrophic forgetting (10).

An approach to improve the performance of deep learning models in low-data scenarios

is transfer learning, whereby knowledge learned while training for a related task (where
more data might be available) can be leveraged for the task at hand. For example, imaging
features that predict breast cancer subtype are somewhat related to imaging features that
predict breast cancer treatment response. If there are abundant MRI data to train a prediction
model for breast cancer subtype (e.g., 5,000 MRI scans) but less data to train a model

for treatment response (e.g., 200 MRI scans), transfer learning can help (11). A subtype
prediction model can serve as a “pre-trained” model, used to initialize the treatment response
model. Fine-tuning, using the 200 MRI scans, can be employed to convert the model from

a subtype prediction model to a treatment response model. Notably, a recent development in
this field is self-supervised learning, where pre-training occurs on unlabeled data. Removing
the need for experts to label input data vastly increases the amount of data for pre-training.
Self-supervised methods have proven to be highly effective at boosting deep learning model
performance (12,13).

One of the most used deep learning architectures in imaging is the so-called convolutional
neural network (CNN). By relying on a set of subsequent convolution operations, CNNs
can extract both small and larger-scale features from the input image. Regarding breast
MRI, which is most naturally a 3D imaging modality, two main types of CNNs can be
constructed: full 3D CNNs that utilize the volumetric nature of MRI data, and 2D CNNs
that take individual slices of MRI scans as input. The choice between these is typically
made based on the available resources. Full 3D CNNs can integrate the most information
simultaneously but are computationally intensive. 2D CNNs are less resource-demanding
but may not capture useful spatial correlations in the data. On the other hand, the 2D
approach may occasionally be more effective in a low-data scenario. An example study
employing a 3D CNN is Zhou et al. (14), where the network was trained to diagnose and
localize breast cancer in breast MRI volumes. Elsewhere, Portnoi et al. (15) compressed 3D
volumes to 2D maximum intensity projections (MIP) to accommodate for limited computer
memory.

A more recent development concerns so-called deep generative models that learn to
represent the distribution of training data and thereby generate unseen samples. An example
application of generative models in the context of breast MRI is image synthesis, where
missing sequences from an MRI protocol can be (partially) reconstructed based on data
from available sequences. This is typically performed using a generative adversarial network
(GAN) (16), where two deep learning models are trained in hybrid: one is the generator
which learns to generate images from a given distribution; the other is the discriminator
which learns to distinguish real from fake images. By training these models simultaneously,
the generator is forced to construct increasingly realistic images to “fool” the discriminator.
We list several studies utilizing GANs for breast MRI image synthesis under the “image
quality” use case.
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Use Case: Breast MRI Triaging and Lesion Detection

The widespread use of MRI for breast cancer screening is hindered by substantial costs

as well as lengthy scan and interpretation times. Breast MRI interpretation requires a
careful review of the current imaging examination but also a comparison with multiple
previous imaging examinations. While lengthy scan and interpretation times can be
mitigated using abbreviated protocols typically comprising one pre- and one post-contrast
T1-weighted sequence and sometimes an additional T2-weighted sequence, breast MRI
screening is still performed as a full protocol (17,18). In this context, most breast MRI
screening examinations yield entirely negative results, requiring no further investigation;
thus, radiologists would invest a significant portion of their time reviewing scans that in fact
do not show any suspicious lesions (6,19,20). Another issue related to interpretation is that
the quality of interpretation can be influenced by the overall number of examinations being
interpreted and the placement of a specific examination in the queue (21). Thus, Al has
been investigated as an automated method to enhance the clinical workflow by triaging low
suspicion examinations from high suspicion examinations. Al is a promising for handling
high-volume repetitive tasks like examination triaging as part of breast cancer screening

as it does not experience the fatigue that can cause errors among radiologists in similar
circumstances. Al-based triaging tools can be implemented into the daily workflow so that
low suspicion examinations can be assigned to specific radiologists or scheduled to be
interpreted at the end of the workday. This way, more time, attention, and expertise can be
channeled toward the more complex cases. Below, we elaborate on studies that have applied
Al to breast MRI for the purpose of triaging and lesion detection. Table 1 summarizes these
studies.

In 2022, Jing et al. (22) reported results from their retrospective study involving 837 breast
MRIs performed in 438 women whereby the ultrafast section of the acquired full MRI
protocol was used as the basis for Al triage. They investigated a deep learning model

for automatically detecting negative scans to improve workflow efficiency. The training
and validation sets comprised 659 exams in total (or 1,318 single breasts, of which

118 were abnormal and 1,200 normal), whereas the independent test set comprised 178
exams (or 356 single breasts, of which 55 were abnormal and 301 normal). The scenario
was simulated whereby negative results from breast MRI time-resolved angiography with
stochastic trajectories (TWIST) sequences would not necessitate radiologist interpretation
or any additional patient assessment. The deep learning model demonstrated an area under
the curve (AUC) of 0.81 on the independent test set. Using two thresholds (0.37 and

0.25) corresponding to a sensitivity of 100% and 95% on the validation set, the model
achieved high sensitivity rates of 95% and 98% as well as high negative predictive values
of 97% and 98% on the independent test set. The threshold of 0.25 resulted in a workload
reduction of 6.2% (11 of 178) and no cancers being overlooked. The threshold of 0.37
resulted in a workload reduction of 15.7% (28 of 178), but 3 breast lesions (one 8-mm
mucinous carcinoma and two benign lesions) were misclassified. The authors noted that one
possible reason for false negatives is small lesion size, as all missed lesions were < 10 mm.
Regarding false positives, the authors recommended proper handling of dense and Breast
Imaging-Reporting and Data System (BI-RADS) 2 breasts in the future.
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In the same year, Verburg et al. (23) reported results from their retrospective study involving
4,581 breast MRIs from the Dense Tissue and Early Breast Neoplasm Screening (DENSE)
trial. Like Jing et al., they also utilized a deep learning model to triage negative examinations
for the purpose of reducing radiologist workload. Patients who participated in the DENSE
trial previously underwent a full multiparametric MRI protocol, but Verburg et al. used

only the pre-contrast and first post-contrast images of the dynamic contrast-enhanced (DCE)
series to develop the deep learning model. The model was trained with left and right breasts
separate from each other, with data from seven hospitals split (80%:20%) into a training set
comprising 9,386 breasts (9,386 with lesions and 9,386 without lesions) and a validation

set comprising 2,346 breasts (1,173 with lesions and 1,173 without lesions); unseen data
from one independent hospital was used as the test set comprising 9,164 breasts (838 with
lesions and 8,326 without lesions). With a threshold corresponding to 100% sensitivity

for malignant lesions, the model correctly flagged 90.7% of breast MRIs with lesions as
abnormal, recommending them for radiologist interpretation. At the same time, the model
ruled out 39.7% of breast MRIs without lesions. The model achieved an AUC of 0.83 for
distinguishing between breast MRIs with and without lesions and did not miss any lesion
that was in fact malignant. Notably, accurate triaging of negative breast MRIs without
lesions was influenced somewhat by the presence of background parenchymal enhancement
(BPE), whereby breast MRIs with minimal BPE were more frequently excluded compared
to breast MRIs with higher levels of BPE.

