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Abstract

Vascular contributions to cognitive impairment and dementia (VCID) are the second
leading cause of dementia and increasing in prevalence as lifespans increase. Clinical MRI
traditionally relies on structural abnormalities to identify this vascular dysfunction but lacks
microstructure and functional information that could be critical for early identification and
assessment of disease. Cerebrovascular dysfunction is one of the only contributors to dementia
that can currently be treated, and therefore, earlier identification and subsequent intervention
could prevent irreversible structural changes that lead to cognitive decline.

Magnetic resonance fingerprinting (MRF) is a novel approach to MRI acquisition and
reconstruction using biophysical modeling in parallel to image acquisition for the simultaneous
collection of quantitative, multiparametric brain maps. MRF can be adapted to specifically
measure cerebrovascular parameters via MR vascular fingerprinting (MRvVF), which produces
guantitative cerebral blood volume (CBV), microvascular vessel radius (R), and tissue oxygen
saturation maps (SO-) of the whole brain. This dissertation aims to advance MRvF for contrast-
free, dynamic mapping of cerebrovascular function.

First, we compare MRVF to another quantitative MRI method, quantitative blood oxygen
level dependent (BOLD) imaging, and show consistency between the techniques, reliable oxygen
extraction fraction (OEF) measurements, and expected changes in OEF in response to hypoxia
and hyperoxia. Next, we describe a new MRVF pattern-matching algorithm developed for
improved mapping without contrast agents, investigate the tradeoffs between SNR, sensitivity,
and temporal resolution, and optimize an accelerated spin- and gradient-echo (SAGE) sequence
for dynamic MRvF. We show adequate SNR with the SAGE sequence from just one repetition for
robust whole-brain vascular parameter mapping every 4.5 seconds. Following this, we
demonstrate a novel protocol in which this optimized SAGE sequence allows for dynamic and
simultaneous acquisition of MRvF and BOLD measures. By combining this with a tailored
hypercapnic (5% COy) breathing paradigm, we show parameter consistency over time and
regional changes in BOLD, CBV, R, and SO in response to this stimulus, enabling the calculation
of cerebrovascular reactivity (CVR). Finally, we use this newly developed imaging paradigm to
compare differences in MRvF-derived CVR measurements in healthy young and healthy old
adults. We juxtapose these CVR results against more commonly utilized techniques of measuring
CVR to compare and validate our MRVF metrics.

Collectively, we demonstrate the development of dynamic MRvF in an ongoing effort
toward new quantitative functional imaging biomarkers of cerebrovascular dysfunction with the

potential to enable better understanding and earlier diagnoses of diseases like VCID.
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Chapter 1 — Motivation, Introduction, and Overview

Increasing lifespans and aging populations are leading to an increased prevalence of
dementia, with over 50 million people afflicted worldwide and almost 10 million new cases a year.?!
Vascular contributions to cognitive impairment and dementia (VCID) is the second most common
cause of dementia, but the heterogeneous mechanisms by which vascular risk factors lead to
cognitive decline in VCID are not well understood.? Current neuroimaging biomarkers of VCID
using magnetic resonance imaging (MRI) rely on structural changes like white matter
hyperintensities (WMH).24 There are limitations with this approach to diagnosis and subsequent
treatment as physiological changes from vascular disease may precede structural abnormalities,
and WMH are non-specific and may reflect many underlying processes. Noninvasive imaging of
cerebrovascular function, therefore, may offer an opportunity for earlier detection and intervention.

Current hemodynamic MRI scans are acquired separately and often require contrast
agents, leading to a lack of translatable physiological imaging methods to understand and
diagnose cerebrovascular diseases. MRI in clinical practice relies almost exclusively on
qualitatively weighted images (e.g., Ti-weighted, T»-weighted). These images have provided
tremendous value since their inception, but their qualitative nature limits their potential. The
importance of reproducibility and repeatability are becoming more prevalent as medicine moves
further into an era of computational radiology, and qualitative images lack the ability to be
precisely compared across time points, scanners, locations, or different subjects.>’ Some
techniques like quantitative MRI relaxation mapping and arterial spin labeling (ASL) have been
developed to produce quantitative data, but these still suffer from other limitations, including low
signal-to-noise ratio (SNR) and motion artifacts. Additionally, from a practical standpoint, MRIs
are typically long in duration, as each contrast collected requires a separate sequence. This

increased scan length is unpleasant or exclusionary for subjects averse to being in tight spaces



for long periods of time, increases the likelihood of subject motion, and increases the cost per
patient.

Magnetic resonance fingerprinting (MRF) is a relatively new technique that innovatively
leverages MRI acquisition and reconstruction in order to overcome some of these limitations of
traditional MRI.2 MRF utilizes image acquisition in combination with computational magnetic
resonance (MR) signal simulations for quantitative multiparametric mapping. The technical
benefits of MRF demonstrate a significant advancement, with high translational and clinical
potential impact. The ability to generate quantitative maps, as opposed to contrast-weighted
images, makes imaging more reproducible and improves the ability for direct intra- and inter-
patient comparisons. Reliable quantitative measures will improve patient monitoring over time
and provide more useful metrics for comparison while also reducing bias across different sites or
scanners in future research. Generating multiparametric maps from a single scan will decrease
total scan time, lower costs, and increase ease of access for patients. Faster scans also
specifically benefit pediatric, geriatric, cognitively impaired, and other populations who may
struggle to lay still in a scanner for upwards of an hour at a time.

MRF was initially implemented to generate quantitative T1 and T relaxation maps and
other common clinical MR metrics. However, another advantageous aspect of MRF is its flexibility
to look at a wide variety of both structural and functional parameters. Essentially, if a parameter
that affects MR signal can be described with a biophysical equation for computational modeling,
the parameter can be incorporated into the simulations and ultimately extracted from the collected
images. MR vascular fingerprinting (MRVF) leveraged this framework to extract cerebrovascular
information from MR signals sensitive to oxygenation using the fingerprinting method.®

In this dissertation, we describe our contributions to and applications of MRvF and a set
of novel techniques and protocols that enable acquisition of multiple quantitative physiological
metrics of cerebrovascular function. The long-term goal is to increase the pathophysiological

understanding of cerebrovascular diseases and advance the capabilities of the MRvF framework



to be robust for contrast-free and dynamic imaging with the hope of eventually developing MRvF-
based imaging biomarkers of cerebrovascular diseases, like VCID.

This dissertation is organized into eight chapters, including this introduction:

Chapter 2 provides necessary background information on brain anatomy and physiology and how
cerebrovascular function changes with age and disease. It also details physiological responses
to specific gas stimuli, how those are measured, and how they serve as biomarkers of diseases.
Chapter 3 broadly reviews different modalities used in brain imaging before discussing specific
MRI technigues for imaging cerebrovascular structure and function. It then introduces quantitative
MRI techniques and the advantages and principles of magnetic resonance fingerprinting.
Chapter 4 compares quantitative technigues for measuring brain oxygenation with MRI and
performs a retrospective analysis validating those techniques in a study of healthy volunteers
experiencing acute hypoxia and hyperoxia.

Chapter 5 describes the optimization of MRVF acquisition and processing to enable dynamic
studies of cerebrovascular function through simulations, retrospective analyses, and prospective
analyses that improve accuracy, sensitivity, and temporal resolution.

Chapter 6 introduces a hypercapnic imaging paradigm that demonstrates the ability of MRvF to
measure meaningful changes in cerebrovascular reactivity due to a prescribed hypercapnic
stimulus.

Chapter 7 utilizes the hypercapnic imaging paradigm described in Chapter 6 to investigate how
metrics of cerebrovascular reactivity differ between a young cohort and an old cohort of healthy
subjects.

Chapter 8 highlights the key findings and contributions made through this work, gives
perspectives on expansions of the work, provides thoughts on future directions of the field, and

summarizes the overall significance of the dissertation.



Chapter 2 — Cerebrovascular Structure and Function

2.1 | Cerebrovascular Anatomy and Physiology

Cerebrovascular anatomy and physiology form the basis for how the brain is nourished,
how it responds to various physiological demands, and how pathologies affect its function. This
chapter will cover the critical aspects of cerebrovascular structure and function, setting the stage
for the value of imaging studies based on cerebrovascular physiology.

The cerebrovascular system encompasses arteries, veins, and capillaries and is pivotal in
delivering oxygen-rich blood to the brain and removing carbon dioxide and metabolic waste. This
intricate network is sustained by two major pairs of vessels, the internal carotid arteries (ICAS)
and the vertebral arteries (VAs). The ICAs branch into the anterior and middle cerebral arteries
(ACAs and MCAs), which supply blood to the frontal, parietal, and temporal lobes of the brain.
The VAs merge to form the basilar artery, giving rise to the posterior cerebral arteries (PCASs) that
provide circulation to the occipital and inferior temporal lobes. A key component of this network is
the Circle of Willis, a connected ring at the base of the brain where the ACAs meet with a posterior
communicating artery from the PCAs, allowing for collateral circulation in the event of blockage
or narrowing in any part of the system. As these arteries disperse throughout the brain, they split
and penetrate deeper tissues as smaller vessels called arterioles and eventually capillaries where
oxygen is extracted from the blood by the surrounding brain tissues.

The proportion of oxygen that is extracted from the blood as it traverses through the
capillaries is known as the oxygen extraction fraction (OEF). The OEF reflects the efficiency of
oxygen utilization by brain tissue and is therefore proportional to the cerebral metabolic rate of
oxygen consumption (CMRO>) and inversely proportional to the cerebral blood flow (CBF).1° This
oxygen metabolism within the cerebrovascular system involves the intricate process of oxygen
being carried by hemoglobin in red blood cells before diffusing across the blood-brain barrier

(BBB) and into neurons and glial cells for aerobic metabolism.!! This diffusion process is driven



by the oxygen concentration gradient between blood and brain tissue and directs the delivery of
oxygen to areas of high metabolic demand. Glucose, the brain's primary energy source, follows
a similar path but is transported across the BBB via specific glucose transporters, and then utilized
in cellular respiration to generate ATP, with oxygen acting as the final electron acceptor in the
mitochondrial electron transport chain.'? After these nutrients are extracted from the blood within
the capillaries, the venous system drains the deoxygenated blood back towards the heart. The
venous drainage is facilitated from capillaries into venules that converge into the dural venous
sinuses, leading to the internal jugular veins and completing the cerebral circulation loop.

A unique aspect of cerebrovascular physiology is the aforementioned BBB, which acts as
a selectively permeable divider to protect the brain from pathogens and regulate the exchange of
materials between the bloodstream and the brain tissue. It is maintained by endothelial cells,
astrocytes, and pericytes. These cells, along with neurons, are components of the neurovascular
unit (NVU) that ensure adequate CBF to meet neuronal metabolic demands (Figure 2.1). Through
neurovascular coupling, the NVU dynamically adjusts vascular tone in response to neuronal
activity. The NVU also plays a crucial role in the formation and maintenance of the BBB, which is
vital for protecting the brain from systemic influences and maintaining the ionic balance necessary
for neuronal activity. The CBF quantifying the blood passing through 100 grams of brain tissue
per minute, is finely tuned to about 50 mL/100g/min on average in healthy adults, with higher CBF
(~80 mL/100g/min) in gray matter and lower CBF (~20 mL/100g/min) in white matter,
demonstrating the brain’s regulatory precision.**!* This regulation is achieved through cerebral
autoregulation, a homeostatic mechanism that allows consistent blood flow despite fluctuations
in systemic blood pressure, and is influenced by factors such as carbon dioxide levels, oxygen

levels, and the metabolic demands of brain tissue.
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Figure 2.1. The Neurovascular Unit (from Quick et al.’®). The neurovascular unit (NVU) is an intricate cellular
assembly essential for maintaining cerebral homeostasis, regulating blood-brain barrier (BBB) permeability, and
ensuring proper cerebral blood flow (CBF) in response to neuronal activity. The NVU's components include endothelial
cells, astrocytes, pericytes, neurons, and the extracellular matrix, each playing a distinct role in cerebrovascular
physiology and pathology. Endothelial cells line the interior surface of blood vessels and are pivotal in forming the BBB.
They regulate exchange between the bloodstream and the brain, maintaining a selective barrier that protects neural
tissue from toxins and pathogens while allowing essential nutrients to pass. Astrocyte cells extend their end-feet to
envelop blood vessels, facilitating communication between neurons and the vascular system. Pericytes are contractile
cells located on the capillary walls, closely associated with endothelial cells. Neuron cells are the functional units of the
brain, responsible for processing and transmitting information. They communicate with astrocytes and endothelial cells
to regulate CBF according to metabolic demands, a process known as neurovascular coupling. While not directly part
of the NVU, microglia and oligodendrocytes support, maintain, and protect neurons.

Neurovascular coupling enables the dynamic relationship between neuronal activity and
CBF, where increased brain activity prompts enhanced blood flow to specific regions in the brain.
Therefore, proper cerebrovascular function is critical to cognitive function, and dysfunction can
lead to severe pathologies, including stroke, aneurysms, and, with chronic conditions, to
hypertension and diabetes. For instance, stroke can emerge from arterial blockage (ischemic) or
vessel rupture (hemorrhagic), leading to significant brain tissue damage and eventual cognitive

decline due to inadequate blood supply.



The cerebrovascular system's anatomy and physiology are intricate, with anatomical
variety and asymmetry across the population, yet have precise mechanisms to ensure constant
supply of nutrients and oxygen. This system's complexity and its role in maintaining cerebral
homeostasis underscore the importance of advanced, non-invasive imaging techniques to
understand brain vascular function and diagnosing when there is dysfunction. Understanding
cerebral hemodynamics, vascular integrity, and metabolic demands is indispensable for
developing new methods to diagnose, treat, and prevent cerebrovascular diseases and providing

deeper insights into brain function and its response to pathological conditions.

2.2 | Cerebrovascular Function with Aging

The cerebrovascular system undergoes significant changes as part of the normal aging
process. These alterations can affect the brain's structure and function, influencing cognitive
abilities and the risk of cerebrovascular diseases. Here we will discuss some common cellular,
molecular, and tissue-level changes associated with normal aging, how they are observed, and
their impact on cerebrovascular anatomy and physiology.

Aging is associated with endothelial dysfunction in cerebral vessels, characterized by
reduced endothelium-dependent vasodilation and altered BBB function. This is partly due to
decreased production of nitric oxide, an essential vasodilator, and increased oxidative stress,
leading to the accumulation of reactive oxygen species. These changes can compromise the BBB
integrity, affecting cerebral blood flow regulation and nutrient transport.'® Aging can also bring
about pro-inflammatory responses within the cerebrovascular system. The upregulation of
inflammatory markers, like cytokines and adhesion molecules, facilitates the adherence of
leukocytes to the endothelium and impairs vascular function.” This chronic low-grade
inflammation contributes to the progression of atherosclerosis and other vascular pathologies.*®

One of the most significant tissue-level changes is the increased stiffness of large arteries,

due to cellular and molecular alterations.!® The smooth muscle cells (SMCs) in the vascular wall



experience changes in their contractile and structural proteins, impacting their ability to regulate
vessel tone. This can lead to arterial stiffness, reduce the compliance of cerebral vessels, and
affect the brain's autoregulatory capacity. Alterations in the extracellular matrix of the vascular
wall, including increased collagen deposition and changes in elastin fibers, contribute to arterial
stiffness and can alter the microvascular architecture, impacting blood flow distribution within the
brain. Arterial stiffness affects pulse wave velocity, leading to poor timing of blood flow to the
brain.®

Aging is also associated with a reduction in microvascular density, known as
microvascular rarefaction. This process reduces the overall surface area available for nutrient and
oxygen exchange, which in turn can reduce OEF, and potentially lead to hypoxic conditions within
the brain tissue.’® In some individuals, there is an accumulation of amyloid-beta protein
aggregates within the walls of cerebral arteries and arterioles. While more commonly associated
with Alzheimer's disease, this can also occur in healthy aging, contributing to vascular dysfunction
and increasing the risk of stroke.?®

Advanced imaging techniques, play a crucial role in observing the cerebrovascular
changes associated with aging. Techniques measuring cerebral blood flow and vascular reactivity
can assess the impact of these changes on cerebral autoregulation and neurovascular coupling.
Some ways in which these are measured include transcranial doppler ultrasound that measures
blood flow velocity in the major cerebral arteries, near-infrared spectroscopy that measures
changes in oxygenated and deoxygenated hemoglobin concentrations in cortical tissues, positron
emission tomography (PET) which can assess cerebral metabolism and blood flow, and MRI
which can provide information on the structure and function of the deep brain vasculature.?! In
normal aging, these techniques directly and indirectly detect reduced cerebral blood flow??,
reduced reactivity?®, increased arterial stiffness?, and reduced cerebral metabolic rates.?®

Combining these diverse techniques can offer a comprehensive picture of how aging affects the



cerebrovascular system, facilitate early detection of dysfunction, and help us better understand
the aging process itself.

Overall, the cumulative effect of these aging-related changes is a gradual reduction in the
cerebrovascular system's resilience and adaptability. The diminished capacity for vasodilation,
along with arterial stiffness and microvascular changes, challenges the ability to maintain stable
blood flow under varying metabolic demands. This can lead to increased risk of ischemia and
potentially contribute to cognitive decline with aging. Understanding these vascular changes is
essential for interpreting data from advanced neuroimaging techniques and for developing
improved diagnostic methods to allow for earlier detection of cerebrovascular dysfunction and

maintaining good cerebrovascular health into old age.

2.3 | Cerebrovascular Pathophysiology in Disease

Cerebrovascular dysfunction plays a pivotal role in the pathophysiology of many diseases.
Understanding these changes is crucial for developing strategies for appropriate diagnosis,
prevention, and treatment. In this section we will discuss some common pathological changes
associated with cerebrovascular diseases (e.g., stroke, carotid stenosis, small vessel disease
(SVD), intracranial atherosclerotic disease (ICAD)), with a deeper dive specifically into how
dementia relates to cerebrovascular diseases.

Endothelial dysfunction is a common feature of cerebrovascular diseases, characterized
by a reduced ability to produce vasodilators like nitric oxide, increased oxidative stress, and an
enhanced inflammatory response. As in normal aging, this dysfunction can lead to altered
cerebral blood flow, increased vascular permeability, and thrombosis, contributing to stroke and
other cerebrovascular complications, however, in disease these present more acutely or
severely.'® Chronic inflammation is a hallmark of many cerebrovascular diseases, involving the
activation of microglia and the infiltration of immune cells from the circulation. This inflammation

can lead to further endothelial damage, contribute to the formation of atherosclerotic plagues, and



exacerbate brain injury following ischemic events.?® Excessive production of reactive oxygen
species leads to oxidative stress, damaging cellular components, including DNA, proteins, and
lipids. In cerebrovascular diseases, oxidative stress is both a cause and a consequence of
endothelial dysfunction and inflammation, perpetuating the cycle of vascular damage.®

Atherosclerosis, the buildup of plaques in the arterial walls, is another primary cause of
cerebrovascular diseases. Plague formation narrows and stiffens the arteries, impeding blood
flow to the brain and increasing the risk of ischemic stroke. Plague rupture can also lead to
thrombosis and embolic strokes. Beyond atherosclerosis, the arteries can become stiff due to the
loss of elastin and the accumulation of collagen in the vascular wall, a process that is accelerated
by hypertension and diabetes. This stiffness reduces the arteries' ability to buffer the pulsatile
blood flow from the heart, challenging the cerebral autoregulation mechanisms.?’ In
cerebrovascular diseases, the brain's microvasculature undergoes excessive degeneration
beyond that associated with normal aging, that result in reduced blood flow, impaired nutrient
delivery, and increased susceptibility to toxins. These pathophysiological factors effectively
reduce the tissue’s ability to obtain oxygen (i.e., decrease OEF), which causes neuronal damage
and can eventually lead to cognitive dysfunction.

Advanced imaging techniques, like MRI, are instrumental in diagnhosing cerebrovascular
diseases by visualizing the brain's vascular structure and detecting regions of degeneration,
ischemia, hemorrhage, or arterial blockage. These symptoms have various presentations in
structural MRI, often as hypo- or hyperintensities, depending on the physiological phenomenon
and the MRI technique being utilized as seen in Figure 2.2. These techniques can detect a wide
variety of diseases and help differentiate degeneration or dysfunction associated with normal

aging versus abnormal pathophysiology.
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Figure 2.2. MRI of Cerebrovascular Disease (from Vemuri et al.?®). Examples of various MRI contrasts, vascular
disease presentations, and how those signals indicate disease in an image. Diffusion-weighted imaging (DWI) shows
hyperintense subcortical infarcts. Fluid-attenuated inversion recovery (FLAIR) images display white matter
hyperintensities and hypointense lacunes. Susceptibility-weighted imaging (SWI) exposes hypointense microbleeds.
T2*-weighted images can reveal superficial siderosis. Lastly, combining multiple co-localized contrasts can indicate and
differentiate healthy tissue from abnormalities like microinfarcts.

Preventive strategies for cerebrovascular diseases focus on controlling vascular risk
factors. These include managing hypertension, diabetes, and high cholesterol with medications,
regular exercise and a balanced diet, and reducing smoking.?® Treatments for cerebrovascular
diseases vary depending on the specific condition but generally include medications to manage
symptoms and prevent disease progression, interventions to restore blood flow, and rehabilitation
to recover lost functions.®® These treatments are critical to consider early before an individual
experiences an event like a stroke that may cause irreversible damage.

The motivation of the work to follow aims to develop better tools for improving
understanding and earlier diagnosis of cerebrovascular-linked dementia. Dementia is a
neurological disorder in which there is a decline in cognitive function beyond what is associated
with normal aging and may include deterioration of memory, cognition, and the ability to perform
everyday activities.? The World Health Organization estimates that there are around 50 million
people in the world currently living with dementia, and that there will be an as many as 82 million
by the year 2030.! With these staggering numbers there are immense costs of care associated

with dementia totaling an estimated $818 billion global cost in 2015 alone, which equates to ~1%
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of the global gross domestic product (GDP).! In addition, there is a massive social and societal
burden for the families and caregivers of those suffering from dementia.

There are a variety of different clinical presentations that can lead to a dementia diagnosis
and multiple proposed pathobiological underpinnings for each type of dementia. While
Alzheimer’s Disease (AD) is generally considered to be the most common cause of dementia,
accounting for about 60% of all dementia cases, vascular-related dementias are the second most
common accounting for about 25%.%! In addition, there is increasing evidence that mixed
dementia, in which more than one clinical classification criteria are met, is much more prevalent
than previous research has indicated, with some studies even suggesting that mixed dementia
consisting of AD and vascular pathologies may be the single most prevalent form of age -related
cognitive impairment.3233 This finding could be especially important as the vascular risk factors
(e.g., atherosclerosis, hypertension, diabetes, etc.) associated with some dementias are currently
the only preventable and treatable contributors. Improved understanding and early identification
of the vascular contributors leading to dementia could therefore lead to fewer cases, better
treatments, reduced speed of disease progression, and increased quality of life.

For vascular contributions to cognitive impairment and dementia (VCID), there are
heterogenous clinical presentations that likely contribute to cognitive decline and the underlying
mechanisms are not well understood. Observance of structural vascular indicators in MRI (Figure
2.2), such as recent stroke*, microinfarcts®, white matter hyperintensities (WMH)3, or intracranial
atherosclerosis®, in conjunction with cognitive decline, can result in a diagnosis of VCID.

Currently, a diagnosis of VCID is given when a patient presents with cognitive impairment
and some molecular or neuroradiological biomarker of cerebrovascular disease.®” The most
common neuroradiological modality utilized for this neuroimaging is MRI. MRI is prevalent in
neurological care and research largely due to its ability to obtain non-invasive images of the whole
brain with excellent soft tissue contrast and without ionizing radiation used in other imaging

modalities, such as computed tomography (CT) and positron emission tomography (PET). MRl is
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also quite flexible, and by adapting the acquisition sequence of an MRI, one can obtain images
weighted to display contrast of specific brain structures of interest, such as grey matter, white
matter, or cerebral vessels. The problem with most current MRI diagnostics, however, is that they
depend on large structural changes (Figure 2.2) that are observable only after significant disease
progression or injury, rather than the physiological changes that may precede them. The ability to
accurately detect these early, sub-clinical changes in cerebrovascular physiology represents

huge potential for better VCID care and outcomes.

