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Abstract

Magnetic resonance imaging (MRI) has become an important imaging modality in the field
of radiotherapy (RT) in the past decade, especially with the development of various novel MRI
and image-guidance techniques. In this review article, we will describe recent developments and
discuss the applications of multi-parametric MRl (mpMRI) in RT simulation. In this review,
mpMRI refers to a general and loose definition which includes various multi-contrast MRI
techniques. Specifically, we will focus on the implementation, challenges and future directions of

mpMRI techniques for RT simulation.

1 Introduction

In the last decade, the utilization of magnetic resonance imaging (MRI) in the field of
radiotherapy (RT) has seen a steady but definitive increase, ranging from MRI simulation and
treatment planning to treatment assessment and integrated MRI-guided RT systems (e.g. MR-linac
from ViewRay and Elekta).!® Tethered to changes in RT practice, the utilization of quantitative
(e.g. diffusion-weighted imaging [DWI]) to assess intra-treatment responses and to predict
outcomes has also seen a dramatic increase in research activity.*” Recent advances in MRI include
a new type of imaging acquisition sequence in which multiple image sets (e.g. T1 and T>) can be
obtained with a single acquisition.®*! In this review, multi-parametric MRI (mpMRI) techniques
refers to a general and loose definition which includes various multi-contrast MRI techniques.
These imaging approaches provide information on certain biological characteristics of bodily
tissues, which may be indicative of normal or pathological changes.'?* These multi-parametric

images, when analyzed together, are hypothesized to reveal fundamental biological changes during
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therapy and can predict treatment outcomes and toxicity. This has become an active area of
research in the field of RT.1>18

In response to the generation of mpMRI images, another area of active research is the use
of various techniques to acquire and analyze mpMRI images more efficiently, such as the use of
machine learning (ML) and artificial intelligence (Al).1*?2 Compressed sensing and ML are
becoming widely applied for faster image acquisition and to improve image quality, even with
sparse acquisition in the k-space.?3-2

This review article will discuss the implementation and challenges of mpMRI in the RT

simulation and provide insights into some of the emerging applications in this domain.

2 RT simulation
2.1 Simulation process

The application of MRI in the field of RT often starts with MRI acquisition for RT
simulation.?” Like computed tomography (CT) simulation, the purpose of MRI simulation is to
obtain patient images, preferably in the treatment position. However, unlike CT, MRI has superb
soft tissue contrast, which enables more accurate and confident target delineation and contouring.?
Multi-parametric imaging may be performed to obtain a baseline (or pre-treatment time point
+imaging), which can be used as additional information for margin determination and dose spatial
re-distribution and compared with subsequent imaging to identify treatment-associated changes.?®
31

Currently, many radiation oncology departments do not have dedicated MR simulators;
thus, MRI scanners must be shared with radiology departments, which is suboptimal because

imaging for RT planning often requires patients to be imaged in certain immobilization devices
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(e.g. VacLok).3? Nevertheless, MRI and third-party vendors have supplemented diagnostic MRI
devices with peripheral devices (e.g. coil holders to accommodate immobilization devices,
external lasers, and flat table tops) to make MRI simulation scans more comparable to CT
simulation.® We expect that dedicated MR simulators will become commercially available in the
coming years.

Typically, RT simulation scans are performed with patients in motion-restraining or
immobilization devices. Currently, the MRI scanner couch is overlaid with a flat board with index
notches that allow for lock-down of VVacLok and other patient-positioning devices.3* Additionally,
scans are often performed with surface coils overlaid on a coil holder, such that the weight of the
coils will not change the outer contour of the body. Typically, conventional head and neck coils
are not used for diagnostic scans because patients are usually scanned with facemasks, which do
not fit conventional head and neck coils; thus, a set of surface coils are often used to provide
coverage as well as to accommodate the mask.35-%

Once the scans are completed, images are transferred to the treatment planning system and
are often fused with CT simulation images from which electron density information can be
obtained.® However, an MR-only workflow has been developed in which electron density
information can be obtained by MRI using a technique called synthetic CT.3**! This negates the

CT simulation scan, which in turn simplifies the simulation and treatment planning process.

2.2 Imaging requirements
Compared with diagnostic MRI, RT simulation using MRI typically has a more limited
number of sequences than with diagnostic scans. In addition, RT simulation has the following

specific requirements: (1) patients must be scanned in immobilization devices; (2) imaging slice
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thickness is typically thinner in RT simulation scans; (3) imaging scans for RT are typically
performed in the axial plane, unlike diagnostic scans in which scans are oblique (e.g. spinal scans);
and (4) patient positioning, physiological status (respiratory state, bladder filling, etc.), and
scanning range are matched for RT purposes, while for diagnostic scans, these requirements are
often ignored or not strictly enforced.®® Otherwise, the processes of patient safety screening,

intravenous contrast administration screening, and scanning are rather similar.

3 Multi-parametric MRI techniques

One of the major strengths of MRI is its versatility in visualizing tissue contrast. By
activating various contrast mechanisms in MR pulse sequences, mpMRI allows visualization and
assessment of tissues based on a range of intrinsic physical and physiological properties, including
their T and T2 values, magnetic susceptibility, blood perfusion, blood vessel permeability, cellular

density, and oxygenation.

3.1 Weighted images

The earliest and most widely used tissue contrast mechanisms are Ti- and T2-weighted
qualitative imaging techniques. These weighted images have been implemented in most of the
MRI protocols and have been used to provide anatomical information in RT simulation. With these
techniques, tissue contrast originates from differences in T1 and T values between tissues, and the
echo time (TE) and repetition time (TR) are tuned to provide the desired tissue contrast. For
example, a Ti-weighted (T:w) image are typically produced by using short TE and TR, while a
To-weighted (T2w) image uses long TR and TE. The specific applications of the weighted MRI

depend on the disease sites. For example, the T:w image can be used to differentiate the
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hepatocytes from tumor in liver cancer while the T2w image can be used to visualize the pancreatic
and common bile ducts to help define the tumor extension in pancreatic cancer.*>*® Apart from the
Tiw and Tow MRI, the T2*w MRI, in which faster T>* relaxation time caused by magnetic field

inhomogeneity is measured, has been used to probe tissue iron deposition and hemorrhage.*+4°

