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Abstract

Optimization of sensitivity to disease-associated cortical metabolic abnormality by evidence-based
quantification of in vivo proton magnetic resonance spectroscopy data from 3 Tesla and 7 Tesla

Kelley M. Swanberg

In vivo proton magnetic resonance spectroscopy (\H MRS) is the only method available to measure
small-molecule metabolites in living human tissue, including the brain, without ionizing radiation
or invasive medical procedures. Despite its attendant potential for supporting clinical diagnostics
in a range of neurological and psychiatric conditions, the metabolite concentration estimates
produced by '"H-MRS experiments, and therefore their sensitivity and specificity to any particular
biological phenomenon under study, are readily distorted by a number of confounds. These include
but are not limited to static and radiofrequency field characteristics, signal relaxation dynamics,
macromolecule and lipid contributions to the spectral baseline, spectral fitting artifacts, and other

uncontrolled idiosyncrasies of "H-MRS data acquisition, processing, and quantification.

Using 'H-MRS data obtained via 3-Tesla and 7-Tesla magnetic resonance (MR) scanners
from healthy controls, individuals with progressive and relapsing-remitting multiple sclerosis
(MS), and individuals with post-traumatic stress disorder (PTSD) and/or major depressive disorder
(MDD), this work therefore aims to build and apply a framework for quantifying and thereby
reducing such confounds introduced to "H-MRS estimates of in vivo metabolite concentrations at
the steps of data processing and quantification, with an ultimate aim to maximizing the potential
of 'H MRS for supporting sensitive and specific clinical diagnosis of neurological or psychiatric
disease. The steps examined include spectral quantification by linear combination modeling
(Chapter 2), absolute quantification by internal concentration referencing (Chapter 3), and cross-

sectional statistical analysis of results (Chapters 4 and 5).



Chapter 2 designs and implements a graphical user interface (GUI)-supported validation
pipeline for measuring how data quality, spectral baseline, and baseline model affect the precision
and accuracy of 'H-MR spectral quantification by linear combination modeling. This validation
pipeline is then used to show that spectral data quality indices signal to noise ratio (SNR) and full
width at half maximum (FWHM) interact with spectral baseline to influence not only the precision
but also the accuracy of resultant metabolite concentration estimates, with fit residuals poorly
indicative of true fit error and spectral baselines modeled as regularized cubic splines not
significantly outperformed by those employing simulated macromolecules. A novel method for
extending the commonly used spectral quantification precision estimate Cramér-Rao Lower
Bound (CRLB) to incorporate considerations of continuous and piecewise polynomial baseline
shapes is therefore presented, tested, and similarly integrated into a GUI-supported toolkit to
improve the correspondence between estimated CRLB and metabolite fit error variability when

this now empirically justified approach to spectral baseline modeling is used.

In Chapter 3, age- and disease-associated differences in transverse (72) water signal
relaxation measured at 7 Tesla in the prefrontal cortex of individuals with progressive (N=21)
relative to relapsing-remitting (N=26) or no (N=25) multiple sclerosis are shown to influence

absolute quantification of metabolite concentrations by internal referencing to water.

In Chapter 4, these findings from Chapters 2 and 3 are used to justify an evidence-based
'H-MR spectral processing and quantification protocol that focuses optimization efforts on
baseline modeling approach and references metabolite concentration estimates to internal creatine
instead of water. When this protocol is applied to 7-Tesla prefrontal cortex 'H-MR spectra from

the aforementioned multiple sclerosis and control cohorts, it supports metabolite concentration



estimates that, in the absence of any additional supporting data, inform supervised-learning-
enabled identification of progressive multiple sclerosis at nearly 80% held-out validation

sensitivity and specificity.

Finally, in Chapter 5, the same processing, quantification, and machine-learning pipeline
employed in Aim 3 is independently applied to a new set of 7-Tesla prefrontal cortex 'H-MRS raw
data from an entirely different cohort of individuals with (N=20) and without (N=18) PTSD and/or
comorbid or primary MDD. Here the processing, quantification, and statistics procedures designed
using lessons in Chapters 2 and 3 and optimized for classifying multiple sclerosis phenotype in
Chapter 4 generalize directly to metabolite-only classification of PTSD and/or MDD with
sensitivity and specificity similarly near to or greater than 80%. In both Chapters 4 and 5,
supervised learning avoids dimensionally reducing metabolite feature sets in order to pinpoint the

specific metabolites most informative for identifying each disease group.

Taken together, these findings justify the potential and continued development of '"H MRS,
at least as applied in the human brain and especially as supported by multivariate approaches
including supervised learning, as an auxiliary or mainstay of clinical diagnostics for neurological

or psychiatric disease.
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Chapter 1: Overview

1.1. Motivation: The unfulfilled clinical promise of "TH MRS. In vivo magnetic resonance
spectroscopy (MRS) is a method that can estimate the concentrations of select small molecules in
living tissue by using electromagnetic waves in a strong magnetic field to manipulate and monitor
the spin behavior of certain atomic nuclei within them. Since Felix Bloch of Stanford University
performed in 1946 what is now considered to be the first in vivo MRS measurement, of the protons
in his finger [2], the method has developed considerably, now enabling the routine and noninvasive
assessment of multiple small-molecule metabolites in tissues like the human skeletal muscle [3],
liver [4, 5], brain [6], heart [7], breast [8], bone [9], prostate [10], kidney [11], and, more recently,
the spinal cord [12].

While any atomic nucleus with odd mass number or odd atomic number and even mass
number—in other words, an odd number of protons, neutrons, or both (and therefore odd integral
or half-integral spin I)—exhibits a dipole moment in a magnetic field that can be measured in an
MRS experiment [13], only those elements that naturally comprise some significant portion of
living biomatter, such as 'H, 2*Na, *'P, and sometimes '*C [14], or that can be safely administered
to a living organism, like '°N, 'O, *C, and '°F, can be usefully measured in vivo. Among these,
the most abundant in the human body is the hydrogen nucleus (‘H or proton), rendering '"H MRS,
with its close cousin magnetic resonance imaging (MRI) of MR -visible water protons, one of the
most common variants used in investigations pertaining to human biology.

Despite the diagnostic potential suggested by the range of organs to which spectroscopy has
been applied to noninvasively investigate in vivo metabolism in the laboratory, its clinical utility
remains limited. The reimbursable clinical use of magnetic resonance spectroscopy is still largely

confined to glioma differentiation [15], in part due to still-inadequate knowledge
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Figure 1.1. Many error-prone processing steps are required to translate from proton signal to metabolite concentration in a proton MR spectroscopy (:H MRS) experiment.
Protons (hydrogen nuclei 'H) in the sample induce analog voltage oscillations in radiofrequency receive hardware that are amplified, demodulated into two orthogonal sinusoids, filtered,
and sampled into a complex, discretized time-domain free induction decay (FID) signal. Multiple such digital signals representing measurements taken from the same experiment are then
corrected for phase distortions, frequency- and phase-aligned with each other over repetition and receive channel, and averaged. At some point during or after alighment, the data are
Fourier transformed from time domain into a frequency-domain spectrum, where signals from individual populations of protons become separated according to differing frequencies of
the voltage oscillations that they induce, equivalent to the frequencies at which their magnetization vectors oscillate in the scanner (Larmor frequency w), themselves a function of
gyromagnetic ratio y, the ratio between the magnetic moment of a particle system (i.e., atomic nucleus) and its angular momentum as determined by spin, and the magnetic field B to
which they ate exposed. Protons from different compounds are shielded from the scanner magnetic field (Bo) differently (encompassed here within AB), by the electrons around them.
This causes them to precess and therefore induce receive hardware signals at slightly different frequencies from each other. Protons living in different molecules thus manifest as distinct
amplitude peaks along disparate locations in the frequency domain. When compared to a standard, this difference is called chemical shift, and it is what makes spectroscopy possible. A
process called spectral quantification can help to unpack these disparate but overlapping signals at different chemical shifts and estimate relative concentrations, in arbitrary units (a.u.), of
the small-molecule metabolites to which they belong. Translating from these arbitrary units to physically meaningful concentrations takes a few extra steps with additional prior knowledge,
a process called absolute quantification. Inconsistencies or etrrors in any step of this pipeline can degrade the precision and/or accuracy of the metabolite concentration estimates that
constitute its endpoint. ppm: patts per million, a measure of nuclear precession frequency scaled by By field strength to enable universal comparisons of proton spectra across scanners.
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regarding the complex relationships among disease states and the limited collection of small

molecules into which this method provides a window. Its applications in biomedical research,

however, are extensive, in large part as a result of its safety and ability to assess tissue biochemistry

within the context of living humans. 'H MRS, like MR], is classified as only moderate risk by the

United States Food and Drug Administration (USFDA) [16], approved for clinical use up through

magnetic field strengths of 7 Tesla as of 2017 [17], and constrained by no absolute legal limit on

the number of scans that can be administered to an individual over time. These features, combined

with the persistent difficulty of generating animal disease models with high predictive, face, and
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Figure 1.2. Resonance-specific, extra-concentration
variables including but not limited to proton number
contribute to metabolite signal amplitudes in the
spectral output of a 'H-MRS experiment. A. For
example, three methyl protons underlie the contribution of
creatine to the 3.03-ppm singlet (arrow) of this spectral
output to an in vivo 'H-MRS experiment localized to an
occipital cortex voxel. B. By contrast, two protons underlie
the contribution of water to a signal of nonetheless similar
appearance to that of the 3.03-ppm creatine resonance.
These and other resonance-specific differences in the
relationship between concentration and signal intensity must
be accounted for in metabolite quantification procedures
using 'H-MRS data.
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construct validity, as well as the dearth of other
tools for noninvasively querying human tissue
biochemistry in vivo, render 'H MRS a
potentially useful avenue for developing novel
disease diagnostics and therapies.

Rendering this potential a reality still
awaits, however, either the continued
refinement of techniques, e.g., improved pulse
sequences and quality assurance techniques, to
maximize the precision with which one can
measure one or two metabolic smoking guns
for a particular disease, or the development of
newer approaches, e.g., machine learning, to

uncover reproducible patterns of subtle disease

effects on several metabolites. Most likely, the



successful development of clinically useful diagnostic biomarkers from 'H-MRS data will
represent a combination of the two efforts. Spectroscopic data inputs to disease classifiers may be
normalized, dimensionally reduced, or otherwise transformed into uninterpretable arbitrary units
and therefore do not need to represent physically accurate measurements of absolute molar
concentrations to be clinically useful. Even metabolite signals in arbitrary units, however, must be
enable classification schemes that are both sensitive and reproducible. Increased between-subject
variance from the variable influence of extra-concentration factors like relaxation, discussed in
greater detail below and especially in Chapter 3, may complicate the parcellation of a many-
dimensional matrix of metabolite signals into distinct disease groups; on the other hand, increased
between-group variance in metabolite signals on the basis of a confound that may not be
generalizable to every sequence, such as diffusion weighting, can enable the development of a
seemingly sensitive classifier but obstruct the usefulness of its broad application to clinical
decision-making.

Translating the temporal shifts in MR scanner receive hardware voltage induced by
radiofrequency waves emitted by protons in the 'H-MRS sample under study into physically
meaningful localized concentrations of particular small molecules is a complicated and multi-step
process (Figure 1.1). Spectroscopic quantification can, as such, encompass multiple sources of
increased between-subject variance or spurious between-group variance, from unrepresentative or
mismatched subject sampling, unconsidered effects of spectral acquisition and processing
techniques, and faulty evidentiary support for conversion factors used to translate between signal
intensity and usable concentration values. While these potential confounds to metabolite
quantification by 'H MRS, including voxel grey-white matter composition, atrophy index,

diffusion weighting, metabolite 77 and 72, and other MR-visible differences in tissue physiology



may, when characterized and controlled, serve as useful biomarkers in their own right for disease
diagnosis, the present dissertation focuses on characterizing and thereby minimizing their
influence on the utility of 'H MRS as a measure of small molecules that may additionally serve as
a window to the metabolic pathophysiology underlying the clinical manifestation of neurological

disease.

1.2. From proton magnetic resonance spectral signal to physically meaningful metabolite
concentration. A non-optical process, a '"H magnetic resonance experiment produces raw data
outputs that do not directly represent the densities of protons in each spectral (for MRS), spatial
(for MRI), or both (for magnetic resonance spectroscopic imaging or MRSI) region of the sample
in the scanner. The spectroscopy or imaging data obtained instead themselves constitute an inverse
Fourier transform or Fourier transform as samples in either time domain or k-space, respectively,
of the spectral or spatial information desired. The inverse Fourier transform (typically
implemented as an inverse Fast Fourier Transform or FFT) of discretized k-space data acquired
from a slice-specific 2D imaging experiment therefore yields a visual map of proton signal
intensities across a 2D spatial matrix of voxels comprising the single slice measured in the scan.
Analogously, Fourier transform of preprocessed (amplified, demodulated, filtered, and sampled)
time-domain free induction decay (FID) data acquired from a single-voxel (volumetric pixel, the
often cubic, or at least rectangular prismatic, region of spins excited for measurement)
spectroscopy scan yields a spectrum of signals associated with select hydrogen nuclei of certain
small-molecule metabolites dispersed along a single frequency dimension. In the more complex
case of a slice-specific 2D magnetic resonance spectroscopic imaging scan, inverse Fourier

transform yields a 2D spatial matrix of FID datasets, each analogous to those that might be



obtained by single-voxel spectroscopy.

Following FID decomposition by Fourier transform, the intensity of each signal, or resonance,
of the frequency-domain spectrum obtained by a 'H-MR spectroscopy experiment does not itself
represent the concentration of any particular metabolite (Figure 1.2). Each resonance instead
reflects the degree of voltage oscillation induced in radiofrequency receive-coil hardware by a
population of hydrogen nuclei whose location along the frequency axis depends on the chemical
environment in which it resides. Different nuclei experience different intensities of so-called
electron shielding from the Bo magnetic field of the scanner as a result of differing
electronegativities of the other elements to which they are bonded. This nucleus-specific variability
in electron shielding thereby differentially alters the effective magnetic field experienced by each
species. Higher electron probability densities near the hydrogen nucleus result in greater electron
shielding and proportional reductions of the effective magnetic field that it inhabits. This effective
field, in turn, affects the angular frequency at which the net magnetic moment of a nuclear dipole
gyrates or “precesses” about the scanner magnetic field, according to a relationship called the

Larmor equation’:

w = -y(Bo + AB) (1)

in which o is the angular “Larmor” frequency of precession, vy is the gyromagnetic ratio in rad/T
of the nucleus in question, By is the magnetic field vector imposed by the scanner bore, and AB, a

crucial term that enables spectroscopic differentiation of disparate metabolite nuclei, represents

!'The Larmor equation is named for Irish physicist Joseph Larmor, who did not consider its potential applications to the as-yet nonexistent domain of
empirical in vivo nuclear magnetic resonance spectroscopy when he published its mathematical basis in 1897. He instead derived it within the context
of electrons following studies of Zeeman splitting, or partitioning in the optical spectral emissions of charged particles in the presence of magnetic
fields ([18] N. Tubridy and C. S. McKinstry, "Neuroradiological history: Sir Joseph Larmor and the basis of MRI physics," Newuroradiology, vol. 42, no. 11,
pp- 852-5, Nov 2000. [Online]. Available: http:/ /www.ncbi.nlm.nih.gov/pubmed/11151696.).
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the relative contribution of electron shielding to the effective magnetism experienced by a nucleus
[13]. Consequently, distinct hydrogen nuclei present in the same molecule may or may not resonate
at multiple different points along the spectrum, or “chemical shifts,” according to the electronic
milieu in which they reside. For example, while the two protons of water both bond to the same
oxygen molecule and thus both contribute to the same single peak (“singlet”) at 4.65 ppm (parts
per million, which is a unit of frequency that divides out the effect of field strength on the Larmor
frequency of a resonance, thereby creating a frequency scale that is identical across different MR
scanners), the CH3, CHz, and NH protons of creatine constitute entirely different peaks at 3.03,
3.91, and 6.65 ppm, respectively. As a result, the signal intensities of some resonances may be
increased relative to others not directly because they necessarily represent metabolites of higher
concentrations but because they represent metabolites with more protons at that particular
chemical shift in the spectrum, which is as also attributable to the numbers of protons in the moiety
in question as it is to the concentration of the compound(s) that this moiety represents. As shown
in Figure 1.1 and discussed elsewhere in this dissertation, this factor is just one of the many extra-
concentration variables contributing to nuclear signal magnitudes in '"H MRS.

That disparate protons in different compounds resonate at diverse Larmor frequencies as
described by their relative chemical shifts is the physical property that makes metabolite
quantification by '"H MRS possible, but this chemical-shift-induced separation along the frequency
axis of a spectrum is often subtle. Even at a 7-Tesla Bo field strength, the highest currently approved
by the USFDA for clinical use in humans [17], for which spectral dispersion of Larmor frequencies
is highest among all clinical scanners due to the higher-magnitude By term on the right side of
Equation (1) enabling a larger dynamic range of possible Larmor frequencies ® over all

metabolites of interest on the left, separation of proton signals along the frequency domain by
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Figure 1.3. Spectral data comprise overlapping
signals from multiple metabolites and can be
decomposed using prior knowledge of
metabolite signal shapes. Above is a spectral data
set (top line; light grey) decomposed into
component metabolites by lineat combination
modeling of basis set functions representing each
(blue) plus an underlying baseline (“base”; black) of
low-frequency oscillations, in this case modeled by
smoothed cubic splines. The residual (“res”; grey)
demonstrates the difference between the data and
the final model (red). These data were obtained from
a MEGA-sLASER (Tg 72 ms; Tr 3 s) sequence with
J-difference editing for GABA (3.01-ppm “CH>
resonance; editing on the 1.89-ppm 3CHj; resonance)
from a 27-cc voxel in the medial prefrontal cortex.
The spectrum was acquired as 4096 complex points
and cut to 1024 complex points for fitting. NAAG:
N-acetylaspartylglutamate; NAA: N-acetyl
aspartate; Gln: glutamine; Glu: glutamate; ppm:
parts per million. Displayed as appears in Swanberg,
Prinsen et al., NMR Biionred 2021; 34(11): e4590.

chemical shift is incomplete. This overlap among
signals from different metabolites can range from
being a source of measurement uncertainty, as in the
case of glutamate and glutamine at 7 Tesla, to being
an ineluctable confound that necessitates the use of
dedicated pulse sequences for signal isolation, as in
the case of glutathione (GSH) or GABA and its
overlapping creatine resonance, to even rendering
confident estimation of some metabolites as isolated
from others close to impossible without even higher
field strengths or further specialized methods, as in
the separation of creatine (Cr) and phosphocreatine
(PCr) via typically visualized resonances between 0
and 4.5 ppm.

Not only do proton magnetic resonance spectra
exhibit overlap among signals from different
metabolites, but even those acquired via the simplest

conventional single-voxel localization techniques

also demonstrate a number of other visual elements extraneous to the metabolites generally under
study. These include but are not limited to residual water signal left unspoiled by imperfect water
suppression during spectral acquisition, lipid signatures both native and external to the voxel at
hand, resonances from proton moieties within the context of large, complicated, and difficult-to-

model macromolecule signals, spurious echoes from incompletely crushed coherence pathways



excited by the pulse sequence, lineshape distortions due to nonlinear gradients and uncorrected
eddy currents, antisymmetric artifacts from uncorrected eddy currents, and thermal noise from
physiological and hardware sources. In the case of spectra acquired by J-difference editing [19],
one of the methods by which certain metabolite signals might be extricated from the overlapping
spectral background, the story is further complicated by errors potentially introduced by
inappropriate alignment of the two spectral conditions—editing pulse-on and editing pulse-off—
that are subtracted to produce the so-called difference spectrum put to final analysis. For this reason,
unraveling a spectrum into its component metabolite signatures to determine their relative signal
amplitudes, a step called spectral quantification, is not a straightforward endeavor even if one
temporarily puts aside the equally complicated next question of then associating those metabolite
signal amplitudes with physically meaningful concentration values. Currently the most accepted
approach to this complex problem is linear combination modeling, or the construction of a
similarly complex picture of the data under analysis by weighting and transforming a series of
expected metabolite signal shapes (called basis set functions), the underlying baseline, and any
other signal or artifact in the data except thermal noise, such that when these components are all
summed, they exhibit a residual, or difference from the actual data, of pointwise Gaussian
distribution and minimal magnitude or norm (Figure 1.3). One commonly employed modeling

framework can be summarized as follows, as originally published in 1993 [20]:
Nm

Np
P (vy) = e~i%o Z ¢, FFT(e~0+€0tm ()| + Z &;B; (vi) )
=1 i=1

In this equation vk describes the discretized precession frequency domain and Y(vi) describes the

final reconstruction of spectral data, defined over these frequency domain values, as expressed by



the linear combination model on the right. This spectral model comprises a linear combination of
two major components: the metabolite basis functions (left sum) and a baseline designed to capture
additional smooth lineshapes in the data not encompassed by the metabolite functions (right sum).
Additional mathematical descriptions of first-order (frequency-dependent) phase and metabolite
signal lineshape effects have been omitted here in Equation (2) because they are not routinely
applied in our work; another notable difference from the original formulation is that the phasing
term is applied only to the metabolites here and not also the baseline.

In the metabolite basis term (left sum), Ni describes the number of metabolite basis functions

-ylt

included in the model, FFT is of course the Fast Fourier Transform, e”"is an exponential decay

term that convolves the frequency-domain spectrum with a Lorentzian shape of full width at half-
maximum proportional to (my))!, and e™!'is a frequency shift term that, when applied in time
domain, offsets the frequency-domain spectrum by a value proportional to angular frequency ei.
Of utmost importance in the first term of this model is the vector Ci, describing scaling factors
applied to each metabolite described by its respective time-domain representation (plus
transformations applied as described here)—indeed the result in which one is most interested when
attempting to estimate in vivo metabolite concentrations by '"H MRS. e *® describes a zero-order
(frequency-independent) phase of radian value ¢o applied to all metabolite bases equally.

Here the baseline term (right sum) is rendered as a summation of cubic splines, but it should
be clarified that this is but one, albeit among the most flexible, approaches to model the smoothed
shapes of a metabolite spectrum, influenced by residual water, macromolecules and lipids, and
other factors, which will be discussed further in Chapter 2, not encompassed by the metabolite

terms on the left. Here Ng describes the number of spline terms used to develop the model, B;(vi)

the spline basis shapes themselves as functions of discretized frequency-domain value vk, and f;
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the respective weights on each such term.

Chapter 2 of this dissertation explains the ways in which this linear combination modeling
approach to spectral quantification can be influenced by data quality and especially the technique
for modeling and optimizing the summed vector of frequency-domain baseline terms f;B;(vk), and
develops and applies novel methods for systematically observing and quantifiably expressing these
errors to enable their evidence-based correction.

Even when spectral quantification can successfully decompose a metabolite spectral dataset
into its component parts scaled by accurate and precise coefficients Ci,a number of steps needs to
be taken in order to convert these unitless relative weights to physically interpretable (milli)molar
units. Experiment-specific factors like scanner field strength, resistive load on the resonance
circuits established by the radiofrequency coil hardware, and the gain on signal receiver sensitivity
can dial up or down the relative signal obtainable by a particular scanning session [21]. In this way,
the metabolite signal intensities acquired by 'H MRS are not directly comparable from one scan
to another, and even less so from one research center to another. In addition, the signals of
individual metabolite moieties within the same acquisition can vary relative to each other for
reasons like, as already mentioned, differing proton numbers, in addition to, as will be discussed,
disparate 77 and 7> signal relaxation. As a result of variables such as these, absolute metabolite
quantification by 'H MRS can be a complex and an open-ended process even once the prior step
of spectral quantification has been completed, and multiple potential routes exist for achieving it.
Namely, the translation of '"H-MRS data from institutional units of metabolite signal intensity to
absolute units of concentration typically involves comparing signal intensity with the intensity of

an external or internal quantification reference of known (in the case of an external reference) or
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independently estimable (in the case of an internal reference) concentration.?

Because referencing concentrations to an external source requires the additional effort of
preparing and scanning solutions of a reference metabolite or metabolites that also appear(s) in the
spectrum under study, as well as additional consideration of possible differences in coil load and
Bo.1 fields between this phantom and the in vivo voxel from which metabolite concentrations are
being investigated, internal referencing is a popular method for calculating absolute from arbitrary
metabolite concentrations in proton magnetic resonance spectroscopy [21, 24]. Internal
concentration referencing depends on accurately estimating the concentration of a reference
compound that is present in the same voxel as the scanned metabolite to be referenced. This
compound must be measurable by the same '"H-MRS sequence as the metabolite(s) in question—
indeed, it may itself comprise a component of the spectral output thereof—but also possess a
concentration that is estimable by another means independent of this sequence. By thus linking the
measurement of 'H-MRS signal intensity with an estimation of absolute concentration, an internal
reference facilitates the easy calculation of a conversion factor that can then be applied, with proper
corrections for potential differences in proton number, relaxation, and other resonance-specific
confounds, to the 'H-MRS signal intensities of other metabolites to yield absolute concentration
values. One such representation of the considerations behind a conversion factor built from internal
reference signals can be expressed mathematically as follows, for an internal reference based on

water in the voxel under study:

2 Injecting a synthetic signal from a transmitting radiofrequency coil separate from that used for nuclear spin handling can provide a means, first applied
in [22] L. Barantin, A. Le Pape, and S. Akoka, "A new method for absolute quantitation of MRS metabolites," Magn Reson Med, vol. 38, no. 2, pp. 179-
82, Aug 1997. [Online]. Available: http://www.ncbi.nlm.nih.gov/pubmed/9256094., to correct for the influences of various scan-specific hardware
conditions like receiver gain and coil loading on intensities of the signals obtained through an MRS experiment. This method can thus also be used as a
concentration-free external reference for metabolite quantification. A deep treatment of this class of quantification methods is, however, beyond the
scope of this dissertation. For more information on the use of synthetic signals as external quantification references for in vitro and in vivo magnetic
resonance spectroscopy, please refer to [23] K. Mehr, B. John, D. Russell, and D. Avizonis, "Electronic referencing techniques for quantitative NMR:
pitfalls and how to avoid them using amplitude-corrected referencing through signal injection," Anal Chem, vol. 80, no. 21, pp. 8320-3, Nov 1 2008, doi:
10.1021/ac800865c¢.
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This equation expresses the derivation of conversion factor fc to be applied to a metabolite of
arbitrary scaling a.u. as expressed by C; in Equation (2) to obtain an estimate in mM units for that
metabolite. It can be broken further into two elements: the first (leftmost fraction on right side)

takes the ratio between the estimated
M,,(t) with T, relaxation only
1 GABAT,=87ms

concentration of water in the voxel and its
observed a.u. scaling (here expressed as
water signal Sw, equivalent to C; for water
in Equation (2)) while controlling for
differences in proton number in the water
and metabolite moieties from which these
C1 were obtained; the second (rightmost
fraction on right side) controls for
relaxation differences, explained below,
between water and the metabolite in
question. Here ‘2’ represents the number
of protons in the ~4.67-ppm H20 signal,
M, the molarity of pure water, fi the
molarity of water as a fraction of pure

water in either grey matter (GM), white
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Figure 1.4. Apparent metabolite concentrations derived
from '"H MR spectral quantification can be affected by
extra-concentration factors like 77 and T, relaxation. The
magnitude of longitudinal magnetization (M,) representing
metabolite signal available for excitation and measurement in a
'H MRS experiment is determined in part by 17 or spin-lattice
relaxation, which can differ not only by metabolite but also by
nuclear moiety, as a function of sequence repetition time Tg, the
duration between sequence excitation. Following radiofrequency
(RF) excitation of available longitudinal magnetization, the
magnitude of signal available upon acquisition (M) is also
affected in part by T relaxation as a function of sequence echo
time T, the duration between excitation and acquisition (top
panel). In reality, both factors can influence available metabolite
signal within the context of an experiment (bottom panel).
Simulation Tx 3 s, Tr 72 ms; metabolite T; and T, derived from
literature values for MEGA-sLASER of GABA at 7 T [1]. tCr:

total creatine.
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matter (WM), or cerebrospinal fluid (CSF) as obtained from the literature or by experimentation,
Fi the voxel fraction occupied by each of these three tissue types, N» the number of protons
represented by the metabolite signal being scaled as a companion to ‘2’ in the numerator, and Sw,
as mentioned, the a.u. signal for water. 72w and 71w are the 72 and 77 relaxation constants,
respectively, of water for the sequence employed, as obtained from the literature or by
experimentation, in either grey matter, white matter, or cerebrospinal fluid, while 72» and 7im are
the same constants for the metabolite being quantified. Please note that the application of these
latter values is not broken into individual tissue types to reflect the continued, though slowly
ameliorating, lack of such detailed information for compounds other than water.

As already mentioned, using an internal concentration reference avoids the potentially
confounding influences of local differences in transmit radiofrequency field strength and resultant
transverse magnetization available for measurement, signal receive gain, and magnetic
susceptibility that can plague corrections based on use of an external reference compound
measured at a different location in the scanner bore from the metabolites under investigation [13].
In other words, such variables as these that are accepted to equivalently affect the amplitudes of
all metabolites in a spectrum are likely to be adequately controlled by the internal referencing
approach.

The variables that appear in Equation (3), by contrast, have been shown to affect different
metabolites in different ways. For example, the signal intensity of each resonance along a spectrum
decays in a unique manner directly with the period between proton dipole excitation by
radiofrequency emission and subsequent dipole measurement within one 'H-MRS sequence

repetition (echo time or 7k), described by the transverse decay constant 7%:
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Mxy(t) = Mxy(())e;_zt “)

where My(t) represents the transverse component of the net magnetic dipole of the nuclei under
study following the RF pulse (with =0 at pulse cessation). Signal intensities also vary inversely
with the period between one 'H-MRS sequence repetition and the next (repetition time or Tx),
described by the longitudinal relaxation constant 77 [13]:

-t

M,(t) = Mo + (M,(0) — Mp)e™ )

where M-:(t) represents the longitudinal component of the net magnetic dipole of the nuclei under
study, with time ¢ the duration since the last RF pulse excitation (with =0 at pulse cessation), and
My represents the net magnetization (considered to be entirely longitudinal, parallel with the
scanner Bo field) at thermal equilibrium.

To complicate matters even further, the weightings imposed by influences like 72 and 77
relaxation on signal amplitude may themselves change with some disease states [25, 26]. This
means that they sometimes require independent correction, or at least consideration, for each
experimental cohort in any cross-sectional comparison of 'H-MRS-measured absolute metabolite
concentrations between groups that may exhibit differential pathological conditions. Failing to do
so may allow metabolite signals to be erroneously weighted by these variables, confounding
apparent concentrations estimated by MRS depending on sequence 7& and 7k (Figure 1.4).

Translating relative concentrations into absolute ones is therefore also a complicated task
involving a multitude of analytic steps that currently rest on varying degrees of evidentiary support.

Chapter 3 of this dissertation discusses how the internal concentration referencing method of
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achieving this step, called absolute quantification, can be confounded by disease-specific
physiological conditions that can be observed and corrected even though this has not always been

the case in the existing 'H MRS literature.

1.3. The promise of 'H MRS as a source of diagnostic biomarkers: Progressive multiple
sclerosis as a case application. Multiple sclerosis (MS) is the most common neurological disorder
among young people in the world. With a global prevalence of over 2 million [27], multiple
sclerosis has been calculated, based on information from fifteen states in North America and
Europe, to cost the global economy an average of $41,000 per patient per year [28], or an estimated
annual 9 billion Euro to the European Union alone [29], in addition to immeasurable personal loss
in duration and quality of life.

The disease is a chronic autoimmune and neurodegenerative condition that involves
immune attacks on central nervous tissue, particularly on the myelin sheaths that insulate neuronal
axons. In about 85% of cases, these attacks follow a relapsing-remitting course. This so-called
relapsing-remitting multiple sclerosis phenotype manifests as relapses of neurological symptoms
including paresthesias, gait and balance difficulties, and visual and cognitive disturbances,
concomitant with gadolinium contrast-enhancing inflammatory lesions, typically in the white
matter of the brain, including the optic nerve and brainstem, or the spinal cord [30]. Relapses are
followed over weeks to months by partial or even largely complete remissions of symptoms and
MR-visible damage. Mechanisms of structural and functional recovery may include remyelination
[31], axonal redistribution of ion channels [32], and reorganization of functional networks [33],
though remyelination in particular has been shown to attenuate in long-standing demyelinated

lesions [30, 31].

16



In the remaining 15% of individuals diagnosed with multiple sclerosis, the disease will
manifest as the so-called primary progressive variant. This phenotype is marked by steady
functional decline alongside central nervous tissue atrophy, especially in grey matter [34],
particularly subcortical [35], with a relative but not necessarily complete absence of temporally
punctuated and spatially focal inflammatory white-matter lesions [36].

It has been considered in the past that 50-80% of individuals with relapsing-remitting
multiple sclerosis would eventually transition from the relapsing-remitting phase into a progressive
stage termed secondary progression [37, 38], though lower estimates of 15-30% have been more
recently claimed [39]. Secondary progressive multiple sclerosis resembles primary progression in
many aspects relative to the relapsing-remitting expression of disease, including advanced age of
onset [37], the predominance of chronic inactive versus active white-matter lesions [40] as well as
cortical versus active white-matter lesions [40], increased cortical demyelination [41], more
extensive white-matter demyelination [41], increased presence of “smoldering” or slowly
expanding demyelinating lesions [42], infiltration of lesions by plasma cells [42], increased
evidence of diffuse microglial activation and axonal transection in normal-appearing tissue [40],
reduced lesional expression of superoxide synthesis enzyme [43], enhanced rates of functional
decline [44], and unresponsiveness to disease-modifying therapies demonstrated efficacious for
relapsing-remitting multiple sclerosis [45]. The human leukocyte antigen-DRB15 allele, which has
been associated with multiple sclerosis of all phenotypes [46], has been shown to similarly
decrease the age of disease onset in both secondary and primary progressive cases [37, 47]. In
other ways, however, secondary progression differs from primary progression: tertiary lymphoid-
like B-lymphocyte follicles in the sulcal meninges are more likely present [48-50]; its prevalence,

like that of relapsing-remitting multiple sclerosis, skews more female [51]; focal lesion load is
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higher [52, 53]; small MR-visible lesions may constitute a smaller proportion of total lesions [54];
the prevalence of remyelinating lesions is lower [55]; the development of new lesions over time is
more frequent [56]; associated human leukocyte antigen (HLA) polymorphisms are potentially
different [57, 58]; and perivascular cuffing and parenchymal infiltration by lymphocytes are
potentially greater [59] in secondary progression.

This body of largely non-'"H-MRS research suggests that the underlying biochemical
manifestations of progressive multiple sclerosis differ both from relapsing-remitting multiple
sclerosis and also from each other. Indeed, one complicating factor in our path to a working model
of multiple sclerosis is the pathophysiological and resultant clinical heterogeneity of the disease.
This lack of complete understanding about the distinctions between relapsing-remitting and
progressive MS is evidenced by the fact that disease-modifying therapies demonstrated efficacious
for slowing the course of relapsing-remitting disease have had minimal effect on progressive forms
[60]. This may be due in part to the fact that currently available disease-modifying therapies target
cells and pathways in the peripheral immune system, while progressive MS pathophysiology may
instead involve the central nervous immune system or neurodegenerative processes downstream
to loss of glioneuronal homeostasis [61]. Indeed, clinical symptoms reportedly worsen during
secondary progressive MS despite MRI lesion burden, which suggests that processes other than
acute inflammation and its immediate effects are of importance in progressive MS for brain
atrophy and functional decline [62]. Given that, as mentioned, a significant proportion of multiple
sclerosis patients exhibit either secondary or primary progression, the comparative lack of
efficacious therapies for the progressive phenotype exerts significant influence on the present
course of multiple sclerosis clinical care. A more complete understanding of the mechanistic

differences between relapsing-remitting and progressive forms of MS will inform more useful
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Figure 1.5. Multiple sclerosis subtype-related metabolic abnormalities measurable by TH MRS appear to lack specificity to disease phenotype. Even when studies are
constrained to those assessing normal-appearing white matter (NAWM), the most extensively studied brain tissue type in 'H MRS or '"H MRS imaging (MRSI) research on multiple

sclerosis (MS), patterns of abnormality center on decreased total N-acetyl aspartate (NAA) and increased inositols (Ins) and perhaps total creatine (Cr) regardless of MS subtype.
RR-MS: relapsing-remitting multiple sclerosis; PP-MS: primary progressive multiple sclerosis; Cho: total choline; Glx: glutamate + glutamine; mIns: myoinositol. Figures adapted
from Swanberg, Landheer, Pitt, and Juchem, Front Neurol. 2019; 10: 1173.
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routes of development for novel therapies.

In addition to hampering therapeutic development, which is not the primary focus of the
present dissertation, our incomplete understanding of the metabolic mechanisms underlying
multiple sclerosis has additionally obstructed the discovery of clear biomarkers for disease
diagnosis, which currently relies on the multifactorial synthesis of symptom self-report,
neurological evaluation, imaging for central nervous lesions, and sometimes assay of cerebrospinal
fluid for the presence of oligoclonal bands or immunoglobulin G [63]. Under this clinical paradigm,
misdiagnosis of multiple sclerosis is not uncommon [64]: One survey of over one hundred
neurologists found, for example, that 95% of respondents had dealt in the past year with at least
one patient whom they believed had been misdiagnosed with the disease [65]. Conversely, the cost
of misdiagnosing an individual with multiple sclerosis is high, as it has been argued that early
therapeutic intervention is important for delaying the onset of permanent disability and what is
perhaps the preventable shift to comparatively untreatable progressive illness in patients of
relapsing-remitting multiple sclerosis [66]. Uncertainty surrounds not only initial identification but
also phenotypic classification of multiple sclerosis, especially during the transition from relapsing
to progressive manifestation, for which a mean duration of diagnostic uncertainty as high as three
years has previously been calculated [67]. While recent revisions to the MacDonald diagnostic
criteria [30] as applied to magnetic resonance imaging, particularly 7;-weighted MR imaging
sequences that can demonstrate local abnormalities in blood-brain barrier permeability to
injectable gadolinium contrast indicative of inflammatory lesion activity and 7>-weighted fluid-
attenuated inversion recovery (FLAIR) imaging that can indicate lesions of some age, have
improved diagnostic accuracy for new multiple sclerosis cases, specificity remains low [68].

