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Abstract

Hyperpolarized '2Xe magnetic resonance imaging (MRI) and spectroscopy
(MRS) have emerged as aset of effective tools for evaluating pulmonary function,
offering unique insights into ventilation, gas exchange, and cardiopulmonary dynamics
without exposing patients to ionizing radiation. This thesis aims to advance the field of
hyperpolarized 2°Xe MRI by developing and optimizing novel techniques that enable
comprehensive mapping of lung function, with a particular focus on quantitative
assessment of ventiation, gas transfer, and microvascular blood flow.

We first begin Chapters 1 and 2 by introducing the fundamental motivation and
concepts behind the use of hyperpolarized 12Xe for lung imaging. We then discuss how
one of the primary challenges in hyperpolarized !2°Xe ventilation MRI is the presence of
bias field inhomogeneity, which can lead to inaccurate quantification and interpretation
of the imaging data. Chapter 3 addressesthis issue by introducing two innovative
approaches for bias field correction. The first method employs a direct mapping
technique that utilizes the RF-depolarization of the 129Xe signal to estimate and correct
for the bias field. The second approach involves the construction of a template that
models the RF coil sensitivity distribution, allowing for the correction of bias field
inhomogeneity across different imaging protocols. These novel methods are compared

to the widely used N4ITK algorithm, and the results demonstrate their superior abili ty



to remove RF inhomogeneity artifacts while preserving physiologically relevant
ventilation gradients, thereby improving the accuracy and reliability of quantitative
ventilation analysis.

Chapter 4 focuses on the quantitative mapping of cardiopulmonary oscillations
using hyperpolarized ?°Xe gas exchange MRI.These oscillations, which arise from the
variation in pulmonary capillary blood volume during the cardiac cycle, have been
previously observed in whole -lung spectroscopic studies. However, by leveraging the
oscillations embedded in the gas exchange imagingdata, it is possible to spatially map
these fluctuations, providing regional insights into pulmonary hemodynamics. To
optimize such an imaging technique, we employ digital phantom simulations to fine -
tune keyhole reconstruction methods and establish robust healthy reference values. The
refined methods are then applied to patients with chronic thromboembolic pulmonary
hypertension (CTEPH) before and after pulmonary thromboendarterectomy (PTE), a
surgical intervention aimed at restoring pulmonary blood flow. The results showcase
the potential of this approach to assess regional changes in microvascular flow and
provide valuable insights i nto the complex pathophysiology of pulmonary
hypertension.

Chapter 5 further advances cardiopulmonary oscillation amplitude mapping by

investigating compressed sensing reconstruction technigues. Compressed sensing is a



approach that enables the recovery of high-quality images from undersampled data by
exploiting the inherent sparsity of the imag e. This novel reconstruction technique is
evaluated using digital phantoms and in vivo data from healthy subjects and patients
with pulmonary arterial hypertension. The results demonstrate the improved ability of
compressed sensing to mitigate the effects of undersampling and enhance the diagnostic
value of oscillation mapping, paving the way for more robust and accurate assessment
of pulmonary hemodynamics.

In addition to these core advancements, Chapter 6 presents a t of supplemental
innovations designed to facilitate the standardization and dissemination of 129Xe MRI
methods across research centers. These include the development of opersource
software tools for streamlined 122Xe MRI analysis, the optimization of RF-pulse shapes to
minimize off -resonance artifacts, and the application of deep learning techniques for
image enhancement. By providing a comprehensive toolset and promoting
collaboration, these initiatives aim to accelerate the translation of 12Xe MRI into clinical
practice.

In conclusion, this thesis makes significant contributions to the field of
hyperpolarized 12°Xe MRI, enabling comprehensive and robust mapping of lung
function and gas exchange dynamics. The developedcore technigues, spanning bias

field correction, quantitative oscillation mapping, and compressed sensing

Vi



reconstruction representa powerful set of tools for non-invasive assessmentof
pulmonary function . Given these developments that build upon prior work , there now
exists the ability to accurately quantify ventilation, gas transfer, and microvascular
blood flow in a single imaging session, without the need for ionizing radiation or
invasive procedures. By addressing key technical challenges and optimizing imaging
protocols, this work positions hyperpolarized 2°Xe MRI as acomprehensive tool for
understandin g the complex causes of dyspneawhether of obstructive, interstitial, or

vascular origins.
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1l ntrodaaoadi Moti vati on

Chronic lung diseases, including chronic obstructive pulmonary disease (COPD),
asthma, and cystic fibrosis (CF), significantly impact global health, being recognized as
the third -leading cause of death worldwide [1]. These conditions, affecting hundreds of
millions, illustrate the vast scale of respiratory health challenges. COPD, characterized
by persistent respiratory symptoms and airflow limitation, and asthma, with its
hallmark feature of airway hyperresponsivene sgq2], are both notable contributors to this
burden[3].

Moreover, the incidence of interstitial lung diseases, such as Idiopathic Pulmonary
Fibrosis (IPF), is rising globally [4]. IPF, known for its progressive and often rapid decline
in lung function, carries a particularly grim prognosis, with survival estimates ranging
only between 3-5 years postdiagnosis[5]. This increasing prevalence and severity
highlight the urgent need for advanced diagnostic and therapeutic strategies.

Adding to th is complexity, these lung diseases are frequently associated with several
comorbidities, notably cardiovascular conditions like pulmonary hypertension (PH) [6,
7]. The interaction between chronic lung diseases and comorbidities like PH complicates

the clinical picture, often leading to diagnostic challenges and therapeutic dilemmas [8,



9]. These comorbid conditions can significantly influence the course of lung diseases,
necessitating a comprehensive approach to diagnosis and management.

One of the most perplexing clinical presentations in respiratory medicine is
unexplained dyspnea ¢ the feeling of breathlessness without a clear cause. This
symptom can be the manifestation of various underlying pathologies, making its
diagnosis particularly challenging[10]. Patients with unexplained dyspnea often
undergo numerous, sometimes invasive, diagnostic procedures. These procedures not
only contribute to the x E U B bcOridrbig bwrden but also delay the application of
appropriate treatments, potentially negatively affecting patient outcome s[11].

In this context, the limitations of current diagnostic modalities become apparent.
Pulmonary Function Tests (PFTs), which have been thede facto gold standard of lung
function assessment for decades, are primarily based on global measurements such as
Forced Vital Capacity (FVC) and Forced Expiratory Volume in one second (FEV1)[12].
While PFTs are invaluable in providing a broad overview of lung function, they are not
without significant limitations. One such drawback of PFTs is their lack of sensitivity to
disease heterogeneity, particularly in the early stages of pulmonary diseases. PFTs
measure global lung function, which means they do not detect regional changes in the
lung parenchyma that are indicative of early disease or localized lung pathology. For
instance, in conditions like early -stage COPD or regional interstitial lung d isease, PFTs

may show normal results despite the presence of underlying pathology , potentially



leading to progression of the disease to a more advanced stage before it is recognized
and treated[13-15]. Another limitation of PFTs is their variability [16-18] and dependency
on patient effort and technique [19]. The accuracy of PFT results is highly dependent on
patient cooperation and the correct performance of the test, which can be challenging for
patients with severe respiratory symptoms or other comorbidities [20, 21]

While high-resolution computed tomography (HRCT) of the chest is widely adopted
as areference standard for lung imaging due to its superior spatial resolution [22], this
modality facesadditional challenges and limitations, particularly in the functional
assessment oflung diseases.On one hand, HRCT excels in depicting structural
abnormalities in the lungs, such as fibrosis, nodules, and airway changeg23-25]. On the
other hand, it does not provide direct information on lung function or gas exchange
capabilities. This gap is particularly relevant in diseases where functional impairment
occurs before visible structural changes, such as early COPD or asthm{26]. Moreover,
'1"3zU0wbOOPADPOT WUEEPEUDPOOWOEOI UwbPUwUOUUPUEEOI w
populations.

Despite having the potential to offer improved soft -tissue contrast, magnetic
resonance imaging (MRI) in lung imaging has historically been limited . The intrinsically
low proton density and the short T2* relaxation times in the lung, primarily due to the
numerous air-tissue and liquid -air interfaces, pose significant challenges in obtaining

adequate signalto-noise ratio (SNR)[27]. For example, in conventional gradient echo



MRI acquisitions, these characteristics result in the lung parenchyma appearing as a
?black hole?, with significantly reduced signal intensity, making detailed assessment
challenging. Advancements in MRI researchhave opened new avenues for lung

imaging [28]. One such development is the use of ultra-short echo time (UTE) sequences,
which have been shown to significantly improve signal capture from the lungs by
quickly capturing signals before they decay, thus enhancing the visibility of lung
structures[29]. However, it's important to acknowledge that shares the same limitations
as CT, but with increased acquisition times and lower resolution. Another such
development is dynamic contrast-enhanced (DCE) MRI which uses intravenous bolus
administration of paramagnetic contrast agents to assess perfusiof30].

While each of these techniques offers significant advancements in lung imaging,
they also illustrate the complexity of capturing the full spectrum of lung function and
pathology. This is where hyperpolarized xenon MRI becomes advantageous Its
uniqueness lies in the hyperpolarization process, amplifying the MRI signal of xenon gas
by six orders of magnitude [31]. This dramatic increase in signal strength allows for the
detailed visualization of xenon gas within the lungs, providing a unique view of lung
function that was previously unattainable. In addition, i t is well -tolerated by patients
and, crucially, is soluble in blood [32] and biological tissues[33] owing to its large,
polarizable electron cloud [34]. Importantly, thekeytoUT DU wU | Edfféeienést ia z U

how this solubility allows 129Xe to mimic the functional pathway of oxygen, tracing its



journey from inhalation and distribution in the lung airspaces, through diffusion across
the alveolar membrane, to its interaction with the blood in the pulmonary capillaries [35]
(Figure 1). Moreover, the distinct chemical shifts exhibited by ?°Xe in thesedifferent
environment s allow for the compartmentalization of its signal t namely the airspaces,

membrane tissues, and when interacting with red blood cells (RBCs).

129X e at the Alveolar-Capillary Interface
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Figure 1: Model of 129Xe at the alveolar -capillary interface . The 129Xe atom from
the airspaces diffuses into the lung parenchymal tissue (membrane tissue) and
subsequently binds to the red blood cells in the pulmonary capillaries.

In the airspaces, hyperpolarized 2°Xe MRI has repeatedly demonstrated its
ability to asses ventilation , providing a detailed view of how air is distributed

throughout the lungs [36]. Specifically, in individuals with healthy lungs, the distribution

of 12°Xe gas tends to bespatially uniform, with the gas signal filling the entire ty of the
5



thoracic cavity [37]. This uniform distribution contrasts with findings in patients with
obstructive lung diseases, where theimage often reveals areas of absent signal, known
as ventilation defects ¢ visually indicated by a patchy distribution of gas [38]. To
guantitatively assess theseabnormalities, the ventilation defect percentage (VDP) is
calculated by the ratio of the volume of these defects to the total volume of the thoracic
cavity [39]. Such quantitative assessmentshave been usefulin diseases likeCOPD[40-44],
CH45-50], and asthma[51-56], where airflow obstruction is a key feature .

In conjunction, the interaction of hyperpolarized 12°Xe with alveolar membrane
tissues has provided valuable information about the alveolar -capillary interface. This is
particularly relevant in conditions such as pulmonary fibrosis, where the thickening of
this interface is an important feature[57]. Wang et al. has shown that hyperpolarized
129¢e MRI can detectregional changes inalveolar membrane uptake caused by micron -
scale thickening, changes that are oftenundetectable by CT. In particular, this work
showed increased membrane uptakein patients with pulmonary fibrosis , even in areas
where CT scans appear norma[58]. Other works include using 129Xe gas exchange MRI
to characterize functional impairment [41, 59, 60] therapeutic responsd61], and disease
progression[62, 63]in these patients. Furthermore, the ability of hyperpolarized 12°Xe to
dissolve in blood and interact with RBCs has opened new avenues in studying
pulmonary vascular diseases. For example, impairment in the uptake by RBCs have

been associated with PH[64]. However, d espite the offered regionality, one drawback of



129X e gas exchange imaging is its inability to capture additional information beyond the
static amplitude of each compartment. To address this, static 2Xe MR spectroscopy
(MRS) and later dynamic MR spectroscopy are also employed. This introduction of
spectroscopic analysis of'2Xe MRI yields more information of 129Xe in its local
environment, allowing its spectrum to be parametrized by not only its amplitude, but
also its chemical shift, full -width half maximum (FWHM) or linewidth, and phase [65,
66](Figure 2). While static MRS, hasbeen shownto be sensitive to diseas¢67, 68] it lacks
the capacity to capture time-resolved information. To this end, the latter technique of
dynamic MRS addresses this limitation by acquiring consecutive spectra as a time series,
allowing for the analysis of spedral parameters over time[69]. Bier at al. has shown that
the oscillation amplitude in the temporally evolving RBC resonancecan be used to
evaluate the presence of PH and even distinguishbetween pre- versus post-capillary
PHI70]. In addition , by combining 129%Xe MRI and dynamic MRS, Wang et al. provided
evidence that these derived metrics offer distinctive signatures capable of differentiating
diverse pulmonary pathologies, including COPD, idiopathic pulmonary fibrosis (IPF),

left heart failure (LHF), and pulmonary arterial hypertension (PAH) [41]. This

demonstrates the versatility of the combined techniques in characterizing obstructive,



restrictive [71], and vascular disease$72].
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Figure 2: Representative magnitude spectrum of 129Xe. 129Xe exhibits distinct
chemical shifts in different environments : airspaces (blue), membrane tissue (green),
and blood (red).

These applications highlight the versatility of hyperpolarized !22Xe MRI and MRS
by allowing the visualization and quantification of gas exchange processes in these
distinct compartments . This comprehensive capability is particularly beneficial in
diagnosing and monitoring complex lung diseases, where understanding the interplay
between ventilation, gas exchange, and blood flow is crucial. However, while this
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capabilities, the field is still evolving as there remain significant challengesand new
frontiers of development.

One key challengeis achieving accurate and reliable 3D visualization of
ventilatio n. Since these images are often acquired using closditting and flexible
transmit/receive coils[74, 75] which can introduce B: inhomogeneity that lead to
regional variations in flip angles and detection sensitivity [76-78], also known as the bias
field. As disease quantification expands to characterize low and high ventilation as well
as ventilation heterogeneity [42, 56, 7981], bias field must be corrected to achieve robust
and repeatable quantitative image analysis. The current de facto standard for such bias
field correction, N4ITK[82], has not been validated extensively, particularly considering
the unique challenges posed by inherent physiological gradients in the lungs [83-87].
These gradients, if not correctly accounted for, might be inadvertently altered or
removed during the correction process, potentially masking physiological variations
either naturally occurring or indicative of disease and compromising the accuracy of
subsequent quantitative analysis. Addressing this gap, in Chapter 3, our research
develops a novel method to directly map the bias field based on the measured R~
induced depolarization of the xenon signal. This method provides a more physics-based
approach than N4ITK, considering the unigque decay properties and behavior of
hyperpolarized xenon in the lung environment. Furthermore, we develop a template-

based approach, employing flip angle map templates derived from a population of



scans. This method aims to correct for expected bias field variations based on established
coil sensitivity patterns, potentially offering a more standardized approach across
different subjects. We finally compare these different methodologies for bias field
correction to evaluate their effectiveness in removing RF inhomogeneity patterns while
preserving physiological ventilation gradients inherent in lung function.

In addition to obstructive diseases measured by ventilation imaging , acommon
comorbidity of pulmonary disease is the cardiovascular abnormality originating from
pulmonary vascula r dysfunction [88, 89] PH, for example, encompasses a group of
conditions characterized by increased pressure in the pulmonary vasculature. One such
condition is pulmonary arterial hypertension (PAH) which i nvolves increased resistance
within the pulmonary arteries and arterioles. This increase in resistance impedes blood
flow from the right ventricle of the heart into the lungs, compromising efficient oxygen
uptake and carbon dioxide removal, ultimately lead ing to impaired gas exchange[90].
Moreover, it poses significant diagnostic challenges, as its symptoms often overlap with
those of other lung disorders[91, 92] The gold standard for diagnosing PH is right heart
catheterization (RHC), a procedure that measures the pressure in the pulmonary
artery[93]. However, due to its invasive nature, RHC is not always feasible, especially
for diseasemonitoring or in patients with heightened risk factors . Other methods such
as echocardiography, based on Doppler ultrasound measurements, are typically

employed as anon-invasive first line of defense, but its accuracy can be limited,
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particularly in cases of mild or early -stage PH94]. Thus, the need for non-invasive,
reliable diagnostic methods is clear.

To this end, the recent identification of the cardiogenic oscillation amplitude of
the red blood cell signal in hyperpolarized '2Xe dynamic MRS as a biomarker for such
dysfunction [95] represents a significant advancement. The amplitude of these
oscillations, defined as the average percent change from the mean valuejs directly
proportional to the volume changes between systole and diastole Despite this
significance, this technique not only requires a separate scanput also does not provide
spatial variation information, leaving a gap in our ability to regionally assess
heterogeneous abnormalities in lung vasculature. Fortunately, these cardiogenic
oscillations are detectableat the center of k-space (k) of gas exchange MRI scans
acquired using the 1-point Dixon technique . Subsequently, the acquired data can be
sorted to high and low phases of thecardiogenic oscillations whereby pseudo-dynamic
images can be reconstructed using the keyhole reconstruction techniqug96]. While
early work by Niedbalski et al. [97] demonstrated the use of keyhole reconstruction
methods to assess such abnormalitiedittle work has yet been done to optimize the
reconstruction and visualization of these maps. In Chapter 4, we develop a digital
phantom to investigate the optimization of keyhole reconstruction methods . Specifically,

we focus on quantifying the effects of radial undersampling, keyhole radius, and SNR.
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Using the insights gained from phantom simulations, Chapter 5 applies these
advancements of oscillation mapping methods on in vivo data. Our initial step involves
establishing a reference distribution in a cohort of healthy individuals for intensity
binning and quantification of oscillation amplitudes [98, 99] Subsequently, we evaluate
this method on patients with CTEPH, a distinct form of PH characterized by chronic
obstruction of the pulmonary arteries due to unresolved thromboemboli sms[100]. In
many cases,these thromboembolisms are localized such that they lead to a
heterogeneous impact on microvascular perfusion across the lung parenchyma.
Specifically, we hypothesize that patients with impaired microvascular flow, such as
those with CTEPH, will have localized regions of decreased oscillation amplitudes from
the 129Xe MR signal. Furthermore, we analyze a subset of these patients who have
undergone Pulmonary Thromboendarterectomy (PTE ), a surgical procedure aimed at
removing chronic thromboe mbolic blockages[101]. By comparing the pre- and post-PTE
oscillation amplitudes in these patients, we aim to quantitatively assess the impact of
surgical intervention on restoring normal lung function

One challenge of129Xe MRI is the inherently short acquisition time enforced by
the needfor a single breath-hold scan. This constraint is further compounded by the
rapid T2* decay of the dissolved phases restricting 3D imaging to use 3D radial
trajectories in which the center of k -space is acquired at every ech§102]. While radial

trajectories mitigate this rapid T2* decay, their coverage of k-spaceis inefficient as the
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outer regions of k-spaceare insufficiently sampled relative to the inner regions. The
negative effects of undersampling are further magnified in oscillation imaging as only a
fraction of the acquired radial projections are used to reconstruct each key image used in
RBC oscillation amplitude mapping. To this end, in Chapter 6, we investigate the
application of compressed sensing[103] as a solution to the challenges posed by radial
undersampling in keyhole reconstruction. We hypothesize that the application of
compressed sensing will greatly improve image quality and reduce acquisition time by
incorporating priors that account for the inherent sparsity in undersampled acquisitions.
The completion of this thesis wil | mark a significant contribution to the field of
129¢e MR imaging of the lung. This work first enables the accurate quantification of the
ventilation distribution by properly correcting for  B: inhomogeneities. In addition, this
work advances the understanding of RBC oscillation amplitude imaging and develops
new techniques to overcome radial undersampling limitations. Ultimately, these
advancements pave the way for 129Xe MRI to become a comprehensive tool for assessing

lung function and acceleratesits adoption to be used in the clinic.
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2 Rel evBaarctk gr amdd Theory
2.1 Cardiopulmonary Physiology

This sub-chapter provides a foundation in lung anatomy, physiology, and
relevant clinical assessments, largely drawing upon John West's 'Respiratory

Physiology: The Essential{104].

2.1.1 Introduction to Lung Anatomy

The human respiratory system is designed to facilitate the exchange of oxygen
and carbon dioxide between the body and the environment, a process critical for our
cellular metabolism and energy production. These gas exchange processes occur within
an intricate anatomical structure. Air first enters the lungs through the trachea, which
bifurcates into the left and right bronchi. These bronchi further divide into a series of
smaller airways over 23 generations, forming an extensive branching network.

The initial 16 generations constitute the conducting zone, responsible for
transporting air deep into the lungs but not directly involved in gas exchange, thus
termed the Panatomic dead space wopUa x DEEOOa wb b U i[108f The ha U 01 woOi why
generations of airway s give rise to structures specialized for gas exchange in which
respiratory bronchioles, containing scattered alveoli, mark the transition into the
respiratory zone. This zone culminates in alveolar ducts and sacs, fully lined with

alveoli, the tiny cup -shaped cavities where gas exchange occurs.
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Each alveolus is enveloped by a dense network of capillariesthat tightly
integrates with the gas exchange network. Deoxygenated blood from the right ventricle
of the heart is propelled through the pulmonary arteries, which branch alongside the
airways, into these capillary networks. The interface for gas exchange, the bloodgas
barrier, comprises a finely tuned assembly of alveolar epithelial cells, interstitial tissues,
and capillary endothelial cells. This barrier's minimal thickness (approximately
0.6um[106]) facilitates efficient diffusion of oxygen into the bloodstream and allows for
the simultaneous removal of carbon dioxide [106].

This alveolar structure (approximately 300 million alveoli) creates alarge surface
area (50- 100 ) for gas exchange to take place within the limited space of the lungs.
Here, the blood is oxygenated before being funneled into larger veins and returned to
the left atrium, ready to be circulated throughout the body. Notably, the transit time for
blood through the gas exchange regions is approximately 750 milliseconds at rest,
underscoring the efficiency of this system in maintaining oxygenation and carbon
dioxide removal.

Lung disease can disrupt the structure and function at any point within this
system. For example, in obstructive disorders like COPD and asthma, inflammation or
blockages within the conducting zone hinder airflow [107, 108] Conversely, diseases like
pulmonary fibrosis thicken the blood -gas barrier, slowing diffusion and impairing gas

exchange within the respiratory zone [109]. Additionally, various respiratory conditions,
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such as acute respiratory distress syndrome (ARDS), can lead to longterm consequences
on the pulmonary microvasculature, resulting in the loss of capillary bed. This loss of
microvasculature can further impair gas exchange and contribute to the developmen t of

pulmonary hypertension [110].

Terminal bronchiole
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Figure 3: Detailed Anatomy of the Respiratory Zone . The final branches of the
bronchioles lead to alveolar sacs, where oxygen and carbon dioxide are exchanged.
Adapted from Anatomy & Physiology by OpenStax

2.1.2 Ventilation

Ventilation is a fundamental aspect of pulmonary function, enabling gas
exchange by moving air in and out of the alveoli . This processis primarily driven by

pressure gradients. Atmospheric pressure 0, intra-alveolar pressure within the lungs
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0 , and intrapleural pressure 0 within the pleural cavity collectively facilitate the
movement of air in and out of the lungs. The process begins with inspiration, where the
contraction of the diaphragm and intercostal muscles enlarges the thoracic cavity,
decreasingd tobelow 0 |, causing air to flow into the lungs. Expiration follows as a
passive process during which the muscles relax and the thoracic cavity's volume
decreases, raisingd  above0  and expelling air out of the lungs.

