REPRODUCIBILITY AND USE OF MYELIN IMAGING METHODS FOR THE
STUDY OF ADOLESCENT BRAIN DEVELOPMENT

A Dissertation
submitted to the Faculty of the
Graduate School of Arts and Sciences
of Georgetown University
in partial fulfillment of the requirements for the
degree of
Doctor of Philosophy
In Neuroscience

Erika P. Raven, B.S.

Washington, DC
July 13, 2017



ProQuest Number: 10608459

All rights reserved

INFORMATION TO ALL USERS
The quality of this reproduction is dependent upon the quality of the copy submitted.

In the unlikely event that the author did not send a complete manuscript
and there are missing pages, these will be noted. Also, if material had to be removed,
a note will indicate the deletion.

ProQuest.

ProQuest 10608459

Published by ProQuest LLC (2017). Copyright of the Dissertation is held by the Author.

All rights reserved.
This work is protected against unauthorized copying under Title 17, United States Code
Microform Edition © ProQuest LLC.

ProQuest LLC.

789 East Eisenhower Parkway
P.O. Box 1346

Ann Arbor, MI 48106 — 1346



Copyright 2017 by Erika P. Raven
All Rights Reserved

ii



REPRODUCIBILITY AND USE OF MYELIN IMAGING METHODS FOR THE
STUDY OF ADOLESCENT BRAIN DEVELOPMENT

Erika P. Raven, B.S.

Thesis Advisors: John VanMeter, Ph.D. and Jeff Duyn, Ph.D.

ABSTRACT
Human brains have few myelinated axons at birth and continue to myelinate along a
temporal and regional specific pattern into adulthood. This prolonged growth trajectory
not only contributes to adaptability in functional circuitry, but also presents a
vulnerability to certain psychiatric and behavioral disorders. MRI is highly sensitive to
tissue constituents such as myelin membranes, but standard imaging techniques are
typically limited to depicting macrostructure, such as gross white matter volumes and
fiber tracts. More recently, quantitative in vivo myelin imaging has improved via
developments in tissue modeling, pulse sequence design, and use of ultra high-field
scanners. This dissertation examines the reproducibility and application of two recently
developed MRI techniques with sensitivity to myelin content in white matter. First, multi-
exponential modeling of multiple gradient echo T>* decay curves was used to extract an
estimate of myelin content, i.e., myelin water fraction (fmw), at two field strengths (3 T
and 7 T) using in vivo and simulated data. At 3 T, model parameters were dominated by
noise when compared to 7 T; however, artifacts impeded the assessment of in vivo results
at 7 T for use in future studies. To further generalize the effects of noise and myelin
parameter estimation, the T>*-based myelin water estimate, fmw, was compared to an
alternative indicator of myelin content, the macromolecular proton fraction (fvr), using a

newly developed magnetization transfer (MT) technique. All data were acquired at 3 T in

iii



a cohort of healthy adolescents (ages 12.7 — 16.8). The fur was ten times less variable,
and thus more reproducible, versus the fuw. For the final study, the MT approach was
applied in a longitudinal study of healthy adolescent development. Here, fmut was found to
significantly increase in frontal white matter (p=0.003) over an 18 month delta in mid- to
late-adolescence. There were no changes greater than 15% for any white matter region; in
addition, changes within individuals were relatively small, averaging 2.5% for the frontal
region. As myelin imaging techniques are becoming more widely used, these studies are
important for understanding the sensitivity and reproducibility of new measures prior to

widespread use in clinical and research applications.
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Chapter I. Introduction

The organization of the central nervous system (CNS), including the brain and spinal
cord, has classically been divided into white and gray matter. In humans, around 40 percent of
the brain contains white matter, which is a lighter color due to its exceptionally high lipid
content. At a cellular level, white matter is comprised of densely packed, cylindrical projections,
i.e., axons of neurons, that are frequently surrounded by thin, fatty membranes called myelin
sheaths. Famed pathologist Louis-Antoine Ranvier, influenced by events of the late 1860s,
equated these ensheathed projections to the first undersea telegraph cables !. Similar to cables,
bundles of white matter fibers transmit information to and from various targets, such as cortical
gray matter and subcortical nuclei. Gray matter is densely populated by neuronal cell bodies and
their dendritic projections, which receive and integrate signals from adjoining neurons. The
complex, interconnected networks of neurons form the basis of sensation, perception, and
behavior in the brain. There are approximately 85 billion of these cells in the adult brain, with an
estimated 100 trillion synaptic connections between them >*. While these numbers are
extraordinary, there are nearly equal numbers of non-neuronal cell types, called glia *. Glia,
meaning Greek for “glue,” were once believed to be the connective tissue holding neurons in
place °. With the advent of better and more powerful imaging technologies, the morphology of
glia have been expanded to include oligodendrocytes, astrocytes, microglia, and progenitor cells.
These cells perform a variety of essential tasks, and disruption in their number or function has
been shown to result in many neurologic and psychiatric diseases ¢. Of the four non-neuronal

cells, oligodendrocytes are the most abundant glial cell type in white matter. Oligodendrocytes



produce the fatty membrane extensions that wrap tightly around the axonal brain “cables.” While

speculating on the purpose of myelin, Ranvier wrote this in 1878:

“I do not think, I wish you to note, that this insulating myelin sheath is necessary for the
transmission of impulses ... I think that this insulation serves to make it more perfect.”

(Ranvier, 1878) !

While this statement is still true today, we now know the role of myelin goes far beyond that of
an electrical insulator. This chapter will discuss the primary function and structure of myelin, and
present evidence of its adaptability throughout development. The final section will discuss
magnetic resonance imaging (MRI) techniques used to characterize white matter, with a focus on

methods for estimating the relative myelin content in tissue.

1.1 Myelin in the central nervous system

1.1.1 Signal conduction

Myelin is pervasive throughout white matter, and to a lesser degree gray matter regions
like the cortex, which is due to its essential role in neuronal signal conduction. To better
understand this advantage, we first discuss the basic properties needed to send a signal. At rest,
neurons must tightly regulate the distribution of sodium and potassium ions on either side of the
surface of the neuron. This creates a difference in voltage across the membrane, with the inside
surface being more negative. When a sufficiently large voltage change, or depolarization, occurs,
the neighboring areas of membrane are also depolarized. This effect is propagated as specialized
channels are opened, and ions are allowed to flow to the opposite side of the membrane from

their existing location, or down their electrochemical gradient. This temporary flow of ions



creates a continuous wave of electrical current called the action potential. The action potential
triggers the release of neurotransmitters for signaling adjoining neurons or various target tissues
in the body. In an unmyelinated axon, the velocity of signal conduction is related to the length
and diameter of its axon. Invertebrates do not have myelin, and have compensated for increases
in body size, thus, longer axons, by increasing axonal diameter. This is spectacularly
demonstrated in the Atlantic squid, which is approximately 0.3 meters in length, but has a giant
axon of 0.5 to 1 mm in diameter 7. The squid giant axon is approximately 15,000 times larger
than what is needed for a comparable myelinated mammalian axon and requires several thousand
times more energy to maintain °. To translate into human dimensions, the spinal cord would need
to be nearly 1 meter in diameter to maintain current functionality without myelin. This is clearly
not possible for vertebrates, as there are limitations due to available space within the skull and
vertebral column, as well as the high-energy demands of complex circuitry in the CNS.

Myelin sheaths allow for fast and efficient action potentials via the process of saltatory
conduction. When a neuron fires an action potential, the depolarization process skips over
myelinated segments to only depolarize at small, exposed gaps, called the nodes of Ranvier.
These gaps occur sequentially, and at widely separated intervals in the sheath. Myelin has an
exceptionally high lipid content (~70%) and acts as an electrical insulator. As such, it prevents
the leakage of current from within the axon (increases resistivity) and reduces the membrane’s
ability to store charge (lowers capacitance). Depolarization is then restricted to finite regions,
and current can travel super fast from node to node versus leaking back across the membrane.
Mpyelin can additionally modulate the conduction velocity by changing the thickness of the
myelin sheath, the number and spacing of nodes of Ranvier, and nodal structure and molecular

composition of ion channels in the node itself (reviewed in 7).



Figure 1.1 Cross-section of a myelinated peripheral axon. The myelin sheath is formed by
thin layers of membrane wrapped tightly around the neuronal axon (~1 pum across). For axons
with diameters larger than 0.2 um, myelin thickness is roughly proportional to the diameter of
the axon.

In the human brain, axon diameters can range from 0.1 up to 10 um in central white
matter 13, Previous studies have demonstrated that the thickness of myelin sheath is
proportional to axonal diameter, with larger axons having thicker myelin sheaths (and vice versa
for smaller axons) '“1. This was first reported by Schmitt and Bear (1937) using light refraction
(birefringence) in myelinated axons of different total diameters !7. The ratio of axonal diameter
(inner) to total fiber diameter (outer), i.e., the g-ratio, was so named from their gamma
measurement of refraction. They also observed that axons of less than 2 pm in diameter were
typically unmyelinated. In 1951, Rushton proposed a theoretical g-ratio of 0.6 for optimal
conduction velocity of peripheral nerve fibers, and showed that small diameter fibers (<1 um)
did not benefit from the increased resistivity of myelin '*. In CNS, the average g-ratio has been

estimated to be ~0.77 (i.e., thinner myelin sheaths), possibly reflecting the different space,

energy, and timing requirements of these tissues 4. Variations have been reported experimentally



for g-ratios between different brain regions, fiber bundles, and even individual axonal projections
111920 There are also unmyelinated axons of varied diameters throughout the CNS. For example,
the corpus callosum, i.e., the largest, interhemispheric white matter tract in the brain, was found
to have up to 16% unmyelinated axons ranging in diameter of 0.1 to 1.0 pm !!. The
heterogeneity of callosal axon diameters and myelin content result in widely varied conduction
times of 150-300 ms (unmyelinated) to 30 ms (myelinated) between left and right hemispheres of
the brain '°. The diversity of myelinated axons indicates that achieving the fastest speed possible
is not the only objective of neuronal communication. By modulating the myelin content of these
circuits, neuronal signals can be “tuned” to dynamically speed up or delay either excitatory or
inhibitory inputs as they converge on postsynaptic targets '*2°, Fine control of neuronal timing is
especially important, as large populations of neurons must coordinate their responses for

optimizing the cognitive and behavioral function of particular networks .

1.1.2 Myelin sheath formation

The formation of myelin sheaths is associated with the synthesis of vast amounts of
membrane by oligodendrocytes. The glial origin of myelin was not always apparent, and took the
development of the electron microscope to debunk a long-standing controversy that axons
secreted myelin in response to cellular activity. In 1954, Betty B. Geren was the first to show
definitive proof that glial cells were indeed responsible for myelination of peripheral nerves 2.
She published electron micrographs at different stages of embryonic myelin formation, which
also highlighted the spectacular spiral wrapping mechanism around stationary axons. Almost ten
years later, Mary Bunge and colleagues were able to show a similar process for oligodendrocytes

in much smaller axons of the CNS 2.



Figure 1.2 Oligodendrocyte sending projections to several axons. Myelin membranes have
been cut away (foreground), exposing the multi-layered myelin sheath and longitudinal section
of a single axon. The axonal swelling is the node of Ranvier. Figure adapted from *.

The formation of myelin, aptly described by the “jelly-roll” model, involves the coordinated
extension of the oligodendrocyte cell membrane as it inwardly wraps around an axon. Additional
wraps are obtained by lengthening the membrane from the inner tongue (adjacent to the axon),
where it is continuously moving beneath the previously formed layers 2. Recent work has shown
that CNS myelin also extends laterally during this process, to control the length of each myelin

t 26, Myelin segments, or internodes, can be as long as 1 mm and separated by gaps of 1

segmen
um '°. A final step of myelination is membrane compaction, which binds the inner face of each

membrane layer to squeeze out axonal cytoplasm. This forms the alternating, dark dense lines

seen on electron microscopes in mature myelin sheaths. The number of myelin wraps and total



membrane internodes can vary widely between oligodendrocytes. The length of internodes is
also variable, as is the number of axons a single oligodendrocyte can myelinate. These
characteristics are dependent on many factors, including the diameter of axons and the region of
the CNS that is being myelinated. This is in addition to changes in myelin with age and neuronal
activity (discussed in the next section). In summary, oligodendrocytes form a heterogeneous and
modifiable pattern of myelination throughout the brain, and new research continues to uncover
the dynamics of these effects.

The molecular composition of myelin is ~70% lipids (dry weight), including
galactosphingolipids, certain phospholipids, saturated long-chain fatty acids, and cholesterol 2%,
The lipids are assembled into bilayers, meaning two lipid layers form the surface of the myelin
membrane. Bilayers are a common feature of cellular membranes and create a semi-permeable
boundary for the watery inner and outer environments of a cell. Each composite molecule
assembles into the bilayer with their hydrophilic (water-loving) polar heads facing outward, and
their hydrophobic (water-fearing) tails facing inward 2°. If myelin wraps were to be completely
unrolled from one segment, there would be two sets of bilayers (four layers of lipids total)
comprising the entirety of the flattened membrane. The outermost lipids would be exposed to the
extracellular matrix, and the innermost lipids would be adjacent to the cytosol of the
oligodendrocyte. Myelin membranes are highly organized, due to the stratification of each wrap,
and the radial orientation of lipid molecules relative to the cylinder-like axon. The periodic array
of multiple layers is unique to myelin, as is the low fraction of proteins (~30% of dry weight)
used for cytosolic compaction and the stability of myelin structure. The aqueous spaces between

the hydrophobic bilayers of myelin wraps comprise about one-third of myelin thickness *°. These



spaces include mostly water and some proteins; as such, water is estimated to be ~40% of the
total myelin volume (e.g., lipids, proteins, water) °.
1.1.3 Myelin development and plasticity

Mpyelin development follows a prescribed sequence, with distinct fiber tracts being
myelinated at specific times 3!*2. In general, pathways of sensory systems mature before motor,
and projection before association. Paul Flechsig (1920) proposed that serial myelination was
dependent on the requirements of a system, which mirrored the increasing complexity of brain
functions throughout development *!'. In humans, the onset of CNS myelination begins in utero at
16 weeks of gestational age *2. Regions for basic homeostatic, motor, and sensory processing
mature within the first year, while regions involved in higher order tasks, such as the frontal and
temporal cortex, continue to actively myelinate into adulthood. The post-pubertal growth of
myelin is unique to humans *, and not coincidentally the development of later-myelinating
regions coincides with improvements in executive and social cognitive functions during
adolescence and adulthood **. After “peak” maturity is reached, there is a period of stability and
subsequent decline into older age, resembling an inverted U-shaped trajectory across the lifespan
3336 Brain regions that are relatively slow to mature throughout adolescence, also happen to have
accelerated degeneration into older age *’. This pattern, called the “last-in, first-out” or retro-
genesis model of development, describes association cortices and neostriatum (i.e.,
phylogenetically young brain areas) as being vulnerable to damage due to processes associated
with aging and disease 37. These regions were last to evolve and have more complex structural
elements, such as oligodendrocytes that form a large number of internodes and fewer myelin

wraps. The characteristics of late-forming myelin are more adaptable for fine-tuning the



multimodal integration of association cortices, however, they are less robust to oxidative
stressors and negative environmental factors. As such, last-in regions are preferentially
vulnerable to myelin dysfunction %,

Myelination is not strictly a developmental program, and can be modified based on new
experiences and various environmental factors. Animal studies have shown both increases in
myelinated axons and volume of corpus callosum when being exposed to enriched environments
39 Conversely, negative stimuli, such as nutritional deficits or social isolation, have shown
hypomyelination in both animals and humans *°. These effects appear to be especially sensitive
to critical periods in very early development (around the third trimester to first two years for
humans), resulting in permanent functional deficits throughout the lifespan **2. Even so, the
adult brain contains a large, and highly mobile supply of oligodendrocyte progenitor cells
(OPCs). OPCs can differentiate into mature oligodendrocytes to effectively generate new myelin.
These cells are a remarkable source of plasticity, and are also used to repair existing myelin
sheaths. In a study of adult mice, the formation of new oligodendrocytes, and thus new myelin,
was necessary for learning a complex motor task *. Interestingly, the adult-born
oligodendrocytes produced more frequent, but shorter segments of myelin in response to the
stimuli. These experiments highlight the adaptability of this process, and that the formation of
new myelin is closely linked to neuronal activity. Human studies using in vivo magnetic
resonance imaging (MRI) have also found differences in white matter structure after learning a
complex task, such as juggling or playing the piano **. While MRI is generally considered
nonspecific to cellular-level changes, these examples coincide with the idea that new myelin is

formed preferentially on circuits being activated during learning.