A more recent study by Bhowmik et al. was published in 2023 (24). This study involved
16,535 consecutive contrast-enhanced breast MRIs in 8,354 women using a full breast

MRI protocol. Training and validation of the deep learning model were based on a

dataset of 14,768 breast MRIs (13,918 screening examinations and 850 examinations

for the purpose of determining the extent of disease in patients with a recent cancer
diagnosis). Examinations with BI-RADS scores of 1 or 2 were assigned an “extremely

low suspicion” label whereas examinations with BI-RADS scores of 3—-6 were assigned a
“possibly suspicious” label. The external validation dataset comprised 1,687 examinations
(1,441 screening examinations and 246 examinations for determining the extent of disease in
patients with a recent cancer diagnosis). Of the 1,441 screening examinations, 59 contained
cancer (100% were detected by the model) and 1,382 did not contain cancer (11.5% were
triaged as “extremely low suspicion” by the model). Of the 246 non-screening examinations,
the model accurately categorized all 246 (100%) malignant examinations as “possibly
suspicious.” Correspondingly, the model achieved a specificity of 19.15% and a sensitivity
of 100% on the external validation dataset, providing a potential workload reduction of
11%. Additionally, while the previous studies by Jing et al. and Verburg et al. did not
compare model performance against radiologist performance, the study by Bhowmik et al.
compared model performance against 2 fellowship-trained breast imaging radiologists for
80 breast MRI examinations. Of the 79 screening examinations within the reader study, 33
contained cancer, all (100%) of which were categorized as “possibly suspicious” by the
model, whereas 1 reader flagged all (100%) as “possibly suspicious” and the remaining
reader missed 1 cancer in an examination complicated by marked BPE (Figure 2). Of the 47
negative screening examinations within the reader study, the model classified 9 (19.15%) as
“extremely low suspicion” and 38 (80.85%) as “possibly suspicious”. Thus, the reader study
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suggests that the model is promising as a triage tool to improve the clinical workflow rather
than serving as an independent reader. The model used pre- and post-contrast T1-weighted-
based 2D MIP images and MIP slabs, but as the authors noted, future work could extend
the model’s architecture to also incorporate 3D images to improve the model’s sensitivity,
particularly regarding small or indistinct cancers.

Notably, in 2017, the United States Food and Drug Administration approved an Al-based
software named Quant X to aid radiologists in the assessment of cancerous and non-
cancerous breast lesions (25).

Use Case: Lesion Classification

One of the primary applications of Al in breast imaging is to distinguish between

benign and malignant lesions (26). Several studies have reported on the use of CNN

models to autonomously detect and diagnose breast lesions (14,27-31), with most showing
encouraging results. Studies reporting better results, as indicated by higher AUC values,
incorporated more comprehensive data inputs (multiparametric MRI inputs as well as
clinical data) for training the CNN model. When Al performance was compared to that of
human readers, Al has demonstrated comparable or slightly better performance, particularly
when the radiologists are junior radiologists. Below, we elaborate on several studies that
have applied Al for breast lesion classification. Table 2 summarizes these studies.

In 2018, Antropova at al. (29) reported results for three support vector machine (SVM)
classifiers from DCE-MRIs to differentiate benign from malignant lesions. A pre-trained
VGGNet with CNN architecture was used to extract features from DCE-MRIs of 690 cases
(212 benign and 478 malignant). The classifier based on extracted features from the MIP
image from the second post-contrast subtraction produced the best AUC of 0.88, compared
to the classifier based on extracted features from the central slice of the second post-contrast
image (AUC of 0.80) and the classifier based on extracted features from the central slice
from the second post-contrast subtraction image (AUC of 0.84). Notably, Antropova et al.
showed that while most pre-trained CNNs can only take 2D images as input, MIP images
can be used to produce 2D input images from 4D DCE-MRIs.

In 2019, Truhn et al. (30) reported results comparing a CNN model based on pretrained
ResNet18 architecture against two radiomic models (one using L1 regularization and one
using principal component analysis) and three breast radiologists for the classification of
breast lesions as benign or malignant. Based on features extracted from multiparametric
MRI, the CNN model (AUC of 0.88) outperformed the two radiomic models (AUC of 0.81
for the radiomic model using L1 regularization and AUC of 0.78 for the radiomic model
using principal component analysis) (p < 0.001); however, the CNN model had subpar
performance compared to the breast radiologists (AUC of 0.98) (p < 0.001). The authors
noted that the pre-tained architecture only allowed up to 3 input channels and thereby only
3 of all the available multiparametric MRI sequences were used; they theorized that more
input (i.e., using GAN to augment the input data) would yield improved performance.

Also in 2019, Dalmis et al. (32) reported results from their study in which they analyzed
368 malignant and 208 benign lesions using deep learning. Lesions were annotated manually
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by placing a region of interest (ROI) at the lesion’s center on subtraction volumes generated
from ultrafast TWIST volumes, T2-weighted volumes, and apparent diffusion coefficient
(ADC) volumes. The “DenseNet” architecture was employed in training a CNN based

on TWIST imaging patches and another CNN based on T2-weighted imaging patches.
Likelihood values representing the likelihood of malignancy from CNNs, ADC values, and
patient information (e.g., age, BRCA status) were combined using random forest classifiers
to generate final malignancy scores at the lesion level. The best performance was achieved
by incorporating all imaging data and patient information (AUC of 0.852). When the

level of sensitivity achieved by the radiologists in the original dataset was applied, the
best-performing CNN yielded 130 false positives, i.e., 19 fewer than the number of benign
lesions biopsied. Notably, the best-performing CNN and radiologists differed substantially
in their misclassified lesions, suggesting that deep learning may be a useful adjunct to
radiologists.

Herent et al. (28) reported in 2019 results from a CNN model that they built based on
ResNet-50 architecture to both detect and characterize lesions according to histological
subtype, in response to a data challenge organized during the Journées Francophones de
Radiologie in Paris in October 2018. The model, trained on 335 single 2D contrast-enhanced
T1-weighted fat-suppressed MRIs from 335 patients, achieved a weighted AUC of 0.816 on
an independent test set of 168 MRIs, ranking first in the challenge. They urged the extension
of their model to incorporate 3D data to increase its generalizability.

In 2020, Adachi et al. (31) reported results for an Al system to detect and diagnose breast
lesions as benign on MIP images from DCE-MRI. The Al system, trained on DCE-MRI

MIP images (using a training set of 214 cases and validation set of 72 cases) using
RetinaNet architecture, showed better performance compared to 4 human readers (varying
experience from 1-20 years) without Al or with Al (AUC of 0.925, 0.884, and 0.899,
respectively) (using a test set of 85 cases), suggesting that Al may be useful as an adjunct for
both junior and senior radiologists.