2.4 | Cerebrovascular Reactivity

One emerging imaging biomarker for detecting changes in cerebrovascular physiology
responses is cerebrovascular reactivity (CVR).38*® CVR refers to the ability of cerebral blood
vessels to dilate or constrict in response to a vasoactive stimulus, such as changes in blood
pressure, metabolic demand, and blood carbon dioxide levels. CVR is a critical measure for
understanding the functional integrity of the cerebrovascular system and reflects the health of the
vascular endothelium, smooth muscle cells, and the NVU as a whole. Here we will briefly review
the cellular mechanisms underpinning tissue-level CVR changes, the impact of normal aging and
disease on CVR, and the methodologies for measuring CVR.

CVR is primarily mediated by the endothelial cells on the interior surface of blood vessels.
These cells respond to stimuli by releasing vasodilators such as nitric oxide (NO), prostacyclin,
and endothelium-derived hyperpolarizing factor, or vasoconstrictors like endothelin-1.4° NO plays
a pivotal role in CVR by diffusing to vascular smooth muscle cells and inducing relaxation through
the activation of guanylate cyclase and the subsequent production of cyclic guanosine
monophosphate (cGMP). Astrocytes also contribute to CVR by transmitting signals from neurons
to the vasculature, thus linking neuronal activity with cerebral blood flow adjustments. Changes
in intracellular calcium concentrations within astrocytes can trigger the release of vasoactive

substances that influence vascular tone.*° On a tissue level, CVR encompasses the coordinated
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response of the entire cerebrovascular network, from large arteries to arterioles, ensuring
adequate blood flow distribution throughout the brain. This is demonstrated in Figure 2.3, where
the vessels go from a baseline state to dilated after the introduction of a hypercapnic stimulus,

and then return to their baseline state after the vasodilatory stimulus is removed.*

A

Normocapnia

Blood distribution

point /

Mild to moderate hypercapnia

Moderate to high hypercapnia

Return to normocapnia

Figure 2.3. Tissue Response to Hypercapnic Stimulus (from Bhogal et al.*!). Schematic of how cerebral vasculature
responds to COz2 stimulus. A) Normal blood distribution (B) increases with the introduction of hypercapnic gas (C) until
reaching some maximal response and (D) returns to normal after hypercapnic gas is removed.
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Normal aging is sometimes associated with a decline in CVR.*? This decline is attributed
to several factors, including increased arterial stiffness, reduced endothelial nitric oxide
availability, and diminished smooth muscle cell responsiveness. These changes result in a
decreased capacity of the cerebrovascular system to adequately adjust blood flow in response to
metabolic demands and contribute to the increased risk of developing cerebrovascular diseases
and cognitive decline observed in the elderly population.*?

Pathological conditions that affect the vasculature, such as atherosclerosis, hypertension,
and diabetes, can lead to structural changes like vessel stiffening, endothelial damage, and
impaired autoregulation, ultimately reducing CVR.#2444% |n cerebrovascular diseases such as
Alzheimer's disease*®*® and small vessel disease?*, CVR is often significantly impaired. This
impairment can be localized, affecting specific brain regions, or more global, impacting the entire
cerebrovascular network. For instance, in stroke patients, the ischemic regions may exhibit
reduced responses to vasodilatory stimuli*®, while in Alzheimer's disease, widespread endothelial
dysfunction can lead to globally reduced CVR.*®

MRI is a tool commonly used in research to measure CVR in a relatively non-invasive
manner. MRI techniques that can detect changes in blood flow (Figure 2.4A) acquire images
while a global stimulus, like CO; gas inhalation, breath modulation, or acetazolamide (Figure
2.4B), that actively induce a whole-brain cerebrovascular response. By comparing the images
acquired at a baseline to the images acquired during the vascular response caused by stimulus

administration, the extent of CVR can be determined.
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Figure 2.4. Methods for Imaging Cerebrovascular Reactivity (from Sleight et al.>°). A) Prevalence of MR techniques

used in cerebrovascular reactivity (CVR) studies. B) Prevalence of different stimuli used in CVR studies.

CVR is a fundamental aspect of cerebrovascular physiology, reflecting the health and
functional integrity of the cerebrovascular system. Understanding the mechanisms underlying
CVR, its alterations with aging and in disease, and the methods for its assessment are crucial for
advancing our knowledge of cerebrovascular function and developing better diagnostics and

targeted interventions to preserve cognitive health.

2.5 | Effects of Gas Inhalation on Vascular Physiology

Hypoxia and Hyperoxia Effects on Hemodynamics

The brain consumes 20% of the total oxygen we breathe, more than any other single
organ, despite only making up 2% of total body weight, highlighting its strong dependence on
consistent delivery of blood.*® The oxygen dissociation curve describes how oxygen is transported
by hemoglobin in the blood and how it is released to tissues, including the brain.>! The curve plots
the saturation of hemoglobin with oxygen against the partial pressure of oxygen (PO-) in the
blood. As hemoglobin becomes more saturated with oxygen, the curve plateaus, indicating that
additional increases in PO, result in smaller increases in arterial oxygen saturation (S,02).512
This property allows hemaoglobin to load oxygen efficiently in the high-oxygen environment of the

lungs and to release it in the lower-oxygen environment of the tissues.
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PO, and the partial pressure of carbon dioxide (PCO;) are key determinants of this
oxygen-hemoglobin binding and release process. PO; in arterial blood of ~100 mmHg allows for
about 98% saturation of hemoglobin with oxygen.5®°* As blood reaches tissues where PO is
lower due to ongoing oxygen metabolism, oxygen is released from hemoglobin. PCO- in the blood
influences the carbonic acid-bicarbonate buffer system, which is pivotal in maintaining blood pH
and facilitating CO- removal from the body.>> An increase in PCO: in the blood from metabolism
in brain tissues causes a decrease in blood pH and promotes the release of oxygen from
hemoglobin. Conversely, in the lungs, where CO: is being expelled, the decrease in PCO; leads
to an increase in pH, enhancing hemoglobin's oxygen-binding capacity, and saturating the blood
with oxygen prior to being pumped to the rest of the body from the heart.>4°°

If there are disruptions in normal oxygen delivery to the brain, like during hypoxia, there
are compensatory mechanisms to offset the reduced blood oxygen content, like elevations in
CBF. Increased CBF is made possible through dilation of intracranial vessels, therefore increasing
the blood vessel radii and cerebral blood distribution. Some biological mechanisms that have
been proposed to explain this vasodilation during hypoxia include increases in nitric oxide,
prostaglandins, adenosine, and sympathetic nerve activity.® There has also been found to be
impaired neurovascular coupling as a result of alterations in local hemodynamics from changes
in oxygen availability.>” Conversely, increases in blood oxygen content due to hyperoxia have
yielded mixed conclusions. While hypoxia leads to a significant decrease in arterial oxygen
saturation (Sa02), hyperoxia leads to a much smaller percent increase in S 02, as the normal
physiological range in healthy adults is already near 100%. Despite the small change, hyperoxia
may benefit ischemic tissue and cause subtle changes in tissue oxyge nation.%8

These changes in hemodynamics have been studied in various pathologies of
cerebrovascular disease in which there can be states of acute or chronic hypoxia. Lewis et al.>®
were able to induce significant decreases in S;02 (-16-20%) and used ultrasound to observe

significant increases in global CBF (+19-28%), arterial CBF (+18-45%), and arterial vessel
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diameter (+7-13%) during hypoxia. Xu et al.*® used MRI to find that when healthy subjects inhaled
14% O, gas, decreases in S0, (-11+0.8%) led to significant increases in CBF (+9.8+2.3%%).
This study also looked at hyperoxia with a 98% O gas inhalation condition and found that a
modest increase in S,02 (+1£0.05%) led to slight, but non-significant decreases in CBF. While
these studies primarily looked at CBF, Christen et al.%® previously looked at tissue oxygen
saturation, blood volume fraction, and vessel radius under hypoxia and hyperoxia using MRI
methods. They found significant changes in oxygen saturation of the brain when comparing

images acquired during hypoxia against those during normoxia or hyperoxia.

Hypercapnia Effects on Hemodynamics

The state of high carbon dioxide intake is referred to as hypercapnia. During hypercapnia
the vascular smooth muscle cells (SMCs) surrounding brain vessels relax due to the increased
concentration of CO; in the extracellular space and endothelial cells.®® This increased CO; content
leads to a decrease in pH, SMC relaxation, and ultimately vasodilation. Specifically, increased
interstitial CO» and decreased interstitial pH causes an increase of open SMC and endothelial cell
potassium channels, leading to hyperpolarization of those cells. Hyperpolarization leads to
decreased activity of voltage-dependent calcium channels and altered membrane potentials in
SMCs and therefore vasodilation. Additionally, increased CO» and decreased pH can cause an
increase in nitric oxide synthesis also contributing to SMC relaxation and vasodilation (Figure
2.5).%% This physiological process of SMCs reacting to a CO; stimulus in the brain is a specific

example of CVR as discussed in the prior section and shown previously in Figure 2.3.
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Figure 2.5. Cellular Response to Hypercapnia (from Liu et al.%%). When CO: is introduced, there is an associated
increase in H* that causes hyperpolarization of smooth muscle cells, relaxation of the adjacent endothelial cells, and a

dilation of blood vessels.

Numerous studies have reported CVR changes in response to CO; gas which lay the
foundation for expected CVR changes in healthy individuals and those with cerebrovascular
diseases or cognitive impairment. Key methods and results from four of these studies are laid out
in Table 2.1 and will serve as partial reference to the results that are presented in later chapters
of this work. In general, these studies demonstrated an ability to detect changes in CVR using

MRI via the introduction of CO. inhalation. The specifics of the imaging methods and gas

paradigms in Table 2.1 will be expanded upon in later chapters.
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Table 2.1. Summary of Results from Previous MRI Hypercapnia CVR Studies

Authors Subject Condition| Imaging Method Gas Paradigm Region-of-interest CVR Response
Targeted EtCO2 Gray Matter 0.4 %ABOLD/mmHg
Bhogal et al.#* Healthy BOLD MRI -
Targeted EtCO2 White Matter 0.21 %ABOLD/mmHg
BOLD MRI o 0.11 %ABOLD/mmHg
5% COz in air
ASL MRI 4.46 %ACBF/mmHg
Hare et al.®! Healthy Gray Matter
BOLD MRI . 0.36 %ABOLD/mmHg
5% COz2 in oxygen
ASL MRI 4.97 %ACBF/mmHg
Healthy 7% COz in oxygen Gray Matter 0.62 %ABOLD/mmHg
Cantin et al.*’ MCI BOLD MRI 7% COz2 in oxygen Gray Matter 0.36 %ABOLD/mmHg
AD 7% COz in oxygen Gray Matter 0.36 %ABOLD/mmHg
Gray Matter 0.23 %ABOLD/mmHg
Healthy White M 0.11 %ABOLD/mmH
Liu et al.62 BOLD MRI 5% CO» in air e Matter 011 % mmHg
Proximal Gray Matter [0.12 %ABOLD/mmHg
Moyamoya -
Distal Gray Matter 0.21 %ABOLD/mmHg

CVR = cerebrovascular reactivity, EtCO2 = end-tidal carbon dioxide, BOLD = blood oxygen level dependent, ASL =
arterial spin labeling, CBF = cerebral blood flow, MCI = mild cognitive impairment, AD = Alzheimer’s disease

In this dissertation, we utilize modulations of both O, and CO; in healthy volunteers to
develop new imaging tools and techniques to observe the associated physiological changes.
These previous studies provide us a useful framework for which to compare the measures we

observe and validate our new techniques.

2.6 | Conclusions

This chapter lays the foundational anatomy and physiology knowledge necessary to
understand and appreciate the studies and developments described later in this dissertation. By
exploring critical structural and functional aspects of the cerebrovascular system, the changes it
undergoes with aging, the alterations induced by diseases, and the mechanisms of CVR, this
dissertation contextualizes the significance of quantifying cerebrovascular function. Finally, the
cerebrovascular responses to hypoxia, hyperoxia, and hypercapnia represent useful indicators of
the vascular system’s adaptability and resilience and underscore the potential for gaining a better

understanding of cerebrovascular function by advancing imaging capabilities.

20



Chapter 3 — Neuroimaging of Cerebrovascular Function

3.1 | Imaging Background and Basics

Neuroimaging is a pivotal tool in the study of cerebrovascular physiology, providing
insights into the structural, functional, and metabolic aspects of the brain. In the context of
cerebrovascular physiology, these techniques are instrumental in diagnosing diseases,
understanding cerebral hemodynamics, and evaluating the effects of therapeutic interventions.
Neuroimaging technigues utilize diverse physical principles that dictate the capabilities,
limitations, and applications of each modality in studying cerebrovascular physiology. In this
section, we discuss the physics and applications for the major neuroimaging modalities.

Computed Tomography (CT) is a rapid imaging technique that uses X-rays to create
cross-sectional images. CT works by emitting X-rays from a source that pass through the body
and are detected at various angles. The attenuation of the X-rays varies with the density of the
materials they pass through, creating a map of tissue density. This information can be
computationally reconstructed into cross-sectional images. CT is highly effective in detecting
hemorrhages, skull fractures, and large brain lesions, making it a crucial tool in the acute
assessment of stroke and head injuries.®® However, its use is limited by low contrast resolution
for soft tissues and the exposure to ionizing radiation. One specific type of CT, CT angiography,
involves injecting a contrast into the blood to visualize cerebral vessels and assess for aneurysms,
vascular malformations, and occlusions.®

Positron Emission Tomography (PET) is a molecularly-specific imaging modality that most
commonly measures metabolic processes in the brain but can also be used to measure cerebral
blood flow and oxygenation.®®¢® PET imaging is based on the detection of gamma rays produced
by positron emission. A radioactively labeled tracer emits a positron as it decays that promptly
annihilates with a nearby electron and produces pairs of photons traveling in opposite directions.

The simultaneous detection of these photon pairs allows for the reconstruction of the tracer's
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distribution, reflecting metabolic and molecular processes. Upon injection of radiotracers, PET
can visualize cellular level activities and provide insights into brain function and the
pathophysiology of diseases. Two prime examples of this are with the radiotracers [*®F]-
fluorodeoxyglucose (FDG) and [**OJ-oxygen. FDG resembles a glucose substrate and when
injected into the bloodstream is able to provide information on brain metabolism.®” After inhalation,
[*°O]-oxygen gas traverses the systemic physiology just as normal, unlabeled O, and is able to
provide information related to brain OEF and CMRO..%8 With tracers like these, PET is particularly
useful in identifying areas of the brain functionally affected by stroke, evaluating brain tumors, and
studying metabolic change in neurodegenerative disorders.®® Despite this high specificity for
metabolic function, PET’s use is limited by the need for ionizing radioactive tracers, low spatial
resolution, high costs, and long scan times.

Similar to PET, Single Photon Emission Computed Tomography (SPECT) uses gamma
rays emitted by injected radiotracers to create images of cerebral blood flow and metabolism.”
In contrast to PET, SPECT tracers emit a single gamma photon directly, rather than through
positron-electron annihilation. The use of a rotating gamma camera and collimators focuses on
photons from specific directions, enabling the reconstruction of 3D images. Although SPECT
typically has a lower spatial resolution than PET, it is more widely available and less expensive,
making it a useful tool for assessing cerebral blood flow, especially in stroke and dementia.”®

Magnetic Resonance Imaging (MRI) is a versatile imaging modality that uses strong
magnetic fields and radio frequency waves to generate detailed images of the brain. MRI is based
on the principles of nuclear magnetic resonance (NMR), a phenomenon where nuclei in a
magnetic field respond to prescribed radiofrequency (RF) pulses. Hydrogen nuclei, primarily
present in the body in water molecules, are aligned by a powerful external magnetic field,
disturbed by an RF pulse, and then recorded as they return to their baseline state. The contrast
in MRI images arises from differences in tissue properties that affect how quickly the transient

excited magnetization signal decays and how quickly these nuclei return to their baseline
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positions, allowing for detailed images of soft tissue structures. Unlike CT, PET, or SPECT, MRI
does not employ ionizing radiation, making it a safer alternative for repeated imaging. MRI is
particularly valuable in neurocimaging due to its high spatial resolution and contrast between
different types of soft tissues, which enables detailed visualization of brain anatomy. Due to these
inherent advantages, the next sections will explore the contrast mechanisms and quantification

of MRI in more depth.

3.2 | Magnetic Resonance Imaging

Nuclear Magnetic Resonance (NMR) is the physical phenomenon central to MRI. NMR
involves the interaction between atomic nuclei and external magnetic fields, along with the
application of RF waves. This section will briefly lay out fundamental principles of NMR and how
those are translated to MRI to form images.

NMR is based on the quantum mechanical properties of atomic nuclei. Certain nuclei
possess a property known as spin, which makes them behave like tiny magnets. When placed in
an external magnetic field (Bo), these spinning nuclei align with or against the direction of Bo. The
net magnetization of these spins tends to align with the applied magnetic field, but because the
difference in spins parallel and anti-parallel to Bo is on the order of ppm, a very strong magnetic
field is required. The nuclei primarily observed in MRI is the hydrogen nucleus, aka proton, due
to its abundance in water and fat in the human body and its high sensitivity to magnetic fields.

The alignment of these protons with the external field is not exact as they precess around
the direction of the magnetic field at a specific frequency known as the Larmor frequency (Figure
3.1A) This frequency is directly proportional to the strength of the magnetic field as in Eq. 3.1.

Equation 3.1: w =yB,
Where w is the Larmor frequency, y is the gyromagnetic ratio (y = 42.58 MHz/T for H), and By is

the strength of the external magnetic field. By applying a RF pulse at the Larmor frequency, it is
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possible to perturb the alignment of *H nuclei and cause them to absorb energy and move into a

higher energy state (Figure 3.1B).
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Figure 3.1. Nuclear Magnetic Resonance (from Radiology Café’273). A) A hydrogen molecule with intrinsic spin and
the same hydrogen molecule precessing about the axis of an applied magnetic field (red dotted line). B) When that
molecule is precessing in a magnetic field in the z-direction and a 90° excitation radiofrequency pulse is played at its
Larmor frequency, the molecule tips into a higher energy state in the xy-plane.

Once the RF pulse is turned off, these protons begin to relax back to their original state,
during which their potential energy is released and RF signal can be detected by receive coils.
There are two types of relaxation processes: T (longitudinal recovery) relaxation, where protons
realign with the magnetic field, and T, (transverse decay) relaxation, where protons lose phase
coherence with one another. Additionally, while T, defines the transverse decay, in practice this
transverse magnetization decays faster than what T, would indicate. This faster decay rate is
described by T.*, and is the result of magnetic field inhomogeneities, The evolutions of net
magnetization due to relaxation were first described by Bloch in Eq. 3.274, where magnetization
M(t) is affected by the y, the total magnetic field B(t), T, in the transverse plane, and the

equilibrium magnetization My and T, in the direction of Bo.

de ®

Equation 3.2a: =y(M(t) x B(t)) — X(t)

dM,(t)

Equation 3.2b: —y— =y(M() x B(t)) z(t)

Equation 3.2c: M, (t) y(M(t) x B(t)) M

The signals generated during these relaxation processes are influenced by their local
environments, and thus, different tissues result in different relaxation rates and create the contrast
seen in MRI. The ability to distinguish tissue contrasts is what enables MRI to produce detailed

images of internal structures in the brain and provide insights into anatomy and pathology.
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The transition from observing the NMR phenomena to generating MRI involves spatially
encoding the NMR signals to create images. As mentioned, when the nuclei return to their
equilibrium state, their emitted signals are detected by receive coils and used to reconstruct
images. Without spatial encoding all protons in the body would have the same Larmor frequency,
be excited by the same RF pulses, and then relax to equilibrium simultaneously, making it
impossible to decipher where any signal recorded specifically originated. Spatial encoding in MRI
is achieved using gradient magnetic fields, which are superimposed on the primary magnetic field.
By varying the magnetic field strength linearly across the body, each slice (Figure 3.2A), row,
and column within the body experiences a slightly different Larmor frequency. The gradients that
cause these slight differences in total magnetic field are typically referred to as slice selection,
phase encoding, and frequency encoding gradients, with each being turned on at prescribed times
to enable 3D spatial encoding (Figure 3.2B). This variation allows for the localization of the NMR

signal to specific regions within the body, enabling the reconstruction of detailed image volumes.
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Figure 3.2. NMR to MRI with Spatial Encoding (from Radiology Café”37576). A) Schematic of how the slice selection
gradient changes Larmor frequencies in space and the region that is excited by an applied RF. B) Visualization of how
slice selection, phase encoding, and frequency encoding gradients relate to spatial positioning in image space.

The application of NMR principles in MRI revolutionized neuroimaging, offering a powerful
and versatile tool for exploring cerebral physiology. Through the careful manipulation of magnetic

fields and RF pulses, MRI provides an open and malleable canvas to investigate the brain.
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3.3 | Imaging Perfusion and Cerebrovascular Function

In studying cerebrovascular physiology, MRI techniques leverage the sensitivity of NMR
to measure blood flow and oxygenation. Imaging perfusion and cerebrovascular function is pivotal
for understanding the complex dynamics of blood flow in the brain and is crucial for diagnosing
and managing cerebrovascular diseases. This section explores common MRI techniques used
for vascular imaging and each technique’s specific physical principles, unique outputs, and

tailored applications.

Vascular Anatomy MRI

Magnetic Resonance Angiography (MRA) is a technique that images the blood vessels
using MRI. It can be performed with or without contrast agents. Non-contrast techniques, such as
Time-of-Flight (TOF) MRA and Phase-Contrast (PC) MRA, rely on the inflow-related
enhancement of moving blood spins and the signal phase shift induced by blood flow. Contrast-
enhanced MRA uses gadolinium-based agents to increase the signal from blood, improving the
visualization of the vascular structures.”” TOF MRA sequences are sensitive to the flow of blood,
making stationary tissue appear dark while enhancing flowing blood. PC MRA sequences are
designed to measure the velocity of moving blood, creating images that can map the direction
and speed of blood flow. Contrast-enhanced MRA involves the administration of a gadolinium-
based contrast agent and the acquisition of Ti-weighted images to visualize the vascular
system.”® MRA provides high-resolution images of blood vessels, allowing for the assessment of
vessel anatomy, integrity, and the detection of abnormalities. MRA is extensively used clinically
in the evaluation of cerebrovascular diseases, including stroke, aneurysms, and vascular

malformations.””""8
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Contrast-based Perfusion MRI

Dynamic Susceptibility Contrast (DSC) MRI utilizes contrast agents (typically gadolinium-
based) that cause a transient decrease in the MR signal due to T»* relaxation effects when the
contrast agents pass through the cerebral vasculature. This technigue measures changes in
blood volume and flow dynamics as the contrast agent passes through the brain to generate a
signal intensity-time curve, from which cerebral blood volume (CBV), cerebral blood flow (CBF),
and mean transit time (MTT; the average amount of time it takes blood to travel through a volume)
maps can be extracted.”® The technique employs rapid, T»*-weighted gradient-echo sequences
to capture the passage of the contrast agent through the brain's vasculature. DSC-MRI is widely
used for stroke evaluation, assessing tumor vascularity, and guiding therapeutic interventions.®°

Dynamic Contrast-Enhanced (DCE) MRI also involves the use of gadolinium-based
contrast agents but focuses on T, relaxation effects. The contrast agent enhances the signal
intensity in areas with increased perfusion and permeability, allowing for the quantification of
these parameters over time. DCE-MRI yields information on tissue permeability, including the
transfer constant (K"@), which reflects the rate at which the contrast agent moves between the
blood plasma and the extravascular space.®! It employs T:-weighted sequences that are sensitive
to the contrast agent's presence, enabling detailed analysis of the contrast uptake and washout
kinetics. DCE-MRI is particularly useful for assessing tumor blood supply, blood-brain barrier

disruption, and the effects of anti-angiogenic treatments.®?