1.2 Noninvasive imaging of the brain

MRI uses strong magnetic fields and radiofrequency signals to manipulate hydrogen nuclei (i.e.,
protons) within the abundant water reservoirs of biological tissues. When a person is placed
inside the magnetic field of a scanner, a very tiny percentage of hydrogen protons align along the
direction of the external field (Bo). Radiofrequency waves are applied in short bursts, or pulses,
at the resonance frequency of hydrogen to specifically excite the aligned protons; after which,
they re-emit signals also in the form of radiofrequency waves. MRI resonance frequencies are
proportional to the strength of the magnetic field. As such, magnetic field gradients (in addition
to Bo) are used to introduce subtle variations in field strength across the imaging slice, thus
allowing for the localization (via changes in frequencies) of hydrogen protons. Based on the
nature of these signals, we can then infer the local magnetic environment and densities of the
many trillions of hydrogen protons within an imaging plane. These signals are ultimately
transformed into the varied contrasts seen in an MR image.

The spatial resolution of an MR image (i.e., voxel size) is typically ~ 1 mm? for clinical
scanners, which is roughly three orders of magnitude greater than the cellular structures within a
voxel. For example, one cubic millimeter of cortical gray matter is densely packed with neuronal
cell bodies and dendritic processes, as well as 10,000 to 60,000 axons, blood vessels, intra-
cortical myelin, and glial cells ***#’. Improving image resolution (i.e., smaller voxels) is of great
interest to better resolve tissue types. Ultra-high field scanners (7 T and above) have achieved
~250 pm in-plane resolution in living human brain; however, decreasing voxel size requires a
tradeoff of technical and practical constraints and is still unable to achieve the resolution of

cellular features, such as myelin thickness and axonal structure *®. In any event, MRI allows for

10



the visualization of brain macrostructure in exquisite detail, which has led to its widespread use

for studying white matter in the brain.

1.2.1 Techniques for studying white matter and myelin in vivo

MRI methods have been developed to study different characteristics of white matter. The
hydrogen protons of myelin proteins and lipids do not contribute to the observed MRI signal, but
may affect it indirectly. This section will briefly discuss the basic contrast mechanisms of MRI,

and how we can use this information to visualize and infer changes in white matter structure.

“MRI is magnetic interrogation of tissues: We ask a question of the tissues, listen to the

body’s answer, and analyze the response.” (William Oldendorf, 1991) 4

The “question” in MRI is asked by the design of the radiofrequency (RF) pulses, gradient
changes in the static magnetic field, and acquisition parameters of the imaging sequence.
Sequences can be quite complex, e.g., using different pulse types and amplitudes, repetition
times, echo times, etc.; while attempting to elicit specific information from tissues. After the RF
pulse sequence is applied, hydrogen protons begin to lose energy as they relax back to their pre-
stimulated state. This process is described by changes in net magnetization, or the vector sum of
all signals from the hydrogen protons. The magnetization can be analyzed in terms of two
component vectors. First, the longitudinal component reflects the loss of energy due to the
realignment of protons with Bo. Independent from energy losses, protons are locked in phase
immediately after the pulse, and oscillate (precess) at the same frequency. Second, in-phase

precession does not last for long due to the molecular interactions. As such, the transverse
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component measures the rate of de-phasing of hydrogen protons. Depending on tissue
composition within a voxel, the protons will experience different rates of longitudinal and
transverse relaxation as described by their time constants - T and T». In addition, T> dephasing
can be accelerated by non-uniformities in the magnetic field (T2’). The combined effects of T>
and magnetic field distortions (T>”) are called T>*. There are other mechanisms that contribute to
image contrast, such as magnetization transfer, chemical shift, diffusion, and others. The
complex interaction of these mechanisms is the “body’s answer” to its magnetic environment. To
interpret the “response,” we have to go back to the question. That is, depending on what kind of
method (pulse sequence, gradients, and acquisition parameters) is used to excite the tissues, will
result in a specific kind of signal behavior, and thus direct what kind of analysis should be
performed.

Ti-weighted imaging and diffusion weighted imaging are common techniques used to
study white matter. Ti-weighted images have excellent soft tissue contrast, as they are
“weighted” for the best visual presentation of different tissue types. The analysis of these images
typically includes segmentation of gray and white matter structures to assess average lobar or
cortical volumes. This technique can provide a macroscopic view of white matter changes, and
has been used extensively in longitudinal studies. However, this contrast is sensitive to a
combination of effects, including myelin content and cellular density *°, as well as changes in
relaxivity due to variations in water content and scanner parameters '. Conversely, diffusion
weighted imaging measures the net displacement of water protons over a set period of time. If
the diffusion time is sufficiently long, the random motion of water will be hindered by the
surrounding microstructure of tissue. This is especially apparent in white matter, as myelinated

axons are organized into long fiber bundles. Diffusion weighted images can be modeled as a
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tensor, and various metrics, such as fractional anisotropy and mean diffusivity, are then
calculated to describe the directionality of this behavior °2. The diffusion metrics are also
sensitive to many biological factors, such as myelination, density and number of axons,
membrane permeability, and intra-voxel dispersion of fibers >. A pervasive issue with both of
these techniques is that a range of cellular features can lead to similar changes in signal intensity.
For this reason, alternative imaging techniques are being investigated for imaging myelin in
human brain. Two such techniques were chosen for use in this thesis, myelin water and

magnetization transfer imaging, and are described below.

1.2.2 Myelin water imaging

Standard imaging techniques assume water is well mixed within each voxel, and can be
represented by a single T or T» value. This is not the case in white matter, as water is
temporarily restricted to distinct cellular environments by multi-layered myelin membranes.
Vasilescu et al (1978) demonstrated the presence of three experimentally distinct T2 relaxation
components in myelinated frog nerve 3*. Using nuclear magnetic resonance (NMR), T> values
were acquired at multiple time points (echo times) to produce the full evolution of T signal
decay. Transverse relaxation resembles an exponential decay function as increases in dephasing
contribute to signal loss over time. The Vasilescu study fit a multi-exponential function to the T>
signal, and found fast, intermediate, and slowly relaxing components. The authors suggested
these rates were from water associated with proteins and phospholipids, axonal water, and water
outside myelinated axon, respectively. MacKay et al. (1994) published the first in vivo human
study using multiple spin echo imaging to measure T, relaxation in white matter >°. The multiple

spin echo technique acquires 32 echoes at short intervals of 10 ms. They identified both short (T
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= 10-40 ms) and long (T2 = 70-100 ms) relaxation components, which were attributed to water
between myelin bilayers and water inside and outside of the axon, respectively. From this, the
myelin water fraction was defined as the ratio of myelin water signal to total water in a voxel.
Subsequent studies using this approach demonstrated that myelin water fractions were positively
correlated to myelin content in peripheral nerve, injury models, and post mortem tissue in
healthy and diseased brains **-¢-5% However, standard methods for quantifying this parameter
are limited by long measurement times, low signal-to-noise ratio, and poor reproducibility >,
Similar to T2-based methods, multi-exponential behavior has also been observed in T>*
of white matter and has been recently developed to model in vivo myelin water fractions ®1~%*, As
mentioned, T>* represents the combined effects of T2 and T2’ and is sensitive to non-uniformities
in the magnetic field. Non-uniformities often manifest as unwanted distortions, resulting in
signal loss or artifact across an image. However, there are also non-uniformities at a sub-voxel
level that arise from the magnetic susceptibilities of tissues %°. Magnetic susceptibility refers to
the ability of materials to become weakly magnetized (relative to water) when exposed to an
external magnetic field (i.e., Bo) . As hydrogen protons are sensitive to their magnetic
environment, the observed MR signal, as measured with T>*, will reflect the susceptibilities of
the surrounding tissue. This property may offer unique insight for distinguishing the fast relaxing
component attributed water associated with myelin, as the lipids and proteins of myelin are
weakly diamagnetic (i.e., they faintly oppose the field). In addition, the orientation of myelinated
fibers to the main magnetic field has been shown to influence the resonance frequency
distributions of cellular water compartments. In a study by van Gelderen et al, investigators
creatively demonstrated that the orientation dependence of fiber tracts was related to the

anisotropy of magnetic susceptibility of white matter. For these experiments, a sample of

14



myelinated spinal cord was suspended in a strong magnetic field ®’. The orientation of the sample
was turned by a fixed amount and measured for orienting effects, i.e., if the sample would
reorient itself along the direction of Bo. This was indeed the case, and demonstrated that the
sample had a preferred orientation to the magnetic field. The origin of anisotropic magnetic
susceptibility is thought to correspond to the remarkably well-ordered structure of myelin due to

the tight packing of lipid bilayers and the radial orientation of individual lipid molecules %*%3,
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Figure 1.3 Water molecules between myelin bilayers. Myelin membranes are multi-layered,
semi-permeable boundaries that functionally separate the axon from the extracellular matrix.
While each layer is tightly compacted, water molecules exist and diffuse between layers. The
diffusion of water is assumed to be slow relative to the time scale that MRI images are acquired.
The rings are myelin wraps, and the inset box is water trapped between the outer surfaces of the
phospholipid bilayers. The relaxation of myelin-associated water is fast relative to the relaxation
of water inside the axon or in the extracellular space. Figure adapted from (water not to scale) *.




In addition, myelinated axons are often assembled into coherent tracts, contributing to the macro-
to micro-level organization of white matter. Most importantly, orientation dependence of
magnetic susceptibility may be useful for extracting cellular-compartment information in
myelinated tracts. For example, both theoretical and experimental studies have shown frequency
shifts attributed to myelin water are larger for fibers perpendicular to the static field versus those
in a parallel orientation %8,

Using a multi-echo gradient sequence (MGRE), both T>* information and resonance
frequency shifts can be acquired in white matter. The basic principles of multi-compartment
modeling remain, where the relaxation of water in myelin layers is assumed to be fast relative to
other water pools. The key differences are that these tissue parameters are sensitive the magnetic
susceptibility of myelin composition and orientation of fiber tracts within the static field. The
MGRE sequence acquires multiple echoes at very short spacing ~ 2ms. It has several advantages
to the multiple spin echo sequence, such as reduced scan time, lower sensitivity to RF pulse
inhomogeneities, and a low specific absorption rate (i.e., the amount of energy that can safely be
applied to a person). These features allow for MGRE imaging of myelin water to easily translate
to high magnetic field strengths where increases in MR signal help to distinguish between water
compartments. Of note, this technique assumes that water is trapped and temporarily divided into
three water compartments with distinct T>* and frequency shifts: water within myelin layers,
inside the axon, and in the extracellular spaces. This is due to the multiple wraps of lipid bilayers
forming a semi-permeable boundary to the diffusion of water (Figure 1.3). As an analogy,
imagine being trapped in a spiral maze made of tall, dense corn stalks. To get to your destination,
you have two options: either stay on the path of the maze (easy), or plow through the dense corn

stalks to skip to the other side. It would take time and energy to cross the layers of corn. Myelin
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membranes are thought to slow the diffusion of water, but do not stop it completely. The time
frame these data are acquired is assumed to be less than the time needed for a significant fraction
of water to cross the myelin bilayers and mix with the surrounding pools. For this thesis, multi-
compartment modeling of MGRE data will be tested for its utility as a relative estimate of myelin

content in human brain.

1.2.3 Magnetization transfer imaging

The magnetization transfer (MT) approach is based on the assumption of two hydrogen
proton pools. First, there are mobile hydrogen protons bound to water molecules (WP), i.e., the
source of typical hydrogen-based MRI contrast. Second, there are non-water hydrogen protons
bound to larger molecules, such as phospholipids of membranes, proteins, and other cellular

constituents. Myelin is rich in lipids and proteins 7*7!

, and provides an abundant source of non-
water, or macromolecular protons (MP). MPs are difficult to image directly, due to their
extremely rapid relaxation times (50 us < T> < 1 ms) 2. To estimate the relative fraction of MPs,
MT experiments assume the exchange of energy between each pool after a specialized RF pulse
73, This “MT pulse” is used to saturate the MPs while minimally affecting the WPs. Over time,
the MPs exchange their magnetization with the WPs, resulting in a decrease of observed T}
contrast in tissue. The magnitude of this decrease is proportional to the type and volume of
macromolecules contributing to MT effects.

The earliest example of this effect was shown in 1963, where investigators measured the
exchange rate of chemical reactions '*. A later published explanation proposed that there was

cross-relaxation of water protons with non-water proton pools ”°. In 1989, Wolf and Balaban

were the first to measure this effect in vivo using MRI, which became the basis for MT contrast.
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In a typical MT experiment, there are multiple series of pulses to establish a fixed equilibrium, or
steady state, in magnetization between the WP and MP pools. This technique has been shown as
a sensitive measure for myelin content; however, it is highly dependent on sequence parameters,
and can be susceptible to inconsistencies or errors across scanning sessions. In addition, steady-
state MT techniques have long scan times when acquiring quantitative estimates of myelin

content.

Figure 1.4 Water molecules and non-water protons bound to myelin. Schematic of hydrogen
protons attached to water molecules (oxygen in red, hydrogen in blue) and non-water protons
(hydrogen in blue) attached to myelin layers. The non-water, or macromolecular protons, are
magnetized with a specialized RF pulse at the beginning of an MT experiment. The
magnetization of macromolecular protons transfers to the water pool, which is imaged using
MRI. Myelin membranes are a significant source of macromolecular protons throughout the
brain, however, other membranes, proteins, and cellular structures also contribute to the non-
water proton pool. Figure adapted from 76,
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An alternate and faster approach is to measure the transient change in magnetization, by
applying a single pulse, then acquiring imaging data at variable delay times after the pulse """~
7. Each delay represents a different point in the equilibration of magnetization from MP to WP.
As such, a two-pool model of exchange can be used to fit MP and WP signal evolution to extract
an estimate of MP pool size and thus, an indirect measure of myelin content 7+30,

The myelin water and magnetization transfer imaging techniques described above offer
novel opportunities for increased sensitivity for the MRI-based measurement of myelin in vivo.

For this thesis, the reproducibility of each technique was assessed for application to a

longitudinal study of adolescent development.

1.3 Adolescent development

Adolescence is a dynamic period characterized by physical, cognitive, and social
maturation. The adolescent brain is inherently plastic to accommodate for typical growth and
new experiences, but is also vulnerable to dysfunction 8!. Adolescence is the peak time for
clinical onset of mental illnesses, many of which remain into adulthood *2. Previous MRI studies
have described a ~30% increase in white matter volumes, and ~ 8% increase in FA of white
matter tracks from childhood to early adulthood 3>#*%, White matter increases have been
interpreted as the continued myelination of tracts and cortical regions throughout development.
These regions are in part supported by oligodendrocytes that are increasingly complex (more
extensions and less wraps) the later in life they differentiate 2’. These oligodendrocytes place
high metabolic demands on the system, and are vulnerable to various disturbances. Myelin is
necessary for optimizing the speed and synchrony of neuronal circuits; therefore, decreases or
delays in myelin from typical patterns during adolescence are thought to coincide with cognitive

dysfunction, or more seriously, mental illness >°.
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From histological studies, we know later myelinating regions include areas important for
multimodal integration, such as pre-frontal cortices and associated white matter tracts 2. These
studies are of great value due to the specificity to myelin; however, small numbers, static effects,
and variability from the fixation process limit post-mortem results. The advent of MRI has been
useful for comparisons of living human white matter. Unfortunately, standard techniques are
insensitive to myelin, and there are mixed results as to the relationship of white matter,
cognition, and genetic and physical factors, such as sex and puberty. Many studies include only
small, cross-sectional samples, and could be improved using a longitudinal design. In this way,
fewer subjects are needed to detect an effect, and can be related to change in age.

This thesis will investigate the application of a MRI-based myelin-sensitive approach to
study longitudinal change in adolescent development. Characterizing typical myelin development
as it relates to cognitive function is important for interpreting individual variability, and

ultimately applying this information to elucidating mechanisms of dysfunction.