However, it's important to emphasize that ventilation is often not uniform
throughout the lungs , even in healthy lungs. Several physiological factors can contribute
to obstructed ventilation and uneven airflow distribution:

1 Gravity: Gravity creates subtle pressure gradients within the lung that can
impact regional ventilation [111]. For example, in an upright position , the base of
the lungs experiences a greater negative pleural pressure compared to the apex.
This results in a larger transpulmonary pressure (the difference between alveolar
pressure and pleural pressure) at the base of the lungs. The increased
transpulmo nary pressure leads to greater ventilation in the base of the lungs,
while the apex has comparatively lower ventilation due to the smaller
transpulmonary pressure .

1 Airway Resistance: The airways, particularly smaller bronchioles, naturally offer

some resistance to airflow. Conditions like asthma cause inflammation and
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constriction of these airways, dramatically increasing resistance and hindering
air movement into certain lung regions [112].

1 Loss of Elasticity: Diseases like emphysema damage the alveoli and surrounding
tissues, reducing the lung's elastic recoil[113]. This makes it harder for affected
areas to expel air during expiration, leading to air trapping and uneven
ventilation.

1 Regional Compliance: Lung compliance describes how easily a region of the
lung inflates. Pathologies like pulmonary fibrosis create areas of stiff, less
compliant tissue. These less compliant regions fill more slowly and may receive
less air compared to healthier areas of thelung.

1 Other Factors: Additionally, disease processes, like mucus plugging in asthma,
COPD, and cystic fibrosis can completely obstruct airflow to specific areas[51,
114)

Such factorslead to imbalances within the lungs, creating regions with low
ventilation alongside areas that may be over-ventilated, otherwise known as ventilation
heterogeneity. Poorly ventilated regions may experience localized alveolar hypoxia and
potential tissue damage[115] resulting in hypoxic vasoconstriction , while over -ventilated
areas may be subjectedo alveolar hypocapnia and respiratory alkalosis [116]. Over

time, these imbalances can ultimately lead to reduced quality of life .
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2.1.3 Perfusion

Perfusion refers to the process of blood flow through the pulmonary capillaries
surrounding the alveoli, enabling gas exchange. The pressure gradient that drives
perfusion is generated by the heart's pumping action. First, blood is pumped from the
right ventricle into the pulmonary arteries, which branch off into arterioles and then
further into a vast network of pulmonary capillaries surrounding the alveoli. The blood
flow through this capillary network is where oxygen uptak e and carbon dioxide
removal ocaur.

Perfusion must be closely matched with ventilation (V/Q match) to maintain
efficient gas exchangd117]. In other words, each unit of air that ventilates the alveoli
must be matched by an adequate blood flow to transport the gases. In cases where
ventilation exceedsperfusion, known as a high V/Q ratio, carbon dioxide cannot be
efficiently eliminated from the blood because the excess ventilation in these regions is
not matched by sufficient blood flow to remove the carbon dioxide . Conversely, when
perfusion exceeds ventilation, creating a low V/Q ratio, blood passes bythe alveoli
without being fully oxygena ted. External factors like gravity also influence the spatial
distribution of perfusion, with the bases of the lungs typically receiving more blood flow
due to the higher hydrostatic pressure in the lower regions of the lungs, caused by the

gravitational effect on the blood column. The increased hydrostatic pressure at the bases
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leads to greater blood flow and perfusion in these areas, while the apices experience
relatively lower perfusion.

Thesephysiological disruptions can greatly impact perfusion. For example, a
pulmonary embolism (PE), a blood clot blocking an artery in the lungs, can severely
restrict blood flow to a portion of lung tissue. In acute PE, the obstruction can lead to an
immediate and significant reduction in perfusion to the affected area. However, in some
cases,one or more episodes of PE can lead to a chronic condition called chronic
thromboembolic pulmonary hypertension (CTEPH) that causesworsening obstruction

over time[118].

2.1.4 Diffusion

Ventilation delivers oxygen -rich air to the alveoli, while perfusion brings
deoxygenated blood to the capillaries. The final step, gas exchange between the

airspaces and blood, is then governed by diffusion. According to Fick's law, the rate of
gas transfer—— is directly proportional to the diffusion constant O, the surface area of

the membrane tissue 6, the difference in partial pressures0 and 0 across themembrane
tissue, and inversely proportional to the thickness of the tissue "Y(Equation 1).

Equation 10 w % B Ofdifusion

D B,
T < L 0]
Qo Y
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To assess thigyas transfer, tracer gases like carbon monoxide (CO) are usd. CO
has a high affinity for hemoglobin, forming carboxyhemoglobin (COHb) upon binding.
This high affinity allows CO to rapidly bind to hemoglobin once it diffuses across the
blood-gas barrier and enters the bloodstream. As a result, the partial pressure of COin
the blood remains low, maintaining a steep diffusion gradient between the alveolar gas
and the blood. This steep gradient ensures that CO diffusion across the blood-gas barrier
remains the rate-limiting step in its uptake, rather than the rate of blood perfusion , thus
making it a diffusion -limited gas. Conversely, gases such as nitrous oxide (NO) and
carbon dioxide (COz), which saturate in the blood more readil y and cannot maintain
large partial pressure gradients, are considered perfusion-limited gases.

It is important to note that xenon is normally considered a perfusion -limited gas
asit has no affinity to bind to Hb, and at first glance, would thus not be considered a
good candidate for probing gas exchangeHowever, hyperpolarized MRI techniques
effectively allowed hyperpolarized xenon to becomediffusion -limited gas for the
purposes of imaging. Specifically, the application of radiofrequency (RF) pulses
consumes the non-equilibrium magnetization of the hyperpolarized xenon within the
gas-exchange tissues. This consumption creates a magnetization gradient that drives the
uptake of fresh hyperpolarized xenon int o the tissues, even in the absence of a partial

pressure gradient[119].
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2.1.5 Pulmonary Function Tests

Ventilation and gas exchange are evaluated by pulmonary function tests (PFTSs),
a longstanding clinical tool. Spirometry, the most common PFT, was invented in 1846
and is the oldest clinical test still in use today . This test measures the volume and flow of
air during breathing maneuvers, providing essential information about ventilation,
including forced expiratory volume in one second (FEV1), forced vital capacity (FVC),
and forced expiratory flow between 25 -75% of FVC (FEF2575). Plethysmography,
another PFT, measures lung volumes such as total lung capacity (TLC), functional
residual capacity (FRC), and residual volume (RV). The diffusing capacity of the lung for
carbon monoxide (DL co) is used to assess gas exchange and accessible alveolar volume.
Less frequently, cardiopulmonary exercise testing is performed to evaluate oxygen
utilization and exercise capacity.

Various PFTs and their parameters are summarized Table 1. These values are
typically then compared to reference valuesadjusted for age, sex, height, and ethnicity
to aid in diagnosing and tracking various lung diseases, such as COPD, asthma, and
pulmonary fibrosis [120-122]. Despite their ease of use and nonrinvasive nature, PFTs
have limitations. Results depend on patient effort and often provide only global lung
assessmentspffering limited insight into complex comorbidities or diseases with

overlapping presentations [123, 124]
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Table 1: Common pulmonary function test

PFT parameter Abbreviation

measurements

Description

Spirometry

Forced vital capacity FVC

Forcedexpiratory
volume in 1 secon

FEV1

The volume of air that can be exhaled
forcefully after full inspiration.
The volume of air that can be blown out
during the first second of the FVC test.

Plethysmography test

Functionalresidual
capacity
Total lung capacity

Residual volume

FRC

TLC

RV

The volume of air left in the lungs after
normal exhalation.

The maximum volume of air present in the
lung.

The volume of air in the lungs after
maximum forceful expiration.

Diffusion capacity test

Diffusion capacity for
carbon monoxide
Alveolar volume

Transfer coefficient fo

carbon monoxide

DLco

VA

KCO

The carbon monoxide uptake from a single
inspiration in a 10-secondtimeframe.

The volume of gas entering the alveoli for gas
exchange.

Ratio of DLco and VA.
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2.1.6 Right Heart Catheterization
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Figure 4: Pressure tracings at various locations in the heart and pulmonary
artery during the cardiac cycle . Reproduced from https://cvphysiology.com/heart -
failure/hf008.

For patients suspected of having pulmonary hypertension 1, right heart

catheterization (RHC) remains the definitive procedure diagnosis, providing direct

information on the pulmonary circulatory system's pressures and resistances. This

1 For more information on pulmonary hypertension, see the next section on pulmonary disorders.
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invasive technique involves the insertion of a catheter into a vein| typically the femoral
or internal jugular vein | and its navigation through the heart's right side into the
pulmonary artery. Key hemodynamic parameters measured include right atrial (RA)
pressure, right ventricular (RV) pressure, pulmonary artery (PA) pressure, pulmonary
capillary wedge pressure (PCWP), pulmonary vascular resistance (PVR), and cardiac
output (CO).

PCWP is obtained by occluding a pulmonary artery branch with the catheter
balloon to approximate left atrial pressure, providing insight into left ventricular
function (Figure 4). PVR, calculated from the difference between mean PA pressure and
PCWP divided by CO?2, is expressed in Wood Units (WU) and quantifies the resistance
faced by blood as it flows through the pulmonary vasculature. Another derived quantity
is the mean pulmonary artery pressure (mMPAP) which assesgsthe average pressure
within the pulmonary artery over a complete cardiac cycle 3. Tying these terms together,
MPAP can also be expressed as

Equation 2: Expression for mean pulmonary artery pressure (mPAP)

2 CO is typically measured using the thermodilution technique during RHC. A bolus of cold saline is
injected into the right atrium, and the temperature change is detected by a thermistor at the tip of the
catheter in the pulmonary artery. The temperature chang e over time is used to calculate CO using the
Stewart-Hamilton equation .

3 For detailed typical ranges of mPAP, see the following section on pulmonary disorders.
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which highlights the circuit -like nature of the cardiopulmonary system as it is analogous
OOw. T 0z UwOED
2.1.7 Pulmonary Disorders

In this section, we will briefly discuss a few relevant pulmonary disorders

relevant to this thesis: IPF, pulmonary arterial hypertension (PAH), and CTEPH.

Healthy Idiopathic pulmonary fibrosis

Figure 5: Visualization of Normal vs IPF Lung Anatomy . Idiopathic pulmonary
fibrosis (IPF) progressively damages the lung structures essential for gas exchange.
Traction bronchiectasis, alveolar destruction, extensive fibrosis, and thickening of the
alveolar membrane severely impair the lung's ability to transfer oxygen into the
blood. Reproduced from Martinez et al. [125].

4 Put more plainly, mPAP represents the driving pressure that propels blood through the pulmonary
vessels, similar to voltage in an electrical circuit. PCWP, a surrogate for left atrial pressure, represents the
downstream pressure that the right ventricle must overcome to pum p blood through the lungs. CO
represents the blood flow rate through the pulmonary circulation, analogous to current in an electrical
circuit. PVR represents the resistance to blood flow in the pulmonary vasculature, similar to electrical
resistance.
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Interstitial lung diseases (ILDs) are a group of disorders that primarily affect the
lung interstitium. ILDs can be classified based on their underlying cause, such as
exposure to hazardous materials, autoimmune diseases, or unknown factors. These
disorders are characterized by varying degrees of inflammation and fibrosis in the lung
interstitium , leading to impaired gas exchange. Among the ILDs, idiopathic pulmonary
fibrosis (IPF) is a particular subclass that has been extensively studied due to its
progressive nature and poor prognosis.

IPF is a progressive and chronic condition characterized by the formation of scar
tissue within the lungs, leading to significant morbidity and mortality. ~ Worldwide, IPF
affects approximately 1.0 to 1.5 million people, with over 100,000 individuals affected in
the U.S. alond126]. The pathogenesis of IPF involves microinjuries to alveolar epithelial
cells, leading to fibroblast proliferation, excessive collagen deposition, and ultimately,
lung tissue remodeling and scarring [127] (Figure 5). This fibrotic process impairs gas
exchange by thickening the alveolar membrane, challenging the lungs' ability to
efficiently oxygenate blood and remove carbon dioxide. The disease is marked by a
persistent decline in lung function, evidenced by reduced oxygen uptake and increased
dyspnea, severely diminishing patient quality of life and lifespan[128]. Despite the
availability of anti -fibrotic drugs, such as nintedanib and pirfenidone, which have
shown to slow the decline in FVC, the median survival rate post-diagnosis remains at

less than 5years[129]. In approximately 50% of cases, IPF can be identified using high-
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resolution computed tomography (HRCT ), which reveals key features like
honeycombing, basal and peripheral reticular opacities, and traction bronchiectasis[122,
130]. For cases where HRCT is inconclusive, a surgical lung biopsy may be necessary,
despite its risks and complications. To monitor disease progression, pulmonary function
tests, including measurements of FVC and DL co, are employed, despite their limitations

of large variabil ity [123].

Left pulmonary artery | B Leftlung

Severely
narrowed artery

° o0

from lower body N N Small arteries in lungs
: become narrowed or blocked

Deoxygenated blood

from upper body Healthy artery Narrowed artery

To right
lung

Figure 6: Diagram of pulmonary arterial hypertension (PAH) . PAH is
characterized by the progressive narrowing of pulmonary arteries. This increases
resistance to blood flow, elevates pulmonary blood pressure, and over time weakens
the heart, potentially leading to heart failure. Reproduced from
https://www.parkwayshenton.com.sg/conditions -diseases/pulmonary-arterial -
hypertension/symptoms -causes

Pulmonary Hypertension (PH) encompasses a spectrum of disorders
characterized by increased pressure in the pulmonary arteries, leading to significant
clinical consequencessuch asdyspnea, fatigue, and ultimately, right heart failure [92].

This condition is clinically categorized based on mPAP with a diagnostic threshold to a
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mPAP greater than 20 mmHg, reflecting a move towards a more recent evidence-based
criterion [8]. PH is broadly classified into five groups to aid in treatment and
prognostication: Group 1, known as Pulmonary Arterial Hypertension (PAH , Figure 6),
is primarily vascular in origin; Group 2 is caused by left heart disease; Group 3 is
associated with chronic lung conditions; Group 4 includes Chronic Thromboembolic
Pulmonary Hypertension (CTEPH), characterized by obstructive pulmonary vascular
lesions; and Group 5 comprises PH from miscellaneous cause$131]. Among these, PAH
and CTEPH are of particular interest due to their distinct pathophysiological
mechanisms and implications for treatment strategies. While PAH involves the
narrowing and obstruction of pulmonary arterioles, CTEPH results from unresolved
pulmonary emboli leading to fibrotic remodeling of pulmonary vessels [100].
Differentiation among these types is crucial, as it informs the selection of therapeutic
interventions and impacts prognosis. In addition, PH can be classified as eitherof pre-
capillary , isolated post-capillary PH, or combined pre- and post-capillary origin
(summarized in Table 1Table 2)[132]. Pre-capillary PH, often associated with PAH,
indicates elevated pulmonary arterial pressure originating before the pulmonary
capillaries (in the pulmonary artery system alone) . Isolated post-capillary PH is
characterized by elevated pressures resulting from issues after the pulmonary

capillaries, usually due to left heart diseases such as left ventricular dysfunction or
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valvular heart disease. Finally, elevated pressures both before and after the pulmonary
capillaries is associated with CpcPH[132].

Table 2: Hemodynamic definitions of PH

Classification  Characteristics Associated PH Groups

Pre-capillary PH mPAP >20 mmHg 1,3,4,and 5
/ " 6/ wAwhk wod

/ 51 wa wt wo6 4

mPAP > 20 mmHg 2and5
PCWP > 15 mmHg

PVR <3 WU

mPAP > 20 mmHg 2 and 5
PCWP >15mmHg

/ 51 wa wt w6 4

Isolated postapillary PH

Combined preand post
capillary PH

= =4 8 -8 8 —a 8 _9 19

2.2 Physics of Hyperpolarized 1*°Xe
2.2.1 NMR Signal

Magnetic resonance imaging (MRI) relies on the principle of nuclear magnetic
resonance (NMR), which at its core defines the interaction between atomic nuclei and
external magnetic fields. Specifically, only atoms with an odd number of protons and/or

an odd number of neutrons possessa net magnetic moment as given by

Equation 3: Definition of magnetic moment
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where[ is a constant of proportionality known as the gyromagnetic ratio and Vis the
nuclear angular momentum. Known as the Zeeman effect, when these nuclei are placed
within a magnetic field, they align to the field in discrete quantum states. For instance,
both 'H and 2°Xe have a spin of 1/2, which results in two possible spin states. The
energy ‘Oassociated with each state in a magnetic field6 can be described by the
equation:

Equation 4: The Zeeman effect equation

O 12064

In the presence of an external magnetic field6 , the two spin states have

different energies, with the spin state aligned parallel to the field (& -) having a

lower energy than the spin state aligned antiparallel to the field ( & -). This energy
difference leads to a slight excess of spins in the lower energy state at thermal
equilibrium, resulting in a net macroscopic magnetization aligned with the external
field. At equilibrium, the relative populations of these spin states are governed by the
Boltzmann distribution, which for a two -level system can be simplified to the

polarization 0:
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Equation 5: Definition of nuclear spin polarization

. 0 0 ra0
0 0 QY

where 0 and 0 is the number of atoms aligned with and againstd respectively, Q is
the Boltzmann constant, and "Yis the temperature. In practical terms, the inherent
polarization of *H and ?°Xe atroom temperature and clinical MR field strengths (1.5T)
isté p 1 and p8 p T . Despite this low nuclear polarization level, *H still has large
bulk magnetization 0 due to its abundance in the human body in the form of H 20 and
thus a high nuclei density.

The net magnetization per unit volume (bulk magnetization , 0 ) is directly
proportion al to the difference in population and can be given as

Equation 6: Bulk magnetization formula

[ 00
Q7Y

where " is the nuclei density. The large proton density in the body therefore makes!H
desirable to measure in MRI. However, the lungs present unique challenges due to their
lower proton density (approximate density 0.3 g/cm?3) and their large number of air-
tissue interfaces that causes susceptibility artifacts anda shortened Tz that results in

signal loss[133]. This rapid decay of the transverse magnetization results in a significant

loss of signal coherence during the MRI acquisition, rendering the lung tissue largely
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invisible in conventional 'H MRI. To address this, UTE sequences have been developed
to capture the *H signal within the lung despite these challenges, but such structural
imaging provides limited functional information. [133]. This rapid decay of the
transverse magnetization results in a significant loss of signal coherence during the MRI
acquisition, rendering the lung tissue largely invisible in conventional H MRI.
In contrast, while '2°Xe is not abundant in the human body, it can be inhaled and
used as the signal source insteadHowever, as a gas,xenon has a much lower density
compared to protons in the body, resulting in a bulk magnetization that is
approximately 10,000 times lower than that of protons. To compensate forthis low
density and naturally low polarization, hyperpolarization techniques are employed.
To clarify this point , consider that the bulk magnetization in Equation 6is
directly proportional to the polarization 0. Thus,by POEUT EUDOT wUT T wx OOEUDPAE
through hyperpolarization techniques, we dramatically boost its achievable bulk
OET Ol UPAEUDOOwm, SAOWEOEWEOOUI eHypepdabzatonu0T 1 wET Ol
thus overcomes?297 1 z U w O How ddndiyOa@dipolarization, making it a practical
agent for in vivo lung imaging.
2.2.2 Spin Exchange Optical Pumping
To significantly increase the nuclear spin polarization of noble gases such as'??Xe,

beyond their equilibrium levels, we employ a hyperpolarization technique called s pin

exchange optical pumping (SEOP) [134]. The SEOP process begins with the transfer of
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angular momentum from circularly polarized photons to the electrons of an alkali metal
vapor (in this case, rubidium). In the presence of a magnetic field, the rubidium atomic
ground state (52Si2) splits into two energy sublevels due to the electron spin's interaction
with the field due to the Zeeman effect. These two sublevels correspond to the electron
spin being aligned either parallel (& = +1/2) or antiparallel (& =-1/2) to the magnetic field.

The rubidium vapor is then irradiated with circularly polarized light resonant
with its D1 transition line, which selectively excites electrons from one of the two ground
state sublevels (determined by the photon helicity) to a higher energy state. Collisional
mixing rapidly equalizes the populations of the excited state sublevels. From the excited
state, the electrons decay back to both ground state sublevels with equal probability, but
the continuous selective excitation from only one of these sublevels gradually depletes its
population, leading to a high electron spin polarization in the ground state. This process,
known as depopulation optical pumping, creates a non -equilibrium polarization of the
rubidium electron spins [135].

The polarization transfer to 12%Xe, known as spin exchange,then occurs through
collisions with th e rubidium atoms . When these polarized Rb atoms collide with 12%Xe
atoms, a Fermi contact interaction occurs, facilitated by the overlap between the
electron's wavefunction and the 29Xe nucleus[136]. This interaction allows for the direct
transfer of spin polarization from the Rb electron to the 12°Xe nucleus. The polarization

transfer to 129Xe, known as spin exchange,then occurs through collisions with th e
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rubidium atoms . When these polarized Rb atoms collide with 29Xe atoms, a Fermi
contact interaction occurs, facilitated by the overlap between the electron's wavefunction
and the 2% e nucleug[136]. This interaction allows for the direct transfer of spin
polarization from the Rb electron to the *?°Xe nucleus.

To address the challengeof 12°Xe-Rb collisions potentially depolarizing the Rb
electrons and reduce the overall efficiency of the process a technique to continuously
flow a gas mixture containing a low concentration of 1?9Xe and high concentration of “He
as a buffer gasthrough the polarization cell was developed[137]. By including “He as a
buffer gas in this mixture in high concentration relative to Xe, this provides necessary
pressure broadening of the Rb absorption line to overlap with the laser line profile [138].
By maintaining a low xenon concentration in the gas mixture, the Rb spin-destruction
rate, which is dominated by collisions with Xe, is minimized . The continuous flow of the
gas mixture ensures that the small amount of xenon present is rapidly polarized and
then removed from the cell, allowing for high xenon polarization to be achieved even at
high flow velocities [139]. This technique, coupled with cryogenic separation of the
polarized 129Xe from carrier gases, allows for the accumulation of hyperpolarized 129e in
a controlled manner. By doing so, it is possible to achieve polarization levels nearing

50%.