Non-contrast Vascular MRI

Blood oxygen level dependent (BOLD) MRI is based on the magnetic properties of
deoxyhemoglobin. Changes in the concentration of deoxyhemoglobin alter the local magnetic
field, affecting the T»* relaxation time, and thus the MR signal. BOLD imaging utilizes the
relationship of the neurovascular unit that couples increased neuronal activity to increased blood

delivery to that region of the brain. The BOLD effect can be imaged with MRI due to the unique
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nature of oxyhemoglobin (Hb) and deoxyhemoglobin (dHb) in red blood cells. The conformational
difference between the two forms causes only the deoxygenated state of Hb to be paramagnetic,
which decreases the MRI signal in its local vicinity (Figure 3.3). As an active region of the brain
consumes oxygen, it converts Hb to dHb. While this oxygen consumption decreases the MR
signal in the active region of the brain, simultaneous blood flow into that region of the brain
increases (to supply oxygenated blood) to a greater percentage than the change in oxygen
consumption. This decreases the overall dHb fraction in that active area and increases the BOLD
signal that can be imaged, indirectly reflecting changes in blood flow and oxygenation associated
with neuronal activity. BOLD imaging typically employs T.*-weighted gradient-echo sequences
that are sensitive to the magnetic susceptibility effects of deoxyhemoglobin. While primarily known
for its role in functional MRI (fMRI) to study neuronal activity, BOLD contrasts can also be used

to assess cerebrovascular reactivity and oxygenation.®
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Figure 3.3. Imaging the BOLD Effect with MRI (from MRIquestions.com®3). A) The conformational change that occurs
when oxyhemoglobin (diamagnetic) is unbound from oxygen and becomes deoxyhemoglobin (paramagnetic). B) The
paramagnetic deoxyhemoglobin (purple) causes a susceptibility difference in the micro-vessel (red) relative to the
surrounding tissue and induces a change in local magnetic field.

While each of these methods can yield critical insights into cerebral hemodynamics, they
all have unique limitations. These include only providing large structural cerebrovascular
information as in MRA, reducing accessibility with the need for contrast agents as in DCE and
DSC, or producing qualitative information as in BOLD. MRI technigues capable of generating a
variety of vascular metrics quantitatively and without contrast have the potential to be important

translational technical developments.
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3.4 | Quantitative MRI of Cerebrovascular Function

Quantitative MRI (qMRI) of cerebrovascular function encompasses a range of techniques
to measure the physical and functional properties of brain tissues in a quantitative manner. The
ability to produce quantitative measures is critical for improved longitudinal monitoring, inter-
subject comparisons, and standardization of imaging biomarkers.®* Co-localized and
individualized gMRI-derived maps of various parameters, like in Figure 3.4, have the potential to
exponentially improve differential diagnoses with the increased prevalence of computational
radiology and artificial intelligence in medical imaging.>8¢ This section delves into a few relevant
gMRI methods, highlighting their physical principles, acquisition and processing protocols,

analytical approaches, and clinical applications in cerebrovascular physiology.
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Figure 3.4. Examples of Quantitative MRI (from Granziera et al.8%). An example of how quantitative MRI techniques
have been used to study multiple sclerosis. The plethora of approaches and contrasts can provide information about
healthy tissue (top left), structural changes (right), normal function (bottom left), and abnormal function (bottom middle).

Arterial Spin Labeling (ASL) MRI is a non-invasive MRI technique that uses magnetically
labeled arterial blood as an endogenous tracer to measure CBF. The labeling is achieved by

inverting the magnetization of incoming arterial blood upstream of the imaging slice and creating
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a difference in magnetization between labeled blood and downstream tissue. This difference in
magnetization results in a difference in signal intensity that can be incorporated into a kinetic
model to directly measure CBF and provide quantitative maps of blood flow. ASL is used for
evaluating cerebral perfusion in various pathologies, including stroke, dementia, and tumors,
without the need for contrast agents, making it safe for patients with renal impairment.®’

Vascular Space Occupancy (VASO) MRI is a technique that quantifies relative changes
in CBV by utilizing inversion recovery sequences timed to null the signal from blood and highlight
the signal from the extravascular tissue.®® The difference in signal intensity corresponds to
changes in blood volume and is used to generate CBV maps. VASO MRI has been used to map
relative changes in blood volume associated with neuronal activity and respiratory challenges
without the need for exogenous contrast agents, however, it still requires contrast agents to
achieve absolute quantification.®®

Quantitative Susceptibility Mapping (QSM) utilizes the magnetic susceptibility differences
between tissues, which are influenced by their biochemical composition like iron and myelin
content. Susceptibility differences lead to phase variations in the MRI signal, which QSM
algorithms convert into quantitative maps of tissue magnetic susceptibility. This offers insights
into localized susceptibility, which can be indicators of various neurodegenerative diseases,
hemorrhages, and other pathologies.*® The process involves acquiring gradient-echoes to capture
phase information followed by mathematical dipole inversion to quantify the susceptibility
contributions from different tissues. QSM is particularly valuable for quantifying brain iron levels,
which can aid in the diagnosis and monitoring of neurodegenerative diseases like Parkinson's
and Alzheimer's diseases. It's also used in identifying calcifications, microbleeds, and evaluating
venous oxygen saturation.®®

Quantitative blood oxygen level dependent (qBOLD) imaging extends the conventional
BOLD technique by quantitatively assessing the oxygen saturation level in cerebral tissue via

MRI. It relies on the same magnetic susceptibility differences between Hb and dHb as traditional
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BOLD, which influence the relaxation rates of blood and surrounding tissues.®* The gBOLD
method requires a multi-echo acquisition, such as a gradient and spin echo or asymmetric spin
echo sequence, to quantify both T.* and T, decay which are then used to estimate the
oxygenation level. Two-tissue compartment modeling is applied to separate the contributions of
intravascular and extravascular signals. The analysis involves fitting the acquired data to a
biophysical model that describes the relationship between transverse decay and blood
oxygenation, yielding maps of OEF and deoxygenated blood volume. The gBOLD method has
been able to provide valuable neurometabolic information to better understand cerebrovascular
responses in diseases like ischemic stroke.%2°3

gMRI offers significant value in diagnosing and monitoring cerebrovascular diseases by
providing precise, objective measurements of tissue properties and enabling the detection of
subtle changes that may not be visible with conventional qualitative MRI. Moreover, the gMRI
techniques described in this section allow for repeated vascular measurements over time without
exposing subjects to contrast agents, making them ideal for longitudinal studies. However, most
current gMRI techniques also face limitations. The acquisition and processing of gMRI data can
be time-consuming and require sophisticated software and technical expertise, which may limit
accessibility and potential for clinical translation. Additionally, the interpretation of gMRI metrics
can be complicated and influenced by a range of physiological and technical factors, illustrating
the necessity for careful standardization and validation across different MRI systems and study
protocols. Despite these challenges, the potential of gMRI to enhance our understanding of
cerebrovascular diseases and improve the metrics used for diagnoses and treatments remains

substantial.

31



3.5 | Magnetic Resonance Fingerprinting

Principles of Magnetic Resonance Fingerprinting

Another gqMRI technique that can address some of these is magnetic resonance
fingerprinting (MRF). MRF was introduced in 2013 by Ma et al.® as a novel approach to MRI
acquisition and reconstruction with the capability to transform the way in which MRI is performed.
MRF enables non-invasive, simultaneous, and quantitative mapping of multiple tissue properties
from a single acquisition scan. This technique has potential to bring quantitative MRI to routine
clinical use due to its inherent time efficiency, repeatability, and robustness to noise and motion.

Traditional MRI relies largely on qualitatively “weighted” images (e.g., T1-weighted, T»-
weighted). This is done by playing a standard sequence with appropriate timings to achieve the
contrast of interest before acquiring the image. These images are then examined, with many
clinical diagnoses relying on hypo- or hyperintense regions relative to other surrounding tissues
rather than a quantitative measure of the difference. This procedure has been the norm due to
MR signal intensity not being quantitative itself, as it is a factor of the magnetic field strength, RF
pulse profile, gradient strength and heterogeneity, noise, and many other factors aside from tissue
properties. Additionally, existing quantitative MRI techniques provide information on a single
parameter for each scan resulting in prohibitively long scan times and high sensitivity to external
system characteristics.® MRF was therefore developed to overcome these shortcomings of
conventional MRI and existing gqMRI techniques.

MRF uses the assumption that unique tissue properties will generate a unique MRI signal
evolution, akin to a fingerprint, when an adequately designed MR pulse sequence is utilized. By
varying parameters such as flip angle, repetition time (TR), or echo time (TE), MRF acquires a
series of signals that are sensitive to different tissue properties. Rather than using full resolution
images of one contrast weighting, MRF compares the signal evolution of each voxel
independently to simulated signal evolutions, which reveals the underlying parameters of interest.

These simulated signal evolutions are the key aspect in allowing MRF to generate multiparametric
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and quantitative metrics. The simulations are centered around the Bloch equations mentioned

previously that describe magnetization and relaxation as shown in the combined form in Eq. 3.3.7*

Equation 3.3: Y = M x yB — MMy (M= Mo)k
dt T, T,

The change in magnetization (dM/dt) is dependent on system properties that affect magnetization
(M) and magnetic fields (B) (i.e., flip angle, RF pulse profile, TR, magnetic field strength, etc.) and
tissue properties of T» decay affecting transverse magnetization (M,,) and T1 recovery affecting
longitudinal relaxation (M;). While conventional MRI waits different amounts of time to acquire
images that weight the T1 or T, component more heavily, MRF uses the Bloch equation to
prospectively model how various combinations of tissue properties affect signal decay over time.
This also enables MRF to consider multiple parameters that affect signal decay simultaneously.
MRF has three key components: image acquisition (Figure 3.5A, B, and C), dictionary
generation (Figure 3.5D), and pattern matching for reconstruction (Figure 3.5E, F, and G).°* A
specialized pulse sequence sensitive to changes in tissue parameters of interest is first developed
and implemented in parallel into both numerical simulations for dictionary generation and image
acquisition (Figure 3.5A and B). The pulse sequence is used on the scanner to acquire highly
under sampled images at multiple timepoints with different signals intensities (Figure 3.5C). This
allows the signal intensity of each individual voxel to be extracted over time for a unique voxel
‘fingerprint’ (Figure 3.5F). The pulse sequence is also used in parallel for the numerical
simulations. With knowledge of the sequence parameters, simulated signal time courses can be
calculated with varying values of parameters of interest that represent possible tissue voxels. The
range and spacing of parameter values to use in simulations is set by the user and should be
dictated by the expected physiological range of those parameters. The entire dictionary is
generated by simulating every combination of varied parameters. Figure 3.5D shows an example
of what four dictionary entries look like with parameters that could be expected in cerebrospinal

fluid (T1=5000 ms, T,=500 ms), fat (T:=400 ms, T>=53 ms), white matter (T;=850 ms, T,=50 ms),

33



and gray matter (T:=1300 ms, T,=85 ms). The last of the three components of MRF is the
matching algorithm. Each voxel fingerprint is compared to every dictionary entry, and the single
dictionary entry that produces the closest fit as determined by the pattern matching algorithm is
deemed that voxel’s match (Figure 3.5E). This best match can then be traced back to how it was
simulated, and the parameter values used for its simulation are then assigned spatially to that
specific voxel. To illustrate this, in Figure 3.5G the specific T1, T2, Mo, and By values used in the
simulation of the yellow signal evolution are assigned to the corresponding voxel in the blue box
of each map. This can then be repeated, matching every single voxel fingerprint to the entire
dictionary, to find each fingerprint’'s best match, allowing for simultaneous, multiparametric, and

guantitative reconstruction of the whole brain.
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Figure 3.5. Overview of Magnetic Resonance Fingerprinting (from Panda et al.%). (A) The same, specialized pulse
sequence is used in both the acquisition and the simulation framework. The sequence depicted here uses variable
pseudo-random flip angles (FA) and repetition times (TR) to maximize parameter sensitivity. (B) This sequence is
implemented onto the scanner for image acquisition with appropriate radiofrequency (RF) pulses, gradients, and
readouts to traverse k-space for each TR and produce (C) under-sampled images at each of these TRs. (D) This
sequence is also implemented into numerical simulations to generate a dictionary of signal evolutions with every
combination of varied tissue parameters. The different colors here demonstrate how tissue types with different physical
properties result in different simulated signal evolutions. (E) The entire dictionary (every possible parameter
combination) is then compared to (F) the signal evolution of a single voxel (or voxel fingerprint) across all timepoints.
The dictionary entry that most closely matches that voxel fingerprint based on a pattern matching algorithm is then
selected as that voxel fingerprint's match. This is repeated for every voxel in the image so that there is a dictionary
entry that best fits each voxel. (G) Since the underlying parameters used to generate the simulated dictionary are
known, the multiple parameters for each voxel can be extracted to produce multiple quantitative parameter maps.
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The key to MRF is the sensitivity of MRI signals to tissue-specific properties under varied
acquisition parameters. The variations in the pulse sequences and parameters induces a wide
range of signal evolutions that are dependent on the intrinsic properties of the tissue. The
complexity of the sequences causes the signals from subtly different tissue types to evolve
increasingly differently, making the resulting signal evolutions highly specific to the underlying
tissue properties. This specificity is crucial for generating the fingerprints that can be identified in
the matching process. Additionally, this framework of matching to signal progression makes MRF
very insensitive to noise®°, motion®°’, and under-sampling.®®-*°

Ultimately, the two primary advantages that MRF delivers are the ability to generate (1)
multiple and (2) quantitative tissue parameter maps from a single MRI scan. These advantages
make MRF a compelling candidate to translate quantitative MRI to the clinic and may allow for
shorter scan times or more contrasts in the same amount of scan time previously required.
Additionally, the quantitative component will allow for improved intra- and inter-patient
comparisons across multiple timepoints, as well as improved comparisons across different sites
and scanners® allowing for the development of imaging-based standards for clinical diagnoses,

treatments, and research.

Reliability, Repeatability, and Reproducibility with MRF

Quantitative MRF measurements have been assessed for reliability and reproducibility
across time, subjects, scanners, sites, field strengths, and vendors in many studies that have
looked at one or more of these factors.>"191-104 Sjgnificantly reducing or entirely eliminating the
effect of these listed factors would benefit intra-subject comparisons across time, inter-subject
comparisons across patient groups, and accessibility across scanners (i.e., sites, vendors,
countries).

Konar et al.1! performed an international, multisite, dual-field strength, reliability and

repeatability study using the ISMRM/NIST system phantom. The key advantage of performing a
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phantom study is that the ground truth values of relaxation time are known. The first method this
study used to evaluate repeatability was calculating the mean T; and T, values imaged using
MRF in each of the phantom’s sections over 30 days at each scanner site. The second method
they employed was calculating the coefficient-of-variation (CV) of the mean T, and T, values of
each section of the phantom. Both methods provided strong indications of accurate, consistent,
and high precision estimates of T1 and T with within-case CVs of less than 4% and 7% for T1 and
T., respectively.

Buoniconti et al.'%? and Fujita et al.’** also published scan-rescan MRF repeatability
studies looking at human subjects as opposed to a phantom. Both studies had a single “retest”
scan. Buoniconti performed a “traveling head” study in which their healthy volunteers were
scanned and rescanned on multiple scanners and sites. Test-retest MRF of T1, T2, and proton
density (PD) resulted in gray and white matter regions with high repeatability (T: CVs from 0.7-
1.3%, T, CVs from 2.0-7.8, and PD CVs from 1.4-2.5%) and reproducibility (T: CVs from 2.0-
5.8%, T, CVs from 7.4-10.2, and PD CVs from 5.2-9.2%). Fuijita focused on looking at the
reliability of MRF parameters in smaller brain regions of interest (ROIs). The primary metric used
in this study was also within-subject CV of T; and T, and their model also demonstrated more
repeatable measures of T, than T, across all their ROls.

In summary, MRF’s capacity to non-invasively quantify multiple tissue properties
simultaneously opens a wide array of applications, but prior to clinical adoption, ensuring the

reliability of metrics is critical.

3.6 | Magnetic Resonance Vascular Fingerprinting

Overview of MRVF
Another key advantage of MRF is its flexibility to be adapted to any physiological
parameters of interest, if those parameters can be computationally modeled in such a way that

influences net magnetization from the Bloch equations. One of the earliest demonstrations of that
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flexibility was with Christen et al.® developing magnetic resonance vascular fingerprinting (MRVF).
MRVF operates on the principle that the BOLD effect influences the local magnetization signal of
tissue over time. Therefore, by prospectively biophysically modeling parameters that affect the
magnetic susceptibility related to the BOLD signal in a voxel, you can then compare those
modeled signals to acquired images and extract vascular parameters of interest using the MRF
framework.

Vascular parameters that effect the BOLD signal modeled in MRvF are cerebral blood
volume (CBV) which reflects the relative amount of blood in a voxel, microvascular vessel radius
(R) reflecting the geometry and size of the vessels, and tissue oxygen saturation (SO,). Variations
in these parameters can provide significant information about cerebrovascular function and be
indicators of diseases like stroke, epilepsy, and brain tumors.1%-1°7 More recent studies!%¢1°° have
expanded MRVF to include additional parameter dimensions of T, and apparent diffusion
coefficient (ADC). While T, and ADC are not directly related to the BOLD response, they
contribute to the overall signal. By including these additional parameters into the dictionary
simulations, variations to the signal can be better accounted for and provide even more metrics
for characterizing tissue.

The ability of MRVF to simultaneously provide quantitative maps of CBV, R, SO, T,, and
ADC from a single scan has tremendous potential for improving the understanding of a wide
variety of cerebrovascular phenomenon. Additionally, although still in early development, if a rapid
scan that acquired multiple quantitative vascular metrics were possible, it could be used as a tool

to better measure and understand cerebrovascular dysfunction at early stages of disease.

Microvascular Biophysical Simulations and Dictionary Generation
The biophysical simulation engine used to model signal evolutions for MRVF is the
MRVox2D toolkit in MATLAB.!° This toolbox allows for the user to define a voxel with a

microstructure, set MR pulse sequence parameters, and then simulate the MR signal progression
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considering the effect of susceptibility inclusions and water diffusion. The user can specifically
control the geometry of the voxel (voxel size, size/number of blood vessels and cells, spacing,
etc.), the MR-related properties of all compartments (i.e., T1, T2, Mo, and susceptibility of the blood,
tissue, and cells), and the magnetic field and its variation (Bo strength and orientation, linear
gradients).

The algorithm of this toolbox is outlined in Figure A3.1. Specifically, MRVox first asks for
the blood volume fraction, number of micro vessels, and radius of the micro vessels to generate
the geometry of the virtual voxel on which the biophysical simulations will be performed. For cases
where a contrast agent is considered, the user also sets the contrast agent’s magnetic
susceptibility, diffusivity, an arterial input function, blood flow, and permeability rate. In this work
we sought to remove the need for contrast agents and thus excluded these portions of the model.
Next, the vessel lattice generated from the first step incorporates the static magnetic field
corresponding to the field of the scanner, the magnetic susceptibility difference between blood
and tissue, and constant relaxation rates of blood and tissue. The magnetic susceptibility
difference between blood and tissue (4y) is given by the oxygen saturation level (SO,) as
described by Eq. 3.4:

Equation 3.4: Ay =Ayo -Hct - (1 —S0;)
Where Ay is also a factor of the susceptibility difference between fully deoxygenated and fully
oxygenated red blood cells (Axo, assumed to be 0.264 ppm)° and Hct represents the
microvascular hematocrit, which was set to 0.36.° Radiofrequency pulses corresponding to the
timings, flip angles, and phase angles of the same sequence implemented on the scanner are
played with respect to these relaxation lattices, resulting in longitudinal and transverse
magnetization progression which leads to a description of signal evolution over time. In this work,
we primarily focused on changing blood volume fraction, microvascular vessel radii, and oxygen

saturation while holding all other simulated inputs constant.
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The model uses a simplified 2D plane to represent the voxel being simulated and randomly
disperses 2D disks in the plane to represent the magnetic inclusions from blood vessels. This
results in a 2D square lattice with a specified side length (that matches the in-plane voxel size)
containing vessels of uniform predefined radii. Figure 3.6A shows an example of a lattice with

disks during a simulation with magnetic field perturbations surrounding each vessel.
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Figure 3.6. Biophysical Simulations with MRVox. Example outputs from the MRVox simulation engine. (A) A lattice
of the change in local magnetic gradients outside of vessels perpendicular to Bo. This represents an example of a
simulated 256 um isotropic 2D voxel with a 256 by 256 lattice for numerical computations. A cerebral blood volume of
5%, 42 vessels with radii of 5 ym, and an oxygen saturation of 70% was used here. (B) The magnitude and (C) phase
of the simulated signal over time with a sequence that has a 180° refocusing pulse at 50 ms.

This virtual voxel, in combination with the system parameters, can then be used to model
the expected MR signal decay. Eq. 3.5'*! describes the magnetic field lattice (AB) induced by the

virtual voxel where By is the main magnetic field, k, and k, are the wave vectors in Fourier space,

1 kZ2sin?0)
3 kZ+k2

Equation 3.5: AB = B; x FT‘l{( )FT{Ax}}

6 is the angle between the normal of the plane and Bg, and Ay is the magnetic susceptibility lattice.
FT and FT stand for Fourier transform and inverse Fourier transform, respectively. The AB lattice
is then utilized as part of the deterministic approach to model magnetization changes!!? as
illustrated in Eq. 3.6

Equation 3.6:  M(t +dt) = M(t) x e~'YABdt
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The transverse magnetization lattice, M(t), is iteratively calculated with the exponential dephasing
factor across the lattice. From this, the signal at each time point can be determined and complex

signal time course generated.

Pulse Sequences for MRVF

There are two primary pulse sequences we used for MRVF modeling and acquisition in
this dissertation: a gradient-echo sampling of free induction decay and echo (GESFIDE)
sequence and a spin- and gradient-echo (SAGE) sequence. The GESFIDE sequence was first
introduced by Ma and Wehrli**® as a means of measuring both reversible (R,’) and irreversible
(R2) relaxation rates in a single scan. Effective relaxation rate (R2*) is described with Eq. 3.7:1%4

Equation 3.7: R =R, +R)

These relaxation rates are sensitive to sources of susceptibility, including the susceptibility
effect of paramagnetic dHb. As a result, a sequence sensitive to these changes in brain
oxygenation is a prime candidate for mapping vascular function with MRvF. Additionally, MRF
requires an imaging scheme that acquires multiple images at different signal intensities in a single
scan. The GESFIDE sequence typically acquires 30-40 brain volumes®115116 with sampling during
the free induction decay (FID), refocusing period after a 180° RF, and after the spin echo (Figure
A3.2). These echoes are dispersed throughout the signal evolution to get portions of the
sequence that are sensitive to each of the relaxation rates. The specific version of GESFIDE we
used in this work has 14 TEs immediately after the initial 90° excitation RF pulse, 16 TEs during
the refocusing period including the spin echo at 100 ms, and 10 TEs after the spin echo.>%11¢

GESFIDE also employs a fast-imaging technique known as echo planar imaging (EPI).
With EPI, k-space is traversed multiple times within a single excitation, capturing several echoes
to encode the different image contrasts associated with signal decay and refocusing. The way in
which k-space is traversed in GESFIDE is illustrated in the pulse sequence diagram displayed in

Figure A3.2. Concurrent with the 90° RF excitation pulse, a slice selection gradient is applied to
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excite a specific slice of tissue. After this initial RF excitation, an EPI gradient scheme is employed.
For multi-echo sequences, like GESFIDE, the scheme is adjusted to allow for the acquisition of
multiple echoes within a single shot. Before each readout, a phase-encoding (PE) gradient is
momentarily applied. The strength of this gradient is varied in a systematic way across successive
excitations to fill different rows of k-space. The frequency-encoding (FE) gradient is applied during
the acquisition of the echo, facilitating the rapid capture of data along rows of k-space. For each
echo, the frequency encoding gradient is applied, allowing the MRI system to capture the signal
and fill a line of k-space. Additionally, the GESFIDE sequence employs a crusher gradient around
the 180° RF excitation pulse. In sequences like GESFIDE that involve multiple gradients,
stimulated echoes can arise and contribute unwanted signal variations. Crusher gradients disrupt
the phase coherence necessary for the formation of stimulated echoes, thereby minimizing their
contribution to the overall MRI signal.