1.4 Thesis objectives

The remainder of this thesis focuses on testing the reproducibility of these techniques and
whether they are ready for application to longitudinal studies of adolescent development. In
Chapter 2, I examine the extent to which the MGRE method can be used on a clinical-strength
MRI scanner by comparing the results of the method using two scanners (3 T and 7 T). This is of
importance since clinical and research studies have begun to adopt this technique even though it
has not been fully ascertained that the modeling is stable when the signal is acquired with a less
powerful magnet. In Chapter 3, I compare the reproducibility of the MGRE method to the MT
method in a cohort of healthy adolescents. It is important to establish the precision of each

method, to select the best candidate for detecting underlying myelin content in tissue. For
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Chapter 4, I apply the MT method to study longitudinal change myelin content during adolescent
development. Finally, in Chapter 5, I provide an overall summary and conclusion regarding the

use of these methods for future studies.
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Chapter II. Comparison of gradient echo myelin water
imaging at 3 and 7 tesla

2.1 Overview

Previous ultra-high field magnetic resonance imaging (e.g., 7 T) studies have demonstrated
multi-exponential behavior of T>* signal decay in vivo human white matter as attributed myelin,
axonal and interstitial water compartments. While 7 T MRI has an inherent advantage of
improved signal strength, 3 T is a more common field strength with greater potential for clinical
and research applications. To evaluate the performance of this approach at 3 T versus 7 T, we
acquired in vivo multiple gradient echo (MGRE) images to derive myelin estimates based on a
multi-compartment T>* relaxation model in four white matter regions of interest. Myelin
estimates were less precise at 3 T than at 7 T; however, 7 T values were consistently lower than
previous estimates of myelin content using similar techniques. This was unexpected, and
unfortunately due to artifact during image acquisition. Simulations demonstrated 3 T fitting
results were dominated by noise, and ultimately unreliable for separating axonal and interstitial
component parameters. Constraining model parameters based on a priori information improved
precision at 3 T, but led to inaccurate estimates of the myelin parameter. These results indicate
that multi-compartment modeling of T>* relaxation at 3 T is not sensitive enough to detect

myelin-specific signal contrary to what much of the literature assumes.
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2.2 Introduction

White matter in the central nervous system is comprised primarily of neuronal axons, many of
which are tightly encapsulated by myelin sheaths. Myelin is made primarily of lipids and some
proteins, and up to one-third of myelin thickness is due to water trapped between individual
membrane wraps >®’!. Myelin content changes throughout the lifespan, and is vulnerable to
damage from metabolic insult in typical aging and various disease pathologies. As such, there is
a strong clinical and research motivation to develop methodologies to quantify myelin content in
the living human brain. The structural components of myelin membranes are difficult to image in
vivo directly using MRI based techniques, as hydrogen protons of lipids and proteins have
incredibly short relaxation times on the order of microseconds (50 ps < T2 < 1 ms) 7%, To
circumvent this challenge, MRI techniques have been developed to extract information that is
unique to water compartments within and around myelin layers. The fraction of water within
myelin layers (versus other waters) can be assessed and used as an estimate tissue myelin
content.

MacKay et al performed the first in vivo human MRI experiments to estimate a myelin
associated water fraction using a single-slice multiple spin-echo (MSE) MRI sequence *°. Multi-
exponential analysis of T2 relaxation decay identified a rapidly relaxing myelin water component
(T2 = 10-40 ms) and a slowly relaxing, intra/extracellular water component (T>= 70-100 ms) .
Based on the relative amplitudes of these components, the “myelin water” fraction was estimated
and proposed as a measure of myelin density. The traditional MSE sequence acquires T> decay
curves across 32 echoes, with echo spacing of approximately 10 ms (range in echo times = 10 ms
— 320 ms). The decay curves are then modeled with a nonnegative least squares (NNLS) fitting

algorithm to estimate multi-component T2 values and amplitudes. The NNLS algorithm makes
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no assumptions as to the number water pools, although typically returns two to three components
5560 This approach has long been considered a gold standard in the field, as many studies have
shown this parameter to correlate with histological measures of myelin content 3%, However,

there is mixed consensus regarding the reproducibility of this technique 8>3

, potentially due to
the high sensitivity of NNLS model fitting to noise (low signal-to-noise ratio/SNR) and errors.
Novel strategies have been developed to improve myelin water estimation, such as smoothing the
T> distribution (regularization), or constraining the range of T> relaxation times for each water
component °“87_ In addition, sequences have been implemented to improve data collection, such
as with fast whole-brain T» acquisitions *, or for modeling different contrast mechanisms, such
as multi-component fitting of simultaneously acquired T1 and T> %.

Similar to T2-based methods, T>* relaxation exhibits multi-exponential behavior in white
matter and has been recently developed as a novel method for detecting in vivo myelin water
fractions %1764, T,* is comprised of both intrinsic T and intra-voxel phase dispersions (T2”)
induced by non-uniformities in the magnetic field. T2’ accelerates T2 signal decay and its effects
are intentionally reversed in MSE imaging to prevent bias and artifact from non-local field shifts
(unwanted distortions). However, non-uniformities also exist at sub-voxel level that may offer
unique insight into the cellular composition and structure of biological tissues. These tiny field
distortions are generated from microscopic variations in the magnetic susceptibilities of certain
tissues. Magnetic susceptibly quantifies the ability of materials to concentrate or distort a
magnetic field ®. The lipids and proteins of myelin weakly oppose the magnetic field, which
contributes to the compartment-specific T>* and frequency shifts (small offsets relative to the
resonant frequency of hydrogen protons) observed in white matter. Susceptibly effects are also

sensitive to the orientation of myelinated axons in the magnetic field. This may be due to the
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unique molecular ordering of myelin, where membranes are tightly wrapped in compact layers
with individual phospholipids orienting radially toward the axon. For example, fiber bundles
oriented perpendicularly to the magnetic field have distinct compartment-specific frequency
offsets, which almost completely disappear for parallel fibers ®*. Compartment-specific
relaxation and frequency offsets can be measured using a multiple gradient echo (MGRE) MRI
sequence. MGRE images are obtained with a short first echo time and narrow echo spacing %64,
Each echo time provides a complex image of the amplitude and phase corresponding to T>*
relaxation. The phase is filtered to remove non-local effects (i.e., unwanted distortions due to
susceptibility differences), and results are analyzed by fitting a three component multi-
exponential model to the complex data. In contrast to NNLS, this model assumes a fixed number
of pools for myelin water, axonal water, and interstitial water. The three-pool model is based on
numerous in vivo and histological experiments, and may infer useful information for
characterizing non-myelin water components .

MGRE MRI has several notable advantages to the MSE approach. First, scan times are
shorter and allow for higher spatial resolution. MGRE is also less sensitive to radiofrequency
(RF) pulse inhomogeneities and has a lower RF power deposition. As such, MGRE can easily
translate to high magnetic field strengths (e.g., 7 T) to benefit from improved SNR and tissue
contrast **°!, In particular, high field MGRE imaging has increased susceptibility contrast, and
thus, higher likelihood of accurate parameter estimation . Unfortunately, MGRE is also more
sensitive to non-local field disturbances. While certainly not limited to high field, these effects
are more pronounced at 7 T than 3 T. Some notable issues include field fluctuations due to
respiration *2, large differences in susceptibility values near air-tissue boundaries causing wider

signal loss/dropout, sensitivity to static field distortions at the start of an experiment, and
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unexpected shifts in the magnetic field due to gradients being quickly pulsed on and off (e.g.,
eddy currents) 2.

Studies of MGRE-based myelin water estimation have been previously investigated at
both 3 and 7 T using complex data. While 7 T benefits from improved SNR and susceptibility
contrast, it is currently unclear if the 3 T application of this method is sufficient to resolve each
water compartment. As this technique becomes more widely available, it is relevant to test the
feasibility of multi-compartment fitting at the clinical field strength of 3 T. For this project, we
will investigate whether or not myelin, axonal, and interstitial water compartments can be
adequately resolved at both 3 T and 7 T field strengths and investigate their relative advantages.

To test this, MGRE data were acquired in healthy adult participants at both field strengths. In

addition, we used numerical simulations to evaluate model performance for both field strengths.

2.3 Methods

2.3.1 Participants

One group of healthy adults was scanned at 3 T (n=8 females, n=7 males, ages 21-49, mean age
28.4) and another at 7 T (n=9 females, ages 23-49, mean age 30.5) scanners (Siemens 3 T Skyra
or a Siemens 7 T; Erlangen, Germany) using 32-channel receive-only RF coil arrays. Four
female participants were imaged as part of both groups. Three participants were excluded from
analysis due to artifacts that occurred during acquisition (n=2, 3 T; n=2, 7 T). Participants had no
reported history of neurological or psychiatric illness. All participants provided informed consent

in accordance with the Institutional Review Board of the National Institutes of Health.
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2.3.2 MRI acquisition

A custom MGRE sequence * was developed to map the evolution of the amplitude and phase
components of T>* signal decay over time. At 3 T, 30 positive-only echoes were collected with
echo times (TEs) ranging from 3.3 to 58.2 ms and an echo spacing of 1.92 ms. At 7 T, 38
positive-only echoes were collected with TE ranging from 2.3 to 62.7 ms and an echo spacing =
1.6 ms. Both 3 T and 7 T used the same parameters for repetition time (TR) = 1,000 ms, voxels
with an isotropic resolution of 1.5 mm?, and bandwidth set to 250 kHz. The flip angle was either
60° or 70° for both field strengths. Nine to fifteen slices were acquired in axial orientation,
coplanar with AC—PC to cover the corpus callosum. Most scans were repeated five times, with
the exception of two 3 T scans that had only three repetitions. The total scan time for all five

repetitions was 10 minutes (i.e., 2 minutes per repetition).

2.3.3 Data processing
Complex-valued images were generated to provide an amplitude and phase at each voxel for
each echo time. The phase images were preprocessed in two steps to remove non-local

susceptibility effects. First, a linear phase offset term ( ¢ ) was calculated over time (TE) and

subtracted from each voxel included in the analysis. Second, to correct for eddy-current effects, a
whole slice phase map was calculated for each echo independently to remove spatially linear
phase variation. A single rater (E.P.R.) visually inspected all repetitions for remaining artifact or
motion distortion. Anterior regions were more sensitive to field inhomogeneities, due to
susceptibility distortions based on their proximity to air-tissue interface (e.g., around the

sinuses). SNR was measured from the first echo and first repetition of the magnitude images, and
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divided by the square root of a pre-scan noise measurement. After phase correction, scan
repetitions were averaged to improve SNR and stability.

Four white matter regions of interest (ROIs) were manually drawn on magnitude images
at TE=60 ms (3 T) and TE=43 ms (7 T) to optimize gray and white matter contrast. ROIs
included a bilateral optic radiation (OR), splenium (SCC) and genu (GCC) of the corpus
callosum, and a bilateral mid-frontal white matter region (FLWM) (Figure 2.1). These regions
were selected to be perpendicular to Bo to minimize variability due to the orientation dependence
of myelinated fiber tracts 46768, ROIs were drawn across three contiguous slices, and signal was
averaged across all voxels and slices for each ROI. Due to the limited slice coverage, the OR was

not present on one scan at each field strength (3 T, 7 T).

Figure 2.1 Region of interest selection on T:*-weighted magnitude images. Regions were
defined on T>*-weighted magnitude images at 3 T (30th echo, TE=60 ms) (A, B) and 7 T (25th
echo, TE=43 ms) (C, D). Starting from the most posterior region, ROIs included OR (red), SCC
(magenta), GCC (turquoise), and FLWM (orange). OR was typically ventral (inferior) to the
other three regions.
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2.3.4 In vivo analysis and parameter estimation

Signal decay curves (amplitude and frequency shift) were compared between the two groups
acquired at different field strengths for each of the four ROIs (Figure 2.2). The signal amplitude
represents the apparent T2* signal intensity measured at each echo time from the magnitude
images. After filtering out nonlocal field effects, the frequency shift was calculated as the change
in phase over time, and represents the nonlinear shift in mean resonance frequency (relative to
water). These signals are sensitive to compartment-specific changes in susceptibility, which can
be observed even prior to complex model fitting. For example, white matter fiber tracts that are
perpendicular to the main field have faster T>* relaxation at later echoes (measured by the
apparent loss of signal amplitude); whereas frequency shifts have rapid, initial offsets within the
first 10 ms of the experiment. This nonlinear evolution in frequency shift is of particular interest,
as it does not represent the pattern seen in nonlocal effects (i.e., unwanted distortions) that tend
to vary linearly with echo time. The nonlinear shift in frequency is thought to relate to
microstructure, and in particular the magnetic susceptibly of myelin composition and molecular

ordering.

S = (Ale(—RZJHZTEAfl)t +Aze(—R;_2+i2nAf2)t +A3e—R;_3t)ei(znfgt+<p) [1]

A three-component model was fit to complex-valued signal (S), where i was the

imaginary unit, A, the amplitude, R;,, the relaxation rate, Af, the frequency shift calculated as

relative to global/interstitial frequency, fg, and 9 the phase offset. Components 1, 2, and 3

63,93

correspond to myelin, axonal, and interstitial water, respectively. Previous experiments were

used to define “first guess” starting values for nine parameters to initiate model fitting (Table
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2.1, INIT). The interstitial water frequency shift was assumed to be on resonance and set to 0 Hz.
The initial starting values do not directly correspond to ROI-based estimates modeled in these
data, but help to refine the otherwise slow optimization process during subsequent steps. The
initial search range was +£30% from each first guess value (INIT), then optimized over a series of
iterations (search range = +30%) that refined every component by minimizing the sum of squares
of the residue of the fit for a given range of its parameters . The search was limited to positive
values for the amplitudes and relaxation rates. Model optimization was terminated once residues
could no longer be reduced. To account for the lower signal strength (and thus lower signal-to-
noise ratio) of echoes at increasing TE, the signal amplitude was used as a weighting factor to
prioritize early echoes. Subject-averaged model parameters are reported for each ROI. To
investigate differences in model performance at each field strength, we reported ROI-averaged
model descriptors, such as goodness of fit and root-mean-square error (RMSE), in addition to
voxel-wise SNR and tissue volumes. And finally, we compared the multi-exponential and mono-
exponential (individual components) fitting results and model residues for a single volunteer
scanned at both field strengths. The residues are a visual representation of model error (fit-data)
over echo time. Large, or systematic deviations in the residue indicate certain signal
characteristics are not captured by the model, such as susceptibility contributions, or even

nonlocal effects from field distortions.

2.3.5 Numerical simulations
Simulations were performed to investigate the influence of noise on the precision of model
performance for each field strength. Complex-valued T>* decay signals (using Eq. 1) were

generated from tissue parameter sets acquired previously from human subjects at 3 Tand 7 T
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(see Table 2.1). These parameter sets corresponded to the average values of the four white matter
ROIs: OR, SCC, GCC, and FLWM. Gaussian noise was added incrementally to the simulated
input data at 0.1%, 0.2%, 0.3%, and 0.4% of the total signal. The lowest noise level (0.1%) was
selected to approximate ROI-averaged noise levels from the experimental data (3 T =~ 0.1%, 7
T =~ 0.05%). The three-compartment model was applied to each realization of added noise. This
was repeated 1,000 times for each ROI parameter set for each level of noise. The extracted
myelin amplitudes (A1, sim) were compared to a “ground truth” value, i.e., the myelin amplitude
used in generating the T>* signals (A1, tiss). Deviations from the ground truth (A1, siss) represent
error in model fitting. For each field strength, we examined 1) the accuracy of A1, sim When no
noise (0%) was added to the input signals, and 2) the relative magnitude and bias of errors for

Al sim.

Constraining some model parameters to a priori values can improve precision of the
freely fit parameters, but may introduce bias in the parameter(s) of interest. Nonetheless, this can
be advantageous in situations where either the constrained parameter is insensitive to model
fitting (and can be ignored with only small penalties), or the parameter of interest (A1) is
minimally affected by these errors. Either way, multi-exponential models are complex, and thus
susceptible to noise and error propagation during fitting. To reduce the complexity of the ten-
parameter model and test for improvements in precision of myelin estimates, we repeated noise
simulations (1,000 realizations for four ROIs, at four noise levels) while holding either axonal
(A») or interstitial amplitudes (A3) at their initial starting values (Table 2.1, INIT). Even though
amplitudes are highly correlated (i.e., an increase in Az will result in a decrease in A3), either

value may influence myelin water estimation (A1) to a different extent.
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Multi-exponential fitting of 7 T data has an inherent advantage over 3 T due to enhanced
susceptibility contrast and higher SNR. To confirm this and compare model performance
between field strengths, we constrained parameter estimates to incorrect values during the fitting
routine. No noise was added to these data in order to isolate contributions from individual
parameters. When including incorrect values, there should be increased error (i.e., the difference
of model fit and simulated data), which varies depending on the sensitivity of each parameter
during the fitting process. The root-mean-square error (RMSE) was calculated for each trial to
represent the magnitude of error for each incorrect value. RMSE was expected to scale relative to
the magnitude of the inaccuracy in the parameter estimate (i.e., a larger deviation from the true
value would result in a larger error), but it was unknown what the magnitude of the error might
be between field strengths, and which parameters were the most/least sensitive to these
deviations. Noise-free, complex-valued T>* decay signals (using Eq. 1) were generated from the
ROI-averaged SCC tissue parameter set at 3 T and 7 T (see Table 2.1). The SCC was selected for
these simulations, as it has been previously used as a model region for multi-exponential
modeling in white matter. SCC is an easily defined tract, and located far from susceptibility
artifacts due to the anterior sinus cavities. The ROI-averaged SCC tissue parameter sets (i.e., the
same values used to generate the signal) were used as initial starting conditions. Therefore,
model fitting was able to compute the exact solution when allowing all parameters to freely fit
the data (no constraints). The deviations in parameter estimates were calculated in small
increments of + 2.5% from the true value, up to a maximum of + 15%. One parameter was fixed
per simulation, and the RMSE was calculated for each trial. The f; and 9 were not included for

these simulations as they were assumed to be at or near on-resonance throughout the experiment.
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2.4 Results

2.4.1 In vivo analysis

Signal amplitude decay was similar for all fiber tracts, with only small deviations seen in
later echoes (~ TE=20 ms) at 7 T. For the group scanned at 3 T, amplitude decay was slower and
frequency shifts were smaller, consistent with the reduced effects of susceptibility variations on
the T>* signal. The FLWM region had the smallest frequency offset for both field strengths.
While all ROIs were selected to be perpendicular to the main field, the FLWM funnels inputs
from several prefrontal cortical areas, and may have less defined fiber orientation relative to the
compact tracts of SCC, GCC, and OR. This study did not acquire diffusion tensor imaging to
confirm the orientation of fiber bundles to the magnetic field; thus, differences in head
positioning may partially contribute to between subject variance at each echo time. The most
notable and unexpected finding, however, was that frequency differences for 7 T had extremely
high variance at each echo time compared to the group at 3 T. When examining the phase data,
these images had periodic, wave-like artifacts (like a wiggle) throughout all scan repetitions and
subjects. The periodicity and amplitude of the artifact was semi-irregular, making it difficult to
correct for during image processing. Different image resolutions (1 mm?, 1.5 mm?, 2 mm?®) were

examined to mitigate this effect, but it was present throughout (data not shown).
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Figure 2.2 Subject-averaged amplitude and frequency curves. Normalized signal amplitude
(A, C) and frequency shifts (B, D) in four white matter ROIs averaged over all subjects. Error
bars denote standard deviations. Frequency differences were calculated as the change in phase
evolution over echo time where TEg (3 T = 34 ms; 7 T = 2.3 ms) was used as reference.
Frequencies were shifted to start at 0 Hz to observe the relative change in each ROI. The y-axis
is set to different values for panel B and D to distinguish small differences in frequency shifts
between regions.

