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ABSTRACT

To enhance breast cancer screening practices, artificial intelligence (Al) systems have been
developed to aid radiologists in a variety of tasks. Machine learning (ML) techniques for computer-
aided diagnosis are based on human-engineered or deep learning methods, and they depend on
accurate segmentation for useful feature extraction. As the use of dynamic contrast-enhanced
(DCE) magnetic resonance imaging (MRI) has increased in breast imaging, particularly for high-
risk screening, the potential for Al to provide significant clinical benefit has grown. There is need
for a deeper understanding of how breast MRI can be used for diagnosis and risk assessment in
order to develop robust, generalizable Al systems for quantifying clinically valuable breast
characteristics.

This dissertation presents novel methods for computerized assessment of background
parenchymal enhancement (BPE), a known risk factor for breast cancer, from breast DCE-MRI.
In Chapter 1, we introduce the background of breast cancer screening with a focus on Al
applications to motivate the subsequent chapters. In Chapter 2, we investigate segmentation
techniques for lesions and breast regions. In Chapter 3, we develop an ML technique for computer
BPE scoring that includes electronic lesion removal. In Chapter 4, we perform an independent
evaluation of the BPE scoring algorithm applied to high-risk patients. Ultimately, the results of
this work have the potential to encourage future incorporation of quantitative image analysis into

the clinical workflow for radiologists and therefore improve patient care.

Segmentation of lesions and breasts: Methods for segmentation of breast lesions and breasts
from DCE-MRI were investigated using a dataset of patients diagnosed with cancerous or benign
mass- or nonmass-enhancing lesions. Lesion segmentation performances of U-Net convolutional

Xiv



neural networks were compared to the fuzzy c-means (FCM) clustering algorithm and to
radiologist delineations. Breast segmentation was performed on post-contrast subtraction
maximum intensity projection images. Results suggest that using a 2D U-Net on post-contrast
subtraction DCE-MRIs is feasible and could be an effective alternative to FCM or 3D U-Net for

lesion segmentation.

Computerized assessment of BPE: An automatic computer BPE scoring method that includes
electronic lesion removal was developed using a dataset of DCE-MRIs that had radiologist BPE
ratings available from prior clinical review. Qualitative, radiologist-reported BPE ratings and
quantitative, computer BPE scores were evaluated for different breast regions, and the effect of
varying image types and magnet strengths was investigated. A statistically significant correlation
was found between the radiologist and computer BPEs. Results demonstrated promising
performances of the computerized method for classifying BPE levels across various viewing

projections and DCE timepoints.

BPE scoring on a high-risk dataset: The role of BPE in predicting breast cancer was explored
for a dataset of high-risk screening DCE-MRIs. An independent validation of the BPE scoring
algorithm reproduced findings from the initial dataset on an independent dataset. In addition,
results found a statistically significant difference between the computer BPE scores of patients that
developed cancer and those of non-cancer patients with low BPE. Future investigations involving
enriched datasets would expand the understanding of the role that computer BPE scores can have

in predicting cancer.
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CHAPTER 1
INTRODUCTION
Technological advancements in imaging modalities and artificial intelligence (Al) systems have
contributed to the evolution of breast cancer screening practices over the past few decades. Al has
been developed to enhance the efficiency of interpretation tasks associated with breast cancer
screening for decades, and its potential is greater now since newer acquisition systems yield 3D
and 4D images. In particular, magnetic resonance imaging (MRI) has a growing role in the
diagnosis and management of breast cancer with the potential to avoid intrusive biopsies, provide
tumor staging, and monitor treatment response. Machine learning techniques for computer-aided
diagnosis of breast cancer have been developed based on features extracted from dynamic contrast-
enhanced (DCE) MRI, which depend on the accurate segmentation of lesions and other breast
regions. Ultimately, to improve risk assessment and cancer diagnosis, machine learning may be
used to yield quantitative values for clinically significant breast characteristics, such as background

parenchymal enhancement.

1.1 Breast Cancer Screening
Globally, female breast cancer is the most commonly diagnosed cancer, and it is the greatest
contributor to cancer death in women. [1] Since the peak of breast cancer mortality in 1989, there
has been a 42% decrease in mortality in the United States. [2] In the late 1990s, the annual decline
in mortality rate was more than 3%, although in recent years, the decline has slowed to 1%
annually, possibly due to plateauing mammography rates and a slight increase in incidence rates.
[2] Screening mammography has played an important role in reducing breast cancer-related

mortality by increasing cancer detection rates at earlier stages. As a result, cancer screening can



enable less invasive and more effective treatment. [3, 4] However, limited contrast and overlapping
tissue in the 2D projection images from mammograms is not ideal for those with dense breasts,
contributing to overdiagnosis and overtreatment. [4-6] To address the need for more effective
screening, additional imaging modalities have been reassessed for their role in augmenting
screening mammography. [7-9]

Digital breast tomosynthesis (DBT) has been shown to have greater cancer detection rates
compared to 2D mammography, as it can reduce false positives resulting from overlapping normal
tissues. [3] In addition, the non-ionizing radiation imaging modalities, whole-breast ultrasound
(US) and 3D MRI, have demonstrated sensitivity benefits over mammography especially in
detecting mammographically occult disease. [6, 10] Whole-breast US has demonstrated benefits
in patients with dense breasts, although it has an increased risk of false positives and limited ability
for screening in the general population. [3, 6] MRI also offers the benefits of 3D resolution along
with temporal information from DCE-MRI, and is beneficial for use in women with dense breasts
and above-average risk. [6, 11] Features extracted from MRI, including lesion size, shape, and
texture, can serve as strong indicators for use in diagnosis. [12] Additionally, MRI has been shown
to detect approximately 10 per 1000 cancers that were otherwise undetected by mammography or
US. [13] Therefore, DCE-MRI is being used as a supplemental screening modality in patients who
have qualified as high-risk based on a series of known risk factors, such as hormonal and
reproductive status, genetic mutation status (e.g., BRCAL, BRCA2, or PALB2), personal history of
breast disease, radiation exposure, or family history of breast and ovarian cancers. [14-18]

While specific guidelines vary around the world, the World Health Organization

recommends mammaography screening every 2 years for average-risk women aged 50-69-years-



old. [4] The American Cancer Society recommends annual screening mammography or DBT
starting at 40 years old for average-risk women and recommends annual MRI as an adjunct to
screening mammaography or DBT starting at 30 years old for high-risk women. [3, 10] The United
States Food and Drug Administration (FDA) has established federal regulations to maintain the
consistency and quality of breast cancer screening practices. For instance, under the
Mammography Quality Standards Act (MQSA), FDA has developed standards for accreditation,
certification, and inspection of mammography facilities. [19] Recently, in order to improve
individualized breast health care, the FDA issued a final rule to update the MQSA regulations and
require facilities to inform patients of their breast density, a known risk factor for breast cancer.
[20] Also, the American College of Radiology (ACR) has designed the Breast Imaging Reporting
& Data System (BI-RADS®) atlas to standardize radiologist reports; it includes guidelines for
imaging terminology, assessment structures, and management recommendations for
mammography, US, and MRI. [21]
1.2 Breast Magnetic Resonance Imaging

MRI has had an integral role in improving breast cancer diagnoses and potentially reducing
biopsies, in tumor staging, and in monitoring treatment response. [12, 22, 23] Routine breast MRI
is performed using a 1.5 or 3.0 Tesla (T) magnet and a dedicated multichannel breast coil. [6]
Although a 3.0T magnet may be more susceptible than 1.5T to imaging artifacts, using a higher
magnet strength has the benefit of improved spatial resolution, signal-to-noise ratios, and faster
data collection, ultimately providing better image quality. [24] A typical protocol can involve
multiple acquisitions, including T2-weighted, diffusion-weighted, and T1-weighted sequences

(Figure 1.1). T2 weighting is fluid-sensitive and therefore useful for visualization of cysts and



edema; these images show detail on normal tissue structure and lesion morphology. [23] Diffusion-
weighted imaging quantifies the random movement of water in tissue, so its signal is sensitive to
the cell density and tissue microstructure. [23] T1 weighting is used to highlight anatomic detail

and functional information using a dynamic contrast-enhancement series. [6, 23]

Figure 1.1: Examples of T2-weighted (left), diffusion-weighted (center), and pre-contrast T1-
weighted (right) axial images acquired from a single patient.

Conventionally, DCE-MRI includes a native T1-weighted acquisition followed by the
repeated sequence in 60-90 second intervals after the administration of contrast material (usually,
gadolinium). [6, 23] Figure 1.2 shows an example of the bright signal produced as the contrast is
taken up by the highly vascularized tumor more than the surrounding fibroglandular tissue.
Usually, the pre-contrast image is subtracted from the post-contrast images to visualize the uptake
of contrast above the baseline. In recent years, the use of 3.0T instead of 1.5T MRI has increased,
resulting in potential changes in perceived signal intensity. The shift from 1.5T to 3.0T increases
the T1 relaxation time for fat and glandular tissue more than it does for gadolinium, resulting in a
greater relative difference in signal between enhancing and nonenhancing tissues, thus making

enhancing tissue more conspicuous. [25, 26]



IV contrast

Figure 1.2: Pattern of contrast uptake in a malignant tumor over the course of a typical dynamic
contrast-enhanced MRI series. Post-contrast images (ti-s) were acquired at 65 second intervals
following the pre-contrast image (to).

The uptake and washout patterns of the contrast agent can provide functional information
about lesions and the surrounding fibroglandular tissue. [6, 22, 23] For instance, lesions with rapid
initial enhancement followed by washout are more likely malignant, while a slow initial rise
followed by a persistent enhancement is a typical pattern of benign lesions (Figure 1.3). [27]
Normal fibroglandular tissue tends to exhibit a slow early and persistent delayed uptake of contrast.
This contrast uptake and resulting imaging appearance is referred to as background parenchymal
enhancement (BPE). [28] Based on the visually perceived volume and intensity of enhancement
in normal fibroglandular breast tissue after contrast injection for DCE-MRI, radiologists

qualitatively rate BPE as minimal, mild, moderate, or marked according to BI-RADS. [21, 29, 30]
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Figure 1.3: Kinetic curve assessment includes interpretation of the initial and delayed phases of
contrast uptake in lesions over the course of a DCE-MRI series.

To maintain the efficiency and throughput and to increase the performance of screening
MRI, abbreviated and ultrafast protocols have been developed. [9, 11, 31] The abbreviated MRI
(AB-MR) sequence was introduced as a shortened alternative to the standard DCE protocol; the
acquisition time is merely 3 minutes, compared to the 17 minutes necessary for a full protocol.
[32, 33] AB-MR includes one pre- and one post-contrast T1-weighted acquisition, and it has been
shown to have diagnostic accuracy similar to full protocols. [11, 23] Imaging at just one post-
contrast timepoint, where the greatest divergence between tumor and background enhancement
occurs, maximizes tumor conspicuity but loses delayed-phase contrast kinetic information. [11] In
order to image the initial contrast uptake that occurs prior to the first post-contrast acquisition for
the full or abbreviated protocols, ultrafast MRI has been designed to capture the early inflow of
contrast into lesions at a high temporal resolution by sequentially imaging every 6-7 seconds or

shorter within the first minute after contrast injection. [11, 23] Malignancies have more significant



early contrast uptake than healthy tissues, and the early wash-in kinetics have been shown to have
great discriminating power between benign and malignant lesions. [11, 23, 27] Ultrafast MRI
offers a variety of new diagnostic parameters that have the potential to serve as radiomic features

with prognostic value, such as maximum slope and initial enhancement rate. [11]

1.3 Artificial Intelligence for Breast Cancer Screening and Diagnosis

Beyond the image quality, the benefit of medical imaging exams also relies on the quality of the
interpretation. While there are many imaging modalities used to provide radiologists with an
abundance of data for each patient, human interpretation is inherently limited by structural noise,
incomplete visual search patterns, suboptimal image quality, or fatigue. [9, 34-36] To effectively
interpret DBT, US, or MRI data, additional expertise may be required for detection, diagnoses,
and patient management. Artificial intelligence methods, including detection, diagnosis, or
segmentation tasks, have been developed to support radiologists in their interpretation decision-
making process. In the future, Al has the potential to improve the efficiency of image
interpretation, and in some implementations, Al may outperform humans. Additionally, Al
algorithms may be able to integrate a variety of data inputs, i.e., originating from patient images,
genetic information, demographics, or medical history. [8] These systems would potentially make
a unique impact on patients at high risk for breast cancer by enabling a more personalized
assessment of risk.

Machine learning is a subset of Al that includes conventional and deep learning methods;
both methods involve programs designed to identify patterns and make predictions without direct
human intervention. Conventional methods have used human-engineered radiomic features to

characterize and, further, to classify breast lesions. [37, 38] Most computer-aided diagnosis



systems for breast screening fall into the categories of human-engineered or deep-learning-based
Al, utilizing radiomic and/or deep network extracted features to perform a task. Computer-aided
diagnosis systems can be further divided into categories based upon the specific clinical task,
including computer-aided detection (CADe), computer-aided diagnosis (CADX), triage (CADt) or

rule-out.

1.3.1 History of Al in Breast Cancer Screening
While the first applications of Al to breast screening focused on mammography, many of the
techniques were further customized and translated to other screening modalities. As DBT emerged
in the field as a promising three-dimensional alternative to standard mammaography, Al techniques
were rapidly extended to DBT imaging. [39-41] Additionally, CADe and CADx methods for both
2D and 3D breast US were developed in the 2000s. [42, 43] As MRI became an adjunct imaging
modality for screening women with dense breasts, Al systems were developed for DCE-MRI. In
1998, a method for automated extraction of human-engineered radiomic features based on size,
shape, and Kinetics of radiologist-delineated masses was successful in distinguishing benign from
malignant lesions. [44] Soon after, techniques for three-dimensional computerized lesion
segmentation from DCE-MRI were introduced. [45] In the early 2000s, texture analysis,
morphology, and kinetics were incorporated in the development of automatic methods for lesion
classification. [46-50] Some of the early commercial software systems offered interactive tools
for the assessment of DCE-MRI that could be integrated in the clinical workflow, providing
decision support while reducing evaluation time and observer variability. [48, 51] The first

commercial CADx system was QuantX (Quantitative Insights, now Qlarity Imaging, Chicago, IL),



approved by the FDA in 2017 as a second reader to be used after a radiologist’s initial review of a

suspect lesion on DCE-MRI. [12]

1.3.2 Current State of Al in Breast Cancer Screening
Within the last 10 years, Al has been a dominant force in breast cancer screening research. Al is
being implemented for a range of uses: as a second reader, as a concurrent reader, as a primary
reader in rule out, and as a triage system for the prioritization of cases for reader order. [52-54]
Note that at present, Al systems are serving primarily as an aid to the reader and are not intended
to replace the breast radiologist, although future efforts may be directed towards developing
methods to function autonomously. Figure 1.4 demonstrates the process for developing Al to serve

in the different roles during the screening workflow.
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Figure 1.4: Schematic illustrating the components in developing an artificial intelligence (Al)
algorithm for breast cancer screening. Specific algorithms will be trained and tested for unique
tasks that are based on the dataset and clinical questions. The systems can serve different roles for
the end user in computer-aided detection (CADe), computer-aided diagnosis (CADX), triage
(CADt), or rule-out tasks. The impact of Al on the efficacy and efficiency of the clinical
interpretation and workflow may be quantified with reader studies before approval by the Food
and Drug Administration (FDA). (Source [55])




Methods for the development of human-engineered techniques and deep learning
algorithms for screening modalities in the past decade have shown a variety of promising
advancements. [38, 54, 56, 57] In mammography and DBT, human-engineered techniques have
been expanded to include a wider selection of complex image features, and deep learning
algorithms for detection and classification have been developed for faster implementation. [57, 58]
Studies have shown that Al-assisted methods can maintain the accuracy of diagnosis while
increasing the efficiency of interpretation for automated 3D breast ultrasound examinations. [59,
60] A number of Al techniques have also been developed to automatically detect and classify
lesions based on the dynamic and morphological information contained in several MRI sequences.
[61-63] Both human-engineered and deep learning Al techniques have each been shown to
perform well in breast lesion classification tasks; a number of publications have cited significant
improvements in algorithm performances when merging human-engineered radiomic and deep
learning algorithms into the machine learning decision across mammography, US, and DCE-MRI,
even with modestly sized datasets. [7, 64, 65]

Additionally, modifying the image format input to deep networks in order to more
efficiently incorporate volumetric and temporal information, such as post-contrast subtraction
maximum intensity projection (MIP) images, has been shown to further improve performance in
breast tumor classification tasks. [66] Further performance improvements have been reported by
effectively fusing image data from multiparametric breast MRIs (DCE-MRI, T2w, diffusion-
weighted imaging), through either human-engineered or deep learning methods, at the pixel level,
the feature level, or the classifier output level. [67, 68] Basically, effective development of an Al

algorithm requires knowledge of the image acquisition process and the various formats of image
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presentation/reconstruction as well as the architecture of the radiomics/deep network itself. As of
April 2023, 22 Al algorithms for breast imaging have been cleared by the FDA. [69] Of the cleared
algorithms, 10 are for the purpose of breast density assessment, while 12 are intended to analyze
breast lesion characteristics. While the majority of cleared algorithms are for use on

mammography or DBT imaging, two are based on breast US and one on breast screening MRI.