Overall, each echo fills k-space in a similar pattern but at different times relative to the
excitation, capturing varying contrasts based on T,* and T, properties. This allows for good in-
plane spatial resolution (1-2 mm) with relatively short acquisition times (3-5 minutes). Additionally,
by capturing multiple echoes, it's possible to use the GESFIDE sequence in an MRF paradigm.

The second sequence we utilized for MRVF is the SAGE sequence. The SAGE sequence
was first introduced by Schmiedeskamp et al.!'’ in an effort to estimate susceptibility-contrast
perfusion-weighted brain imaging parameters from combined spin-echo (SE) and gradient-echo
(GRE) acquisitions. Like GESFIDE, acquisition of both GRE and SE signals allows for
measurements of Rz, R>*, Rz’ and their associated tissue susceptibility effects (Figure A3.3).118
The SAGE sequence collects the full volume of the brain at fewer TEs, but with a much quicker
total scan time than GESFIDE by acquiring all of k-space during a single TR.

An interleaved EPI readout with GRAPPA acceleration allows for all necessary PE lines
of k-space in a slice to be captured during a single readout pass. Effectively, this is what allows

all k-space data needed for reconstruction of all TEs to be collected in just a few seconds. With
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GRAPPA the MRI scanner acquires fewer lines of k-space than is typically necessary for the
desired image resolution. This is achieved by undersampling which reduces the total scan time,
however, undersampling also introduces aliasing artifacts. To accurately reconstruct the
undersampled data, GRAPPA uses calibration scans, which are fully sampled central k-space
regions. The calibration data gives the relationships between the signals received by different
coils for the undersampled and the fully sampled lines in k-space. It then applies these
relationships to predict and fill in the missing k-space lines for the undersampled data. Once the
missing k-space data are reconstructed, a standard Fourier transform is used to convert the now-
complete k-space data into image space. This accelerated acquisition with GRAPPA
reconstruction can achieve reduced acquisition time but typically comes at the expense of lower
SNR compared to full k-space acquisition.

The specific SAGE sequence used in the following work has two TEs after the initial 90°
excitation RF pulse, a 180° refocusing RF, two TEs during this refocusing period, and a fifth TE
near the spin echo.'?° The pulse sequence diagram for this SAGE is shown in Figure A3.3, and
shows the EPI trains at each TE that traverse in-plane k-space, a similar crusher gradient to the
GESFIDE, and a 90° spectral-spatial excitation pulse with associated oscillating slice-select
gradients. Spectral-excitation pulses are highly selective in space and frequency making them
selective for exciting only water protons in a given slice, effective at robustly suppressing signal
contributions from lipids, and ideal for scans where many slices are acquired during a single TR,
as each slice is only excited once per TR.'?! Previous uses of SAGE7118120 have also used
additional simultaneous multi-slice acceleration (SMS), which accelerate the sequence even
more by a factor of the SMS. This method allows for rapid acquisition of images with different
contrasts in a short time, making it highly effective for dynamic studies like contrast perfusion
imaging, where changes over time are critical.

While multi-echo gradient and spin echo sequences like these have been used for nearly all

previous MRVF studies thus far®107:199.115.122 ‘mqgst general MRF studies have been performed with
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sequences designed specifically for MRF.®894123124 These MRF-specific sequences employ
pseudorandom acquisitions with varied parameters, such as flip angles, TRs, and TEs, acquired
with high undersampling for rapid collection of multiple time points. This acquisition scheme is
meant to maximize sensitivity of fingerprints; however, they have been primarily designed for
more traditional gMRI metrics like Ti, T2, and Mo. Sequences like GESFIDE and SAGE are
specifically designed for sensitivity of parameters related to oxygenation and vascular function
while still acquiring the multiple time points necessary for fingerprinting analysis. The following
chapters will investigate some of these tradeoffs of echo train length, undersampling, and

sequence sensitivity with these two sequences for MRVF.

3.7 | Conclusions

In this chapter, imaging modalities, techniques, physics, and applications were reviewed
to provide background, context, and motivations for the work done in the rest of this dissertation.
While numerous imaging modalities are used for neuroimaging applications, MRI has distinct
advantages of being non-invasive, not requiring ionizing radiation, sensitivity to soft tissues (like
those in the brain), and adaptability to various contrast mechanisms (like those utilized for
vascular imaging with MRI). The two biggest limitations with MRI have historically been its
qualitative nature and long scan times. Although many gMRI techniques have been developed to
address the gqualitative limitation, MRF enables both quantitative and fast imaging. Additionally,
MRF is flexible to adaptation, like with MRvF, which has the potential to enable fast,
multiparametric, quantitative measures of cerebrovascular function and disease. The rest of this
dissertation presents studies we performed to advance this technique towards providing

translationally and clinically relevant biomarkers of cerebrovascular function.
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Chapter 4 — Magnetic Resonance Fingerprinting of Oxygenation

4.1 | Introduction and Background

Adequate tissue oxygenation is critically important for overall brain health and function,
and inadequate oxygen delivery, saturation, extraction, and consumption are all indicators of
cerebral pathophysiology.®9125126 As such, there have been several techniques developed to
study brain oxygenation quantitatively and non-invasively with MRI.

MRI's sensitivity to tissue oxygenation stems from the magnetic properties of
deoxyhemoglobin. Oxygenated hemoglobin (oxyhemoglobin) is weakly diamagnetic, meaning it
does not distort the external magnetic field significantly. In contrast, deoxygenated hemoglobin
(deoxyhemoglobin) is paramagnetic, creating local magnetic field inhomogeneities that can
influence MRI signal characteristics, particularly affecting the transverse relaxation rates of water
protons in surrounding tissues.

This blood oxygen level dependent (BOLD) phenomenon is the basis for functional MRI
(fMRI) and has been used widely in neuroscience research for decades. In fMRI, the premise is
that as a certain region of the brain is active, the local neurons consume more oxygen, and Hb is
converted to dHb. This triggers an increase of oxygenated blood to flow that region, which
outweighs the increase in oxygen consumption, leading to an overall decrease in the relative
concentration of dHb in that region. This decreased dHb concentration causes an increased T»*-
weighted MRI signal in that local region, termed the BOLD effect, and thus provides an indirect
measure of neuronal activity.

While fMRI is the most common imaging method that takes advantage of the BOLD effect,
significant work has been done to use baseline BOLD scans to extract oxygenation information
guantitatively. This is referred to as quantitative BOLD (qBOLD) and takes advantage of the local
susceptibility effects that dHb has on transverse relaxation rates. By utilizing a multi-echo

sequence with gradient and spin echoes, R>*, Rz, and R>’ can be determined and used to
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retrospectively calculate various physiological measures like deoxygenated blood volume and
oxygen extraction fraction.

Magnetic resonance vascular fingerprinting (MRvVF) is a relatively new approach that uses
the magnetic resonance fingerprinting (MRF) framework first introduced by Ma et al.® to
prospectively model gBOLD signals that would result from deoxygenated cerebral vasculature
with a specific MR pulse sequence. These prospectively generated signals can be compared to
actual images acquired with the same sequence, and then vascular measures like cerebral blood
volume (CBYV), microvascular vessel radii (R), and oxygen saturation (SO;) can be estimated per
voxel. These MRVF metrics offer an alternative to the analytical gBOLD models, with related
vascular measures.

Both MRvVF and gBOLD offer enticing techniques to produce gquantitative measures of
oxygenation that can provide better understating and diagnoses of cerebrovascular function and
diseases. This chapter describes our work to: (1) investigate different modeling and matching
approaches for MRvF, (2) compare MRvF- and gBOLD-derived measures of oxygenation, and
(3) validate both methods through retrospective analysis of scans collected during a controlled

hypoxic and hyperoxic respiratory gas challenge.

4.2 | Signal Evolution Modeling and Pattern Matching Considerations

MRVF relies on biophysically simulating how MR signal is affected by a virtual voxel, and
understanding how the vasculature influences MR signal is important for selecting an appropriate
sequence and matching algorithm. When a voxel in the brain has a higher CBV, there will be more
dHb in that voxel and a faster decay of signal magnitude (Figure 4.1; top left). Similarly, a voxel
with lower SO, will have more dHb relative to Hb and a faster signal magnitude decay (Figure
4.1; top right). Variations in signal magnitude decay due to vessel radii (R) has been shown to
effect transverse relaxation rates (R2 and R2>*) and the ratio of AR,*/AR: is indicative of average

vessel size in the voxel.1%5127 This can be visualized particularly after the refocusing pulse (Figure
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4.1; top middle). The signal phase evolution can also be used in the pattern matching step of
MRVF. The phase shift in a voxel is dependent on the magnetic field in that voxel which is affected
by the local magnetic susceptibility of the tissue. The difference in magnetic susceptibility between
Hb and dHb leads to differences in signal phase!?® that may help disentangle the similar signal
magnitude effects of increasing CBV and decreasing SO,. Higher CBV values result in much
greater signal phase changes relative to the signal phase changes observed when varying R or

SO, (Figure 4.1, bottom).
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Figure 4.1. Signal Magnitude and Phase Progression. Magnitude (top) and phase (bottom) signal time-courses from
an MRVF dictionary generated with biophysical simulations using different combinations of vascular parameters.
Varying cerebral blood volume (CBV; left), vessel radius (R; middle), and oxygen saturation (SOz2; right) result in signal
evolution differences that enable the sensitivity of MRVF.

The new premise here is then to utilize this phase information that is acquired innately as
part of the complex-valued MRI signals to increase sensitivity of MRVF. This approach requires a
different matching algorithm, as the coefficient-of-determination (R?) method used in previous
MRVF®97 studies utilizes only the magnitude of the signal to determine a best match between the
voxel fingerprint and dictionary. A common method for other non-vascular MRF studies that
incorporates both magnitude and phase components into matching is inner product (IP).8:128-130

Simply, the vector dot product (Eq. 4.1) between every dictionary (M) entry (j) and an image (S)
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voxel (x;) is computed at corresponding time points (t,). The dictionary entry that produces the
highest sum across timepoints (n) is selected as the best fit (IPnatcn) for that voxel and the multiple
parameters used to generate that entry are extracted. Repeating this for every voxel results in full
brain mapping.
Equation 4.1:  IPpaeen = max;|ZnM;(tn) - s(xi, t)|

While the flexibility of MRF to be adapted to the physiological range of any parameter that
can be biophysically modeled is great for examining different tissue properties and processes,
one significant drawback is that anything that is not modeled in the simulations cannot be
reconstructed. If the tissue properties of a certain disease are not simulated, then MRF will not be
able to accurately detect those abnormalities. This can be mitigated through expansion of the
dictionary with greater parameter ranges and diversity of virtual voxels, however, increasing
dictionary size and complexity increases computational time required to both generate the
dictionary and perform matching. Another mitigation strategy is to expand the dimensionality of
the dictionary by increasing the number and type of parameters that are varied. Recent MRvF
work has shown that adding T». and ADC as modifiable parameters in the dictionary produces
more accurate physiology, alters the signal evolutions to be more representative of tissues, and
improves parameter mapping accuracy.0®

The simulation model used previously for MRvF has previously been validated through
simulation studies®%5110 phantom studies!!, comparison to alternative quantitative parameter
mapping MRI%%107:131 "and through expected in vivo physiological tissue changes.>®:107:108.131 There
are two different ways that the virtual voxels have been previously designed for modeling. The
first method has the user specify the number (N) of vessels in the virtual voxel and then the field-
of-view (FOV) is determined based on N in combination with the vessel radius (R) and cerebral

blood volume (CBV) in that simulation as shown in Eq. 4.2.105

Equation 4.2:  FOV =R |[ZX
CBV
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A limitation with performing the biophysical simulations with this method is that the FOV,
which is in essence the voxel size, varies with every unique combination of R and N. Therefore,
a second method was developed that has the user specify their FOV to match the in-plane voxel
size of their acquired image, and then N in the virtual voxel is automatically calculated based on

the R and CBV specified as shown in Eq. 4.3.1%

. 2
Equation 4.3: N = £V
TR

While this method is more representative of the image voxel size; it has its own potential
issues. Modeling only small vessels in a large piece of tissue is unrealistic and there are failed
cases when trying to simulate large CBV with small R or large R with small CBV. Additionally,
when utilizing the method based off Eq. 4.3, the simulation software only provides magnitude
signal progression and no phase information. In this work we perform both methods of biophysical

modeling and compare the results obtained.

4.3 | Noise Considerations for Simulations

The MRI simulation studies conducted here require the addition of noise to idealized
signals to evaluate MRvF modeling and matching implementations across different SNR settings.
Before adding this noise, it is important to understand contributors to noise in an MRI and how to
appropriately model it. Noise in an MRI system can come from the system hardware, the
participant in the scanner, and outside interfering contributors. System hardware induced noise
include thermal noise due to motion of free electrons in the system, gradient and magnetic field
instability, and resistance of the RF receive coils. Subject induced noise can be the result of
movements interacting with the magnetic field or physiological effects.*? While some these
contributors are more readily addressed prior to and during scan acquisition, it is impossible to

eliminate all sources of noise in an image.
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The statistical characteristics of noise in MRI have been extensively investigated and
mathematically modeled with the general conclusion that thermal noise can be statistically
modeled as a zero-mean Gaussian distribution that is independent with equal variance in real and
imaginary components.'32-13% This is simplified in Eq. 4.4 where the MR signal acquired,

Equation 4.4 S(f) = Sg(f) + Ne(f) +i(S;(f) + Ni(f)), i=+v-1
S(f), is dependent on uncorrelated complex noise, N(f), in the real and imaginary domains.
Therefore Sg(f) and S(f) represent the real and imaginary true (noise-free) signals respectively,
and Ng(f) and N(f) represent the real and imaginary Gaussian noise contributions. An inverse
discrete Fourier transform of S(f) converts the signal to image-space. Since the Fourier transform
of a Gaussian is another Gaussian, the noise in the image can continue to be described with
independent normal distributions in the real and imaginary parts with equal variances.

While this is helpful for describing noise in real and imaginary images, the typical MRI is
displayed as a magnitude image, and for this work it is also vital to understand noise properties
in the phase image as well. It has been previously derived then that the distribution of pixel
intensities observed in magnitude images with noise can be described with a Rician probability
density function.1*3-13% Additionally, it has been shown that in the presence of no magnitude signal,
this Rician distribution reduces to the Rayleigh distribution, and with high SNR (>2) the distribution
can be approximated as Gaussian.'**-1*° The deviation of the phase angle due to noise has been
derived and demonstrated to be represented by a random distribution of all angles when there is
no underlying signal and a Gaussian distribution when the signal is significantly higher than the
standard deviation of the noise.*3?

Here, simulations in which noise is introduced must closely consider the target SNR and
the components (real/imaginary or magnitude/phase) to which the noise will be added to
appropriately model the noisy MR signal. Since the noise in areas where there is no tissue is not

relevant in the simulation framework, the Rayleigh distribution for signal magnitude can be
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ignored. Additionally, images acquired with the GESFIDE sequence that is utilized here have
demonstrated high SNR (~80-100) and therefore the pixel intensities and phases are expected to
fall into the Gaussian distribution.

Many initial implementations of MRF have used highly under sampled images across the
signal evolution timepoints which can result in very poor SNR and parallel imaging techniques
that complicate the derivation of the noise distribution functions.®%:%¢ The GESFIDE sequence
retrospectively analyzed here, however, acquires fully sampled data and does not utilize
multiband techniques, therefore not introducing these additional noise considerations. Another
concern with MRF is intra-scan subject motion that causes voxels in the brain to move relative to
their initial position.®®°” While MRF is robust to a random movement and return to initial position,
it is not impervious to a mid-scan or gradual movement by the subject. Mitigation of the influence
of noise on images and parameter maps can be addressed at multiple levels: prospectively
through scanner quality control, appropriate sequence design, and minimizing subject movement,
and retrospectively, if necessary, through spatial or temporal signal filtering, denoising algorithms,

or other preprocessing steps.

4.4 | Testing Model and Algorithm Combinations

To explore various modeling and matching strategies as laid out in Section 4.2, we
performed Monte Carlo simulations on noisy signals. First we generated four vascular
fingerprinting dictionaries for the simulated sequence using the MRVox!1%11 toolkit in MATLAB
with 2D virtual voxels. The first dictionary used the model from Eq 4.2 and the second used Eq
4.3. The third and fourth dictionary were identical to the first two, but with an added T, dimension.
Matching was performed on the complex or magnitude signal, and with a typical inner product
algorithm (Eq 4.1) or a 2-step iterative inner product. All ten of these various model/matching
combinations are detailed in Table A4.1. The sequence used in simulations was the multi-echo

sequence with both gradient and spin echo sampling, GESFIDE, described previously.
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Biophysical simulations used combinations of 40 values of SO, from 0 to 100%, 40 values of CBV
from 0.1 to 25%, 40 values of R from 2 to 24 um, and when applicable, 40 values of T, from 40-
140 ms for a total of 64,000 unique signal evolutions for the first two dictionaries and 2,560,000
unique signal evolutions for the last two dictionaries.

We added Gaussian noise at an SNR of 100 (based off the first TE) independently to the
real and imaginary components of a randomly selected dictionary entry to create a test signal
before matching it against the entire dictionary. We calculated the root-mean-squared error
(RMSE) between the estimated parameters from the best match and the true underlying
parameters and repeated this with a random dictionary entry 1,000 times, for each of the 10

modeling/matching combinations.

RMSE of CBV Matches RMSE of Radius Matches
154 20+
15
— 10+ —~
= £
a Z 104
¥
O g
| ééé é
0- 0 | T T T T T | T T
A B CDETFGHUJK B C D E F G J K
Method Method
RMSE of SO, Matches RMSE of T, Matches
40+ 20+
30— 15+
= w
“~ 20 E 104
2 h
10+ 5 ﬁé
0- 0 T T T T T T T T T T
A B CDETFGHUJK A B CDETFGHUJK
Method Method

Figure 4.2. GESFIDE Simulations with Varying Models and Matching Strategies. Root-mean-square error (RMSE)
between the actual parameter values and the predicted values from the noisy signal using each of the ten methods
described in Table A4.1. Each boxplot represents 1,000 Monte Carlo simulations with Gaussian noise added to
simulated signals at a signal-to-noise ratio of 100. Outliers were removed with the ROUT method and Q set to 1%.

The most noticeable observations from these simulations (Figure 4.2) were that the

methods based on Eq. 4.3 (G-K) had lower average error for CBV and significantly lower
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estimation errors of T,. In contrast, the methods based on Eq. 4.2 without the additional T-
dimension (A-D) had lower average error for R.

After simulations, we performed retrospective MRVF analysis on 12 healthy volunteers
(336 years) that had been scanned at 3T (MR 750, GE Healthcare Systems) with the GESFIDE
sequence (TR=2000 ms, 40 TEs, spin echo=100 ms, in-plane resolution=1.5x1.5 mm, slice
thickness=2.5 mm, matrix=128x128, 12 slices, scan time=4 min). In addition to the GESFIDE
imaging for oxygenation measurements, a Ti-weighted image for structural information and
registration was also collected. GESFIDE acquisitions were acquired while participants inhaled
hypoxic gas (14% O), normal air (21% O3), and hyperoxic gas (100% O;) using a custom gas
delivery setup (Figure A4.1) with the goal of measuring the effects of inhaled oxygen with MRVF.
Each of the GESFIDE images was used in MRvF with each of the ten different methods from

Table A4.1 to reconstruct CBV, R, SO,, and T, parameter maps.
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Figure 4.3. Average Parameter Values in Gray Matter Across Conditions and Methods. Group average maps
across each method and inhalation condition were created for each parameter. One-way ANOVA with Bonferroni
correction was performed independently within each method to observe significant differences between inhalation
conditions (*=p<0.05, *=p<0.01, ***=p<0.001, ****=p<0.0001). Shapes and error bars represent mean and standard

deviation, respectively.
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We linearly registered the first echo of the GESFIDE image for each breathing condition
to each subject’s T;-weighted image (FLIRT®"1%8) and nonlinearly registered each T;-weighted
image to the MNI structural atlas (FNIRT*3?). These two transformations were applied to all MRvF
parameters to get all subjects’ maps into the same standard space. We then averaged those
maps in MNI space across parameter, oxygen condition, and method to create group averages
of CBV (Figure A4.2), R (Figure A4.3), SO, (Figure A4.4), and T, (Figure A4.5). With just 12
slices and limited brain coverage in the z-direction, we used the frontal and parietal cortical gray
matter as the region-of-interest (ROI), since it was where the most subjects had overlapping
volumes. Finally, we calculated the mean and standard deviation from each group average in this
ROI (Figure 4.3).

We compared the ability to detect the changes in brain physiology due to different oxygen
inhalation conditions across MRvVF methods using one-way ANOVA within each method for each
parameter. We found minimal differences due to gas breathing across any of CBV, R, or T, but
most MRvF methods showed significance for SO, changes with different gas conditions. Group
average MRvF-derived SO, was significantly different between hyperoxia and hypoxia for
methods B-J, hyperoxia and normoxia for methods D and H, and normoxia and hypoxia for

methods E and J (Figure 4.3).

4.5 | Comparison of MRVF and Quantitative BOLD

Several different MRI methods to measure brain oxygenation (specifically oxygen
extraction fraction) have been demonstrated and compared.>%126 Both qBOLD%140.141 gnd MRVF®
represent promising approaches, so next we directly compared these oxygenation methods in the
same healthy, young participants described in the previous section during the various oxygen
inhalation conditions.

For MRvVF analysis, method F was used for comparison as it was the best performing

method using Eq. 4.2 based on numerical simulations in the previous section. For gBOLD
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analysis, GESFIDE data were first motion corrected with MCFLIRT*® and smoothed with a
Gaussian kernel (0=1.5mm) to mitigate the effect of noisy voxels (Figure 4.4). R,’ was calculated
by using the free induction decay (FID) denoted as regime A of signal evolution, with decay rate

of Rz *a, and refocusing echoes (regime B) with decay rate R, *s (Eq. 4.5).

Equation 4.5: R, = ﬁ%}aw

We implemented the linear gBOLD model**? in MATLAB to apply a linear fit of the
GESFIDE signal echoes after a spin echo displacement time of T > 15ms (total of 5 data points).
Deoxygenated blood volume (DBV) was then estimated directly from the linear model, where DBV

is the offset between the linear intercept and the spin echo data.

3R}
DBV-y-4m-Ayy-Hct B

Equation 4.6: OEF =

OEF was calculated by known constant of proportionality (Eq. 4.6), where y is the proton
gyromagnetic ratio, Axp is the susceptibility difference between Hb and dHb, Hct is the hematocrit,

and By is the external magnetic field strength.
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Figure 4.4. Quantitative BOLD Method. Schematic of the quantitative BOLD (qBOLD) linear model applied to the
GESFIDE sequence. After preprocessing involving motion correction and smoothing, oxygen extraction fraction (OEF)
is calculated by known constants of proportionality from deoxygenated blood volume (DBV) and Rz’

When comparing linear gBOLD and MRVF, gBOLD R’ is calculated from the free induction

decay and refocusing echoes, while DBV is calculated from the post-spin echo TEs. These are

54



then combined to calculate OEF using Eq. 4.6. In contrast, for MRVF the entire signal (all TES) is
used to calculate all parameters simultaneously (Figure 4.5). While both gBOLD and MRvVF
generate parameter values for each voxel independently, the parameters themselves differ as
gBOLD produces maps of R,’, DBV, and OEF while MRvF generates maps of CBV, R, and SO,.
OEF reflects the relative difference in the oxygen saturation of arterial and venous blood, whereas
SO, reflects the oxygenation in the tissue. Therefore, these two metrics are very closely related,
as the level of tissue oxygenation is dependent on the OEF from the capillaries and can be

converted to one another for direct comparison.
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Figure 4.5. Comparison of MRvF and gBOLD Signals and Outputs. The GESFIDE sequence (middle) with example
group average parameter maps generated from two different approaches, MRvF (bottom) and qBOLD (top). MRvF
uses all 40 echoes available in the imaging data to reconstruct its four parameter maps, while the gBOLD method here

uses the free induction decay and refocusing signal to produce Rz’ maps, and the post spin echo signal to produce
deoxygenated blood volume (DBV) and oxygen extraction fraction (OEF) maps.
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4.6 | Validating Oxygenation Measurements with Hypo-, Norm-, and Hyperoxia

For this direct comparison of MRvF and gBOLD metrics, we converted SO, measurements

acquired using MRvF to OEF using Eq. 4.7:

$q02—5,0,
Sa02

Equation 4.7: OEF =
Here, S,0; stands for venous oxygen saturation and represents the measurements obtained from
SO, from MRVF for each voxel, and S,0, is the average arterial oxygen saturation recorded via
pulse oximeter throughout each scan. OEF maps from both MRvF and gBOLD were transformed
into MNI space as in the previous section, to create group average maps. A linear mixed-effects
model adjusted for subject clustering was generated for the OEF for each subject and oxygen
condition using the same ROI as in the previous section. Values of OEF from gBOLD and MRVF

were demonstrated to be directly correlated, although MRVF tended to estimate slightly higher

results (Figure 4.6).
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Figure 4.6. Correlation Between MRvVF- and qBOLD-derived OEF Measurements. The correlation between MRvF-
derived OEF and qBOLD-derived OEF during different oxygen inhalation conditions in gray matter of the frontal and
parietal lobes. A linear mixed-effects model adjusted for subject clustering was fit to all participants across all conditions
(purple line).
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To verify the physiological effect of the induced hyperoxia and hypoxia conditions, arterial
blood oxygenation was measured via pulse oximeter throughout scans. We calculated the change
in OEF from normal air to hypoxia and hyperoxia in relation to the change in average S.0; from
the pulse oximeter during normal air compared to hyperoxia and hypoxia with another linear mixed
effects model adjusted for subject clustering. Both qBOLD and MRvVF showed significant

increases in OEF as the arterial blood oxygenation decreased as expected (Figure 4.7).
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Figure 4.7. Validation of OEF Measures from MRvF and qBOLD Against Pulse Oximeter. A linear mixed effects
model adjusted for subject clustering was fit to the change in OEF (measured with either MRvF or qBOLD) in gray
matter and the change in arterial oxygen saturation (SaO2) measured by pulse oximetry. AOEF and ASaO: refer to the
change from normoxia for each participant independently.