In 2021, Fujioka et al. (33) reported on the effectiveness of various CNN architectures in
predict the likelihood of malignancy. Training and validation sets comprised 286 DCE-MRI
MIP images (31 normal, 75 benign, and 180 malignant). The various CNN architectures
included DenseNet121, DenseNet169, InceptionResNetV2, InceptionV3, NasNetMobile,
and Xception, each trained over 500 epochs. The resulting models were tested on a

dataset comprising 72 images (12 normal, 13 benign, and 47 malignant). Additionally, 2
human readers (a breast surgeon and a breast radiologist) independently interpreted single
craniocaudal MIP images from this test dataset, scoring the likelihood of malignancy per
patient by using BI-RADS categories. The CNN models exhibited a mean AUC of 0.830
(range, 0.750-0.895). The top-performing CNN model, InceptionResNetV2, achieved a
sensitivity of 74.5%, a specificity of 96.0%, and an AUC of 0.895. By contrast, Reader 1
achieved a sensitivity of 72.3%, a specificity of 88.0%, and an AUC of 0.823, while Reader
2 achieved a sensitivity of 78.7%, a specificity of 80.0%, and an AUC of 0.849. It is worth
noting that while some of the CNN models displayed higher AUC values compared to the
human readers, these differences were insignificant (p > 0.125), and both the top-performing
CNN model and readers did not identify over half of false-negative and false-positive cases.
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To reduce misclassifications, the authors suggested that training data should include more
small lesions as well as non-mass lesions.

Seeking to improve on Antropova et al.’s 2018 results whereby a VGGNet CNN classifier
incorporating features from the MIP image from the second post-contrast subtraction in
particular produced the best AUC of 0.88 (29), Hu et al. reported in 2021 (34) their
development of a VGGNet CNN classifier incorporating 4D information (volumetric and
temporal) from DCE-MRI to distinguish between benign and malignant breast lesions,
hypothesizing that this classifier would outperform the one incorporating traditional MIP
information. Thus, instead of using an “image MIP” approach whereby volumetric data are
collapsed into MIP images at the image level, Hu et al. used a “feature MIP” approach:
the maximum of the features of the CNN were assembled in the two dimensions directly
within the deep neural network architecture. Additionally, in contrast to Antropova et al.’s
study, Hu et al. used four dynamic timepoints from the DCE sequence in the CNN input
instead of relying on a single post-contrast subtraction image. Both the image MIP and
feature MIP classifiers were developed using a training and validation set of 1,455 lesions
(716 malignant masses, 357 malignant non-mass enhancements, 230 benign masses, and
152 benign non-mass enhancements) and subsequently tested on an independent test set
of 535 lesions (293 malignant masses, 128 malignant non-mass enhancements, 70 benign
masses, and 44 benign non-mass enhancements). As hypothesized, the feature MIP classifier
outperformed the image MIP classifier (AUCs of 0.93 (95% CI: 0.91-0.96) and 0.91
(95% CI: 0.87-0.94), respectively) (P = 0.03). Correspondingly, the feature MIP classifier
allocated higher probabilities of malighancy to malignant cases and lower probabilities of
malignancy to benign cases compared to the image MIP classifier.

In 2022, Zhu et al. (35) reported on the impact of various multiparametric MRI sequences
(including DCE-MRI alone, diffusion-weighted imaging (DWI) alone, and combined DCE
and DWI sequences) on ResNet-based models to distinguish between benign and malignant
breast lesions. Notably, they also combined the ResNet-based models with a VVNet-based
segmentation model. This resulted in two single-input ResNet models and one multi-input
ResNet model. The dataset for lesion segmentation comprised 2,823 patients while the
dataset for lesion characterization comprised 3,303 patients with 3,607 lesions (2,213
malignant lesions and 1,394 benign lesions). The multi-input DCE plus DWI model
attained higher sensitivity, specificity, and accuracy compared to the single-input DWI and
DCE-MRI models (sensitivity: 83.1%, 77.2%, and 77.6%, respectively; specificity: 87.4%,
63.0%, and 70.9%, respectively; and accuracy: 84.6%, 72.1%, and 75.2%, respectively).
Moreover, the specificity of the multi-input DCE plus DWI model was higher than that

of radiologists who achieved a specificity of 40.4% when BI-RADS categories 4 and 5
were both considered malignant and 84.1% when only BI-RADS category 5 was considered
malignant. On an external test dataset, the performance of all three deep learning models
decreased only marginally, with AUCs of 0.81, 0.83, and 0.89, respectively.

Also in 2022, Wang et al. (36) reported on the performance of a deep learning model to
classify breast non-mass enhancement (NME) lesions in particular. This study included

965 NME lesions (539 benign and 426 malignant); 754 NME lesions from one MRI
scanner were randomly divided into a training set (482 lesions), validation set (121 lesions),
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and “test set A” (151 lesions). An additional 211 NME lesions from a different MRI
scanner composed “test set B”. The model was developed using ResNet-50 architecture and
leveraged axial and sagittal MIP images derived from early post-contrast subtracted breast
MR images. For each case, two radiologists, one senior and one junior, also independently
reviewed the MIP images and assigned a BI-RADS score. The model achieved AUCs of
0.859 and 0.816 in test sets A and B, respectively, demonstrating comparable performance
to the senior radiologist in test set A (p = 0.558), significantly outperforming the senior
radiologist in test set B (p = 0.041) and the junior radiologist in both test sets (p < 0.001
and p = 0.009, respectively). With Al assistance, the junior radiologist’s AUC improved
from 0.740 to 0.862 on test set A (p < 0.001) and from 0.732 to 0.843 on test set B (p <
0.001), confirming the hypothesis that Al can help classify NME lesions on breast MRI and
contribute to enhanced performance for junior radiologists.

Witowski et al. (37) in 2022 described a deep learning system to predict the probability of
breast cancer in 21,537 bilateral DCE-MRIs from 13,463 patients and possibly reduce false-
positives from DCE-MRI clinical interpretation. The deep learning system was built using
3D pre- and post-contrast DCE-MRI volumes to mimic clinical practice, achieving an AUC
of 0.92 on the internal test set and AUCs of of 0.80-0.97 on external international datasets.
Moreover, the deep learning system also showed comparable diagnostic accuracy to five
breast radiologists (2—12 years of experience). A simulated hybrid system (deep learning
system + radiologist predictions) resulted in improved breast cancer predictions. In subgroup
analysis, the deep learning system showed no differences across various histological
subtypes or patient demographics, but there was slight performance deterioration with more
BPE. For patients with BI-RADS 3 or 4 lesions, the deep learning system was able to reduce
the number of unnecessary biopsies. Notably, the deep learning system had much better
performance in datasets comprising only invasive cancers (vs. datasets comprising multiple
malignant subtypes).