1.3.3 Future of Al in Breast Cancer Screening

The next generation of Al in breast cancer screening is expected to further increase the efficiency
and efficacy of medical image interpretation across all modalities. One aspect of this goal is to
extend Al from a second or concurrent reader (CADe, CADx) to an autonomous or partially
autonomous reader. [57] Recent studies have shown software that approach or exceed the
performance of radiologists. [70, 71] For example, McKinney et al. showed an Al detection system
for screening mammography capable of outperforming six radiologists, with an average absolute
margin in the area under the receiver operating characteristic curve (AUC-ROC) of 11.5% between
the Al system and the radiologists. [70] However, limitations and challenges exist between the
current state of Al and clinically applicable autonomous reading. For instance, many reports on
the diagnostic accuracy of Al exist, but there is a lack of evidence on the perception and
implementation of Al in actual clinical practice. [72]

While the majority of Al research has focused on single interpretation tasks such as
detection or diagnosis, a large area in which Al may have an impact on future breast cancer
screening workflow is through the application of Al to streamline ancillary tasks. For example, Al
may preprocess images or assist in the generation of standardized reporting documents. [37] Image

pre-processing may include image reconstruction, artifact correction, noise reduction, and user-
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preferred arrangement (hanging) of images. Additionally, computer-aided triage and CAD rule-
out software could streamline clinical workflow and reduce radiologist workloads. It is important
to note that according to the FDA Code of Federal Regulations (CFR) Title 21, computer-aided
triage refers to software used to prioritize images and not to remove any from a given imaging
queue. [73] In contrast, CAD rule-out would potentially remove a subset of cases from a screening
queue if deemed to be below a pre-determined risk threshold at which human reading in addition
to computer reading is not necessary. The rule-out software would act as a truly autonomous reader
for the subset of cases removed from a screening queue, and although the software is currently
ineligible under CFR, simulation studies have demonstrated the potential for rule-out to improve

sensitivity and efficiency without an impact on sensitivity. [74-76]

1.3.4 Challenges for Al in Breast Cancer Screening and Diagnosis
As Al algorithms have been developed with increasing complexity, various challenges have been
considered including explainability and interpretability, robustness and repeatability,
generalizability, and ethical implementations. Potential users of Al systems may serve a variety of
roles, including clinicians, researchers, or regulators, and therefore have unique interests in the
system outputs. [77, 78] The output of Al systems may not be trusted unless they are well
understood, thus, algorithms need to be explainable, interpretable, and user-friendly. [35, 79] The
robustness and repeatability of an algorithm should also be considered during its development. For
conventional methods that involve extraction of human-engineered radiomic features, issues
regarding the robustness of a model to perform on a different system have often been reported.
[80, 81] Additionally, an investigation of case-based repeatability within one system found that

the confidence of the computer output varied between cases that were clearly benign, clearly
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malignant, or nondescript; this performance is similar to radiologists in that obvious malignant
cases and obvious benign cases are easier to diagnose than confusing cases. [82] Another major
challenge that Al algorithms are susceptible to is generalizability. To combat the restriction that
small and potentially biased datasets have on training new Al algorithms, a few collaborative
efforts have been established to produce large, well-curated datasets. [83, 84] Although developers
may need to design their algorithms for a specific task on a single system in order to produce useful
results, standardized training, testing, and evaluation methods should be used to ensure
generalizability among populations and imaging systems. [77, 79, 85] Finally, the ethical use of
Al in the clinic needs to be considered. Algorithms that are cleared for clinical use (Section 1.3.2)
must be used as intended by the developers, and further, the impact of Al systems on the clinical
workflow should be understood prior to implementation. [72]
1.4 Organization of Primary Research Aims

In this dissertation, we aim to address some of the challenges of Al in breast cancer screening, and
we explore the role that machine learning can have in breast DCE-MRI. More specifically, we
focus on the need for accurate lesion segmentation and a robust method for assessing background
parenchymal enhancement (BPE). In Chapter 1, we introduced the background of breast cancer
screening with a focus on Al applications to motivate Chapters 2 — 4. In the subsequent chapters,
each of these primary aims are then discussed:

e Investigation of machine intelligence for segmentation of lesions and breast regions in

breast DCE-MRI (Chapter 2)
e Development of a machine learning technique for computer BPE scoring from breast DCE-

MRI (Chapter 3)
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¢ Independent evaluation of the BPE scoring method applied to high-risk screening patients

in the task of classifying cancer vs. non-cancer diagnoses, using current and prior MRIs
(Chapter 4)

The progression of the dissertation through the primary aims is demonstrated in Figure 1.5,

including details on the datasets used for each chapter (further dataset information is provided in

Sections 2.3, 3.2, and 4.2).
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Figure 1.5: Progression between the major components of each of the primary aims completed in
this dissertation. Segmentation methods investigated in Chapter 2 were incorporated into the
development of the BPE scoring algorithm developed in Chapter 3. Then, the BPE scoring
algorithm was implemented on an independent dataset in Chapter 4.
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CHAPTER 2
SEGMENTATION OF LESIONS AND BREASTS FROM DCE-MRI
2.1 Introduction
Precise lesion segmentation is required to extract relevant tumor features to be used in computer-
aided diagnosis (CADx) systems, and the distinction between enhancement in lesion and non-
lesion tissue is necessary for quantitative evaluation of the surrounding fibroglandular tissue
(FGT). Segmentation algorithms have been incorporated into many studies that have been
designed to identify breasts, lesions, and FGT from breast magnetic resonance imaging (MRI),
and they continue to be refined. [86-90] Depending on the subsequent tasks performed using
segmented regions, a general location or detailed shape may be sufficient. [88] A variety of
methods that have flexible training parameters have been developed for segmentation, such as the
fuzzy c-means (FCM) clustering algorithm and the U-Net convolutional neural network. [91, 92]
The FCM clustering algorithm has been well-established for breast lesion segmentation on
dynamic contrast-enhanced (DCE) MRI; it analyzes the contrast uptake over time and yields

volumetric segmentations (Figure 2.1). [91]
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Figure 2.1: Based on the difference in contrast uptake curves, the fuzzy c-means algorithm clusters
nonlesion and lesion voxels within a region of interest selected by the user.
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The U-Net is a deep learning convolutional neural network (CNN) that produces
segmentations based on an image input (Figure 2.2). [92] In 2015, Ronneberger, et. al. originally
developed the U-Net to produce accurate biomedical segmentations using only a few training
images. [92] The first half of the U-Net, the contracting path, resembles a typical CNN that
contains a series of convolutions followed by max pooling operations, and the second half of the
U-Net, the expanding path, contains upsampling through a series of transposed convolutions
(Figure 2.2). [92] The contracting path captures the image context in high-resolution feature maps.
Skip connections pass the high-resolution context features into the corresponding expanding path’s
feature maps to enable precise localization of the predicted pixel class label (i.e., object or
background). [92] Implementation of the U-Net model is relatively simple, as it includes just a few
input parameters, including: the image size, batch size, number of epochs, and threshold for the

binary segmentation.
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Figure 2.2: The standard U-Net architecture includes a contracting path and symmetric expanding
path to produce binary segmentation maps from input images. The first half involves a series of
convolutional and pooling layers to encode the image context, and the second half uses transposed
convolutions to decode the localization of structures in the image.
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Without the need for information from an entire dynamic time series, as required for FCM
segmentation, the U-Net offers the benefit of producing accurate segmentations from a single
timepoint or from post-contrast subtraction images created from a variety of imaging sequences,
including regular and abbreviated DCE-MRI acquisitions. [32] The U-Net architecture has
flexibility to be designed to accept either 2D image slices or 3D image volumes. [93] For the
former, “quasi-3D” lesion segmentations may be obtained from stacking slice-by-slice
segmentations, however, the lack of vertical (out-of-slice) continuity obtained by this “quasi-3D”
U-Net may be a potential source of error that a fully 3D U-Net avoids.

In this chapter, we investigated the potential of using U-Nets in breast lesion segmentation
on DCE-MRI by comparing the performances of 2D and 3D U-Nets relative to FCM clustering
and radiologist delineations. The U-Nets used in our investigations were trained to segment masses
and nonmass enhancing lesions from either first or second post-contrast subtraction images, i.e.,
subtraction images between the first or second post-contrast image and the pre-contrast image.
Additionally, we trained a 2D U-Net for whole breast segmentation from maximum intensity

projections of the second post-contrast subtraction MRIs.

2.2 Methods
The viability of using U-Nets in breast lesion segmentation on DCE-MRI was assessed by
comparing the performances of 2D and 3D U-Nets in four evaluations. First, in Comparison A,
quasi-3D and 3D U-Nets were compared to FCM, which served as a surrogate reference standard.
Second, in Comparison B, the 2D U-Net, 3D U-Net, and FCM segmentations were compared to
2D radiologist delineations on lesion center slices for a subset of 71 lesions. Next, in Comparison

C, segmentations from first post-contrast subtraction images were compared to second post-
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contrast subtraction images for quasi-3D and 3D U-Nets. Lastly, in Comparison D, the
segmentation performance of each method was evaluated for mass versus nonmass enhancing

lesions.

2.3 Dataset
The dataset consisted of DCE-MRIs of 994 unique breast lesions (724 malignant and 270 benign)
from 689 patients (each with 1-5 diagnosed lesions) aged 23-89 years. The deidentified data were
retrospectively collected at the University of Chicago over a span of 9 years (from 2005 to 2013)
under Health Insurance Portability and Accountability Act (HIPAA)-compliant Institutional
Review Board (IRB)-approved (11606B) protocols. Routine bilateral breast MRI was performed
using a Philips Achieva scanner with either 1.5T (N = 473) or 3.0T (N = 216) magnet strength.
The breast DCE-MRI protocol included a fat-saturated 3D T1 weighted spoiled gradient-echo
sequence that was used to acquire pre- and post-contrast images with a temporal resolution of 60-
75 seconds (TE = 2.2-2.8 ms, TR = 4.5-7.5 ms, flip angle = 10-20°, in-plane resolution = 0.5-1.0
mm, FOV = 28.0-44.1 cm, matrix = 320-552 x 256-525, slice thickness = 1-3.5 mm, interslice
gap = 0.8-2.6mm). Table 2.1 contains the clinical characteristics of the data obtained from
pathology and radiology reports, including pathological truth (benign or malignant) and lesion type
(mass or nonmass enhancement). A subset of 71 lesions were manually selected for radiologist
delineations so that the distribution of pathological truth and lesion type within the subset remained
similar to the overall group distribution (Table 2.1). Table 2.2 presents size distributions of the

lesions.
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Table 2.1: Summary of the DCE-MRI dataset by lesion type. Lesions were categorized by
pathological truth and enhancement type. Lesions that were not marked as either mass or nonmass
enhancing were not selected for the radiologist-delineated subset and were labeled “unknown.”

Pathological ‘truth’
Enhancement type - ;
Benign Malignant
Mass 170 517
All lesions

(N = 994) Nonmass 49 175
Unknown 51 32

Mass 14 40

Subset of lesions outlined NONMass 7 10

by radiologist (N = 71)

Unknown 0 0

Table 2.2: Summary of the DCE-MRI dataset by lesion size. Lesions were categorized by effective
diameter (mm), defined by 2*V(A/m), where A is the area of the lesion in the center slice of the
FCM segmentation in mm?.

Effective lesion diameter (mm): <5 59 | 10-14 | 15-19 | >20 All
All lesions 64 344 252 125 209 994
Subset of lesions outlined by radiologist 2 11 32 15 11 71

2.4 Establishment of Reference Standards and Preprocessing
Each lesion had previously been segmented using a well-established, in-house, automated 3D
FCM approach that yielded, as a surrogate reference standard, a 3D binary lesion segmentation.
[91] FCM segmentation was performed within a region defined by a human operator’s selection
of a rectangular bounding box about the lesion in a middle slice along with an indication of the
first and last slices in which the lesion appeared. [91] The bounding-box volume of interest (VOI)
for the FCM segmentation of each lesion was also used as input for subsequent U-Net
segmentations of post-contrast subtraction images. Second post-contrast subtraction images were
primarily used as inputs for the U-Net, however, first post-contrast subtraction images were

introduced for evaluation in Comparisons C and D of this study.
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In addition, an expert radiologist (7 years of experience in breast imaging) manually
delineated the lesion within the center slice of the second post-contrast subtraction VOI for the
subset of 71 lesions. Here, the radiologist segmentations were used as the reference standard for
Comparison B of this study. Since radiologist segmentations were only available for a limited set
of center slices and FCM segmentations are used in an FDA-approved clinical breast MRI
workstation, [12] FCM segmentations served as a reasonable surrogate reference standard to train

the U-Net architectures.

2.5 U-Net Architectures

Two different U-Net architectures were evaluated in this study. The first was a 2D U-Net. [92] We
found that the top and bottom slices of lesions were most difficult to segment, so those two slices
were excluded from each lesion in training (though they remained in the test set lesions). The
image slices of each lesion’s VOI were resized, by interpolation with a preserved pixel value range,
to 256 x 256 pixels prior to input into the 2D U-Net. The 256 x 256 pixels probability map outputs,
with values ranging from 0 to 1, were converted to binary segmentation images based on a
threshold of 0.25. The 2D U-Net only processed one image slice at a time, so “quasi-3D” lesion
segmentations were produced by stacking the 2D slice-by-slice segmentations obtained by the 2D
U-Net to form a 3D volume (Figure 2.3). In this work, “quasi-3D U-Net” refers to the volumetric
segmentation produced by the 2D U-Net architecture.

The second architecture evaluated in this study was a 3D U-Net. [93] This network is
similar to the structure of the 2D U-Net, but it was modified with the added third dimension. Prior
to input into the 3D U-Net, the lesion VOIs were resized, by interpolation with a preserved pixel

value range, to 256 x 256 x N voxels (N is the number of slices in the lesion). The network
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produced 256 x 256 x N voxel probability map outputs, with values ranging from 0 to 1, which
were converted to binary segmentation volumes based on a threshold of 0.23. The threshold for
the binary conversion was selected from a range of values between 0.14 and 0.30 to produce the
greatest mean Dice similarity coefficient calculated from the resulting segmentations and their

references, hence the slight difference in threshold used for 2D U-Net and 3D U-Net.

A U
H t
H'L. r_.g-H
- I
2 )
Post-contrast subtraction Segmentation output ‘
image or volume

T Quasi-3D

Figure 2.3: Representation of the U-Net segmentations investigated for breast lesion segmentation
from DCE-MRI regions of interest. The standard 2D U-Net produced 2D segmentations that were
stacked to create quasi-3D segmentations, and the 3D U-Net architecture was modified for 3D
segmentations from volumetric inputs.

2.6 Training and Statistical Analysis of Segmentation Performances

Five-fold cross-validation by lesion (N = 994 lesions) was conducted to train and evaluate the U-
Net models. The folds were partitioned such that each fold contained a similar distribution of lesion
types based on pathological truth (malignant or benign), lesion enhancement type, and lesion size.
Since adjacent slices within the same lesion VOI often are very similar in appearance, all slices
belonging to a given lesion were always allocated to the same fold. Training and test folds were
allocated by lesion, i.e., not by slice or patient.

Dice similarity coefficient (DSC) and Hausdorff distance (HD) were used to evaluate the

performances of different segmentation methods relative to the specific reference standard (Figure
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2.4). Note that greater segmentation performance is indicated by higher DSCs and lower HDs.
Predictions from the quasi-3D and 3D U-Nets were resized to their original lesion VOI dimensions
before DSCs and HDs were calculated between the predictions and the reference standards. HDs
were calculated for each slice, and the median HD for each lesion was used for 3D performance
comparisons. To assess the statistical significance of difference in performance, the Wilcoxon
signed-rank test was used for matched cases in Comparisons A, B, and C, and the Mann-Whitney
U-test was used in Comparison D for analysis of unmatched cases. [94-97] The Bonferroni

correction was used to correct p-values for multiple comparisons in Comparisons B, C, and D. [98]

Dice similarity Hausdorff Distance

coefficient
X
Y
2| X NnY]| HD(X,Y) = max{dyy,dyx} =
DSC= ind(x,) ind(x,y)
max {mag mip dx. ), max mip d(x. )}

Figure 2.4: Dice similarity coefficient (DSC) is a measure of how well two regions, X and Y,
overlap, and Hausdorff distance (HD) is a measure of how well the margins of two regions agree.
DSC and HD were used to evaluate the performances of the different segmentation methods
relative to the specific reference standard.

2.6.1 Comparison A: Comparing Quasi-3D U-Net to 3D U-Net Using FCM as the Surrogate
Reference Standard

The volumetric segmentations from quasi-3D and 3D U-Nets were compared and as previously

noted, FCM segmentations served as the surrogate reference standard for the 994 lesions (Table

2.1). The Wilcoxon signed-rank test was used to assess statistically significant differences between

quasi-3D and 3D U-Net segmentation performances (Figure 2.5).
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2.6.2 Comparison B: Comparing FCM, Quasi-3D U-Net, and 3D U-Net Using Radiologist-
Delineations as the Reference Standard
Next, FCM, quasi-3D U-Net, and 3D U-Net center slice segmentations were compared using the
radiologist references available for the subset of 71 lesions. For each of the three segmentation
methods, DSCs and HDs were calculated on the center slice with respect to the radiologist
reference. Statistically significant differences between quasi-3D U-Net, 3D U-Net, and FCM
segmentations were assessed using the Wilcoxon signed-rank test including a Bonferroni
correction (Figure 2.6).
2.6.3 Comparison C: Comparing Segmentation Across Post-Contrast Timepoints (First vs.
Second Post-Contrast)
The segmentations obtained in Comparison A using second post-contrast subtraction images as
input were compared to those using the first post-contrast subtraction images; for the quasi-3D and
3D U-Nets as compared to the FCM reference standard. Wilcoxon signed-rank tests were used to
assess statistical significance between the results after a Bonferroni correction.
2.6.7 Comparison D: Comparing Segmentation Across Lesion Enhancement Types (Mass
vs. Nonmass Enhancement)
Finally, the segmentation performances on mass and nonmass enhancing lesions were compared.
The segmentations resulting from the first and second post-contrast subtraction inputs to the quasi-
3D and 3D U-Nets evaluated in Comparison C were compared based on lesion enhancement type.
For each comparison, a Mann-Whitney U-test including a Bonferroni correction for statistical
significance was used to compare the segmentation performances of the set of mass lesions to the

set of nonmass lesions.
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Figure 2.5: Flowchart of Comparison A of this study (N = 994). Fuzzy c-means (FCM) lesion
segmentation volumes were used as reference standard to compare quasi-3D U-Net (2D
architecture) and 3D U-Net segmentations in a by-lesion five-fold cross-validation process. DSC:
Dice similarity coefficient; med HD: median Hausdorff distance of all slices in the lesion.
Wilcoxon signed-rank tests were performed on the resulting paired data.

