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Abstract

Breast MRI is a critically important tool in screening for cancer in high-risk women,
assessing the extent of known cancers, and in evaluating the integrity of breast implants. It also
shows promise for evaluating therapy response. Emerging advanced techniques in breast MRI
include abbreviated screening protocols and simultaneous PET/MR. However, there are several
technical challenges which limit breast MRI. First, breast MRI generally compromises on image
quality to reduce imaging time. Recent developments in deep learning MRI reconstructions may
reduce the need for compromise. However, there is no existing research using these reconstruction
techniques in a breast setting. Second, abbreviated breast protocols require highly optimized
workflows to achieve their stated goal of shortened exam times. Elements of current breast MRI
setup are performed manually by MR technologists, are prone to errors, and subject to intra- and
inter-operator variability. Automated methods could allow for more rapid and consistent image
setup, but such techniques do not currently exist for breast MRI. Third, simultaneous PET/MR of
the breast requires administration of both a PET radiotracer and a gadolinium-based contrast agent.
Gadolinium is a heavy metal and there is concern that it may attenuate PET annihilation photons
and bias quantification of radiotracer uptake.

Three chapters in this work are dedicated to addressing each of the challenges just
introduced. First, a deep learning reconstruction was applied to existing and novel breast MR
sequences, and the specific benefits to image quality were assessed. Second, an automated method
for breast MR imaging setup was developed, and its performance compared to that of human users.
Third, the impact of gadolinium-based contrast agents on PET radiotracer uptake measurements

was quantified.



MRI is also a sensitive tool for detection of lesions in the abdomen. Specifically, diffusion
weighted imaging provides a measure of tissue microstructure which can help distinguish
cancerous and normal tissues. Current clinical diffusion weighted imaging allows for a mostly
qualitative assessment of diffusion. Quantification through the apparent diffusion coefficient or
other diffusion metrics can provide additional insight into tissue microstructure. However, such
quantification in the abdomen is particularly difficult due to motion-induced artifacts. While
methods to help suppress these artifacts exists, they have been limited to specific scanner hardware
configurations. The final chapter in this work describes the implementation of motion-robust
diffusion methods on scanners with multiple hardware configurations. The reproducibility of
quantitative diffusion metrics across different scanners with different hardware was also assessed.

Overall, the work presented in this thesis made substantial progress in overcoming the

challenges of advanced MR imaging techniques in the breast and abdomen.
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Thesis Outline

This dissertation will cover work that falls into one of two main categories: 1) advances in
breast MRI or 2) advances in abdominal diffusion weighted imaging (DWI). Traditionally, a
dissertation would present all the introductory information at the beginning, followed by all the
novel scientific contributions, and end with closing remarks. However, due to the two distinct
categories of this work, this dissertation will be split into two parts. It is my intent that this decision
will aid in the comprehension of this work.

In Part I, an overview of breast MRI and advanced breast MRI techniques relevant to this
dissertation’s content is discussed. Then, the novelty and significance of this dissertation in the
setting of breast MRI is presented. The main body of Part | consists of three chapters detailing the
major scientific contributions of this work to breast MRI.

Part Il is structured similarly to Part | but focuses on the advancements made in DWI of
the abdomen. An introduction is presented followed by a brief outline of the novelty and
significance in the setting of abdominal DWI. The main body of Part Il will introduce in detail the
major scientific contributions of this work in regard to abdominal DWI. Part Il will conclude with
a summary of the entire dissertation and a discussion potential future work that logically follows

from this dissertation.



Part |

Advances in Breast MRI



Chapter One

Introduction

1.1 Breast MRI and Its Challenges
1.1.1 Breast MRI

The American Cancer Society estimates that 1 out of 8 women will develop breast cancer
in their lifetime! and MRI plays an important role in breast cancer care. MRI is recommended for
breast cancer screening in high-risk populations, for evaluating extent of known disease, and as an
accurate method to assess response to neoadjuvant therapy?*. Typical MRI protocols for breast
imaging include the following acquisitions: T1-weighted (T1w) dynamic contrast enhanced
(DCE), T2-weighted (T2w), and T1w without fat saturation. Diffusion weighted imaging may also
be included. Of these acquisitions, DCE MRI provides the greatest sensitivity for detecting breast
cancer>~’. The DCE consists of a single pre-contrast phase and multiple post-contrast phases of

T1w imaging, which allows for assessment of tissue enhancement over time.

1.1.2 T2w Imaging and Protocol Compromises

T2w imaging is used in tandem with DCE MRI to detect T2 hyperintense findings, such as
cysts, lymph nodes, and edema. T2 hyperintensity assists radiologists in differentiating benign and
malignant findings; benign findings, such as fibroadenomas, are more likely to appear
hyperintense on T2w images whereas malignant findings are most often isointense or hypointense.

T2w imaging requires time-consuming acquisitions with long repetition times, which can lead to



3
patient discomfort and motion-related artifacts. Breast radiologists generally prefer to compromise
on signal-to-noise ratio (SNR) and spatial resolution to achieve shorter acquisition times. While
T1lw DCE images frequently acquire sub-millimeter in-plane spatial resolution, T2w imaging is
often limited to resolutions well above one millimeter. As an example, at the University of
Wisconsin-Madison, the DCE acquisition has a matrix of 448 x 448 while the T2w acquisition has
a 288 x 288 matrix. Both have a typical field of view around 32 cm. This results in a mismatch in
image characteristics when trying to compare Tlw and T2w images. T2w images are
comparatively blurry with decreased spatial detail associated with volume averaging of small
findings. Attempting to increase the spatial resolution while maintaining a reasonable acquisition

time results in prohibitively low SNR.

1.1.3 Abbreviated Breast Protocols

Cancer screening with abbreviated breast MR has seen rapid growth in the past few years®?,
Abbreviated breast exams use fewer sequences than conventional breast MRI, often including only
a T2w sequence and a truncated DCE sequence with a single post-contrast phase. The goal of
abbreviated breast MRI is to allow more individuals to benefit from cancer screening by reducing
the time and monetary cost of screening. While typical breast exams require 30 to 45 minutes to
complete, abbreviated protocols target much shorter imaging times. Depending on the exact
abbreviated protocol, this may be around 10 minutes or as little as 3 minutes. Achieving these
target exam times requires highly optimized imaging protocols and workflow. In contrast,
workflows that include highly-tailored, patient specific imaging can help mitigate image quality
issues such as unsuppressed fat caused by field inhomogeneities®*2. Although, this complex
workflow increases the technologist burden and takes substantial time to perform. Clinics are

forced to choose between quick workflows and workflows that provide robust image quality.



1.1.4 MR Pre-scan in Breast

Image quality in breast MRI is known to be highly variable. Clinical MRI vendors try to
maximize image quality for each acquisition using scan-specific system settings that can include
the x, y, and z linear shims, center frequency, transmit gain, and receive gain. Optimizing these
settings on a scan-by-scan basis helps to maintain image quality by preventing several sources of
potential artifacts. Consequences of poor system settings can include incomplete water excitation,
flip angle inaccuracy, image distortion, or fat suppression failure. For example, recent work by
Zhou et al. found a statistically significant relationship between the X, y, and z linear shims and
the quality of fat suppression in breast MRI*2, While their work focused on the linear shims, fat
suppression quality relies on the totality of scan-specific system settings. Breast MRI involves
complex anatomical geometry, a high number of air-tissue interfaces, and variable fat/water tissue
composition that makes determination of scan-specific settings challenging®2.

Typically, scan-specific settings are determined using a short system calibration, also
known as the pre-scan, at the start of each image series. Two general approaches to pre-scan exist.
Scan settings can be optimized globally across the entire scan volume or locally for a subregion
within that volume. Since the axial breast imaging volume includes the breast, heart, lungs, arms,
chest wall, and liver, the global approach may result in non-optimal settings for the breast tissue
itself. Local pre-scan has been shown to be beneficial in breast MR by helping to achieve, for
instance, a more homogenous BO field using bilateral (two independent) pre-scan volumes, one
for each breast!%1,

Selection of the breast tissue for local pre-scan can be done using a single or multiple pre-
scan volumes. Manually aligning these volumes to the individual patient anatomy in all three

dimensions is prone to error and intra- and inter-reader variability. The aforementioned work by
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Zhou et al. highlighted the variability in pre-scan placement by clinical technologists and how that
variability could impact scan-specific system settings and image quality*2.

Scan volume selection is similarly prone to error and variability. The American College of
Radiology (ACR) stipulates that the scan volume should be adequately positioned so that all of the
breast tissue including the axillary tail is covered*'4. Variability in scan volume selection can
contribute to variable image quality by affecting signal-to-noise ratio, image resolution, and
artifacts such as phase wrap. Thus, accuracy and consistency of scan volume placement are
necessary for high-quality breast MRI. However, as previously mentioned, this workflow often

conflicts with the strict scan time goals of abbreviated MR protocols.

1.2 Approaches to Improve Breast MRI
1.2.1 Deep Learning Reconstructions

Machine learning (ML) and the sub-field of deep learning (DL) have led to many
innovations and opportunities in the field of medical imaging®>%. ML and DL tools may help
minimize image quality compromises in T2w breast MRI. DL-based reconstruction algorithms are
particularly impactful and help to improve medical images via noise reduction, resolution
enhancement, and/or artifact suppression'’. DL reconstructions have been investigated for
neurological'®, musculoskeletal'®, abdominal?®, and cardiac MRI imaging?'. Despite their
promising results throughout the body, research into DL reconstructions for breast imaging is
lacking. Existing ML and DL research in breast MRI has largely focused on breast segmentation,
lesion segmentation, lesion classification, and prognosis as discussed in multiple review articles
on the topic?>23,

The paucity of research on DL reconstruction for breast MRI may be due, in part, to the

need for a large, diverse set of high-quality MR exams to serve as the ground truth. Compiling
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such a dataset is especially challenging in breast MRI due to the extensive anatomical variability.
Differences in breast size, density of fibroglandular tissue, presence of implants, implant type, and
tissue distribution must be accounted for. Many patients also have post-surgical changes (e.g.,
mastectomy) adding further complexity. Even with sufficient anatomical variability, the training
data would ideally need to encompass the range of expected acquisition parameters (TE, TR,
parallel imaging, matrix size, etc.) and hardware configurations (magnet strength, receive coil,
scanner model, etc.). Without this diversity, a change in acquisition protocol might require a
complete retraining of the DL algorithm which is unfeasible in a typical clinical setting.

A general-purpose DL algorithm such as the one introduced by Lebel?* may enable DL
reconstructions for breast MRI while simultaneously avoiding curation of extensive training data
and the time-consuming training process. Rather than being developed for a specific use (e.g., T2w
breast imaging), it is designed to offer general image quality improvements such as reduced noise,
decreased truncation artifact, and enhanced edge sharpness. The algorithm was trained on a dataset
of 4 million image pairs encompassing a broad variety of image content and contrasts. In theory,
this makes it compatible with many anatomical sites and acquisitions. The performance of the DL
reconstruction has been evaluated in anatomic settings including pituitary?®, cardiac?®, prostate?’,
and orthopedic hip and shoulder imaging?®. Notably, the model did not require re-training to
achieve increased image quality in these scenarios.

If the performance of DL in the breast setting mirrors its performance in other anatomical
sites, it may reduce protocol compromises (e.g., low spatial resolution) regularly required for T2w
breast MRI. However, there are unique challenges to overcome in breast imaging. As mentioned,
breast anatomy is highly variable between individuals with implants and post-operative findings

being common. In particular, T2w breast images have unique contrast with potentially very sparse
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areas of fibroglandular tissue over a dark, fat-suppressed background. This is distinct from other
anatomical regions previously investigated with this DL algorithm. Due to these idiosyncrasies,

performance of the DL algorithm in the setting of breast MR imaging is currently unknown.

1.2.2 Automated MR Volume Prescription

An automated method for scan and pre-scan volume placement in breast MR could limit
variability and reduce workload for MR technologists. Existing methods for scan volume
placement have been investigated in a limited number of anatomies outside of the breast. Atlas-
and template-based techniques have been shown in the brain?>%, knee®!, and liver®. Alternative
approaches use segmentation algorithms or feature localization3334. Ozhinsky et al. developed
placement of pre-scan volumes in addition to scan volumes to help with fat suppression during
spectroscopic imaging®*. These existing techniques are encouraging but may be challenging to
implement in breast. Atlas-based approaches would require extensive anatomical atlases to capture
the vast variation in breast anatomy. Implementation of other methods would require robust
segmentation or landmark identification which is difficult in breast due to the intermingling of
fibroglandular and fat tissue and lack of suitably consistent landmarks to guide volume placement.

More recently, machine learning approaches for automated scan volume placement using
deep, convolutional neural networks, a form of DL, have been demonstrated3>-3. However, these
highly anatomically specific networks do not address the placement of either single or multiple
pre-scan volumes. Another limitation of existing approaches is the lack of uncertainty given with
their predictions. There is a growing need in uncertainty estimates which would assist
interpretation of DL predictions®. Knowing when a DL prediction is certain of its output and when

it is merely guessing would provide users an idea of the trustworthiness of a given outcome.



8
Techniques such as Monte Carlo dropout can provide uncertainty estimates but are not

incorporated into the existing deep learning placement models*®-44,

1.3 Simultaneous PET/MR of the Breast

Simultaneous PET/MR is a hybrid imaging modality with applications in oncology,
cardiology, and neurology“®. For breast cancer, combined PET and MR data have been studied as
a potential source for novel biomarkers useful in tumor staging, prognostication, and therapy
response prediction®6-50, Although, the development and validation of quantitative PET/MR
imaging biomarkers is contingent on accurate methods for quantification of radiotracer uptake.

Loss of coincident 511 keV photons due to absorption from different depths within the
body contributes to quantitative errors in PET imaging if attenuation correction is not performed
during PET data reconstruction. While attenuation correction for PET/CT imaging is based on the
CT data, attenuation correction in a combined PET/MR system must be accomplished using
dedicated MR imaging (MRAC) to derive attenuation maps (1-maps). Most MRAC methods
include automatic segmentation of MR images followed by assignment of attenuation coefficients
(segmentation methods) or registration of MR images to an MR/CT atlas which can be used for
pseudo-CT generation (atlas methods). The challenges of MRAC and the various methods for
MRAC generation are discussed in various review articles®%2, Recently, machine-learning based
solutions have also been demonstrated®3. It is important to evaluate potential intrinsic and extrinsic
factors influencing attenuation of PET annihilation photons for accurate quantification of

radiotracer uptake using PET/MR imaging.



1.3.1 Potential Attenuation via Gadolinium Contrast Agents

Gadolinium-based contrast agents (GBCASs) are used in MR imaging to enhance T1-
weighted contrast and identify tissue with altered perfusion such as invasive cancers or cardiac
perfusion defects®*°5. For DCE breast MRI, use of GBCAs is required to achieve high sensitivity
for cancer detection (90-99%)°6-%8, Gadolinium (Gd) is a rare-earth heavy metal element with a
high atomic number (Z=64) and the primary functional component of any GBCA. Thus, GBCAs
have the potential to attenuate annihilation photons causing loss in the PET signal. For hybrid
PET/MR using DCE imaging, questions have arisen regarding possible effects of GBCAs on PET
quantitative accuracy*”:59-62,

GBCAs dilute following initial injection but could be at a high enough concentration
immediately after injection to introduce an apparent decrease in radiotracer uptake. As a “worst-
case scenario”, one study estimated a maximum GBCA concentration in the left ventricle of 70
mM based on a 20 mL bolus of 0.5 M GBCA diluted within the average end diastolic left ventricle
volume of 150 mL and that the concentration would diminish over 30 to 50 s%°. Attenuation by
GBCAs may be particularly relevant to 1) dynamic PET acquisition protocols due to the initial
influx of contrast occurring in a single short time frame and 2) for breast and pulmonary PET/MR
imaging since the field-of-view includes the heart where GBCA will be near its highest
concentration. Ultimately, an apparent decrease in radiotracer uptake would lead to
underestimation of PET metrics such as standardized uptake values, SUVmean and SUVmax, and
prevent accurate pharmacokinetic modeling.

None of the standard MRAC techniques incorporate attenuation due to GBCAs. The
mechanism by which GBCAs are responsible for enhanced contrast in T1-weighted MRI (local

magnetic field increase with shortening of the T1 relaxation time) is independent of the mechanism
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of attenuation (photon-matter interactions). Therefore, changes in MR image contrast are not
necessarily reflective of attenuation changes. Two potential mechanisms have been proposed by
which GBCAs could affect PET quantification: 1) directly through increased attenuation of
annihilation photons resulting in false reduction of radiotracer uptake and 2) indirectly through
errors in tissue segmentation in attenuation map generation. The second mechanism has been
investigated by others by comparing MRAC sequences before and after GBCA administration in
studies of oncologic patients undergoing PET/MR®-63 Previous investigators concluded that
intravenous GBCAs have no effect on segmentation or atlas-based MRAC methods®.
Additionally, other investigators found an effect of GBCA on tissue misclassification in the brain,
but not for other body regions or for various cancerous lesions®®. A more recent study demonstrated
an influence of GBCA on MRAC for certain tissues such as lung and fat®3. A practical solution
that resolves this potential issue is to acquire MRAC images prior to GBCA administration, which
is generally performed in most clinical PET/MR protocols.