Despite continued shortcomings of current imaging-supported diagnostic pipelines in
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identifying multiple sclerosis, magnetic resonance techniques in general are attractive as potential
diagnostic tools. Magnetic resonance is noninvasive and safe, facilitating its repeated use for not
only initial identification of disease state but also for continued monitoring of treatment and
transition between phenotypes. In part for these reasons, “advanced” magnetic resonance
techniques, including magnetic transfer imaging [69, 70], diffusion tensor imaging [71], and
proton magnetic resonance spectroscopy [24] have been explored for their potential use in multiple
sclerosis prognosis, disease progression, or diagnosis [72].

Among these, 'H MRS is unique in its ability to simultaneously query concentrations of
several small-molecule metabolites in one or more regions of interest. This is particularly
advantageous for diagnosing a disease like multiple sclerosis, associated to some degree of
reproducibility with abnormalities in multiple spectroscopy-visible metabolites, including N-
acetyl aspartate, choline, myoinositol, glutamate, glutathione, GABA, and potentially common
spectroscopy quantification reference creatine, as will be discussed further in Chapter 4 of this
dissertation.

Despite this potential array of metabolic disease markers, and in contrast to the litany of
non-'H-MRS findings, enumerated above, suggestive of profound biochemical differences among
relapsing-remitting, secondary progressive, and primary progressive multiple sclerosis, the
subtype-specific metabolic abnormalities so far observed by the 'H-MRS literature have proven
much less distinctive. In over thirty years of 'H-MRS research on multiple sclerosis, the most
replicated takeaway appears to be that cortical N-acetyl aspartate in either or both grey and white
matter drops with all three major phenotypes (Figure 1.5).

In addition to not associating particularly with any multiple sclerosis subtype, this result

is also not specific to multiple sclerosis more generally, having similarly been found in diabetes
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mellitus cortex [73], lupus grey and white matter [74], and HIV basal ganglia [75], among other
neurological and psychiatric conditions, including post-traumatic stress disorder (PTSD) as
discussed below. Moreover, among conditions demonstrating lesion activity on magnetic
resonance imaging for which '"H MRS might serve as an auxiliary toward differential diagnosis,
N-acetyl aspartate has similarly been reported to decrease in, among others, acute disseminated
encephalomyelitis lesions [76] and lesioned tissue in patients with cerebral small vessel disease
(SVD) [77]. Along the same lines, one classification analysis of demyelinating lesions and gliomas
based on N-acetyl aspartate alone incorrectly classified every demyelinating lesion, even while it
demonstrated higher-than-chance accuracy in differentiating among glioma types [78]. One
notable exception to the low specificity of N-acetyl aspartate reductions to multiple sclerosis may
be in the differentiation between multiple sclerosis and neuromyelitis optica (NMO), as NMO has
demonstrated increased N-acetyl aspartate concentration relative to multiple sclerosis while not
differing from control in white matter [79], recapitulating a previous report of normalcy in both
white and grey matter [80]. Additionally, a limited number of studies comparing multiple sclerosis
subtypes have reported evidence suggesting greater decreases in N-acetyl aspartate in secondary
progressive than relapsing-remitting white matter [81-85]. Despite these counterexamples, taken
together, the state of the current literature suggests that even the most reproduced finding of
metabolic abnormality in the 'H-MRS literature on multiple sclerosis is currently not widely
applicable as a diagnostic biomarker.

In addition to being nonspecific to multiple sclerosis, previously observed multiple-
sclerosis-associated reductions of N-acetyl aspartate appear to lack a sufficiently replicable effect
size for application to rule-based diagnostics of single individuals. In other words, even this effect,

the most robust across the 'H-MRS literature on multiple sclerosis, is subtle and not always
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recapitulated. Among 64 publications reporting comparisons with control in this metric for
individuals with unspecified or mixed, relapsing-remitting, or progressive phenotypes in voxels
that were not predominantly lesions, we found that 22 publications did not reject the null
hypothesis for comparisons in at least one tissue type, and 11 reported only null results, for
creatine-referenced N-acetyl aspartate (Table 1.1 [24]).

Among those studies reporting significant between-group effects of disease on creatine-
referenced N-acetyl aspartate, the largest effect size from a fixed-effects model [86] of studies
conducted on individuals with various multiple sclerosis phenotypes was for comparisons
involving progressive MS cohorts (including mixed or unspecified progressive, secondary
progressive, and primary progressive), with a standardized mean difference (Hedges’ g) of -1.50
in 25 comparisons over 16 publications reporting group sizes, means, and labeled standard
deviations or errors for internal-creatine-referenced N-acetyl aspartate as measured by 'H MRS in
voxels that were not predominantly lesions (Figure 1.6). This effect size is comparable to the
standardized mean differences between secondary progressive cohorts and control, also reported
as Hedges’ g, found by Caramanos and colleagues [87] for absolute total N-acetyl aspartate
concentrations reported in comparisons over studies on normal-appearing white matter (g = -0.96,
N =7, p =0.039) and normal-appearing grey matter (g =-1.29, N =4, p = 0.0522); our estimate
is likely slightly larger than these published values due to its inclusion of studies examining
primary progressive patients as well as white-matter voxels containing some lesioned tissue.

In contrast to this broad range of findings, 'H-MRS detection of 2-hydroxyglutarate for
brain tumor characterization, a rare category of 'H-MRS clinical applications for which insurance
reimbursement is sometimes considered [15], has previously demonstrated in at least one analysis

all-or-nothing association with the presence of isocitrate dehydrogenase mutation status in gliomas
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as the largest practical

barrier to the wider clinical application of MRS [91]. Evidence-based standards for generating

reliable—precise, accurate, reproducible, and replicable—metabolite concentration estimates via

"H MRS, as explored and developed in Chapters 2 and 3 of this dissertation, thus represent a
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welcome point of research for improving the sensitivity and specificity of potential biomarkers
derived from 'H MRS, not just for multiple sclerosis diagnosis but for a variety of clinical
applications.

Also promising to multiple sclerosis diagnostics may be the determination of a potential
disease-specific signature of subtle alterations in many metabolites. While one aforementioned
study boasted a 100% failure rate at acute demyelinating lesion identification when it employed a
predictive algorithm built using linear discriminant analysis of N-acetyl aspartate concentration
alone, the inclusion of additional inputs from choline, creatine, lactate, and lipids enabled a 100%
cross-validation accuracy for demyelinating lesions and 99% cross-validation accuracy over the
whole sample of lesions, glioblastomas, and astrocytomas [78]. Similarly, analysis over multiple
inputs has demonstrated superior accuracy over single-feature metrics in efforts to use patient
demographics and existing magnetic resonance images to predict second attacks in clinically
isolated syndrome [92]. The addition of metabolite ratios among N-acetyl aspartate, choline, and
creatine as measured by 'H MRS has slightly increased Fi score in linear discriminant analyses
using age, disease duration, lesion load, and expanded disability status scale (EDSS) score to
distinguish between clinically isolated syndrome and relapse-onset multiple sclerosis, between
relapsing-remitting and primary progressive multiple sclerosis, and between relapsing-remitting
and secondary progressive multiple sclerosis [93]. With a continued explosion of free software
libraries and packages enabling the straightforward implementation of a varied zoo of iterative
classification and learning algorithms, like scikit-learn [94], PyTorch [95], TensorFlow [96], and
others in Python and a number of packages in R [97], the influence of such approaches is likely to
grow in coming years [98].

In the case of analysis pipelines that output intuitively interpretable models, like decision
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Figure 1.6. Effect sizes for disease state by multiple sclerosis phenotype in creatine-referenced N-acetyl aspartate as measured by !H MRS. Among 64 publications reporting
comparisons with control in proton magnetic resonance spectroscopy (‘H-MRS), N-acetyl aspartate referenced to creatine for individuals with unspecified or mixed, relapsing-remitting,
or progressive MS phenotypes in non-lesion voxels, 22 publications did not reject the null hypothesis for comparisons in at least one tissue type (Table 1.1). Among those reporting
significant between-group effects of disease on this parameter, the largest effect size from meta-analysis of studies conducted on individuals with various MS phenotypes was for
comparisons involving progtressive MS cohorts (including unspecified progressive, secondary progressive, and primary progressive), with a standardized mean difference (Hedges’ g) of
-1.50 in 25 comparisons over 16 publications reporting group sizes, means, and labeled standard deviations or errors for this metabolite in voxels that were not predominantly lesions.
*Standard deviations calculated from group sizes and standard errors as described in table source paper. MD: standardized mean difference, reported as Hedges’ g; CI: Confidence interval;
NAWM: normal-appearing white matter; WM: white matter; GM: grey matter; SP-MS: secondary progressive multiple sclerosis; PP-MS: primary progressive multiple sclerosis; c.c.: corpus
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trees built on untransformed metabolite ratios, or classifiers that can be otherwise queried to
determine the relative importance of particular features [99], some classification algorithms can
not only offer practically useful diagnostic tools but also provide novel insights about the
physiology of multiple sclerosis and reshape priorities regarding the metabolic targets of future
investigations thereof. As with any analysis, however, the accuracy and generalizability of even
the most sophisticated classifier depends on the precision and replicability, respectively, of its
inputs. A systematically shorter 72 in white-matter metabolite resonances comprising the creatine
signal of multiple sclerosis patients relative to control may, for example, enable a classifier to
identify patients on the basis of higher apparent concentrations of creatine-referenced choline
acquired from a long-7= scan. Regardless of the potentially even perfect cross-validation accuracy
achievable by this classifier, because its inputs are artefactually based on creatine 7>, which
disproportionately affects those metabolite signals referenced to creatine and acquired at long echo
time, and not on molecular concentrations, which are theoretically invariant to such sequence
parameters, such a classifier could not be confidently generalized until the source of the original
between-group difference—creatine 72 and not choline concentration—were appreciated with
precision and subsequent clinical applications limited accordingly.

Chapter 4 of this dissertation attempts to apply both lines of methodological improvement
to 'H MRS, including a) optimized data processing and analysis based on empirical validation of
spectral quantification and absolute quantification pipelines developed in Chapters 2 and 3,
respectively, to maximize the reliability of individual metabolite concentration estimates derived
via '"H MRS, and b) employment of multivariate statistical procedures including discriminant
analysis and machine learning to maximize the probability of discovering the most useful patterns

they may exhibit. This chapter thereby seeks to demonstrate the unique niche that 'H MRS has to
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fill in furthering our ability to differentiate between progressive and relapsing-remitting multiple
sclerosis, particularly how group differences in frontal cortex metabolites, including glutamate,
GABA, and possibly glutathione, described first by general linear models applied to one
empirically optimized metabolite concentration estimate at a time, can be further informed by
multivariate modeling and supervised learning methods that simultaneously consider
concentration estimates of all small-molecule compounds assessed by a 'H-MRS dataset.
Specifically, our findings are employed in the service of developing a clinically transferable model
for supporting rapid and accurate differentiation of progressive from relapsing-remitting multiple
sclerosis using data-driven machine-learning techniques that use as inputs only the brain

metabolite concentrations obtained by single-voxel 7-Tesla 'H MRS of the prefrontal cortex.

1.4. The promise of 'H MRS as a source of diagnostic biomarkers: Extension to post-
traumatic stress disorder. Post-traumatic stress disorder (PTSD) is a condition wherein
experience of a traumatic event induces chronic emotional dysregulation that can disrupt
functional participation in society. The 2012 economic toll of PTSD care was estimated at $300
million within the United States Department of Defense alone [100], a figure not considering its
many comorbidities, including increased risk of suicide and of cardiorespiratory, gastrointestinal,
immune, and additional psychiatric diagnoses [101]. Though the lifetime prevalence of PTSD in
some communities is estimated up to 1 in 12 [101], diagnosis, and related treatment, continues to
rely on the subjective and potentially slow evaluation of symptoms that must persist over several
weeks [102]. The continued reliance on symptom-based diagnosis of PTSD is due in part to an
incomplete understanding of its neurobiological manifestations, particularly the metabolic changes

in central nervous system pathways affected by the condition [103]. The only method currently
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available for safely and noninvasively researching these changes by measuring local tissue
metabolism in living humans is 'H MRS.

Preliminary 'H-MRS research indicates that the pattern of cortical metabolic
abnormalities associated with PTSD is subtle and complex [104]. Most prior research has focused
on the hippocampus and/or the anterior cingulate cortex, two structures in the brain thought to be
implicated in the encoding of memory, including emotional memories like learned fear [105].
Additional studies have also examined the metabolic signatures of PTSD in the insula or temporal
cortex more generally, basal ganglia, the parieto-occipital or parietal cortex, and the prefrontal
cortex not only including and but also beyond the anterior cingulate [105]. As with multiple
sclerosis, the most pervasive MR spectroscopy-visible abnormality, if any, observed in post-
traumatic stress disorder has been decreased N-acetyl aspartate, as will be further discussed in
Chapter 5 of this dissertation.

Given that PTSD has thus been associated with abnormalities in multiple metabolites
measurable by 'H MRS, its 'H-MRS-visible disease signature is potentially therefore best
characterized using data-driven multivariate techniques like machine learning. Few applications
of such approaches to interpreting the complexity of brain metabolic changes in PTSD have,
however, been published, in part due to the dearth of studies simultaneously assessing a broad
range of disease-relevant metabolites in the same participants. Chapters 2 through 4 describe the
optimization of 'H-MRS processing and quantification methods that together with a
reproducibility-validated data acquisition pipeline [106] have enabled for the first time the reliable
simultaneous in vivo measurement of three such compounds implicated in PTSD pathophysiology:
excitatory neurotransmitter glutamate, inhibitory neurotransmitter y-amino-butyric acid (GABA),

and antioxidant glutathione (GSH). Coupled with the measurement of five other small molecules

29



(choline, creatine, myoinositol, N-acetyl aspartate, and glutamine) each also implicated in various
neurological conditions [107], these '"H-MRS data acquisitions may thus uniquely enable data-
driven metabolomics-level analysis to support more efficient and objective diagnosis of PTSD.
We hypothesize that, as in multiple sclerosis, the local metabolic alterations in brain tissue
associated with PTSD can be exploited to enable the sensitive and specific identification of this
disease state. Chapter 5 of this dissertation describes the generalized application of data analysis
methods developed in Chapters 2 through 4 to a comprehensive cross-sectional investigation of
PTSD frontal cortex tissue metabolism using '"H MRS, both with and without consideration of
common psychiatric comorbidity major depressive disorder (MDD). These findings are employed
in the service of developing, similarly to Chapter 4, a model for supporting rapid and accurate
diagnosis of psychiatric disease using data-driven machine-learning techniques that distinguish
patients from control based on solely brain metabolite concentrations obtained via single-voxel 'H

MRS.
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Chapter 2: Spectral Quantification.
Effects of spectral quality, baseline, and baseline model on accuracy and precision of
metabolite concentrations estimated by linear combination model fitting of simulated basis
functions to in vivo '"H MR spectra

Despite recent efforts toward evidence-based standardization in spectral acquisition, processing,
and quantification, the field of in vivo proton magnetic resonance spectroscopy continues to lack
data-driven quality control standards. This circumstance may impede the development of 'H-
MRS-derived diagnostic biomarkers by contributing to biologically uninformative variability in
metabolite concentration estimates both within and between participant cohorts providing spectral
data sets. Quality control standards can be informed by systematically quantifying the effects of
spectral data quality on metabolite quantification so that educated judgments about quantification
approaches can be made in light of expected error. To this end, we develop a batch simulation and
spectral quantification by linear combination modeling pipeline to assess the influences of two
common and easily quantified measures of spectral quality, spectral line width and signal-to-noise
ratio, on both simulated and experimentally derived in vivo resonances from twenty-one
metabolites measured by short-echo-time localization by STimulated Echo Acquisition Mode
(STEAM) and J-difference editing (JDE) for glutathione and GABA at 7 Tesla. We show that
spectral quality exerts distinct effects on apparent concentrations of different metabolites,
underlining the importance of explicit quality analyses in studies employing in vivo magnetic
resonance spectroscopy, especially cross-sectional investigations of physiologically distinct
groups. We then investigate the effect of experimental spectral baselines on the relationship
between spectral quality and spectral quantification error and demonstrate that in the presence of
baseline shapes such as would be expected from an in vivo spectroscopy acquisition, inadequate
baseline modeling can interact with suboptimal spectral quality to introduce not only zero-centered

but rather systematic errors, i.e. affect not only the precision but also the accuracy of metabolite
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scaling estimates derived by spectral quantification via linear combination modeling. We therefore
develop and implement a method for including complex regularized cubic spline baselines with
user-defined smoothing coefficients and knot spacing intervals in our linear combination model
framework and then use it to assess the influence of various baseline models, including simulated
macromolecules and the aforementioned complex regularized cubic splines of various smoothing
and knot spacing definitions, on metabolite quantification precision and accuracy against known
measured or simulated standards within the context of metabolite spectra with in vivo baseline
profiles. We conclude that complex regularized cubic splines of some smoothness and knot interval
definitions are not necessarily outperformed by baselines of simulated macromolecules in either
macromolecule or metabolite prediction accuracy, but quantification pipelines employing prior
knowledge from metabolite-nulled acquisitions, though not feasible in all experiment types,
exhibited superior metabolite fit accuracy among all baseline models tested. Finally, we design
and implement a method for estimating spectral linear combination modeling parameter precision
via the Cramér-Rao Lower Bound in not only metabolites but also baseline shapes in situations for
which ground truth is not available to assess the accuracy and precision of a spectral quantification
approach, such as for experiments conducted in vivo, and validate this implementation to
demonstrate its prediction of error standard deviations on modeled spectral baseline coefficients
as well as its improvement of Cramér-Rao Lower Bound prediction of error standard deviations

on metabolite concentration estimates.

2.1 Introduction
In vivo magnetic resonance spectroscopy currently lacks data-driven quality control standards, the

development of which can be informed by characterizing the effects of spectral quality on
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metabolite quantification. We assess the influences of spectral line width and signal-to-noise ratio
on both simulated and experimentally derived in vivo resonances from twenty-one metabolites
measured by short-echo-time STEAM and J-difference editing for glutathione and GABA at 7
Tesla. We show that spectral quality exerts distinct effects on apparent concentrations of different
metabolites, underlining the importance of explicit quality analysis in studies employing in vivo
magnetic resonance spectroscopy, especially cross-sectional investigations of physiologically
distinct groups. Additionally, we establish that inappropriately modeled spectral baselines can
confound metabolite concentration estimates by in vivo 'H MRS even while contributing to
visually reasonable fits.

Despite the strong influence of baseline handling on metabolite quantification error as
demonstrated in Section 2, the systematic optimization of spectral quantification pipelines,
including baseline modeling, continues nonetheless to be impeded by an under-utilization of
validation methods both physically meaningful and involving perfect prior knowledge. We
therefore address the extant need for evidence-based spectral baseline handling by combining the
practical utility of in vivo data with the prior knowledge enabled by simulated standards. We use
this paradigm to compare various baseline models for macromolecule characterization and
metabolite quantification accuracy, and the degree to which these two meaningful outcomes of
spectral quantification are reflected in visible fit residuals.

Finally, we propose the validation of a method to work toward estimating fit errors in the
absence of a gold standard as in the simulation paradigm used in Sections 2 and 3, i.e., within the
context of practical experiments. While Cramér-Rao Lower Bounds are widely applied to this end,
as a proxy for variance about the true value of a model input, it is well accepted that calculating

this parameter in the absence of baseline terms does not adequately capture error. It has been
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previously argued, however, that spectral baselines cannot be adequately represented by analytical
functions and therefore do not support the calculation of Cramér-Rao Lower Bounds [13]. In this
work we investigate the implications of this phenomenon by treating baselines as overlapping
piecewise polynomial shapes akin to metabolite basis functions and show that calculating
amplitude Cramér-Rao Lower Bounds on baseline terms in this manner is in fact a feasible step
toward full characterization of linear combination model error, though further work representing
a more radical departure from convention may be needed to bridge this metric of precision to the

systematic fit inaccuracies that the Cramér-Rao Lower Bound does not capture.

2.2 Characterizing the effects of spectral quality parameters signal to noise ratio, spectral
full width at half maximum, and baseline artifacts on precision and accuracy of spectral
quantification by linear combination modeling
2.2.1. Motivation
The in vivo magnetic resonance spectroscopy ('H-MRS) field needs data-driven quality control
standards [91]. Such standards can be informed by quantifying the effects of spectral quality,
including full width at half maximum (FWHM; frequency width of a resonance at the ordinate
point halfway between baseline and apex) and signal-to-noise ratio (SNR; a prominent singlet
amplitude normalized by noise intensity standard deviation) on metabolite quantification.
Understanding the numerical influences of spectral quality on metabolite quantification
informs both quality control and experimental integrity. Brain water or metabolite spectral FWHM
has demonstrated increases in multiple sclerosis [108], Wilson’s disease [109], and normal
maturation [110]. Additionally, any cohort who might compromise magnetic field homogeneity by

increased motion between shim optimization and signal acquisition, like children, may also exhibit
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broader lines. It is important to determine how this may influence metabolite quantification by 'H-
MRS. Some previous work has addressed this question with simulation experiments [111-113],
but these findings are not generalizable to higher field strengths or to metabolite signals isolated
by spectral editing.

Glutathione (GSH) is an antioxidant synthesized in neurons and glia [114], while y-amino
butyric acid (GABA) is an inhibitory neurotransmitter and potential immunomodulator [115] and
glutamate the central nervous system's predominating excitatory neurotransmitter. All three
compounds play key mechanistic roles in neurological health and disease. Reduced peak amplitude
and complex line shapes due to J-coupling-induced signal splitting, plus spectral overlap with both
each other and nearby resonances like creatine, complicate the spectroscopic quantification of

these molecules, predicting its strong influence by spectral quality.

To facilitate data-driven quality assessment for 'H-MRS experimental planning and
interpretation, we applied linear combination modeling and quantification error analysis to 25,250
simulated and measured MEGA-sLASER and STEAM spectra based on previously published
sequences at 7 Tesla [106] and calculated the effects of spectral quality measures FWHM and SNR
on the quantification error of these three metabolites, plus common concentration references total
creatine and N-acetyl aspartate (NAA) and additional molecule of interest excitatory

neurotransmitter glutamate.

2.2.2. Methods
Experimental paradigm. We analyzed the error of linear combination model fits to proton spectra

of varying complexity to examine how FWHM and SNR affect apparent metabolite concentration
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Figure 2.1. Spectral quantification precision and etror characterization simulation parameters. We analyzed spectral quality effects on A) fit accuracy, or the error of
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as quantified by in vivo '"H-MRS at 7 T. Spectral quantification by linear combination modeling
exploited functionality from INSPECTOR; additional scripting was implemented in MATLAB
(Mathworks, Natick, MA, USA) to enable batch simulation and fitting (Figures 2.1, 2.2).
Quantification errors were calculated relative to apparent concentrations output by perfect model
fits to noiseless spectra at each FWHM and signal amplitude combination (Figure 2.1A).
Condition 1 comprised fits at 5 FWHM, 10 starting signal amplitudes, and 100 Gaussian
noise patterns, based on a simulated Lorentzian singlet at 3.01 ppm, or GSH or GABA difference
resonances from MEGA-sLASER experiments (7 = 72 ms) with J-difference editing (glutathione
4.56 ppm; GABA 1.89 ppm) [116] simulated using SpinWizard [117] (Figure 2.1B). Actual
concentration was kept constant across FWHM. Noise patterns were matched across signal
amplitude and line width conditions for each resonance; noise amplitude remained constant within
each experiment. Condition 2 consisted of fits at 5 FWHM and 5 starting signal amplitudes, also
with 100 Gaussian noise patterns, based on GSH or GABA difference spectra plus co-edited
resonances (NAA or NAA, glutamate, and glutamine, respectively), or full metabolite spectra
(STEAM, Tz =10 ms) including twenty-one metabolites, in approximately physiological ratios
(Figure 2.1C). Condition 3 repeated GSH J-difference spectral fits with an in vivo baseline
averaged from fit residuals to similar acquisitions in the frontal cortex of healthy adults (N =7; 4
female; age 41 + 7 y.0.). This enabled the calculation of quantification error under spectral
conditions resembling those seen in vivo against a perfect standard without noise or baseline

(Figure 2.1D).

In vivo spectral acquisition. Acquisitions were accomplished at Yale University’s Magnetic

Resonance Research Center (MRRC) as described previously [106], on a 7 Tesla head-only MR

37



scanner (Agilent Technologies, Santa Clara, CA) with a 298.1-MHz DirectDrive proton
spectrometer, custom actively shielded gradients (Magnex Scientific, Oxford, UK), and an 8-
channel transmit-receive head coil. Sequences were controlled via VnmrJ software, version 2.3A
(Varian, Santa Clara, CA). In vivo data were acquired with the prior approval of and in accordance
with standards set forth by the Yale School of Medicine Human Investigation Committee for
human subjects research.

Placement of a 3-cm isotropic voxel at midline of frontal cortex was effected with
reference to scans by a custom-written 77-weighted inversion-recovery anatomical imaging
sequence (field of view 20 x 22 x 78 cm, matrix size 256 x 256 x 39, echo time 7& 6 ms, repetition

time 7z 3 s, inversion time 77 1 s). Up through third-order spherical-harmonics Bo shims were
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Figure 2.2. The spectroscopy quantification validation toolkit developed in this chapter was further made available for
user-friendly employment by others within the INSPECTOR framework. This batch simulation and linear combination
modeling (LCM) framework, enabling spectral quantification validation pipelines such as that presented in Figures 2.1, 2.8, and
2.13, have now been implemented into the INSPECTOR user interface to enable less experienced users to perform either mass
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amplitudes; LB: Lorentzian broadening.
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applied according to calculations on gradient-echo images at five 7z (FOV 22 x 22 x 6 cm, matrix
size 126 x 64 x 20, Tr 3.8, 4.0, 4.3, 5.3, and 6.8 ms, Tr 1.3 s) in laboratory-developed software
BODETOX, and B1 phase shimming was calculated by laboratory-developed software IMAGO.
Glutathione spectra were acquired via Mescher-GArwood semi-Localization by Adiabatic
Selective Refocusing (MEGA-sLASER; Tk 72 ms, Tr 3 s, number of repetitions Nr 128) with J-
difference editing at the 4.56-ppm "CH for isolation of the scalar-coupled 7 CH2 moiety at 2.95
ppm. Edit-on scans were interleaved with edit-off conditions for which the J-difference editing
pulse was placed with a 5 kHz offset to avoid interference with metabolic signals. Water
suppression was achieved with Chemical Shift Selective pulses (CHESS), and water-unsuppressed
references were acquired in order to correct metabolite scans for eddy currents by the Klose

method [118].

In vivo spectral processing. Spectra were acquired at 4096 complex points. Individual traces were
eddy-current-corrected as described and phase- and frequency-aligned over coil channels and
repetitions in a J-difference-editing-condition-specific manner. Coil combination was performed
according to averaging weighted by receive sensitivity [ 119]. The preprocessed averaged spectrum
from each editing condition was aligned with the other using zero-order phase, frequency shift,
Lorentzian line broadening, amplitude scaling, and polynomial baseline correction over a
frequency interval not including moieties expected to receive influence by J-difference-editing;
the resultant difference spectrum from each case was employed in linear combination model fits

for glutathione and co-edited N-acetyl aspartate.

In vivo spectral linear combination model fitting. Linear combination modeling was applied in
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laboratory-written MATLAB-based spectral processing and quantification toolkit INSPECTOR
(http://innovation.columbia.edu/technologies/cul 7130 _inspector) [120] on  preprocessed
glutathione difference spectra from 7 control participants using sequence-specific bases for
glutathione and N-acetyl aspartate density-matrix simulated in SpinWizard and a first-order
polynomial baseline. Residuals were extracted, and fit baselines were removed. They were then
summed with each other to produce an in vivo-like baseline applied to the third set of spectral

simulations previously described as Condition 3.

Error and statistical analysis. The precision of fit parameter estimates, including metabolite signal
amplitudes, was reported as Cramér-Rao Lower Bounds within INSPECTOR, using the Fisher
information matrix plus transformation to account for linearly dependent parameter vectors as
previously explicated [121]. Calculations of relative fit errors, group statistics thereof, and data
visualization were performed in R (v. 3.4.4; R Foundation for Statistical Computing, Vienna,

Austria).

2.2.3. Results and Discussion

Fit error standard deviation decreased with SNR (Figures 2.3, 2.4B) and increased with FWHM
(Figures 2.3, 2.4C) in all fits of singlets, GABA, and GSH and varied positively with metabolite
amplitude Cramér-Rao Lower Bound (CRLB) (Figures 2.3, 2.4D-E). In vivo baseline conditions
introduced systematic asymmetry into quantification errors expected from linear combination
model fits plus linear baseline to GSH J-difference spectra (Figures 2.4B, C), and glutamate fit

errors exhibited greater influence by spectral quality than those of total creatine or NAA (Figure
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Figure 2.4. In vivo baseline conditions introduce systematic asymmetry to quantification errors expected from linear
combination model fits of glutathione J-difference spectra. Linear combination model fit (A) error decreases with signal-
to-noise ratio (SNR) (B) and increases with full width at half maximum (FWHM) (C), and its magnitude and standard deviation
associate positively with Cramér-Rao Lower Bound (CRLB) (D, E), in glutathione (GSH) spectra with J-difference editing (JDE)
to isolate the 2.95-ppm 7”CHa. Including a spectral baseline averaged from in vivo JDE acquisitions in the human frontal cortex
(N=7) introduces asymmetries into fit errors and their relationships with spectral quality. NAA: N-acetyl aspartate. Displayed as
appears in Swanberg et al. Proc ISMRM 2019, 4237.
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2.5). Underestimation of actual fit errors by reported CRLB varied with fit frequency range and
baseline complexity (Figure 2.6). SNR and FWHM predictably affect the standard deviation of
quantification errors expected from linear combination model fitting of isolated and overlapping
singlet, J-difference-edited, and unedited metabolite resonances. Complex baseline shapes may
introduce systematic quantification errors that could influence conclusions based on comparisons
of groups exhibiting disparate spectral quality. These results motivate further work on the effects
of fitting algorithms, particularly baseline modeling routines, on conditions exhibiting such
systematic errors here. All told, the relationship between spectral quality and fit error differs by
metabolite, arguing against the use of one-size-fits-all quality control thresholds for in vivo 'H-

MRS experiments.

2.2.4. Limitations and Conclusions

These findings demonstrate that spectral quantification errors on proton magnetic resonance
spectra in the absence of a baseline, i.e., within a perfect linear combination model completely
encapsulated by the employed basis set with differences introduced solely by Gaussian noise, are
expected as in theory to exhibit zero-centered distributions for which variance increases in a
predictable and simulable manner with decreasing spectral quality, at least as measured by
commonly applied data quality metrics signal to noise ratio (SNR) and spectral full width at half
maximum (FWHM). Against such a context Cramér-Rao Lower Bounds are, as dictated by theory,
additionally expected to predict the lower bound of standard deviations on estimated fit parameters,
a phenomenon that we also observed in our data. With the addition of a summed series of fit
residuals from in vivo data as a complicated in vivo-like baseline, however, both simple

relationships were disrupted: zero-centered variance in precision with changes in spectral quality
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Figure 2.5. Linear combination model fit errors for total creatine, N-acetyl aspartate, and glutamate as measured by STEAM exhibit distinct
relationships with spectral quality. Linear combination model fit errors exhibit differential sensitivity to spectral quality depending on the metabolite quantified,
with glutamate quantification accuracy exhibiting higher sensitivity to full width at half maximum (FWHM) than that of either total creatine or NAA. With the 100
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and low signal-to-noise ratio (SNR). Displayed as appears in Swanberg et al. Proc ISMRM 2019, 4237.
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became systematic loss of accuracy, and the linear association between Cramér-Rao Lower Bound
and parameter standard deviation was broken. It therefore appears that baseline modeling
technique contributes as substantially as, or more substantially than, spectral SNR and FWHM to
the error inherent in metabolite concentration estimates derived by linear combination modeling,
It also appears that the utility of the Cramér-Rao Lower Bound as a proxy for the lower bound of
metabolite fit error standard deviations is affected by the relationship between spectral baselines
in the data and linear combination modeling thereof. Further work along these two directions is

therefore demanded and will be presented in the succeeding two sections.

2.3 Characterizing the influence of regularized cubic spline baseline inputs to linear
combination model on precision and accuracy of spectral quantification

2.3.1. Motivation

It has been previously demonstrated in both Section 2 and by others that spectral quality interacts
with insufficient baseline models to introduce systematic errors to apparent concentrations of
metabolites quantified by 'H MRS [113, 122]. While exceptions employing exactly scaled
metabolite resonances combined with directly measured in vivo baselines exist [123], previous
investigations into baseline model accuracy resemble the ongoing hunt for evidence-based 'H
MRS quantification guidelines at large in demanding but largely lacking validation methods both
maximally meaningful and perfectly reliable [122, 124]. Spectroscopy on phantoms with known
metabolite concentrations can enable quantification error measurement against a reasonably
precise standard [125], but they do not reflect biologically realistic baseline conditions even if
some gel preparations might approach in vivo-like spectral quality. Analyses of variances and/or

means across brain regions [ 125], time points [106, 126], subjects [127, 128], or data centers [129]

45



2-3.5ppm 2-3.5 ppm 0-6 ppm 2-3.5 ppm
. 3 . 3 . s
—_~ 2 —_
9 . s . S . 9
S g, o 2 o
3 . e . 3 . g 4 :
3] 3] o [3) 4
5 ! . E 1 E E .
L]
g g . g 1 L] g 2 -
£ c s £
o . o . 0 @
01 0 Y i i i . 9 i i ! 01
0 1 2 3 0 1 2 3 4 0 1 2 3 0 2 4 6
Bin standard deviation of Bin standard deviation of Bin standard deviation of Bin standard deviation of
relative error (%) relative error (%)

relative error (%) relative error (%)

Glutathione JDE Glutathione JOE with co-edited NAA Glutathione JDE with co-edited NAA
No baseline No baseline Measured in vivo baseline (N=7)

Figure 2.6. Underestimation of fit error standard deviation by Cramér-Rao Lower Bound is exacerbated by insufficient fit range and complicated baseline shapes. As
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Adapted from Swanberg et al., Proc ISMRM 2019, 4237.
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exhibit superior biological relevance to phantoms, but they lack known concentration standards.
Both approaches involve acquisition error introduced even before quantification.

We address this extant need for evidence-based justification of baseline modeling
approaches by using two validation pipelines that together combine the practical utility of in vivo
data with the prior knowledge enabled by simulated standards. We use this paradigm to establish
the influence of multiple baseline models, including splines with as-yet unexamined combinations
of smoothing parameters and absolute knot intervals (Figure 2.7), direct fitting of macromolecule
basis functions, and the previously endorsed subtraction of metabolite-nulled acquisitions [130],
on macromolecule characterization and/or metabolite quantification accuracy of single-voxel

short-echo time SLASER acquisitions in the healthy human cortex.

2.3.2. Methods
Experimental paradigm. Precision and accuracy of macromolecule and metabolite concentration
estimation were assessed in two analysis pipelines for three classes of baseline model. The first
class exploited novel spline baseline functionality written into INSPECTOR for the purpose of this
analysis (details below) at sixteen different user-defined combinations of knot interval and
smoothing coefficient A. The second employed a basis set of macromolecules simulated for the
pulse sequence at hand, similar to previous work [131]. The third subtracted corresponding
metabolite-nulled acquisitions before spectral fitting with offsets (Figure 2.8A).

First, to examine macromolecule prediction precision and accuracy, we employed
complex linear combination model (LCM) fits to in vivo metabolite spectra and compared
generated baselines with corresponding metabolite-nulled acquisitions (Figure 2.8). LCM in

INSPECTOR employed a 15-metabolite basis (Figure 2.8C) plus a complex cubic spline baseline
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Figure 2.7. While TH MRS spectral baselines modeled by cubic splines are in wide use, their explicit optimization for particular experiment types is understudied. Cubic
splines are commonly used in spectral fitting to account for in vivo baselines, as here with white matter test data acquired at 2 T (STEAM; T = 20 ms) from linear combination

modeling program LCModel (A). Tools for their explicit definition and optimization, as developed in this chapter and here applied to analysis of the same test data in INSPECTOR
(B), have been, however, lacking. Adapted from Swanberg et al., Proc ISMRM 2020, 2856.
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that entered the optimization according to

Bk(V)*+AIB" k(W) Il (6)
where Bi(v) is the series of cubic splines expressed over fit frequency range v and defined over
evenly spaced knots of least-squares optimized ordinate, and A a constant weight on the cost
function thereof, as per previous work [20]. Knots were bound from 0 to 500% of offset-only
baseline fit residuals. Fit baselines were compared with metabolite-nulled spectra from the same
voxels cleaned of potential residual N-acetyl aspartate, creatine, and choline singlets by subtracting
LCM fits. The integrated real differences between measured and modeled baselines were
calculated over metabolite fit range 0.5-4.2 ppm (Figure 2.8D).

Second, to examine metabolite quantification precision and accuracy, the same models
were used to fit an in vivo-like SLASER spectrum of known metabolite scaling and a sample
cleaned prefrontal cortex macromolecule baseline from the previously described data set, with ten
predefined patterns of additional Gaussian noise generating low SNR (55 from the 2.01-ppm N-
acetyl aspartate 2CH3). Relative errors of fit results were calculated against known metabolite
scalings (Figure 2.8E) and compared among baseline models. Details of spectral data acquisition,

processing, and quantification are provided below.