REFERENCE
STANDARD

71
radiologist-
delineated

center slices

COMPUTER
SEGMENTATION

FCM
center slices

Quasi-3D U-Net
center slices

3D U-Net
center slices

. PERFORMANCE
- METRICS RELATIVE |
TO REFERENCE

STATISTICAL
PERFORMANCE
COMPARISONS

FCM
VS
3D

2D DSC, |
HD 3 v
| FCM
VS
- 1Quasi-3D
2D DSC, |— 4
AR —
' | Quasi-3D
| VS
| 3D
2DHDSC, - 4
D !

Figure 2.6: Flowchart of Comparison B of this‘study (N =71). Radiologist segmentations were

used as reference standard to compare fuzzy c-means (FCM), quasi-3D U-Net, and 3D U-Net
center slice segmentations. DSC: Dice similarity coefficient; HD: Hausdorff distance. Wilcoxon

signed-rank tests were performed on the resulting paired data.
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2.7 Breast Segmentation
Beyond lesion segmentation, whole breast segmentation was investigated. From the original set of
689 patients, a new subset of 76 exams from 73 patients that were diagnosed with only one lesion
was selected to contain a variety of lesion sizes and BPE levels (6 minimal, 18 mild, 26 moderate,
11 marked, and 15 unknown BPE). For this subset, an expert radiologist (7 years of experience in
breast imaging) provided manual delineations of the breast margins on the maximum intensity
projection (MIP) of the second post-contrast subtraction image volume. The radiologist-delineated
breast margins were used as the reference standard for training a 2D U-Net convolutional neural
network [92] for whole breast segmentation from the MIPs. Without a reference for the remaining
test cases, visual assessment was used to ensure the binary mask sufficiently contained the entire

breast region with minimal pixels from the chest wall.

————

Binary
threshold

2" post-contrast Predicted U-Net
maximum intensity segmentation output Breast region masks
projection (MIP)

Affected breast Both breasts Unaffected breast
Figure 2.7: A 2D U-Net was trained for computerized breast segmentation on maximum intensity
projections (MIP) of second post-contrast subtraction DCE-MRIs. A binary threshold was applied
to the predicted U-Net output to generate breast region masks, and the individual breast regions
were created by a vertical split at the center of the breast region containing both breasts.
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To produce the breast region masks for use in our method for automatic background
parenchymal enhancement (BPE) assessment (Chapter 3), a binary threshold was applied to the
predicted U-Net outputs, followed by a post-processing step to identify the largest object from the
mask as the region containing both breasts. The region containing both breasts was vertically split
between the left and right sides to generate masks defining only the affected breast region and only
the unaffected breast region. These breast masks were applied to the full post-contrast subtraction
projection images to retain only the pixels belonging to both breasts, the affected breast, or the
unaffected breast (Figure 2.7). The resulting breast regions were used for automatic scoring of
BPE in Chapter 3.

2.8 Results
2.8.1 Comparison A: Comparing Quasi-3D U-Net to 3D U-Net Using FCM as the Surrogate
Reference Standard
Segmentation performance was assessed by comparing the medians of DSC and HD (Table 2.3).
Note that greater segmentation performance is indicated by higher DSCs and lower HDs. Of the
994 lesions in the dataset, the 3D U-Net failed to segment 6 lesions (from 3 unique patients) that
were less than 9.1 mm in effective diameter (2*V(A/r)) and had an unknown enhancement type.
Without prediction volumes available to compare to the reference standard, DSC was essentially
zero and it was impossible to calculate HDs, therefore these lesions were excluded from HD
statistical comparisons for the 3D U-Net. The results of the Wilcoxon signed-rank test show that
the quasi-3D U-Net outperformed the 3D U-Net with statistical significance in terms of DSC (p <

0.001) and HD (p < 0.001) for lesion segmentation from second post-contrast subtraction VOIs.
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Table 2.3: Comparison A: Summary statistics of the performance metrics of quasi-3D and 3D U-
Nets as compared to fuzzy c-means (FCM) reference standards for volume segmentation.
Minimum, maximum, and median values of DSC and HD metrics of all cases are shown in the
table. U-Nets were trained and tested using five-fold cross validation by lesion. Parenthetical
values represent 95% confidence intervals. Asterisks indicate statistically significantly greater
performance after Bonferroni correction for two comparisons. DSC: Dice similarity coefficient;
HD: Hausdorff distance. (N = 994)

Segmentation | Min Max . . .
Method DSC DSC Median DSC Min HD Max HD | Median HD
Quasi-3D U- 0.780* 7.30mm*
Net 0.270 | 0.955 (0.774, 0.787) 0.737mm 73.6mm (6.79, 7.72)
. 0.721F 7.53mmfT
. i i T F
3D U-Net 0 0.935 (0.710, 0.732) 0.741mm 98.2mm (6.84, 7.97)

" Excluding six lesions with DSC = 0, minimum DSC = 0.035, maximum DSC = 0.935, and
median DSC = 0.721 (0.710, 0.733).
" Due to failed segmentation, six lesions were excluded from 3D U-Net HD results because
HD could not be calculated for those lesions.

2.8.2 Comparison B: Comparing FCM, Quasi-3D U-Net and 3D U-Net Using Radiologist-
Delineations as the Reference Standard
Based on the segmentation results for the subset of 71 lesions, we found that the center slices from
each lesion segmentation produced by FCM, quasi-3D U-Net, and 3D U-Net were had good
agreement (DSC, HD) with the radiologist-segmented reference standard (Table 2.4). The
statistical comparisons of performance between each segmentation method’s agreement with the
reference standard is shown in Table 2.5. The results indicate that quasi-3D U-Net statistically
significantly outperformed both 3D U-Net and FCM for lesion segmentation on second post-
contrast subtraction center slices. We observed improved U-Net segmentation agreement with the
radiologist reference as lesion size increased, and Figure 2.8 shows quasi-3D U-Net yielded greater

DSC values than 3D U-Net, relative to radiologist delineations, across lesion sizes.
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Table 2.4: Comparison B: Summary statistics of the performance metrics of fuzzy c-means (FCM),
quasi-3D U-Net, and 3D U-Net, as compared to radiologist reference standard for center slice
segmentation. Minimum, maximum, and median DSC and HD metrics of all cases are shown in
the table. U-Nets were trained and tested using five-fold cross validation by lesion. Parenthetical
values represent 95% confidence intervals. (N = 71) DSC: Dice similarity coefficient; HD:
Hausdorff distance.

Segl\rﬂn:t?]tgéion ['\)"S'g '[\)";é Median DSC | Min HD | Max HD | Median HD
FCM 0209 | 0.961 (0.8&2,3?(’)?859) roomm ) 3L.2mm (31-13%?2?0)
Qua?\il-;D U- | 0272 | 0.959 (0_825?%‘.‘88 g) | 0.796mm | 28.5mm (23_527?'2_?0)
3D U-Net | 0.246 | 0.952 (0_7&'5?%?83 g | L18mm | 266mm (3‘.‘&7,?20)

Table 2.5: Comparison B: Statistical comparisons between the median performance metrics in
Table 2.4 from fuzzy c-means (FCM), quasi-3D U-Net, and 3D U-Net center slice predictions
using radiologist-delineations as the reference standard. U-Nets were trained and tested using five-
fold cross validation by lesion. Raw, uncorrected p-values from the Wilcoxon signed-rank test are
reported in the table; statistical significance was assessed after correcting for three comparisons.
(N =71) DSC: Dice similarity coefficient; HD: Hausdorff distance.

Segmentation DSC comparisons HD comparisons
FCM vs. Quasi-3D U-Net outperformed Quasi-3D U-Net outperformed
Quasi-3D U-Net FCM (p = 2.92e-5) FCM (p = 6.28e-3)
Quasi-3D U-Net vs. Quasi-3D U-Net outperformed Quasi-3D U-Net outperformed
3D U-Net 3D U-Net (p = 4.13e-9) 3D U-Net (p = 0.014)
FCM outperformed 3D U-Net Failed to reach statistical
FCM vs. 3D U-N -
CMvs. 3D U-Net (p =1.87e-4) significance (p = 0.753)
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Difference of 2D and 3D U-Net Overlap with Radiologist Reference
by Lesion Size (N =71)
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Figure 2.8: Difference in DSC calculated from the center slice of the quasi-3D (2D) U-Net or 3D
U-Net and the radiologist reference, shown versus lesion size. The majority of lesions yielded
greater agreement between the radiologist and the quasi-3D (2D) U-Net than with the 3D U-Net.
DSC: Dice similarity coefficient.

2.8.3 Comparison C: Comparing Segmentation Across Post-Contrast Timepoints (First vs.
Second Post-Contrast)

An example of the segmentations produced by the 2D U-Net, 3D U-Net, FCM, and radiologist for

a mass and nonmass enhancing lesion are shown in Figure 2.9. In the second post-contrast

subtraction images, more lesion enhancement is provided to the U-Net, which, as expected, tended

to result in segmentations that that more closely resembled FCM than segmentations from the first

post-contrast subtraction inputs. Also as expected, the radiologist delineations acquired on the
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central slice of the second post-contrast subtraction image tended to resemble the center slice of

the second post-contrast subtraction segmentation from the 2D U-Net.

Slice Center Slice 2D U-Net 3D U-Net . .
A) below slice above output output FCM Radiologist
First post-
contrast
subtraction

Second post-
contrast

(10]

~ & O

subtraction
B) Slice Cepter Slice 2D U-Net 3D U-Net FCM Radiologist
below slice above output
First post-

contrast
subtraction

Second post-
contrast
subtraction

l
s P
-
Figure 2.9: Example cases showing the center slice U-Net segmentations produced from the first

or second post-contrast subtraction images for a A) mass enhancing lesion and B) nonmass
enhancing lesion. The center slice fuzzy c-means (FCM) and radiologist references are also shown.

The performance metrics calculated for the segmentations produced by the U-Nets from
first and second post-contrast subtraction inputs are included in Table 2.6. The statistical
comparisons between the resulting DSC and HD metrics for each method are shown in Table 2.7
and Table 2.8. The results showed statistically significantly greater performance from the second
post-contrast subtraction inputs than from the first post-contrast subtraction inputs using the quasi-
3D and 3D U-Nets, except in the case of nonmass enhancing lesions using the 3D U-Net. The
results from both the first and second post-contrast subtraction inputs supported the results found

in Comparisons A and B; the quasi-3D U-Net statistically significantly outperformed the 3D U-
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Net for the combined lesion types based on DSC (however, HD failed to show statistically
significant differences between quasi-3D and 3D U-Net for the first post-contrast subtraction
inputs).
2.8.4 Comparison D: Comparing Segmentation Across Lesion Types (Mass vs. Nonmass
Enhancement)

The results in Table 2.6 — Table 2.8 demonstrated that, relative to the FCM reference standard,
mass lesion segmentation statistically significantly outperformed nonmass enhancing lesion
segmentation using first and second post-contrast subtraction image inputs to both the quasi-3D
and 3D U-Nets. For nonmass enhancing lesions, quasi-3D U-Net always statistically significantly
outperformed the 3D U-Net (as in Comparisons A and B). For mass lesions, the DSC results
indicate that quasi-3D U-Net statistically significantly outperformed the 3D U-Net (as in
Comparison B), however HD results from the first post-contrast subtraction inputs showed that the
3D U-Net statistically significantly outperformed quasi-3D U-Net.

Table 2.6: Comparisons C & D: Summary statistics of the performance metrics of quasi-3D U-Net
and 3D U-Net, as compared to fuzzy c-means (FCM) surrogate reference standard. U-Nets were

trained and tested using five-fold cross validation by lesion. (Nmass = 687; Nnonmass = 224) DSC:
Dice similarity coefficient; HD: Hausdorff distance.

Input U-Net Model Lesion Type | Median DSC | Median HD (mm)
) Mass 0.7492 6.9375
" Quasi-3D

1* post-contrast Nonmass 0.6126 12.0575

subtraction
images 3D Mass 0.7357 6.6667
Nonmass 0.5858 12.9417
Ouasi-3D Mass 0.8059 6.8838

uasi-

2"’ post-contrast Nonmass 0.6993 11.0459

subtraction
images - Mass 0.7668 6.7734
Nonmass 0.5458 15.1173
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Table 2.7: Comparisons C & D: Statistical results for comparisons between input image type and
lesion type using the Dice similarity coefficients of U-Net segmentations against fuzzy c-means
reference. U-Nets were trained and tested using five-fold cross validation by lesion. Colors indicate
the comparisons: Orange: mass lesions vs. nonmass lesions for a given U-Net and timepoint
combination (Mann-Whitney U-test), Pink: Quasi-3D (2D) vs. 3D U-Net for a fixed lesion type
and timepoint (Wilcoxon signed-rank test), Blue: first vs second post-contrast subtraction for a
fixed lesion type and timepoint (Wilcoxon signed-rank test). Raw, uncorrected p-values are
reported in the table; however, statistical significance (indicated by an asterisk) was assessed
including a Bonferroni correction for 4 comparisons per sample. (Nmass = 687; Nnonmass = 224)

Input 1%t post-contrast subtraction images 2" post-contrast subtraction images
U-Net Quasi-3D 3D Quasi-3D 3D
Lesions Mass |Nonmass| Mass |[Nonmass| Mass |Nonmass| Mass |Nonmass
. Mass i p < 2.001 p < 2.001 i p < 2.001 ) ) )
Quiasi-
Lipost | 3D p <0.001 p <0.001
contrast Nonmass - - " i l ) )
subtraction
images D Mass . p< 2-001 i ) p< 2.001 )
Nonmass - - - - p = 0.004
. Mass _ p< 2001 p< 2001 }
Quiasi-
2 post- | 3D p < 0.001
contrast Nonmass - - =
subtraction
images Mass ) p < 2.001
3D
Nonmass -

Table 2.8: Comparisons C & D: Statistical results for comparisons between input image type and
lesion type using the Hausdorff distance of U-Net segmentations against fuzzy c-means reference.
U-Nets were trained and tested using five-fold cross validation by lesion. Colors indicate the
comparisons: Orange: mass lesions vs. nonmass lesions for a given U-Net and timepoint
combination (Mann-Whitney U-test), Pink: Quasi-3D (2D) vs. 3D U-Net for a fixed lesion type
and timepoint (Wilcoxon signed-rank test), Blue: first vs second post-contrast subtraction for a
fixed lesion type and timepoint (Wilcoxon signed-rank test). Raw, uncorrected p-values are
reported in the table; however, statistical significance (indicated by an asterisk) was assessed
including a Bonferroni correction for 4 comparisons per sample. (Nmass = 687; Nnonmass = 224)

Input 1%t post-contrast subtraction images 2" post-contrast subtraction images
U-Net Quasi-3D 3D Quasi-3D 3D
Lesions |Mass| Nonmass | Mass Nonmass Mass |Nonmass| Mass | Nonmass

t . <0. <0.

15 post | Mass _|p 2001 b = 0.004 i p 2001 ) ) )

contrast | Quasi

subtraction| -3D p <0.001 p <0.001
images Nonmass - - 5 - " - -
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Table 2.8 (continued): Statistical results for comparisons between input image type and lesion type
using the Hausdorff distance of U-Net segmentations against fuzzy c-means reference.

Input 1%t post-contrast subtraction images 2" post-contrast subtraction images
U-Net Quasi-3D 3D Quasi-3D 3D
Lesions Mass‘ Nonmass | Mass Nonmass Mass |Nonmass| Mass | Nonmass
1% post- Mass e - lp=o0208| -
contrast 3D
subtraction p <0.001
images Nonmass - - - - *
| Mass - |Pe000L 01| -
Quasi
2" post- | -3D p < 0.001
contrast Nonmass - - *
subtraction
images Mass ) p < 2.001
3D
Nonmass B

2.9 Discussion
This chapter explored the performance of volumetric segmentations obtained with a 2D U-Net
(quasi-3D U-Net) and a 3D U-Net. Segmentation performance was assessed against a well-
established FCM method, which served as a surrogate reference standard, or radiologist reference
segmentation.

Results of the investigations found that there were statistically significant differences in
performance between U-Net and FCM segmentation methods, relative to each other and to a
radiologist reference segmentation. In the task of segmenting breast lesions from second post-
contrast subtraction DCE-MRI VOls, the quasi-3D U-Net statistically significantly outperformed
the 3D U-Net in segmenting volumes, despite assumed advantages from vertical context (N = 988).
Additionally, the comparison between center slices from FCM, quasi-3D U-Net, and 3D U-Net
relative to the radiologist reference found that 2D U-Net (quasi-3D U-Net) statistically

significantly outperformed FCM and 3D U-Net (N = 71). Relative to FCM volumes, U-Net
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segmentations of second post-contrast subtraction inputs were statistically significantly greater
than first post-contrast subtraction inputs, and segmentation of mass lesions statistically
significantly outperformed nonmass lesion segmentation. Although improved segmentation results
were found using second post-contrast subtraction inputs, the 2D U-Net (quasi-3D U-Net)
statistically significantly outperformed the 3D U-Net for the first post-contrast subtraction inputs;
this could provide a potential benefit to abbreviated MRI applications. Ultimately, the results of
these investigations demonstrated that using a 2D U-Net to yield quasi-3D U-Net segmentation of
breast lesions from post-contrast subtraction DCE-MRIs could be an effective alternative to FCM
or 3D U-Net.
2.10 Additional Evaluations

Beyond the investigations using the standard U-Net architectures discussed in this chapter, we also
performed a number of preliminary experiments using an Attention U-Net, which has been shown
to outperform the standard U-Net in a number of medical image segmentation tasks since its
development by Oktay et. al. in 2018 (Figure 2.10). [99] The attention blocks in the modified U-
Net architecture were designed to focus the network on the image subject by suppressing the
features originating from the background of the image. At each step of the decoding path, an
attention gate combines the useful feature information from the next-lowest layer of the network
with the useful spatial information from the symmetric layer of the encoding path (Figure 2.10).
Weights are assigned to each of the pixels based on their relevance, and with each training epoch,

the weights become more refined to emphasize the foreground pixels and suppress the background.
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Figure 2.10: Attention U-Net involves attention gates that filter the image features through skip
connections at each step of the encoding path. Each pixel weight corresponds to its relevance,
which is based on the encoding path spatial information and decoding path feature information.

