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Abstract

Diffusion-Weighted MRI (DW-MRI) has a unique ability to non-invasively probe tissue
microstructure without the need for ionizing radiation or contrast agent administration. This ability
makes DW-MRI a powerful tool for the detection, staging, and treatment monitoring of cancer.
However, DWI remains limited by multiple imaging challenges, especially in extracranial organs
such as liver and prostate. The major challenges include: 1) relatively long acquisition time in
multi-parametric mapping, 2), T2-shinethrough effect 3) artifacts caused by tissue motion and 4)
image distortions arising from local magnetic field heterogeneities. In this thesis, technical
developments are introduced to address these challenges in prostate and liver DWI. A STimulated-
Echo based mapping (STEM) approach is developed and optimized to achieve simultaneous T1,
T2 and ADC mapping within five minutes. The STE-DW!I sequence is also evaluated in patients
with prostate cancer, in order to achieve high contrast-to-noise ratio (CNR) with moderate b-values.
To address the motion artifacts in liver DWI caused by cardiac motion, a M1-Optimized Diffusion
Imaging (MODI) method is proposed to compensate the motion sensitivity while maintaining the
blood-suppression effect using optimized diffusion encoding gradient waveforms. Additionally,
reduced Field-of-View and multi-shot EPI acquisitions are assessed in prostate DWI to reduce the
geometric distortion artifacts. Finally, a synergistic combination of MODI and multi-shot EPI
acquisitions are proposed for motion-robust, reduced-distortion liver DWI. In this work, the
feasibility, quantitative accuracy and reproducibility of the proposed techniques are evaluated in
simulations, quantitative diffusion phantoms, healthy volunteers and a small number of patients

with known or suspected cancer.
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Chapter

1. Introduction of Diffusion Weighted MRI

1.1 Body Diffusion Weighted MRI

Diffusion, in biological tissue, describes the Brownian motion of water molecules. The
characterization of diffusion has the capability to probe the microstructural changes of tissue, thus
distinguish lesions from normal tissue. Diffusion Weighed MRI has a unique ability to non-
invasively characterize diffusion without the need for ionizing radiation or contrast agent
administration?.

The most widely used Diffusion Weighted Imaging (DWI) technique®® applies a pair of
diffusion encoding gradients that are sensitive to diffusion to attenuate the transverse
magnetization, where the first gradient lobe dephases the spins and the second lobe rephrases them.
In the case of stationary spins, the effect of the two encoding gradients will be cancelled out;
however, with diffusion, spins are experiencing different magnetic fields as they move around
different locations, thus have incomplete rephrasing and generate attenuated signal. With this
mechanism, the diffusion weighted signal can be expressed as

S(b,D) = Sy,e~bP, 1)



where S, is the signal without diffusion, b is the b-value of the sequence and D is the diffusion
coefficient. In reality, the true diffusion coefficient is not able to be measured given the limited
imaging resolution. Thus, apparent diffusion coefficient (ADC) is widely used to represent D and
quantify the overall diffusion coefficient in a given voxel. The b-value is defined by the following

equation:

. 2
b =y? fOTd‘ff (fOtG(t)dt) dt, (2)
where y is the gyromagnetic ratio of proton, Ty;¢f is the time of the end of diffusion encoding

and G(t) is the gradient strength of the diffusion encoding gradient over time. In a typical

Stejskal-Tanner DWI sequence, b-value equation can be simplified as

b=(y-G-6)2(A—g). 3)
In this case, the b-value is determined directly by the strength of diffusion gradients G, diffusion
time A (i.e. the duration between the start of the first diffusion lobe and the start of the second
diffusion lobe), as well as the duration of one diffusion coding lobe §.

In the past decades, DWI has shown promising value in the body as a powerful tool for the
detection, staging, and treatment monitoring of cancer*®. For example, qualitative use of DW-
MRI has been the standard routine for multi-parametric prostate imaging’8. The correlation
between quantitative diffusion (i.e. ADC measurements) and Gleason score in prostate cancer
patients have also been thoroughly investigated®. The application of DW-MRI is less popular and
robust in the liver in clinics but DW-MRI has been shown to be a potential biomarker for liver
metastases. For example, Woo-Suk et al. has demonstrated the high diagnostic accuracy and high

sensitivity of combined DWI and gadoxate disodium (Gd-EOB-DTPA) imaging in patients with



colorectal liver metastases®®. Researchers have also evaluated the accuracy and sensitivity of DW-

MRI and different DW-MRI models in assessing post-therapy response!!*?,

1.2 Challenges of Body Diffusion Weighted MRI

DWI has been shown to be a potential biomarker due to its highly sensitivity to tissue
cellularity, and ability to reveal lesions that are otherwise undetectable. However, despite
continued technical developments over the past three decades, diffusion MRI remains limited in
body applications by the following imaging challenges**3, including 1) relatively long acquisition
time in multi-parametric mapping, 2), T2-shinethrough effect 3) artifacts caused by tissue motion

and 4) image distortions arising from local magnetic field heterogeneities.

1.2.1 Rapid Multi-Parametric Mapping

Quantitative MRI multi-parametric mapping methods have the potential to enable
improved diagnosis and treatment monitoring for multiple conditions, as well as providing
imaging-based biomarkers for drug-development clinical trials. For example, quantitative T1 and
T2 mapping have potential in the diagnosis of brain'* and cardiac’® diseases. Additionally,
quantitative mapping of T1 or T2, together with ADC has applications in the diagnosis and
treatment monitoring of prostate disease!®!” and breast cancer'®. Mapping of relaxation and
diffusion parameters may enable advanced characterization of healthy and diseased tissue, with
emerging clinical and research applications'®?°. Indeed, Importantly, it is essential that such
guantitative MRI methods are reproducible (both longitudinally and across sites) and that they are

clinically feasible (e.g. that they can be acquired within a moderate scan time).



Mapping of relaxation and diffusion parameters is typically performed using multiple
separate acquisitions, including one or several relaxometry pulse sequences®*2% and a separate
DWI sequence?. However, the need for multiple separate acquisitions is often not practical for
clinical applications, due to long acquisition times and the challenges of obtaining co-registered
parametric maps. Therefore, simultaneous mapping of relaxation (e.g., T1 and T2) and diffusion
(e.g., ADC) parameters based on a single acquisition sequence is highly desirable in order to
provide rapid and co-registered quantitative multi-parametric MRI.

Previous studies have explored simultaneous T1, T2 and ADC mapping with methods
including diffusion-weighted Dual-Echo Steady State (DESS)?* and MR Fingerprinting (MRF)%.
However, these previously proposed techniques face substantial limitations. For the DESS method,
the signal from steady-state sequence is complicated to model, especially with diffusion encoding,
which may result in inaccuracy and large variance in diffusion measurements?. Although
preliminary results have shown promise for MRF with simultaneous ADC mapping, probing
diffusion within the MRF framework is challenging and may be subject to multiple confounding
factors?®?’.

Therefore, there is an unmet need for a method that enables rapid and co-registered
simultaneous mapping of T1, T2 and ADC that is able to overcome the limitations of previous
techniques. In this work, we will develop a rapid and co-registered simultaneous T1, T2 and ADC
mapping method by adding T1 and T2 mapping to a diffusion MRI sequence (which by design
addresses the difficulties of diffusion MRI). Specifically, this proposal will use the stimulated-
echo DWI sequence? (Figure 1), which enables the modulation of T1, T2 and diffusion weighting

by varying the mixing time (TM), echo time (TE) and b-values, respectively. The feasibility and



reproducibility of this technique will be evaluated in diffusion phantoms as well as brain imaging

and prostate imaging.

1.2.2 T2-shinethrough Effect in Prostate DWI

Prostate cancer is the second most frequent cancer of men worldwide?®%. Increasingly,
multiparametric MRI is used to diagnosis and stage prostate cancer (PCa)®:33. The
multiparametric MRI sequences described in the PI-RADS 2.1 guidelines®® include T2-weighted
imaging, diffusion-weighted imaging (DWI1), as well as T1-weighted dynamic contrast enhanced
imaging which is also often performed. Correlating T2-weighted images with DWI is essential in
the diagnosis of prostate cancer, particularly in the peripheral zone, due to its sensitivity to tissue
microstructure.

DWI is routinely performed using conventional Spin Echo (SE) DWI sequences as part of
clinical prostate MRI exams. However, no consensus has been reached in terms of the choice of
b-values to balance cancer conspicuity in the peripheral zone (PZ) and image quality®*-¢. High b-
values larger than 1000 s/mm? have been shown to provide improved lesion conspicuity34-36383°,
However, the echo time (TE) of SE DWI is substantially increased when the b-value is increased,
which leads to T2 shine-through effects and reduced Signal-to-Noise Ratio (SNR), as well as other
imaging artifacts*°. In contrast, SE DWI with moderate b-values ranging from 800 s/mm? to 1000
s/mm? provides reduced contrast between PCa and normal tissue, but higher SNR and lower
artifacts. Additionally, moderate b-values enable reliable mapping of apparent diffusion
coefficient (ADC) with improved ADC contrast between PCa and normal tissue®. Due to these

tradeoffs, many clinical sites acquire two DWI series®: one with high b-value (1500 s/mm?) to



optimize the Contrast-to-Noise Ratio (CNR) between PCa and healthy PZ, and one with moderate
b-value (800 s/mm?) to provide reliable ADC maps.

In order to provide high CNR between PCa and normal PZ (as enabled by high b-value
DWI1) while maintaining the image quality of moderate b-values, a number of previous studies
attempted to overcome this tradeoff by using various approaches including: DWI ratio
calculation®, synthetic DWI*', DWI subtraction*? and other post-processing methods. However,
there is an unmet need for methods that overcome this tradeoff directly through the DWI
acquisition.

Stimulated-Echo (STE) DWI has the potential to overcome this tradeoff. Compared to
standard SE DWI acquisitions, STE DWI? is able to achieve the same b-value with shorter TE
than SE DWI by slightly increasing the mixing time (TM) (Figure 1). Consequently, STE DWI
enables reduced T2 shine-through effect, potentially leading to high CNR between PCa and normal
PZ, while maintaining higher SNR and reliable ADC mapping compared to high b-value SE DWI.
For these reasons, STE DWI may be able to overcome the limitations of SE DWI for prostate
imaging, combining the advantages of low b-value and high b-value SE DWI acquisitions.

Therefore, the purpose of this study is to propose and evaluate a STE DWI acquisition

strategy for high-CNR imaging of prostate cancer while also enabling reliable ADC mapping.

1.2.3 Motion Artifacts in Liver DWI

Physiological (e.g. respiratory and cardiac) motion presents a fundamental challenge for
reliable diffusion MRI in various abdominal organs, particularly the liver. The presence of motion
between multiple DW images (e.g. with different b-values, diffusion directions or repetitions) can

lead to mis-registration and is often mitigated by the use of respiratory-gated or breath-held scans.



However, the presence of motion within a single image acquisition, particularly non-rigid tissue

motion during the application of DW gradients, will also introduce motion artifacts to DW images.

In conventional DWI sequences, diffusion encoding is typically performed with a
monopolar gradient waveform? operating at hardware limits, which is designed to be sensitive to
microscopic motion. However, because of the motion sensitivity of diffusion encoding sequences,
it is also sensitive to non-rigid bulk tissue motion. This non-rigid bulk motion will introduce
additional phase dispersion in liver DWI signals, particularly in the left lobe as a result of cardiac
motion***4, This motion-induced phase dispersion results in signal voids in the DW images (Fig.2)
and bias in subsequent guantitative diffusion measurements, including overestimation of ADC.
Importantly, these non-rigid tissue motion related signal voids (e.g. arising from cardiac related
motion in the left lobe of the liver) are often not suitable for mitigation using gating or breath-

holds.

In previous studies, advanced DW gradient waveform design techniques have been
proposed to provide first-moment (M1) and/or second-moment (M2) motion moment-nulled
DWI4546 However, these moment-nulled gradient waveforms also compensate the signal from
moving blood, which is nulled in traditional liver DWI. This lack of blood signal nulling will result
in bright spots from blood vessels and bias in ADC measurements. Consequently, methods to
mitigate motion-induced signal voids while maintaining blood suppression are needed in order to

obtain accurate and reproducible DWI1 of the abdomen.

In summary, development of a motion-robust, blood-suppressed DWI of liver with
optimized diffusion encoding waveforms may enable reliable diagnosis as well as accurate and
reproducible ADC measurements across the entire liver. In this work, we will propose a technique

that formulates the design of diffusion gradient waveforms as an optimization problem (e.g.



minimizing the achievable echo time), subject to a set of constraints (as described in detail in the
Approach). Compared to the previously proposed motion moment-nulled diffusion waveform
designs, where unsuppressed blood signal will confound the assessment and detection of true focal
lesions*’, this proposal will, for the first time, develop and evaluate a M1-Optimized Diffusion
Imaging (MODI) technique for motion-robust and blood-suppressed liver DWI with optimized

diffusion gradient waveforms.

1.2.4 Image Distortions in Body DWI

DWI is typically performed with single-shot echo planar imaging (sSEPI) techniques because
of their reliability and short acquisition time. However, ssEPI often suffers from severe image
distortion due to the presence of susceptibility-related field inhomogeneity. Distortion in
qualitative DW images will result in false diagnosis or inaccurate localization of lesions and will
also introduce bias in quantitative diffusion measurements.

Novel pulse sequences based on reduced field-of-view (rFOV)*0 and multi-shot EPI
(msEP1)°52 acquisitions have been proposed to reduce these image distortions by enabling shorter
EPI readout times. Specifically, rFOV enables a shorter EPI echo-train length by applying a
spatially-selective RF pulse to excite a limited FOV in the phase encoding direction. Alternatively,
msEPI acquires multiple shots (where each shot requires a shorter echo train with reduced readout
time) in the phase-encoding direction to reduce distortion artifacts. Importantly, both rFOV and
msEPI enable DWI imaging with higher resolution and higher overall image quality including
greater resolvable spatial resolution and reduced distortions®*52.

However, the effectiveness of distortion reduction techniques in body DWI, especially

msEPI, has not been fully investigated. In this work, by addressing the remaining challenges



through optimization of the msEPI acquisition and reconstruction, we aim to provide diffusion
MRI of the abdomen and pelvis with unprecedented image quality and quantitative reproducibility.

In this study, we will apply msEPI to abdominal and pelvic DWI, as well as evaluate and
optimize its robustness and reproducibility in the body. This proposal will also evaluate, for the
first time, the accuracy and reproducibility of quantitative diffusion measurements from advanced
low-distortion msEPI acquisition and reconstruction. Furthermore, we will combine motion-robust
diffusion waveform design and msEPI techniques in the abdomen in order to enable motion-robust
diffusion imaging with high spatial resolution and minimized image distortions. By optimizing the
acquisition and reconstruction, we aim to provide diffusion MRI of the abdomen with

unprecedented image quality and quantitative reproducibility.

1.3 Innovation

The primary innovation of this proposal is the development of novel diffusion imaging
techniques that enable simultaneous co-registered T1, T2 and ADC mapping, motion-robust and
blood-suppressed abdominal DWI, low-distortion, high-resolution body DWI, as well as high
CNR Prostate DWI with reliable ADC mapping. The innovations are summarized below:
Simultaneous T1, T2 and ADC mapping Based on Stimulated-echo DWI. This is the first study
to develop rapid and co-registered simultaneous T1, T2 and ADC mapping by adding T1 and T2
mapping to a diffusion MRI sequence (which by design addresses the difficulties of diffusion MRI).
Specifically, this proposal will use the stimulated-echo DWI sequence, which enables the
modulation of T1, T2 and diffusion weighting by varying the mixing time (TM), echo time (TE)

and b-values, respectively.
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High-SNR, High-CNR Imaging of Prostate Cancer with Stimulated-Echo DWI. This work is
the first to propose and evaluate a STE DW1 acquisition strategy for high-CNR imaging of prostate

cancer while also enabling reliable ADC mapping.

Optimized Motion-robust, Blood-suppressed Diffusion Gradient Waveforms. This work will,
for the first time, develop and evaluate a M1-Optimized Diffusion Imaging (MODI) technique for
motion-robust and blood-suppressed liver DWI with optimized diffusion gradient waveforms.

Low-distortion Multi-shot EPI DWI. This work will apply msEPI to abdominal and pelvic DWI,
as well as evaluate and optimize its robustness and reproducibility in the body. This proposal will
also evaluate, for the first time, the accuracy and reproducibility of quantitative diffusion

measurements from advanced low-distortion msEPI acquisition and reconstruction.

Combined Motion-robust, Low-distortion, High-resolution Abdominal DWI. This is the first
application of combined motion-robust diffusion waveform design and msEPI techniques in the
abdomen in order to enable motion-robust diffusion imaging with high spatial resolution and

minimized image distortions.

1.4 Thesis Outline

In this study, we aim to develop and validate novel DWI methods to address these
challenges respectively, i.e. 1) fast simultaneous T1, T2 and ADC mapping acquisition, 2) DWI
with reduced T2-shinethrough effect, and 3) high-resolution, low-distortion, motion-robust, and

blood-suppressed DWI.

In accordance with the aforementioned aims of this work, the thesis is organized as follows:
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Chapter 2: A Stimulated-Echo Based Mapping technigue for simultaneous quantification
of T1, T2 and ADC is developed and optimized. Phantom experiments, healthy volunteer
studies in brain and prostate imaging, as well as a patient study with a suspected prostate
cancer patient cohort, are described to demonstrate the feasibility and reproducibility of the
proposed approach.

Chapter 3: Stimulated-Echo DWI is evaluated to provide high-CNR prostate diffusion
images at moderate b-values. Digital simulation was performed as a proof-of-concept. In-
vivo experiment in patients with suspected prostate cancer are described to assess the SNR,
CNR, as well as lesion detectability of Stimulated-Echo DWI, in comparison to the
conventional Spin-Echo DWI technique.

Chapter 4: A M1-Optimized Diffusion Imaging technique is introduced to achieve both
motion-robustness and blood-suppression effect in liver DW-MRI. Theory and practical
considerations of the diffusion encoding gradient waveform design is explained. Healthy
volunteer experiments are described to evaluate the feasibility, quantitative accuracy and
reproducibility of the proposed method.

Chapter 5: Two distortion-reducing DWI techniques, reduced FOV and multi-shot EPI,
are evaluated and compared in prostate imaging, both qualitatively and quantitatively.
Diffusion phantom experiment, healthy volunteer study and patient study are described do
demonstrate the two hypotheses: 1) both reduced FOV and multi-shot EPI acquisitions are
able to reduce the distortion artifacts, and 2) both sequences are able to maintain clinically
accurate and reproducible quantitative ADC measurements.

Chapter 6: A synergy between motion-robust diffusion encoding gradient waveform

design and distortion-reducing multi-shot EPI techniques is hypothesized and tested in this
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chapter. Anthropomorphic liver phantom validation is performed with highly controlled
experiment setup. Healthy volunteer experiments in liver DW1 are also described to further
demonstrate the synergetic effect and the reproducibility of the combined approach.

Chapter 7: A final summary of this work and discusses on potential future works are

described.
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Chapter

2. Stimulated-Echo based Mapping (STEM) of

T1, T2 and Apparent Diffusion Coefficient!

2.1 Purpose

In this section, we aim to address the challenge discussed in Section 1.2.1. A STimulated-
Echo based Mapping (STEM) method is proposed for rapid and co-registered simultaneous
mapping of T1, T2 and ADC. The feasibility, accuracy, and protocol optimization of STEM are

evaluated in diffusion phantoms, brain tissues and prostate tissues of healthy volunteers.

! This work has been published in: Zhang Y, Wells SA, Hernando D. Stimulated-Echo based
Mapping (STEM) of T1, T2 and Apparent Diffusion Coefficient: Validation and Protocol
Optimization. Magn Reson Med. 2019;81(1):167-181.
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2.2 Theory

2.2.1 STimulated-Echo DWI Acquisition

The proposed STEM acquisition is based on the STE-DWI sequence®, as shown in Figure
1. Compared to a SE-DWI sequence, STE-DWI uses a pair of 90°-pulses instead of a 180°-pulse
to select the stimulated echo pathway, with an adjustable TM in between. In this study, multiple
STE images with various values of TM, TE, and b-values are acquired to obtain different T1, T2

and diffusion contrasts. In this study, TR is fixed for each TM, TE and b-value combination.

2.2.2 Signal Model

In this work, the signal from a STE-DW!| acquisition is modeled as four exponential decays,
including T1 dependence from repetition time (TR), T1-weighting from TM, T2-weighting from

TE and diffusion-weighting from b-value. The acquired STEM signal is modeled as

TR ™ TE
s=af1-e nff> e(77) e (-7) g -banc), @
where
TE
TResr =TR —TM ——. (5)
Multiple images with different TM, TE and b-value combinations are used to fit the signal model.

In the proposed method, T1 relaxation, T2 relaxation and ADC, as well as proton density weighted

maps A, are jointly estimated by voxel-wise non-linear least-squares fitting of Equation 4.
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More sophisticated models including non-Gaussian diffusion®**® and multi-compartment
models3%°%5" may also be feasible from the STEM acquisitions. However, the scope of this study

is restricted to the model in Equation 4 for simplicity.