Cong et al. (38) in 2023 described a deep learning method for detecting and classifying
breast lesions as malignant or benign, incorporating CNNs and a long short-term memory
cascaded network, with input from multiparametric MRI. The study used 569 local cases

as an internal cohort and 125 cases from a public dataset as an external cohort. Excluding
DCE-MRI, the best performance was achieved by a 5-Seq system combining input from
T2-weighted imaging, T1-weighted imaging, DWI with a b-value of 50, DWI with a b-value
of 850, and ADC (AUC of 0.964), with improvements in AUC values of +0.065 for reader

1 (12 years of experience), +0.082 for reader 2 (10 years of experience), and +0.142 for
reader 3 (3 years of experience). Including DCE-MRI, the best performance was achieved
by combining input from DCE-MRI, DWI with a b-value of 850, and T2-weighted imaging
(AUC of 0.983). The results suggest that using input without DCE-MRI may still achieve
comparable performance to when DCE-MRI input is used. On the external dataset, the 5-Seq
system achieved an AUC of 0.892.

Use Case: Breast Cancer Characterization

While radiomics-based classical machine learning approaches have been investigated for
breast cancer characterization, more recent studies have focused on using deep learning
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(39-41). Common limitations observed across these studies include their retrospective
nature, limited sample size, especially for specific cancer subtypes, often preventing the
division of cases into a training dataset and a validation dataset, which can lead to the

risk of overfitting. Additionally, testing was frequently limited as molecular subtypes were
not confirmed through formal genetic testing but rather through immunohistochemistry
surrogates. However, in clinical practice, molecular subtypes are often determined using
immunohistochemistry surrogates. Table 3 summarizes these studies.

Leithner et al. (40) reported in 2019 initial results using radiomic signatures extracted

from the first post-contrast T1-weighted sequence, showing that the extracted radiomic
signatures were promising to distinguish between breast cancer molecular subtypes (with
79.4% accuracy for distinguishing between luminal A and luminal B breast cancer and
77.1% accuracy for distinguishing between luminal B and triple negative breast cancer on
the validation set) (Figure 3). The same authors (42) used information from both DCE-MRI
and ADC maps, yielding an AUC of 0.86 for the separation of triple negative \from other
cancers subtypes.

A year later, in 2020, Bitencourt et al. (39) reported that several radiomic-based MRI
features were significantly associated with HER2 expression in the breast tumor, and when
one of the radiomic-based MRI features was combined with two other conventional MRI
parameters in a machine learning model, the model was able to predict HER2 expression
with an accuracy of 97.4%, a sensitivity of 99.3%, and a specificity of 81.3% (28).

Meanwhile, in 2021, Lo Gullo et al. (41) reported results showing that radiomic-based
MRI features showed value in predicting PD-L1 expression in the breast tumor; indeed, the
final machine learning model incorporating three radiomic-based MRI features achieved an
accuracy of 88.2%, a sensitivity of 90.7%, and a specificity of 85.1% (Figure 4).

Of the studies that have used a deep learning approach, several have focused particularly

on detecting invasive breast cancer. For example, Zhu et al. (43) in 2019 reported using
deep learning to predict occult invasive disease on MRI in 131 patients with a recent
biopsy-confirmed diagnosis of ductal carcinoma in situ. The best AUC of 0.70 was achieved
using a “deep features” approach whereby a modified pre-trained GoogleNet architecture
was used together with an SVM model (given that SVMs are less prone to overfitting
compared to deep neural networks) to predict occult invasive disease, achieving a sensitivity
of 69% and a specificity of 8%. As opposed to the “deep features” approach, the “transfer
learning” approach was hampered by overfitting. Meanwhile, in 2021, Moroianu and Rusu
(44) reported using a pre-trained VGG16 architecture to build a model to predict invasive
breast cancer on pre-treatment MRI in 81 patients who had undergone surgery, achieving an
AUC of 0.83 £ 0.05, a sensitivity of 83% + 16%, and a specificity of 71% * 11%.

Two studies have used deep learning to distinguish between breast molecular subtypes. In
2021, Zhang et al. (45) reported the comparison of a conventional CNN with a convolutional
long short-term memory (CLSTM) network to distinguish between HR+/HER2-, HER2+,
and triple negative subtypes. 244 patients were divided into a training set (n = 99 patients
who underwent 1.5T MRI) and two testing sets (n = 83 and 62 patients who underwent
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3T MRI). DCE images were used for both networks. After training the networks, the
models were fine-tuned on the first test set and evaluated on the second, and vice versa.
Using transfer learning, the CNN model achieved accuracies of 91% and 78% on the
first and second test sets, respectively. The CLSTM model performed slightly worse, with
accuracies of 83% and 74% on the same test sets. Meanwhile, Yin et al. (46) in 2022
reported the use of CNNs based on preoperative multiparametric MRI to predict breast
cancer molecular subtypes (luminal A, luminal B, HER2-enriched, and triple negative).
A modified pre-trained ResNet18 architecture was used to develop CNN models based
on post-contrast T1-weighted images, T2-weighted images, and ADC maps, respectively.
136 patients were divided into training, validation, and testing sets (6:2:2 ratio). The
models based on post-contrast T1-weighted images achieved the highest AUCs (AUCs
of 0.76-0.92), outperforming both the ADC-based models (AUCs of 0.69-0.85) and the
T2-weighted-based models (AUCs 0.64-0.70). T1-weighted imaging-based models were
especially good for separating HER2-enriched and triple negative cancers, probably as
these cancers are highly vascularized and show high contrast enhancement early in the
post-contrast phase.

Use Case: Prediction of Treatment Response

There is a wide range of treatment strategies for breast cancer, each having its own unique
combination of benefits, side effects, and costs. Moreover, the efficacy of each treatment
strategy can vary significantly between individuals. In this context, it is highly advantageous
to predict a patient’s response to a specific treatment strategy before treatment is even
initiated. Several studies have shown promising results for using breast MRI to predict
response to neoadjuvant chemotherapy (NAC) in particular. NAC is a widely used treatment
strategy that is followed by surgery to remove remaining tumor tissue. Regarding NAC, it
is clinically relevant to predict whether a patient will reach pathologic complete response
(pCR) prior to (or in an early stage of) treatment. In recent years, there has been major
interest in investigating whether Al can be employed to predict treatment response, with
promising results. Common limitations across these studies include the limited size of

the study populations and the lack of data specific to different breast cancer subtypes.
Additionally, many studies lack specific details regarding the NAC regimens administered
to patients. Further, the majority of studies incorporate only limited sequences from MRI
studies, suggesting that the inclusion of additional sequences as well as clinical data may
enhance prediction. Table 4 summarizes these studies.