In our prior studies, we observed instances where the U-Net would overestimate the nonmass
lesions and underestimate the mass lesions, so we predicted that attention gating would improve
the segmentation predictions by focusing the network on the lesions and drawing attention away
from the background tissue. Based on the FCM reference standard, we failed to show a statistically
significant improvement in the overall segmentation performance using an attention-gated U-Net.
Figure 2.11 shows examples of lesions that had improved or worsened segmentations using the
attention-gated 3D U-Net versus the standard 3D U-Net. Even though we did not observe overall
segmentation improvements, we evaluated the change in DSC based on the original segmentation
performance (Figure 2.12). Although we did not evaluate statistical significance, it appeared that
the attention-gated U-Net may offer an improvement for lesions with poor results (DSC < 0.5)
from the original U-Net, whereas the lesions with reasonable results (DSC > 0.5) from the original
U-Net would not benefit. We speculate that the attention U-Net would more likely provide benefits
to segmentation tasks that involve larger regions of interest, unlike the bounding-box ROIs used

in our study that contained limited background pixels.
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Figure 2.11: Nonmass enhancing lesions that had improved (left) or worsened (right) segmentation
performance using the attention-gated 3D U-Net instead of the standard 3D U-Net. Compared to
the fuzzy c-means reference, the lesion on the left had a dice similarity coefficient (DSC) increase
from 0.25 to 0.63, and the lesion on the right had a DSC decrease from 0.5 to 0.37.
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Figure 2.12: Change in dice similarity coefficient (DSC) between the fuzzy c-means (FCM)
reference and the U-Net segmentations produced with and without attention-gating, for mass
lesions (left) and nonmass lesions (right). For all lesions that had an original DSC of less than 0.5
using the 3D U-Net without attention, the median change in DSC after attention-gating was 0.113.
For all lesions that had an original DSC of greater than 0.5 using the 3D U-Net without attention,
the median change in DSC after attention-gating was 0.021. Colors indicate lesion size (mm).

In addition to the investigations using the attention-gated U-Net, we also did a preliminary
evaluation of segmentation for abbreviated DCE-MRI sequences. For these experiments, we used
the same first post-contrast subtraction images from the dataset of lesions used in sections 2.8.3
and 2.8.4. Although the images were acquired under a routine full DCE protocol, the first post-

contrast image could be considered equivalent to the post-contrast image acquired during an
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abbreviated sequence. The FCM surrogate reference standard was replaced by a “simulated-
abbreviated” FCM reference, which was generated from the pre- and first post-contrast portions
of the contrast uptake curve (Figure 2.1). We did not observe any notable changes in performance
for the first post-contrast subtraction U-Net segmentations compared to the FCM reference versus
the simulated-abbreviated-FCM reference. However, thorough statistical analysis was not

performed, and the agreement between FCM and simulated-abbreviated-FCM was not evaluated.

2.11 Limitations and Future Work
There were several limitations of the work in this chapter. Firstly, the segmentation performances
were evaluated within bounding-box VOlIs; the inputs to the U-Net were based on the FCM volume
dimensions. However, use of the bounding-box VOIs does mimic clinical practice where a
radiologist may roughly indicate the region about a lesion as input to automatic characterization
and computer-aided diagnosis. Also, there were a limited number of radiologist segmentations
available, each acquired for the second post-contrast subtraction center slices (N = 71 lesions); this
could have influenced the results of the comparisons performed in Comparison B. Additionally,
there were no radiologist volume segmentations available for full lesion volumes, so FCM
segmentations were used as surrogate reference standards. Finally, the 3D U-Net architecture may
not be considered fully 3D since many lesions had too few slices to properly pool in the axial
dimension. Future work may include an extended investigation of U-Net performance for breast
lesion segmentation from abbreviated DCE-MRI sequences. Additionally, the performance of the
U-Net for lesion segmentation from larger regions of interest, i.e., the entire breast MRI or a
segmented breast region, should be evaluated; U-Nets trained with attention gating could be of

particular benefit for those tasks.
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CHAPTER 3
COMPUTERIZED ASSESSMENT OF BACKGROUND PARENCHYMAL

ENHANCEMENT

3.1 Background Parenchymal Enhancement
Background parenchymal enhancement (BPE) is qualitatively defined according to the Breast
Imaging Reporting & Data System (BI-RADS®©) as minimal, mild, moderate, or marked BPE
based on the visually perceived volume and intensity of enhancement in normal fibroglandular
breast tissue after contrast injection for dynamic contrast-enhanced (DCE) magnetic resonance

imaging (MRI) (Figure 3.1). [21, 29, 30] BPE is a significant predictor of breast cancer risk, with

greater BPE increasing the odds of developing cancer. [29, 30, 100-102]

Figure 3.1: Examples of qualitative BPE assessments of minimal (@), mild (b), moderate (c), and
marked (d) on second post-contrast subtraction maximum intensity projection images. Each image
was acquired from a unique patient.

There is limited data assessing the physiology of BPE directly, so the exact biological
mechanisms of it are still unknown. In terms of the distribution of the enhancement through the

breast over the course of the dynamic contrast series, the enhancement often occurs initially at the
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periphery of the fibroglandular tissue, due to the pattern of blood inflow from the internal and
lateral thoracic arteries, which then feed into the retroareolar region, which enhances last. [28, 29]
Normal fibroglandular tissue tends to exhibit a slow early and persistent delayed uptake of contrast,
although in some cases of moderate or marked BPE, there is a rapid early contrast uptake. [28] A
few studies measuring growth factors, microvessel density, and glandular components of the
breast, suggest that BPE becomes elevated when there are greater concentrations of fibroglandular
tissue that has greater vascularity, higher metabolic activity, and is sensitive to hormone level
variations. [29]

Beyond ranging from minimal to marked in the overall degree, BPE can present with a
bilateral, diffuse, symmetric, or asymmetric distribution; in some cases, it may present with a
stippled, regional, or focal distribution (Figure 3.2). [28] Regardless of distribution, benign tissues
typically present with more symmetric or bilateral areas of enhancement, whereas asymmetric
enhancement may be due to malignancy or a response to breast cancer treatment. [28] In recent
years, the use of 3.0T instead of 1.5T MRI has increased, which has provided improved contrast
resolution, spatial resolution, and signal-to-noise ratio; this has improved image quality and
characterization of BPE morphology. [26] However, it should be noted that in addition to the
physiological factors already discussed, BPE appearance may also be influenced by MRI magnet
strength due to its inherent dependence on T1-weighted relaxation times. [28] In many cases,
tumor volumes can cause an overestimation of BPE by radiologists; the increased intensity of the
tumor enhancement due to angiogenesis can inflate visual assessment of the BPE. Also, in cases
with marked BPE, it can become difficult to differentiate between tumor and normal fibroglandular

tissue, thus reducing sensitivity in breast cancer screening. [103] These effects have contributed to
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the intra-observer variability in clinical BPE assessment that has been reported, thus necessitating

a quantitative method for quantifying BPE. [101]

L : v 3 i)
Figure 3.2: Examples of various distributions patterns and appearances of background

parenchymal enhancement (BPE) in four unique patients. Radiologist reports for each case noted
moderate BPE bilaterally.

BPE may be able to indicate physiologically active breast tissue and therefore serve as a
biomarker for tissue prone to malignant transformation. [30, 102] A number of groups have
developed quantitative measures for BPE, but a general consensus of the most useful value has yet
to be reached. Human-engineered and deep-learned features for BPE have been calculated from
both single MRI slices and MRI volumes, and while some incorporate FGT or breast
segmentations, others rely on the entire image. [100, 104-106] One study that was based on a
semi-automated segmentation algorithm achieved strong performance in distinguishing women
who did and did-not develop breast cancer using a quantitative BPE value (AUC = 0.85, n = 95).
[106] Additionally, another study found that the complexity of the BPE assessment caused only

weak correlations between the investigators’ quantitative values and the associated clinical ratings
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(Spearman’s p = 0.65, n = 40). [89] These studies demonstrate that further investigation is needed
to develop a fully automated method for quantifying BPE.

Therefore, we have developed an automated method to segment breasts and electronically
remove the influence of lesion enhancement on a computer BPE score. Our method was designed
to mimic radiologist assessment of BPE, and it offers a more robust estimation of BPE levels from
breast DCE-MR projection images. We investigated the performance of computer BPE scores
from second post-contrast subtraction maximum intensity projections (MIPs) of both breasts, the
affected breast, and the contralateral breast images created before and after the electronic removal
of lesions. Additionally, we investigated the effect of various image parameters on the performance
of computer BPE scores calculated from original and rescaled versions of maximum- or average-
intensity projections (AIPs) of first- or second-post contrast subtraction DCE-MRI volumes. We
speculated the transition from 1.5T to 3.0T MRI may influence radiologist perception of BPE and
therefore the performance of machine-learning methods for BPE quantification, so this chapter
also includes an additional evaluation of the influence of magnet strength on the performance of
our BPE scoring method and its influence on radiologist perception of BPE.

3.2 Dataset
Out of the full diagnostic MRI dataset introduced in Section 2.3, 426 conventional breast DCE-
MR exams (from 399 patients aged 23-89 years) were from patients that were diagnosed with a
single lesion (Figure 1.5, Table 3.1). A subset of 76 exams (6 minimal, 18 mild, 26 moderate, 11
marked, and 15 unknown BPE) from 73 patients were previously used in developing the breast
segmentation methods (refer to Section 2.7). The remaining exams from 350 exams from 326

patients with known radiologist BPE ratings (99 minimal, 159 mild, 78 moderate, and 14 marked
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BPE), were used for independent testing of the proposed BPE Al algorithm. Radiologist BPE
ratings were acquired from the radiologist reports available from prior clinical review. For each
exam, the breast containing the diagnosed lesion is termed the ‘“affected” breast, and the
contralateral breast is termed the “unaffected” breast.

Table 3.1: Prevalence of radiologist BPE ratings contained within the dataset of 426 DCE-MR

exams from 399 patients. All exams from a given patient were in either the training set (refer to
Section 2.7) or the test set.

(No. of exams) Minimal Mild Moderate  Marked  Unknown Total
Training Set 6 18 26 11 15 76
Test Set 99 159 78 14 0 350
Total 105 177 104 25 15 426

3.3 Electronic Lesion Removal
A well-established, in-house, automated 3D fuzzy c-means (FCM) clustering approach was used
to segment the lesions from the DCE-MR volumes. [91] The lesion sizes, approximated by the
square root of the lesion area at the center lesion slice, ranged between two and 65 mm. To
electronically remove the lesions, the lesion area defined by the FCM segmentation was replaced
with a value equivalent to the average intensity of the pixels bordering the lesion segmentation on
the second post-contrast subtraction image slice. This process was repeated on each slice that
passed through the lesion before projecting the maximum pixel values from all available volume
slices to produce a new MIP that excluded the influence of the lesion. The breast masks generated
from the U-Net outputs were used to retain only the pixels belonging to both breasts, the affected
breast, and the unaffected breast on the second post-contrast subtraction MIP with the lesion

removed (Figure 3.3). For comparison across input image parameters, this method was also
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conducted using first post-contrast subtraction images and also using average-intensity projections

to produce images of the affected breast without the influence of the lesion.

Post-contrast FCM Lesion :
subtraction volume Segmentation Lesion removal
Projectionl U-Net breast Projection l
segmentation

’ Breast region
(IeS|on removed)

(Lesion present) (Lesion removed)

Figure 3.3: Flowchart of the method for electronic lesion removal, image projection, and breast
segmentation from a post-contrast subtraction breast DCE-MRI. Lesion and breast segmentations
were performed using fuzzy c-means (FCM) clustering and U-Net CNN, respectively. The breast
segmentation was vertically split at center to select the affected breast region from the projection
image excluding the lesion (Refer to Section 2.7). Computer BPE scores were calculated in a
separate rescaled MIP after implementation of our digital electronic lesion removal algorithm.
3.4 Computer BPE Score

For each of the defined breast regions (affected, unaffected, and both), the computer BPE scores
were automatically calculated from the second post-contrast subtraction MIPs. Within each MIP,
the pixel values were linearly rescaled so that the original pixel values ranging from 0 to 255 were
scaled to a range of 0 to 1. To reflect the qualitative definitions of BPE assigned by radiologists

based on the amount and intensity of the enhancement in FGT, the average pixel intensity of the

pixels contained within each breast served as the computer BPE score (Figure 3.4).
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Figure 3.4: Computer BPE scores have been calculated from the affected breast (green box),
unaffected breast (red box), and both breasts (blue box), before and after lesion (arrow) removal.

3.5 Evaluation of Computer BPE Score
To determine the strength and direction of the correlation of the computer BPE scores with
radiologist BPE ratings, Kendall’s tau-b was used in rank correlation with a t-test used to assess
the statistical significance of the correlation. [107] To assess how lesion removal changes the
computer BPE scores, the ratio of the computer BPE score calculated after lesion removal to the
computer BPE score calculated before lesion removal was examined according to the lesion size
for the second post-contrast subtraction MIP of each affected breast. To determine the predictive
value of the computer-extracted BPE scores for BPE level classification tasks, receiver operating
characteristic (ROC) analysis was performed using the proper binormal model. [108] Clinical
radiologist BPE ratings were the only truth available for BPE assessment, so the performance of
the computer BPE scores was compared to random guessing. ROC analysis was performed using
computer BPE scores for binary classification of minimal versus marked BPE; it was also
evaluated for binary classification of low (minimal, mild) versus high (moderate, marked) BPE
(Figure 3.5). The statistical significance of the area under the ROC curve (AUC) relative to random
guessing was determined using the z-test with Bonferroni corrections for multiple comparisons.

[98]
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Minimal Mild Moderate Marked
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Figure 3.5: Clinical radiologist BPE ratings were used as the reference standard for receiver
operating characteristic (ROC) analysis. ROC analysis was performed to determine the predictive
value of computer BPE scores for binary classification of minimal vs. marked BPE and of low
(minimal, mild) vs. high (moderate, marked) BPE.

Rank correlation and ROC analysis were also used to understand the effect of different

image parameters on the calculated BPE. The minimal versus marked BPE and low versus high
BPE tasks were thus evaluated for computer BPE scores calculated from the affected breast in
each of the following image types (shown in Figure 3.6):

Q) First- or Second- post-contrast subtraction images

(i) Maximum- or Average- Intensity Projections
(iii)  Original or Rescaled pixel values

Maximum Intensity Projection Average Intensity Projection
First post- Second post- First post- Second post-
contrast contrast contrast contrast
subtraction subtraction subtraction subtraction
Lesion
Present
Lesion
Removed

Figure 3.6: Example images of an affected breast from a case classified as Marked BPE by a
radiologist. The computer BPE scores were calculated from the affected breast region in the post-
contrast subtraction projection images after electronic lesion removal (bottom row).
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3.6 Results

As mentioned in Section 3.2, the initial definition of our computer BPE score was calculated from
the second post-contrast subtraction MIPs to reflect the qualitative assessment of BPE performed
by radiologists. Prior to the results comparing the effect of imaging parameters on the computer
BPE scores (Table 3.3), we evaluated the effect of breast region on the computer BPE scores
calculated from the second post-contrast subtraction MIPs (Table 3.2). On the test set of 350
second post-contrast subtraction MIPs, a statistically significant positive correlation was found
between the computer BPE scores and radiologist BPE ratings for all breast regions, before and
after the lesion removal (Figure 3.7).

The ratio of the scores calculated after versus before lesion removal, sorted by size and
BPE level, are shown with example cases of affected breasts (Figure 3.8). As would be expected,
the computer BPE scores were reduced after the lesion removal; this was more pronounced for
larger lesions and cases with low BPE levels.

BPE Score of Affected Breast
Before and After Lesi_on Removal .

BPE Score of Both Breasts
_ Before and After Lesion Remo_val .

0.4 0.4
035+
03} 0.3
0.25 ¢ 0.25
02
015+
0.1+ 0.}

005 Before Lesion Remowval 7
After Lesion Removal

0.05 | Before Lesion Remaoval 1
After Lesion Remaoval

0 L i i i i i
minimal (n=99)  mild (n =159} moderate (n =78) marked (n=14) minimal (n=93) mild (n =159) moderate (n =78) marked (n=14)

Radiologist BPE Rating Radiologist BPE Rating

Figure 3.7: Positive correlation between all computer BPE scores (second post-contrast subtraction
MIP) and the radiologist BPE ratings were statistically significant (p < 0.001). Computer BPE
scores from unaffected breasts are not shown since there was no lesion to be removed.

Computer Determined BPE Score
Computer Determined BPE Score
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Figure 3.8: The ratio of the computer BPE scores (second post-contrast subtraction MIP)
calculated after lesion removal to the score calculated before lesion removal for the affected breast,
shown versus lesion size (n = 350). Results demonstrate the importance of lesion removal to avoid
inflation of computer BPE estimations, especially in cases containing large lesions and low BPE
levels.