3.2 Quantitative images

The T1/T2/T2* contrast mechanism of MRI can be further enhanced using gadolinium (Gd)
contrast agents. By shortening the tissue T1 and T» relaxation times, Gd boosts the MRI signal
when a Tiw pulse sequence is used. Gd agents typically have a small molecular size and traverse
freely across capillary walls.*® After intravenous administration, Gd agents enhance the tissue
signal following blood flow into the tissue of interest, enabling investigators to probe tissue blood
perfusion and blood vessel permeability. Pre-contrast images are usually acquired as well to relate
the post-contrast images. Such a strategy, named dynamic contrast-enhanced MRI (DCE-MRI),
acquires a dynamic series of Tiw images that covers both the initial first passage of the Gd contrast
into the tissue (wash-in) and the delayed phases when the Gd is slowly cleared out of the tissue
(wash-out). Based on the arterial input function (AIF), which refers to the concentration of tracer
in blood-plasma in an artery measured over time, it is possible to qualitatively assess tissue
perfusion and to calculate several semi-qualitative parameters as surrogates for tissue perfusion,
such as the slope of the initial wash-in curve and the area under the curve.*” Moreover, it has been
shown that sophisticated multi-compartmental models can be used to extract quantitative
parameters based on the same temporal signal enhancement curves.* The most commonly derived
parameters include K" (the volume transfer constant of Gd from the intravascular space to the

extracellular extravascular space [EES]), Kep (the volume transfer constant of Gd from the EES to
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the intravascular space), and V. (the fractional volume of the EES). Due to its ability to probe the
physiology of the tumor microenvironment, DCE-MRI has shown great potential as a method to
evaluate and predict the tumor response to RT and chemotherapy.*®°* Apart from the DCE-MRI,
dynamic susceptibility contrast (DSC) MRI is one of the most frequently used techniques for
perfusion measurement, which relies on the Gd-based contrast agent (GBCA\) related susceptibility
induced signal loss on T>*w imaging. It is a common technique used for the glioblastoma patients
and has demonstrated the ability for differentiation among tumor recurrence, tumor necrosis, and
pseudo progression.>> However, further development and evaluation should be conducted to
explore the full potential of DSC-MRI in RT.

Both DCE-MRI and DCS-MRI require Gd contrast, which may represent a disadvantage
when imaging needs to be performed repeatedly to longitudinally monitor the tumor response to
RT as studies have shown that GBCAs have potential toxicity effects, such as allergic reactions,
nephrotoxicity, and even fatal nephrogenic systemic fibrosis.>*- Its signal depends on the blood
perfusion, which is a more indirect measure of the response of the tumor. DWI, as a quantitative
imaging modality, does not require an exogenous contrast agent and has widespread applications
in RT diagnosis and prognosis.>¢-%®

With DWI, images are acquired by measuring the random Brownian motion of water
molecules within a tissue voxel.>>®° Restricted diffusion appears bright on DWI, whereas free
diffusion corresponds to a dark signal. Apparent diffusion coefficients (ADCs) can be calculated
from isotropic images obtained by DWI or by calculating the arithmetic mean of the ADCs
generated from each directional diffusion map. The diffusion is “apparent” because water
movement in the body is affected by the cellular environment and human conditions. The degree

of diffusion weighting in an image is controlled by the b-value. The higher the b-value, the more
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pronounced the diffusion-related signal attenuation. As the diffusivity of water molecules in the
extracellular environment is generally larger than in the intracellular environment, the diffusion
MRI signal is very sensitive to cellularity. Tumors with cell death in response to RT generally have
a reduced cellular density and hence a high ADC.®* Therefore, DWI is suitable for monitoring the
response of the tumor to therapy. The optimal timing of DWI for the maximal treatment response
assessment has to be determined based on the type of tumors and treatment strategies.®? For
example, a study has demonstrated that significant ADC change has been observed at week 6
during fractionated RT course for prostate cancer®®, while another study has demonstrated that the
ADC values for cervical cancers increased robustly after 2 weeks of chemo-RT®4.

In the era of precision medicine, it is highly desirable to predict the tumor’s response early
in the course of therapy so that adjustments can be made to address non-responding tumors. Early
results have shown that DWI, either acquired intermittently during therapy or longitudinally at
regular time intervals, has the potential to provide accurate information about the tumor response
to therapy.®>%” These data may be incorporated into future prospective adaptive RT trials.

In the context of tumor physiology, oxygenation is of central importance. The degree of
tumor oxygenation has a direct impact on the radioresistance of tumor cells.®®"° Oxygenation MRI
could therefore prove highly impactful in the assessment of the tumor response. In particular, blood
oxygenation level-dependent (BOLD)-MRI detects differences in oxygenated and deoxygenated
hemoglobin. Deoxygenated hemoglobin is paramagnetic, whereas oxygenated hemoglobin is not.
As a result, deoxygenated hemoglobin causes local proton dephasing, shortens T.*, and reduces
the signal from tissues in the immediate vicinity. Using BOLD-MRI sequences with T>*w imaging,
the degree of tissue oxygenation can be inferred without the use of an exogeneous contrast agent.

Currently, BOLD-MRI still suffers from a low signal-to-noise ratio (SNR) and confounding factors,
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such as static magnetic field (Bo) inhomogeneity. Oxygen Enhanced MRI (OE-MRI) is another
technique that detect the spin-lattice relaxation rate contrast which is directly related to the
concentration of free oxygen molecules.” Therefore, the OE-MRI can also provide information
related to hypoxia and has been investigated for RT response recently.’>”® Further developments
and optimizations may lead to promising non-invasive means for detecting and monitoring tumor

hypoxia.

4 Implementation
4.1 Benchmarking and quality assurance of mpMRI

At present, benchmarking of quantitative performance metrics in MRI has been largely
established by the Quantitative Imaging Biomarker Alliance working groups. Through the
development of consensus profiles’ to standardize imaging methods, several mpMRI approaches,
including DWI, DCE-MRI, and DSC-MRI, have been determined as sufficiently reproducible in
the established literature. One commonly used benchmarking endpoint is repeatability, which is a
measure of precision based on replicate measurements taken over a short period of time.
Repeatability assessment requires fixed parameters and a fixed scanner, operator, and
reconstruction algorithm. A common descriptor is the within-subject coefficient of variation in a
test/retest design.’* Reproducibility also involves replicate measurements over a short period of
time, but in this case, a procedural aspect is varied, such as the timing, operator, or MRI platform.
Reproducibility is defined by the least significant difference between two repeated measures under
different conditions. DWI-specific quantitative performance metrics also include ADC bias at the
magnet isocenter, random error within a region of interest (e.g. precision), SNR at each b-value,

dependence of the ADC on the b-value, and ADC spatial dependence.
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4.1.1 Phantoms for mpMRI benchmarking

Perhaps the simplest phantom for quantitative MRI benchmarking is one that consists of a
tube filled with distilled water surrounded by ice water at 0<C, which is known to have a standard
diffusion coefficient of 1.10 <10 mm?/s.” For evaluation over a larger range of expected values,
another diffusion phantom (High Precision Devices Inc., Boulder, Colorado) containing 13 vials
of aqueous solution of 0%-50% w/w polyvinylpyrrolidone surrounded by ice water to ensure
measurements at 0<C may also be used.