Previous research on the first potential mechanism of direct attenuation by GBCAS has
been limited to phantom-based studies using static PET acquisitions and found that GBCAs did
not affect PET quantification®®6°, Previous investigators acknowledged that their work does not
investigate dynamic imaging with time-dependent PET and GBCA concentrations and is not a true
patient representation®®. They proposed that more complicated, anthropomorphic phantoms could
be used as a more realistic comparison to actual clinical scenarios. A direct in vivo experiment
with human subjects would provide results which are more readily applicable to clinical imaging.
Other previous investigators were also aware of the limitations of their study concerning static

versus dynamic reconstructions and indicated that additional dedicated studies are required to rule
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out any effect®. Thus, previous investigators have encouraged further study using human subjects

to confirm their prior results using simplified phantom models.

1.4 Innovations in Breast MRI

This section will briefly discuss the innovations of Part | with a paragraph devoted to each
of the challenges of breast imaging introduced above.

Deep Learning Reconstruction for T2-weighted Imaging. Chapter 2 investigated a deep
learning reconstruction to improve the quality of standard-of-care T2w breast MR images. It is the
first work to apply such a deep learning reconstruction to breast imaging. Also introduced in that
chapter is a novel high-resolution protocol tailored to optimally benefit from a deep learning
reconstruction. Changes in the deep learning reconstruction output as a function of acquisition
resolution were also evaluated for the first time. Overall, Chapter 2 discusses advances to the field
of breast MRI by demonstrating the feasibility of using a deep learning reconstruction to improve
the quality of breast MRI.

Automated Prescription of Scan and Pre-scan Volumes. Chapter 3 introduces the first
algorithm for automated placement of scan volumes in breast MRI. While an algorithm for
automated placement of pre-scan volumes using a neural network was developed by our group
previously, it was limited to placing cubic volumes®. The work of chapter 3 extended the
capabilities of the existing automated method by allowing for placement of pre-scan volumes with
an independent size in three dimensions. Additionally, our automated method provided a way of
estimating the uncertainty in the volume placement predictions, which is novel for automated MRI
prescription techniques based on a neural network.

GBCA Attenuation Effect on PET Quantification in Breast MRI. Chapter 4 is the next

logical step in investigating the GBCA attenuation effect in PET/MR. Previous investigations into
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the effect of GBCAs on PET quantification have been purely phantom-based>®, This is the first
work which investigated the effect in vivo using human subjects. Additionally, the effect was

evaluated using a dynamic PET reconstruction for the first time.
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Chapter Two

Deep Learning Reconstruction for T2-weighted Imaging?

2.1 Introduction

As discussed in Section 1.1.2, T2w imaging of the breast suffers from lower resolution and
worse overall image quality compared to DCE sequence due to the long acquisition times. The
purpose of this chapter was to assess the ability of a general-purpose DL algorithm to reduce image
quality compromises in T2w imaging. In particular, the use of DL is investigated with two T2w
imaging protocols: 1) a standard-of-care (SOC) T2w protocol and 2) a novel high spatial resolution

(HR) T2w protocol developed for this work.

2.2 Methods

To assess the performance of the DL algorithm, one phantom study and two in vivo studies
were performed. Effects of the DL reconstruction on SNR and image sharpness were measured in
a phantom before and after application of deep learning. Then, in-vivo imaging of patient
volunteers with a SOC protocol and a HR protocol was performed with image quality being

evaluated by breast-trained radiologists.

! This chapter has been submitted to Magnetic Resonance Imaging for publication consideration as a research
article.
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2.2.1 MRI Protocols
A summary of T2w protocols used in this study is provided in
Table 1. Imaging was performed on one of two 3.0T MR scanners: 1) a SIGNA Premier
(GE Healthcare, Waukesha, W1) or 2) a Discovery MR750w (GE Healthcare). Breast specific 16-
channel receive coils were used (Sentinelle, Dunlee, The Netherlands). The SOC T2w acquisition
was performed with a 2D fast spin echo (FSE) sequence with echo train length of 16. Imaging
parameters included a 288 x 288 acquired in-plane matrix with 2 mm slices and a variable field of
view (32 cm to 36 cm) as required to achieve full coverage of the breasts and axilla while
maximizing spatial resolution in smaller patients. Parallel imaging was performed with an
acceleration factor of 3 (ASSET on scanner 1 or ARC on scanner 2, GE Healthcare). The difference
in parallel imaging technique between the two MRI scanners was necessary to avoid changes to
our institution’s clinical imaging protocols on these two MRI systems. A HR acquisition was
created from the SOC T2w sequence by increasing the acquisition matrix size to 448 x 448 and
increasing the parallel imaging acceleration factor from 3 to 4. The 448 x 448 matrix size results
in an in-plane resolution that matches the Tlw DCE acquisition performed routinely at our
institution. The parallel imaging increase was implemented to reduce the time penalty resulting
from the increased number of phase-encoding lines. The mean acquisition times for the SOC
acquisition was 247 or 237 seconds for scanners 1 and 2, respectively, while the HR acquisition

had mean times of 308 and 284 seconds.
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Table 1: T2w Acquisition Sequences

Scanner 1 Scanner 2
SIGNA Premier Discovery MR750w
Parameter SOC HR SOC HR
Plane Axial Axial Axial Axial
Type 2D FSE 2D FSE 2D FSE 2D FSE
TR/TE (ms) 3500/85 3500/85 4000/85 4000/85
Acquisition Matrix 288x288 448x448 228x228 448x448
FOV (cm) 32-36 32-36 32-36 32-36
Slice Thickness (mm) 2 2 2 2
Pl Factor 3/ASSET  4/ASSET 3/ARC 4/ARC
ETL 16 16 16 16
Mean Acquisition Time (s) 247 308 237 284

T2w: T2-weighted, SOC: Standard-of-care, HR: High-resolution, FSE: Fast Spin Echo, FOV:
Field-of-view, PI: Parallel Imaging, ETL: Echo Train Length

2.2.2 Deep Learning Algorithm

An early prototype DL reconstruction was developed and provided by collaborators at GE
Healthcare for early feasibility testing in the setting of breast imaging. The work described in this
chapter used a pre-product prototype, however a product version has since been released (AIR
Recon DL, GE Healthcare). The reconstruction algorithm has been described by Lebel?* and is
based on a convolutional neural network that is trained to reduce image noise, increase image
sharpness, and reduce the prevalence of simple artifacts such as truncation ringing. The algorithm
performs its DL inference in k-space and is compatible with the conventional MR processing
pipeline including parallel imaging, image intensity correction, and gradient warping correction.
The algorithm includes a user-adjustable, tunable noise parameter which controls the amount of
estimated noise variance to be removed from the acquired images. This parameter is generally set
below 100% noise removal to allow a residual level of noise which, as demonstrated by others,
helps preserve the expected visual appearance of the images?’. For this work, a noise reduction

parameter of 75% was used.
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A key feature of the algorithm is its generic nature; it is not trained on a specific image

type, but rather with a broad, general dataset consistent of a wide variety of image contrasts and
anatomical sites. This, in theory, makes it agnostic to the specifics of the imaging protocol and
useful in many applications. However, validation of its performance for specific applications is
still necessary. Due to the DL algorithm’s generalizability, no additional training was performed
as part of this study. DL images were generated from the raw MR k-space data through an offline
prototype implementation provided by the vendor. Non-DL images were generated using the

conventional on-scanner product reconstruction pipeline.

2.2.3 Technical Analysis in Phantom

Phantom experiments were conducted to assess the potential denoising and sharpness
improvements using the DL algorithm. An ACR accreditation phantom (J.M. Specialty Parts, San
Diego, CA) was imaged on scanner 1 using an 11-channel head and neck receive RF coil (GE
Healthcare). The ACR phantom was used for its large volume and homogeneity which provides
excellent opportunity for SNR measurements. It also has numerous internal sharp edges oriented
perpendicularly to each other allowing for multiple independent measures of edge sharpness. The
coil was selected to accommodate the geometry of the phantom. Imaging of the phantom was first
performed using the SOC T2w acquisition. Then, parallel imaging was increased from 3 to 4 and
the acquisition matrix was systematically increased from 288 x 288 to 448 x 448, corresponding
with acquisition pixel sizes of 1.0 mm?, 0.9 mm?, and 0.8 mm? at a 32 cm field of view (320 x 320,
356 x 356, and 400 x 400 matrices).

SNR and image sharpness of the resulting non-DL and DL images were measured within
the phantom. SNR was expected to increase due to a reduction in noise achieved with DL. SNR

measurements were performed using the subtraction method described by NEMAG®® over multiple
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slices near the center of the phantom. Sharpness was measured using the edge response at two
vertical and two horizontal edges within a single central slice of the phantom. The sharpness was
defined as the width of the edge measured from 20% to 80% of the signal intensity. The final size
of DL reconstructed images depends on the acquisition matrix (see discussion). Thus, a
discrepancy between the DL images size and the non-DL image size could exist. In such cases, a
second non-DL reconstruction with an increased reconstruction matrix size was obtained through

an offline version of the conventional, non-DL vendor reconstruction.

2.2.4 SOC Imaging

All human subject data were HIPAA compliant and collected under IRB approval. T2w
series from twenty consecutive clinical breast MR exams on scanner 2 were retrospectively
collected. Any breast MRI (with or without intravenous contrast) including a T2w acquisition was
eligible. The T2w images were always collected prior to contrast administration. Both non-DL and
DL T2w images series were generated as described in subsection 2.2.2.

Image quality of the T2w series was assessed via a reader-study. Four radiologists
participated in the reads: One board-certified, fellowship-trained breast radiologist with 15 years-
experience, a board-certified breast radiologist with 25 years-experience, and two radiologists who
were undergoing breast fellowship training at the time of the study. Each radiologist independently
viewed the non-DL and DL SOC series side-by-side. Readers were blinded to image reconstruction
type and allowed to scroll through the 3D image volume. Image order was not randomized. Image
scoring was based on four image quality criteria: 1) presence of artifacts, 2) perceived SNR, 3)
perceived sharpness, and 4) overall image quality. The word perceived is used here to distinguish
the radiologists’ perception of SNR and sharpness from the technical measurements that were

performed in phantom experiments. Each image quality category was scored using a 5-point Likert
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scale with 1 indicating poor performance and 5 indicating excellent performance. The rubric for
overall image quality is shown in

Table 1 with the remaining categories included in the appendix (Table Al). Notably, the
scoring criteria included language asking readers to assess if poor category performance impacted
the diagnostic utility of the image. If the readers felt diagnostic capability was impacted, they were
instructed to score the performance no higher than 2 for that category. Wilcoxon signed-rank non-
parametric tests were used to test for significant differences in average image quality scores

between non-DL and DL images using a significance level of p = 0.05.

Table 2: T2w Likert Scoring Criteria

Score Overall Image Quality

5 Excellent: no artifacts and anatomical detail well visualized

4 Good: minor artifacts, some blurriness, no impact on diagnostic capability

3 Fair: major or multiple minor artifacts, blurriness, no impact on diagnostic
capability

5 Poor: multiple major or minor artifacts, loss of detail, impact on diagnostic
capability

1 Non-diagnostic: severe artifacts, and complete loss of anatomical detail

Readers were also asked to state an overall preference for either non-DL or DL-enhanced
images on a case-by-case basis. Responding “no preference” was allowed. Since signal intensity
in T2w breast is used to assist interpretation of DCE findings, one task-based question was
designed to mimic clinical interpretation of the T2w series. Readers were asked to identify
hyperintense features in the T2w series (e.g., cysts, lymph nodes, edema, etc.) and respond if the
signal intensity was different between the non-DL and DL reconstruction. Reponses could be

brighter in non-DL, brighter in DL, or equally as bright.
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2.2.5 HR Imaging

Fifty-six patient volunteers were prospectively imaged using the HR T2w sequence added
to their clinical exam alongside the SOC T2w series. Prospective data was collected only after
subjects provided informed consent. Patients were imaged on either scanner 1 or scanner 2 based
on where their clinical exam was scheduled. Individuals with implants were excluded because, at
our institution, these patients already have additional implant-specific sequences performed as part
of their SOC, lengthening the exam. The HR acquisition was performed immediately after the SOC
T2w acquisition and prior to contrast agent injection. The HR k-space data were used to reconstruct
non-DL and DL T2w image series. The SOC T2w (non-DL) from the patients’ clinical exam was
also obtained.

A second reader study was performed to assess DL in the setting of HR acquisitions. Three
image series were read: 1) the SOC T2w without DL, 2) the HR T2w without DL, and 3) the HR
T2w with DL. Two board-certified, fellowship-trained breast radiologists with 15 and 13 years of
experience, respectively, scored all cases independently. Readers were asked to identify a preferred
series in each case. Stating no preference was allowed. Again, Wilcoxon signed-rank non-

parametric tests weree used to test for significance difference between the three series.

2.3 Results

2.3.1 Technical Analysis in Phantom

Application of the DL reconstruction to phantom data resulted in a 2.1 to 2.8 times increase in the
SNR (Figure 1). This increase was present for both SOC and HR images. Edge sharpness was
increased by 1.2 to 1.3 times for acquisition matrices below 320 x 320 and 1.4 to 1.7 times for
matrices of 356 x 356 and above (Figure 2). An example edge response demonstrates a reduction

in truncation artifact (Figure 3).
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Figure 1: Effect of HR Imaging and a DL Reconstruction on SNR in a Phantom. Application
of a deep learning (DL) reconstruction provided a 2.1 to 2.8 times increase in the measured SNR.
a-d) Phantom images collected with either standard-of-care (SOC) or high spatial resolution (HR)
acquisitions and reconstructed with either non-DL or DL pipelines. €) SNR measurements
averaged over multiple slices within the phantom. Results are shown for non-DL and DL images.
Points corresponding to images a-d are labelled. Error bars show one standard deviation. R stands
for acceleration factor which is either 3 or 4.
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Figure 2: Effect of HR Imaging and DL Reconstruction on Edge Sharpness in a Phantom.
Thedeep learning reconstruction (DL) provided a 1.2 to 1.7 times increase in the image sharpness
compared to a conventional reconstruction. Shown here are sharpness measurements averaged
over four internal edges of the phantom imaged with the high-resolution protocol (inset). Non-DL
and DL results are shown. The increase in sharpness is more pronounced at higher acquisition
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matrices. Error  bars represent standard deviation of measured  sharpness.
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Figure 3: Edge Response With and Without the DL Reconstruction. a) Edge response in a
phantom both with (DL) and without (non-DL) a DL reconstruction applied. With the DL
reconstruction there was a reduction in truncation artifact and a steeper edge response consistent
with enhanced image sharpness. b) The derivative of the edge response further demonstrated a
reduction in truncation artifact and enhanced sharpness.

2.3.2 SOC Imaging

Included in the collected SOC cases were two subjects with bilateral silicone implants, two
with unilateral silicone implants, and one subject imaged during lactation. One subject was
excluded because the k-space data were unavailable due to an error in data transfer, leaving 19 for
the analysis. Example cases with both non-DL and DL images are shown in Figure 4 and Figure
5. Images reconstructed using DL had a statistically significant increase in each of the four tested
categories (presence of artifacts, perceived sharpness, perceived SNR, and overall quality) when
compared to the non-DL reference (Figure 6).

Of the 76 reader/subject combinations with the SOC protocol (19 patient MR cases with 4
readers each), the DL images were preferred in 71 instances (93%). Radiologists stated that the
preference was due to the decreased image noise and increased sharpness. The non-DL images
were preferred in 4 instances and no preference was found in 1 instance. Given reasons for

preference of the non-DL images mentioned increased artifact intensity in DL images. Details of
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the preferences for each reader can be found in Table 3. T2 bright features in DL images had equal

to or greater intensity than the same features in non-DL images for 65 out of 76 cases (86%).

DCE SOC T2w, non-DL SOC T2w + DL Difference

Figure 4: SOC T2w Imaging with DL Reconstruction — Fibroadenoma. 37-year-old female
who underwent breast MRI for high-risk screening. Left breast contained a biopsy-proven benign
fibroadenoma with intermediate signal on the T2w images (yellow arrow, small arrowhead). a)
Contrast enhanced T1w image showed fibroadenoma enhancement (yellow arrow, small
arrowhead). b) Standard-of-care (SOC) T2w acquisition without deep learning reconstruction
(DL). c) Same raw data as b) but with DL. The DL reduced the image noise and made the fine
fibroglandular tissue details (white arrow, large arrowhead) more visible compared with the non-
DL image. d) The absolute difference between b and ¢ demonstrated the reduction of noise and
edge sharpening.

Water-suppressed SOC T2w,

STIR non-DL SOC T2w + DL Difference

Figure 5: SOC T2w Imaging with DL Reconstruction — Silicone Implant. A 65-year-old with
bilateral silicone implants. The deep learning reconstruction (DL) provided an apparent decrease
in image noise and increased image sharpness. In this example, a motion artifact is intensified
within the implant (arrows). a) Water-suppressed STIR image showed the silicone implant and the
motion artifact. b) Standard-of-care (SOC) T2w acquisition without deep learning. ¢) Same raw
data as b but with DL which showed enhancement of the motion artifact. d) Absolute value of
difference between b and ¢ further showed the artifact enhancement.
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Figure 6: Image Quality Assessment of Standard-of-Care T2w with DL Reconstruction.
Semi-quantitative comparison of mean image quality showed that images with the deep learning
reconstruction (DL) scored significantly higher than non-DL images in each measured category.
Stars indicate statistically significant differences with p < 0.05. Error bars demonstrate one
standard deviation.

Table 3: Reader Preference for DL or non-DL Reconstruction.

SOC Reader Preference

SOC, non-DL SOC, DL No Preference
Reader 1 1 18 -
Reader 2 - 19 -
Reader 3 3 15 1
Reader 4 - 19 -

HR Reader Preference

SOC, non-DL HR, non-DL HR, DL
Reader 1 2 2 50
Reader 2 23 31 -

SOC: Standard of Care, HR: High Resolution, DL: Deep Learning.