In vivo spectral acquisition. Data were acquired as described previously [131]. Briefly, scans were
performed on a 3 Tesla clinical MR scanner (MAGNETOM Prisma, Siemens, Erlangen, Germany)
and a 32-channel receive-only head coil (Siemens, Erlangen, Germany) at the Zuckerman Mind,
Brain, and Behavior Institute within the Columbia University Magnetic Resonance Research

Center (CMRRC). In vivo data were acquired in ten volunteers (five female; 23 + S.D. 5 y.o0.) with
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Figure 2.8. Experimental design for baseline handling fit quality, macromolecule prediction accuracy,
and metabolite quantification precision and accuracy characterization. Cubic splines, simulated
macromolecules (MM sim), or subtracted metabolite-nulled spectra (MM sub) handled frontal and occipital cortex
3T sLASER (Tg = 20.1 ms) spectral baselines in 10 adults (B). Linear combination modeling (C) determined knot
ordinates and signal scaling, Baseline model compatison to corresponding metabolite-nulled acquisitions assessed
macromolecule prediction accuracy (D); fits to simulated metabolites of predefined scaling summed with a frontal
cortex metabolite-nulled spectrum assessed metabolite fit accuracy (E). Displayed as appears in Swanberg et al.,
Proc ISMRM 2020, 2856.
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the prior approval of and in accordance with standards set forth by the Columbia University
Institutional Review Board for human subjects research.

Placement of a 2.5- to 3-cm isotropic voxel at midline of frontal or occipital cortex was
effected with reference to scans by a 77-weighted MPRAGE (field of view 25.6 x 25.6 x 19.2 cm,
matrix size 256 x 256 x 192, echo time 7% 2.26 ms, repetition time 7r 2.3 s, inversion time 77 0.9
s). Up through second-order spherical-harmonics Bo shims were applied according to calculations
on gradient-echo images at three 7z (FOV 19.72 x 21.76 x 7.2 cm, matrix size 58 x 64 x 24, Tk
2.46,4.61,7.09 ms, ms, Tr 0.231 s) in laboratory-developed software BODETOX.

Metabolite spectra were acquired via semi-Localization by Adiabatic Selective
Refocusing (SLASER; Tk 20.1 ms, 7r 2 s, number of repetitions Nr 128). Water suppression was
achieved with a seven-pulse VAriable Pulse and Optimized Relaxation (VAPOR) module with
sequence-optimized crushers [132] and 16-step phase cycling [133]. Water-unsuppressed
references were acquired in order to correct metabolite scans for eddy currents by the Klose
method [118]. Corresponding metabolite-nulled spectra were acquired via an identical sequence

with a double inversion-recovery preparation (777 920 ms, 772 330 ms) for metabolite nullification.

In vivo spectral processing. Spectra were acquired at 2048 complex points. Individual traces were
eddy-current-corrected as described previously and phase- and frequency-aligned over coil
channels and repetitions. Residual water was removed using Hankel singular value decomposition.
Resultant preprocessed spectra were employed in linear combination model fits.

Because 77 differences among metabolites were expected to engender their high but still

incomplete nullification by the double inversion-recovery preparation of this sequence,
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metabolite-nulled spectra used in the macromolecule subtraction condition of baseline handling
(below) as well as for comparison with modeled baselines were further preprocessed via removal
of residual metabolite singlets obtained by linear combination model fitting as detailed in 2.2.4.
Metabolite-nulled spectra were otherwise preprocessed identically to metabolite spectra except
that following averaging and scrubbing for residual metabolites these data sets were also aligned
by frequency calibration, zero-order phasing, scaling, Lorentzian line broadening, and zero-order
polynomial (offset) to corresponding metabolite spectra to maximize correspondence between the

two for further processing and comparison (Figure 2.8D).

In vivo spectral linear combination model fitting. Linear combination modeling was applied in
laboratory-written MATLAB-based spectral processing and quantification toolkit INSPECTOR on
preprocessed metabolite and metabolite-nulled spectra sequence-specific basis functions density-
matrix simulated in laboratory-written MARSS software [134]. Spectral basis sets for metabolite
fits included N-acetyl aspartate, total choline (choline and glycerophosphocholine), creatine,
glutamate, glutamine, N-acetyl aspartylglutamate, myoinositol, glutathione, glycine,
phosphorylethanolamine, GABA, taurine, scylloinositol, glucose, and lactate. Basis resonances for
creatine were split between those with and without the 3.91-ppm singlet to account for potential
Ti-weighted variability in signal amplitudes; resultant amplitudes on each basis function were
averaged to give the arbitrary-unit scaling for total creatine. Metabolite fits allowed global zero-
order phasing and basis function-specific frequency shifting, Lorentzian line broadening, and
scaling with one of eighteen different baseline handling techniques, including sixteen regularized
cubic splines (knot intervals 0.05, 0.067, 0.1, or 0.2 ppm; smoothing lambda 0, 5, 10, or 15),

inclusion of simulated macromolecules in linear combination model basis sets as Gaussian peaks
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Figure 2.9. Spline baseline model effects on fit residuals and prediction of corresponding metabolite-nulled spectral lineshapes. Accounting for macromolecule
signals in the baseline using simulated resonances yields generally smaller residuals (A) but does not resemble corresponding metabolite-nulled acquisitions better than
splines, particularly below the 2.01-ppm N-acetyl aspartate peak (B). Correspondingly, the most flexible spline baseline definitions (low smoothing A and high number of
knot points per frequency interval) yielded smaller residuals without commensurate improvement in baseline prediction accuracy. Displayed as appears in Swanberg et al.,
Proc ISMRM 2020, 2856.
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at defined chemical shifts (0.9, 1.2, 1.4, 1.6, 2.0, 2.3, 2.6, 2.9, 3.1, and 3.8 ppm), and direct
subtraction of preprocessed, scrubbed, and aligned metabolite-nulled acquisitions from the same
experiment and voxel. Scrubbing of residual singlets from metabolite-nulled spectra was achieved
by linear combination modeling with a basis set of the aforementioned Gaussians for
macromolecule shapes plus singlets expected for N-acetyl aspartate, total choline, and creatine
(Figure 2.8D). Fitting was achieved as for metabolite spectra except that macromolecule basis
functions were accorded wider signal-specific margins than metabolite singlets for not only

Lorentzian but also Gaussian lineshape broadening.

Error and statistical analysis. Calculations of relative fit errors and data visualization were
performed in R (v. 3.4.4; R Foundation for Statistical Computing, Vienna, Austria). Hypothesis
testing was conducted by two-tailed independent t-test assuming heteroscedasticity with

uncorrected a=0.05.

2.3.3. Results and Discussion

Spline fit residuals generally exceeded those using other baseline models, increasing with A (Figure
2.9A). Modeled baseline differences from corresponding metabolite-nulled acquisitions were,
however, greater than suggested by fit residuals, especially for simulated macromolecule baselines
(Figure 2.9B). This corresponded to mean overestimations of key metabolites, more pronounced
in fits with simulated macromolecules than splines for total creatine (15.3+£73.5% vs. 0.98+88.5%;
#(12)=5.34, p<0.001) and glutamate + glutamine (34.1+£95.3% vs. 0.5+481.2%; #(17)=9.96,
p<0.001), while systematic metabolite underestimations were observed in fits to noisy data that

first subtracted fitted metabolite-nulled acquisitions, which nevertheless demonstrated reduced
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Figure 2.10. Effect of baseline model on systematic metabolite fit errors of noisy simulated spectra with in vivo
baselines. Simulating macromolecules (MM sim) to account for spectral fit baselines did not outperform splines to avoid
overestimation of key metabolites like N-acetyl aspartate, creatine, and glutamate + glutamine. Subtracting aligned, scaled
metabolite-nulled acquisitions (MM sub) prior to fitting also yielded systematic errors, namely underestimation, in
quantifying these key metabolites. Notably, glutathione yields particularly error-prone and unreliable fits in this non-edited
localization sequence, as expected. Displayed as appears in Swanberg et al., Proc ISMRM 2020, 2856.
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variability and greater proximity to zero error than models employing simulated macromolecule
baselines for key metabolites total creatine and glutamate + glutamine (Figure 2.10).

Among linear combination models employing regularized cubic splines for baseline
handling, both A and frequency interval between subsequent knot points appeared to exhibit a
significant effect on metabolite quantification accuracy. For example, for commonly assessed
metabolite total N-acetyl aspartate, systematic overestimation of concentration was larger in those
models using the most flexible baseline fits (A 0 or 5) than those using stiffer baseline models (A
10 or 15) (9.0+88.7% vs. 5.9+43.4%; #(156)=2.477, p<0.05). Similarly, greater overestimation of
total N-acetyl aspartate was also seen with regularized cubic spline baseline models using the
widest two knot intervals than those employing the most narrow two (10.8+28.0% vs. 4.1£86.0%;
#(138)=5.895, p<0.001) (Figure 2.10).

Combining the utility of in vivo measurements with the perfect knowledge of simulated
gold standards, we show that baselines of simulated macromolecules do not necessarily outperform
splines in either macromolecule or metabolite prediction accuracy. We additionally demonstrate
that for at least some metabolites, quantification pipelines employing prior knowledge from
metabolite-nulled acquisitions appeared to exhibit superior spectral quantification accuracy and
precision to those using baselines with simulated macromolecules. Finally, we observed that all
three classes of baseline model—spline, simulated, and subtracted—when taken as a whole
exhibited some degree of systematic quantification error against noisy data with in vivo baselines.
Notably, our observation of N-acetyl aspartate overestimation by splines with fewer knots agrees
with previous analysis of low-SNR data despite differing acquisition and validation paradigms

[113].
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2.3.4. Limitations and Conclusions
The batch spectral simulation and quantification paradigm presented herein constitutes a novel
approach to combining the ground truth of simulated spectra with the in vivo generalizability of
measured macromolecule baselines. Via this setup we report some key insights into the effects of
baseline modeling strategy on expected spectral quantification precision and, importantly,
accuracy for several key metabolites within the context of short-7z SLASER proton 'H-MRS
acquisitions in the human cortex. First, replicating a finding first reported in Section 1 with the
transformation of zero-centered loss of precision to systematic loss of accuracy in J-difference-
edited spectra without and with in vivo like baselines and attendant modeling thereof, we continued
to observe persistent systematic errors in metabolite quantification accuracy, not just variability in
metabolite quantification precision, in linear combination model fits to in vivo like simulated
spectral standards involving in vivo measured baseline resonances as nuisance signals. Second,
spectral fit residuals are poor indicators of a linear combination model’s accuracy in representing
the various features of a spectral data set, as those models with the smallest visible residuals did
not performed visibly better in macromolecule prediction or metabolite quantification; in fact, for
the case of at least one metabolite total N-acetyl aspartate, the most flexible baselines yielding the
smallest residuals demonstrated exacerbated concentration overestimates relative to those stiffer
baselines yielding larger and more structured fit residuals. Third, direct numerical modeling of
baseline resonances via regularized cubic splines is not necessarily outperformed in metabolite
quantification accuracy by more commonly accepted approaches accounting for macromolecule
resonances in the spectral baseline by simulating or subtracting them.

It is important, however, to contextualize these findings within the single field strength

and pulse sequence plus protocol employed in this series of simulations and be wary of
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generalizing too readily to other field strengths and acquisition schemes. The expected spectral
appearance of many metabolites may change, sometimes dramatically, with acquisition sequence
and input parameters like 7k, rendering specific conclusions about the degree of systematic
metabolite over-or underestimation expected for a particular baseline modeling approach within
the presently reported paradigm difficult to apply with confidence to all experimental situations.
Furthermore, expected 7/-based macromolecule amplitude differences between metabolite-
inclusive and -nulled acquisitions limit the usefulness of comparison between modeled spectra and
these measured acquisitions: Namely, the macromolecule baselines underlying a real short-7&
sequence are expected to exhibit slightly different resonance-specific relative amplitude
weightings from those added to these simulated spectral standards, further changing the specific
effects of individual baselines on the individual metabolite quantification errors expected for
certain modeling approaches. For assessing spectral fit errors (at least with regard to precision
around a certain mean which may or may not be itself accurate), the linear, if not identity,
association between the standard deviation of error in relative metabolite concentration estimates,
not available for experiments lacking known ground truth, and Cramér-Rao Lower Bound,
calculated from a linear combination model’s Fisher information matrix available regardless of the
presence of a known ground truth, becomes paramount. Since this relationship was demonstrated
in Section 1 to break in the presence of spectral baselines, work toward restoring the accuracy of
the Cramér-Rao Lower Bound even in in vivo spectra involving underlying baseline signals (i.e.,
nearly all of them) demanding consideration by the models used to quantify them.

Even with these caveats, however, taken together, our findings underline both the
feasibility of and critical need for various baseline handling approaches within different spectral

quantification pipelines to be informed by rigorous validation against meaningful but well
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Figure 2.11. The user-defined regularized cubic spline baseline handling procedure designed and developed in this chapter was implemented for user-friendly employment
by others into the INSPECTOR framework. Within this functionality, built as an extension upon existing procedures for handling non-piecewise polynomial baselines, users can
define the spectral frequency interval between cubic spline knot points, the linear weighting A on regularization term defined according to the norm of baseline second derivative as in
Equation 6, and symmetric bounds on calculated knot ordinates as percent of initial linear-baseline fit residuals.
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characterized standards, especially for in vivo experiments that cannot be corrected by subtraction
of dedicated metabolite-nulled acquisitions. In this section we have not only presented the results
for such a pipeline but also implemented the transparent and user-defined baseline handling
functions necessary for executing it into spectral processing analysis freeware toolkit INSPECTOR

to enable its wider application in the field at large (Figure 2.11).

4 Calculation and performance validation of analytic Cramér-Rao Lower Bounds for spline
baseline shapes

2.4.1. Motivation

Recent efforts have been made toward standardizing, among other practices, the acquisition [91,
135, 136], analysis [137], and reporting [138] of proton MRS data. Many questions remain,
however, about what standards should be applied to a number of details important to spectral
quantification, including optimal numerical fit algorithms, whether and how to use postprocessing
corrections for residual water or deviations from Lorentzian lineshape, and the best approach for
modeling spectral baselines under imperfect prior knowledge. Building understanding of the
conditionally optimal solutions for each of these outstanding questions requires reliable
measurement of quantification errors yielded by each, particularly those applied to in vivo
experimentation that lack ground truth for comparison. Since the rise of spectral quantification by
linear combination models built upon prior knowledge functions [139] the Cramér-Rao Lower
Bound (CRLB) [121, 140] has been historically used for this purpose. To correctly represent the
lowest bound of standard deviation on estimated metabolite concentrations (absolute) or
concentration error (scaled), CRLB must be calculated from an information matrix that represents

a complete fit model [140]; in line with this, previous results suggest that metabolite amplitude
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Figure 2.12. Partial derivatives of linear combination model with respect to complex baseline shapes for Fisher
information matrix calculation. Shown here are the Fourier transforms of example real and imaginary polynomial and
spline baseline components incorporated into the Fisher information matrix used to estimate Cramér-Rao Lower Bounds
(CRLB) for linear combination model fits to simulated in vivo sLASER (T 20.1 ms) metabolite proton spectra. Each shape
is scaled by its corresponding polynomial coefficient for direct calculation of relative CRLBs. ppm: parts per million.

Displayed as appears in Swanberg et al., Proc ISMRM 2021, 2010.
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CRLB are significantly affected by the presence of baseline accommodations in their calculation
[141-144].

It has been argued that spectral baselines cannot be represented by analytical functions
[13], preventing their inclusion in the Fisher information matrix. Given some measure of
uncertainty surrounding the physical-chemical properties of characterized spin systems, however,
the difference in the integrity of prior knowledge underpinning spectral baseline and metabolite
lineshapes is a matter of degree and not a binary state. It is therefore important to empirically
address the practical implications of this theoretical argument, because including baseline terms in
a linear combination model and consequently Cramér-Rao Lower Bound calculations affects both
metabolite CRLB as mentioned and metabolite quantification accuracy [113, 122, 145].

In this work we treat baselines as overlapping piecewise polynomial shapes akin to
metabolite basis functions in order to include them in the Fisher information matrix for calculation
of CRLBs on their amplitudes. We thereby assess the degree to which these and metabolite
amplitude CRLBs represent the standard deviations of corresponding parameter estimates in fully

determined spectral fits including heavily overlapping polynomial or spline baselines.

2.4.2. Methods
CRLB for linear combination model parameters were calculated by inversion of the fit Fisher

information matrix, with
1 T nH
F = -2 R(P"D"DP) (7)

where o is the standard deviation of 1-ppm interval of noise, D is the matrix of model partial
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derivatives w.r.t. each model fit parameter for which CRLB are calculated, and P is the prior
knowledge matrix collapsing linear dependence in D [121]. Baseline CRLB were estimated by
entering their partial derivatives into D as the inverse Fourier transforms of either full or piecewise
polynomial shapes. Piecewise spline polynomials were smoothed for CRLB calculation to mitigate
jump discontinuities from zero within the spectral fit range and consequent time-domain Gibbs’
ringing artifacts (Figure 2.12). Validation analyses employed a MARSS [134]-simulated SLASER
(Te = 20.1 ms, Tz 2 s, Nr 128) metabolite spectrum acquired on a 3 T MAGNETOM Prisma
(Siemens Healthineers, Erlangen, Germany) (Figure 2.13) line-broadened 6 Hz, frequency-shifted,
and scaled including a cubic polynomial baseline to an analogous prefrontal cortex (PFC)
acquisition [131].

Simulated complex cubic polynomial or complex smoothed cubic spline baselines
calculated as presented in Section 2 were derived from LCM fits to the in vivo alignment reference
following measured macromolecule subtraction; spline knot interval and smoothing A were
optimized for minimum between-subjects tNAA/tCr coefficient of variation across LCM fits to
PFC spectra from 10 healthy adults (5 female, 23 + S.D. 5 y.0., <27 cm?® cubic voxels) similar to
and including the alignment reference [131] (Figure 2.14).

This preprocessed simulated brain spectrum was summed with either the polynomial
(Analysis I) or spline (Analysis II) baseline and then scaled to ten linearly spaced SNR from 18 to
180 (signal from 3.03-ppm creatine). The same 50 complex Gaussian noise patterns were then
added to each SNR group, with noiseless references retained for relative error calculation, for 510
simulated spectra per analysis. Spectral quantification by LCM, including baseline modeling and
CRLB calculations, was then performed on these simulated spectra by scripting in INSPECTOR.

Calculations of fit errors, group statistics, and Bonferroni (N=10)-corrected Shapiro-Wilk analyses
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for normality of observed fit parameter distributions were performed in R (v. 3.4.4; R Foundation

for Statistical Computing, Vienna, Austria).

2.4.3. Results and Discussion
In Analysis I, CRLB for complex polynomial baseline shapes demonstrated linear relationships
with standard deviations of parameter difference from noiseless fits, both values normalized to
actual fit coefficients (Figure 2.15). Baseline handling by splines with knot interval 0.25 and
smoothing lambda 5 supported the lowest coefficients of variation in tNAA/tCr (Figure 2.14);
these inputs were thus used to constitute the modeled spline baseline standard against which spline
fit errors and CRLB were measured. Like single polynomial shapes, in Analysis II CRLB for
complex piecewise polynomials within splines also demonstrated linear relationships with
coefficient errors against those of noiseless fits, though some deviations from identity were
observed (Figure 2.15). Including either polynomial or spline baseline shapes in the Fisher
information matrix improved correspondence between calculated CRLBs and observed standard
deviations of metabolite fit amplitudes (Figure 2.16).
Taken together, these results demonstrate the following:
e Cramér-Rao Lower Bounds calculated on baseline shapes analogously to metabolite bases
can estimate fit amplitude standard deviations on polynomials and inform those for
piecewise smoothed splines, despite the fact that for the latter the standard deviation of

observed fit amplitudes is expected to be constrained by smoothing and neighboring pieces
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A Sample baselines and residuals for representative prefrontal cortex spectrum (N=1) by spline baseline definition
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Figure 2.14. Simulated spline baseline optimization. To create an in vivo-like simulated spline baseline, macromolecule-subtracted prefrontal cortex SLASER (T3 20.1 ms, Tk 2
s, Nk 128, <27 cm? cubic voxels) spectra (N=10; 5 female, 23 £ S.D. 5 y.0.) were fit with metabolite bases and various splines (A), with splines yielding minimum between-subjects
coefficient of variation (CV) boxed in grey (B). Note that multitudinous baseline definitions contribute to visually similar residuals despite divergent CVs. tNAA: total N-acetyl
aspartate; tCr: total creatine; Glx: glutamate + glutamine; ppm: parts per million. Displayed as appears in Swanberg et al., Proc ISMRM 2021, 2010.
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Figure 2.15. Baseline amplitude Cramér-Rao Lower Bounds (CRLB) closely resemble standard deviations of fit
amplitude estimates. Relative CRLB and amplitude estimate standard deviations (S.D.) by SNR are normalized to the
same noiseless fit standards. For maximum correspondence with Figure 2.16, spline results are for an interval near N-acetyl
aspartate and glutamate. Non-normal distributions (pink), for which S.D. may not be an appropriate measure of parameter
variability, were found more often for spline than polynomial baseline fit amplitudes. ppm: parts per million. Displayed as
appears in Swanberg et al., Proc ISMRM 2021, 2010.
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Figure 2.16. Baseline Cramér-Rao Lower Bounds (CRLB) improved metabolite CRLB accuracy. Calculating amplitude
CRLBs for polynomial or spline baselines directly from the Fisher information matrix improved correspondence between metabolite
amplitude CRLBs and parameter estimate standard deviations (S.D.) by SNR (before=blue; after=black). Correspondent with Figure
2.15, non-normal distributions (pink), for which S.D. may not be an appropriate measure of parameter variability, were observed
more often for fits using spline than polynomial baselines. ppm: parts per million. Displayed as appears in Swanberg et al., Proc
ISMRM 2021, 2010.
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in a manner not represented in the straightforward calculation of CRLBs from the Fisher

information matrix.
e Incorporating either polynomial or

spline baseline shape information
directly into the Fisher information
matrix can improve the correspondence
and

between calculated CRLBs

observed standard deviations of

metabolite fit amplitudes.

Our implementation of this foundation for
characterizing the precision of spectral baseline
parameter estimates via Cramér-Rao Lower
Bounds enables further systematic elaboration
include  modifications

thereof. These

accounting for expected disruptions to

parameter estimate normality by model
constraints, i.e., on the knots of piecewise
splines by neighboring pieces, as well as
investigations into the degree to which baseline

CRLBs calculated in this manner can further
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Figure 2.17. The incorporation of polynomial and
piecewise cubic spline baseline shapes into Cramér-Rao
Lower Bound calculations for linear combination model
fits as designed, developed, and tested in this chapter was
written as an extension of the INSPECTOR framework.
This functionality provides separate CRLB for each polynomial
degree within a spectral baseline shape (piecewise by frequency-
dependent knot points for cubic splines) and, in addition to
tracking linearly with baseline polynomial coefficient error
standard deviations as shown in Figure 2.15, also improves
correspondence between metabolite CRLB and amplitude
estimate error standard deviations as shown in Figure 2.16.

improve CRLB estimates for metabolite amplitudes in cases of greater uncertainty regarding
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baseline models for the spectral data sets at hand, i.e., in vivo.

2.4.4. Limitations and Conclusions
Here we demonstrate a novel method for extending the calculation of Cramér-Rao Lower Bounds
for metabolite concentration estimates derived from linear combination models of proton spectral
data to analogous “concentration” estimates of polynomial coefficients modeling baseline shapes
as either continuous single polynomials or piecewise regularized cubic splines using the spline
baseline handling functionality developed in Section 2. We then use the batch metabolite spectral
simulation and linear combination modeling scheme developed in Section 1 to demonstrate that
this method of extending the Fisher information matrix to account not only for metabolite bases
but also a set of “bases” describing continuous or piecewise polynomial baseline shapes yields
baseline CRLB for spectral baseline polynomial coefficients that track with actual error standard
deviations on these estimates in spectra involving known ground-truth simulated baseline function
with known coefficients. More importantly, including these baseline CRLB terms in the Fisher
information matrix also improves the correspondence between metabolite CRLB and actual fit
error standard deviations shown both here and originally in Section 1 to be disturbed by the
presence of a spectral baseline.

While this work therefore represents a step forward in the implementation and use of
CRLB as measurements of spectral quantification precision, the validity of CRLB themselves as
a proxy for fit error continues to suffer some important limitations. First, CRLB represent at best
the lower bound of expected standard deviations of a linear combination model fit around a
particular center value and do not provide information on the accuracy of that value itself. Because

an important prerequisite for their use is that the model employed in spectral quantification is a
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complete representation of all the signals that might be present in a given spectrum, it is rightfully
assumed that any errors incurred by this model would be due only to Gaussian noise and therefore
center on zero systematic deviance from the ground truth. In Sections 1 and 2 of this chapter,
however, we have already demonstrated that errors on metabolite concentration estimates derived
from spectra involving in vivo-like baselines are not zero-centered but themselves centered on a
nonzero mean. This is not surprising given that in these cases the linear combination model is not
complete as expected for the appropriate use of CRLB as a proxy for error—rather, the models
differ from the data in ways, particularly baseline handling versus the actual baselines at hand,
other than simply pointwise Gaussian noise exhibited by the latter. The present dissertation, which
focuses in this section on the improvement of CRLB themselves within their limited framework
as opposed to a more comprehensive alternative to CRLB for estimating not only zero-centered
(on precision) but also systematic (on accuracy) error on spectral data sets without a ground truth,
does not offer a solution for this beyond emphasizing the importance of attempting to maximize
the realism and generalizability of in vivo like ground-truth standards around which non-CRLB-
based error calculation frameworks like the one developed here can be centered.

Within this limited CRLB framework, the present work does present a way to measurably
improve the accuracy of metabolite CRLB estimates by including consideration of baseline
modeling technique within their calculation, itself reported as dedicated CRLB for each degree
value of each polynomial piece. This manner of parsing baseline CRLB, while directly analogous
to those for amplitudes on metabolite basis shapes, also provides a roughly linear estimate of
baseline modeling precision, but one that nonetheless fails to approach the identity relation in many
cases. The CRLB assumes unconstrained Gaussian (normal) error of a calculated model around a

ground truth. The piecewise spline coefficients generated by a linear combination model, however,
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are heavily constrained by those of neighboring pieces, which may have contributed to the
overestimation by baseline CRLB of the supposed lower bound of error on baseline coefficients
that we observed for baselines comprising piecewise (spline) but not continuous polynomials. The
non-Gaussian error distribution of baseline coefficients predicted by these constraints was
confirmed by Shapiro-Wilk test demonstrating non-normality among a number of spline but not
continuous polynomial coefficients calculated by linear combination model fits.

Rendering a baseline model as a series of CRLB rather than a single index of error also
suffers the same problem of easy interpretability that does providing a single CRLB for each of
multiple metabolites key to a given in vivo spectroscopy experiment: Which, if any, single error
value is the most crucial endpoint on which to optimize? As for sometimes mutually contradictory
trends in metabolite CRLB for a given acquisition scheme, priorities may be most appropriately
defined in a metabolite-specific manner, in which case the baseline pieces closest to resonances
for that metabolite may be the most viable endpoints for optimization of experimental parameters
like 7Tk. But in situations where generally high precision on prediction of a single baseline may be
demanded, as in the use of splines to attempt modeling of an entire measured metabolite-nulled
macromolecule spectrum, this approach to baseline CRLB does not provide a unitary measure for
the entire baseline at the level of the Fisher information matrix, allowing only for post hoc
composites (like summation or averaging) thereof.

Continued work on this novel paradigm for spectral baseline CRLB calculations have at
hand, then, the following questions: First, how can the correspondence between CRLB and actual
lower bounds of fit error standard deviations for spline baseline coefficients be further improved
or at least quantitatively understood even beyond what we have demonstrated here? Second, how

can CRLB for multiple baseline coefficients be best combined into a composite measure
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sometimes more applicable than interval- and coefficient-specific error estimates for optimizing
particular spectral acquisition schemes? Finally, and most crucially, what might exist as a viable
alternative to the Cramér-Rao Lower Bound that accommodates the potential for non-zero-
centered or systematic deviations from ground truth as well as differently constrained non-

Gaussian distributions around that systematic center?

2.5 General summary and conclusions

In this chapter, we set out to address the following questions: What are the effects of
spectral quality and baseline on the accuracy and precision of metabolite concentrations estimated
by linear combination model fitting of simulated basis functions to in vivo 1H-MR spectra? In turn,
how do some parameters that define cubic spline models used to account for in vivo spectral
baselines affect quantification accuracy and precision, and how can we improve the precision of
these baseline models be better estimated for in vivo experiments involving complicated baselines
and models thereof?

Taken together, our findings suggest that under conditions of no spectral baseline, full
width at half maximum and signal-to-noise ratio influence zero-centered errors in spectral
quantification. In the presence of an in vivo-like baseline, however, these metrics of spectral
quality influence not only precision in spectral quantification but also introduce what can be
significant systematic errors. Flexibly optimized regularized spline baseline modeling does not
necessarily underperform macromolecule simulations in 'H-MRS metabolite quantification
precision when a priori standards of comparison are available, and Cramér-Rao Lower Bounds
may be employed as a proxy for not only metabolite quantification but also baseline modeling

precision when such standards are not available.
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Chapter 3: Absolute Quantification.

Influence of differential 7 relaxation on internal 'H-MRS concentration referencing by
water in relapsing-remitting and progressive multiple sclerosis normal-appearing frontal
cortex
Tissue water is a common internal reference used for translating from relative metabolite
concentrations resultant from spectral quantification of in vivo proton magnetic resonance
spectroscopy (‘"H MRS) data into absolute concentration values that describe physical reality. The
usefulness of water as an internal reference depends, however, on the validity of assumptions made
about the uniformity of its key properties across individuals, or, alternatively, on detailed
knowledge of differences among them. One such property is transverse or spin-spin relaxation
constant 7>, which governs the rate at which nuclear spins phased by a radiofrequency pulse
applied in a magnetic resonance experiment dephase in part as a result of interactions among them.
Here we investigate potential influences on water-referenced metabolite quantification at 7 Tesla
by differences in frontal cortex water 7> in individuals with relapsing-remitting, progressive, and
no multiple sclerosis as a case study of disease effects on metabolite concentration quantification
in groups for which internal referencing by water may itself be influenced by disease. Water 7>
differed among disease groups in monoexponential models of spin-spin relaxation, exhibiting the
highest values in progressive multiple sclerosis only when analyses were not controlled for
between-group differences in age. Groupwise 72 did not differ in biexponential models of spin-
spin relaxation constrained by tissue composition and cerebrospinal fluid (CSF) partial volumes,
suggesting that monoexponential 7> differences reflected disparate proportions of water in tissue
and CSF rather than differential behavior within them. Our results suggest stability of water 7>
within frontal cortex tissue and CSF with multiple sclerosis only as long as disease or age-related

changes in voxel composition are accounted for and emphasize the superiority of metabolite
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quantification with group-specific 72 values when voxel composition may differ if water is to be

used as an internal concentration reference for absolute metabolite quantification by '"H MRS.

3.1 Motivation
Following the decomposition of an '"H MRS data set into relative weights on metabolite component
parts by spectral quantification, discussed in detail in Chapter 2, these relative results are translated
into physically meaningful concentration units in a process called absolute quantification. Tissue
water is a common internal reference for this step of 'H MRS processing and analysis [21]. The
usefulness of water as an internal reference depends, however, on the validity of assumptions made
about the uniformity of its key properties across individuals, or, alternatively, on detailed
knowledge of differences among them, as shown previously in Equation 3 of Chapter 1. For
example, water-to-metabolite signal ratios are commonly corrected without explicit examination
of group-specific transverse relaxation time constant 7> [106, 146-148]. But multiple lines of
evidence suggest that this practice may not always, so to speak, hold water. Age [149] and brain
irradiation [150], for instance, may lengthen cortex water 7> while preserving or reducing cortical
N-acetyl aspartate and creatine 7> [150, 151]. Such evidence reinforces the notion that 7> values
used in metabolite quantification should empirically consider the physical characteristics of
populations under study with a minimum of generalized assumptions made over what in reality
may constitute a diversity of heterogeneous cases.

One such population for which special consideration of group-specific 72 values may be
warranted is individuals with multiple sclerosis (MS), an autoimmune disorder that damages the
central nervous system. To enable accurate water-referenced quantification of '"H-MRS visible

metabolites in individuals with relapsing-remitting (RR-MS), progressive (P-MS), and no MS, we
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Figure 3.1. Water T>was assessed at 7 T using signal
acquired in a frontal cortex mixed-tissue voxel with
a variable-echo-time STEAM array. A) Skull stripping
and automated segmentation of Tj-weighted images
enabled the calculation of B) grey matter, white matter,
and cerebrospinal fluid partial volumes for use in
biexponential transverse decay modeling. C) Fully relaxed
water-unsuppressed signal was acquired at twelve echo
times via STEAM. Real singlets from interleaved
acquisitions (T = 10, 250... 43, 58 ms) have been
reordered to depict transverse decay. D) Trust-region-
reflective least-squares fitting to signal integrals at each
of these echo times calculated T> by monoexponential
and partial-volume-constrained biexponential models.
Tr: echo time. Adapted from Swanberg et al., Proc
ISMRM 2018, 0161.

therefore assess potential differences in frontal
cortex water 77 relaxivity, both in bulk and within
tissue- and cerebrospinal fluid (CSF)-specific
compartments, to then provide estimates of
potential downstream effects of group-specific
water 7> on metabolite concentration estimates
referenced to internal water in the event that this

variable were not explicitly considered.

3.2 Methods

In vivo acquisition. Data were acquired according
to a similar protocol as that outlined in Section 2.2.
2. Briefly, acquisitions were accomplished at the
Yale University MRRC as described previously
[106], on a 7-Tesla head-only MR scanner (Agilent
Technologies, Santa Clara, CA) with a 298.1-MHz
DirectDrive proton spectrometer, custom actively
shielded gradients (Magnex Scientific, Oxford, UK)
and an 8-channel transmit-receive head coil.
Sequences were controlled via Vnmr] software,
version 2.3A (Varian, Santa Clara, CA). In vivo
data were acquired with the prior approval of and

in accordance with standards set forth by the Yale
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Non-MS control RR-MS P-MS

(N =25) (N=22) (N=21)
Age (years) 43+15 46 +13 55+8

(52 +10.) (51+11) {55+ 7.9)
GM partial volume (%) 47+4.1 45+ 5.6 41 £7.3%*

(46 +3.7) (45 +5.5) (41 +7.3)

WM partial volume (%) 41472 41+89 40.+£9.4
(40. + 6.4) (42 +8.1) (40. £ 9.4)

CSF partial volume (%) 12:£6.2 13+5.9 19+ 9.5*

(14 + 6.6) (13 +5.5) {19 % 9.5)

Monoexponential H20 T2 (ms) 44 +3.9 45+ 6.0 491 8.4*
(44 £ 3.9) (46 +6.1) (49 + 8.4)

Tissue compartment HO T2 (ms) 31134 30.+3:1 28+4.4
(30. +3.4) (30. +2.5) (28 +4.4)

CSF compartment H20 Tz (ms) 173 +56 175+ 62 158 + 45
(155 £44) (188 +61) (158 £ 45)

Results reported as means % standard deviations. Age-matched group statistics in parentheses. * p < 0.05; ** p < 0.01. RR-MS:
relapsing-remitting MS; P-MS: progressive MS.

Table 3.1. Medial prefrontal cortex voxel partial volumes and water T%in individuals with relapsing-remitting,
progressive, and no multiple sclerosis. Displayed as appears in Swanberg et al., Proc [SMRM 2018, 0161.
School of Medicine Human Investigation Committee for human subjects research.

Placement of a 3-cm isotropic voxel at midline of frontal cortex was achieved with
reference to scans by a custom-written 77-weighted inversion-recovery anatomical imaging
sequence (field of view 20 x 22 x 78 cm, matrix size 256 x 256 x 39, echo time 7r 6 ms, repetition
time 7z 3 s, inversion time 77 1 s). Up through third-order spherical-harmonics Bo shims were
applied according to calculations on gradient-echo images at five 7z (FOV 22 x 22 x 6 cm, matrix
size 126 x 64 x 20, T£ 3.8, 4.0, 4.3, 5.3, and 6.8 ms, 7z 1.3 s) using laboratory-developed software
BODETOX, and B1 phase shimming was calculated by laboratory-developed software IMAGO.

Scan routines were employed on twenty-five (12 female; 43+15 y.o.) controls without
multiple sclerosis, twenty-six (18 female; 44+13 y.o0.) participants with relapsing-remitting
multiple sclerosis, and twenty-one (12 female; 55+8 y.0.) participants with progressive multiple

sclerosis. Specifically in this analysis, water 7> from the 27-cc cubic prefrontal cortex voxel was
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Figure 3.2. Glutathione signal evolution changes as a function of echo time extension (7gex) pulse timing
symmetry and frequency selectivity. A) Visual schema of pulse sequence parameter echo time symmetry. A pair of
adiabatic echo time extension pulses with variable intervening time intervals (Trs, Tr2) followed a semi-Localization by
Adiabatic SElective Refocusing (sLASER) sequence with a MEscher-GArwood (MEGA) module used to edit the glutathione
7CH at 4.56 ppm for measurement of its J-coupled "CHj signal at 2.95 ppm. B) Within this acquisition paradigm the amplitude
and distinctiveness of glutathione signal at multiple time points can vary considerably with editing pulse frequency selectivity
and inter-pulse interval symmetry ratio (SR). B) Density-matrix simulations of the Tg-extended MEGA-sLASER pulse
sequence demonstrate that the evolution of J-difference-edited glutathione signal shape with echo time differs with Tk, pulse
pair frequency selectivity, yielding a high variety of distinctive quantification challenges for a phantom containing this
metabolite. Note that the minimum simulated echo time extension reflects timing limitations imposed by Tk, pulse length in
the selective T, condition. Displayed as appears in Swanberg et al., JMRK 2018; 290: 1-11.

examined with a STEAM (7u 50 ms, Tz 15 s) array with one repetition each of 12 interleaved echo

times (7x) from 10 to 250 ms (Figure 3.1B).