After lesion removal

The AUCs for the task of classifying minimal versus marked BPE and for the task of
classifying low (minimal, mild) versus high (moderate, marked) BPE according to radiologist BPE
ratings were calculated for each of the breast regions in the second post-contrast subtraction MIPs
(Table 3.2). All classification tasks performed statistically significantly greater than random
guessing (z-test). For all breast regions, the computer BPE scores yielded greater AUC results for
minimal versus marked BPE than for low versus high BPE levels, which was expected because it
is easier to distinguish between the two extreme BPE levels than the intermediate ones. The

computer BPE scores from the affected breast, both before and after lesion removal, yielded greater
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AUC results than the computer BPE scores from the unaffected breast for both classification tasks,
thus the computer BPE scores from that region were used in subsequent evaluations.

Table 3.2: Effect of breast region used for computer BPE score. AUC results from ROC analysis
for the task of BPE level classification using computer BPE scores calculated from the rescaled
second post-contrast subtraction maximum-intensity projection (MIP). High BPE includes marked
or moderate BPE, and low BPE includes mild or minimal BPE. Raw, uncorrected p-vales from the
z-test are reported in the table. Asterisks indicate performance statistically significantly greater
than random guessing. Statistical significance of the AUCs was assessed using the Bonferroni
correction for thirteen comparisons. The bolded selection was used in subsequent analyses.

Minimal (n = 99) vs. Marked (n=14) Low (n = 258) vs. High (n =92)

BPE AUC BPE AUC
Both breasts 0.84+0.04 (p=9.21e-15) * 0.6+ 0.03 (p = 7.94¢-07) *
Both breasts, 0.83 = 0.04 (p = 4.76¢-14) * 0.66 £ 0.03 (p = 5.39¢-07) *

removed lesion
Affected breast 0.86 = 0.03 (p = 2.69¢-26) * 0.68 + 0.03 (p = 3.92¢-08) *

Affected breast,
removed lesion

Unaffected breast 0.79 £ 0.05 (p = 8.83e-08) * 0.66 £ 0.03 (p = 6.82¢-07) *

0.87 £ 0.04 (p = 1.31e-21) * 0.68 = 0.03 (p = 1.43¢-08) *

The results of the comparisons between computer BPE scores calculated from varying
image types are shown in Table 3.3 and Figure 3.9 (affected breast scores only). Statistically
significant positive correlations were found between the radiologist BPE ratings and the computer-
extracted BPE scores from the rescaled images, except for the first post-contrast subtraction AIPs.
Computer BPE scores performed statistically significantly greater than random guessing in
minimal versus marked BPE level classification, except for the first post-contrast subtraction AIPs.
Computer BPE scores performed statistically significantly greater than random guessing in low
versus high BPE level classification, except for the original MIPs and the original first post-
contrast subtraction AIPs. For all image types, the computer BPE scores yielded greater AUC
results for minimal versus marked BPE than for low versus high BPE levels. Computer BPE scores

from rescaled images yielded greater AUC results than computer BPE scores from original images
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in both BPE level classification tasks. ROC curves showed computer BPE scores from second
post-contrast projections yielded greater AUC results than computer BPE scores from first post-
contrast projections, and computer BPE scores from MIPs yielded greater AUC results than
computer BPE scores from AIPs (Figure 3.9). The computer BPE scores of the rescaled second
post-contrast MIPs statistically significantly outperformed other rescaled image types for minimal
versus marked BPE classification (p < 0.05, z-test).

Table 3.3: Effect of breast imaging parameters used for the computer BPE score. Results from
Kendall’s rank correlation and ROC analysis for computer BPE scores calculated from the affected
breast region. High BPE includes marked or moderate BPE, and low BPE includes mild or minimal
BPE. Raw, uncorrected p-vales from the t-test or z-test are reported in the table. Asterisks on tau-
b values indicate a statistically significant correlation between the computer BPE scores and
radiologist BPE ratings. Asterisks on AUC results indicate performance statistically significantly
greater than random guessing. Statistical significance was assessed using the Bonferroni correction
for thirteen comparisons.

L Post- Kendall’s rank ~ Minimal (n = 99) Low (n = 258)
— Projection .
Quantltatlve TeGE Contrast correlation VS. VS.
Value T ge Subtraction tau-b Marked (n=14)  High (n = 92)
yp Timepoint  (n = 350) BPE AUC BPE AUC
First 0.043 0.69 + 0.06 0.58 +0.03
_ (p = 0.299) (p = 1.42e-3)* (p = 0.016)
Maximum
Mean pixel Second 0.075 0.78 £ 0.06 0.58 +0.03
intensity of (p=0.067) (p=9.51e-7)* (p=0.013)
original S 0.083 0.79 +0.05 0.60 + 0.03
image (p = 0.043) (p = 5.27e-10)* (p = 5.32e-3)
Average
- 0.090 0.74 +0.05 0.60 + 0.03
(p = 0.030) (p = 3.65e-6)* (p = 2.66e-3)*
First 0.132 0.78 +0.06 0.63 +0.03
(p =1.32e-3)* (p = 3.88e-7)* (p = 1.29e-4)*
Maximum
Mean pixel Second _0.186 X 0_.87 +0.04 X 0f38 + 0.03*
intensity of (p = 5.64e-6) (p = 1.31e-21) (p = 1.44e-8)
rescaled First 0.119 0.69 % 0.07 0.61 % 0.03
image (p = 3.86€-3) (p = 7.85e-3) (p=1.18e-3)*
Average
Second 0.160 0.77 £ 0.06 0.63+0.03
(p = 9.46e-5)* (p = 1.84e-6)* (p = 5.55e-5)*
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Figure 3.9: ROC curves for the binary classification tasks of marked BPE (n = 14) vs. minimal
BPE (n = 99) (left) and high (marked or moderate) BPE (n = 92) vs. low (mild or minimal) BPE
(n = 258) (right) using the mean pixel intensity of the original (top) and rescaled (bottom) image
of the affected breast. Asterisks indicate classification performance statistically significantly
greater than random guessing. Raw, uncorrected p-values are reported from the z-test; statistical
significance for performance greater than random guessing was assessed after a Bonferroni
correction for thirteen comparisons. 1pcs, 2pcs: first- and second-post-contrast subtraction; MIP,
AIP: maximum- and average-intensity projection.

3.7 Additional Evaluation of the Influence of Magnet Strength on BPE Assessment

After completion of the previous analyses to determine that the computer BPE scores calculated

from the rescaled second post-contrast subtraction MIP of the affected breast were the most

suitable image type to use when predicting BPE levels (Table 3.3), we evaluated the potential
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effects that magnet strength may have on the computer BPE scores (second post-contrast
subtraction MIP only). In addition, we investigated the potential influence of magnet strength on
the qualitative BPE assessment performed by radiologists. Using the computer BPE scores from
our dataset of 350 exams (255 1.5T, 95 3.0T), the difference in computer BPE scores across magnet
strengths was evaluated using the t-test. To determine the strength and direction of the correlation
between computer BPE scores and radiologist BPE ratings, Kendall’s tau-b was used in rank
correlation with a t-test used to assess the statistical significance of the correlation. [107] ROC
analysis was performed to determine the predictive value of computer BPE scores calculated from
1.5T only, 3.0T only, or all exams for the binary tasks of classifying high (marked or moderate)
BPE versus low (minimal or mild) BPE and for classifying marked BPE versus minimal BPE
relative to a radiologist rating. [108] The statistical significance of the area under the ROC curve
(AUC) relative to random guessing was determined using the z-test with Bonferroni corrections
for multiple comparisons. [98] Further, the use of each magnet strength over time and the
prevalence of radiologist BPE ratings assigned for 1.5T or 3.0T images were explored.

The distribution of computer BPE scores for each magnet strength are shown in Figure
3.10. The general range and shapes of the computer BPE score distributions appeared similar
between 1.5T and 3.0T, and the results of the t-test failed to show a statistically significant
difference between the computer BPE scores from the 1.5T and 3.0T images (p = 0.05). For each
magnet strength, the computer BPE scores had a statistically significant positive correlation with
the radiologist BPE ratings across the four BPE levels (p < 0.001, t-test). Based on the boxplots in
Figure 3.10 and Figure 3.11, it appears that the computer scoring may depend on whether BPE

scores were calculated from 1.5T or 3.0T images. However, the results of the t-tests used to assess
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differences between the computer BPE scores from the 1.5T and 3.0T images failed to show a

statistically significant difference at each radiologist BPE rating (p > 0.05, t-tests).

BPE Scores by Magnet Strength  BPE Scores by Magnet Strength

30

(=) [J1.5T MRI (n = 255) 035 1
o 2 I3.0T MRI (n = 95) © :
It g 03 '
! |
5 20 2 l
2 oy i
0.25
8 s .
S B
qé 10 g_ o
@ £
0 Q 015 l
E s O :
3 I
=z 0.1 e
o 0.15 02 0.25 03 0.35 1.5T (n =255) 3.0T (h=95)
Computer BPE Score MRI Magnet Strength

Figure 3.10: Histogram (left) and boxplot (right) of computer BPE scores (second post-contrast
subtraction MIP) for each magnet strength. Results of the t-test failed to show a statistically
significant difference between the computer BPE scores from the 1.5T and 3.0T images (p = 0.05).
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Figure 3.11: Kendall’s tau-b results showed statistically significant positive correlations between
the computer BPE scores (second post-contrast subtraction MIP) and the radiologist BPE ratings
of 1.5T and 3.0T images (p < 0.001, t-test). Results of t-tests failed to show a statistically
significant difference between computer BPE scores of 1.5T and 3.0T images at each radiologist
BPE rating (p > 0.05).
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Although we failed to show statistically significant differences between the computer BPE
scores resulting from 1.5T or 3.0T images, we performed ROC analysis to see how the magnet
strength might affect the BPE level classification performance of the scores. The computer BPE
scores performed statistically significantly greater than random guessing in both classification
tasks: high (marked or moderate) BPE versus low (minimal or mild) BPE and marked BPE versus
minimal BPE (Figure 3.12). As would be expected due to the similarity between the intermediate
BPE levels (mild and moderate), the computer BPE scores yielded greater AUC results for marked
versus minimal BPE than for high versus low BPE classification tasks. In the high versus low BPE
task, the computer BPE scores from 3.0T cases performed statistically significantly greater than
the computer BPE scores from the combined 1.5T and 3.0T cases (p < 0.05, z-tests). The marked
versus minimal BPE task failed to show a statistically significant difference in classification

performance between magnet strengths (p > 0.05, z-tests).
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Figure 3.12 (continued): high (marked or moderate) BPE vs. low (mild or minimal) BPE. Raw,
uncorrected p-values are reported from the z-test. Asterisks indicate classification performance
statistically significantly greater than random guessing after multiple comparisons corrections.
Computer BPE scores calculated on 3.0T cases performed statistically significantly greater
compared to 1.5T cases in high vs. low BPE (p < 0.05, z-test).

The BPE level classification performance was determined relative to the radiologist BPE
ratings assigned during the initial clinical review, so we also investigated the potential effects of
magnet strength on our reference standard by looking at the prevalence of each radiologist BPE
rating assigned to 1.5T or 3.0T images. Figure 3.13 shows the prevalence of each magnet strength
used for patient scans over the period of our dataset. Figure 3.14 demonstrates a relatively
increased occurrence of above minimal BPE ratings for 3.0T than for 1.5T cases, potentially
indicating that radiologists perceived stronger BPE levels in 3.0T MRI compared with 1.5T MRI.
We speculate that it is possible that 3.0T cases evaluated by radiologists familiar with 1.5T
enhancement appearance may have overestimated BPE ratings as the use of 3.0T scanners
increased. Likewise, that 1.5T cases acquired more recently could be underestimated by
radiologists familiar with 3.0T enhancement appearance. Although further investigation is needed,
we note that it is possible that radiologist BPE ratings may depend on magnet strength.
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Figure 3.13: Histogram of the number of cases acquired using either 1.5T or 3.0T DCE-MRI over
the time period of the diagnostic MRI dataset (n = 350 cases).
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Prevalence of BPE Ratings by Magnet Strength
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Figure 3.14: Prevalence of each radiologist BPE rating in the dataset of 350 diagnostic MRIs, split
by magnet strength. Note the greater prevalence of above minimal ratings in the 3.0T cases than
the 1.5T cases.

3.8 Discussion
In current clinical settings, radiologist BPE ratings are subjectively assigned based on the relative
volume and intensity of enhancement in normal fibroglandular breast tissue after contrast injection
for DCE-MRI. This chapter presented an automated computer algorithm for assessment of BPE
and investigated the effect of using various breast DCE MR image types. The results of this work
demonstrated the promising performance of an automatic BPE scoring method, which yields
computer BPE scores in classifying marked versus minimal BPE across various image viewing
projections and DCE timepoints. The method of calculating BPE scores from breast DCE-MR
MIP images was not influenced by the contrast enhancement within lesions, which currently
causes intra-observer variability in clinical BPE level assessment, because the algorithm includes

an electronic removal of the lesion.
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The automatically calculated computer BPE scores from all breast regions had a
statistically significant correlation with the radiologist BPE ratings, with the exception of one
image type; thus, the computer BPE scores had a positive correlation with increasing BPE. The
ratio of the computer BPE scores calculated after to before lesion removal demonstrated the
importance of electronic lesion removal to avoid inflation of BPE estimations, especially in cases
containing large lesions and low BPE levels. Although the computer BPE scores from the second
post-contrast subtraction MIPs of the affected and unaffected breasts appeared similar in boxplots,
computer BPE scores of the affected breast yielded greater AUC results than those of unaffected
breast in the prediction of radiologist BPE ratings. Based on the computer BPE scores from all
breast regions, the classification of minimal versus marked BPE yielded greater AUC results than
the classification of low versus high BPE, which was expected because it is easier to distinguish
between the two extreme BPE levels than the intermediate ones.

The electronic removal of the lesion from the affected breast improved the predictions for
the minimal versus marked task, but not for the low versus high task; this may be due to the
complexity of the BPE levels considered in each task. Given that the removal of lesions had the
greatest impact on reducing the computer BPE scores for minimal BPE cases, the lesion removal
would improve the classification of minimal versus marked BPE. In the low versus high task,
however, the large prevalence of mild and moderate BPE cases contribute to the difficulty of the
task due to the similarity between intermediate BPE levels that exists even after lesion removal.
Additionally, the AUC results for computer BPE scores calculated from various image projections
and post-contrast subtraction timepoints demonstrated the flexibility of the algorithm in BPE level

classification tasks. Comparisons between the original and rescaled versions of the maximum- and
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average-intensity projections (MIP and AIP) created from the first or second post-contrast
subtraction images of the affected breast demonstrated that the computer BPE scores calculated
from the rescaled, second post-contrast subtraction MIP yielded the greatest overall AUC results.
Therefore, of the scores evaluated in this study, the best computer-generated representation of the
relative intensity and volume of enhancement qualitatively assessed by radiologists were the
computer BPE scores of the rescaled, second post-contrast subtraction MIP.

Results of our additional investigations suggested radiologist assessment of BPE may not
be consistent due to differences in perceived enhancement in 1.5T and 3.0T breast DCE-MR
images. We failed to show statistically significant differences in computer BPE scores computed
from 1.5T or 3.0T images for all radiologist BPE ratings, although we observed improved high
versus low BPE classification performance from the 3.0T scores compared to 1.5T or combined
scores. While the performance of our method for computing BPE scores is promising, further
assessment is needed to ensure the robustness of a computer method for calculating BPE scores

against variations in magnet strength.

3.9 Limitations and Future Work
A limitation in our method for automatic BPE assessment was based on the segmentation of breast
regions; future investigations could assess the variability in computer BPE scores based on the
precision of the masks that define breast regions. In this work, the computer BPE scores were
calculated from MIPs that often contained major vasculature, which contain bright pixels that may
inflate the computer estimation of BPE. Future investigations should aim to remove the influence
of the vasculature’s enhancement, as we have already done with lesions, in order to produce a

more accurate representation of the fibroglandular tissue enhancement. The only truth we had
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available to assess the performance of our computer BPE scores for BPE level classification tasks
were the radiologist BPE ratings assigned during initial clinical review; thus, our ROC analyses
were limited to comparisons against random guessing performance. Additionally, a single case-
level radiologist BPE rating was used as truth for the computer BPE scores calculated from
individual breasts, so the potential influence of BPE asymmetry on the performance of our BPE
scoring method could not be assessed. Another limitation of this study was that, although breast
MRIs are typically acquired during the second week of the menstrual cycle, we lack data regarding
the timing of the acquisition relative to the patients’ cycles. Thus, we could not evaluate the
reported influence hormonal status may have on T1 relaxation times and signal intensity. [109]
Further investigation of variability in the reference standards used for algorithm development may
improve the overall performance of our method in BPE classification tasks. Future assessment of
a screening dataset, including 1.5T and 3.0T data matched across patients, could also increase our
understanding of BPE interpretation. Additionally, the techniques developed in this chapter could
also be translated to abbreviated or ultrafast dynamic contrast enhancement sequences; the
electronic lesion removal may allow for BPE assessment during the early phase of contrast uptake.
The robustness of the computer BPE algorithm should also be assessed across datasets that include

images acquired from multiple institutions and MRI manufacturers.
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CHAPTER 4
BPE SCORING ON A HIGH-RISK SCREENING DATASET
4.1 Breast Cancer Risk Assessment

Estimation of a woman’s lifetime risk for breast cancer beyond the general population risk is based
on a series of known risk factors, such as hormonal and reproductive status, genetic mutation status
(e.g., BRCA1, BRCA2, or PALB2), personal history of breast disease, radiation exposure, or family
history of breast and ovarian cancers. [14-18] Although the thresholds may vary depending on
which model for risk assessment is being used, an individual’s lifetime risk for developing invasive
breast cancer can be categorized into average- (<15%), intermediate- (15-19%), or high (>20%)
risk. [110] Statistical models, such as Gail, Claus, BRCAPRO, and IBIS (Tyrer-Cuzick), have been
established for clinical risk assessment; each model incorporates a selection of the known risk
factors into their prediction of future breast cancer (Table 4.1). These types of models have been
successful for use in the general population, however, while some models have been validated in
a high-risk clinic, the accuracy of other models is limited for high-risk patients. [14, 111]
Additionally, mammaographic breast density has only recently been incorporated into some models
to refine clinical risk assessment, and background parenchymal enhancement (BPE) has yet to be
included, although they are both known risk factors for breast cancer. [18, 104, 112, 113]

Computer-extracted tumor features from breast magnetic resonance imaging (MRI) have
played a role in classification tasks for diagnosing malignant versus benign lesions, and they have
more recently been used as prognostic markers to distinguish between noninvasive and invasive
lesions. [86, 88] Similar to the methods in which tumor features can be used as prognostic markers,

other image-based biomarkers have the potential to be used to predict prognosis or be factored into
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risk assessment models. BPE, for instance, may be able to indicate physiologically active breast
tissue and therefore serve as a biomarker for tissue prone to malignant transformation. [29, 30,
102] Factoring in qualitative or quantitative values of BPE may further improve the predictive
value of clinical risk models, which would be particularly useful for high-risk patients that undergo
screening MRI. One experimental image-only model found that it was possible to identify image
characteristics that are associated with long-term risk for a high-risk population and to improve
risk predictions versus a traditional model. [104] Table 4.2 includes additional image-based studies
in which radiologist BPE ratings and computer-generated BPE values have been used alone, or in
combination with clinical patient characteristics, to predict breast cancer.