While there is not a “gold-standard” MRI method to measure oxygen extraction fraction in
the brain, the ability to detect expected changes during controlled physiological experiments can
be a useful validator for a new technique. Therefore, the average regional OEF measurements
using both techniques were compared. Both gBOLD and MRvF showed significant changes in
OEF during hypoxia compared to the normal air and hyperoxia conditions (Figure 4.8). However,
the OEF values from MRVF under all three conditions were higher, and OEF during hypoxia

compared to normoxia or hyperoxia was much more elevated using MRVF (Figure 4.8).
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Figure 4.8. Oxygen Extraction Fraction Across Oxygen Conditions with MRvF and qBOLD. OEF values derived
using MRvF and qBOLD during different oxygen inhalation conditions in gray matter of the frontal and parietal lobes for
all subjects.

4.7 | Discussion and Conclusions

The findings of this study reveal that brain OEF measurements from both gBOLD and
MRVF provide sensitivity to physiological changes across hypoxic and hyperoxic inhalation
conditions. OEF maps from MRVF visually showed higher SNR and more significant changes
during different gas conditions, potentially reflecting the robustness of fingerprint matching to
noise. Another possible reason the MRvF OEF has more significant changes in relation to
changes in S;0; could be due to the way we indirectly calculated OEF from MRVF using Eq. 4.7.
By including S.0- in the calculation, we may bias MRvF OEF to be related to S,0.. Theoretically,
the SO, measurement from MRVF should be almost exclusively driven by venous blood, however,
during hypoxia the S.0, decreases significantly, likely also influencing the SO, measurements,
and in turn making Eq. 4.7 more biased.

For this work, a linear gqBOLD model was utilized due to its simplicity of implementation
and the GESFIDE sequence containing just five usable echoes after the spin echo for DBV
calculations. However, more sophisticated gBOLD analytical models with 2-tissue compartments
and Bayesian priors have been introduced and showed increased accuracy and reliability.**? This

limitation is especially noticeable in the group average OEF map (Figure 4.5) where we observe
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considerable noise and unphysiological values. Recent studies have shown these Bayesian
approaches to qBOLD mapping reduce inhomogeneity in OEF maps while providing more
physiologically reasonable measures.'#3

A consistent limitation for this work, and the field of MRI-based oxygenation measures, is
the lack of an easily accessible baseline validator for measures of cerebral oxygenation and
oxygen consumption. The “gold-standard” for these experiments would be **O-PET imaging, but
practically this is rarely performed as PET imaging uses ionizing radiation and the *°O isotope has
a half-life of only 2 minutes, which requires a very close cyclotron.*° In the absence of an available
“gold standard”, a common practice is to induce a respiratory challenge to see if an expected
change can be observed as we did here. Specifically, given the proportional relationships between
CBF, CMRO,, and OEF***, during hypoxia less oxygenated blood is delivered®®'% and therefore
the proportion extracted from the blood increases. This is consistent with our results in Figure 4.7
for both MRvF and qBOLD.

To summarize, in this chapter we investigated the effects of MRvVF modeling and matching
on parameter accuracy and reliability in silico and in vivo. Through a comparison with gBOLD, we
demonstrated consistency between the techniques, reliable brain OEF measurements when
compared against changes in S,02 from a pulse oximeter, and expected changes in OEF in
relation to hypoxia, normal air, and hyperoxia breathing conditions during scanning. Future
studies can utilize these MRVF models to assess oxygenation changes in pathologies that affect
neurovascular physiology. Finally, MRvF techniques effectively map brain hemodynamic

parameters, including OEF, and are sensitive to changes in hypoxic and hyperoxic gas inhalation.
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Chapter 5 — Development and Optimization of Dynamic, Contrast-free

Magnetic Resonance Vascular Fingerprinting

5.1 | Introduction and Background

Advanced MRI techniques continue to be developed to measure brain perfusion4®,
oxygenation'?®, oxygen metabolism'#’, and vascular reactivity®® to better understand normal
cerebrovascular function and indicate dysfunction. Magnetic resonance fingerprinting (MRF) is a
relatively new technique that innovatively leverages MRI acquisition and reconstruction in order
to overcome limitations of existing MRI techniques for quantitative, and multiparametric mapping.®
MRF can also improve reproducibility'9:-194 while being more robust to motion®-°’, noise®148, and
under-sampling.1#8151 MRF is flexible to different biophysical models and ideally suited for
guantification of parameters that are otherwise subtle or hard to measure, such as physiology
corresponding to a small blood compartment. MRF has been performed with ASL sequences to
produce maps of cerebral blood flow (CBF) and arterial transit time'°2-154, and other fingerprinting
studies have used combined gradient- and spin-echo sequences to simultaneously measure
cerebral blood volume (CBV), microvascular radius (R), and oxygen saturation (SO,).°

The latter has been referred to as MR vascular fingerprinting (MRvF) and leverages this
framework to extract vascular parameters from BOLD signals using the fingerprinting method.®
By varying microvascular parameters in a voxel tissue model, a dictionary containing the signal
evolution of every combination of CBV, R, and SO, can be generated. A pattern-matching
algorithm matches the closest virtual voxel in the dictionary to the measured signal time-course
(obtained from each voxel in the images) and allows the underlying parameters from the closest

simulation to be extracted to produce multiple quantitative vascular maps (Figure 5.1).
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Figure 5.1. Magnetic Resonance Vascular Fingerprinting Schematic. A pulse sequence that samples both gradient
and spin echoes and is sensitive to the vascular parameters of interest is utilized for both imaging and MR physics
simulations. Physiological ranges of cerebral blood volume (CBV), micro vessel radius (R), and tissue oxygen saturation
(SO2) are used to simulate the MR signal in a 2D or 3D virtual voxel with each combination of those parameters. After
the images are acquired, the time-course signal evolution of each voxel is compared to all dictionary entries. The closest
match between the fingerprint and dictionary, as determined by the maximum inner product, allows for the extraction
of the underlying parameters for quantitative parameter mapping.

Thus far, MRVF techniques have been utilized to examine stroke and brain tumors and
produced vascular parameter maps similar to those produced with existing, validated
methods.®°7 Initial MRVF studies have all utilized either gadolinium or superparamagnetic iron
oxide (USPIO) nanoparticle contrast agents to enhance the sensitivity of parameter matching.
While often helpful for the visualization of vasculature and perfusion, exogenous contrast agents
like gadolinium exclude patients that are allergic or have renal failure, and there is concern about
the long-term deposition and toxicity of using such agents.'® Contrast agents also prevent
dynamic, repeated studies from being possible as once the agent is injected, the patient cannot
be imaged at baseline until the agent is cleared. Accurate brain mapping of vascular parameters
using MRvF methods has not yet been achieved in the absence of exogenous contrast agents.

Due to the paradigm shift of using signal progression to reconstruct images in MRF,
pseudo-random and fast, under-sampled imaging has been used to generate reliable signal time
courses for sensitive and accurate matching. Many of the first MRF studies®12%1%¢ for relaxometry
used thousands of consecutive images to generate these time courses, but recent studies®%’

have shown that using fewer, fully sampled images with longer TR and higher signal-to-noise ratio
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(SNR) can achieve comparable accuracy with similar scan time. In the context of vascular
parameters, sequences that are known to be sensitive to vascular tissue properties can be
adopted and accelerated. A recent fast spin- and gradient-echo (SAGE) pulse sequence provides
entire brain volumes at five echo times (TEs), is sensitive to quantitative perfusion metrics18120,
and could allow for dynamic vascular parameter mapping on the order of seconds. Like the
gradient-echo sampling of the free induction decay and echo (GESFIDE) sequence used in the
previous section and previous MRVF studies, the SAGE sequence samples signal during both the
gradient and spin echoes, making it appropriate for gBOLD models of tissue oxygenation and
blood volume. The SAGE sequence utilized in this work uses single shot echo planar imaging
(EPI) readouts to allow for the full volume of the brain to be captured about every five seconds
with five echoes collected per volume. While five TEs provide limited timepoints for an MRF
pattern matching algorithm, a sequence with multiple TEs and very short acquisition time would
be highly desirable for investigating rapid cerebrovascular processes and would represent a
significant advancement from previous MRvF and MRF-ASL techniques that acquired the full
brain on the order of 3-6 minutes,®107:152.153,158,159

Overall, the recent introduction of MRF advances the capabilities of MRI and can be
specifically used to probe vascular tissue properties of interest with MRvF. This chapter describes
our work to advance dynamic MRvF by: (1) developing contrast-free MRvVF using a novel
matching algorithm and (2) optimizing a fast combined gradient- and spin-echo acquisition
specifically for MRvF through numerical simulations and retrospective subsampling of a longer

GESFIDE acquisition to ultimately enable future dynamic MRVF studies.

5.2 | Contrast-free Matching Algorithms for Gradient and Spin Echo Signal Curves

A key component of MRVF is to identify a suitable algorithm to match the simulated
dictionary to each voxel in the acquired signals. Previous studies with contrast found that certain

vascular parameters have better sensitivity pre-contrast at certain TEs and post-contrast at other
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TEs.®108131 Similarly to what was demonstrated in Chapter 4, here we proposed two ideas to
increase the contrast-free sensitivity and accuracy of fingerprint matching: (1) using phase
information from the signals and (2) performing multistep matching. Previous MRvF methods have
relied entirely on the signal magnitude of the images, but the complex-valued MRI signal also
includes relevant signal phase information that has not been exploited. The difference in magnetic
susceptibility between hemoglobin and deoxyhemoglobin could, for instance, lead to
physiologically meaningful differences in signal phase and improve contrast-free sensitivity.12°
Alternatively, these same studies have also demonstrated that the earlier gradient echoes are
most sensitive to bulk tissue oxygenation and could therefore be weighted more heavily to
estimate SO, in MRVF. The key distinction between this matching optimization and Chapter 4’s is
the focus here on using fewer TEs for matching to enable accelerated, dynamic acquisitions as
will be discussed later in this chapter.

These matching approaches were directly compared with the 40-echo GESFIDE
sequence framework previously used for MRvF. We generated vascular fingerprinting dictionaries
for the simulated GESFIDE sequence using the MRVox!1%11 toolkit in MATLAB with 2D virtual
voxels. The dictionary contained 64,000 signal entries through simulating combinations of 40
values of SO, from 0 to 100%, 40 values of CBV from 0.1 to 25%, and 40 values of R from 2 to
24 microns (Table A5.1).

Matching, and subsequent parameter extraction were determined by selecting the
simulated dictionary entry that had the maximum inner product with each acquired signal. Four
matching algorithms (Figure 5.2) were implemented utilizing the magnitude or complex signal,
and a 1-step or 2-step matching algorithm. The first step of the 2-step methods uses only the
gradient echoes to identify an initial range of SO, as this signal regime is most sensitive to SO,.
The second step uses all echoes but limits the dictionary range in the SO, dimension to £5% of
the best match from the first step. We performed Monte Carlo simulations by randomly selecting

a dictionary entry, adding Gaussian noise at a SNR of 160 independently to the real and imaginary
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components, and then matching it against the entire dictionary. SNR was calculated using the
first echo. We calculated the root-mean-squared error (RMSE) between the estimated parameters
from the best match and the true underlying parameters. This was repeated 1,000 times, with a
random dictionary entry (i.e., different vascular parameter values) each time, using each of the

four matching algorithms on every noisy simulation.
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Figure 5.2. Matching Algorithms and Simulation Estimation Error. The 1-step algorithm includes Euclidean
normalization of each dictionary entry (j) and each voxel (i) before taking the dot product between the two across all
echoes (n1e) using (A) the magnitude of the signal or (B) the complex signal. The 2-step iterative method first uses the
free induction decay regime (ntea) and takes the dot product between the Euclidean normalized dictionary entries (ja)
and each voxel (ia). The second step considers all echoes but limits the dictionary (jnew) to £5% the SO2 match
determined from the first step. Both steps use either (C) just the magnitude of the signal or (D) the complex signal. E)
Numerical simulation results: The root-mean-square error (RMSE) between the actual parameter values and the
estimated values using each of the four matching algorithms. Each bar represents 1,000 Monte Carlo simulations with
Gaussian noise added to simulated signals at a signal-to-noise ratio of 160. RMSE was calculated by simulating the
40-echo GESFIDE sequence and a subsampled 5-echo GESFIDE sequence. One-way ANOVA was performed to
compare algorithm performance for 40- and 5-echoes independently.

We then retrospectively evaluated the four matching algorithms on an in vivo GESFIDE

acquisition in a young, healthy volunteer. The GESFIDE sequence (TR=2000 ms, 40 TESs, spin
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echo=100 ms, field-of-view=20%20 cm?, slice thickness=2.5 mm, matrix=128x128, 12 slices, scan
time=4 min) was acquired on a 3T scanner (MR 750, GE Healthcare Systems). We performed
phase unwrapping and background phase removal'®®6! on the GESFIDE images and then
matched the signal time course of each voxel to the GESFIDE dictionary described above, which

was consistent with the imaging parameters from this in vivo acquisition.

5.3 | Noise Levels and Retrospective Subsampling of Echoes

We aimed to improve the temporal resolution for vascular fingerprint mapping by
decreasing the number of TEs acquired. MRF utilizes the signal evolution across multiple TEs,
therefore the tradeoff between mapping accuracy and number of TEs was investigated through a
retrospective subsampling of the GESFIDE dataset.

We first took the previously simulated GESFIDE dictionary and subsampled in the TE
dimension to generate new dictionaries with 20, 10, and 5 TE signal progressions. The purpose
of this was to examine the effect of echo train length at various SNRs, as the target SAGE
sequence has 5 TEs. Therefore, we subsampled the simulated GESFIDE dictionary signal curves
to most closely mirror the SAGE sequence (Figure 5.3). We again randomly selected a dictionary
entry, added Gaussian noise at SNRs of 160, 80, 40, 20, and 10, and matched it against each of
the four dictionaries using the 2-step magnitude method. We calculated the RMSE between the
estimated parameters and the true underlying parameters and repeated this with 1,000 random

dictionary entries for each SNR/TE combination.
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Figure 5.3. Schematic of GESFIDE Subsampling. GESFIDE scan and dictionary simulations with 40 echo times (TE)
were subsampled to produce signals with 20, 10, and 5 TE, respectively.

The retrospective in vivo GESFIDE acquisition containing 40 TEs from the same subject
as in Section 5.2 was also subsampled to include only 20, 10, and 5 TEs. We matched the
subsampled imaging datasets to their equivalently subsampled GESFIDE dictionaries and
reconstructed the MRVF parameter maps with the 2-step magnitude method. The first echo of the
GESFIDE images were registered to the subject’s Ti-weighted structural scan (FSL FLIRT37138),
and these transforms were applied to the corresponding MRvF parameter maps from the same
data. We segmented gray and white matter masks (FSL FAST?%?) from the T:-weighted image for

calculating tissue-specific parameter averages.

5.4 | Optimization of SAGE Sequence Parameters for Vascular Fingerprinting

Our next goal was to optimize the SAGE sequence for prospective acquisition with only
five echoes. Biophysical signal simulations were again performed using the MRVox toolkit in
MATLAB but this time with the SAGE imaging sequence. An example of a simulated SAGE signal

is shown in Figure 5.4, illustrating the free induction decay after the initial 90° RF pulse, the
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refocusing after the 180° RF, and the signal dephasing after the spin echo. Eight TE patterns and

imaging parameters were evaluated for both simulations and in vivo imaging (Figure 5.4).
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Figure 5.4. Optimization of SAGE Sequence Imaging Parameters. A) An example simulated signal from the spin
and gradient echo (SAGE) sequence with the 180° refocusing pulse at 75 ms. B) Imaging parameters implemented in
simulations and in vivo with colors indicating whether the sampled echo time is in the free induction decay (green),
refocusing (orange), or post spin echo dephasing (blue) portion.

We generated eight simulated dictionaries, one for each set of imaging parameters, using
the same vascular parameter ranges as described above for a total of 64,000 entries per

dictionary. We selected the same random combination of vascular parameters from each
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dictionary, added Gaussian noise at an SNR of 160, and then matched the noisy signals to their
appropriate dictionary. This was repeated with 1,000 random parameter combinations, and the
average RMSE was calculated for each of the eight imaging TE patterns.

To assess these SAGE imaging parameters in vivo, we scanned a healthy subject at 3T
(Siemens Skyra) with each of the eight TE patterns in the same session. All other sequence
parameters were kept the same (TR=4500 ms, 5 TEs, in-plane resolution=2x2 mm, slice
thickness=5 mm, matrix size=110x110, 24 slices, in-plane GRAPPA acceleration=3). We
matched the images from each TE pattern to the appropriate dictionary using the 2-step
magnitude method to reconstruct CBV, R, and SO, maps. With the optimized SAGE parameters,
we then used numerical simulations to perform an analogous SNR analysis to what was described

for the GESFIDE simulations.

5.5 | Temporal Resolution and Noise Evaluation

With an increase in acquisition speed and temporal resolution, there can be limitations in
SNR. If the SNR achieved from one TR were deemed inadequate for good MRVF reconstruction,
the sequence could be repeated, and multiple scans averaged to produce a single, higher SNR
image. Therefore, the number of averages to reach this SNR threshold for accurate fingerprint
matching dictates the achievable time resolution with this sequence and, ultimately, the types of
rapid physiological changes in the brain that could be observed.

To examine whether the SNR achieved with the optimized SAGE sequence would be
adequate for vascular fingerprinting, we collected SAGE images from the same healthy subject
asin the previous section and performed signal averagingon 4, 16, and 64 consecutive repetitions
of the sequence (TR=4.5s) to achieve relative SNR (rSNR) of 2x, 4x, and 8x respectively prior to
fingerprint matching. The total acquisition time for each of these levels of rSNR were 18, 72, and
288 seconds, respectively. These higher rSNR images, in comparison to a single-TR image with

no averaging, were matched to the SAGE dictionary to produce vascular parameter maps.
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5.6 | Contrast-free Matching Accuracy, Sensitivity, and Subsampling

The average RMSE between the estimates from the noisy signal and the true underlying
parameters were calculated for simulated GESFIDE signals with 40 and 5 TEs (Figure 5.2). For
the 5 TE simulations, the 2-step magnitude method had significantly lower RMSE than at least
one other method for all three MRVF parameters. Parameter maps generated using the single
step matching methods show unphysiologically high estimates of CBV and low estimates for SO,

which were improved using our iterative method (Figure 5.5).
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Figure 5.5. Matching Algorithms with GESFIDE Images. Parameter maps reconstructed from fingerprint matching
a representative GESFIDE scan to the same dictionary using each matching algorithm in Figure 5.2. Maps were
generated using (A) the 1-step magnitude method, (B) the 1-step complex method, (C) the 2-step magnitude method,
and (D) the 2-step complex method.

The ability of the 2-step magnitude algorithm to distinguish the best match at different
levels of SNR and number of TEs was assessed further for each of CBV, R, and SO, (Figure
5.6). Twenty combinations of SNR level (160, 80, 40, 20, and 10) and echo train length (40, 20,
10, and 5) were compared. The average RMSE for all parameters increased with decreasing
SNR. With decreasing number of TEs, the highest RMSE was found for the 10-TE sequence for

the majority of the simulations.
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Figure 5.6. Effects of Signal-to-noise Ratio and Echo Train Length on GESFIDE Simulations. Mean root-mean-
squared-error (RMSE) of vascular parameters predicted from matching noisy signals and the simulated signals true
underlying parameter values at five signal-to-noise ratios (SNR) and with five echo train lengths (TE). A random
parameter combination was independently taken 1,000 times, and the RMSE at each SNR/TE combination was
calculated and then averaged.

The sensitivity of the techniqgue was evaluated by showing the inner product matching
metric for an example parameter combination (CBV=5%, R=5 ym, SO,=65%) and all dictionary
entries at varying levels of SNR (Figure A5.1). In this sensitivity plot, the matching metric after
the first step of the magnitude matching method is displayed to show the entire range of the
dictionary. The ability to localize good potential matches (i.e., dark bands in the figures) decreases
sharply with decreasing SNR. This was also done with the same example parameter combination
and varying the number of TEs, but only at an SNR of 160 (Figure A5.2). Unlike with the varying
levels of SNR, decreasing the number of TEs did not substantially change the ability to match to

a general region of the dictionary.
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Figure 5.7. Parameter Mapping of Subsampled GESFIDE Images. A) Cerebral blood volume (CBV), vessel radius
(R), and tissue oxygen saturation (SOz) maps that were generated from a representative GESFIDE scan in a healthy
volunteer. Matching was performed using all 40 echoes or to retrospective subsampled data with 20, 10, or 5 echoes
for matching. Parameter values were averaged in the gray matter (B) and white matter (C) for maps with each number
of acquired echoes.

For the retrospective in vivo TE subsampling of the GESFIDE acquisition (Figure 5.7A),
R remains visually consistent, while CBV and SO values overall appear to increase with fewer
TEs. In this representative participant, quantitative regional analysis also shows that CBV and
SO, estimates had an increasing trend with decreasing number of TEs in both gray (Figure 5.7B)

and white matter (Figure 5.7C).
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5.7 | Sensitivity, Accuracy, and Temporal Resolution with SAGE Sequence

Simulations with the eight SAGE echo patterns (Figure 5.4) generally saw reduced RMSE
for R and SO, matching using the sequences with the shortest first TE (patterns A, B, and SE).
The lowest RMSE for both R and SO, parameters was the SE pattern, which had the fifth TE
occurring exactly at the spin echo (Figure 5.8). The in vivo parameter maps reconstructed from

these different SAGE echo patterns showed minimal visual differences (Figure 5.8).
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Figure 5.8. Optimization of SAGE Sequence. A) The average root-mean-square error (RMSE) between the actual
cerebral blood volume (CBV), microvascular vessel radius (R), and tissue oxygen saturation (SO2) values and the
estimated values for each of the eight echo-time (TE) patterns as outlined in Figure 5.4. Gaussian noise was added
independently to simulated signals at a signal-to-noise ratio of 160 for 1,000 Monte Carlo simulations. B) CBV, R, and
SO:2 maps generated with the different sequence parameters used in dictionary simulations and image acquisition.