Spectral processing and analysis. Spectra from this protocol were acquired to 8192 complex
points. Signals from individual receive channels were corrected for eddy currents using water-

unsuppressed references [118], phase- and frequency-aligned, and averaged with weighting by
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receive channel sensitivities [119]. Summed metabolite spectra were zero-order phased but not
truncated, zero-filled, or line-broadened before direct quantification or alignment between
summed editing conditions for difference spectrum calculation, as applicable. Spectral processing

was achieved, and real peaks integrated from baseline, using INSPECTOR.

Phantom assessment of spectral processing and quantification procedures. Spectral acquisition,
processing, and quantification procedures were tested against two phantoms of known metabolite
concentration examined using the same data processing approaches as applied elsewhere in this
chapter, as well as spectral quantification via linear combination modeling of simulated basis sets
as employed in Chapters 2, 4, and 5.

First, short-echo-time SLASER measurement (7= 10 ms; 7z =2 s; Nr = 128) of glutamate
was conducted on a 3 Tesla clinical MR scanner (MAGNETOM Prisma, Siemens, Erlangen,
Germany) at the Zuckerman Mind, Brain, and Behavior Institute within the Columbia University
Magnetic Resonance Research Center (CMRRC) in an externally prepared aqueous phantom
reported to contain 12.5 mM glutamate, 3 mM choline for concentration referencing, and
additional other compounds for unrelated test purposes, including 5 mM glycine, 10 mM GABA,
7.5 mM myoinositol, 10 mM creatine, and 12.5 mM N-acetyl aspartate, aspartate, and acetate in
an unspecified ratio. Quantification of glutamate concentration estimates from short-7z SLASER
spectra proceeded as per processing and linear combination modeling procedures reported in
Chapter 2 and as described previously, applying a flat zero-order polynomial baseline (offset) [145].

Second, MEscher-GArwood (MEGA) J-difference-edited semi-Localization by Adiabatic
SElective Refocusing (SLASER) measurement (7 =72, 109, 117, 127, 192, 222, 282, 322 ms; Tr

= 3 s; Nr = 64-128 each edit-on and edit-off per 7k) resembling the acquisition schemes for
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glutathione and GABA employed elsewhere in this dissertation were applied on the same 7-Tesla
hardware as described in the present chapter as well as in a previous publication of this work [116]
to measure metabolite concentrations in an aqueous phantom containing 5 mM glutathione and 5
mM N-acetyl aspartate at physiological temperature and pH. A glutathione phantom was chosen
for this challenge because the strongly and weakly coupled ABX-like spin system of glutathione
engenders signal shapes that can vary greatly with sequence parameters like echo time and the
pulses used to define it (Figure 3.2), enabling a more demanding and comprehensive test set of
validation spectra than metabolites with less complex quantum-mechanical properties.

Under these conditions, two endpoints of the phantom metabolite concentration estimation
pipeline were evaluated. First, the visual correspondence between basis functions density-matrix-
simulated in SpinWizard as described previously in Chapter 2 and measured signal line shapes for
glutathione and N-acetyl aspartate was qualitatively assessed in the phantom containing non-
overlapping glutathione and N-acetyl signal shapes. Second, the numerical correspondence
between measured and predefined relative concentrations of glutamate to choline in the glutamate
phantom at a single short echo time, and then glutathione to N-acetyl aspartate in the glutathione
phantom at the additional challenges imposed by multiple echo times, were quantitively assessed.
Because 72 differences between glutathione and N-acetyl aspartate were expected to substantially
influence the error of the latter results, the effect of echo time on error was also investigated, as

reported in a previous publication of this work [116].

Water T estimation. Water 7> was estimated by trust-region-reflective least-squares curve fitting

to signal integral values at each 7 according to:
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My, = Mye T2 (8)

where M represents water signal integral. To account for disparate proportions of water protons
in tissue versus CSF compartments by voxel composition differences, we then applied a

biexponential model:
T TE 9
My, = M, <Xt€ Tt + Xfe TZf) ©)

with tissue (white matter plus grey matter) 72 and CSF T%. Variables y: and yf represent

compartmental water fractions in tissue and CSF, respectively, as:

L PV [H20] g + PViym[H201uwm + PVesf [Ho0]csf

where PVgm, PVwm, and PVt are voxel partial volumes of grey matter, white matter, and CSF,
respectively, calculated by custom MATLAB software using 77-weighted images skull-stripped
and segmented as detailed below (Figure 3.1A). The variables [H2O]gmwm/cst denote published

tissue water concentration estimates [147, 152].

Image segmentation. Ti-weighted images were skull-stripped using the Brain Extraction Tool in
FSL [153]. BrainSuite (v16al, http://brainsuite.org/) was applied for bias field correction and
partial volume segmentation into grey matter, white matter, and cerebrospinal fluid. Bias field

correction calculated tissue intensity mean and noise variance globally across the image; these
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were used to build a parametric tissue model including a bias field coefficient. Fits of this model

against histograms of small image regions were
used to calculate local bias field values over a
rough grid smoothed using cubic splines;
division by the estimated field achieved
correction. This segmentation algorithm
employed maximum a posteriori classification on
a model of voxel intensity values assuming
Gaussian density distributions of either one or
two tissue types and a spatial model weighting
the relative probabilities of tissue distributions in
neighboring voxels [154]. After a composite
mask was created for each of the three tissue
types, extraction of partial volume statistics in
the spectroscopy voxel was achieved in custom

MATLAB (v2013b, The Mathworks, Natick,

MA) package IMAGO.

Statistical analysis. Group differences were

acetate

N-acetyl aspartate
glutamate
aspartate
creatine

choline

GABA
myoinositol

baseline

residual

34 3.2 3 28 26 24 22 2 18

Frequency (ppm)

Figure 3.3. Glutamate was measured in an aqueous
metabolite phantom to test absolute concentration
estimation procedures against a physical sample of
predefined composition. An externally prepared
aqueous metabolite phantom was employed as a target
for short-Tr sLASER (T = 20.1 ms, Tk = 2 5s)
acquisitions at 3 Tesla. Spectral processing and
metabolite quantification by linear combination
modeling of simulated basis functions were applied
according to procedures described in Chapter 2, and
glutamate was referenced to a predefined 3 mM choline.
ppm: parts per million.

assessed in SPSS 20 (IBM, Armonk, NY) with o = 0.05, with parametric statistics applied only in

the case of within-group normality as suggested by prior Shapiro-Wilkes analysis. Age-controlled

analyses included only participants over 35 years old.
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3.3 Results and Discussion

Linear combination model fitting of simulated basis functions for choline, creatine,

glutamate, N-acetyl aspartate, GABA, myoinositol, aspartate, and acetate to corresponding

resonances in the mixed-metabolite glutamate phantom yielded a glutamate concentration estimate

of 12.98 mM when referenced to a predefined choline concentration of 3 mM, which falls within

5% of the predefined glutamate concentration of 12.5 mM (Figure 3.3).

While glutathione signal shapes demonstrated a high degree of temperature dependence

(Figure 3.4), at physiological temperature and pH MEGA-sLASER measurement of aqueous

phantom contents yielded glutathione and co-edited N-acetyl aspartate difference spectra that

corresponded with those observed following density-matrix simulation or in vivo measurement at

all investigated echo times (Figure 3.5).

The glutathione concentration calculated from prior knowledge of N-acetyl aspartate

concentrations and the ratio between
signal amplitudes of J-difference edited
GSH and unedited spectral N-acetyl
aspartate of a phantom containing 5 mM
of each metabolite was 4.7 = 2.0 mM as
averaged over the first two measured 7E,
which falls within 5% of the expected
value of 5 mM GSH. As would be
expected for increased unreliability of
quantification of low-signal metabolites

at the lower SNR conditions of higher 7«

20°C

glutathione

37°C

ffz‘ — [ N-acetylaspartate

NAA ||

i baseline

! residual

GSH

32 3.0 28 26 24
Frequency (ppm)

Figure 3.4. Coupled spin system glutathione exhibits
temperature-dependent signal shapes. Glutathione possesses a
coupled spin system that is expected to demonstrate lineshape
alterations with pH and temperature (left), necessitating the use of
phantom preparations at in vivo like conditions for quantification by
linear combination modeling of full density-matrix simulations. LB:
line broadening; ZF: zero-filling,
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Figure 3.5. Consistency of signals among simulations, phantom experiments, and in vivo experiments across all
echo times was observed for 7-Tesla proton spectroscopic measurement of complex spin system glutathione. Density
matrix simulations of J-difference-edited GSH and co-edited NAA difference spectra demonstrated high visual accordance
with spectral data obtained from both phantom and in vivo experiments. The left column displays the simulated basis set scaled
to a phantom ratio of 1:1 GSH: NAA. The middle right column shows the same basis set scaled to an in vivo ratio of
approximately 1:5. This correspondence translated to reasonable fits by simulated basis functions to experimental data at all
echo times. Phantom data are displayed with no additional line broadening; in vivo data have been Lorentzian line-broadened
2 Hz. GSH = glutathione; NAA = N-acetyl aspartate; Tr = echo time; ppm = parts per million. Displayed as appears in
Swanberg et al., JMR 290: 1-11.
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Figure 3.6. Higher T, in aged progressive multiple sclerosis participants than control causes water signal
overestimation without correction. A) Kruskal-Wallis test demonstrated a significant between-group effect on
monoexponential water 1> (7.772, p = 0.021), with Mann-Whitney test demonstrating increases in P-MS relative to control
(2.724, p = 0.006) and RR-MS (2.041, p = 0.041). Aged groups showed no significant difference. B) Uniformly applying control
T values would induce 2% overestimation of water signal in the progressive MS group at T = 10 ms. * p < 0.05. P-MS:
progressive multiple sclerosis; RR-MS: relapsing-remitting multiple sclerosis; HC: non-MS control. Adapted from Swanberg et
al., Proc ISMRM 2018, 0161.

as well as quantification of a metabolite with shorter 7% than that of its reference NAA, this ratio
decreased with the addition of concentrations calculated at each longer 7% to reach a final average
of 4.2 £ 0.9 mM across all arrayed echo times, differing by over 15% from the expected 5 mM at
echo times much higher than that employed for glutathione quantification in subsequent sections
of this work. Notably, in contrast with these systematic errors in quantification accuracy, reported
Cramér-Rao Lower Bounds for quantification precision of both glutathione and N-acetyl aspartate
remained stable (within 1%) for all echo times.

Taken together, these phantom results provide a measure of empirical verification for both
the density-matrix simulation procedures as well as spectral processing and quantification
methodologies employed in this work, as applied against the challenges posed by both glutamate

resonances within the context of multiple additional metabolites measured using short-echo-time
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localization without spectral editing as well as the complex, low-amplitude, and temperature- and
Tr-dependent signal shapes of spin system glutathione estimated via spectral editing of the same
type of localization scheme.

7> models for water in vivo yielded visually satisfactory fits in all participants. Four RR-
MS cases with outlying CSF 7> were excluded from analysis. Kruskal-Wallis test demonstrated a
significant group effect on water 7> (7.772, p = 0.021); Mann-Whitney test demonstrated increases
in P-MS relative to control (2.724, p = 0.006) and RR-MS (2.041, p = 0.041) (Figure 3.6A).
Uniform application of control 77 to water signal quantification would overestimate P-MS water
concentration by 2% at 7 = 10 ms (Figure 3.6B).

Similar analysis demonstrated a group effect on grey (7.745, p = 0.021) but not white
matter partial volumes, with lower grey matter in P-MS relative to control (-2.746, p = 0.006); an
effect was also found in CSF (6.266, p = 0.044), higher in P-MS than control (2.327, p = 0.020)
(Figure 3.7A). Between-group differences in voxel composition disappeared upon controlling for
age in the manner described in 3.2 (Figure 3.7B).

Groupwise 77 differences disappeared with biexponential modeling (Figure 3.8A) and
became marginally significant (0.05 < p < 0.1) upon controlling for age in the manner described
in 3.2 (Figure 3.8B).

Taken together, these results suggest a systematic difference in the water 77 of otherwise
normal-appearing frontal cortex brain tissue in individuals with progressive multiple sclerosis
relative to relapsing-remitting multiple sclerosis or control. Even at this experiment’s low echo
time of 10 ms, this increase in progressive multiple sclerosis water 72 observed across the voxel
when modeled as a unitary compartment exhibiting only monoexponential time-domain signal

decay would engender substantial (up to 2%) underestimation of metabolite concentrations in the
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progressive multiple sclerosis
relative to the other experimental
groups if a one-size-fits-all 7>
value were used instead.

The disappearance of
between-group 7> differences
either when the voxel was
modeled as two compartments
exhibiting biexponential decay,
or when between-group
differences in age were explicitly
controlled, further suggests that
correction of monoexponential 7>
disparities could be achieved by
controlling for differential effects
of voxel composition (i.e.,
employing uniform fluid and

tissue compartment 72s for all
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Figure 3.7. Aged progressive multiple sclerosis participants exhibited
different voxel partial volumes from control. A) Kruskal-Wallis test
showed a between-group effect on grey (7.745, p = 0.021) but not white
matter partial volumes, with lower grey matter in P-MS relative to control (-
2.746, p = 0.006) as well as on CSF partial volume (6.266, p = 0.044), higher
in P-MS than control (2.327, p = 0.020). B) Aged groups showed no
significant differences. ** p < 0.01; * p < 0.05. P-MS: progressive multiple
sclerosis; RR-MS: relapsing-remitting multiple sclerosis; HC: non-MS
control; GM, WM: grey, white matter; CSF: cerebrospinal fluid. Adapted
from Swanberg et al., Proc ISMRM 2018, 0161.

groups but accounting for greater CSF relative to tissue partial volumes in the progressive multiple

sclerosis group) or of age (i.e., employing the same base 7> for all groups but selectively age-

matching the progressive multiple sclerosis group) on group-specific 72 values in the event that

individual 7> could not be measured for this cohort. Any correction, however, carries with it the

potential for introduction of additional error, underlining the potential risk of employing internal

87



>
@

60 - | WEEE HC (N =25, 16)
= RR-MS (N =22, 17)
50 { | EEEE P-MS (N =21, 21)

400 - | W HC (N = 25, 16)
=3 RR-MS (N = 22, 17)
== P-MS (N =21, 21)

300 -
40 -
30 4 200

20 -

Biexponential fit
fluid compartment T2 (ms)

100 -
10 -

Biexponential fit
tissue compartment T2 (ms)
o

All Aged All Aged

Figure 3.8. Figure 4. Biexponential model fits to water signal decay curves yielded comparable tissue and free
fluid compartment T3 across control, relapsing-remitting, and progressive multiple sclerosis groups. When decay
curve models included two exponential terms, each weighted by coefficients constrained by proportions of water
concentration calculated from voxel partial volumes of tissue (grey and white matter) and CSF, both tissue (A) and free fluid
compartment (B) T> values remained stable across both general and aged groups. HC: non-MS control; RR-MS: relapsing-
remitting multiple sclerosis; P-MS: progressive multiple sclerosis. Adapted from Swanberg et al., Proc ISMRM 2018, 0161.

water referencing for absolute quantification of metabolite estimates by 'H MRS in this

progressive multiple sclerosis cohort.

3.4 Limitations and Conclusions

Frontal cortex water 7> differences in aged individuals with progressive multiple sclerosis
disappeared when considering disparate voxel composition in a biexponential model constrained
by tissue and CSF partial volumes and when matching group ages. These results suggest that
water 72 within tissue and CSF remains stable with multiple sclerosis disease state and emphasize
the superiority of metabolite quantification with group- or voxel-specific 7> values when voxel
composition may differ, as recently implemented [155]. Further refinement to voxel compartment-
specific 7> estimates may be achieved by empirically controlling for potential MS-related
differences in tissue water concentration, here assumed equivalent across groups. Finally, that our

results notably demonstrated stability in tissue compartment 7> with multiple sclerosis disease
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state suggests similar stability in predominantly tissue-bound metabolite 7>, but this is a question
that begs continued empirical investigation.

Notably, significant loss of statistical power was incurred by the age-matching method
employed in this analysis. While age-controlling 7% values by compensation via a linear regression
coefficient calculated on the control cohort as performed in Chapters 4 and 5 may address age
differences while retaining statistical power to isolate multiple sclerosis disease effects of water
T2, the overall conclusion of the present chapter would not change: Despite the generalized use of
single water 7> across different experimental cohorts to conduct absolute quantification of
metabolite concentration estimates by 'H MRS we have observed at least one instance wherein not

considering group-specific water 72 values would have introduced systematic errors into the results.

3.5. General Summary and Conclusions

In this chapter, we set out to address the following question: Does differential 7> relaxation in
relapsing-remitting and progressive multiple sclerosis normal-appearing frontal cortex affect
internal 'H-MRS concentration referencing by water?

Taken together, our findings suggest that individuals with progressive multiple sclerosis
exhibit increased frontal cortex water 7> relative to control associated with age-related changes in
tissue composition that may influence metabolite concentration estimates referenced to internal
water. We have previously shown that evidence-based 7> corrections can significantly affect
metabolite concentration estimates, especially those derived from measurements at long echo time
[116]. Correction for these findings of disease effect on water 7> demonstrated similar influence

on metabolite concentrations estimated via referencing to water.
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Chapter 4: Statistical Analysis.

In vivo evidence of differential frontal cortex concentrations of glutathione, GABA, and
glutamate in progressive and relapsing-remitting multiple sclerosis and multivariate
classification of progressive and relapsing-remitting multiple sclerosis via 'H-MRS-

measured frontal cortex metabolites

Autoimmune demyelinating condition multiple sclerosis is a heterogeneous disease of which the
diagnosis continues to depend on a combination of reported symptoms, clinical evaluation,
magnetic resonance imaging, and sometimes lumbar puncture. 'H MRS enables the noninvasive
detection of multiple small-molecule brain tissue metabolites in vivo and is therefore in principle
a promising means of gathering information relevant to multiple sclerosis diagnosis and subtype
classification to support these clinical decision pipelines. Three decades of research, the majority
at fields of 3 Tesla and below, applying proton spectroscopy to investigate multiple sclerosis have
failed to yield, however, a sensitive and specific single-molecule benchmark for differentiating
among controls and the diverse phenotypes of multiple sclerosis. Furthermore, the small size of
most proton magnetic resonance data sets demands extra care in the application of flexible
multivariate approaches like those offered by machine learning techniques in the service of
developing such a classification scheme. To the end of such a classification algorithm, we
employed, at 7 Tesla, a previously validated 'H-MRS protocol to measure glutamate, GABA,
glutathione, glutamine, N-acetyl aspartate, choline, and myoinositol in the frontal cortex of
individuals with relapsing-remitting (N=26), progressive (N=21), and no (N=25) MS in a cross-
sectional analysis. Only individuals with progressive MS demonstrated reduced glutamate
(12.4£0.6 mM versus control 13.2+1.0 mM, p = 0.03) but not glutamine (4.7+0.4 mM versus
control 4.8+0.4 mM), reduced GABA (1.3£0.2 mM versus control 1.5+0.3 mM, p = 0.05), and
possibly reduced glutathione (2.2+0.5 mM versus control 2.5+0.5 mM, p < 0.1). These results

indicate that frontal cortex metabolism is differentially disturbed in progressive and relapsing-
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remitting MS and that 'H MRS may therefore be employed in classification of these disease states.
Therefore, with special attention to the dual challenges posed by subtle single-molecule between-
group differences and small sample sizes, we show that the multivariate evaluation of these frontal
cortex small-molecule metabolites measured by proton magnetic resonance spectroscopy at 7 Tesla
alone can yield sensitive and specific distinction between individuals with progressive multiple
sclerosis from control (maximum held-out validation sensitivity 79% and specificity 68%), as well
as between relapsing and progressive multiple sclerosis phenotypes (maximum held-out validation
sensitivity 74% and specificity 84%). Post-hoc assessment of the most accurate models
demonstrated the disproportionate and diverse contributions of glutamate and glutamine,
metabolites most reliably measured under the high signal to noise and spectral dispersion of static
fields higher than 4 T. Our finding establishes proton magnetic resonance spectroscopy,
particularly at ultra-high field, as a viable means of characterizing progressive multiple sclerosis
disease status and paves the way for continued refinement of this method as an auxiliary or

mainstay of multiple sclerosis diagnostics.

4.1 Introduction

Multiple sclerosis (MS) is an autoimmune condition of unknown antigenic target that damages
cells in the central nervous system, particularly oligodendrocytes comprising the myelin
surrounding neuronal axons [61]. Though MS affects more than 2 million individuals globally
[156], we possess an incomplete understanding of its mechanisms and currently no cure. While it
has been shown that MS patients exhibit an abnormal inflammatory response that leads to
neurodegeneration and associated disability over a lifetime [157], how these reactions’ potential

triggers, including mutations in genes central to a number of autoimmune conditions [158] and
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environmental causes like smoking, Vitamin D deficiency, or infection with the Epstein-Barr virus
[159], unfold into a disease state is still unclear.

In addition to its individualized clinical presentation dependent on patient lesion
distribution and perhaps lesion type [160], MS follows multiple potential disease courses,
generally categorized as relapsing-remitting, secondary progressive, primary progressive, or
progressive relapsing, and exhibits sometimes only subtle clinically evident differences from a
number of differential diagnoses like neuromyelitis optica (NMO) and Balo’s concentric sclerosis
[161]. Relapsing-remitting MS (RR-MS), comprising up to 85% of new diagnoses, is marked by
the periodic appearance of neurological symptoms often concomitant with periventricular,
infratentorial, juxtacortical, or spinal gadolinium contrast-enhancing lesions indicative of active
central nervous system inflammation. The majority of individuals with RR-MS will, within a
decade or more, transition to secondary progressive MS (SP-MS), characterized by neurological
decline in the absence of relapses, while about 10% of new patients will exhibit primary
progressive MS (PP-MS) without having demonstrated a relapsing phase. Finally, a small minority
of new MS diagnoses are of the progressive-relapsing variant, marked by consistent decline in
tissue and function in parallel with punctuated relapses [64]. While the use of different terms to
refer to the varied forms of MS may imply that they are distinct variants or at least stages of illness,
it has also been suggested that progressive and relapsing MS in fact represent simultaneously
acting pathological mechanisms of the same disease [162].

The following introduction will attempt to review current understanding of metabolic
abnormalities in relapsing-remitting, secondary progressive, and/or primary progressive multiple
sclerosis that have been previously observed using 'H-MRS of tissue in the central nervous system.

It will then discuss some current lines of thinking on the pathophysiological differences between
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multiple sclerosis phenotypes broadly characterized as relapsing and progressive and discuss the
unique niche that in vivo proton spectroscopy may occupy to facilitate greater clarification of these

differences.

4.1.1. Univariate small-molecule abnormalities previously examined in 'H-MRS
investigations of multiple sclerosis
Proton spectroscopic analysis of multiple sclerosis has examined a variety of individual small
molecules in living central nervous system tissue, including N-acetyl aspartate, creatine, choline,
myoinositol, glutamate, glutamine, y-aminobutyric acid (GABA), glutathione, and lactate. For
reasons of difficult isolation from a single spectral dataset, some of these and other metabolites are
often grouped under more general categories, like total creatine (creatine and phosphocreatine),
total N-acetyl aspartate (N-acetyl aspartate or NAA plus N-acetyl aspartylglutamate or NAAG),
total choline (choline, phosphocholine, and glycerophosphocholine), inositol (myoinositol and
scylloinositol), or Glx (glutamate and glutamine). Since different authors exhibit varying precision
in nomenclature, for simplicity in the present review the terms N-acetyl aspartate, creatine, and
choline may refer to any subset of biomolecules listed above in the “total” definitions thereof. In
addition to small-molecule metabolites comprising the principal peaks of a 'H-MRS spectrum, the
less well-defined lipids and macromolecules constituting the broader background signatures of
some sequences have also been examined for differences between individuals with and without
multiple sclerosis.

By far the majority of 'H-MRS studies of multiple sclerosis examine one or all of the
highest-amplitude signals on a standard '"H-MRS localizing sequence, from N-acetyl aspartate,

creatine, and choline. A detailed treatment of the potential roles of each class of molecules in
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healthy and diseased brain is well beyond the scope of the present review. It is, however, to be
noted that beyond exhibiting high-intensity single peaks (so-called singlets) that facilitate their
straightforward quantification, each of these classes of metabolite also possesses a biological
function that reasonably implicates it in the existing narrative of multiple sclerosis pathology.
Perhaps unsurprisingly, then, all three compounds, among others, have previously demonstrated

abnormalities relative to control in brain 'H-MRS studies of multiple sclerosis.

N-acetyl aspartate (NAA). N-acetyl aspartate (NAA) is a small molecule synthesized
predominantly in mature neurons from acetate and acetyl-coenzyme A. In addition to displaying
concentration abnormalities in a number of neurological disorders and injuries, it may serve in part
as a storage and transport reservoir for acetate used in myelin lipid anabolism. N-acetyl
aspartylglutamate (NAAG) is also predominantly localized to the neurons, though of a smaller
range than N-acetyl aspartate, and may modulate the release of neurotransmitters in a variety of
pathways [163]. The acetyl moieties of both molecules exhibit high-amplitude singlets at 2.01 (N-
acetyl aspartate) or 2.04 (N-acetyl aspartylglutamate) ppm; both molecules also exhibit additional
multiplets, especially from aspartate in the 2.5-2.7 and 4.4-4.6 ppm range as well as further signals
from the amine (N-acetyl aspartate) and glutamate (N-acetyl aspartylglutamate) moieties [13].
Creatine-referenced N-acetyl aspartate has shown reductions relative to control in mixed
or unspecified multiple sclerosis lesions [164-177], white matter [82], normal-appearing white
matter [164, 166, 167, 172, 176, 178-187], and mixed tissue [188]; in relapsing-remitting multiple
sclerosis lesions [26, 189-196], white matter [79, 82, 195, 197-203], normal-appearing white
matter [189, 191-193, 204-209], grey matter [195, 209], mixed tissue [195, 198, 203, 210-214],

and spine [215]; and in progressive multiple sclerosis lesions [81, 191, 193, 216, 217], white matter
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[82, 83, 200, 202], normal-appearing white matter [81, 186, 187, 191, 193, 205, 208, 217-219],
grey matter [220], and mixed tissue [210, 212, 221-226]. In addition, N-acetyl aspartate quantified
as institutional units or relative to non-creatine references like water or phantom acquisitions has
been shown to decrease in mixed or unspecified multiple sclerosis lesions [164, 171, 227-233],
white matter [234, 235], normal-appearing white matter [85, 164, 228, 231, 236-241], grey matter
[108, 231, 237, 240, 241], mixed tissue [242, 243], spine [244-247], and whole-brain measures
[248, 249]; in relapsing-remitting lesions [191, 194, 233, 250-252], normal-appearing white matter
[84, 191, 206, 250, 252-255], grey matter [209, 250, 253, 254, 256], mixed tissue [257, 258], and
whole-brain measures [259-262]; and in progressive lesions [191, 217,233, 263], white matter [83,
202], normal-appearing white matter [84, 191, 217, 219, 255, 263-265], grey matter [108, 255,

265-267], mixed tissue [146, 225, 264, 268], spine [269], and whole-brain measures [260].

Creatine (Cr). Creatine (Cr) and phosphocreatine (PCr) support the equilibrium of phosphorylated
adenosine species useful for cellular energy metabolism by way of kinase enzymes that shuttle
phosphates among these molecules [163]. Both molecules exhibit overlapping singlets at 3.0 ppm
and 3.9 ppm from methyl and methylene, respectively, in addition to amine signals [13]. The effect
of multiple sclerosis on creatine concentrations in the central nervous system is still unclear, as
creatine has been suggested to increase in mixed or unspecified multiple sclerosis lesions [229]
and normal-appearing white matter [178]; in relapsing-remitting multiple sclerosis lesions [270],
normal-appearing white matter [191, 208, 270], and mixed tissue [257]; and in progressive
multiple sclerosis lesions [191], white matter [202], normal-appearing white matter [191, 208],
and mixed tissue [221, 268]. It has also demonstrated decreases, however, in unspecified and

mixed multiple sclerosis lesions [231], normal-appearing white matter [85], and grey matter [240];
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in relapsing-remitting lesions [251]; and in progressive grey matter [267] and mixed tissue [225].

Choline (Cho). Choline-containing compounds, the majority of which are attached to the
phospholipid membrane (much of choline or Cho not visible to 'H MRS) but also found as small
molecules in aqueous solution (phosphocholine or PCho and glycerophosphocholine or GPC), are
thought to be taken into brain tissue through the blood-brain barrier as choline and represent the
precursors and byproducts of phospholipid membrane metabolism [163]. Choline and
phosphocholine exhibit high-intensity methyl singlets at 3.2 ppm with additional methylene
multiplets at 4.1-4.3 ppm and 3.5-3.6 ppm, while glycerophosphocholine demonstrates a range of
complex resonances from 3.2 to 4.3 ppm [13]. Creatine-referenced choline has demonstrated
increases in mixed or unspecified multiple sclerosis group lesions [165-167, 176, 182, 271] and
normal-appearing white matter [176, 182]; in relapsing-remitting lesions [190, 272, 273], normal-
appearing white matter [274], and spine [275]; and in progressive lesions [217] and spine [215].
Decreases, however, have also been shown in mixed multiple sclerosis lesions [171] and in
relapsing-remitting lesions [276], normal-appearing white matter [205], grey matter [277], and
mixed tissue [277, 278]. Increases in choline quantified otherwise have been shown in mixed
multiple sclerosis lesions [169, 227, 229] and normal-appearing white matter [229, 238]; in
relapsing-remitting lesions [270, 279], white matter [79], normal-appearing white matter [270],
and grey matter [256]; and progressive mixed tissue [221, 268], but decreases have also been
demonstrated in mixed multiple sclerosis lesions [228, 231], normal-appearing white matter [85],
and grey matter [231]; relapsing-remitting lesions [251] and grey matter [254]; and progressive

mixed tissue [264].
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Inositols (Ins). Inositols are cyclic organic molecules comprising nine different isomers, of which
myoinositol and scylloinositol are the most abundant in human tissue. Myoinositol (mlIns) can be
found intracellularly within both glial cells and some neuronal types, where it serves as an
osmolyte and metabolic precursor to a class of signaling molecules [21]. Inositols, particularly
myoinositol, have demonstrated central nervous system abnormalities in multiple sclerosis.
Creatine-referenced inositol or myoinositol has been shown to increase in mixed or unspecified
multiple sclerosis lesions [166, 170, 171, 271, 280]; in relapsing-remitting lesions [190, 194, 272,
273, 281], normal-appearing white matter [206], and mixed tissue [221]; and in progressive mixed
tissue [221] and spine [215], while inositols otherwise quantified have demonstrated increases in
multiple sclerosis lesions [171, 229], normal-appearing white matter [229, 236, 238, 239, 245],
and grey matter [108, 236, 239]; relapsing-remitting multiple sclerosis lesions [194], normal-
appearing white matter [206, 208, 252, 254], and mixed tissue [258]; and progressive lesions [269],

normal-appearing white matter [208, 265], grey matter [108], and mixed tissue [221].

Lactate (Lac). Lactate is a byproduct of pyruvate reduction in anaerobic glycolysis that is thought
to serve as an alternative cellular energy source during high levels of neural activity. While
transient increases of lactate have been observed in healthy brain, its prolonged presence in neural
tissue is typically considered a mark of pathology [163]. Accordingly, some evidence exists of
enhanced lactate signal in mixed or unspecified multiple sclerosis lesions [166, 173, 282] and

relapsing-remitting lesions [273].

Glutamate (Glu) and glutamine (Gln). A large body of data suggests that a-amino acid glutamate,

the primary excitatory neurotransmitter in the brain and a constituent of the glutathione (GSH)
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tripeptide, also plays a complex and multifaceted role in multiple sclerosis pathology. Biochemical
analyses of normal-appearing grey matter have demonstrated reductions in mRNA expression
levels for enzymes associated with glutamate cycling, in particular amino acid transport proteins,
in progressive multiple sclerosis relative to control [283], a pattern mirrored by the loss of
astrocytic excitatory amino acid transporters relative to control in demyelinated progressive
multiple sclerosis hippocampi [284] as well as in relapsing-remitting and progressive multiple
sclerosis cortical lesions [285]. By contrast, expression of excitatory amino acid transporter mRNA
and protein [286] as well as cysteine-glutamate antiporter system xc- mRNA [287] have been
reported to increase in optic nerve white matter of multiple sclerosis patients relative to control;
the latter has also been shown to be upregulated relative to control in multiple sclerosis normal-
appearing white matter [288]. Excess extracellular glutamate has been reported to cause calcium-
mediated apoptosis in an in vitro model of MS, and a lack of oligodendrocytic glutamate
transporters has been speculated to be a cause for excitotoxicity [289]. Initial evidence for an
excess of glutamate in acute MS lesions has been presented previously [229]. Additionally, at least
one recent study has tied alterations in genes associated with glutamate metabolism to greater
longitudinal declines in brain volume and N-acetyl aspartate in MS [290].

Synthesized in situ from glucose, glutamate is associated across both neurons and glia with
the metabolism of other compounds also measurable by 'H MRS, including glutamine, glutathione,
and GABA. Briefly, glutamate synthesized in excitatory neurons is released by synaptic vesicles
into the pericellular space, where it binds to depolarizing or metabotropic neurotransmitter
receptors of postsynaptic neurons and/or traverses the excitatory amino acid transport proteins of
nearby glial cell membranes to be converted to Krebs cycle intermediate a-ketoglutarate or

recycled to glutamine. This glutamine is, in turn, released by glial cells for uptake and reconversion
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to glutamate by nearby neurons. In inhibitory neurons, glutamate is converted to GABA by
glutamate decarboxylase (GAD) and similarly released from synaptic vesicles into the pericellular
space for binding to a different suite of hyperpolarizing or metabotropic receptors [291].

Similarly to glutamate, excess pericellular GABA is taken up by nearby glial cells for
recycling to succinic semialdehyde, a-ketoglutarate, and then glutamate for participation in the
aforementioned glutamate-glutamine cycle [291]. Notably, in addition to vesicular release by
neurons, intracellular glutamate can also be transported out of neurons and glial cells by membrane
cystine-glutamate antiporter system xc-, the main route of entry for the oxidized precursor to the
intracellular cysteine necessary for GSH production [292]. In addition, GSH synthesis is triggered
by changes in the extracellular concentration of glutamate [293]. Glutamate is thus both a product
of and precursor to endogenous glutamine in a metabolic cycle that spans multiple cell types and
implicates both GSH and GABA. Therefore, to fully understand the histological changes that
accompany MS, it is important that changes to the concentrations of this particular molecule be
isolated from those of glutamine and investigated in living human patients.

Isolating glutamate from its metabolic precursor and spectral neighbor glutamine (Gln)
[163] is difficult at magnetic field strengths of 3 T and below, so 'H-MRS experiments involving
this metabolite in multiple sclerosis have been sparse. Glutamate concentration not referenced to
creatine has shown decreases in multiple sclerosis mixed tissue [242] and relapsing-remitting
mixed tissue [294] but also increases in multiple sclerosis lesions [229] and normal-appearing

white matter [229, 237].

y-aminobutyric acid (GABA). y-amino-butyric acid (GABA) is a y-amino acid that serves as an

inhibitory neurotransmitter in mature central nervous circuits. The immediate role of GABA in MS
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is unknown, but an inhibitory, immuno-modulatory effect has been suggested based on the
concurrent observations of increased GABAergic activity and reduced immune activity in a mouse
model of brain inflammation [115, 295].

GABA is naturally present at low concentrations in the brain compared with most other
"H-MRS-visible molecules, and the signal amplitude of its peaks is further reduced by J-coupling
interactions among its protons. Isolating its signature from those of nearby metabolites choline and
creatine is therefore difficult in one-dimensional spectroscopy without additional spectral editing
methods. While research on the molecule is therefore sparse, edited GABA concentration has been
shown to decrease in relapsing-remitting [296] and progressive [146] mixed tissue. Limited
research in humans has suggested a possible dichotomy between disease types, with GABA levels
equivalent to control in the sensorimotor cortices of RR-MS patients [297] but lower than control
in the sensorimotor cortices and hippocampi of SP-MS patients [146]. These suggestions of the
potential role of GABA in MS pathology have been corroborated by biochemical studies showing
decreases in the mRNA expression levels of proteins involved in both pre- and postsynaptic
GABAergic signaling, including GABA receptors and GAD67, involved in GABA synthesis, in
the white matter of MS patients relative to control [298]. As both an inhibitory neurotransmitter
and signal molecule involved in the suppression of antigen-presenting cell (APC) activity, GABA
has additionally exhibited treatment efficacy in animal models of some inflammatory diseases and

therefore been proposed as a viable therapeutic for multiple sclerosis [299].

Glutathione (GSH). Glutathione, or the tripeptide GSH (glutamate, cysteine, and glycine), is
endogenously synthesized by a number of cell types in the human body, including neurons and

especially glial cells in the central nervous system [114]. Known to be an antioxidant for its
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enzymatic and free oxidation to glutathione disulfide or GSSG, glutathione also exhibits a number
of other biological functions, including roles in the storage and possibly cycling of its constituent
amino acids, the synthesis of deoxyribonucleic acid triphosphates, and the enzymatic reduction of
protein disulfide bonds [114]. Previous spectroscopy work has demonstrated lower concentrations
of glutathione in multiple cortical regions of progressive MS patients relative to age- and sex-
matched controls [300]. Given, however, that the proton spectroscopic resonances of glutathione
overlap with those of small molecules and macromolecules of significantly higher concentration
[301], its accurate measurement by traditional localization techniques is challenging, as indicated
by the relative dearth of in vivo MRS research into this molecule’s role in multiple sclerosis.
Limited work using "H-MRS has been performed to assess the effects of multiple sclerosis
on endogenous antioxidant glutathione in the brain. Like GABA, glutathione possesses a low-
amplitude spectral signature that overlaps heavily with metabolites of much higher brain
concentrations, therefore requiring spectral editing for accurate quantification by one-dimensional
'"H-MRS. Previous research employing this editing has suggested that multiple sclerosis is
associated with glutathione decreases in grey but not white matter voxels measured superior to the
ventricles [241]; some evidence also exists of reduced glutathione concentration in secondary

progressive mixed-tissue voxels in the frontal [300, 302] and parietal [300] cortex.