Average parameters for 3 T and 7 T data are presented in Table 2.1. Amplitudes were
defined as the relative fraction of each water compartment to total water, and can be directly
compared for groups scanned at different field strengths. Larger R>* values indicate shorter T>*
relaxation times, with increases in R>* assumed to be approximately linear to increases in field

strength. Frequency shifts are also greater at 7 T (see Figure 2.2; B, D), but were converted from

Hertz to parts per million (ppm) to compare between field strengths (Table 2.1).
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Table 2.1 ROI-based fitting results of the three-compartment model. Initial starting
conditions (INIT) were determined from previous experiments in SCC (7 T) and assumed to be
appropriate for 3 T as well (adjusting for field strength). Mean (Av) and standard deviation (SD)
of three-component fitting results are shown for four white matter ROIs. A, is the relative
amplitude (%), R; ,, the relaxation rate (Hz), and f, the frequency shift (ppm) of component n.
Myelin and axonal water frequency shifts were adjusted relative to a global/interstitial water
frequency set to 0 ppm. The OR was not present for two subjects because slice positioning was
too high.

Myelin Axonal Interstitial
By N ROI A Ry, A A Ry, AMf As R4
3T - INIT 16 80 0.08 43 20 -0.03 41 24

13 OR Av 12.1 81.0 0.08 39.0 13.8 -0.05 51.3 18.4
SD 2.0 4.5 0.01 2.5 1.0 0.004 2.1 1.1
14 SCC Av 138 82.7 0.06 523 11.4 -0.06 36.2 20.2
SD 2.9 5.6 0.01 7.5 1.5 0.007 5.4 2.5
14 GCC Av 10.0 74.5 0.08 44.9 13.9 -0.06 473 20.2
SD 3.8 13.2 0.03 9.0 2.2 0.008 7.3 2.5
14 FLWM Av 8.7 68.9 0.08 39.1 15.4 -0.04 54.1 17.5
SD 5.5 14.4 0.03 4.1 1.5 0.007 5.9 3.3

Myelin Axonal Interstitial
By N ROI A Ry, A A Ry, Af As R}
7T - INIT 16 160 0.07 43 24 -0.02 41 38
6 OR Av 8.6 123.0 0.12 23.4 24.1 -0.03 70.3 35.3

SD 1.7 214 0.02 5.7 4.3 0.003 5.2 3.7

7 SCC Av 12.2 158.9 0.08 45.8 24 .4 -0.04 45.1 40.3

SD 1.2 9.8 0.01 6.7 2.0 0.004 6.9 2.5

7 GCC Av 43 &1.9 0.10 34.7 30.2 -0.04 63.3 41.8

SD 2.1 40.4 0.04 5.6 5.6 0.003 4.1 3.2

7 FLWM Av 5.6 151.4 0.09 28.8 25.8 -0.03 67.7 35.6

SD 1.5 22.6 0.02 11.8 4.9 0.002  12.0 4.0
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All participants were healthy adults, and had no indications of white matter abnormalities
when participating in this study. As such, we expected amplitudes to have similar ROI-based
estimates between field strengths. This was not the case, as 7 T had consistently lower A and Az,
(thus higher A3), for each ROI measured. In particular, average A values for GCC and FLWM
were ~ 5% at 7 T. The 7 T GCC also had significantly low R>* values for the myelin component,
indicating this region was unreliable for detecting the myelin component. At 3 T, A; was more
consistent between regions, but had a two-fold higher variance than the group scanned at 7 T. In
addition, the assignment of axonal and interstitial amplitudes was not consistent for 3 T data. For
example, the average SCC had increased A; relative to Az, while OR, GCC, FLWM had
decreased A relative to As. These differences might indicate poor sensitivity in differentiating
between each compartment. At 7 T, SCC had similar results for these components, however, A»
was significantly lower than Az for OR, GCC, and FLWM.

To examine the characteristics of the model fit in more detail, we examined myelin,
axonal, and interstitial results and model residues over echo time. We chose the SCC for this
comparison since it is expected to have the most consistent results. This comparison was limited
to one subject that was scanned at both field strengths. As seen in Figure 2.2, amplitude decay
was slower at 3 T, which corresponded to the smaller susceptibility effect of signal at 3 T. Model
residues were small at both field strengths, (scaled 100x), however, a systematic deviation was
observed in early echoes at 7 T 9. This non-random pattern of model residues was also observed
in OR, GCC, and FLWM across all volunteers at 7 T. These errors were reflected in the
composite metrics of model performance shown in Table 2.2, even as 7 T data had twofold

higher SNR as compared to 3 T.
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Table 2.2 ROI-based volumes, signal-to-noise ratios and model performance indices. Mean
and standard deviation (SD) are reported for each ROI volume, as well as voxel-wise SNR,
goodness of model fit (1-R?), and the ratio of RMSE to noise level. RMSE can also indicate
goodness of fit, and was contrasted with ROI-averaged image noise as a ratio. The OR was not
present on two subjects because slice positioning was too high.

Bo N ROI Volume, mm®> SNR 1-R?(E-04) RMSE/noise
3T 13 OR  439.0(77.7) 902 (93)  0.11(0.03)  1.1(0.2)
14 SCC  680.6(203.3) 759 (68)  0.12(0.03)  12(0.2)
14 GCC  482.1(743) 786 (57)  027(0.14)  1.5(0.3)
14 FLWM 4672(72.4) 922 (84)  0.09(0.04)  1.1(0.3)
7T 6  OR  3448(119.9) 228.6(122) 225244  7.6(5.1)
7 SCC  619.1(123.6) 191.7(11.3) 0.62(0.16) 4.9 (0.8)
7 GCC  463.8(117.0) 209.4(9.8)  2.85(329)  8.4(3.6)
7 FLWM 4952 (949) 2287(12.5) 131(0.88)  7.5(2.1)
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Figure 2.3 Amplitude decay curve and multi-exponential fit for one volunteer. Three-
compartment model fit results (symbols) of normalized signal amplitude (lines) in SCC for one
volunteer at 3 T (A) and 7 T (B). Model residue, scaled by 100 (res x 100) is overlaid for each
plot (dashed line). Mono-exponential fit results are shown for myelin (red), axonal (blue), and
interstitial (green) compartments. A noticeable non-random pattern is observed in the 7 T

residues.
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2.4.2 Numerical simulations

Figure 2.4 shows the percent difference of simulated myelin water amplitudes versus
expected tissue values for each level of added noise. Noiseless data demonstrated model fitting
for all tissue parameter sets was highly accurate at 7 T, (<1% difference), even when including
clearly deviating R; values for GCC. For 3 T, A; estimation was inaccurate, which was most
apparent within the range of experimental noise levels (0% and 0.1% added noise). The 3 T
myelin estimates were two times more variable than for 7 T (Table 2.3), indicating 3 T values
may be dominated by noise in experimental conditions. As such, 7 T data were more accurate
and reproducible for each ROL

Additionally, interstitial and axonal water amplitudes (A2, A3) were held constant at their
initial starting values during model fitting to test for potential improvements in precision of Aj.
While there were small reductions in variance at 3 T, myelin amplitudes were overestimated for
each set of ROI parameter values (see Supplementary Table 2.S1). At 7 T, fixing A> and Az did
not reduce variance, while again A; was overestimated for each parameter set. Thus, these
simulations showed some gains in precision only at 3T, especially for the 0.3 - 0.4% noise levels,

but at both field strengths fixing these parameters negatively affected A estimation.
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Table 2.3 Variance in myelin parameter estimation due to noise. The SD (absolute and
relative percentage) of myelin water amplitudes (A1) for simulated data with increasing levels of

noise.
0.01% 0.02% 0.03% 0.04%
BO ROI SD SD (%) SD SD (%) SD SD (%) SD SD (%)
3T OR 1.3 9.9 2.5 19.4 3.8 27.1 5.0 35.6
SCC 1.3 9.0 2.5 17.7 3.8 26.8 4.9 35.0
GCC 1.1 11.1 2.3 20.6 3.5 31.9 4.7 42.6
FLWM 1.5 15.4 2.9 28.8 4.0 40.3 5.1 51.0
7T OR 0.3 3.0 0.6 6.1 0.9 9.1 1.3 12.4
SCC 0.8 5.6 1.4 10.5 2.0 14.9 2.6 18.9
GCC 0.2 4.0 04 8.2 0.6 12.4 0.8 17.0
FLWM 0.5 8.7 1.1 17.4 1.7 26.1 2.3 34.9
200 200+
= 1001 =~ 100-
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Figure 2.4 Distribution of myelin water amplitudes due to noise. Tissue values obtained from
in vivo experiments (Table 2.1) were used in the forward model (Eq. 1) to test fitting accuracy
under conditions of additive noise for 3 T (A) and 7 T (B) data. Percent differences in myelin
water amplitudes (A1) were calculated for simulation results (Aisim), versus expected tissue
values (A1,iss). Each box plot marks the median (dot), the 25-75% inter-quartile range (box), and
the full data range (line). The dashed horizontal line (grey) on each plot corresponds to 0%
difference, or in other words a perfect fit. Each color corresponds to a different ROI.
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Fitting errors, as reported by RMSE, were used to indicate the sensitivity of individual
parameters when constrained to incorrect values (Figure 2.5). Therefore, high RMSE values
were preferred, indicating fitting was more sensitive to inaccuracies (i.e., the fixed, incorrect
value). For low RMSE values, individual parameters were deemed insensitive, as multiple values
could be used to produce similar solutions with no penalty. This is a dangerous scenario, as
incorrect estimates contribute to inaccuracies in the parameter of interest (A1). In Figure 2.5,
constraining 3 T A to +15% of its expected value (i.e., A1 +15%=16.3), resulted in an increase in
RMSE from baseline (leftmost graph in Figure 2.5, A). The same parameter increase of +15% in
A for 7 T simulations resulted in a larger increase in RMSE (relative to 3 T). These results
indicate 7 T model fitting was more sensitive to the perturbation of an inaccurate solutions (the
fixed +15% change in A1) over 3 T, and should provide better estimates of Ai. Most notably for
3 T, the axonal and interstitial components were insensitive to changes in these fixed parameters.
Sensitivity did improve when fixing an additional parameter, A3 for example, for all model

parameters at both 3 T and 7 T.
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Figure 2.5 Residual fitting error when using incorrect parameter estimates. Bar plots of 3 T
(top) and 7 T (bottom) RMSE generated while constraining individual starting parameter values
during model fitting. For each parameter, values were scaled in steps of up to + 15%. The dashed

horizontal line (grey) on each plot corresponds to a 0.1% noise level.

2.5 Discussion

This study compared the performance of a three-component model using T>* decay curves at 3 T
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and 7 T. The MGRE-based approach benefits from high field field strengths due to increased

SNR and susceptibly effects; thus, the 7 T results were used as a benchmark to compare the

application of this method at 3 T.

From the in vivo experiments, myelin amplitudes were up to four times more variable for

3 T; however, average 7 T myelin amplitudes (A1) were surprisingly low, ranging from 4.3 to

5.6% in anterior brain regions. A previous study at 7 T reported T>*-based A values in
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demyelinating lesions to be ~3-4 % versus posterior white matter tracts of ~10-15 % 3. In
addition, T2-based studies typically report ~10-15% myelin water fractions across various white
matter tracts °*. As such, the 7 T myelin amplitudes from these data were considered
unreasonable estimates of myelin content for healthy adult volunteers.

There are several potential causes of low A values at 7 T, in addition to the large
difference in variance between groups. First, anterior regions are difficult to image using T>*-
based techniques due to signal loss near the anterior sinus cavities. In addition, these artifacts
increase linearly with field strength, and may contribute to unwanted variability in myelin
estimates. This was apparent at 3 T, where standard deviations of A were increased for anterior
(GCC, FLWM) relative to posterior brain regions (OR, SCC). However, 7 T A; values had
similar variance across all four ROIs. Thus, 7 T myelin amplitudes were consistently low versus
3 T, yet less likely to be influenced by noisy data due to susceptibility artifacts. Another
explanation for differences in A is that the three-compartment model may not completely
describe signal behavior. There was evidence to suggest this for 7 T fitting, as Figure 2.3 showed
a small, yet systematic residue for early echo times whereas 3 T had no such effect. T>* signal
decay is much faster for 7 T (versus 3 T) due to the increased susceptibility effects of myelin at
high field strengths. There are limits, however, to how many echo times (data points) can be
acquired to capture these transient effects. As such, fewer data points are available for model
fitting at 7 T, which may introduce unwanted variability in parameter estimation. A final
possibility related to differences in A is related to measurement errors during image acquisition.
The phase of the 7 T MRI data had wave-like artifacts that were indicative of eddy currents.
Eddy currents were most likely caused by the miscalibration of scanner gradients, which could

not be adequately corrected for during image pre-processing. As such, we were unable to
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conclude if model performance or eddy currents were the primary cause of differences in myelin
amplitudes at each field strength.

To further investigate the performance of the T>* approach, we also performed
simulations to assess the precision and accuracy of myelin estimation. Parameter estimates at 3 T
were highly susceptible to even low levels of noise, having a twofold greater dispersion of data
points versus 7 T. In addition, noiseless conditions produced inaccurate myelin estimates for 3 T
data. We determined this to be true for multiple combinations of parameter sets, indicating the
model was unreliable for resolving three components at 3 T. Inaccurate estimates of A1 were
likely due to the fitting routine getting stuck in a local minima, which could not be resolved even
with unlimited SNR. At higher noise levels, the randomness and increased amplitude of
Gaussian noise effectively masked the erroneous A1 distribution. This was partially offset by
holding the axonal or interstitial amplitude constant, at which point the model fit was better able
to discriminate among the three water compartments at 3 T. While this afforded some benefits,
myelin amplitude estimation was less accurate. Even so, fixing this parameter could still be an
improvement in the separation of the myelin and axonal components.