2.3.3 HR Imaging
HR protocol data from two subjects were excluded due to a technical and operator error

during the pre-scan calibration procedure leaving 54 subjects in the analysis. The SOC sequences
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required an average acquisition length of 241 seconds while the HR required 293 seconds (20%
increase) due to an increase in the number of phase encodings. Without the increase of parallel
imaging acceleration factor from 3 to 4, the HR acquisition would have necessitated an estimated
374 second acquisition (55% increase).

Example HR images can be found in Figure 7 and Figure 8. Results of the image quality
scoring are summarized in Figure 9. The non-DL HR images scored significantly higher in
perceived image sharpness, but significantly worse in image artifacts and perceived SNR when
compared to SOC images. No significant change was detected in overall quality (p = 1.0).
Application of the DL reconstruction to HR data led to a significant increase in perceived
sharpness, perceived SNR, and overall quality compared to non-DL HR images. However, DL HR
images scored significantly worse in the artifact category. Comparing DL HR images to SOC
images demonstrated a significant increase in SNR, sharpness, and overall quality but significantly
worse performance in the artifact category.

Image preference was split between the two radiologists (Table 3). One reader preferred
the HR T2w images with DL in 50 of 54 cases. Reasons given were the decreased image noise and
enhanced sharpness. The second reader was split between SOC T2w images (23 out of 54) and the
HR images without DL (31 out of 54). Comments from this radiologist indicated that they felt the

HR images with DL “looked too sharp” or had a “fake look to anatomy outside [the] breast”.
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Tiw DCE SOC T2w, non-DL HR T2w, non-DL HR T2w + DL
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Figure 7: HR T2w Imaging with DL Reconstruction — Cysts. A 48-year-old female undergoing
high risk screening MRI with multiple benign T2 hyperintense cysts including a complicated cyst
with fluid-fluid level (yellow arrows). a) Contrast-enhanced T1w image. b) Standard-of-care
(SOC) T2w image without deep learning (DL). ¢) T2w imaging with a higher spatial resolution
HR showed image sharpening with the boundary between the two cyst fluids clearly visible.
However, the poor SNR made visualization of the fibroglandular tissue difficult. d) The HR T2w
image with DL maintained superior image sharpness while improving overall SNR.

SOC T2w, HR T2w,

non-DL HR T2w + DL

Tiw DCE

Figure 8: HR T2w Imaging with DL Reconstruction — Skin Invasion. Images from a 52-year-
old female with recurrent cancer and suspected skin invasion (arrows). Skin invasion was later
confirmed by pathology. a) Contrast-enhanced T1w image (DCE) showed the lesion enhancement.
b) Standard-of-care (SOC) T2w imaging, without deep learning (DL) reconstruction was relatively
blurry and lacked spatial detail. c) A high-spatial resolution (HR) T2w acquisition provided more
detail but at the cost of SNR. d) Application of a DL reconstruction allowed for detailed images
with good SNR.
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Figure 9: Image Quality Assessment of High Resolution T2w with DL Reconstruction. The
high spatial resolution (HR) protocol without a deep learning (DL) reconstruction led to a
significant increase in perceived image sharpness but significantly worsened scoring for both
artifacts and perceived SNR. Subsequent application of the DL reconstruction led to significantly
higher perceived SNR with scoring exceeding that of the standard-of-care (SOC) images. Further,
there was an additional increase in perceived sharpness and overall quality for HR images with the
DL reconstruction. Data was from 54 subjects evaluated by 2 radiologists. Stars indicate
statistically significant differences in the scores with p<0.05.

2.4 Discussion

This work evaluated the performance of a DL reconstruction in T2w breast MRI for both
a SOC and a HR protocol. Overall, the DL-based reconstruction performed well in the setting of
T2w breast MRI. Phantom imaging showed increased SNR and image sharpness when DL was
used. In human subjects, application of the DL reconstruction to the SOC protocol improved all
measured image quality metrics. HR imaging without the DL reconstruction caused a drop in
perceived SNR scoring compared with SOC imaging but application of the DL reconstruction
increased perceived SNR above that of SOC images. This was despite the increase in parallel

imaging acceleration. The higher acceleration limited the acquisition time increase to 20%
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allowing for HR imaging in clinically feasible scan time. In general, it appears that the DL
algorithm provides a reduction in protocol compromises allowing for T2w imaging in aa
reasonable scan time, with higher spatial resolution, and a higher SNR.

The relative signal intensity remained consistent after application of DL with T2 bright
features retaining their hyperintensity in 86% of cases. This suggests that the contrast and,
subsequently, the clinical utility of the images were preserved. Additionally, the breast radiologists
in this study largely preferred the SOC DL images over their non-DL counterparts. Together with
the higher perceived quality, these findings indicate that the DL could potentially find acceptance
in a clinical imaging scenario. DL may provide sharper T2w images with increased SNR that better
assist in interpretation of T1lw DCE images. This may lead to superior diagnostic performance of
T2w imaging. Future work assessing the diagnostic performance of DL images compared to the
non-DL images is needed.

During phantom experiments, a substantial increase in sharpening occurred when the
matrix was increased from 320 x 320 to 356 x 356. At the same time, the reconstructed DL images
increased in size from 512 x 512 to 1024 x 1024 pixels. This interesting result is explained by
looking at the DL reconstruction in more detail. The DL reconstruction pipeline involves an
interpolation of the acquired data based on the truncation artifact?. The increase in image size was
necessary to allow for sufficient interpolation of the acquired data and was performed
automatically in the prototype reconstruction as the matrix size exceeded 320 x 320. The additional
interpolation explains the observed increase in sharpening at higher acquisition matrix sizes.

While DL improved artifact scores for SOC imaging, scores worsened when used with HR
imaging. In both scenarios, the radiologists noted that artifacts were sometimes “intensified” after

application of DL. Previously published work reported similar worsening of pulsation and motion
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ghost artifacts with the same DL reconstruction®. The DL algorithm is not trained to detect any
artifacts other than those due to data truncation®*. Therefore, it is expected that existing artifacts
may become more pronounced due to sharpening of artifact edges and a reduction in surrounding
noise. In this work, HR imaging may have worsened already existing artifacts (such as ghosting)
or introduced new artifacts which are then “intensified” by the DL. This idea is supported by our
data in which HR imaging showed an initial decrease in artifact scores and a further decrease after
DL was applied. The radiologist reported that the “intensified” artifacts were not necessarily
detrimental to their image interpretation. Although more prominent with DL than without, artifacts
retain a familiar appearance. Furthermore, readers reported that the “intensified” artifacts were
sometimes easier to identify as being artifactual and consequently ignored. However, this may not
be the case for all specific clinical scenarios. Because it is impossible to fully eliminate artifacts
from raw data, it is prudent to consider what types of artifacts are to be expected with a particular
sequence and how they may be impacted by the DL reconstruction.

A differential image preference was observed between reader 1 and reader 2 when viewing
HR images. Reader 1 generally preferred the HR DL images and reader 2 preferred non-DL images
citing over-smoothing of features and a “fake look” to the DL images. However, reader 2 still gave
DL images higher image quality scores. The reader’s proclivity for non-DL images appears to be
a preference and not indicative of any image quality issues. A difference between reader 1 and
reader 2 was that reader 1 participated in both reader studies while reader 2 only participated in
the HR study. Reader 1 was therefore more familiar with the appearance of the DL reconstructions
at the time of review. According to the global-focal search model of image perception, radiologists
have an expert’s schemata, that is, a mental picture of what the typical MR image should look

like®”. The DL reconstructed images may have been too different from reader 2’s expert schemata
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to be accepted as “real” images. Concerns about “over smoothing” may be addressed by reducing
the noise reduction parameter of the DL reconstruction. In this work, we used a value of 0.75 which
indicates a high amount of denoising. Other investigators have compared radiologists’ preference
for images with 0.75 and 0.50 noise reduction in hip and shoulder MRI128, They found radiologist
preference was split between the 0.50 and 0.75 levels of noise reduction. Decreasing the noise
reduction parameter in our case may help to alleviate some of the concerns raised by reader 2.

This work has several limitations. For clinical interpretation, T2w breast images are
typically generally viewed in context with the Tlw DCE sequence. However, in this study the
radiologists were asked to perform their assessment of the T2w images independently of Tlw DCE
images focusing on radiologists’ perception of image quality and not on clinical performance. As
such, an assessment of diagnostic performance was not performed. Instead, this work provides the
foundation of quality improvements to justify further study of the DL algorithm’s impact on
clinical interpretation and decision making. Further evaluation of the algorithm is needed to assess
diagnostic performance. Another limitation is the receive coil array used for phantom studies was
not identical to the breast coil used for human subjects imaging. Therefore, the exact SNR increase
measured in phantom may not be directly replicable during in vivo imaging. Finally, this study
was performed exclusively at 3 T and did not include 1.5 T MR imaging. The DL algorithm may
provide additional benefit to imaging at 1.5 T due to the overall increase in image noise expected

at lower field strengths. Future work should include imaging at 1.5 T.

2.5 Conclusion
The DL reconstruction performed well in the setting of T2w breast MRI using multiple
imaging protocols. It allowed for superior image quality in SOC and HR protocols while

maintaining hyperintense signal in T2 bright features, and most radiologists preferred the DL
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images. While image artifacts may be intensified, it remains to be determined if this is detrimental
to image viewing or interpretation. Overall, the DL reconstruction is a promising technique for

reducing image quality compromises in T2w imaging of the breast.
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Chapter Three

Automated Prescription of Scan and Pre-scan Volumes?

3.1 Introduction

As outlined in Section 1.1.4, setup of breast MRI exams include placement of both a single
scan volume and bilateral pre-scan volumes. This process is time-consuming, tedious, prone to
errors, and subject to both intra- and inter-operator variability. Thus, there is a need for an
automated, fast, and reliable technique for placement of scan and pre-scan volumes in breast MRI.
The purpose of this chapter is to demonstrate the feasibility of a breast-specific, deep-learning

approach for automated placement of these volumes in breast MRI.

3.2 Methods

A deep convolution neural network was trained to place both scan and pre-scan volumes.
The training image data was collected from clinical exams performed on scanners across the UW
Health system. Scan volumes were collected from the clinical exams while pre-scan volumes were
generated offline. The neural network was trained separately to place both scan and pre-scan

volumes generating two separate volume placement models. Model performance was assessed

2This chapter has been published as a research article in the journal Tomography. Allen, T. J., Henze Bancroft, L.
C., Wang, K., Wang, P. N., Unal, O., Estkowski, L. D., Cashen, T. A., Bayram, E., Strigel, R. M., & Holmes, J. H.
(2023). Automated Placement of Scan and Pre-Scan Volumes for Breast MRI Using a Convolutional Neural
Network. Tomography, 9(3), 967-980. https://doi.org/10.3390/tomography9030079
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using multiple metrics assessing the agreement of model-predicted volumes with the volume used

for network training. The methods are further detailed in the following sections.

3.2.1 Data Collection and Curation

Clinical breast MR exams (N = 413) from 12/07/2016 to 3/14/2018 were de-identified and
retrospectively collected from different 1.5 T and 3 T MRI scanners (N = 11) from a single MRI
vendor (GE Healthcare, Waukesha, WI) within the UW Health system. All data collection was
performed under IRB approval. For this feasibility work, patients with implants (N = 42) and
substantial post-operative deformation due to surgery (e.g. mastectomy or lumpectomy, N = 21)
were excluded. Exams with incomplete imaging (N = 13) or insufficient scan volume placement
(N=4) were also excluded leaving a final set of 333 cases. Patient age, indication for their clinical
exam, and final BI-RADS assessment category were recorded. Each breast exam began with 3-
plane anatomical scout imaging based on a 2D acquisition which collected images in axial, sagittal,
and coronal orientations. Select scan parameters from the 3-plane anatomical scout are
summarized in Table 4. If multiple scout image series existed in an exam, the latest series in the

exam was used.



Table 4: Summary of Breast MR Exam Data for Auto Prescription Training
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Cases Collected 413
Exclusions
Implants 42
Surgical Changes* 21
Incomplete Data 13
Poor Scan Volume Placement 4
Inclusions
4 Model Field Slicg FOV Scan Pre-scan
Strength (T) Quantity (cm) Volume Volume
1 SIGNA HDxt 1.5 30-44 40 110 74
2 SIGNA Artist 1.5 45 38-46 21 7
3 Optima MR450w 1.5 35-60 40 22 22
4 Optima MR450w 1.5 45 38-44 24 12
5 SIGNA HDxt 1.5 45 40 2 1
6 Discovery MR750 3 37 44-46 0 0
7 SIGNA Premier 3 45 44 1 1
8 SIGNA Architect 3 45 44 41 17
9 SIGNA PET/MR 3 81 44 25 21
10 Discovery MR750w 3 40-44 40 72 42
11 SIGNA Premier 3 45 44 15 5
Total 333 202

*Surgical changes refer to exams excluded from training due to morphological changes brought
about by surgery (such as mastectomy or lumpectomy). FOV: Axial field of view. All exams
from scanner 6 were excluded due to incomplete anatomic coverage of the scout images.

The scan volumes and bilateral pre-scan volumes placed by technologist during the clinical

exams were collected for each exam. A large amount of variation was observed in the clinically

placed pre-scan volumes (Figure 10), thus, they were determined to be unsuitable to serve as

training volumes for a machine learning network. An alternative set of bilateral pre-scan volumes

were generated by a team of expert users in an offline configuration. The offline pre-scan volumes

were placed by one medical physics graduate student and then reviewed in consensus by two

experienced clinical physicists. Volumes were iteratively adjusted until all three reviewers agreed

that they conformed to guidelines for good pre-scan volume placement provided by the MR
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scanner vendor. Notice that the scan and pre-scan volumes come from two different sources; scan
volumes were placed by technologist during the clinical breast MR while pre-scan volumes were

placed offline by expert users.

Scan Volume Pre-scan Volume
R T

Figure 10: Example of Clinical Scan and Pre-scan VVolumes in Breast MRI1. Examples a) and
b) show scan volumes and pre-scan volumes as prescribed during clinical breast MRI. Note that
the placement of scan volumes was consistent across cases. However, the pre-scan volume
placement was found to vary dramatically between cases even when the underlying anatomy is
similar as is the case in a and b. Example c) shows an example of offline volumes generated by
expert users used to train pre-scan volume placement providing more consistent technique.

Each volume (scan or pre-scan) was cuboid in shape as demonstrated in Figure 10 and
Figure 11. The scan volume was square in the axial plane and was described by five placement
parameters: the positions in the left-right (LR), anteroposterior (AP), superior/inferior (SI)
directions, axial size (i.e. field-of-view, FOV), and extent of SI coverage. The bilateral pre-scan
volumes were positioned independently, one over each breast, but the two volumes shared a
common size. Therefore, the pre-scan volumes were parameterized by 9 values: LR, AP, SI

position for each of the two volumes, and the size in each dimension.
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3.2.2 Network Training

A convolutional neural network based on Alexnet® was trained for the placement of scan
volumes and pre-scan volumes using the scout images as input. The network contained 5
convolutional layers and 3 fully connected layers. Dropout layers with dropout rate of 0.5 were
included between the fully connected layers. For the purpose of this work, the network in
combination with a set of trained weights will be referred to as a placement model. The single
network was trained under two conditions resulting in two placement models: 1) scan volume
placement trained on clinically placed volumes and 2) pre-scan placement trained on the offline,
consensus-based volumes. Although, the network structure was identical for both trainings, the
size of the final output layer was adjusted to output scan or pre-scan placement parameters (5 vs
9, respectively).

Before the scout images were used to train the neural network, several pre-processing steps
were performed (Figure 11). The axial, sagittal, and coronal images were separated, and maximum
intensity projections (MIPs) were calculated for each view. Each MIP was then binarized via
Otsu’s method of automated thresholding to create three binary masks®. The three binary masks

were then used as input into the network.
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Figure 11: Volume Parameterization and Image Preprocessing. Parameterization of volume
information (top) and image pre-processing of anatomical scout images (bottom) prior to neural
network training. Note that the two shim volumes (represented by two cuboids) have a shared size.
FOV: Axial field of view. SICov: Coverage in the Sl direction. MIP: Maximum intensity
projection.

Training
Images

\]

GPU-accelerated training was performed on a NVIDIA DGX A100 system with a batch
size of 32. Using conventional approaches for training a deep learning network, weights are
iteratively updated according to the loss function used. In this work, two loss functions were tested,
and the best performing approach was used for the final model. The two loss functions were: 1) a
3D version of the generalized intersection over union (GloU™) and 2) the root-mean-squared error

(RMSE). The optimizer used was RMSprop’®. Five times data augmentation was performed in the
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form of shifts in all 3-dimensions. Five-fold cross validation of each placement model was
performed. Using this technique, the training data (images and their associated volumes) are split
into five groups with each group serving as the testing data in a round-robin fashion. This is thought
to provide a more comprehensive assessment of the model performance across all available data
compared to a simple training/validation/testing split.

Estimates of the model uncertainty were generated using Monte Carlo dropout. This
technique generates multiple predictions for a given input and selects a random subset of the model
weights that is used for each prediction*3. Monte Carlo dropout can also increase model accuracy
since distribution averages may be more accurate than any individual prediction. In this work, the
mean of 100 predictions was used as the final placement prediction and one standard deviation

represented the prediction uncertainty.