4.1.2. Heterogeneity of multiple sclerosis phenotypes: Review of current knowledge

It has been proposed that the pathology of multiple sclerosis be described in terms of two parallel
but potentially independent metrics, disease activity and disease progression. Activity, more
common in acute and relapsing forms of the disease, can be reflected in either acute relapses of

clinical symptoms and/or visible as gadolinium contrast enhancements on 7;-weighted magnetic
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resonance imaging scans. Progression is by definition restricted to disease exacerbation
independent of relapses; as such, it describes disease-related changes that are more apparent in the
primary or secondary progressive phenotype or phase. Along these lines, the term “worsening” has
been recommended as a mechanism-agnostic clinical descriptor where “progression,” now advised
for use with greater precision to denote worsening independent of activity, has been in the past
employed. It has been hypothesized that the two metrics activity and progression may themselves
reflect, to an uncertain degree of independence, potentially interrelated mechanisms in
inflammation and neurodegeneration, respectively [303].

Regardless of their direct function to any independently disparate mechanisms involving
activity and/or progression, relapsing-remitting and progressive multiple sclerosis have exhibited
different clinical and pathological manifestations. In contrast to the periodic appearance of new
focal inflammatory lesions in relapsing-remitting or acute multiple sclerosis, progressive multiple
sclerosis is marked by slow expansion of preexisting lesions, axonal degeneration, cortical lesions,
and general microglial activation in and near existing lesions [304]. Particularly with regard to the
conceptualization of progression as a later stage of an initially relapse-onset (initially relapsing-
remitting and ultimately secondary progressive) disease course, hypotheses surrounding the
mechanistic differences between the relapsing and progressive manifestations of multiple sclerosis
have included, but are not limited to, normal aging, as well as metabolic disruptions secondary to
tissue damage including oxidative stress, energy dysfunction or “virtual hypoxia,” loss of glial
trophic support, and immune activation. Research into the links between each of these processes
and the onset of or transition to progressive multiple sclerosis is discussed in turn below.

Advanced age appears to contribute strongly to the progressive manifestation of multiple

sclerosis pathology. Primary progressive multiple sclerosis appears to manifest on average ten
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years later in life than relapsing-remitting multiple sclerosis [37, 38], around the time that relapse-
onset disease also transitions to the progressive stage [305, 306]. It has been previously observed
that regardless of the initial disease presentation, transition to progression clusters around similar
ages near the end of the fourth decade of life [307]. It has also been shown that older age at disease
onset associates with higher probability of progressive manifestation [38] and that a patient’s
current age can be an even stronger predictor than onset age for severity of disability, with faster
disability progression rates among older patients even when controlling for onset age [308].

In rodent models, age relates inversely with the speed of remyelination [309], with
evidence of stronger decline in males than females [310], and directly with vulnerability of
demyelinated axons to degeneration [31, 311]. The antigen-presenting cells of older mice have
also demonstrated higher constitutive expression of major histocompatibility complex II and
evidence of enhanced antigen presentation, despite similar ability of lymphocytes from both young
and old individuals to induce disease in others [312]. In humans, age at scan has also been shown
to decrease the probability, number, or frequency of MR-visible enhancing lesions, even within
the relapsing-remitting phenotype alone [313, 314].

The positive relationship between disease progression and age may also be associated with
age-related changes in hormonal modulation. One study, for instance, showed that women with
multiple sclerosis exhibited an increase in disease progression despite a highly significant decrease
in annual relapse rate following menopause [315]. It is well-documented that primary progressive
multiple sclerosis exhibits a female-male ratio closer to 1 than the 2:1 generally reported for the
relapsing-remitting phenotype [37], suggesting a role for sex hormones in their respective
underlying pathophysiologies.

Other work has suggested that, at least in relapse-onset multiple sclerosis, continuing
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progression may be triggered when brain damage has exceeded a certain threshold. Not only higher
age at relapse onset but also the frequency of early relapses themselves have exhibited a positive
relationship with the probability and rapidity of transition from relapsing-remitting to secondary
progressive multiple sclerosis [316]. High frequency of early relapses was also associated with
faster functional declines once the progressive phase had been reached [316, 317]. The number of
superimposed or continued relapses once the progressive phase has started has not shown such a
positive relationship with progression onset or severity [318]. Rates of symptom worsening in
relapse-onset populations differ by certain clinical and demographic variables only up to a certain
threshold of disability, beyond which they are not predictive of symptomatic decline, while
primary progressive patients exhibited no association between these variables and rates of decline
[319]. Similarly, symptomatic decline up to an extended disability status score (EDSS) of 3 did
not predict rates of decline to higher scores, which were generally faster [320].

The threshold beyond which relapse transitions to progression has also been hypothesized
to reflect breakdowns of mitochondrial energy production [321], mitochondrial maintenance of
redox potential [322], and/or trophic support from nearby glial cells or other neurons [323]. The
molecular endpoint of these influences may be axonal degeneration, considered irreversible in
comparison to demyelination, which to can be compensated to a point by mechanisms like
remyelination and ion channel redistribution [324]. The energy deficiency or “virtual hypoxia”
model states that demyelinated axons experience both increased energy demand and concomitantly
decreased energy supply, resulting in neuronal dysfunction and death [321, 325]. Redistribution of
Na+ channels due to K+ leaks across demyelinated axons increases energy demand by ATP-
powered pumps following depolarization. Increases in intra-axonal sodium concentration due to

incomplete resolution of membrane depolarization by Na+-K+ ATPase [326] may cause reversals
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of the Na+/Ca2+ transporter [325] as suggested previously in anoxic rat optic nerve preparations
[327], leading to pathologically high intracellular calcium concentrations that may contribute to
proteolytic enzyme activation [328], neurofilament dephosphorylation previously observed in
lesions [329], neurofilament fragmentation [298], microtubule depolymerization, and decreases in
organelle content [298] as observed in lesions or nonlesioned cortex of multiple sclerosis [321]. In
support of this hypothesis, sodium channel density increases have indeed been shown in
demyelinated axons [330], with evidence of colocalization with sodium-calcium exchanger and
axonal damage marker amyloid precursor protein [32]. Chronically demyelinated lesions, both
active and inactive, have demonstrated reductions in axons positive for Na+-K+ ATPase indicative
of energy failure despite possible initial compensation [331].

Increased mitochondrial numbers in response to the greater energy demand of
demyelinated axonal segments with increased voltage-gated sodium influx may result in higher
concentrations of intracellular reactive oxygen species (ROS), of which mitochondria constitute
an important source [332]. Accumulated oxidative damage to mitochondria themselves, their
genetic material rendered particularly susceptible by the lack of histones and limited repair
mechanisms [326, 333], may also comprise an additional source of excessive ROS [326].
Histopathology data suggest, however, that an important initial source of ROS in lesioned tissue
is their release via oxidative burst by activated macrophages and microglia [43]. Increased
nitrotyrosine, a metabolic product of ROS damage to proteins, has been found in macrophages and
astrocytes in active multiple sclerosis lesions and associated with higher expression of antioxidant
enzymes in these cells but not surrounding neurons or oligodendrocytes [334]. Cerebrospinal fluid
levels of nitrotyrosine oxidation product nitrate are higher than control during acute relapses but

not during remission [335]. Evidence of nitrosative stress has additionally been observed relative
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to control in multiple sclerosis normal-appearing white matter [336], and transcripts for enzymes
that generate or detoxify ROS have shown abnormal expression in early, “pre-phagocytotic”
lesions lacking evidence of overt demyelination [43]. Similarly, antioxidant gene transcription
factor Nrf2, whose stability is increased by ROS exposure, demonstrates increases in active
multiple sclerosis lesions [337].

Oxidative stress contributing to progressive degeneration may also be exacerbated by the
enhanced release of iron from oligodendrocytes under immune attack as well as in some cases by
consequence of normal aging [322, 338], and mitochondrial damage may itself also raise ROS
levels via disturbances in oxidative phosphorylation [339]. Both lesions and normal-appearing
grey matter in some individuals with secondary progressive multiple sclerosis have also
demonstrated neuronal mitochondrial DNA deletions as well as diffuse loss of mtDNA-encoded
mitochondrial respiratory chain complex IV relative to nucleus-encoded complex II [340].
Neuron-specific decreases in nuclear mitochondrial protein transcripts and lower mtDNA -encoded
mitochondrial complex I and III function have been found in nonlesioned progressive multiple
sclerosis motor cortex, with reduced organelle content and neurofilament fragmentation
preferentially in demyelinated axons [298]. Nuclear and mtDNA-encoded mitochondrial
transcripts have also shown reductions in the aforementioned early pre-phagocytotic lesions [43].
Neuronal mitochondrial complex activity deficits with evidence of increased axonal transport
disruption marker amyloid precursor protein have been seen in active progressive multiple
sclerosis lesions [341]. A portion of chronically demyelinated axons have shown increased
mitochondrial mass relative to myelinated ones in patients [341]; evidence of abnormally increased
mitochondrial to nuclear DNA copy number ratios in multiple sclerosis grey-matter neurons has

similarly been observed [342]. Notably, reductions in mitochondrial gene transcript indicative of
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mtDNA damage have been disproportionately observed in neurons relative to glial cells [298].
This state of reduced energy supply due to mitochondrial damage also itself contributes to the
failure of axonal ionic homeostasis described above to underlie the “virtual hypoxia” model of
multiple sclerosis progression [325].

Chronic disruption of trophic support from glial cells, in particular oligodendrocytes, may
additionally contribute to continuing neuronal dysfunction and necrosis [321]. Genetically
engineered mice with deficiencies in myelin proteolipid [343] and Cnpl [344] display signs of
central nervous system axonal degeneration in adulthood. Notably, the late timing of axonal
degeneration in myelin protein-deficient mice suggests an analogous developmental timescale on
the order of years in humans [321, 345]. Similarly, mice exposed to the demyelinating influence
of oral cuprizone for several weeks exhibited a reduction and then full recovery in locomotor
function followed by a second, delayed functional decline concomitant with reduced callosal axon
number, brain atrophy, and increase in axonal amyloid precursor-protein 6 months after cessation
of administration [346]. While neither oligodendrocyte precursor cells nor remyelinated axons
have been shown to deplete following repeated episodes of focal demyelination in rats [347],
sustained chronic demyelination has been shown to reduce local oligodendrocyte precursor cell
availability [31, 348], and demyelination persists even after the chronically demyelinating factor
is removed [349]. The risk of chronically demyelinated tissue becoming permanently
demyelinated is potentially exacerbated by the finding that previously demyelinated edges of
slowly expanding lesions are more likely to be demyelinated again than never-demyelinated edges
[55]. Chronically demyelinated lesions exhibit chemical environments inhibitive to the
differentiation of mature oligodendrocytes; this rather than precursor cell availability is thought to

be the limiting factor in age-related failure to remyelinate [31]. Oxidative stress, to which
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oligodendrocytes and especially their precursors are particularly vulnerable [332], has itself been
demonstrated to impair OPC differentiation and maturation [350]. Even transient inhibition of
complex IV activity within the mitochondrial respiratory chain was shown to impair the
differentiation of oligodendrocyte progenitor cells in cultures taken from postnatal rats [351].
Additionally, both demyelination and oligodendrocyte degeneration have been observed to follow
primary injury to astrocytes by microglia locally activated by lipopolysaccharide injection in a rat
model of brain inflammation, further demonstrating the potentially complex dependencies among
different cell types in tissue environments, particularly in the subset of multiple sclerosis lesions
demonstrating postmortem evidence of astrocytic process loss [352].

A related hypothesis posits that focal white matter inflammation, potentially driven by
peripheral autoimmunity, induces neuronal death that activates CNS microglia, which then drives
wider cortical neurodegeneration [353]. On a more macroscopic scale, compensatory plasticity
may also prove insufficient once the brain reaches a critical threshold of axonal loss by a variety
of mechanisms such as those detailed above [321].

In addition to the above investigations into the various physiological triggers that may
underlie delayed transition from relapsing to progressive multiple sclerosis pathology, evidence
also exists that at least some of the pathological mechanisms potentially driving progression
feature in multiple sclerosis pathogenesis from the start, even in relapse-onset phenotypes.
Evidence of axonal damage, including amyloid precursor protein [354] positively correlated with
numbers of macrophages and CD-8+ T-lymphocytes [355, 356], as well as axonal transection [357],
is present in acute lesions [326]. Indeed, transected axons have been observed in individuals with
relapsing-remitting multiple sclerosis as soon as two weeks after diagnosis [357], supporting the

hypothesis that progression constitutes the symptomatic manifestation of exceeding plasticity and
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redundancy thresholds in central nervous networks compensating for damage since early in disease
[284]. Relapsing-remitting disease of duration less than three years has been associated with both
grey and white matter cortical atrophy relative to control values, even when considering age and
sex [358]; patients with clinically isolated syndrome, a pathology that is symptomatically
indicative of multiple sclerosis but that does not fulfill all of its diagnostic criteria, who eventually
developed multiple sclerosis also exhibited larger ventricular volumes indicative of brain atrophy
than those who did not develop the disease [359].

Similarly, MRI analysis of head size-normalized cortical volumes in both relapsing-
remitting and primary progressive patients demonstrated decreases in both patient groups relative
to control without differences between them; notably, cortical volume decreases were found even
in patients with short disease duration and low lesion load and were interpreted to be suggestive
of a disease process parallel to but not necessarily dependent on white-matter inflammation [360].
In primary progressive disease, diffusion-tensor magnetic resonance measures of diffuse normal-
appearing tissue damage has exhibited no correlation with 72-weighted lesion volume [361]. Along
the same vein, no appreciable difference in either cortical atrophy or creatine-referenced N-acetyl
aspartate was seen between primary progressive patients with low and high 7>-weighted lesion
volume [226]. Histological analysis of post-mortem brains from acute, relapsing, secondary
progressive, and primary progressive patients has supported this finding, demonstrating the
simultaneous presence of focal lesioning and diffuse white-matter inflammation and cortical
demyelination, as well as the lack of significant correlation between the former and either of the
latter [40]. Notably, relapse-onset patients have demonstrated expression abnormalities in proteins
involved in leukocyte trafficking across the blood-brain barrier that were absent in individuals with

primary progressive disease, suggesting that at least some inflammatory mechanisms may play a
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greater role in the pathogenesis of the former than the latter [362]. It bears mention, however, that
the weak associations reported throughout the literature between white-matter lesion load and
grey-matter atrophy may still reflect a delayed rather than an absent or third-variable causative
relationship, as has been argued previously [363] on the basis of findings that longitudinal whole-
brain atrophy endpoints tracked more closely with earlier than later lesion formation [364].

Brain atrophy in multiple sclerosis may disparately affect different tissues, with greater
accelerations in grey than white matter loss as the disease progresses [365]. Studies of whole-brain
atrophy have not uncovered differences among multiple sclerosis subtypes [366-368]; by contrast,
cross-sectional or longitudinal grey but not white matter volume reductions have been shown
relative to control in both early relapse-onset [369, 370] and primary progressive disease [34].
Either increased or decreased concentrations of proteins associated with grey-matter tissue have
been observed in the CSF of multiple sclerosis patients undergoing a first attack relative to not
only controls but also patients with more established disease [371]. Accelerated grey but not white
matter atrophy has been seen in the progressive stage of relapse-onset disease [365, 372]. In line
with this, secondary progressive but not relapsing-remitting patients have shown abnormally low
age-adjusted grey- but not white-matter volumes [373]. Relapsing-remitting multiple sclerosis
patients analyzed alone have shown correlations between longitudinally measured grey-matter
atrophy rate and lesion magnetic transfer ratio, presence of lesion contrast enhancement, and
increase in 7>-weighted lesion volume not found in secondary progressive multiple sclerosis [365].

More cortical demyelination and smaller white-matter involvement in cortical lesions
have been suggested in primary progressive MS patients than secondary progressive or relapsing-
remitting patients, though the differences did not reach statistical significance [374]. Histological

analysis has also demonstrated no significant correlation between demyelination of cortex and
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white matter [40, 374, 375], leading to the claim that these may represent independent pathologies
[375]. CSF neurofilament light chain protein levels, shown to predict risk of cortical atrophy in
MS, correlates with cortical but not white-matter lesion number and volume [376]. Cortical lesions
themselves have demonstrated minimal infiltration by lymphocytes and myelin-laden
macrophages or complement deposition, little astrogliosis, and in some cases rims of astroglial
excitatory amino acid transporter overexpression, in contrast to active white-matter lesions [285].

Other pathological manifestations, such as ectopic B-lymphocyte follicles in some
secondary progressive cases [49], appear to play a role in more severe and progressive, but not
necessarily later [377], disease. Early relapse frequency associated negatively with age at death in
progressive patients without ectopic B follicles but not in those with, suggesting the importance of
nonlocal mechanisms of disease progression in at least one phenotype [48]. Inflammatory cytokine
and chemokine profiles supportive of B-lymphocyte function have been associated with higher
cortical lesion loads in early relapsing-remitting multiple sclerosis despite the apparent absence of
follicles at this stage [376]. In turn, secondary progressive patients with ectopic B-lymphocyte
follicles have been shown to exhibit more microglial activation in normal-appearing grey matter
than those without or primary progressive patients [48].

The parallel development of progressive with relapsing pathology, as well as its
exacerbation with age or disease duration, need not be mutually exclusive models of disease. Grey-
matter atrophy has been demonstrated as early in the multiple sclerosis disease course as the
relapsing-remitting stage [358] and even clinically isolated syndrome [369], but patients with
clinically isolated syndrome and relapsing-remitting multiple sclerosis have shown less atrophy
than the progressive phenotypes [40]. Conversely, histological evidence of acute axonal damage,

via local amyloid precursor protein deposition, is greatest in lesions biopsied early in the course

111



of disease, especially in relapsing-remitting multiple sclerosis; interestingly, no such temporal
relationship was shown for patients of the primary progressive phenotype [356]. More pronounced
diffuse inflammation, characterized by perivascular monocyte aggregation, T-lymphocyte
infiltration, and microglial activation, as well as more diffuse axonal injury, have been observed
in the normal-appearing white matter of secondary and primary progressive patients than in
relapsing-remitting and acute multiple sclerosis [40]; in cortex, infiltration of T- or B-lymphocytes
was reduced in progressive relative to relapsing-remitting multiple sclerosis, while plasma cell
infiltrates were increased [42].

Regardless of the degree to which they may represent parallel and/or serial manifestations
of independent or overlapping disease states, then, relapsing and progressive multiple sclerosis
phenotypes have been associated with a number of symptomatic, anatomical, and histopathological
differences that justify their investigation as distinct entities in addition to or even instead of, as
has often been employed in the '"H MRS literature in studies containing individuals of either

diagnosis (see, for example, Table 1.1 in Chapter 1), as a single “multiple sclerosis” cohort.

4.1.3. Relapsing versus progressive MS: The utility of targeted in vivo '"H MRS research in
human participants

The insufficiency of current treatments for progressive relative to relapsing-remitting multiple
sclerosis, in addition to the relatively less convincing validity of current animal models for the
former compared to the latter, especially motivate the development of experimental techniques
like '"H MRS that can be applied to the distinction and further study of these two phenotype classes
in human patients.

The first justification for 'H MRS research into progressive multiple sclerosis in particular
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is that few disease-modifying therapies have demonstrated efficacy for this phenotype relative to
the more common relapsing-remitting condition: Despite more than a dozen approved therapies
for relapsing-remitting multiple sclerosis, as of 2020 the FDA has approved only three—
sphingosine-1-phosphate (S1P) receptor ligand siponimod, chemotherapy agent mitoxantrone, and
monoclonal antibody ocralizumab—specifically for secondary or primary progressive phenotypes,
two over the last three years [378] (this does not count cladribine, which has also been approved
for “relapsing” multiple sclerosis, including secondary progressive cases that still demonstrate
relapse activity [379]). Existing disease-modifying therapies for relapsing-remitting multiple
sclerosis, including interferon Bla [380], glatiramer acetate [381], and rituximab [382] have been
applied without significant efficacy in phase III trials for primary progressive multiple sclerosis
[353]. Indeed, an earlier, more relapsing disease phase has been thought to contribute to the greater
treatment-associated delay in progression seen in the European trial for interferon B-1b on
progressive disease [383], which recruited younger patients with more recent relapses and greater
decrease in extended disability status scale (EDSS) than those in the American trial for interferon
B-1b, which provided no evidence for such a delay [384, 385]. In short, disease progression as
opposed to acute relapses has proven a more elusive endpoint for pharmacotherapeutic
intervention.

For example, despite years of research demonstrating a degree of therapeutic efficacy
against acute disease activity by autologous hematopoietic stem cell therapy, meta-analyses thereof
have concluded greater benefit for relapsing-remitting than progressive multiple sclerosis [386,
387]; autologous hematopoietic stem cell therapy is therefore not recommended for patients of
progressive multiple sclerosis without superimposed clinical relapses [388]. Some studies using

autologous mesenchymal stem cell transplantation to treat progressive multiple sclerosis have,
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however, demonstrated efficacy [389]. One study in particular demonstrated decreases in median
expanded disability status scale (EDSS) score from baseline to six months following the six-month
treatment schedule [390].

Such positive results as this one have nonetheless often been rendered inconclusive by
study designs lacking control by placebo or gold standard. For example, open-label natalizumab
administration to secondary and primary progressive multiple sclerosis patients reduced
cerebrospinal fluid biomarkers of inflammation and axonal damage from baseline to week 60, in
addition to effecting decreases in EDSS from baseline; lack of placebo control, however, makes
these results difficult to interpret [391]. Placebo-controlled phase-3 testing of natalizumab
similarly demonstrated some benefit of the drug to upper limb function in secondary progressive
patients but failed to meet its primary endpoint of improvements relative to placebo in multi-
functional disability progression over two years [392].

The administration of siponimod, approved for relapse-active secondary progressive MS
in 2019 [378], in a secondary progressive cohort demonstrated decreases relative to placebo in
brain volume reductions as well as significant reductions in 7>-weighted lesion volume expansion
at 12 and 24 months [393]. While post-hoc analysis on these data demonstrated that a large
proportion of the drug’s therapeutic effect on disability progression could be attributed to processes
beyond simply reducing relapses [394], differences in the proportion of patients with confirmed
disability progression at six months were only marginally significant [393].

Ibudilast administration effected reductions in brain atrophy relative to placebo over 96
weeks, though the relative reduction in disability progression was not significant [394, 395].
Similarly, a placebo-controlled trial of laquinimod showed no therapeutic effect on parenchymal

brain volume changes over 48 weeks in primary progressive multiple sclerosis [396]. Lamotrigine
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administration to secondary progressive multiple sclerosis patients appeared to result in decreased
reduction in timed 25-foot walk function over 24 months but appeared to increase brain volume
losses relative to placebo over the study period [397].

In individuals with primary or secondary progressive multiple sclerosis, cladribine
reduced the proportion of patients who developed, as well as the mean volumes and numbers, of
enhancing 77-weighted lesions through six months but, like many of the other trials listed here,
had no significant effect on disability progression [398].

Sulphasalazine was found to transiently decrease the rate of disability progression over 18
months in a progressive multiple sclerosis subgroup relative to placebo, but this effect was not
sustained over the second half of the four-year trial [399]. Similarly, glatiramer acetate was found
in chronic progressive multiple sclerosis patients to yield lower two-year progression rates for
either unconfirmed progression or progression of 0.5 units relative to placebo, but no effect was
seen for the primary study endpoint confirmed disability progression of 1-1.5 units [400].

Some notable exceptions to this pattern of null or inconclusive results for treatment
efficacy on progressive multiple sclerosis exist. Ocrelizumab has been shown in primary
progressive multiple sclerosis to reduce 24-week disability progression by 24% relative to placebo,
decrease T>-weighted lesion volume by 3.4% (as opposed to a 7.4% increase in placebo), and
reduced the rate of brain volume loss by 17.5% [401, 402]. This demonstrated effect contrasts with
that shown for rituximab on primary progressive patients, who demonstrated decreased rates of
T>-weighted lesion expansion but no change in time to disability progression or rate of brain
volume loss over 122 weeks with treatment, though time to disability progression was delayed
with rituximab in subgroups involving only individuals under 51 years or with enhancing lesions

[382]. Treatment with alemtuzumab has been shown to precede decreases in annual relapse rate
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without marked improvements in disability progression or cerebral atrophy for secondary
progressive multiple sclerosis [403].

High doses of biotin appeared to effect clinical improvements in a majority of primary and
secondary progressive multiple sclerosis patients in an open-label pilot study [404]. In a
randomized, placebo-controlled trial, about one-tenth of patients on biotin, and none of those on
placebo, met primary endpoints of disability reversal as defined by EDSS decrease of at least 1 (or
at least 0.5 for those with baseline EDSS of at least 6) by 9 months, and confirmed again at 12,
months [405]. Another blinded placebo-controlled trial in patients demonstrating chronic MS-
related visual loss in at least one eye did not meet its primary endpoint of visual acuity
improvement in the affected eye relative to the placebo group [406]. Despite these promising
findings, preliminary results have also suggested increased breakthrough acute inflammatory
disease activity in primary progressive patients [407].

Beyond this litany of negative or inconclusive clinical trials for novel therapeutics of
progressive multiple sclerosis suggesting the need for a paradigm shift, either involving 'H MRS
or not, in current drug development pipelines for the disease, the second line of argumentation that
supports the potential utility of in vivo magnetic resonance spectroscopy work within the field of
progressive multiple sclerosis is the limited generalizability of animal models particularly for this
class of disease phenotypes.

Experimental autoimmune encephalomyelitis is a model of brain inflammation that can
be induced by the peripheral injection of emulsified central nervous system antigen, particularly
myelin oligodendrocyte glycoprotein (MOG), myelin-associated glycoprotein (MAG), myelin
basic protein (MBP), and proteolipid protein (PLP) [353], with one or more inflammatory agents,

like complete Freund’s adjuvant or pertussis toxin [304]; by the adoptive transfer of T-lymphocytes
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from animals such injected [408], sometimes with additional myelin-directed antibodies [409]; or
by animals inbred with T-cell receptors autoreactive for myelin peptides who exhibit the disease
spontaneously [410]. As pathology centered on autoreactive CD4+ or, more rarely, CD8+ T-
lymphocytes, this animal model is disproportionately useful for studying the de/remyelinating
aspects of human multiple sclerosis [304]. None among the autoantigens used to induce
experimental autoimmune encephalomyelitis (EAE) in nonhuman animals has yet been identified
as a singular target for multiple sclerosis in humans [162], though evidence has been found of
increased myelin basic protein reactivity by serum and cerebrospinal fluid lymphocytes from both
acute and progressive multiple sclerosis patients [411]. By contrast, autoantibodies for one of these
antigens, myelin oligodendroglial glycoprotein, have been observed in the serum of acute
disseminated encephalomyelitis and optic neuritis patients [39, 353]. Increases in MOG have not
been shown in serum [412, 413] or CSF of most individuals with adult-onset multiple sclerosis
[414]. Furthermore, the phenotypic manifestation of often severe focal lesioning followed by
remission with or without continued relapses in affected rodents most resembles the relapsing-
remitting aspects of the disease.

Few exceptions exist [304]. Some rat strains with certain major histocompatibility
complex (MHC) I and II isotypes and alleles [415] as well as marmosets [416] have manifested
EAE as cortical lesioning, shown to predominate in human secondary and primary relative to
relapsing-remitting multiple sclerosis [40]. EAE in the non-obese diabetic mouse displays relapses
followed by focal contrast enhancement and immune cell infiltration in a “chronic progressive”
stage [417]. Additionally, meningeal inflammation and ectopic lymphoid follicle-like formations
without subpial cortical demyelination have been shown in some EAE mouse strains [418].

Other animal models of multiple-sclerosis-like pathology include exposure to
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demyelinating viral infections like Theiler’s virus and murine coronavirus or toxins like cuprizone,
lysolethicin, and ethidium bromide [304]. Unlike EAE, murine coronavirus models exhibit
widespread microglial activation [419], also seen in progressive multiple sclerosis [40, 48]. The
induction of these models via exogenous virus means, however, that pathology may be exacerbated
by therapies shown beneficial in multiple sclerosis, which limits their utility for novel target
identification in human disease [304]. Animals exposed to cuprizone may exhibit progressive
neurodegeneration after an initial demyelinating relapse and remission [346], but the absence of a
diffuse inflammatory component may limit the generalizability of this model to progressive
multiple sclerosis.

Taken together, these data from clinical and preclinical work demonstrate that further
targeted in vivo magnetic resonance spectroscopy research into progressive as distinct from
relapsing-remitting multiple sclerosis, particularly with a mind to investigations that may
ultimately support the development of disease-modifying therapies efficacious for the former, is
warranted. In particular, noninvasive investigations of in vivo human tissue metabolism enabled
by '"H MRS may exhibit special utility for informing drug development pipelines in progressive

MS given the relative inadequacy of animal models for this class of multiple sclerosis phenotypes.

4.1.4. Improving upon the failure of single 'H-MRS-measurable metabolic abnormalities to
support multiple sclerosis diagnosis

Since its first application in 1946, 'H MRS has offered a safe and flexible means of noninvasively
estimating the concentrations of various small-molecule metabolites in living tissue, including the
brain. Though over 190 original research and case reports using this molecule to examine the

central nervous system metabolic signatures of multiple sclerosis have been published since 1990,
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the field continues to lack knowledge of a single metabolite alteration that can enable the
identification of multiple sclerosis with sufficient sensitivity and specificity for appropriate clinical
use.

In principle, '"H-MRS data should be useful for differentiation among distinct multiple
sclerosis phenotypes, especially given that progressive subtypes may predominantly exhibit
cortical as opposed to active white-matter lesioning [40], the former largely invisible to
conventional clinical imaging [374, 420, 421]. While some evidence exists that relapsing and
progressive multiple sclerosis may express differential metabolic signatures in white-matter N-
acetyl aspartate [81-85] and perhaps creatine [202] as well as grey-matter N-acetyl aspartate [220,
255] and inositols [108], direct phenotypic comparisons by proton spectroscopy remain sparse [24],
and, as mentioned, univariate abnormalities in either group appear subtle and inconsistent.

In addition, while a number of studies, as outlined above, have used '"H MRS to examine
the in vivo cortical metabolic signatures of multiple sclerosis, none has yet examined three key
metabolites glutathione, GABA, and glutamate in the same investigation.

The quantification of neurochemicals with conventional 'H MRS is difficult if
concentrations are small and resonances overlap with signals from other substances. While
glutathione and GABA are both biomolecules that have been implicated in MS pathology as
outlined previously, their quantification by '"H MRS is complicated by both of these factors. In the
cortex, both exist in the low millimolar range, and their resonances are hidden under signals on the
order of up to approximately twenty times more intense from neighboring metabolites like creatine.
The unobstructed measurement and quantification of both GSH and GABA are therefore
particularly challenging. Spectral editing techniques can exploit the specificity of intra-molecular

nuclear couplings to extract a desired signal from the rest of the spectrum [19]; the benefits of this
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kind of spectral editing for quantification of GSH were first presented by Terpstra and colleagues
in healthy individuals [422] and subsequently by others in MS patients [62, 241]. Spectral editing
has also been similarly applied in healthy participants [423] and in MS patients [296, 297] to
quantify GABA.

Similarly, resolving the proton spectroscopic resonance for glutamate from that for
glutamine can be difficult at field strengths lower than 7 Tesla. As a result, much previous work
examining the effects of MS disease state on brain glutamate concentrations has not isolated the
molecule, instead conflating it with glutamine under the term glutamate-glutamine (Glx). Within
this paradigm, reductions in Glx have been found in the cortical grey matter of both RR-MS
patients [254, 258] and PP-MS patients [265] as well as in the predominantly grey-matter parietal
and cingulate cortical voxels of RR-MS patients [294] and in the cervical spinal cords of PP-MS
patients [269], while elevations in Glx [229, 236] and glutamate/NAA ratio [237] have been
reported in the normal-appearing white matter of mixed MS patient cohorts.

To this end, the present chapter attempts to assess the use of proton MR spectroscopy as a
means to distinguish among individuals with progressive, relapsing-remitting, and no multiple
sclerosis on the basis of proton MR-visible prefrontal cortex metabolic signature acquired at 7
Tesla. This will be attempted from two novel approaches: First, we assess single-variable cross-
sectional differences using a constellation of prefrontal cortex metabolite signatures never
previously measured together in a single study of multiple sclerosis: the rarely considered
glutamate as isolated from glutamine, GABA, and glutathione, as well as the more commonly
measured total N-acetyl aspartate, myoinositol, total creatine, and total choline. Second, by
applying either multivariate statistical techniques (e.g., discriminant analysis) or supervised

machine-learning approaches to these data, we attempt to simultaneously employ the full suite of
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metabolic information in hand to classify multiple sclerosis phenotype on the basis of these

prefrontal cortex metabolite concentrations alone.

4.2 Single-variable cross-sectional analysis of prefrontal cortex metabolic abnormality in
relapsing-remitting and progressive multiple sclerosis

4.2.1. Motivation

To date, the relevance of GSH, GABA, and glutamate to multiple sclerosis pathology has not been
satisfactorily explored in the same study; an extant need therefore exists to understand disease-
related alterations to these three molecules in concert with each other and the rest of their
biochemical environments. To this end, the present study attempts to fill some gaps in our
knowledge of the relationship between MS and glutathione, GABA, and glutamate, particularly in
their potentially disparate presentations in the relapsing-remitting and progressive disease course.
Here we apply a '"H-MRS protocol of previously validated quality and reproducibility [106] to
compare the endogenous concentrations of glutathione, GABA, and glutamate, in addition to total
NAA (N-acetyl aspartate plus N-acetyl aspartylglutamate), total creatine (creatine plus
phosphocreatine), total choline (choline plus phosphocholine), and the inositols (myoinositol and
scylloinositol) in a single mixed-tissue frontal cortex voxel of forty-seven patients of relapsing-
remitting and progressive MS with those of age- and sex-matched non-MS controls. In addition to
exploiting the higher signal to noise ratio and increased spectral dispersion enabled by scanning at
7 Tesla, our methodology included J-difference editing to separate glutathione and GABA
resonances from surrounding metabolite peaks as well as a low-echo-time macromolecule-
suppressed STEAM sequence to acquire glutamate peaks distinct from those of the structurally

similar glutamine. We chose to study a prefrontal cortex (PFC) voxel because it is a large accessible
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Table 4.1. Scan participant demographics and clinical characteristics

Progressive multiple
sclerosis (N = 21)

Controls (N = 25) Relapsing-remitting
multiple sclerosis (N = 26)
Sex 16 female, 9 male 18 female, 8 male
Ages (years) 43 £ 15 (21 -69) 44 £ 13 (26 — 68)
Years with multiple 13+ 12
sclerosis since symptom
onsetb
Years with multiple 9+7

sclerosis since diagnosis®

10 dimethyl fumarate
5 natalizumab
2 glatiramer acetate
2 rituximab
1 interferon beta
1 steroids
5 none reported

Disease-modifying
therapy at time of scan

Voxel brain tissue partial 0.97 + 0.05 0.98 + 0.06
volumes
Voxel brain tissue grey-

. 0.54 £ 0.06 0.50 £ 0.1
matter fraction

12 female, 9 male
55+ 8 (43 -068)

23114

16+ 13

7 dimethyl fumarate
0 natalizumab
4 glatiramer acetate
1 rituximab
1 interferon beta
0 steroids
8 none reported

0.93 £ 0.08

0.51 £ 0.09

aMean £ standard deviation (range)
bMean * standard deviation
<Significant age coefficient for general linear model in controls; statistics corrected for age

area of cortical tissue that would presumably reflect any global disease-related changes to brain
metabolism; in addition, MS research using '"H MRS on this region of the brain is limited, due in

part to the methodological challenges of acquiring high-quality spectra in this region of typically

high field inhomogeneity.

4.2.2. Methods

Participants. Adult volunteers with relapsing-remitting (eighteen female; mean + standard
deviation 44 + 13 years old), progressive (six primary, fifteen secondary; twelve female; 55 + 8

years), and no (sixteen female; 43 £ 15 years) multiple sclerosis were studied in a single one-hour
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magnetic resonance scan (Table 4.1). Eligible participants were between the ages of 18 and 70 and
recruited through the Yale Center for Clinical Investigation (YCCI) and the Yale-New Haven
Health Interventional Immunology Center. All non-control participants had been previously
diagnosed with multiple sclerosis by a physician. All participants provided written informed
consent prior to scanning according to the Declaration of Helsinki, and experimentation was
conducted in accordance with protocol #1107008743 approved by the Yale School of Medicine
Human Investigation Committee. Power analysis estimated a group size of fifteen as sufficient for
pairwise detection at a = 0.05 and 80% power of previously published meta-analytic effect size of
-0.92 (Hedges’ g) for N-acetyl aspartate in normal-appearing grey matter for moderately severe

multiple sclerosis [424].