At present, several phantoms have demonstrated the utility for multi-institutional
quantitative MRI benchmarking. One such example is the National Institute of Standards and
Technology (NIST) traceable NIST/ISMRM System Standard Phantom®’” (QalibreMD, Boulder,
Colorado), which consists of multiple layers with embedded sphere vials that span value ranges
for quantitative T1, T2, and proton density (PD) mapping using varied nickel chloride (NiCly),
manganese chloride (MnCl.), and water concentrations, respectively. Similarly, the Eurospin TO5
phantom (Diagnostic Sonar, Livingston, Scotland) contains doped gel-filled tubes to evaluate T
and T> mapping and tubes that can be used to vary the concentration of Gd contrast agent for
benchmarking. These phantoms have been implemented to benchmark mpMRI sequences in
diagnostic MRI,”68° Jow-field MR-linacs,® and high-field MR-linacs.®?

Recently, a novel quantitative MRI phantom has been introduced that leverages three-
dimensional (3D) printing to create anatomy-mimicking slabs containing gels doped with different
concentrations of NiClzand MnCl: to yield T1 and T2 values, respectively. The initial results
appear promising to within ~10% of expected with realistic human geometries.®® Regardless of the

phantom used, mpMRI endpoints have a temperature dependence®*25; thus, experimental designs
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should ensure that phantoms equilibrate to room temperature (or to the temperature required for

quantification) and undergo temperature monitoring.

4.1.2 Quantitative accuracy

Several investigator-led multi-institutional comparisons have been made to help establish
confidence intervals and benchmarking data for mpMRI sequences, as outlined in Table 1. These
data can also be developed by adding technical assessment procedures based on a specific clinical

trial protocol to yield tighter confidence limits for quantitative metrics.

Table 1: Multicenter benchmarking studies and key results for mpMRI.

#Institutions/MRI

mpMRI
scans/field Phantom Key methods Key results
sequence
strengths
SD of bore-center ADC of
<2%; repeatability of <4.5%.
ADC at magnet center:
Ice water,
Uniform intra-exam repeatability of
temperature-
protocol, central <1%
DWI8 18/35/1.5,30T controlled
processing Inter-site reproducibility of
diffusion
<3%
phantom

ADC bias of 5%—-15% for off-
center measurement due to

gradient non-linearity

11



Cylindrical

>80% of mean ADCs were
Evaluated b-
<5% from the nominal value
values of 0-1000

DWI® 26/35/1,1.5,3.0T doped water Short-term repeatability of
s/mm? and 0
phantom ADC of <2.5% for all scanners
3000 s/mm?
ADC: -0.007 to 0.029 <10
3 mm?/s (median repeatability
= 3%; reproducibility = 18%)
Uniform
protocol, central
T1:0.39-1.29 (median
processing
repeatability = 1%;
Short-term
reproducibility = 33%)
TiT> ISMRM/NIST repeatability
mapping, phantom over three scans
15/15/1.5,3.0T T2: bias = 0.88-0.98 (median
DWI, DWI phantom DWI data
repeatability = 1%;
DCE®® analyzed with

reproducibility = 12%)
the QIBAPhan

software package
DCE: non-linear vendor-

specific relationship between
measured and expected with
magnitude data, linear with

phase data

12



Repeatability
Uniform VFA VFA: median error = 0.7%—
and IR-SE 25.8%

protocols, central

processing IR-SE: Median error = 0.2%-—
Repeatability 8.3%
T1 ISMRM/NIST assessed using
8/8/1.5,30T
mapping® phantom general linear Interplatform reproducibility
mixed models with VFA was lower at 3.0 T
Interplatform thanat 1.5 T and
reproducibility lower than with the IR-SE
assessed via protocol
CoV
Uniform
protocol
MRF highly repeatable
T4/T> Thirty datasets
(within-case CoV <4% for
mapping ISMRM/NIST  acquired over 30
3/4/15,30T T1 and <7% for T2) and
with phantom days
reproducible (within-case CoV
MRF® Repeatability

<5% for both T1 and T>)
and

reproducibility

13



characterized by
within-case CoV

Bias assessed
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262

CoV, coefficient of variation; VFA, variable flip angle; SD, standard deviation; MRF, magnetic

resonance fingerprinting; IR-SE, inversion recovery spin echo.

4.1.3 Geometric accuracy
High geometric fidelity is of paramount importance in MRI for RT. The accuracy of spatial

mapping depends upon several factors, including field uniformity and the linearity of a particular
magnet’s gradient system, which is the major contributing factor. Imperfection in these parameters
results in geometric distortion. While MRI vendors incorporate two-dimensional (2D) and 3D
correction algorithms to correct raw MRI data for known gradient non-linearities (GNLS) in their
gradient coil designs, residual distortion still exists in the images, particularly as the distance from
the magnet isocenter increases.®®®® As a result, efforts should be made to center the prescribed
imaging volume near to the center of the magnet bore to reduce the impact of GNL. For example,
in an evaluation of 35 clinical MR systems performed at 18 institutions with a uniform data
acquisition protocol and phantom coupled with central processing, large ADC non-uniformity
errors (5%-15% bias) were present for off-center measurements (2110 mm in the right-to-left [R/L]
direction and 270 mm in the superior-to-inferior [S/I] direction) that were consistent with GNL.%
Recent guidance from AAPM TG-284 suggests that due to the stability of GNL, it should be

characterized during commissioning and after major equipment changes.®® Another critical
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parameter that impacts the geometric distortion is the slew rate of the magnet as it impacts the
readout bandwidth. Stronger gradients and faster slew rates will shorten effective echo times and
subsequently reduce geometric distortion in echo planar imaging (EPI)-based DWI and other
quantitative imaging applications. Large-volume phantom, such as the GRADE phantom from
Spectronic Medical AB, 604-GS phantom from CIRS, and GrID phantom from Gamma Gurus,

can be used to evaluate the geometric distortion of the large-bore MRI in RT applications.®

4.2 Application of mpMRI

Many patients who require RT will undergo an mpMRI scan to facilitate tumor delineation
or subvolume targeting. However, potential pitfalls may occur if mpMRI is used without
discrimination and caution. In this section, the practical aspects of implementing and interpreting

mpMRI will be discussed.

4.2.1 Site considerations

The applications of mpMRI at different disease sites have different requirements and
considerations. However, one shared practice for different sites is that mpMRI should ideally be
acquired with an immobilization device in the treatment position. This reduces deformation,
registration error between MRI and planning CT, and motion artifacts, which in turn improves the
registration efficiency, image quality, and contour accuracy. The typical mpMRI sequences used
in RT for different sites are summarized in Table 2. Common practice for different sites is

discussed in the following sub-sections.

Table 2: Typical mpMRI sequences used in RT for different sites.