5 The accumulated frozen xenon has arelaxation time of T1~2.5 hours according to Kuzma et al. (Phys. Rev.
Lett., 2002)
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2.2.3 129Xe Hyperpolarization Process and Delivery

129Xe Hyperpolarize Dispense Hold/Measure Administer
Figure 7: Workflow diagram of 12°Xe hyperpolarization and dose delivery.
Hyperpolarization of 29Xe for the research applications described in this thesis
follows a standardized processgrounded in the spin-exchange optical pumping
framework . Isotopically enriched 12%Xe (85%)is x OOE UD & | Eusirlg Comnendialy i w
available polarizer s (Model s 9810 and 9820; Polarean, Inc., Durham, NC)A gas mixture
of 1% xenon, 10% nitrogen, and 89% heliumis flowed through the optical pumping cell
where it is polarized, at rates between 1.6 and 3.5 standard liters per minute. During this
process, acircularly polarized laser light emitting at the 795 nm resonance frequency of
rubidium , interacts with the alkali vapor within the cell maintained at around 150°C.
After the gas mixture flows out of the optical cell, it is directed through a cold
finger immersed in liquid nitrogen to cryogenically separate polarized 12°Xe from the
other gases by freezing it. This frozen12°Xe is then thawed and collected in a Tedlar bag,
ready for administration . Then, the hyperpolarized 12°Xe is typically mixed with buffer
gases,such ashelium, to facilitate gas administration at a desired inflation volume .
The magnetization of the prepared dose of is quantified by the dose equivalent,

which is defined as the volume of 100% polarized and isotopically enriched 129Xe[140],
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calculated by considering the isotopic fraction 2°Xe"Q , the nuclear polarization level
0 measured through a polarimeter (Model 2881; Polarean, Inc.) and volume of

accumulated gasw (Equation 7).

Equation 7: Dose equivalent formula

00 Q 0 ()

During a typical imaging study, participants inhale the hyperpolarized 2Xe gas
mixture to TLC and exhale to FRC twice. The participants then inhale the full dose of
hyperpolarized '?Xe and hold their breath for the duration of the imaging acquisition,

which typically lasts between 1 0and 15 seconds
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2.3 Hyperpolarized ?°Xe Imaging and Spectroscopy

2.3.1 Ventilation Imaging

129%e MRI TH MRI

2D Multi-slice

3D Radial

Figure 8: Representative 'H anatomical images and 12°Xe ventilation images
acquired with 2D multi -slice and 3D radial sequences of a healthy volunteer . The 3D
radial acquisition provides isotropic resolution, enhancing the visualization of lung
structures and ventilation patterns .

Ventilation i magesare acquired using a combination of Siemens Magnetom Trio
3 Tesla scannetand SiemensPrisma 3 Tesla scannerParticipants are equipped with a
flexible Tx/Rx chest coil, tuned to the 129Xe resonance frequency of 35.3 MHz(Clinical

MR Solutions, Shadybrook, WI).
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For 2D gradient echo (2DGRE) imaging, the following parameters are
employed[141]: field of view (FOV) of 38.4 by 36 cm, matrix size of 180by 192, slice
thickness ranging of 15mm, bandwidth at 170 Hz/pixel, flip angle of 10°, repetition time
(TR) and echo time (TE) of7.65ms and 3ms respectively, achieving a spatial resolution of
2 by 2mm in-plane. Additionally, a corresponding proton image of the thoracic cavity
is acquired using the body coil without repositioning the subjects , ensuring consistent
lung inflation levels between 'H and ?°Xe scans The *H imaging utilize s asimilar GRE
sequenceand acquired with a FOV and number of slices identical to the xenon scan.

In addition to two -dimensional slice selective imaging, three-dimensional
volumetric imaging through radial sampling is employed. Compared to slice-selective
techniques, 3D radial imaging offers superior resolution in the slice dimension, and the
inherent oversampling of the k-space center (k) in 3D radial imaging ensures resilience
against motion artifacts and the effects of undersampling [142]. This allow s for the
potential exclusion of compromised projections without notably degrading the overall
image quality 8. Furthermore, the repeated sampling of ko throughout the acquisition
enables the monitoring of dynamic changes during the breath -hold, such as the decay of

the hyperpolarized 12°Xe signal due to T: relaxation and RF depolarization [143]. This

6 This assumes that the projections are acquired in a fully randomized manner.
39



information can be then utilized to correct for signal decay and improve the quantitative
accuracy of the imaging data.

To this end, the following parameters were employed for 3D radial imaging:
repetition time (TR) / echo time (TE) = 4.5/0.45 ms; flip angle = 1.5°; field of view (FOV) =
40 cm; views = 3600; samples per view = 128 he arrangement of the radial projections
adhered to an Archimedean spiral pattern , but were randomized based on their polar
angle, utilizing a Halton random sequence [144, 145] The acquired data were then
reconstructed into a 128 x 128 x 128 Cartesian matrix, employinga custom in-house non-

uniform fast Fourier transform (NUFFT) reconstruction algorithm [146].

2.3.2 Gas Exchange Imaging

3D radial trajectory
Pulse sequence diagram
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Figure 9: Single -point Dixon imaging of membrane and RBC compartments
with interleaved gas acquisition.

The visualization and quantification of gas transfer from the alveolar spaces to
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exchange imaging by exploiting the unigue chemical shifts of 129e in different
compartments of the lung. Inhaled *?°Xe gashas a resonance frequency(O ppm by
convention), but when it dissolves into the lung parenchyma and RBCs, it experiences
distinct chemical shifts due to the different chemical environments. Dissolved 2°Xe
exhibits a chemical shift of approximately 19 7 ppm relative to the gas phase in the lung
parenchyma, while in the RBCs, it exhibits a chemical shift of 218 ppm (Figure 2).

The significant difference in the chemical shift of 129Xe between the gas phase and
the dissolved phases (membrane and RBCs) allows for the imaging of all three gas
exchange compartments in a single acquisition. By using a frequency-selective pulse, the
gas phase and dissolved phase can be separately excited. However, the chemical shift
difference between the membrane and RBCs is much smaller, resulting in their
simultaneous excitation. To separate and quantify the signals from these closely related
compartments, a specialized imaging technique is required.

To address this challenge, theDixon method, commonly applied in proton MRI
for distinguishing fat from water due to their close chemical shifts, is adapted here .
Specifically, the 1-point Dixon method is employed due to the short T2 relaxation time
of dissolved phase2?Xe(~1 msat 3T[147]). This thus necessitateghe use of ultra-short
echo times in the pulse sequence to capture the rapidly decaying signal. To address this,

our imaging employs a 3D radial acquisition strategy with echo times A1ms[35].
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This 1-point Dixon approach usesthe phase difference at Tko, the time where the
resonances ofRBC and membrane tissues are 90 degrees out of phase, to g@rate the
complex-valued dissolved-phase signals into real and imaginary image components [148,
149]. This TEswvalue, along with the patient -specific global RBC:membrane ratio is
determined via a calibration scan prior to the gas exchange scarj119]. Subsequently,
point Dixon separation is performed by phase shifting the complex-valued image such
that the ratio of the real and imaginary components matches the RBCmembrane signal
ratio’.

During the breath -hold, signal from the vast majority of inhaled *2°Xe remains in
the airspaces, with only a small fraction of 1-2% dissolving into the tissue. Despite this,
dynamic exchange betweengas and dissolved compartments (Figure 1) allows for
effective use ofrelatively higher flip angles in dissolved -phase imaging that allows for
almost all the inhaled magnetization to be utilized [35].

Moreover, the imaging protocol for gas exchange employs an interleaved
sequence design to capture data fromboth gas and dissolved phasesby alternating the
transmit frequency to match the resonances of thegas and RBCphases, respectively.
This protocol [102] utilizes flip angles of 0.5° for the gas phase to minimize RFinduced

depolarization of the hyperpolarized gas signal and 20° for the dissolved phase to

7 This procedure is only applied within the thoracic cavity mask.
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maximize signal-to-noise ratio (SNR) while allowing signal replenishment to the RBCs
during each TR[35]. The sequence parameters are standardized across both phases with
10002100radial projections [150] each and 64 samples per radial projection.Images are
reconstructed to a 64x64x64matrix using our in -house NUFFT-based gridding

algorithm. The TE is set to the minimum achievable value of TEs[149], and the TR is set
to 7.5mswith the FOV spanning 40cn®. As previously described for ventilation imaging,
arandomized Halton spiral is employed to ensure uniform coverage of k-space In
addition, a matched breath-hold ultra -short echo time (BHUTE) proton acquisition is
performed with the same resolution to provide anatomical context for the gas exchange

images.
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Membrane
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Figure 10: Representative grayscale images of ventilation, membrane, and RBC
compartments all obtained from a single breath -hold scan.

Figure 10shows example grayscale images of the three compartments (gas,

membrane, and RBC) obtained using this imaging protocol.
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2.3.3 Image processing and quantification
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Figure 11: Ventilation, membrane uptake, and RBC transfer maps of
representative participants in various disease cohorts. Disease cohorts highlight a
range of pulmonary pathologies including  obstructive lung disease (COPD),
interstitial lung disease (IPF), and pulmonary vascular disease (PAH and CTEPH). A
representative healthy participant is shown for comparison.

MRI signal intensities inherently lack standardized units . To address this, the
following methodology is employed for the quantification of ventilation and gas
exchangeimages. After image reconstruction, the *H anatomical images are first co-
registered with the 129Xe image. A thoracic cavity mask that delineates the lung

boundaries is then createdusing a custom deep-learning-based segmentation
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algorithm [151, 152] This mask additionally undergoes further manual labeling by an
expert reading to ensure segmentation accuracy.

For ventilation imaging, images are normalized by the maximum intensity at the
99th percentile of the cumulative distribution, scaling them to a 0 -1 range[153]. The
normalized ventilation signal distribution is then compared against a predefined healthy
reference, characterized by specificthreshold values. This allows voxel values to be
?EDOOI Histind Gutkérsdor the segmentation of ventilation images into color -
coded maps[154]. These maps visually represent the deviation in ventilation signal from
the healthy reference mean, measured inBox-Cox-transformed standard deviations [155].
For example, regions exhibiting intensities more than two standard deviations below the
reference mean are identified as ventilation defects and highlighted in red (first row in
Figure 11).

The quantification of gas exchangeimages in the membrane and RBC
compartments employs a similar binning strategy but incorporates an additional
normalization step. Once decomposedinto separate channels the membrane and RBC
images are individually normalized by the corresponding gas image via division on a
voxel-by-voxel basis. This procedure produces ratio maps for both membrane-to-gas
and RBC-to-gas signal intensities, separately coined "membrane uptake" and "RBC

transfer"[98]. Like ventilation imaging, these ratio maps are individually compared

46



against healthy reference distributions, allowing the classification of gas exchange into

distinct color categories based on deviation from the reference values (Figure 11)[156].

2.3.4 Dynamic Spectroscopy Acquisition and Quantification

es Individual spectrum components
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Figure 12: Consecutive spectra individually fitted to a membrane Voigt model .
A) Membrane and RBC gas exchange compartments have a distinct chemical shift ,
with the RBC amplitude visibility oscillating according to the cardiac cycle. B) Each
spectrum is fit to a membrane Voigt model with each peak being parametrized by 4 or
5variables. Images are adapted from Bier et al. [69].

Particularly useful in the characterization of pulmonary hypertension, d ynamic
spectroscopy provides a complementary approach to imaging by monitor ing the real-
time dynamics of thesegas exchangecompartments. This involves the rapid, continuous
acquisition of spectra at the RBCresonanceduring a single breath -hold. To quantify the
spectral information accurately, eachFourier induction decay ( FID) is fit to a Voigt
profile | a convolution of Lorentzian and Gaussian profiles that models the relative
amplitude, chemical shift, linewidth, and phase of the gas, membrane, and RBC
compartments[69]. Specifically, we use the following parameters according to the 129Xe

clinical trials consortium protocol [102]: 500 FIDsconsisting of 512 samples,are acquired
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during an 8-second breath-hold, employing a TR of 15ms, TE of 0.45ms, and dwell time
of 10 microseconds.

Following the fit of each individual FID, spectral parameters, such as the
amplitude, are detrended and normalized for further analysis. A parameter of particular
interest is the RBCamplitude , which exhibits cardiogenic fluctuations correlating with
the cardiac cycle. These fluctuations are quantitatively assessedby identifying the peaks
and troughs within the amplitude signal over the course of the breath-hold. The
oscillation amplitude is computed as the percentage difference between the median peak

amplitude and median trough relative to the average amplitude.
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Figure 13: Representative RBC signal amplitudes in patients with various
pulmonary diseases compared to a healthy control . Elevated oscillation amplitudes
are observed in patients with idiopathic pulmonary fibrosis (IPF) and left  -sided heart
failure (LHF). Conversely, the patient with pulmonary arterial hypertension (PAH)
exhibits diminished RBC signal oscillations.

Specifically, theseRBC amplitude oscillations, which correspond to the cardiac

cycle, reflect the difference in capillary blood volume during the cardiac cycle and can
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serve as a sensitive marker of pulmonary vascular function. For example, in IPF, where
the stroke volume is delivered to a partially destroyed capillary bed, larger relative
capillary blood volume oscillations between systole and diastole can occur if stroke
volume is preserved, leading to enhanced RBC amplitude oscillations. Similarly,
elevated RBC oscillation amplitudes have been observed in patients with pulmonary
venous hypertension caused by left-sided heart failure (LHF), indicatin g diastolic
reserve limitation during the cardiac cycle due to high post -capillary impedance. In
contrast, reduced RBC oscillation amplitudes have been observed in patients with PAH,
where the larger impedance to flow in the arterioles diminishes the oscillations. Bier et
al. also found that these amplitude oscillations appear to be a key feature in
differentiating pre -capillary from post -capillary PH [95]. Representative time series of the
RBC amplitudes are shown in Figure 13.

In this chapter, we have investigated the fundamental principles of
hyperpolarized 12°Xe MRI/MRS and its applications in assessinglung ventilation and gas
exchange.Building upon this foundation, the following chapters will focus on the
technical research and innovations developed throughout this thesis work. In Chapter 3,
we will introduce two novel approaches for bias field correction in hyperpolarized 12%Xe
ventilation MRI, using direct mapping of RF -induced spin depolarization and the
construction of a template that models the RF coil sensitivity distribution. Chapter 4 will

develop the quantitative mapping of cardiopulmonary oscillations using hyperpolarized
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129¢e gas exchange MRI, with a focus on optimizing keyhole reconstruction techniques
and establishing healthy reference values. Chapter 5 will further advance
cardiopulmonary oscillation amplitude mapping by investigating compressed sensing
reconstruction techniques. In addition to these core research topics, Chapter 6 will
present supplemental innovations, including the development of open -source software
tools, the optimization of RF -pulse shapes to minimize off-resonance artifacts, and the

application of deep learning techniques for image enhancement.
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3Bias fieldicohypeet plodtear i zed
ventil ation MRI

In the previous chapter, we outlined the fundamental principles of
hyperpolarized 2°Xe MRI and its applications in imaging lung ventilation and gas
exchange. These techniques provide valuable insights into pulmonary function and have
the potential to improve our understanding of various lung diseases. However, to
ensure accurate quantification and interpretation of hyperpolarized ?°Xe MR imaging
data, it is crucial to address the technical challenge of Bi field inhomogeneit ies. Gas
exchange images of membrane uptake and RBC transfer are eviaated as ratios relative
to the ventilation image, effectively insulating them from these inhomogeneities.
However, ventilation images remain susceptible to these artifacts, which can lead to
non-uniformities in the signal that misrepresent the actual dis tribution of the xenon gas
and obscure accurate functional assessment if not properly corrected.To this end, we
introduce two approaches towards effective bias field correction using 1) direct mapping
of RFinduced spin depolarization and 2) construction of a template that models the RF
coil sensitivity distribution. We apply this method specifically towards ventilation
imaging . The work presented in this chapter has been adapted from our previous peer-
reviewed publication [157]:

Junlan Lu, Ziyi Wang, Elianna Bier, Suphachart Leewiwatwong, David Mummy,

and Bastiaan Driehuys,? | PEUwi D1 OEWEOUUIT E®BROéntichidd MRIa x 1| Ux OOE
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using templates derived by RF-depolarization mapping .? Magnetic Resonance in Medicine

(2022).
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3.1 Motivation

Hyperpolarized '2°Xe ventilation image

Figure 14: Representative 129Xe ventilation image . The red arrow indicates
typically observed signal drop -off due to bias field.

Hyperpolarized 12Xe magnetic resonance imaging £2°Xe MRI) enables regional
assessment of ventilation and its response to therapy in numerous adult and pediatric
disease$41, 45, 58, 64, 158, 159FXe ventilation MRI can be quantified regionally by a
variety of approaches, including linear binning, k -means classificatiorn[99], and
convolutional neural networks [160] to characterize aspects of the ventilation
distribution. However, one challenge to accurately quantifying such images is
separating physiologically driven signal variation and B 1-inhomogeneity -induced signal

variation. Such B non-uniformity affects both transmit (B 1*)and receive (B)
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sensitivities, which combine to create a distortion known as bias field; it can potentially
be corrected by both prospective and retrospective correction techniqueq78].
Prospective bias field correction strategiesinvolve designing specialized pulse
sequencessuch asthe double flip -angle method for B1* mapping [77, 161] These methods
typically involve mathematically estimating the bias field from the acquired images and
then correcting the images by dividing them by the estimated bias field . So far, these
methods often require multiple scans or may require sacrificing resolution to limit the

scan duration to a single breath-hold.
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Figure 15: Application of N4 bias field correction algorithm . The uncorrected
ventilation image shows a well -demarcated region of relative high ventilation in the
lower left lung indicative of physiology . This feature is removed upon bias field
correction, exemplified in both the grayscale and color -binned image.

Given these limitations, bias field correction of 129Xe ventilation MRI has
generally been performed retrospectively on a single ventilation scan using the public ly
available N4ITK package[82]. This is a variant of the original nonparametric nonuniform
normalization (N3) algorithm [162] and has become the defacto standard owing to its
ease of implementation and ability to automatically correct for bias field. N4ITK
retrospectively calculates a smoothly varying bias field by iteratively sharpening the

high -frequency content of the intensity d istribution; it thereby attributes all low -
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frequency intensity variation to the bias field. However, N4ITK was originally

developed to correct the bias field in anatomical imaging in organs such as the brain,
where the distribution of signal intensities is well understood. By contrast, the

distribu tion of ventilation in the lung reflects a function that is known to be
heterogeneous due to gravity-induced inhomogeneities [163], the underlying structure of
the lung [84], and obstructive diseasg164]. Thus, functional lung images have remained
particularly challenging to correct, with persistent uncertainties remaining regarding
how to prioritize removing bias field non -uniformities while preserving those non -
uniformities that are physiologically driv en. To this end, Roach et al. recently
demonstrated that different bias field correction methods can significantly affect the
guantitative analysis of 29Xe ventilation MRI across pulmonary diseases[165].

Here, we demonstrate the construction of a bias field template for a particular
coil configuration that can be applied retrospectively to ventilation images regardless of
acquisition strategy. We do so in a two-step fashion, building on the recently introd uced
method of Niedbalski et al. [143] who demonstrated multi -key reconstruction of
UEOEOODPAI Ewt #WUEEPEOWPOET 1 wEEQ@UPUDPUDPOOUW®M? 1 %wE
extend this framework to estimate regional B i-inhomogeneity, and thereby bias field,
from a single radial ventilation acquisition. Then, we present a method for using a larger
set of such B-inhomogeneity maps to construct a generalized flip angle map

template[166], thereby enabling bias field correction for a given coil configuration
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regardless of whether or not the image was acquired using a 3D radial sequencd167,

168]

3.2 Theory
3.2.1 RF-Depolarization Mapping

Randomized radial sampling of hyperpolarized *29Xe provides a straightforward
means to map local flip angles. First, radial sampling permits the center point of k -space,
ko, to be sampled at every repetition time Y, thus providing a direct measure of the
decaying longitudinal hyperpolarized magnetization. Specifically, the longitudinal
hyperpolarized magnetization remaining after the ¢th RF pulse of a flip angle| is given
by:

Equation 8: Longitudinal magnetization remaining after nth RF pulses

o v . .Y
L & D TT WEIi Qoonw

where 0 T is the starting magnetization, "Y is the 12Xe longitudinal relaxation time
from factors other than RF pulsing, and “Y is the repetition between each RF pulse. This,
in turn, causes the signal intensity at position » in the field of view contributed by the
¢th RF pulse to be

Equation 9: Signal Intensity at the nth RF pulse

Y O Ti QEP» wWEI »Qoonw
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When the radial views are acquired randomly, the image data can be split into
and reconstructed as two temporal halves “Y » and "Y ». As established by
Niedbalski [143], these two halves are then divided to extract the spatially varying decay
term:

Equation 10: Definition of s patially varying d ecay term across two temporal
halves

. Y

where ¢ is the total number of views acquired. This equation can be solved to directly
determine the flip angle map:

Equation 11 Flip angle as a function of signal decay

For most acquisitions, "Y L Y, allowing this exponential to be approximated as
unity. The resulting flip angle map can subsequently be used to generate the
corresponding bias field, which depends doubly on B 1, both through its effect on flip
angle and also through its impact on receive sensitivity. By the reciprocity theorem [169,
170], the flip angle map can therefore be used to calculate the bias field. Thus, in
aggregate, three multiplicative nonuniformities contribute to bias field in a “"Y/'Y surface
coil configuration: transmit sensitivity, receive sensitivity, and nonuniform

magnetization decay. Thus, the bias field affecting the voxel at position "I is given by:
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Equation 12 Bias field proportionality relation
o »
0 >0 »i Q¢ » p—
p 0 »

Unlike the case for flip angle mapping, “Y effects cannot be ignored in the bias
field calculation owing to the Ti:dependence of the C: term. Longitudinal relaxation can
only be ignored if Y] ¢ "Y, a condition that can be made rigorously true in a
phantom but is not met within the lung where paramagnetic oxygen induces a
relaxation time that is on the order of the acquisition duration [27, 171] We thus
introduce these methods to estimate Y as detailed in subsequent sections. Furthermore,
while "Y can be weakly spatially varying [172], we assume it to be a constant. Once the
bias field has been calculated, it is normalized to a mean value of 1 and smoothed with
an approximating B -spline[173]. The resulting field 6 » is then used to transform
the original intensity distribution “Y » into the true regional signal distribution
Y » from the original “Y»as

Equation 13 Corrected signal intensity distribution

% » “Y»J0O >

The complete RFdepolarization mapping approach is summarized using a basic

digital phantom in Figure 16.
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Figure 16: Overview of RF -depolarization mapping using a Shepp -logan
phantom and simulated RF inhomogeneity . The randomly acquired radial views are
divided into first and second -half temporal subdivisions and reconstructed
separately. The ratio of the two is taken to calculate a flip angle map, which in turn is
used to calculate a bias field map. This map is then divided into the fully sampled but
uncorrected image to generate a final bias -corrected image.

3.2.2 Template-based Correction

Depolarization maps from a cohort of subjects can be subsequently combined to
generate a single template flip angle map. This, in combination with knowledge of the
point in the trajectory at which a sequence samples the center of kspace, can be used to
generate a bias field map for an arbitrary acquisition. The approach is described in

Figure 16, which begins with a first depolarization -derived flip angle map to seed the
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template | » 8t is associated with a corresponding thoracic cavity mask
a », to which subsequent flip angle maps and their associated thoracic cavity
masks are then rigidly registered. Because the flip angle map is typically slowly spatially
varying and fixed for a given coil configuration, registered flip angle maps can then be
averaged together to create a final| »3

Such a template can then be used to correct the images of any desired subject by
first registering the subject mask to the template mask

Equation 14 Mapping subject mask to template mask

where "Y » is the mapping function determined by the registration process. The
inverse of “Y » is then applied to the flip angle map template to transform it into
UUENI EOz UwbOET I wWUxEEI

Equation 15 Mapping template flip angle map to subject flip angle map

The resulting flip angle map once adjusted to the specific subject, | "l is

then transformed into a bias field map for radial or Cartesian acquisitions using :
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Equation 16: Bias field proportionality relation  using template -based approach
| > i Qp i p— YO QQwa
p 0 »
| »i Qg i 0 0Owi 0QiI ¢
It is important to note that for multi -slice, Cartesian imaging, the image SNR is
proportional to the signal at the £ -th excitation, representing the central line of k -space.