Several studies have shown that radiomic features from MRI are promising to predict the
likelihood of a patient’s response to NAC, and we have included a selection of those

studies here (39,47-53). In 2019, Liu et al. (47) reported using radiomic features from
pre-treatment multiparametric MRI data to train SVM maodels to predict pCR. The model
based on pre-treatment multiparametric MRI (combining T2-weighted imaging, ADC maps,
and post-contrast T1-weighted imaging) achieved an AUC of 0.79 for predicting pCR on the
primary cohort (n = 128 patients) of a multicenter study, outperforming the models based on
T2-weighted imaging alone, ADC maps alone, and post-contrast T1-weighted imaging alone
(AUCs of 0.69, 0.69, and 0.64), respectively. This model exhibited slightly degraded but

still reasonable performance on the three validation cohorts (n = 99, 107, and 80 patients),
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attaining AUCs of 0.70, 0.68, and 0.79, respectively. When the best radiomic signature was
combined with clinicopathologic risk factors, the AUC improved to 0.86 on the primary
cohort and 0.79, 0.71, and 0.80 on the external validation cohorts.

In 2022, Umutlu et al. (55) reported results from their study involving 73 patients with
breast cancer, using 18F-FDG PET/MRI radiomics analysis of the breast. The SVM model
combining pre-treatment data from all MRI sequences and PET data achieved the best AUC
of 0.8 with a negative predictive value of 79.5%. In subgroup analysis (HR+/HER2- patients
and TN/HER2+ patients analyzed separately), the highest AUC of 0.94 was observed when
combining data from all MRI sequences and PET data in the HR+/HER2- group.

Also in 2022, Gilad and Freiman (48) introduced a novel physiologically decomposed DWI
machine learning model incorporating both radiomic features extracted from pre-treatment
3D DWI scans as well as clinical data, achieving an AUC of 0.79 for predicting pCR to
NAC, beating the previous best AUC of 0.78 on the leaderboard in response to the Breast
Multi-parametric MRI for prediction of NAC Response (BMMR2) challenge.

In terms of studies using deep learning approaches, both 2D and 3D CNN architectures have
proven effective for predicting pCR to NAC (56-62).

In 2018, Ha et al. (63) reported building a 3D CNN based on the first post-contrast T1-
weighted sequence of pre-treatment MRI to predict axillary response to NAC (axillary pCR
vs axillary non-pCR). Patients with breast cancer who were included in the study (n = 127)
were randomly divided into a training set and a test set (80:20 ratio). The training dataset
was further subdivided into five folds, ensuring class balance, for cross-validation during
algorithm training. The CNN consisted of ten convolutional layers, four max-pooling layers,
and dropout of 50% after a fully connected layer to avoid overfitting. The CNN achieved an
overall accuracy of 83%, a sensitivity of 93%, a specificity of 77%, and an AUC of 0.93. In
2019, the same group of researchers (64) reported a similar 3D CNN to perform three-class
prediction of pCR (pCR, partial response, and no response/progression). Data from 141
patients with locally advanced breast cancer were divided into a training and test set (80:20
ratio). The 3D CNN achieved an overall accuracy of 88% and an AUC of 0.98 in three-class
prediction of neoadjuvant treatment axillary response on the test set. The two studies show
great performance increases not found in works with similar approaches and similarly sized
datasets.

In 2020, Liu et al. (57) showed that their 2D CNN based on first post-contrast images
predicted pCR based on pre-treatment MRI with an AUC of 0.72 in 131 patients from the
public I-SPY TRIAL breast MRI dataset. The authors mentioned the need to investigate
incorporating clinical information into the algorithm to improve performance.

In 2021, Joo et al. (56) reported results from their study that included 536 patients with
invasive breast cancer. They were interested to see if combining clinical information

with pre-treatment MRI data would improve performance. Their model, combining

clinical information and imaging-derived 3D information from pre-treatment T1-weighted
subtraction images and T2-weighted images achieved an AUC of 0.89 to predict pCR on the
validation set, compared to an AUC of 0.83 when only the clinical information was used.
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In 2021, Comes et al. (58) constructed a hybrid model, where a classical machine learning
algorithm was trained on clinical data (e.g., ER, PR, HER2, and molecular subtype) and a
combination of pre- and early-treatment 2D image features extracted by a pre-trained CNN,
achieving AUC values of 0.93 and 0.90 and accuracy values of 91.4% and 92.3% on the
fine-tuning dataset and the independent test, respectively.

Of note, a direct comparison between deep learning and classical machine learning methods
was made by Peng et al. (62), whereby a 2D CNN (AUC of 0.83) was found to slightly
outperform several classical machine learning models based on radiomic features (best AUC
of 0.78).

Use Case: Risk Assessment

Currently, breast MRI plays an essential role in screening women at high risk of developing
breast cancer. Additionally, apart from knowing the risk of developing breast cancer,
knowing the risk of breast cancer recurrence after treatment is also valuable for choosing

the optimal treatment strategy and for determining the post-treatment monitoring schedule.
Below, we elaborate on studies that have applied Al to breast MRI for risk assessment. Table
5 summarizes these studies.

Predicting the risk of developing breast cancer—In 2019, Saha et al. (65) reported
results from their retrospective study involving 133 high-risk women, where they assessed if
machine learning models could predict breast cancer in the subsequent two years following
screening breast MRI. The machine learning model based on BPE features extracted

from the non-fat-saturated sequence of screening breast MRI achieved an AUC of 0.70,
outperforming the machine learning model based on BPE features extracted from the fat-
saturated MRI sequence (AUC of 0.63) as well as radiologist subjective evaluation of BPE
(0.59-0.60).

Also in 2021, Portnoi et al. (15) reported developing a deep learning model to predict 5-year
breast cancer risk based on a 2D projection of a single 3D volumetric image (axial view of
the MIP) from screening breast MRI. In their study, which involved 1,183 high-risk women,
the deep learning model achieved a mean AUC of 0.64 + 0.09, outperforming the traditional
Tyrer—Cuzick risk model which achieved an AUC of 0.49 + 0.09.

Meanwhile, in 2022, Eskreis-Winkler et al. (66) reported automated deep learning models
based on MRI slabs and MRI MIPs (Figure 5) separately for BPE classification using
standard-of-care qualitative BPE assessment from subjective radiologist review in high-risk
screening patients, with the slab model outperforming the MIP model (AUCs of 0.84 and
0.79, respectively). In the reader study, the slab model also significantly outperformed
subjective radiologist review for BPE assessment.

Predicting the risk of breast cancer recurrence—Several multigene assays (e.g.,
MammaPrint (67) and Oncotype DX® (68)) are available for assessing breast cancer
recurrence risk, but they are typically costly and are not available for every patient. Breast
MRI has been shown to be helpful for predicting Oncotype Dx recurrence scores (RS),

J Magn Reson Imaging. Author manuscript; available in PMC 2025 December 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Gullo et al.

Page 14

thereby having the potential to either identify patients that should undergo the assay or even
serving as a proxy to estimate breast cancer recurrence risk (69-71).