3.2.3 Model Performance

Model performance was characterized by several metrics including the 3D intersection
over union (loU), 2D loU, distance between volume positions, and percent difference in volume
size. 3D loU quantifies the agreement of the known and predicted 3D volumes, while the 2D loU
quantifies agreement of the 2D boxes obtained by projecting the 3D volumes into axial, sagittal,
and coronal planes. For the bilateral pre-scan volumes, metrics were calculated for each volume
independently. The dependence of model performance on the number of Monte Carlo predictions
was evaluated as was the performance across different scanners. A comprehensive agreement score
was developed by summing the loU scores for the scan volume and the two pre-scan volumes.
This metric is referred to as the combined loU or cloU and can range from 0 to 3 with higher scores

indicating higher levels of agreement.
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The time to prediction is important to characterize for any future clinical implementation.
Therefore, the time to prediction starting from the raw, unprocessed images was measured. Timing
measurements were obtained from 10 cases and averaged to find the mean time to prediction. The
timing study was performed on a 2018 MacBook Pro with 2.6 GHz 6-Core Intel Core i7 processor.

No GPU acceleration was used during the timing estimation.

3.3 Results

3.3.1 Data Collection

A total of 333 exams were used to train the scan volume placement model. The majority
(72%) of these exams were performed to screen for breast cancer, 16% were to evaluate the extent
of known disease, 6% were for neoadjuvant chemotherapy response assessment, and the final 6%
were in response to other imaging or clinical indications. Final BI-RADS assessment categories
ranged from 0 to 6 with at least 5 cases from each category. BI-RADS assessment categories of 1
and 2 comprised 71% of the exams. Patient age ranged from 20 to 77 years old with a mean age
of 47. A total of 208 sets of pre-scan volumes were generated offline by the expert users and used
to train the pre-scan model. Exam indication percentages, distribution of BI-RADS categories, and
patient ages for the exams used for pre-scan volumes training were similar to those used for scan

volume training.

3.3.2 Model Performance — Scan Volume

Training with the RMSE loss function provided the highest average 3D loU for scan
volume placement. The histogram showing the 3D loU distribution for all cases (Figure 12)
demonstrates good overall performance of the scan volume placement model with a mean 3D loU

of 0.68. Figure 12 also shows examples of excellent and average scan volume placements using
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the RMSE-trained network and highlights the spatial relationship between the predicted volume
and the anatomy. Distribution statistics for the various placement metrics can be found in Table
5. The average error in model predicted volume size was 4%, and the average distance between
the center of the model predicted volume and clinically placed volume was 3.1 cm. The average
amount of overlap between the model predicted and technologist placed volumes was 82%. Results

obtained using the GloU loss function for training can be found in appendix B (Table B1).
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Figure 12: Histogram and Examples of Scan Volume Placement Performance. The scan
volume 3D intersection over union (loU) histogram, (a), and two placement examples, (b,c),
demonstrate that the model placed a scan volume that is similar to scan volumes from the clinical
exam. The red line indicates the mean value of 3D loU. In (b) and (c), the yellow box shows the
technologist-placed volume generated during the clinical exam. The blue box shows the model-
predicted volume. (b) shows an excellent case with a high 3D IoU of 0.84 and 96% overlap of the
clinically placed volume. (c) shows an average performing example with 3D loU of 0.69 and
overlap of 99%.
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Table 5: Scan Volume Placement Metrics

Metric 5" 0% Median 95" %  Average
3D loU 0.46 0.69 0.85 0.68
Axial loU 0.61 0.81 0.95 0.79

Sagittal loU 0.53 0.73 0.89 0.71
Coronal loU 0.6 0.78 0.92 0.77

Distance (cm) 0.9 2.7 6.6 3.1
VVolume Error (%) -30 2 45 4
Overlap (%) 57 84 99 82

RMSE (cm) 0.9 1.9 3.6 2.0

loU: intersection over union, Distance: distance between the model predicted volume centers and
the technologist prescribed volume center, RMSE: Root mean squared error between all 5 scan
volume placement parameters. 5™ and 95 % stand for the 51 and 95™ percentiles of the
distributions, respectively.

3.3.3 Model Performance — Pre-scan

Training for pre-scan placement using the GloU loss function resulted in higher average
3D loU than with the RMSE loss function. The average 3D loU was 0.66 and the histogram
showing the distribution of 3D loU for all cases is shown in Figure 13. Examples of excellent and
average placement are also shown with anatomical context. There was no significant difference in
mean 3D loU between the right and left volumes (p=0.68). The mean distance between expert-
placed and model-predicted volume centers was 1.4 cm. No significant difference between left and
right mean distance was observed (p=0.80). The average volume size error was 3%. Distribution
summaries of these metrics and given in Table 6. Results from the RMSE-trained model can be

found in Appendix B (Table B2).
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Figure 13: Histogram and Examples of Pre-Scan Volume Placement Performance. The pre-
scan volume 3D intersection over union (loU) histogram, (a), and the two examples, (b,c),
demonstrate that the model predicted a pair of pre-scan volumes that closely match the offline,
expert-placed prescan volumes. The histogram shows results of the left (L) volume only. However,
the right (R) volume’s distribution is similar. The red line indicates the mean value of 3D IoU. In
(b) and (c), the yellow box shows the expert user placed volume generated in an offline setting.
The blue box shows the model-predicted volume. (b) shows an excellent case with a high 3D loU
for both pre-scan volumes. (c) shows an average performing case.

Table 6: Pre-scan Volume Placement Metrics

Parameter Side 5M%  Median 95" % Average
R 0.45 0.65 0.83 0.65

3D loU L 0.43 068 083 066
_ R 0.52 075 090 073
Axial loU L 0.60 078 090 076
. R 0.51 073 087 071
Sagittal loU L 0.53 0.73 087 072
Coronl 1oU R 0.49 073 089 072
L 0.55 075 090 074

Distance (cm) R 0.5 1.3 2.9 15
L 0.5 1.2 3.0 1.4

Volume Error (%) N/A -35 -2 56 3
RMSE (cm) NA 06 1.2 2.2 1.2

loU: intersection over union, Distance: distance between the model predicted volume centers and
the expert prescribed pre-scan volume centers, Side: Pre-scan volume placed on right (R) or left
(L) breast, RMSE: Root mean squared error between all 9 pre-scan placement parameters. 5™
and 95™ 9% stand for the 5™ and 95" percentiles of the distributions, respectively.
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3.3.4 Uncertainty Estimate

Table 7 demonstrates uncertainty estimates for the predicted placement parameters derived
using Monte Carlo dropout. For scan volume placement, the mean positioning uncertainty was 2.2
cm for AP position, 0.8 cm for LR position, and 1.4 cm for Sl position. The mean uncertainties in
the size parameters were 1.3 cm for axial size and 1.7 cm for SI coverage. 95% of predictions for
all 5 placement parameters had an estimated uncertainty of less than 2.7 cm. For context, the
average scan volume size is 33 x 33 x 19 cm?,

The mean uncertainty estimates for the AP, LR, and SI position of both left and right side
volumes were 0.5 cm, 0.3 cm, and 0.6 cm, respectively. The shared size parameters of the pre-scan
volumes had mean uncertainties of 0.7 cm, 0.4 cm, and 0.8 cm in the AP, LR, and Sl directions.
Overall, 95% of predictions for the 9 pre-scan volume placement parameters had uncertainties

under 1.0 cm. For context, the average pre-scan volume size is 13 x 11 x 16 cm?,
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Table 7: Uncertainty Estimates for Automated Prescription of Breast MRI

Scan Volume Pre-scan Volume

Parameter 5% Mean 95" % Parameter 5% Mean 95" %
AP Position 1.3 2.2 3.4 AP Position L 0.3 0.5 0.9
LR Position 0.5 0.8 1.3 LR Position L 0.2 0.3 0.6
Sl Position 0.9 1.4 2.2 Sl Position L 0.3 0.6 1.1
Axial Size (FOV) 0.8 1.3 2.1 AP Position R 0.3 0.5 0.8
S| Coverage 1.0 1.7 2.6 LR Position R 0.2 0.3 0.6
Sl Position R 0.3 0.6 1.0
AP Size 0.5 0.7 1.1
LR Size 0.3 0.4 0.6
Sl Size 0.5 0.8 1.1

All values are in cm. AP: Anterior-Posterior, LR: Left-Right, SI: Superior-Inferior, L: Left, R:
Right, 51 %: 5™ percentile, 95 %: 95 percentile.

3.3.5 Overall Model Performance

Model performance increased with the number of Monte Carlo dropout predictions. The
average 3D loU of scan volume model was 0.62 when a single prediction was used, 0.67 when 10
predictions were used, and 0.68 when 20 predictions were used. Further increase in the 3D loU
after 20 predictions was less than 0.01 (Figure 14). The average 3D loU of pre-scan volumes
exhibited similar behavior.

Figure 15 shows the scanner-by-scanner results for 3D loU performance of both scan and
pre-scan models. For scan volume placement on scanners with at least 5 cases, the average 3D loU
ranged from 0.73 to 0.46. The average 3D loU for left pre-scan volumes on scanners with at least
5 cases ranged from 0.70 to 0.65. The behavior of the right pre-scan volumes was similar (results
not shown). Scanners with a higher number of cases tended to exhibit a higher 3D loU.

The average and median cloU across exams which had both scan and pre-scan volumes

was 2.0. The 5th percentile of 3D cloU values was 1.5 and the 95th percentile was 2.5. The
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standard deviation between the loU of the three volumes was less than 0.1 for 98% of the cases.

Figure 16 shows an example exam that scored average in the cloU metric.

Once trained, successive prediction of the scan and pre-scan volumes was achieved in an
average of 4 seconds when only a single Monte Carlo dropout prediction was used. With 20

predictions, an average time of 16 seconds was required.
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Figure 14: Effect of Monte Carlo Dropout on Prescription Accuracy and Precision. a) The
3D intersection over union (loU) of the models increased with the number of Monte Carlo (MC)
predictions/iterations. Performing at least 20 predictions achieved similar 3D loU as 100
predictions. b) The average root-mean-squared (RMS) uncertainty of the models was accurately
estimated using 20 predictions. The dotted lines show an upper bound on the uncertainty obtained

by feeding in pure noise images to the trained models.
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Figure 15: Variation in Volume Prescription by Scanner. Average 3D intersection over unions
(loU) for both scan volume and pre-scan volumes were good across multiple scanners from which
the data were obtained. 3D loU for the left pre-scan volume only is shown. The right pre-scan
volume showed similar behavior. Generally, scanners with a larger number of cases tended to have

higher 3D loUs.



46

a) Combined IoU

40| Median = 2.0

[ <] [COl

3D loU =0.80
Overlap = 95%

Scan

w
o

T
|

~ (linical/Human-Generated
= DL-Predicted

@quu <

R3DloU=0.63 L3DloU=0.57

Frequency
N
o

—
o
T

Pre-scan

0
0.0 0.5 1.0 15 2.0 2.5 3.0
Intersection Over Union

Figure 16: Histogram and Examples of Combined Scan and Pre-scan Volume Placement
Performance. a) A mean value of 2.0 was measured for the histogram of the combined
intersection over union (loU). b,c) An example with an average combined IoU score of 2.0,
consistent with the mean value for all cases studied, shows good agreement between DL-predicted
and clinical or human generated volumes for both scan volume or pre-scan volumes.

3.4 Discussion

In this work, we demonstrated the feasibility of using a convolutional neural network for
automated placement of scan and pre-scan volumes in breast MRI. Overall, we found that the
trained models generated volumes which closely matched the human-placed volumes as evidence
by the good values for the 3D loU, the small difference in volume centers, and small difference in
volume size. Model performance was consistent on data from multiple MR systems and with a
variety of scout acquisition protocols. The uncertainty estimation feature of the models provided
a method to gauge model confidence with results here on the order of a few cm. Prediction and
uncertainty estimates required a reasonable number of Monto Carlo predictions and could be
completed in a short amount of time. These results are promising and were obtained using a
relatively small dataset. Additional refinement of these models may allow quick, reproducible, and

automated placement of volumes needed for clinical breast MRI.
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A novel feature of this work is the placement of bilateral pre-scan volumes in addition to
the scan volume. Values for the 3D loU of the pre-scan volumes were slightly lower than for the
scan volumes. However, loU measurements are sensitive to the size of the volumes being assessed.
Smaller volumes will produce smaller loU values for a given error in position or size. The other
placement metrics indicate that the pre-scan and scan volumes are similar in performance and the
difference in loU is likely due to the smaller size of the pre-scan volumes. Placement of bilateral
pre-scan volumes such as those used in this work is expected to be more difficult than scan volumes
due to the additional placement parameters (nine vs five) necessary to predict pre-scan size and
location. Therefore, the similar performance to scan placement seen in this work is encouraging.
Scan volume cases with the worst performance were observed to have anatomic variations
that fell on the more extreme limits of our dataset, such as in cases with very large or small breast
size. For the pre-scan volume, the worst cases were identified as subjects with small breast size
and who were imaged with their arms above their head. In this setup, the breast tissue was stretched
in the Sl direction, leading to pre-scan volumes that were relatively small in the axial plane when
compared to their length in the SI direction. With this shape, any location error in the axial plane
led to a severe decrease in the 3D loU metric. In general, for both the scan and pre-scan volumes,
the error in location influenced the 3D IoU more than the error in size. While the volume size
errors seemed to be quite high in some cases (from —40% up to 50%), it is useful to note that the
volume scales quickly with small size errors. For example, a 1 cm overestimation of each side of
a10 x 10 x 10 cube leads to a size error of 33% and a 3D loU of 0.75. Conversely, a 1 cm positional
error in each direction for the same cube leads to an absolute distance error of only 1.7 cm, and a

3D loU of 0.57. This example demonstrates the general fact that 3D loU is more sensitive to
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distance error than size error. In accordance with this, the location errors in this work were likely
also the dominant driver of low 3D loU.

Another innovation of this work is the inclusion of uncertainty estimates in the placement
predictions. Often, machine learning results do not include any measure of uncertainty making it
difficult to interpret the output. The models developed in this work were able togive an uncertainty
estimate with every prediction. The estimates are academically useful in that they provide a
measure of the overall model uncertainty. However, they could also be useful in a clinical imaging
environment to alert the MR technologist to high levels of uncertainty and the need for further
review or human intervention.

The models introduced here directly predict a full 3D volume. Previously described models
required further processing to obtain the final scanning volume. For example, the approach
described by Blansit et al. first generated landmark heatmaps then predicted slice planes based on
these heatmaps®8. Alternatively, Geng et al. predicted 2D boxes on individual scout image slices
and the final volumes was that which contains all the predicted 2D boxes®¢. These additional
processing steps introduce additional sources of error. For example, generating a 3D volume from
2D boxes will tend to overestimate the size of the 3D volume since it can only be as small as the
largest 2D box. Because our approach predicts the 3D volume directly, additional errors due to
conversion from 2D box to 3D volumes are avoided. This is particularly salient for pre-scan
volume placement since overestimating the size of pre-scan volumes may result in sub-optimal
scan-specific system settings and poor image quality.

Further development of neural network-based volume placement could benefit clinical
breast imaging. Observations of clinical technologists at our institution indicate that the entire

volume placement process typically takes around 1-2 minutes but can take up to 3 minutes. This
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amount of time is substantial, especially when considering abbreviated breast MRI protocols that
attempt to screen for breast cancer using shortened protocols, reduced table time, and ultimately
decreased cost®°. Conversely, the models introduced here can place a complete set of volumes in
less than 20 seconds. Additionally, the models are expected to provide more reproducible volume
placements than human technologists since the same input images will always yield the same
result. Specifically, there should be no inter- or intra- operator variability with a neural network-
based model. This could help achieve more consistent quality in breast MRI as well as more
repeatable and reproducible quantitative MRI. However, the models are still sensitive to factors
such as noise and patient position and, thus, the true placement consistency would need to be
evaluated. Another potential use for the networks could be to assist in the training of MR
technologists by comparing their own scan and pre-scan volumes with those generated by the
placement models.

In this work, training the placement model using the RMSE loss function provided superior
performance for the placement of scan volumes in terms of 3D loU. This is inconsistent with the
expected dependency where the use of a loss function similar to the performance metric would be
maximize model performance. In the setting of 2D object detection, other researchers have
commented on the instability of GloU loss and the difficulty in obtaining accurate regression using
GloU loss with some groups proposing more sophisticated loss functions to improve the
performance’ "3,

This study has limitations. First, the training dataset was relatively small for neural network
training and cases with saline or silicone implants as well as major surgical changes such as
mastectomy were excluded. While these are important clinical cases, they were not included for

this initial feasibility work. Further research is necessary to assess the performance of the model
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when using a larger training dataset and in the setting of implants or mastectomy cases. This study
only utilized single shot fast spin echo-based scout acquisitions on a single vendor platform and
future work is needed to expand the training data to include a broader range of imaging protocols
and vendor implementations. Ultimately, the goal of the pre-scan volumes is to improve image
quality by local optimization of pre-scan settings. This retrospective work focused on replicating
human-placed volumes and did not evaluate how the model’s placements impacted image quality.
Further study of these models should include acquisition of prospective data with an evaluation of
the image quality both using technologist and network derived pre-scan volumes. Finally, only one
neural network, AlexNet, was evaluated. Study of additional models may lead to further

improvement in volume prediction.

3.5 Conclusion

In summary, this chapter demonstrates the feasibility of a deep neural network to accurately
replicate human placement of scan and pre-scan volumes in breast MRI. The resultant network-
based placements closely agreed with human users despite the use of a relatively small training
dataset. Further improvements are anticipated with inclusion of additional training data. These
models show promise for quick and consistent placement of pre-scan volumes which may help to

improve consistency in breast MR image quality.