2.3 Methods

2.3.1 Phantom Validation

A twelve-vial (50mL each) T1/T2/diffusion phantom was constructed by mixing acetone (as
a signal source) with various concentrations of DI water (to modulate the ADC of acetone) and
MnClI; (to modulate both T1 and T2 of acetone)®®. Images were acquired at room temperature on
a 3T scanner (Discovery MR750, GE Healthcare, Waukesha, WI) with a 32-channel Torso coil
(GE Healthcare, Waukesha, WI). The proposed STEM acquisition was obtained with four TM-TE
combinations, each with six b-values. Total acquisition time for STEM images was 8 minutes.
Additionally, reference T1?!, T2 and ADC maps were acquired (see details in Table 1).
Quantitative T1, T2 and ADC maps were calculated from the STEM images following the signal
model described in Equation 4. Measurements were made from each quantitative map using a

1cm? region-of-interest (ROI) within each vial.
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Figure 1. Sequence profile and timing of Stimulated-Echo (STE) DWI. § is the duration of
each diffusion lobe, A is the diffusion time and Tgp; is the time between the start of EPI readout to
TE.
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Brain Imaging

After IRB approval and informed written consent, healthy volunteers (n=8) were scanned
at the 3T scanner with an eight-channel head coil (GE Healthcare, Waukesha, WI) for brain
mapping. The STEM acquisitions and reference T1, T2 and ADC mapping sequences were
performed in each volunteer with interleaved slices were acquired within a TR (detailed imaging
protocol shown in Table 2(a)). A single diffusion direction was used in this early stage study to
save acquisition time. Note that the ADC maps from a single STE-DWI acquisition (TE=40ms,
TM=100ms) instead of Spin-Echo DWI were used as reference to match the diffusion time of the
proposed method under restricted diffusion. Histograms of pixel-wise quantitative measurements
covering the entire slice were plotted in two different slices. In order to measure T1, T2 and ADC,
co-localized ROIs were drawn in the parietal right white matter within the corona radiata (WM,
~1cm?), as well as in the parietal right gray matter (GM, 40mm?) for statistical analysis®®. ROIs
were drawn in the same region for all volunteers, and the averaged measurements as well as

standard deviation across volunteers were calculated.
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Table 1. Phantom Imaging Protocol.

IR FSE FOV = 28cm x 28cm, In-plane resolution = 1.1mm x 1.75 mm
(Reference T1 mapping) Slice thickness = 6mm, Average = 1, Bandwidth = +15.63kHz, TR=6s
(15min24s) T1 =[50, 60, 70, 80, 90, 100, 110, 120, 130, 140, 150, 160, 170, 180] ms
Multi-TE SE FOV = 28cm x 28cm, In-plane resolution = 2.2mm x 2.2 mm
(Reference T2 mapping) Parallel imaging factor = 2, Slice thickness = 6mm,
(18min18s)pp g Bandwidth = +62.5kHz, TR=2s
TE = [20, 40, 60, 80, 100, 140, 160, 180, 200] ms
SE-DWI FOV = 28cm x 28cm, In-plane resolution = 2.2mm x 2.2 mm
(Reference ADC Parallel imaging factor = 2, Slice thickness = 6mm,
mapping) Bandwidth = +62.5kHz, TR=2s,
(Zmﬁﬁoz‘%’s) Diffusion direction = three orthogonal diffusion directions (x,y, and z),
b =[20, 50, 100(2), 300(4), 500(6), 800(6)] s/mm2
TM = 25ms, TE =49.04ms FOV = 28cm x 28cm,
TM = 100ms, TE = In-plane resolution = 2.2mm x 2.2 mm
39.84ms Parallel imaging factor = 2,
SSTE(')\Q Slice thickness = 6mm,
(8min08s) TM = 100ms, TE = 100ms Bandwidth = +62.5kHz, TR=2s
TM = 200ms, TE = Same diffusion directions and b-values as
SE-DWI
36.34ms
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Table 2. In-vivo Imaging Protocol.

(a) Brain Imaging

FOV = 28cm x 28cm, In-plane resolution = 1.1mm x 1.75 mm

(Referenlclz 'll:'ilfnapping) Slice thic_kness =5mm, Average = 1,
(8min4ss) Bandwidth = +15.63kHz, TR=6s
T1 =[50, 200, 350, 425, 500, 750, 900, 1100] ms
Multi-TE SE FOV = 28cm_x 289m, In-plane reso_lutior_l =2.2mmx 2.2 mm
(Reference T2 mapping) Parallel imaging factor = 2, Slice thickness = 5mm,
(10min10s) Bandwidth = +62.5kHz, TR=1.8s
TE = [30, 60, 90, 120, 150] ms
FOV = 28cm x 28cm, Resolution = 2.2mm X 2.2 mm,
STE-DWI Parallel imaging factor = 2, Slice thickness = 5mm,
(Reference ADC mapping) Bandwidth = +62.5kHz, TR=4s, Diffusion direction = R/L,
(1min40s) TM=100ms, TE =40ms,
b==[50, 100, 200(2), 400(4), 600(6), 800(8)] s/mm?
TM = 25ms, TE = 49ms
TM = 100ms, TE = 40ms FOV = 28cm x 28¢m,
TM = 100ms, TE = 50ms | Resolutlon = 2.2mm x 22 m
STEM TM = 100ms, TE = 80ms asr?icg tLTCal?r:ZES :CS(r)nrn: !
(13min20s) TM =500ms, TE = 40ms ’

Bandwidth = +62.5kHz, TR=4s

TM = 500ms, TE = 50ms Diffusion direction = R/L,

TM = 500ms, TE = 80ms Same b-values as STE-DWI

TM =1000ms, TE = 40ms

(b) Prostate Imaging

DESPOT1 with B1 correction
(Reference T1 mapping)

FOV = 28cmx28x14cm, In-plane resolution = 0.8mm x 0.57 mm
Slice thickness = 5mm, Average = 4,
Bandwidth = +62.5kHz, TR=4s

(4min36s) Flip angle = [10°, 5°, 1.8°]
Multi-TE SE FOV = 26cm_x 32pm, In-plane reso_lutior) =2.5mmx 2.5 mm
(Reference T2 mapping) Parallel imaging factor = 2, Slice thickness = 5mm,
(8min08s) Bandwidth = +62.5kHz, TR=1.8s
TE =[20, 60, 80, 120] ms
FOV = 32cm x 32cm, Resolution = 2.5mm x 2.5 mm,
STE-DWI Parallel imaging factor = 2, Slice thickness = 5mm,
(Reference ADC mapping) Bandwidth = +62.5kHz, TR=4s, Diffusion direction = R/L,
(2min52s) TM=100ms, TE =40ms,
b= [50, 100, 200(2), 400(4), 600(6), 800(8)] sS/mm?
TM = 25ms, TE = 49ms
TM =100ms, TE = 40ms FOV = 32cm x 32cm,
TM = 100ms, TE = 50ms Resolution = 2.5mm x 2.5 mm
STEM TM =100ms, TE = 65ms Parallel imaging factor = 2,
(22min56s) TM =500ms, TE = 40ms Slice thickness = 5mm,

TM =500ms, TE = 50ms

TM =500ms, TE = 65ms

TM =1000ms, TE = 40ms

Bandwidth = +62.5kHz, TR=4s
Diffusion direction = R/L
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2.3.2 Prostate Imaging

After IRB approval and informed written consent, healthy volunteers (n=8) were scanned
at the same 3T scanner with a 32-channel torso coil for prostate mapping. No antiperistaltic agents
were used in this study. As shown in Table 2(b), the STEM acquisitions were performed with
eight TE and TM combinations, each with six b-values and a single diffusion direction. Interleaved
slices were acquired within a TR. Due to scan time limitations, DESPOT1% was performed as the
reference T1 map. Also, similar to brain imaging, a single STE-DWI acquisition (TE=40ms,
TM=100ms was used as reference because of restricted diffusion in the prostate. Histograms of
pixel-wise quantitative T1, T2, and ADC measurements within the prostate were evaluated from a
single slice covering the mid-gland of the prostate. Co-localized ROIs were drawn in the peripheral
zone (PZ, 40mm?) and central gland (CG, 40mm?) for further quantitative evaluation of T1, T2,
and ADC. ROIs were drawn in the same region for all volunteers, and the averaged measurements

as well as standard deviation across volunteers were calculated.

2.3.3 Protocol Optimization for Rapid STEM Acquisitions

In the validation experiments described above, relatively dense sampling of the TM-TE-b
space was used to validate the feasibility of STEM. However, this dense sampling results in time-
consuming acquisitions. Ideally, in order to estimate T1, T2 and ADC from the signal model in
Eq.1, it suffices to acquire two different TM, TE and b-values (ie: at least four total images are
needed). The choice of TM, TE and b-values can be formulated as an optimization problem. In

this work, this protocol optimization problem was formulated as a minimax problem of the
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Cramér-Rao Lower Bound (CRLB)-based standard deviation of the resulting T1, T2 and ADC
estimates. The optimization problem was formulated as follows:

2 2 2
. . oT1 aT2 oADC
0 = argmin max{o? = argmin max (—) + (—) + (—)
egeo {0%|(r1 1240000} %e@ {77 T2 pc) l@1r2.4D00€0}

(6)
In this optimization problem, Q is the given T1-T2-ADC space that defines the range of tissue
parameters under consideration, and @ is the constraint space determined by the scanner and pulse
sequence properties. Additionally, 8 is a vector containing the optimized protocol parameters,
which in this work are defined as TEi, TE2, TMi, TM2 and two b-values by and b,. These
acquisition parameters determine the four acquired images with [TE1, TMy, bi1], [TEz2, TMy, b1]
and [TE1, TMy, b1] and [TE1, TMy, b2], respectively. Further, o4, o1, and a4p¢ are the standard
deviation from CRLB analysis of the magnitude signal with a given SNR (Rician noise)®. The
sum of squares of the relative standard deviations is chosen as the cost function to ensure a
balanced consideration of the noise performance of T1, T2 and ADC estimation.
The constraint space @ includes constraints on the sequence timing and the achievable b-values.

First, the two echo times should have a lower bound defined by the RF pulse durations T3, and

T2, and EPI readout train length Tgp:
1 2 2
TE > max {%% + TEP,} . (7

Similarly, the two mixing times should be longer than the second and the third 90° pulse:
T™ > T5,. (8)
Second, the maximum achievable b-value with the given TE and TM should be larger than both

b, and b, as follows:

b < (FGmaxb)* (A-3) ©)
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where y is the gyromagnetic ratio and G,,,, is the maximum gradient strength of the scanner. A is
the diffusion time and & is the duration of diffusion encoding lobe, assuming infinite slew rate to
simplify the description. With minimized TE, A and & can be expressed in terms of the remaining
pulse sequence timing parameters including TE, TM and RF pulse durations:

2
TE-T3,

. TE-T3,-T5
6 = min { > Tgpr, $} (10)
A= 8+ T3, + TM. (11)

In this study, sequence parameter constraints included G,,qx = 50 mT/m, T3, = 12ms
for water selective excitation pulse, T3, = 6.5ms and Tgp; = 10ms. SNR in the simulation,
which was equal to the proton density weighted signal A divided by the standard deviation, was
set as 50. Optimization was run with different T1-T2-ADC space Q for healthy brain and healthy
prostate tissues respectively, where T1 € (700,1350)ms, T2 € (50,150)ms and ADC €
(550,1400) x 10~%mm? /s for brain and T1 € (600,1500)ms, T2 € (50,100)ms and
ADC € (800,1500) x 10-°mm? /s for prostate.

With this optimization scenario, the optimal combinations of TE, TM and b-values will be
obtained. In this study, optimized rapid acquisitions were selected retrospectively by choosing the
optimal combination of TEi, TE2, TMi, TMg, b1, b2 from the densely-sampled acquisitions
described above for brain and prostate. Data from the resulting rapid acquisitions were re-fitted to
the signal model (Equation 4), to obtain T1, T2, and ADC parametric maps. These parametric
maps were compared between the rapid acquisition and the densely-sampled acquisition, in order

to preliminarily evaluate the feasibility of the rapid STEM acquisition.
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2.3.4 Evaluation of B1 Inhomogeneity Effects

T1 mapping methods are often confounded by B1 inhomogeneity effects. To evaluate the
effect of imperfect B1 fields on the quantitative STEM measurements, several STEM acquisitions
with different actual flip angles were obtained by adjusting the scanner transmit gain. With this
setup, the actual STE sequence performed included three a° pulses instead of the idealized three
90° pulses. A NiCl2-doped water phantom was scanned at 3T using an eight-channel head coil
with default transmit gain. To adjust the actual flip angle, two additional acquisitions were
obtained with transmit gains equal to 45% and 135% of the original transmit gain, respectively.
STEM was implemented with TM = [25, 100, 100]ms, TE =[50, 42, 80]ms and b-values(#average)
= [0(2),100(2),200(2),400(4),800(8)]s/mm?. Other parameters included TR=3s, slice thickness =
5mm, FOV = 26cm, in-plane resolution = 2mm x 2mm and diffusion direction = R/L. Bloch-
Siegert B1 maps® were acquired to measure the actual flip angle in different regions within the
acquired slice. Two ROIs (~1cm2) were drawn from each actual flip angle map of the images
acquired with different transmit gains (6 ROIs in total).

The corresponding STEM-based T1, T2 and ADC measurements co-localized with the previously
described ROIs were used to analyze the relationship between the quantitative measurements and
actual flip angle. Linear regression between each quantitative measurement and the actual flip

angles was performed to evaluate the effects of B1 inhomogeneity on STEM measurements.
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2.3.5 Dependence of T1, T2, and ADC Quantification on Acquisition

Parameters

The proposed STEM acquisition, which samples the MR parameter space along multiple
relaxometry and diffusion dimensions, may enable more sophisticated multi-parametric tissue
characterization beyond the simplified signal model described in Equation 4. For instance,
Equation 4 jointly fits all the data without accounting for the potential dependence of T1/T2/ADC
on the acquisition parameters. However, this dependence might occur in tissue, e.g.: due to the
presence of partial volume effects or non-Gaussian diffusion. Therefore, the measured T1 or T2
may vary with increasing b-value, and the measured ADC may vary with increasing TE or TM
(even for a constant set of b-values). To evaluate this dependence in both brain and prostate data,
separate estimation of each quantitative parameter was performed within four groups of acquisition
parameters:

1) Fixed TE = 40ms, for each b-value, calculate T1 maps with TM =[100, 500, 800,
1000]ms (to evaluate the effect of b-value on measured T1);

2) Fixed TM=100ms, for each b-value, calculate T2 maps with TE = [40, 50, 80]ms for
the brain and TE = [40, 50, 65]ms for the prostate (to evaluate the effect of b-value on measured
T2);

3) Fixed TE =40ms, for each TM, calculate ADC maps with all six b-values (to evaluate
the effect of TM on measured ADC);

4) Fixed TM = 100ms, for each TE, calculate ADC maps with all six b-values (to

evaluate the effect of TE on measured ADC).
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ROI measurements from the same regions described above for brain and prostate scans
were performed in the corresponding maps from each group of parameters, and displayed using
box-plots. A Linear Mixed-Effect (LME) fitting model®? was applied to evaluate the association

between measurements and acquisition parameters.

2.3.6 Patient Evaluation

After IRB approval and informed written consent, 16 patients with suspected PCa and/or
Benign Prostatic Hyperplasia (BPH) were recruited to evaluate the T1, T2 and ADC values from
STEM acquisitions. STEM acquisitions were performed with in-plane resolution = 2mmx2mm,
slice thickness = 4.8mm, acquisition bandwidth = +62.5kHz, TR=4s, Diffusion direction = three
orthogonal directions and parallel imaging factor = 2 with partial Fourier acquisition. Based on the
protocol optimization and scanner limitations, rapid STEM acquisition parameters described
above were used in patient scans. ROIs were drawn in the healthy PZ, healthy CG, PCa and BPH
respectively for each patient. Two-sample t-test was applied without assuming equal variance to

evaluate the difference of measurements between lesion and healthy tissue.

2.4 Results

2.4.1 Phantom Validation

Figure 2 shows T1, T2, and ADC mapping results in the phantom. STEM results in

guantitative maps with high image quality and good SNR, although EPI related distortion artifacts
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remain. Further, these results show excellent quantitative agreement between STEM and the
reference T1, T2, and ADC mapping techniques. The R? for T1, T2 and ADC are all nearly 0.999.
The slope for each parameter is 1.01+0.01, 1.034+0.01 and 0.9740.01, respectively. The intercept

for each parameter is 1.944+2.31ms, -2.51+1.5ms and 0.04+0.01x 10~3mm?/s respectively.

2.4.2 Brain and Prostate Imaging in Healthy VVolunteers

Representative quantitative maps for two different slices in the brain of a healthy volunteer,
with histograms from each entire slice are presented in Figure 3. Orange bars in the histograms
are from the reference maps, blue bars are from the STEM maps and red-colored areas are the
overlap between the proposed and reference methods. The high overlap between STEM and
reference measurement histograms illustrates the accuracy of the proposed STEM method.
Nevertheless, the STE-DWI sequence used in STEM has limited spatial resolution compared to
the reference IR-FSE T1 mapping and SE T2 mapping.

Figure 4 shows representative maps and histograms of the prostate. Although high overall
agreement is observed between STEM and the reference mapping methods, some estimation bias
and image artifacts may be present in STEM, especially near the edges of the prostate.

Table 3 summarizes the T1, T2, and ADC measurements in the brain and prostate across
all subjects. Overall, STEM measurements are in excellent agreement with reference

measurements, with similar standard deviation across subjects.
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2.4.3 Protocol Optimization for Rapid STEM Acquisition

In the protocol optimization simulations, the optimized acquisition parameters for rapid
STEM imaging are TE;=39.4ms, TE2=92.2ms, TM1=123.1ms, TM>=1026.2ms and b;=0 s/mm?
and b,=826.5 s/mm? in the brain and TE1=39.6ms, TE,=95.0ms, TM1=124.2ms, TM»=1244.5ms
and b1=0 s/mm? and b,=863.9 s/mm? in the prostate. Among the parameters acquired in the
previously obtained densely-sampled in-vivo datasets, the optimal combinations are TE;=40ms,
TE2=80ms, TM1=100ms, TM>=1000ms and b1=50s/mm? and b;=800s/mm? in the brain and
TE1=40ms, TE,=65ms, TM;=100ms, TM>=1000ms and b;=50s/mm? and b,=800s/mm? in the
prostate. The optimized rapid STEM acquisitions are less than 2 minutes for both brain and prostate
imaging.

Figure 5 shows an example plot of the cost function o2 (ie: the sum-of-squares of relative
standard deviation for T1-T2-ADC estimation, as a function of the acquisition parameters) used
for optimization of rapid acquisition protocols. Figure 6 shows the T1, T2 and ADC maps
estimated from the resulting optimized rapid protocol (Figure 6a: brain, Figure 6b: prostate).
Quantitative maps from the rapid STEM acquisition are noisier than the original densely-sampled
maps; however, the measurements remain accurate. ROl measurements from the rapid STEM

acquisitions in brain and prostate are also summarized in Table 3.
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Figure 2. Comparison of estimated T1, T2 and ADC maps in diffusion phantom. T1, T2 and
ADC maps estimated from STEM are accurate compared to the reference maps. The vials in the
parametric maps have EPI distortion artifacts in the STEM images and the reference spin echo
ADC map because of the EPI acquisitions. ROl measurements for each vial from STEM agree
with the co-localized ROI results from the reference maps. The black lines in the plots to the right
are the identity lines representing equal measurements and references.
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Figure 3. Example estimated T1, T2 and ADC maps in the brain. The distributions of T1, T2
and ADC measurements in the brain from STEM are in good qualitative agreement with the
reference measurements. The histograms to the right show the overall accuracy of each
measurement from the entire slice. Orange bars in the histograms are from the reference maps,
blue bars are measurements from STEM and the red color represents the overlapping area of
reference and STEM-based histograms. The white arrows point to the ROIs in the white matter

and gray matter.
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Figure 4. Example estimated T1, T2, and ADC maps in the prostate.

The distributions of T1, T2 and ADC measurements in the prostate from STEM agree with the
references, though with some bias in the T1 and T2 maps. Artifacts appearing at the edge of the
prostate are mainly from the inter-acquisition motion from series to series. The histograms to the
right show the overall accuracy of each measurement covering only the prostate area. Orange bars
in the histograms are from the reference maps, blue bars are measurements from STEM and the
red color represents the overlapping area of orange and blue bars.
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Figure 5. Example plot of the cost function in rapid STEM optimization.