Ul woOi wUOT 1 WEPEUwWI Pl OEOQwbUUwWDBHOYI

T

6 DUT wUOT PUwI UUDO
signal distribution "Y»:

Equation 17: Corrected signal intensity distribution using template  -based
approach

Y » Y»TO >
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to yield 3 "I, is the biasfield corrected image; the process is graphically depicted

in Figure 17.
Template generation @plate-based correction method
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Figure 17: Flip angle map template generation and correction methods . Left)
Process of generating a flip angle mask illustrated with 2 subjects for simplicity. The
target mask 1, is arbitrarily chosen as the reference frame to which all others are
volumetrically registered. The same registration required to align the subject masks is
applied to align the measured flip angle maps. Each registered flip angle map is then
inpainted to smooth out any edge effects and averaged into the broader template map.
Right) lllustration of template -based bias field correction.

3.3 Methods

3.3.1 Simulations

To illustrate the principles of using RF -depolarization for bias -field mapping,

simulations were performed using a uniform cylindrical phantom in a field of view that
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was parsed into a 128x128x128 matrix. The digital structure was Fouriertransformed to
generate k-space data, which was radially sampled and subjected to inhomogeneous RF
induced magnetization decay by imposing a flip angle map regionally varying between
0.5 and 0.8. The simulation was conducted first in the absence of longitudinal
relaxation ("Y = E) and then for representative O2 concentrations (detailed in the next
section) that might be encountered in vivo (Y = 10s in the extreme limit of a patient
receiving supplemental oxygen, “Y = 40s and in the limit of a patient with small lung
volume, inhaling a large volume of in anoxic gas).

The digital phantom was radially sampled with 10,000 radial spokes (128
points/spoke), using a 3-D randomized Halton spiral pattern [102] for a total of a
simulated 10s scan duration (Y 14 i . Note that the digital "Y was adjusted to 0.1ms
to preserve the same relationship between G-induced T: and scan duration as for in
vivo imaging. Images were reconstructed using a conjugate-gradient nonuniform FFT
technique[174]. The RRdepolarization map was generated as described above and

converted to a bias field estimate that was used to recover the corrected image.

3.3.2 In Vivo Imaging

3D radial ventilation MRI was available for use from 51 subjects (18 healthy, 11
Interstitial Lung Disease, 2 Lung Transplant, 2 COPD, 11 Pulmonary Hypertension
evaluation, 7 Radiation Therapy) who had undergone imaging in the supine position at

3T (Siemers Magnetom Trio Scanner VB19) using the following parameters:
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TR/TE=4.5/0.45ms; flip angle=1.5; FOV=40cm views=3600; samples/view=128. Images

were acquired using a quadrature flexible 12°Xe chest coil (Clinical MR Solutions,

Shadybrook, WI). This widely used coil is optimal for patient comfort but exhibits signal

deficits resulting fromthe cut -OU U U wUT EVWEEEOOOOGEEUI wUT T wxEUDI OI
acquisition had an image SNR > 8 determined using the equation below for magnitud e

reconstruction:

Equation 18 Definition of Image SNR

NG Y 0 Q& .
Y Y i aaowe N
where "YQ is the average standard deviation of 8x8x8volumes inside the

thoracic cavity [154].

The protocol was approved by the Institutional Review Board of Duke
University Medical Center (Durham, NC, USA). The 3D volumes were acquired using a
randomized 3D Halton spiral radial sequence and the two keys were reconstructed to a
Cartesian 128x128x128natrix using a kernel sharpness of 0.1§146]. This resulted in
images with low -resolution but high -SNR to achieve a smoothly varying flip angle map.
Subsequently, the entire dataset was reconstructed again using a sharpness of 0.32 to
provide a higher resolution image for visualizing regional ventil ation.

To test the template correction approach on a more standard Cartesian

acquisition, it was also used to correct a representative 2D GRE ventilation image
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acquired with bandwidth = 170 Hz/pixel, FOV = 38.4 x 36 cm, flip angle = 10°, TR/TE =

7.65/3 ms, and resolution = 4 x 4 x 12 (mr#).

3.3.3 T1 estimation

RF-depolarization mapping used an estimated '>°Xe "Y in the lung that was
assumed based on prior studies to be dominated by paramagnetic oxygen175]. For
129¢e-0O2 collisions at 37°C body temperature, 12°Xe relaxation is approximately linear
with O 2 partial pressure 0 [176]:

Equation 19: Relationship between 4 relaxation and |f¢

— T8 t
~ Cip twa v

0 was assumed to be 104 mmHd177]or 0.137 atm at endexpiration
(functional residual capacity - FRC) prior to subjects inhaling an anoxic dose volume of
@ , thus further diluting the oxygen partial pressure to :

Equation 20: Dilution of oxygen partial pressure

0 oo b OY6
T OXO UemyE

This dilution value was calculated for each subject individually, either from
measured FRC, if available, or an estimated value if not. For healthy subjects, FRC was
estimated using the equation recommended by the European Respiratory Society[178],

which for patients with lung disease was scaled down by the ratio of measured vs.
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predicted forced vital capacity (FVC) [179]. For a typical subject with FRC=3 liters,
inhaling a 1-liter dose, the partial pressure of oxygen after dose inhalation would be % of
that at FRC or ~0.1 atm, yielding a”Y of approximately 24s. Note that although "Y can
vary somewhat across the lung[175, 180] we have assumed it to be constant here; the
impact of this assumption is discussed in a later section.

Once an RFdepolarization map had been calculated using a subject-specific Y
estimate, it was then smoothed with an approximating B -spline[173] (spline order=3;
number of levels=4x4x4; number of control points=4x4x4) and then used to correct the
image.

3.3.4 Template-based Correction

The flip angle map template was generated using RFdepolarization maps from a
subset of¢  p mandomly selected subjects Figure 17) who had undergone 3D radial
129¢e ventilation MRI. Beyond this sample size, addition of each new map to the
template changed the sum-of-squares difference from the prior iteration by <1%. For
each subject, the thoracic cavity mask was registered using Advanced Normalization
Tools[181] to a common coordinate system (Mutual Information metric, gradient step =
0.1, 4 resolution levels with 100x50x25x10 iterations per level using shrink factors of
WRKRI RRUAWEOEwWUT T wEOUUI UxOOEDOT wUUEOU-i OUOEUDPOOU
depolarizatio n derived flip -angle map. After the transformation, any resulting dark

areas at the boundary caused by the transformed volume moving partially out of the
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FOV were inpainted before averaging [182]. The flip angle map template was then

registered to the thoracic cavity of the subject whose scan was to be corrected.

3.3.5Image Display and Statistical Analysis

Ventilation images were rescaled by the top (99") percentile of intensities and
displayed in grayscale[153]. All maps were displayed using perceptually uniform
sequential colormaps in which the flip angle map, with units of degrees, was displayed
with the Magma colormap and the associated bias field (rescaled to a mean value of 1)
was displayed using the Viridi s colormap. For each of the estimation methods, the
resulting bias field was quantified by its range and standard deviation. Similarly, for
each of the three bias field correction methods, the resulting ventilation distributions
were characterized by their mean and coefficient of variation. The spatial variation of
corrected ventilation was then analyzed by linear regression of the average intensity as a
function of position and rescaled by global average intensity to determine both
posterior-anterior and superior -inferior gradients. Overall differences in bias field
metrics and imaging metrics were tested for statistical differences using a repeated-
measures ANOVA, while individual differences were compared using a one -way
EOEOaUDPUwWOI wY E U BoAeEtly sighifizdht difféfende teELI Al data and

image analyses were completed in Matlab.
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3.4 Results

3.4.1 Digital Simulations

Uncorrected Key 1 Image Key 2 Image
Uniform Digital Phantom S S2

Corrected Image

— Uncorrected Image
——Corrected Image

Decay map of 32/310—

i 0.8°.5 1
Applied fli[() )angle Extracted flip angle map (°)  Relative bias field map
map (°

Line profile

Figure 18: Digital simulation of RF -depolarization mapping of a uniform
cylindrical phantom . A simulated B 1 inhomogeneity is applied using the flip angle
map, resulting in non -uniform signal intensity variation in the uncorrected
reconstruction. Using the two keys, a flip angle map is recovered and transformed
into a relative bias field map, which when divided into the uncorrected image
accurately recovers the underlying uniform signal distribution. The line profiles from
the traces in columns 2 and 5 show the effects of the non -uniform flip angle and its
successful correction.

Figure 18 depicts the key steps and outcomes of bias field correction using RF
depolarization mapping in a homogeneous digital phantom. The uncorrected
reconstruction demonstrates the signal intensity variation that was caused by the
application of the deliberately inhomogeneous flip angle map. Here, the upper left
guadrant of the image exhibits lower signal intensity, driven by the lower simulated flip

angle in that region. Conversely, the lower right quadrant exhibits higher image
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intensity, driven by the larger simulated flip angle in that region. These effects can be
separated by using two key images “Y and Y to produce a depolarization map where
regions with greater/lower coil sensitivity experience more/less decay as manifested in
the "YX Y ratio. The depolarization map is transformed into a flip angle map through
Equation 11, and subsequently a bias field map through Equation 12 The bias field map

is then used to correct the image using Equation 13 and recovers a homogeneous image

as evidenced by the resulting line profile.

Extracted Extracted Line profile Corrected
Uncorrected flip angle Bias Field assuming Image with
T1=inf true T1

—Uncorrected Image
—— Corrected Image

Line Profile

T1 = Inf
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Figure 19: Digital phantom simulation with additional longitudinal relaxation
values of 4| and . Wote that incorrectly assuming infinite 4| results in an
inadequate correction when 4| =40s, and a nearly absent one for thed| -10s scenario

(column 4). However, once an appropriate J|| value is included, the uniform phantom
is recovered in all cases (column 6).



Figure 19illustrates the importance of including relaxation effects beyond those
caused by RF pulsing by simulating the effects of different global “Yvalues on the ability
to recover the homogenous line profile. As the simulated “Ybecomes shorter, the amount
of signal intensity variation imposed by the simulated flip angle map increases across
the digital phantom, despite the recovered flip angle map matching that of the one
applied. These effects are most readily seen in the biasitld map, where the intensity
variation imposed by B 1 inhomogeneity is further accentuated by the shorter "Y due to
its influence on the 6 term in Equation 12. Thus, if one incorrectly assumes that 'Y  Hb,
or is practically very long, this causes the recovered image to remain inhomogeneous, as
shown in column 4. For the case of Y p fthleaving out Y correction results in a
negligible bias field removal and thus minimal alteration to the original uncorrected
image; this remains relatively true even for “Y 1 ft. However, when the correct
simulated "Yis used to calculate the bias field map, the homogeneous image and flat line

profiles are recovered as in columns 5 and 6.
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3.4.2 In Vivo Imaging

Uncorrected Image Flip angle map Bias field Map Corrected Image

RF depletion mapping

0.0 10 5 22° 04 1.7 0.0

1.0

Figure 20: Bias field correction of a healthy subject imaged with 3D radial  2%Xe
MRI using RF -depolarization mapping. Inhomogeneous signal intensity is visually
apparent in the apex of the lung (arrows), where low signal is likely due to the arm
cutouts in the surface chest coil. Application of the bias field correction recovers the
signal in this area.

In humans, the imaging time becomes comparable to the 129%Xe Y, which must
therefore be appropriately estimated to correctly separate the R~induced and “Y-
induced depolarization. In our cohort of subjects, using their individual values of FRC
(¢c8 ¢ m& Pand anoxic dose volumes delivered (M@ @ T ) the averaged Q-
induced longitudinal relaxation time was estimated to betobe Y ¢ @i ¢&u For each
subject, estimated”Y was incorporated to generate a subjectspecific bias-field and bias-
corrected images.Figure 20UT OPUWEOwI REOx O1 wOil wEwl 1 EOUT a wUUET
which exhibits both high intensities in the right middle lobe and a signal drop -off in the
lung apex. This signal deficit is a known effect attributed to the cut -O U 0 U wi OUwUT | wx EU
arms in the flexible coil architecture, in contrast to birdcage coil designs that offer better

B1-homogeneity but reduced patient comfort. For this subject, the extracted mean flip
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angle wasp® | 1@ T corresponding to a ~24% variability across the map. When
FOOEDOI EwbPbDUT wlT b Ui ityielded a tias field bhapWEhB2% w
variation. In this example, the bias field was ~0.8 in the low-intensity apex, vs ~1.3 in the
right mid -lung hotspot. Upon dividing out the bias field, the resulting corrected images
showed a pronounced visual change in the rescaled ventilation with the apex signal; it
increases from 0.22 to 0.28 in the lung apex, while decreasing from 0.49 to 0.34 in the
base.

Uncorrected
Image Flip angle map Bias field Map Corrected Image

RF-depolarization
mapping

Template-based

N4ITK

0.0 10 5 180 0.4 1.7 00 1.0

Figure 21: Visual comparisons of bias field correction methods on an NSIP
subject with no significant ventilation defects.  The flip angle map derived from direct
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RF-depolarization mapping and that derived from template  -based estimation are
similar in range, with both methods correcting for the low coil sensitivity in the lung
apex. Although N4ITK exhibits a similar spatial pattern, the magnitude of the bias
field i s visually higher in the lung apex compared to the other two methods, resulting
in a slightly milder correction there.

Figure 21 shows a second subject in which we compare the results of bias field
correction using the RF-depolarization, template, and N4ITK -based approaches. For RF
depolarization mapping, the recovered flip angle map ranged from p@® T 1@ @and
relative bias field ranged from 1@ ¢ T& v The template-based method recovered a flip
angle map ranging from p8t 1 T® @and a relative bias field that ranged from 1@ 1
T p The template-corrected image is visually similar to the one resulting from direct
RF-depolarization mapping, with increased intensity being particularly evident at the
lung apex. Interestingly, the bias field resulting from depolarization - mapping in thi s
subject suggests a higher coil sensitivity near the diaphragm of the right lung. However,
such enhanced sensitivity is not seen in the template-derived bias field. This difference is
possibly caused by motion near the diaphragm during the breath -hold. Such motion
breaks the assumption that the gas distribution remains static during imaging and
therefore has the potential to over-estimate the bias field. Finally, the bottom row shows
the effect of the N4ITK algorithm which returned a significantly highe r relative bias field
of Mo v T X Interestingly, the N4ITK method recovers similar spatial features of lower
sensitivity at the lung apex, but differs slightly in magnitude at that location, yielding a

smaller correction.
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Figure 22: Comparison of 3D radial ventilation maps and histograms resulting
from using each of the three correction approaches. RF-depolarization mapping and
template -based methods achieve similar levels of correction while minimally shifting
the histogram mean. By contrast, direct application of N4ITK confers a more
aggressive correction that significantly shifts the overall histogram to higher
intensities. No te that all color maps are depicted using binning thresholds derived
from the original N4ITK corrected cohort . They are intended only to visualize

Figure 22 shows multiple slices from a single subject comparing uncorrected,
depolarization -based, template-based, and N4ITK methods of bias field correction. The
images are displayed using the established ventilation binning color scale to highlight

differences between the methods. Note that all maps are using binning thresholds
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derived from a healthy cohort originally corrected using the N4ITK method [153]. The
uncorrected image panel demonstrates signal intensity increasing in both the anterior to
posterior and superior to inferior directions. The low signal in the apex of the lung is
highlighted by the orange and red color and transitions to green and blu e towards the
lung base. Upon application of the RF-depolarization -derived bias field correction, the
colormap preserves these features but the relative intensity in the lung apex and parts of
the middle coronal slice has been increased. This is also seeafter applying the
template-based correction, suggesting that this approach similarly characterizes both the
degree of variation and its distribution. However, the N4ITK bias field correction
ventilation with these default thresholds. Shown to the right of these corrected images
are the top-percentile rescaled signal distribution histograms. Here, we see that both
depolarization - and template-based correction methods affect the hisogram modestly,
while N4ITK shifts the histogram quite dramatically from its uncorrected mean of ~0.3

to a value of ~0.5. Note, while depolarization and template -based corrections largely

preserve the histogram shape, they nonetheless reduce inhomogeneityin the colormap.
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Figure 23: Quantitative comparison of derived bias fields (left) and ventilation
distributions (right) across the entire cohort. There was no significant difference
between the top 90 ¢ top 10 percentile difference or overall standard deviation across
any of the bias field maps. However, for the resulting ventilation maps, the N4ITK
algorithm significantly shifts the mean of the rescaled distribution to a higher
value (P<.001). Moreover, all the correction methods significantly decrease the
coefficient of variation of the resulting ventilation distribution (RF -depolarization:
P=.044, Template: P=.012, N4ITK: P<.001).

These observations inFigure 22 are seen on a cohortwise basis in Figure 23
where the ventilation distribution mean after N4ITK correction is significantly higher
than the other 3 methods (P < .001 for each comparison). The figure also shows that alll

three approaches reduce the amount of intensity variation across the image as measured
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by the coefficient of variation (RF-depolarization: P=.044, Template:P=.012, N4ITK:
P<.001). However, N4ITK yields image distributions with the lowest coefficient of
variation( P<.001) while RFRdepolarization and template -based correction produce
ventilation distributions that do not significantly differ from one another (  P=99). None
of the three methods exhibit significant differences from one another in the 90*-10"

percentile range (P=.18) and standard deviation (P=.31).
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Figure 24: Physiological ventilation gradients. Top: line profile showing
ventilation gradients in a representative healthy subject in the anterior  -posterior and
superior -inferior directions. Bottom: Gradients (%gradient/cm) of healthy subjects
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(n=18) in the cohort in the anterior -posterior and superior -inferior direction. In the
anterior -posterior direction, both the depolarization and template -based correction
methods preserved the gravitational gradient, while N4ITK eliminated this gradient
entirely ( P<.001). By contrast, gradients in the superior -inferior direction were
significantly removed by each of the methods compared to the uncorrected image
(P<.001).

Figure 24 illustrates the anterior -posterior and superior -inferior gradients in the
corrected 12°Xe signal distributions for healthy subjects. It shows both the line profiles for
an individual representative subject as well as the population mean gradient in these
directions for each of the correction approaches. The line profiles show the uncorrected
intensity distribution to have a strong anterior -posterior gradient, which is somewhat
moderated by both the depolarization - and template-based corrections. However, this
gradient is eliminated by the N4ITK algorithm. In the superior -inferior direction, the
uncorrected image again exhibits a strong gradient, which this time is largely, although
not completely eliminated by all 3 correction approaches. In aggregate the uncorrected
images exhibited a positive anterior-posterior gradient of ¢& o ¢® v B g which was
only very slightly moderated by the RF depolarization, and template -based corrections
to ¢& X ¢8t wlbodand ¢8t p ¢& d T drespectively. In contrast, this gradient was
completely removed by the N4ITK algorithm( P<0.002) to m8tt p® Y B® @ In the
superior-inferior direction, only the uncorrected image exhibited a significant positive
intensity gradient of o& v ¢8t v i dwhile the RF depolarization, template, and N4ITK
corrected images had their gradients diminishedto T x ¢® b & ¢ ¢® tand 1

o @ ¥ arespectively (P<0.001 for each comparison).
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Figure 25: Comparison of bias field correction using the template -based
approach vs N4ITK on 2D GRE images of a healthy subject. A flip angle map was
created registering 2D anisotropic masks to the 3D isotropic mask of the template,
applying the approach in Figure 2, rescaling the flip angle map to have a mean of the
prescribed 10°, and applying Equation 9 for cartesian -based bias field correction. Bias
field correction using the template did not significantly shift the ventilation
distribution mean (0.47 to 0.48), whereas N4ITK significantly shifted the distribution
to have a mean of 0.69. The signal inhomogeneity in the superior -inferior is reduced
while the high signal in the anterior is preserved.

Figure 25 demonstrates the extension of using the flip angle map template to
correct a more commonly employed 2D GRE image from a healthy subject. The images
are displayed in grayscale to highlight the subtle differences of each method. To enable
this correction, the anisotropic mask from the 2D GRE multi -slice image was first
resampled and registered to the spatially isotropic 3D flip angle map template. After
UUPOT wOT PUWUOWEEOEUOEUT wUT 1 wWUUENT EOzUwUx1 EPI PE
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was transformed back to its original 2D resolution and used for slice -by-slice calculation
of the bias field. Applying this correction demonstrates that the mean of the rescaled
ventilation distribution was only slightly affected using the template -based has field

from 0.47 to 0.48, while N4ITK significantly shifted the mean to 0.69.

3.5 Discussion

Through digital simulations with deliberate application of an inhomogeneous B 1,
we first demonstrated that a randomized radial MRI acquisition combined with the
depolarization mapping method can robustly recover the underlying homogenous
signal. However, these simulations further demonstrated that for typically expected in
vivo conditions, 129Xe "Y relaxation cannot be neglected and must be correctly estimated
to recover the underlying signal distribution. If Y is underestimated, inhomogeneity
will be insufficiently removed. However, since it is impossible to distinguish the effects
of longitudinal relaxation vs RF pulsing on the measured hyperpolarized magnetization
decay, Y must be estimated based on expected Q partial pressures. For the subjects in
our cohort, the mean "Y~22s agreed well with the value of ~20s estimated by Mugler et
al.[27]. It is noteworthy that in patients with lung disease, Y could be lower in regions of
poor gas exchange where Q is extracted more slowly from airspaces. The0 mapping
studies of Miller et al. [171], resulted in an estimated 0 of ~85 mmHg for healthy
subjects and ~80 mmHg for diseased subjects which, according toEquation 19, translates

to”Y ¢ mnd’Y ¢ ©respectively. However, higher 0 could be found in patients
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receiving supplemental oxygen during MRI, which Miller showed to be ~120mmHg O
In our cohort of subjects, the standard deviation of "Y was small (, = 2s, range = 2@ 27s)
which suggests it may be possible to simply employ average a population -wide average
“Y ¢ @i to generate bias fields. Preliminary analysis shows that such an assumption
is benign and does not significantly affect VDP, ventilation gradients, and mean
ventilation. This simplifying assumption avoids the need to estimate “Y on for individual
subjects but must be revisited for those where extreme™Y values (high or low) are
considered to be a possibility. Moreover, while concerns regarding accurate estimation
of Oz-induced Y are valid for RF-depolarization mapping of individual subjects, these
effects are mitigated by averaging across multiple subjects in the template-based
method.

With an estimated Y value in hand and local flip angle calculated by
depolarization mapping, a final bias field map representing total signal attenuation can
be extracted for individual subjects. Moreover, these individual flip angle maps can be
registered to a common spaceand formed into a template that can be used to calculate
the bias field map for arbitrary pulse sequences beyond the randomized 3D radial
acquisition.