15



Tiw Taw DWI Cine FLAIR
Acquisition 3D 2D axial 2D axial NA 2D axial
Pre-
Brain Pre-/post- Pre-/post- Pre-
Contrast agent NA /post-
contrast contrast contrast
contrast
Acquisition 2D axial 2D axial NA NA NA
Head and
Pre- and post-
neck Contrast agent Pre-contrast NA NA NA
contrast
2D in
Acquisition 3D 2D axial 2D axial three NA
Lung directions
Pre-/post- Pre- Pre-/post-
Contrast agent Pre-contrast NA
contrast contrast  contrast
2D axial
Acquisition 2D axial/3D NA NA NA
and sagittal
Breast
Pre-/post- Pre-/post-
Contrast agent NA NA NA
contrast contrast
2D in3
Acquisition 2D axial/3D 2D axial 2D axial NA
directions
Abdomen
Pre-/post- Pre- Pre-/post-
Contrast agent Pre-contrast NA
contrast contrast  contrast
2D axial
Pelvis Acquisition 2D axial/3D 2D axial NA NA
and sagittal

16
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300
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302

303

304
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306

Pre-/post- Pre-/post- Pre-
Contrast agent NA NA
contrast contrast contrast

4.2.1.1 Brain

With brain MRI, the most popular T:w sequence is inversion-recovery gradient echo (IR-
GRE). Turbo spin-echo (TSE) is most commonly used for Tow imaging and fluid-attenuated
inversion recovery (FLAIR) imaging, and EPI is most often used for DWI. Figure 1 demonstrates
an example of mpMRI images from a patient with brain cancer. The in-plane resolution
requirement for Tiw, Tow, FLAIR, and post-contrast T1w imaging is typically 1 mm isotropic and
less than 2 mm isotropic for DWI. The primary concern of MRI simulation of the brain is the
accuracy of tumor depiction, especially in the context of stereotactic radiosurgery.®® ldeally,
isotropic 3D sequences are preferred for this purpose because they are resistant to partial volume
effects, are less affected by Bo inhomogeneity, and are continuous without gaps. Three-
dimensional IR-GRE sequences are widely used for brain tumors and are suggested by the
standardized brain tumor imaging protocol.?® However, 3D TSE and 3D gradient echo with volume
interpolated sequences (VIBE by Siemens, LAVA-Flex by GE, THRIVE by Philips, 3D Quick by
Canon, and TIGRE by Hitachi) are also frequently used for brain MRI simulation. Studies have
also shown superior tumor contrast and neuroradiologist rating for 3D TSE sequences compared
with 3D IR-GRE and 3D gradient echo with volume interpolated sequences.®”*° However, 3D
sequences may not be available for all sequences and scanners. In such cases, a slice thickness of
less than 4 mm is recommended with no gap on 1.5-T scanners and less than 3 mm with no gap on
3.0-T scanners. DWI is typically acquired with b-values of 0, 500, and 1000 s/mm? on both 1.5-T

and 3.0-T scanners. Post-contrast T,w imaging is typically used for its hyperintense tumor
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appearance to aid tumor visualization. FLAIR imaging is used for suppression of the fluid signal
to increase tumor conspicuity. It is worth noting that FLAIR imaging has a lower SNR intrinsically
than other standard sequences. Therefore, an 8-16 echo train length is recommended for FLAIR
imaging. Contrast injection is usually conducted after T:w imaging, FLAIR imaging, and DWI.
Post-contrast Tiw imaging is usually performed between 4 and 8 minutes after contrast injection,
with Tow imaging acquired right before T:w imaging. However, several studies have reported
better tumor visualization 15-20 minutes after contrast injection.'%2192 Also, a higher dose of
contrast agent has also been proven as helpful for tumor visualization.'® Therefore, the specific
protocol should be determined based on the condition of the patient, the hardware, and the clinic

workload, amongst other considerations.

Figure 1. Example mpMRI images from a patient with brain cancer. A shows the 3D post-

contrast T1w image using fast gradient echo sequence. B shows the 2D axial pre-contrast Tow

image using TSE. C shows the 2D axial pre-contrast FLAIR image. D shows the 2D axial post-

18
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contrast Tow image using FLAIR. E and F show the 2D axial pre-contrast DWI images with b-

values of 50 and 1000, respectively. G shows the ADC map derived from E and F.

4.2.1.2 Head and neck

Unlike the brain region, the head and neck region requires a larger field of view in superior-
inferior direction; thus, 3D sequences are not ideal for application in this region. Two-dimensional
sagittal/coronal pre-/post-contrast T:w/T.w MR images are occasionally included to minimize the
acquisition time, avoid aliasing, and provide a better view of certain anatomy. However, unlike
diagnostic MRI, axial images are still mostly used for the purposes of registration and contouring.
Fat saturation techniques are frequently used in this region to better visualize the tumor and
surrounding organs. Another promising sequence for the head and neck region is DWI. Although
it has not been widely accepted as a clinical standard to image the head and neck region, several
studies have revealed the ability of DWI to aid early visualization of primary tumors and nodal
involvement, and to predict treatment outcomes.*%1% However, its application in the head and
neck region is still hampered by large geometric distortion because of the structural complexity of
this region.1® Nevertheless, research is being conducted to solve this problem using dedicated
acquisition and post-processing methods. For example, the RESOLVE sequence from Siemens (or
MUSE from GE, DWI with segmented EPI from Philips, and FASE DWI from Canon) is a multi-
shot EPI technique that could reduce the distortion in DWI in head and neck region.X?’ It is
conceivable that DWI will be incorporated into clinical protocols for head and neck imaging in

more centers in the future, 208109

4.2.1.3 Lung
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Current lung cancer RT strategies are mostly based on CT, and the application of MRI in
the lung is limited because of the low PD of lung tissue, magnetic susceptibility, and respiratory
motion.**® However, MRI can help in tumor delineation and motion management for certain lung
cancer cases, including lung cancers located at the mediastinum and at the lung periphery.!1-114 A
typical Tow sequence used for the lung is axial single shot fast spin echo (HASTE by Simens,
Single-shot FSE by GE, Single-shot TSE by Philips, FASE by Canon, and single shot FSE by
Hitachi) pre-contrast Tow for its fast speed. Different from the other static body parts, 2D cine
images are often needed in lung regions to assess the motion range of the lung tumor. Because of
compromised lung function in patients with lung cancer, it is difficult for most patients to hold
their breath during MRI. Therefore, free-breathing or gated acquisition schemes are mostly used
for patients with lung cancer. One study has shown sufficient image quality for RT purposes using
free-breathing StarVIBE and SpiralVIBE sequences, indicating a potential improvement in

scanning efficiency.!t®

4.2.1.4 Breast

Whole-breast irradiation is typically administered for 5-7 weeks after lumpectomy. The
goal of mpMRI of the breast is therefore mainly focused on the identification of lumpectomy sites
and lymph nodes. For example, the T1w sequence can be used to provide anatomical information
and delineate lymph nodes, while the Tow sequence is typically used for lumpectomy site
identification.**'118 When imaging the breast, the mpMRI sequences are typically conducted

with fat saturation for better visualization of the target area.

