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Abstract

Diffusion-weighted (DW) MRI of the abdomen is utilized clinically in the detection,
diagnosis, and treatment monitoring of cancer and non-cancer disease. Despite its enormous
potential, poor reproducibility and inefficient clinical workflow of DW imaging remain
bottlenecks for rapid, high-value DW-MRI of the abdomen. A central challenge is physiological
motion, including cardiac and respiratory motions. As the heart and vessels pulsate, they exert
compressive tissue motion in the liver and the pancreas. The compressive tissue motion results in
phase variations, leading to signal loss in diffusion-weighted images and bias in quantitative
measurements. Furthermore, the slower respiratory motion results in mis-registration among

repetitions taken in different phases of the respiratory cycle during free-breathing acquisitions.

Inefficient clinical workflow for DW-MRI acquisition remains another technical
challenge. Currently, all abdominal DW-MRI scans are prescribed manually by technologists
and routinely acquired with respiratory gating. That workflow requires training of technologists
and takes a significant portion of the scan time. The resulting prescription can show high inter-
operator variation and occasionally insufficient coverage. A fully automated MRI prescription
that would cover the whole liver is needed. Besides, although respiratory-triggering DW-MRI
acquisition methods can reduce respiration-induced artifacts, these methods lead to poor SNR
and unpredictable scan times due to their highly variable effective repetition time, reducing the
efficiency of clinical imaging workflows. In contrast, free-breathing methods without triggering
enable abdominal DW-MRI with high SNR efficiency and predictable scan times, albeit at the
risk of respiration-induced mis-registration. Thus, there is an unmet need for a free-breathing
DW-MRI acquisition combined with motion-corrected averaging, to enable high-SNR DW-MRI

with predictable scan times and free from motion artifacts.



This thesis describes technical innovations to address the aforementioned needs in order
to enable fully automated, motion-robust diffusion-weighted MRI of the abdomen. An automated
Al-based method for image prescription of liver MRI was developed and evaluated to
standardize liver MRI prescription and improve the clinical workflow. Additionally, the
cardiovascular motion artifacts was characterized and corrected in a motion phantom and healthy
volunteers for pancreas DW-MRI. Finally, motion-robust, free-breathing DW-MRI in the liver
was developed using optimized motion-compensated diffusion gradient waveforms and a

motion-corrected averaging algorithm.
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Chapter 1 Introduction
1.1 Overview and Specific Aims
1.1.1 Purpose

The overarching purpose of this work is to develop fully automated and motion-robust
diffusion-weighted (DW)-MRI methods of the abdomen, to enable high throughput, high image

quality, and improved quantification of diffusion properties in the abdomen.

1.1.2 Motivation

DW-MRI has a unique capacity to probe tissue microstructure without the need for ionizing
radiation or intravenous contrast agents(1). DW-MRI of the abdomen is utilized in the detection(2—
9), diagnosis(10), and treatment monitoring(11-14) of cancer and non-cancer disease in various
organs(1). Despite its enormous potential, the poor reproducibility and inefficient clinical
workflow of diffusion weighted MRI remain a bottleneck for rapid, high-value DW-MRI of the

abdomen(4, 10, 15, 16).

A central challenge for diffusion-weighted imaging (DW1) of the abdomen is physiological
motion, including cardiac and respiratory motions. As the heart and vessels pulsate, they exert
compressive tissue motion in the liver and the pancreas. The compressive tissues motion results in
phase variations, which leads to signal loss in the diffusion weighted images and bias in
quantitative measurements(17—-21). Furthermore, the slower respiratory motion results in mis-
registration among repetitions taken in different phases of the respiratory cycle during free-

breathing (FB) acquisitions(22).

The inefficient clinical workflow for DW-MRI acquisition remains another technical
challenge. Currently, all abdominal DW-MRI scans are prescribed manually by technologists(23)

and routinely acquired with respiratory gating(24). That workflow requires training of



technologists and takes a significant portion of the scan time(23). The resulting prescription can
show high inter-operator variation and occasionally insufficient coverage(23). A fully automated
MRI prescription that would cover the whole liver is needed. Besides, although respiratory-
triggering (RT) DW-MRI acquisition methods can reduce respiration-induced artifacts, RT
methods lead to poor SNR(25) and unpredictable scan times(24) due to their highly variable
effective repetition time (TR), reducing the efficiency of clinical imaging workflows. In contrast,
FB methods without triggering enable abdominal DW-MRI with high SNR efficiency and
predictable scan times(24), albeit at the risk of respiration-induced mis-registration. Thus, there is
an unmet need for a FB DW-MRI acquisition combined with motion-corrected averaging, in order

to enable high-SNR DW-MRI with predictable scan times and free from motion artifacts.

Our research group have recently achieved several advances to address these major
challenges. Optimized motion-compensated diffusion gradient waveforms with minimized TEs
have been recently proposed(26—-28) to address signal dropouts in the presence of cardiovascular-
related motion. Although motion-robust DWI methods have been demonstrated in various
applications of DWI, including in liver(27, 28) and cardiac(26) imaging, their performance in the
pancreas remains unknown. A motion-corrected averaging approach based on non-local means
(NLM) has been demonstrated potential in chemical shift encoded MRI in the abdomen(29).
Development and optimization of the NLM approach to be applied in abdominal DWI is needed.
Combination of these techniques further with motion-corrected averaging is promising to enable

motion-robust, free-breathing DW-MRI acquisitions.

1.1.3 Specific Aims

| addressed these challenges and opportunities by pursuing the following aims:

Aim 1: Automated image prescription for liver MRI using deep learning;



Aim 2: Characterization and correction of cardiovascular motion artifacts in pancreas

DWI;

Aim 3: Development of optimized methods for motion-robust, free-breathing DWI in the
liver using optimized motion-compensated diffusion gradient waveforms and a motion-corrected

averaging algorithm.

1.2 Abdominal DW-MRI
1.2.1 Clinical value

Diffusion MRI is routinely acquired in abdominal MRI exams for evaluation of neoplastic
or infectious/inflammatory disease processes(1). Diffusion MRI is predominantly utilized for
detection, diagnosis, and treatment monitoring of abnormalities, including liver and pancreatic

lesions(2, 3, 5-9).

Detection of the presence and the number of liver lesions often changes the disease stage
and hence how the patient is treated. Therefore, successful detection of small liver lesions can
make a difference in patient management. Although Gadoxetate-(Gd-)enhanced liver MRI is
highly sensitive to liver metastases from colorectal cancer and neuroendocrine tumors(5, 6),
lesions that are sub-centimeter and/or adjacent to vessels remain difficult to detect. Such lesions
appear conspicuous in DW images as signals from background liver parenchyma and major vessels
are suppressed. An example of DWI improving the detection of small liver lesions compared to
Gd-enhanced liver MRI is shown in Figure 1. Therefore, DWI serves as an invaluable tool for the
detection of metastatic liver lesions. DWI has also been shown to have a similar accuracy as
contrast-enhanced MRI for the diagnosis of pancreatic cancer and pancreatic neuroendocrine

tumors(9).



Diagnosis: Malignant lesions generally have a lower ADC than benign lesions, and several
thresholds have been proposed(10). Further, ADC measurements may enable differentiation of
malignant pancreatic lesions from healthy tissue(30), mass-forming pancreatitis(15, 31), and other
benign lesions(32, 33) and potentially determine the tumor grade(34, 35). However, there is
substantial overlap in ADC values between benign and malignant pancreatic and solid liver
lesions(4, 10, 15, 16). This overlap, which likely arises from technical challenges including
motion-induced artifacts as well as biological variability within tumors, currently limits the
practical utility of ADC for lesion characterization. The pancreas, due to its location within the
retroperitoneum, is substantially affected by physiological motion including respiratory(8, 15),
peristaltic(36, 37), and cardiovascular-related motion(38). In particular, cardiovascular-related
motion, due to both direct cardiac motion and pulsation of large blood vessels, is not as
manageable(8, 15, 36, 37) as the other two forms of motion and its effect is not understood in the

context of DWI of the pancreas.

Treatment monitoring: Quantitative diffusion measurements reflect multiple tissue

properties such as cellularity, cell size, necrosis, and perfusion. These tissue properties often
change before macroscopic changes such as alterations in lesion size. Therefore, quantitative
diffusion MRI has also sparked interest for the early assessment of treatment response in various
cancer imaging applications(11). DWI improves the characterization of liver metastases in the
context of treatment monitoring(5, 39). In the pancreas, measured ADC values in the pancreas has
been shown to correlate well with histopathological markers, such as the proportion of collagenous
fibers(40). DWI has also shown potential to enable early prediction of treatment response(12-14)
as change of tumor ADC values in unresectable pancreatic cancer during chemotherapy facilitates

survival prediction and treatment plan adjustments.



(b)

Figure 1. DW-MRI improves the detection of small metastases that may mimic small blood vessels on
the hepatocellular phase of Gd-EOB-DTPA-enhanced imaging(41). Liver metastasis mimicking
intrahepatic vasculature on Gd-EOB-DTPA-enhanced imaging. A 48 year-old man with colorectal cancer.
(@) b =750 s mm ™2 image shows high-signal metastasis in the caudate lobe of the liver adjacent to the
inferior vena cava (arrow). (b) The lesion is poorly seen and cannot be distinguished from the intrahepatic
vasculature, which also appears hypointense relative to the liver in the hepatocellular phase of contrast
enhancement. Figure from (41).

1.2.2 Technical challenges and recent developments

DW-MRI in the abdomen faces multiple technical challenges that hinder its widespread
usage in clinical research and the clinics. In particular, physiological motion, including
cardiovascular pulsation and respiratory motion, results in distinct artifacts in DW-MRI. This
thesis focuses on addressing motion-related challenges, as motion is the central challenge in DW-

MRI in the abdomen and success in this front may help ameliorate other challenges.

1.2.2.1 Signal dropouts due to cardiovascular-related motion

Compressive motion arises both from direct contact with the pounding heart (as in the left
lobe of the liver), as well as from pulsation effects near large blood vessels (as in the pancreas head
and body). Importantly, this motion leads to unpredictable signal loss in DW-MRI in the liver(17-
20). Signal loss confounds image interpretation, obscures underlying pathology(42), and results in

biased (overestimated) and imprecise quantitative diffusion measures, such as ADC(17, 21). Our



research group recently proposed motion-compensated waveforms that were designed using the
Optimized Diffusion-weighting Gradient waveform Design (ODGD) method(27) to correct for
cardiovascular motion artifacts in the liver. Furthermore, motion-robust M1-optimized diffusion
gradient waveforms (MODI) can address cardiac-induced artifacts while reducing blood
signal(28). Importantly, the effect of cardiovascular-related motion, due to pulsation of large blood
vessels, is not understood in the context of DWI of the pancreas. As part of this thesis, | set out to

characterize and correct cardiovascular motion artifacts in pancreas DWI (Aim 2).

1.2.2.2 Mis-registration among repetitions due to respiration

Respiratory motion is routinely managed using breath-held (BH) or respiratory-triggered
(RT) methods(4), both of which suffer from poor SNR(24, 25). RT methods, due to their highly
variable effective repetition time (TR), lead to unpredictable scan times(24) reducing the
efficiency of clinical imaging workflows. Free-breathing (FB) methods without triggering, on the
other hand, enable abdominal DW-MRI with high SNR efficiency and predictable scan
times(24). However, FB DW-MRI of the abdomen leads to substantial mis-registration across
repetitions, diffusion directions, and b-values. If uncorrected, this mis-registration leads to
blurring in DW images and bias in ADC maps(22). Thus, there is an unmet need for a FB DW-
MRI acquisition combined with motion-corrected averaging(29, 43), in order to enable high-
SNR DW-MRI with predictable scan times and free from motion artifacts. Our research group
has demonstrated the potential of a motion-corrected averaging approach based on non-local
means (NLM) in chemical shift encoded MRI in the abdomen(29). As part of this thesis, | further

developed and optimized the NLM approach for FB abdominal DWI (Aim 3).



1.2.2.3 Image distortions

DW-MRI of the abdomen is routinely acquired using single-shot echo-planar imaging
(ss-EPI)(4). As the entire image is acquired following a single excitation, ss-EPI suffers from
limited spatial resolution and image distortions in complex magnetic susceptibility environments,
such as the abdomen(4, 20, 44, 45). Thus, small focal lesions cannot be reliably visualized,
which severely limits the clinical utility of DW-MRI(4, 46). Furthermore, abdominal lesions are
often heterogeneous, comprised of a necrotic center with higher ADC and viable periphery with
lower ADC(4, 47, 48). To reliably visualize and quantify these lesions, high-resolution, low-
distortion DW-MRI needs to be developed and validated. Multi-shot EPI (ms-EPI) acquisitions
enable low-distortion, high-resolution DW-MRI(49-51) of the brain and have demonstrated
reproducible performance in static diffusion phantoms as well as in the prostate(52). However,
ms-EPI methods are currently unreliable in the abdomen due to severe challenges with inter-shot
phase inconsistency. Our research group recently showed that a synergistic combination is
feasible between motion-robust DW gradient waveforms (which reduce the motion-induced
phase variations in the acquired data) and low-distortion DW-MRI(53). I, along with Yuxin

Zhang et al, have published this work, which is not included in this thesis.

1.2.2.4 Modeling limitations

The simplest diffusion signal model assumes a mono-exponential signal decay with
increasing b-values, parametrized by the Apparent Diffusion Coefficient (ADC). ADC
measurements provide an overall measure of diffusion signal decay rate, based on unrestricted
Gaussian diffusion (e.g., in a water phantom). However, the ADC model does not account for

various complexities in tissue microstructure and intra-voxel heterogeneity. Advanced signal



models that take non-mono-exponential signal decays into account, such as intravoxel incoherent
motion (IVIM), have been proposed(54, 55). In many abdominal organs, a perfusion
compartment gives rise to a rapidly decaying signal component at low b-values (e.g. in blood
water molecules moving in random directions with velocity Vb). IVIM parameterizes the rapidly
decaying signal as an additive exponential decay with a rapid decay rate (D*) and signal fraction
(F) in a bi-exponential signal model. The quantitative parameters derived from IVIM may help
evaluate various liver diseases such as fibrosis, hepatitis, and hepatocellular carcinoma(56—

58). However, the predictive performance (e.g., distinguishing benign vs malignant lesions) of
the blood microcirculation or perfusion parameters suffers from high measurement variability
and poor precision, with poor test-retest repeatability and reproducibility across field strengths

when using conventional 1VIM methods(59, 60).

1.2.2.5 Fat suppression artifacts

Fat suppression is essential for DW-MRI in the abdomen, due to the presence of
substantial subcutaneous, visceral, and intra-organ fat depots(61-63). With a long T2 relaxation
time and an extremely low diffusion coefficient, fat appears bright in diffusion MRI. Fat signals
have a large chemical shift, leading to large spatial shifts along the phase encoding dimension in
EPI acquisitions, resulting in the so-called chemical shift artifacts. Thus, unsuppressed fat signals
from visceral or subcutaneous depots may appear artifactually shifted and overlap with the
organs of interest. Suppression of fat signals in DW-MRI is typically performed based on the
chemical shift effect, i.e., selective excitation of signals that resonate at the expected water
frequency while avoiding excitation of signals that resonate at the expected fat frequency.
However, in the presence of BO inhomogeneities, particularly in complex susceptibility

environments such as in the abdomen, chemical shift-based fat suppression may fail, leading to



bright fat signals that overlap with the organs of interest(64). The chemical shift-based fat
suppression failures are common in clinical practice and often lead to non-diagnostic image
quality. Alternative fat signal suppression methods, e.g., based on inversion recovery fat signal

nulling, often improve the robustness of fat suppression but can result in lower SNR(65, 66).