An example plot of the cost function o2 (ie: the sum-of-squares of relative standard deviation for
T1-T2-ADC estimation, as a function of the acquisition parameters) used for optimization of rapid
acquisition protocols is shown to the left for both healthy brain (a) and prostate (b).
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Figure 6. Example re-estimated in-vivo T1, T2 and ADC maps with rapid STEM acquisitions.
An example of T1, T2 and ADC maps re-estimated retrospectively with the optimized rapid
acquisition protocol (rapid STEM) are shown for healthy brain (a) and healthy prostate (b). The
overall measurements are accurate even though the maps are noisier. The T1 map of healthy
prostate shows some artifacts, likely due to motion without antiperistatic agents.
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Figure 7. Dependence of T1, T2 and ADC Quantification on Acquisition Parameters.

Box-plots from ROIs measurements in the maps of each controlled group are shown for brain and
prostate tissues, respectively. The linear mixed effect analysis results, including the slope and P-
values, are labeled in each Box-plot.
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Figure 8. Patient example of rapid STEM acquisition in a 69-year-old patient.
The patient has a PI-RADS 5 cancer lesion in the right PZ (pointed by the red arrows). The
estimated T1, T2 and ADC maps are shown in the bottom row.
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Figure 9. Patient example of rapid STEM acquisition in a 60-year-old patient with BPH.
The patient has a BPH nodule in the right CG (pointed by the red arrows). The estimated T1, T2
and ADC maps are shown in the bottom row, which match the T1w, T2w and diffusion-weighted
images. The lower T1 in the right PZ is likely due to the post-biopsy hemorrhage.



Table 3. In-vivo ROl Measurements in Healthy Volunteers.
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White matter

Gray matter

Brain
STEM Rapid STEM Reference STEM Rapid STEM Reference
T1 (ms) 780.8 £47.5 805.8+52.1 788.5+49.3 1241.44119.1 1253.3+106.6 1219.9492.3
T2 (ms) 65.61+4.2 67.5+4.9 67.1+4.0 71.41+6.4 77.548.1 76.91+6.2
QGDC 2 690.7 £125.4 708.0+120.9 710.0£126.9 928.6 £ 103.8 918.5+81.2 918.8+86.4
(% 107° mm?/s)
Peripheral zone (PZ) Central gland (CG)
Prostate
STEM Rapid STEM Reference STEM Rapid STEM Reference
T1 (ms) 1344.14+63.5 1420.44217.2 1349.84149.2 1156.7+65.6 1216.6+113.5 1244.5+104.3
T2 (ms) 65.1+6.3 68.1+10.3 70.6 £ 5.5 53.2+6.7 58.1+13.2 57.4+4.6
ADC 1200.7+102.4 1151541414 11409 +1322 103804888 1040241364  1038.1+97.2

(X 1076 mm?s)

2.4.4 Evaluation of B1 Imperfection

The measured flip angles over the six ROIs in the three acquisitions were 49.1°, 62.9°,

100.8°, 132.4°, 138.4° and 157.6°, respectively. Based on linear regression analysis, the

coefficients (slopes) between T1 and flip angle, T2 and flip angle and ADC and flip angle are

—1.23 x 1072 (P=0.210), 3.90 x 10~3(P=0.645) and 1.36 x 10~1(P=0.181), respectively. With

a 95% confidence level, quantitative T1, T2 and ADC measurements from STEM acquisitions are

not affected by imperfect flip angle.
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2.4.5 Dependence of T1, T2 and ADC Quantification on Acquisition

Parameters

Box-plots from ROl measurements in the quantitative measurements for varying
acquisition parameters are shown in Figure 7. The LME analysis results, including the slope and
P-values, are shown in each box-plot. Though the number of volunteers is limited, some
measurements are significantly dependent on acquisition parameters. For example, the measured
T2 values show a significant decrease with increasing b-values for gray matter as well as for the

prostate PZ and CG (P<0.001).

2.4.6 Patient Evaluation

Among 16 patients, seven patients of them have PCa in the peripheral zone (PZ), two of
them have PCa in the central gland (CG) and nine of them have BPH. Example T1, T2 and ADC
maps of two volunteers are shown in Figure 8 and Figure 9. Average and standard deviation of
ROI measurements are shown in Figure 10 to compare the difference in T1, T2 and ADC values
among healthy tissue, cancer and BPH. Both T2 and ADC values are lower in the PZ cancer
compared to healthy PZ (p<0.01). The difference in T1 values between PZ cancer and healthy PZ
is not significant (p=0.22) and varies among volunteers. In central gland, BPH and CG cancer have

lower T2 and ADC measurements compared to healthy tissue.
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Figure 10. Comparison of ROl measurements from STEM in prostate patients. Comparison
of ROI measurements from STEM. (a) to (c) compare the ROl measurements of T1, T2 and ADC
respectively between healthy PZ and PCa. (d) to (f) compare the measurements of T1, T2 and ADC
values of healthy CG, CG cancer and BPH.
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2.5 Discussion

In this study, a Stimulated-Echo based Mapping (STEM) method has been proposed for
simultaneous quantitative T1, T2 and ADC mapping. The overall T1, T2 and ADC measurements
have been shown to be accurate in phantom experiments, brain and prostate imaging. Further,
protocol optimization was performed to achieve accurate STEM quantification within 2 minutes.
The proposed STEM method may enable rapid and co-registered multi-parametric imaging, with
potential clinical applications in the brain, prostate, and breast, among others!+,

In brain mapping, the estimated T1 and T2 with densely-sampled STEM and rapid STEM
acquisitions are in good agreement with measurements from previous studies?>2%%°, The T1
histograms from STEM showed two peaks, representing white matter and gray matter respectively.
This is in good agreement with previous T1 mapping studies performed with moderate spatial
resolution?!. However, the two peaks are not obvious in the reference T1 map. This may be due to
the higher resolution in the reference T1 map, where the different T1 values from CSF and gray
matter result in higher spread of T1. Further, measurements from CSF are not shown in this study
because the measurements from our reference T1 and T2 mapping method failed in some
volunteers likely due to the flow of CSF. However, STEM may suffer the same motion problem
in the CSF. Also, the acquisitions in this study are not optimized for very high T1 and T2
measurements. The ADC values measured in this brain fall into the range of literature?*5%63;
however, with only one diffusion direction measured in this study, ADC measurements in the
white matter (where diffusion is highly anisotropic) are not comparable to the literature.

In healthy prostate mapping, the overall measurements are in generally good agreement
with the literature®* . However, the ADC values are slightly lower compared to previous spin

echo-based ADC measurements in healthy prostate tissues®®>®”. This discrepancy may be due to
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the restricted diffusion in the prostate®®, which makes ADC measurements dependent on specific
acquisition parameters (eg: diffusion time). Also, previous measurements of T1, T2 and ADC have
a broad variation across studies, and prostate ADC has been shown to increase with age®’. In the
prostate cancer case study, we observed a substantial decrease in the T2 and ADC values within
the two lesions relative to healthy peripheral zone tissue, in agreement with the literature?’.

In this study, a simple signal model is used for jointly estimating T1, T2 and ADC values.
However, in the presence of restricted diffusion, ADC will generally depend on the acquisition
parameters, including choice of b-values and diffusion time. Therefore, more sophisticated
diffusion models may be preferable. Also, partial volume effects may arise when multiple tissue
components, epithelial and stromal components in the prostate for example, are contained in a
voxel. These tissue components generally have different T1, T2 and diffusion properties, which
may explain in part the slight underestimation in the in-vivo T2 measurements of both brain and
prostate compared to the reference SE T2 mapping. These confounding factors, which present a
challenge for naive signal modeling approaches, may also present an opportunity for advanced
multi-compartment tissue characterization®% by exploiting the multiple signal dimensions (T1,
T2, diffusion) probed by the STEM approach.

In this work, STEM scan times ranged from 1minl3s with rapid acquisition to 22min56s
with dense sampling of the TM-TE-b space. The acquisition time depends on multiple parameters,
including the number of b-values and diffusion directions, and the choice of TM and TE
combinations. In principle, a minimum of four images with different TM, TE and b-values are
required for STEM. With protocol optimization, the maximum acquired TM and TE should be of
the same order as the tissue T1 and T2, respectively. When T1 is very long (over 1000ms, as is the

case in the prostate), a long TM (eg: 800-1200ms) would be needed to create enough T1 decay.



41

However, this will result in longer acquisitions with substantial ‘dead time’ during the mixing time.
Future work may explore the possibility of increasing the duty cycle by exciting other slices or
bands during the mixing time.

Although the proposed STEM approach is promising for accurate quantitative mapping, the
current method has several limitations. STEM acquisitions are based on an EPI readout; therefore,
they have the same geometric distortions as SE-DWI sequences in areas of B0 field inhomogeneity.
More advanced acquisition techniques like reduced field-of-view (rFOV)*-* and multi-shot EPI
(msEP1)°152 may enable reduced distortion in STEM. Also, due to the stimulated echo acquisition,
the SNR of STE-DW images is only half the SNR of SE-DW images. Similar to other quantitative
techniques, STEM is sensitive to motion during the acquisition. Although each individually
acquired STEM image is highly robust to motion due to the single-shot EPI readout, motion
between images may introduce artifacts in quantitative maps, particularly near tissue interfaces.
For example, in the prostate maps, motion-induced mis-registration introduces inaccuracy in T2
and T1 maps. Particularly when using rapid STEM acquisitions, the estimation will be sensitive to
artifacts and noise in the images. In clinical prostate imaging applications, antiperistaltic agents
may be used to reduce small bowel motility, which may significantly reduce the artifacts in prostate
measurements. For other organs, registration-based approaches may mitigate motion-related
artifacts.

In the in-vivo healthy volunteer mapping experiment, the rapid acquisitions were
performed retrospectively (i.e.: with a long temporal footprint), leading to increased motion
artifacts in prostate mapping. Further, STE-DWI instead of SE-DWI was used as a reference for

ADC in this study because ADC will be different for different diffusion time in the presence of
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non-Gaussian diffusion. Extensions of this work may include more sophisticated models beyond
simple ADC, in order to account for the presence of restricted diffusion.

Finally, the number of patients in this ongoing study is still small. Evaluation on a larger
number of patients is needed to fully characterize the STEM-measured T1, T2 and ADC in PCa

and BPH.

2.6 Conclusion

We have presented a stimulated-echo based approach termed STEM for simultaneous multi-
parametric relaxometry and diffusion mapping. This method provides accurate quantitative maps
of T1, T2, and ADC in phantom, brain, and prostate imaging. Further, the proposed approach may

enable advanced multi-compartment tissue characterization in multiple parametric dimensions.
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Chapter

3. Stimulated-Echo Diffusion Weighted
Imaging with Moderate b-values for the

Detection of Prostate Cancer?

3.1 Purpose

Conventional spin-echo (SE) DWI leads to a fundamental trade-off depending on the b-
value: high b-value provides better lesion Contrast-to-Noise Ratio (CNR) by sacrificing Signal-to-
Noise Ratio (SNR), image quality and quantitative reliability. Compared to standard SE DWI
acquisitions, STE DWI? is able to achieve the same b-value with shorter TE than SE DWI by
slightly increasing the mixing time (TM). Consequently, STE DWI enables reduced T2 shine-
through effect, potentially leading to high CNR between PCa and normal PZ, while maintaining
higher SNR and reliable ADC mapping compared to high b-value SE DWI. For these reasons, STE
DWI may be able to overcome the limitations of SE DWI for prostate imaging, combining the

advantages of low b-value and high b-value SE DWI acquisitions. Thus, the purpose of this study

2 This work has been published in: Zhang Y, Wells SA, Triche BL, Kelcz F, Hernando D.
Stimulated-echo diffusion-weighted imaging with moderate b values for the detection of prostate
cancer. European Radiology. 2020; 1-9
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is to propose and evaluate a STE DWI acquisition strategy for high-CNR imaging of prostate

cancer while also enabling reliable ADC mapping.

3.2 Methods

3.2.1 Simulation

Simulations were performed with a digital prostate image consisting of a normal peripheral
zone (PZ), normal transition zone (TZ), peripheral zone cancer (PZCa) and transition zone cancer
(TZCa). The T2 values’®"* of each component were 134ms for normal PZ tissue, 125ms for normal

TZ tissue, 60ms for PZCa and 71ms for TZCa. The ADC values of each component were 1.6x10

¥ mm?/s for normal PZ tissue, 1.4x10° mm?/s for normal TZ tissue, 0.8x10"® mm?/s for PZCa and
TZCa.

Both diffusion weighted SE and STE images were simulated in Matlab (2016b, MathWorks).
The parameters used to simulate the diffusion acquisition for each b-value were Gmax=50mT/m,
SlewRatemax = 150T/m/s, Too=5ms, T180=5ms and readout-to-echo time=11ms. TM was fixed at
100ms for STE DWI sequence design. Various maximum b-values were simulated with TE
minimized for each b-value. Random Rician noise was added to the simulated images’. The SNR
of the normal PZ tissue and CNR between PZCa and normal PZ tissue were calculated for each

simulated DWI signal.
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3.2.2 Patient Recruitments

In this prospective, cross-sectional, single-site study, patients (N=27, 61+13-year-old) with
suspected PCa were recruited after IRB approval and informed written consent. Further, 24 out of
27 patients had targeted (N=16) and/or systematic (N=19) biopsy either after or two to four weeks
before their multiparametric prostate MRI. Among all patients, 11 patients had biopsy-confirmed
PZCa and 4 patients had biopsy-confirmed TZCa. Details of patient recruitment are shown in

Figure 11.

3.2.3 Image Acquisition

Images were acquired on one of two clinical 3T MR scanners (GE MR750 and GE MR750w, GE
Healthcare). High-resolution T2-weighted images were obtained with FOV = 26cmx26¢cm, in-
plane resolution=1.02mmx0.85mm, slice thickness = 2.4mm, TE=108.6ms and TR=3s. For each
patient, two SE DWI series with b = [100, 800] s/mm? and b = [100,1500] s/mm?, respectively,
were acquired as reference DWI sequences. One STE DWI series was performed with TM = 100
ms and b = [100, 800] s/mm?. All DWI series were acquired with FOV = 12cmx24cm, in-plane
resolution = 2.0mmx2.0mm, 16 slices with slice thickness = 4.8mm, three orthogonal diffusion
directions, parallel imaging acceleration factor = 2, 75% partial Fourier acquisition and bandwidth
=+62.5kHz. Other detailed imaging parameters and acquisition times for both scanners are shown
in Table 4. ADC maps were calculated pixelwise as follows

_In(Sp,)-In(Sp,)

ADC = o

(12)
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[ N=27 patients recruited J

N=13 scanned on MR750w)

/\

_ N=3 had no biopsy
N=24 had b
[ ad biopsy ] without suspected lesions

detected from MRI

N=27 had prostate MRI
(N=14 scanned on MR750;

N=11 with N=4 with N=10 with
biopsy-confirmed biopsy-confirmed biopsy-confirmed benign
PZCa TZCa lesions or normal prostate

Figure 11. Patient Recruitment Design.

Overview of study design of patients with suspected prostate cancer. Among the patients with
biopsy-confirmed PZCa and TZCa, one overlapping patient was diagnosed to have both PZ and
TZ lesions.
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Figure 12. Numerical prostate phantom simulation to compare SE and STE DW!I signal.
Simulated prostate DW images from SE b=800 s/mm2, SE b=1500 s/mm2 and STE b=800s/mm2
are shown in (a). SE b=800 s/mm2 has minimal contrast between the simulated PCa lesions and
normal prostate tissue, whereas both SE b=1500 s/mm2 and STE b=800s/mm2 have substantial
contrast between PCa and normal tissue. The corresponding CNR as a function of b-value is shown
in plot (b) for a PCa lesion in the peripheral zone (i) and transition zone (ii). STE DWI at a
moderate b-value is able to provide similar or higher CNR compared to SE DWI with a high b-
value, especially in the peripheral zone.

Table 4. Acquisition Protocol of Prostate Patients.

. b-values TE TR Acquisition

Scanner Coil Sequence (#Averages) (ms) (s) time
SE DWI 100(6), 800(12) 55.5 ~4-5min

GE 750 32-channel i
Gmax=50mT/m SE DWI 100(6), 1500(15) 64.1 45 ~5-7min

~ torso array .

SRmax=200mT/m/s STE DWI 100(6), 800(15) 34.7 4minl6s
GE 750w s0-charmel SE DWI 100(6), 800(12) 64.3 4~6 ~4-5mﬁn
Gmax=33mT/m SE DWI 100(6), 1500(15) 745 4~6 ~5-7min

cardiac array

SRmax=120mT/m/s STE DWI 100(6), 800(15) 456 4 4minl6s
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3.2.4 Quantitative Assessment
Region-of-interest (ROI) measurements were obtained in normal PZ tissue, normal TZ

tissue and biopsy-confirmed PCa lesions from the ADC maps of the three DWI sequences. For

each acquisition, SNR maps and CNR were calculated as follows:

SNR = = (13)
and
CNR — gPC/(\z_gnormal’ (14)
Onormal

where § is the estimated signal amplitude and & is the estimate of noise standard deviation. The
signal amplitude and noise standard deviation maps were estimated using an iterative Rician
expectation-maximization estimator, with spatially varying noise considered’®. The same co-
localized ROIs were used to measure the SNR and CNR in normal tissue and biopsy-confirmed

PCa lesions.

3.2.5 Qualitative Image Assessment

The three acquired DWI series (SE b=800s/mm?, SE b=1500 s/mm?, STE b=800 s/mm?)
were de-identified and reviewed independently by 3 abdominal radiologists with 18, 9 and 1 years
of experience interpreting prostate MRI (FK, SAW, BT). In addition, the acquired T2-weighted
images (oblique axial and coronal), as well as the ADC map calculated from one of the DWI series
(STE) were provided to the radiologists to provide further aid in the DWI image quality assessment.
The order of the DWI series was randomized for each patient. The radiologists, blinded to clinical

and pathologic data, interpreted the prostate MR examinations using PI-RADS version 2.1 lexicon
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(REF). The locations of PI-RADS 3, 4 and 5 lesions were documented. The DWI series were
evaluated qualitatively and ranked in terms of the following criteria: 1) SNR of the prostate, 2)
CNR between lesion and normal prostate and 3) overall image quality / diagnostic confidence. For
each criterion, the radiologists ranked the three DWI series from best to worst on a 3-point Likert
scale (1-best, 3-worst). Additionally, any inconsistencies regarding lesion detectability among the
three DWI series (i.e., if a lesion can be detected in some series but not in others) were reported

by each of the readers.

3.2.6 Statistical Analysis

The ratio t-test was used for pair-wise comparison of quantitative SNR and CNR
measurements between STE b=800 s/mm? and SE b=800 s/mm? DW images, as well as between
STE b=800 s/mm? and SE b=1500 s/mm? DW images. The two-sample t-test was conducted to
compare ADC measurements between PCa and normal prostate tissue. This test was performed
separately for PZ and TZ, as well as for each of the three sequences. To compare the ADC contrast
(i.e., ADC difference between PCa and adjacent normal tissue) across sequences, a paired t-test
was used between each pair of sequences.

The pair-wise differences of readers’ qualitative preference in terms of SNR, CNR and
overall image quality / diagnostic confidence were analyzed using the Wilcoxon Signed rank test.
The comparison performed was between STE b=800 s/mm? and SE b=800 s/mm? DW images, as
well as between STE b=800 s/mm? and SE b=1500 s/mm? DW images. The preference rankings

of DWI1 sequences for PCa lesions in the PZ and in the TZ were analyzed separately.
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3.3 Results

3.3.1 Simulation

The simulated prostate DW images and CNR between PCa and normal prostate tissue at
different b-values are presented in Figure 12. As shown in Figure 12(a), both SE b=1500 s/mm?
and STE b=800 s/mm? images are able to show the PCa lesion in the PZ (i) and TZ (ii) with high
CNR. However, the simulated PCa lesions are not easily detectable on SE b=800 s/mm? due to T2
shine-through effect. As shown in Figure 12(b), STE DWI at moderate b-values (i.e. from around
800 to 1200 s/mm?) may enable improved CNR compared to SE DWI acquired even at high b-

values.

3.3.2 Quantitative Assessment of Patient Results

The ROI measurements of SNR and CNR for the three DWI1 sequences are shown in Table
5, where the p-values of pair-wise ratio t-test are also presented. Significant improvement
(p<0.0001) of SNR can be found in the quantitative measurements of STE b = 800 s/mm?
compared to SE b = 1500 s/mm? in both PZ and TZ. Improvement of CNR from STE b = 800
s/mm? can also be seen in the PZ compared to both SE b=800 s/mm? (p<0.01). The CNR of STE
b = 800 s/mm? is comparable to the high b-value SE b = 1500 s/mm? images with no significant
differences shown.

Table 6 compares the ADC values between normal tissue in all patients (N=27) and
malignant lesions in the PZ (N=11) and TZ (N=4) for the three DWI sequences, respectively. The

Box and Whisker plots comparing the ADC of PCa (a) and the ADC of normal tissue (b) in patients
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with biopsy-confirmed lesions across the three DWI sequences are also shown in Figure 13.
Significant difference (p<0.0001) between ADC of normal tissue and PCa can be seen in all the
three sequences. However, as shown in Figure 13c, SE b=800 s/mm? and STE b=800 s/mm? have
higher ADC contrast (between PCa and normal tissue) compared to SE b=1500 s/mm? (p<0.05).
Further, no significant difference in ADC measurements was observed between SE b = 800 s/mm?
and STE b = 800 s/mm?, whereas a significant ADC underestimation was observed in SE b = 1500

s/mm? compared to either of the b = 800 s/mm? acquisitions.