Experimental setup. Spectroscopy data were obtained on a 7-Tesla head-only magnetic resonance
system (Agilent, Santa Clara, CA, USA) at the Yale School of Medicine Magnetic Resonance
Research Center (MRRC) using a previously described acquisition protocol [106] for improved
spectral dispersion and detection sensitivity. J-difference editing (MEGA) of semi-LASER (echo
time 7x 72 ms; repetition time 7& 3 s) sequences for acquisition of glutathione or GABA and low-
echo-time macromolecule-suppressed STEAM (7t 10 ms, mixing time 7» 50 ms, Tr 3 s) for
acquisition of glutamate, glutamine, total N-acetyl aspartate (N-acetyl aspartate and N-acetyl
aspartylglutamate), total choline (choline, phosphocholine, and glycerophosphocholine), and
myoinositol were employed in a single 27-cc cubic voxel at the longitudinal fissure of the medial
prefrontal cortex (Figure 4.1). Quantification was achieved by linear combination modeling of
density-matrix simulated basis spectra, and the lower bounds of standard deviations on spectral

quantification error were estimated for each metabolite via Cramér-Rao Lower Bounds. Metabolite
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concentrations were referenced to 10 mM total creatine (creatine and phosphocreatine) quantified
from either STEAM or the J-difference edit-off condition of the appropriate semi-LASER
sequence. Voxels were segmented into grey matter, white matter, and cerebrospinal fluid for

investigation of potential confound of metabolite values by voxel tissue composition.

Spectral acquisition. An eight-channel phased-array radiofrequency coil was used for spin
handling and signal reception [425]. Voxel placement was guided by 7;-weighted imaging. Bi
phase shimming was achieved through in-house software (IMAGO). Bo shimming was performed
with customized software (BODETOX) [426] and comprised zero- through third-order spherical
harmonics shapes.

Glutathione (2.95-ppm cysteine 7 CHz resonance; editing on the 4.56-ppm cysteine "CH
resonance) and GABA (3.01-ppm *CH2 resonance; editing on the 1.89-ppm *CH2 resonance) were
measured with single-voxel J-difference editing based on a MEGA semi-localized by adiabatic
selective refocusing (SLASER) [427] sequence as previously applied in vivo [19, 422]. Water
suppression was achieved using the CHEmical Shift Selective (CHESS) technique [428], and
potential macromolecule signals at 3.0 ppm were nulled by an inversion-recovery preparation for
measurement of GABA [429]. In addition, double-banded Gaussian radiofrequency pulses were
applied for simultaneous spectral editing and improved water suppression as employed previously
[106].

Glutamate and several other metabolites, including total creatine (creatine and
phosphocreatine), total choline (choline, phosphocholine, and glycerophosphocholine), total N-
acetyl aspartate (N-acetyl aspartate and N-acetyl aspartylglutamate), glutamine, and myoinositol

were measured using short echo-time stimulated echo acquisition mode (STEAM) [430]. Water
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Figure 4.1. Experiment pipeline for in vivo biochemical profiling of multiple sclerosis pathology in the frontal cortex. A) T;-weighted imaging was used to place
a 3-cm isotropic cubic spectroscopy voxel in the prefrontal cortex. Depicted is the transverse slice through the center of the spectroscopy voxel in a 62-year-old male
individual with progressive multiple sclerosis. Third-order spherical harmonics By shimming maximized local static field homogeneity for optimal spectral quality. B) Single-
voxel proton spectroscopy acquisitions comprised three experiments optimized for the measurement of glutamate (STEAM), y-amino butyric acid (JDE-GABA), and
glutathione (JDE-GSH). JDE: J-difference editing, Glu: glutamate, Gln: glutamine, Glx: glutamate + glutamine, mIns: myoinositol, tNAA: total N-acetyl aspartate, tCr: total
creatine, tCho: total choline, ppm: parts per million. Displayed as appears in Swanberg, Prinsen et al., NMR Biomed 2021; 34(11): e4590.
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suppression was similarly based on CHESS, with two additional pulses applied during mixing time,
and complementary outer-volume suppression was used to improve localization specificity [431].
Macromolecule signals from lipids and proteins, potentially altered by multiple sclerosis disease
activity [432], are known to cause a nonlinear baseline, thereby complicating metabolite
quantification [429, 433]. The STEAM acquisition was therefore preceded by an inversion-
recovery preparation to minimize macromolecule signals (inversion time 77 320 ms). Water-
unsuppressed signals from each experiment were acquired for later use in eddy current correction.

Spectra were acquired as series of 4096 complex points in two blocks of 32 traces
(STEAM) or two to six blocks of 64 traces (SLASER with JDE for GSH or GABA) each preceded

by two dummy scans.

Spectral processing and quantification. Spectral datasets were stripped of group identifiers and
recoded to blind the investigators to disease conditions during processing and quantification.
Processing was achieved in INSPECTOR [106, 434]. Eddy current phase correction [118] was
applied, followed by frequency and phase correction of individual spectral traces before signals
from individual receiver channels were combined in a sensitivity-weighted fashion and repetitions
were summed. These corrections were applied in an editing condition-specific fashion for J-
difference-edited acquisitions, following which the spectra of each condition were averaged
separately as edit-off and edit-on means, which were then mutually aligned before they were
subtracted from each other to derive the edited glutathione and GABA signals (Figure 4.1B).
Metabolite signal intensities were estimated by linear combination model fitting of basis
spectra to each aligned, averaged, and preprocessed complex vector of spectral data in LCModel

[20]. This fit algorithm was chosen according to an assessment of several linear combination model
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Between-Subjects CVs for tNAA:tCr by Fit Type
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Figure 4.2. Linear combination modeling approaches differing predominantly in baseline handling were assessed against control-group between-subjects
coefficients of variation (CVs) to determine the final spectral quantification method employed in this analysis. Linear combination modeling approaches with
regularized cubic spline baseline handling were either defined manually using knot spacing in frequency domain unit parts per million (ppm) and spline baseline
regularization coefficient weight A implemented for INSPECTOR as developed and described in Chapter 2 or determined automatically for the data by fits in LCModel.
“Tailored” baselines shown represent results drawn from one each of the other non-LLCModel manual baseline selections on a case-by-case basis following subjective
visual inspection of apparent fit integrity. Y-axis shows between-subjects coefficients of variation (CVs) for control group participants only. Glu: glutamate; tNAA: total
N-acetyl aspartate; tCr: total creatine; ppm: parts per million; A: spline baseline regularization coefficient weight.
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fitting approaches and baseline handling procedures that minimized between-subjects coefficients
of variation in key metabolites of the control group (Figure 4.2), performed as a result of Chapter
2 analyses demonstrating the interactions between spectral quality and baseline modeling on
metabolite quantification accuracy. Fits were further defined within LCModel at either 1024, 2048,
or 4096 complex points according to between-subject metabolite coefficients of variation in the
control group. Absolute quantification was achieved relative to 10 mM total creatine according to
Chapter 3 analysis demonstrating disease influences on water 7> and consequent effects on
metabolite concentration referencing by voxel water. For the glutathione J-difference editing
experiment, differences in metabolite signal intensity and thus estimated concentration expected
as a result of different 7> relaxation in total creatine relative to glutathione could have been
corrected with a constant according to sequence-specific data previously published [116]. In order
to maintain consistency with uncorrected concentrations of edited GABA, for which a sequence-
specific correction value was not available, this constant factor was not employed.

Basis spectra were simulated in SpinWizard [435] by employing the density matrix
formalism based on previously published chemical shift and J-coupling values [436, 437]; this
approach was similarly applied to both J-difference edited and STEAM acquisitions [438]. Basis
sets for both sequences included simulated spectra of ascorbate, aspartate, choline, creatine,
GABA, glycerophosphocholine, glutathione, glutamate, glutamine, glycine, myoinositol, N-acetyl
aspartate, N-acetyl aspartylglutamate, phosphocholine, phosphocreatine, phosphorylethanolamine,
scylloinositol, and taurine. The basis set for low-echo-time STEAM also included simulated
spectra for glucose. Metabolite basis functions for glutathione and N-acetyl aspartate difference
spectra were used for the linear combination modeling of J-difference edited glutathione signals,

while those for GABA, N-acetyl aspartate, glutamate, and glutamine were used for the J-
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difference-edited GABA spectra (Figure 4.3). Quantification precision was estimated for each fit
basis spectrum using Cramér-Rao lower bounds [439]. Every J-difference editing experiment was
accompanied by an explicit efficiency measurement of the editing radiofrequency pulses

subsequently used to correct the obtained glutathione and GABA signals.

Image segmentation. Image segmentation was achieved as described in Section 2 of Chapter 3.
Namely, 7/-weighted images were skull-stripped using the Brain Extraction Tool in FSL [153].
BrainSuite (v16al, http://brainsuite.org/) was then employed for bias field correction and partial
volume segmentation into grey matter, white matter, and cerebrospinal fluid. After a composite
mask was created for each of the three tissue types, extraction of partial volume statistics in the
spectroscopy voxel was achieved in custom MATLAB (v2013b, The Mathworks, Natick, MA)

package IMAGO.

Validation of total creatine as a quantification reference. Water-referenced creatine
concentrations were calculated for each participant using a Lorentzian basis fit to water-
unsuppressed STEAM spectra and refined using either a uniform or individualized creatine-water
T differential for all subjects as well as segmentation-derived GM, WM, and CSF partial volumes
for voxel water molarity estimates.

Conversion factors for correcting for 7> differences between water and tCr signal were
calculated as follows. First, monoexponential models were fit by least-squares minimization on
the residual to the magnitude water peak measured using the STEAM sequence at twelve echo
time delays from 10 ms to 250 ms; for 25 healthy adult control participants, this procedure yielded
an average STEAM water 72 value of 44 + 4 ms, as reported previously [440].

A similar method was applied to magnitude water peaks from the JDE-GSH sLASER
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Figure 4.3. Spectral quality enabled quantification of seven different metabolites from three 'H MRS acquisition
sequences. Seven metabolites were quantified by linear combination model fitting (red) of simulated metabolite basis sets (blue) to
spectra (black) from three different acquisition experiments. A) Macromolecule-suppressed low-echo-time STEAM acquisition
sequence. B) Glutathione (GSH) was quantified via its 2.95-ppm 7CH, resonance using difference spectra acquired by a MEGA-
sLASER experiment with J-difference editing at 4.56 ppm. (C) GABA was quantified from the 3.01-ppm *CH, multiplet using
difference spectra from a MEGA-sLLASER experiment with J-difference editing at the 1.89-ppm resonance preceded by an inversion
pulse for macromolecule nulling. ppm: parts per million, base: fit baseline, res: fit residual, Glu: glutamate, Gln: glutamine, Gly:
glycine, Taur: taurine, PE: phosphorylethanolamine, NAAG: N-acetyl aspartylglutamate, NAA: N-acetyl aspartate, Cr: creatine, PCr:
phosphocreatine, Cho: choline, PCho: phosphocholine, GPC: glycerophosphocholine, Asp: aspartate, Asc: ascorbate, Glc: glucose,
mlns: myoinositol. Displayed as appears in Swanberg, Prinsen et al., NMR Biomed 2021; 34(11): e4590.
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sequence at eight echo time delays from 72 ms to 322 ms to yield a SLASER water 72 value of
90.3 + 21.7 ms across ten scans of a separate group of nine healthy participants. Finally, total
creatine 72 using the SLASER sequence was calculated by least-squares monoexponential curve
fitting to complex signal magnitudes estimated by linear combination model fitting of simulated
basis spectra to creatine signal across the same eight delays as the water, yielding 7> values of
153.0 £ 19.9 ms across the same ten scans of nine healthy participants [116]. All 7> measurement
arrays were shuffled so as to interleave alternate measurements of longer and shorter echo times
with each repetition to prevent systematic temporal influences of the scan procedure on apparent
1n.

As previously asserted [441], 72 can be conceptualized as the inverse of a relaxivity value
comprising influences both intrinsic and extrinsic to the nucleus at hand. Apparent 7> values as
measured by STEAM and sLASER, the latter based on the Carr-Purcell-type LASER sequence
[442], are thus not expected to be equivalent due to differential influence by factors extrinsic to
inherent metabolite 72, such as diffusion and exchange [441], as follows for the example

calculation of total creatine 72 as measured by each method:

T2 icr STEAM™'= T2 int '+ T2 ext stEam™ > T2 icr stEAM™ = T2 ext stEAM ™= T2 int 10!

T2 «Cr sLASER'= T2 int 10! T2 ext staser ™ 5 T2 «cr stasER ™ - T2 ext_ szasER 1= T2 int 1o’

T> icr STEAM™ = T2 ext sTEAM ™= T2 iCr s1.4SER ™! - T2 ext sraser ™' >

T2 «cr steam™ - T2 scr staser ™ = T2 ext STEAM™ = T2 ext staSER™! (11)

where 72 it «cr 1s the intrinsic 72 of total creatine, 7> «cr steam is the T2 of total creatine using
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STEAM being estimated, 7> «cr sL4ser 1S mean total creatine 72 as measured by sLASER, and
T2 ext steamand T2 ext sLaser are the extrinsic influences on 7> measurement specific to each pulse
sequence.

These influences can be similarly calculated for water and set equal across the two

metabolites, as follows:

T> icr sTEAM™ - T2 10r sraser ™ = T2 w20 steam™ - T2 120 staser™ >

T2 «cr steam = (T2 120 steam™ - T2 120 s1.aser ™'+ T2 icr staser ™) (12)

where 72 (cr steam 1s the T2 of total creatine using STEAM being estimated, 72 m20 steam is the
aforementioned mean water 7> as measured by STEAM, T2 mro saser is mean water 72 as
measured by sLASER, and 72 «r sLaser is mean total creatine 7> as measured by sLASER,
respectively.

Substituting the above-reported previously published empirical measurements for
T> 120 steam, T2 H20 seaser, and T2 «cr seaser yielded an expected tCr 72 of 55 ms as measured by
our STEAM sequence at 7 Tesla. As expected, this is much shorter than previously reported 77 of
~140 ms for composite total creatine measured by STEAM in occipital cortex at 4 T [443] and
more similar to the ~72-ms creatine 72 relaxation values published for STEAM at 9.4 T, also for
the occipital lobe [444, 445].

Using our measured 7> for water and our calculated result for total creatine, we then

estimated STEAM signal ratios for water versus tCr as follows:
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eT2_H20_STEAM
Shz20 ¢ Ster = Ty (13)

eT2_tcr STEAM

where Sm2o : Stcr is the 772 correction factor under investigation, 7& is 10 ms for the STEAM
sequence applied in the experiment, 72 m20 steamis the aforementioned mean water 772 as measured
by STEAM, and 72 «cr steam is the T2 of total creatine using STEAM estimated as detailed in
Equation 12. Using the average control water 77 reported above, the signal ratio was calculated to
be 0.96. In addition, signal ratios were also calculated individually for all 72 study participants
based on their measured water 772 values with an assumed constant tCr 72 of 55 ms estimated as
described above. The [tCr] outputs based on each of these are reported below as uniform 7>-
corrected and individual T>-corrected, respectively.

Absolute concentrations of total creatine were calculated by multiplying the 77 correction
factor in Equation 13 by the ratio of tCr signal to H20 as measured by linear combination model

fitting of the appropriate basis spectra to complex signals in STEAM as described above, as follows:

(tCr . H20)T2—corrected: (SHZO : StCr) tCr : H20 (14)

where (tCr : H2O)r2-corrected 1 the 72-corrected relative concentration of tCr being estimated, tCr :
H2O0 is the ratio of complex signal magnitudes experimentally measured in STEAM, and Sh2o0 :
Stcr s the relative 77 correction factor calculated as in Equation 13. Note that in this equation both
total creatine and H2O signals are already normalized for relative proton number.

Absolute concentrations of tCr were calculated using these 7>-corrected relative tCr : H20

values and expected absolute concentrations of water in the voxel as estimated by segmentation
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analysis, as follows. First, concentrations of voxel water were assessed according to the following

equation:

[H20] = 43300PVom + 35880PVwm + 55556PVesr (15)

where [H20] is the estimated concentration of water in the voxel and PVcsr, PVwwMm, and PVewm are
normalized to a sum of one and represent the partial volumes of cerebrospinal fluid, white matter,
and grey matter, respectively, within the segmented voxel [446].

Note that these widely employed assumptions of tissue water molarity, key to the correct
estimation of absolute metabolite concentrations using water as an internal reference, are derived
from occipital cortex measurements in healthy control adults [447] and are likely not to hold in all
regions and experimental cohorts, especially those exhibiting pathology expected to affect tissue
composition and/or structure.

Finally, the absolute concentration of tCr given the estimated concentration of water was

calculated as follows:

[tCI'] = (tCr : H20)T2—corrected[H2O](P\/TS)-1 (16)

where [tCr] is the absolute concentration of total creatine in the voxel, (tCr : H20)12-corrected 18 the
T>-corrected tCr concentration relative to water as measured by STEAM, [H20] is the expected
concentration of water as calculated in Equation 15, and PVs is voxel partial volume of tissue or
(1-PVcsr), thus correcting for the fact that tCr concentrations are not expected to be averaged over

volumes of free CSF while H20 concentrations are expected to derive from this voxel
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Figure 4.4. Progressive but not relapsing-remitting multiple sclerosis patients showed reductions in key frontal cortex
metabolites as measured by in vivo magnetic resonance spectroscopy. Progtressive multiple sclerosis patients exhibited
reductions in glutamate (12.4£0.6 mM versus control 13.2+1.0 mM; Fs 5 = 3.4, p = 0.04; mean difference 95% confidence interval
CI -0.1 to -1.5 mM, p = 0.03). This abnormality was reflected in a significant disease effect on glutamate + glutamine (s = 4.8, p
= 0.01; progressive 15.7+£0.8 mM versus control 16.911.1 mM; mean difference 95% CI -0.3 to -2.1 mM, p = 0.009; versus relapsing-
remitting 16.5£1.7 mM; mean difference 95% CI +0.1 to -1.8 mM, p = 0.09) despite no change in glutamine (4.7£0.4 mM versus
control 4.8£0.4 mM). Progressive multiple sclerosis patients also exhibited low GABA (Fo¢5 = 3.9, p = 0.03; 1.3+£0.2 mM versus
control 1.5£0.3 mM; mean difference 95% CI +0.001 to -0.4 mM, p = 0.05; versus relapsing-remitting 1.5+0.3 mM; mean difference
95% CI -0.01 to -0.4 mM, p = 0.04) and a trend to reduced glutathione (29 = 3.0, p = 0.056; 2.2+0.5 mM versus control 2.5+0.5
mM; mean difference 95% CI +0.04 to -0.6 mM, p = 0.099; versus relapsing-remitting 2.5+£0.4 mM; mean difference 95% CI +0.02
to -0.6 mM, p = 0.07). Tukey’s Honest Significant Difference test post-hoc to analysis of variance * p < 0.05, ** p < 0.01, T p <0.1.
Displayed as appears in Swanberg, Prinsen et al., NMR Biomed 2021; 34(11): ¢4590.
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Table 4.2. Frontal cortex metabolite concentrations by multiple sclerosis group (mM)

. . All multiple Relapsing-remitting | OErcesive
Metabolite N £zt 0y 115 0 s sclerosis multiple sclerosis multiple
_ p .
(N=24) (N = 44) (N=25) sclerosis
(N=19)
Glutamates 13.17+0.95 12.70+0.99¢ 12.92+1.15 12.4010.62¢
Glutamine 4.8410.42 4.75£0.51 4.77£0.62 4.71£0.35
Glutamate + glutamine 16.89%+1.09 16.1711.42 16.53%1.69 15.69140.77¢
GABA®b 1.47£0.25 1.394+0.26 1.481+0.26 1.2940.23
Glutathionec 2.51£0.48 2.40£0.46 2.53%0.42 2.23%0.46f
Total N-acetyl 14.25+1.06 14.15+1.00 14.33+1.13 13.90+0.75
aspartate?
Total choline? 1.57+0.24 1.57£0.19 1.57+0.17 1.58+0.22
Myoinositols 6.20%0.78 6.08+1.05 6.2211.04 5.90+1.07

aSignificant age coefficient for general linear model in controls; statistics corrected for age

b Control N = 23; multiple sclerosis N = 45; relapsing-remitting N = 25; progressive N = 20
¢Control N = 25; multiple sclerosis N = 47; relapsing-remitting N = 26; progressive N = 21
4 Omnibus and post-hoc difference from control both p < 0.05

¢ Omnibus and post-hoc difference from relapsing-remitting both p < 0.05

f Omnibus and post-hoc difference from control both p < 0.1

¢ Omnibus and post-hoc difference from relapsing-remitting both p < 0.1

b Omnibus and post-hoc difference from control both p < 0.05

compartment as well.

Statistical analysis. Statistics were calculated in R (v. 3.4.4; R Foundation for Statistical
Computing, Vienna, Austria) with a = 0.05. Age and tissue grey-white matter composition were
analyzed for effect on metabolite concentrations in control voxels and corrected for cross-sectional
comparisons using general linear model coefficients in the case of significance [448]. One-way
ANOVA with main effect disease group (relapsing-remitting, progressive, or control) with Tukey’s
Honest Significant Difference test examined disease effects and post-hoc mean differences,
respectively; ANOVA residuals were confirmed not significantly non-normal by Shapiro-Wilk test
for all groupwise comparisons of single metabolites. Spearman correlations of metabolite
concentrations against years since diagnosis, controlling for age under the same circumstance of
significant age effect in control linear models, were independently performed on non-control

participant data.
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Table 4.3. Group statistics on total creatine concentrations referenced using internal voxel water

No I:eiiIi)tst;Eg- Progressive Omnibus
Age multiple ;1 1 leg multiple Omnibus test
correction?  sclerosis scilerolz is sclerosis test statistict  statistic p-
N =24) (N = 25) N =19) value
No 6.42£1.69 6.55£2.08 5.74£1.31 Fo5=1.26 0.29
tCr (a.u.)
Yes? 9.64£1.25 9.90£2.28 9.851£1.24 F45=0.162 0.85
No 6.19£1.37 6.28%1.53 5.72%1.30 F>65=0.933 0.40
H,0 (104 a.u.)
Yes 8.84£1.01 9.03%£1.73 9.11£1.21 F5,65=0.22 0.80
Estimated using ~ No 9.48%1.23 9.28%1.30 10.25%+1.84 ¥24(2) = 3.86 0.15
uniform water T
[tCr] Yes 8.6511.19 8.42%1.28 9.20%£1.76 Y32 =222 0.33
(mM) . .
Estimated using N, 9.46£1.29  9.28+1.36 10.40%+1.99 () =443 011
individual water
1 Yes 8.51£1.25 8.30+1.32 9.19£1.89 YA(2) = 2.64 0.27

aValues corrected on metabolite vs. age regression beta for control subjects as described in Methods
bKruskal-Wallis test statistic reported in case of ANOVA residuals identified as non-normal by Shapiro-Wilk test

4.2.3. Results

Spectral quality. Average singlet full width at half maximum was <15 Hz for STEAM with
comparable results for both J-difference editing acquisitions. At least one of three sequences was
acquired in each of 72 participants, and all three sequences were acquired in 66/72 participants.
Glutathione was quantified in all 72 participants, while GABA and glutamate were quantified in
68/72 participants. Average Cramér-Rao Lower Bounds on all metabolite concentration estimates

were < 20% over quantified cases.

N-acetyl aspartate, total choline, and myoinositol exhibited significant linear relationships with
age in control subjects. General linear modeling demonstrated statistically significant
relationships between age and N-acetyl aspartate (-0.04 £ S.E.M. 0.02 mM/year; p = 0.02), total

choline (+0.01 + 0.003 mM/year; p = 0.02), and myoinositol (+0.04 £ 0.01 mM/year; p = 0.0005)
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among control participants (age range 21-69). Additionally, glutamate (-0.03 = 0.01 mM/year; p
=0.07) and glutathione (-0.01 + 0.006 mM/year; p = 0.09) concentrations exhibited
marginally significant linear relationships with age in control subjects; glutamate concentration

values were conservatively age-corrected in all subsequent analyses.

Frontal cortex glutamate but not glutamine decreased in progressive but not relapsing-remitting
multiple sclerosis. Analysis of variance demonstrated a significant effect of disease on glutamate
concentration (F2,65 = 3.4, p = 0.04) and on glutamate + glutamine concentration (F265= 4.8, p =
0.01) but not on glutamine concentration. Progressive multiple sclerosis patients exhibited low
glutamate (12.4+0.6 mM versus control 13.2+1.0 mM; mean difference 95% confidence interval
CI-0.1 to -1.5 mM, p = 0.03) but not glutamine (4.7+0.4 mM versus control 4.8+0.4 mM), while
relapsing-remitting patients demonstrated no abnormality in either (glutamate 12.9+1.2 mM;
glutamine 4.8+0.6 mM). The result for glutamate but not glutamine was reflected in reductions in
progressive patients of glutamate + glutamine (15.7+£0.8 mM versus control 16.9+1.1 mM; mean
difference 95% CI -0.3 to -2.1 mM, p = 0.009; versus relapsing-remitting 16.5+1.7 mM; mean

difference 95% CI +0.1 to -1.8 mM, p = 0.09) (Figure 4.4).

Frontal cortex GABA decreased in progressive but not relapsing-remitting multiple sclerosis. A
significant effect of disease was found on GABA concentration (F2,65 = 3.9, p = 0.03). Progressive
multiple sclerosis patients exhibited low GABA (1.3+0.2 mM versus control 1.5+0.3 mM; mean
difference 95% CI +0.001 to -0.4 mM, p = 0.05; versus relapsing-remitting 1.5+0.3 mM; mean
difference 95% CI -0.01 to -0.4 mM, p = 0.04), while relapsing-remitting patients did not (Figure

4.4).
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Frontal cortex glutathione exhibited a trend to decrease in progressive but not relapsing-
remitting multiple sclerosis. A trend to disease effect was demonstrated for glutathione (F2,60 =
3.0, p=0.056). Progressive multiple sclerosis patients exhibited a trend to low glutathione (2.2+0.5
mM versus control 2.5+0.5 mM; mean difference 95% CI +0.04 to -0.6 mM, p = 0.099; versus
relapsing-remitting 2.5+0.4 mM; mean difference 95% CI +0.02 to -0.6 mM, p = 0.07), while
relapsing-remitting patients did not (Figure 4.4). This disease effect disappeared when glutathione
concentrations were adjusted for a marginally significant age effect (progressive 2.9£0.5 mM;

relapsing-remitting 3.0+0.4 mM; control 3.0+0.5 mM).

Frontal cortex neurotransmitter concentrations exhibited significant negative correlations with
years since diagnosis in all multiple sclerosis patients. Multiple sclerosis patients taken together
demonstrated negative correlations between years since diagnosis and frontal cortex
concentrations of glutamate (p = -0.4, p = 0.02) and GABA (p = 0.4, p = 0.02). This result was
reflected in a similar correlation between years since diagnosis and glutamate + glutamine (p = -
0.6, p = 0.0009) despite no significant relationship with glutamine alone. Relapsing-remitting but
not progressive patients exhibited a negative correlation between years since diagnosis and frontal

cortex GABA (p =-0.5, p =0.03) (Table 4.2).

No effect of multiple sclerosis was observed on water-referenced total creatine concentration.
We observed no significant disease effect on either uniform 7>2-corrected and individual 7>-

corrected total creatine (Table 4.3).
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Table 4.4. Metabolite correlations with years since multiple sclerosis diagnosis

All multiple sclerosis Relapsing-remittin .
Metabolite (151):31) ’ (1\?=18) ¢ Progressive (N=13)
o pP o P Y P
Glutamate? -0.4% 0.02 -0.3 0.3 -0.3 0.4
Glutamine 0.01 0.96 0.1 0.8 -0.2 0.5
Glx -0.6%*%* 0.0009 -0.4 0.09 -0.5 0.06
GABA -0.4% 0.02 -0.5% 0.03 0.2 0.5

* Significant age coefficient for general linear model in controls; age-controlled partial cortrelations reported

4.2.4. Discussion

The present work employed proton magnetic resonance spectroscopy at 7 Tesla to assess frontal
cortex concentrations of metabolites glutamate, GABA, and glutathione in adults with progressive,
relapsing-remitting, and no multiple sclerosis. We have for the first time employed short-echo-
time STEAM and J-difference editing in the same scan session at 7 T to enable the concomitant
but independent in vivo investigation of cortical GABA, glutathione, and glutamate as separate
from glutamine, with tailored validated MRS methods [106] all without significant contamination
from macromolecule resonances, in multiple sclerosis patients. These techniques additionally
enabled the in vivo query of glutamine, N-acetyl aspartate, choline, and myoinositol from the same
data sets.

While the progressive multiple sclerosis group exhibited abnormalities in glutamate as separate
from glutamine, GABA, and possibly glutathione concentration, we observed no evidence of
similar metabolic abnormalities in the relapsing-remitting phenotype.

Our method enabled in vivo observation of decreased frontal cortical glutamate but not
glutamine in progressive multiple sclerosis patients. Preclinical and human histology
investigations of relapsing-remitting and progressive multiple sclerosis have suggested disrupted
transport and cycling of neurotransmitter glutamate as well as excitotoxic cell death in a variety of
tissue types [283, 285, 449]. Notably, claims of glutamate’s isolation from glutamine by

conventional proton magnetic resonance spectroscopy sequences at field strengths lower than
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Figure 4.5. Bivariate metabolite correlations within each experimental group support independence of glutamate and glutamine measurements. Spearman correlations
between age-uncorrected metabolite concentration values were calculated within each experimental group for all participants with complete data sets across all metabolites (N =
606). Significance values were corrected within each experimental group using adjustment for false discovery rate (FDR). All statistics and visualizations were computed in R (v. 3.4.4;
R Foundation for Statistical Computing, Vienna, Austria). Glu: glutamate, Gln: glutamine, tNAA: total N-acetyl aspartate, GSH: glutathione, tCho: total choline, mIns: myoinositol.

Spearman correlation corrected T p < 0.1, * p <0.05, ** p < 0.01, *** p < 0.001. Displayed as appears in Swanberg, Prinsen et al., NMR Biionzed 2021; 34(11): e4590.
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4 Tesla are controversial at best given their minimal spectral separation in even simulated ideal
datasets at this field strength [450]. Our glutamate-specific data derived from investigation at 7
Tesla therefore inform previously reported cross-sectional [265] and longitudinal [451] decreases
in progressive multiple sclerosis cortical glutamate + glutamine assessed at lower field strengths.
Importantly, the present work also elaborates on these observations in progressive patients with
null findings in a relapsing-remitting group, studied in parallel, that had yet not transitioned to a
progressive phenotype. In contrast to previous work, conducted at lower field strength and thus
insufficient spectral dispersion to reliably quantify the two molecules in isolation, we report no
disease effects on glutamine alone [451]. High field strength and sufficient spectral quality enabled
unequivocal spectral separation of glutamate from glutamine (Figure 4.3), and significant
correlations between the two were not seen in any group (Figure 4.5), supporting the independence
of their concentration values in the present analysis. Finally, we reported a significant negative
correlation between time since diagnosis in glutamate but not glutamine in all multiple sclerosis
patients together (Table 4.4). Taken together, these findings underline a significant loss of frontal
cortex glutamate as separate from glutamine in progressive but not relapsing-remitting multiple
sclerosis, supporting with greater precision a previously tentative interpretation of glutamate +
glutamine findings as indicative of neuronal cell death given the higher concentration of glutamate
but not glutamine in neurons than glial cells [265]. These results in a normal-appearing cortical
mixed-tissue grey- and white-matter voxel contrast with MR-visible increases in glutamate
previously observed in normal-appearing white matter of multiple sclerosis patients and, when
associated with the subsequent decline of N-acetyl aspartate in the latter [237], interpreted as
suggestive of in vivo evidence of excitotoxic conditions in those tissues.

We also observed decreased concentrations of GABA in progressive but not relapsing-
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remitting multiple sclerosis patients. GABA (y-amino-butyric acid) is an inhibitory
neurotransmitter that has reportedly mitigated immune activity in experimental autoimmune
encephalomyelitis [115, 295], suggesting that these results may be consistent with reduced
inhibition of autoimmune inflammation, among other possible but not mutually exclusive
interpretations including the loss of GABAergic neurons. Limited human research has reported
reduced GABA in the sensorimotor cortices and hippocampi of secondary progressive [146] but
not relapsing-remitting [297] multiple sclerosis patients. GABA additionally exhibited negative
correlations with time since diagnosis in both relapsing and progressive multiple sclerosis patients
taken together and relapsing-remitting patients taken separately. Notably, frontal cortex GABA did
not exhibit a significant age effect in control patients, further underscoring the nature of this
correlation as mediated by disease duration and not a confounding influence of age. To our
knowledge, this is the first such published suggestion of a temporally mediated multiple sclerosis
effect on bulk GABA concentration in even normal-appearing tissue.

It bears emphasis that despite this suggestion, the data reported here do not constitute direct
support for the conclusion that multiple sclerosis is associated with time-dependent reductions in
tissue neurotransmitter concentrations that reach statistical significance only with relatively
increased disease duration, here more likely seen in the secondary progressive than the relapsing-
remitting multiple sclerosis cohort. In addition to the important caveat that these correlations are
cross-sectional and not longitudinal, we did not observe a significant negative correlation between
disease duration and prefrontal cortex glutamate concentration in either relapsing-remitting
multiple sclerosis or progressive multiple sclerosis taken alone. While we did observe such a
negative relationship for GABA in the relapsing-remitting group only, this finding was not

recapitulated in either the progressive cohort or multiple sclerosis patients in general. Taken
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together and considered in light of the small group sizes assessed here, these correlation findings
suggest the utility of further longitudinal, not merely cross-sectional, analysis of multiple sclerosis
progression targeting measurements of GABA and glutamate.

Glutathione is an antioxidant synthesized by neurons but particularly by glia [114].
Evidence of disrupted glutathione metabolism has been previously observed in the cerebrospinal
fluid of multiple sclerosis patients [452] and in experimental autoimmune encephalomyelitis [295].
Disturbances in glutathione activity may impair the brain's defenses against oxidative stress,
thereby implicating cell death as a possible basis for functional decline in multiple sclerosis [453];
our tentative observation of abnormally low glutathione in progressive multiple sclerosis cortex is
therefore potentially consistent with reduced protection against local oxidative stress in this region.
Limited "H-MRS work has likewise also demonstrated reduced cortical glutathione in progressive
multiple sclerosis [300, 302, 454]. Our own data suggested a possible disease effect in progressive
but not relapsing-remitting multiple sclerosis on frontal cortex glutathione, though it should be
emphasized that this finding a) was only of marginal statistical significance and b) disappeared
when concentration values were corrected for age according to a marginally significant linear
relationship seen in controls. The aforementioned demonstrations of significant progressive
multiple sclerosis-specific decreases in glutathione, as well as the fact that Cramér-Rao Lower
Bounds, which theoretically track with variance in quantification error, were among the highest
for this metabolite in our experiment, suggest that this weak result may indicate a shortcoming in
our methodological sensitivity as opposed to a true negative. Notably, previous cross-sectional 'H-
MRS work on glutathione in multiple sclerosis has exhibited a high degree of pairwise age- and
sex-matching relative to the present analysis, which likely resulted in higher sensitivity to possible

biological effects [24]. Our own insinuated but tenuous result underscores the need for further in
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vivo magnetic resonance spectroscopy research on the role of this still-understudied endogenous
antioxidant in multiple sclerosis.

We did not observe in the normal-appearing mixed prefrontal cortex tissue of either
multiple sclerosis group increased total choline or increased inositols, which have been more often
associated with the 'H-MRS-visible cortical metabolic signatures of relapsing-remitting or
progressive multiple sclerosis in either white-matter lesions or normal-appearing white matter [24].
Previous 'H-MRS research into mixed or grey-matter cortical tissue of either relapsing-remitting
or progressive multiple sclerosis has reported inconsistent observations of either significant
decreases [231, 264, 277, 278, 455] or increases [221, 257, 268] in total choline against a sizeable
background of published null findings ([108, 203, 252], among others) [24]; it should also be
mentioned that the “mixed” voxel in [257] was predominantly (~70%) white matter, and the
observation in [268] involved a single multiple sclerosis patient versus a control distribution.
Similarly, for grey-matter or mixed cortical voxels, only a few observations of abnormal multiple
sclerosis-mediated increases in myoinositol [221, 239] compare against several non-significant
findings [108, 203, 252, 253, 265], some of which studies themselves also reported in parallel
myoinositol increases in white matter [203, 252, 265] or select grey-matter nuclei [108]. Our
replication of these null results for total choline and myoinositol in cortical tissue also containing
a large proportion of grey matter underlines the importance of consistently distinguishing among
voxels of differing composition in '"H-MRS investigations of multiple sclerosis.

In parallel with disease-associated findings in neurotransmitters and glutathione and
replication of previously reported conflicting or null results for total choline and myoinositol, this
study did not replicate previously reviewed reports of decreased N-acetyl aspartate in normal-

appearing mixed cortical tissue in either relapsing-remitting or progressive multiple sclerosis [24].
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Two factors are of note here. First, it bears mention that a significant apparent disease effect on N-
acetyl aspartate, with trend to decrease in the progressive multiple sclerosis group, was observed
until concentration values were corrected for age. A meta-analysis of the existing literature on
multiple sclerosis has demonstrated a systematic reliance on control groups that are significantly
younger than relapsing-remitting and especially progressive multiple sclerosis groups, with
inconsistent and heterogeneous approaches to control for this confound [24]. Because the present
investigation is no exception, we controlled for age by subtracting its influence from metabolite
concentration values according to a significant linear model based on the younger controls, based
on [448]. This may serve to mask a difference between age-corrected concentration values in the
control and older progressive multiple sclerosis groups if annual reductions in N-acetyl aspartate
due to baseline healthy aging are not in reality linear, i.e., drop below the modeled slope as one
becomes older. Second, a reduction in N-acetyl aspartate is the most replicated metabolic
abnormality for multiple sclerosis in the existing '"H-MRS literature. Even this phenomenon,
however, is not reported by a large proportion of published studies with findings involving other
metabolites [24]. While the heterogeneity of the disease itself, selection of sub-populations under
study, and expected statistical stochasticity may of course contribute to this variability across
investigations, the existing '"H-MRS literature also demonstrates a wide variety of acquisition,
processing, and quantification techniques, all of which steps affect the patterns of metabolite
concentrations ultimately reported. Until widespread, evidence-based methodological
standardization as endorsed by recent consensus efforts [91, 137] is achieved, this degree of
heterogeneity in 'H-MRS findings across the literature, even once critical confounds like voxel
composition and age control are considered as outlined above, may well continue to be the norm.