51

Chapter Four

GBCA Attenuation Effect on PET Quantification in Breast MRI®

4.1 Introduction

The purpose of this chapter was to evaluate whether gadolinium-based contrast agents
(GBCAS) significantly attenuate annihilation photons and bias quantitation of PET as discussed in
Section 1.3.1. Significant attenuation of photons could result in biased PET quantification in the
setting of contrast enhanced PET/MR. Based on results from phantom studies, it was hypothesized
that SUV quantification of !®F-fluorodeoxglucose (FDG) uptake using pre-contrast MR
attenuation correction would not significantly change after injection of GBCA for patients

undergoing simultaneous PET/MR.

4.2 Methods

To evaluate potential bias caused by GBCA attenuation in-vivo, clinical breast PET/MR
exams were collected. The PET data from the exams were used to reconstruct images which
simulated dynamic imaging scenarios. For each scenario, ROIs were drawn in multiple organs
throughout the body and SUVmean and SUVmax Were calculated for each. Statistical testing was

performed to determine any significant SUV changes following GBCA administration. Additional

3This chapter has been published in the journal Medical Physics: Allen TJ, Henze Bancroft LC, Kumar M,
Bradshaw TJ, Strigel RM, McMillan AB, Fowler AM. Gadolinium-based contrast agent attenuation does not impact
PET quantification in simultaneous dynamic contrast enhanced breast PET/MR. Med Phys. 2022 Aug;49(8):5206-
5215. doi: 10.1002/mp.15781. Epub 2022 Jun 8. PMID: 35621727.
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details are provided in the following sections. A calculation of the attenuation coefficients for a

representative GBCA is presented in Appendix C.

4.2.1 Participant Information

This study was IRB-approved and HIPAA compliant. Women 18 years or older with
biopsy-proven, invasive breast cancer measuring at least 1 cm by conventional imaging and
receiving pre-operative breast MRI were eligible. Patients who were pregnant, lactating, had breast
implants, had surgical excision or underwent neoadjuvant therapy for the biopsy-proven breast
malignancy, or had a contraindication to MRI or PET were not eligible. The PET/MR data used in
this analysis was collected as part of a previously published prospective study performed at our

institution.

4.2.2 Imaging Acquisition and Reconstruction

Participants fasted for at least 6 hours before receiving a 370 MBq (10 mCi) injection of
18F-fluorodeoxyglucose (FDG) intravenously approximately 85 minutes (range: 79 to 117
minutes) prior to imaging. Participants underwent a simultaneous PET/MR breast exam on a Signa
3.0T PET/MR system (GE Healthcare, Waukesha WI) using an 8-channel dedicated breast coil.
The following software versions were used during the study: MP24.0 R01_1524,
MP24.0_R02_1629, and MP24.0_R03_1712. PET acquisition duration was 30 minutes in the
prone position with one bed position at the level of the breasts. Data was saved in list-mode format
so that multiple PET reconstructions could be performed. Concurrent with the PET acquisition,
participants received a standard-of-care breast MRI exam including a 2D fat-saturated T2-
weighted fast spin-echo (FSE) sequence, a 3D non-fat saturated T1-weighted spoiled gradient

recalled (SPGR) sequence, a dynamic contrast enhanced (DCE) series consisting of four
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consecutive phases of a 3D fat-saturated Tlw SPGR sequence, and diffusion weighted imaging.
Pre-contrast, two-point Dixon-based in-phase and out-of-phase images were acquired and used for
the vendor-supplied PET attenuation correction via the segmentation method (air, lung, fat, and
soft tissue).?? The fat image and water image from the Dixon sequence was used to generate the
attenuation map (p-map). Scan parameters are included in Table 8. A diagram showing PET and
MR scan timing for a single subject is shown in Figure 17.

Between the first and second time-phase of the DCE series, 0.1 mmol/kg of a representative
gadolinium-based MR contrast agent (gadobenate dimeglumine, MultiHance, Bracco Diagnostics,
Monroe Township, NJ) was injected intravenously by a power injector at 2 mL/sec followed by a
10 mL saline flush. The concentration of the GBCA provided by the manufacturer was 0.5 M. The

GBCA injection time was measured from the beginning of PET acquisition.
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Table 8: MR and PET Sequence Parameters

T1W Pre- Dixon-Based
MR Sequence T2W Contrast DCE DWI MRAC
Plane Axial Axial Axial Axial Axial
TR/TE (ms) 4000/85 5.4/2.6 5.4/2.6  4000/MinTE  4.0/1.1+2.2
FOV (mm) 320 320 320 360 500
Matrix Size 288/288  448/448  448/448 128/192 256/128
Slice Thickness ) 14 14 40 5.9
(mm)
Bandwidth (kHz) 31.25 83.33 83.33 250 167
PET Sequence Static Dynamic
FOV (mm) 600 600
Matrix Size 256/256 256/256
Acqmsm.on Time 30 30
(min)
Frame !_ength 30 0.5
(min)
Recon Method OSEM OSEM
Iterations 3 3
Subsets 28 28
Filter 4 mm Gaussian 4 mm Gaussian

MiInTE: minimum allowed echo time, OSEM: Ordered subsets expectation maximum, MRAC:
MR-based attenuation correction.
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Figure 17: PET/MR Timing Diagram. Diagram showing the timing of PET and MR acquisitions for a
single subject. PET data collection and MRAC began simultaneously before the administration of GBCA.

GBCA administration occurred between the first and second phase of the DCE series (arrow). Because of
this timing, the MRAC was not affected by the GBCA.

PET images were reconstructed from raw data using an ordered subsets expectation
maximization (OSEM) algorithm provided by the vendor for offline use written in MATLAB (The
Mathworks Inc., Natick, MA). PET acquisition and reconstruction parameters are included in
Table 8. Corrections to account for random coincidences, dead time, and scatter were applied
along with attenuation correction. The PET data were reconstructed in three distinct ways. 1) PET
data were dynamically reconstructed into 60 time frames of 30 seconds, independent of the GBCA
administration as would be the case in a likely clinical image scenario. This reconstruction method
is referred to as dynamic method 1 (DM1). A 30 second frame duration was chosen as a
compromise between short frames required to capture the estimated injection duration during
which GBCA attenuation might be seen (seconds to tens of seconds) and the image noise. 2) A

second reconstruction explicitly selected the 30 second frames so that the start of GBCA
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administration occurred between two frames (DM2). 3) Finally, a static PET reconstruction
incorporating the full 30 minutes of PET data was performed.

For DM1 and DM2, frames of the dynamic PET reconstruction were chosen to represent
pre-contrast activity and post-contrast activity. Frames that started prior to GBCA injection are
defined as pre-contrast frames. Frames that started following GBCA injection are defined as post-
contrast frames. Three timing windows were chosen consisting of a single frame (30 seconds), two
frames (60 seconds), or four frames (120 seconds) immediately before and after contrast
administration (Figure 18). In the DM1 reconstruction, pre-contrast frames could include data
acquired after GBCA administration since the pre-contrast frames were defined by the frame start
time. The distribution of contrast times within the pre-contrast frame nearest GBCA administration
is shown in Figure 19. Despite the inclusion of some contrast data in pre-contrast frames, the DM1
reconstruction was performed to replicate clinical timing scenarios where PET frames are
sequential from the beginning of the acquisition period. The 30, 60, and 120 second timing
windows are used to investigate the tradeoff between image noise and potential GBCA attenuation.
At short frame duration, noise is high but the initial administration of concentrated GBCA is more
likely to be captured. With longer frames, noise is reduced but the potential effect of GBCA is lost
due to averaging over times when GBCA is much more dilute. Thus, multiple timing windows
were used in an attempt to identify a frame duration where the potential GBCA effect could be

detected through the image noise.
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Figure 18: Diagram of 2 Distinct PET Reconstruction Paradigms. SUVmean and SUVmax were
calculated for both pre-contrast and post-contrast timing intervals. These intervals consisted of
either one, two, or four 30 second frames. In this figure, solid vertical lines represent the
segmentation of PET data into 30 second frames. Pre-contrast frames are those which began prior
to the injection of GBCA. Post-contrast frames are those which began after GBCA injection. For
the DM reconstruction, the administration of GBCA did not always occur at the same time within
the nearest 30 s dynamic frame, e.g., the beginning of a frame (see Figure 19). For the DM2
reconstruction, frames were selected such that GBCA administration always occurred at the
beginning of a frame.

0 5 10 15 20 25 30

GBCA Injection Time Within Frame (s)

Figure 19: Distribution of Gadolinium Administration in DM1 Frames. For the DM1
reconstruction, GBCA administration timing within the last pre-contrast frame is shown. Each
black bar indicates when the GBCA was administered in the pre-contrast frame. The injection
times vary uniformly throughout the frame as would be the case in a clinical image scenario where
administration timing is independent of the beginning of PET frames.

4.2.3 Imaging Analysis and Quantification

A board-certified, fellowship-trained radiologist with 8 years of experience identified four
volumes of interest (VOIs) within each subject using the full 30-minute static PET reconstruction.
The VOIs included 1) a contour of the known biopsy-proven breast malignancy using 30%

thresholding of the maximum pixel intensity; 2) a 1 cm diameter sphere within the fibroglandular



58
tissue of the contralateral normal breast; 3) a 1 cm diameter sphere within the descending aorta at
the lower thoracic level; and 4) a 3 cm diameter sphere within the right lobe of the liver (Figure
20). PET images were viewed alongside DCE MR images for anatomical reference. Drawing of
VOlIs was performed using MiradaXD3 v3.6 (Mirada Medical, Denver, CO).

Two metrics were used for quantification of FDG uptake in each of the four VOIs: SUV mean
and SUVmax. SUVmean IS the average standardized uptake value among all pixels in the VOI while
the SUVmax is the uptake for the highest intensity pixel. For both dynamic reconstructions, the
SUVmean and SUVmax for pre-contrast and post-contrast periods were calculated using the three

timing windows discussed earlier.

4.2.4 Statistical Analysis

Percent change in the SUV metrics was calculated to test for a statistically significant, non-
zero percent change. Wilcoxon signed-rank tests were performed for each volume of interest and
each timing interval used. Utilizing Bonferroni correction for multiple comparisons, p-values of
0.0125 or less were considered significant at the 0<0.05 level. Statistical analysis was performed

within MATLAB (The Mathworks Inc., Natick, MA).
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Figure 20: Example of Volumes of Interests for Simultaneous PET/MR. SUVmean and SUVmax
were calculated for four volumes of interest (VOISs) in each subject. 30-minute reconstructed axial
PET images demonstrating: a) biopsy-proven left breast malignancy with VOI using 30% of the
maximum pixel intensity threshold (arrow), b) one cm diameter VOI sphere within the
fibroglandular tissue of the contralateral normal breast (arrow), ¢) one cm diameter VOI sphere
within the descending aorta (arrow), d) 3 cm diameter VOI sphere in the right lobe of the liver
(arrow). VOIs were drawn using DCE MRI as anatomical reference (not shown).

4.3 Results

Twenty-three women with biopsy-confirmed, invasive breast cancer were imaged in the
initial prospective study’. For the current analysis, three subjects were excluded due to contrast
injection occurring after the PET acquisition had ended. Seven subjects were excluded because
contrast injection occurred within 120 seconds of the end of PET acquisition. The remaining 13
subjects included in this analysis were aged 33 to 70 years (mean, 49 years). Malignant lesion sizes
varied from 1.7 cm to 8.8 cm (mean, 4.5 cm) as measured by the longest dimension using MRI.
One subject had two separate, biopsy-confirmed sites of invasive carcinoma within the same

breast. Only the larger of the two lesions was included in this analysis. The injected volumes of
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0.5 M GBCA ranged from 10 mL to 18 mL for a standardized 0.1 mmol/kg patient weight-based

dosing.

4.3.1 DM1 Reconstruction

Images from a representative subject along with the corresponding SUV mean and SUVmax
time activity curves for the DM1 reconstruction are provided in Figure 21. Using the 30 second
timing interval, no significant change in SUVmean Was measured for the biopsy-proven breast
malignancies (p=0.07), contralateral normal fibroglandular tissue (p=0.41), descending aorta
(p=1.0), or liver (p=0.64) (Figure 22). In the 60 second analysis, no significant change was
detected in any tissue type tested (breast malignancies, p=0.03; fibroglandular tissue, p=0.95;
aorta, p=0.74; liver, p=0.19). Finally, in the 120 second time interval, no significant change was
detected in the tissues analyzed (breast malignancies, p=0.31; fibroglandular tissue, p=0.50; aorta,

p=0.95: liver, p=0.17).
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Figure 21: Example PET Images Using Multiple Timing Intervals and Time Activity Curves.
a) Axial breast PET images in a representative patient with known right breast cancer (increased
FDG uptake indicated by arrow). Pre- and post-contrast SUV PET images are shown for each of
the tested timing interval frames (30 s, 60 s, and 120 s). The static PET reconstruction using the
entire 30 minutes of PET data is included for reference. b) Corresponding SUVmean and SUVmax
time activity curves for this subject are included. The dashed vertical line indicates the time of
gadolinium-based contrast agent administration. The shaded portion of the plot corresponds to the
tested timing interval frames (dark gray: 30 s, medium gray: 60 s, light gray: 120 s). The inset plot
provides a more detailed view of the data immediately before and after contrast administration.

Similarly, no change in SUVmax was observed for any of the investigated tissues in the 30
second interval (breast malignancies, p=0.64; fibroglandular tissue, p=0.34; aorta, p=0.34; liver,
p=0.03) (Figure 23) in the 60 second interval (breast malignancies, p=0.59; fibroglandular tissue,
p=0.84; aorta, p=0.27; liver, p=0.03), or the 120 second interval (breast cancer lesions, p=0.74;

fibroglandular tissue, p=0.59; aorta, p=0.59; liver, p=0.17).
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Figure 22: SUVmean Before and After GBCA Administration Using DM1 Reconstruction.
Percent change in SUVmean for each of the measured VOIs: aorta/blood, breast tumor, normal
fibroglandular tissue (FGT), and liver for each timing interval using DM1 reconstruction. The
shaded regions show the frame-to-frame variation of SUVmean for each tissue as the 95%
confidence interval. Our data mostly falls in the region expected for frame-to-frame variation
indicating no effect of GBCAs. The value below each box and whisker is the p-value
corresponding to a test of difference from zero change. One extreme outlier is not shown for the

sake of readability (Blood, 30 s, Change in SUVmean = 89%).
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Figure 23: SUVmax Before and After GBCA Administration Using DM1 Reconstruction.
Percent change in SUVmax for each of the measured VOIs: aorta/blood, breast tumor, normal
fibroglandular tissue (FGT), and liver for each timing interval using DML1 reconstruction. The
shaded regions show the frame-to-frame variation of SUVmax for each tissue as the 95% confidence
interval. Our data mostly falls in the region expected for frame-to-frame variation indicating no
effect of GBCAs. The value below each box and whisker is the p-value corresponding to a test of
difference from zero change.

Since PET annihilation photons from left breast malignancies may be more likely to exhibit

attenuation from GBCA due to the proximity to the heart, a subset analysis was performed

comparing pre-contrast and post-contrast SUVs for the 8 subjects with left breast cancer. Analysis

of this subset of subjects showed no significant difference in either SUVmean (30 seconds, p=0.74;

60 seconds, p=0.38; 120 seconds, p=0.95) or SUVmax (30 seconds, p=0.25; 60 seconds, p=0.38;

120 seconds, p=0.05) in the tumor VOlIs for left breast malignancies.
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4.3.2 DM2 Reconstruction
Similar to the results obtaining using the DML reconstruction, no significant change in
SUVmean Was found for known cancers (30 seconds, p=0.17; 60 seconds, p=0.013; 120 seconds,
p=0.17), normal fibroglandular tissue (30 seconds, p=0.59; 60 seconds, p=0.84; 120 seconds,
p=0.34), aorta (30 seconds, p=0.59; 60 seconds, p=0.84; 120 seconds, p=0.95), or liver (30
seconds, p=0.74; 60 seconds, p=0.54; 120 seconds, p=0.34) (Figure D1, Appendix D). No
significant change in SUVmax was observed for known cancers (30 seconds, p=0.03; 60 seconds,
p=0.17; 120 seconds, p=1.0), normal fibroglandular tissue (30 seconds, p=0.84; 60 seconds,
p=0.74; 120 seconds, p=0.54), aorta (30 seconds, p=0.19; 60 seconds, p=0.45; 120 seconds,
p=0.24), or liver (30 seconds, p=0.79; 60 seconds, p=0.50; 120 seconds, p=0.84) (Figure D2,
Appendix D). Sub-analysis of cancers of the left breast found no significant change in either
SUVmean (30 seconds, p=0.46; 60 seconds, p=0.15; 120 seconds, p=0.55), or SUVmax (30 seconds,

p=0.15; 60 seconds, p=0.95; 120 seconds, p=0.11).