Our study revealed that both RF depolarization and template -based correction
provide a much less aggressive correction than the commonly used N4ITK method. This

is evident in the starkly larger shift N4ITK confers to the rescaled intensity histograms,
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as well as the significantly reduced coefficient of variation seen in the corrected image.
Moreover, the bias field estimated from N4ITK had different spatial features compared
to RF depolarization and template -based approaches. Among the most striking features
were the effects the various correction methods exerted on the anterior-posterior
intensity gradients. Specifically, both the RF depolarization and template -based
corrections preserved an anterior-posterior intensity gradient of ~2%/cm in healthy
subjects, whereas it was eliminated by N4ITK correction. In contrast, all three correction
methods reduced inhomogeneity in the superior -inferior direction, which is largely
dominated by coil design rather than physiology. Taken together, these findings sugge st
that N4ITK is applying an overly harsh correction. This is not entirely unexpected given
that, by definition, it seeks to reduce all smooth and slowly varying intensities. Thus, it
will eliminate true physiological gradients such as the well -known effects of gravity on
ventilation in the supine lung that occur on this spatial scale. In aggregate, our results
suggest that the proposed methods successfully eliminate the non-physiologic superior -
inferior gradients caused by RF inhomogeneity, but do so while preserving the well -
known functional gravitational gradients [140, 163]

While this approach to bias field correction is encouraging, it is also necessary to
understand the way it is affected by the propagation of uncertainty. Here, we employ
the methods of Costa et al[183], in combination with Equation 11to identify the

determinants of flip angle uncertainty
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Equation 21 Flip angle uncertainty

P
o, 5 P

Q 0

Here, 6 is defined in Equation 10, € is the number of radial views, ,, is the
noise in both key images, and"Y is the total signal in key 1. It is possible to gain some
intuition to this effect by assuming that "Y1 € Y, in which case, the error term is
largely dominated by the image SNR of "YZ, has well as the number of radial views, £.
Using average values that are representative of this study, the estimated uncertainty in
the derived flip angle at a given voxel is approximately 11%. However, this does not yet
consider the smoothing that is applied in generating the bias field map. Con sidering a
simplistic averaging the neighboring voxels, reduces the relative flip angle uncertainty
by VI X L& to ~ 2%. Propagating this further into Equation 16 for bias field reveals
approximately a 22% error, but 4% in the above case of smoothing. For the case of 2D
Cartesian images, there will be additional uncertainty caused by the error in registering
the mask to the 3D flip angle template that will require m ore detailed investigations to
reliably quantify. However, we note that for 2D imaging, even ~10 ° flip angles fall within
reasonable application of the small-angle approximation, and therefore we can expect
relatively similar uncertainties to apply in thi s correction scenario.

While further work is needed, this approach suggests that a template -based

approach may be the optimal way to correct bias field in 12°Xe ventilation MRI. We
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expect that for centers using the same coil architecture, the existing template and mask
could be employed regardless of scanner vendor. If a different coil architecture is
employed, such as the homogeneous birdcage design, it would be necessary to acquire
depolarization maps in 5-10 volunteers to build an appropriate flip angle template. With
increasing confidence in the veracity of bias field corrections, the community would
have the opportunity to more vigorously pursue biomarkers associated with aspects of
the ventilation distribution beyond the well -known ventilation defect percentage. For
example, recent work by Hahn et al. has shown that high ventilation percentage is an

intriguing biomarker of progression in fibrotic lung disease [61].

3.6 Study Limitations and Opportunities for Future Refinement

Calculating the bias field via RF-depolarization mapping has several limitations.
First, the method currently requires estimating the 129Xe”Y and assuming it to be
uniform over the entire lung. We know this to be overly simplistic since studies have
shown that Y can be heterogeneous, especially in subjects with diseasj80]. One
approach to improving the accuracy of the bias field measurement is to build templates
using only healthy volunteers, in whom “Y heterogeneity should be minimal. The
approach could further be improved by incorporating a second scan to directly measure
global “Yrather than estimating it. Of note, dissemination of this approach for
guantitative ventilation analysis would require re -analyzing previously published

ventilation reference distributions to establish new binning thresholds [153].
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Furthermore, the method assumes that the true flip angle map stays constant for
a given coil configuration, thus ignoring effects such as coil shape, patient positions
relative to the coil, and RF loading. This effect was investigated by employing patient
weight as a proxy for such effects and discovered that this had no correlation to either
mean extracted flip angle (i 131 § or flip angle map variation (i T8t ¢. This
suggests that such patientspecific effects are likely to be minimal except perhaps in the
most extreme cases of suboptimal coil shape.

Moreover, to translate the template to multiple acquisitions often acquired at
different prescribed flip angles, we must assume that the coil behaves linearly. An
additional assumption in using a flexible quadrature chest coil is that the two coil pairs
are exactly in quadrature. If the RF fields per unit current of each coil pair are not
orthogonal to one another, they can produce artifacts that are manifested by signal non-
uniformity [184], which is not accounted for in the model of RF-depolarization mapping.

Given that the proposed bias field correction methods preserve physiologic
features such as gravitationally induced, heterogeneity, it is reasonable to speculate
whether quantification calculation of metrics such as VDP, derived using linear binning
techniques will require adjustment. Specifically, for 3D images, the ventilation
distribution in posterior slices may be sk ewed towards a higher mean value than those

in the anterior lung. We anticipate that once reference distributions have been updated
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with the proposed methods for bias field correction, this can be more thoroughly tested

against expert reader assessmentd 85].

3.7 Conclusions

Here, we have demonstrated a means for mapping *?°Xe flip angle and bias field
that can correct for RF inhomogeneity while leaving physiological gradients intact. This
approach requires randomized 3D radial acquisitions but has been extended to produce
a flip angle map template that can be applied to arbitrary sequences. Both techniques
demonstrate similar image corrections that better preserve physiologic gradients than
what is obtained with retrospective correction techniques like N4ITK. While accurately
estimating the bias field for functional 29Xe ventilation images remains challenging, the
approach described here should provide a useful means to improve the precision with
which this problem can be addressed. With improved and more repeatable bias field
correction methods, it should be possible to provide an increasingly detailed assessment

of the broader ventilation distribution beyond ventilation defects alone.
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4. Quantitative mapping of cardi
using hypertploel agraiszeedxk change MRI

One particularly notable aspect of'?°Xe dynamic spectroscopy is the ability to
observe cardiogenic signal oscillations in the RBC compartment. These cardiogenic
signal oscillations have demonstrated sensitivity to pulmonary hemodynamic
conditions, as they arise from the variations in capillary blood volume within the gas -
exchange tissues during the cardiac cycle.However, dynamic spectroscopy provides
only global information about the RBC oscillations and cannot capture regional
variations in microvascular flow. Instead, spatial mapping of RBC oscillations has the
potential to provide regional information about pulmonary microvascular flow and its
changes in disease states.

To address this limitation, recent efforts have focused on spatially mapping these
RBC oscillations. However, the optimal reconstruction methods for oscillation imaging
and the sensitivity of these methods to artifacts are not well understood. In this chapter,
we aim to address these knowledge gaps by using digital phantom simulations to
optimize keyhole reconstruction for oscillation imaging. We then apply this optimized
method to re-establish healthy reference values and quantitatively evaluate
microvascular flow changes in patients with chronic thromboembolic pulmonary

hypertension (CTEPH) before and after pulmonary thromboendarterectomy (PTE).
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The work presented in this chapter has been adapted from our previous peer-
reviewed publication [186]:

Junlan Lu, Fawaz Alenezi, Elianna Bier, Suphachart Leewiwatwong, David
Mummy, Sakib Kabir, Sudarshan Rajagopal, Scott Robertson, Peter J. Niedbalski, and
Bastiaan Driehuys, ?Optimized quantitative mapping of cardiopulmonary oscillations
using hyperpolarized ?°Xe gas exchange MRI: Digital phantoms and clinical evaluation

in CTEPH.? Magnetic Resonance in Medici(2023).

89



4.1 Motivation

Hyperpolarized 12Xe MR imaging/spectroscopy has emerged as a rapid and non
invasive tool with significant potential to simultaneously evaluate the multifactorial
causes of dyspnedl187]. This modality can probe, not only the ventilated airspaces, but
also the uptake of 12°Xe in the interstitial membrane tissues and transfer to the capillary
red blood cells (RBC). While this technique provides a unique window into the
membrane and capillary blood volume contributions to gas exchange, it cannot identify
reduced microvascular flow originating from dysfunction in the larger pulmonary
vesseld188, 189(Figure 26). However, this microvascular flow can be characterized via
cardiogenic signal oscillations arising from 129Xe atoms interacting with the pulmonary
capillary RBCs[65, 69] This phenomenon has been probed using whole-lung spectra,
acquired every 15 mg69], that reveal the underlying temporal RBC signal dynamics.
These oscillations provide a unique biomarker with the potential to detect pulmonary
hypertension (PH) and predict whether it is pre - or post-capillary in nature [95]. Such
non-invasive markers may provide utility in identifying patients who should be referred
for right heart catheterization (RHC), which is the gold standard diagnostic test for PH,
but is also invasive with honzero associated morbidity and mortality [190]. Assessment
of 129Xe-derived cardiogenic oscillations is applicable particularly in instances where
current diagnostic tools [191] might benefit from further corroboration or where

additional pathophysiological insight is desired. Moreover, the potential to detect,
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characterize, and monitor PH non-invasively could also serve as a useful biomarker in

clinical trials of PH therapies.

99mTc perfusion (LAO) 129X e-RBC transfer (LAO)

Figure 26: Comparison of 2°mTc¢ perfusion scan with 129Xe RBC transfer map
(rendered in grayscale for comparison) in a CTEPH subject in the LAO view . This
99mTc scan shows a large perfusion defect in the left lower lobe. However, the RBC
transfer signal in this lobe shows a robust signal ¢ this is possible as the pulmonary
capillaries can remain present via the formation of collateral circulation from the
bronchial arteries [192]. This reminds us that 12°Xe RBC transfer detects blood volume,
not flow. Images are adapted from Wang et al. [193].

Despite their non-invasive nature, standard spectroscopic techniques for
measuring whole lung oscillations have several shortcomings. The technique requires a
separate scan from gas exchange MRI, and its inability to discern spatial heterogeneity
limits it s diagnostic potential in differentiating certain disease conditions. For example,
while patients with pure pre -capillary PH reliably exhibit weak RBC oscillations and

those with isolated post-capillary PH (IpcPH) show enhanced RBC oscillations[41], the
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situation is more complex in patients with other lung diseases. In conditions such as
interstitial lung disease (ILD), where fibrosis has destroyed significant portions of the
pulmonary capillary bed, the RBC oscillation amplitudes can be enhanced as a
preserved cardiac output is being forced through a smaller vascular bed. In ILD patients
who also exhibit pre -capillary PH, the enhanced oscillations that would normally result
from vascular loss may be offset by the PH mechanisms that act to weaken RBC
oscillations, resulting in whole -lung values that appear to be in the normal range[70].
Similar challenges arise in patients who exhibit combined pre - and post-capillary
pulmonary hypertension (CpcPH) [194].

It is therefore necessary to move beyond simple global metrics to more
accurately characterize these more complex, spatially heterogeneous hemodynamics. To
this end, recent studies have demonstrated that cardiogenic RBC oscillations are also
detectable atthe center of k-space (k) of gas exchange MRI scans acquired using
spectroscopic imaging techniques. This observation was exploited by Niedbalski et al,
who demonstrated keyhole reconstruction methods that enabled cardiogenic oscillations
to be mapped regionally [97]. This approach subdivides k-space views into two keys that
include only projections from the peaks and troughs of the cardiac cycle. These high and
low -key data are then inserted into the center of k-space, reconstructed into images
reflecting the peak and trough of the cardiogenic oscillations, then subtracted and

normalized to construct a map of RBC oscillations.
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CTEPH: a complication of acute
pulmonary embolism

Normal blood vessel
Main pulmonary artery (blood flows freely)

atrium

Right
ventricle

Figure 27: Schematic drawing of chronic fibrotic thrombi  and example of real
thrombi removed in  pulmonary thromboendarterectomy. Image adapted from:
https://medicine.duke.edu/divisions/pulmonary -allergy -and-critical -care-medicine/our-
programs-and-centers/duke-chronic-thromboembolic -pulmonary -hypertension-program

While keyhole image reconstruction and mapping of RBC oscillations represents
an important technical development, significant work remains to make the approach
robust and understand how the various pre - and post-processing steps affect the
resulting maps. Here, we address these questions by introducing a digital phantom to
simulate regional cardiopulmonary oscillations and use it to elucidate the sensitivity of
the oscillation imaging algorithm to noise, number of radial views, and key radius. We

subsequenty employ these optimized reconstruction and quantification techniques in a
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well -curated cohort of healthy participants to establish an updated reference distribution
and thresholds for quantitative mapping.

We then evaluate the refined method in a disease where regional microvascular
flow impairment can be reversed [195] by imaging patients with chronic thromboembolic
pulmonary hypertension (CTEPH , Figure 27), before and following pulmonary

thromboendarterectomy (PTE) surgery.

4.2 Methods

4.2.1 Digital Phantom Construction

Six-zone cylindrical Signal intensity
phantom oscillation Radial Samp"ng

"z

S0 + Ajsquare(wt)
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Figure 28 Schematic representation of a six -zone cylindrical phantom
designed for simulating signal intensity oscillations. ~ Each zone ' is assigned an
oscillation amplitude = For each TR, a single radial projection is acquired as signal
evolves according to the function ¢ =v a0 > g

To simulate the cardiogenic RBC oscillations in different regions of the lung, we
used the Matlab-based (Mathworks, Natick, MA) Michigan Image Reconstruction

Toolbox[196] to create a 3dimensional 6-zone digital phantom. Each zone was modeled

as a cylinder and stacked in the apicatbasal direction, forming simulated left and right
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lungs. The cylindrical structures have analytically defined Fourier transformations,
enabling rapid reconstruction with k -space data that perfectly represents the object in
image space. Each zone in this digital structure had an intensity that evolved in time
according to different predefined maps of oscillation amplitudes. The oscillating
function /& 0 was kept general to allow investigation of both sinusoidal and square -
wave patterns. The oscillating phantom was radially sampled with up to 5,000 radial
spokes (64 points/spoke) using a 3D randomized Halton spiral pattern [102]. The peak
to-peak oscillation amplitude percentage, given by :

Equation 22 Definition of p eak-to-peak amplitude percentage.

Y Y
G QO¥ RY
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was regionally varied between 0 and 20% in different lung zones. This choice of
amplitude range was based on prior 129Xe dynamic spectroscopy studies that reported
oscillations of 10% in healthy individuals to as high as 20% in IPF patients, and as low as
1% in pulmonary arterial hypertension (PAH) patients [41]. The dmulation ignored
longitudinal relaxation ( Y & w Bré RF-induced depolarization effects, and assumed
oscillations had a spatially uniform phase.

More formally, for each zone "@the signal Y at the time step 0is given by
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Equation 23 Time -varying signal in digital phantom.

YO Y 0Q0 0

Here 3 is a constant DC bias,! is the oscillation amplitude, As the oscillating function,

and U is the oscillation frequency (Figure 28).

Algorithm 1 Simulating Intensity Oscillations

1: procedure SIMULATE(T,,.,jcctions W, z0nes, baseValues, amplitudes)

2 phantom < initialize Phantom(zones, baseValues)

3 for j <« 1...., Nprojections O

41 kSpace < zeros[Npyojections Mpoints) > Initialize k-space
5 traj; < getTrajectory(y) > Get trajectory of j-th projection
6: for zone; € zones do

7 amplitude; < amplitudes|zone;]

8 baseValue; < baseV alue|zone;]

0: intensities[i| < baseValue; + amplitude; * f(wt)

10: end for

11: phantom < update Phantom(phantom, intensities)

12: kSpace; < samplePhantom(phantom, traj;)

13: kSpacel:, j| < kSpace; > Store k-space for radial projection
14: end for

15: return kSpace

16: end procedure

Figure 29: Pseudocode outlining simulation algorithm.

This study sought to address the ability to spatially localize oscillation features

EawUDPOUOEUDPOT wEwWxT EOQUOOwWPPUT WwEWUDOT Ol wa b0l woi w
that mimics lobar perfusion deficits that could be encountered in CTEPH. The code is

available on GitHub [197](Figure 29).
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4.2.2 In Vivo Oscillation Mapping Methods

Guided by the digital phantom simulations, we implemented several
modifications of the previously published oscillation mapping methods [97]. Specifically,
we introduced the following changes: 1) used a noise-tolerant peak-finding algorithm to
EUUDT OwUT 1 wUEEDPEOwx UONI EUDPOOUWDOUOW?T BT T 2 wWEOE W
and thresholding, 2) replaced the keyhole radius ("Q calculation criteria of 50% sampling
at the edge of the keyhole with one optimized by simulations and 3) normalized the
oscillation amplitude at a given voxel 0 (0 on a voxel-by-voxel basis.

Each radial view was evaluated for inclusion into the high or low keys using the
find_peakd$unction from the SciPy package[198] using the time-dependent 1-D RBC
signal, 'Y 6 @ at k=0. Specifically, peaks were identified within minimum distance of

i 2 ————— where the heart rate was determined using the largest Fourier

component of Y& 6Q and] T, a parameter determined empirically for best
performance. This approach ensured that only peaks separated by a substantial fraction
of the cardiac cycle, preventing noise from being misinterpreted as true physiological
signals. We refer readers to the exat algorithm in the code released.

The amplitude in a given voxel 6 following voxel -wise normalization was given

by:
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Equation 24: Oscillation amplitude percentage in a given voxel .
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where the variable definitions arethe UE O1 wEUwUT OUI [@0.8calinggheEEEOUOD 7z U
oscillation difference map using the voxel-wise image intensity obtained using all the
available data, is more appropriate than the original method of dividing by the mean
image intensity. Further detail is provided in the discussion section.
To characterize the effect of SNR on recovered oscillation maps, the underlying
k-space data was systematically degraded by adding Gaussian noise. While noise was
added in the k-space domain, its effect on image domain SNR was estimated using
reconstructions of our uniform digital phantom consisting of two cylinders. The effect of
image-domain SNR on the accuracy of oscillation amplitude recovery was then
evaluated by measuring the mean squared error (MSE) between oscillation images

reconstructed and the ground truth.

4.2.3 Participant Recruitment

The Institutional Review Board of Duke University Medical Center approved
this study. Written informed consent was obtained from each participant before
recruitment. To build a reference cohort, scans fromée ¢ Thealthy participants (16
males, 8 females between ages 1:80) with no smoking history or known respiratory or

cardiac conditions were retrospectively analyzed. These participants were curated by
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requiring their diffusing capacity for carbon monoxide (DLCO) to exceed at least 80% of
the reference valug199] and a minimum RBC SNR of 1.5. This led to a final reference
cohort of € p X11 males, 6 females) with heightp& m®m and weight x & p &Kkg.
An additional cohort of 10 participants (mean age, 52+17 years; 4 females) with CTEPH
were prospectively recruited to test the value of regional microvascular flow imaging.
The CTEPH cohort underwent RHC to determine their PH status (no PH, pre -capillary,
IpcPH, or CpcPH) within eight months of the 29Xe MRI and MR spectroscopy (MRS)
exam. This was determined using the mean pulmonary artery pressure (mPAP),
pulmonary capillary wedge pressure (PCWP), and pulmonary vascular resistance
(PVR). Specifically, PH is now defined as mPAP 20 mmHg, while pre -capillary PH
required PCWP 15 mmHg and PVR 2 Wood Units (WU), and IpcPH required PCWP
>15 mmHg and PVR <3 WU8, 200] Patients with PVR>2 WU and PCWP >15 mmHg

were identified as CpcPH[201].

4.2.4 2°Xe Imaging and Spectroscopy Acquisition

Hyperpolarized 129Xe was prepared using the methods outlined in Chapter 2.2.3
Twenty participants (10 healthy, 10 CTEPH) received a standard total gas volume of 1L,
and the remaining participants received a gas volume tailored to 20% of their forced
vital capacity as per the 129Xe MRI Clinical Trials Consortium (XeCTC) -recommended
protocol [102]. Participants received a small dose for calibration and spectroscopy (dose

equivalent =71mL 22). Here, the dose equivalent is the theoretical volume of pure,
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100% hyperpolarized *2°Ke that would produce the same bulk magnetization as the dose
being sampled. Participants then received a larger dose for the gas exchangeimaging
UEEQwW@UEUT I DWEOUT wi gUPYEOISBMwasK Y wO+ OWEEUUEOQWE
4.2.5 Quantitative and Statistical Analysis

All image preprocessing, reconstruction, and analyses were performed in Python
except for simulating the phantom data; this used the Michigan Image Reconstruction
Toolbox in Matlab 2022a (Mathworks, Natick, MA). Images were reconstructed to a
matrix of 128x128x128 voxels using iterative density compensation and non-uniform
Fast Fourier Transform methods[146, 202]

To visualize the effect of acquisition and keyhole reconstruction parameters, the
digital phantom was simulated with both sinusoidal and square wave oscillation
functions, varying three specific parameters:1) radial views ¢ between 1,000 and 5,000 2)
Q TQ Dbetween 1% and 18% points out of a 64point projection and 3) image SNR by
the addition of Gaussian noise to both real and imaginary channels of the simulated k -
space data. Since SNR is more commonly reported for the image domain, it was related
to the k-space SNR using a uniform, nonoscillating digital phantom. The image noise

was guantified by the standard deviations across sliding, non -overlapping 8x8x8

windows. Thus, the image SNR was calculated as:

100



Equation 25 Definition of RBC transfer image SNR.
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where the mean signal was that within the phantom / thoracic cavity mask, and the
noise was that outside the phantom/thorax. The phantom mask can be trivially
calculated using thresholding, while thoracic cavity masks for in vivo images were
produced using a V-net-based convolutional neural network [152, 203]

Oscillation images were rendered into color maps via linear binning based on the
healthy cohort distribution as described in applications for conventional gas exchange
MRI [98, 147] However, regions where the SNR of the non-keyhole RBC images fell
below the computed noise level (the denominator in Eqn. 4) were excluded from
analysis and are depicted asgray voxels. Binning thresholds were determined by
applying a Box-Cox transformation to the healthy cohort distribution to calculate its
mean and SD; these were used to establish image binning thresholds in intervals of one
SD away from the mean. The thresholds were then inverse transformed and used to map
regional cardiogenic oscillation amplitudes [98, 155]

The RBC oscillation amplitude maps were quantified using the mean oscillation
percent, as well as their combined percentage of lung voxels classified as defect or low
using the binning scheme. These metrics were compared between the CTEPH and

healthy cohorts (Mann-Whitney U -test) as well as for the CTEPH patients preand post-
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surgery (paired two -sided Wilcoxon signed -rank tests). Statistical tests were conducted

in R and plotted using the ggstatsplot package[204].

4.3 Results

4.3.1 Radial Undersampling Effects

Ground truth
oscillation map n=5000 views n=2000 views n=1000 views
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Figure 30: Effect of the number of radial views illustrated in a digital phantom
with prescribed oscillation amplitudes of 0% in zone 1 and 20% in zones 2 -6. As the
number of radial views used for reconstruction decreases, the apparent heterogeneity
of the oscillations increases. In all but the 5,000 radial view case, the peak value in
zones 2-6 identified exhibits a shift towards lower values.

Figure 30illustrates the effects of radial undersampling using reconstructions of
a simple 2-sided phantom designed with oscillation amplitudes of 0% in zone 1 and 20%

in zones 2-6, respectively. Reconstructions consisting of 5000, 2000, and 1000 radial
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views were considered. Compared to the ground truth image, the histogram of the 5000 -
radial view reconstructed image shows the oscillations in zone 1 to be shifted higher
than their specified 0%, but those in zones 26 accurately reflect the specified 20%.The
applied oscillation pattern is reasonably recapitulated by the reconstruction. As the
OUOEI UwoOi wWUEEPEOQwYDPI PUwbUwUI EVET Ew(Boptheyyy OwEU
oscillation histogram broadening becomes more severe, and heterogeneity in the

resulting map is increased. These findings become more severe for the 1,000 views used

in the current consortium protocol [102]. Notably, although two distinct oscillation levels

are still readily detected in all three scenarios, the major peaks are substantially shifted

towards lower values than those prescribed in the phantom. These effects are readily

seen in the coefficient of variation of the oscillation amplitudes, which were [0.27, 0.39,

0.57] for the [5,000, 2,000, and 1,000] radial view reconstructions, respectively.
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4.3.2 Key Radius Effects

A)
25%

B)
25%

0.2

0.15

o
-

a’OS [ (%)

0.05

Uniform oscillation map

Non-uniform oscillation map

Frequency (a.u.)