As has been shown previously in voxels with high simulated hypointense white-matter
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lesion load [456], Ti-hypointense lesions in multiple sclerosis patients may be misclassified as
cerebrospinal fluid, leading to underestimation of tissue partial volume by image segmentation and
therefore overestimation of tissue-bound metabolite concentrations when they are referenced to
water. In addition, multiple sclerosis-related changes in water 7> have been previously reported
[24, 440], including for this cohort as reproduced in Chapter 2. Finally, the question remains open
about the generalizability of assumed tissue-specific water molarities from control to disease group
individuals. In the present analysis, we therefore avoided these confounds to water-referenced
concentration values by referencing our data to total creatine exclusively.

Some previous research has, however, inconsistently suggested that creatine concentration
itself may potentially change with multiple sclerosis disease state [24, 424]. In our study, in
addition to not observing monopolar disease-associated reductions in all metabolites expected not
to increase in multiple sclerosis (i.e., including N-acetyl aspartate) as would be expected from
findings significantly driven by abnormalities in reference signal creatine, we also observed no
disease effects on the total creatine signal itself regardless of whether age correction was employed.
Additionally, we observed no disease effects on water-referenced total creatine regardless of
whether we used a constant water 7> or the voxel water 7> measured for each individual participant,
also independent of whether age correction was employed. Methodological details and group
statistics for these analyses can be found in the Supplementary Data. It bears repeating that using
water as a quantification reference for individuals with multiple sclerosis is vulnerable to several

confounds as described above.

4.2.5. Limitations and Conclusions

The findings presented here establish the importance of glutamate metabolism, additionally
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implicating it together for the first time with both neurotransmitter GABA and antioxidant
glutathione in the same experiment, in the distinction between progressive and relapsing-remitting
multiple sclerosis. Using optimized proton magnetic resonance spectroscopy techniques along
with ultra-high 7-Tesla field for increased spectral dispersion and sensitivity in the human
prefrontal cortex, we report in vivo evidence for multiple sclerosis phenotype-specific
abnormalities in glutamate, GABA, and glutathione metabolism. Further targeted research into the
mechanistic undercurrents of these in vivo observations will enable us to move closer to the long-
term goal of developing more effective disease-modifying therapies, especially for progressive
multiple sclerosis.

Notably, however, and counter to the overall goal of this dissertation chapter to work
toward a sensitive and specific diagnostic biomarker for progressive relative to relapsing-remitting
multiple sclerosis, none of the significant between-group disease effects observed in this
experiment served as a strong predictor of multiple sclerosis disease state. For this reason a
supervised learning pipeline, detailed below in Section 3, was developed in order to attempt
groupwise classification using potentially more subtle patterns of metabolic abnormality

discernable by multivariate rather than single-variable statistical approaches.

4.3 Binary classification of multiple sclerosis status and phenotype by supervised machine
learning on multivariate metabolic signatures from prefrontal cortex

4.3.1. Motivation

Multiple sclerosis is an inflammatory neurodegenerative condition that damages both white and
grey matter in the central nervous system. Heterogeneity in the clinical presentation of multiple

sclerosis can complicate its diagnosis, typically achieved by a combination of symptomatic report,
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neurological assessment, magnetic resonance imaging, and occasionally lumbar puncture [39].
While recent revisions to the McDonald diagnostic criteria [30] as applied to magnetic resonance
imaging, particularly 77-weighted sequences that can demonstrate local abnormalities in blood-
brain barrier permeability to injectable gadolinium contrast indicative of inflammatory lesion
activity and 72-weighted FLAIR that can indicate lesions of some age, have improved diagnostic
accuracy for new multiple sclerosis cases, specificity remains low [68].

As mentioned previously in this chapter, compounding both the difficulty and importance
of accurate multiple sclerosis diagnosis is the existence of diverse disease courses with disparate
responsivity to currently available disease-modifying therapies. The majority of individuals with
multiple sclerosis exhibit the relapsing-remitting phenotype, marked largely by intermittent
immunological flares called relapses, for which the arsenal of modern pharmacotherapies,
including monoclonal antibodies, inhibitors of immune cell proliferation or migration, and other
immunosuppressive drugs, has demonstrated relative efficacy. Up to a third or more of these
individuals, however, will transition to the secondary progressive phenotype, marked rather by
steady neurodegeneration exhibited by cortical atrophy and functional decline largely resistant to
currently available treatments [39]. About 15% of patients manifest a progressive phenotype from
the outset with minimal overt relapse, called primary progressive multiple sclerosis. Uncertainty
surrounds not only initial identification but also phenotypic classification of multiple sclerosis,
especially during the transition from relapsing to progressive manifestation, for which a mean
duration of diagnostic uncertainty as high as three years has previously been calculated [67].

Despite continued shortcomings of current imaging-supported diagnostic pipelines in
identifying multiple sclerosis, magnetic resonance techniques in general are attractive as potential

diagnostic tools. Magnetic resonance is noninvasive and safe, facilitating its repeated use for not
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only initial identification of disease state but also for continued monitoring of treatment and
transition between phenotypes. In part for these reasons, “advanced” magnetic resonance
techniques, including magnetic transfer imaging [69, 70], diffusion tensor imaging [71], and
proton magnetic resonance spectroscopy [24] have been explored for their potential use in multiple
sclerosis prognosis, disease progression, or diagnosis [72].

Among these, proton magnetic resonance spectroscopy is unique in its ability to
simultaneously query concentrations of several small-molecule metabolites in one or more regions
of interest. This is particularly advantageous for diagnosing a disease like multiple sclerosis,
associated to some degree of reproducibility with abnormalities in multiple spectroscopy-visible
metabolites, including N-acetyl aspartate, choline, myoinositol, glutamate, glutathione, GABA,
and potentially common spectroscopy quantification reference creatine [24]. As previously
mentioned, it is also potentially advantageous for differentiation among different multiple sclerosis
phenotypes. This is particularly true for progressive subtypes for which cortical as opposed to
active white-matter lesioning may constitute the predominant manifestation [457]; as the former
is, as previously mentioned, largely invisible to conventional clinical imaging [420, 421, 458],
other techniques like "H MRS may have something to offer in this niche. As previously described,
different metabolic abnormalities associated with progressive relative to relapsing-remitting
multiple sclerosis have been previously observed in white-matter N-acetyl aspartate [81, 84, 459-
461] and perhaps creatine [462] as well as grey-matter N-acetyl aspartate [255, 463] and inositols
[464]. Direct comparisons between the two by proton spectroscopy remain, however, sparse [24].

Given previously published findings of 80 + 13% (average + standard deviation over
comparisons reported) sensitivity and 63 + 13% specificity for MS diagnostics combining imaging

and CSF analysis [465], the 80% thresholds previously recommended for each in novel
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Alzheimer’s disease diagnostic biomarkers [466] might be reasonably applied to the improvement
of multiple sclerosis diagnosis as well. One major shortcoming of proton magnetic resonance
spectroscopy as currently employed is the typically low sensitivity and specificity of any single
metabolite to disease effects, and currently published investigations demonstrate multiple sclerosis
to be no exception. N-acetyl aspartate, the metabolite demonstrating the most extensively reported
abnormality in multiple sclerosis central nervous tissue, is neither reliably reproduced nor specific
to this disease [24]. Similarly, a promising finding of diffusely localized cortical and subcortical
choline concentration as a 100% sensitive and 90% specific biomarker for relapsing-remitting
multiple sclerosis in a cohort of 20 individuals [257] has yet to be replicated among a larger sample.

Despite the failure of nearly thirty years of proton magnetic resonance spectroscopy
research to identify a single-molecule diagnostic biomarker for multiple sclerosis, it is plausible
that the rich multivariate datasets provided by this method enable the accurate classification of
individuals by multiple sclerosis state and/or phenotype when assessed using measures that more
fully address their inherent complexity. Recursive methods for classifying data via simultaneous
consideration of multiple variables are growing in feasibility and therefore popularity for
uncovering patterns that may be too subtle and/or complex for traditional hypothesis testing,
typically of one dependent variable at a time. Two of the most widely employed methods for
classifying small data sets from multiple sclerosis patients have been support vector machines,
used on a variety of data types to separate patients from control [467-476], each other [469, 477,
478], future non-converters with clinically isolated syndrome [92], and individuals with other
neurological disorders [479]; as well as random forest algorithms, used to separate patients from
control [468, 472, 475, 476, 480-483] and individuals with neuromyelitis optica [480]. Additional

techniques used to classify multiple sclerosis state or subtype have included neural networks [468,
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475, 476, 484-488], k-nearest neighbors [467, 470, 475, 477, 486], decision trees [467, 468, 476,
489], logistic regression [467, 477], Naive Bayes [475], and least squares [477] or maximum
likelihood estimation [490]. A range of classifiers has additionally been employed to characterize
or predict disease conversion [491], symptom severity [242, 492-499], or treatment effect [500-
503], and especially to automatically segment MR-visible multiple sclerosis lesions [504].

With a nested optimization pipeline designed with care to the considerations inherent in
potentially overfitting flexible classifiers to small data sets, here we apply a number of supervised
learning algorithms, including support vector machines, random forests, k-nearest neighbors,
quadratic discriminant analysis, gradient-boosted decision trees, extremely randomized trees, and
logistic regression to explore the feasibility of diagnosing multiple sclerosis from proton magnetic
resonance spectroscopy measurements of prefrontal cortex metabolite concentrations alone. Due
to the low degrees of freedom offered by a small number of cases, we split our diagnostic pipeline
into two independent problems: First, deciding whether an individual has multiple sclerosis;
second, deciding whether individuals with multiple sclerosis exhibit a relapsing-remitting or
progressive phenotype. Binary classifications between controls and each phenotype separately

were further developed to inform the interpretation of potential differences in model accuracies.

4.3.2. Methods

Participants and acquisition. As detailed in Section 2 of this chapter, metabolite spectra were
obtained from a single 27-cm? cubic voxel in the medial prefrontal cortex using a 7-Tesla head-
only scanner (Varian Medical Systems, Inc., Palo Alto, CA, USA) with actively shielded gradients
and zero- through third-order shims. Spin handling and signal reception were achieved via a

custom-built eight-channel transceiving radiofrequency head coil as previously described in detail
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for a similar protocol [106]. Briefly, short echo time STEAM (7& 10 ms, Tm 50 ms, Tz 3 s) and
semi-LASER (7t 72 ms, Tr 3 s) with J-difference editing for GSH (on 4.56 ppm to isolate the
2.95-ppm 7CHz) and GABA (on 1.89 ppm to isolate the 3.01-ppm *“CH2) sequences were custom
written for Vnmr] software. Water suppression by CHESS in all sequences, outer-volume
suppression by cuboid saturation bands in STEAM, and inversion recovery for macromolecule
suppression in STEAM and JDE-GABA sLASER were additionally employed. Bo shim
coefficients through third order were calculated on gradient-echo images (7% 3.8, 4.0, 4.3, 5.3, 6.8
ms) in BODETOX [426], and Bi phase shimming was achieved by in-house software IMAGO,
written in MATLAB (v. 2013b, MathWorks, Natick, MA, USA).

STEAM and at least one J-difference acquisition were completed for 68 of 72 participants,
leaving groups for progressive multiple sclerosis (N = 19; 11 women, 8 men; 55 + S.D. 8.3 y.o0.),
relapsing-remitting multiple sclerosis (N = 25; 17 women, 8 men; 45 + 13 y.o.) and no multiple
sclerosis (N = 24; 15 women, 9 men; 43 + 15 y.o0.). All participants provided informed consent to
study enrollment prior to scanning, and in vivo scanning and subsequent data analysis were
conducted in accordance with Yale School of Medicine Human Investigation Committee protocol

#1107008743 and Columbia University Institutional Review Board protocol AAAQ9641.

Spectral processing and quantification. Also as reviewed in detail in Section 2, spectral
processing was performed in '"H MRS analysis freeware INSPECTOR [505] as described in detail
previously [116]. Briefly, signals from individual receive channels were corrected for eddy
currents using water-unsuppressed references [118], phase- and frequency-aligned, and averaged
with weighting by receive channel sensitivities [ 119]. Summed metabolite spectra were zero-order

phased but not truncated, zero-filled, or line-broadened before direct quantification or alignment
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Figure 4.6. Frontal cortex metabolite profiling by proton magnetic resonance spectroscopy in individuals with relapsing-remitting, progressive, and no multiple
sclerosis. Seven metabolites were measured in a single 27-cc cubic voxel in the prefrontal cortex of individuals with relapsing-remitting (N = 25), progressive (N = 19), or no (N
= 24) multiple sclerosis. Individual spectra shown in color; group averaged spectra shown in black. Signals from five compounds, including total N-acetyl aspartate (tNAA: N-
acetyl aspartate plus N-acetyl aspartylglutamate), total choline (tCho: choline, phosphocholine, and glycerophosphocholine), myoinositol (mlns), glutamate (Glu), and glutamine
(Gln), were obtained via macromolecule-suppressed Stimulated Echo Acquisition Mode (STEAM: echo time Tk 10 ms, repetition time Tx 3 s, mixing time T 50 ms, inversion
time T7 300 ms); glutathione (GSH) and GABA were estimated by J-difference editing (JDE) on a semi-localized by adiabatic selective refocusing sequence (MEGA-sLASER: Tx
72 ms, Tr 3 s). Total creatine (tCr) served as a concentration reference for these seven metabolite featutres, which were calculated in millimolar (mM) assuming 10 mM tCr;
additional metabolites listed in italics, including aspartate (Asp), ascorbate (Asc), phosphorylethanolamine (PE), glycine (Gly), taurine (Taur), scylloinositol (sIns), GSH and GABA
from STEAM, and glutamate, glutamine, and/or NAA in J-difference-edited spectra, were employed in spectral data quantification for one or more experiments but not included
in the machine-learning feature set. RR-MS: relapsing-remitting multiple sclerosis; P-MS: progressive multiple sclerosis; HC: healthy control; ppm: parts per million; N¢: number
of cases; Ng: number of features.
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between summed editing conditions for difference spectrum calculation, as applicable. Spectral
quantification proceeded as described in Section 2, yielding concentration estimates of glutamate,
glutamine, GABA, glutathione, total choline, total N-acetyl aspartate, and myoinositol referenced
to 10 mM total creatine. Total N-acetyl aspartate, total choline, myoinositol, and glutamate
concentrations were corrected using significant linear regression betas on subject age, calculated
from the control cohort as detailed in Section 2. These seven metabolite concentrations were used
as input features for each classification pipeline (Figure 4.6).

All participants in this analysis had full STEAM and GSH data sets; two subjects (one
control and one progressive MS patient) were missing GABA concentrations that were imputed as

the average of their respective classes prior to analysis.

Binary classification of multiple sclerosis condition and phenotype. Classification pipelines were
developed in Python 3.5 and constituted four types of binary classifications. The first established
among all available participants the absence or presence of multiple sclerosis. The second decided
among all participants with multiple sclerosis whether they exhibited the relapsing or progressive
phenotype. Two additional comparisons between control and each multiple sclerosis subtype were
also performed to enhance the interpretability of relative model accuracies. Support vector
machines (SVM), k-nearest neighbors (KNN), and quadratic discriminant analysis (QDA) were
selected for detailed report among all approaches employed for testing based on held-out validation
accuracies in the relapsing versus progressive question. Additional classification algorithms tested
but not reported included random forests, gradient-boosted decision trees, extremely randomized
trees, and logistic regression. All techniques were implemented in Sci-Kit Learn [94].

Data were split into training and validation sets by removing one data set at a time for use
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as a held-out validation set, yielding a total of N1 x 2 runs for data with smaller group size Ni.
Model training was performed on only members of each training set. Leave-one-out cross
validation (LOOCYV) statistics were also calculated for each training set for aggregate use in feature
selection and optimization of training hyperparameters. This bootstrapping strategy, in which
LOOCYV accuracies were aggregated across multiple training sets, each itself missing one held-out
validation set, struck a balance between the low statistical confidence offered by the small
validation set Ns of a single-loop approach and the computational intensity of separately
optimizing features and hyperparameters against individual training sets for each held-out
validation case (i.e., a true test case) in a fully nested approach, and the small range of parameters
optimized did not render hyperparameter overfitting a concern for this particular application.
Undersampling proceeded similarly for cross-validation as for held-out validation in that
each of the training cases was removed once for use as a cross-validation set for that training run,
with a total of N2 x 2 cross-validations for data with the smaller training group size N2 to ensure
class balancing in the population of cross-validation sets used for each training run. Class sizes
were then balanced after removal of the aforementioned held-out validation and cross-validation
sets using the Synthetic Minority Over-Sampling Technique (SMOTE) such that data points were
interpolated in the smaller class along line segments joining each case to a predefined number of

its nearest neighbors until the class equaled the size of the larger [78].

Each training set was scaled using a matrix calculated over that training set only, after
which the same scaling was transferred to the held-out validation case. This enabled each separate
model to minimize bias to held-out validation cases while also allowing for the calculation of
population validation set statistics via the inclusion of all participants in both training and held-out
validation sets. Dimensionality reduction on the already small feature set of seven metabolites was
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Figure 4.7. Training, optimization, and validation pipeline for multivariate classifiers of multiple sclerosis state and
type by frontal cortex metabolite profiles. Classification pipelines constituted two binary decisions: The first (A) established
the presence of multiple sclerosis, while the second (D) characterized the phenotype. Models distinguishing from control
relapsing-remitting multiple sclerosis (B) and progressive multiple sclerosis (C) were also implemented for context in
interpreting performance differences between (A) and (D). One data set at a time was held out for use as the validation set,
yielding a total of N; x 2 runs for data with smaller group size N1. Undersampling proceeded similatly for an inner cross-
validation loop used for hyperparameter optimization and feature selection, in that each of the training cases was removed
once for use as a cross-validation set for that training run, with a total of N x 2 cross-validations for data with the smaller
training group size N to ensure class balancing in the population of cross-validation sets used for each training run. Class
sizes were then balanced using the Synthetic Minority Over-Sampling Technique (SMOTE). Each training set was scaled using
a matrix calculated over that training set only, after which the same scaling was transferred to the held-out validation case.
Dimensionality reduction was not performed in order to avoid degrading model interpretability. Classification algorithms
tested included support vector machines, k-nearest neighbors, quadratic discriminant analysis, random forests, gradient-
boosted decision trees, extremely randomized trees, and logistic regression; only the first three were selected for reporting
based on performance separating progressive and relapsing-remitting multiple sclerosis. LOOCV: Leave-one-out cross
validation.
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not performed to avoid reduction in model interpretability. Optimized hyperparameters and model

performance were averaged across all runs for each algorithm (Figure 4.7; Table 4.5).

Metabolite feature selection. Feature selection was performed on hyperparameter-optimized
models and consisted of recursive feature elimination according to permutation importance.
Permutation importance is proportional to the reduction in model accuracy when the association
between feature values and classifications is broken by randomization [506]. Starting from
hyperparameter-optimized models retaining all seven metabolites (glutamate, glutamine, GABA,
glutathione, total choline, total N-acetyl aspartate, and myoinositol), the feature with the lowest
permutation importance was removed and cross-validation accuracies recalculated over the whole
data set. Feature elimination was continued as long as the resultant model exhibited superior
performance (higher average cross-validation accuracy or comparable cross-validation accuracy

with higher area under the receiver operating characteristic or AUROC) relative to the original.

Classification performance assessment. Cross-validation accuracies were averaged over all runs
for each classification pipeline. Additionally, receiver operating characteristics were approximated
for each algorithm by plotting sensitivities and specificities for each of N(N-1) cross-validation
runs. Sensitivity (true positive classifications over all real positives) and specificity (true negative
classifications over all real negatives) were calculated over all test classifications. Model error was
additionally reported as precision, recall, and the composite thereof FI1, or 2(precision x
recall)/(precision + recall), where precision is the proportion of negative classifications that were
true and recall is the proportion of positive classifications that were true. In each challenge versus

control, multiple sclerosis was defined as the positive classification; in the relapsing versus
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Figure 4.8. Confusion matrices (top) and receiver-operating characteristic curves (bottom) for top-
performing pipeline in each binary classification. Quadratic discriminant analysis (QDA) proved to be
the top-performing classification algorithm by area under the receiver operating characteristic (ROC) for all
four questions, with higher validation sensitivity and specificity for classification of progressive patients than
relapsing-remitting or all multiple sclerosis patients taken together, despite a smaller group size (progressive
N=19 versus relapsing-remitting N=25 or control N=24). While it is visually clear that metabolite-based
classifications between controls and multiple sclerosis patients, or between controls and relapsing-remitting
multiple sclerosis patients, exhibited performance marginally better than chance, ROC curves exhibited
substantially increased convexity for questions involving the classification of progressive multiple sclerosis
patients specifically, also reflected in higher sensitivity and specificities as shown in the confusion matrices.
Multiple sclerosis groups defined as positives in all plots; for the relapsing-remitting versus progressive
question a positive is defined as relapsing-remitting multiple sclerosis.
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progressive question, progressive multiple sclerosis was defined as positive for the calculation of

the aforementioned statistics.

Group statistics. All group statistics are reported as means + standard deviations unless otherwise
noted. Model accuracies were compared across classification questions using a student’s t-test [507]
scripted in MATLAB (v. 2018a, MathWorks, Natick, MA, USA) with two-tailed significance

testing and a at 0.05.

4.3.3. Results

Classifiers separating progressive from relapsing multiple sclerosis exhibited increased
performance relative to those separating multiple sclerosis from control. Average held-out
validation accuracies were higher for separations of relapsing versus progressive (QDA 79%, KNN
74%, and SVM 68%) than for multiple sclerosis versus control (QDA 60%, KNN 63%, SVM 58%).
Accuracy averaged across all three classifiers was significantly higher for models separating
progressive from relapsing multiple sclerosis than for all multiple sclerosis from control (73.7+5.5%
versus 60.3+£2.5%, #(2) = 3.82, two-tailed p < 0.05).

The same trend was also seen in higher held-out validation accuracies for progressive
versus control classifications (QDA 68%, KNN 74%, and SVM 74%) than for relapsing-remitting
versus the same control (QDA 52%, KNN 58%, and SVM 52%), yielding a mean difference that
also exceeded the threshold for statistical significance despite a small sample size of 3 classifiers

(72.0£3.5% versus 54.0+3.5%, #(2) = 6.30, two-tailed p < 0.01) (Figure 4.8; Table 4.6).

Quadratic discriminant analysis and k-nearest neighbors but not support vector machines
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yielded >80% sensitivity or specificity for at least one classification question. Quadratic
discriminant analysis yielded the highest classification accuracies for identification of progressive
multiple sclerosis as distinct from relapsing-remitting (held-out validation accuracy 79%;
sensitivity 84%, specificity 74%; AUROC 0.86) as well as from control (held-out validation
accuracy 68%; sensitivity 58%, specificity 79%; AUROC 0.83). K-nearest neighbors exhibited
slightly lower performance than QDA for its top-performing applications, distinguishing
progressive from relapsing multiple sclerosis (held-out validation accuracy 74%; sensitivity 68%,
specificity 78%; AUROC 0.78) and from control (held-out validation accuracy 74%; sensitivity
95%, specificity 53%; AUROC 0.72). By contrast, support vector machines failed to reach either
80% sensitivity or specificity for any question, though overall accuracy for the classification of
progressive multiple sclerosis relative to relapsing-remitting (held-out validation accuracy 68%;
sensitivity 68%, specificity 68%; AUROC 0.68) and control (held-out validation accuracy 74%;
sensitivity 79%, specificity 68%; AUROC 0.77) still exceeded those of the other two

classifications (Table 4.6).

Metabolite feature importance differed more by classification question than by algorithm. Total
choline ranked among the most important three features for all progressive versus relapsing models
but none of the control versus multiple sclerosis models. Total choline was also the most important
feature for distinguishing progressive from control in QDA, while it did not feature among the top
three for any model distinguishing relapsing from control. Similarly, glutamine and glutathione
ranked among the three most important features for two of the three progressive versus relapsing
models but only one (glutamine) or none (glutathione) of those distinguishing multiple sclerosis

from control. Additionally, GABA ranked among the three most important features for two of three
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models distinguishing progressive MS from control but none distinguishing relapsing-remitting
MS from control.

Inversely, two metabolites (myoinositol and glutamate) ranked among the three most
important retained features for all three control versus multiple sclerosis models but only one
(myoinositol) or none (glutamate) of the progressive versus relapsing models. Both myoinositol
and glutamate were each also ranked among the top three features for at least five of six
(myoinositol) or all six (glutamate) models distinguishing each multiple sclerosis subtype from

control (Table 4.7).

4.3.4. Discussion

We have presented evidence that individuals with progressive multiple sclerosis can be accurately
distinguished from those with relapsing-remitting and no multiple sclerosis on the sole basis of
frontal-cortex metabolite concentrations, including glutamate, glutamine, glutathione, GABA, N-
acetyl aspartate, choline, and myoinositol, measured by proton magnetic resonance spectroscopy
at 7 Tesla. By contrast, as shown in Section 2 of this chapter, the same data did not support accurate
separation from control of relapsing-remitting multiple sclerosis or of both multiple sclerosis
subtypes pooled as a single classification. This finding underlines the potential of proton magnetic
resonance spectroscopy as an auxiliary diagnostic tool for progressive multiple sclerosis.
Additionally, it highlights the as-yet untapped potential of multivariate approaches to investigating
the in vivo '"H-MRS-visible metabolic signatures of multiple sclerosis and its various phenotypes,
especially under experimental conditions that enable the separation of visually overlapping but
physiologically distinct spectral signals like glutamate and glutamine.

Proton magnetic resonance spectroscopy is an experimental technique of low sensitivity
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that has historically led to findings of metabolic abnormality in multiple sclerosis that are subtle
and inconsistent at best [24]. Notably, application of data derived from this method alone led to
satisfactory differentiation between progressive multiple sclerosis and control, and between
progressive and relapsing-remitting multiple sclerosis, in a cohort that exhibited unequivocally
significant univariate differences between the former two groups for only two metabolites (GABA
and glutamate), and between the latter for only one (GABA) [508]. Our classification pipelines
distinguished patients from control with a clarity exceeding the subtle pattern of results yielded by
univariate statistical techniques, demonstrating the potential of multivariate approaches to
multiple-sclerosis-related abnormalities in small molecule concentrations measurable by proton
magnetic resonance spectroscopy. The additional diagnostic utility of simultaneously considering
multiple metabolic signals is perhaps especially true when assessing data from tissue voxels that
appear grossly normal on 77-weighted MR scans without contrast, and which would not be
expected to demonstrate the more substantial abnormalities, including but not limited to decreased
N-acetyl aspartate, increased choline, and differences in macromolecule and lipid contribution to
the spectral baseline, previously reported for tissue that is already visibly lesioned [24].
Composite imaging and CSF-based multiple sclerosis diagnostic strategies have reported
low average sensitivities and specificities across the literature [465]. At least one investigation
using the 2001 McDonald criteria [509] including MR imaging of a cohort with suspected multiple
sclerosis has reported higher than 80% diagnostic sensitivity and specificity upon follow-up after
several years [510], but the majority of imaging-based diagnostics tested have not exceeded these
thresholds [511]. Our finding, in our top-performing hyperparameter-optimized classification
scheme, of 84% sensitivity and 74% specificity of differentiating progressive from relapsing-

remitting multiple sclerosis on the basis of select metabolite concentrations in normal-appearing
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prefrontal cortex alone, also does not exceed but approaches this standard. Importantly, it does so
despite very small training samples (N < 25 per group without synthetic oversampling) using
minimally transformed, biologically interpretable features in a pipeline controlled for overfitting.

That reported accuracy decreases with sample size, suggestive of the dangerous potential
for overfitting in models produced by iterative learning methods, has been previously shown in a
literature review of machine-learning application to multiple neurological disorders [512]. The
same review reported that only one-fifth of the literature examined employed held-out validation
sets on which classification parameters were not optimized. The present study does not feature
among them, as we did optimize a limited range of model hyperparameters and perform feature
selection based on cross-validation accuracies pooled over the entire dataset, though all training
was conducted on cases kept entirely separate from the held-out validations. Overfitting, however,
was not a concern, given the low number of hyperparameters optimized (only one for the
consistently top-performing model QDA) and features (de)selected.

Classification accuracies for distinguishing either relapsing-remitting or general multiple
sclerosis from control on the basis of the metabolites measured in this study were only a few
percentage points above chance (50%), while at least one classifier of progressive versus relapsing-
remitting multiple sclerosis nearly achieved the 80% threshold of sensitivity and specificity
previously recommended for a diagnostic biomarker [466]. In addition to demonstrating that the
pipeline employed here does not inevitably lead to overfitting for data sets that lack clear signals,
this pattern of results underscores a phenotype-specific heterogeneity in multiple sclerosis as
viewed through the lens of the metabolites measured here. This suggestion dovetails with previous
reports of discrepant single-metabolite normal-appearing brain tissue abnormalities in relapsing-

remitting and progressive multiple sclerosis patients [221, 222, 225] to further emphasize the
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Table 4.5. Model hyperparameters optimized against average training cross-validation accuracy

Model hyperparameters optimized
Model Scaling transformation® Model-specific hyperparameters
QDA N/A
KNN neighbors 2-15
. p 1,2
min-max (0 to 1) 0.01, 0.025, 0.05,
unit normz?llza.tmn 0.075,0.91, 0.1, 0.11,
standardization v 0.125, 0.15, 0.2, 0.25,
quantile transformation 05,1
SVM maximum value normalization
quadratic features 0.1,02,03,04,
C 0.5:0.05:1.5, 2, 3,4, 5,
10
kernel Poly (2-6), RBF, linear
Final hyperparameters by question and model type
Model Question Scaling transformation Model-specific hyperparameters
Control vs. MS unit normalization N/A
QDA Control vs. RR-MS unit normalization N/A
Control vs. P-MS quantile transformation N/A
RR vs. P-MS quantile transformation N/A
Control vs. MS unit normalization 5 neighbors; p=2
KNN Control vs. RR-MS unit normalization 7 neighbors; p=2
Control vs. P-MS standardization 7 neighbors; p=2
RR vs. P-MS min-max (0 to 1) 5 neighbors; p=2
Control vs. MS unit normalization v=(0.2N¢)%; ¢=1; RBF kernel
Control vs. RR-MS unit normalization v=(0.2N¢)%; ¢=1; RBF kernel
SVM Control vs. P-MS min-max (0 to 1) y=1.1; c=0.7; RBF kernel
RR vs. P-MS quantile transformation v=(0.2N¢)%; c=1; RBF kernel

0.2: feature variance; N: number of features; RBF: radial basis function
2 Scaling optimized over default model-specific hyperparameters

necessity for targeted study of multiple sclerosis progression as opposed to, or in parallel with,
relapse, rather than multiple sclerosis as a reified monolith. The same argument may in principle
be extended to our own conflation of secondary and primary progression into a single category of
progressive multiple sclerosis, which is an admitted limitation of the present study borne of limited
sample size.

Our results also suggest consistently divergent contributions by certain metabolites to the
separation of relapsing-remitting or progressive multiple sclerosis subtypes from control versus
from each other. It was demonstrated in particular that myoinositol and glutamate were

consistently ranked among the most important metabolites for distinguishing from control
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Table 4.6. Binary classifier performance by feature-selected algorithm and participant groups

Model Control versus all multiple sclerosis Control versus relapsing Control versus progressive Relapsing versus progressive

Acc. | sn/sp| R/P | F, | Auc| Acc. [sn/sp| R/P | F, [Auc| Acc. [sn/sp| RP [ F, | Auc | Ace. | sn/sp | RP [ F, [ Auc

QDA
Cv | 57+5 | 64/51 | 64/57 | 60 | 0.62 | 54+5 | 61/46 | 61/53 | 57 | 0.59 | 72+4 | 62/83 | 62/78 | 69 | 0.80 | 76+4 84/68 | 84/72 | 78 | 0.85
Validation 60 71/50 | 71/59 | 64 | 0.68 52 63/42 | 52/63 | 57 | 0.61 68 58/79 | 58/73 | 65 | 0.83 79 84/74 | 84/76 | 80 | 0.86

KNN
cv | 58+6 | 59/57 | 59/58 | 58 | 0.58 | 57+3 | 55/60 | 55/58 | 56 | 0.61 | 72+3 | 89/54 | 89/66 | 76 | 0.72 | 724 63/81 | 63/77 | 69 | 0.77
Validation 63 67/58 | 67/62 | 64 | 0.60 58 54/63 | 54/59 | 56 | 0.60 74 95/53 | 95/67 | 78 | 0.72 74 68/78 | 68/76 | 72 | 0.78

SVM?
Cv | 58+4 | 57/58 | 57/58 | 57 | 0.36 | 54+2 | 49/58 | 49/54 | 51 | 049 | 71+4 | 76/66 | 76/69 | 72 | 0.74 | 68+3 68/69 | 68/68 | 68 | 0.70
Validation 58 58/58 | 58/58 | 58 | 0.41 52 46/58 | 46/52 | 49 | 0.52 74 79/68 | 79/71 | 75| 0.77 68 68/68 | 68/68 | 68 | 0.68

® No features eliminated for relapsing versus progressive
CV: cross-validation; Sn: sensitivity; Sp: specificity; Acc.: accuracy; AUC: area under receiver operating characteristic (ROC) or AUROC. All
statistics reported as means+standard deviations
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relapsing-remitting and progressive multiple sclerosis both separately and as a single category of
disease. By contrast, total choline, glutathione, and glutamine ranked among the top three features
for at least two of the three classifiers separating progressive from relapsing-remitting multiple
sclerosis, but never (total choline or glutathione) or only once (glutamine) in any of the three
models separating any multiple sclerosis patient from control. It is crucial not to over-interpret
feature importances within any single model, especially those deriving from models with low
baseline accuracies against which this parameter is calculated. These patterns were consistently
observed, however, across multiple model questions and types, including those with accuracies
exceeding 70%.

The validity of reporting separate concentrations of glutamate and glutamine derived from
"H MRS experiments at field strengths lower than 7 Tesla is controversial, given previously
demonstrated spectral overlap at these fields even under the clean spectral conditions offered by
simulations [513]. Our results suggest that at least when considered in concert with other
compounds measurable by 'H MRS, these two metabolites may weight differently in
characterizing the commonalities versus the differences between the in vivo cortical metabolic
signatures of relapsing-remitting and progressive multiple sclerosis. These findings therefore re-
emphasize the crucial need for spectroscopy research on the role of glutamate in multiple sclerosis
pathophysiology to be conducted under conditions that enable its unequivocal separation from
glutamine, especially considering a literature that continues to demonstrate an absence of such
investigations [24].

On the sole basis of in vivo proton magnetic resonance spectroscopic metabolite
concentrations derived from normal-appearing frontal cortex voxels at 7 Tesla, progressive

multiple sclerosis can be distinguished from relapsing-remitting multiple sclerosis or control with
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Table 4.7. Effect of metabolite selection on binary classifier leave-one-out cross-validation (LOOCYV) performance

Control versus all multiple . . . .
sclerosis Control versus relapsing Control versus progressive Relapsing versus progressive
possl S Metabolites ] Metabolites e Metabolites S Metabolites
alue (Pl mean + S.D.) alue (Pl mean + 5.D.) alue (P mean £ 5.D.) alue (Pl mean £ S.D.)
QDA
tCho (0.21+0.06 tCho (0.24+0.03
sn/sp +6/48 mins (0.13+-0.08) +7/9 | mins (0.17+0.04) | +15/+10 0(0.21£0.06) [ ,7/,, 0(0.24+0.03)
Glu (0.20+0.06) Gln (0.23+0.04)
Acc +7% GABA (0.10+0.06) 1% Glu (0.1520.03) +13% GABA (0.18+0.07) +9% GABA (0.22+0.03)
. (] . a (] . U 0 . U
Glu (0.09+0.08) tNAA (0.15+0.03) = =
tCho (0.04+0.06) GABA (0.13+0.03) tNAA (0.16+0.07) GSH (0.13+0.03)
AuC +0.09 S +0.06 U +0.16 Gln (0.15+0.05) +0.14 tNAA (0.08+0.03)
KNN
Sn/Sp +4/+16 -12/+18 | mins (0.18+0.03) +3/+2 +2/+2 mins (0.12+0.05)
- tCho (0.09+0.04)
mins (0.29+0.05) Glu (0.08+0.03) Glu (0.12£0.06) GSH (0.0620.03)
Acc. +10% Glu (0.22+0.04) +3% tNAA (0.06+0.03) +2% mins (0.10+0.06) +2% INAA {d 06‘_0' 03)
Gln (0.16+0.05) GSH {0.01+0.03) Gln (0.08+0.06) SN
GABA (0.05+0.04)
AUC +0.09 +0.12 | GABA(0.01£0.02) [ g +0.02 Glu (0.03+0.03)
SVM
tCho (0.10+0.03)
Sn/sp +7/0 Glu (0.02+£0.02) +14/3 +1/0 Glu (0.09+0.06) GSH (0.10+£0.02)
mins (0.02+0.03) Glu (0.05+0.02) mins (0.07+0.06) Gln (0.10+0.03)
Acc. +4% GABA (0.007+0.007) +5% mins (0.05+0.03) +0.5% GABA (0.05+0.05) — mins (0.06:0.03)
GSH (0.006+0.006) Gln (0.005+0.007) tCho (0.04+0.05) GABA (0.05+0.02)
AUC 0.05 tCho (<0) 0,005 10,03 Gln (0.03+0.06) Glu (0.04+0.02)
tNAA (0.03£0.02)

8Feature elimination performed in this algorithm despite no substantial improvement in CV accuracy due to appreciable increase in AUROC.