Table 5. Quantitative measurements of SNR and CNR in patients.

Metrics SE b=8(?(;l;|/5mm2 p-value
b=800 s/mm? 16.1+4.0 0.80
+
SNR Pz b=1500 s/mm? 13.3+2.9 16.2£34 <0.0001
17 b=800 s/mm? 18.7+3.2 178433 0.22
b=1500 s/mm? 12.8+2.3 T <0.0001
b=800 s/mm? 3.3+1.7 <0.01
ONR Pz PCa b=1500 /mm?  5.4+2.8 >3t21 0.89
b=800 s/mm? 6.7+3.5 0.34
Tz PCa b=1500 s/mm?  6.0+2.5 >2%21 0.54
Table 6. Quantitative measurements of ADC in patients.
PZ TZ
ADC Normal Malignant Normal . .
_3 2 . - . Malignant lesion
(X 107°mm*/s) tissue lesion p-value tissue (N=4) p-value
(N=27) (N=11) (N=27) -
SE b=800 s/mm? 1.62+0.32 0.89+0.20 <0.0001  1.34+0.16 0.75+0.17 <0.0001
SIES/l:r):r%]E;OO 1.31+0.25 0.74+0.19 <0.0001  1.11+0.14 0.68+0.13 <0.0001

STE b=800

s/mm? 1.52+0.26  0.86+0.23 <0.0001  1.30+0.16 0.76x0.07 <0.0001
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Figure 13. Comparison of ADC measurements of PCa and normal tissue in patients. Box and
Whisker plots to compare the ADC of PCa, the ADC of normal tissue and the ADC difference
between PCa and normal prostate tissue in patients with PCa lesions across the three DWI
sequences. Both PCa lesions in PZ and TZ are included in these plots. The p-values from pairwise
t-tests are labeled in the plots. ADC measurements are similar between SE b=800 s/mm? and STE
b=800 s/mm?. However, both ADC (a-b) and ADC difference (c) are lower in SE b=1500 s/mm?.

T2-weighted SE b=800s/mm? SE b=1500s/mm2? STE b=800s/mm?

Transverse
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- \ X ’3"‘\

- - - - \\“
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Figure 14. Representative images from a patient with PCa in Peripheral Zone. Representative
images from a 67-year-old patient with PI-RADS 4 and Gleason score 3+3 cancer in the left PZ
(white arrows). Significant T2-shinethrough effect between normal PZ tissue and PCa can be
observed in the SE b=800s/mm? DW image. Both SE b=1500s/mm? and STE b=800s/mm? DWI
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provide improved contrast, clearly showing the lesion. All ADC maps are able to clearly depict
the lesion.

3.3.3 Qualitative Assessment of DW Images

The results from the qualitative reader study are shown in Table 7. For each ranking metric
(SNR, CNR and overall image quality / diagnostic confidence), the frequency and p-value of when
STE b=800 s/mm? is superior to SE b=800 s/mm? and when STE b=800 s/mm? is superior to SE
b=1500 s/mm? are shown for the three readers, respectively.

The ranking of SNR of STE b=800 s/mm? is higher (p<0.0001) than SE b=1500 s/mm? for
all the three readers. Reader 2 and reader 3 prefer the CNR performance in the PZ of STE b=800
s/mm? over SE b=800 s/mm? with p<0.05; Reader 1 prefers to the CNR of PZ lesions in SE b =
1500 s/mm? over STE b = 800 s/mm? (p<0.01). For TZ lesions, the CNR of STE b=800 s/mm?is
better than SE b=800 s/mm?in all TZ PCa cases, but is inferior to SE b=1500 s/mm?, for the three
readers. For the overall image quality or diagnostic confidence, STE b=800 s/mm? surpasses SE
b=800 s/mm? for reader 2 (p<0.01) and reader 3 (p<0.0001); SE b=1500 s/mm? is significantly
preferred by reader 3 while the other two readers indicate no significant preference between STE
b =800 s/mm? and SE b = 1500 s/mm?.

Table 7 (d) presents results of lesion detectability across all patients with malignant lesions
identified by the readers. Among the three sequences, both SE b=1500 s/mm? and STE b=800
s/mm? enable the detection of all the lesions for all the three readers, which demonstrates the

comparable lesion detectability of the two sequences. However, SE b=800 s/mm? results in more



54

than three missed lesions for each reader, indicating the negative impact of T2-shinethrough effect

on lesion detectability.

3.3.4 Patient Examples

Representative images for three patients are shown in Figure 14-16. Figure 14 presents
the high-resolution T2-weighted images, three DW images and their corresponding ADC maps
from a 67-year-old patient diagnosed with a PI-RADS 4 and Gleason score 3+3 cancer in the left
PZ (arrows). Significant T2-shinethrough effect between normal PZ tissue and PCa can be seen in
the SE b=800s/mm? DW image. Both SE b=1500s/mm? and STE b=800s/mm? DW!I provide
improved contrast, clearly showing the lesion. Figure 15 is a case with two prostate
adenocarcinomas, one in the right PZ (PI-RADS 5, Gleason 4+4, arrowheads) and one in the left
TZ (PI-RADS 4, Gleason 3+3, arrows). T2-shinethrough effect can be particularly seen between
normal TZ tissue and the TZ PCa lesion in the SE b=800s/mm? DW image. In these two patients,
ADC maps from all three acquisitions enable clear depiction of these lesions.

Figure 16 shows results from a 64-year-old patient with PI-RADS 3 and Gleason score 4+3
adenocarcinoma in the TZ. The T2-weighted signal is only slightly hypointense than the
surrounding normal tissue, thus T2-shinethrough effect is minimal. In this case, lesions are visible
in all three DWI series and SE b=1500 s/mm? appears to have the highest contrast because of the

high b-value and low T2-shinethrough effect.
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Table 7. Reader study: qualitative assessment of patients with suspected prostate cancer.

STE b=800 superior to SE b=1500

a) SNR of STE b=800 superior to SE b=800
prostate tissue n (%) p-value n (%) p-value
Reader 1 7 (25.9%) <0.05 25 (92.6%) <0.0001
Reader 2 20 (80.0%) <0.05 25 (92.6%) <0.0001
Reader 3 8 (29.6%) <0.05 27 (100%) <0.0001
PZ PCa TZ PCa
b) CNR of STE b=800 superiorto ~ STE b=800 superiorto  STE b=800 superiorto  STE b=800 superior to
malignant lesions SE b=800 SE b=1500 SE b=800 SE b=1500
n (%) p-value n (%) p-value n (%) p-value n (%) p-value

Reader 1
Reader 2
Reader 3

7(87.5%)  0.070
8(88.9%)  <0.05
9 (100%)  <0.01

0 (0.0%) <0.01
2 (22.2%) 0.31
3 (33.3%) 0.51

3 (100%) N/A
3 (100%) N/A 0 (0.0%) N/A
3 (100%) N/A 0 (0.0%) N/A

0 (0.0%) N/A

c) Overall image
quality/Diagnostic

STE b=800 superior to SE b=800

STE b=800 superior to SE b=1500

confidence n (%) p-value n (%) p-value
Reader 1 18 (66.7%) 0.068 9 (33.3%) 0.17
Reader 2 21 (80.8%) <0.01 12 (46.2%) 1.0
Reader 3 24 (88.9%) <0.0001 8 (29.6%) <0.05
(d) Lesion #Total patients with # Patients with malignant lesions undetectable

detectability malignant lesions — — —

detected SE b=800 SE b=1500 STE b=800

Reader 1 11 3 (27.3%) 0 0
Reader 2 11 6 (54.6%) 0 0
Reader 3 11 7 (63.6%) 0 0
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Figure 15. Representative images from a patient with PCa in Peripheral Zone and Central
Gland. A 69-year-old patient with PI-RADS 5 and Gleason score 4+4 adenocarcinoma in the right
PZ (white arrows), as well as a PI-RADS 4 and Gleason score 3+3 adenocarcinoma in the left TZ
(white arrowheads), was acquired. T2-shinethrough effect is particularly shown between normal
TZ tissue and the TZ PCa lesion in the SE b=800 s/mm? DW image. Both SE b=1500s/mm? and
STE b=800s/mm? DWI provide improved contrast. All ADC maps are able to clearly show the

lesions.
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Figure 16. Representative images from a patient with PCa in Peripheral Zone. A 64-year-old
patient with PI-RADS 3 and Gleason score 4+3 adenocarcinoma in the TZ (arrowheads). The T2-
weighted signal is only slightly hypointense than the surrounding normal tissue, thus T2-
shinethrough effect is minimal. In this case, lesions are visible in all three DWI series and SE
b=1500 s/mm2 appears to have the highest contrast because of the high b-value and low T2-
shinethrough effect.
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3.4 Discussion

In this study, we have assessed the ability of STE DW!I of the prostate to overcome the
inherent tradeoffs with SE DWI, in order to obtain high CNR and reliable ADC maps in a single
acquisition. Based on quantitative evaluation, STE DWI at moderate b-value has significant
advantage in SNR over high b-value SE DWI and comparable CNR performance to high b-value
SE DWI. From qualitative assessment from the reader study, all readers have shown preference to
STE b=800 s/mm? DWI over SE b=1500s/mm? in terms of SNR. Most readers prefer the CNR of
SE b = 1500 s/mm? and the overall diagnostic confidence of SE b = 1500 s/mm? and STE b = 800
s/mm? is shown to be comparable. However, the number of identified lesions from SE b = 1500
s/mm? and STE b = 800 s/mm? indicates that both sequences have clinically reliable lesion
detectability compared to SE b = 800 s/mm?,

In the qualitative assessment, it is noticeable that most readers prefer the CNR performance
of SE b = 1500 s/mm? even though the quantitative measurements of CNR were similar between
SE b = 1500 s/mm? and STE b = 800 s/mm?. This may suggest that the radiologists’ familiarity
with the SE DWI contrast was important in their assessment. The fact that STE b = 800 s/mm? has
less T2-shinethrough effect results in the smooth appearance of its images in normal prostate
tissues, which raised concerns among radiologists. However, based on the lesion detectability, STE
b = 800 s/mm? is promising in terms of achieving high SNR and high CNR performance in a single
acquisition. Further, these results also serve as motivation for further optimization of the STE DWI
acquisitions.

The choice of b-values for prostate DWI has been widely discussed in the literature. A
number of studies have compared the image quality and diagnostic sensitivity/specificity of

moderate b-value (around 1000 s/mm?) DWI and high b-value (=1500 s/mm?) DWIF40.777 The
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use of ultra-high b-value is still controversial due to its trade-off between lesion conspicuity and
image quality. To balance this trade-off, different strategies have been investigated especially in
the peripheral zone to avoid ultra-high b-values. For example, the PI-RADS 2.13! guidelines
proposed the use of a moderate b-value (800-1000 s/mm?) and also a high b-value (>1400 s/mm?)
with calculated ADC maps to facilitate diagnosis. Methods that use synthetic DWI with different
post-processing approaches’®#2 have also been proposed to reduce the T2 shine-through effect of
SE DWI and to obtain DW images with high lesion contrast. However, the effect of synthetic DWI
is still not fully understood®-®? in terms of image quality and accuracy compared to directly
acquired images. Consequently, two different series with different b-values (one moderate b-value
and one high b-value) are often used in the clinic (e.g., at our site). The results of this study suggest
that a single STE DWI acquisition at moderate b-value may provide sufficient image quality and
quantitative reliability within a short scan time. The ADC measurements in this manuscript also
agree with previous studies?’332°8384 \We found that STE DWI with moderate mixing time
(~100s/mm?) can produce reliable ADC maps that are consistent with SE DWI b=800s/mm?
acquisitions. In comparison, ADC maps calculated from high b-value DWI have smaller difference
between normal tissue and PCa likely due to restricted diffusion and noise-floor effects®.
Consequently, STE DWI has the potential to provide both high quality DW images and reliable
ADC maps within a single sequence. Furthermore, STE DWI can be extended to investigate
restricted diffusion by varying the diffusion time without changing b-values®" 8" and perform
multi-parametric mapping (i.e. T1, T2 and quantitative diffusion maps).

This study also has some limitations. First, this is a preliminary study conducted with a
small number of patients. Larger patient studies are needed to further evaluate the clinical

feasibility of STE DWI in the assessment of prostate cancer. In addition, whole mount histology
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is not routinely used at our institution. Therefore, the correlation between biopsy results and MRI
is performed cognitively by radiologists. Further, the reader study was performed with DW images
of the three sequences evaluated simultaneously. Future evaluation will also include independent,
blinded comparison of STE and SE DWI for lesion detection. In addition, to compare between
STE DWI and the clinical SE DWI sequences in a controlled manner, the STE DWI b value was
set at 800 s/mmz2 (the same as the low b value SE DWI acquisition). However, improved CNR
performance for STE DWI may be achievable with slightly higher b values (e.g. 1000 s/mm?).
Further, only a single choice of TM (100 ms) within STE DWI was evaluated due to scan time
limitations. At TM = 100 ms, the TE can be substantially reduced compared to SE DWI and the
T1-decay during the mixing time is negligible. However, further optimization of TM may be
possible. Finally, this study included only scans at 3T using surface coils. Although the
fundamental behavior of STE DWI compared to SE DWI is expected to remain similar, the specific
performance comparison may vary with field strength (e.g. at 1.5T) or choice of coil (e.g.

endorectal coil).

3.5 Conclusion

In conclusion, this work demonstrated that STE DWI has the potential to overcome the
limitations of conventional SE DWI, in order to provide high-SNR, high-CNR imaging of prostate

cancer while also enabling reliable ADC mapping.
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Chapter

4. Motion-Robust and Blood-Suppressed M1-
Optimized Diffusion Imaging (MODI) in the

Livers

4.1 Purpose

As discussed in Section 1.2.3, Liver DWI is challenging because of the relatively short T2
relaxation time of liver tissue, which often results in low SNR at moderate and high b-values, as
well as the motion sensitivity of diffusion encoding sequences. Non-rigid bulk tissue motion (e.g.
non-rigid motion of a voxel imparted by the motion of the heart) introduces extra phase dispersion
in liver DWI signal, particularly in the left lobe***4. This motion-induced phase dispersion results
in signal voids in the DW images and bias in subsequent quantitative diffusion measurements,

including overestimation of ADC values.

% This work has been published in: Zhang Y, Pefia-Nogales O, Holmes JH, Hernando D. Motion-
robust and blood-suppressed M1-optimized diffusion imaging of the liver. Magn Reson Med.
2019;82(1):302-311.


https://onlinelibrary.wiley.com/action/doSearch?ContribAuthorStored=Pe%C3%B1a-Nogales%2C+%C3%93scar
https://onlinelibrary.wiley.com/action/doSearch?ContribAuthorStored=Pe%C3%B1a-Nogales%2C+%C3%93scar
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Recently, advanced DW gradient waveform design techniques have been proposed to
provide first-moment (M1) and/or second-moment (M2) motion-nulled DWI by solving an
optimization algorithm to obtain the shortest achievable echo time (TE) for a given b-value*®.
These techniques enable motion-robust DW images with optimized SNR. However, the motion-
robust gradient waveforms also compensate the signal from moving blood, which is nulled in
traditional liver DWI. This lack of blood signal nulling will result in bright spots from blood
vessels (i.e., “unsuppressed™ blood) even at relatively high b-value DW images. Consequently,
the unsuppressed blood signal will have high ADC estimation and introduce overall bias in ADC
maps. Importantly, unsuppressed blood signal can mimic focal liver lesions and may confound the
assessment and detection of true focal lesions in both DWI and ADC mapping.

Several strategies have been proposed to obtain DW images and ADC maps without
contamination from blood signals. In recent work, Moulin et al.28 acquired liver DWI with various
M1 values, and used a generalization of the intra-voxel incoherent motion (IVVIM) signal model to
include velocity encoding of the blood signal into the parameter estimation process. Unfortunately,
this approach requires lengthy acquisitions and may not directly provide blood-suppressed DW
images. Additionally, Van et al.2° applied partial velocity compensation by combining velocity
compensation in the frequency and slice encoding axes and traditional diffusion encoding in the
phase encoding axis to achieve motion compensation while eliminating the blood signal. However,
this approach did not include optimized diffusion weighting gradient waveforms, resulting in
potentially lengthened TEs, and only applied partial velocity encoding in the A/P direction, which
may not be optimal when images are acquired at different stages of the cardiac cycle (Figure 17).
For these reasons, there is an unmet need for a robust and optimized technique for motion-robust

DWI with reduced residual blood signal.
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Therefore, the purpose of this work is to develop and evaluate a M1-Optimized Diffusion
Imaging (MODI) technique for motion-robust and blood-suppressed liver DWI with optimized

diffusion gradient waveforms.

(a) DWI b=500 s/mm? (b) ADC (x10~3mm?/s)

20ms

200ms

400ms

Figure 17. Directional signal void and ADC bias in liver DW-MRI. Single slice diffusion
weighted images from monopolar gradient acquisitions were obtained with different cardiac
trigger delays within a single breath-hold. Three orthogonal diffusion encoding directions (R/L,
A/P and S/I) were obtained separately. DW images with b=500s/mm? and the corresponding ADC
maps are shown in this figure. Black arrows indicate the location of motion-induced ADC bias (eg:
resulting from cardiac motion). Importantly, the presence of motion-induced signal voids is highly
spatially variable, and depends on the diffusion direction as well as the time within the cardiac
cycle.

4.2 Theory

4.2.1 First-Moment (M1) Motion Sensitivity

The first-moment motion sensitivity of a diffusion encoding waveform, G(t), can be
described as follows:

M1 =y [ G()tdt (15)
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where y = 42.58 MHz/T for *H and Taifr is the diffusion encoding period. Note that M1
and G(t) are generally vectors. However, in this study we formulate the waveform optimization
for a given diffusion direction, and therefore use scalars to describe M1 and G(t), for simplicity of
notation.

For a conventional Spin echo Stejskal-Tanner diffusion sequence with monopolar diffusion
weighting?®, the absolute value of M1 will increase with increased b-value. It is well known that,
at commonly used high b-values (e.g. b = 500 s/mm?), monopolar diffusion weighting results in
high M1 values and is affected by motion-induced signal voids.

In motion-compensated methods*>#6, M1 is usually set to zero to null the phase dispersion
from bulk tissue motion, therefore mitigating bulk motion induced signal loss. However, M1-
nulled acquisitions may also lead to bright signals from blood even at relatively high b-values.
This is highly undesirable for liver DWI, as bright blood signals may confound the interpretation
of DW images and introduce bias in ADC measurements, which will hinder the diagnosis and
characterization of lesions.

However, at moderate b-values (e.g. b = 50-100 s/mm?), monopolar diffusion weighting
results in moderate M1 values ranging from 0.1 to 0.27 s/mm that enable blood suppression® while
avoiding substantial motion-induced signal voids. Based on these observations, in this work we
seek to develop optimized diffusion weighting waveforms that provide a constant, moderate M1
with increasing b-value. The desired value of M1 (on the order of the M1 typically obtained with
monopolar gradients for b-values between 50-100 s/mm?) enables blood suppression but avoids
substantial motion-induced signal voids. The approach for obtaining such optimized diffusion

weighting gradients is described in detail next.
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In the proposed method, we apply a modified version of the optimized diffusion gradient
design (ODGD) motion-compensated formulation proposed in Pena et al.*, but enforcing a small
non-zero M1 value in the optimization formulation, in order to enable blood signal suppression

while maintaining high motion robustness.

4.2.2 Design of the Highest Desired b-value

A desired high b-value by, is achieved by modifying the ODGD formulation to include a
pre-specified, non-zero M1 = as/mm. The cost function and remaining pulse sequence and
hardware constraints are the same as the original ODGD formulation, modified to include a non-
nulled M1 constraint.

In this formulation, TE is minimized for a given b-value, by evaluating different TEs
iteratively. At each iteration, the proposed algorithm maximizes the achievable b-value for the
given TE. The MODI formulation for the highest b-value is the following optimization problem:

G(t) = arggnax b(G) (16)
where
b=y [ (f] G(x)dr)?dt, (17)
with the constraints described below.

1) Moment constraints

To refocus the static spins, MO is designed to be nulled in diffusion encoding waveforms:
MO =y [ G(t)dt. (18)
To reduce the non-rigid bulk motion-induced signal loss but diphase the blood signal, a

moderate M1 value is used in the MODI formulation as follow:
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M1 = yfoniffG(t)tdt = a. (19)
2) Concomitant gradient constraint

The first-order concomitant gradient effect can be nulled by incorporating the following

nonlinear constraint for each diffusion encoding direction*®:

v [T 602t — v fr G(0)2dt = 0 (20)
2
3) Other constraints
Other constraints are used to satisfy the gradient strength, slew rate and timing of a Spin-

Echo DWI sequence.