Given these results, the SE pattern was chosen as the optimal echo pattern and used in

the next set of analyses. For SAGE simulations with varying levels of SNR, the RMSE was found
to be significantly higher for SNRs below 80 for CBV and R estimates, and significantly higher for

SNRs below 160 for SO, estimates (Figure 5.9). Similarly to the GESFIDE plots, the SAGE
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sensitivity plots show a sharp decline in the ability to distinguish adjacent dictionary entries as

SNR decreases (Figure A5.3).
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Figure 5.9. Effect of Signal-to-noise Ratio on Optimized SAGE Simulations. Root-mean-squared-error (RMSE) of
vascular parameters predicted from matching noisy signals and the simulated signals true underlying parameter values
at five signal-to-noise ratios (SNR) with the optimized SAGE sequence. Random parameter combinations were
independently taken 1,000 times, and the RMSE with each SNR was calculated. Outliers were removed with the ROUT
method, and Q was set to 1% prior to one-way ANOVA with multiple comparisons and Dunnett correction.

The tradeoff between SNR and temporal resolution was investigated in vivo by generating
parameter maps from signal-averaged images. There were minimal observable differences
regardless of rISNR, and the inner product matching metric remained consistently high for all 'SNR
levels (Figure 5.10A). Quantitative regional analysis showed no differences between average
CBV, R, or SO values in either the gray (Figure 5.10B) or white matter (Figure 5.10C) at different

rSNR levels and were consistent with the values and regional trends in Figure 5.7.
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S0, (%) 36.0+14.7 | 358+14.8 | 36.0+14.7 | 36.1+14.7

Figure 5.10. Relative SNR and Temporal Resolution of SAGE Sequence. A) Images were consecutively acquired
with the SAGE sequence for 110 repetitions during free breathing. The first 4, 16, and 64 images were averaged to
produce relative signal-to-noise ratio (rSNR) images of 2x, 4x, and 8x, respectively. The SAGE images with different
levels of signal averaging then underwent MRvF matching to produce the cerebral blood volume (CBV), vessel radius
(R), and tissue oxygen saturation (SOz) shown. The inner product (IP) maps indicate the value of the matching metric
for each voxel. Average parameter values are shown for the gray matter (B) and white matter (C) at each rSNR for the
representative participant.
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5.8 | Discussion and Conclusions

In this work, we extended existing MRvVF methods to enable dynamic and quantitative
mapping of cerebrovascular physiology and demonstrated the ability to produce robust vascular
parameter maps in the absence of contrast agents, further increasing the techniques’ accessibility
and translatability. While we demonstrated good accuracy (Figure 5.6) at high levels of SNR in
simulations, in vivo parameter estimations generally had higher CBV and lower SO, values than
we would anticipate (CBV from 1-10%%1%* and SO, from 50-80%12°1%%) in healthy individuals.
The sensitivity plots (Figures A5.1, A5.2, A5.3) illustrate the relationship between the matching
metric and all dictionary entries, highlighting the difficulty in disentangling CBV and SO., as
increasing CBV and decreasing SO, have similar effects on the gBOLD signal. This relationship
between CBV and SO: likely contributes to our estimations being higher and lower, respectively,
than we expected and is a key reason contrast agents have been used in previous MRVF studies.
Additionally, using more echoes like previous studies with the GESFIDE sequence could have
mitigated, but not eliminated these biases. While introducing 2-step iterative matching (Figure
5.5) improved the SO, maps by more heavily weighting the gradient echo portion of the sequence
for extracting oxygenation values, adding the phase component of the signal showed limited
effect. The limited benefit of phase may be partially related to difficulties with phase unwrapping
and background phase removal of images prior to MRvVF matching, which will be optimized in
future work.

While MRF has been shown to be quite robust to noise, when considering dynamic MRF,
the minimum SNR necessary to generate accurate maps is of critical importance. Our results
(Figure 5.10) demonstrated no meaningful differences in parameter matching after signal
averaging, indicating that a single TR of the SAGE sequence has adequate SNR for parameter
matching. This aligns with SNR simulation results as the in vivo images had an SNR of ~160 at
the first echo and simulations found significantly less error at SNRs above 80 for CBV and R, and

above 160 for SO,. These findings are relevant for dynamic mapping as one SAGE repetition with
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this protocol took 4.5 seconds, whereas if the 4, 16, or 64 averages were necessary, each
repetition would take 18, 72, or 288 seconds respectively, decreasing temporal resolution and the
physiological processes these techniques could observe. This sequence could be accelerated
even further with the incorporation of simultaneous-multi-slice (SMS) techniques used with SAGE
previously.??® Reducing the TR of the sequence from 4.5 seconds to <2 seconds could have
significant applications for simultaneously investigating resting-state BOLD fluctuations in parallel
to CBV, R, and SO, from MRVF.

While it is positive that the SNR of this SAGE sequence was not a limiting factor of MRvF
matching, it leads to the question of why our estimates of CBV and SO are higher and lower than
we would anticipate regardless of increasing rSNR. This likely points to an issue with sensitivity
of our dictionary as opposed to SNR of our signal. The broad inner product maxima, as seen in
our sensitivity plots (Figure A5.1, A5.2, A5.3), illustrate this lack of sensitivity and major limitation
of this approach. As discussed previously, contrast agents improve this sensitivity but introduce
their own problems and limit the ability to perform dynamic studies. Therefore, a few other
approaches to improve sensitivity could be developing new, fast sequences specifically for
dynamic MRVF that maximize sensitivity of CBV and SO, using a more sophisticated matching
algorithm for distinguishing between dictionary entries, or adding additional information to the
matching process like another parameter or phase as in Chapter 4.

In the optimization of the SAGE sequence for MRVF, the lowest error was observed in the
three TE patterns with the earliest first echo. These are the only three patterns that sample at the
spin echo or later and, therefore, may have increased sensitivity to signal contributions from the
microvasculature. Additionally, the earlier the first TE, the higher the signal and therefore better
SNR, compared to patterns with later TEs. While adapting an existing sequence like SAGE for
MRVF methods increases the ease of access, developing a new sequence that intentionally
maximizes sensitivity of the three MRVF parameters is an active area of research®® and could

increase sensitivity, accuracy, and temporal resolution.
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Another interesting observation was that the 5-echo subsampled simulations on average
had lower RMSE than the 10-echo subsampled simulations (Figure 5.6). Including more time
points for fingerprint matching would seem like it should improve accuracy, so these results were
slightly counterintuitive. However, there may be a few explanations of this phenomenon. Like the
SAGE optimization mentioned above, the earliest TEs have drastically higher SNR than later TEs.
With the 10-echo subsampling, we are including five additional TEs for matching, with four of
those TEs expected to be at very low SNR portions of the signal and the fifth one still lower SNR
than the first TE of the 5-echo subsampled sequence (Figure 5.3). The 20-echo and 40-echo
simulations both had at least one TE earlier than the 5-echo simulations. The addition of these
low SNR TEs may introduce significant additional noise into the matching component, negating
the benefit of having additional timepoints. Performing the 10-echo subsampling with an earlier,
higher SNR TE would likely result in lower RMSE for those simulations. Similarly, if we performed
the 5-echo subsampling with the additional echoes that were added in the 10-echo subsampling
we would expect increased RMSE due to the significantly worse SNR. The subsampling was
conducted to most closely reflect the TE sampling we have with the SAGE sequence, however,
additional subsampling at other timepoints could be done to investigate the optimal sampling for
MRVF sequences in general. Both the SAGE optimization and this GESFIDE subsampling
indicate the importance of sampling timepoints, highlight by improved accuracy with earlier TEs
that have higher SNR.

In this chapter we advanced MR vascular fingerprinting through pattern matching without
contrast agents, investigating the tradeoffs between SNR, sensitivity, number of echoes, and
temporal resolution, and optimizing an accelerated spin- and gradient-echo sequence for future
dynamic MRvVF. These techniques demonstrated improved parameter mapping with an iterative
matching algorithm and adequate SNR with the SAGE sequence from just one repetition for

robust vascular parameter matching on the order of seconds. This optimized, dynamic MRvVF
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framework enabled the next set of studies that look at dynamic cerebrovascular function using

MRVF and will be discussed in the next chapter.
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Chapter 6 — Application of Dynamic Magnetic Resonance Vascular
Fingerprinting During Hypercapnia

6.1 | Introduction and Background

Accurate vascular parameter map reconstruction with MRvF is dependent on using a
pulse sequence that is sensitive to changes in blood oxygenation. Previous MRVF studies®°7
have used time-consuming, sequences and contrast agents to increase this sensitivity, at the
expense of temporal resolution. In Chapter 5 we demonstrated how contrast-free MRVF
reconstruction, in combination with a rapid acquisition, could allow for dynamic mapping of
multiple vascular parameters and enable new investigations of dynamic vascular function in the
brain. By utilizing a fast spin- and gradient-echo (SAGE) pulse sequence with only five echo times
(TE) that is sensitive to quantitative perfusion metrics'?°, we can dynamically reconstruct vascular
parameter maps in seconds (<5 s) rather than minutes. While five TEs provides limited timepoints
for the pattern matching algorithm, we showed in Chapter 5 that SAGE has an adequate echo
train length and signal-to-noise ratio for MRvF while also providing high temporal resolution and
accuracy.

MRVF with these advantages allows for its utilization to look at rapid physiological
processes in the brain. One such process is cerebrovascular reactivity (CVR), which is the ability
of the vessels in the brain to respond (constrict or dilate) in response to vasoactive stimuli, like
carbon dioxide (CO;) gas. Due to this response, CO- inhalation has been shown to significantly
increase cerebral blood flow in healthy individuals, but significantly less in normal aging**¢” and
dementia.*®1%8 Hypercapnia therefore is expected to also cause changes in other vascular
parameters of interest, like those measured with MRvF. By introducing CO, gas inhalation
(hypercapnia) during MR acquisition, we can quantitatively measure how CBV, vessel radius, and
SO, change in relation to fluctuations in the stimulus. CVR has been primarily measured using

BOLD sequences®, but with MRVF and the SAGE sequence, changes in CBV, R, and SO in
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response to a vasoactive stimulus could be obtained simultaneously to BOLD for parallel
comparison and validation of the new metrics. Insights into how the magnitude and rate of these
parameters change may be able to provide information on disease progression and provide
additional diagnostic value.

The significant strides towards dynamic MRvF made in Chapter 5 of improving contrast-
free matching with a novel algorithm and optimizing a SAGE acquisition specifically for MRvF
enable further studies to probe dynamic vascular physiology. This chapter describes our work to
apply this advanced dynamic MRvF imaging platform in prospective scans during a controlled
hypercapnic respiratory gas challenge. Ultimately, this work could lead to rapid, quantitative,

and multiparametric functional imaging biomarkers of cerebrovascular physiology.

6.2 | Acquisition of MR Vascular Fingerprinting During Hypercapnia

To assess the sensitivity of MRvF-derived vascular parameters to observe rapid,
expected changes in physiology, we set up an experiment to observe subjects’ responses to
hypercapnic stimulus. All MRI images were acquired on a 3T scanner (Siemens Skyra). Four
separate participants (ages 25+0.7 years, 2 female) underwent imaging that included a T1-
weighted magnetization prepared rapid gradient echo (MPRAGE) and two separate SAGE
acquisitions with the optimized imaging parameters (TR=4500 ms, 5 TEs [29 59 98 128 158
ms], in-plane resolution=2x2 mm, slice thickness=5 mm, matrix size=110x110, 24 slices, in-
plane GRAPPA acceleration=3), one during hypercapnia and one during free-breathing. For
each of the two SAGE acquisitions, we repeated the sequence 110 times consecutively for an
acquisition time of ~8.5 minutes.

Throughout imaging, participants were connected to a gas breathing apparatus (Figure
6.1%%). The breathing apparatus was connected to a Douglas bag filled with medical grade
hypercapnic gas (5% CO3, 21% O», 74% N>) and contained a switch to control whether the

participant would be breathing the gas or normal room air. The apparatus also contained a line
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that ran out of the scanner room to a capnograph (Nonin, RespSense Il) that recorded end-tidal
CO; (EtCOy) values from the participant. A nose plug was used to ensure that the participant
exclusively breathed through the apparatus. Respiratory rate, heart rate, and pulse oxygen

saturation were monitored throughout the scan to ensure participant safety and compliance.

EtCO, (mmHg)|
monitor

Pulse oximetry

8
=1 5% CO2
21% 02
Room air

#1: Douglas bag #9: Gas sampling tube
#2: Three-way valve #10: Male luer
#3: Two-way non-rebreathing valve #11: Hydrophobic filter
#4: Diaphragm #12: U-shape tube
#5: Mouth piece #13: Elbow connector
#6: Nose clip #14: EtCO, monitor
#7: Gas delivery tube #15: Pulse oximetry monitor

#8: Blue cuff
Figure 6.1. Breathing Apparatus Used During Hypercapnia MRI Studies (from Lu et al.1®?). 5% CO: gas was
delivered in 1-minute blocks that were controlled by flipping the switch (#2) between room air and the hypercapnic gas
filled Douglas bag (#1). Each participant’s nose was clipped shut (#6) and forced to breathe through the scuba-like
mouthpiece (#5) while in the scanner. End-tidal CO2 (EtCOz) from exhalations was monitored via a capnograph (#14)
located outside of the scanner room.

During CO; inhalation, CVR takes about 30 to 60 seconds to reach near maximal
response.’? Therefore, a gas-inhalation paradigm with four 1-minute blocks each of gas-
delivery and rest was utilized while the first set of SAGE images were acquired (Figure 6.2A).
With this design, 13 to 14 SAGE volumes are captured during each block. This sampling rate
during each block will be an important consideration for future work investigating the speed of

reactivity to reach maximal response.

81



A)
é; ] 5% CO, | 5% CO, .\ ‘ 5% CO, : : 5% CO,
o | [ ‘ | [
&| Room | \\ Room | | Room 1’ | Room | | Room
0o " | < | \ . [ . | \ "
£ Air | Air | | Air | | Air | | Air
§ 0.5 min 1 min 1 min 1 min 1 min 1 min 1 min 1 min 1 min
&
B) Air 1 Air 2 Air 3 Air 4

I 50%

I

125 pm

Ilum

100%

0%

C Block 1 Block 2 Block 3
) ISO%
>
[}
@)
1o
25 pym
o
Il pum
100%
o
N

0%

Figure 6.2. Breathing Paradigm and Stability of Parameter Mapping. Images were continuously acquired with the
SAGE sequence for 110 repetitions times (TR) for a scan time of ~8.5 minutes. A) During the scan, the participant
experienced four 1-minute blocks of hypercapnic gas (5% CO2) inhalation. The cerebral blood volume (CBV), vessel
radius (R), and tissue oxygen saturation (SO2) were matched using MRVF independently at each TR. B) The parameter
maps reconstructed from the same slice of the representative at TRs 3, 35, 62, and 87, each during periods of normal
air breathing with typical EtCO2. C) The parameter maps reconstructed from the same slice at TRs 22, 50, 76, and 104,
each during separate periods of hypercapnic gas breathing with elevated EtCOo.
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6.3 | Analysis of MR Vascular Fingerprinting During Hypercapnia

The first gradient echo (TE = 29 ms) of the SAGE sequence was extracted as a BOLD-
weighted image for each TR to directly compare our MRvF-derived metrics during gas breathing
to BOLD responses in the same individuals. We utilized the optimal SAGE dictionary generated
in Chapter 5, along with the 2-step magnitude matching algorithm, to reconstruct vascular
parameter maps for the four participants. This was repeated for every TR to generate CBV, R,
and SO2 maps at every time-point.

Using FLIRT in FSL¥"138 we registered the spin echo of the SAGE sequence to each
participant’s T1-weighted image and then applied this transform to their BOLD, CBV, R, and
SO, maps. We segmented gray and white matter regions-of-interest (ROIs) on each
participant’s T1-weighted image using FAST in FSL.1%? The BOLD signal and MRvF-derived
CBV, R, and SO; values were spatially averaged to produce a single time course per parameter
in each ROI for each participant. This was done for both gray and white matter during the
hypercapnic and free-breathing SAGE acquisitions. We then manually aligned each participant’s
EtCO- time course to their whole-brain BOLD time course and applied this temporal alignment
to the MRVF parameter time courses.

To test that the BOLD, CBV, R, and SO, curves showed cerebrovascular modulation in
response to the block-design gas stimulus, we took the ROI time courses acquired during the
hypercapnic SAGE acquisition and performed linear regression to the EtCO, response®:

Equation 6.1: Parameter = By + B1EtCO, + Bt + €
where Parameter is any of BOLD, CBV, R, or SOy; tis time, included to account for signal drift;
Bo, B1, and B, are the coefficients being estimated; and ¢ is residual error. With these
coefficients, we were then able to calculate the unit percent change in our parameter relative to

the unit change (mmHg) in EtCO2, or CVR®°:

B1

Equation 6.2: CVRpar = m
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This reactivity calculation was repeated for BOLD and each of the three MRVF parameters in

both gray matter and white matter.

6.4 | Vascular Fingerprinting Parameter Responses to Hypercapnic Stimulus

The participants exhibited an average increase of approximately 10 mmHg in EtCO.
recordings during periods of hypercapnic gas delivery compared to free breathing. The EtCO;
trace, the BOLD signal (from the first SAGE echo), and vascular fingerprinting derived
measures (CBV, R, and SO,) in response to the block vascular stimulus from a representative
subject’s gray matter are shown in the top half of Figure 6.3. The bottom half of Figure 6.3
shows the same recordings during the second SAGE scan with free-breathing and does not
show the same large periodic fluctuations. Example parameter maps reconstructed during
periods of free-breathing and hypercapnia are shown in Figure 6.2. These maps also
demonstrate the consistency of MRVF through similar parameter maps being independently

reconstructed for hypercapnic and normal breathing conditions despite being collected minutes

apart.
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Figure 6.3. Representative Gray Matter Signal Time Courses During Hypercapnia Study. Gray matter averaged
time-courses of end-tidal CO2, blood oxygen level dependent (BOLD) signal, cerebral blood volume (CBV),
microvascular vessel radius (R), and tissue oxygen saturation (SO2) acquired during hypercapnic stimulus blocks (top
row) and during free breathing (bottom row) from a single participant. BOLD, CBV, R, and SO: values represent gray

matter averages.
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Linear regression (Eq. 6.1) was performed for BOLD, CBV, R, and SO, against EtCO
during the hypercapnic acquisition for all four subjects in both gray matter (Figure 6.3, Figure
A6.2) and white matter (Figure A6.3). This regression analysis showed that the BOLD, SO,
and CBYV time curves significantly (p<0.01) correlated with EtCO- fluctuations in all participants,
whereas R negatively correlated with EtCO; (p<0.01). The normalized regression coefficients
for gray matter (Table A6.1) and white matter (Table A6.2) were then used to determine the
reactivity (CVR) of each parameter (Eq. 6.2) and averaged across subjects. BOLD-CVR and
S0O,-CVR showed similar regional differences with higher CVR in gray matter than white matter,
while R-CVR showed the opposite trend (Table 6.1).

Table 6.1. Regional CVR from BOLD and MRvF Parameters During Hypercapnic Stimulus

Gray Matter White Matter
%ABOLD
Reots ( i ) 0.21+0.083 0.14 + 0.049
CVR., (%“B") 0.041 +0.027 0.050 +0.011
mm
R (”"’ARad‘“s) -0.10 + 0.046 -0.13 +0.029
mmHg
CVR,, ( ;Ams,fg) 0.17 + 0.075 0.12 +0.058

Table displays the mean + standard deviation of the CVR measurements across all four participants.

6.5 | Discussion and Conclusions

Here, we demonstrated the ability to generate CBV, R, and SO, maps on the order of
seconds, opening the possibility to measure brain physiology with these parameters
dynamically. We demonstrated this ability of the MRvF paradigm to detect changes in
cerebrovascular function, observing MRvF-derived physiological changes temporally aligned

with induced changes in EtCO- during delivery of hypercapnic gas.
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Significant susceptibility distortions can be seen throughout the SAGE parameter maps
in Figures 5.8, 5.10, and 6.2 caused by the sensitivity of EPI readout to field inhomogeneity.
The effect of these distortions was mitigated in this work by masking out those regions of the
brain with a matching metric threshold. If the inner product was below the threshold, such as in
areas outside the brain, regions without vascular structures like the ventricles, or areas with
distortion artifacts, they were not included in analyses. Future studies will include scans with
reversed phase-encode direction or field map acquisitions to allow for distortion correction of
raw SAGE images prior to fingerprint matching.

The utilization of the SAGE sequence and administration of CO» resulted in temporally
aligned EtCO, and BOLD changes and BOLD-CVR values similar to those previously
reported.®®1’t The gray matter signal traces for the MRvF parameters (Figure 6.3) show the
SO, values experiencing the largest fluctuations and most temporal similarity to the EtCO»,
while the R values experience fluctuations inversely correlated to EtCO,. While CVR can be
defined as the ability of vessels to dilate in response to COx, this dilation largely occurs in
arteries, arterioles, veins, and venules that are larger in scale than the micro vessels being
modeled here.1”2173 Still, it is curious that a decrease in radius was observed, albeit on the order
of tenths of a micron, rather than no change or a slight increase, which warrants further
investigation. Alternatively, since the dilation is primarily expected in the larger vessels, another
approach could be to hold microvascular radii constant, and then observe how just CBV and
SO fluctuate in response to the stimulus. This could mitigate any undue influences that the
confounding radius response may be having on the estimates of those two parameters.

Another limitation of the hypercapnia results is that the SO, changes, while statistically
significant and in the expected direction, are small in amplitude. Most hypercapnic challenges
that would increase EtCO; by 10 mmHg likely increase CBF by 25% or more, so the

concomitant SO, change (assuming constant oxygen metabolism) may be expected to be
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larger. Future studies will acquire separate baseline and hypercapnic perfusion scans to directly
measure the increase in CBF each participant experiences during CO; inhalation.

One of the disadvantages of analytical MRvVF matching is that only vasculature that is
simulated can then be reconstructed, as those are the only configurations present in the
dictionary for matching. For the study performed here, we only scanned healthy individuals and
the ranges of our vascular parameters were appropriate for the changes we expected to see in
the microvasculature from 5% CO; inhalation. However, these dictionaries did only contain very
small micro vessels, and our acquired voxels are quite large and likely heterogenous, with some
including larger vessels with CBV and R greater than our simulated range. For future studies
with different anticipated cerebrovascular response or pathology, it will be important to generate
a dictionary with ranges to accommodate that. Significant advancements have also been made
in the biophysical modeling component used for MRvF195:108:174 "and realistic vascular models
derived from high-resolution optical imaging may more accurately represent the complexity of
brain tissue. Additionally, the use of a continuous reconstruction algorithm, like a machine
learning implementation,”>17 could allow us to perform more accurate parameter estimation
(particularly with so few time points for matching) without the discrete restrictions of the
simulated dictionary. Additionally, a machine learning approach would significantly reduce the
reconstruction time required for dynamic parameter mapping and allow for the inclusion of
additional varied MRVF parameters, like T, or ADC, that could provide more physiological
relevant measures that contribute to signal progression but are currently not possible due to
prohibitively big dictionaries with analytical matching.

To improve sensitivity of parameter time courses, we regionally averaged parameters
prior to EtCO; regression. This was done to maximize the observable effect of CO2 on our
MRVF parameters due to their higher noise and heterogeneity compared to the BOLD signal;
however, it precluded the ability to produce voxelwise CVR maps that could identify regional

changes in vascular function. Lastly, as Table 6.1 shows, the highest CVR is observed in the
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gray matter of the brain, which is consistent with literature, and as such, has been a primary
region utilized for previous CVR studies. Relatedly, our gray matter regions produced more
robust and more physiologically reasonable MRvVF values compared to white matter regions,
likely due to higher blood volume, and therefore better sensitivity in gray matter. In addition to
reduced signal in white matter, the biophysical model we used in this study does not capture
microstructure orientation and other susceptibility effects, like myelin, which causes qBOLD
analytical models to be challenging in white matter.