4.4 Discussion

This work aimed to determine if the use of GBCAs during simultaneous PET/MR imaging
could directly impact PET attenuation and thus bias quantification of radiotracer uptake. Using
simultaneous breast PET/MR with FDG for patients with newly diagnosed invasive breast cancer,
SUV metrics were compared in dynamic PET reconstructed data from timing window frames
before and after GBCA administration using pre-contrast MR attenuation correction. Two dynamic
reconstruction methods were investigated: DM1 with frames chosen independent of GBCA
administration and DM2 with frames selected such that GBCA administration fell exactly between
two frames. We observed no detectable change in SUVmean 0r SUVmax in the biopsy-proven breast

malignancies or in normal tissues (aorta/blood, fibroglandular tissue, and liver) using either
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reconstruction method. The lack of effect of GBCA administration on PET quantification is likely
due to the small total mass of gadolinium contained in a standard dose of contrast and the rapid
dilution of the agent after intravenous injection. This study addresses gaps in the existing literature
by providing a direct comparison of quantitative PET values immediately before and after the
injection of GBCA in a cohort of 13 patient subjects using a different scanner vendor than previous
work with phantom models®*®, Since the data acquisition for the MR attention correction was
performed prior to GBCA administration, the potential confounding effect of gadolinium on the
H-map accuracy was removed.

This study focused on patients undergoing simultaneous breast PET/MR imaging since it
offers a unique opportunity to study the attenuation effects of GBCAs on PET data quantification
and is expected to be one of the clinical scenarios potentially most impacted. First, GBCA injection
is required for the dynamic contrast enhanced portion of the MRI exam. Second, the field of view
used in breast imaging includes the heart. As GBCA first passes through the heart it will be near
its highest concentration and provide the greatest attenuation. Third, accurate quantification of
SUV in breast is clinically important. FDG PET can be used to assist in initial staging of cancer
and for detection of distant metastases’*">. SUVmax in particular has been of interest for early
prediction of neoadjuvant chemotherapy response’®-"°. Early identification of non-responders
would allow treatment to pivot away from ineffectual chemotherapy and toward more effective
treatment options. Use of SUVmax for clinical decision making relies on accurate quantification of
the tracer uptake and attenuation due to gadolinium presents a possible source of inaccuracy, thus
resulting in impaired clinical decision making.

The results of this multi-patient study expand the existing knowledge regarding the

potential impact of GBCAs on radiotracer uptake for simultaneous PET/MR imaging. Using
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phantom models, Lois et al. demonstrated that the GBCA, gadobutrol (Gadovist, Bayer
HealthCare, Whippany, NJ) had similar PET attenuation values as water under clinically relevant
concentrations (0.2%) and had no effect on the attenuation of PET emission data®. Furthermore,
data from one patient with bronchial carcinoma imaged with simultaneous FDG PET/MR before
and after GBCA administration demonstrated that the MR-based attenuation maps were not
significantly affected by the presence of GBCA (<0.5% and <3% for the two correction algorithms
tested). However, a direct comparison of attenuation corrected PET values before and after GBCA
administration could not be performed due to different study conditions. By using dynamic PET
reconstructed data from timing windows before and after GBCA administration, our study
provides this direct comparison. In another phantom-based study using simultaneous PET/MR
imaging with 18F-sodium fluoride and the GBCA gadoteric acid (Dotarem, Guerbet, Villepinte,
France), O’Doherty and Schleyer demonstrated that the presence of high GBCA concentrations
produced minimal effect on image-based PET activity values®®.

In agreement with the prior phantom-based studies, our results show that no significant
PET quantification bias was present in patients undergoing simultaneous breast PET/MR imaging
despite the proximity to the heart. We therefore expect no significant SUV quantification errors in
other anatomy, such as the brain, where no large pool of gadolinium exists within the imaging
volume at any time during PET acquisition. Although certain classes of GBCAs have been
associated with gadolinium deposits within brain structures such as the dentate nucleus®8!, the
higher end of deposited gadolinium concentrations is orders of magnitude less than the
concentration of a typical GBCA (2.1 pg/g of tissue versus 340 mg/g of GBCA)®L. Since our
protocol was performed at a single thoracic bed position and did not include whole-body imaging,

the effect of GBCAs in other anatomic regions outside of the field-of-view could not be evaluated.
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We used timing windows to represent dynamic frames as short as 30 seconds. Using
smaller windows, we might expect a larger effect due to a higher average gadolinium concentration
over the course of the dynamic frame. However, such short frames would suffer from low signal-
to-noise, and any prompted change in PET signal would likely be undetectable due to high noise.
Future PET systems with higher sensitivity might facilitate the detection of gadolinium effects at
shorter time frames.

This study focused on SUV (both mean and max) as quantitative PET metrics, though the
results should be generally applicable to any PET metric. SUV is directly proportional to the
detected signal in a voxel. Since SUV is unaffected, the signal itself should be unaffected and other
quantification metrics, such as radiotracer pharmacokinetic parameters, will be similarly unbiased.
However, effect of GBCAs on PET pharmacokinetic parameters was not directly tested in this
study.

Only one GBCA (gadobenate dimeglumine) was evaluated here. Other FDA-approved
GBCAs in clinical use have a similar elemental composition, density, and concentration as
gadobenate dimeglumine. Gadobutrol (Gadovist) is the only FDA-approved GBCA that is
supplied at a higher concentration (1.0 M) allowing for lower volume injections to achieve the
same recommended dosing (0.1 mmol/kg body weight). All of the FDA-approved GBCASs contain
the same amount of gadolinium per recommended dose. Thus, we assert that the tested GBCA
(gadobenate dimeglumine) is representative of all GBCAs and would anticipate similar results for
other GBCA:s.

This study investigated one possible way that GBCA can affect PET quantification, namely
additional attenuation caused by gadolinium atoms not accounted for by current MRAC methods.

However, the GBCA also affects T1-weighted tissue contrast which could impact the accuracy of
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image-based MRAC approaches and thus indirectly affect SUV quantification. Though not
addressed in this work, it has been investigated by others and can be readily addressed by routinely
acquiring MRAC images prior to GBCA administration®?®1, The results of these studies varied
from no effect to potential tissue-specific effects of GBCA on MRAC methods for brain, lung, and
fat.

Historically, a similar question was posed with contrast-enhanced PET/CT exams if
iodinated contrast agents used in CT affect SUV values by either attenuating annihilation photons
or by impacting the image data used for attenuation correction. There does not appear to be
significant attenuation of annihilation photons by iodine contrast agents at 511 keV in general use
cases®. However, changes in Hounsfield units due to iodinated contrast in PET/CT leads to an

overestimation of attenuation by the CT attenuation correction leading to elevated SUV82-84,

4.5 Conclusion

The results of this study demonstrated that SUVmean and SUVmax were not affected by the
injection of a GBCA during simultaneous breast PET/MR imaging. The attenuation of annihilation
photons caused by the presence of the GBCA is likely not substantial enough to cause a significant
difference in detected signal. Thus, GBCAs may be used during a simultaneous PET/MR
acquisition without imparting bias onto PET quantification metrics and an additional correction to
the PET signal to account for GBCA attenuation is not necessary when pre-contrast MR-based

attenuation correction sequences are obtained.
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Chapter Five

ADC Reproducibility Using M1-optimized DWI

5.1 Introduction
5.1.1 Diffusion Weighted Imaging

Diffusion weighted imaging (DWI) enables noninvasive probing of tissue microstructure
with multiple clinical and research applications®®. In the liver, DWI is a clinically established
tool for detection of focal liver lesions and particularly for liver metastases®” 8. Further,
quantitative mapping of liver diffusion metrics may enable improved diagnosis, staging, and
treatment monitoring with applications in focal and diffuse disease. The apparent diffusion
coefficient (ADC) parameter has shown promise for lesion characterization®, assessment of
response to treatment®®, and in evaluation of diffuse liver disease such as fibrosis®*. Quantification
using more advanced signal representations such as intra-voxel incoherent motion®?, kurtosis®, or
recent tissue models®+% may provide enhanced sensitivity and specificity.

For quantitative diffusion measurements to be broadly useful, they must be reproducible.
However, multiple studies have demonstrated the lack of reproducibility in liver ADC and IVIM
modeling®-%8. A contributing factor to the poor reproducibility is the sensitivity of DWI signals to
multiple sources of undesirable variability. The diffusion gradient waveforms necessary to apply
the diffusion weighting extend TEs and causes low SNR, particularly in short-T2 organs such as
the liver®. Stejskal-Tanner (“MONQO”) diffusion waveforms are commonly used but are prone to

motion-induced artifacts!®. Cardiac motion compresses the left lobe of the liver and causes signal
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dropout®??, Imaging with high b-values is more sensitive to cardiac-induced signal dropout causing

ADC values to be artifactually increased in the left liver lobe.

5.1.2 Motion-Robust Liver DWI

Attempts to desensitize ADC measurements to motion have included both
prospective®’192-1% and retrospective methods!®-1, Retrospective mitigation of motion-induced
signal dropout can be performed through averaging across repetitions. In body DWI, multiple
repetitions for each b-value and diffusion direction are generally acquired to increase SNR. The
averaging of these repetitions helps reduce the effect of signal dropout from any individual
repetition. While a simple averaging technique is generally used, weighted averaging methods may
further reduce signal dropout by giving less weight to repetitions with severe dropouts®”:110.111,
Generally, retrospective correction may fail in the absence of sufficient repetitions without signal
dropouts.

Prospective motion correction methods include respiratory gating, cardiac triggering,
and/or the use of motion compensated diffusion weighting gradients?>-1%, Cardiac gating is not
often used for liver imaging since it severely lengthens overall scan times. Therefore, suppression
of cardiac motion is more commonly performed using motion compensated gradients. These
diffusion gradient waveforms often use first moment (M1) nulling, which limits DW1’s sensitivity
to compressive tissue motion at the cost of longer TEs and lower SNR. An additional downside of
M1-nulled waveforms is the potential for hyperintense vasculature due to compensation of blood
signal. Vessels appear bright in M1-nulled DWI, and thus may mimic liver lesions and confound
the interpretation of DWI. To suppress this hyperintense vessel signal, an alternative technique
known as M1-optimized DWI (MODI) has been proposed??. This technique uses waveforms with

a small, but non-zero M1-value. MODI shows promise in achieving motion-robust DWI while
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suppressing hyperintense vessel signals, but still has the downside of longer TEs and reduced SNR
compared to MONO diffusion encoding.

The minimum TE achievable with MODI depends on the gradient coil performance
including the maximum gradient strength, Gmax, and maximum slew rates, Smax. Currently, MODI
has only been demonstrated on an MR system with high performance gradients (Gmax= 70 mT/m,
Smax = 150 mT/m/msec). Direct implementation of MODI in MR systems with conventional
gradient performance results in extended TEs and prohibitively low SNR especially in short-T2
organs such as the liver.

Therefore, there is an unmet need to overcome the limitations of existing motion-robust
methods for liver DWI. Previous implementations of MODI used only a single gradient coil to
apply the diffusion weighting. Use of multiple gradient coils simultaneously, such as in tetrahedral
diffusion encoding®®>112 may allow for shortened TEs and enable motion-robust DWI using MODI
on MR systems with conventional gradient performance. Further, a combination of prospective
(MODI) and retrospective (weighted averaging) methods for motion-robust liver DWI may lead
to additional improvements in motion robustness and reproducibilityt%113,

Therefore, the purpose of this work is to introduce technical advances to enable motion-
robust DWI and diffusion quantification on MR systems with conventional gradient performance,

and to evaluate the reproducibility of liver ADC mapping across multiple different MR systems.

5.2 Innovations in Abdominal DW!I

This is the first work to demonstrate the MODI technique on a 1.5T scanner and scanners
with conventional gradient performance. This is achieved by implementing, for the first time,
tetrahedral waveform design with MODI. Additionally, this work provides the first assessment of

MODI-based ADC measurement reproducibility across various MR scanners.
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5.3 Theory

The original MODI algorithm for waveform generation is based on optimized diffusion
gradient design (ODGD)%1%,  As a brief overview, MODI generates a diffusion-weighting
gradient waveform, G(t), that achieves a desired b-value with minimum TE subject to timing,
hardware, and design constraints. MODI with tetrahedral diffusion encoding (tMODI) allows for
an increase in the effective gradient strength, Gefr, by V3. Since the b-value and M1-values are
proportional to Ger? and Gefr, respectively, shorter TEs can be achieved with a tetrahedral design
for a given b-value and M1-value enabling higher SNR images.

A potential challenge with tMODI is the increase in concomitant gradient (CG) effects,
especially at lower field strengths'4115 Existing methods to suppress CG effects in diffusion
waveform design have been previously described'%116 and one of these techniques has been used
with MODI previously'%. This CG-suppression technique equates CG-induced phase differences

before and after the 180-degree RF pulse in a spin echo DWI sequence by enforcing,

fG(t)zdt=f G(t)?dt, [1]
Al

A2

where Al is the time interval prior to the 180 RF pulse and A2 is the time interval following the
180 RF pulse. It can be shown that this technique also suppresses CG effects when using
tetrahedral gradient design. The net amplitude due to CG for x- and y- gradient coils at 90° to each

other can be modeled using a 2nd order Taylor expansion>117;

_(GE+ Gf)zz2 N GZ(x*+y*) GGyxz G,Gyz [2]
¢ 2B, 2B, 2B, 2B, '

and the spatially varying phase difference due to this magnetic field is:
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Be(xy, 2, t)dt — j Be(x,y, 2 t)dt. (3]

A2

¢(x,y,2) =yj

Al

If the gradient coils play waveforms with the same shape (i.e., scaled versions or identical versions

of the same waveform), the cross terms in equation

(G2 +62)22 LG4y GGxz GGy 2]
€ 2B, 2B, 2B, 2B, '

reduce to self-squared terms. For tetrahedral encoding, each coil plays an identical waveform so
satisfying equation [1] ensures that the tMODI design is CG-nulled.

An additional limitation of the prior MODI algorithm was the occasional convergence to
suboptimal local minima, leading to longer than necessary TEs. In this work, the MODI
optimization algorithm was updated to include multiple initializations for each optimization step.
Using these multiple initializations helps avoid suboptimal local solutions. The complete updated
waveform design pipeline used in this chapter is shown in Figure 24 with unigue contributions of

this work highlighted.



Setup bdesired M1 desired btarget = bdesi ned/3
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Figure 24: Overview of MODI Optimization and Novel Contributions. Modification to the
existing MODI optimization algorithm allows for waveforms with a tetrahedral design and helps
to prevent the optimization algorithm from converging to local minima. Shown here is a flowchart
illustrating the steps of the optimization. White blocks are steps that are novel to this work of this
chapter. The new blocks in the setup and solution categories allow for tetrahedral design while the
blocks in optimization help to avoid local minima. The parameter dt is the temporal resolution of

the waveform.
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5.4 Methods

A brief overview of the methods is presented here, and further details follow in subsequent
paragraphs. This chapter implemented updates to the MODI optimization to accommodate
tetrahedral gradients and help avoid local minima. Simulations of TEs achievable for given b-
values and M1 values were used to demonstrate the TE savings achievable with the MODI updates.
Phantom imaging was performed to validate CG-nulling. A small reproducibility study with 8
subjects was performed using 3 different MR scanners. Reproducibility of liver ADC
measurements was assessed for both MONO and MODI imaging which were used in combination

with one of three weighted averaging methods.

5.4.1 MR Systems

Throughout this chapter, three different clinical MR scanners from the same manufacturer
(GE Healthcare, Waukesha, WI, USA) were used (Table 9). Scanner 1 was a 3T SIGNA Premier
system with high performance gradient coils (Gmax= 70 mT/m, Smax = 150 mT/m/msec) which had
been used in a previous study to demonstrate the feasibility of MODI. Scanners 2 and 3 were a 3T
Signa PET/MR system and a 1.5T SIGNA Artist system, respectively. Both have “conventional”
performance gradient coils (Gmax= 33 mT/m and Smax = 120 mT/m/msec). The feasibility of MODI

on these systems has not been previously demonstrated.



Table 9: Scanner and Sequence Details

7

Max Slew Rate

Max Gradient

Scanner Model Field Strength (MT/m/msec) Strength (mT/m)
Scanner 1 Signa Premier 30T 150 70
Scanner 2 Signa PET/MR 30T 120 33
Scanner 3 Signa Awrtist 15T 120 33

Sequence Parameters

Diffusion [M1| (s/mm)
Sequence Directions Scanner low b, high b TE (ms)

Scanner 1 0.22,0.68 47
MONO 3 Scanner 2 0.26, 0.85 64
Scanner 3 0.26, 0.85 62
Scanner 1* 66
tMODI 4 Scanner 2 0.10 72
Scanner 3 70

Common Parameters

b-values  Repetitions per . Slice

(s/mm?) b-value Acceleration Thickness FOV (cm)

50,500 2,4 ASSET (R=2) 6 mm 38 x 38

tMODI waveforms include concomitant gradient nulling. *The gradient hardware on Scanner 1
prevents the use of tetrahedral gradients. On that scanner, tMODI experiments were performed

5.4.2 Echo Time Simulations

with conventional MODI.

Simulations were performed to evaluate the differences in TE between the existing single

coil MODI design and the proposed tMODI design. Diffusion gradient waveforms were generated

for Scanner 3 with b-values between 25 and 800 s/mm? and M1-values with magnitude between 0

and 1 s/mm. The minimum echo time achievable for each waveform was determined.

MODI/tMODI waveforms with controlled M1 values were generated as described above. Note

that MODI is generally not used to generate waveforms with M1 values larger than those of

MONO. When generating MODIAMODI waveforms with M1-value near to or greater than the
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corresponding MONO M1-value, a MONO solution with the desired b and M1-values was directly
constructed. This was achieved by iteratively stretching and scaling the MONO solution for that
b-value until the desired M1-value was achieved. The maximum allowed TE was 100 ms at which

point the iteration was abandoned.