G(Trpoo) =0 (21)
G(Trr10) = 0 (22)
G(Tgp) =0 (23)
1G(®)| < Grmax (24)
%21 < SRina (25)

where Trpoo IS the duration of 90° excitation pulse, Trr1g0iS the duration of the 180° inversion
pulse and Tgp; is the time between the start of readout to the TE. G4 and SR,,,, are the
maximum gradient strength and maximum slew rate, respectively, along the desired diffusion
direction. When designing for multiple diffusion directions, the most restrictive constraints among
all acquired directions are used to obtain the same TE for all diffusion directions.

Specific values of M1 implemented in this work are described below in Methods. Once the
optimized high b-value waveform, G, (t), has been designed, the remaining lower b-value

waveforms are designed as described next.
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4.2.3 Design of Remaining Lower b-values

In this paper, the waveforms of the remaining lower b-values are constructed to mimic a
derated version of the high b-value waveform, as well as to maintain the M1 and TE of the high
b-value waveform. The procedure for obtaining the optimized waveform for each of the lower b-
values is illustrated in Figure 18. Because of the linearity of M1 as a function of the gradient
waveform (Equation 15), the high b-value waveform G, (t), optimized with the formulation
described above, can be decomposed into two waveforms to facilitate the design of lower b-value
waveforms as follows:

Gn () = Gyan(t) + G (8) (26)
where G, (t) is a M1-nulled component and G, (t) is the monopolar component of the MODI
waveform with M1=as/mm. Both G,,,,,(t) and G, (t)have the same TE as G, (t).

In the last step, a scaled version of the M1-nulled waveform G, (t) (i.€., ¢ - Gy (t))
will be recombined with G, (t) (unaltered) to achieve the desired low b-value b; while
maintaining the M1 value, as follows:

Gi(t) = ¢ Gy1n(t) + Gy (8) (27)
where the scaling parameter c is determined through an iterative search (using a binary search
algorithm) to match the desired lower b-value using the combined waveform.

Note that in this study, Gy (t) is kept constant over multiple b-values to maintain a
constant M1 value. In this way, multiple non-zero b-values b; with the same first moment M1 can
be constructed within certain b-value limits determined by the b-value of the monopolar

component and the constraints on slew rate and gradient strength. The proposed waveforms can
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also be designed in arbitrary directions with proper weighting of the three orthogonal diffusion

directions considering the directionally dependent maximum slew rate SR,,,, and maximum
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Figure 18. Procedure of MODI waveform design. The design includes two steps: design of the
highest b-value and design of the remaining lower b-values. Note that G,,,,(t) is different from
Gn(t) because of the fully nulled M1 in Gyq,(t), even though the difference is visually
subtle. G4 (t) is the monopolar component of G, (t), which is kept constant for the design of the
remaining lower b-values.
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Figure 19. Diffusion encoding waveforms applied in the in-vivo experiments. Solid lines
represent the waveforms for b, = 500s/mm?; dashed lines represent the waveforms for by =
100s/mm?. The achievable TE for each waveform is labeled on each plot.
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gradient strength G,,,, -When multiple diffusion directions are acquired, the most restrictive
constraints across all desired directions will be used in the gradient waveform design, to maintain

the same TE for each diffusion direction.

4.3 Methods

4.3.1 Diffusion Encoding Waveform Design

In this study, the specific constraints used in the ODGD optimization formulation are Tgp;
=10.5ms, Tgrpgg =5.5MS, Trri1g0 =6 MS, Grgry =50 MT/m and SR,,,, = 150 T/m/s. A sequential
quadratic programming (SQP) algorithm was used to solve the optimization formulation subject
to upper and lower bounds, linear equality constraints, linear inequality constraints and a quadratic
equality constraint, with detailed constraints shown in the Section 4.2.2. The optimization was run
with a time step of 500us in Matlab2015a (3.5GHz Intel Core i5).

As shown in Figure 19, four optimized waveforms were constructed and compared to the
conventional monopolar diffusion encoding waveform. The four waveforms included ODGD
waveforms with M1-nulled and M1-M2-nulled, as well as two MODI waveforms. MODI
waveforms were constructed with M1 = 0.1 s/mm and M1 = 0.2 s/mm, corresponding to the M1
value of the conventional Stejskal-Tanner monopolar diffusion gradients with b-values between b
=50 s/mm? and b = 100 s/mm?, respectively. All the constructed waveforms were optimized with
concomitant gradient nulling to avoid ADC bias*.

The solid lines in Figure 19 represent the diffusion encoding waveforms for b = 500 s/mm?

and the dashed lines represent waveforms for b = 100 s/mm?2. The design of b, = 500 s/mm? and
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b, = 100 s/mm? for the MODI waveforms was performed following the description in the Section

4.2.3.

4.3.2 Image Acquisitions

All acquisitions in this study were performed in a HIPAA compliant manner after IRB
approval and informed written consent.

Eight healthy volunteers were recruited for the in-vivo evaluation of MODI waveforms.
Diffusion weighted images were acquired on a 3T scanner (GE MR750 Waukesha, WI) with a 32-
channel torso coil (Neocoil, Pewaukee, WI). All five waveforms shown in Figure 19 were
acquired with b (average)=[100(4), 500(8)]s/mm?, where b=100s/mm? is applied to avoid IVIM
effects®. For each acquisition, respiratory triggering was applied with effective TR of
approximately 10 seconds. The acquisition time for each waveform was between eight to ten
minutes, depending on the respiratory rate of specific volunteers. Multiple slices were acquired to
cover the entire liver. Acquisitions were performed with interleaved slices within one effective TR;
different repetitions of a single b-value, different diffusion directions as well as different b-values
were obtained in different TRs. Other acquisition parameters include: FOV = 32cmx32cm, in-
plane resolution = 2.5mmx2.5mm, slice thickness = 6mm, bandwidth = +250kHz, parallel
imaging acceleration factor R=2, 75% partial Fourier acquisition and diffusion encoding direction
= three orthogonal directions.

Stimulated Echo Acquisition Mode (STEAM) multi-TE single-voxel spectroscopy®® was
applied to the right lobe of the liver of each volunteer within a breath-hold, to record the T2 values

of the liver.
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Five patients with suspected hepatic lesions were scanned with the same setup as the
healthy volunteer study. DW images using conventional monopolar diffusion waveform, ODGD
waveform with M1-nulling, and MODI waveform with M1 = 0.2 s/mm were acquired under

respiratory triggering, with the same parameters as in the healthy volunteer.

4.3.3 Image Analysis

In the healthy volunteer experiment, averaged ADC maps of three diffusion directions were
calculated for each diffusion encoding waveform. Co-localized regions of interest (ROIs) were
drawn in each of the nine Couinaud liver segments for each diffusion waveform acquisition. ROIs
were drawn in the same regions for all volunteers, and the averaged ADC measurements as well
as the standard deviation across volunteers were calculated.

To evaluate the possible association of ADC measurements with liver segment (as would
be expected in the presence of spatially-varying motion-induced artifacts) for each diffusion
encoding waveform, a linear mixed-effect (LME) fitting model was applied with both liver
segments and volunteers as random effects. The standard deviation of ADC measurements across
liver segments and its corresponding confidence interval were calculated to evaluate the
consistency over segments.

Bland-Altman analysis was also performed to study the possible bias in ADC obtained in
the right (segments 5, 6, 7 and 8) and left (segments 1, 2, 3, 4a and 4b) liver lobes from each
diffusion waveform. The ADC measurements from monopolar waveforms are accurate in the right
lobe because the right lobe suffers less from cardiac-related motion; therefore, monopolar
waveform in the right lobe is used as our reference in this study. Two different measures of

agreement of each waveform in the right and left lobe with the reference were performed: (i) the
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averaged bias across all subjects (p<0.05 was considered significant); (ii) the 95% limits of
agreement (LOA) between individual measurements were also calculated. For each acquisition,
the ADC measurements of right lobe and left lobe were calculated by averaging the measurements
from the corresponding liver segments.

In the patient experiment, averaged ADC maps from the three diffusion directions were
calculated for each diffusion encoding waveform. Images were analyzed for motion-related
artifacts and residual blood signal. ADC measurements were performed in the observed lesions,

as well as in healthy tissues in the right and left liver lobe.
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Figure 20. Example liver DW images and ADC maps from one healthy volunteer. ADC bias
can be found in the left liver lobe (black arrows) from the monopolar waveform acquisition, which
is mitigated by the other waveforms. In the ADC maps from ODGD M1-nulled and ODGD M1-
M2-nulled, even though there is reduced ADC bias, there is substantial unsuppressed signal from
blood vessels. In contrast, MODI-based liver DWI demonstrates high robustness to motion as well

as substantial blood signal suppression (purple arrows).
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Figure 21. Plot of ADC measurements over the nine liver segments in healthy volunteers.
Each bar shows the average ADC across all volunteers for the corresponding liver segment, and
each error bar shows the standard deviation of ADC across all volunteers. Using the monopolar
ADC measurements in the right liver lobe (including segments 5, 6, 7 and 8) as the reference,
substantial ADC bias can be observed in monopolar ADC measurements in segments 1, 2, 3 and
4a. Motion moment-nulled (ODGD M1-nulled and M1-M2-nulled) acquisitions result in ADC
bias throughout the entire liver compared to the conventional monopolar ADC measurements in
the right lobe, likely due to the unsuppressed blood signals. In contrast, MODI waveforms are able
to provide lower bias and more consistent ADC measurements throughout all segments, which is
also shown quantitatively in Table 9.
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Figure 22. Representative DW images and ADC maps from two patients. (a) a patient with
one cyst in the left lobe (LL) and one cyst in the right lobe (RL) and (b) a patient with one cyst in
the LL. The yellow and purple arrows point to the lesions for each patient in the DW images and
ADC maps, respectively. The proposed MODI acquisition provides high motion robustness
(avoiding the large bias present in the left lobe with monopolar acquisitions), as well as substantial
blood signal suppression (avoiding the bright blood signals that are present in previously proposed
motion moment-nulled acquisitions). This suggests the proposed MODI may enable improved
visualization and quantitative assessment of lesions throughout the entire liver.
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4.4 Results

The MODI waveform with a pre-specified M1=a were optimized within 135 seconds. The
healthy volunteers had an average T2 relaxation time of 26.3 + 4.0ms. Example DW images (b =
100 s/mm? and b = 500 s/mm?) as well as ADC maps from one healthy volunteer are shown in
Figure 20. Figure 21 presents the ROl measurements of ADC in different liver segments.

Results of the LME analysis are shown in Table 8. The standard deviation of ADC across
different liver segments for each diffusion waveform and its 95% confidence interval are listed.
The variability, shown as the standard deviation, of the ADC measurements from the monopolar
waveform across liver segments is much larger than the other waveforms. ADC measurements
from the ODGD M1-M2-nulled waveform show negligible variation among liver segments. MODI
waveforms have similar standard deviation compared to ODGD M1-nulled, which are all about
ten times smaller than the monopolar waveform.

The Bland-Altman analysis of the ADC measurements from the two ODGD waveforms
and the two MODI waveforms compared to the reference ADC of the right lobe from the
monopolar waveform is presented in Table 9 and Figure 23. The ADC measurements from ODGD
waveforms (M1-nulled and M1-M2-nulled) have significant bias compared to the reference ADC
measured in the right lobe from the monopolar waveform. In comparison, no significant difference
has been observed for measurements from the MODI waveforms arising from either the right or
the left lobe of the liver.

The acquisitions were successful in all patient volunteers. The acquired images were
evaluated by a radiologist who is experienced in abdominal MRI. In this manuscript, two
representative patient imaging examples are shown in Figure 22. Figure 22 (a) shows two cysts

within the liver, one in the left lobe and one in the right lobe. The two lesions can be observed
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from the DW images of all three waveforms; but only the ADC maps of ODGD M1-nulled and
MODI M1=0.2s/mm can show the lesions clearly. Compared to the MODI waveform, the
detection of lesion of ODGD M1-nulled can be confounded by the bright signal from blood vessels.
Another representative example from a different patient is shown in Figure 22 (b), in which case
a cyst is present in the left lobe. In both cases, quantitative characterization of lesions based on
ADC is affected by the large bias present in left lobe measurements from monopolar acquisitions
due to cardiac-induced bulk motion. Similarly, the presence of artifactually high ADC may
confound the detection and quantification of lesions in M1-nulled and M1-M2-nulled acquisitions.
In contrast, MODI enables visualization of lesions with substantial suppression of blood signals
and robustness to motion throughout both liver lobes in both patient volunteers. Similar results

were consistently observed in all patient volunteers in this preliminary study.
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Table 8. Random effects analysis of ADC measurements (x10-° mm?/s) over different liver

segments.

Waveform

Monopolar

ODGD M1-nulled
ODGD M1-M2-nulled
MODI M1 = 0.1 s/mm
MODI M1 = 0.2 s/mm

Standard deviation

0.45
0.06
3.1x107%
0.07
0.06

Confidence
interval (95%)

[0.28, 0.74]
[0.02, 0.16]
N/Ax*

[0.03, 0.16]
[0.03, 0.13]

*N/A: confidence interval could not be calculated because of near-zero standard

deviation.

Table 9. Bland-Altman analysis of ADC measurements (x10- mm?/s), compared to the ADC
in the right lobe of monopolar waveform.

Waveform

Monopolar
ODGD M1-nulled

ODGD M1-M2-nulled

MODI M1 = 0.1 s/mm

MODI M1 = 0.2 s/mm

Liver area
Left lobe
Left lobe
Right lobe
Left lobe
Right lobe
Left lobe
Right lobe
Left lobe
Right lobe

Bias
0.72
0.51
0.39
0.44
0.37
0.09
—0.04
0.10
0.00

p-value LOA (95%)
<.01 [0.43, 1.00]
<.01 [0.21, 0.81]
<.01 [0.00, 0.79]
<.01 [0.13,0.75]
<.01 [-0.12,0.86]
.23 [-0.29, 0.47]
47 [-0.30, 0.23]
.09 [-0.17,0.36]
.84 [-0.2,0.22]
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Figure 23. Bland-Altman plots in healthy volunteers. In these plots, individual ADC
measurements for each healthy subject and liver lobe are compared to the monopolar ADC
measurement in the right lobe (which is largely free from cardiac motion induced bias). Plots with
blue markers in the first column show measurements in the right lobe; plots with red markers in
the second columns show measurements in the left lobe. Monopolar acquisitions (row 1) lead to
bias in the left lobe, whereas moment-nulled acquisitions (rows 2-3) lead to ADC bias in both right
and left lobes due to the unsuppressed blood signal. In contrast, MODI acquisitions (rows 4-5)
lead to low bias in both right and left liver lobes.

— ]
th () th w

—

ADC (X10- mm?/s)

o
Ln

ey i ™ 1T
ol 0 Tt e

Monopolar ODGD Ml-nulled ODGD M1-M2-nulled MODI M1=0.1s/mm MODI M1=0.2s/mm
m Right Lobe R/ mRight Lobe A/P mRight Lobe S/ mLeft Lobe R/L Left Lobe A/P = Left Lobe S/I

Figure 24. Directional ADC measurements in healthy volunteers. ROl measurements of ADC
values in the right and left liver lobes, from acquisitions with various diffusion waveforms applied
along different diffusion directions (S/I, R/L, and A/P). Averaged ADC measurements and their
standard deviation across the eight volunteers are shown in this bar plots. Acquisitions with
monopolar diffusion gradients lead to substantial bias between left and right lobe and variability
in the left liver lobe for each of the three diffusion directions, demonstrating that none of these
directions is free from the presence of motion-related signal voids. The proposed method is able
to produce qualitatively more consistent ADC measurements in the left liver lobe for any diffusion
direction compared to the monopolar waveform.
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4.5 Discussion

In this study, a M1-Optimized Diffusion Imaging (MODI) method was proposed to acquire
motion-robust, blood-suppressed liver DWI with optimized diffusion encoding waveforms.
Healthy volunteer experiments and a feasibility evaluation in patients have been performed to
investigate the bias of the proposed MODI method.

Compared to the conventional monopolar DWI, MODI is able to provide ADC
measurements with reduced bias, particularly in the left lobe of the liver. In contrast to the moment-
nulling waveforms*#¢, MODI can dephase most of the blood signal throughout the liver and
generate more reliable ADC maps. Overall, the proposed MODI method is promising for obtaining
reliable DW images and quantitative ADC measurements over the entire liver.

Another advantage of MODI is its ability to be applied in arbitrary diffusion directions,
whereas a recently proposed partial velocity encoding method® is only performed in A/P direction.
Importantly, even though some studies have concluded that cardiac motion-induced signal voids
are minimized by applying DW gradients in the A/P direction®*, our preliminary results suggest
that substantial motion-induced signal voids are present even with diffusion encoding along the
A/P direction. Further, these signal voids appear highly dependent on the stage of the cardiac cycle,
which is difficult to control in practice due to scan time constraints. Figure 24 shows an example
of ADC bias induced by cardiac motion in three orthogonal diffusion directions for each waveform,
which demonstrates the effectiveness of MODI waveform in different diffusion directions.
Because of this ability of MODI, other commonly used diffusion directions like tetrahedral

gradients®? can also be applied in the future.
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ADC measurements of the liver from the literature have a large variation across studies,
because of the different choices of b-values, diffusion times and ROI selection®-%. In our healthy
volunteer experiments, the averaged ADC measurements in the right lobe of the monopolar
waveform are similar to the results from previous literature when performed with a similar b-value
choice®. Our measurements also agree with previous measurements of true diffusion coefficient
from the IVIM model®®. Our measured ADC values from motion moment-nulled ODGD
waveforms showed similar values compared to previous motion moment-nulled liver DW[454692,

The proposed method for optimizing diffusion encoding waveforms is promising for the
reliable clinical application of liver DWI. However, the current implementation still has some
limitations. The moderate M1 values implemented in this study were 0.1 s/mm and 0.2 s/mm,
which correspond to the approximate M1 value of a typical monopolar acquisition with b-values
between 50 s/mm? and 100 s/mm?. Although this work has demonstrated the potential of the
proposed moderate M1 approach, the specific choice of M1 value should be optimized in future
work. In MODI, the M2 value is not explicitly controlled. The necessity of M2-nulling for liver
diffusion imaging is still unknown due to the important trade-off caused by substantially longer
TE, which is problematic given the relatively short T2 of liver tissue. However, because the general
shape of the optimized M1-optimized waveforms inherently includes partial M2 rephasing, the
M2 value of the MODI waveform is already about 50% lower than the monopolar waveform at
b=500s/mm?. MODI also needs to be evaluated in a large number of patients to investigate its
performance for lesion detection and characterization throughout the entire liver, compared to
alternative waveforms.

In this study, the waveform for the highest b-value is designed via an optimization problem

constrained by the desired M1. Even though the global optimum is not guaranteed because of the
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non-convex formulation , the TE optimized under the current implementation has been proved to
be shorter than existing methods*®. Subsequently, the highest b-value waveform is decomposed
into an M1-nulled and a monopolar component (with the desired M1). Next, waveforms for lower
b-values are designed by combining a scaled version of the M1-nulled component and the
(unaltered) monopolar component, in order to maintain a constant M1 value and TE throughout
all b-values. The advantage of this strategy is the ability to mimic a derated version of the high b-
value waveform, analogously to conventional multi-b-value acquisitions with other waveforms.
Also, instead of using multiple optimization steps to obtain optimized waveforms for each b-value,
this decomposition strategy is computationally faster. However, the limitation of this approach is
that the achievable b-value of the lower b-value waveforms will have upper and lower limits due
to the maximum gradient strength and the b-value of monopolar component.

In addition, liver DW images (including MODI) sometimes contain residual artifacts from
the failure of fat suppression in the presence of BO field inhomogeneity. More robust fat
suppression methods like STIR®® are fully compatible with the proposed method. Also, the TE of
MODI DW images is longer than the conventional monopolar sequence (although MODI provides
shorter TE than the M1-nulled ODGD sequence). This longer TE leads to an SNR loss, particularly
in patients with short T2 relaxation times in the liver, as occurs in the presence of iron overload.
Nevertheless, the improved reliability of liver DW images and ADC maps obtained with MODI
likely present a worthwhile trade-off in a variety clinical and research applications, particularly

those performed in modern MR scanners with high-SNR and powerful gradient systems.
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4.6 Conclusion

In conclusion, this study has developed and demonstrated the feasibility of a M1-Optimized
Diffusion Imaging (MODI) method for the acquisition of motion-robust, blood-suppressed liver
DWI. This novel method for diffusion gradient waveform design enables DWI of the liver with
high robustness to motion and suppression of blood signals, overcoming the limitations of

conventional monopolar waveforms and moment-nulled waveforms, respectively.
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Chapter

5. Quantitative Diffusion MRI using Reduced
Field-of-View  (rFOV) and Multi-Shot

Acquisition Techniques*

5.1 Introduction

Prostate DWI is typically performed with single-shot echo planar imaging (SSEPI)
techniques, due to their reliability and robustness to motion. Importantly, ssEPI based DWI has
been demonstrated to show significant contrast between malignant and benign peripheral zone
tissues®®1%, However, ssEPI of the prostate often suffers from severe image distortion due to the
presence of susceptibility-related field inhomogeneity®. The prostate is located directly under the

bladder and in front of the rectum. This complicated anatomic environment including abrupt

4 Part of this work has been published in: Zhang Y, Holmes J, Rabanillo I, Guidon A, Wells SA,
Hernando D. Quantitative Diffsion MRI using Reduced Field-of-View and Mlti-Shot Acquisition
Techniques. J Magn Reson Imaging. 2019. doi:10.1002/jmri.26849.
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susceptibility differences between prostate tissue and the air in the rectum will result in severe
field inhomogeneity. This field inhomogeneity introduces significant distortion in sSEPI images,
which are obtained over a long readout time. This distortion in sSEPI-DWI results in reduced image
quality and poor co-localization with other imaging sequences, and may complicate the accurate
measurement of quantitative diffusion parameters within and around the prostate.