In 2016, Li et al. (72) reported results from their study involving 84 women that MRI-based
radiomic signatures exhibited significant associations with the recurrence scores of four
types of multigene assays: MammaPrint (7€ = 0.30, r= 0.55), Oncotype DX (RZ=0.25, r
=0.5), PAM50 ROR-S (RZ=0.32, r=0.56), and PAM50 ROR-P (R2=0.28, r=0.53) (p

< 0.0001 for all). Additionally, when radiomic signatures were applied to logistic regression
classifiers as the decision variable in a binary classification task to distinguish between good
and bad prognoses (defined by thresholding the recurrence scores for each multigene assay),
the classifiers achieved AUC values of 0.88 £ 0.05, 0.76 + 0.06, and 0.68 + 0.08 based on
thresholding MammaPrint, Oncotype DX, PAM50 ROR-S RS, respectively.

Similarly, in 2022, Fan et al. (73) reported results from their study involving 130 women
that an elastic net regression model based on eleven MRI-based radiogenomic features
was significantly associated with the recurrence scores of Oncotype DX (/< = 0.33)
(p<0.001). When the predicted recurrence scores by the elastic net regression model

were assessed for associations with survival (in a separate prognostic assessment dataset
comprising 116 women), predicted recurrence scores > 29.9 were linked to both adverse
overall and recurrence-free survival outcomes (p = 0.001 and p = 0.007, respectively).
When the predicted recurrence scores by the elastic net regression model were assessed for
associations with treatment response to NAC (in a separate treatment assessment dataset
comprising 135 women), women who exhibited a favorable response to NAC had higher
predicted recurrence scores (30.51 + 6.92) compared to non-responders (27.35 + 4.04) (p
= 0.001); notably, to predict response to NAC, a model combining the predicted recurrence
scores with clinical features and other imaging features had the best performance (AUC =
0.85) (p < 0.001).

While Li et al. and Fan et al.’s studies relied on a classical machine learning approach

to predict breast cancer recurrence scores, Ha et al. (74) employed a 2D CNN on tumor-
containing slices of 3D MRI scans to classify patients (n = 134) into three Oncotype DX
risk groups: low risk (recurrence scores < 18), intermediate risk (recurrence scores = 18-30),
and high risk (recurrence scores > 30). The 2D CNN model trained for three-class prediction
achieved a mean accuracy of 81% (95% CI + 4%), with an AUC of 0.92 (SD + 0.01),
whereas the 2D CNN model trained for two-class prediction (low risk vs. moderate and high
risk) achieved a mean accuracy of 87% (95% CI + 5%) with an AUC of 0.92 (SD + 0.01).

Use Case: Image Quality

Clinicians need high-quality breast MRI examinations to make reliable and effective
diagnoses. Machine learning can be used to assess or improve the quality of MRI scans,

in some cases allowing for reduced acquisition times or higher diagnostic accuracies.

We discuss a selection of recent work in this domain. We group these works into three
categories, namely 1) image quality assessment, 2) accelerated image reconstruction, and 3)
generating contrast-enhanced images from non-contrast MRI data. The full list of relevant
literature is summarized in Table 6 and selected studies are discussed below.
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Image quality assessment—As DWI sequences can be prone to image artifacts,
Kapsner et al. (75) trained a CNN to detect artifacts on high b-value MIPs derived from DWI
scans, attaining an AUC of 0.91 on the test set. Meanwhile, Allen et al. (76) applied deep
learning reconstruction techniques to improve the quality of T2-weighted images (assessed
via signal-to-noise ratio, contrast-to-noise ratio, and edge sharpness), at the expense of a
20% increase in acquisition time.

Accelerated image reconstruction—MRI scanners acquire data in the frequency
domain (also referred to as k-space) and images are obtained from these data through

a process called reconstruction. Acquisition time can be reduced by undersampling in

the frequency domain, although this leads to reduced image quality. Both traditional
“compressed sensing” and deep learning have proven effective at reconstructing high-
quality images from strongly undersampled k-space data. The following deep learning
applications all make use of the variational network (VN) architecture proposed in (77).

In a restrospective study by Sauer et al. (78), the VN approach enabled a simulated 39%
reduction in DWI acquisition time. Images reconsctructed using the VN approach had
excellent structural similarity to standard DWI images. Additionally, VN and an additional
super-resolution algorithm had the highest subjective image quality scores. Similar results
were found in a prospective study by Lee et al. (79), who showed that the VN approach
enabled a 47.2% reduction in acquisition time. Images reconstructed with the VN approach
outperformed standard images from single-short echo planar imaging (ss-EPI) for DWI on
both quantitative analysis and a subjective evaluation by two radiologists. In a prospective
study by Wilpert et al. (80), 65 patients underwent ss-EPI for DWI (average 5:02 minutes)
followed by deep learning accelerated DWI (average 2:44 minutes), witth deep learning
accelerated DWI improving lesion conspicuity and maintaining overall image quality.

Contrast-enhanced image generation—Whereas administration of a gadolinium-
based contrast agent can improve theperformance of breast MR, this is not without
drawbacks (81). Tsui et al. (82) in their meta-analysis described multiple machine learning
approaches to generate synthetic post-contrast images. Recently, GANs have also been
employed to generate contrast-enhanced images from non-contrast MRI data. To this end,
Chung et al. (83) trained a 3D CNN to simulate contrast-enhanced T1-weighted imaging
with five pre-contrast sequences as input. Per four breast radiologists, almost all simulated
images were of diagnostic quality, and quantitative analysis showed strong similarity
between simulated and real images. Elsewhere, Kim et al. (84) used a GAN to generate
T1-weighted contrast-enhanced images from pre-contrast T1-weighted images. The resulting
images exhibited a structural similarity index map of 0.86 when evaluated on the tumor
region of interest, outperforming earlier approaches by a small amount.

Barriers to the Adoption of Al in Breast MRI

A recent scoping review analyzed the barriers to the conception and implementation of

Al in breast imaging (85). An obvious barrier is the lack of well annotated publicly
available datasets; this pertains especially to supervised learning which requires a lot of
data with annotations and labels provided by experts in the field. Another barrier related to
datasets is that many are based on data from a single institution, hampering generalizability.
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Some potential solutions to these challenges are to use diverse data sources from multiple
institutions at the outset or perform external validation after initial results. Recently, there
has been a growing number of publicly available datasets (2) to facilitate data diversity
and allow external validation. Validation with clinical trials, ideally randomized clinical
trials, is also needed, whereby initial accurate predictions can be confirmed in large and
heterogeneous populations to validate and verify the clinical effectiveness of the Al model.
This is important to identify unsuspected biases in the Al system and confirm that the Al
system does in fact improve clinical outcomes.

Notably, for breast MRI, standardization is particularly challenging and encompasses many
aspects including hardware, imaging protocols, imaging parameters, post-processing, and
image analysis methods. However, solutions to overcome standardization issues have been
proposed (71) and there is a move towards deep learning models that have shown greater
robustness across different MRI scanners.