1.2.2.6 Other challenges

Diffusion MRI typically has relatively low SNR. The sensitivity of diffusion MRI to
tissue microstructure emerges at relatively high diffusion weighting, with substantial signal
decay. The gradient waveforms and long EPI echo trains in the pulse sequence leads to long echo
times, resulting in low SNR in tissues with short T2 (e.g., the liver). This challenge is
particularly severe in patients with iron overload, which results in substantially shorter T2 and
T2*. In addition, gradient nonlinearities can lead to non-uniform diffusion weighting throughout
the image, particularly away from isocenter, and introduce spatially-dependent quantification
bias(67). Since DW-MRI is often obtained with thick slices to preserve SNR and with limited in-
plane spatial resolution to minimize image distortions in the context of long-readout EPI
acquisitions, partial volume effects can introduce bias in quantitative diffusion measurements,
particularly when assessing small anatomical structures or focal lesions. Besides the technical
challenges, biological variability may confound the ability of quantitative diffusion
measurements to evaluate disease(61). For example, different tumors may have different
correlations between ADC and cellularity, possibly because various other microstructural
features, such as extracellular matrix, nucleic areas, ratio of stroma to parenchyma, or

microvessel density, can affect ADC(68).
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1.2.3 Innovation

1.2.3.1 Technical development

Developing novel motion-corrected averaging algorithms based on a non-local means

approach (NLM) (Aim 3) would allow high SNR, motion robust FB acquisitions. Additionally, FB

acquisitions with a fixed TR enable the incorporation of advanced hybrid fat suppression methods
that rely on both spectral selection and T1(52), leading to improved robustness in fat suppression,
while the clinical standard respiratory-triggered acquisitions are not compatible with those

methods due to the variable effective TR (43, 69).

1.2.3.2 Translational validation

Previous works in pancreas DW-MRI have not evaluated the effect of cardiovascular-

related motion. My work on the characterization and correction of cardiovascular motion

artifacts in pancreas DWI (Aim 2) includes validation in a 3D-printed anatomically accurate

pancreas motion phantom(70), establishing the correlation between tissue compressive motion

and DWI signal dropouts due to phase variations through controlled experiments(71).

1.3 Automated image prescription of liver MRI
1.3.1 Clinical need for fully automated prescription of liver MRI

In abdominal MRI, patient experience and cost correlate closely with exam time(72).
Recent technical advances have the potential to enable MRI of the abdomen with enhanced
efficiency. For example, abbreviated MRI protocols have demonstrated excellent performance
for the detection of abdominal lesions as well as diffuse liver disease(72, 73). Further, motion-

robust free-breathing quantitative MRI methods are being developed to enable quantification of
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various imaging biomarkers without the need for breath-holds(74—-76). These developments may
enable fully automated, single button-push focused exams of the liver with multiple advantages
in terms of patient throughput, imaging volume, staff training and time, accessibility, and clinical
workflow. An example workflow of such single button-push exams proposed by our group is
shown in Figure 2. However, single button-push exams require fully automated prescription of
the liver. For these reasons, the current manual image prescription remains a bottleneck for rapid,
high-value MRI of the abdomen. Automated prescription may reduce non-value-added

preparatory time and improve the reproducibility of image prescription within and across

sites(77, 78).

3 \\4.3,1 00% Liver Fat-Iron Quantification Report
| Free- X\ Patien: John Doe, N156789
SI/ AP /RL breathing Automated | /7ac DY &
Coordinates | \ CSE-MRI Analysis l k g_& I
(<1s) | (~1 min) L (~58) [
'g
| 46 ma/g
Liver Iron Concentration (mg Fe/g dry)
Average: 4.5 mg Folg dry
Median: 4.8 mg Felg dry o
Range: 3.0-6.2mg Felg dry { “
University of Wisconsin \\| )
| | Madison, WI
~2 minutes >

Figure 2. Automated liver image prescription will help enable rapid fat/iron quantification protocol
proposed by our group. This graphic shows an optimized workflow proposed by our research group, from
free-breathing localizer acquisitions to automated liver prescription, to free-breathing fat and iron
quantification sequences, and finally automated reporting of fat/iron content.

1.3.2 Technical challenges and recent developments

Previous efforts towards automated scan prescription in the liver have relied on
traditional image processing tools, such as active shape models, to detect the upper and lower
edges of the liver(79, 80). In Goto et al, the upper edge of the liver was detected automatically
using an active shape model, and the lower edge was detected using a probabilistic estimate

based on automatically-derived statistics of the signal within the liver(79). Although promising,
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this previous method requires a specialized volumetric, breath-held localizer scan, is limited to
prescription of axial series, has been tested in limited numbers of healthy volunteers (n = 24) and

simulated deformed livers (n = 7).

Artificial intelligence (Al) methods have enabled automated image prescription in the
brain, spine, heart, and kidney, with the potential to improve workflow, efficiency, and
prescription accuracy and consistency(77, 81, 82, 23, 83-86). Al has been used to address the
persistent challenge of accurately localizing intervertebral discs (IVD) during MR examinations
of the lumbar spine in a consistent and time-efficient manner(23). Furthermore, a cardiac MRI
prescription method has recently been implemented, which substantially reduces examination
time by automating real-time localization(82, 84). However, automated prescription of the liver

remains an important unmet need.

1.3.3 Innovation
1.3.3.1 Technical development

Recent developments have demonstrated that artificial intelligence (Al) methods can
enable automated image prescription in other applications, including spine, heart, and brain(12—
14). However, Al-based image prescription for liver MRI remains an unmet need. My work to

develop a fully automated Al-based image prescription of liver MRI series (Aim 1) based on a

localizer acquisition has the potential to standardize liver MRI prescription and improve the

clinical workflow.

1.3.3.2 Translational validation

In previous works, the development of automated MR prescription methods is often not

validated systematically with a large patient cohort or a wide variety of pathologies(23, 82, 85,
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86). The fully automated liver MRI prescription method (Aim 1) has been evaluated over a large

population, different field strengths, localizer sequences, and a variety of pathologies(87).

1.4 Summary

This work developed and validated novel image prescription, acquisition, and post-
processing methods for MRI of the abdomen. By enabling automated image prescription of the
liver, improved automated workflow (Aim 1), and improved diffusion imaging of the pancreas and
liver (Aims 2-3), these methods advance the reliability, value, and quantitative performance of

abdominal MRI.

1.5 Thesis Outline

Following the aims of this work, the remainder of this dissertation is organized as

follows:

e Chapter 2: To standardize liver MRI prescription and improve clinical workflow,
| developed and evaluated an automated Al-based method for image prescription
of liver MRI.

e Chapter 3: Cardiovascular motion artifacts were characterized and corrected in a
motion phantom and healthy volunteers for pancreas DWI.

e Chapter 4: Motion-robust, free-breathing DWI in the liver was developed using
optimized motion-compensated diffusion gradient waveforms and a motion-
corrected averaging algorithm.

e Chapter 5: A final summary of this work is given and the potential for future work

is discussed.
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Chapter 2 Automated MR Image Prescription of the Liver using
Deep Learning: Development, Evaluation, and Prospective
Implementation

2.1 Introduction

In abdominal MRI, patient experience and cost correlate closely with exam time(72).
Recent technical advances have the potential to enable MRI of the abdomen with enhanced
efficiency. For example, abbreviated MRI protocols have demonstrated excellent performance
for the detection of abdominal lesions as well as diffuse liver disease(72, 73). Further, motion-
robust free-breathing quantitative MRI methods are being developed to enable quantification of
various imaging biomarkers without the need for breathholds(74—76). These developments may
enable fully automated, single button-push focused exams of the liver with multiple advantages
in terms of patient throughput, imaging volume, staff training and time, accessibility, and clinical
workflow. However, single button-push exams require fully automated prescription of the liver.
For these reasons, the current manual image prescription remains a bottleneck for rapid, high-
value MRI of the abdomen. Automated prescription may reduce non-value-added preparatory

time and improve the reproducibility of image prescription within and across sites(77, 78).

Previous efforts towards automated scan prescription in the liver have relied on
traditional image processing tools, such as active shape models, to detect the upper and lower
edges of the liver(79, 80). In Goto et al, the upper edge of the liver was detected automatically
using an active shape model, and the lower edge was detected using a probabilistic estimate
based on automatically-derived statistics of the signal within the liver(79). Although promising,
this previous method requires a specialized volumetric, breath-held localizer scan, is limited to
prescription of axial series, has been tested in limited numbers of healthy volunteers (n = 24) and

simulated deformed livers (n = 7).
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Acrtificial intelligence (Al) methods have enabled automated image prescription in the
brain, spine, heart, and kidney, with the potential to improve workflow, efficiency, and
prescription accuracy and consistency(77, 81, 82, 23, 83-86). Al has been used to address the
persistent challenge of accurately localizing intervertebral discs (IVD) during MR examinations
of the lumbar spine in a consistent and time-efficient manner(23). Furthermore, a cardiac MRI
prescription method has recently been implemented, which substantially reduces examination
time by automating real-time localization(82, 84). However, automated prescription of the liver

remains an important unmet need.

Therefore, the purpose of this study was to develop and implement an Al-based fully

automated prescription method for liver MRI.

2.2 Materials and Methods

The overall workflow of the development and validation of the proposed automated
prescription method is shown in Figure 3. In an IRB-approved study, the retrospective study was
conducted with a waiver of informed consent and the prospective study was performed with

informed consent with IRB approval.

2.2.1 Data and image processing

In this IRB-approved study, consecutive clinical abdominal MRI exams acquired
between 9/23/2008 and 12/17/2019 at the University of Wisconsin Hospitals and Clinics were
retrieved retrospectively, with a waiver of informed consent. The clinical MRI examinations
were performed to confirm, exclude, or follow-up a wide variety of abdominal disorders. Patients
with their BMI recorded within 30 days of one of their scans were included. Only one exam was
included for any one patient in this study; the first exam of the patient was included in case of

multiple eligible exams. The included exams were chosen randomly for manual annotation and
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model training and testing. The scanner models used for the exams were Discovery MR750,
Discovery MR750w, SIGNA Architect, SIGNA PET/MR and SIGNA Premier at 3T, and
Optima MR450w, SIGNA, SIGNA Artist, SIGNA HDx and SIGNA HDxt at 1.5T. The scanners
used in this study were all manufactured by GE Healthcare (Waukesha, WI). At the institution of
this study, all abdominal MRI examinations start with a three-plane localizer series based on
spin-echo or gradient-echo acquisitions. From each exam, the (first) localizer series was retrieved
for annotation, curation, and analysis. This series includes multiple abdominal images (21-30
total) in the axial, coronal, and sagittal orientations to allow for prescription of subsequent MR
sequences. For manual labeling and automated inference, each individual localizer image slice
was read in MATLAB (2021a, Mathworks, Natick, MA). These acquired localizer images
typically have spatially heterogeneous intensity due to the receive coil sensitivity profiles, where
the subcutaneous fat and other areas near the receive coils are much brighter than the liver. To
increase contrast around the liver, the intensity values of each image were normalized to 0 to 1
and values between 0 and 0.2 were mapped to values between 0 and 1 (with values larger than
0.2 saturated to 1). Each resulting normalized image was written as a .png file as the input format
to the labeling software and neural network(88). A 80-20 split was used for Al model training
and testing in accordance with common practice and to provide sufficient data for training while
reserving a meaningful subset for testing. Out of the training set, the ratio between data used for
parameter training and for validation of training performance was 9:1. Thus, the data partitioning

across training/validation/testing was 72%-8%-20% of the total dataset.

2.2.2 Manual image annotation and intra- and inter-reader reproducibility
The Radiological Society of North America (RSNA) Medical Imaging Resource

Community (MIRC) Clinical Trials Processor (CTP) was used to perform image de-
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identification. Performance of manual image annotation of all three-plane localizer datasets was
distributed among six board-certified abdominal radiologists (J.S., N.P., T.H.O., EM.L., M.I.,
and S.B.R.) on the Python platform Labellmg(89, 90). Seven classes of labels were annotated
using bounding boxes that span the liver, torso, and arms in specific image orientations (axial:
liver, torso, and arms; coronal: liver and torso; sagittal: liver and torso; Figure 3) to enable liver
image prescription in any orthogonal orientation. The torso and the arms are needed for coronal
prescription to avoid phase wrap in the R/L dimension, while the torso is needed for sagittal
prescription in the A/P and S/l dimensions. Arms and torso were annotated at the level of the
liver in the superior/inferior dimension. In addition, 50 exams were randomly selected for intra-
and inter-reader reproducibility studies. One radiologist (J.S.) labeled the same dataset twice
after a month-long delay to assess intra-reader reproducibility. Two radiologists (J.S. and N.P.)

labeled the same datasets to assess inter-reader reproducibility.

2.2.3 Model training

A deep convolutional neural network (CNN) based on a You Only Look Once
(YOLOvV3) architecture was trained for detection, localization, and classification of the
aforementioned bounding boxes(91, 92). The network input includes a single image from the
three-plane localizer acquisition. The YOLOvV3 feature extractor, called Darknet-53 includes 106
layers, and contains skip connections and 3 prediction heads, each processing the image at a
different down-sampling rate of 32, 16 and 8, respectively. Detection can thus be achieved at
three different scales. The network detects each of the 7 classes of labeled objects described
above with a confidence level (0-100%), and outputs the coordinates of the corresponding
bounding boxes. Training and validation involved 72% and 8% of all patient datasets

respectively (randomly chosen). Different training dataset sizes (5%-100% of all training
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datasets) were used to evaluate the effect of training size on network performance using 5-fold
cross validation. Reflection (horizontally and/or vertically) was used to augment the training set

by four-fold.

Additionally, a shallower network based on a lightweight variant of YOLOv3, YOLOv3-
tiny, was trained to enable real-time scanner implementation(93). The tiny network includes only
15 layers, and is able to predict bounding boxes 3x faster when implemented on a scanner with
CPUs and no GPUs. This shallower network was trained using data augmentation methods:

reflections, translation, scaling, and contrast modifications.

Termination of training for both kinds of networks relied on mean average precision
(mAP), a common metric to evaluate performance of object localization in multi-class

datasets(94).

2.2.4 3D image prescription

The trained network predicts each bounding box from each test image with a confidence
level (0-100%) on its classification label. For each image, the bounding box with the highest
confidence level was extracted for each of the liver- and torso-labeled boxes while the top 2
arms-labeled boxes with the highest confidence level were extracted for the arms. Based on the
extracted bounding boxes for each image (from either the manual or automated annotations),
image prescription for whole-liver acquisition in each orientation was calculated as the minimum
3D bounding box needed to cover all the labeled 2D bounding boxes in the required volume.
Different illustrative examples of 3D prescription along different orientations were considered in
this work: 3D axial prescription covers the torso in the anterior/posterior (A/P) and right/left
(R/L) dimensions and the liver in superior/inferior (S/1); 3D coronal prescription covers the torso

and the arms in the R/L dimension and at the level of the liver in S/l and the liver in A/P; 3D
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sagittal prescription covers the torso in the A/P and S/l dimensions and the liver in R/L. 3D

prescriptions from manual annotation were calculated in a similar fashion.

2.2.5 Model evaluation

The performance of automated 2D object detection for each of the seven classes of labels
was measured by mis-classification rate and intersection over union (loU, the area of the
intersection between the manual and automated bounding boxes divided by the area of their
union), as intermediate evaluation metrics. To evaluate the performance of the subsequent
automated 3D prescription, the mismatch with the manual prescription for each of the six edges
of the 3D prescribed bounding box (right, left, anterior, posterior, superior, and inferior) was
calculated on the remaining 20% of all patients (randomly chosen). The localizer images, where
the S/1 shift between manual labeling and Al predictions in 3D axial prescription was larger than
2 cm, were analyzed by a radiologist (J.S.) for subjective evaluation of the causes of errors.
Furthermore, the percentage of the 3D volume from manual labeling that was covered by the Al-
based prescription was reported as the overlap between Al and manual labeling. The
performance of the proposed method was evaluated across patients, pathologies, field strengths
and sequences with varying training sizes, full and tiny architectures, with and without data
augmentation schemes, and against inter-reader reproducibility results. In this work, the ability to
detect the liver’s S/I edges was given particular focus because the S/I edges are expected to be
essential to detect for automated prescription of subsequent axial series (which are common in

liver imaging).