5.4.3 Experimental Validation of CG-nulling

A phantom study was conducted to assess CG-induced signal bias using tetrahedral
waveforms both with and without CG-nulling. A silicone oil phantom was imaged on Scanner 3
using a 2D spin-echo diffusion sequence. CG effects are inversely proportional to the static field
strength and so the 1.5T scanner provided a worst-case assessment of CG effects. The Gaussian
diffusion of silicone oil is very slow so any substantial signal loss in the phantom was due to CG
effects!*®. The phantom was imaged using tMODI waveforms both with and without CG nulling.
Details of the acquisition parameters can be found in Table 9. The percent difference in high b-
value signal compared to low b-value signal was calculated within a large ROI inside of the

phantom.

5.4.4 Averaging Techniques

As discussed in section 5.1.2, individual repetitions are combined into a single image using
simple arithmetic averaging in conventional DWI. In this chapter, three different repetition
averaging techniques were employed and tested with liver imaging:

1. “Simple Averaging” - Arithmetic averaging of repetitions,

2. “Weighted Averaging” - Weighted averaging using the normalized Gaussian filtered

image as weighting coefficients,
3. “Squared Weighted Averaging” - Weighted averaging using the square of the Gaussian

filtered image as the weighting coefficients.
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This can be described mathematically if we let Si be the signal intensity for repetition i and Sic the
signal intensity after Gaussian blurring:

S Sl

S==—""7
YiSic

[4]

where simple averaging is n = 0, weighted averaging is n = 1, and squared weighted averaging is
n = 2. The goal of this evaluation was to compare the robustness to motion-induced localized signal
dropouts achievable with each of these averaging methods. Further details of the weighted and
squared weighted averaging techniques has been provided by Fiihres et al''l. For weighted

averaging, this work uses a Gaussian kernel size of 32 mm.

5.4.5 Healthy Subject ADC Reproducibility

With IRB approval and informed consent, healthy volunteers (N=8) were imaged on the
recruited for this study. Each volunteer was imaged on the three MR scanners consecutively on
the same day (Table 9). On each scanner, multiple DWI sequences were performed using a 2D
spin-echo diffusion sequence with both MONO and tMODI waveforms. tMODI waveforms were
CG-nulled. Scanner 1 was not able to use tMODI since that system is designed for isotropic
gradient coils (i.e., combinations of gradient coils are limited to the strength of a single gradient
coil). Therefore, conventional MODI was used in place of tMODI on Scanner 1. For the in-vivo
study, MODI/tMODI implementations on the various scanners will be referred to collectively as
tMODI for simplicity. B-values of 50 and 500 s/mm? were used and a M1 value of 0.1 s/mm.
Acquisitions were performed using respiratory triggering controlled by respiratory bellows. The
number of respiratory cycles was fixed at 2 for consistency across scanners, which limited the

maximum number of acquired slices. To achieve whole liver coverage within 2 respiratory cycles,
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a slice thickness of 6 mm was used and spacing in-between slices was increased as necessary.
Table 9 provides detailed acquisition parameters.

The three different repetition averaging methods were applied to each acquisition resulting
in three sets of reconstructed DW images and ADC maps. Subsequently, 9 ROIs were drawn
corresponding to the 9 Couinaud liver segments by a radiologist using the b = 50 s/mm: images
with simple averaging as an anatomic guide. ROIs were placed on single slices and constructed to
be as large as possible within the segment of interest while avoiding large vessels and unsuppressed
fat artifacts. This was done for each sequence so no registration between sequences was performed.
Mean ADC values were calculated for each ROI, acquisition sequence, and averaging method
across all healthy volunteers. Because only healthy normal volunteers were used, ADC
measurements are expected to be consistent across all liver lobes. Similar to previous works, higher
ADC measurements in the left lobe were assumed to be due to cardiac motion and not underlying
subject disease. For this reason, in this work, we refer to these higher ADC values as overestimated

despite the lack of an ADC reference value.

5.4.6 In-Vivo Data Analysis

A linear mixed-effects model was used to estimate systematic differences in ADC
measurements between segments in the left and right liver lobes, between high and low gradient
performance, and between 1.5T and 3.0T field strengths, while controlling for random subject
effects. Statistics were performed in MATLAB R2022b (MathWorks, Natick, MA, USA) using
the fitime function. This modeling was repeated for each combination of acquisition sequence and
averaging technique. ADC measurements from segment 1 were excluded from mixed-effects

analysis since it is not considered a part of the right or left liver lobe.
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The reproducibility of ROI-based ADC measurements was assessed between each pair of
scanners (3 pairs) and across all 3 scanners collectively. Between pairs of scanners, i and j, the
difference between each individual ROl measurement was determined, and the standard deviation
of the differences, orol,ij, was calculated. The ROI-based reproducibility coefficient, RDCij, was
defined as 1.96cRrou,ij. It follows that 95% of all potential measurements between scanner i and j
are estimated to have an absolute difference of less than RDCi;. The average difference in ADC
measurements between scanners i and j, Aij, was also measured. An RDC value comparing
measurements among all scanners was also calculated. The standard deviation of all measured
differences between the 3 scanners, oc, was used to determine the collective RDC, RDCc = 1.96cc.
The RDCc is the estimated absolute difference between 95% of all potential measurements
between any two scanners. RDC calculations were performed for each acquisition sequence and

averaging technique.

5.5 Results
5.5.1 Echo Time Simulations

Figure 25 shows the achievable TEs from MODI and tMODI using scanner 3
(conventional gradient performance) over a wide range of b-values and M1 values. For relevant b-
values and M1 values, tMODI leads to shorter TEs. For example, motion-robust imaging of the
liver has been previously demonstrated (on a system with high-performance gradients) using a
high b-value of 500 s/mm2 and M1-value of 0.1 s/mm. With these parameters, the achievable TE
using the previously proposed MODI on a system with conventional gradients was 102 ms. With
tetrahedral gradients, TE was reduced to 75.5 ms, and with the updated optimization TE was
further reduced to 69 ms. Therefore, the total reduction in TE for this parameter set was 33 ms or

32%.
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5.5.2 Experimental Validation of CG-nulling

Figure 26 shows the effect of CGs in the silicone oil phantom. Using tMODI without CG-
nulling, negative signal bias is observed which increases with the distance from imaging isocenter.
This signal bias was up to -8% at a distance of 10 cm from the isocenter. When CG-nulling was

used, the signal bias was reduced (e.g., from -8% to -3% at 10 cm from isocenter).
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TEs achievable with various MODI waveforms
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Figure 25: Echo Times Achievable with MODI. The tetrahedral waveform design with the
updated optimization allows for substantial TE savings particularly for higher b-values and lower
M1 values. a) Previously achievable echo times (TEs) for given b-value and M1 value with MODI
optimization. b) TEs with tetrahedral design. ¢) TEs with tetrahedral design and updated
optimization. d) Difference between a and c.

5.5.3 ADC Reproducibility
Example ADC maps from one subject on a single scanner using the different acquisitions
and the different post-processing techniques are shown in Figure 27. The distributions of ADC

measurements from each individual liver segment across all subjects and scanners are shown in
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Figure 28. Both the example ADC maps and liver segment measurements showed overestimated
ADC in segment | and the left liver lobe (segments I1-1VVb) using MONO with simple averaging.
Use of weighted or squared weighted averaging reduced the ADC overestimation with squared
weighted averaging having a greater effect. tMODI showed less overestimation than MONO, but
still had residual ADC overestimation in segment | and the left liver lobe. Application of weighted
and squared weighted averaging with tMODI acquisitions also demonstrated reduced

overestimation.

a) Without CG-Nulling b) , With CG-Nulling
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Figure 26: Experimental Validation of Concomitant Gradient Correction. a) DWI of a
silicone oil phantom using tMODI without concomitant gradient (CG) nulling showed negative
signal bias. b) tMODI with CG-nulling reduced the bias. Distance from the isocenter is along the
direction of the BO field (slice-direction). Thinner colorful lines represent individual diffusion
directions while the thicker black line represents the average among all diffusion directions.

Results of mixed-effects analysis are presented in Table 10. Results of the mixed-effects
analysis are presented in Table 2. Compared to the right lobe, ADC values in the left lobe were
significantly higher using MONO with any averaging technique and tMODI with simple averaging
(all p<0.001) with an effect size ranging from 0.14 to 0.43 X 10-* mm?/s. Application of weighted

averaging to tMODI data still had significant left-right lobe difference (p=0.01) although the effect
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size was small (0.06 X 10 mm?/s). No significant difference was detected when tMODI was used
with squared weighted averaging (p=0.59). Additionally, there was no significant difference
observed between gradient performance or field strength for any acquisition/averaging technique

(p > 0.06 across all comparisons).

Simple Weighted Squared x107

Averaging Averaging Averaging mrgz’(/) S

0.5

Figure 27: Example ADC Maps Using Various DWI Acquisitions and Averaging Techniques.
Example ADC maps from one healthy volunteer on a single scanner demonstrate the overestimated
ADC in the left lobe of the liver using MONO and reduction of this overestimation using tMODI.
Applying weighted or squared weighted averaging helped to suppress the left lobe overestimation
in MONO but left-lobe ADC was still overestimated compared to tMODI with the same averaging
technique. In this example, the tMODI acquisition largely avoided residual motion artifacts and
the different averaging techniques show little ADC difference visually.

Figure 29 contains ADC maps from a single subject across the three scanners. Visually,
MONO ADC maps showed overestimated ADC values in the left lobe. The intensity and spatial
distribution of this overestimation varies from scanner to scanner. tMODI acquisitions had less
overestimated ADC values that appeared more consistent across the three scanners. Quantitative
analysis of the reproducibility among scanners can be found in the scatterplots of Figure 30. The
RDCc using MONO with simple averaging was 0.84 X 103 mm?/s. In contrast, tMODI ADC

measurements with the same averaging had an RDCc of 0.63 X 103 mm?/s. Use of weighted or
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squared weighted averaging reduced the RDCc for both MONO and tMODI. The lowest RDCc
was observed using tMODI with squared weighted averaging (RDCc = 0.47 X 103 mm?/s).
Individual scanner-to-scanner comparisons can be found in
Table 11. All mean differences between each scanner pair had a magnitude below 0.1 X
10-° mm?/s. tMODI resulted in smaller RDC values compared to MONO between each scanner
pair and for all averaging techniques. RDC values were similar between each scanner pair and

ranged from 0.38 X 103 mm?/s to 0.70 X 103 mm?/s.
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Figure 28: ROI Measurements Across All Liver Segments in Healthy Volunteers. a) MONO
with simple averaging led to overestimated ADC measurements in healthy volunteers’ liver
segments I-IVb. b) MODI reduced this overestimation making ADC measurements more
consistent across the different segments. Both MONO and MODI showed reduced intra-segment
and inter-segment variation after application of weighted averaging. Individual box plots contain
ADC measurements across all scanners and subjects for a given segment, acquisition type, and
averaging technique.



Table 10: Results of Mixed Effect Modeling Predicting ADC Differences.
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MONO MODI
Averaging ADC Change | ADC Change p-
Component Method (X102 mm?/s) p-valle (x10°° mm?/s) value
Simple 1.13(0.99, 1.26) <0.001 1.16 (1.09, 1.22) <0.001
Intercept Weighted | 1.11(1.04,1.18)  <0.001 1.19 (1.13,1.24)  <0.001
Squared 1.10 (1.02, 1.17) <0.001 1.18(1.13,1.23) <0.001
Lobe
Right Reference Reference
Simple 0.43 (0.33, 0.52) <0.001 0.19 (0.12,0.26) <0.001
Left Weighted 0.23 (0.16, 0.30) <0.001 0.06 (0.01, 0.11) 0.01
Squared 0.14 (0.08, 0.19) <0.001 -0.01 (0.03,0.06)  0.59
Gradients
High Reference Reference
Simple 0.11 (-0.01, 0.23) 0.06 0.03 (-0.5,0.11) 0.46
Conventional | Weighted | 0.02 (-0.07, 0.11) 0.65 -0.01 (-0.07,0.05) 0.74
Squared 0.01 (-0.06, 0.09) 0.72 -0.01 (-0.07,0.04) 0.64
Field Strength
3.0T Reference Reference
Simple 0.01 (-0.11, 0.13) 0.92 0.03 (-0.05,0.11) 0.44
1.5T Weighted | 0.03 (-0.06, 0.12) 0.54 0.05(-0.01,0.11) 0.10
Squared 0.01 (-0.06, 0.09) 0.69 0.05(-0.01,0.11)  0.07

Data in parentheses are 95% confidence intervals. ADC measurements from segment | were
excluded from mixed-effects analysis since it is not considered a part of the right or left liver

lobe.
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Figure 29: Reproducibility of ADC Maps Across Multiple MR Scanners. Example ADC maps
from a single healthy volunteer on three different scanners show the visually overestimated and
variable ADC measurements in the left lobe of the liver due to motion artifacts using MONO.
tMODI demonstrated visually more consistent left lobe ADC measurements across the three
scanners. Examples shown here used the squared weighted averaging technique demonstrating the
presence of motion artifacts with MONO even when advanced averaging is used.

Figure 30: Scatter Plots of Within ROI Variability of ADC Measurements with Different
DWI1 Acquisitions and Averaging Techniques. (See following page.) Scatterplots illustrate that
the range of ADC measurements and the value of RDCc measurements were reduced using tMODI
and/or advanced averaging techniques. Each point in the above scatter plots represents a single
ROI from a single subject compared across two scanners (e.g., blue circles show the difference
between scanner 1 and scanner 2). The x-position of each dot is the mean ADC value for that ROI
in that subject across all 3 scanners. RDCc is the absolute difference expected between 95% of
measurements between any two scanners. Dotted lines represent +/- RDCc.
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Table 11: Summary of Reproducibility Coefficients and Differences in Scanner ADC
Measurements.

Averagin — — _
Methgodg RDCc | Ay, RDCi2| A3 RDC2s| A;z  RDCis

Simple 084 | 0.01 0.88 0.06 0.87 0.07 0.76
MONO Weighted | 0.66 | 0.02 0.70 | -0.01 0.70 0.01 0.57
Squared 061 | 0.01 0.56 -0.01  0.63 0.00 0.54
Simple 0.63 | 0.06 0.70 0.03 0.58 0.09 0.61
tMODI Weighted | 0.50 | 0.07 0.59 -0.01  0.46 0.05 0.43
Squared 0.47 | 0.06 0.56 -0.02  0.44 0.05 0.38

All values are in X 10 mm?s/ A;; is the average difference between ADC measurements from

scanner i and scanner j (scanner j — scanner i). RDCij is the reproducibility coefficient between
scanner i and scanner j.

Acquisition

5.6 Discussion

This chapter demonstrated the feasibility of M1-optimized DWI of the liver on clinical MR
systems with conventional gradient performance. The proposed updates to the existing MODI
optimization including implementation of tetrahedral gradients allowed for shortened TEs on these
systems. Further, the work assessed the combination of tMODI waveforms and advanced
averaging techniques to mitigate motion artifacts and the associated overestimated ADC.
Acquisitions based on MONO and tMODI benefited from advanced averaging techniques by
reducing the overestimation of ADC in the left lobe of the liver. The impact of tMODI and
advanced averaging on ADC reproducibility was also assessed. Compared to conventional MONO
diffusion waveforms, the proposed tMODI approach led to improved ADC reproducibility across
MR systems. The reproducibility was improved further when advanced averaging techniques were
applied. Overall, tMODI appears as a promising technique for motion-robust DWI on multiple
scanner platforms with various field strengths and gradient performance characteristics.

In agreement with previous studies, conventional monopolar gradient waveforms produced

ADC overestimation in the left liver lobe compared to the right lobe0%11%120 |n contrast, when
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using tMODI, the interlobar difference was substantially reduced!. This work additionally
confirmed that application of advanced averaging techniques mitigates residual motion
artifacts'®”111, Importantly, this work applies this advanced averaging to M1-optimized diffusion
imaging to enable blood signal suppression with improved motion-robustness. tMODI with
conventional arithmetic averaging produced a modest, but significant difference in ADC
measurements between the left and right liver lobes. Using tMODI in conjunction with square
weighted averaging resulted in no significant difference between ADC values in both liver lobes.
These results demonstrate the potential of combining both prospective motion correction in the
form of tMODI and retrospective motion correction with advanced averaging techniques.

This prospective-retrospective combination of motion-robust DWI also improved the
reproducibility of ADC measurements across scanners. A prior study found that MONO
waveforms with a respiratory triggered acquisition found ADC repeatability (i.e., repeated ADC
measurements on the same scanner) to have a 95% limit of agreement of 0.60 X 10 mm?/s%’. In
this work, ADC reproducibility (i.e., repeated ADC measurement across different scanners) using
MONO waveforms with simple averaging was found to be 0.84 X 103 mm?/s. tMODI with simple
averaging led to an RDCc of 0.63 X 103 mm?/s. Given that reproducibility measures are generally
more variable than test-retest repeatability, our reproducibility results appear consistent with the
literature. Use of advanced averaging with either MONO or tMODI resulted in RDCs lower than
previously reported repeatability for MONO measurements.

This work has several potential impacts on clinical practice and body DWI research. First,
the reduction in left lobe signal dropout using tMODI acquisitions may enable improved lesion
detection throughout the liver, particularly in regions affected by compressive motion.