Novel methods for physiological noise correction (i.e., respiration and cardiac pulsation)
may improve the quantification of multi-compartment modeling in anterior brain regions *°.
Another strategy to improve myelin water estimation would be to acquire full-brain coverage and
reduce slice spacing and thickness. While this would increase scan time with the current
technique, recent work has shown that this can lead to a reduction in errors using susceptibility

mapping techniques *°.
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2.5.1 Conclusions

This study investigated the performance of fitting a three compartment model to T>* signal decay
at 3 T and 7 T. Data simulations revealed myelin estimates at 3 T were hampered by noise, and
ultimately insensitive to separating axonal and interstitial compartments. The 3 T simulations
were improved by constraining selected model parameters to predefined values, but also
introduced new errors in myelin amplitudes. These results strongly suggest that caution should

be used when applying these techniques at 3 T.
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Chapter III. Reproducibility of novel myelin water and
magnetization transfer imaging methods

3.1 Overview

Myelin water (MW) imaging and magnetization transfer (MT) imaging are MRI methods with
purported specificity to myelin content in white matter. As such, these methods have been widely
applied to assess myelin pathology in humans and animal models. Previous studies have
evaluated MW and MT imaging performance in detecting myelin; however, new developments
in sequence design and tissue modeling require further investigation into their use and
application. For this study, we compared the reproducibility of novel MW and MT imaging
methods in a cross-sectional cohort of 93 healthy adolescents, ages 12.7 — 16.8. Multiple
repetitions of each scan type were acquired during a single scanning session to determine the
reproducibility of myelin parameters in four white matter regions of interest. Prior to model
estimation, MW and MT imaging data were compared to examine the level of variability
resulting from measurement noise. The within scan variance (pooled across all repetitions for all
subjects) was 0.5-1.0% for MW and 1.0-1.5% for MT, with anterior ROIs having the highest
variance regardless of method. Thus, MW input signals were more precise (thus, more
reproducible). For model estimation, the MW-derived myelin parameters (fmw) extracted from
experimental data were up to ten times more variable than the MT parameter (fur). To
investigate the large difference in variance between fitted parameters, MW and MT data were
simulated to test the impact of measurement noise on parameter estimation. These results

indicated the variability in fmw was dominated by noise (even at reasonable SNR), thus reducing
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the applicability for between-subject comparisons of populations. Conversely, fut had excellent
precision as shown from both simulation and experimental results. To generalize these findings,
we determined a longitudinal study would require up to 261 participants to detect a 5% change in
Jfmw, while only 18 participants were required for fur. In summary, the MT method is more
reproducible and robust to measurement error than MW, and may be a feasible application for

tracking age-related change in myelination.

3.2 Introduction

Magnetic resonance imaging (MRI) is sensitive to myelin, which can be indirectly assessed using
myelin water (MW) and magnetization transfer (MT) imaging techniques °”%%. Myelin is
comprised of lipid membranes that are wrapped tightly around axons to form many layers of
semi-permeable insulation 2°. MW is sensitive to distinct relaxation characteristics of hydrogen
protons of water (WPs) sequestered between individual layers of myelin *>5. MT measures the
transfer of magnetization between WPs and non-water hydrogen protons such as the proteins and
lipids of biomembranes and macromolecules (MPs) 7°. In white matter, myelin layers are the
predominate source of MPs, contributing to the prevalent use of MT for myelin imaging. While
the physical mechanism of MT is not specific to only myelin layers, several studies have
suggested MT imaging techniques to be more precise, and thus more reproducible than MW
imaging *°#¢%_ Even so, recent developments in the acquisition and analysis of MW and MT
techniques invite reassessment of their relative advantages for assessing myelin content. For this
study, we evaluated the performance of two recently developed MW and MT methods 3100102,
A primary source of MRI contrast is produced by the apparent relaxation of WPs. While

WPs are free to diffuse and interact with their local environment, they experience complex

interactions due to insoluble inter- and intracellular components of the cellular milieu. Myelin
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membranes restrict WP diffusion to spatially defined compartments. This is useful in MRI, as
WP pools adopt different relaxation characteristics based on their microenvironments. For
example, WPs trapped between myelin layers exhibit a fast transverse relaxation (T2 ~ 15 ms at 3
T) relative to intra-/extracellular water pools (T2 ~ 80 ms at 3 T) **. Conventional MW imaging
uses a multi-spin echo (MSE) sequence to acquire T> decay curves %3, A non-negative least-
squares (NNLS) fitting algorithm is then used to assign myelin and intra-/extracellular water
signals as a function of their T> distribution. From this, myelin water fraction (fmw) is defined as
the fraction of water in the myelin sheath compared to total water, and can be estimated from
short T2 signal over total.

The NNLS algorithm is often constrained, or “regularized,” to reduce noise in model
fitting 19419, This improves the reliability of assigning a fuw, but can also lead to
misclassification, especially in images with low SNR (<100) or atypical water distributions, such
as in edema and inflammation !%°. Alternatively, MGRE imaging has been used for extracting
both T>* relaxation and resonant frequency shifts in white matter. Particular tissue constituents,
such as myelin, can induce small, but detectable, field shifts based on their magnetic
susceptibilities . Faster dephasing of WPs (i.e., shorter To*) and larger frequency shifts have
been attributed to increases in both myelin content and anisotropy of myelin sheaths. For this
study, we applied a multi-exponential fitting algorithm to the MGRE data to model three
compartments: the myelin, axonal, and interstitial signal fractions. A primary benefit of this
approach is the additional information for the model arising from the magnetic susceptibilities of
myelin. However, these effects are field dependent, meaning the sensitivity of T>* and frequency

shifts will scale with increased magnetic field strength '°7. This caveat was discussed in Chapter

2, and may indicate that this method will also be unreliable for application at 3 T. Even so, this
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approach has gained popularity for myelin imaging in clinical populations, and thus must be
rigorously evaluated for long-term use.

Myelin membranes also contribute a significant portion of non-water, or
“macromolecular” protons (MP), associated with lipids and proteins. MPs are MR-invisible due
to ultra-short T> relaxation times (outside the capabilities of scanner hardware for human
imaging), but can be indirectly assessed using MT experiments 7>. The MT effect is modeled on
changes in longitudinal relaxation, or Ti. Conventional Ti imaging measures the relaxation of
WPs, but can be modified by irradiating MPs with specialized radio-frequency (RF) pulses. This
irradiation creates a magnetization difference between WP and MP, and over time the process of
MT restores this difference to zero. During this equilibration, a transient change in the WP
magnetization is observed, also known as the MT effect. The strength (i.e., magnitude) of this
MT effect is relative to MP pool size, or fmt, which is the main source of T contrast in lipid-rich
white matter '°. The fur can then be estimated by fitting a two-pool model of WP and MP
exchange to the MT data.

One way to measure MT effects is to apply an “MT pulse” to selectively saturate MPs,
then compare signal with the pulse and without the pulse (MT off — MT on / MT off).
Conventional MT sequences use a long series of repeated pulses to measure saturation effects in
a steady state, (i.e., a constant difference in magnetization between pools) '°°. This technique is
very sensitive to MT effects, but also depends on experimental parameters, such as frequency
and irradiation power of the MT pulse ''%!!!. An alternative and potentially faster way to
measure MT is to use a single, strong MT pulse, to observe transient exchange of WP and MP
over time 91102112 Apart from being insensitive to RF pulse power and frequency, this technique

is efficient in saturating the MP pool (~90%), and only minimally saturating the WP pool
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(~10%). For these experiments, the transient MT approach was analyzed using a two-pool model
of exchange to quantify fur.

While both MW and MT techniques provide a relative measure of myelin content, they
are not a direct quantification of myelin volume and thus cannot be directly compared.
Additionally, each technique is influenced by different contrast mechanisms, experimental
conditions, and model precision. Differences can also arise when fmw does not fully describe
myelin water, or when fur includes lipid signal from more than myelin membranes. Even so, it is
important to establish the technique that provides the greatest reproducibility and thus would be
useful for tracking underlying biological changes in myelin. The goal of this work was to
compare the performance of MW and MT imaging techniques described above. We first
established putative error levels using repeat measurements across the experimental cohort. From
this, we simulated how model fitting performed under the influence of various levels of noise.
Model precision of myelin parameters was quantified by comparing simulated versus inter-
subject variance for each technique. Finally, we used an a priori power analyses to examine the
feasibility of detecting small differences in fuw or fur within the same subjects over time ' from
which we estimated the sample sizes that would be required for a longitudinal study for both

techniques.

3.3 Methods

3.3.1 Participants

Healthy adolescents were recruited from the Washington, DC, Maryland, and Virginia areas for
participation in a five-year longitudinal project on adolescent brain development 4. Study
procedures were approved by the Georgetown University Institutional Review Board, and all

youth and legal guardians provided informed assent and consent, respectively. The study
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included MRI testing and cognitive assessment over three visits, spaced ~ 18 months apart.
Criteria for exclusion were known psychiatric conditions, cognitive impairment, parent-reported
prenatal alcohol exposure, prior drug or alcohol use, and left-handedness. Additional detail on
baseline recruitment procedures and exclusion criteria are reviewed extensively in ''%. Data were
acquired on 106 subjects collected for this study, and 13 were excluded due to severe motion
artifact or incomplete data during data acquisition. The following analyses includes 93
participants, ages 12.7 — 16.8 (see Table 3.1), who completed an MRI scan during their second

study visit (out of three total visits).

Table 3.1 Participant demographics. Sample size and average age + SD are reported for total
scans (MGRE and/or EPI), MGRE scans only, and EPI scans only. There was a large overlap (48
scans) between datasets; thus, no significant differences were observed in age.

Demographics

Sequence Total MGRE EPI

N 93 61 80

Age 14.4 +0.8 14.5+0.8 143 +£0.8

3.3.2 Data acquisition

General scanning protocol

For the MW approach, signal amplitude and phase evolution were acquired with a multi-gradient
echo (MGRE) pulse sequence, and analyzed by fitting a multi-exponential model to these data.
Compartment-specific T>* and resonant frequency shifts were used to describe myelin, axonal
and interstitial water pools. Myelin was estimated as the fraction of myelin water signal
amplitude (fmw) to total water sources. For the MT approach, we acquired two sets of echo

planar imaging (EPI) scans using 1) a transient, double inversion pre-pulse (MT pulse) to
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estimate MT effects, and 2) a single inversion pre-pulse (IR pulse) to establish T relaxation. MT
and IR scans were co-jointly analyzed using a two-pool model to extract a macromolecular
proton fraction (fmr), an indirect measure of myelin. MGRE and EPI scans were collected on a 3
T scanner (Siemens, Erlangen, Germany; Tim Trio platform) using a 12-channel receive only
coil. Multiple repetitions of each scan type were acquired during a single scanning session. For
example, the MGRE sequence was repeated three times in one session; then, the MT-labeled EPI
sequence was repeated fifteen times in one session. The MGRE sequence took longer to acquire,
and thus there were fewer total repetitions. These repetitions, i.e. “repeat measurements,” were
used to calculate the within-scan stability for each sequence. For between subject comparisons,
scan repetitions were averaged prior to parameter estimation to improve the signal-to-noise ratio
of the data. MGRE scans were positioned in axial orientation, co-planar with the anterior
commissure and posterior commissure (AC-PC) to cover the corpus callosum. All scans were
aligned to the center MGRE slice during acquisition to ensure the same tissue coverage. The
five-slice EPI scans were spaced to allow direct overlap with every third slice of the MGRE

scan.

Mpyelin water imaging
The MGRE sequence was acquired using similar parameters as described in Chapter 2
(Methods). Image processing and model fitting were done in the same way, and will only be

briefly mentioned below.
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Scanning protocol

MGRE data were acquired using the following parameters: 240x180 mm? FOV, 160 x 120
resolution, fifteen 1.5 mm slices (25% gap), SENSE rate 2, 1275 ms repetition time (TR), and a
bandwidth of 250 kHz. There were 41 positive-only echoes with echo time (TE) = 2.86-80.60 ms
and an echo spacing of 1.92 ms. Each image set had three repetitions; resulting in scan time of 6

min. The phase of each image set was filtered using a linear offset over TE and for each slice.

Parameter estimation
MGRE signal in white matter is sensitive to distinct relaxation and frequency offsets of myelin,
axonal, and interstitial water components. We can model these effects to estimate the relative

myelin fraction in white matter using the following multi-exponential equation:

S = (Ale(—R§,1+i27TAf1)t + A, eCRap+i2mAR)E 4 A o=R;5t) oI (2Mfgt+¢) [1]

A three-component model was fit to complex signal (S) where i was the imaginary unit, 4, the
amplitude, R; ,, the relaxation rate, Af, the frequency shift calculated as relative to a
global/interstitial frequency, f,, and ¢ the phase offset. Components 1, 2, and 3 correspond to

myelin, axonal, and interstitial water, respectively. The fmw is the fraction of A;/(4; + 4, +

A3).
Magnetization transfer imaging

Recent technical developments have enabled the efficient mapping of an MP fraction (fvr) in

brain tissue using a transient MT pulse design 1192112 Using this method, we extracted the fur
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and other model parameters (kwm, kmw, R1w) based on fitting a bi-exponential, or two-pool model,

to saturation (MT) and inversion recovery (IR) longitudinal relaxation curves.

Scanning protocol

MT scans used a dual hyperbolic-secant inversion RF pulse (“MT pulse”) to selectively saturate
the MP fraction. Following a variable delay time, signal was measured with an EPI sequence
with: 240x180 mm? FOV, 144x108 resolution, five 2 mm slices (181% gap), SENSE rate 2 (with
external gradient echo based reference), 2 s TR, 30 ms TE, and a bandwidth of 250 kHz. Delays
of 10, 71, 132, 193, and 254 ms with a duration of 6 ms were used for the MT pulse. MT pulse
amplitude (B1) was set to 750 Hz, or close to maximum for this scanner. These parameters were
previously determined to saturate the MP pool up to ~90%. On the first cycle, a different slice
was imaged at each of the five delay times. Then on each following cycle, the slice order was
shifted +1 slice such that each slice was acquired with the next increment in delay time. By
shifting slices in this way, all five slices were cycled through a complete set of five delay times

(Figure 3.1) 102,
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MT pulse
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delay () 0 10 71 132 193 254

cycle 2-5 slice 2 slice 3 slice 4 slice 5 slice 1
slice 5 slice 1 slice 2 slice 3 slice 4
Figure 3.1 Slice sampling and time delays of the magnetization transfer pulse sequence.
Delay times listed are for MT scans. For this scheme to work, the slice count must be some
multiple of the total delay times (for example, 5 slices = 5 inversion times; or, 15 slices = 5
inversion times). Only five slices were acquired, as wide slice spacing is useful for minimizing
latent saturation effects between slices. Adapted from '°.
The five scan cycles used to sample all slices at all delays constituted one scan repetition. Scan
time was 6:16 min for a total of eighteen repetitions, where three were acquired with no MT
pulse to serve as reference scans.
For IR scans, the MT pulse was replaced with a single hyperbolic-secant inversion pulse.

Delay times were set to 9, 203, 461, 843, and 1600 ms, with a pulse duration of 5.12 ms and B;
amplitude of 750 Hz. IR scans used a TR of 3 s, and acquired only four repetitions (two for

reference signal), taking a total scan time of 1:24 min. Slice positioning was matched to MT

scans.
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Parameter estimation

A two-pool model of exchange was fit to both MT and IR experimental data. This allowed for

the estimation of the MP pool fraction, fup.

_ 1 _ Mwp(@®) _ —Ait 2t
Swp(t) =1 () — 318 1t 4 a,e™"2

[2]

20, = <R1,WP + Rymp + kyw + kwy £ \/(Rl,MP — Ry wptkuw — kwn)? + 4kywkwum )/2

+ Swp(0)(Rywp+kwm—22,1)-Smp(0kwnm
- A2,

A1 =

(A = fur)kwm = furkuw

Here, M(t) is the longitudinal magnetization, which is converted to the fractional saturation, S.

The A1 and A2 are fast and slow rate constants, respectively, and are determined by the relaxation

(R1) and exchange rates (kwm and kvw) of the tissue. The amplitudes (a1 and a2) depend in part

on the effectiveness of the MT pulse in saturating the MP pool. To calculate these parameters,

one pair of rate constants (A and A2) and two pairs of amplitudes (a1 and a») were extracted by

jointly fitting the MT and IR data with Eq. [2]. The remainder of the analysis required solving

for six unknowns: Swe(0), Smp(0), R1mp, R1,wp, kwwm, and kmw. The Smp(0) and R mp cannot be

directly measured (MR-invisible pool), but were estimated in previous in vivo experiments and

simulations in white matter '°!. Using these values, we fixed Smp(0) to 0.88 (1.0 being the
maximum saturation), and R mp to 4 Hz for this study. We then used the decay rates and

amplitudes from Eq. [2], and the fixed parameters (Smp(0) and R mp) to calculate the Ry wp,

exchange rates, and ultimately, fur.

55



3.3.3 Data processing

All datasets were aligned using in-plane registration. White matter ROIs were drawn on MGRE
images, including bilateral optic radiation (OR), splenium (SCC) and genu (GCC) of the corpus
callosum, and a bilateral mid-frontal white matter region (FLWM). ROI masks were then down-
sampled and applied to EPI datasets. ROI positioning was rechecked for each EPI scan type, and
edited if necessary to avoid artifacts from motion or susceptibility distortion. Scan repetitions
with unusable data were excluded from both the reproducibility and between subject comparison
analyses. Each repetition was evaluated as a stand-alone repeat measurement to test the stability
of each method. To compare between subjects, repetitions were averaged for each scan type to
maximize available image SNR. All image reconstruction and processing was done in IDL

version 8.6 (Exelis Visual Information Solutions, Boulder, CO, USA).

3.3.4 Statistical analyses

Simulations were performed in IDL and statistical analyses were done in R version 3.3.1.