4.2.1.4 Abdomen
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Abdominal MRI plays an important role in RT for better tumor visualization. Similar to
lung mpMRI, 2D cine images are often used for tumor motion measurement. Fat saturation
techniques are used in most abdominal MRI scans to suppress the fat signal in this region. Post-
contrast T1w scans of the abdomen may be acquired in different phases to visualize different targets.
For example, arterial-phase contrast-enhanced Tiw imaging may be used for primary cancer, and
delayed-phase contrast-enhanced T;w imaging may be used for hypo-vascular metastases.*® It is
critical to ensure the repeatability of positioning in simulation and RT treatment for abdominal
cancers, especially for gastric cancer 1*°. One possible practice is to ask patients to drink a certain

volume of water (e.g. 500 mL) before abdominal MRI and RT treatment 1%,

4.2.1.5 Pelvis

Typical cancers in the pelvic region include prostate, rectum, and cervical cancer. The
mpMRI sequences for these cancers include 2D axial pre-contrast Tow, 2D sagittal pre-contrast
Tow, 2D axial/3D pre-contrast T:w, 2D axial pre-contrast DWI, and 2D axial/3D post-contrast Tiw
sequences. Fat saturation is also commonly used in this region to improve visualization of different
organs. Tow imaging is typically used for organ delineation, including the prostate, rectum, and
bladder.*3121122 Similar to abdominal MRI scanning practice, water consumption (e.g. 300 mL)
before scanning is recommended to increase the positioning repeatability, especially for prostate

cancer MRI scanning!?-1%7,

4.2.2 Respiratory motion management
Respiratory motion is the most prevalent motion for thoracic and abdominal tumors and

has been investigated intensively over the years.*?®3% Organ motion may also compromise the
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image quality of different mpMRI sequences. For example, DWI is sensitive to the random motion
of water molecules and bulk organ movement (e.g. cardiac and respiratory motion). Such motion
can degrade the quality of DWI and create artifacts and quantitative errors. The organs and tissues
that are prone to respiratory motion include the lungs, esophagus, breast, prostate, kidney, pancreas,
and liver. In some studies, researchers have measured the tumor or the host organ, while in other
studies, surrogate organs, such as the diaphragm, have been measured. According to different
studies, breathing patterns vary in amplitude, rate, and regularity during the whole RT process.'**
137 Large variations between patients have also been demonstrated, indicating the need for
personalized respiratory management. 138140

The reported motion measurement results for lung tumors vary significantly across
different studies. Dinkel et al. reported an average lung tumor motion of 7.4 mm in the LR direction,
7.4 mm in the anterior-to-posterior (AP) direction, and 6.6 mm in the Sl direction in seven patients
with bronchial carcinoma using four-dimensional (4D) MRIL* Thomas et al. investigated
intrafractional lung tumor motion using the ViewRay system and reported that the largest tumor
centroid motion (+standard deviation [SD]) was within 18.0 3.0 mm.*? Respiratory motion not
only has a significant influence on lung tumors, but also on abdominal tumors. In general, the Sl
direction is the dominant direction in which abdominal organ motion occurs, while in the AP and
LR directions, the motion amplitude is usually less than 2 mm.143145 Akino et al. previously
investigated liver tumor motion using cine MRI in six patients with stereotactic body radiation
therapy (SBRT) and reported an average tumor motion of 2.4 £1.4 mm, 4.4 £3.3 mm, and 14.7 =
5.9 mm in the LR, AP, and SI directions, respectively.!* Yang et al. measured pancreatic tumor
motion using 4D-MRI in 10 patients undergoing RT and reported a tumor motion of 3.6 1.5 mm

in the Sl direction.'*® Nonaka et al. quantified different abdominal organ motions in 35 volunteers
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using cine MRI and reported an average kidney motion of 1.0 mm in the LR direction, 1.0 mm in
the AP direction, and 2.0 mm in the SI direction.®® All of these studies have suggested that
abdominal cancer can move significantly in the Sl direction and that it can vary considerably
between patients. Therefore, accurate measurement of tumor motion for each individual is crucial

for accurate radiation dose delivery to the target.

4.2.2.1 Motion artifact reduction

Motion-induced artifacts are most commonly seen in the chest and abdominal regions. In
RT simulation, immobilization devices can reduce patient motion and ensure reproducibility
between the simulation and treatment.*%® In addition to immobilization devices, several techniques
have been proposed to reduce artifacts, which can be grouped into three general categories:
acquisition acceleration, motion compensation, and Al-assisted approaches. Acquisition
acceleration techniques include parallel imaging, compressed sensing, and simultaneous multi-
slice excitation.*”1> These acceleration techniques can be used individually or in combination to
improve the acquisition speed and reduce motion artifacts. However, these techniques can
compromise the SNR and other artifacts, such as parallel imaging artifacts.’**>” Motion
compensation techniques are widely used in clinical practice, including breath-hold, respiratory
synchronization, and non-Cartesian sampling.*>®-168 Breath-hold is a straightforward method to
obtain a satisfactory image quality. However, breath-hold may limit the total acquisition time and
restrict the image resolution due to the limited acquisition time available per breath-hold.*¢%"° The
repeatability of the breath-hold phase and compromised lung function in certain patients have
hampered the use of breath-hold in a large proportion of patients undergoing RT. For these patients,

respiratory synchronization techniques may be applied for artifact reduction. Respiratory
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synchronization can be achieved by tracking respiratory motion using external or internal
surrogates. Three methods are typically used, including triggering, gating, and tracking. However,
respiratory synchronization techniques may be challenged by breathing irregularity, uncertainty in
respiratory surrogates, and prolonged scanning times. Non-cartesian sampling techniques, such as
radial sampling (e.g. StarVIBE, Radial VIBE, and BLADE from Siemens; PROPELLER from GE;
RADAR from Hitachi; JET from Canon; and MultiVane XD from Philips) alleviate motion
artifacts during acquisition because they are not propagated in the phase-encoding direction due to
different k-space line directions. Al-assisted approaches for artifact reduction have also been
proposed.t’*1® These approaches remove motion artifacts through reconstruction or post-
processing, and they have yielded promising results. However, these methods still need to be

verified before clinical application.

4.2.2.2 AD-MRI

Over the last 20 years, various researchers have proposed numerous methods for 4D-MRI,
which have yielded promising results in both volunteers and patients.!’” It can provide valuable
information for image-guidance of RT including the tumor motion amplitude, tumor localization,
treatment verification, and treatment monitoring.*’®1® Figure 2 demonstrates an example of 4D-
MRI in a patient with liver cancer. Several reconstruction methods have been developed for 4D-
MRI generation, and they can be grouped into two main categories: 1) prospective 4D-MRI and 2)
retrospective 4D-MRI.