Importantly, this work expands previous MODI prototypes at 3T on systems with high
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performance gradients, demonstrating that DWI using tMODI is feasible on a wider range of
clinical MR systems. This work also suggests that tMODI may provide more reproducible ADC
measurements in the liver, and, therefore, may help increase the utility of ADC measurements
clinically. While this work focuses on quantification of liver DWI using the ADC, tMODI and
advanced averaging techniques improve the consistency of the underlying DWI signal. Therefore,
these developments may also help improve the precision of more advanced quantitative diffusion
MRI methods such as kurtosis®® or recent biophysical diffusion models®*®. Finally, while this
work focuses on the liver, the techniques shown here may benefit DWI and quantification in other
organs such as pancreas or kidneys which are also sensitive to motion?1:122,

This study is limited by the small number of subjects included in the reproducibility
analysis. Additionally, these subjects were healthy volunteers with no known pathologies. Further
study of these techniques with a more extensive patient cohort is necessary. This work also used a
single MR vendor at a single site. Extension to additional vendors is important future work but
was infeasible in this project due to the challenges of multi-vendor implementation. The use of
vendor-neutral pulse sequences constitutes an intriguing approach to overcome this limitation.
Further, this work uses limited diffusion parameters (e.g., a single b-value pair and single M1-
value, along with the resulting ADC map), due to scan time constraints. Even though the TEs and
therefore diffusion times were slightly different for each scanner, the dependence of ADC on TE
was not explicitly modeled for this study. Future work may include additional testing with multiple
vendors at multiple sites, and/or testing with a wider range of diffusion parameters.

Concomitant gradient corrections were included in this work, but tetrahedral gradients may
also result in additional distortions or signal bias due to induced eddy currents. While not included

in this work, the potential of including eddy current nulling in the optimization was investigated.
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A preliminary evaluation similar to existing work by others was performed!®. Including eddy
current nulling in this case increased the TE by approximately 10 ms. This TE increase along with
the lack of evidence suggesting that eddy current nulling was required led to the decision to exclude
eddy current correction from this work.

This work evaluated two previously proposed weighted averaging methods to address
residual motion artifacts in the acquired signal. These methods were shown to improve
reproducibility. Other groups have found that using even more aggressive averaging techniques
such as weighted averaging with weights raised to the third or fourth power may provide additional
reduction in motion artifact'*'. However, a comprehensive characterization of the bias-variance

tradeoff'* and an analysis of additional averaging methods%7:111.123 remain as future work.

5.7 Conclusions
In conclusion, this chapter demonstrates the feasibility of motion-robust DWI and ADC
mapping on scanners with conventional gradient strength and demonstrates improved

reproducibility of ADC mapping compared to conventional DWI of the liver.
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Chapter Six

Summary and Future Work

6.1 Summary

The chapters presented in this dissertation represent substantial advances in the field of
MRI with particular focus on breast MRI and abdominal DWI. In this final summary chapter, a
brief review of the novel scientific contributions of this work is presented along with the
significance of each contribution. The next section will briefly discuss potential future work which
immediately follows from the results presented in this dissertation.

In Chapter 2, the effects of a DL-based reconstruction on the quality of T2w breast MRI
was investigated. The DL reconstruction was shown to improve image quality when applied to a
SOC T2w acquisition. Further, a HR acquisition was developed that was designed to capitalize on
the image quality benefits offered by the DL reconstruction. Improvements in SNR and image
sharpness were demonstrated for both acquisition techniques in a phantom study and in human
subject data. This work demonstrates the feasibility of using a DL reconstruction to improve image
quality in T2w breast MRI and suggests that a relaxation on previous compromises between
acquisition time and image quality may be possible.

In Chapter 3, a novel automated technique for placement of scan and pre-scan volumes in
breast MRI was introduced. This technique was based on a neural network and predicted both pre-

scan and scan volumes which closely resembled volumes placed by human users. The
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demonstrated technique was also able to estimate the uncertainty in volume placements which is
a unique feature for neural network-based placement techniques in MRI. This work is significant
as it introduces an automated technique for placement that is less prone to intra- and inter-operator
variability and is faster than human technologists. Development of automated placement
techniques is critical in applications such as abbreviated breast MRI where optimized, streamlined
workflows are essential to comply with strict exam time constraints.

In Chapter 4, the effect of GBCA attenuation on PET quantification during simultaneous
PET/MR was measured. Overall, no significant attenuation due to GBCA was observed for any
timing intervals used in the study or for any of the reconstructions tested. This work greatly
expands upon previous phantom work in this space by being the first to validate the lack of effect
in vivo. This work confirms that GBCA may be used in simultaneous PET/MR examinations
without biasing quantitative measures of radiotracer uptake.

In Chapter 5, motion-robust DWI using MODI and advanced averaging techniques were
shown to be feasible on a variety of scanners with various gradient performance characteristics
and field strengths. This was enabled by the introduction of tMODI which greatly reduced the
achievable TEs on systems with conventional gradient performance. tMODI was observed to
provide more reproducible ADC measurements compared to a conventional MONO diffusion
acquisition. This work is significant as it allows for use of MODI-based techniques across many
MR scanners and demonstrates that specialized, high-performance gradient systems are not
necessary for motion-robust DWI. It provides evidence that a combination of MODI techniques
and weighted averaging may allow for consistent and unbiased measurements of ADC

measurements in the abdomen. Overall, it helps address a major concern in abdominal DWI,
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namely, motion-induced artifacts in DWI and associated poor reproducibility in ADC

measurements.

6.2 Extensions and Future Work
6.2.1 Deep Learning Reconstruction for T2-weighted Imaging

This work demonstrated the feasibility of using a deep learning reconstruction to increase
the quality of T2w imaging in breast MRI. Further work in this space could include an assessment
of the diagnosis capability of images generated using the deep learning reconstruction. Metrics
such as the diagnostic accuracy, sensitivity, and specificity could be measured and reported.
Additional future work could assess the image quality using various levels of the DL
reconstruction. In this work 75% was used, but some radiologists found that this level of denoising
produced ‘fake’ looking images. A lower level such as 50% would provide less denoising that may
result in images more appealing to certain radiologists.

Finally, further development of the DL reconstruction could allow for application to 3D
sequences. This work could then be further expanded upon to include the DCE image series. As
the most sensitive sequence for diagnosis, application of the DL reconstruction to the DCE may
have profound impacts on diagnostic accuracy, sensitivity, and specificity. With either 2D or future
3D sequences, clinical protocols could and should be developed with potential deep learning
reconstructions in mind in order to take full advantage of the possible time savings and/or increased

image quality.

6.2.2 Automated Prescription of Scan and Pre-scan Volumes
The automated prescription technology introduced in this work is a promising way to
provide quick and consistent prescription of breast exams. Future work using the automated

prescription technology could expand the training and testing data to include implants and cases
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with unique breast morphology due to mastectomy or lumpectomy. These are critically important
cases since many patients who receive breast MRI have a previous history of cancer and are highly
likely to have implants or surgical changes. Because of the projection and binarization performed
as part of image pre-processing, inclusion of implants is expected to have little effect on the overall
model performance. However, this hypothesis requires further testing. Mastectomy or lumpectomy
cases may pose more of a challenge due to the presence of unusual morphology resulting from
surgery. For example, an exam with unilateral mastectomy will have extreme asymmetry due to
the removal of breast tissue from one side of the patient. It is unknown how the automated
placement would respond to such a case. It may not even be sensical to place bilateral pre-scan
volumes in such a scenario. Additional consideration should be given to exams with mastectomy
or lumpectomy in the future.

A limitation of this work is that it does not evaluate the actual clinical performance of the
volumes, i.e. image quality. Scan volumes clinical performance can likely be inferred based on the
overlap metric which was high and showed that relevant anatomy was being covered. The pre-
scan volumes’ clinical performance is harder to evaluate. Ideally, better placed shim volumes
would improve image quality by enabling more optimal scan-specific system settings. This was
not evaluated in this work and is left as a future research topic. In addition, the reproducibility of
model-based volume placement should be compared to the inter- and intra-operator variability of
the clinical technologists to verify if the automated placements are indeed more consistent.

Another potential area of future research for this work would be to try using a different
neural network architecture or expanding the training data with exams from different institutions.
This would assist in further dissemination of this tool and validate or call into question the

reproducibility of its overall performance. Finally, implementation of the automated technique on
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a scanner is necessary to assess volume placement prospectively and should be included in future

work.

6.2.3 GBCA Attenuation Effect on PET Quantification in Breast MRI

The work presented in Chapter 4 demonstrated that GBCA attenuation did not impact PET
quantification using SUV measurements. Overall, this information should be used to inform
clinical protocols. Protocol designers generally do not have to consider the effects of GBCA
attenuation when creating their simultaneous PET/MR exams. However, it should be noted that
the effects of GBCA on MR-based attenuation correction should still be considered and studied
further.

Dynamic reconstructions using PET frames as short as 30 s were used which is near the
shortest time duration that is feasible for dynamic PET reconstructions. Advances in radiotracers,
PET detectors, and imaging technique may allow dynamic imaging with even shorter frame
durations. As frame duration shrinks, latent attenuation effects due to GBCA may appear due to
higher average concentrations of GBCA in frames immediately following contrast administration.
Thus, future work may consider using shorter dynamic frames to probe for any potential effect.

In addition, this work focused on quantification using SUVmean and SUVmax. It is
hypothesized that other quantification metrics such as those obtained from radiotracer
pharmacokinetic modeling would be similarly unaffected, however, this hypothesis requires

further investigation.

6.2.4 ADC Reproducibility Using M1-optimized DWI
Chapter 5 showed the feasibility of MODI on a variety of MR systems including 1.5 T and
3.0 T and systems with variable gradient performance. ADC reproducibility across these systems

was assessed. Future study in this area should expand the study of reproducibility by including
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systems from multiple institutions and multiple manufacturers. This dissertation’s updates to
MODI assist in this by enabling scanning across a broader range of systems and sites.

Additional future work could investigate motion-robust diffusion quantification in other
organs. For example, the pancreas is also susceptible to cardiac-induced motion artifacts and has
been studied with MODI previously'?'. However, previous pancreas-focused work did not utilize
the MODI updates presented in this work and was limited to a single scanner with high
performance gradients. It also did not utilize advanced repetition averaging techniques. Future
study of motion-robust DWI in the pancreas, kidney, heart and other organs would likely benefit
from the MODI updates and averaging techniques presented in this dissertation.

Finally, future work should also test MODI using a broad range of b-values and M1-values.
Confirmation that MODI is feasible using a large range of b- and M1-values is necessary for more
advanced diffusion modelling techniques such as kurtosis. Liver and other organs may benefit
from ADC estimation using a different combination of b-values which require further validation

beyond this work.

Thank you for reading this dissertation! I hope you found it interesting and

potentially useful to your own work. Cheers!
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Appendix A
T2w Reader Study Rubric
Table Al: T2w Reader Study Rubric
Score SNR Artifacts Perceived Sharpness Overall
Excellent: edaes are Excellent: no artifacts
5 Excellent  Excellent: no artifacts - €9 and anatomical detail

sharp and distinct well visualized

o . Good: edges seen Good: minor artifacts,
Good: minor artifacts, 4 )
) clearly, slight some blurriness, no
4 Good no impact on . . ) . s
blurriness, no impact impact on diagnostic

diagnostic capability on diagnostic capability capability

Fair: major or Fair: some blurring, Fair: major or multiple
. multiple minor loss of anatomical minor artifacts,
3 Fair . . . . . .
artifacts, no impact on detail, no impact on blurriness, no impact on
diagnostic capability  diagnostic capability diagnostic capability
Poor: multiple major ~ Poor: blurring, loss of ~ Poor: multiple major or
or minor artifacts, anatomical detail, minor artifacts, loss of
2 Poor . . . : : . o
impact on diagnostic ~ impact on diagnostic detail, impact on
capability capability diagnostic capability
Non- Non-diagnostic: Non-diagnostic: No_n-dlagnostlc: severe
1 . L . features are blurred artifacts, and complete
diagnostic image is unreadable . . .
beyond recognition loss of anatomical detail

Minor artifact-> the artifact does not affect areas of interest, the artifact is easily read through, the

artifact has only limited effect.

Major artifact-> the artifact obscures the area of interest; the artifact greatly impacts the

visualization of tissues.

Impact on Diagnostic Capability-> The reader feels that the content of a section (SNR, artifact,

etc.) is impacting their ability to confidently view or identify areas of interest in the image.
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Appendix B

Additional results from automated breast volume prescription

Table B1: Scan Volume Placement Statistics for the GloU-trained Model

Metric 5t 0% Median 95t 0% Average

3D loU 0.43 0.65 0.82 0.64

Axial loU 0.55 0.8 0.93 0.77

Sagittal loU 0.46 0.65 0.85 0.65

Coronal loU 0.52 0.73 0.9 0.72
Distance (cm) 1.1 3.2 7.2 3.7
Volume Error(%) -28 13 76 17
Overlap (%) 60 84 100 83
RMSE (cm) 1.1 2.3 4.2 2.5

GloU: Generalized Intersection Over Union, loU: intersection over union, Distance: distance
between the model predicted volume centers and the technologist prescribed volume center.
RMSE: Root mean squared error between all 5 scan volume placement parameters. 51" and 95t
% stand for the 5™ and 95 percentiles of the distributions, respectively.

Table B2: Pre-Scan Volume Placement Statistics for the RMSE-trained Model

Parameter Side 5%  Median 95" 9%  Average
R 042 0.65 0.82 0.65
3D loU L 039 0.65 0.82 0.65
_ R 047 0.75 0.90 0.73
Axial loU L 057 0.78 0.92 0.76
. R 049 0.73 0.87 0.71
Sagittal loU L 052 0.73 0.89 0.71
coronal o R 051 0.73 0.88 0.72
L 056 0.76 0.91 0.74
. R 05 1.3 35 15
Distance (cm) L 05 1.3 33 15
Volume Error (%) N/A  -29 6 69 13
RMSE (cm)  N/A 0.6 1.2 2.3 1.3

RMSE: Root Mean Squared Error, loU: intersection over union, Distance: distance between the
model predicted volume centers and the expert prescribed pre-scan volume centers, Side: Pre-
scan volume placed on right (R) or left (L) breast, RMSE: Root mean squared error between all 9
pre-scan placement parameters. 51" and 95™ % stand for the 5™ and 95" percentiles of the
distributions, respectively.
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Appendix C

Calculation of Gadobenate Dimeglumine Attenuation

The attenuation values for the representative GBCA of Chapter Three, gadobenate
dimeglumine, were estimated using the mixtures and compounds rule from Hubbell and Seltzer'
and data from the United States Food and Drug Administration initial approval label*?®. The
chemical formula of gadobenate dimeglumine is C22H2sGdN3011-2C7H17NOs. It is supplied in an
aqueous solution with a concentration of 529 mg/mL. The total density of the solution is 1.220
g/mL, meaning that 56.6% of the solution is water. From the chemical formula and the atomic
masses of the constituent elements, the percent weight of each element for the gadobenate
dimeglumine molecule and then the aqueous solution can be calculated. These percent weights are
shown in Table C1 along with the mass attenuation coefficient (u/p) for each element obtained
from Hubbell and Setzler*?*. To determine the mass attenuation for the solution, the individual
mass attenuation coefficients are weighted by percent weight (w) and then added as described by

Hubbell and Seltzer?:

£ Yl

To determine the linear attenuation coefficient (u), the mass attenuation coefficient for the
solution is multiplied by the density of the solution (p). Table C2 shows the result of the
calculation. Gadobenate dimeglumine at its concentration from the manufacturer has a linear

attenuation coefficient between soft tissue and bone. However, immediately after administration
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the contrast agent begins to dilute. The actual attenuation inside the body is expected to be much

less.

Table C1: Mass Attenuation Coefficient of Gadobenate Dimeglumine

Material % by weight MAC @ 511 keV (cm?/g)

Gd 6.44 1.12x101

C 17.7 8.64x107?

H 2.56 1.71x10?

N 2.87 8.65x10?

@) 13.8 8.06x107?

H20 56.6 9.61x107?
Gadobenate Dimeglumine 100 9.49x107

Mass attenuation coefficient (MAC) of gadobenate dimeglumine is calculated through a linear
combination of the MAC of its constituent elements. Each constituent MAC is multiplied by its
percent weight of the total gadobenate dimeglumine solution and added to estimate the solution

MAC.

Table C2: Attenuation Coefficients of Various Materials at 511 keV

Mass Attenuation Density Linear Attenuation Linear Attenuation

Y ey Cofiom Coecer
Water 0.9687x101 1.00 0.969x1072 1.00
Muscle 0.9518x10-L 1.04 0.991x10" 1.03

Adipose Tissue 0.9616x101 0.916 0.881x10! 0.84
Bone 0.8946x10-1 1.65 1.47x10" 1.52
Elemental Gd 1.1679x10-L 7.90 9.23x10"2 9.53
Gadobenate 9.49x1072 1.22 1.16x10" 1.20
dimeglumine

Attenuation coefficients and density for water, muscle, adipose tissue, bone, and elemental
gadolinium (Gd) were obtained from Johns and Cunninghan®?*, Information for Gadobenate
dimeglumine was from its United States Food and Drug Administration label*?.
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Appendix D

GBCA effect with DM2 reconstruction

DM2 Reconstruction
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Figure D1: SUVmean Before and After GBCA Administration Using DM2 Reconstruction.
Percent change in SUVmean for each of the measured VOIs, aorta/blood, breast tumor, normal
fibroglandular tissue (FGT), and liver, for each timing interval using DM2 reconstruction. Format
is the same as described in Error! Reference source not found..
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Figure D2: SUVmax Before and After GBCA Administration Using DM2 Reconstruction.
Percent change in SUVmax for each of the measured VOIs, aorta/blood, breast tumor, normal
fibroglandular tissue (FGT), and liver, for each timing interval using DM2 reconstruction. Format

is the same as described in Figure 23.
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