Stability of repeat measurements in MRI data

To test the reproducibility of each technique, the within-scan variance was pooled across all scan
repetitions for all subjects. The pooled standard deviation (SD,,) was defined as measurement
error, where high SD,, (high error) indicated a poor level of reproducibility. Each repeat measure
comprised the average signal across all voxels within an ROI. This approach resulted in region
specific error levels, allowing us to make inferences on the stability of subsequent parameter
estimations !>, Of note, this error term is sensitive to several contributions, such as random

machine noise and subject motion ''”. While machine noise has a normal distribution in MRI
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data, subject motion may amplify variability across repetitions. Even so, precautions were taken
by excluding entire repetitions and individual ROIs when artifact was present.

The SD,, takes the average spread of data points about each set of repeat measurements,
then calculates a weighted average of the within scan variability. This equates to a single
estimate of the common variance across all subjects. This is useful for when signal means differ
(but variance is roughly the same), or if there are different numbers of repeat measurements for
each subject. Thus, each repeat measurement is equally weighted regardless of the total number
of repeat measurements for a particular subject. The SD,, was calculated for MGRE and MT
scans separately, as each scan type uses a different sequence and acquisition parameters. The

formula for SD,, is shown in Eq. 6:

ZiZj(Xij—fl)z
Xi(ni—1)

SD [6]

The average signal, X,, for all measurements is subtracted from each individual measurement, x;;,
taken during one scanning session. Next, the sum of squares is taken for each measurement ()
across all subjects (7). This result is divided by degrees of freedom (df), i.e., the sum of all repeat
measurements minus the number of subjects. The SD,, is the square root of the final result.

For MGRE data, the SD,, was calculated for the complex input signal (S) in Eq. 1. Signal
magnitude was normalized (Ste)= 1) and SD,, reported as the percent absolute signal. Absolute
SD,, of phase was reported in radians. MGRE scans with only one artifact-free repetition were
excluded prior to this study, leaving two or three repetitions for this analysis. For the MT dataset,

error was estimated for the input signal in Eq. 1, or Sy, p(t). The Sy, p(t) was calculated by
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dividing pulsed, or “labeled” MT scans (M, p(t)), by the unlabeled reference scans (My,p(0)).
For each delay time, SD,, was calculated using fifteen labeled scan repetitions. The SD,, was then
calculated separately for the fifteen reference scan repetitions. A composite SD,, for the input
signal was calculated using a propagation-of-error analysis ''8. This calculation produces a
relative SD,, and is reported as a percentage. The SD,, is not only useful for examining the
repeatability of each technique, but also sets an expectation for baseline noise levels prior to

model fitting.

Descriptive statistics of experimental results

Descriptive statistics were computed for each technique in each ROI to assess model-fitting
performance. In particular, mean and standard deviations are reported for each estimated myelin-
sensitive parameter (fmw, fmT). Additional model parameters are reported in Supplementary Table

3.S1 and were used as data for the simulations.

Simulations: Influence of noise on parameter estimation

Simulations were performed to study the precision of model fitting under the influence of noise.
Noise levels were selected from the SD,, of experimental data, which were 0.5% for MGRE and
1.0% for MT. For MGRE, synthetic decay curves were simulated using Eq. 1 and ROI-averaged
experimental parameters (Table 3.S1, A). To replicate MGRE pre-processing steps, three signals
with noise were averaged for each trial of model fitting. For MT, saturation recovery signals
were generated using Eq. 2 and ROI-averaged parameters (Table 3.S1, B). Fifteen signals with
noise were averaged prior to model fitting. Model fitting was performed for 1,000 trials of each

signal type, and SD was calculated for fitted myelin parameters.
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Sample sizes from a priori power analyses

Sample sizes required to detect a difference in myelin parameters were calculated for a paired
sample design (i.e., simulating subjects scanned at two time points). Average SCC results (mean,
SD) were used as Time 1 data (Table 3.2). For Time 2, mean was increased by 5% and SD was
set to the same relative variance as Time 1. The effect size was calculated as the standardized
mean difference between time points. Sample size was then estimated for a two-sided, paired

sample t-test at a significance of a = 0.05 and power level of 95% (1- B).!*12!,

3.4 Results

Stability of repeat measurements in MRI data
Error levels were similar between both MGRE and MT scans. The SD,, for MGRE magnitude
was ~0.5% of total signal at early echo times, and increased up to 1% for later echoes (Figure
3.2, A). Later echo times are progressively more susceptible to field inhomogeneities, which
would account for the increase in SD,,. The SD,, of MT input signal was consistent for each delay
time, ranging from ~1% to 1.6% (Figure 3.2, C). Anterior brain regions, such as GCC and
FLWM had higher percent error for both MW and MT since they were impacted by
susceptibility artifacts arising from proximity to the sinus cavities.

The $D,, of MGRE phase data are reported in absolute values of radians (Figure 3.2, B).
A phase of ~ 0 is considered “on-resonance,” as it is dominated by the mean resonance frequency
of tissue water. Deviations in phase are due to disruptions in the local magnetic field. This is in
part due to random error, but there are also systematic shifts in magnetic susceptibilities from

tissue microstructure.
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Figure 3.2 Within-scan variance for MGRE and MT data. SD,, was calculated across repeat
measures for each subject. A, B) Five TEs were sampled at regular intervals across the total
MGRE echo train. MGRE magnitude signals were normalized (Ste)= 1) and reported as percent
signal. C) Relative SD,, is shown for MT for five delay times.

Descriptive statistics of experimental results

Descriptive statistics were examined for each fitting routine (Table 3.2). The MW method had
high variance for fmw, with a two- to threefold increase in anterior brain regions relative to the
posterior ROIs. This is primarily due to the proximity of susceptibility artifacts, which corrupts
the estimation of local frequency shifts for each water compartment. The MT model had lower

inter-subject variability for each ROI than the MGRE method (~6%). All standard deviations are

also reported as a percentage of the mean to compare the variance between methods.
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Table 3.2 Descriptive statistics of myelin parameters. Average and SD of fitted parameters for
all subjects. Data were excluded from individual ROIs due to localized artifact. The absolute
mean and SD of fmt and fuw do not directly measure myelin content and cannot be compared. A
relative SD (%) was calculated as the ratio of SD to the mean as a percentage.

Par  ROI N Mean SD SD (%)

fmw  OR 59 0.146 0.027 18.49
SCC 61 0.124 0.027 21.77
GCC 61 0.091 0.041 45.05
FLWM 59 0.109 0.067 61.47

Mt OR 72 0.246 0.015 6.10
SCC 80 0.256 0.014 5.47
GCC 72 0.266 0.018 6.77
FLWM 74 0.240 0.014 5.83

Simulations: Influence of noise on parameter estimation

As shown in Chapter 2, model fitting of MGRE data when little or no noise is present does not
result in an accurate estimate of A (Figure 2.4 in Chapter 2). This was most obvious in the 0%
noise condition (before additive noise masked the effect). Of note, Chapter 2 used a substantially
lower noise than we found in the experiments above (~ 0.1% at 3 T). This low value originates
from a pre-scan measurement to specifically sample random signal fluctuations in air, i.e., pure,
random noise. The current metric was sampled to reflect both pure noise and within scan
variance. While this technique results in larger variability, it is a better reflection of average
noise present for all subjects.

The standard deviations (SDgrr) from noise simulations are presented in Table 3.3.
Because the parameters are not on the same scale, the relative SDgrr (%) was calculated as the
percentage of SDgrr to input value. These results show fuw had at least two times higher relative
variance (i.e., SDerr (%)) than fur. Variance also increased relative to increased noise levels

(data not shown). The MT method was more accurate in solving for expected fmr with the
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relatively low SDggrr (%) (~ 3-5% with 1% added noise). Figure 3.3 shows the distributions of

Jfmw and fur across all subjects.

Table 3.3 Variance in myelin parameters due to noise. Absolute and relative SDgrr of model
parameters over 1,000 trials of simulated data at o = 1.0%. Relative SDgrr(%) is the ratio of
SDkrr to input value as a percentage.

SDERrRr
Par c ROI Input SDEerr (%)
Jmw 0.5% OR 0.146 0.016 11.2

SCC 0.124 0.021 16.9
GCC 0.091 0.011 12.1
FLWM  0.109 0.027 24.5

Svr 1.0% OR 0.246 0.0119 4.8
SCC 0.256 0.0093 3.6
GCC 0.266 0.0086 3.2
FLWM  0.240 0.0087 3.6

A 1 B ]
0.3 ® OR ® SCC GCC FLWM 0.35 ® OR ® SCC @& GCC FLWM
0.2 0.30-

=z A 5 =
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Figure 3.3 Distribution of ROI-based fitting results for each method. Scatterplot of fitted
model parameters for all subjects by ROI. The outer error bars are the SD for all subjects (Table
3.2); the inner error bars SDgrr are from the noise simulations (Table 3.3). The absolute values
of fur and fuw do not directly measure myelin content and cannot be compared. The y-axis as
been rescaled in panel B to highlight small differences in fur.
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Sample sizes from a priori power analyses

Sample sizes required to detect a 5% change were calculated using the above data to estimate the
effect sizes and standard deviations assuming 95% power and a significance level of a = 0.05.
The required number of participants was 261 for MW and only 18 for MT. These values reflect
one-sample paired t-test, and do not include adjustments for multiple comparisons if multiple
ROIs were tested. Thus, if more tests were conducted, the sample size would naturally need to be
increased relative to number of ROIs considered. MW required much larger sample sizes relative

to MT and is thus impractical for detecting small effects.

3.5 Discussion

This study examined the precision of myelin parameter estimation using MT and MW
techniques. /n vivo MW imaging had remarkably high parameter variance across participants,
with relative SD (%) for fmw being three to ten times greater than for fur. The stability of repeat
signal measurements was comparable between datasets, implicating model performance as the
source of large differences in in vivo parameter variance. Data simulations showed that MW
model fitting was indeed highly susceptible to even small differences in measurement error, and
an unreliable estimator of fmw.

While the focus of these analyses has been on myelin content, each parameter is
important for describing specific attributes of signal evolution. Model parameters are highly
interdependent on each other, and error and/or bias in any individual parameter can adversely
influence estimation of myelin content '?>. For MW, ten parameters are fit to the MGRE signal
using three compartment-specific decay functions. From Chapter 2, we know that a variety of
parameter values, especially for axonal and interstitial compartments, can be used to fit the same

MGRE data with limited or no penalty. The lack of sensitivity for extracting precise estimates of
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these values implies the parameter of interest, in this case, fmw, will be unreliable, which
corresponds to the high variance observed in these data. Conversely, noise simulations for fur
varied by only 3-5% for each tissue region at 1% added noise relative to the total signal
(equivalent to SNR = 100). This reduction in variability is due in large part to the fact that the
MT method fits only six parameters using a two-pool model of exchange. Further, these, two
parameters, Smp(0) and R mp, are constrained to pre-defined values for all brain regions '*.
Assigning fixed values to parameters improves precision by simplifying the model, but also
imparts biases and decreases accuracy of other derived parameters. For example, previous MT
studies had estimated R mp to be approximately 1 s at 1.5 T *. Using a similar imaging
protocol as presented in this study, van Gelderen et al. estimated R mp to be much higher at ~ 4
s! for 3 T, and demonstrated that low R vp leads to a significant underestimation of fur '°2. The
Ri,mp parameter is difficult to estimate empirically, and may vary across tissue types, such as in
regions with high iron, or in white matter pathology with atypical MP/WP distribution. As such,
we must be cautious in interpreting fu as a direct index of myelin, although it is far more
reproducible than fyw.

The interdependence of model parameters is complex, and difficult to establish for multi-
compartment models. Propagation of error analyses and variance estimates can be useful tools
for uncovering model limitations, which might not be easily discerned from in vivo human
subject data. For example, a simulation study examined the lowest possible parameter variance
for an alternate myelin model, called mcDESPOT 2123, The McDESPOT method fits a two-
compartment model to both T and T> signals to extract a myelin parameter that is similar to fmw.
The simulation study predicted extremely high parameter variance for fuw, that exceeded

variance observed from in vivo studies. The authors suggested this model oversimplified certain
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physical properties in white matter, and received an artificial boost in precision due to this
“inherent parameter constraint.” As previously discussed, fixed parameters, whether inherent or
explicitly defined, can lead to systematic errors, even in cases where the average across multiple
subjects looks reasonable. In light of this, we compared the variance due to measurement error
versus the variance of between subject results (Figure 3.3). If SDerr were equal to or greater
than subject SD, it would indicate that measurement error had completely dominated the average
variance, and would be insensitive to subject-specific effects. We did not observe this; however,
it should be noted that the repeat measurement error used as the basis of noise simulations were
selected as “best case scenarios” for each set of input signals. Because the measurement error
was calculated over ROls, it is unlikely these effects will be due to random machine noise, but be
driven by a variety of scan-to-scan effects, such as subject motion and regional instabilities. The
best-case scenario resulted in error levels most similar to SCC and OR, at ~ 0.5% for MW and ~
1% for MT. Therefore, the large discrepancies observed between SDgrr to SD for anterior ROIs
may underestimate the absolute difference in variance for these regions. This is especially true
for MW, as this model is particularly sensitive to any measurement instabilities. We also tested
“worst case scenarios” (data not shown), which were similar to GCC and FLWM, at ~ 1% for
MW and ~ 1.5% for MT. In this instance, SDgrr did exceed SD for SCC and OR in the MW
results only. This scenario indicates that even a small change in error at the individual subject
level would propagate to the in inaccurate estimation of fuw.

Previous comparisons of multiple spin echo (MSE)-MW and MT parameter estimates of
myelin have reported similar ratios of variance between subjects. In a clinical study, MT
parameters were sensitive to lesion recovery, while MSE-MW imaging was unable to detect any

change due to high variability >°. Investigators concluded the twofold increase in variance of fuw
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was due to the ill-posed nature of the multi-exponential analysis. As with our MGRE data, MSE
imaging acquires a limited number of data points (based on echo times) with which to fit the
parameters of the model. Limited data leads to poor precision, which can mask subtle biological
effects. Even so, many studies have shown MSE-MW and MT imaging methods to provide
correlative measures of myelin content 3789124 A recent study went beyond correlation, and
compared the accuracy of MSE-MW and MT parameter estimates to a histological measure of
myelin volume fraction in mouse brain *°. While both parameters had high correlations to
histology (r = 0.81, 0.84 respectively), neither provided the complete myelin volume fraction.
The MSE-MW parameter underestimated myelin volume across all tissue samples, which may
be partially due to inter-compartmental water exchange in areas of thin myelin sheaths and small
axons °"%8, The MT parameter both overestimated low myelin volume, and slightly
underestimated high myelin volume. This may be due to the oversimplification of complex
biophysical effects, such as the presence of additional non-water pools. In general, however, the
rank order of low to high myelin volume fractions, irrespective of differences in microstructure,
was preserved for each method. For this study, the expected rank order of OR, SCC, GCC, and
FLWM were roughly inverted between techniques (Figure 3.3). The fuw had high variance and
unexpectedly low values for GCC and FLWM, while fur had similar variance across all tissue
regions. Based on the sensitivity of MW to noise, the fmw results are most likely dominated by
error versus inter-subject variability.

Our goal in this study was to determine whether these techniques could be used to
measure longitudinal change throughout adolescent development. However, the sample size
needed to detect a significant effect may limit its usefulness for research and clinical applications

at least in the case of MW. Based on previous imaging studies, we predicted only ~5% increase
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in myelin parameters for adolescents in this age range *°. Sample size was calculated based on
the magnitude of our hypothesized effect, variability between subjects, and preset statistical
thresholds (alpha = 0.05). For a 95% power level, we would need 261 subjects for the MW
approach, which would still suffer from unreliable estimates in regions of high measurement
error (e.g., anterior ROIs). For MT, only 18 subjects were required for a paired t-test. In vivo
studies are often limited to small effects, and the selection of MT would be merited for this type
of application.

A potential limitation of this study was including only repeat measurements from within
the same scanning session. An alternate approach would be to scan the same subject(s) across a
series of days. This design of the current study did not include short-term repeat measurements
(over days), and longer scan deltas (~1.5 yrs) would be to large given the potential introduction
of age-related effects in adolescents. Even so, we used a large sample for these analyses, and
could reasonably infer differences in model stability for each technique. The current project was
part of a larger developmental study, and limited to a fixed scan time of 20 minutes. This is not
uncommon in neuroimaging studies, especially when collecting data that is complementary to a
primary goal (functional imaging in this case). However, if time allows, and patient comfort is
not sacrificed additional scan repetitions could be acquired for small improvements in

measurement stability.