2.2.6 Online implementation and prospective study
The automated prescription was implemented for axial prescription on a clinical 3T MR

system (MR750, GE Healthcare, Waukesha, WI1), and evaluated prospectively on healthy
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volunteers using different localizer pulse sequences (single-shot fast spin-echo, SSFSE; gradient-
echo, GRE; balanced steady-state free-precession, bSSFP) and acquisition parameters. To run the
neural networks for prediction during the scan, the trained network weights were converted into
TensorFlow, and Python scripts for image pre-processing were integrated into a GE Healthcare
investigational automated workflow testing platform(95). Using this platform, after selecting the
localizer and the organ to prescribe to, with a single button push DICOM images were passed to
the platform and processed (image intensity normalized from the highest intensity pixel and
scaled to 0-255), the coordinates of the prescribed field of view were generated and returned, and
the scan prescription was updated. In this implementation, the in-plane field-of-view size
remained fixed as determined by the user, while the center of FOV and the prescribed volume
and the number of axial slices were determined automatically. Once the automated prescriptions
were determined, operators (R.G. and C.J.B.) at the console assessed whether the automated
prescriptions needed modification in order to proceed to the subsequent scans. This assessment

by the operators was recorded for each exam.
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Figure 3. Flow-chat summary for data retrieval, annotation, training, prescription, evaluation, and
scanner implementation. Manual labeling consisted of 7 localization regions (LiverAx, TorsoAx, ArmsAx,
LiverCor, TorsoCor, LiverSag, TorsoSag) that was evaluated by assessment of inter-reader reproducibility.
A convolutional neural network (CNN) for object detection was trained with 80% of the datasets. The
minimum 3D box needed to cover the appropriate labeled 2D boxes was used to obtain the final 3D
automated prescription. Evaluation of 2D and 3D boxes was performed on the remaining 20% datasets
across patients, pathologies, and acquisition settings. We successfully implemented the method on a clinical
MR system and conducted a prospective study with 6 healthy volunteers across acquisition sequences.
LiverAx/TorsoAx/ArmsAx: liver/torso/arms in the axial view; LiverCor/TorsoCor: liver/torso in the coronal
view; LiverSag/TorsoSag: liver/torso in the sagittal view.

2.2.7 Statistical analysis

In the testing datasets from the retrospective study in patients, the performance of the full
network trained without any augmentation in various sub-cohort across age, sex, BMl,

pathology, acquisition field strength and localizer pulse sequence was measured by the overlap
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between Al and manual labeling for 3D liver detection and axial prescription. In the same
dataset, the performance of the networks with various training settings (full vs. tiny, with/without
augmentation) was measured by the mis-classification rate and loU in 2D detection from
individual slices, and the overlap between manual labeling and Al prediction in 3D liver
detection and axial, coronal, and sagittal prescriptions. Paired t-tests were conducted to evaluate
the statistical significance of performance difference between the trained networks with a
threshold of 0.05. Further, the median and inter-quartile range (IQR) of the same performance
metrics for the trained networks was compared against the inter- and intra-reader reproducibility

of the two radiologists.

In the prospective study in healthy volunteers, the performance of both the full and tiny
networks trained without any augmentation was measured by the overlap between manual
labeling and Al prediction in 3D liver detection and axial prescriptions across scans acquired

with SSFSE, GRE, and bSSFP sequences with various parameters.

2.3 Results

Demo code and the YOLOvV3 weights obtained after training for this work are shared in

the following Zenodo repository: https://doi.org/10.5281/zenodo.7391054.

Overall, 7820 GA MRI examinations were identified, performed in 5351 patients (3022
women and 2329 men). Of the 5351 patients identified, 2285 had their BMI recorded within 30
days of one of their scans. Out of the 2285 exams with patient BMI recorded within 30 days of
the scan, 1039 were used for manual annotation and model training and testing. A total of 1,039
exams from 1,039 patients (age 56+17 years, range 0-101 years, 570 females/469 males, BMI
28+9 kg/m?) were collected. Table 1 summarizes the distribution of the patients included in

terms of age, sex, BMI, pathology, acquisition field strength and sequence. The localizer
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acquisitions were based on SSFSE (1,015 exams, 98%) and GRE (24 exams, 2%). Training and
validation involved 21,274 localizer slices from 748 patients and 1,850 slices from 83 patients
(randomly chosen from all patient datasets). With full augmentation, 2,537,390/268,320 images
were used for training/validation of the tiny network. The performance of the proposed method
was evaluated on 5,655 localizer slices from the remaining 208 patients. Figure 3 summarizes

the data used in this study.

Training of the full network with all training data required ~40 hours (NVIDIA Tesla
V100), to reach an mAP of 90% at an loU threshold of 0.5. With augmentation using reflection,
training took ~90 hours. Training of the tiny network with all training data required ~6 hours on
the same GPU (~20 hours with reflection, ~150 hours with the full augmentation scheme). For
testing, object detection for one entire three-plane localizer (~30 images) on a GPU required

~0.3/0.1 seconds for the full/tiny network.

Figure 4 shows representative examples of 3D detection of the liver in a patient with a
normal liver, and in five patients with various representative liver pathologies including focal

lesions, iron overload, ascites, and cirrhosis.
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Auto

== Manual

Figure 4. 3D detection of the liver in all three localizer orientations, with examples of common
pathologies. a) In most cases, the liver volume was covered accurately by automated prescription. The
automated prescription aligned well with the manual annotation in patients with focal lesions (b), iron
overload (c), ascites (d), and/or cirrhosis (e), as well as in a patient with splenomegaly (f), where the spleen
abuts the liver and its signal level is similar to that of liver, but the proposed method was still able to identify
the liver correctly.

The automated liver detection failed to detect the entirety of the liver with tight margins
(2 cm S/1) when localizer slices missed a large portion of the liver and/or provided insufficient
signal due to dielectric shading (Figure 5). When the axial localizer images did not cover the
liver sufficiently (a), missed prescription of the left lobe was observed due to failed R/L range
cross-checking across views. However, 3D axial prescription of this case was entirely adequate
(overlap with manual annotation >90%) owing to correct torso detection. Inaccurate automated
object detection (b, ¢) was observed for patients with multiple cysts (b,c), where dielectric

shading(96) led to signal dropouts in a large portion of the localizer slices. Inconsistencies in
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manual annotation between two radiologists and even between repeated annotations by the same

radiologist appeared in the more severe case (C).

Al inaccurate &

manual variable

1) in polycystic liver
with shading

Al prescription
inaccurate with
shading and cysts

Left lobe not
18 G fully detected

Figure 5. Examples of algorithm failures for 3D liver detection. a) Missed coverage in the tip of the lateral
segment of the left lobe due to insufficient axial localizer slices. Inaccurate automated object detection was
observed for patients with multiple renal cysts (b) or liver cysts (c), or with dielectric shading (b,c) with
signal dropouts in the central portion of multiple localizer images. Variation in manual annotation between
two radiologists and even between repeated efforts by the same radiologist was observed in severe cases
such as (c).

The accuracy of automated 2D and 3D detection and prescription as measured by the
mismatch in each dimension is shown in Figure 6. Each of the seven classes had a median
loU>0.91 with interquartile range (IQR) <0.09. The performance of the full YOLOv3 network
(without any augmentation) in 3D liver detection and axial, coronal, and sagittal prescription was
comparable to that of inter-reader reproducibility. For 3D liver detection, the percentage of
manual volume included in the automated prescription had median = 97.6% and IQR = 6.5%
while the percentage of manual volume from one radiologist included in the other had median =
97.0% and IQR =5.0%. The overlap for 3D axial prescription by the full network had median =
98.5% and IQR = 3.0% while the inter-reader reproducibility performance had median = 97.1%
and IQR = 1.9%. The maximum S/I shift for 3D axial prescription by the full network was 2.3

cm for 99.5% of the test datasets, while that for the inter-reader reproducibility was 2.4 cm. The
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overlap for 3D coronal prescription by the full network had median = 98.3% and IQR = 3.8%,
while the inter-reader reproducibility performance had median = 97.7% and IQR = 2.2%. The
overlap for 3D sagittal prescription by the full network had median =97.9% and IQR = 5.5%,
while the inter-reader reproducibility performance had median = 97.3% and IQR = 3.6%. In
addition, for the full network the overlap for 3D axial prescription was significantly higher than

the overlap for 3D liver detection.
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Figure 6. Accuracy of 2D annotation across all label classes (a), 3D liver detection (b), and 3D image
prescription (c-e). loU histograms for all classes are qualitatively similar, with loU median >0.91 and
interquartile range <0.09. In (b-e), x axis shows the 6 edges: right (R), left (L), posterior (P), anterior (A),
inferior (1), and superior (S); y axis shows the difference between automated and manual volumes (O:
perfect alignment; negative offset: Al covering more volume; positive offset: missed volume). All boxes are
tight around 0. For 3D axial prescription, the shift in the S/l dimension was less than 2.3 cm for 99.5% of
the test datasets.
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For 2D detection with the full network, loU histograms for different classes as well as the
combined histogram followed similar trends. loU median, IQR, mean, and standard deviation
were similar across classes. Liver detection had a lower mis-classification rate than torso
detection in all orientations, while 2D detection of the arms in the axial orientation had the
highest mis-classification rate. Liver detection in the coronal and sagittal orientations had a mis-

classification rate of ~1%.

The performance of the Al-based liver prescription for 3D liver detection and 3D axial
prescription across sub-cohorts in age, sex, BMI, pathology, and acquisition field strength and
sequence is shown in Table 1. For both 3D liver detection and 3D axial prescription, the overlap
between Al and manual labeling was observed across all sub-cohorts was larger than 91%. 3D
axial prescription had higher levels of overlap between Al and manual methods than 3D liver
detection across all categories. The accuracy of Al-based liver detection was lower in the
presence of iron overload (signal dropouts), partial liver resection, anatomical variation, or
perihepatic pathologies such as pleural effusion or ascites. 3D axial prescription had an overlap

of larger than 95% between Al and manual labeling across all pathologies.

As training size increased, the percentage of test cases with an overlap larger than 90% in
3D between Al and manual prescription increased for 3D liver detection and axial prescription
(Figure 7). Al performance for 3D axial prescription plateaued after training with 500 datasets.
Al performance for 3D liver detection approached but never reached inter-radiologist
reproducibility. Training with > 250 datasets, Al-based 3D axial prescription performed better

than (manual) inter-reader reproducibility.
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Figure 7. Al performance vs. training size. As training size increased, the percentage of test cases with
high overlap (>90%) in 3D between Al and manual prescription increased for 3D liver detection and axial
prescription. Al performance for 3D axial prescription plateaued after training with 500 patients’ datasets
(60% of training data). Al performance for 3D liver detection approached but never reached radiologists’
inter-reader reproducibility performance. Training with at least 250 datasets (30% of training data), Al-
based 3D axial prescription performed better than (manual) inter-reader reproducibility.

Table 2 shows the testing results with various training settings including the tiny and full
networks. Overall, the tiny network performance was significantly inferior to the full network for
3D axial prescription. Without any augmentation, the tiny network had an overlap of median =
96.7% and IQR = 6.2%, 95.3%+6.3%, 96.3%+6.1%, 96.5%+5.8% in 3D liver detection, axial,
coronal, and sagittal prescriptions, respectively. The maximum S/I shift for 3D axial prescription
by the tiny network for 99.5% of the test datasets was 2.3 cm (the same as for the full network).
Although augmentation methods reduced the mis-classification rate in individual slices, these

augmentation methods did not significantly improve the performance of 3D prescription for
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either the full (p = 0.23 for 3D axial prescription) or the tiny network (p = 0.26 for 3D axial
prescription). Finally, the full network’s mis-classification rate in 2D detection was low and

comparable to that of the intra- and inter-reader reproducibility studies.

We successfully implemented the Al-based automated image prescription method with
both the full and tiny YOLOv3 networks on a clinical MR system (GE MR750) at the site of this
study. Automated image prescription for an entire three-plane localizer dataset on the MRI
system CPU required ~10 seconds with the full network and ~3 seconds with the tiny network.
For the six volunteers in this study, the online 3D axial prescription was performed by the tiny
network to determine the prescription for the subsequent series. In all six volunteers, the whole
liver was covered with visually adequate placement. The online Al axial prescriptions were
accepted by the operators (R.G. and C.J.B.) at the console without modifications to proceed to
the subsequent scans. This allowed for fully automated prescription within 10 seconds (including

time for Al prediction and review by the operator) of the previous scan completion.

The prospective performance of the Al-based 3D axial prescription in healthy volunteers
was similar to that of the retrospective study, using both the tiny network (

3D Liver Detection 3D Axial Prescription
Sequences overlap between Al and manual overlap between Al and manual
(%) (%)

Median IQR Median IQR

TE=40ms 94.74 15.77 96.39 9.54

SSFSE TE=80ms 97.36 12.24 97.65 1.58
TE=120ms 89.33 15.95 98.20 15.33

Flip angle=20 87.26 10.52 85.01 15.79

GRE Flip angle=30 86.30 9.38 94.25 6.34
Flip angle=60 79.74 26.51 87.33 13.90

IR-prep 85.56 19.33 84.54 14.11

bSSFP In phase 91.38 22.82 93.85 14.12

Out of phase 88.44 12.56 92.09 7.94

Overall 89.18 14.55 92.12 13.23
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Table 3) and the full network. For 3D liver detection, the percentage of manual volume included in the
automated prescription by the full network had median = 89.2% and IQR = 14.6%. The overlap for 3D
axial prescription by the full network had median = 92.1% and IQR = 13.2%. The 3D liver detection and
axial prescription with both networks had overlaps > 80% with all three types of localizer sequences:
SSFSE, GRE, and bSSFP, acquired with various parameters (

SSFSE \
3-plane o . 3-plane
Localizer > Localizer

- Manual =—— Auto

Figure 8). Nevertheless, Al performed best with SSFSE acquisitions (

3D Liver Detection 3D Axial Prescription
Sequences overlap between Al and manual overlap between Al and manual
(%) (%)
Median IQR Median IQR
TE=40ms 94.74 15.77 96.39 9.54
SSFSE TE=80ms 97.36 12.24 97.65 1.58
TE=120ms 89.33 15.95 98.20 15.33
Flip angle=20 87.26 10.52 85.01 15.79
GRE Flip angle=30 86.30 9.38 94.25 6.34
Flip angle=60 79.74 26.51 87.33 13.90
IR-prep 85.56 19.33 84.54 14.11
bSSFP In phase 91.38 22.82 93.85 14.12
Out of phase 88.44 12.56 92.09 7.94
Overall 89.18 14.55 92.12 13.23

Table 3). The performance of both networks had no significant difference (p = 0.06) in

3D axial prescription across the various acquisition settings in the six healthy volunteers.
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Figure 8. The Al-based automated image prescription was successfully implemented on a clinical MRI
system for prospective scanning. This online implementation performed well across various localizer
sequences for 6 healthy volunteers. Automated prescription demonstrated promising performance for 3D
axial prescription (similar to that of the retrospective study) across SSFSE, GRE, and bSSFP sequences
with various parameters. The performance of Al-based automated prescription was best when using spin-
echo (SSFSE) acquisitions.
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Number of patients

Sub-cohorts

3D Liver Detection
overlap between Al
and manual (%)

3D Axial
Prescription

overlap between Al
and manual (%)

Overall Training Testing | Median IQOR Median IQR
<21 29 18 11 96.95 5.29 99.53 1.50
Age 21-45 245 197 48 95.17 6.97 97.55 4.85
>45 765 616 149 97.04 8.53 98.45 3.14
Sex Male 469 373 96 97.29 8.89 99.31 2.68
Female 570 458 112 95.95 7.15 97.68 3.58
<18.5 49 36 13 94.82 4.88 98.66 4.80
BMI 18.5-24.9 364 295 69 95.36 13.69 97.63 412
25.0-29.9 319 263 56 97.68 6.82 99.17 2.47
> 30 307 237 70 97.04 6.43 98.28 3.17
Cirrhosis 131 105 26 97.60 4.79 99.72 2.37
Iron 56 15 9384 767 1000 241

overload 71
Metastasis 353 297 56 96.25 9.86 98.61 3.15
Pathology™ Steatosis 312 253 59 96.67 6.64 98.26 4.07
Ascites 309 246 63 96.28 7.96 98.70 3.18
Resection 39 28 11 91.90 6.98 97.96 3.28

Pleural

effusion 150 125 34 95.33 13.76 98.46 5.03
Field 1.5T 732 589 143 96.28 8.37 98.38 3.82
strength 3T 307 242 65 96.50 6.60 98.30 2.67
Sequence SSFSE** 1015 809 206 96.40 8.04 98.35 3.20
GRE 24 22 2 92.20 15.61 95.44 9.13
Overall 1039 831 208 97.62 6.51 98.48 3.00