Prospective 4D-MRI can be achieved using real-time 3D acquisition or fast 2D acquisition
with a respiratory triggering system to preselect respiratory amplitudes.*®%*®” Compared with

retrospective reconstruction methods, prospective reconstruction methods acquire images in pre-
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determined conditions, which makes them less susceptible to breathing irregularity. However,
preselection of respiratory amplitudes is achieved in the preparation stage before real image
acquisition. Thus, if there is a substantial difference in the patient’s breathing pattern or baseline
between the preparation and acquisition stages, the acquisition time will be prolonged. This
phenomenon limits the clinical application of this technology. For example, Yuan et al. proposed
a4D-MRI technique that uses the commercial 3D gradient echo with volume interpolated sequence
with controlled aliasing in parallel imaging, which results in higher acceleration.'® However, the
relatively low temporal and spatial resolutions (0.615 s/volume and 2.7 x 2.7 x 4.0 mm?3,
respectively) and the commonly seen motion artifacts of their method still need further
improvement for most RT applications. Du et al. developed a prospective amplitude-triggered 4D-
MRI protocol that uses respiratory state splitting to improve triggering efficiency.'®! Their 4D-
MRI protocol offers a Tow sequence for better tumor visualization.

Retrospective 4D-MRI can be achieved by continuously acquiring images with a
respiratory signal recorded simultaneously and then assigning 2D slices to corresponding
respiratory phases using internal or external surrogates.'®-1% Many studies have used fast MR
sequences, including spoiled gradient echo and balanced steady-state free precession (bSSFP)
sequences. For example, Cai et al. developed a retrospective 4D-MRI technique that uses an
image-based surrogate for respiratory motion.**® A 2D fast Tw/Tiw steady-state free precession
MR sequence was used in their study, which showed that the proposed 4D-MRI technique can
accurately measure respiratory motion in patients with liver cancer with an error of less than 1 mm.
However, although fast, spoiled gradient echo and bSSFP sequences are T:w and Tiw/Tow,
respectively, meaning that they demonstrate insufficient tumor—tissue contrast, even with Gd

enhancement. To provide better tumor contrast, Liu et al. developed a novel result-driven phase-
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sorting method, which selects the most representative image from redundant images in each phase
for 4D-MRI with a T.w HASTE high-speed sequence.'®* Compared with 2D acquisition methods,
3D acquisition methods provide isotropic voxel sizes and higher SNRs. Buerger et al. proposed a
3D golden radial phase encoding with 1-D self-navigation 4D-MRI, which achieved a 1.75-mm
isotropic voxel size in ~7 minutes.’® However, because the TR is generally short with 3D
acquisition, the image contrast is usually insufficient for RT applications. Also, the image quality
may be impaired by undersampling artifacts in patients with irregular breathing, and the prolonged
readout time compared with 2D acquisition requires a more sophisticated pulse sequence design
and post-processing techniques.

Nevertheless, 4D-MRI still has not been widely accepted in the clinic, though a
considerable number of methods have been published in the literature over the last decade. Future
work is required to develop custom pulse sequences and reconstruction algorithms and to further

evaluate and improve spatial resolution and integrity.

A

Figure 2. An example of 4D-MRI in a patient with liver cancer. A shows the T;w 4D-MRI
image. B shows the Tow 4D-MRI image. The white dashed line helps to better visualize

motion.
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5 Outlook and Discussion
5.1 Challenges to the implementation of mpMRI in the clinical setting of RT

There are still many technical challenges to the implementation of mpMRI for high-
precision RT, including the repeatability and reproducibility of quantitative imaging features,
management of inter-/intra-fractional motion, improvements in geometrical accuracy and spatial
resolution, identification of target boundaries using quantitative imaging parameters, lack of
biological validation of the derived parameters, and understanding of complicated quantitative
relationships between pathophysiological conditions and imaging features. These challenges have
hampered the adaptation of mpMRI in RT simulation and its implementation in further RT

applications such as dose escalation, treatment adaptation, and dose painting.

5. 1.1 Challenges with DWI
DWI has a relatively short acquisition time and high contrast resolution between tumors

and healthy tissues, which is beneficial for target delineation. However, DWI is sensitive to cell
type, geometry, and permeability at the micron scale due to its direct dependence on water
diffusion in the tissue microstructural environment. DWI is generally based on single-shot EPI
sequences and is highly sensitive to susceptibility errors due to the low-pixel bandwidth in the
phase-encoding direction. DWI distortion has contributing factors, including:

* Bo inhomogeneity

* Applied gradient linearity

* Magnetic susceptibility of the subject, such as an air-filled rectum or endorectal

coil balloon and bone-tissue interfaces

e Chemical shift artifacts
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« Motion artifacts

The distortions are system-specific, and they also vary from patient to patient. A higher
field strength yields a higher SNR, which can be traded off against temporal or spatial resolution
to improve contrast. Thus, higher field strengths yield more versatile MRI data and improve image
guidance scenarios. However, susceptibility artifacts are increased at higher field strengths and the
geometric fidelity is critical in RT simulation. Methods used to correct these distortions typically
fall into three categories: retrospective mapping of the magnetic field computed from phase images
acquired at different echo times, prospective slice-by-slice shim, and central frequency update,®’
or a combination readout-segmented EPI and parallel imaging by accelerating the k-space traversal
in the phase-encoding direction.*®® In the absence of fat-suppression techniques, a high readout
gradient can be used to minimize chemical shift artifacts, as well as Bo and susceptibility effects.

Ultra-high b-value (>1000 sec/mm?) DWI may improve tumor delineation with highly
restricted diffusion from benign tissues and less T shine-through effects.’®2% However, this
comes with the tradeoff of a low SNR, which needs to be compensated by a longer scan time to
increase the number of excitations to optimize image quality. In general, a high b-value (>700
sec/mm? at 1.5 T and >1000 sec/mm? at 3.0 T) is recommended for prostate DWI, and a post-
processed ADC map is necessary to identify and evaluate prostate tumors, both objectively and
subjectively. Although studies have shown significant differences in ADCs between cancerous and
healthy prostatic tissue, ADC values should be interpreted carefully in patient care due to technical
variability and lack of consensus on the ADC of cancerous tissue.

The ADC values are derived from a mono-exponential model which contains both
diffusion and perfusion information. The intravoxel incoherent motion (IVIM) model can take the

perfusion and diffusion parameters into account separately in DWI by using a bi-exponential
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function. Generally, the IVIM can describe the DWI signal decay more accurately. Study has
shown that the perfusion fraction derived by IVIM is related to the locoregional recurrence after
treatment for head and neck patients.2%* However, it also requires higher data quality as it contains
four fitting parameters in the bi-exponential model. Other DWI models have also been investigated
including the Kurtosis model.?> However, more investigation is warranted for their validation and

application in RT simulation.