Mmeanyse (%)

Reconstruction error (MSE, au)

Ly —— n=16%
Tmax

— N=13%
— h=9%
—gt

o

i

10

-5 0 5 15 20
Oscillation amplitude (%)
20| ==
15
AY
10|~ Zone 1 \
— g.t. ‘\‘
51 Zone 2-6 \\\
— g.t. .
0 8 16 23
— (%)
Tmax
-4
100 10
9 \\\ -
8 “‘ JH
7 et
0 23

s of

Tmax

Figure 31: Key radius and reconstruction error relationship.
radius on a phantom with uniform 20% oscillations sampled using 2,000 radial views

(black line being ground truth). When using a key radius percentage of 5% (7/128
points), the oscillation histogram remains sharp and well
radius i s increased, the histogram broadens and shifts to lower values.
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(A) Effect of key

-centered near 20%. As key
(B) Analysis of

a non-uniform oscillation map with zone 1 prescribed to have 0% oscillations vs 20%
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in zones 2-6. As key radius increases the recovered mean oscillation level in zone 1
converges to its prescribed value of 0%. However, increasing key radius also increases
the standard deviation of the oscillation histograms in all zones. Thus, the ability to
detect small defects through reconstruction with a large key radius must be balanced
against the ability to distinguish variations in oscillation with a small key radius.

Oscillation amplitude heterogeneity was also strongly affected by the choice of
key radius used in reconstruction. This is illustrated in Figure 31A, depicting a phantom
with a uniform oscillation amplitude of 20% in all regions, sampled with 2000 radial
views. As the ratio of key radius to 'Q s reduced from 18% (calculated using a 50%
sampling criterion) to 10%, the width of the oscillation map histogram narrows and
approaches the prescribed value. However, as shown in

Figure 31BOwP D UT wOUEDPOOEUPOOUWUTl OwUOwYu wbOwa o601 w
also affected by the choice of keyradius. At lower key radii, the oscillation defect in
zone 1 is indiscernible, exhibiting a recovered mean oscillation amplitude that
essentially matches that of zones 26. However, as the key radius increases, the spatial
resolution of the recovered maps improves such that the oscillation amplitude in zone 1
approaches its true value of 0%. Nevertheless, increasing the key radius simultaneously
elevates the standard deviation of the recovered oscillation histogram. This trade-off can
be summarized by the overall MSE metric, which reaches a minimum at a key radius

percentage that is 14% ofQ
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4.3.3 SNR effects
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Figure 32 Effect of SNR on recovered RBC oscillation amplitudes . A) Subplots
provide visual examples of reconstructed cardiopulmonary oscillation maps with
varying levels of SNR. B) Spatial differences between the oscillation maps derived
from images of infinite SNR vs various levels of degradation were quantified using
the mean squared error as a function of RBC image SNR. C) Recovery and
visualization of oscillation amplitude heterogeneity (10% in zones 1 -3, 20% in zones
4-6) using colormap binning. D) Comparison of RBC oscillation histograms at the
high and low SNR | evels used in panel C indicates negligible increase in oscillation
defects <0% when SNR is decreased.

Figure 32A illustrates the ways in which the reconstructed oscillation maps are
affected by SNR. As it decreases, it influences the accuracy with which individual k -
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space rays are sorted into the high and low oscillation keys. These effects were

guantified using the MSE between the recovered maps and the ground truth, as seen in
Figure 32B. Increasing SNR decreased the MSE reconstruction error. Specifically, as SNR
increased from 5 to 10, the MSE decreased tenfold. A similar trend was also observed in
the zone loscillation amplitude "defect.” In general, it remained possible to observe a
gualitative distinction between oscillation amplitudes in zone 1 vs. zones 2 -6 for SNR
values greater than 3.

Finally, Figure 32Cdepicts a realistic scenario of sinusoidal ko oscillations of 10%
in zones 1-3 and 20% in zones 46, sampled with 2,200 radial projections[150] and
displayed by binning into colormaps. Here, the binning technique demonstrates that
oscillation amplitudes on the right side of the phantom are high, while those on the left
side remain in the normal range. This can be seen at both an SNR of 3 and infiity.
However, in each case the oscillation patterns exhibit significant heterogeneity and do
not capture the uniformly high oscillations specified by the ground truth. This is the
result of fewer projections being assigned to the high and low keys, thus contributing to
significant undersampling artifacts. Figure 32D displays the histograms of RBC
oscillation patterns under this same scenario. Notably, the histogram standard deviation

was 5% for SNR=3 and only marginally increases to 6% for the idealized SNR.
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4.3.4 In Vivo Imaging in Healthy Participants
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Figure 33: Importance of using an optimal key radius, demonstrated in a
healthy subject binned to an 8 -bin colormap. The maps in the top of the figure were
reconstructed with a key radius 8 {}; 1 +(12/64), calculated using the published
approach such that the number of binned projections provides 50% sampling at the
edge of the keyhole. However, these maps exhibit considerable heterogeneity in this
healthy volunteer. Instead, reconstructing with a  key radius of 8 {3, 1 .(9/64),
empirically determined from the described phantom simulations, removes the
spurious heterogeneity, and reveals a relatively homogeneous pattern more consistent
with that expected for a subject without known disease.

The effect of the key radius was also found to be critical to improving the
robustness of RBC oscillation amplitude mapping in vivo. This is illustrated by
oscillation maps reconstructed from a healthy subject (Figure 33); these maps are
displayed using an 8-bin color scale with thresholds set in 1 standard deviation
increments based on the previously published healthy reference distribution. When
oscillation maps were reconstructed using a key radius of T® «X2 , the apparent
oscillation defect percentage was 29.1% (red). By contrast, when reconstructed using the

key radius of T TQ informed by the simulations, the images had a more
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homogeneous appearance, and the defect percentage was reduced to 0.3%. Moreover,
while both reconstructions show an anterior -posterior gradient in high amplitude
percentage (top 3 pink/purple bins), using a key radius of T@® TQ  reduced the
percentage of high amplitude oscillations from 23.4% to 5.8%; notably such high
oscillations were confined primarily to the gravitationally dependent posterior lung.
Similar effects were seen when these key radii were tested in all subjects inthe healthy
cohort, as eachsubject exhibited a more homogeneous pattern with fewer oscillation

amplitude defects.
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Figure 34: Example RBC oscillation colormaps of a healthy participant using
the reference distributions in  Figure 35.

Figure 35shows a histogram of the RBC oscillation amplitude distribution
acquired from the 17 healthy participants reconstructed with a fixed key radius
T TQ . This cohort had an RBC transfer image SNR of 7.9 + 5.5. The resulting
combined distribution is right -skewed and non-Gaussian, and therefore a BoxCox

transformation was used to calculate appropriate binning thresholds that could be used
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for mapping. The mean and standard deviation (4.09 + 3.78 %) of the resulting
distribution were used to generate binning thresholds that were subsequently inverse -
transformed and used for mapping (Table 1). Compared to using the simple Gaussian
mean and standard deviation, this approach led to the bin 1 threshold shifting from -
3.5% t0-2.0%, while bins 6 and 7 increased from 15.4% to 21.1% and 19.2% to 36.5%,
respectively. Application of these bins to generate oscillation amplitude maps is also
shown for a healthy subject who exhibits a relatively homogeneous oscillation map (0%
binned defect, 1% binned low, 0% binned high, Figure 34). This same reconstruction and

binning approach were thus used for all subsequent analyses.

Healthy cohort oscillation amplitude histogram

A) :
i Mean = 4.09%
; Std. = 3.78%
3 Z
o i
= i
B |
u H
= 1
o :
= :
-10 0 10 20 30
RBC Oscillation Amplitude (%)
B) Method | Bin1 | Bin2 | Bin3 | Bin4 | Bin5 | Bin6 | Bin7
Gaussian | -35 0.3 41 7.9 117 15.4 19.2
Boxcox | -2.0 0.4 37 76 13.0 211 36.5

Figure 35: Combined reference distribution and thresholds constructed from
17 healthy, young participants (ages 18 -30) with normal pulmonary function tests.
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4.3.5 In Vivo Imaging in CTEPH
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Figure 36: 129%Xe MRI RBC transfer and RBC oscillation imaging for a
representative CTEPH patient with combined pre - and post-capillary PH. RBC
transfer maps show significant regions of defect at baseline that are relatively
unchanged after PTE surgery, suggesting persistent microvasculopathy. RBC
oscillation maps, however, indicate regions of both decreased and increased
oscillation. After PTE surgery the areas of decreased oscillation are resolved while
only high oscillations remain, indicating persistent post  -capillary PH.

Figure 36 shows the RBC transfer and RBC oscillation amplitude maps from a
CTEPH patient before and after PTE surgery. This patient had combined pre- and post-
capillary PH (CpcPH) based on RHC values (mMPAP=43 mmHg, PCWP=17 mmHg,
PVR=6.5 WU), and exhibited a mean gldal RBC oscillation amplitude of 6.7% at
baseline from dynamic spectroscopy[205]6 w5 D1 b1 EwDOwWPUOOEUDPOOOwWUT BUL
amplitude would seem to classify the subject as not having PH[95]. However, an
inspection of the spatial distribution of oscillations revealed a large percentage of voxels
with oscillations in both the defect and low bins (30% vs. 7+8% reference) and in the high

bins (23% vs. 4+4% reference). After PTE, the combined defct and low percentage

decreased to 0.8%, while the high percentage decreased only slightly to 19.5%. Notably,
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Figure 37: Comparison of metrics obtained from RBC oscillation maps in the
healthy cohort vs patients with CTEPH . (A) mean oscillation amplitudes and (B)
percentage of voxels binned as defect and low both differentiate healthy and
participants with CTEPH (p<.001). For CTEPH participants who underwent PTE (C)
mean oscillation amplitude did not exhibit a statistically significant change but (D)
percentage of defect+low voxels decreased in all participants (p=0.03).

In aggregate, participants with CTEPH at baseline (Figure 37) exhibited lower
mean RBC oscillation amplitudes (3+2%) than healthy volunteers (5£3%, p <.001) and a

higher percentage of voxels falling in the defect+low bins (32+14% vs. 18+12%, p < .001).
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In CTEPH participants who underwent PTE, oscillation defect + low decreased from
37+13% to 23£15% (p = 0.03). However, the difference in mean oscillation amplitude was
not statistically significantly different pre and post PTE. By contrast, the mean RBC
transfer in these participants did not appreciably change pre- and post-PTE(0.25 £0.07 vs

0.21+ 0.05, p > 0.05).

4.4 Discussion
4.4.1 Phantom Simulations: Radial Undersampling

Using a digital phantom to simulate signal intensity oscillations enabled both
validating the feasibility of imaging cardiogenic amplitude oscillations in the 12°Xe-RBC
signal, while also uncovering the limitations of the method. Such simulations provide a
better understanding of the technical factors that affect the ability to recover such
oscillation images in vivo, a process that is particularly affected by radial undersampling.
For acquisitions consisting of only 1,000 radial views, the resulting distri bution of
amplitude oscillations shows ~ 1% of voxels to reflect negative values (below 0%). While
UUET w?O01 T EUPYI 2 wOUEPOOEUDPOOWEOXxODUUET UWEUT wOOU
show they are caused by undersampling, which has the effect of broadening the
observed distribution relative to ground truth. Further, simulations of 1,000 and 2,000
radial projections demonstrate that the observed histogram peaks are decreased by

about 5 percentage points relative to the prescribed ground truth values. D espite this,

the general pattern of applied oscillation amplitude heterogeneity can still be recovered,
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albeit with poor spatial fidelity. The fidelity of recovered oscillation maps was improved

Pi 1 OwUT 1 wOUOET UwOil wWUEEPEOwYDI PUWPEUWDOEUI EUI Euw
imaging [150]. Nonetheless, the recovered oscillation amplitudes values are still

broadened and lower than the ground truth. As the number of radial views reaches

5,000, the maps and histograms resemble the applied values more closely. However, the

0% mode in the histogram increases by 5% from the ground truth while the 20% mode in

the histogram remains at 20%. These deviations from ground truth result from keyhole

reconstruction being unable to capture the complete high-frequency content and

necessary contrast requiredto accurately represent the oscillation dynamics. In other

words, the outer k -space region still encodes the image contrast, but these contributions

EUIl wi gUEOCOCa wODRT EwPOUOWUT T w2l BT T 2 WEOCEW?00bP? wol
bimodal phantom with distinct oscillation amplitudes, this mixing can result in a shift of

the two peaks in the distribution closer to each other. Instead of clearly being separated

into high and low oscillation amplitudes, the reconstructed images may exhibit the

underly spatial heterogeneity, but represent it with poor spatial fidelity. Importantly,

however, for a purely homogeneous phantom, the recovered maps tend to recover that

homogeneity faithfully.

4.4.2 Phantom Simulations: Key Radius

Investigations of how key radius affects the reconstruction of oscillation

amplitude maps in a heterogeneous phantom showed that use of a smaller key radius
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impairs the detection of oscillation "defects." For example, when using a small key
radius for reconstruction, the oscillation defect in zone 1 is not apparent and its
recovered mean oscillation amplitude is essentially equal to that from zones 2-6.
Increasing the key radius improves the spatial resolution of the recovered maps,
allowing the oscillation amplitude to approach its true value of 0%, and revealing the
defect in zone 1. However, increasing the key radius also introduces greater
heterogeneity, indicating a trade-off between spatial resolution and the dispersion of
oscillation amplitude values. Here, the simulations suggest the mean-squared-error
(MSE) of the recovered vs ground truth maps is minimized at a key radius percentage of

14%. Therefore,this key radius was chosen for all reconstructions going forward.

4.4.3 Phantom Simulations: Effects of SNR

Unsurprisingly, the robustness of keyhole reconstructed RBC oscillation maps is
affected by image SNR. Higher SNR led to lower reconstruction errors, resulting in more
accurate spatial maps of cardiopulmonary oscillations. By contrast, in low -SNR
acquisiiOOUOWEOEUUDPI abPOl wlUI 1 WUEEPEOwx UONI EUPOOUWEU
keys became increasingly more challenging. This was addressed by modifying the
algorithm used to assign radial rays to the high or low keys to detect only peaks and

troughs that were consistent with the estimated heart rate obtained from taking the

largest frequency component in the spectrum of the RBC ko data. For future work, this
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type of projection classification may also become possible by incorporating conventional
physiological monitoring [206].

By systematically assessing SNR values in simulations, we found that an RBC
image SNR of at least 3 is heeded to reliably visualize significant defects. At lower SNR
values, oscillation amplitude heterogeneity can still be detected, but its spatial
distri bution becomes less reliable. This is also evident when the maps are displayed
using the 8-bin colormap. Even at a modest SNR of 3, the oscillation maps could
demonstrate normal oscillations in zones 1-3 and increased values in zones 46.
However, the precision with which the spatial pattern of the ground truth phantom
could be recovered, was modest. Furthermore, analysis of the corresponding oscillation

histograms showed no broadening of the RBC oscillation histogram at lower SNR.

4.4.4 Oscillation Amplitude Calculation

Notably this work identified a correction to the voxel -by-voxel calculation of
oscillation amplitudes. While the previously published approach normalized the high -
key and low -key images by the mean RBC transfer across the whole lung, we suggest
that it should be normalized based on voxel-wise RBC transfer. This accounts for the
difference between the high and low -key images in each voxel being affected, not only
by the associated oscillation amplitude, but also by the level of RBC transfer within it.
Thus, by normalizing on a voxel -by-voxel basis, the effects of spatially varying RBC

transfer are removed, and the remaining differences between low and high keys are
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reliably attributable to RBC amplitude oscillations. When normalizing by the mean RBC
transfer, regions with low RBC transfer may be underrepresented or masked by the
effects of higher RBC transfer areas in the lung. Consequently, this could lead to an
und erestimation of oscillation amplitudes in these low RBC transfer regions, potentially

obscuring meaningful physiological differences.

4.4.5 Cardiogenic Oscillation Imaging in Healthy Participants

Effective interpretation of RBC oscillation maps requires establishing appropriate
thresholds by characterizing their distribution in a healthy reference population. This
work used a more carefully curated reference cohort than previously published.
Specifically, subjects were excluded if their DLCO was <80% of reference or if image
SNR did not meet the necessary thresholds. The resulting aggregate oscillation
histogram was found to have a distribution with a tail extending more to the right,
consistent with expectations that oscillation amplitudes are greater than zero. To
accommodate such a nonrGaussian distribution, a Box-Cox transformation was applied
which notably increased the lower thresholds for classifying oscillation amplitudes and
thus conferred hBT T 1T UwUl OUPUDYPUa wi OUwYORT OUwWwUOWET wEOE L
may thus better separate participants with true oscillation defects (such as those with
regions of pre-capillary PH) from those without.

Moreover, these improvements in forming the reference distribution served to

substantially decrease its standard deviation (3.8%) compared to the previously reported
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9.09497]. This narrower reference distribution allows for more accurate analysis and
comparison as it confers greater sensitivity to subtle abnormalities presenting as either
high or low oscillations. Notably, the use of these oscillation mapping methods
continued to reveal a prominent anterior -posterior gradient in healthy participants
consistent with those previously reported by Niedbalski et al[97].

The mean oscillation amplitudes obtained in our study were found to be lower
than those reported in previous studies employing dynamic spectroscopy methods. This
discrepancy is consistent with the results obtained from our digital phantom
simulations, whic h indicate that radial undersampling shifts in the recovered histogram

downward.

4.4.6 Cardiogenic Oscillation Imaging in CTEPH Participants

The potential of the updated keyhole reconstruction methods in this work is
particularly evident when applied to patients with CTEPH. Here, the ability to spatially
localize regions of low oscillations combined with conventional RBC transfer imaging
could provide a new means to phenotype patients. While CTEPH is a form of pre -
capillary PH that can, in principle, also be detected using simple whole -lung 12%Xe
spectroscopy[41, 69] spatial mapping potentially permits the identification of specific
lobes and segments that are affected by chronic clotting. This was illustrated in the case

example wherein oscillation imaging findings were largely consistent with the surgical
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report indications of segmental disease in the right middle and lower lobes. However,
we found only minimal evidence of reduced oscillations in that region, possibly due to
the lesser extent of disease also noted in the surgical report.

CTEPH patients exhibited a greater percentage of regions with oscillations in the
defect + low category. Such regions of decreased oscillation amplitude are likely caused
by thrombi increasing the impedance to flow in the larger vessels and arterioles [100].
For CTEPH participants who underwent PTE, the percentage of defect+low voxels
decreased in all patients. This suggests that RBC oscillation imaging may provide a view
of regional, periodic changes in pressure and flow. In contrast, conventional RBC
transfer images (reconstructed from the same data, SNR 2.3 + 1.0), provide a
complementary view of pulmonary microvascular blood volume. This combined
capability may offer a means to better predict outcomes for patients considered for
pulmonary thromboendartere ctomy. It is also noteworthy that the mean RBC oscillation
percentage did not change significantly after surgery. There could be several reasons for
this outcome. It is possible that the number of participants included in the study was not
large enough to detect a statistically significant difference. Alternatively, it might
suggest that there is a redistribution of blood flow after surgery, where prior to PTE,
healthy parts of the lung receive excess blood flow (high oscillations) that normalizes

after surgery.
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The most striking capability of producing regional cardiogenic oscillation maps
is being able to identify participants with potential combined pre - and post-capillary
pulmonary hypertension (CpcPH). This was illustrated by a CTEPH patient, in whom
whole -lung oscillation amplitudes were in the normal range and thus would be
classified as having no PH based on the previously published evaluation algorithm for
129¢e MRI/MRS[70]. However, this subject had both precapillary PH due to the thrombi
and postcapillary PH from other origins, and these effects compete to produce a global
average oscillation amplitude that appears normal. However, by spatially resolving the
oscillations it becomes possible to reveal the presence of both preand postcapillary PH
in different lung regions. Notably, after this patient underwent endarterectomy, global
oscillations increased and only regions of high oscillation remained visible on the
spatially resolved maps. Thus, by employing RBC oscillation imaging, such cases of

CpcPH may be more accurately characterized.

4.4.7 Study Limitations and Opportunities For Refinement

While these advances in examining regional cardiogenic oscillations in the HP
129X e signal dissolved in RBCs show promise, we must acknowledge some of the
limitations of our study. The simulations did not account for the complexity of
separating the dissolved-phase signals into RBC and membrane compartments. This

simplification may not fully capture the intricate dynamics of gas exchange and transfer,
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potentially impacting the accuracy of our oscillation amplitude maps. Furthermore,
although these simulations provide valuable insights towards achieving more optimal
keyhole reconstruction and analysis, it is evident that radial undersampling significantl y
affects the effectiveness of this approach. This limitation may require revisiting the
current Xenon Clinical Trials Consortium -recommendation 1-point Dixon acquisition
using only 1000 radial-views, which suffers from significant radial undersampling
artifacts. Specifically, this approach leads to a small number (~200) of projections being
DOEOUx OQUEUI EwbOUOWUT T w?T BT T 2 wWwEQEW?O00P2 woOl aUsd w(
images be acquired using an accelerated methodi150] to provide a maximum number of
views for keyhole reconstruction.

For future work, it is possible to explore the use of 3D tiny golden angle
trajectory [207] to more uniformly cover k -space during each cardiac cycle. It may also be
advantageous to explore other reconstruction methods such as compressed sensin{208]
or deep-learning [209] that are well-suited to recovering high quality images from
heavily undersampled datasets. Moreover, employing dynamic spectroscopy using
multi -channel receive coils presents a promising avenue of providing modest
localization of oscillations without the types of artifacts that affect the key-hole approach
used herg210]. Future work would benefit from the incorporation of additional relevant
demographic/clinical information such as fingertip optical hemoglobin

measurementg211], agg212], weight, and height into the reference distribution. While
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this work demonstrated that RBC oscillation heterogeneity is prevalent in patients with
CTEPH and improved by PTE surgery, the spatial accuracy with which regions of low
RBC oscillations can be localized remains unclear. To this end, future work should
include comparing our method to more established imaging techniques such as 3D
SPECT perfusion imaging[97], ultrasound [213], and other gold standard hemodynamic
measurements Given the unique advantages of each approach, a combined utilization
might offer more robust insights into the complex pathophysiology of pulmonary
hypertension.

It should be noted that the curated healthy cohort used to establish reference
distributions was younger than the CTEPH cohort. While Niedbalski et al.observed no
substantial age-dependent alterations in oscillation metrics [97], Mummy et al[214]
suggest a mild increase in oscillations with age. Consequently, observing reduced
oscillations in older individuals might serve as a more pronounced indicator of
underlying abnormalities. Thus, the younger reference cohort used here would

potentially have reduced sensitivity to disease-related changes.