*Pathology information was automatically extracted from medical reports using keyword matching.
Actual case counts may be different from reported here.
**SSFSE: single-shot fast spin-echo; GRE: gradient-echo

Table 1. Distribution of patient datasets and testing results across age, sex, BMI, pathology, acquisition
field strength and localizer pulse sequence. Overlap between Al and manual labeling for 3D liver detection
and axial prescription was high (>91%) across all categories. 3D axial prescription had higher levels of
overlap between Al and manual methods than 3D liver detection across all categories. While Al-based liver
detection faced challenges in iron overload (signal dropouts), resection and pleural effusion (unusual
anatomy), 3D axial prescription maintained high overlap (>95%) between Al and manual labeling across
all pathologies. Overlap: percentage of 3D volume from manual labeling covered by Al prescription.
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Reproducibility
Full network Tiny network of manual
annotation
+ i + +all Inter-  Intra-
reflection reflection augmentation | reader reader
2D Mis* | 439 386 | 945 992 6.73 6.72 443
) classify
Annotation
loU between | Median | 91.26 92.21 88.21 88.01 89.67 95.87 96.64
Al and
manual (%) | QR | 890 837 | 1008  10.72 10.66 469 503
SDLIVEr | vedian | 97.62  97.66 | 96.65  97.17 95.17 97.02 9891
Detection
overlap
between Al
and manual IQR 6.51 6.52 6.16 6.49 7.49 4.96 2.46
(%)
Median | 98.48 98.41 95.26 95.62 96.51 97.09  99.05
3D Axial
Prescription | ~p 3.00 2.89 6.27 5.59 5.27 187  1.68
overlap
between Al s/l
and manual i
(%) Szhég;;: 23cm  23cm | 23cm  4.0cm 4.6cm 24cm  1.3cm
patients
3D Coronal |\ | 9832 9817 | 9630  96.91 95.95 97.73  98.71
Prescription
overlap
between Al
and manual IQR 3.76 3.71 6.13 5.13 5.65 2.18 2.25
(%)
3D Sagittal | y\rogian | 97.89  97.90 | 9653  96.92 96.55 9731 99.53
Prescription
overlap
between Al
and manual IQR 5.50 5.37 5.79 5.92 6.79 3.64 1.29
(%)

Table 2. Testing results with various training settings and inter- and intra-reader reproducibility. The
full YOLOv3 network performed better than the tiny network. Although augmentation methods such as
reflection and translation/scaling/contrast reduced the mis-classification rate in individual slices, these
augmentation methods did not improve the performance of 3D image prescription for either the full or the
tiny network. Compared to the performance of the readers (radiologists), the full network’s mis-
classification rate in 2D detection was low and on par with the disagreement rate from the intra- and inter-
reader reproducibility studies. The full network’s performance in 3D liver detection and axial, coronal,
and sagittal prescription was comparable to that of inter-reader reproducibility. Overlap: percentage of
3D volume from manual labeling covered by Al prescription.
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3D Liver Detection 3D Axial Prescription
Sequences overlap between Al and manual overlap between Al and manual
(%) (%)
Median IQR Median IQR
TE=40ms 94.74 15.77 96.39 9.54
SSFSE TE=80ms 97.36 12.24 97.65 1.58
TE=120ms 89.33 15.95 98.20 15.33
Flip angle=20 87.26 10.52 85.01 15.79
GRE Flip angle=30 86.30 9.38 94.25 6.34
Flip angle=60 79.74 26.51 87.33 13.90
IR-prep 85.56 19.33 84.54 1411
bSSFP In phase 91.38 22.82 93.85 14.12
Out of phase 88.44 12.56 92.09 7.94
Overall 89.18 14.55 92.12 13.23

Table 3. Testing results for prospective study using the tiny network trained without any augmentation.
The online implementation worked well across various localizer sequences for 6 healthy volunteers.
Automated prescription demonstrated promising performance (similar to that of the retrospective study)
across SSFSE, GRE, and bSSFP sequences with various parameters. The performance of Al-based
prescription was best for SSFSE acquisitions. Overlap: percentage of 3D volume from manual labeling
covered by Al prescription.

2.4 Discussion

This work proposed an Al-based automated liver image prescription method for
abdominal MRI. The proposed method performed well across patients, pathologies, and
clinically relevant acquisition settings (spin echo and gradient echo localizers at 1.5T and 3T) in
a retrospective study. Further, prospective implementation on a 3T clinical MR system
demonstrated rapid and accurate prospective performance in a pilot study with a limited number
of healthy volunteers. Importantly, the Al-based automated liver prescription had a performance
level comparable to radiologists’ inter-reader reproducibility. This method has the potential to

enable automated, efficient, and reproducible image prescription for liver MRI.
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The trained networks demonstrated excellent performance for 2D detection of the liver,
torso, and the arms from individual localizer slices. However, 2D detection performance was
only an intermediate evaluation metric in this study. Thanks to redundancy across multiple slices
and orthogonal views, 3D prescription was minimally affected by occasional detection errors in
single slices. Importantly, the shift in 3D axial prescription in the testing dataset was less than
2.3 cm in the S/I dimension for 99.5% of the test datasets. This indicates that the addition of
narrow safety margins would ensure complete liver coverage in effectively all patients, at the
cost of slightly longer acquisitions to cover these safety margins. Finally, although the network
was trained primarily with SSFSE localizers, the method performed well with other localizer
methods (GRE, bSSFP) with different parameters, suggesting generalizable application across

various localizer acquisitions.

There are relevant previous preliminary efforts towards automated scan prescription in
the liver using traditional object detection methods(79). The method based on liver-only
bounding boxes could only perform axial prescription, while the proposed method has the
capability to enable liver image prescription in any orthogonal orientation thanks to the inclusion
of torso and arms classes. Importantly, this previous method requires a specialized volumetric,
breath-held localizer scan, while the proposed method does not add any additional scan and is
based on conventionally acquired localizers. In addition, the previous method has been tested in
limited numbers of healthy volunteers (n = 24) and simulated deformed livers (n = 7) while the
proposed method has been tested in 208 patients with various pathologies in the liver. The
proposed Al-based method may be more robust than the previous method in terms of testing
performance. In 24 healthy volunteers, the detection errors of the previous method to detect the

upper and lower edges of the liver were 1.87+2.04 mm and —0.90+7.84 mm, respectively(8). The



40

detection errors of the proposed method in 208 patients for the upper and lower edges were
0.31£3.53 mm and —0.68+12.52 mm, respectively. The performance of the proposed method is
similar to recent developments in automated organ detection for kidney and spine using
YOLOv3-based networks(23, 83). After training with datasets of 14 patients and testing with 41,
the reported metrics for 2D detection of kidneys in CT were: average loU = 0.769 and Dice
coefficient = 0.851(83). Detection of intervertebral discs (IVD) in lumbar spine MR, trained
with datasets of 19 patients and tested with 18, obtained a Dice coefficient = 0.839(23). Likely as
a result of the larger, diverse training dataset in this study, the loU and Dice coefficient are both
higher (0.878 £ 0.122 and 0.935 £ 0.069). In addition, the object mis-classification rate of the
liver of the proposed method (1-4%) is comparable to that in a recent study using a modified

YOLOvV3 network trained with 5,986 abdominal (axial) CT images (~3%)(92).

This work relied on YOLO, a state-of-the-art and robust object detection system(91).
Alternative networks include Single Shot Detector (SSD) and Faster R-CNN(97-99). YOLO and
SSD have the advantage of real-time object detection(97). YOLO-based models have been
applied to localization of organs with normal activity in 3D PET scans, detection of lung
nodules, and detection of the nasal cavity in CT scans, with excellent robustness, speed and
accuracy(100-102). YOLOv3 and SSD have shown similar accuracy, but YOLOv3 is about

three times faster(83, 91).

The proposed approach presents several important network and workflow design
considerations. Among various training settings, the tiny network, with much shallower
architecture, showed slightly inferior performance to the full network. However, the 3x speedup
of prediction time compared to the full network may make it a practical choice for

implementation on current clinical MR systems. Additionally, the current workflow used a single
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network for all localizer image orientations. Alternatively, one might train a different network
for each localizer slice orientation. An important advantage of the current single-network
approach is approximately 3x faster prediction for the current MR system implementation,

compared to using three networks.

This work has several limitations. Confounding conditions such as multiple cysts, ascites,
soft tissue edema, and iron overload, where B1-inhomogeneity leads to dielectric shading
artifacts, pose a challenge for automated (and even manual) organ detection in the abdomen(96).
Due to the limited number of failure cases with such conditions and artifacts in the testing
dataset, the specific cause of detection failures is unknown. Furthermore, the quality of manual
and automatic annotation in these cases may be limited by the fixed window/leveling of the input
images. Although this did not appear to be a limitation in most cases, dynamic window/leveling
may improve the quality of the manual and automatic annotation and provide a more accurate
performance assessment. Importantly, this study relied on data from a single center and a single
vendor. Finally, the prospective pilot study on a clinical MR system demonstrated promising

performance, but only on a small number of healthy subjects.

Training and evaluation of the proposed method using multi-center and multi-vendor data
with a wider variety of patient datasets are needed as future work. Evaluation of the model
performance for centers that prioritize fast acquisitions and use fewer images per plane for the
localizers is needed as future work. More cases with severe dielectric shading and iron overload
from other vendors can be collected for training and testing to broaden the applicability of the
algorithm. In this study, simple definitions of liver coverage for 3D prescription in axial, coronal,
and sagittal orientations were used for illustration. Additional coverage considerations in each

orientation can easily be included subsequently. Finally, in this study experienced radiologists
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(rather than technologists) performed the labeling to train and demonstrate the performance of Al
using the best possible manual labeling as the reference. In clinical practice, technologists
typically prescribe the field of view for a given patient exam. Future studies aimed at measuring
and comparing the inter-reader variability of technologists with Al performance are needed. A
previous study showed that a commercial platform (Day optimizing throughput [Dot] engine,
Siemens Healthineers, Forchheim, Germany) for automated image prescription contributed
significant time savings (2-5 minutes) for whole-body free-breathing exams(103). The effect of
the proposed automated liver prescription approach on potential time savings needs to be further
examined in future work. Value chain analysis from study acquisition to delivery of actionable
information to clinicians and patients may be conducted to determine whether automated

prescription improves patient care and workflow efficiency in Radiology departments(104-107).

2.5 Conclusion

An Al-based automated liver prescription method developed in this work has promising
performance across patients, pathologies, and clinically relevant acquisition settings, well within
inter-radiologist reproducibility. Further, this study demonstrated the successful prospective
implementation of the method on a clinical MR system. This method has the potential to improve

clinical workflow and standardization for MRI of the liver.
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Chapter 3 Characterization and Correction of Cardiovascular
Motion Artifacts in Diffusion-Weighted Imaging of the Pancreas

3.1 Introduction

Diffusion-weighted imaging (DWI1) has the potential to add value in the detection (108—
110), diagnosis(111, 112), and treatment response prediction of pancreatic diseases(12—14, 111).
DWI has been shown to have a similar accuracy as contrast-enhanced MRI for the diagnosis of
pancreatic cancer and pancreatic neuroendocrine tumors(9). Furthermore, quantitative
measurements derived from DW images constitute promising biomarkers for pancreas imaging
applications. For example, measurement of the apparent diffusion coefficient (ADC) in the
pancreas has been shown to correlate well with histopathological markers, such as the proportion
of collagenous fibers(40). Further, ADC measurements may enable differentiation of malignant
lesions from healthy tissue(30), mass-forming pancreatitis(15, 31), and other benign lesions(32,
33). Moreover, recent studies have shown that ADC measurements can help differentiate
accessory spleen from small islet cell tumors(31), differentiate near solid serous cystadenomas
from neuroendocrine tumors(113), and potentially determine the tumor grade(34, 35). DWI has
also shown potential to enable an early prediction of treatment response(12—14), as early
therapy-induced effects can be reflected in tissue reorganization, changes in cellularity, and
vascularization, or metabolic activity, before measurable changes in tumor volume become
apparent. Furthermore, DWI can be useful for detecting autoimmune pancreatitis and evaluating
the effect of steroid therapy(111). In addition, an increase in tumor ADC values in unresectable
pancreatic cancer during chemotherapy predicts better survival(13), pancreatic ductal
adenocarcinomas with lower baseline ADC respond poorly to standard chemotherapy and would

benefit from intensified treatment(14), and a lower ADC obtained from high b-value DWI in
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patients with advanced pancreatic cancer may be predictive of early progression in

chemotherapy-treated patients(12).

Despite this potential, the ability to differentiate between malignant and benign lesions
and to predict treatment response based on ADC measurements remains limited, due to
substantial variability and overlap in the quantitative measurements(114, 115). ADC values for
normal and diseased pancreas have shown a broad variability within studies(9, 12, 116-119), and
substantial overlap in ADC values among normal and diseased pancreas and various tumor
grades have been reported(7, 9, 119). In particular, the reported ADC values for the different
parts (head, body, and tail) of the normal pancreas have seen large differences across studies(7,
31,112, 116, 117, 120). This overlap and variability in ADC measurements are likely due in part
to the presence of multiple technical challenges, particularly physiological motion, that affect
DWI of the pancreas. Due to its location within the retroperitoneum, the pancreas may be
affected by respiratory, peristaltic, and cardiovascular-related motion(38). The extent of
pancreatic motion due to respiration has been studied previously(36), and is routinely addressed
in DWI through respiratory triggering(8, 15). Further, peristaltic motion can be minimized

through the use of gastrointestinal motility inhibitors such as glucagon(37, 121-123).

However, the effect of cardiovascular-related motion, due to both direct cardiac motion
and pulsation of large blood vessels, are not understood in the context of DWI of the pancreas.
Cardiovascular-induced motion of organs adjacent to the heart (e.g. the liver) or large blood
vessels (e.g. the pancreas) occurs throughout the cardiac cycle(21), and therefore its effects may
not be fully avoidable using cardiac gating. Conventional DWI is acquired using monopolar DW
gradients with elevated motion moments (i.e. motion sensitivity), and generally leads to artifacts

in the presence of cardiovascular-induced compressive motion. Indeed, cardiovascular-induced
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compressive tissue motion often leads to signal dropouts and ADC bias in abdominal organs

such as the liver (particularly in the left lobe)(21).

We hypothesize that, similar to the liver, cardiovascular-related motion may lead to
artifacts in DWI of the pancreas and thus ADC bias. In current literature, reduction of ADC
measurements from pancreatic head to tail has been observed(116, 120, 124-126). Importantly,
the pancreatic head is closest to large blood vessels such as the portal vein, inferior vena cava,
aorta, and mesenteric superior artery. Indeed, artery pulsation and other cardiac-related motion
may lead to rapid compressive motion of pancreas tissue, leading to signal dropouts and ADC
bias in conventional DWI acquisitions performed with monopolar DW gradient waveforms.
Thus, the apparent ADC heterogeneity observed across the parts of the healthy pancreas in
previous studies may be due to cardiovascular-induced artifacts, analogously to the heterogeneity

observed across the liver lobes.

Motion-compensated (MOCO) diffusion-encoding gradient waveforms with nulled first
and/or second-order gradient moments (M1, M2) have been proposed to mitigate sensitivity to
bulk motion. For example, velocity-compensated (M1= 0) diffusion-encoding gradient
waveforms implemented in the liver enable improved ADC reproducibility without cardiac
triggering(127, 128). Importantly, conventional MOCO diffusion encoding utilizes a multipolar
gradient waveform that substantially increases the echo time (TE) compared to monopolar
encoding, leading to degraded SNR(26). Optimized methods for motion-robust DWI with
minimized TEs have been recently proposed(26-28). These methods generally lead to
asymmetric waveforms that optimally utilize the available diffusion encoding time. Although
these asymmetric diffusion waveforms may introduce additional challenges (e.g., concomitant

gradient effects), these challenges can be often addressed within the optimization formulation
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itself (e.g., by including a concomitant gradient nulling constraint as performed in this work(27).
By applying optimized motion-compensated DW gradient waveforms, these methods are able to
avoid signal dropouts in the presence of cardiovascular-related motion while maximizing SNR,
potentially enabling motion-robust DWI. Although motion-robust DWI methods have been
demonstrated in various applications of DWI, including in liver(27, 28) and cardiac(26) imaging,

their performance in the pancreas remains unknown.