Workflow integrations also presents a challenge (86). While several guidelines have
described good practices for conducting and reporting Al-based research, there are few
guidelines on workflow integration, e.g., “how well does the Al product integrate into the
the existing IT system?” or “how does it impact the clinical workflow?” Integrating an

Al product into the institutional picture and archiving communications system may need a
significant redesign to support the Al product and it is important to know ahead of time if
the information technology team and the Al vendor can support a redesign.

Additional issues (87) relate to continuous learning, Al systems can be brittle and fail to
operate effectively with newly acquired or updated devices, different patient demographics,
or with a different disease.

Ultimately, the integration of Al into clinical practice must address barriers related to
ethical and legal concerns, as well as human factors. This includes understanding how
humans contribute input to train the algorithm and how they interpret the resulting output.
A study by Dratsh et al. (88) defined background automation bias as “the propensity

for humans to favor suggestions from automated decision-making systems.” In this
prospective study, 27 radiologists read 50 mammograms with Al assistance. The percentage
of correctly rated mammograms by inexperienced, moderately experienced and very
experienced radiologists was significantly impacted by the correctness of the Al prediction.
Inexperienced radiologists were more likely to follow the incorrect suggestions provided by
the Al system compared with moderately and very experienced readers, although all readers
were prone to automation bias. This effect of human and machine interaction must be
considered to ensure safe deployment and accurate diagnostic performance when combining
human readers and Al. A significant question arises concerning the accountability of the

Al developer for these decisions, and who bears liability if an Al-based device errs is still
unknown. Other ethical-legal considerations are related to privacy and and confidentiality
asa large amount of sensitive data might either be harvested illicitly or collected from
unknown sources because of the lack of unique and clear regulations (89).
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Future Directions in the Field of Al

While Al has made huge progress in several areas such as language translation, speech
recognition, and natural image recognition, there is still a lot of progress that needs to be
made in the medical field.

Most of the current applications of Al in medicine have addressed narrowly defined tasks
using data from a single modality, for example CT or MRI. This does not reflect the real
world where clinicians analyze data from multiple sources and modalities (diagnostic scans,
lab tests, clinical history, genetic testing) when making a diagnosis, making a prognostic
evaluation, or when deciding the best treatment plan (93). The Al model, in order to function
optimally, should also be able to use and analyze all data sources that are available to the
clinician. Although the integration of such diverse types of data remains challenging, the
advancement of multimodal Al models, which integrate data from various modalities, holds
the potential to partially address this challenge. The integration of multimodal data has
demonstrated better diagnostic performance across a range of different tasks, e.g., to identify
pulmonary embolism (94) and to differentiate between common causes of acute respiratory
failure (95).

In the last few years, there has been a transition from architectures with strong modality-
specific biases—e.g., CNNs for images, or recurrent neural networks for text and
physiological signals—to a relatively novel architecture called the Transformer, which has
demonstrated good performance across a wide variety of input and output modalities and
tasks (96).

Ultimately, including other data such as polygenic risk scores, cancer predisposition gene
variants, circulating cell-free tumor DNA results, Al results of prior diagnostic studies, and
other data within the electronic health record may increase the performance of Al in the
detection of breast cancer and allow precision medicine.

Conclusion

This review provides a summary of several clinically relevant use cases for Al in breast
MRI, presenting the available results from the literature to date for each use case. While
barriers to the adoption of Al in healthcare exist, several solutions have been identified to
overcome these barriers. Furthermore, with a strong push not only from the imaging and
Al community but also other stakeholders such as referring physicians, patients, referrers,
and payers, it can be expected that we will soon be able to derive value from Al-enhanced
solutions in multiple healthcare scenarios, with breast MRI being no exception.
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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. Reprinted
with permission from: Bitencourt A, Daimiel Naranjo I, Lo Gullo R, Rossi Saccarelli C,
Pinker K. Al-enhanced breast imaging: Where are we and where are we heading? Eur J
Radiol 2021;142:109882.
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Figure 2.
Flow diagram illustrating deep learning model triaging of breast magnetic resonance

imaging examinations into “extremely low suspicion” and “possibly suspicious”
examinations. A, Model training. B, Model testing. MIP, maximum intensity projection;
BI-RADS, Breast Imaging Reporting and Data System. Reprinted with permission from:
Bhowmik A, Monga N, Belen K, et al. Automated Triage of Screening Breast MRI
Examinations in High-Risk Women Using an Ensemble Deep Learning Model. Invest Radiol
2023;58(10):710-719.
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DCE-MRI sum entropy (COM)

HER2

Figure 3.
Original CE-MRI images and corresponding color-coded sum entropy feature map as

overlay of the tumor area of triple-negative (TN) and HER2-enriched (HER2) breast
cancer. TN shows a clearly lower sum entropy than HER2. Reprinted under the terms of
the Creative Commons license (http://creativecommons.org/licenses/by/4.0/) from: Leithner
D, Horvat JV, Marino MA, et al. Radiomic signatures with contrast-enhanced magnetic
resonance imaging for the assessment of breast cancer receptor status and molecular
subtypes: initial results. Breast Cancer Res 2019;21(1):106.
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Figure 4.
Example of semi-automatic tumor segmentation with dynamic contrast-enhanced MRI—(a)

axial, (b) axial detail, (c) sagittal, (d) coronal—for radiomics analysis in a 43-year-old
female with a biopsy-proven PD-L1-positive poorly differentiated triple negative breast
cancer in the 10:00 axis of the left breast. Reprinted under the terms of the Creative
Commons license (http://creativecommons.org/licenses/by/4.0/) from: Lo Gullo R, Wen
H, Reiner JS, et al. Assessing PD-L1 Expression Status Using Radiomic Features from
Contrast-Enhanced Breast MRI in Breast Cancer Patients: Initial Results. Cancers (Basel)
2021;13(24).
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Figure5.

Artificial intelligence (Al) model architecture schematic. A VGG-19 architecture was
trained to classify images into four background parenchymal enhancement (BPE) categories,
which were then pooled into “high BPE” and “low BPE” categories. In the maximum
intensity projection (MIP) Al model, axial MIPs generated from the first subtraction

phase were used as the model input. In the Slab Al model, axial slices from the first
subtraction phase were pooled into three maximum intensity slabs, which were each

used as an independent model input. CONV = convolutional layer; FC = fully connected
layer. Reprinted with permission from: Eskreis-Winkler S, Sutton EJ, D’Alessio D, et al.
Breast MRI Background Parenchymal Enhancement Categorization Using Deep Learning:
Outperforming the Radiologist. J Magn Reson Imaging 2022;56(4):1068-1076.
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Use Case of Al-Enhanced Breast MRI: Breast MRI Triaging and Lesion Detection.