3.5.1 Conclusions
We compared the precision of MW and MT imaging techniques in a sample of healthy
adolescents. The MW multi-exponential model was highly susceptible to measurement error, and

produced fmw values with much higher variability in anterior tissue regions. In contrast, the MT
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technique was very robust and had high precision for all regions sampled. Furthermore, the
estimated sample sizes required to detect even a 5% change were over 14 times higher for MW
than MT. Thus, the MT technique would be suitable for longitudinal studies of adolescent

development and most likely other studies attempting to measure changes in myelin.
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Chapter IV. Regional age-related changes in relative
myelin content during adolescent development

4.1 Overview

The spatiotemporal growth trajectories of white matter, and in particular myelin, are an
important part of cognitive development during adolescence. Cross-sectional and longitudinal
studies have demonstrated age-related white matter changes using various MRI techniques, with
association areas and tracts continuing to mature well into adulthood. Magnetization transfer
imaging techniques have shown increased sensitivity to myelin content versus standard
techniques, with the potential for detecting small, age-related changes. The goal of this study was
two-fold: 1) test whether a novel MRI technique for estimating myelin content could detect
developmental changes over a relatively short time span and 2) determine the extent to which
these changes in myelin are associated with change in executive function. For this study, we
tested 56 adolescents at two time points spaced 18 month apart. A newly developed
magnetization transfer (MT) imaging technique was used to estimate the relative myelin content,
Jfwmr, in four white matter regions. Regions were selected across an early to late myelinating
developmental continuum, including the optic radiation, splenium of corpus callosum, genu of
corpus callosum, and frontal lobe, respectively. Executive function was assessed using two well-
validated measures: Trail Making Test B and the Spatial Working Memory test from CANTAB.
We found fur in frontal lobe white matter significantly increased (z49) = 3.19, p = 0.003) with a
small to moderate effect size (Hedges’s g = 0.36). There were no associations of age-related

change in regional fur with either test of executive function. Our inability to associate changes in
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executive function with myelin changes may in part have resulted from the relatively narrow

range of ages studied.

4.2 Introduction

The adolescent brain undergoes significant changes to “fine-tune” neural substrates prior to
adulthood **. Histological studies have implicated white matter, and more specifically the
myelination of axons, as an important biological process in brain maturation 2°2%!23, Myelin
facilitates the enhanced speed and synchrony of electrical transmission between brain regions,
and provides trophic support for neurons throughout the central nervous system 2%, The process
of myelination follows a stereotyped developmental pattern, which mirrors the functional
capacity of neural systems 3!. For example, myelination of primary sensory and motor regions
typically mature by the first two years of life, whereas frontal and temporal association regions
do not peak until well into adulthood *>'?7. In vivo MRI studies have played a major role in
elucidating white matter changes of individual brain regions and connecting pathways, and
relating these changes to cognitive maturation. In adolescence, increases in white matter have
been associated with metrics such as working memory, inhibitory control, processing speed, and
reading ability '#13!. Even so, it is still unclear how the timing and/or change in magnitude of
individual myelin content might relate to developmental changes in cognition during
adolescence.

MRI studies of white matter development have typically used either volume-based
segmentation of Ti-weighted contrast or standard diffusion tensor imaging (DTI) techniques '3
134 High-resolution imaging has improved volume estimates, but it is limited by a lack of
specificity to biological features (myelin, axon caliber, vasculature, head size, etc), resulting in

poor sensitivity to more subtle developmental effects '3%!6, DTI parameters, such as fractional
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anisotropy (FA), are more sensitive to myelin than white matter volumetric measures, and have
been used to show non-linear trajectories of the development of white matter tracts across
children, adolescents, and adults 3>>!37. White matter tracts are comprised of densely packed,
myelinated axons, which restrict water diffusion along the length of the axon. FA is sensitive to
the dispersion of water within a voxel, and has shown good correspondence to myelination, fiber
density and organization '3*!3°. However, this technique is limited to a statistical description of
water diffusion, and cannot directly infer myelin content >2. A number of more specialized DTI
techniques have been recently developed to detect specific microstructural characteristics and
resolve past limitations 14142, While promising, these techniques require nonstandard image
acquisition (longer scan times) and processing, and have not yet been incorporated into large-
scale adolescent studies due to these limitations 4. Thus, standard volume and DTI techniques
have been difficult to interpret from a biological perspective of myelin maturation.

Alternatively, magnetization transfer (MT) imaging techniques have been used to
investigate changes in myelin content. MT contrast reflects the exchange of magnetization
between free water protons (WP) and protons bound to macromolecules (MP) 3. MPs are
abundant in myelin membranes; therefore, an increase in MP pool size would indicate more
myelin per unit volume (and vice versa for decreases). MT effects can be described using a two-
pool model of exchange to extract an absolute measure of MP pool size (i.e., fmt). Several
histological studies have suggested fur is a putative marker of myelin content, even in the
presence of diverse microstructural features, such as axonal caliber and myelin thickness 3124144,
In addition, increases in furt has been linked to increased expression of myelin basic protein
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(MBP) in myelinated cortex of adolescents '**. MT imaging techniques appear to be sensitive to
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myelin content (over standard techniques); however, it should be noted that MT effects are
inherently sensitive to all MPs in tissue and do not provide absolute specificity to myelin 6,

For the current study, we applied a recently developed MT sequence to investigate fmr in
a longitudinal cohort of adolescents '°!192. Typical MT experiments apply a series of pulses to
saturate the MP pool; then, measure the WP pool at a fixed, or steady-state level of
magnetization. The MT-based contrast is then compared to an unsaturated (no pulse) version of
the experiment to measure the MT effect. Steady-state can be difficult to achieve in practice, and
is dependent on many experimental parameters for estimation of the MP pool size. In contrast,
the current technique transiently saturates MPs — then tracks the change in magnetization as a
function of pulse delay time (versus the static difference between pools). This approach takes
less time to acquire than the steady-state technique, and also provides information about the
transient changes in MT saturation.

We used a standard two-pool exchange model to fit MT saturation curves, and extracted
the fvr for four white matter regions. Regions were selected to span a continuum of maturation
(most to least), including the optic radiation, splenium of corpus callosum, genu of corpus
callosum, and frontal lobe *2. We hypothesized that given the sensitivity of this approach it
would be possible to measure developmental changes in myelin over an 18 month period in a
group of adolescents. In particular, we predicted there would be a small increase in fut of genu,
which is the main conduit of inter-hemispheric prefrontal connections, and also frontal lobe,
which sub-serves frontal and pre-frontal association areas. The development of prefrontal and
frontal regions is a hallmark of adolescent executive function processes. As such, we also
hypothesized that age-related change in fmt of genu and frontal lobe would predict change in

executive function measures that are known to improve during this age-range. Increased furin
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these regions would support the theory that the fine-tuning of myelin is important for

developmentally mediated functions during the dynamic period of adolescence.

4.3 Methods

4.3.1 Participants
Adolescent participants were recruited from the Washington, DC, Maryland, and Virginia areas
for participation in a 5-year longitudinal project on adolescent brain development ''*. The study
included MRI and cognitive assessments over three visits, spaced ~18 months apart. Participants
were ages 11-13 at baseline, and had no history of neurologic or severe psychological issues,
cognitive impairment, parent-reported prenatal alcohol exposure, prior drug or alcohol use, or
left-handedness. Additional detail on recruitment procedures and exclusion criteria are reviewed
in ', Study procedures were approved by the Georgetown University Institutional Review
Board, and all youth and legal guardians provided informed assent and consent, respectively.
The current study includes 56 participants that completed MRI scans during the second
and third study visits (ages 13-15, and 14-17, respectively). This corresponds with the period of
time at which the MT imaging sequences were added to the parent study. For simplicity, the
labels “Time 1” and “Time 2” will be used to describe the two visits used in the analyses
presented herein. Demographic and physical characteristics are presented in Table 4.1.
Composite intelligence (IQ) was measured using the Kaufman Brief Intelligence Test (KBIT) '4’.
Socioeconomic Status (SES) was calculated by converting the family’s household income to z-
scores, averaging both parent’s years of education and converting the average to a z-score, and
lastly averaging the income and education z-scores for the final SES measure '*%. Physical stature
was measured using Body Mass Index (BMI), which is weight divided by the square of height

kg/m?) 149150, BMI changes rapidly during this time, and females are typically larger than males
g ges rapidly g
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in early to mid-adolescence. Therefore, we also report BMI percentiles adjusted for age and sex.
This index can be used to classify individuals as underweight (< 5 percentile), healthy weight
(> 5™ and < 85™ percentile), overweight (> 85™ and < 95" percentile) and obese (> 95™
percentile). Finally, sexual maturity was assessed using the Pubertal Development Scale (PDS)
151 The PDS includes questions on growth in height, growth of body hair, and skin changes. In
addition, boys are asked about the deepening of their voice and growth of facial hair, while girls
are asked about breast development and menstruation. Points are assigned based on if a physical
change has not yet started (1 point), barely started (2 points), definitely started (3 points), or
seems complete (4 points). The average across all questions was calculated and reported in Table

4.1.

Table 4.1 Participant demographics and physical characteristics. Values are reported as
mean £ SD for all participants. IQ and SES were assessed at the baseline study visit. Age, BMI,
and pubertal status are reported for each study visit. Significance was set to an uncorrected
threshold of p<0.05 using a paired, two-tailed z-test. Degrees of freedom (df = N-1) are reported
for each z-statistic.

N (pairs) 56
Sex, F/M 29/27
IQ 112.76 + 13.36
SES 0.14 +0.89
Time 1 Time 2 t (df) p
Age, years 14.31+0.72 15.86+0.73  50.85(55) <0.000
BMI, kg/m2 21.59 +4.41 22.61+4.77 4.49 (54) <0.000
BMI, % 59.83+29.38 614 +£27.58 094 (54) n.s.

Pubertal Status  2.79 +0.55 323 £049 741 (51) <0.000

4.3.2 MRI acquisition
The MT scanning protocol was discussed in Chapter 3 (MRI acquisition). Briefly, MRI scans for

both study visits were acquired on a 3 T scanner (Siemens, Erlangen, Germany; Tim Trio

74



platform) using a 12-channel receive array coil. We acquired two sets of echo planar imaging
(EPI) scans using 1) a transient, double inversion pre-pulse (MT) to saturate the MP pool, and 2)
a single inversion pre-pulse (IR) to establish T relaxation. The MT pulse was applied at five
variable delay times (¢ = 10, 71, 132, 193, and 254 ms), a pulse duration of 6 ms, and pulse
amplitude (B1) of 750 Hz. Scan time was 6:16 min for a total of eighteen repetitions. Three
repetitions were acquired without MT pulse to serve as reference scans. The IR pulse was
applied at five delay times (=9, 203, 461, 843, and 1600 ms), a pulse duration of 5.12 ms, and
B amplitude of 750 Hz. IR scans had only four repetitions (two for reference scans), equaling a
total scan time of 1:24 min. In both cases, five slices were acquired with an image resolution of
1.7 mm? using SENSE iPAT=2 acceleration factor. The TE was 30 ms, TRs were 2 and 3 s for
MT and IR experiments, respectively. A reference MGRE sequence with TR 0.4 s, TE of 4.0 ms,
8 echoes with echo spacing of 0.9 ms, the same resolution as the EPI scans and total scan time of
44 s, was scanned immediately after the MT and IR experiments. This MGRE sequence served

as reference to reconstruct the accelerated EPI scans.

4.3.3 Data processing

All scans were in axial orientation, co-planar with AC—PC to cover the corpus callosum. The MT
and IR scans were aligned using in-plane registration for each session. Since the scans were
taken back-to-back, little movement was expected. EPI reference images were used to draw
white matter ROISs in the bilateral optic radiation (OR), splenium (SCC) and genu (GCC) of the
corpus callosum, and a bilateral mid-frontal white matter region (FLWM). ROI positioning was
checked for each EPI scan type, and edited if necessary to avoid artifacts from motion or

susceptibility distortion. Scan repetitions were averaged for each image type to maximize SNR.
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By analyzing MT and IR images co-jointly, we were able to estimate MT exchange over time (¢)
using a bi-exponential model '°!°2, From this, we calculated the MP pool fraction, or fur. All
image reconstruction and processing was done using custom scripts written in IDL version 8.6

(Exelis Visual Information Solutions, Boulder, CO, USA).

4.3.4 Executive function assessments
Participants completed executive function (EF) measures as part of a larger testing battery
administered outside the scanner at each study visit. From these we chose two computer-based
EF tests for this project: 1) Trail-making Test, Part B (TMT-B), and 2) the Cambridge
Neuropsychological Test Automated Battery (CANTAB) Spatial Working Memory (SWM) test.
The outcome measures were selected as having the greatest fraction of participants with
improved performance at Time 2 relative to Time 1, with 71% for TMT-B and 66% for SWM.
Descriptive statistics for EF measures are reported in Table 4.3.

TMT-B is a test of set-shifting, which is the ability to divert or alternate attention

152-154 Participants were instructed to connect a scrambled series of

between two rules or tasks
numbers and letters as quickly and accurately as possible. If an error was made, it had to be
corrected before finishing the test. The main outcome measure was time (seconds) to finish
connecting the sequence, with errors contributing to an increase in total time.

SWM measures the ability to hold, manipulate and update spatial information during a
task 1>+155, Participants were instructed to collect a token hidden within a set of boxes. If a box
had once contained a token, it would not be reused in subsequent trials. Participants were also

told that they should not select a box more than one time during an individual trial. Violation of

either rule resulted in a between or within search error penalty. The task started with 3 boxes per
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trial, and increased in difficulty to 4, 6, and 8 box trials. The aim of this test was to quantify their
ability to successfully adopt a systematic search strategy. Strategy scores (1 = best, 37 = worst)

were calculated using 6 and 8 box trial performance.

4.3.4 Statistical analyses

Mean values were compared between time points for all longitudinal measures (demographics,
fur, and EF). Effect size was reported as Hedge’s g, which is recommended to correct for
positive bias in small samples ''*!%°, In addition, common language effect size (CL) was used to
express the likelihood that the mean of Time 2 was different from Time 1 for any given
participant %,

Pearson’s correlation coefficients were computed to assess the relationship between age-
adjusted changes fut and physical maturation (PDS scale, BMI). Pubertal status coincides with
improvements in cognition *, and timing of puberty has been linked to positive correlations in
regional white matter development, such as splenium of corpus callosum 7. Conversely,
increased BMI, particularly for overweight and obese adolescents, has been linked to deficits in
executive control, inhibitory control, and working memory !*%; and both global and regional
decreases in white matter imaging studies °>'®?, By correlating these measures with fur, we
examined the potential for indirect effects on the relationship of fur and EF.

Simple linear regression was used to examine age-related change (Time 2 — Time 1/(Age
2 — Age 1) in EF in relation to fmt using the following equation:

EF; = Bo+ Bifuri t+ &
where EF; is one of the executive function outcome measures, [, is the intercept, and f; is the

slope of the regression line. Model error, or ¢;, is the deviation of each data point (EF;, fur ;)
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from the fitted values. We specified a regression model for each combination of EF measure
(TMT-B, Spatial Working Memory), and each fut ROI (OR, SCC, GCC, FLWM). Thus, eight
regression analyses were conducted; each testing if the change in fmt impacted the change in EF.
Additional predictors, such as sex, were considered for use in multiple linear regression models.
However, these data will not be presented as there were no main effects from the eight simple

regression models (see Results). R software was used for all statistical analyses 61162,

4.4 Results

Adolescents had mean differences in age from Time 1 to Time 2 of ~ 18 months, with
increased PDS scores indicating significant pubertal maturation during this short timeframe (t(s3)
=4.56, p <0.000, t;s1)=7.41, p < 0.000, respectively). Raw BMI scores were also significantly
increased, however, these changes were within the typical range when adjusting for age and sex
(BMI, %). Figure 4.1 shows distribution of fmt values at both time points (1A) and the change in
furt (1B) for each ROI. Estimates of fut exhibited the expected posterior to anterior progression
in terms of increasing myelin. In addition, the standard deviation as percentage of the mean
ranged from 5-6% of total at Time 1 and ~6-7% at Time 2.

There were 43 participants (83%) with increased PDS scores; whereas 5 had no change,
and 4 had decreased scores. The PDS has limited specificity due to the nature of self-report, and
small deltas in decreased scores were likely due to errors in reporting. At Time 1, only one
female participant reported full maturity (PDS = 4), whereas at Time 2, there were three female
participants with maximum scores. The PDS scale is subject to a ceiling effect (PDS = 4), but
this was not the case for this cohort. There were 41 participants (75%) with increased BMI

scores and 14 with decreased scores. For Time 1, 27% of participants were overweight or obese,
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while only 22% at Time 2. ROI-based measures of fur did not correlate with changes in PDS or
BML

The fur in FLWM was increased at Time 2 (M = 0.245, SD = 0.015) versus Time 1 (M =
0.239, SD = 0.013), t49)=3.19, p = 0.003 (see Table 4.2 for the statistical results from all ROIs).
There were 31 total participants, or ~ 60%, that had an increase for this region (see Table 4.2 for
data in all ROIs). The p-value was statistically significant at a Bonferoni-corrected level of p <
0.0125. However, effect size (Hedges’s g = 0.36) was small to medium, with a CL likelihood
estimate of only 67%. SCC, GCC, and OR did not show a significant increase between time
points. The smallest true effect size (i.e., the minimal detectable effect, or MDE) was calculated
to determined if this sample was reasonable powered to detect an effect of this magnitude. The
MDE for a paired, one-tail t-test (assuming an increase) of 50 subjects using conventional cut off
values (power = 80%, alpha = 0.5%) was 0.36. This is equivalent to the observed effect for

FLWM.
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Figure 4.1 Distribution and difference plot of longitudinal fmr. (A) Box plots comparing the
distribution of fmr for each ROI measured at Time 1 and Time 2. (B) Difference plot of fmut Time
2 — fmt Time 1 for each paired subject by ROI. The dashed horizontal line (grey) corresponds to
no difference. Mean difference for each ROI is shown as a filled circle with error bars set at the
95% confidence interval.