Based on these observations, we hypothesize that: 1) cardiovascular-related motion leads
to artifacts and bias in conventional DWI of the pancreas, and further 2) these artifacts can be
mitigated through the use of recently proposed motion-robust DWI methods. Therefore, the
purpose of this work is to evaluate the effects of cardiovascular-related motion on conventional
DWI of the pancreas, and to assess the performance of motion-robust DWI methods in a motion

phantom and in healthy volunteers.

3.2 Methods

In this IRB-approved study conducted with informed written consent, we visualized the
effects of cardiovascular-related motion using cardiac-gated cine acquisitions in healthy
volunteers. Next, we evaluated these effects in a custom anatomically accurate 3D-printed
pancreas motion phantom using DWI under various motion conditions. Finally, we assessed the
artifacts and quantified the ADC bias in the pancreas of healthy volunteers using conventional
DWI, and evaluated the performance of a recently developed motion-robust DWI method(27).
All scanning was performed at 3T (GE Signa Premier) using flexible coils (AIR Technology, GE
Healthcare, Waukesha, WI). A safe upper bound of slew rate (150 mT/m/msec) was used for
optimization, well below the peak gradient slew rate of 200 mT/m/msec. These acquisitions and

analyses are described in detail next.
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3.2.1 Visualization of cardiovascular-related pancreas motion

Eight healthy volunteers were scanned with cardiac-gated SSFP of the pancreas in three
orthogonal orientations (coronal, parasagittal, and axial) in separate breath-holds to visualize the
bulk and compressive motion of the pancreas associated with cardiovascular-related motion. For
each orientation, cine images were obtained for 20 frames within the cardiac cycle. For
visualization, a radiologist (J.S.) with 9 years of experience in abdominal MRI contoured the

pancreas borders on each of the 20 frames acquired within the cardiac cycle.

3.2.2 Evaluation in a motion phantom
3.2.2.1 Phantom construction

A custom phantom was fabricated for testing motion-compensated diffusion MRI. This
phantom consisted of an anthropomorphic hydrogel “pancreas” (see below) embedded in
silicone(70). Polyacrylamide hydrogel was used for the pancreas model in order to enable tissue-
mimicking compressive motion. To create the anthropomorphic hydrogel model, the pancreas
was segmented from a set of T2-weighted MR images of a healthy volunteer and a 3D digital
model of the pancreas was exported in STL format. The model was first 3D-printed with
polyvinyl-alcohol (PVA) filament on an Ultimaker (Utrecht, Netherlands) S5 machine. The PVA
pancreas was then coated in liquid latex rubber. Once the rubber coating had dried, the inner
PVA pancreas volume was dissolved with water, leaving a pancreas-shaped void in a rubber
shell. Hydrogel with 8% acrylamide/bis-acrylamide concentration was then poured into the
rubber mold and allowed to polymerize. Once cured, the hydrogel pancreas was extracted from
the rubber, placed in a water-tight container, and surrounded with silicone. Compliant tubing was

then run over the top of the pancreas model and fixed within the water-tight container filled with
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silicone. The ends of the tubing were then integrated into a flow loop with a pulsatile positive

displacement pump (BDC PD-1100, BDC Laboratories, Wheat Ridge, CO).

3.2.2.2 Motion setup

Water was pumped through the system, causing deformation of the compliant tube and
adjacent hydrogel pancreas model at a frequency of one hertz. This setup was intended to mimic
the cyclic motion induced by the cardiovascular-induced compressive motion of the vessels
surrounding the pancreas in vivo. A phantom similar to the one in the photograph was used, with
opaque silicone surroundings and pancreas neck placed between the tube and the container
bottom to facilitate compressive motion in the pancreas. The videos show increased flow
amplitude leads to increased pulsation of the tube, causing more severe deformation of the

pancreas model.

3.2.2.3 Acquisition

At various flow velocities (0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0 liters/min), DW images
using standard monopolar (TE =49 ms) and optimized motion-compensated (TE = 65 ms)
waveforms were acquired. Motion-compensated waveforms were designed using the Optimized
Diffusion-weighting Gradient waveform Design (ODGD) method(27). In this work, ODGD was
used to achieve the desired b-values with minimum TE, first order motion moment nulling and
concomitant gradient (CG) nulling. For each type of gradient waveforms (monopolar and
motion-compensated), three orthogonal diffusion directions were obtained, each with two b

values (b = 50, 500 s/mm?, with 2 and 4 repetitions, respectively).

3.2.2.4 Analysis

One representative slice containing the head, body, and tail of the pancreas model was

selected. The DW images and ADC maps were compared between standard monopolar and
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motion-compensated DW waveforms, in the absence of motion, as well as in the presence of
various levels of motion. The histograms of the ADC values in the pancreas segmented within
the selected slice were generated, with mean and standard deviation calculated for each

histogram, to compare the ADC distributions of both waveforms.

3.2.3 Characterization and correction of motion artifacts in vivo
3.2.3.1 Evaluating single-slice breath-held cardiac-gated DWI

Characterization under various cardiac trigger delays: The same eight healthy

volunteers scanned for the visualization of cardiovascular-related pancreas motion, were scanned
with standard monopolar diffusion waveforms. To maximally control the acquisition timing
relative to the cardiac cycle, single-slice DWI was acquired using breath-holding and cardiac
(peripheral) gating. Based on the observations from the SSFP images, one axial slice that
captured the compressive motion of adjacent vessels on the pancreatic head and one axial slice
that captured most of the rest of the pancreas were used for DWI. DW images were acquired in a
single end-of-expiration breath-hold. This acquisition was repeated at three cardiac trigger delays
(20, 100, and 200 ms after the R wave), and in three diffusion directions using a standard
monopolar waveform (TE = 50 ms), for a total of 9 breath-held monopolar DWI acquisitions per
volunteer. Reduced field-of-view(129, 130) (readout x phase encode FOV =32 cm x 12.8 cm)

was used with spatial resolution of 2 mm x 2 mm x 5 mm, with b = 50, 500 s/mm?.

Correction using motion-compensated DW waveforms: The same eight volunteers were

scanned within the same exams as above, in order to evaluate the performance of motion-
compensated DW waveforms. Single-slice DWI using a motion-compensated gradient waveform
(first order moment nulled with CG nulling, TE = 72 ms)(27) was tested using the same

parameters as the standard monopolar waveform, with trigger delay = 20 ms. Three breath-held
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acquisitions were performed, one per diffusion direction. Other trigger delays were not included

due to scan time limitations.

3.2.3.2 Evaluating whole-pancreas respiratory-triggered DWI

In order to evaluate clinically relevant whole-pancreas DWI acquisitions, ten healthy
volunteers (with an overlap of 6 volunteers from the previous scans) were scanned. Whole-
pancreas DWI was acquired using respiratory-triggering with parameters similar to our local
clinical protocol, including three diffusion directions, with b = 50, 500 s/mm?. Two separate
acquisitions were performed, using standard monopolar and motion-compensated gradient
waveforms, respectively. The approximate acquisition time was 4 minutes. Detailed information
on imaging parameters is shown in Table 4. A triggering window of 30% was used to acquire all

slices covering the pancreas in one respiratory interval.

3.2.4 Image analysis and measurements

ADC measurements were performed in both single-slice and whole-pancreas DWI
acquisitions, each for both standard monopolar and motion-compensated diffusion waveforms.
For the single-slice study, region of interest (ROI) measurements were performed on ADC maps
derived from each combination of cardiac trigger delay and diffusion direction to characterize
the effects of cardiovascular-related motion. Oval ROIs were drawn by a radiologist (JS) in the
pancreatic head, body, and tail in the b = 50 s/mm? DWI images (with b = 0 s/mm?as an
anatomical reference), then copied to the corresponding ADC map for measurement, to avoid
reader bias in directly placing ROIls in the ADC maps. For the whole-pancreas study, ROI
measurements were performed on ADC maps derived from the averaged DW images of all
diffusion directions. Oval ROIs were drawn on the slice that included most of each pancreatic

part in the b = 50 s/mm?2 DWI images (with b = 0 s/mm? as an anatomical reference), then copied



o1

to the corresponding ADC map for measurement. For both studies, ROIs were drawn as large as
possible in each pancreatic part while avoiding peripheral regions with susceptibility artifacts,

resulting in ROI areas between 52 and 244 mm?,

3.2.5 Statistical analysis
Paired T-tests were performed to evaluate the ADC differences in different parts of the

pancreas for both standard monopolar and motion-compensated waveforms.

3.2.6 Effect of peristalsis
Single repetitions taken within the same breath-hold and at the same cardiac trigger delay
were compared qualitatively to assess the presence of non-cardiovascular-related motion artifacts

in the acquired pancreas DWI images.
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Single-slice DWI Whole-pancreas DWI
] Standard Optimized motion- Standard Optimized motion-
DWI gradient
monopolar compensated monopolar compensated
waveforms
waveform waveform waveform waveform
Acquisition modes BH RT
TR (ms) 2069 1935 5000-10000*
TE (ms) 41.2 72.7 48.7 72.7
Cardiac Trigger Delays
% Y 20, 100, 200 20 --
(ms)
b-values (s/mm?)
. 0(1), 50 (2),
(repetitions per 50 (2), 500 (6) 50 (2), 500 (6)
I 500 (6)
direction)
Reduced Field of view | 40% in phase 100%
) ) 32cmx12.8
Field of view 32cmx 32cm
cm
EPI echo train length 48 60
Effective phase
31 Hz 25 Hz
encoding bandwidth
Parallel imaging factor 1 2
Diffusion directions Phase, frequency, and slice (AP, RL, SI)
In-plane resolution 2mm X 2mm
Slice thickness 5mm
Slice spacing 1 mm
Receiver bandwidth + 250 kHz
Partial Fourier 5%

* 1-2 respiratory intervals depending on the breathing pattern of the volunteer.

Table 4. Imaging parameters used for the in-vivo study. Single-slice DWI was acquired using breath-
holding and cardiac (peripheral) gating. DW images were acquired in a single end-of-expiration breath-
hold. This acquisition was repeated at three cardiac trigger delays (20, 100, and 200 ms), and in three
diffusion directions using a standard monopolar waveform (TE = 50 ms). Reduced field-of-view (FOV =
40%) was used with spatial resolution = 2mmx2mmx5mm. Single-slice DWI using a motion-compensated
gradient waveform (TE = 72 ms) was tested using the same parameters as standard monopolar waveform
with trigger delay = 20 ms. Whole-pancreas DWI was acquired using respiratory-triggering with
parameters similar to our local clinical protocol, including three diffusion directions. Two separate
acquisitions were performed, using standard monopolar and motion-compensated gradient waveforms,
respectively.
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3.3 Results

3.3.1 Visualization of cardiovascular-related pancreas motion

Cardiac-gated dynamic SSFP images of the pancreas in coronal, parasagittal, and axial
views were acquired. Pulsation of the aorta, as well as motion near the portal vein, inferior vena
cava, and splenic vein caused substantial translational and compressive motion of the pancreatic

head and body.

3.3.2 Evaluation in a motion phantom

Standard Monopolar Gradient Waveform Motion-Compensated Gradient Waveform

Maximum Pancreas Deformation [mm] Maximum Pancreas Deformation [mm]
0.0 097 139 1.66

3000

x10*mm?/s
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Figure 9 shows DW images and ADC maps of the pancreas motion phantom using both
the standard monopolar and motion-compensated DW waveforms. In the absence of substantial
motion (zero or low flow amplitude in the tube), the ADC distributions were similar between the
two waveforms. In the presence of motion, the standard monopolar DW waveforms led to
artifacts in both b = 50 s/mm? and b = 500 s/mm? images, as well as biased (overestimated) ADC
values. The severity and extension of the artifacts and ADC bias increased with larger flow
amplitude. In contrast, with motion-compensated DW waveforms, the DW signals appeared

consistent regardless of the presence of motion. Further, motion-compensated DW waveforms



54

produced consistent and spatially uniform ADC values throughout the hydrogel pancreas model,

over a wide range of flow amplitudes.

Standard Monopolar Gradient Waveform Motion-Compensated Gradient Waveform

Maximum Pancreas Deformation [mm] Maximum Pancreas Deformation [mm]
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Figure 9. DW images and ADC maps of the pancreas motion phantom using both the standard
monopolar and motion-compensated DW waveforms. With the standard monopolar DW waveforms,
artifacts appeared in both b = 50 s/mm? and b = 500 s/mm? images, resulting in overestimated ADC values.
The severity and extension of the artifacts and ADC bias increased with larger flow amplitude in the tube.
With motion-compensated DW waveforms, however, the signals in the DW images appeared consistent,
producing uniform ADC values throughout the pancreas hydrogel model. With no or small pancreas
deformation, the ADC distributions were similar between the two waveforms. However, with large
deformation, the ADC histograms from standard waveforms were broader and shifted to higher ADC
values. With motion-compensated waveforms, DW images and ADC distributions were similar regardless
of the pancreas motion.

3.3.3 Characterization and correction of motion artifacts in vivo

3.3.3.1 Evaluating single-slice breath-held cardiac-gated DWI

Characterization under various cardiac trigger delays: in the breath-hold study, signal

dropouts occurred in DW images in all three parts of the pancreas, in all diffusion directions, and
at all acquired trigger delay times. DW images of b = 500 s/mm? in the pancreatic head, body,
and tail are shown in Figure 10. Contours were drawn on the b = 0 images and overlaid onto the
b = 500 s/mm? images to indicate the location of the pancreatic head. For each acquisition and
each part of the pancreas, the mean and standard deviation of the ADC measured across

volunteers are noted in each sub-image. Signal dropouts were consistent across repetitions
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acquired with the same cardiac phase and diffusion direction. However, dropouts appeared at
different locations for images acquired at different cardiac phases (trigger delays) or in different
diffusion directions. As a result of artifacts in DW images, biased ADC values with a large

variation across volunteers occurred for all trigger delays and diffusion directions.
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Figure 10. Single-slice monopolar-based diffusion-weighted images with b = 500 s/mm? in three
diffusion directions. DWI was obtained at three different cardiac trigger delays, each acquired in a
separate breath hold. The yellow contours were drawn from the T2-weighted image (b = 0 s/mm?, not
shown) and overlaid on DWI b = 500 s/mm?to indicate pancreas location. For each acquisition and each
part of the pancreas, the mean and standard deviation of the ADC measured across volunteers are noted
in each sub-image. Using monopolar DW gradients, signal dropouts occurred in DWI images in all three
parts of the pancreas, in all diffusion directions, and at all trigger delay times, resulting in biased ADC
values with a large variation across volunteers observed for each acquisition.

Correction using motion-compensated DW waveforms: with standard monopolar DW

waveforms, heterogeneous DW signals and ADC values occurred across the pancreas for all
diffusion directions (Figure 10). The measured ADCs had a large variability across volunteers in
all three diffusion directions at a trigger delay time of 20 ms (the range of standard deviation
across volunteers is 354 — 1590 x10- mm?/s for all parts of the pancreas and in all diffusion
directions). Heterogeneous ADCs across the parts of the pancreas were observed, with
significantly higher ADC in the head than in the tail (p <.05) in two of the diffusion directions

(RL and AP) (Figure 11). Using a motion-compensated DW waveform, DW signals and ADC
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values were uniform across the parts of the pancreas (Figure 11), and the measured ADCs had a
much lower variability across volunteers (the standard deviation of ADC across volunteers is 63
— 279 x10® mm?/s for all parts of the pancreas and in all diffusion directions). Finally, motion-

compensated DW waveforms led to comparable ADC in all three parts of pancreas, as shown in

Figure 12.