Table 4.1: Examples of breast cancer risk assessment models currently used clinically.

Model Clinical Features

Personal Info: Age

Hormonal/reproductive factors: age at menarche, age at first live birth
Personal history: breast biopsies, atypical ductal hyperplasia

Family history: first-degree relatives with breast cancer

Gail [15]

Personal Info: Age
Hormonal/reproductive factors: N/A
Claus [16] Personal history: N/A
Family history: first- or second-degree relatives with breast cancer, age of
onset of breast cancer in relative

Personal Info: Age
Hormonal/reproductive factors: N/A

BRCAPRO Personal history: N/A

[17] Family history: first- or second-degree relatives with breast cancer, age of
onset of breast cancer in relative, bilateral breast cancer in relative, ovarian
cancer in a relative, male breast cancer
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Table 4.1 (continued): Examples of breast cancer risk assessment models currently used clinically.

Model Clinical Features
Personal Info: Age, BMI
Hormonal/reproductive factors: age at menarche, age at first live birth, age at
menopause, hormone replacement therapy use
IBIS (Tyrer-  Personal history: breast biopsy, atypical ductal hyperplasia, lobular

Cuzick) [18]

carcinoma in situ

Family history: first- or second-degree relatives with breast cancer, age of
onset of breast cancer in relative, bilateral breast cancer in relative, ovarian

cancer in a relative

Table 4.2: Examples of image-based breast cancer risk assessment studies that have incorporated
image-based features and a selection of clinical patient characteristics.

Rggeor(iilce Dataset Features Key Result
High risk screening Pqtignts with greater than
Grimmet. MRI: 61 patients Clinical: N/A ;?]'glgnr?;h?griger;eotr\évo
al. [114]  with cancer, 1220 00 hased: BI-RADS BPE  likely to develop fut
control patients g ' IKely to develop Tuture
cancer
g:Ji:)\?epl)lrliﬂgreyl\g;Ic’er Clinical: age, f_ar_n_ily history, o
treated with BRCA status, initial cancer Greater than _mmlmal
Leeet al. surgery: 109 stage, hormo_ne status, BPE at survelllan_ce MRI
[115] o patients'wi th second treatments, time betv_veen_ was associated with
cancer. 2559 d|agn05|s/treayment/|_mag|ng, mcrease_d future second
patient’s with no mammographic density cancer risk
second cancer Image-based: BI-RADS BPE
High risk screening et [ Greater_BPE parameters
Lam et MRI: 23 patients Image_-ba_sed; BI-R_ADS BF_’E, (area, hl_gher mean, S_D,
al. [10 d] deveiope d cancer Quantitative intensity metrics & quartiles of intensity)
' 93 did not ’ fpr BPE (based on a smglg were found for cancer
first post-contrast subtraction  subjects than control
slice)
High risk screening Imaging features
MRI: 133 patients,  Clinical: N/A . ;
Saha et. 46 developed remained independently
al. [105] cancers within 2 Image-based: BI-RADS BPE,  predictive of subsequent
years 8 automatic features of BPE development of cancer
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Table 4.2 (continued): Examples of image-based breast cancer risk assessment studies.

Model Dataset
Reference
4,247 women in
Breast Cancer
Arasu et.  Surveillance
al. [116] Consortium
(BCSC); 176
developed cancers
High risk women
Niell et. V\{IthOUt personall
al. [106] history of cancer:
' 19 developed
cancer, 76 controls
1,656 consecutive
Portnoi et. MRIs from 1,183
al. [104] high risk screening

patients

Features

Clinical: breast density, first-
degree family history,
menopausal status, MRI
indication, and BCSC risk
score

Image-based: BI-RADS BPE

Clinical: sociodemographic
features

Image-based: BI-RADS BPE,
91 quantitative BPE measures

Clinical: Traditional risk
factors (Tyrer-Cuzick), cancer
history

Image-based: BI-RADS BPE,
Deep learned features

Key Result

Increased levels of BPE
demonstrated
significantly increased
future breast cancer risk;
high BPE and high BCSC
5-year risk score
increased risk.

Women subsequently
diagnosed with breast
cancer were more likely
to have mild, moderate,
or marked BPE

Deep learning model
improved individual risk
discrimination compared
to Tyrer-Cuzick model or
traditional risk factors.

Growing datasets from the population of high-risk women undergoing screening MR1 will

allow for investigation of the relationships between the imaging biomarkers present on MRI and

mammograms, such as BPE and breast density. Based on the studies referenced in Table 4.2, a risk

assessment model that combines the predictive power of imaging features and clinical risk factors

would be expected to provide improved individualized assessments compared to the established

clinical models in Table 4.1. Before such a risk model can be established, a robust method for

quantifying useful BPE values must be validated for a high-risk dataset. Therefore, in this chapter,

we have implemented the BPE scoring algorithm developed in Chapter 3 on an independent test

set of high-risk screening patients. In an independent validation of the BPE scoring algorithm, we

investigated the correlation of the computer BPE scores with the radiologist BPE ratings and we

assessed the BPE level classification performance of the computer BPE scores. Further, we
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performed exploratory ROC analysis to evaluate the potential role that the computer BPE scores

may have in predicting cancer versus negative or benign (i.e., non-cancer) diagnoses.

4.2 Dataset

In order to perform an independent validation of the methods developed in Chapter 3, we
implemented the BPE scoring algorithm on a new dataset of high-risk screening patients. This
dataset included 490 conventional breast DCE-MR exams retrospectively collected between 2009-
2022 from 313 high-risk screening patients (aged 23-91) at the University of Chicago under a
HIPAA-compliant IRB-approved (16-0400) protocol. Each patient had previously been classified
as high-risk based on a known personal history of cancer, family history of cancer, or positive
genetic mutation, and had therefore been recommended for screening MRI. The dataset of high-
risk patients included 303 patients that were negative or benign and 10 patients that developed
cancer over the course of screening (Table 4.3).

Routine bilateral breast MRIs were acquired using a Philips Achieva scanner with 1.5T or
3.0T magnet strength. The breast DCE-MRI protocol included a fat-saturated 3D T1 weighted
spoiled gradient-echo sequence that was used to acquire pre- and post-contrast images with a
temporal resolution of 60-75 seconds (TE = 2.3-2.7 ms, TR = 4.7-5.3 ms, flip angle = 10-12°, in-
plane resolution = 0.56-0.80 mm, FOV = 29.9-44.0 cm, matrix = 376-528 x 376-472, slice
thickness = 1.6-2.0 mm, interslice gap = 0.8-1.0 mm). The most-recent MRI scan available for
each patient is referred to as the “diagnostic scan,” and the second most-recent MRI scan is referred
to as the “first prior scan.” Of the patients with more than one MR scan available, the time elapsed
between the first prior and the most-recent diagnostic scans ranged from approximately six to 36

months. All scans had radiologist BPE ratings available from prior clinical review (Table 4.4).
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Of the 303 patients that were negative or benign, seventeen patients had a benign lesion
identified in at least one scan. In one patient, the same benign lesion was identified in both the
prior and diagnostic scan. In three patients, the benign lesion was identified in the first prior scan,
and the diagnostic scan was negative. In five patients, the first prior was negative, and the benign
lesion was identified in the diagnostic scan. Of the ten patients that developed cancer, seven
patients had a cancerous lesion identified on the diagnostic scan; all but one of those patients had
first prior scans available. For two patients, there was no lesion specifically identified, but cancer
was known at the time of the diagnostic scan. There was one patient diagnosed with cancer
following the most-recent negative scan available, so their only scan was considered the first prior.
Table 4.3: Number of high-risk screening patients in the dataset. Patients belonging to the benign

group had a benign diagnosis at either the first prior or diagnostic scan, and negative patients had
negative diagnosis for all scans available.

Developed Cancer Benign Negative
First prior scan only 1 - -
Diagnostic scan only 2 8 125
Both scans available 7 9 161
Total patients 10 17 286

Table 4.4: Prevalence of radiologist BPE ratings present in the dataset of high-risk screening
patients. The number of scans includes all diagnostic and first prior scans available.

Developed Cancer Benign Negative Total

Minimal BPE 6 4 151 161
Mild BPE 8 8 169 185
Moderate BPE 2 12 103 117
Marked BPE 1 2 24 27
Total scans 17 26 447 490
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4.3 Independent Validation of BPE Scoring Technique
The BPE scoring method developed in Chapter 3 was implemented on the independent dataset of

high-risk screening patients without any modification of the trained algorithm (Figure 4.1).

r ; ) o
BPE Scoring Algorithm ) Implementation of BPE Scoring Algorithmon an

(Chapter 3) Independent High-Risk Screening Dataset (Chapter 4)
Electronic lesion removal Correlation of Computer BPE Scores with Radiologist
from 2" post-contrast BPE Ratings (Section 4.3.1)

subtraction volume

Classification of BPE Level Using Computer BPE Scores

¥ (Section 4.3.2)
Maximum intensity
projection Influence of Magnet Strength on BPE Scores
3 (Section 4.3.3)
BPE score calculated Change in Radiologist and Computed BPEs from Prior
from breast regions to Diagnostic Scan (Section 4.4)
\ J

Radiologist and Computer BPE in Predicting Future or
Current Cancer (Section 4.5)

- J

Figure 4.1: Organization of the evaluations performed using the BPE scoring algorithm developed

in Chapter 3 (Figure 3.3) implemented on an independent dataset (Section 4.2) of high-risk

screening MRIs.

Based on the dataset of diagnostic MRI patients that was used to develop the BPE scoring
method in the prior chapter (Section 3.2), the computer BPE scores calculated from the affected
breast on the second post-contrast subtraction MIP after lesion removal yielded the greatest AUC
results in BPE level classification tasks (refer to Table 3.2). However, when assessing a screening
patient, the presence of a lesion may not be known prior to the scan. Therefore, the computer BPE
scores calculated from each of the breasts for each patient were evaluated in this chapter. For each
scan that had a lesion identified, segmentations had previously been acquired using an in-house,
automated 3D fuzzy c-means (FCM) approach; these segmentations were used for the electronic

removal of the lesions prior to BPE scoring, as described in Section 3.3. [91]
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For the remainder of Chapter 4, the only computer BPE scores evaluated were from breast
regions on the second post-contrast subtraction MIPs following electronic lesion removal. To
determine the strength and direction of the correlation of the computer BPE scores with radiologist
BPE ratings on the independent dataset, Kendall’s tau-b was used in rank correlation with a t-test
used to assess the statistical significance of the correlation. [107] To determine the predictive value
of the computer-extracted BPE scores for BPE level classification tasks on the independent dataset,
receiver operating characteristic (ROC) analysis was performed using the proper binormal model.
[108] Clinical radiologist BPE ratings were the only truth available for BPE assessment, so the
performance of the computer BPE scores was compared to random guessing. ROC analysis was
performed using computer BPE scores for binary classification of minimal versus marked BPE; it
was also evaluated for binary classification of low (minimal, mild) versus high (moderate, marked)
BPE (Figure 3.5). The statistical significance of the area under the ROC curve (AUC) relative to
random guessing was determined using the z-test with Bonferroni corrections for multiple

comparisons. [98]

4.3.1 Correlation of Computer BPE Scores with Radiologist BPE Ratings
The distribution of the computer BPE scores of the independent high-risk screening appeared
similar to the distribution of the computer BPE scores of the previous dataset of diagnostic patients
(Figure 4.2), and the results of a t-test failed to show a statistically significant difference between
the computer BPE scores on independent datasets (p > 0.05, t-test). A single outlier in the high-
risk screening dataset had a computer BPE score greater than 0.5 in the left breast; the abnormally
high score was due to a poor breast segmentation that resulted in a computer BPE score calculated

from a region containing only a few pixels from the chest wall.
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Distribution of Computer BPE Scores for Multiple Datasets
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Figure 4.2: Histogram of computer BPE scores computed from each breast in all scans available
from the datasets used in Chapters 3 and 4. Computer BPE scores were calculated from the second
post-contrast subtraction MIP after electronic lesion removal. Histogram includes scores from each
individual breast from all available scans. Results of a t-test failed to show a statistically significant
difference between the computer BPE scores calculated on independent datasets (p > 0.05).

As seen in Figure 4.3, the scores calculated from the left and right breasts of each patient
appeared similar, and the results of a t-test failed to show statistically significant difference
between computer BPE scores calculated from the left and right breasts in each radiologist BPE
rating group (p > 0.05, t-test). As with the previous dataset, the computer BPE scores of the high-
risk screening dataset had a statistically significantly positive correlation with radiologist BPE
ratings, although we failed to show a statistically significant correlation of computer BPE scores

to radiologist BPE ratings for the subset of cases that developed cancer (Table 4.5 — Table 4.7).
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Computer BPE Scores of High-Risk Screening Patients
Includes Diagnostic & First Prior Scans

A) Negative or Benign B) Developed Cancer
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Figure 4.3: Positive correlations between the computer BPE scores and radiologist BPE ratings
were statistically significant for all breast regions of negative or benign patients (p < 0.001, t-test)
and results of the t-test failed to show a statistically significant correlation for all breast regions in
patients that developed cancer (p > 0.05). Table 4.5 contains the details for the associated results
from Kendall’s rank correlation.

The computer BPE scores calculated from all breast regions of all the patients had
statistically significant positive correlations with the radiologist BPE ratings, including both scans,
only the diagnostic scan, and only the first prior scan (Table 4.5 — Table 4.7). Additionally, the
combined group of benign and negative patients and the group of negative patients had statistically
significant positive correlations with the radiologist BPE ratings, including both scans, only the
diagnostic scan, and only the first prior scan (Table 4.5 -Table 4.7). For the small number of
patients that had benign lesions and for the patients that developed cancer, the computer BPE
scores failed to show a statistically significant correlation with the radiologist BPE ratings based
on both scans, only the diagnostic scan, and only the first prior scan, with the exception of the

affected breasts in the first prior scan of patients that developed cancer.
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Table 4.5: Results from Kendall’s rank correlation including the diagnostic and first prior scans.
Raw, uncorrected p-vales from the t-test are reported in the table. Asterisks indicate a statistically
significant correlation between the computer BPE scores and radiologist BPE ratings. Statistical
significance was assessed using the Bonferroni correction for multiple comparisons.

All patients
(npatients = 313, Nscans = 490)

Developed Cancer
(npatients = 10, Nscans = 17)

Negative and Benign
(npatients = 303, Nscans = 473)

Benign lesions
(npatients = 17, Nscans = 26)
Negative
(npatients = 286, Nscans = 447)

Breast Region Scores

Both
Right
Left
Both
Right
Left
Affected
Unaffected
Both
Right
Left
Affected

Unaffected

Right
Left

Kendall’s rank correlation tau-b

0.280 (p = 1.40e-30) *
0.286 (p = 8.16e-17) *
0.276 (p = 1.22¢-15) *
0.150 (p = 0.279)
0.268 (p = 0.192)
0.089 (p = 0.686)
0.375 (p = 0.065)
-0.018 (p = 0.964)
0.286 (p = 7.07e-31) *
0.290 (p = 1.44e-16) *
0.285 (p = 4.15e-16) *
0.356 (p = 0.024)
0.3113 (p = 0.049)
0.281 (p = 6.16e-15) *
0.285 (p = 3.19e-15) *

Table 4.6: Results from Kendall’s rank correlation including the diagnostic scan only. Raw,
uncorrected p-vales from the t-test are reported in the table. Asterisks indicate a statistically
significant correlation between the computer BPE scores and radiologist BPE ratings. Statistical
significance was assessed using the Bonferroni correction for multiple comparisons.

All patients
(npatients = 313, Nscans = 313)

Developed Cancer
(npatients =10, Nscans = 10)

Negative and Benign
(npatients = 303, Nscans = 303)

Benign lesions
(npatients =17 Nscans = 17)
Negative
(npatients = 286, Nscans = 286)

Breast Region Scores

Both
Right
Left
Both
Right
Left
Affected
Unaffected
Both
Right
Left
Affected
Unaffected
Right
Left
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Kendall’s rank correlation tau-b

0.255 (p = 4.99¢-9) *
0.256 (p = 3.01e-9) *
0.257 (p = 2.60e-9) *
-0.026 (p = 0.916)
0.105 (p = 0.771)
-0.053 (p = 0.923)
0.158 (p = 0.628)
-0.211 (p = 0.498)
0.263 (p = 1.77e-17) *
0.259 (p = 3.38e-09) *
0.268 (p = 9.24e-10) *
0.433 (p =0.031)
0.329 (p =0.103)
0.244 (p = 6.44e-8) *
0.266 (p = 4.43e-9) *



Table 4.7: Results from Kendall’s rank correlation including the first prior scan only. Raw,
uncorrected p-vales from the t-test are reported in the table. Asterisks indicate a statistically
significant correlation between the computer BPE scores and radiologist BPE ratings. Statistical
significance was assessed using the Bonferroni correction for multiple comparisons.