Novel pulse sequences based on reduced field-of-view (rFOV)**°° and multi-shot EPI
(msEP1)°152 acquisitions have been proposed to reduce these image distortions by enabling shorter
readout times. Specifically, rFOV enables a shorter EPI echo-train length by applying a spatially-
selective RF pulse to excite a limited FOV in the phase encoding direction. Alternatively, msEPI
acquires multiple shots (where each shot requires a shorter echo train with reduced readout time)
in the phase-encoding direction to reduce distortion artifacts. Importantly, both rFOV and msEPI
enable DWI imaging with higher resolution and higher overall image quality including greater
resolvable spatial resolution and reduced distortions®®®!. In recent studies, both rFOV and msEPI
have been shown to provide improved diffusion-weighted image quality for prostate cancer
detection compared to conventional ssEPI10%106,

Quantitative diffusion measurements (such as ADC) have tremendous potential to enable
improved detection and staging of prostate cancer and assessment of response to treatment®%107-
109 Based on these quantitative measurements, thresholds have been obtained that enable staging
of lesions!'® as well as early assessment of response to treatment!'*'2 of prostate cancer and its
metastases. However, the quantitative reproducibility of rFOV and msEPI relative to sSSEPI has not
been demonstrated. Consequently, establishing this reproducibility is essential to determine
whether previously derived thresholds (obtained from ssEPI studies) can be used with rFOV or

msEPI, as well as to ensure data harmonization in multi-site clinical trials (where different sites
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may use different diffusion pulse sequences). Although preliminary studies suggest that rFOV and
msEPI are able to produce accurate ADC measurements in quantitative diffusion phantoms'*3, the
reproducibility of quantitative diffusion measurements obtained from these novel diffusion MRI
sequences has not been demonstrated.

Furthermore, in-vivo tissue often has restricted diffusion, which induces bias in ADC
measurements with different b-value combinations!'41*®, Diffusion kurtosis model has been
introduced to measure restricted diffusion® independently from b-value choices. Previous studies
have examined kurtosis imaging in the prostate!®>19%115 But similarly, the reproducibility of
quantitative diffusion measurements with different b-value combinations and with kurtosis model
also need to be evaluated with novel imaging acquisition strategies like rFOV and msEPI.

Therefore, the overall purpose of this study was to evaluate the reproducibility of
quantitative diffusion measurements obtained with rFOV and msEPI acquisitions, using ssEPI as
a reference. Additionally, the reproducibility across the choice of b-value combination and other
acquisition parameters were also evaluated. This paper is aimed to constitute an early-stage

technical validation towards further clinical evaluation.

5.2 Methods

To investigate the reproducibility of quantitative diffusion measurements from rFOV and
msEPI acquisitions relative to ssEPI, diffusion phantom experiments, prostate imaging in healthy
volunteers and prostate imaging in clinical patients were conducted. In addition, different
acquisition parameters and quantitative diffusion models were used for further evaluation of
reproducibility across these confounding factors. Experimental details are described in the

following sections.
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5.2.1 Diffusion Phantom Experiments

A National Institute of Standards and Technology (NIST) and RSNA-QIBA diffusion
phantom*!®, containing multiple vials with different ADC, was used to evaluate three different
diffusion sequences across acquisition parameters. The diffusion phantom was scanned using a 3T
60cm bore scanner (MR 750, GE Healthcare, Waukesha, WI). To reduce thermal changes in ADC,
the temperature of the phantom was controlled at 0°C using an ice-water bath. The phantom was
placed into an eight-channel head coil, with the vials aligned parallel to the magnetic field. Axial
sSEPI DW images were acquired with parallel imaging factor = 2 as the reference. rFOV and four-
shot msEPI sequences were acquired several times with different imaging parameters. Resolution
for different sequence was slightly different based on their image quality. Detailed imaging
parameters are provided in Table 10.

The acquired diffusion-weighted images were reconstructed for each acquisition (note that
multi-shot acquisitions in msEPI were reconstructed using a generalized parallel imaging
reconstruction method®). ADC maps were then calculated for each acquisition, by fitting a mono-
exponential diffusion model to the voxel-wise signal using non-linear least-squares fitting. For
each protocol, averaged ADC measurements were performed within an approximately l1cm?
region-of-interest (ROI) within each vial. ANCOVA analysis was conducted across different

diffusion imaging sequences, using the different phantom vials as the covariate.

5.2.2 Healthy Volunteer Study in the Prostate

Ten healthy volunteers (29+7 years of age) were scanned with a 32-channel receive only

Torso coil (GE healthcare, Waukesha, WI) on a 60cm bore 3T scanner (GE healthcare, Waukesha,
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WI) to evaluate the image quality, quantitative diffusion reproducibility among the three sequences.
The three diffusion imaging sequences were performed as described in Table 11. All three
diffusion directions are acquired for each sequence. Specifically, ssEPI was conducted with a
parallel imaging acceleration factor of two; while msEPI images were acquired with four shots
and reconstructed with a generalized parallel imaging technique®. Reduction factor of rFOV in
the phase encoding direction (R/L) was 40%. Due to the longer acquisition time of multiple shots,
msEPI acquisitions were performed with higher spatial resolution than ssEPI and rFOV to achieve
similar SNR.

To further evaluate the quantitative measurements across different b-value combinations
under restricted diffusion of prostate tissue, two b-value groups, each with seven b-values (Table
11), were acquired under the same acquisition parameters. In the high b-value group, b values are
from 10 s/mm? up to 1500 s/mm?; whereas the low b-value group has b-value up to 800 s/mm?.
The maximum b-value in each group was chosen based on the clinical protocol for prostate DWI,
but more b-values were acquired to obtain more accurate quantitative fitting. Quantitative diffusion
maps were calculated using the following two different diffusion models:

1. Mono-exponential diffusion model in Equation 12;

2. Kurtosis model:

S(b) = Soe—ka+%b2Dk2k; 28)
where S(b) is the signal intensity for a specific b-value, S, is the signal intensity at b=0 s/mm?.
ADC and Dy, are the diffusion coefficients for the two models, respectively; k is kurtosis.
In addition to the diffusion imaging sequences, a T2-weighted 2D multi-slice Fast Spin
Echo (FSE) acquisition with axial slices co-localized with the diffusion imaging slices was

acquired. Specific imaging parameters included: FOV=28cmx28cm, slice thickness=5mm, in-
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plane spatial resolution=0.875mmx0.786mm, TE=98.4ms, TR=3.4s, echo train length=23, readout
bandwidth= 50kHz, acquisition time=3minl14s and flip angle=111°. This non-EPI T2-weighted
acquisition was used as a reference to assess the geometric distortions present in each of the
diffusion imaging sequences. In order to evaluate geometric distortions, the diameter of the
prostate in the A/P and R/L directions was measured from axial diffusion-weighted images (SSEPI,
rFOV and msEPI). These measurements were compared to those from the non-EPI T2-weighted
acquisition, which was used as reference®. The distortion present in ssEPI, rFOV and msEPI was
compared by analyzing the averaged diameter differences using a one-tail t-test.

To assess the reproducibility of the diffusion measurements for each of the two signal models,
pair-wise Bland-Altman analysis'!’ was performed across different pulse sequences (rFOV vs.
sSEPI and msEPI vs. ssEPI) and different b-value groups (high b-value group vs. low b-value
group). Averaged diffusion measurements (ADC and D,,) within an approximately 0.6cm? central
gland (CG) ROI and an approximately 0.8cm? peripheral zone (PZ) ROl were compared for each
volunteer in the analysis. ROIs were selected by avoiding distorted regions where ssEPI
measurements were used as a reference. The ROIs were co-localized for different imaging

sequences.

5.2.3 Patient Study

A prospective IRB-approved HIPAA compliant study was performed and informed
consent was obtained. Eligible subjects who were undergoing MRI of the prostate were recruited
for additional add-on research sequences. Exclusion criteria included incorrect DWI acquisition

parameters.
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MRI acquisition/reconstruction:

Imaging was performed with 3.0T MRI (750w or Premier, GE Healthcare, Waukesha, WI). High-
resolution, oblique axial T.-weighted images were obtained (field of view =26 cm?; in-plane
resolution = 0.7 x 1.0 mm; slice thickness = 2.4 mm; echo time = 109.8 ms; repetition time = 3 s)
during the clinical prostate MR protocol. Three oblique axial DWI sequences were acquired: 1)
‘standard’ ssEPI; 2) rFOV; 3) msEPI (acquisition parameters are shown in Table 12). Images of
msEPI DWI were reconstructed with the phase-corrected multiplexed sensitivity encoding (MUSE)

method®. ADC maps for each DWI sequence were calculated.

Quantitative distortion assessment:
Whole prostate contouring was completed using the To-weighted images and the b=100 s/mm?

images of all three DWI sequences. Contours from the T»-weighted images were used as the gold-

standard volume and distortion vectors d(slice, @) of each slice were calculated by matching the
contours of diffusion images (i.e. distorted image volume) to the gold-standard volume!!8, The
norm of the distortion vector measures the geometric displacement (mm) induced by distortion
over a certain direction (angle ¢ in polar coordinate system). The final metric drms. was calculated
using the root-mean-square value of the magnitudes of distortion vectors over all angles and slices
to quantify the mean -distortion of the entire prostate. The algorithm was implemented in

MATLAB R2019a following the method proposed by Gill AB, et al*!8,

Quantitative assessment of biopsy correlated lesions:
ROI contouring: Freehand ROI contouring was performed in MATLAB using in-house software

for all patients that had a ‘target’ lesion on MRI that could be colocalized to prostate biopsy results.



94

This was either (1) patients who received MR-fusion biopsy or (2) patients with a defined lesion
on prostate MR who had a recent prostate biopsy with positive results in that sextant or prostate
region. A single author (6 years of clinical prostate experience) drew the ROIs on each sequence
with reference made to the other ADC maps and DWI series for consistency as well as the multi-
planar T;W-MRI for localization. Subsequently, an identical ‘non-cancerous’ ROI was placed in
a similar region of the contralateral gland that was negative for malignancy on biopsy with an
effort made to maintain a similar zonal location (peripheral versus transitional zone) and
orientation.

Histogram assessment: Mean, standard deviation, median values, as well as the 20" and 80"
percentile of the ADC histograms were calculated and compared among the three acquired
sequences.

SNR and CNR assessment: SNR maps and CNR were calculated as follows:

SNR = 3nermal (29)
Onormal
and
CNRpeq = —SPC;;:;“”, (30)

where $ is the estimated signal amplitude and & is the estimate of noise standard deviation. Due
to the use of parallel imaging, the signal amplitude and noise standard deviation maps were
estimated using an iterative Rician expectation-maximization estimator, with spatially varying

noise considered?®.

Image quality assessment:
Independent, blinded review of the three DWI series was completed by three board-certified

radiologists (X, Y, Z years of clinical prostate MR experience, respectively). Oblique axial T»-
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weighted images and ADC maps were available to readers for reference. Image cropping to an
identical small field of view around the prostate maintained the blinded nature of image assessment.
For most of the criteria (resolution, capsule demarcation, zonal anatomy, overall image quality,
qualitative SNR) the DWI image quality was evaluated on a 5-point Likert scale (1, poor; 2, below
average; 3, average; 4, above average; 5, excellent). The image distortion/artifacts were also
graded regarding their level and influence. For comparison between DWI acquisitions the scores

of all three readers were averaged.

Wilcoxon signed-rank test and Student’s t-test were used as appropriate to test for statistical
significance (p-value < 0.05 = statistically significant). When appropriate, the tested parameters

are reported as mean = standard error of the mean (SEM).



Table 10. Imaging Protocol in Diffusion Phantom Studies.
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In-plane Slice
FOV Resolutio - TR(s b-values Averag  Diffusion
Sequence 2 Thickness  TE(ms) b L
(cm?) n ) (s/mm2) e direction
(mm?) (mm)
SSEPI 24x24 1.9x1.9 6 86.3 1
msEPI(m1) 24x24  1.25x1.25 6 68.9 1
msEPI(m2) 24x24  0.94x0.94 6 70.0 1
msEPI(m3) 24x24  1.25x1.25 3 69.6 1
3T rFFOV(rl)  24x7.2  1.9x2.25 6 74.1 50150 300 1
scanne  rFOV(r2)  24x7.2  1.9x2.25 6 74.1 4 500800 1000 2 All
r ,800,
rFOV(r3) 24x7.2  1.9%x2.25 3 73.4 1
rFOV/(rd) 24214' 1.9x2.88 6 739 1
Foves) 2P Loxass 6 73.9 2
Fov@es) 214 19xo88 3 731 1

4




Table 11. Imaging Protocols in Healthy Volunteer Study.
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Healthy volunteer studies

In-plane Slice -
Sequence FO\Z/ Resolution Thickness/gap TE R b-value;" Scan time
(cm?) (mm?) (mm) (ms) (s) (s/mm2)
10(4),50(4),100(4),200(4), .
EPI 26x26 2.0x2.0 4/1 54.2 3 400(16),600(16),800(16) 3min 21sec
10(2),50(2),100(2),400(8), .
26x26 2.0x2.0 4/1 60.7 3 800(8),1200(16),1500(16) 3min 57sec
10(4),50(4),100(4),200(4), .
oV 26x10.4 2.0x2.0 4/1 49.2 3 400(16),600(16),800(16) 3min 21sec
10(2),50(2),100(2),400(8), .
26x10.4 2.0x2.0 4/1 56.1 3 800(8),1200(16),1500(16) 3min 57sec
10(4),50(4),100(4),200(4), .
ol 32%32 1.6x1.6 4/1 44.8 3 400(16),600(16),800(16) 6min 48sec
ms
10(2),50(2),100(2),400(8), .
32x32 1.6x1.6 4/1 51.7 3 800(8),1200(16),1500(16) 8min 48sec
*Numbers in the brackets are the average numbers of each b-value
Table 12. Imaging Protocols in Patient Evaluation.
Scanner Coil Sequence FOY Resolution Parallel | Fartial | Deffusion bevalucs TE L
q (cm?) Imaging | Fourier | Direction | (# Averages) [ (ms) | (s)
ssEPI 28x28 2 55.5
GE Premier 39-ch 1
Grax=70mT/m; | 7 ~° 00 | rFOV | 28x14 N/A RODLT? 559
SRuwx=200mT/m | ~ 000 (12)
msEPI 28x28 2 56.0
o 75% | Allin1 4
ssEPI 28x28 2 70.6
GE 750W Small 30- 100(6
Gmax=33mT/m,; channel rFOV 28x14 N/A 80 0((1 %’) 65.5
SRmax=120mT/m coil
msEPI 28x28 2 71.0
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5.3 Results

5.3.1 Diffusion Phantom Experiment

Figure 25 shows representative diffusion-weighted images and ADC maps across three
sequences acquired in the diffusion phantom. ssEPI images show distortion (Black arrows) where
the vials have a circular cross-section. Both rFOV and msEPI acquisitions reduce the geometric
distortion.

Overall, ADC measurements from both rFOV and msEPI are in good agreement (R? > 0.99)
with the reference ssEPI as shown in Figure 26. Different slice thickness and resolution does not
have a large effect on ADC measurements from either rFOV or msEPI. However, rFOV slightly
underestimated ADC with thinner slice and smaller number of averages.

Multivariate analysis of the phantom measurements demonstrates no significant effect (P>0.05,
effect size n?<0.02) of different sequences (F=1.868, P=0.156, partial n?=0.008), even with

different acquisition parameters.

5.3.2 Healthy Volunteer Study in the Prostate

Diffusion-weighted images and ADC maps of the prostate of a healthy young volunteer are
presented in Figure 27. Distortions within the prostate are improved in rFOV and msEPI (white
arrows). Note that rFOV depicts only a limited FOV with lower SNR. The quantified image
distortion for each pulse sequence is shown in Figure 28. Mean values and standard deviations of

the diameter differences relative to the non-EPI T2-weighted imaging reference in R/L and A/P
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directions are plotted. P-values from the t-test are shown adjacent to each bar. Significantly lower
distortion (P<0.05) in the A/P direction is demonstrated for both rFOV and msEPI.

Quantitative diffusion measurements of peripheral zone (PZ) and central gland (CG) with each
combination of sequence, b-value group and diffusion model are listed in Table 12(a). Table 13
shows the Bland-Altman analysis of volunteer data across the three pulse sequences (a) and
different b-value groups (b) with both mono-exponential model and kurtosis model. According to
the bias results, no significant difference (p>0.05) has been shown across sequences, even though
the in-plane resolution is different for msEPI; but significant bias of ADC estimations exists across
b-value groups (p<0.01). From the width of the 95% confidence interval (+1.96c, where o is the
standard deviation of the difference between the quantitative measurements from different
sequences), both rFOV and msEPI have moderate confidence intervals (1.96c < 0.3x10°° mm?/s)
relative to ssEPI ADC measurements from a mono-exponential model. However, the confidence
intervals for both rFOV and msEPI relative to ssEPI are larger for the parameter Dx measured from

the diffusion kurtosis model.

5.3.3 Patient Study

Thirty patients were recruited initially recruited. Five patients were excluded due to incorrect
DWI acquisition parameters resulting in a final study group of 25 male patients. The average age
was 63.9 years (range, 44-76 years) and average pre-scan PSA was 6.55 ng/mL (range, 1.13-10.84
ng/mL). The study group included 9 patients with biopsy proven prostate cancer, 4 patients
currently in active surveillance, 6 patients without biopsy proven cancer but persistently elevated

PSA, and one patient with biochemical recurrence after high intensity focused ultrasound treatment.
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Additionally, 15 patients had biopsy proven prostate cancer that correlated with a suspicious lesion
on MRI (n=7, MR fusion biopsy; n=8, correlative sextant biopsy result completed without MR
fusion).

Quantitative distortion:

There was a small but statistically significant reduction in the average calculated dr.ms. for rFOV
compared to sSEPI (3.22+0.22 versus 3.40+0.25, respectively; p=0.033). A similar reduction was
also seen when msEPI was compared to ssEPI (2.98+0.22 versus 3.40£0.25, respectively;
p=0.003). The difference between rFOV and msEPI was not statistically significant (p=0.078).
The graphical representation of this change is illustrated for an example patient in Figure 29.
Quantitative ADC results:

There was no significant difference across the 3 DWI acquisitions regarding histogram parameters
for the cancerous ROIs (Table 15), including mean, standard deviation, 20" percentile, median,
or 80" percentile. Conversely, the statistically significant decrease in average mean ADC was seen
in the cancerous ROIs, compared to the corresponding non-cancerous tissue, for all three DWI
sequences (Figure 30). There was a statistically significant reduction in the average non-cancerous
mean ADC for rFOV compared to msEPI, 1511 x 10 mm?/s versus 1619 x 10° mm?/s,
respectively (p<0.05).

Image quality results:

The multi-reader qualitative assessment of image quality, DWI artifacts, and distortion is
detailed in Table 16. In particular, msEPI demonstrated significantly greater scores for overall
image quality, influence of distortion/artifacts, and prostate zonal anatomy compared to both ssEPI
and rFOV. The msEPI series also demonstrated significantly greater level of distortion/artifact

scores, compared to ssEPI, and qualitative SNR scores, compared to rFOV.
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Figure 25. Diffusion Phantom Results. Representative diffusion-weighted images and ADC
maps across three sequences on a diffusion phantom. Black arrows indicate an area with distortions
in ssEPI images. Yellow arrows for each sequence represent the phase encoding direction.
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msEPI vs. ssEPI
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* 6mm and 3mm are different slice thickness in the imaging protocol.