5.1.2. Challenges with DCE-MRI

DCE-MRI uses various physiological parameters to quantify tumor perfusion and
microvascular vessel wall permeability within tumors and surrounding tissues. It typically takes
more than 5 minutes to acquire image sequences due to slow capture of temporal changes in the
enhancement of contrast agent passing the capillary wall. There is always a trade-off between the
spatial and temporal resolutions for DCE-MRI acquisition, especially for RT simulation where
time efficiency is an important consideration. The required spatial and temporal resolutions vary
among different body sites. For instance, the acquisition of DCE-MRI for breast, prostate, and
liver is more challenging compared to brain and head and neck region. The specific
implementation details of DCE-MRI can be found in the QIBA guidelines.? The main challenges
with DCE-MRI include the reproducibility and technical difficulties in data acquisition, the
difficulty in data analysis and interpretation, and model development for quantitative analysis.

Similar to DWI, various approaches have been investigated to address data acquisition to
improve the SNR, reduce geometric distortion, increase the readout bandwidth, and apply parallel
imaging. DCE-MRI data analysis needs to derive the AIF from the concentration of contrast agent

in the blood plasma. Accurate derivation of the AIF is subject to temporal resolution, partial
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volume effect, signal non-linearity, and B1 inhomogeneity.?%® An average cohort AIF derived from
a suitable population could achieve better repeatability than individual AlIF values.

In the past decade, several models have been utilized for the pharmacokinetic analysis of
clinical trial data and animal studies to calculate plasma fraction (vp), k™", and ve 2427 However,
few studies have examined whether the models are appropriate.?%82%° Model selection using
standard statistical practices is almost absent in DCE-MRI studies of vascular physiology; this, in
turn, introduces either unnoticed bias (underfitting of data) or excess variance (overfitting), and
hinders the extraction of meaningful and reliable information from DCE-MRI studies. Recruiting
essential statistical methods and ML models for DCE-MRI data analysis will allow the production
of unbiased estimates on tumor permeability parameters. It will also provide additional information
regarding the dynamic appearance of different tumor regions. In addition, the reliability of
pharmacokinetic maps is subject to the tumor microenvironment. For example, k™" values
distinguish between tumor foci and healthy prostatic tissue at the peripheral zone.?*® However,
they do not reliably differentiate prostate cancer from benign prostatic hyperplasia within the
central zone of the prostate gland due to the similarities in microvascular density exhibited in both
conditions.?!!

In addition to the acquisition and imaging processing challenges described above, each
imaging modality is acquired with specific settings, and the derived quantitative features also have
different indications of lesion characteristics. Therefore, there are challenges to their integration
in decision making. Image registration and resampling are needed on a per-voxel basis because
each sequence is subject to a different region of interest, voxel size, and distortion. Efforts have

been made to understand the correlations among features derived from other modalities and to
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interpret them consistently.=*“ It is also essential to associate them with histopathological and

molecular bases to validate their interpretation for applications in RT simulation.?13-215

5.2 Potential solutions and future research directions
5.2.1 MR fingerprinting (MRF) and its applications

MRF, which was first proposed by Ma et al. in 2013,8 allows simultaneous quantification
of multiple intrinsic tissue properties in a single, time-efficient acquisition. This efficient
quantitative property has made MRF appealing to the applications in RT including longitudinal
follow-up, multi-center studies, tissue characterization, etc. MRF involves three steps: signal
acquisition, pattern matching, and tissue property visualization.?'® During image acquisition,
various scanning parameters, including TR, TE, k-space sampling trajectories and flip angle, are
varied simultaneously to provide fingerprint-like signal evolution curves. During pattern matching,
each voxel’s signal evolution curve is retrospectively compared with a dictionary simulated using
the Bloch equation?!’ to identify the best matching entry. The property associated with the best
matching entry is subsequently assigned to the corresponding voxel. It has been demonstrated that
the matching process can be achieved successfully even with highly undersampled data, allowing
a high acceleration factor to be used in the acquisition process.?'#21® MRF can measure T1, T2, Bo,

and PD® with recent expansions to perfusion,??

radiofrequency transmit field inhomogeneity
(B1),221%22 hemodynamic-related properties,??22%5 and T,*.22®¢ MRF-derived quantitative maps (T,
T, PD, etc.) have high accuracy and repeatability, with average coefficient of variation values of
less than 5% for Ty and T values’’ 89226228

MRF-derived quantitative maps have been investigated for various applications, including

diagnosis, tissue characterization, imaging biomarkers, patient follow-up, prognostication, patient
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management, therapeutic assessment, and therapy design.??>2%3 Currently, the application of MRF
focuses largely on the brain,?®2% including a 3D MRF technique intended for RT applications.?%
For instance, Badve et al. used MRF-derived T and T2 maps to differentiate gliomas and
metastases and showed significantly different T1 and T2 values.? In terms of RT applications, Li
et al. developed a time-resolved MRF technique for motion management in RT, which has been
verified in digital phantoms and volunteers.?4%-241

MRF has shown strong potential for the measurement of multiple tissue properties in a
very time efficient acquisition. Assessment of tissue properties and the microvascular environment
in one scan can offer significant benefits in RT simulation including time efficiency improvement,
protocol standardization, longitudinal assessment, synthetic CT generation, etc. However, there
are still discrepancies in various difficult-to-interpret regions, especially for physiological
estimations without robust gold-standard references. Continuous development and clinical

validation of fingerprints using a combination of MR sequences are still ongoing to make MRF an

effective clinical framework.

5.2.2 Rapid non-balanced or bSSFP

In addition to the MRF technique, other novel simultaneous multi-parametric mapping
techniques have also been proposed using the mixed T1 and T> sensitivity of rapid multi-echo non-
balanced or bSSFP sequences.1%1242-245 h)SSFP imaging can acquire characteristic tissue-specific
frequency profiles to estimate tissue property maps, while non-bSSFP imaging can obtain multiple
steady-state configurations for quantitative mapping. Similar to MRF, these multi-parametric
mapping techniques can generate quantitative parametric maps in a single scan. The parameters

that can be measured with these techniques include T1, T2, PD, T2", B1*, and Bo. For example,
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Heule et al. proposed a triple-echo steady state (TESS) relaxometry approach that uses two specific
signal ratios among three echoes and a golden section search to generate T1 and T2 maps.?* This
TESS method is insensitive to both B1 and Bo inhomogeneities, especially for T2 maps, and has
shown reliable T1 and T> measurement results in both phantom and volunteer studies. Heule et al.
also proposed an artificial neural network fitting method for 3D phase-cycled bSSFP sequences to
improve T1 measurement accuracy.?*? Their method can acquire whole-brain images with an
isotropic resolution of 1.3 mm within 11 minutes and satisfactory measurement accuracy. These
techniques have been tested mainly in the brain, knee, hip, and wrist for relaxometry.?4>-248 Further
developments are still warranted, including acceleration and verification, to expand these
applications to other body parts and RT applications.