To summarize, in this chapter we applied dynamic MR vascular fingerprinting to a
hypercapnic imaging design. These results demonstrated parameter consistency over time and
regional changes in BOLD and quantitative vascular fingerprinting estimates of CBV, R, and
SO; in response to an induced hypercapnic stimulus. This validated MRvF framework and
breathing paradigm enabled exploratory studies to investigate both the magnitude and rate of
reactivity during aging as discussed in the next chapter and could be applied to study

cerebrovascular disease progression.
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Chapter 7 — Magnetic Resonance Vascular Fingerprinting Measures of

Cerebrovascular Reactivity with Aging

7.1 | Introduction and Background

The cerebral vascular system undergoes normal changes with aging that affect brain
health and function. One such change involves cerebral vascular reactivity (CVR), which is a
critical parameter that reflects the capacity of cerebral blood vessels to dilate or constrict in
response to stimuli and serves as an indicator of vascular health and the brain's ability to regulate
blood flow according to metabolic demand. With normal aging there is altered neuronal activity,
decreased cerebral metabolism, and increased arterial stiffness that can all contribute to gradual
decline in ability to regulate blood flow and respond to stimuli.*>17817° Sjgnificant decreases in
CVR with aging are associated with impaired neurovascular coupling'®®!8  increased risks of
cerebrovascular diseases*>4%182 and cognitive decline*#18, highlighting the need for precise,
non-invasive methods to assess these changes.

Blood oxygen level dependent (BOLD) imaging and arterial spin labeling (ASL) have been
the primary MRI techniques used to measure CVR, but they each face their own limitations. BOLD
imaging uses the inherent magnetic differences between Hb and dHb to detect the increase in
oxygenated blood to the brain while ASL magnetically labels blood inferior to the brain and is able
to capture increases in blood flow as the increased volume of labelled blood travels to the brain.
While BOLD has high spatial and temporal resolution for capturing the intricate dynamics of the
vascular response, BOLD signal itself is qualitative in nature and therefore has limitations related
to its interpretability and reliability. ASL, on the other hand, produces quantitative maps of cerebral
blood flow, but is limited due to its poorer spatial resolution and long scans times limiting its ability
to observe rapid dynamic processes.

Dynamic magnetic resonance vascular fingerprinting (MRVF) offers another potential way

to obtain CVR measures from MRI during vasoactive stimulus administration. Dynamic MRVF has
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the advantage of using fast sequences like BOLD imaging, but results in quantitative parameters
like ASL. Additionally, since it generates multiple quantitative parameter maps simultaneously,
each of these maps can be independently measured over time for multiple metrics of vascular
changes in response to the same vasoactive stimulus. Finally, as demonstrated in Chapter 6, the
accelerated spin- and gradient echo (SAGE) sequence that has been optimized for dynamic
MRVF inherently captures a BOLD contrast image and therefore can provide co-localized
supplemental quantitative parameters of cerebral blood volume (CBV), microvascular vessel
radius (R), and tissue oxygen saturation (SO3) to this widely studied BOLD response.

In this chapter we compare the CVR measurements obtained from BOLD, ASL, and each
of the three MRVF parameters (CBV, R, and SO;) to one another and to previously reported
studies. We also explore the application of MRvF for measuring differences in CVR in healthy
young and healthy old cohorts and discuss how these results can inform future dynamic MRvF

study design.

7.2 | Hypercapnic MRI Acquisition and Analysis with Young and Old Cohorts

We recruited 11 healthy older subjects (69.2+5.1 years old, 5 female) and 11 healthy
younger subjects (24.3+2.9 years old, 6 female) to undergo imaging for this study. All MRI images
were acquired on a 3T scanner (Siemens Skyra). Subjects with a history of cerebrovascular
disease or breathing disorders were excluded from this study and all recruited subjects were
asked to not consume anything with caffeine for 6 hours prior to the imaging session. Scans
acquired included an MPRAGE for a T;-weighted anatomical reference and the optimized SAGE
acquisition determined in Chapter 6 during four 1-minute blocks of hypercapnic stimulus. SAGE
images were acquired with 5 TEs (29, 59, 98, 128, and 158 ms), a 4.5 second repetition time
(TR), a 2x2x5 mm voxel size, a 220x220 mm in-plane FOV, 24 slices, and GRAPPA in-plane
acceleration of 3. The sequence was repeated 125 times consecutively during a block

hypercapnic gas inhalation paradigm for an acquisition time of about 9 minutes (Figure 7.1). The
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first TE of the SAGE sequence was also extracted as the BOLD image (Figure 7.2A) and
repeated for every TR (Figure 7.2B).

We also acquired a pulsed ASL (pASL) acquisition while the subject breathed normal air
for 4 minutes and a pASL acquisition during a 4-minute step of hypercapnic stimulus inhalation
(Figure 7.1). The ASL scans were acquired at baseline and during hypercapnia to calculate
cerebral blood flow (CBF) change for comparison to the changes in the MRvF parameters. The
PASL images were collected with settings in line with the ASL white paper!®® recommendations
for pASL: 800 ms bolus duration, 1800 ms inversion time, 35 label/control pairs, 15 ms TE, 3.5
second TR, 3.5 mm isotropic voxel size, 224x224 mm in-plane FOV, and 35 slices. The
acquisition time for each pASL scan was just over 4 minutes (Figure 7.1).

Throughout imaging, participants were connected to the gas breathing apparatus
described previously (Figure 6.1%°). The breathing apparatus allowed for controlled breathing of
normal room air or of gas from the connected Douglas bag (5% CO-, 21% O,, 74% N.). End-tidal
CO; (EtCO2) measurements from the participants were recorded throughout all scans via tubing
that ran from the breathing apparatus out of the MRI room to a capnograph (Nonin, RespSense
II) in the scanner operating room. The participants wore a nose plug throughout the duration of
the imaging to force breathing exclusively through the scuba-like mouthpiece of the apparatus
and to ensure appropriate gas inhalation and accurate, continuous EtCO; recordings. Respiratory
rate, heart rate, and pulse oxygen saturation were also monitored throughout the scan to ensure

participant safety and compliance.
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Figure 7.1. Breathing Paradigms and Imaging Protocol Schematic. Scans acquired for this study included a
magnetization prepared rapid gradient echo (MPRAGE) for a Ti-weighted anatomical reference, spin- and gradient-
echo (SAGE) scans for magnetic resonance vascular fingerprinting (MRvF) and blood oxygen level dependent (BOLD)
measures, a turbo spin echo (TSE) for T2-weighted anatomical information, pulsed arterial spin labeling (pASL) scans
for cerebral blood flow (CBF) measures, a time-of-flight magnetic resonance angiography (TOF MRA) for examination
of large vasculature, and a T2 fluid-attenuated inversion recovery (T2-FLAIR) for possible identification of lesions and
white matter hyperintensities (WMH). Participants were delivered 5% CO:2 gas via four one-minute blocks during the
SAGE acquisition, and 5% CO: gas via a four-minute step paradigm during the second pASL acquisition.

In preparation for MRVF analysis, biophysical signal simulations were performed using the
SAGE sequence implemented into the MRVox toolkit in MATLAB.!!! Simulated SAGE time
courses were generated for all combinations of CBV (0-24%), R (2-50 ym), and SO, (0-100%)
with evenly spaced parameter sampling (Table A7.1), resulting in a simulated dictionary with
61,500 entries. An iterative, magnitude-based matching algorithm (Figure 5.2C) was performed
to find the simulated signal that resulted in the highest inner product with each voxel’s signal
evolution. This was repeated for every TR to generate CBV, R, and SO, maps at every time point

(Figure 7.2B).
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Figure 7.2. Diagram of Simultaneous BOLD and MRVF Acquisition. A) A specialized MRI pulse sequence is used
in parallel for biophysical simulations and image acquisitions. The acquired signals are matched to a database of
simulated ones, allowing for the underlying parameters of the best simulated fit to be extracted. The first echo time (TE)
image is also separately isolated as the blood oxygen level dependent (BOLD) image. B) These underlying parameters
can be produced for the whole brain to generate cerebral blood volume (CBV), microvascular vessel radius (R), and
tissue oxygen saturation (SO2) maps. This process is repeated for every repetition time (TR) to monitor how the MRvF
parameters and BOLD values fluctuate over time.
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We performed linear registration using FLIRT in FSL¥71% to align the spin echo of the
SAGE sequence to the Ti-weighted image for each subject and then non-linearly registered each
Ti-weighted image to an atlas in MNI space using FNIRT in FSL.**® The BOLD, CBV, R, and SO,
maps for each subject were warped to MNI space using these subject-specific transformations.
White matter (WM) and cortical gray matter (GM) regions of interest (ROIs) were segmented using
the Harvard-Oxford Subcortical Atlas in the same standard space. BOLD, CBV, R, and SO, values
were spatially averaged in each of the GM and WM ROls at every TR to produce mean time
courses per parameter for each participant.

The partial pressure of CO; in the subject’s exhaled breath that we recorded with the
capnograph was processed by extracting the peaks of each breathing cycle as the EtCO-
measurements and performing 5-point moving average smoothing. We manually aligned each
participant’s EtCO, time course to their whole-brain BOLD time course and applied this temporal
alignment to the MRVF parameter time courses. CVR was calculated for each of BOLD, CBV, R,
and SO; for every subject and ROI using Eg. 6.1 and 6.2. We also performed voxelwise CVR
mapping by using these same two equations and temporal alignments but using the signal
progression for each voxel independently rather than the ROI averages.

We generated CBF maps for the normal air and hypercapnic ASL scans independently
using BASIL!®* with the recommended settings from the ASL white paper.18 We calculated the
percent change CBF per voxel by subtracting the resting CBF from the hypercapnic CBF and
dividing that difference by the resting CBF. The EtCO, throughout the resting and hypercapnic
ASL scans were extracted and averaged across each ~4-minute scan for separate EtCO; values
for each of the two scans. We then found the difference between these two EtCO; values and
used them in combination with the previously calculated percent change in CBF in Eq. 7.1 to

calculate the CBF-derived CVR.

%ACBF

Equation 7.1:  CVRcpr = Artco.
2
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We again performed linear registration using FLIRT in FSL¥71%8 to align the M, of the
hypercapnic pASL acquisition to the Mo of the resting pASL acquisition. Then the Mo of the resting
acquisitions were registered to the Ti-weighted image for each subject. The resting CBF,
hypercapnic CBF, percent change in CBF, and CVRcer maps for each subject were warped to
MNI space using these subject-specific transformations and the previously computed T;-to-MNI
nonlinear transformations. The same GM and WM ROIs in MNI space were used to spatially
average the CBF metrics. Finally, we averaged resting CBF, hypercapnic CBF, percent change

in CBF, and CVRcgr values to create group average maps.

7.3 | BOLD, MRVF, and ASL Responses to Hypercapnia

All 22 participants were able to complete the imaging without interruption or complication.
There were no complaints of discomfort due to inhaling the hypercapnic gas mixture, however, a
few participants commented on the scuba-like mouthpiece being moderately uncomfortable. One
participant in the older group did not experience significant changes in EtCO; (less than 3 mmHg
increase) during periods of hypercapnic stimulus so their data was excluded from analyses and
group comparisons. The BOLD, CBV, R, and SO time courses were first detrended and
smoothed via 5-point moving average. Z-scores were calculated at each time point of every
subject’s time courses to normalize signal progression relative to their mean of each parameter.
These Z-score time courses were then averaged across the two age groups to produce the

parameter evolutions in Figure 7.3.
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Figure 7.3. Average Gray Matter Time Courses of BOLD, CBV, R, and SOz for Young and Old Cohorts. The gray
matter parameter Z-scores averaged across all participants after detrending and temporal smoothing for the young
(darker lines) and old (lighter lines) cohorts. Fluctuations of blood oxygen level dependent (BOLD) signal, cerebral
blood volume (CBV), microvascular vessel radius (R), and tissue oxygen saturation (SO2) acquired during hypercapnic
stimulus blocks are shown.

The GM BOLD and SO- and time courses (Figure 7.3) positively fluctuate in a temporally
aligned way with the EtCO; time courses (Figure A7.1), whereas the R time courses negatively
fluctuate at the same times. Visually, there is little perceivable difference between BOLD, CBV,
R, or SO, when comparing the young and old group time courses for these GM signal averages.
This continues to hold true for all parameter time courses when looking at the WM (Figure A7.2)
and whole-brain averages (Figure A7.3).

Group average perfusion maps computed from the ASL scans with normal air and
hypercapnic gas are shown in Figure A7.5. The percent change in CBF from rest to hypercapnia

generally shows an increase in CBF in the GM, whereas the WM appears more inhomogeneous.

7.4 | Cerebrovascular Reactivity from BOLD, MRVF, and ASL

ROI CVR values for BOLD, CBV, R, and SO for every subject show similar CVRgoLp,
CVRcev, CVRRg, and CVRsp2 between the young and old groups across the GM, WM, and whole
brain (Figure 7.4). Notably, CVRgop and CVRso, averages were slightly higher and CVRRg
averages were slightly lower for the young group in GM (Table 7.1), but none of these differences
were determined to be significant upon statistical analysis with Welch’'s t-test. The WM had
reduced CVRgoLp, CVRsoz, and CVRgr compared to the GM, but neither the WM (Table A7.2) nor
whole-brain (Table A7.3) ROIs showed significant differences between the young and old groups

for any of the BOLD or MRVF metrics.
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CVR maps for each subject were also produced via voxelwise CVR regressions and
averaged across the two groups for each of BOLD, CBV, R, and SO, (Figure A7.4). The CVRgoLp
maps are visually anatomically similar and have values within the range of previous literature.8°17
CVR maps for the three MRVF parameters are visually much noisier with notably more negative

values, particularly for CVRRg, which is consistent with ROl CVR calculations.
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Figure 7.4. Comparing Regional CVR Values Across Young and Old Cohorts. Violin plots showing the CVR values
of all participants for the young and old groups. Parameters derived from MRvF were averaged in gray matter, white
matter, and whole-brain ROIs for each subject and individually regressed against that subject's end-tidal CO2 to
compute each parameter-specific CVR.

CBF maps for each subject were averaged across the two age groups for the resting ASL
scan and the ASL scan during 5% CO: inhalation (Figure A7.5, top). The percent change in CBF

was calculated for each individual and then combined for group average maps (Figure A7.5,
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middle). This CBF fluctuation was normalized to each subject’s change in average EtCO, (mmHg)
from the normal air to the hypercapnic breathing for CVRcgr, and then averaged for the group
(Figure A7.5, bottom).

The group level average GM, WM, and whole-brain CVR values for each parameter are
shownin Table 7.1, Table A7.2, and Table A7.3, respectively. The GM CVRcgr is about an order
of magnitude greater than CVRgop and is in the range between 1.5-6%A/mmHg matching
previous literature in which similar changes in EtCO, were achieved.*3167

Table 7.1. Gray Matter CVR Measures from BOLD, MRvF, and CBF Parameters During
Hypercapnic Stimuli

Young Oid
CVRyps (%) 0.22 + 0.057 0.21 + 0.038
CVR gy (;ﬁ’jg") -0.012 + 0.014 1.5e-5 + 0.018
CVR, (’(’ARad;“s) .0.19 + 0.057 .0.21 + 0.095
CVR, (;f‘nsgg) 0.15 + 0.049 0.14 + 0.044
CVR, (%) 2.8+49.9 27493

Table displays the mean + standard deviation of the CVR measurements across all participants in each group

7.5 | Discussion and Conclusions

In this study we demonstrated our novel imaging and MRvF protocol to measure BOLD,
CBVY, R, and SO, as well as their associated CVR derivatives in two groups that significantly
varied in age. All 22 scans were completed from start to finish with no adverse responses to the
administration of the hypercapnic gas and with 21 of the subjects experiencing significant and

expected changes in EtCO,. BOLD and CBF changes that resulted from hypercapnia were
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consistent with literature, validating protocol design and allowing for reassurance that physiology
was being appropriately modulated when assessing the new MRVF parameter responses.

There were no significant differences in CVRgoLp, CVRcev, CVRR, and CVRso2 between
young and old groups. While there have been many studies that have found significantly reduced
CVRegoLp in groups with specific cerebrovascular diseases like AD*4’, Moyamoya disease®?18°,
and cerebral steno-occlusive disease!®®, studies looking at healthy aging have gleaned more
mixed results. Some studies?*4217® have found a decrease in CVRgoLp With healthy aging while
others!®”179 have found no significant differences. Some of these differences in significance can
likely be contributed to common factors like sample size, but one significant limitation within CVR
literature is the wide variability in practices for acquisition, processing, and analysis.*® CVR can
not only be acquired using different types of sequences like BOLD, ASL, PC, and DSC (Figure
2.4A), but regardless of sequence, CVR can be induced with a wide variety of strategies like CO;
inhalation, breath modulation, and acetazolamide (Figure 2.4B). Even if only CO; is considered
for the stimulus, it can be administered at various fixed percentages with normal oxygen and
nitrogen, at various fixed percentages with only oxygen added (carbogen), or it can be
administered with more sophisticated breathing equipment to reach a specific EtCO; target. Some
recent publications have started to raise these concerns with the aim of creating some standards
for acquisition and CVR induction, as well as best practices for pre-processing and analyzing CVR
data for improved comparisons across research studies.187-1%

Targeted EtCO, via computer-controlled CO; gas delivery is a compelling option for future
MRVF hypercapnia studies due its ability to ensure every participant experiences the same
change in EtCO,, and therefore more similar changes in physiological modulation, as EtCO; acts
as a proxy for arterial partial pressure of CO,. For the subjects analyzed in this study, the older
participants had a AEtCO, range of +5.7-14.7 mmHg from rest to hypercapnia and the young
participants had a AEtCO, range of +4.9-12.2 mmHg from rest to hypercapnia. This is significant

because CBF and BOLD signal, and therefore CVR, have been found to have nonlinear
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relationships to change in EtCO,.17119! Targeted EtCO, would eliminate this variation of EtCO,
response seen in hypercapnia studies like ours that use fixed percent CO; delivery. What remains
an obstacle even with the use of a targeted EtCO, gas delivery system is that there is variability
in baseline EtCO; within the population. The same AEtCO, will lead to greater CVR measures in
individuals with lower baseline EtCO; if using targeted EtCO, gas delivery. Conversely, with
individuals that start at the same baseline, greater AEtCO; will actually typically lead to lesser
CVR values with fixed gas delivery protocols due to this nonlinear response and the normalization
by AEtCO; used to calculate CVR (Eg. 7.1).}1"* These same studies have also suggested that
CVR can vary within the same subject from one imaging session to the next, further increasing
the difficulty of observing significant results comparing healthy individuals.’* While some of these
factors may be able to be mitigated with targeted EtCO- gas delivery, averaging across repeated
imaging sessions, or an increase in the number of subjects for a study, they are important
considerations for the interpretability of CVR studies.

When looking at the ASL-derived CBF results from this study, we achieved CBF and
CVRcer Values consistent with literature,*34%167 put the corresponding maps present evidence for
future improvements. In particular, the percent change in CBF and CVRcgr maps show significant
variability in the WM with unphysiologically high and negative values (Figure A7.5). Similarly to
a limitation of MRvF discussed earlier, ASL has less signal from CBF in the WM due to decreased
vascular density and therefore reduced SNR°? leading to the noisy maps and unrealistic values
in Figure A7.5. For this reason, spatial smoothing is often implemented as a pre-processing step
for CBF mapping and could be performed in future analysis with this data. Additionally, with the
large voxels used for ASL there is concern about partial volume effects confounding CBF
guantification. Future work will employ partial volume correction and compare the difference in
results between corrected and uncorrected maps.

Since this is the first study to introduce generating CVR maps from MRvF-derived values

of CBV, R, and SO,, spatial smoothing is also a step we could consider in our MRVF processing
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pipeline to improve the quality and reliability of MRvF parameter maps. Performing smoothing on
the SAGE images prior to pattern matching would allow for denoising and averaging of spatial
information but could bias how the biophysical simulations match to signals assumed to be
unmodified. Smoothing after MRVF matching is another possible option but would lose out on the
benefits of averaging signal from neighboring voxels with similar structural and functional tissue
for the matching process.

When considering the MRVF responses to hypercapnia (Table 7.1), there are very minimal
changes detected in CBV, despite BOLD and CBF showing increases in blood flow. With an
increase in blood flow from hypercapnia, we would expect both SO, and CBV to increase,
however, a decreased deoxyhemoglobin fraction with increased CBF could contribute to
decreased sensitivity in the ability of MRVF to disentangle SO, and CBV. Additionally, previous
PET studies'®® have shown that the increase in CBF in response to hypercapnia is greater than
the increase in CBV (indicating an increase in blood velocity), and therefore better sensitivity may
be required to accurately measure the more subtle changes in CBV.

Finally, the ability to produce CBV, R, and SO, maps in a dynamic fashion may provide
insights into the temporal dynamics of cerebrovascular function and how those change with age
and disease. In addition to possible differences in the magnitude of CVR response between these
groups, there may also be differences in the rate of response. A few recent studies!®-1% have
started to consider this temporal aspect of CVR. They take similar approaches where they
essentially measue the slope of the CVR signal evolution and the rate at which it increases after
the introduction of a hypercapnic stimulus. Furthermore, this rate of change of CVR has shown to
be significantly different between subjects with Alzheimer’s disease (AD) compared to healthy
controls, indicating its potential value for diagnosis, differentiation, or understanding of disease.®’
These previous rate of CVR studies used BOLD MRI with TRs between 1 and 2.5 seconds!®4-1%,
whereas with the SAGE we had a temporal resolution of 4.5 seconds. However, Richardi et al.18

found that on average it took healthy individuals 33 seconds and a group of mild cognitively
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impaired and AD patients 59 seconds to reach 90% of peak CVR response. This would allow for
7 to 8 SAGE volumes to be collected during the average healthy participant, which should be
enough for measuring rate of response despite decreased temporal resolution. Additionally, the
SAGE sequence could be accelerated through the use of simultaneous multi-slice (SMS)
techniques to reduce its TR to as low as 1.5 seconds without changing other imaging parameters
as has been shown previously.*?° Ultimately, incorporating this additional temporal metric in future
studies and analysis may provide insight into how our three MRVF parameters dynamically differ
from each another and how they differ between healthy individuals and those with vascular
dysfunction.

In conclusion, in this chapter we applied our novel approach of dynamic MRvF with a
hypercapnic imaging design to examine the responses of young and old healthy volunteers.
Both groups experienced changes in BOLD, CBV, R, SO, and CBF in response to the
introduced hypercapnic stimuli. Although the groups’ responses themselves were not
significantly different from each other, both CVRgoLp and CVRcgr were consistent with previous
literature using similar hypercapnic breathing paradigms. Further analysis will examine whether
the rate of reactivity for the young and old groups are significantly different for BOLD or any of

the MRVF parameters.
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Chapter 8 — Discussion, Perspectives, Future Work, and Conclusions

8.1 | Discussion

Our overarching goal was to design imaging technologies, tools, and techniques to
improve understanding, diagnosis, and treatment of cerebrovascular diseases. Throughout this
dissertation we discussed the development and application of new magnetic resonance vascular
fingerprinting (MRVF) techniques. Through our studies we were able to use MRVF to measure
cerebral blood volume (CBV), microvascular vessel radius (R), and tissue oxygen saturation
(SOy), investigate how these changed in response to different inhaled gas challenges, and
compare the response of these metrics in a study of healthy aging. This final chapter aims to
synthesize the insights gained from our studies, discuss the broader implications of our findings,

and lay out possible directions of future research and development in the field.

Summary of Main Findings

In the first study laid out in Chapter 4, we performed retrospective MRVF analysis of
GESFIDE images collected during hypoxia, normoxia, and hyperoxia and compared those results
to results obtained using a quantitative blood oxygen level dependent (gBOLD) method. We found
that MRvF-derived measures of oxygen extraction fraction (OEF) significantly correlated with OEF
measures from analytical gBOLD analysis. Furthermore, average OEF measured with MRVF
during hyperoxia and normoxia were significantly lower than OEF during hypoxia. The ability to
detect this expected change in OEF with MRvVF helped build confidence in the sensitivity of the
MRVF parameters to detect cerebrovascular changes across different physiological conditions.

In Chapter 5, we described the simulation, retrospective, and prospective experiments we
conducted to investigate and optimize the accuracy, sensitivity, and temporal resolution of MRVF.
An iterative, pattern-matching algorithm was developed to improve reconstruction in the absence

of contrast agents. Subsampling of a 40-echo GESFIDE sequence in silico and in vivo
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demonstrated the feasibility of MRvF with only 5 echoes. It also showed that SNR effected
matching accuracy and sensitivity more significantly than echo train length. Finally, we optimized
and collected preliminary images with a 5-echo SAGE sequence and found that a single repetition
had adequate SNR for MRVF reconstruction with a 4.5 second temporal resolution.