Figure 26. Linear regression analysis on phantom measurements. Comparison between the
averaged estimated ADC values from rFOV and msEPI and the reference ADC values from ssEPI
within different vials of the diffusion phantom.
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Figure 27. Healthy Prostate Volunteer Examples. Representative diffusion-weighted images
and ADC maps across three sequences of a healthy volunteer. Three different slices from the apex,
middle and base plane of the prostate respectively are shown with corresponding T2-weighted FSE
images for illustration of the distortion. White arrows indicate an area with distortions in sSEPI
images. Yellow arrows for each sequence represent the phase encoding direction.
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Figure 28. Diameter Differences in R/L and A/P directions. Diameter differences in R/L and
AJ/P directions between diffusion-weighted images from different sequences and an axial, non-EPI,
T2-weighted acquisition (used as the reference). These diameter differences are evaluated as a
measure of image distortion for each diffusion pulse sequence. P-values from t-test are shown for
rFOV and msEPI compared to sSEPI, respectively.
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Figure 29. Example patient images and quantitative distortion map. Illustrative example
detailing the reduction in diffusion-weighted imaging prostate distortion using the rFOV and
msEPI techniques compared to the ‘standard’ ssEPI. A. Central slice of the high b-value DWI
acquisition (top) and corresponding ADC map (bottom) for ssEPI, rFOV, and msEPI sequences
(L-R, respectively). On the ssEPI images, rectal gas results in artifactual signal build-up (white
arrow) and contour distortion (dashed arrow) of the posterior prostate. The artifact and distortion
is reduced in both the rFOV and, to a greater extent, msEPI images. B. (L-R) The 3D distortion
plots for the ssEPI, rFOV, and msEPI acquisitions from the same patient are displayed with slice
number on the z-axis and pixel location in the x/y plane. Each pixel within the prostate region of
interest is colored according to the magnitude of positive or negative displacement (see color bar)
and the drms. is displayed under the plot for each acquisition. A small reduction in distortion for
both rFOV and msEPI compared to sSEPI can be seen graphically, through the overall reduction
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in regions with higher magnitude displacement, as well as in the reduction in drms. for rFOV and

msEPI.

Table 13. Diffusion Measurements of Healthy Volunteer Studies.

(a) Diffusion measurements of healthy volunteers

bovalues Mono-exponential Kurtosis
Sequence group ADCx10 (mm?/s) Dkx10% (mm?/s)
CG 74 CG Y4 CG Y4
Low 1344009 1384026 1574017 1644024 0.79+024  0.92+0.30
SSEPI High 1244009 1294027 159+0.17 1684031 0.76+0.10  0.81+0.16
Low 1334009  1.39+0.15 159+0.18 1674022 0.86+0.36  0.85+0.37
rFov High 1204010 1294025 159+0.15 1744025  0.84+0.11  0.87+0.19
Low 1324014 1334021 1624022 1594029  0.98+0.42  0.86+0.43
mSEP High 1234014 1244022 1534023 1574024  0.7040.15  0.76+0.12
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Table 14. Bland-Altman Analysis of Healthy Volunteer Studies.

(a) Bland-Altman analysis across pulse sequences (Bias [95% confidence interval])

. rFOV vs. ssEPI msEPI vs. ssEPI
Models Quantity b-values group Bias+1.965D o Bias+1.965D 0
0.00 -0.03
Mono- ADCX 10 Low b-values [-0.21, 0.22] 0.86 [-0.22, 0.15] 0.12
exponential  (mm?s) . -0.02 -0.03
High b-values [-0.21, 0.18] 0.45 [-0.28, 0.22] 0.30
0.03 0.00
. Dix10°3 Low b-values [0.39, 0.44] 0.60 [-0.36, 0.37] 0.95
KUMosIs— mss) . 0.03 10.09
High b-values [-0.29, 0.35] 0.49 [-0.58, 0.40] 0.13
(b) Bland-Altman analysis across b-value groups (Bias [95% confidence interval])
SSEPI rFOV msEPI
Models Quantity  Low vs. High b-values Low vs. High b-values Low vs. High b-values
Bias+1.96SD p Bias+1.96SD p Bias+1.96SD p
Mono- ADCx10® -0.09 0.00 -0.11 0.00 -0.09 0.01
exponential — (mm%s)  [.0.26, 0.08] [0.33,0.10] [-0.25, 0.07]
) Dix1073 0.03 0.43 0.03 0.46 -0.06 0.16
Kurtosis 5
(mm</s)  [-0.32,0.38] [-0.35, 0.42] [-0.40, 0.29]

* Low b-values group is b = [10, 50, 100, 200, 400, 600, 800] s/mm?;
High b-values group is b = [10, 50, 100, 400, 800, 1200, 1500] s/mm?2,
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5.4 Discussion

As an initial step towards further clinical studies, this study evaluated the reproducibility of
quantitative diffusion measurements across different pulse sequences (ssEPI, rFOV and msEPI) in
phantoms and prostate of healthy volunteers and clinical patients. From our results, quantitative
diffusion measurements obtained from recently developed reduced-distortion pulse sequences
(rFOV and msEPI) were in good agreement with the standard ssEPI-based measurements. In
combination with the reduced distortion provided by these novel pulse sequences (as has been
demonstrated in previous works?*1%6119 a5 \well as in this study), these results demonstrate the
potential of rFOV and msEPI, at the cost of FOV size or scan time, to provide reproducible
quantitative diffusion measurements compared to ssEPI. This potential may have significant
research and clinical implications for diffusion MRI of the prostate.

rFOV is able to reduce distortion in diffusion-weighted images through limiting the size of
the FOV. In this work, both phantom experiments and volunteer studies have shown no significant
difference (p>0.05) in quantitative diffusion measurements between rFOV and sSEPI. This agrees
with the conclusions from other evaluation studies. However, it has been demonstrated that rFOV
images tend to have lower SNR especially when the average number is small and b-value is high.
This property will induce an underestimation in quantitative diffusion measurements, which can
be fixed by using larger number of averages and choosing optimal b-values. In this work, it is
shown from both phantom and patient studies that diffusion measurements of rFOV with larger
number of averages have less bias than those with small number of averages.

mMSEPI has the capability for high resolution diffusion-weighted images with less distortion
than ssEPI and without sacrificing scan coverage by reducing the FOV%. Overall, ADC

measurements from msEPI have no significant difference from ssEPI and rFOV based on both
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multivariate analysis of the phantom data and Bland-Altman analysis of volunteer studies shown
in the results section. In principle, residual parallel imaging artifacts from the current
implementation of msEPI reconstruction may increase the variability of msEPI-derived
quantitative measurements, however no systematic bias was observed relative to SsEPI
measurements.

Additionally, for all the three sequences, the choice of b-values and diffusion models will
affect the quantitative diffusion measurementsi®!4 Previous studies have demonstrated
significant difference of diffusion measurements between different combinations of b-values in
both healthy and cancerous prostate tissues'*4. This difference may be induced by several causes,
including the presence of perfusion or pseudo-diffusion effects at low b-values, as well as restricted
diffusion and potentially noise floor effects at high b-values?®'?!, In this work, significant
difference of ADC estimation between high b-values group and low b-values group has been
shown in the healthy volunteer study (p<0.05 for all three sequences). On the contrary, there is no
significant difference between two b-value groups in corrected diffusion coefficients from kurtosis
model, with p>0.1 for all the three pulse sequences. This distinct behavior of the mono-exponential
and kurtosis models may be due to the different effects of restricted diffusion or noise floor effects
in the two diffusion models.

In addition to demonstrating reproducibility across pulse sequences, the quantitative

diffusion measurements obtained in this study are in good agreement with previous works. In
healthy young volunteers, ADC measurements with low b-value group ssEPI are 1.34+0.09x1073
mm?s in CG and 1.38+0.26x10° mm?/s in PZ. This agrees with the results from a previous

prostate imaging study in young healthy subjects®®, where the ADC values are 1.22 (0.95-1.74)

x10"3 mm%s in CG and 1.30 (1.21-2.08) x10°> mm?/s in PZ. In the patients, ADC values measured
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from ssEPI within CG (BPH not excluded) and healthy PZ were 1.29+0.17x10° mm%s and

1.7440.23x10° mm?/s, respectively. The results are in good agreement with previous

measurements®:17,

Overall, novel pulse sequences like rFOV and mseEPIl have been shown to be good
alternatives to ssePI for high quality diffusion-weighted images with less distortion. Also, they
are both promising techniques for reproducible quantitative diffusion measurements compared to
sSEPI and reproducible measurements across different acquisition parameters. However, rFOV
and msEPI have different characteristics in terms of FOV, SNR and acquisition time. Therefore,
in practice, the choice between rFOV and msEPI may be driven by the desired FOV, resolution
and possible scan time constraints.

This study had several important limitations. In this work, rFOV and msEPI measurements
are compared to sSEPI because there is no available gold standard reference for ADC in tissues
(particularly in the presence of restricted diffusion). Further, an important motivation of this work
was to assess whether previously derived quantitative criteria (e.g., relevant ADC thresholds
derived using ssEPI*%111.122) can potentially be applicable to ADC measurements obtained using
rFOV or msEPI. In addition, we optimized each sequence for performance, hence different spatial
resolutions and readout directions were used for different pulse sequences. The different spatial
resolutions may have effects on the visualization of edges or lesion in DWI, but it does not affect
the ADC measurements as shown in the phantom results. Most importantly, only healthy tissues
in the clinical patients were evaluated in the statistical analysis of this study. Based on the
promising preliminary data provided by this study in phantoms, healthy volunteers, and healthy
tissues in patients, future clinical studies are needed to evaluate the ability of rFOV and msEPI to

assess prostate cancer. Additionally, future studies will be needed to assess the reproducibility of
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diffusion measurements from rFOV and ssEPI at different field strengths, different coils, and using

scanners from different vendors.

5.5 Conclusion

In conclusion, quantitative diffusion measurements demonstrate good reproducibility
across diffusion MRI pulse sequences. Measurements from two novel sequences (rFOV and msEPI)
with reduced image distortion are in good agreement with a standard ssEPI sequence. Therefore,
both rFOV and msEPI have the potential to provide high image quality with reproducible

quantitative diffusion measurements in prostate diffusion MRI.
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Figure 30. Boxplots for mean ADC from tumor and non-cancerous ROIs.
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T2w ssEPI rFOV msEPI

Patient 1

Patient 2

Figure 31. Representative images from two patients. Representative images from two patients
demonstrating reduced artifactual distortion on DWI with of rFOV and msEPI compared to ssEPI.
The qualitative improvement in distortion is greatest for msEPI in both patients which results in
reduced signal buildup due to rectal gas and less anterior-posterior distortion of the prostate shape.

(SSEPI, single shot echo planar image; rFOV, reduced field of view; msEPI, multi-shot echo planar

image).
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Figure 32. Example patient images with PCa. 60-year old male with elevated prostate specific
antigen (4.46 ng/mL) and suspicious lesion on prostate MRI. The suspicious lesion (yellow arrows)
in the left peripheral zone is identified on all three DWI sequences, including the b=800 series (top
row) and calculated ADC map (bottom row). The mean ADC value for the lesion was 1075.8,
1098.8, and 1067.5 x10® mm?s on ssEPI, rFOV, and msEPI, respectively. The patient
subsequently underwent radical prostatectomy and was found to have Gleason 3+4 disease.
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Table 15. Histogram parameters for cancerous ROIs.

ADC parameters
(x10° mm?fs) SSEPI rFOV msEPI
Standard deviation 138.1 +33.2 139.8 £30.2 156.8 £ 45.4
Mean 985.1+178 1019 + 144 997.4 + 186
20" percentile 859.0 £ 180 889.9 + 137 856.7 + 205
Median 975.2+172 995.7 + 144 992.3+184.1
80" percentile 1099 + 178 1139 + 158 1133 + 182
Data are mean + standard deviation
ADC, apparent diffusion coefficient
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Table 16. Multi-reader qualitative assessment of image quality, DWI artifacts and distortion.

All Readers
SSEPI rEQV msEPI

Resolution 3.24.£0.29 3.35+0.31 3.47£0.37

Capsule demarcation 2.91+0.51 3.10 £ 0.44* 3.17 £ 0.46*
Zonal anatormy 2.46 £ 0.52 2.52+0.56 2.78 + 0.55%*

Qualitative SNR 3.41 +0.32 3.39+0.28 3,57 +0.39"
Overall Image Quality 2.90+0.59 3.03+0.46 3.28 £ 0.57**

Level of Distortion/Artifacts 3.04 £ 0.68 3.16 £0.70 3.35+0.66*
Influence of Distortion/Artifacts 3.13+£0.80 3.23+£0.74 3.52 + 0.64**

* p-value < 0.05 between rFOV or msEPI and ssEPI
** n-value < 0.01 between rFOV or msEPI and ssEPI

tp-value < 0.05 between msEPI and rFOV
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Chapter

6. Multi-Shot M1-Optimized  Diffusion
Imaging with Deep Learning Reconstruction
for Motion-Robust, Distortion-Reduced, and

SNR-Enhanced DW-MRI of the Liver

6.1 Introduction

Diffusion-weighted (DW)-MRI of the liver has various potential applications, including
the detection, staging, and treatment monitoring of cancer>1394112123-126 a5 \yel| as the assessment
of diffuse liver disease® (e.g. liver fibrosis). Apparent Diffusion Coefficient (ADC) is the mostly
commonly used quantitative diffusion measurement to serve as a potential biomarker of cancer>°.
Other quantitative diffusion models including Diffusion Tensor Imaging (DT1)**% and Intravoxel
Incoherent Motion (IVIM)*27128 have also been widely evaluated in the assessment of diffusion

liver disease, hepatocellular carcinoma and liver metastases.
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In the past decades, efforts have been made to improve the clinical accuracy and
reproducibility of DW-MRI and ADC measurements*?>*3, However, DW-MRI in the liver is still
complicated by the presence of substantial technical challenges®*#, especially in the following
aspects:

1) Signal voids in tissues, especially the left lobe of liver, that experience non-rigid motion
(i.e. cardiac motion and cardiovascular pulsation) during the application of DW gradients. These
signal voids complicate diagnostic image interpretation and introduce bias in quantitative measures
of diffusion (e.g. ADC).

2) Unpredictable phase variations in the signal acquired from each excitation, which result
in the widespread use of single shot echo-planar imaging (sseEPI) in DW-MRI. Unfortunately,
SSEPI results in substantial image distortions and limited resolution in DW-MRI, particularly in
complex magnetic susceptibility environments such as the abdomen.

3) Low Signal-to-Noise Ratio (SNR) in the liver due to the short T2 relaxation®. A typical
DW-MRI sequence with a b-value at 500s/mm? has an echo time (TE) around 50ms while the T2
value of liver in healthy people shorter than 40ms. This short T2 relaxation and thus substantial
SNR loss will limit the ability to reach higher b-value in liver DW-MRI and cause high uncertainty
in quantitative measurements. It may also complicate the detection of small lesions.

To address the challenges from physiological motion and image distortion, advanced
techniques have been proposed in the recent years. Optimized motion-robust DW gradients
techniques®#®3! have shown excellent promise to overcome the signal voids present in tissues
that experience substantial motion, leading to reliable imaging and quantitative ADC mapping
throughout the entire liver. In addition, phase-corrected multi-shot reconstruction techniques® has

been proposed for reduced-distortion, high-resolution multi-shot EPI (msEPI) based DW-MRI,
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which has been proved effective in multiple applications®*?*%, However, the potential synergy
between the optimized motion-robust DW gradients and msEPI technique has not been
investigated. The reconstruction of msEPI is challenging because the phase inconsistency between
shots, which is even more difficult in the liver due to the existence of phase variation from cardiac
motion. With the motion-robust DW gradients, the unpredictable phase variations between
multiple shots can be largely mitigated. This phase consistency between shots has the potential to
provide a better reconstruction result.

Nonetheless, SNR is still a challenging issue for liver DW-MRI. Particularly, when motion-
robust DW gradients are used, the TE, though minimized, will still be significantly longer than
traditional monopolar diffusion gradients. Fortunately, in recent years, Deep-Learning (DL) based
methods have demonstrated outstanding potential for denoising of low-SNR data®36-13,
Application of DL-based reconstruction and denoising in liver DW-MRI has not been fully
evaluated.

In this study, we hypothesize that a synergistic combination may be feasible between
motion-robust DW gradient waveforms, msePI techniques, and DL denoising for liver DW-MRI.
The feasibility, robustness and reproducibility will be tested and evaluated in a quantitative motion

phantom, and healthy liver volunteers.
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6.2 Methods

6.2.1 Anthropomorphic Liver Phantom Validation

An anthropomorphic, in vitro model of the liver was constructed using a hybrid additive
manufacturing process. The liver was segmented from a computed tomographic dataset of a
healthy adult and used to generate a STL model. The STL was imported to 3MATIC (Materialise
NV, Leuven, Belgium) where it was used to generate both halves of a hallow-core liver mold,
which was 3D printed using stereolithography printer (SLA; Formlabs, Somerville, MA) to ensure
it was watertight. Space was removed in order to leave room for a bifurcation representing an
idealized portal vein that could be placed near its anatomical location in the liver. The bifurcation
was 3D printed using water-soluble polyvinyl alcohol (PVA) and coated with latex. After the latex
cured, the PVA core was dissolved leaving a hallow vessel of distensible latex, which could be
hooked up to a pulsatile flow pump. The pseudo-tissue liver was constructed using a hydrogel
material base solution by dissolving two polymer components -acrylamide and bis-acrylamide
(Fisher Scientific, Hampton, NH, USA)- into de-ionized water with a gel composition of 8% to
provide desired stiffness. Cross-linking of the gel was initiated by the addition of
Tetramethylethylenediamine (TEMED) and ammonium persulfate (Fisher Scientific, Hampton,
NH, USA). After the two halves of the mold were secured together using RTV silicone sealant
with the bifurcation in place, the hydrogel solution was poured into the mold and allowed to cure
over 24 hours, producing a fully distensible liver around the bifurcation tube.

After the phantom is manufactured, it was scanned on a 3T scanner (GE Signal Premier)

with high density receive array coils (AIR coil, GE Healthcare, Waukesha, W1). The phantom was
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set up on the patient table while connected to a water pump in the control room. The pump is
controlled by a computer program where the amplitude and period of flow pulses can be designed
and implemented. The design and phantom setup are shown in Figure 33.

The average flow amplitudes were set as 0 L/min, 0.15 L/min and 0.6 L/min, respectively.
For each flow setup, five diffusion series were acquired, including MONO-ssEPI, ODGD-ssEPI,
MODI-ssEPIl, MONO-msEPI and MODI-msEPI. A T2-weighted FSE sequence was acquired at 0

L/min as the anatomical reference.

6.2.2 Healthy Volunteer Experiments

After IRB approval and informed written consent, eight healthy volunteers were scanned
on a 3T scanner (GE Signa Premier) with high density receive array coils (AIR coil, GE Healthcare,
Waukesha, WI).

In comparison to the conventional MONO gradient waveform, MODI gradient waveform
design was applied to achieve motion-robust diffusion waveforms with a small first-moment to
suppress blood signal. For each DW waveform (MONO and MODI), two separate DW-MRI
acquisitions using ssEPI and msEPI, respectively, were obtained. Detailed acquisition parameters
are in Table 17. msEPI was obtained with two shots and each shot had acceleration factor =2.
DW-MRI acquisitions were performed during multiple breath-holding periods at the end of
expiration.

Non-EPI T2-weighted (T2w) images were acquired with a 2D Fast Spin-Echo sequence as
a reference of anatomic structure. The same spatial resolution and prescribed locations were used

to match the DW-MRI acquisitions.



Table 17. Image acquisition parameters of healthy volunteer experiment.

Readout Diffusion
waveform
MONO
ssEPI
MODI
MONO
msEPI

MODI

FOV

(em?)

36x36

Resolution

(mm?)

2.8x2.8

Slice

Coverage

6mm
x 20
slices

Pnrt[l:ll Diffusion
Fourier R
direction
factor
75%
AP
100%

b-values
(# averages)

[50(2), 500(4)]
s/mm?

Inversion
Time (s)
44.3 5
99
66.1 5
44.6 3.6
75
66.3 3.6

122

Scan time per
breath-hold/
#breat-hholds

20s/2
20s/2
22s5/3
22s/3
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6.2.3 Image Reconstruction

For both MONO and MODI acquisitions, sSEPI data were reconstructed with traditional
parallel imaging and partial Fourier technique and msEPI data were reconstructed with a
multiplexed sensitivity-encoding method®*.

For the healthy volunteer data, though, the diffusion raw data from MODI acquisition was
then reconstructed in two ways, first using the standard echo planar reconstruction and second
using a DL Recon algorithm based on a Convolutional Neural Network (CNN)*3® trained to
optimize SNR. For this second series, images were reconstructed with a tunable noise reduction

factor set to 75%.

6.2.4 Data Analysis

ADC measurements

ADC maps were calculated for all DW-MRI series. Co-localized ROIs were drawn on each
ADC map in both the left and right liver lobes. The ADC in the non-motion-corrupted right liver
lobe was used as reference ADC value*>#613!, Bland-Altman analysis was performed between the
ADC measurements of the left and right lobe for each diffusion sequence to evaluate the
consistency of ADC between left and right lobes.
Distortion Level

Distortion level was assessed using the normalized cross-correlation coefficient (CCC)*,
which quantifies the geometric alignment between the T2w reference and the low b-value DW

images for each slice (Equation 31). Masks were selected from T2w references to remove the
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background noises. The CCC measurements were compared between ssEPI and msEPI images for

both MONO and MODI waveforms.