Standard Monopolar Gradient Waveform Motion-Compensated Gradient Waveform

RL

500 s/mm?

b=

Head

ADC

Body & Tail
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Figure 11. Single-slice breath-hold diffusion-weighted images with b = 50, 500 s/mm?and ADC maps in
three diffusion directions, at cardiac (peripheral-gating) trigger delay = 20 ms. The orange contours were
drawn from DWI b = 50 s/mm? and overlaid on DWI b = 500 s/mm? and ADC maps to indicate pancreas
location. Using a standard monopolar DW waveform, heterogeneous DW signals and ADC values were
observed across the pancreas in all diffusion directions. Using a motion-compensated DW waveform, DW
signals and ADC values appeared relatively uniform across the pancreas.
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Figure 12. Boxplots of ADC measurements of eight volunteers derived from diffusion-weighted images
acquired with b = 50 s/mm? and b = 500 s/mm? with standard monopolar and motion-compensated
gradient waveforms in three diffusion directions in the breath-hold study. Using a standard monopolar
gradient waveform, the measured ADCs had a large variability among volunteers and were higher in
pancreas head and body than in the tail. Using a motion-compensated gradient waveform, the measured
ADCs had a much lower variability among volunteers and were comparable across the parts of the

pancreas.
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3.3.3.1 Evaluating whole-pancreas respiratory-triggered DWI

Diffusion Gradient Waveform
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Figure 13 shows examples of DWI b = 500 s/mm? images and ADC maps acquired with
respiratory-triggering using standard monopolar and motion-compensated DW waveforms.
Standard DW waveforms led to localized regions of signal dropouts, resulting in heterogeneous
ADC values across the three parts of the pancreas. The mean ADC values for the pancreatic head
was 1756 + 173 x10® mm?/s and the median (IQR) was 1739 (1638 to 1856) x10°° mm?/s. For
the pancreatic body: 1530 + 338 x10® mm?/s and 1468 (1229 to 1938) x10° mm?/s. And for the
pancreatic tail: 1388 + 267 x10® mm?/s and 1264 (1187 to 1598) x10® mm?/s. Using a motion-

compensated DW waveform, the measured ADCs were comparable across the parts of the
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pancreas (head: 1277 + 102 x10°® mm?/s; body: 1204 + 169 x10° mm?/s; tail: 1235 + 178 x10
mm?/s). Boxplots of ADC measurements of eight volunteers for the two waveforms in

respiratory-triggered study are shown in Figure 14. Using a standard monopolar DW waveform,
the measured ADCs in the pancreatic head and body were significantly higher than in the tail (p
< .05). Using motion-compensated DW waveforms, the measured ADCs had a lower variability
among volunteers and were comparable in all three parts of pancreas (p = .54 between head and

tail, p = .69 between body and tail, and p = .19 between head and body).

3.3.4 Effect of peristalsis

The effect of additional sources of motion artifacts (e.g. peristalsis) in breath-held,
cardiac-triggered multi-repetition DWI was evaluated qualitatively. In the standard monopolar
DW images, the location of signal dropout regions appears largely consistent across repetitions
within the same breath-hold. However, residual variability across repetitions may be present, as
indicated by the yellow arrows. DW images across multiple repetitions appeared similar when

using motion-compensated waveforms.
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Figure 13. Examples of DWI b = 500 s/mm? and ADC maps of the whole pancreas acquired with
respiratory-triggering using standard monopolar and motion-compensated DW waveforms. Standard
DW waveforms led to localized regions of signal dropouts, resulting in heterogeneous ADC values across
the three parts of the pancreas. Green arrows indicate locations of artifactual signal dropouts. Since more
repetitions and slices were acquired, the signal dropouts were blurred compared to the highly controlled
single slice acquisitions shown earlier and the resulting elevated ADC values. Using a motion-compensated
DW waveform, the measured ADCs were comparable across the parts of pancreas.
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Figure 14. Boxplots of ADC measurements of ten volunteers for the two waveforms in the respiratory-
triggered study. Using a standard monopolar DW waveform, the measured ADCs in the pancreas head and
body were significantly higher than in the tail. Using motion-compensated DW waveform, the measured
ADCs had a lower variability among volunteers and were comparable in all three parts of pancreas.

3.4 Discussion

Cardiovascular-related motion leads to artifacts and bias in conventional DWI of the
pancreas. These artifacts and bias are mitigated through the use of recently proposed motion-
robust DWI methods. Cardiovascular-related motion induces complex compressive motion of the
pancreas, leading to signal dropouts in head, body, and tail, at various phases in the cardiac
cycle, and in various diffusion directions. Motion-compensated diffusion gradient waveforms

improved the DW signal reliability, resulting in more reproducible diffusion quantification.

These results may have important implications for research and clinical applications of
pancreas DWI. As a result of artifacts in DW images, biased ADC values with a large variation
across volunteers occurred in all cases. Importantly, these artifacts and bias are likely

unavoidable by simply selecting a particular diffusion direction or trigger delay. A large location



62

and subject dependence on the occurrence of the artifacts was observed across different trigger
delays. At the same trigger delay, signal void artifacts occurred at different slices for different
subjects. Beyond the long scan times that would be needed for cardiac- and respiratory-triggered
DWI of the pancreas, our proof of concept study suggests that there may not be an optimal
cardiac trigger delay across slices and subjects. These results highlight the value of motion-
compensated gradient waveforms to provide consistent ADC values across slices and subjects.
Motion-robust DWI may reduce ADC bias and variability in the clinic, with the potential to
enable more accurate lesion detection and diagnosis, as well as lesion characterization (e.g., for

distinguishing benign versus malignant lesions) and treatment monitoring.

Cardiovascular-induced compressive motion is a major source of the signal dropouts
observed in pancreas DWI. The phantom study suggested that pulsation or motion within blood
vessels may induce pancreas deformation, and increased deformation led to increased severity of
DWI artifacts and ADC bias. Further, in the highly controlled cardiac triggered in vivo
experiments using monopolar DW gradients, individual repetitions were examined qualitatively.
Importantly, for a BH acquisition with a fixed cardiac trigger delay (TD) time, the location of the
artifacts appeared consistent across repetitions. Also, the location of artifacts appears different
for different acquisitions performed at different TDs or different diffusion directions. Therefore,
the effect is likely to be highly periodic with the cardiac cycle, which strongly suggests that the
source is cardiovascular-related motion. Nevertheless, additional sources of motion (e.g.,
peristalsis) may contribute to the observed artifacts. Regardless of the specific source of motion,
this study demonstrated the potential for improved ADC reproducibility with motion

compensated gradients.
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Using monopolar diffusion waveforms showed heterogeneity of ADC measurements
from pancreatic head to tail (higher ADC in the head, and lower in the tail), which replicates the
results from various previous studies(116, 120, 124-126). One previous study reported that ADC
values in the pancreatic head were higher than in the tail, independently of gender, age and
BMI(126). Schennagel et al. proposed the cause for the different ADC values in pancreatic head,
neck, and tail to be due to the heterogeneity of the pancreatic tissue composition. However, our
results suggest that these differences may be artifactual and due to cardiovascular-related motion
effects. Importantly, in our study, this heterogeneity in ADC across different parts of pancreas

disappeared when using motion-compensated gradient waveforms.

The motion artifact correction achieved by motion-compensated gradient waveforms in
pancreas DWI bears resemblance to that in other organs. The effects of motion-compensated
gradient waveforms to mitigate motion-induced ADC biases have been demonstrated in the liver
MRI literature(26—-28). In previous studies, monopolar-based ADC showed significant bias in the
left lobe relative to the right lobe due to its sensitivity to motion, while DWI with motion-
compensated waveforms showed no significant ADC bias in the left lobe relative to the right

lobe, demonstrating robustness to cardiac-induced motion(26—-28).

The observed ADC bias with monopolar DW waveforms was larger in the highly-
controlled cardiac-triggered, breath-held acquisitions than in the respiratory triggered study. This
is likely due to the high consistency of signal dropouts across repetitions in cardiac-triggered,
breath-held acquisitions. In contrast, in the respiratory-triggered acquisitions without cardiac
triggering, many repetitions are acquired at different cardiac phases, which partially averages out
these signal dropouts, and leads to less pronounced (although still substantial) ADC bias.

Another possible difference is that cardiovascular-related compressive motion may actually be
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different during a breath-hold compared to during free breathing. Before holding their breath,
volunteers were coached to take two rounds of deep inspiration and expiration, as practiced in
the clinic. Previous studies show that the diameters of portal, splenic, and superior mesenteric
veins (major veins by the pancreas) change significantly between deep inspiration and
expiration(131), which may have resulted in stronger venous dilation and contraction, and
increased compressive tissue motion. However, even in respiratory-triggered acquisitions the
ADC bias and variability are still large and likely to interfere with quantitative applications of
ADC, such as lesion characterization. Importantly, this bias and variability are reduced

substantially with motion-compensated methods.

This study had several limitations. Since our study only included healthy volunteers,
further studies in patients are needed. Our results suggest that motion compensation may
improve the precision (e.g. test-retest repeatability) of ADC measurements in the pancreas(132).
However, assessment of repeatability was not directly performed in this work. Further studies in
volunteers and patients may also be needed to establish a clear separation of the effects of tissue
composition and motion artifacts. With reduced motion-induced artifacts as enabled by motion-
robust DWI methods, tissue heterogeneity may be more accurately measured in subsequent
studies. The motion phantom used in this work does not precisely replicate the complex
physiological motion of the pancreas. However, this phantom enables the evaluation of
diffusion-weighted imaging under highly-controlled pulsatile motion. Remaining challenges in
pancreas DWI are not addressed in this study, including susceptibility-related distortions which
may influence image quality, as well as non-Gaussian diffusion which may require more
advanced modeling of DW signals(133-136). Nevertheless, the proposed motion-robust methods

are compatible with other advances in DWI, including low-distortion techniques(129, 137, 138),
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and the improved signal reliability provided by motion-compensated DW waveforms may also
enable improved performance of advanced diffusion modeling methods. Remaining systematic
differences may exist between the ADC values derived from monopolar and motion-
compensated waveforms, likely due to multiple effects including IVIM (micro-perfusion)(54, 55,
139), echo time, and diffusion time. For instance, motion-compensated diffusion acquisitions
may lead to residual IVIM-induced dependence of pancreas ADC measurements on the choice of
b values. This dependence of ADC on the choice of b values is expected to be different for
motion-compensated compared to monopolar-based ADC measurements. Thorough analysis of
these multiple potential confounding effects is beyond the scope of this work. One future
consideration for deploying this technique across scanners is increased minimum TR due to
issues including gradient duty cycle and heating limitations, which may lead to longer overall
scan time (e.g. when the number of slices required to cover the whole liver is large). Importantly,
compared to monopolar diffusion waveforms, motion-compensated waveforms enable improved

ADC mapping in the pancreas by reducing motion-related bias and variability.

3.5 Conclusion

Cardiovascular-related compressive motion introduces substantial artifacts and ADC bias
in pancreas DWI, which can be addressed by motion-compensated diffusion gradient waveforms.
These results may have important implications both for understanding the current literature on
DWI of the pancreas and for the design of improved DWI techniques for clinical and research

applications.
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Chapter 4 Development of Optimized Methods for Motion-Robust,
Free-Breathing DWI in the liver

4.1 Introduction

Recent works have shown that motion-robust M1-optimized diffusion gradient
waveforms (MODI) can address cardiac-induced artifacts while reducing blood signal(26-28).
Nevertheless, motion-robust DWI typically requires longer TEs, which leads to a loss of SNR.
Multi-repetition acquisitions with respiratory triggering (RT) are able to enhance SNR and co-
localization(122). However, RT lengthens the repetition time (TR) and leads to unpredictable
scan time due to variability in patients’ breathing patterns(121). To address these challenges, |
propose to develop a novel free-breathing (FB) DWI technique that combines motion-robust
diffusion waveforms(27, 28) to address the effects of cardiovascular pulsation with motion-
corrected averaging for respiratory motion-correction using a non-local means algorithm (NLM).
| propose to validate this technique in healthy volunteers and patients with known or suspected
liver metastases.

4.2 Methods

The non-local means algorithm is based on a non-local averaging of all pixel in the
image, which was first proposed for the denoising of a single image(140). Our research group
showed non-local means can also be used to align anatomical structures that move with
respiratory motion(29). The NLM motion-corrected averaging algorithm works similar to the
NLM denoising algorithm, with an additional dimension across image repetitions.

After IRB approval and informed written consent, ten healthy volunteers and eight
patients with known or suspected liver metastases were recruited and scanned at 3T (GE Signa
Premier) using flexible receive coils (AIR Technology, GE Healthcare, Waukesha, WI). The

acquisition parameters are shown in Table 5.



67

Healthy volunteers Patients
DWI gradient MODI: optimized motion- MONO: standard monopolar MODI: optimized motion-
waveforms compensated waveform waveform compensated waveform
Acquisition modes FB RT FB RT FB
TR (ms) 4000 5000 — 10000* 4000 5000 — 10000* 3800--4000
TE (ms) 68.5 45.7—46.1 68.5
Scan time range (min) 9:30 £ 0:14  12:58 £+ 2:52 9:31 +£0:14 13:24 + 2:27 7:20--7:51
b values (s/mm?) 100 500 100 500 100 500 100 500 50 500
i‘:;‘il; Zg‘;’;e}i’lizg‘l’:s 12 32 6 14 12 32 6 14 6/12 14 /24
Diffusion directions Phase, frequency, and slice (AP, RL, SI)
Field of view 36 cm x 36 cm
In-plane resolution 2.8 mm x 2.8 mm
Slice thickness 6 mm
Receiver Bandwidth 250 kHz / pixel
Parallel imaging factor 2

*1-2 respiratory intervals depending on breathing pattern of the volunteer.

Table 5. Imaging parameters used for the healthy volunteer and patient studies. In healthy volunteers, a
motion-robust M1-optimized diffusion gradient waveform (MODI) and a standard monopolar waveform
(MONO) were used to acquire DW images with multiple b values in three encoding directions with different
numbers of averages in free-breathing and RT acquisition modes. The scan times and TR with FB for both
waveforms were stable among all volunteers with minor variations due to selecting different numbers of
slices to cover the entire liver, while the scan time and TR with RT was longer on average and varied a lot
among volunteers. In patients, motion-robust M1-optimized diffusion gradient waveform (MODI) was used
to acquire DW images with two b values in three encoding directions, during free-breathing. Different
numbers of averages were acquired for different subjects due to limitations of available clinical scan time.

4.2.1 Health volunteer study

Motion-robust M1-optimized (MODI) diffusion gradient waveform and standard
Stejskal-Tanner monopolar (MONO) waveforms were used to acquire DWI of the liver. For each
gradient waveform, both FB and RT acquisitions were performed. For the FB acquisitions, an
NLM-based algorithm (Figure 15) was used to address motion across repetitions and diffusion
directions for each b-value.

An NLM-based algorithm (Figure 15) was used to address motion across repetitions and

diffusion directions for each slice and each b-value. Within NLM, a patch-based(141) reference

selection step was used to account for non-rigid motion in the through-plane direction. For each
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slice and b-value, a set of reference images was obtained by stitching together co-registered
overlapping patches from all repetitions. Each reference patch was chose based on a similarity
metric (mutual information) across repetitions and across b-values.

Three technical components were assessed: diffusion waveform (MODI vs. MONO);

respiratory-motion mitigation (RT vs. FB); and signal averaging (direct averaging vs. NLM). For
each acquisition and signal averaging method, DW images and corresponding ADC maps were
generated. Performance comparisons included: ADC measurements in right and left liver lobes
in MODI vs. MONO, SNR of averaged FB vs. RT images under comparable scan times, and
motion-robustness and SNR of direct averaging (DA) vs. NLM. Additionally, assessment of
respiratory-motion mitigation and signal averaging methods was performed retrospectively using
fewer repetitions (50% and 20%), in order to assess the potential for faster acquisitions with the
proposed approach. For each choice of technical components and number of repetitions, signal
and noise levels of ADC maps were estimated by calculating means and standard deviations over

co-localized ROls.



4.2.2 Patient study
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A T2-weighted fast spin echo and fat-saturated T1-weighted in- and out-of-phase

acquisitions were obtained for anatomical reference. Motion-robust M1-optimized diffusion

gradient waveforms (MODI) were used to acquire DWI (b=50, 500 s/mm?) of the liver in FB

without respiratory gating or triggering. The respiratory bellows signals from each FB

acquisition were recorded to perform retrospective gating with 33% acceptance window, as an

alternative reconstruction method for comparison with the proposed non-gated method.

FB acquisitions with
multiple b values

Patch-based reference selection
to capture complex elastic motion patterns

b=50 s/mm? b=500 s/mm?