Author (s) Year | Method | Patient Population MRI Sequences Used Results

Size
Verburg et al. (23) 2021 | CNN 4,581 Pre- and post-contrast TIW DCE | AUC 0.83 (95% CI: 0.80-0.85)
Jing et al. (22) 2022 | CNN 438 TWIST AUC 0.81 (95% Cl: 0.75-0.88)
Bhowmik et al. (24) | 2023 | CNN 8,354 Pre- and post-contrast TIW DCE | Sensitivity 100%, specificity 11.5%

Abbreviations: AUC, area under the curve; CI, confidence interval; CNN, convolutional neural network; DCE, dynamic contrast-enhanced; T1W,
T1-weighted; TWIST, time-resolved angiography with stochastic trajectories
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Use Case of Al-Enhanced Breast MRI: Lesion Classification.

Table 2.

Author (s) Year | Method Patient Population Size | Results

Antropova et al. (29) | 2018 [ CNN 690 AUC 0.88

Truhn et al. (30) 2019 | CNN/radiomics | 447 AUC 0.88/AUC 0.81
Dalmis et al. (32) 2019 | CNN 465 AUC 0.852

Herent et al. (28) 2019 | CNN 335 AUC 0.893

Zhou et al. (14) 2019 | CNN 1537 AUC 0.859

Adachi et al. (31) 2020 | CNN 321 AUC 0.925

Fujioka et al. (33) 2021 | CNN 286 Best AUC 0.895

Hu et al. (34) 2021 | CNN 1979 Best AUC 0.93

Zhu et al. (35) 2022 | CNN 2.823 Best AUC 0.885
Wang et al. (36) 2022 | cNN 903 AUCs 0.859 & 0.816 (test sets A & B)
Witowski et al. (37) 2022 | CNN 21.537 AUCs 0.797-0.969
Cong et al. (38) 2023 | CNN 569 AUC 0.91

Abbreviations: AUC, area under the curve; CNN, convolutional neural network
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Table 3.

Use Case of Al-Enhanced Breast MRI: Breast Cancer Characterization.

Author (s) Year Method Patlentgggulallon Lesion Types Results
. A Mass 70
Leithner et al. (40) 2019 | Radiomics + ML 91 Best accuracy 79.4%
NME 21
Zhu et al. (43) 2019 | CNN (transfer learning) + SVM 131 | N/A AUC 0.70
Mass 147
Bitencourt et al. (39) 2020 | Radiomics + ML 311 | NME 34 Accuracy 97.4%
Mass + NME 130
Lo Gullo etal. (41) 2021 | Radiomics + ML 62 | N/A Accuracy 88.2%
Moroianu & Rusu (44) | 2021 | CNN (transfer learning) 81 | N/A AUC 0.83
Zhang et al. (45) 2021 | (Recurrent) CNN (transfer learning) 244 | Mass 244 Best AUC 0.91
Yin et al. (46) 2022 | CNN (transfer learning) 136 | N/A Best AUC 0.92

Abbreviations: AUC, area under the curve; CNN, convolutional neural network; ML, machine learning; SVM support vector machine; NME,
non-mass enhancement
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Table 4.

Use Case of Al-Enhanced Breast MRI: Prediction of Treatment Response.

Page 32

Author (s) Year | Method Patient Population Results
Size
Haetal. (63) 2018 | CNN 127 AUC 0.93
Kavya et al. (60) 2018 | CNN 166 AUC 0.85
Tahmassebi et al. (53) | 2019 | Radiomics + XGBoost 38 Best AUC 0.86
Liu et al. (47) 2019 | Radiomics + SVM 414 Radiomic signature AUC 0.79,
RMM AUC 0.86
Drukker et al. (49) 2019 | Radiomics + Linear Discriminant 158 Best AUC 0.82
Classifier
Jahani et al. (50) 2019 | Radiomics + Logistic Regression 127 AUC 0.78
Bitencourt et al. (39) 2020 | Radiomics + Coarse Decision Trees 311 Accuracy 0.839
Haet al. (64) 2020 | CNN 141 AUC 0.98
Liu et al. (57) 2020 | CNN 131 AUC 0.72
Duanmu et al. (59) 2020 | CNN 112 AUC 0.80
Quetal. (61) 2020 | CNN 302 AUC 0.553 (pre-NAC)
Ganetal. (52) 2021 | Radiomics + Logistic Regression 248 Best AUC 0.878
Joo et al. (56) 2021 | CNN 536 AUC 0.89
Comes et al. (58) 2021 | CNN with SVM (transfer learning) 134 AUC 0.93
Umutlu et al. (55) 2022 | Radiomics + SVM 73 AUC 0.8
Gilad & Freiman (48) | 2022 | Radiomics + XGBoost 191 AUC 0.79
Peng et al. (62) 2022 | CNN + ML 356 Best AUC 0.83
Hwang et al. (51) 2023 | Radiomics + Logistic Regression 181 AUC 0.72

Abbreviations: CNN, convolutional neural network; NAC, neoadjuvant chemotherapy; RMM, radiomics of multiparametric MRI; SVM, support

vector machine
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Table 5.

Use Case of Al-Enhanced Breast MRI: Risk Assessment.

Author (s) Year Method Patientl;czjgulation Results

. I - . AUC 0.88 (MammaPrint), 0.76
Lietal. (72) 2016 | Radiomics + Logistic Regression 84 (Oncotype DX), 0.68 (PAMS50)
Woodard et al. (71) 2018 | Radiomics + Linear Regression 408 | Significant correlations
Haetal. (74) 2018 | CNN 134 | AUC 0.92
Saha et al. (65) 2019 | Radiomics + logistic regression 133 | AUCO0.70
Portnoi et al. (15) 2019 Em"m'cs + logistic regression & 1183 | Best AUC 0.64
Zhang et al. (69) 2020 | K-Means Clustering 80 | Significant correlations
Kim et al. (70) 2021 | Radiomics + Logistic Regression 473 | Significant correlations
Fanetal. (73) 2022 | Radiomics + Elastic Net Regression 130 | R20.33
Eskreis-Winkler et al. (66) | 2022 | CNN 3,705 | Best AUC 0.96

Abbreviations: AUC, area under the curve; CNN, convolutional neural network
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Table 6.

Use Case of Al-Enhanced Breast MRI: Image Quality.

Author (s) Year | Method | Patient Population Size Results
Kapsner et al. (75) 2023 | CNN 1158 | AUC 0.91 (presence of artifacts)
Lee et al. (79) 2022 | VN 87 | 47% STR
Wessling et al. (97) 2023 | VN 55 | 40% STR
Sauer et al. (78) 2023 | VN 133 | 39% STR
Wilpert et al. (76,80) 2023 | VN 65 | 46% STR
Allen et al. 2023 | CNN 76 | Improved quality metrics
Chung et al. (83) 2022 | CNN 96 | Diagnostic-quality images
Muller-Franzes et al. (98) | 2023 | GAN 5086 | Mixed
Wang et al. (99) 2021 | GAN 97 | Realistic “first phases of dynamic” images
Kim et al. (84) 2021 | GAN 446 | Realistic contrast-enhanced T1-weighted images

Page 34

Abbreviations: AUC, area under the curve; CNN, convolutional neural network; VN, variational network; GAN, generative adversarial network;

STR, scan time reduction
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