Y. ¥, (T2; — T2(DWI; — DWI)

V& 3 (125 — T2(E; X, (DWI; — DWI)

CCC =

(31)

Evaluation of ADC SNR
As a surrogate measure of SNR, the standard deviation of ADC within each of the ROIs
described above was also measured in the healthy volunteer data for MONO, MODI, and MODI-

DL series.
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Figure 33. Design and setup of the anthropomorphic liver motion phantom. Flow chart A
vasculature liver model was designed and made with hydrogel. Water is pumped from the control
room into the scanner room to induce periodic pulsatile motion to the elastic hydrogel. The periodic

flow is programmable and controllable by users to adjust the flow amplitude and period.
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(a) No motion
MONO ODGD MODI M1=0.1

b=150

=500

ADC
(x103 mm?/s) b

(b) Avg. Flow =0.15 L/min
MONO ODGD MODI M1=0.1

b=50
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3.0

ADC
(x10°> mm?/s) b

Figure 34. Demonstration of blood suppression effect in the liver motion phantom.

(a) Without added flow, the static ‘blood’ signal is visible in all three sequences. (b) When
imposing a slow flow rate to mimic the blood flow in real liver, the ‘blood’ signal disappeared in
MONO series at both b = 50 s/mm2 and 500 s/mmz2. Due to the fully nulled first moment, the
‘blood’ signal comes back in b = 50 s/mm2 with ODGD waveform and thus shows up bright in
the ADC map. In contrast, MODI with a small residual first moment, is able to suppress the blood
signal, similar to the MONO waveform, and provide a clean ADC map around the vessel.
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(a) No motion
MONO ODGD MODI M1=0.1
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ADC
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(b) Avg. Flow = 0.6 L/min
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ADC

(x10° mm?/s) b

Figure 35. Demonstration of motion compensation in the liver motion phantom.

(a) Without added flow to impose pulsation motion, the DW images showed no motion artifacts
in all three sequences, with or without motion compensation. (b) With added motion through the
controlled water pump, substantial signal loss and ADC bias showed up in adjacent to the vessel
with MONO acquisition. At the same average flow amplitude (i.e. the same motion level), both

ODGD and MODI waveforms are insensitive to motion and have no ADC bias compared to the
ones without motion.
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6.3 Results

6.3.1 Anthropomorphic Liver Phantom Validation

Figure 34 demonstrates the blood-suppression effect of MODI waveform at a slow added
flow. Without added flow, the static ‘blood’ signal is visible in all three sequences, MONO, ODGD,
and MODI. When imposing a slow flow rate to mimic the blood flow in real liver, the ‘blood’
signal disappeared in MONO series at both b = 50 s/mm? and 500 s/mm?. Due to the fully nulled
first moment, the ‘blood’ signal comes back in b = 50 s/mm? with ODGD waveform and thus
shows up bright in the ADC map. In contrast, MODI with a small residual first moment, is able to
suppress the blood signal, similar to the MONO waveform, and provide a clean ADC map around
the vessel.

The motion compensation effect of motion-compensated waveforms is presented in Figure
35. Without added flow to impose pulsation motion, the DW images showed no motion artifacts
in all three sequences, with or without motion compensation. With added motion through the
controlled water pump, substantial signal loss and ADC bias showed up in adjacent to the vessel
with MONO acquisition. At the same average flow amplitude (i.e. the same motion level), both
ODGD and MODI waveforms are insensitive to motion and have no ADC bias compared to the
ones without motion.

The synergy between the motion-compensated waveform (i.e. MODI) and msEPI
acquisition is also proved with the liver motion phantom, as shown in Figure 36. Substantial
geometric distortion can be identified in sSEPI images as pointed by the red arrows as an example.
msEPI has be capability to greatly mitigate the distortion artifacts, though not fully eliminate them.

With the presence of imposed motion from water pump around the knob area, significant signal
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loss and ADC bias are introduced (yellow arrowheads). With MODI, the motion artifacts are
compensated in both ssEPI and msEPI acquisitions. Furthermore, at the same window level of the
DW images, we are able to see that the parallel imaging performance is not ideal for MONO-
msEPI, which is likely due to the variation between shots. The synergy between MODI and msEPI

can be observed with the improved reconstruction performance.

6.3.2 Healthy Volunteer Experiment

Figure 37 shows example DW images from two out of the eight healthy volunteers. The
yellow curve in volunteer (a) depicts the contour of the liver from the T2w reference. The mis-
alignment between the contour and the liver anatomy due to distortion in the DW images is
indicated by yellow arrowheads. Images with msEPI acquisition have substantially reduced
distortion artifacts. Blue arrowheads show the motion-induced signal voids and ADC bias in the
left liver lobe, which was reduced by MODI acquisition. The worm-hole artifacts indicated by red
arrows in the msEPI reconstruction with MONO acquisition were likely due to the motion-induced
rapid spatial phase variations, which were mitigated when combining mseEPI with MODI.

CCC comparison in Figure 38 illustrates the synergy between motion-robust diffusion
waveform and msEP1 acquisition. The alignment between DW images from MONO-ssEPI and the
T2w reference is higher than MONO-msEPI (p=0.0051) even though the visually observed
distortion artifact is largely reduced in MONO-msEPI (Figure 37). This is likely due to the
substantial signal voids in the left liver lobe and the worm-hole artifacts. With MODI waveform
(i1), msEPI has significant improvement (p<0.0001) in terms of alignment, which indicates

significantly reduced distortion.
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Bland-Altman analysis in Figure 39 demonstrates reduced ADC bias of the left liver lobe
due to the motion-robust MODI acquisition. The ADC values in the left liver lobe of MONO-
ssEPI and MONO-msEPI have significant bias compared to the right lobe. However, with MODI
acquisitions, no significant bias was observed in both ssEPI and msEPI acquisitions.

The detailed average CCC and ADC measurements across volunteers, as well as their
standard deviation and t-test results, are listed in Table 18.

Finally, Figure 40 shows an example in healthy volunteer of how DL denoising improve
the SNR of DW images acquired with MODI waveform. The yellow arrows indicate the left lobe
of the liver where MONO leads to severe shading and signal dropouts in DWI and bias
(overestimation) in ADC maps. MODI is able to mitigate the signal dropouts with consistent ADC
throughout the liver. However, MODI DWI had lower SNR compared to MONO. By combining
MODI with the DL reconstruction, MODI-DL DWI shows higher SNR and is able to maintain
excellent motion-robustness throughout the liver.

Figure 42 is an example of the combination of motion-compensated waveform, msEPI
acquisition and DL denoising reconstruction, which demonstrated the ability of achieving motion-
robust, low-distortion, and high-SNR DW-MRI in the liver.

The mean ADC measurements and the STD of ADCs are analyzed with boxplots in Figure
41. The top plots show the mean ADC measurements in left lobe and right lobe ROIs, respectively,
across the eight healthy volunteers. This demonstrates that the DL denoising reconstruction will
not impact the accuracy of ADC measurements in the liver. The bottom boxplots illustrate the
difference of standard deviation of ADC measurements within ROIs between MONO, MODI, and

MODI with DL denoising. The blue dashed lines show the individual change of STD without and
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with DL denoising. It is shown that DL denoising is able to consistently reduce the STD of ADC

in both left and right lobes of liver, thus increase the ADC SNR.

6.4 Discussion

In this study, we have investigated the feasibility and reproducibility of motion-robust and
distortion-corrected DW-MRI by combining optimized motion-compensated diffusion waveforms
(i.e. MODI) and msEPI acquisition. Deep Learning based denoising is also evaluated to further
improve the SNR of DW images. The effectiveness of this combined approach to achieve motion-
robust, low-distortion, and high-SNR liver DWI has been proved in an anthropomorphic liver
motion phantom and healthy liver volunteers.

In the liver motion phantom experiment, we first proved the effectiveness of MODI in
motion compensation at 0.6 L/min flow and blood suppression at 0.15 L/min flow, in comparison
to the traditional monopolar waveform and the M1-nulled motion-compensated gradient waveform.
The phantom experiment also demonstrated the synergies between the motion-compensated
waveform (i.e. MODI in this study) and msEPI acquisition. The use of msEPI acquisition is able
to reduce the geometric distortion but the combination of shots is impacted by the rapid magnitude
and phase variation between shots under the presence of motion. In contrast, with the motion-
compensated waveform, this variation is significantly reduced between shots. Thus, msEPI
reconstruction, which is based on the smooth phase assumption, is facilitated to generate high-
quality images.

Volunteer study showed promising image quality with reduced ADC bias in the left lobe
as well as reduced distortion. The Bland-Altman analysis demonstrated the ADC bias with

monopolar acquisitions in both ssEPI and msEPI series. The use of motion-compensated MODI



132

waveforms enables consistent ADC measurements across the liver in all healthy volunteers. More
importantly, this work also demonstrated the potential synergy of combining MODI and msEPI
techniques. The CCC measurements (Figure 38) provides convincing evidence of this synergy.
Even though the distortion reduction effect of msEPI is visible in DW images, there is no
prominent trend of increased CCC values from ssEPI to msEPI acquisitions. This is resulted from
the unpredictable signal loss in the left lobe of liver. However, with MODI waveform, we are able
to identify a significant increase of CCC when using msEPI readout.

Despite the advantages of motion-compensate waveform, SNR is an unavoidable trade-off
due to the lengthened TE and the low T2 value of liver tissue. The application of Deep-Learning
based reconstruction shows potential to restore the SNR without sacrificing boundary sharpness
and ADC accuracy.

This study still has limitations. First of all, the motion phantom is using a pulsation model
instead of directly mimicking the cardiac motion due to constructing limitations. The phantom also
has higher T2 value compared to real liver with the current material. Future work will include
better motion phantom design that considers realistic respiratory motion, cardiac motion and vessel
pulsation. Besides, the volunteer study is conducted with breath-holding to save the total
acquisition time and avoid the confounding effect from respiratory. Future study needs to explore
the possibility of free-breathing liver DWI with inter-repetition respiratory motion correction.
Finally, this study is only performed in phantom and healthy volunteers, without characterization
of lesions. Patient study needs to be performed in the future to further evaluate the reproducibility

and clinical viability of the proposed approach.
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6.5 Conclusion

In conclusion, the synergetic effects of combined motion-compensated diffusion
waveforms, mseEPI acquisitions and deep-learning based denoising reconstruction can enable

reproducible and robust liver DWI with motion-robustness, reduced distortion and high SNR.

T2w MONO-ssEPI MONO-msEPI MODI-ssEPI MODI-msEPI
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Figure 36. Demonstration of combined MODI and msEPI technique in liver motion phantom.
The top row shows the non-EPI T2-weighted reference image and the b = 500 s/mm? DW images
of the four imaging sequences. The bottom row are the ADC maps of the corresponding DWI
series. Substantial geometric distortion can be identified in sSEPI images as pointed by the red
arrows as an example. msEPI has be capability to greatly mitigate the distortion artifacts, though
not fully eliminate them. With the presence of imposed motion from water pump around the knob
area, significant signal loss and ADC bias are introduced (yellow arrowheads). With MODI, the
motion artifacts are compensated in both ssEPI and msEPI acquisitions. Furthermore, at the same
window level of the DW images, we are able to see that the parallel imaging performance is not
ideal for MONO-msEPI, which is likely due to the variation between shots. The synergy between
MODI and msEPI can be observed with the improved reconstruction performance.
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Figure 37. Example images of two healthy volunteers. This figure compares MONO and MODI
waveforms, each using ssEPI and msEPI acquisitions. The yellow curve in volunteer (a) depicts
the contour of the liver from the T2w reference. The mis-alignment between the contour and the
liver anatomy due to distortion in the DW images is shown by the yellow arrowheads. Blue
arrowheads show the motion-induced signal voids and ADC bias in the left lobe, which were
significantly reduced by the MODI acquisition. Red arrows in both (a) and (b) point to the worm-
hole artifacts in the MONO-msEPI reconstruction caused by the rapid spatial phase variation.
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Figure 38. CCC measurements in healthy volunteers. Synergy between motion-robust diffusion
waveform and msEPI acquisition. Each plot compares the CCC between ssEPI and msEPI acquisitions with
MONO waveform (i) and MODI waveform (ii). Each point represents the averaged CCC over slices for
one volunteer and each pair of connected points depicts the change of CCC between two acquisitions of the
same volunteer.
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Figure 39. Bland-Altman analysis of ADC values in healthy volunteers. Bland-Altman analysis
comparing ADC values between left and right liver lobes for the four techniques. Significant ADC bias of
MONO acquisitions are observed in the left lobe, whereas both MODI acquisitions have no significant bias.
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Figure 40. Example images of MONO, MODI and MODI-DL in a volunteer.

The yellow arrows indicate the left lobe of the liver where MONO leads to severe shading and
signal dropouts in DWI and bias (overestimation) in ADC maps. MODI is able to mitigate the
signal dropouts with consistent ADC throughout the liver. However, MODI DWI had lower SNR
compared to MONO. By combining MODI with the DL reconstruction, MODI-DL DW!I shows
higher SNR and is able to maintain excellent motion-robustness throughout the liver.



Table 18. Average ADC and CCC measurements across healthy volunteers.

(a) ADC measurements MONO-ssEPI | MONO-msEPI | MODI-ssEPI | MODI-msEPI
Left Lobe 1951.0+257.3 | 1825.44£207.4 | 1155.14£229.3 | 1292.7+146.5
(xlOﬁDm(r:nl."s) Right Lobe 1090.4+110.7 | 1158.1+114.7 | 1202.6+145.1 | 1227.5+171.5
p-value <0.0001**** | <0.000]**** 0.7999 0.0512
(b) CCC evaluation MONO-ssEPI | MONO-msEPI | MODI-ssEPI | MODI-msEPI
oce Meas. 0.53+0.08 0.5040.06 0.46+0.06 0.54+0.07
p-value 0.0051%** <0.000]1 ****
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Figure 41. Boxplots of mean ADC and standard deviation measurements with and without

DL denoising.

The top figure shows the box plots of mean ADC measurements in left lobe and right lobe ROIs
across the eight healthy volunteers. This demonstrates that the DL denoising reconstruction will
not alter the accuracy of ADC measurements in the liver. The bottom boxplots illustrate the
difference of standard deviation of ADC measurements within ROIs between MONO, MODI, and
MODI with DL denoising. The blue dashed lines show the individual change of STD without and
with DL denoising. It is shown that DL denoising is able to consistently reduce the STD of ADC
in both left and right lobes of liver, thus increase the ADC SNR.
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Figure 42. Volunteer example of motion-robust, low-distortion, and high-SNR DW-MRI in
the liver. The top row shows the non-EPI T2-weighted reference image and the b = 500 s/mm?
DW images of the four imaging sequences. The bottom row are the ADC maps of the
corresponding DWI series. Purple arrowheads show the distortion artifacts in the Anterior-
Posterior (phase encoding) direction and msEPI acquisitions are able to significantly mitigate the
image distortion. Yellow arrowheads are cardiac motion induced signal dropouts, which are
corrected with MODI waveform. Furthermore, DL-denoising reconstruction provides higher SNR
in the diffusion weighted image and ADC map. Overall, the combination of MODI, msgPI
acquisition, and DL reconstruction has the ability to achieve motion robustness, low distortion and
high SNR at the same time.
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Chapter

/7. Summary and Future Works

7.1 Summary

This thesis incorporates MRI pulse sequence design, signal modeling, image reconstruction,
data analysis, and assessment of techniques in simulation, phantom, and human studies.

A Stimulated-Echo based Mapping (STEM) method has been proposed for simultaneous
quantitative T1, T2 and ADC mapping. The overall T1, T2 and ADC measurements have been
shown to be accurate in phantom experiments, brain and prostate imaging. Further, protocol
optimization was performed to achieve accurate STEM quantification within five minutes. The
proposed STEM method may enable rapid and co-registered multi-parametric imaging, with
potential clinical applications in the brain, prostate, and breast, among others.

The ability of STE DWI of the prostate to overcome the inherent tradeoffs with SE DWI
has been assessed, in order to obtain high CNR and reliable ADC maps in a single acquisition.
Based on quantitative evaluation, STE DWI at moderate b-value has significant advantage in SNR
over high b-value SE DWI and comparable CNR performance to high b-value SE DWI. From
qualitative assessment from the reader study, all readers have shown preference to STE b=800

s/mm? DWI over SE b=1500s/mm? in terms of SNR. Most readers prefer the CNR of SE b = 1500
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s/mm? and the overall diagnostic confidence of SE b = 1500 s/mm? and STE b = 800 s/mm? is
shown to be comparable. However, the number of identified lesions from SE b = 1500 s/mm? and
STE b = 800 s/mm? indicates that both sequences have clinically reliable lesion detectability
compared to SE b = 800 s/mm?.

A M1-Optimized Diffusion Imaging (MODI) method was proposed to acquire motion-
robust, blood-suppressed liver DWI with optimized diffusion encoding waveforms. Healthy
volunteer experiments and a feasibility evaluation in patients have been performed to investigate
the bias of the proposed MODI method. Compared to the conventional monopolar DWI, MODI is
able to provide ADC measurements with reduced bias, particularly in the left lobe of the liver. In
contrast to the moment-nulling waveforms, MODI can dephase most of the blood signal
throughout the liver and generate more reliable ADC maps. Overall, the proposed MODI method
is promising for obtaining reliable DW images and quantitative ADC measurements over the entire
liver.

The reproducibility of quantitative diffusion measurements across different pulse
sequences (SsEPI, rFOV and msEPI) are evaluated in phantoms and prostate of healthy volunteers
and clinical patients. From our results, quantitative diffusion measurements obtained from recently
developed reduced-distortion pulse sequences (rFOV and msEPI) were in good agreement with
the standard ssEPI-based measurements. In combination with the reduced distortion provided by
these novel pulse sequences, these results demonstrate the potential of rFOV and msEPI, at the
cost of FOV size or scan time, to provide reproducible quantitative diffusion measurements
compared to sSEPI. This potential may have significant research and clinical implications for

diffusion MRI of the prostate.
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We have also investigated the feasibility and reproducibility of motion-robust and
distortion-corrected DW-MRI by combining optimized motion-compensated diffusion waveforms
(i.e. MODI) and msEPI acquisition. VVolunteer study showed promising image quality with reduced
ADC bias in the left lobe as well as reduced distortion. Importantly, this work demonstrated the
synergy of combining MODI and msEPI techniques resulted from the phase consistency between

shots offered by the motion-robust diffusion waveforms.

7.2 Future Works

7.2.1 Evaluation of the proposed techniques in a large patient cohort

In this thesis work, technical developments have been described to address challenges in
body DWI. Feasibility and reproducibility of the proposed techniques have been evaluated in
phantoms, healthy volunteers, and a small cohort of patient population. However, to further assess
the clinical robustness of these techniques, patient studies with a larger patient population are still
needed. More specifically, the following clinical studies need to be investigated:

1) The proposed STEM method for simultaneous T1, T2 and ADC mapping needs to be
evaluated in either brain or prostate patients. With a large patient cohort, we will have
the possibility to explore the three-dimensional parametric space that could potentially
characterize different diseases. By testing the optimized rapid STEM acquisitions, we
will be able to evaluate the clinical viability of acquiring quantitative T1, T2 and ADC

maps and using them as potential lesion diagnostic tools.
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2) The STE-DWI acquisition with moderate b-values needs to be further evaluated across
different gradient performance (i.e. different type of scanners) in prostate patients with
suspected prostate cancer. A more thorough design of clinical study is needed to
confirm the high-CNR performance and ADC robustness of the STE-DW!I acquisitions
in the prostate. This also has synergy with the previously described STEM study
because they both use a similar pulse sequence design.

3) The proposed combined method of MODI and msEPI for motion-robust, distortion-
reduced DWI in the liver also requires clinical validation in a large patient cohort with
liver metastases. A systematic test-retest experiment and evaluation by experienced
radiologists would be important to prove the clinical repeatability of this technique. In
addition, multi-scanner and multi-center studies needs to be performed in order to

assess the reproducibility.

7.2.2 Extension and improvement of the motion-robust DWI technique

Cardiac motion or cardiac pulsation introduced motion artifact is a major challenge of liver
DWI. However, many other applications are facing the same issue. Example applications include,
but not limited to, pancreas and esophagus DWI. The feasibility, reproducibility and repeatability
of motion-robust diffusion gradient design are being evaluated in these applications with
promising preliminary results. Future work needs to be conducted to optimize and evaluate the
motion-robust DWI technique (i.e. MODI) performance in these extended applications in healthy
volunteers and patients.

The MODI acquisition itself and the signal modeling of MODI signals need to be

investigated in future studies as well. First, an empirical M1 value was used in this thesis and
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proved to work. However, the M1 value needs to be optimized based on physiological parameters
and/or Cramér-Rao Lower Bound performance with digital simulation. Besides, using a fixed M1
value across b-values will affect the Intravoxel Incoherent Motion (IVIM) effect where the signal
decay behaves differently from using traditional monopolar diffusion encoding. Thus, a more

accurate signal model for IVIM effect in the liver needs to be studied and evaluated.
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