We followed this up in Chapter 6 with an initial application of this optimized SAGE
sequence in four young, healthy volunteers. Given the rapid acquisition, we introduced a
hypercapnic breathing paradigm during imaging for assessment of how CBV, R, and SO
fluctuated relative to induced fluctuations in EtCO,. Through this pilot study, we observed
expected regional brain changes in BOLD and fluctuations in each of the three MRvF parameters
that significantly correlated with changes in EtCO..

Our last study outlined in Chapter 7 built off the hypercapnic pilot study, this time recruiting
11 young and 11 old healthy participants for hypercapnic MRvF imaging. It also included the
inclusion of an ASL scan for CBF measures of CVR for an additional comparator. The average
BOLD, CBV, R, and SO, time-courses from both the young and old groups correlated significantly
with changes in hypercapnia. The CVRs calculated using BOLD, the MRvF parameters, and CBF
were not significantly different between the two groups, but gray matter CVR values for BOLD
and CBF were in line with literature and the CVR values calculated using the MRvF parameters

were comparable to those from the pilot study.

Contributions to the Field
This dissertation represents six primary contributions to the fields of MR vascular fingerprinting
and dynamic, quantitative measurements of cerebrovascular vascular reactivity:
1) We developed an iterative pattern matching algorithm for improved MRvVF reconstruction
without exogenous contrast agents.

2) We validated the ability of MRVF to detect changes in cerebral oxygenation during hypoxia.
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3) We demonstrated the limited effect of echo train length on MRVF sensitivity when using
fully sampled images.

4) We optimized a rapid, 5-echo, spin- and gradient echo pulse sequence for MRvVF mapping
on the order of seconds.

5) We introduced an imaging protocol with a hypercapnic breathing paradigm that enabled
co-localized, simultaneously acquired reactivity maps of BOLD, CBV, R, and SO, and
demonstrated that each parameter’s fluctuations in response to a 5% CO hypercapnic
correlated with EtCO; fluctuations.

6) We showed how CBV, R, and SO, changes varied relative to changes in BOLD and CBF
from hypercapnic gas inhalation and compared those changes between a young and old
group of healthy subjects.

This work sets up framework that will provide insights into how different cerebrovascular
parameters react to vasoactive stimuli. Ideally, these techniques and ideas will continue to be
improved and inspire us and others to carry on the work of developing imaging biomarkers to

better understand cerebrovascular function and dysfunction.

8.2 | Perspectives and Future Directions

In this section we will briefly give some thoughts on the directions and application of MRVF
in cerebrovascular research. The aim is to offer a candid and thoughtful examination of what will
allow for the most significant improvements of MRvF, how it could have the greatest impacts, and

what it would take for adoption more widely in research and clinical settings.

Biophysical Modeling for MRvF
While the flexibility of MRF to look at any parameter that can be modeled is a key benefit,
a key related limitation of MRF is that it can only reconstruct elements that are computationally

modeled. Therefore, if the biophysical model does not include characteristics present in the real
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tissue, then it will not be able to accurately detect those characteristics. For MRvF, this means
that advancing the virtual vascular tissue model to be more realistic, tunable, and representative
of possible abnormal microvasculature could allow for more accurate parameter mapping.

Many studies have already expanded computational microvascular tissue models,
including a few MRVF ones!'®122 pushing biophysical simulations to three dimensions and using
images of vasculature from high-resolution microscopy to inform vessel network design. An
example of one of these recent studies is shown in Figure 8.1, in which the entirety of a mouse
brain was imaged via microscopy slides prior to the vascular network of the brain being re-
combined digitally. This new, full model of the mouse brain was then re-divided into voxel-sized
sections prior to implementation into the MRVox biophysical modeling software. While it would be
on a much larger scale, developing a similar model for the human brain would mitigate limitations
of current MRVF implementations that do 2D simulations on homogenous tissue with constant
vessel radius, often lack larger vascular structures representative of arteries and veins, and do
not account for different vessel orientations that are in certain regions of the brain, like near white

matter fiber tracts.
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Figure 8.1. Microscopy-derived Vasculature Models for MRvF Biophysical Simulations (from Delphin et al.1??).
A) The MRVF framework has been adapted to utilize vascular architecture from high-resolution microscopy images for
more representative virtual voxel design. B) In these realistic voxels, the cerebral blood volume and radius are
distributed around typically occurring values within a physiological range and can be averaged throughout the volume
for extraction and parameter map reconstruction. C) Once set up, these physiological virtual voxels can be used in
simulations, with the same sequence used in imaging, for simultaneous multiparametric reconstruction of the vascular
parameters of interest.

These realistic biophysical models could be extended even further with intentional
inclusion of pathological tissues. Cerebrovascular diseases with structural microvascular
abnormalities, like small vessel disease and microvascular ischemic disease, could be directly
included into the biophysical model and have dictionary entries that would specifically represent

the anatomy and physiology seen in those diseases.

Machine Learning in MRF
An increasingly prevalent technique that can help improve both accuracy and
computational speed for MRF is machine learning (ML).1°*® MRF matching is readily adaptable for

ML, as the simulations with known parameters can be directly implemented into ML frameworks
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as training data. Numerous MRF studies have begun utilizing ML for both dictionary generation
and signal matching.159.175-177.1%8-201 Eytyre incorporation of ML into an MRVF framework could
allow for more complicated tissue models to be efficiently simulated, and for faster and more
accurate parameter map reconstruction. The majority of machine learning approaches applied to
MRF thus far have utilized a subset of ML known as deep learning (DL), specifically with a
feedforward neural network architecture, similar to the basic diagram shown in the middle of
Figure 8.2.17°7177 These methods have shown great promise with more accurate parameter
mapping than traditional MRF matching, increases in computational speed from 300-5000 fold

faster'’’, enhanced robustness to noise, and improved reproducibility.1’®
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Figure 8.2. Al, Machine Learning, and Deep Learning (from Velasco et al.2%?). Artificial intelligence (Al) is a general
term to describe a computer performing a task automatically while machine learning (ML) is a specific subset of Al in
which a computer program or algorithm is trained to perform a task. Deep learning (DL) is a subset of ML that trains
artificial neural networks (NNs) to perform the task. The two broad types of DL are feedforward NNs and recurrent NNs.
Feedforwards NNs take input and are unidirectional to the final output, whereas recurrent NNs take input and are bi-
directional, with the ability to take intermediate outputs and input those back into the same nodes prior to final output.

The other main type of DL algorithm uses recurrent neural networks (Figure 8.2, right),
which allow bi-directional flow of outputs into previous nodes of the neural network as inputs.
While their use in MRF applications have been limited thus far, they are well suited for predicting
time series data like you may have with an MRF fingerprint with many time points.2%32% Dynamic
MRF, like we described throughout this dissertation, may also represent a compelling application
of RNNs where the maps from one volume could be used as prior information on the next TR or

to improve the previous TR.

108



Possibly the most significant effect of implementing machine learning into our dynamic
MRVF framework would be the computational time savings. With dynamic MRvF, an entire volume
of the brain is captured at five echo times every 4.5 seconds and repeated for ~9 minutes. With
traditional pattern matching each of these repetitions requires independent MRVF reconstruction
in which hundreds of thousands of voxels are individually compared against the entire dictionary
with tens of thousands of entries to determine the best match. For the matching done in this
dissertation, one of these volumes would generally take about two minutes to complete, and the
whole times series would then take about four hours to complete. This severely limits the size of
the dictionary that can be used due to practical time constraints. With DL, the network would only
need to be trained on the entire dictionary a single time. After training, rather than comparing each
voxel to every entry in the large dictionary, you could simply input each voxel’s signal evolution
into the single network and drastically reduce reconstruction times. Ultimately, these ML
reconstruction techniques may enable MRF to be more widely adopted. The significantly reduced
computational times could allow for reconstruction directly on the MR scanner and massively
increase accessibility of MRF for those who do not have the technical expertise or time to perform

sophisticated offline reconstructions.

Transforming the Clinical MRI Workflow

While not yet used clinically, the advantages of MRF over traditional MRI are substantial
and could change how MRI is viewed as an imaging tool in clinical practice. However, before any
of these evolutions occur, MRF needs to mature into a user-friendly product that is as easy to use
as any other MR sequence for an MR technologist and provides useful information to the
physician reading the images. Clinical practice and research have revolved exclusively around
gualitative MRI techniques until recently, and quantitative MRI has very few clinical applications
at this point. Therefore, new quantitative maps from MRF may not initially be seen as particularly

useful to radiologists who were trained on and have been reading qualitatively weighted images
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for decades. One recent, and especially compelling, development in MRF are sequences and
reconstruction techniques that provide quantitative parameter maps and classic qualitatively
weighted images from the same scan. One exemplary illustration of this was recently published
by Cao et al.?% They use a DTI-MRF approach with a specially tailored pulse sequence and very
sophisticated reconstruction pipeline to generate five quantitative parameter maps of Ti, To,
proton density, apparent diffusion coefficient, and fractional anisotropy (Figure 8.3A) and
synthesize six clinical contrasts (Figure 8.3B) with 1-mm isotropic resolution from a single 10
minute scan. Schauman et al.?% from the same group have pushed it even further to produce
three quantitative parameter maps of T1, T», proton density and five clinical contrasts with 1-mm
isotropic resolution from a scan that is only 1-minute long. Development of an imaging protocol
similar to this DTI-MRF one, but with vascular parameters like those in MRvF, could radically
change the ubiquity of MRI, allow for more frequent scans during normal clinical visits, and
ultimately lead to detection of vascular dysfunction before severe vascular complications or

cognitive decline.

110



D, "/ .
Proton ducnutl) 4 Colored FA

Figure 8.3. Fast, Comprehensive MRI with Quantitative Maps and Traditional Contrasts (from Cao et al.%%). A)
Orthogonal views of T1, T2, proton density, apparent diffusion coefficient (ADC), fractional anisotropy (FA), and colored-
FA parameter maps from diffusion tensor imaging (DTI) MR fingerprinting with 1-mm isotropic resolution and 10-min
acquisition time. B) Synthesized clinical contrast images produced from the same acquisition using the quantitative
results obtained with DTI-MRF.

In addition to the acceleration of multiparametric image acquisition with MRF, the ability
of MRF to be robust to noise, under sampling, and motion artifacts could transform MRI in another
way. MRI systems are expensive to maintain and operate, necessitate substantial infrastructure,
and require very strong magnetic fields to produce quality images. These factors increase the

cost of MRI scans and limit the accessibility for patients to get an MRI and for healthcare settings
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to have a scanner on site. One growing field to address these particular limitations is low field
MRI, which are considered as scanners with a field strength 0.5T or lower. MRI scanners face
challenges related to lower SNR and reduced contrast between different tissue types at these
field strengths, however, MRF is better suited to deal with these issues than traditional
reconstruction techniques.?®” The pattern-recognition approach of MRF allows it to extract
valuable quantitative information even from the relatively noisy data produced by low-field
scanners.?%® With further improvements, MRF could open up the possibility for lower field MR
scanners to be practically useful, and enable more hospitals and clinics to purchase less
expensive scanners and increase the accessibility of MRI. Additionally, MRF has been shown to
be effective at producing meaningful quantitative parameter maps for MR scanners with as low
as 50mT field strength, potentially opening the door for point-of-care devices based on MR
principles.2°°21% While there is still substantial progress to be made before translating low-field
scanners to widespread use, MRF will likely be one of the driving forces in the effort to make MRI

more accessible.

8.3 | Conclusions

Throughout this dissertation we presented a series of techniques we developed and
studies we performed that demonstrate the capabilities of dynamic, contrast-free MR vascular
fingerprinting. Initial studies presented here discussed matching algorithms to improve sensitivity
in the absence of contrast agents, accuracy of parameter mapping with varying levels of SNR,
and temporal resolution achievable from an accelerated sequence with a short echo train length.
We optimized an accelerated SAGE sequence to enable continuous MRVF reconstruction of
guantitative, multiparametric vascular parameter maps. This allowed us to validate our MRvF
parameter fluctuations during hypercapnia induced changes of cerebral vasculature, which we
then utilized in a study to compare vascular responses of healthy young and healthy old cohorts.

In conclusion, the dynamic MRVF studies presented in this work lay the foundation for future
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research into imaging rapid cerebrovascular processes and provide a step forward in developing
novel functional imaging biomarkers of vascular function for early identification and treatment of

cerebrovascular diseases and vascular-linked dementias.
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Figure A3.1. MRVox Algorithm, Inputs, and Outputs (from Pannetier et al.11%) A) Variables on the left of the boxes
are inputs to the model that can be modified. Data on the right are outputs after the simulation. The simulation is
organized in three blocks. Block (a) initializes the geometry, block (b) describes the contrast agent (CA) behavior over
time, and block (c) estimates the MR signal. B) List of main parameters used in the algorithm with definitions of
acronyms.
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Figure A3.2. The GESFIDE Sequence (from Ni et al.1*6) A) Schematic of the GESFIDE sequence showing echo
sampling in the free-induction decay (FID), refocusing, and post spin echo (SE) dephasing signal regimes. B) The
pulse sequence diagram illustrating the acquisition of multiple echoes. C) Representative images of the same slice

corresponding to different echo times in the signal.
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Figure A3.3. The SAGE Sequence (from Schmiedeskamp et al.1'”). A) Schematic of the SAGE sequence showing
echo planar imaging (EPI) acquisition of two gradient echoes, a 180° refocusing pulse, and three more EPI readouts.
B) Representative images of the same slice corresponding to each echo time acquired with the sequence.
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Figure A4.1. Breathing Apparatus Used During Hypoxia and Hyperoxia Study (from Ni et al.}16) A) Schematic of
gas inhalation set up with a Certec Hi-Ox mask (green box) and arrows indicating direction of airflow. B) Photo of the
set up on a mannequin head showing straps that keep the facemask seal tight.
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Hypoxia Normoxia Hyperoxia

Figure A4.2. Average CBV Maps with Different Methods Across Oxygen Conditions. Group average CBV maps
generated with each of the 10 methods from Table A4.1 for each gas inhalation condition.
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Figure A4.3. Average Radius Maps with Different Methods Across Oxygen Conditions. Group average radius
maps generated with each of the 10 methods from Table A4.1 for each gas inhalation condition.
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Figure A4.4. Average SO2 Maps with Different Methods Across Oxygen Conditions. Group average SOz maps
generated with each of the 10 methods from Table A4.1 for each gas inhalation condition.
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Figure A4.5. Average T2 Maps with Different Methods Across Oxygen Conditions. Group average T2 maps
generated with each of the four methods from Table A4.1 that use T2 for each gas inhalation condition.
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Figure A5.1. Signal-to-noise Ratio GESFIDE Sensitivity Simulations. A) The noise-free signal evolution of a
GESFIDE sequence simulation with 5% CBV, 5 uym R, and 65% SO:2 (orange), as well as the same parameter
combination with added Gaussian noise at signal-to-noise ratios (SNR) of 160 (green), 80 (blue), 40 (purple), 20 (pink),
and 10 (red). B) The sensitivity plots obtained by matching each dictionary entry to the example noise-free and noisy
signals, repeated 100 times, and averaged. The plots show where SO2 = 65% with all combinations of CBV and radius.
The orange arrows indicate the true parameters underlying the signal and each colored arrow shows the predicted
parameters from the corresponding noisy signal in A.
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Figure A5.2. Echo Train Length Sensitivity Simulations. A) The noise-free signal evolution of a single GESFIDE
sequence simulation with 5% CBV, 5 pm R, and 65% SO2 and the same parameter combination with added Gaussian
noise at a signal-to-noise ratio (SNR) of 160 with 40, 20, 10, or 5 subsampled echo times (TE). Each red dot represents
where the noisy signal was subsampled. B) Sensitivity plots of the inner product values obtained by matching all
dictionary entries to the example signal (5% CBV, 5 um R, and 65% SO3) with the various number of echoes, repeated
100 times and averaged. The plots show where SOz = 65% with all combinations of CBV and radius. The orange arrows
indicate the true parameters of the signal, and the red arrows show the predicted parameters from the corresponding
noisy signal in A.
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Figure A5.3. Signal-to-noise Ratio SAGE Sensitivity Simulations. Average sensitivity plots obtained by matching a
simulated noise-free and simulated noisy signals with known underlying parameters (5% CBV, 5 um R, and 65% SO2)
to every signal in the dictionary and repeated 100 times. A) Plots where SO2 = 65% with all combinations of CBV and
R. B) Plots where CBV = 5% with all combinations of R and SO2. C) Plots where R = 5 pm with all combinations of
CBV and SO2. The pink arrows indicate the true parameters underlying the signal. Parameter combinations in the
dictionary that match the noisy signal better (higher inner product) are signified by darker regions in the plot.
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Figure A6.1. Mounting Clip for Breathing Apparatus. Dimensions and virtual model of custom designed and 3D
printed clip to mount the support arm to the rail of the MRI scanner. This support connects via plastic bracket and plastic
screws to the two-way non-rebreathing valve (#3) in Figure 6.1 and ensures the breathing apparatus remains in place
throughout each scan.
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Figure A6.2. Gray Matter Signal Time Courses During Hypercapnic Study. Averaged time-courses of end-tidal
COz2, blood oxygen level dependent (BOLD) signal, cerebral blood volume (CBV), microvascular vessel radius (R), and
tissue oxygen saturation (SO2) acquired during hypercapnic stimulus blocks and during free breathing from three other
pilot participants (S2, S3, and S4). BOLD, CBV, R, and SO: values represent gray matter averages.
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Figure A6.3. White Matter Signal Time Courses During Hypercapnic Study. End-tidal CO2, and white matter
averaged time-courses of blood oxygen level dependent (BOLD) signal, cerebral blood volume (CBV), microvascular
vessel radius (R), and tissue oxygen saturation (SOz) acquired during hypercapnic stimulus blocks and during free
breathing from all four participants.

141



Z-score

Time (min)

Figure A7.1. Average End-Tidal CO2 Changes for Young and Old Cohorts. The end-tidal CO2 (EtCO3) time courses
averaged across all participants after detrending and normalization for the young (black line) and old (gray line) cohorts

during hypercapnic stimulus blocks block acquisition.
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Figure A7.2. Average White Matter Time Courses of BOLD, CBV, R, and SO: for Young and Old Cohorts. The
white matter parameter Z-scores averaged across all participants in the young (darker lines) and old (lighter lines)
cohorts. Fluctuations of blood oxygen level dependent (BOLD) signal, cerebral blood volume (CBV), microvascular
vessel radius (R), and tissue oxygen saturation (SO2) acquired during hypercapnic stimulus blocks are shown.
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Figure A7.3. Average Whole-brain Time Courses of BOLD, CBV, R, and SO: for Young and Old Cohorts. The
whole-brain parameter Z-scores averaged across all participants in the young (darker lines) and old (lighter lines)
cohorts. Fluctuations of blood oxygen level dependent (BOLD) signal, cerebral blood volume (CBV), microvascular
vessel radius (R), and tissue oxygen saturation (SO2) acquired during hypercapnic stimulus blocks are shown.
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Figure A7.4. Average CVR Maps Derived from MRVF Imaging for Young and Old Cohorts. To generate these,
voxelwise cerebrovascular reactivity (CVR) maps were generated for each subject by regressing the time-course of
blood oxygen level dependent (BOLD) signal, cerebral blood volume (CBV), vessel radius (R), and oxygen saturation
(SO2) of each voxel independently against the subject’s end-tidal CO: time-course. These subject CVR maps were

then averaged across parameter and age group.
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Figure A7.5. Comparing CBF Response to Hypercapnia for Young and Old Cohorts. Group average cerebral
blood flow (CBF) maps were calculated for the ASL scan acquired during normal air breathing (15 row) and during 5%
CO2 gas inhalation (2" row). The percent change in CBF was calculated for each subject and average across the group
(3" row) before being normalized to each subject’s change in EtCO- during the hypercapnic scan for determination of
CBF-derived cerebrovascular reactivity (CVR) and group averaging (4" row).
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C | Supplementary Tables

Table A4.1. Modeling and Matching Method Variations

Signal Iterative T, Vessel Number | Virtual Voxel Size | Dictionary Size
A Complex No No Constant Variable 64,000
B Magnitude No No Constant Variable 64,000
C Complex Yes No Constant Variable 64,000
D Magnitude Yes No Constant Variable 64,000
E Magnitude No Yes Constant Variable 2,560,000
F Magnitude Yes Yes Constant Variable 2,560,000
G Magnitude No No Variable Constant 64,000
H Magnitude Yes No Variable Constant 64,000
J Magnitude No Yes Variable Constant 2,560,000
K Magnitude Yes Yes Variable Constant 2,560,000

Table A5.1. Biophysical Model Parameters Used for Generating Dictionaries with Finer
Sampling in Normal Physiological Ranges

Parameter Values

Number of Values

Cerebral Blood Volume (CBV) | [0.1:0.3:0.1, 1.25:0.25:5, 5.5:0.5:10, 11:1:15, 17:2:25] % 40
Vessel Radii (R) [2:0.5:18, 19:1:25] um 40
Oxygen Saturation (SO,) [0, 5:2.5:100] % 40

Table A6.1. Normalized Regression Coefficients of BOLD and MRvF Parameters Against
EtCO, During Block Hypercapnic Stimulus in Gray Matter

BO Bl B2
BOLD 0.90+0.040 2.1e-3£8.1e-4 -3.2e-5+2.0e-5
CcBvV 0.97 +0.012 4.0e-4+ 2.6e-4 5.5e-6+ 1.4e-5
R 1.03+0.013 -9.9e-4 1 4.5e-4 8.0e-6+ 2.1e-5
50, 0.91+0.044 1.7e-3+£6.9e-4 1.3e-5+2.2e-5

Table displays the mean + standard deviation of the regression coefficients across all four participants. Parameters

were normalized to the maximum value in their time course prior to regression.

Table A6.2. Normalized Regression Coefficients of BOLD and MRvF Parameters Against

EtCO, During Block Hypercapnic Stimulus in White Matter

Bo By B,
BOLD 0.94 £ 0.024 1.4e-3+4.8e-4 -4.8e-5+1.2e-5
CBV 0.97 +£0.038 5.0e-4+1.1e-4 -2.0e-5+1.7e-5
R 1.01£0.068 -1.2e-3+2.7e-4 6.7e-5+ 2.7e-5
SO, 0.93+0.038 1.2e-3+5.4e-4 1.5e-5+ 2.6e-5

Table displays the mean + standard deviation of the regression coefficients across all four participants. Parameters

were normalized to the maximum value in their time course prior to regression.
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Table A7.1. Biophysical Model Parameters Used for Generating Dictionary with Evenly

Spaced Sampling Throughout Physiological Range

Parameter Values

Number of Values

Cerebral Blood Volume (CBV) [0.4:0.4:24] % 60
Vessel Radii (R) [2:2:50] m 25
Oxygen Saturation (SO,) [0:2.5:100] % 41

Table A7.2. White Matter CVR Measures from BOLD, MRVF, and CBF Parameters During

Hypercapnic Stimuli

Young Oold
CVRyos (%) 0.10 + 0.030 0.095 + 0.014
CVRy, (;fnfgv) 0.011 +0.013 0.024 + 0.029
CVR, (/i’fn;g“ ) -0.16 + 0.052 -0.20+ 0.12
Rson (;ﬁ;‘;) 0.067 £ 0.026 0.070 £ 0.017
CVRegs (ﬁ) 5.6 + 20 8.1+ 23

Table displays the mean + standard deviation of the CVR measurements across all participants in each group

Table A7.3. Whole-brain CVR Measures from BOLD, MRvF, and CBF Parameters During

Hypercapnic Stimuli

Young Old
CVRy (’n’;‘:j{;’)) 0.19 +0.048 0.17 +0.032
CVR ay (;ﬁjﬁ;) 0.0046 + 0.0092 0.017 +0.021
CVR, (’i’:ﬁ;“s) -0.20 +0.059 10.22 +0.097
VReoy (22502 ) 0.11 £ 0.040 0.11 + 0.033
CVR, (ﬁ) 3.7+14 45+15

Table displays the mean + standard deviation of the CVR measurements across all participants in each group
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