Table 4.2 Descriptive statistics of longitudinal fmr. Mean + SD are reported for optic radiation,
splenium, genu, and frontal white matter ROIs. Significance level was set using a Bonferroni-
correction for multiple tests, p < 0.0125 (p < 0.05/4 ROIs). Paired sample t-tests were tested for
each ROI reported as the #-statistic and df (N-1). CI is the 95% confidence interval of the mean
difference. Effect size is reported as Hedge’s g. CL is the common language effect size.

ROI Time 1 Time 2 t (df) ) 95% CI féf:"gf CL (%)

OR 024740013 0242+0.015 1.97(@45)  0.055  [-0.009, 0.32 61%

sCC 0.256+0.014 0253+0.015 1.31(55)  0.194 ([)-'(()).(())(())]5, 0.14 57%

GCC 0.267+0.017 0.267+0.020 0.06(48)  0.951 ([)-'(()).(())1)]5, 0.01 50%

FLWM  0239+0.013 0245+0.015 3.19(49)  0.003* ([)69(())3,;, 0.36 67%
0.008]
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The results of the statistical analyses for the executive function tests are shown in Table
4.3 and as expected both TMT-B and SWM had a significant mean decrease in their scores,
which corresponds to an improvement in performance from Time 1 to Time 2. Even so, these

were small effects with only a ~65% likelihood of change.

Table 4.3 Descriptive statistics of longitudinal executive function. Mean +SD are reported for
Trail Making Test B and Spatial Working Memory. Paired, two-sample t-tests were tested for
each group as shown by the #-statistic and df (N-1). CI is the 95% confidence interval of the
mean difference. Effect size is reported as Hedge’s g and CL is the common language effect size.

ECF Time 1 Time 2 t (df) p 95% CI Effect size,g CL (%)
TMT-B 55.08£17.98 48.74+13.93 3.02(51) <0.004 [-10.56,-2.13] 0.39 66%
SWM 3096 £5.82 2898+6.75 2.64(49) 0.011 [-3.49,-0.47] 0.31 65%

Linear regression was used to test the association of fmt from each ROI with either TMT-
B or SWM. As shown in Figure 4.2, there were no significant correlations of the change in fur
and change in either EF measure. Based on these results, no additional regression models were

tested.
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4.5 Discussion

The aim of this study was to investigate adolescent white matter development as it relates to
physical and cognitive maturation using a newly developed MT imaging technique. Different
regions reach “peak” levels of maturation at different rates as defined by a plateau in these
trajectories *°. In this study, FLWM had the lowest mean firr values in comparison to other
regions; consistent with a delayed myelination in frontal white matter. We observed a significant
change from Time 1 to Time 2 for FLWM with approximately 60%, of participants having
increased fmr at Time 2. The average percent increase in FLWM was ~5% for participants with
positive deltas, and ~2.5% overall. Given the small change in fur with age, it was not surprising
that regression analyses for fur were not predictive of the improvement in either measure of
executive function.

Physical characteristics, such as pubertal status and body mass, have been implicated as
important factors for adolescent brain development. Puberty involves both hormonal and
physical changes, and typically starts at age 12 for girls and 14 for boys with large variation
between individuals (~5 years) 3. Many conflicting reports exist for sex- or hormone-specific
effects on white matter, although most findings in children and adolescents have involved the
corpus callosum 64166, The corpus callosum is topographically organized to facilitate efficient
inter-hemispheric signaling to all lobes of the brain !!. For this study, we included the splenium,
a posterior segment connecting primarily visual cortices, and the genu, an anterior segment
connecting prefrontal cortices 7. We did not find any associations in regional fur with the
puberty scale (PDS), possibly as subjects were at or near full sexual maturity by Time 2.
Participants also experienced rapid increases in height and weight typical for adolescents. In

particular for this cohort, there were 27% and 22% overweight or obese participants at Time 1
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and Time 2, respectively. Previous studies have shown an inverse relationship of BMI to global
measures of white matter, in addition to posterior corpus callosum and association tracts '°%;
however, we did not observe this in the four regions included for this study.

The final comparison was to test if fut was predictive for either measure of EF. Several
cross-sectional studies have reported regional variations in white matter are related to functional
specialization during adolescence '*°. In recent longitudinal study (ages 6-25), visuo-spatial
working memory was correlated with BOLD contrast in both frontal and parietal regions; in
addition, working memory capacity was correlated to white matter tracts associated with or

connecting these regions '*°

. We hypothesized that fur of frontal lobe and genu would predict
performance in set-shifting and strategy scores. This was not observed; however, the changes in
EF and their effect sizes were small over this age range. Combined with the small effects in fur,
we had limited power for detecting a relationship between these measures.

As seen from these comparisons, detecting developmental effects in a longitudinal study
can be challenging, as changes within individuals are small (especially over a limited age range),
and depend greatly on the precision of technique. Adolescent maturation is an undoubtedly
complex process, as studies have suggested hormones, body size, sex, and many external factors,
such as peer relationships and nutrition, may interact or predict already subtle individual effects
159.163.170.171 ‘Therefore, without a large sample, it is difficult to have sufficient power for teasing
apart the anatomical and functional correlates of typical adolescent development. However, the
percent increase in FLWM fur was found to be similar to reported DTI white matter metrics in a
longitudinal study. For participants ages five to twenty five, investigators reported within subject

change was on the order of 4-7% across multiple white matter tracks, compared to precision

estimates of 1.4-3.2% ¥. Based on these ranges, the ~2.5% increase in FLWM is certainly
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feasible for the age range we studied. In addition, the effect size related to change in FLWM
corresponded to a minimum possible effect for this sample size (for 80% power, and alpha =
0.05). By going beyond the p-value, these effects indicate fut may indeed be sensitive to subtle

change during adolescent development.

4.5.1 Conclusions

We used a recently developed MT technique and found a small but significant increase in
fmt (~ 2.5%) in the frontal lobe white matter over the span of ~18 months in a healthy sample of
adolescents. Unfortunately, this increase was not significantly associated with the improvement
in performance in two measures of executive function. We believe the fur may be useful in
future longitudinal studies, although expanding the age range and sample size may be necessary

to investigate how these small changes are related to cognitive development.
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Chapter V. Discussion

5.1 Concluding remarks and future directions

The objectives of this thesis were to characterize and apply two novel myelin-imaging
techniques for the study of adolescent brain development. The primary challenges were
addressing the reproducibility and sensitivity of these techniques, selecting the best
candidate to detect small effects during development, and interpreting longitudinal results

in the context of former studies.

5.1.1 Importance of myelin

From the first paragraph of this dissertation, I sought to highlight the vast, and
relatively uncharted territory that is the human brain. Neural networks are intensely
interconnected, and the dynamics between them are constantly changing in response to a
genetic pattern of development, environmental factors, and new learning experiences.
Over the last century, myelin has emerged as a critical, and malleable part of these
networks. The adaptability of myelin has been linked to improvements in the efficiency
and synchronous optimization of brain function throughout development. While these
features are advantageous for fine-tuning brain function, the metabolic demands of
myelin make it vulnerable to various stressors and disease. As such, it is important to

characterize myelin in the ever-changing brain, to improve our understanding of healthy
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development in individuals, and translate these findings to the targeted treatment of

disease processes.

5.1.2 MRI and myelin imaging

Throughout modern history, advances in imaging technologies have led to
exciting new discoveries that push our knowledge of the physical world forward.
Magnetic resonance imaging (MRI) is indisputably such an advance, allowing us to
observe the inner workings of a living, complex biological system with unprecedented
detail. MRI technology was first implemented in the early 1980’s for diagnostic imaging,
and since the early 1990’s the number of neuroscience research studies using MRI has
increased exponentially. There are several key factors related to this growth; for example,
it is noninvasive and safe for most people, and it produces high quality visualization of
soft tissues throughout the body. Since the early days of MRI, extensive effort has been
made to improve the efficiency of acquisition and the quality of the images. In addition,
and importantly for imaging of myelin, numerous techniques have been applied to extract
more sensitive and specific features related to tissue contrast.

It is important to remember that MRI does not directly measure the cellular
components of brain tissue. Neurons, glial cells, and of course, myelin membranes, are
much, much smaller than a typical imaging voxel. However, the brain is conveniently
organized into low fat (gray matter) and high fat (white matter) regions, with distinct
anatomical features that are sensitive to MRI. For this thesis, I employed two techniques,
myelin water imaging and magnetization transfer imaging, with enhanced sensitivity to

obtain sub-voxel tissue information.
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5.1.3 General findings

In Chapter 2, multiple gradient echo (MGRE) MRI was used to measure T>*
decay curves in white matter regions of interest. T>* is sensitive to disturbances, or
inhomogeneities, in the main magnetic field of the MRI machine. As such, these signals
reflect the small, but detectable effect of sub-voxel inhomogeneities due to the magnetic
susceptibility of certain tissues. The high lipid content and multi-layered structure of
myelin have been shown to contribute to these effects, which can be modeled to extract
an indirect estimate of myelin content in a voxel. Stronger magnetic fields produce
enhanced susceptibility contrast, as measured by faster T>* signal decay and larger
frequency offsets. Chapter 2 investigated the application of MGRE imaging for detecting
myelin at two field strengths of 3 and 7 tesla (T). Experiments at 7 T (i.e., stronger
magnet) were used as a benchmark for performance at 3 T. This particular approach to
imaging myelin has gained interest at 3 T, as it is complementary to established
techniques such as diffusion tensor imaging (DTI) and provides unique information for
characterizing myelin content. In addition, 3 T MRI (or < 3 T) is more commonly
available, and used in the majority of clinical and research applications.

A multi-exponential model was fit to T>* signal decay curves to describe the
contributions of distinct tissue compartments, attributed to myelin, axonal and interstitial
water. The relative myelin content, or myelin water fraction, was defined as the fraction
of signal attributed to myelin (fast T>*, large frequency offset) to that of all water sources
in the voxel. Model fitting at 3 T was found to be imprecise, which was due to the lack of
sensitivity to susceptibility effects at this field strength. The 7 T application was indeed

sensitive to each component; however, the human results were not plausible for expected
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myelin content in healthy adults. This was a surprise, and likely due to the presence of
artifact due to the incorrect tuning of scanner gradients.

While Chapter 2 was conclusive as to the poor reliability of this technique at 3 T,
model fitting still returns “reasonable” average values for the myelin water fraction.
Reasonable is in quotes, as these estimates are based on what is previously published in
the literature. There is no reference standard, or direct quantification as to what the
myelin water fraction should be for various tissue types in living human brain. Post-
mortem studies have shown high correlation with these values, but ultimately do not
correspond to accurate or even specific estimates of myelin content. Even so, reasonable
estimates are based on biological observations, such that myelin membranes have ~40%
water throughout the multi-layer sheath. We can construct models based on estimated
water content to extrapolate various effects, but this is difficult to generalize across the
brain. In addition, these estimates are based on an aggregate signal, and subtle differences
within a voxel, such as the addition of a few new internodes or myelin layers, may not be
detectable with this approach. This can be problematic for future research, as promising
new techniques get picked up for their purported specificity to myelin, irrespective of
certain performance metrics. The work in Chapter 2 was an attempt to validate the use of
these techniques and found that at 3 T the MGRE technique is very sensitive to even
small amounts of noise and thus casts doubt on whether it can be used to reliably detect
myelin water estimates.

The work in Chapter 3 delves into the reliability of MGRE-based myelin imaging,
in contrast with a second myelin-sensitive technique using magnetization transfer (MT)

imaging. The primary goal was to compare the reproducibility of each method in a large
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sample, to generalize these findings for potential clinical and research applications. For
the MT approach, a novel pulse sequence was applied to measure the transient change in
magnetization between a non-water, macromolecular proton (MP) pool and a free water
proton (WP) pool. The high lipid content of myelin membranes is a large contributor to
the MP content in tissue. The relative exchange between each WP and MP can be
modeled to extract MP pool size, which is used as an indirect measure of myelin content.
While both techniques in this study have been recently developed, the basic principles
underlying multi-component relaxation models and two-pool model of magnetization
have been compared in previous studies to estimate myelin content. To summarize, the
MGRE-based myelin estimate was highly susceptible to measurement error. The MT-
based myelin estimate was robust to measurement error, and thus reproducible in this
context. Using the variability measured from these data, we calculated the number of
subjects that would be necessary to detect a small increase in myelin content. Not
surprisingly, the myelin water method needed an unreasonable number of subjects to
detect any effect with high confidence, while the MT approach was sensitive to the
difference with only a small number of subjects.

In Chapter 4, the MT approach was used to study myelin development in a
longitudinal adolescent cohort over the span of ~18 months. Previous studies have shown
delayed maturation in association areas and white matter tracts throughout adolescence
and into adulthood !'*2. As such, we hypothesized to find increased myelin content in
anterior white matter regions associated with the pre-frontal cortices. A small yet
significant increase in myelin content (~2.5%) was observed in frontal white matter,

which was comparable in magnitude to a longitudinal MRI study using diffusion tensor
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imaging *°. In addition, MT-based myelin estimates were found to be precise for this
cohort, as there were no changes greater than 15% in any white matter region. As such,
the MT approach may be useful for future longitudinal studies to study myelin maturation

in development.

5.1.4 So what'’s all the noise about?

The techniques presented in this thesis were evaluated in terms of their
applicability for future developmental studies. The MT approach was determined to have
superior levels of precision, and which may be applied for future experiments. However,
researchers may still fall into the trap of perceived specificity for one technique over
another. This may be partially due to branding, as myelin water sounds much better than
measuring a non-specific bound proton fraction. There is some merit to this, as MT
estimates are based on the assumption that myelin is the dominant source of MPs in white
matter. This assumption may be confounded in certain situations, such as inflammation or
edema as observed in aging and some diseases. Another approach to interpreting these
results is to reexamine the role and source of measurement error.

A common misperception, and one formerly held by this author, is that
measurement error, i.e., uncontrolled variation in data, will diminish statistical effects.
For example, many believe that if a significant result is found from noisy data, it must
indicate the true effect is larger than what was observed from the study. This
interpretation seems intuitive, but is not always the case, especially in measurements with
high error levels. Errors can actually exaggerate effect size and are partially to blame for

the oft-cited science replication crisis !7>. Measurement error is particularly insidious for
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small sample sizes, and is propagated when considering multiple predictors and complex

study designs. Measurement error can arise from many sources, such as data acquisition,

preprocessing methods, analysis techniques, statistical methods, and even researcher bias.
Therefore, the reliability and stability of measurements is critical for making correct

inferences as to the true nature of an effect.
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Appendix: Supplementary Materials

Table 3.S1 Average model parameters for each WM ROI. Data was excluded from
some individual ROIs due to localized artifact. (A) For MW, three-component fitting
results are shown, where A, is the relative amplitude (a.u.), R; ,, the relaxation rate (Hz),
fn the frequency shift (ppm), and ¢ the phase offset (Hz). (B) For MT, fis the MP fraction
(fmt), R1,wp the relaxation rate (Hz) of WP, and kwwm and kmw are exchange rate constants
relative to WP and MP pool size. The Rimp (4 Hz) and Smp(0) (0.88) were assumed to be
the same values for all subjects.

A. Myelin water parameters

ROl N A1 Ry fii A R fo As Rz fe ¢

OR 59 0.16 858 0.07 040 151 -0.02 053 173 0.01 -0.1
SCC 61 0.13 823 007 036 12.0 -0.02 058 20.1 0.01 -0.1
GCC 61 008 665 0.10 038 150 -0.02 0.61 215 0.01 -0.1
FLWM 59 0.09 632 0.06 042 159 -0.02 0.55 175 0.01 0.0

B. Magnetization transfer parameters

ROI N f Riwp kwm  hkww

OR 72 0.255 0.375 2.06 6.02
SCC 80 0.257 0.474 246 7.14
GCC 72 0.274 0366 2.64 698
FLWM 74 0.247 0386 232 7.07
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