4.5 Conclusion

RBC oscillation imaging using keyhole reconstruction is emerging as a
potentially powerful tool to provide a picture of microvascular flow that complements

the image of capillary blood volume. This level of regionality is particularly valuable for
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evaluating the regional effects of pulmonary hypertension. However, oscillation maps
are sensitive to many factors, including undersampling, the method of assigning radial
projections to high or low keys, keyhole radius, normalization, and overall SNR of t he
RBC transfer image. This work has addressed these factors and proposes several
changes to the oscillation mapping technique that improve robustness. Applying these
methods to the curated healthy cohort yielded a narrower healthy reference distribution
than previously published, which we expect will improve sensitivity for detecting

regional changes in oscillation amplitude. In addition, applying this approach to CTEPH
participants permitted visualization of low and absent oscillations. These regions

impr oved after PTE, consistent with a positive change in patient status after
endarterectomy. Such improved imaging of RBC oscillations has the potential to address
current limitations of PH detection using whole -lung dynamic spectroscopy[70]. More
specifically, the presence of CpcPH or PH in the setting of ILD confounds current
dynamic spectroscopy diagnostic models due to competing effects that suppress and
enhance the RBC oscillationg70]. Thus, applying robust cardiopulmonary oscillation
mapping could significantly enhance the power of 12Xe gas exchange MRI to detect and

monitor a wide range of PH.
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5, Advancing cardiopul monary

mappiangmpressed sensing reconstr

techni ques

In the previous chapter, we developed regional RBC oscillation imaging using
keyhole reconstruction to provide insights into microvascular flow and complement the
information obtained from conventional 129Xe gas exchange MRI. While the proposed
improvements to the oscillation mapping techniqgue enhanced robustness, the method
remained sensitive to factors such as radial undersampling, which can lead to artifacts
and reduced spatial fidelity in the reconstruc ted maps. To address these limitations and
further advance cardiopulmonary oscillation amplitude mapping, we now turn our
attention to compressed sensing reconstruction techniques. Compressed sensing is a
powerful framework that enables the recovery of high -quality images from
undersampled data by exploiti ng the inherent sparsity of the image in a transform
domain. By applying compressed sensing principles to the reconstruction of RBC
oscillation maps, we aim to mitigate the effects of undersampling and ultimately

enhance the diagnostic value of this imaging approach.
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5.1 Motivation

The feasibility of mapping RBC oscillation amplitudes using keyhole
reconstruction techniques has now been established in the previous chapte97]. This
approach involves subdividing the acquired k -space data into "high" and "low" keys
based on the cardiac cycle and reconstructing separate images to visualize regional
variations in oscillation amplitude. However, we also demonstrated that keyhole
reconstruction is sensitive to factors such as radial undersampling, which can lead to
artifacts and reduced spatial fidelity in the resulting maps [186]. Traditionally, 3D radial
MRI reconstruction is performed using gridding -based methodsthat involve
interpolating non -Cartesian k-space samples onto a Cartesian grid prior to performing
an inverse fast Fourier transform to generate an image Computationally, this is often
achieved using a non-uniform fast Fourier transform (NUFFT) [202]. Gridding -based
reconstruction has been widely used in 3D radial imaging of hyperpolarized gases [146,
215], particularly in gas -exchange imaging where dissolved signal is notoriously low.

However, a disadvantage of gridding reconstruction is that it was primarily
designed for fully sampled data and can be sensitive to under-sampling artifacts.
Therefore, it may be beneficial to consider alternative advanced reconstruction
techniques that better mitigate the effects of under-sampling. We hypothesize this to be
especially important in RBC oscillation imaging, as the keyhole procedure leaves the

images highly under -sampled.
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To address this, @mpressed sensing (CS) is a framework for reconstructing high-
guality images from undersampled data by exploiting the inherent sparsity of the
image[103, 216] CS has been successfully applied to various MRI applications, including
dynamic and spectroscopic imaging[217-219] In the context of 129Xe gas exchange MRI,
CS reconstruction has been shown to improve the SNR of ventilation and gas exchange
images. However, CShas not been appliedto the reconstruction of RBC oscillation
amplitude maps.

Here, we develop an implementation of CS reconstruction and demonstrate its
effectiveness in adigital phantom to simulate regional cardiopulmonary oscillation s. We
subsequently employ the optimized reconstruction and quantification technigues in a
well -curated cohort of healthy participants to establish an updated reference distribution
and thresholds for quantitative mapping. To assess the sensitivity of this oscillation
mapping to the disease state, we analyze dissolved!®Xe MR images from a cohort of
healthy subjects and patients with group 1 pulmonary hypertension (PH). We
hypothesize that, compared to healthy participants, group 1 PH subject groups will be

distinguishable based on oscillation amplitude mapping.

5.2 Image reconstruction theory
5.2.1 Gridded Reconstruction

Gridded reconstruction techniques for non -Cartesian MRI data have been

commonly employed due to their relative computational efficiency and ease of
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implementation. The central idea behind this approach is to interpolate the non-
uniformly sampled k -space data onto a Cartesian grid, enabling the use of fast Fourier
transform (FFT) algorithms for image reconstruction [220].

Leti '@ denote the received k-spacesignal, where @represents the k-space
coordinates in 3D. The goal is to estimate the underlying image "Qb from these
measurements, whereb denotes the spatial coordinates. The relationship between the k
space data and the image can be described by the continuous Fourier transform:

Equation 26: MRI signal equation relating image to measured k -space signal

i B Vb0 b

where the integration occurs over the field of view. Following discretization of the k-
space dataat sampling locations "®, the reconstruction of the image "Qi proceeds by an
inverse Fourier transform as:

Equation 27: Discretized Reconstruction Equation with Weighting Function

"Qb w i °2

Equation 27 represents a Discrete Fourier Transform (DFT) with an additional

weighting function & @ that accounts for non-uniform sampling . From this equation,

1 |n the caseof Cartesian data, ® then becomes a constant andEquation 27 can be evaluated as a normal
FFT.

127



it can be deduced that the computational complexity isO 0 0  where 0 is the total
number of samples and U is the matrix size over ‘O dimensions?, which is extremely
inefficient 3. In other words, eachk-spacesamples Qi pf8 R contribut ion to each
voxel value is individually computed. We canbetter appreciate the computational
burden with a toy example of afully sampled k-spacein each dimensionOandd 0
This leads to a computational burden of 0 U  in the case of 3D-imaging.

To then alleviate the computational complexity of this formulation, it is possible
UOwbOUI UxOOEUT wOUwW?T UPE2 wUT 1 WEEUEwWOABRIWEwWUODI O
One commonly employed interpolation scheme involves applying a convolution kernel
to each discrete kspace sample This process generates a smoothed signal from the
discrete data, which can then be resampled at the spatialfrequencies defined by a
Cartesian matrix. Mathematically, this entire procedure can be described by:

Equation 28 Convolutional Gridding Formulation  for Radial MRI

0 0 OYab aé JY § 0

Here, O is the gridded data, 0 JYis the sampled data, w is the weighting
function (also termed density compensation function, DCF) [221], and 0 is the

convolutional kernel. Note that§  indicates the deconvolution operation to account

2Thisis typically O ¢ or'O ofor 2D and 3D imaging respectively.
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for the image-domain shading effect of the convolution operation. This process is known
as deapodization. The final image can then be given bythe inverse Fourier transform of
the gridded data:

Equation 29 Reconstruction of Discrete Spatial Domain Image

Qb 0

The computational complexity of the convolutional gridding approach can be
evaluated as0 | 0w | 0 1 T|/C0O .Here,| representsan overgridding factor and
w is the kernel extent. Note, the first term in the expression represents the complexity of
the convolutional gridding procedure and the second term represents the complexity of
the FFT.It can then be seen that this computational complexity in the case ofO ¢ will
bel | 0w | 0 1 T|CO , which vastly outperforms that from Equation 27, making
gridding less expensive than directly computing the DFT.

In practice, the choice of the DCF calculation method can significantly impact the
reconstruction quality . One common approach for DCF calculation is the analytical
method, which assumes a specific sampling pattern and derives a closedform
expression for the DCF based on the sampling density[222]. Another popular method for
calculating the DCF is the Voronoi diagram approach [223]. In this method, the k-space is
divided into Voronoi cells, with each cell corresponding to a single k -space sample. The

DCEF is then calculated as the inverse of the cell area, effectively assigning higher
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weights to samples in more sparsely sampled regions. However, these methods are
sensitive to high frequency noise and thus carry significant limitations on reconstructed
image quality [146]. Instead, what is widely adopted is the iterative DCF calculation
method ¢ this method works by successively solving for the DCF that minimize s the
difference between the gridded data and the original k -space samples[221].

In the context of xenon MRI, Robertson et al. found an optimal reconstruction
technique employed this iterative density compensation along with the choice of a

Gaussian convolutional kernel with tunable kernel extend and width [146].

5.2.2 lterative Reconstruction Formulation

While convolutional gridding techniques, such as those discussed in the previous
section, have been widely used for non-Cartesian MRI reconstruction due to their
computational efficiency, they have some limitations. Gridding methods do not
explicitly incorporate prior knowledge about the image or the imaging system, which
can be valuable for improving reconstruction quality.

To address these limitations, iterative reconstruction techniques have gained
significant attention in recent years [224, 225] Theseapproaches aim to improve upon
gridding methods by incorporating a forward model of the imaging system and prior
knowledge about the object being imaged into the reconstruction process. Instead of

relying solely on interpolation, iterative reconstruction formulates the reconstruction
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problem as an optimization problem, where the goal is to find the image "(Xhat best fits
the measured datawwhile also satisfying certain prior assumptions or constraints.

The general form of the optimization problem can be expressed asminimizing a
regularized least-squares cost function:

Equation 30: General Form of Regularized Least-Squares Optimization
Problem

0 AOCTBI 6T 1 YO

Here, 0 is the measurement operator that models the imaging process,’Y "Q is a

Ul TUOEUPAEUPOOWUI UOwWUT EVUWDOEOUXxOQUEUTI UwxUbPOUwWOO
regularization parameter that controls the trade -off between data fidelity and prior

knowledge. To more accurately represent the physical factors involved in MRI signal

acquisition, we can expand the definition of the system matrix to include additional

terms:

Equation 31 Expansion of the Encoding Operator
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Here, Ois a signal model that accounts for signal decay from “Y and “Y throughout the
acquisition process unique to hyperpolarized media , "Ois the NUFFT operator.

The regularization term Y "Q in Equation 30 can take various forms depending
on the prior knowledge available about the image. One common choice isTikhonov
regularization: 'Y'Q ~ "Q " where "dis a reference image(or zero), which promotes

smoothness in the reconstructed image.Another such choice is Total Variation (TV)

regularization: 'Y "Q n"Q n"Q n "Q '‘Qm where m represents the

domain of the image, andn ,n ,andn are partial derivatives indicating the gradient
components along the three spatial dimensions. This choice promotes sparsity in the
image gradient domain and helps preserve edges.
Another regularization approach is wavelet regularization, which leverages the
sparsity of the image in the wavelet domain. Wavelet transforms provide a multi -scale
representation of the image, allowing for efficient compression and denoising. In
wavelet regulariz ation, the regularization term takes the form Y QT wa
PT 1T Ul w wUIl xUI Ul OUU0wWUT T wpk E ¥ knarin pramstesEspatsity @U Ow O x 1 UE
the wavelet domain, effectively encouraging the reconstructed image to have a compact

representation in terms of wavelet coefficients.

40 can be expanded to encompass additional factors.For example, it can incorporate density compensation
@ to address non-uniform sampling density in k -space,or coil sensitivity profiles "Yin parallel imaging
techniques like SENSE.
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Solving the MBIR optimization problem typically involves iterative optimization
methods, such as gradient descent, conjugate gradient, or the alternating direction
method of multipliers (ADMM) [226]. These methods iteratively update the image
estimate by balancing the data fidelity term = @ 0 "Q and the regularization term 'Y "Q

until a convergence criterion is met.

5.2.3 Compressed Sensing Reconstruction

Compressed sensing (CS) can be viewed as a specific instance derative
reconstruction, where the regularization term promotes sparsity in a transform domain,
and the imaging process is modeled by an undersampled system matrix 0. In the context
of 3D radial MRI, CS seeks to reconstruct high-quality images from undersampled k -
space data by exploiting the sparsity of the image in a transform domain, such as the
wavelet and/or TV domain. This is useful asa hyperpolarized 12Xe MRI scanis acquired
within a limited time frame of a single breath -hold, and thus, the number of radial
projections acquired is below the Nyquist limit.

The CS reconstruction problem can be formulated asan optimization problem
that aims to find the sparsest image consistent with the undersampled k -space
measurements Mathematically, the compressed sensing problem is given by:

Equation 32 Constrained Lo Minimization Problem



where wis the measured data, 0 is the encoding operator, = "Q denotes thed norm of
the estimated image"Qand| denotes the noise level.lt is important to note that solving
the 0 norm minimization problem, which represents the number of non -zero elements
in the image, is computationally intractable [227]. Instead, the 0 norm is used instead
followed by recasting the constrained formulation to an unconstrained one using
Lagrangian multipliers, given by:

Equation 33 Unconstrained Li Minimization Problem
n A A~ P - -~
Q AO(;IE’E&) 0 1T wa

Here, W is a sparsifying transform operator (e.g., wavelet or total variation) . It is then
clear how Equation 33is a specific form of Equation 31

One of the important considerations in CS reconstruction is the design of an
appropriate sampling pattern that ensures incoherence between the sampling matrix
and the sparsifying transform 5. In the case ofrandomized 3D radial MRI, this is already
naturally achieved as the randomly distributed radial spokes in k -spacehelps to spread
out the aliasing artifacts across the image domain.

Another important consideration in CS reconstruction is the choice of the

sparsifying transform. In this work, we adhere closely tothe work of Plummer et al.

5 For a more in-depth treatment of the basic MR ingredients for compressed sensing, see Ye Uw U1l YD1 PwEUUDPE C
U b U Gdomiprasded sensing MRI: a review from signal processing perspective
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[228] which employs a multi -regularizer approach using two common transforms: the
wavelet transform and total variation. The wavelet transform is known for its ability to
efficiently preserve edges and capture low-contrast information in the image. On the
other hand, TV is effective at suppressing noise and reducing streaking artifacts. TV
promotes sparsity in the gradient domain of the image, encouraging piecewise
smoothness while preserving sharp edges. The trade-off between the two regularizers is
controlled by the regularization parameters _ and _ . Mathematically, our final
optimization problem then becomes:

Equation 34: Multi -regularizer CS Optimization Problem
Q AOC I"SE(D 0 _ o Q T 0QT

Here, 0 is the system matrix defining the encoding operator specified by Equation 31.

5.2.4 A Signal Processing Perspective of RBC Oscillation Mapping

In the context of RBC oscillation mapping, the acquired k -space data is divided
into two subsets based on the cardiac cycle: the "high" dataset, representing the systolic
phase, and the "low" dataset, representing the diastolic phase. Let us denote the trie
underlying high and low images as "Q and™Q , respectively. The goal is to
reconstruct these images accurately and compute the difference betweenthem in

obtaining the RBC oscillation amplitude map.
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The reconstruction process introduces certain imperfections which can be
modeled as point spread functions (PSFs) that convolve with the true images. Letr) i "Q
and ) i "Qrepresent the PSFs associated with the reconstruction of the high and low
images, respectively. The reconstructed high and low images can then be expressed as
Q "Q §ni QandasQ "Q § ni "QThereconstructed RBC oscillation
amplitude map is directly proportional to the difference map "Q "Q (Equation 24)s,
and we will focus on this term to understand the impact of radial undersampling.

If the reconstruction process were perfect and each image is fully sampled, the
PSFsn i "Q andn i "Qwould be identical to each other and equal to the delta function.
Thus "Q Q Q "Q .However, in practice, N i "Q andn i "Qare not
identical, which arises from the fact that the high and low datasets are undersampled
differently. The random rotation of the radial spokes between the high and low datasets
leads to variations in the sampling density and, consequently, differences in the effective
PSFs. Tis discrepancy betweenn i "Q and ) i "Qcan introduce artifacts and
inaccuracies in the reconstructed RBC oscillation amplitude map. To analyze the impact
of such differences, we use the distributive property of convolution to show:

Equation 35: Difference Map as a Convolution of Point Spread Functions

Q Q Q Q 8§ niQ Q5§ \iQ n Q

6 To be consistentwith notation of "Cbeing the reconstructed image, we have replaced the use of O (X 'Q &
with "Q
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The first term, "Q "Q § N iQ ,represents the truedifference map with
the blurring and loss of resolution caused by the non-ideal ) iQ . The second term,
"Q § niQ n iQ , represents the artifact introduced by the difference in the
PSFs.The relative impact of this term depends on the magnitude of the difference map
Q "Q . If the difference map is small relative to the individual image intensity,
which is typical in RBC oscillation imaging, even a small difference betweenn iQ and
n i{Q can have a significant impact on the accuracy ofthe RBC oscillation map.
Consequently, this can lead to coherent artifacts and distortions in the difference map,
especially if the difference has a structured or localized nature.

In this work, we will analyze these point spread functions to understand the

limits of gridding -basedreconstruction techniques for RBC oscillation amplitude
mapping.

5.3 Methods
5.3.1 Digital Simulations

In order to evaluate the effectiveness of compressed sensingeconstruction in
accurately mapping cardiogenic RBC oscillations, a 3:dimensional 6-zone digital
phantom was created to represent the left and right lungs, with each lung divided into
three zones stacked in the apicailbasal direction. Each zone was modeled as a cylindrical

structure, which has the advantage of having analytically defined Fourier
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transformations. Here, the number of radial projections simulated varied from 500 (to

Ul UOPOWEPEAaAWUOwWI! | YYwpUOwWUDOUOEUIT wlOT 1 wOUOBET Uwob
acquisition). To assess reconstruction accuracy, thaormalized root mean square error

(NRMSE) metric was employed. The NRMSE quantifies the difference between the

reconstructed image and the ground truth image, providing a measure of the

reconstruction qu ality. Mathematically, the NRMSE is defined as:

Equation 36: Definition of NRMSE

B o w

cjo

VYO YO T ED

where wis the ground truth oscillation map and wis the estimated oscillation map. The
remaining specific details of the phantom design and simulation procedure is provided
in section 4.2.1

To calculate the point spread function of the reconstruction process, the k-space
data is replaced with amatrix filled with ones while preserving the trajectories. This
matrix corresponds to a delta function in the image domain, effectively probing the
impulse response of the reconstruction process.To facilitate direct comparison, PSFs
were normalized to have a sum of 1. In this work, we specifically visualize the 3D radial

point spread function in the case of fully sampled and 10%sampled.
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5.3.2 Image Acquisition

Image acquisition methods are the same asin section 4.2.4

5.3.3 Gridded Reconstruction
Density-compensated gridded reconstructions were implemented using the non-
Cartesian MRI reconstruction package of Robertson et al Specifically, this employed

Pipe-, | OO0z UwbUI UEUDYI wEI OUPUaAawWEOOX220B3EUDOOWE OT OU
overgridding, a Gaussian interpolation kernel with , 1@ 7and kernel extent of «, .

The processing time for a single 3D dataset was <5 secondson a workstation with a 1 0-

core Intel 10900Kprocessor.

5.3.4 Compressed Sensing Reconstruction

The compressed sensing reconstruction was implemented using SigPy[229] for
linear algebra functionality . The reconstruction pipeline was designed to handle 3D
radial k -space data acquired from hyperpolarized 129Xe gas exchange MRI.The system
matrix A, as defined in Equation 32, was constructed to accurately model the MRI signal
acquisition process. Introduced by Plummer et al. [228], the decay operator O accounted
for the unique RF-induced, “Y, and “Y decay characteristics of hyperpolarized xenon,
while the NUFFT operator "Qvas implemented using the non -uniform fast Fourier
transform with a Kaiser -Bessel convolution kernel.

For the sparsifying transforms, we employed a combination of wavelet and total

variation regularization, as shown in Equation 35. The wavelet transform w was
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implemented using the Daubechies-4 wavelet basis, which has been shown to provide
effective edge preservation and low-contrast feature representation. The total variation
operator "Owas computed using finite differences to approximate the gradient
components along the three spatial dimensions. The regularization parameters _ and _
were empirically tuned to achieve the desired balance between SNR and image
sharpness.

The compressed sensing reconstruction problem was solvedusing a custom-
implemented global consensus ADMM algorithm [230] with a step size of” p p T
The reconstruction algorithm was optimized for computational efficiency, by employing
graphical processing unit (GPU) acceleration. The processing time for a single 3D
dataset was approximately 2 minutes on a workstation with a 1 0-core Intel 10900K

processor and an NVIDIA GeForce RTX3090GPU.

5.3.5 Participant Recruitment

To build a reference cohort, the samescansof € p X11 males, 6 females) with
height p& T1®m and weight x & p &kg in Chapter 4 were retrospectively analyzed.
An additional cohort of 10 participants identified to have pulmonary arterial
hypertension (Group 1 PH) were prospectively recruited to test the value of regional

microvascular flow imaging.
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5.3.6 RBC Oscillation Mapping Methods

The procedure to map RBC oscillation amplitudes closely adhered to the
methods previously outlined in section 4.2.2 It is important to note thatthe ? T BT T 2 wE OE w
? 0 O bgpac®ddatacontinued to be processed using the keyhole approachwith a key

radius of T® 1  before image reconstruction using the compressed sensing method.

5.3.7 Quantitative and Statistical Analysis

All image preprocessing, reconstruction, and analyses were performed in
Python. Reconstruction methods were compared in both gas-phase and dissolved-phase
images by image SNR (Equation 25)and image sharpness " ®. The image sharpnesswas
guantified using the mean gradient of the image as evaluated using a 3D Sobelfilter. In
addition, gridded reconstruction techniques were evaluated using a high and low level
of Gaussiankernel sharpness of, T® &g trespectively corresponding to a tradeoff
between effective image resolution and SNR.3 T PUwb U w0l UOT Ewd@ s wi UPEEI] E
corresponding to a high er resolution but lower SNR EOE w? + 1 wl UPEEIT E2 wEOUUI U
a lower resolution but higher SNR (, ™® 7. Furthermore, dissolved phase images
were evaluated by the mean angle between real and imaginary components inside the
lung, corresponding to the relative phase of 122e magnetization in the two dissolved
compartments.
The RBC oscillation amplitude maps were displayed and analyzed in the same

manner as section4.2.5 New reference thresholds were calculated in the healthy cohort
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using the compressed sensing reconstruction method and compared with the previously
reported thresholds in Figure 35. Then, theseimages were quantified using the defect
percentage, defect + low percentage, andnean oscillation percent. These metrics were

compared between the PAH and healthy cohorts using a Mann-Whitney U -test.
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5.4 Results

5.4.1 Point Spread Function Visualization

Fully sampled 10% undersampled
A) y p B) ° P

]
[$)]

(gp) 4sd

C) Line profile of PSF

—— 10% undersampled
~— fully sampled

_8-

PSF (dB)

—10 1

_12 .

-14 T T T T T

Figure 38: Point spread functions of 3D radial sampling functions in dB scale.
(A) Fully sampled with the Nyquist criterion of  Z4! where 4 matrix size . (B) Ten
percent sampled. (C) Center line profile.

Figure 38illustrates the point spread functions of 3D radial sampling patterns in

the dB scale. The fully sampled case, adhering to the Nyquist criterion of 0
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“0 projections where 0 is the matrix size, exhibits a sharp central peak and minimal
side lobes (Figure 38B). In contrast, the ten percent sampled case, corresponding to
approximately 1,000 radial projections of a typical 2?Xe MRI acquisition, shows a
broadened central peak, increased side lobe levels. The center line profiles quantify these
differences, with the ten percent sampled case displaying a full width at half maximum

of 3 pixels compared to 1 pixel for the fully sam pled case.