NLM-averaged
DW images

ADC map

Stitching of overlapping
reference patches into reference images

Figure 15. Workflow of NLM implementation for DWI for each slice and b-value for MODI waveform.
NLM addressed motion across repetitions and directions for each b-value. For each slice and b-value, a
set of reference images was obtained by stitching together co-registered blocks from all repetitions. Each
reference block was chose based on a similarity metric to the other repetitions and across b-values. NLM
averaged the remaining repetitions using Gaussian-fitted weights in accordance with the local Euclidean
distance to the reference images. ADC maps were calculated from the different b-values.




70

4.3 Results
4.3.1 Healthy volunteer study

Diffusion waveform (MODI vs. MONQO): ADC values are more homogeneous across left

and right lobes on MODI than on MONO (Figure 16, Figure 17). While a significant difference
between left and right lobes was observed in MONO for each acquisition mode and signal-

averaging method (Figure 18. a), MODI provides consistent ADC values across liver (Figure

18. h).
Free-Breathing Acquisition Respiratory Triggering
Repetitions Direct Averaging NLM Direct Averaging
MODI
MONO

Figure 16. Compared to direct averaging, NLM reduced the mis-registration due to body motion, showed
increased homogeneity in the liver, and higher spatial resolution overall. MODI and MONO diffusion-
weighted images using 100% repetitions of individual repetitions, post-processed with direct averaging
(DA) and with NLM, and acquired in respiratory triggering mode for b=500 s/mm?.

Respiratory-motion mitigation (RT vs. FB): Scan times with FB for both waveforms were

fixed across volunteers, while RT scan times were longer on average and varied substantially
across volunteers. FB data reconstructed with NLM had similar signal levels but significantly
lower noise levels compared to RT on MODI when 100% repetitions were used (Figure 18. c).
As number of repetitions decreased, NLM tended to maintain lower noise levels than RT (Figure

17). FB acquisitions may enable higher SNR efficiency than RT.
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MODI: motion-compensated waveform MONO: standard monopolar waveform

x10¢ mm?/s
3000
100% repetitions ¢ 2500
§ | | 2000
50% repetitions (& 1500
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20% repetitions 500

0

Figure 17. The ADC maps of MODI and MONO acquired in FB and RT modes and post-processed with
DA and NLM algorithm. In the absence of artifacts, ADC was expected to be similar between left and right
lobes in healthy volunteers. Compared to DA, NLM reduced the mis-registration between b=100 s/mm? and
b=500 s/mm? repetitions due to body motion (indicated by yellow arrows), showed increased homogeneity
(indicated by red arrows) in the liver, and higher spatial resolution overall. Compared to RT, NLM showed
higher SNR performance (circled in green).

Signal averaging (DA vs. NLM): In both DWI and ADC maps (Figure 16, Figure 17),

compared to DA, NLM reduced the mis-registration due to body motion and higher spatial
resolution overall, yielding significantly higher image sharpness as measured by energy of

Laplacian (Figure 18. d). NLM has similar SNR performance to DA (Figure 18. a - ¢).
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Figure 18. Bar plots of ADC values, ADC standard deviations, and image sharpness for monopolar
(MONO) and motion-robust M1-optimized (MODI) diffusion gradient waveforms, using respiratory
triggering (RT), and direct averaging (DA) and non-local mean (NLM) correction for free-breathing
acquisitions (FB). While a significant difference between left and right lobes was observed in MONO for
each acquisition mode and signal-averaging method (a), MODI provides consistent ADC values across
liver (b). FB data reconstructed with NLM had similar signal levels but significantly lower noise levels
compared to RT on MODI. and NLM has a similar noise level to DA (c). NLM yields significantly higher
image sharpness as measured by energy of Laplacian (d). NLM has similar SNR performance to DA (a-c).

4.3.2 Patient study

Data were acquired and processed successfully for all 8 patients. Three representative
examples are shown. DW images and ADC maps of a liver metastatic lesion from pancreatic
cancer, processed with direct averaging, retrospective gating, and motion-corrected averaging
(NLM) are shown in Figure 19. The lesion appeared to be extended in size and the boundaries
appeared blurry in DW images and ADC maps processed with direct averaging and retrospective

gating. With NLM, the shape and size of the lesion more closely match the co-localized T2-
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weighted acquisition, and the boundaries appeared clearer in both DW images and ADC map.
Retrospective gating demonstrated lower SNR and residual motion-related blurring and mis-

registration.

Liver Lesion (zoomed in)
b =50 s/mm? b =500 s/mm? ADC map b =50s/mm? b=500s/mm? ADC map

".‘.N

v
Direct Averaging
E i 3000
b 0
E

~,

Retrospective
Gating

Motion-Corrected
Averaging

Figure 19. DW images and ADC maps of a liver metastatic lesion from pancreatic cancer, processed
with direct averaging, retrospective gating, and motion-corrected averaging (NLM). The lesion appeared
extended in size and boundaries appeared blurry in DW images and ADC maps processed with direct
averaging and retrospective gating, due to inadequate alignment of the lesion across repetitions and b
values. And retrospective gating had lower SNR. With NLM, shape and size of the lesion showed improved
correspondence to co-localized T2 reference, and boundaries appeared clearer in DWI and ADC map.

Figure 20 shows DW images and ADC maps of multiple liver metastatic lesions from
pancreatic cancer. The two adjacent lesions indicated by yellow arrows appeared to have blurry
boundaries in DW images and ADC maps processed with direct averaging and retrospective
gating. With NLM, the boundaries were clearly delineated and showed improved correspondence
with the co-localized T2-weighted slice. However, despite the improved performance, NLM was

unable to align every lesion correctly (orange arrows).
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Figure 20. DW images and ADC maps of multiple liver metastatic lesions from pancreatic cancer,
processed with direct averaging, retrospective gating, and motion-corrected averaging (NLM). The two
lesions pointed by yellow arrows appeared to have blurry boundaries in DW images and ADC maps
processed with direct averaging and retrospective gating. With NLM, the boundaries were clearly
delineated and better confirmed with its counterpart in the co-localized T2 slice. But in such a challenging
case, NLM was unable to align every lesion correctly as a black crescent of mis-registration is pointed out
by the orange arrows.

DW images and ADC maps of an ablation site from previous treatment of hepatocellular
carcinoma are shown in Figure 21. The lesion appeared to be extended in size and the
boundaries appeared blurred in DW images and ADC maps processed with direct averaging and
retrospective gating. With NLM, the shape and size of the lesion demonstrate improved
correspondence with the co-localized T2-weighted slice, and the boundaries appeared clearer in
both DW images and ADC map. Again, retrospective gating had lower SNR and residual

motion-related blurring and mis-registration.
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Figure 21. DW images and ADC maps of an ablation site for hepatocellular carcinoma, processed with
direct averaging, retrospective gating, and motion-corrected averaging (NLM). The lesion appeared
extended in size and had blurry boundaries in DW images and ADC maps processed with direct averaging
and retrospective gating, due to inadequate alignment of the lesion across repetitions and b values.
Retrospective gating had lower SNR. With NLM, the shape and size of the lesion showed better
correspondence to co-localized T2 reference, and the boundaries appeared clearer in DW images and ADC
map.

4.4 Discussion

The proposed technique using motion-robust gradient waveforms (MODI) with FB
acquisitions and motion-corrected averaging may enable abdominal DWI without motion
artifacts and with high SNR. Compared to standard RT acquisitions, the proposed DWI
technique provides higher SNR and predictable scan times even in the presence of irregular
breathing patterns (which lead to scan variability in RT imaging). The proposed NLM algorithm
has the potential to correct for motion across repetitions, diffusion directions, and b values. The

patient study has demonstrated the feasibility of the proposed FB DWI technique in patients with
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liver lesions. This technique combines motion-robust gradient waveforms (MODI) with FB
acquisitions and motion-corrected averaging in order to enable abdominal DWI without motion
artifacts and with high SNR. The proposed NLM approach has the potential to better align
lesions within each slice, each b-value, and across b-values. The more accurate visualization of
the shape, size, and boundaries of liver lesions in both DW images and ADC maps using NLM

may have important implications in the clinic and in further clinical research.

This study has several limitations. Further optimization and characterization of the
proposed technique are desirable. Indeed, NLM includes a number of tunable parameters that
may be optimized, depending on the degree of respiratory motion and underlying SNR. And the
patch-based reference selection step in NLM can be improved for patients with different lesion
sizes and levels of DWI signal. Additionally, all lesions analyzed in this work were located in the
right liver lobe; lesions in the left liver lobe need to be studied to test whether MODI can address
the signal loss due to cardiac-related motion. Validation of the technique in a larger patient
cohort is needed in future work. Future work includes the implementation of MODI waveform
generation on the scanner and the optimization of the post-processing methods to adapt to
patients with focal lesions. One consideration for a wider adoption of the proposed workflow is
the speed of NLM reconstruction through the current MATLAB implementation. An alternative
approach is to run the program in a remote server with higher computing power. Although NLM
has shown promise to enable motion-robust FB acquisitions of liver DWI, lack of robustness due
to the need for parameter tuning has manifested in the occasional mis-alignment of focal liver
lesions. Deep learning (DL) methods have seen rapid adoption in MRI imaging, thanks to their
ability to learn features from input images without being explicitly programmed(142). Future

work can apply deep learning-based image registration and deblurring methods to align DWI
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repetitions. In addition, as respiration-induced liver motion is different in the left-right (LR),
anterior-posterior (AP), and superior-inferior (SI) orientations(143-147), image registration in
the three orientations presents varying degrees of challenge. For slices acquired in the axial view,
respiration-induced motion is predominantly through-plane, complicating the image registration
process in 2D, while in the coronal and sagittal views, the respiration-induced motion is mostly
in-plane, making it an easier 2D image registration problem. Therefore, joint optimization of
acquisition and post-processing methods for motion robust FB DWI, including optimizing the
acquisition slice orientation along with the post-processing methods, remains a promising

direction for future research.

Nevertheless, the proposed motion-corrected FB DWI method shows the potential to
improve the workflow (i.e., predictable and shortened scan times) and image quality (i.e., motion

robustness and improved SNR) compared to current methods for abdominal DWI.
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Chapter 5 Summary and Future Works
5.1 Automated MR image prescription of the liver using deep learning
5.1.1 Summary

Chapter 2 demonstrates that an Al-based automated liver prescription method developed
in this work has shown promising performance across patient populations, pathologies, and
clinically relevant acquisition settings, well within inter-radiologist reproducibility. The
proposed method enables liver image prescription in any orthogonal orientation. Further, this
study demonstrated the successful prospective implementation of the method on a clinical MR
system. This method has the potential to improve clinical workflow and standardization for MRI

of the liver.

5.1.2 Ongoing and future works

Training and evaluation of the proposed method using multi-center and multi-vendor data
with a wider variety of patient datasets is ongoing. From preliminary results, the proposed Al-
based automated liver prescription methods have shown promising multi-center, multi-vendor
performance. Without retraining, the single network had been trained on localizers from the
University of Wisconsin Hospitals and Clinics (UW) as described in Chapter 2, and was tested in
localizers acquired on scanners by different vendors at three different sites. Figure 22 a-c show
examples of Al-based axial prescription on multi-center, multi-vendor data without retraining.
Figure 23 a-c show the boxplots of mismatches between Al-based axial prescription and manual
labeling on multi-center, multi-vendor data without retraining, as tested in 200 patients from
each vendor / site. The Al method performed well in spin echo localizers acquired on GE
scanners at UW and Philips scanners (Philips Medical Systems, Amsterdam, Netherlands) at the

University of Texas Southwestern Medical Center (UTSW). But the Al method showed lower
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performance in gradient echo localizers acquired on Siemens scanners (Siemens Healthineers,
Erlangen, Germany) at Duke University Medical Center (Duke). The overlaps between Al-based
axial prescription and manual labeling without retraining were 97.64+6.5% for GE scanners at
UW, 96.2+7.7% for Philips scanners at UTSW, and 89.7+25.3% for Siemens scanners at Duke.
The result was expected as the model had been trained on mostly spin echo localizers acquired

on GE scanners at UW.

U Wisconsin
GE
Spin echo

Philips
Spin echo

Duke
) Siemens
Gradient echo

Siemens
After retraining

Figure 22. Examples of Al-based axial prescription on multi-center, multi-vendor data. Without
retraining, the single network was trained on UW data and tested in different vendors and sites. The Al
method performed well in spin echo localizers acquired on GE scanners at UW and Philips scanners at
UTSW. Without retraining, the Al method showed lower performance in gradient echo localizers acquired
on Siemens scanners at Duke. However, after retraining, the method performed well on this Duke GRE
dataset. (blue lines: manual prescription; red lines: Al prescription). Duke University data are courtesy of
Dr. Mustafa Bashir. UT Southwestern data are courtesy of Dr. Takeshi Yokoo.

The model was retrained with an additional 500 gradient echo cases from Duke, along

with 500 spin echo cases from UW, and tested in the same 200 patients from each vendor / site
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as above. The overlaps between Al-based axial prescription and manual labeling with retraining
were 97.443.9% for GE scanners at UW, 96.317.4% for Philips scanners at UTSW, and
95.6+6.2% for Siemens scanners at Duke. the Al method performed substantially better in
gradient echo localizers acquired on Siemens scanners at Duke. Across all the three vendors and
sites, the Al method performed well, with the overlaps between Al and manual labeling all larger
than 95%. Duke and UTSW prioritize fast acquisitions and use fewer images per plane for the
localizers. But from the preliminary results, the proposed Al-based automated liver prescription
methods have shown robustness to these variations in localizer acquisition settings and across the
vendors and sites tested. Further optimization of the retraining process with multi-center, multi-
vendor data to gain better generalizability across other sites and other patient populations

remains future work.
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Figure 23. Testing results of Al-based axial prescription with and without retraining on 200 patients
from each vendor / site. Without retraining, the Al method performed well in spin echo localizers acquired
on GE scanners at UW (a) and Philips scanners at UTSW (c). However, the Al method showed lower
performance in gradient echo localizers acquired on Siemens scanners at Duke (b). This is expected as the
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model was trained on mostly spin echo localizers acquired on GE scanners at UW. After retraining the
model with an additional 500 gradient echo cases from Duke, along with 500 spin echo cases from UW,
the Al method performed better in gradient echo localizers acquired on Siemens scanners at Duke (e).
Across all the three vendors and sites, the Al method performed well, with the overlaps between Al and
manual labeling all larger than 95% (d-f).

After scanner implementation was in place, we developed a prototype of an automated
pipeline towards the single button push liver fat/iron exams. An example on a healthy volunteer
is shown in Figure 24. After three-plane localizers were acquired with free breathing, axial
prescription was generated automatically within 3s for a chemical shift encoding sequence. This
one-minute sequence is also free breathing and produced fat fraction and R2* maps, from which
a report of the liver fat/iron content was generated automatically. Notably, although the Al model
predicted a tight field-of-view (FOV), with the current vendor implementation on the scanner,
the size of the in-plane FOV was fixed to preserve SNR and prevent aliasing. The current vendor
implementation requires multiple clicks, but the example demonstrates the essential components

to enable automated single button push scanning. Evaluation of this pipeline in patients is

ongoing.
Free-breathing Automated axial Free-breathing Automated analysis of
3-plane localizer prescription (< 3 s) liver fat/iron quantification

R2*/LIC map
IQR:

Proton Density Fat Fraction
Median: 11.8%
IQR: 9.0 — 15.0%
Liver Iron Concentration
Median: 1.4 mg Fel/g
IQR: 1.3 -1.6 mg Fel/g

Figure 24. Prototype of an automated pipeline towards the single button push liver fat/iron exams on a
healthy volunteer. After three-plane localizers were acquired with free breathing, axial prescription was
generated automatically within 3s for a chemical shift encoding sequence. This one-minute sequence is also
free breathing and produced fat fraction and R2* maps, from which a report of the liver fat/iron content
was generated automatically. Evaluation of this pipeline in patients is ongoing.
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Beyond applications in clinical fat/iron exams, a natural extended application of the
proposed Al-based automated liver prescription is for MR elastography (MRE). MRE is a non-
invasive imaging method for evaluating liver fibrosis. From localizers or coronal T2-weighted
images, 4 axial image slices featuring the widest transverse dimension of the liver are manually
prescribed. Manual image prescription for MRE by technologists is time-consuming and prone to
error and variability. Automated MRE prescription based on an extension of the proposed

method and other deep learning (DL)-based methods is being investigated in our group.