Breast Region Scores  Kendall’s rank correlation tau-b

All patient Both 0.322 (p=1.79¢-15) *
(npatients = 17p8a, Ir?src]a:s = 178) nght 0.460 (p = 1.05¢-10) *
Left 0.427 (p = 2.79¢-9) *
Both 0.482 (p = 0.024)
Right 0.564 (p = 0.100)
(n'?a‘::’ni"ipg’dnij::cfg) Left 0.477 (p = 0.179)
Affected 0.824 (p = 7.14e-3) *
Unaffected 0.390 (p = 0.286)
. _ Both 0.324 (p = 5.22¢-15) *
Negative and Benign Right 0.336 (p = 1.05¢-8) *
(npatients - 170, Nscans = 170)
Left 0.315 (p = 8.28e-8) *
Benign lesions Affected 0.204 (p=0.574)
(Npatients = 9, Nscans = 9) Unaffected 0.272 (p=0.431)
Negative Right 0.339 (p = 2.04e-8) *
(npatients = 161, Nscans = 161) Left 0.319 (p = 1.336-7) *

Figure 4.4 combines the left and right breast computer BPE scores using all available scans
for each group of patients: the combined group of negative and benign patients and the patients
that developed cancer. From Figure 4.4, it appeared that the computer BPE scores tend to be greater
for the cancer cases than the negative and benign cases in the lower radiologist BPE rating levels.
Using the computer BPE scores of the first prior and the diagnostic scans, the results of the t-test
failed to show a statistically significant difference between the computer BPE scores of the cancer
patients and those of the negative and benign patients for moderate or marked BPE (p > 0.05),
however, there was a statistically significant difference between the computer BPE scores of the
cancer patients and those of the negative or benign patients for the minimal and mild BPE groups
(p <0.05). Figure 4.5 displays the computer BPE scores for each radiologist BPE rating, including

the first prior scan only (note there were no cancer cases rated moderate BPE). Using only the

70



computer BPE scores of the first prior scan, results of the t-test failed to show a statistically
significant difference between the computer BPE scores of the cancer patients and those of the
negative or benign patients for minimal and marked BPE (p > 0.05), and there was a statistically
significant difference between the computer BPE scores of the cancer patients and those of the
negative or benign patients for the mild BPE group (p < 0.05). We speculate that for patients who
tend to have weaker background enhancement, computer BPE scores may be able to differentiate
a future cancer diagnosis from a negative or benign diagnosis. For the patients who tend to have
stronger enhancement, the radiologist BPE ratings may be a sufficient indication of increased risk
for cancer. Therefore, the computer BPE scores have the potential to serve as a useful factor to
predict cancer versus non-cancer diagnoses, particularly in patients with low BPE.

Computer BPE Scores of High-Risk Screening Patients

Includes Both Breasts from Diagnostic & First Prior Scans
0.6 T T T T

[]
| .
o] .
O (Kendall correlation:
U ost p <0.001, p = 0.279)
o
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Minimal (n =322) Mild (n =370) Moderate (n =234) Marked (n =54)

Radiologist BPE Rating
Figure 4.4: Based on all scans available, a statistically significant difference (asterisk) was found
between the computer BPE scores of patients that developed cancer and those of benign or negative
patients for the minimal and mild radiologist BPE rating groups (p < 0.05, t-test). Positive
correlations between the computer BPE scores and radiologist BPE ratings, including all breasts
of all patients, were statistically significant (p < 0.001, t-test). Additional results of the associated
Kendall rank correlations are in Table 4.5. (Npatients = 313, Nscans = 490, Npreasts = 980)
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Computer BPE Scores of High-Risk Screening Patients
Includes Both Breasts from First Prior Scan
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Figure 4.5: Based on the first prior scans only, a statistically significant difference (asterisk) was
found between the computer BPE scores of patients that developed cancer and those of benign or
negative patients for the mild radiologist BPE rating group (p < 0.05, t-test). Positive correlations
between the computer BPE scores, including all breasts of all patients, and radiologist BPE ratings
were significant (p < 0.001, t-test). Additional results of the associated Kendall rank correlations
are in Table 47. (npatients = 178, Nscans = 178, Nbreasts = 356)

4.3.2 Classification of BPE Level Using Computer BPE Scores
As with the previous dataset of diagnostic scans (refer to Section 3.6), the computer BPE scores
calculated from the high-risk screening dataset performed well in many of the binary BPE level
classification tasks (Table 4.8). In the marked versus minimal BPE classification, computer BPE
scores performed statistically significantly greater than random guessing for most of the breast
regions scored (Table 4.8). We failed to show statistical significance greater than random guessing
for the computer BPE scores of the unaffected breasts of the cancer patients and each of the breast
regions for the patients with benign lesions (Table 4.8). The high versus low BPE task was
expected to have lower performance than the marked versus minimal BPE task due to the difficulty

in the task of distinguishing between the intermediate levels relative to distinguishing the two
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extreme levels of BPE. Overall, the computer BPE scores yielded greater AUC results for the
marked versus minimal BPE task than the high versus low BPE task (Table 4.8). The results
showed that computer BPE scores from the patients in the combined benign and negative group,
all patients, and the negative patients only each performed statistically significantly greater than
random guessing, however the patients with known benign or cancer lesions failed to perform
statistically significantly greater than random guessing in many of the classification tasks (Table
4.8). In some cases, the AUC could not compute due to a complete overlap of values in each group.
Table 4.8: Results of ROC analysis for computer BPE scores in BPE level classification on the
independent dataset. Computer BPE scores were calculated from diagnostic and first prior MRIs,
when available. High BPE includes marked or moderate BPE, and low BPE includes mild or
minimal BPE. Raw, uncorrected p-vales from the z-test are reported in the table. Asterisks on AUC

results indicate performance statistically significantly greater than random guessing. Statistical
significance of the AUCs was assessed using the Bonferroni correction for multiple comparisons.

(No. MRI scans) Breast

[minimal, mild, Region Marked vs. h/fnimal BPE AUC High vs. Low BPE
moderate, marked] Scores *+SE AUC £ SE
All patients Both 0.865 + 0.029 (p = 1.47e-35) *  0.731+0.017 (p = 1.11e-40) *
(2222::‘3335” Right 0.907 + 0.028 (p = 8.11e-47) *  0.741% 0.024 (p = 6.22e-24) *
[161, 185, 117, 27] Left 0.850 + 0.045 (p = 1.33e-14) *  0.726 + 0.025 (p = 1.53e-19) *
Both 0.871+0.097 (p = 1.37e-4) * 0.590 + 0.105 (p = 0.395)
Developed Cancer Right 0.908 +0.114 (p = 3.32e-4) *  0.856 = 0.089 (p = 6.54e-5) *
(?{;iii“i i%;" Left 0.908 + 0.114 (p = 3.32¢-4) * 0.506 + 0.168 (p = 0.973)
[6,8,2, 1] Affected 0.908 + 0.114 (p = 3.32e-4) * 0.795 + 0.133 (p = 0.026)
Unaffected 0.784 +0.211 (p = 0.179) Could not compute
Negative and Benign Both 0.867 £ 0.030 (p = 3.61e-35) *  0.738 £ 0.017 (p = 3.07e-42) *
(2:::::“;4%;” Right 0.909 + 0.029 (p = 2.29e-46) *  0.742 +0.024 (p = 1.13e-23) *
[155, 177, 115, 26] Left 0.854 + 0.046 (p = 1.70e-14) *  0.737 +£0.025 (p = 3.22e-21) *
Benign lesions Both Could not compute 0.651 +0.061 (p = 0.013) *
(npa“e”ts_: L7, Affected Could not compute 0.690 + 0.085 (p = 0.025)
Nscans = 26)
[4,8,12,2] Unaffected Could not compute 0.650 + 0.089 (p = 0.091)

73



Table 4.8 (continued): Results of ROC analysis for computer BPE scores in BPE level
classification on the independent dataset.

(No. MRI scans) Breast

L . : Marked vs. Minimal BPE AUC High vs. Low BPE
[minimal, mild, Region
+SE AUC + SE
moderate, marked] Scores
Negative Both 0.891 +0.035 (p = 4.02e-29) *  0.755 + 0.025 (p = 1.15e-24) *
(npaﬁemiz 286, Right 0.902 +0.031 (p=2.75e-39) *  0.746 + 0.025 (p = 5.90e-23) *
Nscans = 447)
[151, 169, 103, 24] Left 0.891 £ 0.035 (p =4.02e-29) *  0.755 + 0.025 (p = 1.15e-24) *

4.3.3 Influence of Magnet Strength on Independent Set of Computer BPE Scores
Additionally, we checked for differences in computer BPE scores across MRI magnet strengths
(Figure 4.6). As was true for the original dataset of diagnostic patients (refer to Section 3.7), we
failed to show a statistically significant difference between the computer BPE scores for 1.5T and
3.0T for all patients (p = 0.300, t-test), for only patients that developed cancer (p = 0.243, t-test),
and for only patients that were negative or benign (p = 0.204, t-test).

Computed BPE Scores of High Risk Screening Patients
Includes Both Breasts from Diagnostic & First Prior Scans
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1.5T (n =180) 3.0T (n =800)

Magnetic Field Strength
Figure 4.6: Computer BPE scores (second post-contrast subtraction MIP) for each magnet field
strength, including all breasts from all scans available for all patients. (Npatients = 313, Nscans = 490,
Noreasts = 980) The results of the t-tests failed to show a statistically significant difference between
magnet strengths for each group of patients (p > 0.05).
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We have previously speculated that radiologists more familiar with 1.5T enhancement
appearance may have overestimated BPE ratings as the use of 3.0T scanners increased in the clinic
between 2005-2017 (refer to section 3.7). Therefore, we assessed the prevalence of each magnet
strength used for the high-risk screening dataset (2009-2022) and, further, the prevalence of each
radiologist BPE rating by magnet strength. Figure 4.7 demonstrates the prominent use of 3.0T for
this dataset, which we would expect to reduce potential effects of magnet strength on the
radiologist perception of BPE levels. The results shown in Figure 4.8 shows the prevalence of
radiologist BPE ratings assigned for each magnet strength. The distribution of each radiologist
BPE rating assigned across magnet strengths suggests that after an adjustment period, radiologists
may have been able to more consistently assign BPE ratings to images acquired with either magnet
strength. However, this remains speculative until a reader study with patients matched across

magnet strengths may be performed.

MRI Magnet Strength Over Time
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Figure 4.7: Histogram of the number of cases acquired using either 1.5T or 3.0T DCE-MRI over
the time period of the high-risk screening MRI dataset (Npatients = 313, Nscans = 490).

75



Prevalence of BPE Ratings by Magnet Strength
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Figure 4.8: Prevalence of each radiologist BPE rating in the high-risk screening dataset (Npatients =
313, nscans = 490), split by magnet strength.

4.4 Change in Radiologist and Computer BPEs from Prior to Diagnostic Scan
Radiologist BPE ratings and computer BPE scores may change between the first prior and the most
recent diagnostic scans. Figure 4.9 shows the radiologist BPE ratings assigned to each patient at
their diagnostic scan and, if available, first prior scan. Based on the technique used in [117], we
investigated the trend for changes in radiologist BPE ratings from the first prior to the scan at
diagnosis. Given that we had at most one prior scan available for each patient, the line of best fit
for each patient’s change in BPE rating was exactly linear between the two datapoints available.
The varying time between scans for each patient was accounted for in the horizontal component
of the slope, and the vertical difference in each BPE rating was calculated in single unit increments
(i.e., mild to moderate is +1, marked to mild is -2). By removing the y-intercept from the line of
best fit, we could assess the relative trend for BPE levels from the first prior to the diagnostic scan
for all patients and, further, whether there was a difference in the average trends for cancer versus
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negative and benign patients (Figure 4.10). The same technique was used to investigate the
computer BPE scores calculated from the first prior and diagnostic scans (Figure 4.11 and Figure
4.12), however the vertical slope component was based on the exact computer BPE scores that
were calculated as unique values.

Based on the radiologist BPE ratings and the computer BPE scores, the results failed to
show a statistically significant difference between the average trends for cancer patients or benign
and negative patients (Figure 4.10 and Figure 4.12). For the computer BPE scores, there was a
slight increase in the average trend for the cancer cases more than the negative or benign cases
(Figure 4.12). Although we failed to demonstrate statistically significant results, we speculate that
computer BPE scores may increase when radiologist BPE ratings do not in patients that developed
cancer. This demonstrates the potential for the computer BPE scores to predict an increase in BPE,

which is known to be associated with an increased risk of breast cancer.

BPE Ratings at First Prior and Diagnostic Scan
All Patients (n = 313)
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Figure 4.9: Radiologist BPE ratings assigned to each patient at the diagnostic scan and, if available,
first prior scan. A single point indicates a patient that had only one scan; lines connect scans for
each patient. (Npatients = 313)

77



1

Change in Radiologist BPE Rating

1

Computed BPE Score

©
w
T

o
o
:

'
—
T

St

Change in Radiologist BPE Rating from First Prior to Diagnostic Scan
(Time Between Scans Varies Between Patients)

5p -

Developed Cancer (n = 10) -

Benign or Negative (n = 303) -

o

First Prior Scan Diagno;tic Scan
Figure 4.10: Change in radiologist BPE ratings assigned at first prior scan to the scan at diagnosis.
Includes only patients with two scans available (Npatients = 177). Dashed lines represent each patient
trend, solid lines are the average trends for each group, and the standard deviation of the trends is
shaded around the average.

BPE Scores at First Prior and Diagnostic Scan
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Figure 4.11: Computer BPE scores calculated for each breast at the diagnostic scan and, if
available, first prior scan for each patient. A single point indicates a patient that had only one scan;
lines connect scans for each patient. (Npatients = 313)
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Figure 4.12: Change in computer BPE scores calculated at the first prior scan to the scan at
diagnosis. Includes only those patients with two scans available (Npatients = 177). Dashed lines
represent each patient trend, solid lines are the average trends for each group, and the standard
deviation of the trends is shaded around the average.

4.5 Radiologist and Computer BPE in Predicting Future or Current Cancer
Exploratory ROC analysis was performed using the proper binormal model for binary
classification tasks of distinguishing cancer versus negative and benign patients using computer
BPE scores and radiologist BPE ratings of diagnostic or first prior scans; clinical diagnosis at the
time of the most recent diagnostic scan served as truth for these analyses (Figure 4.13). [108] The
statistical significance of the area under the ROC curve (AUC) relative to random guessing was
determined using the z-test with Bonferroni corrections for multiple comparisons. [98] Table 4.9

contains the statistical results for the classification tasks demonstrated in Figure 4.13.
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Figure 4.13: Visual representation of the exploratory ROC analysis performed using radiologist
BPE ratings and computer BPE scores of the diagnostic or first prior scans in binary classification
tasks of cancer versus non-cancer diagnoses. Figure 4.14 and Table 4.9 contain the associated
AUC results.

Based on our observed trend of computer BPE being greater in cancer cases than in non-
cancer cases (Figure 4.4 and Figure 4.5), in addition to the known association of stronger BPE
presentation in patients that have developed cancer, we predicted the computer BPE scores would
perform well in classification tasks between cancer and non-cancer cases. However, the statistical
power of the results would be limited due to the limited number of cancer patients in the dataset.
Given that we have aimed to assess the role that computer BPE scores may have in clinical risk
assessment, the results we have based on prior scans only were of particular interest. For a breast
cancer screening MRI, a potential “affected” breast is unknown, so the computer BPE scores of
both breast regions were investigated.

The AUC results for the prediction of future cancer based on the first prior scan (tasks 1-3

in Figure 4.14) showed that the computer BPE scores calculated for both breasts or for the
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unaffected breast performed statistically significantly greater than random guessing in cancer
versus non-cancer classification, however the computer BPE scores failed to outperform random
guessing for the affected breast (Table 4.9). For the same set of patient scans, the radiologist BPE
ratings failed to perform statistically significantly greater than random guessing in the task of
distinguishing between cancer and non-cancer diagnosis (tasks 1-3 in Table 4.9). Based on the
diagnostic scan (tasks 4-6 in Figure 4.14), AUC results showed that the computer BPE scores
calculated for both breasts or for the unaffected breast performed statistically significantly greater
than random guessing in cancer versus non-cancer classification, however the computer BPE
scores failed to outperform random guessing for the affected breast only (Table 4.9). For the same
set of patient scans, the AUC for the radiologist BPE ratings could not compute due to a complete
overlap of values in each group, thus the radiologist BPE ratings failed to perform statistically
significantly greater than random guessing (tasks 4-6 in Table 4.9). These results further
demonstrate the potential for computer BPE scores to be a useful addition to image-based breast

cancer risk assessment models developed in the future.
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Figure 4.14: AUC results of the exploratory ROC analysis introduced in Figure 4.13. The most
clinically relevant task is indicated by the dashed outline. ROC analysis was performed using
computer BPE scores (“Comp”) and radiologist BPE ratings (“Radiol”) of the diagnostic or first
prior scans in binary classification tasks of cancer versus non-cancer diagnosis. Asterisks indicate
AUC values statistically significantly greater than random guessing after Bonferroni correction for
three comparisons. AUC result displayed as “0.5” when ROC failed to compute to due a complete
overlap of values in each group. Table 4.9 contains additional details associated with the
exploratory ROC analysis.