PSThin
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Figure 39: Point spread function s of 3D radial sampling functions using the
keyhole approach.

Figure 39 presents the PSFs of 3D radial sampling functions using the keyhole
approach, where the k-space data is divided into two subsets based on the cardiac cycle.
The high and low key images exhibit PSF patterns that arevisually indistinguishable.
However, the difference PSFreveals distinguishable and continuous regions of relative
high intensity that appear random but Perlin-like. Notably, the sum of the difference

PSFis large: 0.04, when the individual PSFs are normalized to have a sum of one. This
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value is on the same order of magnitude as the typical values of "Q "Q observed
(~10%based on spectroscopic measurement} suggesting that the second error term in
Equation 35significantly impacts the r econstructed difference map.

5.4.2 Digital Phantom Simulations

500 radial projections 1,000 radial projections 2,200 radial projections Ground truth

RMSE: 19.8% RMSE: 17.6% RMSE: 14.8% =

Gridded

b b ]

(%) epnyijdwe uone(iosQ

RMSE: 9.6% RMSE: 9.4% RMSE: 9.4%

CS
Wavelet + TV

Figure 40: Comparison of reconstruction error in oscillation amplitude maps
using a digital phantom. Here, the columns represent realistic sampling scenarios of
4, h h radial projections.

In Figure 40, the reconstruction using the gridded method with 500 radial
projections poorly captures the overall pattern of regional oscillations , exhibiting
significant blurring and loss of detalil, resulting in an NRMSE of 19.8%. The oscillation
amplitudes in the reconstructed map appear washed out and poorly capable of
distinguishing the regionality of the true spatial heterogeneity, particularly in the left

upper region where there is supposed to below intensity and the lower right region

where high intensity is expected. In this case,compressed sensingreconstruction
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achieves a lower NRMSE of 9.6%. The visual appearance of the reconstructed maps
along with the diminished difference map intensities ( Figure 41) also confirms the
superior performance of compressed sensing, with the CS map exhibiting clear

boundaries separating the different intensity regions and more accurate oscillation

amplitudes.

Difference maps

500 radial projections 1,000 radial projections 2,200 radial projections

Gridded

0%

CSs
Wavelet + TV

-20%

Figure 41. Difference maps comparing reconstructed oscillation amplitude
maps with the ground truth.

As the number of projections increases to 1,000 and 2,200, the NRMSE values for
both reconstruction methods decrease, indicating improved accuracy. However,
compressed sensing maintains itsadvantage over gridded reconstruction, with NRMSE

values of 9.4% and 9.4% for 1,000 and 2,200 projections, respectively, compared to 17.6%

and 14.8% for gridded reconstruction.
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5.4.3 In Vivo Imaging

HR Gridded LR Gridded

1,000 projections

500 projections

Figure 42 Gas-phase images acquired from interleaved 1 -point Dixon gas
exchange sequencein a healthy participant . Reconstructions are performed with 1,000
projections (original data) and 500 projections (using only the first half  of
projections).

Figure 42 presents gasphase images acquired from an interleaved 1-point Dixon
gas exchange sequence in a healthy participant. Reconstructions are performed using the
original 1,000 radial projections and a subsampled dataset containing only the first 500
projections. The images reconstructed with the high-resolution (HR) gridding method
using 1,000 projections exhibit aSNR of 36 and an image sharpness of "® 1@ vin

contrast, the LR gridding method exhibits an improved SNR of 66 but reduced

sharpness of 0.40. On the other hand the CSreconstruction achievesa higher SNR of 44
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while preserving image sharpness,"® 1@ Tt This trend is additionally observed in the

even more undersampled regime of 500 projections.

Total Dissolved Membrane RBC

Gridded

SNR=18
Mean angle=23°

CS

SNR=44
Mean angle=21°

Figure 43: Comparison of reconstructed dissolved -phase images.

Figure 43 compares the reconstructed dissolved-phase images obtained from the
same healthy participant. The total dissolved -phase image reconstructed with gridding
has an SNR of 18 and a mean angle of 23°. Th€Sreconstruction results in an improved
SNR of 44 anda similar mean angle of 21. Similar trends of improved SNR are observed

in the membrane and RBC images
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Healthy cohort oscillation amplitude histogram: CS

reconstruction
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Figure 44: Combined reference distribution and thresholds

the cohort in Figure 35but using compressed sensing. Results from using gridded
reconstruction are also shown for comparison.

constructed from

Figure 44 presents the histogram of RBC oscillation amplitudes in a healthy

cohort reconstructed using compressed sensing. The distribution had a mean of 481%

and a standard deviation of 3.43%, which, compared to the gridded reconstruction

results, exhibits a slightly higher mean oscillation amplitude and a narrower standard

deviation . Notably, the CS reconstruction results in very few voxels with negative

oscillation amplitudes .
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Figure 45: 129%Xe MRI RBC transfer and RBC oscillation imaging for a
representative PAH patient.

Figure 44 illustrates RBC transfer and RBC oscillation imaging for a
representative PAH patient. The RBC transfer images show relatively homogeneous
signal intensity throughout the lungs, with no apparent defects beyond minor low -
intensity regions in the lung bases. In contrast, the RBC oscillation maps reveal a distinct
spatial pattern, with notably reduced oscillation amplitudes in  specific regions of the
lungs indicated in red and orange. Quantitatively, 39.5% of voxels were determinedto
be defect and20.4%were sorted into the low category. The differences in imaging

metrics were then compared systematically in a cohort of healthy and PAH subjects
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(Figure 46). Here, the percentage of voxels classified as defect or defect + low is

significantly higher in the PAH group compared to the healthy group (p<0.001).
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Figure 46: Comparison of RBC oscillation map metrics in the healthy cohort vs.
patients with PAH. The percentage of voxels binned as only defect and defect + low
both differentiate healthy and participants with PAH (p<.001).However, the mean
oscillation percentage did not exhibit a statistically significant difference.

5.5 Discussion
5.5.1 Limitations of Gridded Reconstruction

The PSFanalysis presented in this study provides insights into the limitations of
gridded reconstruction techniques for RBC oscillation amplitude mapping in
hyperpolarized 12°Xe MRI. As discussed in the theory section (Figure 35), the
reconstructed RBC oscillation map is affected by the convolution of the true difference
map with the PSF of the high image, as well as the convolution of the low image with
the difference between the high and low PSFs.The PSF visualizations in Figure 38
clearly demonstrate the impact of undersampling on the reconstruction process. In the
fully sampled case, the PSF exhibits a sharp central peak and minimal side lobes,

indicating a high -quality reconstruction with minimal blurring. However, in the ten
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percent sampled case, which corresponds to a typical acquisition with approximately
1,000 radial projections, the PSF shows a broadened central peak and increased side lobe
levels. This suggests that undersampling leads to a loss of resolution and the

intr oduction of artifacts in the reconstructed images.

Furthermore, the PSF analysis using the keyhole approach Figure 39) reveals
notable differences between the high and low key images. Although the individual PSFs
of the high and low images appear visually similar, their difference PSF exhibits
distinguishable and continuous regions of relative high intensity. Thesedifferences arise
from the fact that the high and low datasets are sampled differently, and the random
rotation of the radial spokes leads to variations in the sampling density and,
consequently, differences in the effective PSFs

While the sum of the difference PSF(~0.04)does not appearsubstantial at first, it
is important to recognize that this difference is on the same order of magnitude as

Q "Q § niQ astypical oscillation amplitude ranges are about 10%, or 0.1
identified from spectroscopy. As a result, the presence of structured differences in the
PSFs can introduce coherent artifacts andsignificant distortions in the reconstructed
RBC oscillation map. In general, the impact of these artifacts becomes more pronounced
when the true difference map "Q "Q is small relative to the individual image

intensities, which is often the case in RBC oscillation imaging.
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The digital phantom simulations further illustrate the limitations of gridded
reconstruction in capturing the spatial heterogeneity of RBC oscillations. In general, the
gridded reconstruction results in significant blurring, loss of detail, and inability to
estimate oscillation amplitudes. The NRMSE values quantify the reconstruction
accuracy, with gridded reconstruction exhibiting higher errors compared to compressed
sensing reconstruction across different numbers of projections. Notably, even with a
limited number of radial projections (e.g., 500), the reconstruction error using
compressed sensingis still superior to that of the gridded reconstruction with 2,200

projections.

5.5.2 Applications to In Vivo Imaging

The in vivo imaging results demonstrate the potential of compressed sensing
reconstruction in improving the quality and quantitative accuracy of RBC oscillation
mappin g. The comparison of gasphase images reconstructed using different methods
highlights the advantages of compressed sensing over conventional gridding -based
approaches. Specifically, the compressed sensing reconstruction achieves higher SNR
while preserving image sharpness, even in the highly undersampled regime of 500
radial projections. This improvement in image quality can be attributed to the ability of
compressed sensing to effectively exploit the sparsity of the image in the transform
domain, suppressing undersampling artifacts and noise. In addition, the benefits of

compressed sensing reconstruction extend to the dissolvedphase images as wellas the
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total dissolved -phase image reconstructed with compressed sensing exhibits a
significantly higher SNR compared to the gridding -based reconstruction, while
maintaining a similar mean phase angle, indicating the preservation of accurate
membrane and RBC images upon Dixon decomposition. The improved SNR in the
dissolved-phase images is particularly important for RBC oscillation mapping, as the
signal in the RBCs is inherently low, and any enhancement in SNR can lead to more
reliable quantification of their oscillation amplitudes.

The application of compressed sensing-based RBC oscillation mapping to a
representative PAH patient demonstrates its potential clinical utility. In PAH, the
primary pathophysiological mechanism is the narrowing and obliteration of small
pulmonary arteries, leading to increased pulmonary vascular resistance and reduced
microvascular flow [231]. This reduction in microvascular flow is not uniform
throughout the lungs, resulting in regional heterogeneity of perfusion [232].
Conventional RBC transfer imaging, which relies on the overall signal intensity of
hyperpolarized 12°Xe in the RBCs is sensitive to microvascular blood volume and not
these regional variations in microvascular flow. Thus, in this presented caseof Figure 45,
the RBC transfer images show relatively homogeneous signal intensity throughout the
lungs, the RBC oscillation maps reveal a distinct spatial pattern of reduced oscillation

amplitudes in specific regions. This serves as an example of thesensitivity of RBC
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oscillation mapping to regional abnormalities in microvascular flow and its
complementary nature to conventional RBC transfer imaging.

The comparison of quantitative metrics between healthy subjects and PAH
patients further validates the diagnostic value of this technique . The significantly higher
percentage of voxels classified as defect or defect + low in the PAH group compared to
the healthy group suggests that RBC oscillation mapping can effectively differentiate
between normal and abnormal microvascular flow patterns. The reduced oscillation
amplitudes in certain regions of the lungs can be attributed to reduced blood flow
caused by upstream arterial obstruction or narrowing [233]. As the disease progresses,
the affected pulmonary arteries become increasingly obstructed, resulting in attenuated
oscillations in the downstream capillary beds.

Interestingly, the mean oscillation percentage did not exhibit a statistically
significant difference between the two groups . One potential explanation is the presence
of compensatory mechanismsin which the pulmonary vasculature may undergo
adaptive remodeling to maintain overall blood flow despite the increasing resistance in
affected vessel$234]. To maintain a relatively normal global microvascular flow even in
the presence of regional abnormalities, this remodeling process may involve the dilation
of remaining healthy vessels, recruitment of previously closed capillaries, or the

development of collateral circulatio n[235].
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Future work will involve a closer direct comparison with RBC oscillation
amplitudes obtained from *29Ke dynamic MRS and radiotracer-based perfusion imaging

for validation.

5.5.3 Limitations in Compressed Sensing

While compressed sensing MRI has shown promising results in improving the
reconstruction quality and mitigating undersampling artifacts in RBC oscillation
mapping, it is important to acknowledge the limitations of this technique. One
significant limitation is its sensitivity to the SNR of the acquired data. Specifically,
compressed sensing relies on the sparsity of the image inthe transform domain to
recover the underlying signal from undersampled measurements. However, in low SNR
scenarios, the sparsity asumption may be violated, leading to suboptimal
reconstruction results. In the context of RBC oscillation mapping, where the signal in the
RBCs is inherently low, the SNR can be a limiting factor for the effectiveness of
compressed sensing reconstruction.

Moreover, the effectiveness of compressed sensing in highly undersampled
situations is fundamentally limited by the incoherence between the undersampling
pattern and the sparsifying transform. Incoherence ensures that the aliasing artifacts
introduced by undersamplin g are spread out and appear noiselike in the transform
domain, allowing the compressed sensing algorithm to effectively separate the true

signal from the artifacts. However, as the undersampling factor increases, the
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incoherence assumption may break down, resulting in coherent aliasing artifacts that are
difficult to remove.
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Figure 47: Evaluation of impact of different ¢ andy regularization
parameters in isolation.

The performance of compressed sensing MRI also depends on the proper tuning
of reconstruction parameters, such as the regularization weights (_ and _ in Equation
34) and the choice of sparsifying transforms (wavelet and total variation in our case). In
our study, we empirically tuned the regularization parameters to achieve a balance
between SNR and image sharpness. However, finding the optimal parameter settings
can be a time-consuming and challenging task, requiring comprehensive
experimentation and validation. The lack of a universally optimal parameter set for all
datasets can limit the generalizability and reproducibility of compressed sensing

reconstruction results across imaging protocols.
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An example of varying different values of _ and _ are shown in Figure 47.
Here, as_ increases while_ is held constant, the image SNRimproves but eventually
the reconstructed image exhibits block-like or patchy artifacts, as the wavelet
regularization term dominates and suppresses high-frequency information. Conversely,
as_ increases with a fixed _ , the image SNR also improves, but eventually fine details
are lost asthe total variation regularization becomes dominant .

One additional consideration in implementation of compressed sensing MRI is
the trade-off between image quality and reconstruction speed. The iterative nature of
compressed sensing algorithmsresults in longer reconstruction times compared to
conventional gridding -based methods. In our study, the reconstruction time for a single
3D dataset using compressed sensing was approximately 2 minutes on a workstation
with a high -performance GPU. However, this may serve as a limitation to users who do

not have access tosuch hardware.

158



6.Suppl ement al s:lI nOpSeona t Tcoeonl R F
Pul se Opti mileaedp olngaramidng | mage
Enhancement

In the subsequent sections, we firstadvocate for the open-source development
and dissemination of 12°Xe imaging and spectroscopy analysis tools. By fostering a
collaborative environment of code-sharing, we aim to acceleratetechnique development
and standardize methodologies across the field. Second, we will explore the design of
practical RF-pulse shapes to minimize off-resonance artifacts, a technical challenge that
affects 12X e dissolved-phase imaging. Furthermore, we emphasize the importance of
establishing healthy reference distributions for 129Xe ventilation MRI, which necessitates
the implementation of optimized bias field correction techniques. Additionally, we

explore the potential of deep learning for image enhancementin 29Xe MRI.
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6.1 Towards open-source development and dissemination of
129%e imaging and spectroscopy analysis tools

6.1.1 Introduction

Figure 48 Map of academic institutions in North America participating in the
129 e clinical trials consortium.

Considering the growing number of research sites and the emergence of
consortium protocols aimed at standardizing procedures (Figure 48), the development
of an open-source data analysis pipelin esfor hyperpolarized 12°Xe MRI/MRS represents
a significant milestone. An open-source pipeline not only facilitates a unified approach
to image acquisition, processing, and analysis but also promotes transparency,

reproducibility, and innovation across different research groups.
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6.1.2 Methods

To this end, we developed, from the ground -up, fully automated image analysis
pipelines intended for open-source use. Specifically, we provide separate pipelines for
2D-DICOM -based ventilation imaging [39], 3D-radial ventilation imaging [157], gas
exchange imaging[98], and RBC oscillation amplitude imaging [186]. The engineering and
design were conceived with modularity, scalability, and user -friendliness at its core. In
addition, recognizing the diverse needs of the research community, the pipeline
architecture was structured to accommodate a range of data formats, imaging protocols,
and analysis requirements. This flexibility ensures that researchers from various academic
institutions, regardless of the specifics of their research focus, can leverageour codebase
to enhance their work.

One significant challenge in developing both internal and external software tools
involves the lack of standardizat ion of input s. Specifically, research institutions use
different MRI scanner platforms (Siemens, GE, Phillips, etc.) with varying software
versions where the raw data and metadata is not exported in the same format. This led
us to develop a XeCTCdata formatting standard using the International Society of
Magnetic Resonance in Medicine Raw Data Format (ISMRMRD)[236]. Such standards
include the variable naming of important and sequencespecific metadata that allow for

researchers to easily exchange datasets for validation studies or collaborative projects
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An additional challenge in developing robust yet user -friendly code is the
specification of hyperparameters that dictate pipeline behavior. We thus adopted the use
of ML Collections, a Python library originally designed for machine learning use cases,
which offers efficient and intuitive configuration of data processing pipelines. The
integration of ML Collections, particularly through its ConfigDict classes, allows for a
"dict-like" data structure that supports dot access to nested elements, thus simplifying

the configuration process without the need for deep dives into the source code.
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Figure 49: A typical image analysis pipeline workflow and its software
technologies used in each step.

As depicted in Figure 49, the generalized pipeline begins with data and metadata
loading in either the raw and proprietary Siemens Twix format or XeCTC-established

ISMRMRD format followed by a preprocessing stepto prepare imaging data for

162



reconstruction. We subsequently perform reconstruction using in-house non-Cartesian
gridded reconstruction technique accelerated using Numba [237], or optionally, external
reconstruction packages that rely on CUDA for GPU -based accelerated

computation [229]. This is then followed by a deep-learning -based segmentationof the
thoracic cavity using the TensorFlow framework and NumPy -driven image
quantification. Finally, image visualization, an essential step for interpreting results, is
achieved using Matplotlib, with clinical report generation facilitated by web

technologies like HTML and CSS for presentation. Furthermore, to enhance code clarity
and maintainability, we have rigorously annotated eachcodebase with type hints and
comprehensive docstrings to maximize maintainability and readability . Given these
technical considerations, all our repositories are hosted on GitHub to foster a
collaborative environment where contributions can be made easily, issues can be tracked
systematically, and updates can beeasily releasedto the user community.

In summary, t his robust pipeline design and architecture, guided by thorough
documentation and a commitment to open -source principles, is designed not only to
meet the research needsf our own institution but also to adapt to the needs of other
centers around the world . Through this approach, we ensure that our software

infrastructures will remain a vital tool for the research community .
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6.2 Practical RF-pulse shape designs to minimize off-resonance
artifacts

6.2.1 Introduction

While hyperpolarized '2°Xe gas exchange MRI is increasingly used tomeasure
the 3-compartments of ventilation, membrane -uptake, and RBC transfer,a major
challenge in implementation remains minimizing gas -phase contamination when
exciting the dissolved-phase compartment.

The signal from the dissolved-phase constitutes merely 1-2% of the total signal
observed from the gas-phase, leading to potential corruption of dissolved -phase images
by unintended excitation of the gas-phase. The substantial chemical shift difference
between these phases, roughly 200ppm, does not simplify selective excitation due to the
necessity for pulses to remain brief in relation to T2* relaxation time, which is about 1ms
at a 3T magnetic field. Leung et al. [110] havecreated concise pulses specificdly
designed analytically to diminish the undesired gas -phase signal. However, these pulses
are prone to slight distortions from RF amplifiers, significantly impacting the achieved
frequency selectivity in practice. As an alternative, it has been suggested that post
processing techniques could effectively remove such interferenceq238, 239] Despite
this, suppressing gas-phase contamination during RF pulse excitation is still preferable
because it preserves the integrity and signakto-noise ratio of dissolved-phase images
from the outset, avoiding the potential for data loss or artifacts that post -processing

might introduce. Our method seeks to circumvent this issue by employing a generalized

164



pulse shape, enhanced with a Hanning window , and further modified with extra
variables designed to counteract the distortions caused by amplifier anomalies, thus

maintaining selective excitation despite practical challenges.
6.2.2 Pulse Design and Simulation Methods

Time domain pulse profile
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Figure 50: Magnitude profiles of a standard Hanning window pulse (blue) and
an enhanced Hanning pulse with side lobe suppression (Hanning SLS). Each pulse is
normalized for a 20° flip angle, with the Hanning SLS pulse featuring a 10% DC bias
and a 10us, 0.1° sub-pulse (phase omitted for clarity), exaggerated for display.
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freedom. The standard Hanning window of N samples is given as:
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Equation 37: Definition of Hanning window pulse
. . A € .
0 ¢ OE IU— h m € U
We then add a constant (DC) biasx  and sub-pulsesx that yield additional

phase-tunable sidelobes:

Equation 38 Definition of Hanning SLS window

Where:
Equation 39: Definition of the side lobe in Hanning SLS
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Figure 50 showcases a typical pulse profile. Alongside the duration of the RF pulse, it
offers four more variables to adjust the frequency response: x ,x ,n ,and.

With the assumption of a single dissolved resonance, the frequency response of
this pulse was simulated in Matlab as a series of rotations about the time-varying B -field
vector. The time domain RF pulse envelopes evaluated were initialized according to the
above equations (@ w,Total duration 690 * | frequency offset = 7090Hz

corresponding to excitation at 208ppm at 3T,| ¢ m). The optimal parameters were
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identified by exploring the parameter space to find the maximum ratio of the spectral

magnitude of the dissolved phase (f = 7090Hz) to gas phase (f = 0 Hg

6.2.3 Simulation Results

a) Frequency domain response b) Zsoomed frequency domain response
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Figure 51: Log frequency response of theoretically optimal Hanning SLS pulse
The addition of the 2.1%bias significantly reduces the response amplitude near the

gas-phase contamination region (close -up in panel b). Note that, for the Hanning SLS
pulse, off -resonance excitation is suppressed over a broader frequency range.

Figure 51 shows the log magnitude frequency responses of a standard Hanning
window pulse of duration 690us and one with DC bias added (parameters: 0 T8t ¢,p
0 M, 0 1T, %0 1). These parameters were determined by sweeping through the
parameter space and identifying suppressed frequency response at the gasphase
frequency, with a finite linewidth. Shown in  Figure 52is the frequency response upon

independently sweeping through each variable.
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Figure 52: Effect of Hanning SLS parameters on transverse magnetization at

the gas-phase frequency.
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6.2.4 Experimental Verification in a 1**Xe sample and in vivo

Figure 53: Effect of adding DC bias in the Hanning SLS pulse . Plots are shown
for a phantom (A) and in vivo ( B). Gas phase contamination is reduced in the entire
neighborhood of frequencies around the gas-phase center frequency.

The RF pulses describedin Equation 38 were then implemented on a 3T scanner
(Siemens Magnetom Trio+ VB19A), initially utilizing a proton phantom to fine -tune the
optimal empirical parameters. The derived settings were then validated using a 1-liter
bag of hyperpolarized 129Xe and subsequently in a healthy volunteer, employing a
flexible quadrature vest coil (Clinical MR Solutions, USA). Because the invivo gas-phase
resonance has a norzero linewidth (typically 40 -50Hz), the pulses were tested across a
range of off-resonance frequencies (bag6.5Khz-7.7kHz, human: 7.0kHz-7.25kHz).

On our system, the same amplifier powers both local proton transmit/receive and

multinuclear coils. We, therefore, calibrated the parameters using a proton phantom
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