In addition, more cases with severe dielectric shading and iron overload from other
vendors can be collected for training and testing to broaden the applicability of the algorithm. To
improve the Al performance in such cases, methods like data augmentation and including more
similar cases in the training dataset should be considered. In this study, simple definitions of
liver coverage for 3D prescription in axial, coronal, and sagittal orientations were used for
illustration. Additional coverage considerations in each orientation can easily be included
subsequently. Finally, in this study experienced radiologists (rather than technologists)
performed the labeling to train and demonstrate the performance of Al using the best possible
manual labeling as the reference. In clinical practice, technologists typically prescribe the field of
view for a given patient exam. Future studies aimed at measuring and comparing the inter-reader
variability of technologists with Al performance are needed. A previous study showed that a
commercial platform (Day optimizing throughput [Dot] engine, Siemens Healthineers,
Forchheim, Germany) for automated image prescription contributed significant time savings (2-5
minutes) for whole-body free-breathing exams(86-89)(86—-89). The effect of the proposed
automated liver prescription approach on potential time savings needs to be further examined in

future work. Value chain analysis from study acquisition to delivery of actionable information to
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clinicians and patients may be conducted to determine whether automated prescription improves

patient care and workflow efficiency in Radiology departments(132).

5.2 Towards motion-robust DW-MRI of the abdomen

5.2.1 Summary

Chapter 3 demonstrates that cardiovascular-related compressive motion introduces
substantial artifacts and ADC bias in pancreas DWI, which can be addressed by motion-
compensated diffusion gradient waveforms. Compared to monopolar diffusion waveforms,
motion-compensated waveforms enable improved ADC mapping in the pancreas by reducing
motion-related bias and variability. Importantly, previous works had shown that quantitative
measures of diffusion such as the ADC varied along the pancreas from the head to the tail, and
attributed these variations in ADC to actual differences in the pancreatic tissue. However, our
results suggest that these differences may be artifactual and due to cardiovascular-related motion
effects. Importantly, in our study, this heterogeneity in ADC across different parts of pancreas
disappeared when using motion-compensated gradient waveforms. Crucially, the results also
exemplify the importance of correcting for all relevant confounding factors in the development

of quantitative MRI methods.

Chapter 4 demonstrates that using optimized gradient waveforms, non-gated free-
breathing acquisitions, and motion-corrected averaging techniques, high-SNR and motion-robust
DWI of the liver may be achieved. The patient study has demonstrated the feasibility of the
proposed FB DWI technique in patients with liver lesions. This technique combines motion-
robust gradient waveforms (MODI) with FB acquisitions and motion-corrected averaging in
order to enable abdominal DWI without motion artifacts and with high SNR. The proposed NLM

approach has the potential to better align lesions within each slice, each b-value, and across b-
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values. The more accurate visualization of the shape, size, and boundaries of liver lesions in both
DW images and ADC maps using NLM may have important implications in the clinic and in
further clinical research. In summary, the proposed motion-corrected FB DWI method shows
the potential to improve image quality (i.e., motion robustness and improved SNR) compared to

current methods for abdominal DWI.

5.2.2 Ongoing and future works

Our results and previous works by our group suggest that motion compensation may
improve the precision (e.g. test-retest repeatability) of ADC measurements of the abdomen (in
the pancreas and liver)(114). Systematic assessment of repeatability and reproducibility in
healthy volunteers and patients is ongoing. Preliminary results demonstrate substantially
improved test-retest repeatability of ADC in the liver and pancreas when performed using
motion-robust methods developed by our group(133). Ongoing work at our group evaluates the
reproducibility of M1-optimized liver DWI across field strengths (1.5T and 3T) and gradient
performances. In 8 healthy human subjects scanned on 3 separate MR systems with different
field strengths and gradient performances, ADC estimation with M1-optimized diffusion
waveforms achieved smaller coefficients of variation and reproducibility coefficients across MR
systems in comparison to conventional monopolar DWI(134). This demonstrates the potential of
M1-optimzed waveform designs to improve the reproducibility of diffusion quantitative
parameters, which may emerge as reliable imaging biomarkers in the abdomen with further

validations.

Further studies in volunteers and patients may also be needed to establish a clear

separation of the effects of tissue composition and motion artifacts. With reduced motion-
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induced artifacts as enabled by motion-robust DWI methods, tissue heterogeneity may be more

accurately measured in subsequent studies.

Another ongoing work evaluates the feasibility and reproducibility of liver diffusion-
weighted (DW) MRI using cardiac-motion-robust, blood-suppressed, reduced-distortion
techniques(53). DW-MRI data were acquired at 3T in an anatomically accurate liver phantom
including controlled pulsatile motion, in eight healthy volunteers and four patients with known or
suspected liver metastases. Standard monopolar and motion-robust (M1-nulled, and M1-
optimized) DW gradient waveforms were each acquired with single-shot echo-planar imaging
(ssePI) and multishot EP1 (msEPI). In the motion phantom, ADC mean and SD in motion-
affected volumes substantially increased with increasing motion for monopolar waveforms
(Table 6). ADC remained stable in the presence of increasing motion when using motion-robust
waveforms (Table 6). M1-optimized waveforms suppressed slow flow signal present with M1-
nulled waveforms (Figure 25). In phantom and healthy volunteer studies, motion-robust
acquisitions with msePI showed significantly reduced image distortion (p<0.001) compared to
SSEPI. Patient scans showed reduction of wormhole artifacts when combining M1-optimized

waveforms with msePI (Figure 27).

The diffusion-weighted images and ADC maps in the quantitative motion phantom in
Figure 25 demonstrate the robustness of the optimized motion-robust waveforms to compressive
motion, suppression of perfusion (blood-mimicking) signals by M1-optimization, and the
synergy between M1-optimized gradient waveform designs and multishot echo-planar imaging
(msEPI) with increasing degrees of compressive tissue motion. Severe motion-induced signal
dropouts (blue arrows) and ADC bias appear in monopolar images and ADC maps. Both M1-

nulled and M1-optimized methods avoid the signal dropouts and produce consistent ADC
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measurements throughout the liver model. With slow flow motion (roughly mimicking
perfusion), residual bright signal from moving fluid remains in low-b-value images acquired
with M1-nulled waveforms, resulting in biased ADC values in the tubing area (green circles).
The perfusion signal is suppressed in low-b-value images acquired with M1-optimized
waveforms (green arrows). sSEPI images suffer from severe image distortions (yellow contours
and yellow arrows). msEPI reduces this image distortion. However, mseEPI without motion-
robust gradients shows wormhole artifacts in high-b-value images and biased ADC values (red
arrows). M1-optimized-msEPI generates stable ADC measurements while maintaining low

image distortion (red contours).

Monopolar-ssEPI Monopolar-msEPI
b=50s/mm? b=500s/mm?> ADC b=50s/mm? b=500s/mm? ADC
Tow -7 [ oo AsES i
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M1-nulled-ssEPI M1-optimized-ssEPI M1-optimized-msEPI
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Figure 25. Diffusion-weighted images and apparent diffusion coefficient (ADC) maps in the quantitative
motion phantom demonstrate robustness of optimized motion-robust waveforms to compressive motion,
suppression of perfusion (blood-mimicking) signals by M1-optimization, and synergy between M1-
optimized gradient waveform designs and multishot echo-planar imaging (msEPI) with increasing
degrees of compressive tissue motion. Severe motion-induced signal dropouts (blue arrows) and ADC bias
appear in monopolar images and ADC maps. Both M1-nulled and M1-optimized methods avoid the signal
dropouts and produce consistent ADC measurements throughout the liver model. With slow flow motion
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(roughly mimicking perfusion), residual bright signal from moving fluid remains in low-b-value images
acquired with M1-nulled waveforms, resulting in biased ADC values in the tubing area (green circles). The
perfusion signal is suppressed in low-b-value images acquired with M1-optimized waveforms (green
arrows). sSEPI images suffer from severe image distortions (yellow contours and yellow arrows). msePI
reduces this image distortion. However, msEPI without motion-robust gradients shows wormhole artifacts
in high-b-value images and biased ADC values (red arrows). M1-optimized-msEPI generates stable ADC
measurements while maintaining low image distortion (red contours). “Slow motion” represents a flow
rate of 0.15 L/min, or a flow velocity of 3.6 cm/s. “Motion +”: flow rate = 0.9 L/min, flow velocity = 21.6
cm/s. “Motion ++7: flow rate = 1.1 L/min, flow velocity = 26.4 cm/s.

Monopolar waveforms Motion-robust waveforms
a. Motion phantom ssEPI msEPI M1-nulled-ssEPI M1-optimized-ssEPI M1-optimized-msEPI

ADC No motion 1631463 1634450 1659+86 1664+125 1640+86
(x10=mm? /) Slow motion 1625+67 1631491 1656499 1661+124 1635109
in motion-affected Motion + 2077+667 1686180 1668+117 1665+166 16364134
volume Motion ++ 2070+727 2040+818 1658+114 1678+173 1638+154
Motion +++ 21294772 21694813 17144212 17024228 17474346
cce CCC measurement 0.50+0.15 0.76+0.14 0.51+0.16 0.50+0.16 0.75+0.15

p-value < 0.001 < 0.001 (compared to msEPI)

Table 6. The mean and SD of ADC measurements from the volume in the phantom within 2 cm of the
bifurcation substantially increase with increasing motion for monopolar waveforms. For the motion-
robust methods, ADC mean and SD remain stable with increasing motion, although residual artifacts
caused by severe motion (+++) appear in M1-optimized-msEPI. The alignment between DW images
from Monopolar-msEPI and M1-optmized-msEPI and the T2w reference is significantly higher than
monopolar-ssePI (p < 0.001), M1-nulled-ssEPI (p < 0.001), and M1-optmized-ssEPI (p < 0.001). “Slow
motion" represents a flow rate of 0.15 L/min, or a flow velocity of 3.6 cm/s. “Motion +": flow rate = 0.9
L/min, flow velocity = 21.6 cm/s. “Motion ++": flow rate = 1.1 L/min, flow velocity = 26.4 cm/s. “Motion
+++": flow rate = 1.3 L/min, flow velocity = 31.2 cm/s.

In healthy volunteers, worm-hole artifacts were observed in the msEPI reconstruction
with monopolar waveforms, which were mitigated when combining msEPI with motion-robust
waveforms. Individual shot images acquired with msEPI and monopolar or M1-optimized
waveforms are shown in Figure 26. In an inferior slice of the liver, where the right liver lobe
was unaffected by cardiovascular pulsation (a), the phase maps were smooth across individual
shots acquired with either monopolar or motion-robust waveforms. In contrast, in a superior slice

where the cardiovascular-related motion periodically compresses the liver parenchyma (b),
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monopolar acquisitions lead to motion-induced rapid spatial phase variations in individual shots,

inducing worm-hole artifacts in the msEPI reconstructed image (red arrow). Motion-robust

waveforms enable improved phase consistency to mitigate these artifacts in msgPI.
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Figure 26. Phase and amplitude maps of individual shot images acquired with multishot echo-planar
imaging of a healthy volunteer. In an inferior slice where the right liver lobe was unaffected by
cardiovascular pulsation (a), the phase maps were smooth across individual shots acquired with either
monopolar or motion-robust waveforms. In a superior slice where the heart periodically compresses the
liver (b), the phase maps acquired with monopolar acquisitions showed rapid variation in the liver,
resulting in wormhole artifacts in the multishot reconstructed image (red arrow). However, individual shots

acquired with motion-robust waveforms showed smooth phase even in the presence of compressive tissue
motion, leading to artifact-free multishot combination.

In the DW images of patients, reduction of wormhole artifacts due to unpredictable phase
variations in the signal acquired from each excitation was observed when combining M1-
optimized waveforms with msgPI. Figure 27 shows a 66-year-old female patient with

neuroendocrine carcinoma metastatic to liver (orange arrows). Worm-hole artifacts appear in
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msEPI acquired with monopolar waveforms (red circle), while msEPI acquired with M1-
optimized waveforms remain free of such artifacts, demonstrating the synergy between M1-

optimized motion-robust waveforms and msEePI.

Further studies in larger patient populations are needed to validate the synergistic effects
of combined M1-optimized diffusion waveforms and msEPI acquisitions enable reproducible

liver DWI with motion robustness, blood signal suppression, and reduced distortion.

Monopolar-msEPI M1-optimized-msEPI

50s/mm?

b=

500s/mm?

b=

Figure 27. Synergy between M1-optimized motion-robust waveforms and multishot echo-planar imaging
(msEPI) in a patient. A 66-year-old female patient with small bowel neuroendocrine tumor (NET)
metastatic to the liver, BMI =35.72 kg/mm?. Worm-hole artifacts appear in msEPI acquired with
monopolar waveforms (red circle), while msEPI acquired with M1-optimized waveforms remain free of
such artifacts. Orange arrows point to a metastasis in the liver.

Since a synergistic combination is feasible between motion-robust DW gradient
waveforms and low-distortion DW-MRI, combining the technique with motion-corrected
averaging throughout the respiratory cycle to enable low-distortion, motion-robust, free-
breathing DW-MRI acquisitions is a promising direction for future work. Inter-shot respiratory

motion would lead to severe ghosting artifacts if left uncorrected. A potential approach is to
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retrospectively bin(150) multi-shot acquisitions based on their proximity within the respiratory
cycle using acquired bellows signals, reconstruct ms-EPI images separately from each bin within
the respiratory cycle and then perform NLM-based motion-corrected averaging or DL-based

image post-processing across respiratory phases (as described in Chapter 4).

Another promising line of research is taking advantage of the flexibility of diffusion
gradient waveform designs to develop repeatable and reproducible IVIM estimates by optimally
sampling the b-M1-space. IVIM quantifies parameters related to the microstructure of liver
tissue, including measures of diffusivity (diffusion coefficient (D)) and microcirculation of blood
(perfusion fraction (F) and blood velocity standard deviation (Vb, related to the pseudo-diffusion
parameter D*)). As mentioned in Chapter 1, conventional IVIM-DWI methods suffer from poor
test-retest repeatability and reproducibility across field strengths. Ongoing work by our group
explores mixed waveform protocols that explicitly sample the first motion moment (Mz)
dimension in addition to the b-value dimension for the quantification of IVIM parameters with
freely and optimally sampled b-M:-space (136). By determining an optimal sampling of an echo
time (TE) constrained b-Mzi-space using CRLB optimization and designing b-Mi-optimized
gradient waveforms based on the determined optimal sampling, the method demonstrated
improved stability and repeatability of certain IVIM estimates in the liver in comparison to
estimates obtained using monopolar samplings in healthy volunteers. Further work incorporates
an additional perfusion component in the signal model and takes the advantages of 2D (b-Mz1)
IVIM-DWI acquisitions and ROI-based fitting techniques to achieve repeatable and reproducible
tri-exponential IVIM quantification in the livers of healthy volunteers (137). Importantly, the
combination of 2D (b-M1) IVIM-DWI acquisitions, physical IVIM signal modeling, and ROI-

based fitting techniques has been shown to improve the reproducibility of IVIM quantitative
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parameters across field strengths, gradient performances, and liver lobes(153). Further validation
of these methods in patients and evaluation of the predictive performance of IVIM quantitative

parameters may help develop IVIM quantification as emerging imaging biomarkers in the liver.

Another approach to improving the image quality and reliability of DW-MRI in the
abdomen is to improve fat suppression. As mentioned in Chapter 1, BO inhomogeneities can lead
to failures in chemical shift-based fat suppression. Conventional volumetric shimming often fails
to compensate for these BO inhomogeneities, leading to bright fat signals overlapping the organs
of interest. Our group has proposed a slice-by-slice shimming method based on knowledge of the
water/fat distributions and BO field map derived from a rapid chemical shift-encoded
acquisition(154). This method has demonstrated improved fat suppression in diffusion weighted
imaging (DWI) of the abdomen in a healthy volunteer. Further optimization and validation of the

method in larger healthy volunteer and patient studies remains future work.

In summary, ongoing and future works in combining motion-robust gradient waveforms,
distortion-correction and/or motion-corrected averaging techniques, developing advanced IVIM
signal modeling, repeatability and reproducibility studies of diffusion quantitative parameters,
and improving fat suppression may improve the image quality and reliability of diffusion

quantification in the abdomen.
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