A novel multi-contrast MRI method, namely STrategically Acquired Gradient Echo
(STAGE), has also been developed. STAGE produces several quantitative (multi-echo quantitative
susceptibility maps [QSM], T1 maps, PD maps, and R2* maps) and qualitative (T1w, enhanced

T1w, and PD-weighted) datasets in two image acquisitions,?**>!

enabling reduced acquisition
times. The feasibility of STAGE has been demonstrated on a 0.35-T MR-linac in phantoms and in
a cohort of patients with brain tumors, in which it showed promise for monitoring the therapeutic

response to RT.#! Upon further verification, this technique may improve the efficiency and help

standardize the imaging protocol in RT simulation.

5.2.3 Other potential MR techniques
There are various other mpMRI techniques that have been demonstrated promising for RT
applications, such as Amide Proton Transfer (APT) imaging, hyperpolarized MRI, arterial spin

labeling (ASL) perfusion imaging, etc. APT imaging is the most studied Chemical Exchange
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Saturation Technique (CEST). It utilizes selective off-resonance saturation pulses at 3.5 ppm
downfield from the water resonance to detect the amide group of mobile proteins and peptides.
The APT effect is usually assessed using the magnetization transfer ratio (MTR) asymmetry
analysis at an offset of 3.5ppm, therefore hyperintensity signals on the APTw images associate
with increased amide protein content and/or increased amide proton exchange rate.?® The APT
has potentials in imaging malignant tumors with high cellularity that may exhibit elevated amide
proteins and peptides.?>® For example, head and neck studies showed higher mean APTw signal in
the malignant tumors than the benign tumors?*4, and the responder patients to the RT and/or
chemotherapy showed more intra-treatment APTw signal change at 2-weeks from pre-
treatment.?® Hyperpolarized MRI is a unique MR technique that probes various functions
(perfusion, ventilation, metabolism, etc.) using inhaled or injected hyperpolarized contrast media
such as Helium-3, Xenon-129, Carbo-13. For example, hyperbolized Carbon-13 MRI has been
shown the potential to predict tumor response by probing lactate metabolism in vivo.2*
Hyperbolized Helium-3 and Xenon-129 MRI have been used to image lung biomechanics and
functions which can be used to guided lung cancer RT treatment planning for preserving highly
functional lung regions and reducing lung toxicity.?>"260 ASL perfusion imaging uses the labeled
blood as the endogenous tracer to quantify cerebral blood perfusion non-invasively. It has been
applied to differentiate recurrent gliomas and radiation necrosis.?®* While these emerging
techniques have demonstrated their potentials in RT applications, further investigations are

warranted to bring them to routine RT clinical practice.

5.2.4 Deep learning (DL) frameworks and their role in image reconstruction and synthesis
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DL is an Al technique that uses multiple layers to progressively extract higher-level
features from the raw input. DL has been implemented to various aspect of mpMRI recently. Raw
MR data have been acquired in the k-space using a fully sampled or undersampled approach with
parallel imaging or compressed sensing.> DL has been incorporated into MR reconstruction with
different types of undersampling scheme. The Cascade-Net and its transformations, such as KIKI-
Net, have been proposed to de-alias iteratively using a cascade of convolutional neural networks
(CNNs) for image reconstruction to reduce overfitting.2522%% A hybrid cascaded model has been
proposed to operate in both the image and k-space domains.?%* With this approach, a complex-
valued residual U-net in the k-space domain and a real-valued U-net in the image domain are
connected through the magnitude of inverse discrete Fourier transformation. The hybrid approach
further improves reconstruction compared with the models that use image domain data only. Yang
et al. proposed deep de-aliasing generative adversarial network (GAN)-based compress sensing
reconstruction.?® The architecture implements a U-net based generator and a discriminator with
standard CNN architecture. The loss function includes the adversarial loss, pixel-wise mean square
error loss, frequency domain loss, and perceptual loss derived from the visual geometry group to
improve the reconstructed image quality. DL can also be applied to MRF by developing a complex-
valued neural network, which can better consider both real and imaginary components of MR
signals and map MR signals to tissue properties.?®® As images can be rapidly reconstructed, this
approach is suitable for real-time processing, which has great potential in the application of
mpMRI for tumor tracking and adaptive RT.

Synthetic CT (sCT) generation has been investigated intensively recently especially with
the introduction of MR-linac and several methods have been proposed with promising restuls.?%”

Among different methods, DL-based sCT generation has been investigated extensively in recent
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year and comparisons of using single or multiple MRI sequence as input has been made.?7-2"* For
example, Tie et al. proposed a conditional GAN for sCT using both single and multiple MRI
sequence.?’* They reported an increased peak signal-to-noise ratio for multi-sequence training
compared to single sequence training.

Recently, an increasing number of DL-based studies have achieved great success in
medical image synthesis,?’>?’® indicating the possibility of predicting a target MR image from
existing MR datasets according to the number of input MR modalities and networks. For example,
Yu et al. proposed a 3D conditional generative adversarial network to synthesize FLAIR images
from its T1w counterpart to improve brain tumor segmentation performance.?’’ Kleesiek et al. also
developed a 3D Bayesian DL network that uses multi-parametric brain MR modalities, including
Tiw imaging, Tow imaging, FLAIR imaging, DWI, and susceptibility-weighted imaging, to
synthesize VCE-Tiw MR images.?’? Figure 3 shows an example of virtual contrast-enhanced
(VCE) MRI in a patient with head and neck cancer.?’®

DL has exhibited superior performance in terms of undersampled data reconstruction,
image quality enhancement, synthetic CT generation, and image contrast transformation. Although
the accuracy, fidelity, and generalizability of these techniques still need to be verified before
clinical implementation, DL hold great promise in improving the time efficiency, image quality,

and patient’s safety in RT simulation.
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Figure 3. An example of VCE-MRI synthesis in a patient with head and neck cancer. A shows
the Tow MRI image. B shows the Tiw pre-contrast MRI image. C shows the real T:w post-
contrast MRI image. D shows the synthesized virtual Tiw post-contrast MRI image. The blue

arrow shows the tumor position.

6 Conclusion

mpMRI techniques play an increasingly important role in RT, and there are exciting
opportunities for novel research and development. To enable robust implementation, the study of
mpMRI techniques should also endeavor to achieve standardization and quantification for efficient
and effective treatment planning, delivery, and evaluation. Various novel MR techniques have

shown promise in different RT applications and are worthy of further exploration.
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