Table 4.9: Exploratory results from ROC analysis using computer BPE scores or radiologist BPE
ratings in various tasks. Data corresponds to Figure 4.13 and Figure 4.14. Raw, uncorrected p-
vales from the z-test are reported in the table. Asterisks indicate AUC statistically significantly
greater than random guessing. Statistical significance of the AUCs was assessed using the
Bonferroni correction for three comparisons. For negative patients, the greatest of both breast
scores for each patient were selected for the ‘affected’ breast comparisons. (n = number of scans)

“Positive class” |“Negative class” Breast Radiologist Computer
Task Truth for ROC for region(s) BPE rating BPE score
analysis ROC analysis 9 AUC +SE AUC = SE
Distinguishing, Both 0.500 +0.089 | 0.665 +0.062
based on BPE of Clinical First prior scan . . (p=0.997) (p=825e-3) *
first ori di is f f patients that First prior scan
'ert prior scan, d_lagnostl_s rom dO Pla 'eTjsf ta of negative and | jnaffected 0.500 £0.089 | 0.778 £0.082
uture cancer iagnostic scan | developed future benign patients (p = 0.997) (p=7.08e-4) *
diagnosis vs. (either cancer or cancer (n = 170)
future non-cancer | negative/benign) (n=8) - Affected | 0-200+0.089 | 0.574 £0.085
diagnosis (p=0.997) (p=0.381)
istinaichi Could not 0.650 £ 0.056
Distinguishing, Clinical ; ; ; ; Both compute (p=7.62¢-3) *
based on BPE of diaqnosis from Diagnostic scan | Diagnostic scan p p
diagnostic scan, 1agnost: of patients with | of negative and Could not 0.718 £0.071
- . diagnostic scan - - Unaffected _
cancer diagnosis - known cancer | benign patients compute (p=2.10e-3) *
(either cancer or -9 =303
Vs. non-cancer negative/benign) (n=9) (n=2303) Affected Could not 0.587 +£0.092
diagnosis compute (p =0.349)
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Although our dataset of cancer patients was limited, we performed supplementary
exploratory ROC analysis between the first prior and diagnostic scans and the affected and
unaffected breasts (tasks 7-14 in Figure 4.15). Table 4.10 contains the statistical results for the

additional classification tasks demonstrated in Figure 4.15.
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Figure 4.15: Visual representation of the supplementary exploratory ROC analyses performed

using computer BPE scores and radiologist BPE ratings of the diagnostic or first prior scans in
various binary classification tasks. Table 4.10 contains the associated AUC results for tasks 7-14.

Using the computer BPE scores or radiologist BPE ratings of the unaffected breast and
affected breast failed to perform statistically significantly greater than random guessing in
distinguishing diagnostic and prior scans of the patients that developed cancer (tasks 7-8, Table
4.10). Computer BPE scores and radiologist BPE ratings also failed to perform statistically
significantly greater than random guessing in distinguishing the affected breast at diagnosis against
the affect breast at the first prior scan for patients that developed cancer (task 9, Table 4.10). Using
computer BPE scores and radiologist BPE ratings of the first prior scan of patients that developed
cancer failed to perform statistically significantly greater than random guessing in distinguishing
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the breast that would develop a future cancer from the unaffected breast (task 10, Table 4.10).
Using computer BPE scores and radiologist BPE ratings of the diagnostic scan of patients that
developed cancer failed to perform statistically significantly greater than random guessing in
distinguishing the affected breast from the unaffected breast (task 11, Table 4.10).

An increase of BPE from first prior to diagnostic scan would be expected for patients that
developed cancer, however, classification performance based on both breasts failed to outperform
random guessing using the computer BPE scores and radiologist BPE ratings in the task of
distinguishing prior and diagnostic scans of patients that developed cancer (task 12, Table 4.10).
Although no change in BPE would be expected from first prior to diagnostic BPE for negative and
benign cases, the AUC result from computer BPE scores was statistically significantly greater than
random guessing in distinguishing prior and diagnostic scans of negative and benign patients; the
radiologist BPE ratings failed to perform statistically significantly greater than random guessing
for the same task (task 13, Table 4.10). Using the computer BPE scores of both breasts, including
both diagnostic and prior scans, results showed performance statistically significantly greater than
random guessing in distinguishing the patients that developed cancer from the negative and benign
patients (task 14, Table 4.10).

Table 4.10: Supplementary exploratory results from ROC analysis using computer BPE scores or
radiologist BPE ratings in various tasks. Data corresponds to Figure 4.15. Raw, uncorrected p-
vales from the z-test are reported in the table. Asterisks on AUC values indicate statistically

significantly greater than random guessing. Statistical significance of the AUCs was assessed using
the Bonferroni correction for multiple comparisons. (n = number of scans)

“Positive class” |“Negative class” Breast Radiologist Computer
Task Truth for ROC for region(s) BPE rating BPE score
analysis ROC analysis AUC = SE AUC < SE
Distinguishing, Unaffected Unaffected
using BPE, breast on breast on first
unaffected breast Prior or diagnostic scan prior scan of Unaffected 0.540+0.155 | 0.507 +0.116
at diagnosisvs | diagnostic scan | of patients with patients that (p=10.795) (p=0.954)
unaffected breast known cancer | developed future
at first prior (n=9) cancer (n = 8)
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Table 4.10 (continued): Supplementary exploratory results from ROC analysis using computer
BPE scores or radiologist BPE ratings in various tasks. Data corresponds to Figure 4.15.

benign patients

“Positive class” |“Negative class” Breast Radiologist | Computer BPE
Task Truth for ROC for region(s) BPE rating score
analysis ROC analysis 9 AUC = SE AUC £ SE
Distinguishing, Affected breast | Affected breast
using BPE, on diagnostic on first prior
8 cancer-affected Prior or scan of patients | scan of patients Affected 0.540 £ 0.155 0.615+0.115
breast at diagnosis | diagnostic scan with known that developed (p=0.795) (p=0.316)
vs cancer-affected cancer future cancer
breast at first prior (n=9) (n=28)
Distinguishing, Affected breast Unaffected
using BPE, on diagnostic breast on first
9 cancer-affected Prior or scan of patients prior scan of single 0.540 £ 0.155 0.576 £0.114
breast at diagnosis | diagnostic scan with known patients that (p =0.795) (p=0.504)
vs. unaffected cancer developed future
breast at first prior (n=9) cancer (n = 8)
Distinguishing, Affected breast Unaffected
using BPE of first on first prior breast on first
10 prior, breast side Affected or scan of patients prior scan of Single 0.500 + 0.006 0.501 £0.120
with future cancer | unaffected sides | that developed patients that (p =0.999) (p =0.993)
vs. contralateral future cancer | developed future
unaffected breast (n=8) cancer (n = 8)
Distinguishing, Affected breast Unaffected
using BPE of on diagnostic breast on
11 diagnostic scan, Affected or scan of patients | diagnostic scan Single 0.500 +0.001 0.546 £0.135
breast with cancer | unaffected sides with known of patients with (p=0.999) (p=0.734)
vs. contralateral cancer known cancer
unaffected breast (n=9) (n=9)
Distinguishing,
using BPE of Diagnostic scan | First prior scan
1o | scans of patients Prior or of patients with | of patients that Both 0.540 £ 0.155 0.540 + 0.080
that developed diagnostic scan | known cancer |developed cancer (p=0.795) (p=10.612)
cancer, first prior (n=9) (n=28)
vs. diagnostic scan
Dulssitrllrg]]glglPSEIggl ) Diagnostic scan | First prior scan
13| neaative/beni Prior or of negative/ of negative/ Both 0.518 £0.029 0.542 +£0.015
QAUVEIDENIIN 1 yiagnostic scan | benign patients | benign patients ° =0.548 =6.14¢-3) *
gnos gnp gnp 0 ) i )
patients, first prior (n=303) (n=170)
vs. diagnostic scan
Distinguishing, . .
using BPE of all Diagnostic and Dlagnqstlc and
scans available Clinical first prior scans first prior scans
. ' . - - of patients that 0.500 + 0.068 0.763 +0.031
14 patients that diagnosis from | of patients that . Both _ -~ "
developed cancer | diagnostic scan | developed cancer| Vre negative/ (p=0999) | (p=06.54c-17)
ped ¢ g P benign
vs. negative/ (n=14) (n = 340)

4.6 Discussion

In this chapter, we presented an independent validation of the BPE scoring algorithm developed

in Chapter 3 using a new dataset of high-risk screening DCE-MRIs, and we reproduced the
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findings of the BPE scoring algorithm applied to the original dataset. The computer BPE scores
calculated on the new high-risk screening dataset failed to show a statistically significant
difference from the computer BPE scores calculated on the prior dataset. The computer BPE scores
of the new dataset showed statistically significantly positive correlation with the radiologist BPE
ratings and performed statistically significantly greater than random guessing in many of the binary
BPE level classification tasks, although the small number of cases that developed cancer limited
the statistical significance of those results in some groups. Including the computer BPE scores
calculated for all breasts from all scans available, and from the first prior scans only, there was a
statistically significant difference between the computer BPE scores of patients that developed
cancer and the computer BPE scores of negative or benign patients for the minimal or mild
radiologist BPE ratings; this indicates the potential for computer BPE to differentiate a future
cancer diagnosis from negative or benign diagnosis in patients with low BPE. We also assessed
the effect of magnet strength on BPE for the high-risk screening dataset. Over the course of the
dataset time period, there was a prominent increase in the use of 3.0T versus 1.5T MRI. A more
consistent distribution of radiologist BPE ratings was assigned for each magnet strength than in
the initial dataset, and we failed to show a statistically significant difference between the computer
BPE scores calculated for each magnet strength.

The dataset in this chapter included first prior and subsequent diagnostic scans for 177
patients, so we investigated the change in radiologist BPE ratings and computer BPE scores from
the prior to diagnostic scans. The results failed to show a statistically significant difference
between the average trends for cancer and negative or benign patients, although there was a slight

increase in the average trend for the cancer cases more than the negative or benign cases. The role

86



of computer BPE in predicting cancer versus non-cancer was assessed in a number of exploratory
binary classification tasks. The BPE levels of both breast regions in the prior scan would be the
most clinically useful for predicting a screening patient’s future risk of cancer. We found that the
computer BPE scores of the prior scan performed statistically significantly greater than random
guessing in distinguishing cancer versus non-cancer scans, and the radiologist BPE ratings failed
to perform statistically significantly greater than random guessing in distinguishing cancer versus
non-cancer scans. Although further validation of the BPE scoring technique is required, these
exploratory results demonstrate the potential of computer BPE scores to predict a future cancer
from prior scans, and further, to be a useful addition to radiologist BPE ratings for breast cancer

risk assessment.

4.7 Limitations and Future Work
The analyses performed in this chapter were most notably limited by the small number of patients
that were known to develop cancer over the course of their screening MRIs performed at our
institution,; this restricted our exploratory ROC analysis to be evaluated against random guessing.
Also, we were limited to two scans per patient at most, which we considered the diagnostic and
first prior scan. In the future, similar investigations should be performed on a larger dataset,
including more prior scans per patient and more patients that were known to develop cancer. In
addition to strengthening the statistical power of the results, the investigations would be more
informative regarding the potential differences in how BPE levels change over time for patients
that develop cancer compared to those who remain negative or have benign diagnoses.
Additionally, the use of computer BPE scores calculated from the region containing both breasts,

in contrast to including computer BPE scores from individual breasts, should be assessed in cancer
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versus non-cancer classification tasks. Results of those investigations could provide information
on whether computer and radiologist BPE assessments would be more useful based on both breasts
or based on individual breasts.

The results of this chapter were limited by a few technical aspects of the BPE scoring
algorithm. For the electronic removal of the lesions prior to the BPE score computation, the
algorithm required the identification of the lesion on the radiologist report and, further, the
existence of the associated FCM segmentation. In some patients, there may have been a previously
identified benign lesion that remained stable and was unreported on the scan being evaluated in
our study, thus some lesions may still be present in the regions used for calculating computer BPE
scores. Additionally, the breast segmentation was limited. In two cases, the mask for the left breast
was empty or restricted to a very small region; neither was due to prior mastectomy. In the future,
the segmentation performance could be improved to produce more accurate breast masks. The
masks could potentially exclude major vasculature, and ideally, the segmentation algorithm would
include lesion segmentation from the breast regions without the previously identified FCM
locations. Future investigations that include larger datasets would reveal more information about
the potential role for computer BPE scores in predicting cancer and could therefore motivate
computer BPE scores to be combined with radiologist BPE ratings and other known risk factors in

a risk assessment model.
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CHAPTER 5
SUMMARY AND FUTURE DIRECTIONS

In summary, the novel contribution of this work has been the development of a machine learning
algorithm for computer background parenchymal enhancement (BPE) assessment that includes the
electronic removal of lesions. This work is particularly important in regard to breast cancer
screening, especially for high-risk patients, and is motivated by the need for a deeper
understanding of how breast magnetic resonance imaging (MRI) can be used for diagnosis and
risk assessment in order to develop useful artificial intelligence (Al) systems. A crucial component
of Al systems is proper segmentation of lesions and other breast regions before extraction of new
quantitative values for clinically significant quantities.

In Chapter 1, we reviewed the development of breast imaging technologies and the
advancement of computational power that have contributed to an evolution of Al in breast cancer
screening practices. Al methods continue to be developed with the aim to improve the efficacy
and efficiency of image interpretation. Many breast cancer Al systems are based on human-
engineered or deep learning methods, and such Al systems serve as concurrent or secondary
readers to the radiologist. Future advances in Al will allow the radiologists’ role to be enhanced
as they integrate multi-modality computer outputs with medical findings, however various
challenges need to be addressed, including explainability, repeatability, and generalizability.
Overall, we reviewed the growth of Al methods applied to breast cancer screening with a focus on
providing a significant clinical benefit. In addition to aiding radiologist decision-making, various
techniques for detection, diagnosis, and risk assessment can contribute to improved breast health

care management.
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In Chapter 2, we investigated the performance of various methods for segmentation of
breast lesions and breasts from DCE-MRI. Under the conditions where a radiologist truth was
unavailable to use for lesion segmentation performance evaluations, we employed a well-
established FCM clustering approach to evaluate the U-Net CNN results. The results of the
investigations demonstrated that using a 2D U-Net to yield quasi-3D segmentation of breast lesions
from post-contrast subtraction DCE-MRIs statistically significantly outperformed a 3D U-Net,
relative to the FCM reference. Additionally, compared to the radiologist, the 2D U-Net statistically
significantly outperformed the 3D U-Net and FCM, thus, 2D U-Net could be an effective
alternative to more complex segmentation techniques. Future investigations of U-Nets applied to
breast cancer screening may be focused on identifying lesions from the whole breast, rather than
from a pre-defined region of interest. Additionally, investigations of breast segmentation may be
expanded upon by using a more complex U-Net, potentially for volumetric breast segmentation,
or for identifying fibroglandular tissue and vasculature. Each of these segmentation techniques
could then be integrated within an algorithm similar to the one developed in the following chapter.

In Chapter 3, we evaluated radiologist and computer background parenchymal
enhancement assessment on DCE-MRI. We developed an automatic computer BPE scoring
method that mimics radiologist visual assessment of BPE and includes electronic removal of lesion
enhancement. We investigated computer BPE scores calculated from different breast regions and
evaluated the effect of varying image types and magnet strengths on the computer BPE scores.
The results of the investigations demonstrated performances statistically significantly greater than
random guessing using the computer BPE scores in BPE level classification tasks across various

viewing projections and DCE timepoints. We found a statistically significant positive correlation
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between the computer BPE scores and the qualitative, radiologist-reported BI-RADS ratings of
BPE; future investigations could include the correlation of the computer BPE scores with
qualitative BI-RADS ratings of fibroglandular tissue (FGT), quantitative values calculated for
FGT, mammographic breast density, and mammographic radiomic features. Although our method
for BPE scoring accounted for some of the potential variations between manufacturers by
including image rescaling, our images were acquired with a consistent protocol, so the robustness
against other manufacturers or alternative protocols (e.g., abbreviated MRI) needs to be evaluated.
Additionally, the MRI signal for different contrast agents may vary due to magnet strength or the
hormonal activity of the patient; the influence of those factors on the BPE scoring technique should
be evaluated.

In Chapter 4, the role of BPE in predicting breast cancer was explored. An independent
validation of the BPE scoring algorithm developed in Chapter 3 was performed on an independent
dataset of high-risk patients that underwent screening MRI. We reproduced the findings of our
BPE scoring algorithm produced in the original dataset of diagnostic patients on an independent
dataset of high-risk screening patients. On the independent dataset, the computer BPE scores
demonstrated statistically significant positive correlations with radiologist BPE ratings and the
computer BPE scores performed statistically significantly greater than random guessing in BPE
level classification tasks. Although our high-risk screening dataset included a limited number of
patients that were known to develop cancer over the course of screening, in patients with low
radiologist BPE ratings there was a statistically significant difference between the computer BPE
scores of patients that developed cancer and those of non-cancer patients. The results of our

exploratory ROC analyses showed the potential for computer BPE scores to predict future cancer
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from first prior scans. Further evaluation of the change in BPE over the course of more than two
scans, and for a larger number of patients that developed cancer, would produce more convincing
results. Future investigations involving enriched datasets with more cases with cancer outcomes
would expand our understanding of the role that the computer BPE scores can have in predicting
cancer. Further, the computer BPE scores could be combined with other quantitative and
qualitative image-based values, along with known risk factors (e.g., genetic mutation status,
history of breast disease, etc.) to potentially improve the predictive value of clinical risk models in
the future.

In conclusion, this dissertation demonstrated the potential of Al in breast cancer screening,
specifically for DCE-MRI, including lesion segmentation, background parenchymal enhancement
evaluation, and prediction of future breast cancer. Ultimately, this work has the potential to
encourage future incorporation of quantitative breast image analysis into the clinical workflow for

radiologists and to improve patient care.
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