Grey indicates no feature selection implemented due to resultant reductions in model cross-validation accuracy. PI: permutation importance;
S.D.: standard deviation; Sn: sensitivity; Sp: specificity; Acc.: accuracy; AUC: area under receiver operating characteristic (ROC) or AUROC; mins:
myoinositol; Glu: glutamate; tCho: total choline; GIn: glutamine; tNAA: total N-acetyl aspartate; GSH: glutathione
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near to or greater than 80% sensitivity and specificity. Relapsing-remitting multiple sclerosis, or
both multiple sclerosis subtypes pooled as a single classification, cannot be accurately
distinguished from control using the same approach. These results demonstrate the potential of
multivariate statistical classifiers as applied to proton magnetic resonance spectroscopy as an
auxiliary diagnostic tool for progressive multiple sclerosis as well as of multivariate approaches to
researching in vivo metabolic signatures of diverse multiple sclerosis phenotypes, especially under
ultra-high-field conditions enabling the separation of key spectral signals like glutamate and
glutamine.

On the basis of in vivo proton magnetic resonance spectroscopic metabolite concentrations
derived from normal-appearing frontal cortex voxels at 7 Tesla, progressive multiple sclerosis can
be distinguished from relapsing-remitting multiple sclerosis and control with near to or greater
than 80% sensitivity and specificity, though these 80% thresholds previously proposed as a
standard for novel diagnostic biomarkers were not consistently achieved. Additionally, relapsing-
remitting multiple sclerosis, or both multiple sclerosis subtypes pooled as a single classification,
cannot be accurately distinguished from control using the same approach. These results
demonstrate the potential of proton magnetic resonance spectroscopy as an auxiliary diagnostic
tool for progressive multiple sclerosis as well as of multivariate approaches to researching in vivo
metabolic signatures of diverse multiple sclerosis phenotypes, especially under high-field (e.g., 4

T or above) conditions enabling the separation of key spectral signals like glutamate and glutamine.

4.4 General summary and conclusions
This chapter aimed to address the following questions: Can 'H MR spectra quantified using an

analytic pipeline that considers the results of Chapters 2 and 3 indicate disease-related
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concentration abnormalities in frontal cortex glutathione, GABA, glutamate, or other '"H MRS-
visible small-molecule metabolites? Furthermore, can these metabolic differences alone be used
to distinguish progressive and relapsing-remitting multiple sclerosis from each other and from
control?

Taken together, our findings suggest that employing an evidence-based spectral
processing and quantification pipeline with particular attention to spectral baseline modeling and
potential relaxation-based confounds on internal concentration referencing according to the results
of Chapters 2 and 3, it was shown that progressive but not relapsing-remitting multiple sclerosis
is associated with disease-related decreases in frontal cortex glutamate, GABA, and possibly
glutathione as measured by '"H MRS. While even significant between-group differences in single
metabolites were not sufficient to distinguish accurately among disease groups, using multivariate
discriminant analysis or supervised learning, progressive multiple sclerosis can be differentiated
from control or relapsing-remitting multiple sclerosis with nearly 80% sensitivity and specificity

solely on the basis of '"H-MRS-visible frontal cortex metabolites.
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Chapter 5: Generalization.

Application of optimized spectral quantification and statistical analysis techniques from
'H-MRS investigation of multiple sclerosis to post-traumatic stress disorder and comorbid
major depression
Post-traumatic stress disorder (PTSD) is a condition wherein the experience of a traumatic event
induces emotional dysregulation that chronically disrupts daily function. With estimated lifetime
prevalence as high as 1 in 12, PTSD is a complex and multifactorial illness. Correspondingly, the
effect sizes of disease-related alterations in individual tissue metabolites as measured by '"H MRS,
including NAA, choline, inositols, glutamate, GABA, and glutathione, tend to be small and varied,
and still lacking is a comprehensive model demonstrating the relationships among sundry single-

compound findings.

"H MRS is the ideal tool for embarking on such a study as it can directly assess multiple
biomolecules in the tissue of living subjects, enabling concomitant association of several in situ
metabolic endpoints with the clinical presentation of disease. This work employs the spectral
quantification, absolute quantification, and statistical analysis pipelines validated in Chapters 2
through 4 to perform a cross-sectional analysis of cortical biochemistry, including glutamate,
GABA, and glutathione, in addition to five other metabolites previously implicated in neurological
disease (choline, creatine, myoinositol, N-acetyl aspartate, and glutamine), in forty-one individuals
with and without PTSD and/or common psychiatric comorbidity major depressive disorder (MDD).
We hypothesize that the condition of either PTSD and/or MDD alters concentrations of these
metabolites in a pattern that can be exploited to enable the cost-efficient and accurate diagnosis of
this disease. As such, we use a battery of machine-learning classifiers to develop a transparent and
interpretable model that uses 'H-MRS-measured cortical metabolite concentrations to differentiate

between individuals with and without at least one of these psychiatric diagnoses. Quadratic

discriminant analysis (QDA), k-nearest neighbors (KNN), and support vector machines (SVM)
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have been selected based on their superior performance in Chapter 4.

Here we find altered glutamine : neurotransmitter (namely, glutamate and GABA) ratios
in post-traumatic stress disorder that became a significant effect of major depressive disorder on
glutamine concentration and neurotransmitter ratios when this comorbidity is considered.
Additionally, a trend to decreased glutathione was observed in post-traumatic stress disorder that
became a significant effect of diagnosis with any disorder (either post-traumatic stress disorder
and/or major depressive disorder) when comorbid major depression was considered. Similarly,
supervised binary classifiers (quadratic discriminant analysis, k-nearest neighbors, and support
vector machines) were able to be generalized from the multiple sclerosis and control cohorts
presented in Chapter 4 to this similar but distinct '"H MRS data set for comparably accurate
(maximum 83% sensitivity and specificity) binary classification of post-traumatic stress and/or

major depressive disorder and control.

5.1 Introduction: Systematic review and meta-analysis of existing literature on 'H MRS in
PTSD

5.1.1. Motivation

Post-traumatic stress disorder (PTSD) is a condition wherein one or more exposures to a strong
stressor is followed by chronic and debilitating disruption to sensory, emotional, and cognitive
function. PTSD entered the Diagnostic and Statistical Manual (DSM) of the American Psychiatric
Association in its third edition, first published in 1980 [514]. Since then, the definitions
surrounding qualifying traumas and symptomatic manifestation have changed, most notably
between the DSM-IV and DSM-V, resulting in diagnostic discrepancies in as many as 30% of

patients in at least one analysis [515, 516]. PTSD as currently defined in the DSM-V takes on four
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clusters of symptoms that must persist for at least one month following either direct or extensive
indirect exposure to a traumatic event, including “actual death, serious injury, or sexual violence:
intrusive memories, dreams, sensory flashbacks, or triggered associations to psychological distress
or physiological reactivity; avoidance of internal or external reminders of the trauma; negatively
altered cognition and mood; and significantly altered arousal and reactivity [517].

Both sex and age appear to be important mediators of PTSD development following
trauma exposure and are therefore salient considerations for the design of experiments that
investigate possible mechanisms thereof. Lifetime prevalence of PTSD has been estimated as
much as twice as high in women as in men [518, 519]. Hypotheses regarding the reasons behind
this disparity have included greater lifetime exposure to trauma in the former than the latter, though
reported not to be the case in at least one meta-analysis [520]; greater exposure to trauma types,
like sexual violence, disproportionately likely to precede PSTD development [521-523]; and
differential rates of conversion from trauma exposure to PSTD even once trauma frequency and
type are controlled, previously demonstrated in at least one mixed-sex cohort exposed to multiple
incidents of non-combat assaultive violence [516, 524].

A 2017 survey of individuals in 24 countries yielded reports of traumatic stressors in 70.4%
of respondents, with conditional risks of PTSD development ranging from 0.1% to 19.0%,
depending on trauma type, among those exposed [523]. Because traumatic stress and PTSD thus
do not exhibit a one-to-one relationship, a persistent question in especially post-trauma case-
control analyses of PTSD is the degree to which differences observed between patients and study
control are due to factors that may predispose trauma-exposed individuals to developing
diagnosable PTSD relative to downstream effects of either the trauma itself or the ensuing illness.

Studies involving both trauma-exposed individuals with PTSD and their genetically identical
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trauma-unmatched twins have been useful in unraveling the distinctions among such putative
causative mechanisms [525]. For example, reductions in hippocampal volume observed in PTSD
patients has similarly been observed in their trauma-unmatched twins relative to control,
supporting the conclusion that reduced hippocampal volume may act as a predisposing factor for
PTSD development following trauma exposure [526], an interpretation that has been since
reiterated in a more recent meta-analysis [527]. On the other hand, reduced retention of extinction
learning as measured by skin conductance alterations in a fear conditioning task for PTSD patients
relative to non-PTSD trauma-exposed controls has been observed in PTSD patients but not their
trauma-naive twins, supporting the conclusion that this observed abnormality may be more
difficult to link with genetic predisposition to PTSD development [528].

In considering such questions of causation in PTSD it is important to remember that
predispositions to and effects of trauma and/or PTSD are not necessarily mutually exclusive
phenomena [525]. Indeed, despite the aforementioned literature suggestive of reduced
hippocampal volumes as risk factor for PTSD development [526, 527], it has also been shown
meta-analytically that even trauma-exposed individuals who did not develop PTSD also
demonstrate reduced hippocampal volumes relative to trauma-unmatched controls, suggesting an
additional role for trauma itself in hippocampal volume reductions observed in PTSD [529].
Especially in the proton magnetic resonance spectroscopy literature, where studies are often small
and designs correspondingly simple, in the absence of identical twin cohorts some attempt has
been made to tease out the effects of trauma itself from those of either predisposition to or effect
of PTSD by distinguishing between trauma-unmatched and trauma-exposed or, especially in the
case of PTSD following combat trauma, military veteran controls.

Regardless of whether attributable as cause and/or effect of illness, a broad range of
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difference from the physiological to the molecular levels of detail have been observed in PTSD
patients relative to various control groups (Figure 5.2). The description that follows is intended
only as a brief summary of PTSD’s biological context, and the reader is referred elsewhere for
comprehensive reviews of PTSD [516] and its genetic associations [522], transcriptionally visible
sex differences [530], interaction with brain development [531], pharmacologically manipulable
manifestations [532], functional correlates in the brain [533], and biological studies in both human
and animal models [525].

Twin studies have supported PTSD heritability estimates ranging from 23% to 71%
depending on the cohort under study, with suggestions that women exhibit higher heritability than
men, as well as on trauma type, with interpersonal trauma exhibiting higher heritability for PTSD
development than accidents or natural disasters [522]. A number of disease-associated loci have
been identified across both intergenic and potentially protein-coding regions of the genome,
supporting the idea that predisposition to the condition has polygenic origins [522]. Patterns of
gene expression in plasma mononuclear cell samples taken both at time of stress exposure and at
four months follow-up have correspondingly been shown to differ between trauma-exposed
individuals who did and did not eventually develop PTSD [534], an observation replicated by a
more recent, larger study of peripheral blood cell gene transcription patterns acute to stress
exposure in those who later did versus did not develop PTSD symptoms [535]. Disparities in
methylation on certain genes have additionally been observed between PTSD patients and trauma-
exposed controls [536, 537].

Phenotypically, individuals with PTSD demonstrate differential reactivity to sensory
stimuli both unrelated and related to traumatic experience [525]. For example, heart rate, skin

conductance, and ocular electromyographic responses to sudden loud tones have shown
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enhancements in PTSD patients relative to their non-trauma-exposed twins, whose attenuated
reactions were similar to those of trauma-exposed individuals without PTSD and their non-trauma-
exposed twins [538]. Similarly, enhanced reactivity to trauma-related audiovisual cues or imagery
scripts, including but not limited to heart rate, skin conductance, diastolic blood pressure, and self-
reported subjective distress, have been observed in combat veterans with PTSD relative to those
without [539]. Disparities between individuals with PTSD and trauma-exposed or unexposed
controls at various stages of cortical event-related potentials to a variety of stimuli have also been
interpreted as supporting a narrative of dysregulated automatic rapid processing and abnormal
cognition. This includes reduced orientation to emotional stimuli, enhanced attention to
threatening or ambiguous stimuli, and reduced attention to non-affective target stimuli followed
by indications of reduced update to working memory [540].

PTSD-associated abnormalities in arousal state have also manifest in a number of
disparities in endocrine function, including smaller pituitary gland volume [541]; reductions in
plasma cortisol, prolactin, and thyroid-stimulating hormone [542]; lower baseline plasma [543]
and CSF [544] neuropeptide Y (NPY), thought to serve as a sympathetic nervous system modulator
and endogenous anxiolytic; reduced plasma NPY response to a2-adrenergic receptor antagonist
yohimbine, with baseline plasma NPY negatively correlated in PTSD with reported panic
symptoms [543]; and lower baseline plasma adrenocorticotropin-releasing hormone (ACTH) but
increased ACTH following exposure to cognitive stress [545] and reduced ACTH release
following dexamethasone injection [546], in PTSD patients than in either healthy civilian or
veteran controls [532]. Possibly in line with heightened ACTH responsivity, increased plasma
concentrations of arginine vasopressin (AVP), a hormone that may potentiate ACTH release, have

been observed in male PTSD patients relative to both trauma-unmatched and trauma-exposed
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controls; in addition, among individuals with PTSD but not major depressive disorder, plasma AVP
correlated negatively with avoidance symptoms as measured by the Clinician-administered PTSD
Scale (CAPS) [547]. Moreover, a subset of PTSD patients has been observed to exhibit heighted
ACTH release in response to low-dose naloxone, an endocannabinoid receptor antagonist that is
thought to reduce endogenous opioidergic inhibition of the hypothalamic CRH signaling that
facilitates ACTH secretion [548].

PTSD symptom severity has been negatively correlated with serum cortisol [542]; higher
plasma corticotropin-releasing hormone has been seen in PTSD than in either trauma-unmatched
or veteran controls [549] and has been shown to decrease in PTSD upon exposure to trauma-related
relative to neutral stimuli [550]. Plasma cortisol has shown reductions or no difference in PTSD
versus control, while higher concentrations have been demonstrated in the CSF of PTSD patients
relative to trauma-naive controls [551]. Lymphocytes taken from PTSD patients demonstrate a
higher number of glucocorticoid receptors across the day than those in trauma-unmatched controls,
with receptor density in the morning positively correlated with PTSD and anxiety symptoms [525,
552]. Plasma GABA has shown decreases in PSTD patients relative to trauma-exposed or trauma-
unmatched controls [532], with at least one study demonstrating a negative correlation between
plasma GABA and both depression and anxiety symptoms [553]. In line with these GABA findings,
allopregnanolone and pregnanolone, agonists of GABA activity at GABAA receptors, have also
demonstrated reductions in CSF of women with PTSD relative to trauma-unmatched controls
[554]. Similarly, plasma concentrations of metabolic androgen precursor and GABA A antagonist
dehydroepiandrosterone (DHEA) of both women and men with PTSD have been reported higher
than those of either trauma-naive or trauma-exposed controls [525]. Relative to trauma-naive

controls, CSF and plasma in PTSD have also shown decreased orexin-A, a neuropeptide produced
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in the hypothalamus that is involved in the production of hormone norepinephrine; in addition,
CSF orexin-A demonstrated a negative correlation with CAPS score [532, 555].

This evidence of PTSD-associated abnormalities in autonomic and cortical reactivity to a
variety of inputs is accompanied by observations of anatomical and metabolic differences in key
brain regions in the disease, including those targeted by magnetic resonance spectroscopy
experiments: frontal cortex and anterior cingulate cortex, basal ganglia, occipital cortex, parietal
cortex, insula, temporal cortex, hippocampus, and amygdala.

Meta-analysis of anatomical MR studies has demonstrated reductions in grey-matter
volume of medial prefrontal cortex (mPFC), anterior cingulate cortex (ACC), striatum, insula, left
hippocampus, and amygdala relative to trauma-exposed controls in individuals with PTSD,
particularly in those who developed the condition following a single traumatic event; for those
with prolonged trauma exposure, grey-matter reductions were seen in striatum, middle temporal
gyrus, insula, and amygdala [556]. A more recent meta-analysis confirmed findings of decreased
hippocampal volume in PTSD relative to trauma-exposed controls [557]. Hippocampal volume
losses have been observed across multiple symptomatic presentations of PTSD, including with and
without dissociative symptoms [533]. At least some of these differences are thought to be acquired,
as evidenced by observations of right hippocampus, anterior cingulate cortex, and bilateral insula
grey-matter density reductions in combat-exposed PTSD patients relative to both their own
combat-unexposed twins and non-PTSD combat-exposed controls with their combat-unexposed
twins [558]. As previously mentioned, however, other evidence points to reduced hippocampal
volume additionally serving as a predisposing trait for PTSD development in trauma-exposed
individuals [527]. Both smaller size of pre-trauma right anterior cingulate cortex and larger

magnitude (more negative difference) of pre-to-post-trauma reductions in left orbitofrontal cortex
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(OFC) grey matter volumes have also been associated with exacerbated PTSD-like symptoms as
indicated by higher CAPS scores, suggesting disparate roles of these different regional brain tissue
volumes as either predisposing factors (pre-trauma ACC) or indicative of disease progression (post
vs. pre-trauma OFC) [559]. Like the hippocampus, PTSD has been inconsistently linked to
alterations in amygdalar volume, with both decreases [560] and increases [561] previously
observed in combat-exposed veterans with PTSD relative to those without, with the latter study
also observing an additional effect of combat exposure severity associated with volume reductions
only in patients also exposed to early-life trauma. Disparate polarities of PTSD-associated effect
on both volume and shape have also been observed in distinct amygdalar nuclei [562].

In addition to regional alterations in grey matter, white-matter integrity as measured by
diffusion tensor imaging, including in the corpus callosum, anterior cingulum, hippocampus,
and/or tracts connecting prefrontal regions with the amygdala, has also demonstrated abnormalities
relative to trauma-unmatched control or trauma-exposed control in individuals with PTSD [563].
The cingulum bundle, which connects the dorso- and ventromedial prefrontal cortex, has
demonstrated reduced structural connectivity in individuals with PTSD relative to trauma-exposed
controls; similarly, the uncinate fasciculus, which connects the ventromedial prefrontal cortex with
the amygdala, has demonstrated MR-visible suggestions of structural integrity reduction in PTSD
relative to trauma-unmatched or trauma-exposed controls [533]. Notably, at least one study
demonstrates that while several regional differences to white-matter integrity in trauma-exposed
individuals relative to trauma-unmatched controls were not recapitulated in similar differences
between trauma-exposed individuals with relative to without PTSD, they have been shown to
correlate significantly with PTSD symptom severity as measured by CAPS [564].

Beyond gross anatomical differences suggested by magnetic resonance imaging, nuclear
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imaging has additionally indicated PTSD- or trauma-related reductions in regional densities of
certain neurotransmitter receptors. Positron emission tomography (PET) has demonstrated reduced

SHT transporter binding in bilateral amygdala in PTSD relative to trauma-unmatched controls [565]
as well as reduced SHT1s receptor (SHT18R) binding in amygdala, caudate, and anterior cingulate

cortex relative to trauma-unmatched but not trauma-exposed controls [566]. Reduced PET
radioligand binding to benzodiazepine GABAA receptor across multiple regions of cortex as well

as bilateral hippocampus and thalamus has been seen, however, in veterans with PTSD relative to

veteran controls deployed to the same regions, consistent with the idea that PTSD-related
differences in GABAA receptor availability may evince a mechanism auxiliary to any effects of
traumatic stress itself [567]. Correspondingly, three polymorphisms in the GABAA receptor
subunit o2 have preliminarily been shown to significantly interact with exposure to childhood

trauma to affect risk of ultimate PTSD development [568]. Along the same vein, PET analysis has

demonstrated dorsolateral and orbitofrontal cortical mGluRs availability to be higher in individuals

with PTSD than trauma-naive control, as well as positively correlated with PTSD checklist (PCL)

avoidance subscale scores [569]. Similarly, reduced p-opioid receptor binding has also been

observed across the anterior cingulate cortex of male PTSD patients relative to male trauma-

exposed and trauma-naive controls [570]. By contrast, cannabinoid receptor 1R (CBiR) density
was also higher across the brain in PTSD patients relative to either trauma-unmatched or -exposed
controls and together with peripherally measured concentrations of anandamide and cortisol served

to classify with 85% accuracy PTSD patients relative to either control group [571].

Metabolic rates of glucose in the orbitofrontal and prefrontal cortex were also reported to
change differently in response to oz-adrenergic receptor antagonist yohimbine, which tended to

effect larger increases in trauma-unmatched controls than in PTSD patients, for whom tendencies
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to decreases in metabolic rate were observed [572]. Based, however, on the selective induction of
panic attacks in PTSD patients exposed to agonists of either noradrenergic or serotonergic
receptors but not both, it has been hypothesized that the symptoms of different subsets of PTSD
patients may exhibit abnormality in different neurotransmitter systems [573]. Injection of
hydrocortisone was shown to restore lateral asymmetry in resting glucose consumption of the
dorsal amygdala as well as improve subsequent working memory task performance in veterans
with PTSD, while the same injection disrupted both dorsal amygdala metabolic lateral asymmetry
and working memory task performance in veterans without it [574].

Functional brain imaging studies have also demonstrated a profusion of disparities
between individuals with PTSD and either trauma-exposed or naive controls, including in brain
regions assessed by 'H MRS. A number of functional MRI (fMRI) and/or PET studies have
reported results consistent with decreased prefrontal cortex activation and abnormal amygdala
activation in response to both trauma-associated and non-associated stimuli relative to either
trauma-exposed or -unmatched controls [516, 575], with different activation patterns seen in PTSD
patients who demonstrated emotional detachment symptoms relative to those experiencing
flashbacks and hyperarousal [516, 576]. Ventromedial prefrontal cortex blood-oxygen-level-
dependent (BOLD) fMRI signal changes were attenuated during fear extinction in PTSD patients
relative to trauma-unmatched controls and associated with greater failure in the former to
extinguish conditioned fear [577]. Similarly, medial prefrontal cortex (including anterior cingulate
cortex) activity as measured by BOLD fMRI in response to fearful faces was shown to be lower
in PTSD patients than in trauma-unmatched controls, with task-based BOLD signal in a subset of
this region negatively correlated with total CAPS score [578]. Task-based BOLD signal contrast

in response to fearful versus neutral faces in the rostral anterior cingulate region of the
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ventromedial PFC has been shown to increase, with correlated reductions in CAPS scores,
following cognitive behavioral therapy in PTSD patients [579]. Similarly, rostral anterior cingulate
cortex BOLD contrasts for combat-related versus generally negative emotional interference tasks
were reduced in veterans with PTSD relative to veteran controls [580]. Medial frontal gyrus blood
flow as measured by PET during traumatic recollection has been shown to correlate negatively
with both CAPS symptom severity and concomitant amygdalar blood flow in PTSD [581]. Such
differential patterns of activation in response to trauma-related versus other negative emotional
stimuli have been previously extended to the sensorimotor cortex as well as the periaqueductal
grey, a midbrain region associated with automatized threat responses [532], and thereby associated
with motor preparation following threatening stimuli [582]. Interestingly, despite these opposite
polarities in dorsomedial versus ventromedial PFC activity in PTSD patients versus control, both
regions have demonstrated reduced grey-matter volumes in PTSD patients relative to trauma-
exposed or trauma-unmatched controls, respectively [533].

In contrast to ventromedial prefrontal regions, the dorsomedial prefrontal cortex,
associated with comparing learned threat-related expectations to current threat-related information,
has been linked with greater task-based activity relative to control in individuals with PTSD [533].
In particular, the dorsal anterior cingulate cortex (1ACC) has generally demonstrated hyperactivity
in PTSD relative to control as studied by fMRI and PET in response to a number of fear-
conditioning, emotional interference, and other cognitive tasks [525]. Due to observation of
similarly increased dACC activation in trauma-naive co-twins of PTSD patients, abnormal activity
in this area has also been postulated to serve as a risk factor for disease development as opposed
to only or additionally a sequelae of either trauma exposure or PTSD [525].

The amygdala has demonstrated increased BOLD fMRI contrast in response to trauma-

182



related and -unrelated stimuli as well as increased PET-measured cerebral blood flow during
conditioned fear acquisition in individuals with PTSD relative to trauma-unmatched or trauma-
exposed controls [525, 583]. As mentioned, overactivity in the amygdala has been associated in
PTSD with hypoactivity in the ventromedial PFC; together, these have been interpreted as reduced
prefrontal inhibition of fear-conditioning responses that could disrupt subsequent learning
processes [533]. However, also as noted, in some individuals, a dissociative subtype of PTSD has
been observed wherein amygdalar hypoactivity and ventromedial prefrontal hyperactivity are
paired with symptoms of emotional detachment [533, 584]. In addition, meta-analysis has
suggested ventral anterior amygdala hyperactivity in concert with dorsal posterior amygdala
hypoactivity during fear conditioning in PTSD relative to individuals with other anxiety disorders
[575], underlining the potential importance of high spatial resolution in discussions of regional
abnormality. Similarly, imaging studies of hippocampal function in PTSD have also demonstrated
mixed results [525] depending on details of the task and analytical framework at hand [585].
Comorbidities, including to mood disorders and/or substance use, are an important
consideration for studies of PTSD; as a common example, the prevalence of major depressive
disorder in individuals with PTSD has been reported as high as 50% [586]. At least some studies
reporting the aforementioned PTSD-associated abnormalities have explicitly controlled for these
factors: While comorbidities like alcohol abuse [587] and borderline personality disorder [588]
have, like PTSD, themselves been associated with reduced hippocampal volume [589], at least one
report concludes that reductions in hippocampal volume in PTSD patients relative to trauma-
unmatched control, for example, are not accounted for by depression or substance use [525];
another suggested greater PTSD-associated volume reductions in alcoholic than in non-alcoholic

cohorts [590]. On the other hand, reductions in anterior cingulate cortex SHT binding in PTSD
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patients relative to trauma-unmatched controls have been shown to be driven by comorbidity with
major depressive disorder [566]. Similarly, it has been noted that while increased plasma cortisol
has generally not been observed generally in PTSD, this may not apply to individuals with
comorbid major depressive disorder [525].

Despite the unequivocal involvement of a number of biological systems in either
predisposition or unfolding of PTSD, still no definitive biomarker, MR-visible or otherwise, exists
for diagnosis, prognosis, or treatment monitoring. Incomplete biological understanding of PTSD
pathogenesis and symptomology is also evinced by the limited pharmacological treatment options
available. Despite a number of non-pharmacological therapies for PTSD, only two medications,
sertraline and paroxetine, both SSRIs, have been FDA-approved for the condition [532]. A recent
systematic review and meta-analysis of clinical trials suggested some treatment efficacy in not
only these two therapeutics but also a number of others, including antidepressants venlafaxine and
fluoxetine, atypical antipsychotics risperidone and quetiapine, and anticonvulsant topiramate [591],
though low rates of selective serotonin reuptake inhibitor (SSRI) treatment response and
subsequent disease remission have justified interest in potential therapeutics targeting the
glutamatergic rather than monoamine systems: for example, anticonvulsant lamotrigine, glutamate
modulator riluzole, NMDAR antagonist ketamine, and NMDA agonist D-cycloserine [592].

In addition to the as-yet incomplete armamentarium of pharmacologic interventions for
the condition, further motivating the utility of '"H MRS as a tool for examining the in vivo
neurobiology of PTSD is, similarly to progressive multiple sclerosis as discussed in Chapter 4, the
continued limitation of rodent models for the disease. Commonly employed paradigms for PTSD
induction in rodents that exhibit both some face validity (in surface appearance) and construct

validity (in underlying sequelae) for modeling the human condition include footshock plus
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additional stress, predator exposure, and single prolonged stress (SPS) [525]. Systematic analysis
of these and other PTSD rodent models against DSM-V criteria for PTSD has found inconsistent
support for their correspondence, especially in female rodents despite the greater published
prevalence of PTSD in women than men [518, 519], and concluded that no one model currently
captures the complexity of PTSD in humans [593]. Notably, while as mentioned a minority of
trauma-exposed individuals actually develop PTSD, in rodent exposure paradigms like SPS,
measured endpoints like reduced fear extinction retention can be observed in enough test subjects
to drive, without subsampling, a significant exposure-based cross-sectional statistic [594], raising
questions of construct validity. In addition, in humans PTSD has implicated possibly differential
roles of prefrontal subregions like the ventromedial prefrontal cortex and dorsal anterior cingulate
cortex, brain regions that do not appear in rodents, for which the closest functional homologues
with regard to fear conditioning are arguably the infralimbic and prelimbic cortices [525].
Toward the end of characterizing the present state and potential future of "H-MRS-based
contributions to understanding the metabolic manifestations and possibly underlying
pathophysiology of PTSD, the present literature review serves as an update and extension to two
previously published surveys of the 'H-MRS literature on PTSD, including a 2010 meta-analysis
of NAA, choline, creatine, and/or inositol findings in hippocampus and anterior cingulate cortex
[104] as well as a 2019 systematic review without meta-analysis of 24 research reports published
between 1998 and 2017 [105]. The present report includes a systematic review of all published
metabolite cross-sectional findings relative to control and correlations in PTSD as reported by
located records, as well as meta-analyses involving more recently published studies in all regions

and metabolites involving at least five reported comparisons with control.

185



Pu blmed .gov Cross-check

Karl and Werner, 2010

(PTSD OR "post-traumatic stress disorder") Quadrelli et al., 2018
AND
(MRS OR "magpnetic resonance spectroscopy”)
Conducted November 2020 N=0
Reiterated April 2021 i
Records located Publications accepted Publications reviewed
N=107 > N=32 — N=32
Records excluded
N=22
No experiments
N=21 1H MRS in PTSD Publications by Year
No MRS 5
N=16 , . X ’
Not PTSD 3
N = ﬂ ? 1 1 1 1 101 1 1 1 1
Not humans 1
0
N=4 P S '»""Q’O)'PQQ@&'\?&@&@&'\9&'@&@6\ '\9&'»“&«9@'»°0'»°0x°¢'»@'&'»Qé'\,&b@'o x&%x&o"@’&x&\,
N=1

Comorbid SARS

Figure 5.1. Records processing pipeline for systematic review of published proton magnetic resonance spectroscopy (H MRS) investigations of post-
traumatic stress disorder (PTSD). Initial records (N=107) were located via designated search terms on PubMed based on [105], following which abstracts were
screened for exclusion on the basis of not being a human 'H MRS case study of PTSD or case-control analysis with at least one healthy non-PTSD control.
Remaining studies (N=32) were cross-checked against an older systematic review [105] and meta-analysis [104] to confirm inclusion of all relevant studies in the
present investigation. SARS: Severe Acute Respiratory Syndrome.
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5.1.2. Methods

Literature review was conducted according to search terms described previously [105], including
all combinations of “post traumatic stress disorder” or “PTSD” with “magnetic resonance
spectroscopy” or “MRS.” This search yielded thirty-two unique publications that applied magnetic
resonance spectroscopy to at least one individual reported to have post-traumatic stress disorder;
this set was cross-checked with the previously mentioned 2019 systematic literature review [105]
and 2010 meta-analysis [104] to ensure that it encompassed all studies included in these two latter
reports. Studies were excluded if they did not report experiments (N = 22), did not use 'H MR
spectroscopy (N = 21) or examine PTSD patients (N = 16), humans (N = 11), include a matched
non-PTSD control group (N = 4), or involve non-psychiatric comorbidity (N=1) (Figure 5.1). One
exception to these exclusion criteria was a case study included for examination of methodological
variables [595].

For completeness all reported significant and null findings in cross-sectional metabolite
comparisons are described in the text; for simplicity only significant correlations are reported in
the text. For simplicity and because precise linguistic distinctions are often not made in the existing
literature, the designations N-acetyl aspartate (NAA), creatine (Cr), and choline (Cho) are used to
describe their respective common metabolite summations N-acetyl aspartate + N-acetyl
aspartylglutamate (total N-acetyl aspartate or tNAA), creatine + phosphocreatine (total creatine or
tCr), and choline + phosphocholine + glycerophosphocholine (total choline or tCho), respectively.

Random-effects meta-analysis [596] on the influence of PTSD on regional metabolite
concentration was conducted for all metabolites and brain regions exhibiting at least five published

cross-sectional analyses against either trauma-exposed or trauma-unmatched groups, with or
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Figure 5.2. Post-traumatic stress disorder (PTSD) has been associated with observed disparities from vatious controls over multiple biological levels of detail. Post-traumatic
stress disorder (PTSD) has been associated with allelic variations at multiple genetic loci; DNA methylation patterns and gene transcription patterns have also been reported to differ
with PTSD status and/or stress exposure. Disparate levels of multiple hormones and other biochemicals have been observed in saliva, blood, or cerebrospinal fluid (CSF), and differences
in autonomic reactivity to either trauma-related or -unrelated stimuli have been suggested via measures of electromyography (EMG), skin conductance, and heart rate. Brain regions
additionally examined by proton magnetic resonance spectroscopy ((H-MRS), such as the prefrontal cortex, hippocampus, and amygdala, have demonstrated abnormalities in volume,
neurotransmitter receptor binding, and patterns of BOLD contrast in PTSD. In assessing these reported differences, as in 1H-MRS findings, it should be noted that depending on study
design, biological differences observed between PTSD patients and control may elucidate predisposition to develop PTSD, effect of trauma exposure or PTSD pathology, or all of the
above. CRH: corticotrophin-releasing hormone; ACTH: adrenocorticotropic hormone; TSH: thyroid-stimulating hormone; AVP: arginine vasopressin; AlloP: allopregnanolone; CSF:
cerebrospinal fluid; ACC: anterior cingulate cortex; 5SHT: 5-hydroxytryptamine (serotonin); mGluRs: metabotropic glutamate receptor 5; CBiR: cannabinoid-1 receptor; GABAsR: GABA
receptor A; rACC: rostral anterior cingulate cortex; dACC: dorsal anterior cingulate cortex.
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without comorbidities. When PTSD groups were compared with both trauma-unmatched and
trauma-exposed or veteran controls in the same study, only comparisons with trauma-exposed or
veteran controls were included for meta-analysis. When PTSD groups with and without additional
comorbidities (e.g., alcohol use disorder, bipolar disorder) were compared against distinct matched
controls, both comparisons were included in meta-analysis. All statistics were conducted in R

version 4 (R Foundation for Statistical Computing, Vienna, Austria).

5.1.3. Results

Methodological Overview. N=33 PTSD vs. control comparisons from N=28 studies were assessed
for average age of the PTSD group as well as age-matching between PTSD and control. Four
studies [597-599] did not provide patient group age means or was a case study with no control
[595], and were excluded from age analysis. PTSD group average ages most frequently represented
the 30-40 year range and demonstrated a marginal trend to increase relative to control (random-
effects model standardized mean difference 0.11 = 0.062, p =0.09) (Figure 5.3A). While N=10
studies not including the case study on a single male patient [595] included all-male PTSD cohorts,
N=3 studies included all-female PTSD cohorts, with a median 2% decrease in control versus PTSD
percent women among those N=13 studies that did not exhibit sex-matched groups (Figure 5.3B).
N=4 of 32 studies acquired data at 4 Tesla field strength, while none had been conducted at 7 Tesla
or above (Figure 5.3C). N-acetyl aspartate (N=67), choline (N=37), creatine (N=25), and
myoinositol (N=17) comprised the majority of metabolite concentrations reported, particularly in
non-cortical voxels, with a minority of comparisons involving glutamate and/or glutamine (N=13),
GABA (N=7), glutathione (N=2), or other resonances including fucoses and lipids (N=1) (Figure

5.3D).
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Regional cross-sectional metabolite findings (Figure 5.4) and correlations (Figure 5.5)

were observed as follows.

Frontal Cortex (non-ACC). In humans the frontal cortex comprises the six cortical layers of the
brain’s frontal lobe and is thought to be involved in a large number of executive processes
integrating and mediating activity in other brain regions. Regions of the prefrontal cortex (PFC) in
particular have been implicated in PTSD vulnerability and/or pathogenesis for their connections
with the hippocampus and amygdala that together regulate fear learning and memory [533]. PTSD
has been previously associated with alterations in grey-matter volumes in medial prefrontal cortex
[556] and pre- to post-trauma changes in orbitofrontal cortex [559] as well as losses of white-
matter integrity in frontal cortex regions including the cingulum bundle and uncinate fasciculus
[533, 563]. Alterations have been seen in frontal cortex metabotropic glutamate receptor density
[569] as well as either heightened (dorsomedial prefrontal) [533] or diminished (ventromedial
prefrontal) [577] activity responses to traumatic and neutral stimuli, and it has been hypothesized
that glutamatergic excitotoxicity in this region may play a role in PTSD pathogenesis [600].

In frontal and periventricular white matter, NAA/Cr has exhibited no abnormality [601]
(versus trauma-unmatched control, HC); similarly, in left dorsolateral PFC, NAA/Cr has also
exhibited no abnormality [600] (versus trauma-exposed control, TEC).

In frontal and periventricular white matter, Cho/Cr has exhibited no abnormality [601]
(HC). In left dorsolateral prefrontal cortex (PFC) Glu/Gln has also demonstrated no abnormality
[600] (TEC).

By contrast, in left dorsolateral PFC GABA/Cr has exhibited increases [600] (TEC);

GSH/Cr has also exhibited increases [600] (TEC). Left dorsolateral prefrontal cortex GSH/Cr
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correlated positively with PTSD duration [600].

Anterior Cingulate Cortex. The anterior cingulate cortex overlaps with portions of both
ventromedial and dorsomedial prefrontal cortex, both of which have demonstrated structural and
functional abnormality in PTSD [533]. In addition to grey-matter volume reductions [556]
interpreted as either acquired difference [558] or predisposing factor [559], the ACC in PTSD
patients has also demonstrated reduced p-opioid receptor binding [570] and increased task-based
fMRI or PET contrast in fear-conditioning, emotional interference, and other cognitive paradigms
[525], though some observations of decreased BOLD fMRI-measured activity within the general
context of the medial PFC during visual presentation of fearful faces have been made [578]. It is
thought that with roles in fear conditioning and extinction, the dACC in particular could contribute
to PTSD vulnerability and/or pathogenesis [602], with local functional abnormalities possibly
contributing to disruptions in the salience network leading to hypervigilance [603].

In the anterior cingulate cortex of individuals with PTSD relative to control, NAA/Cr has
exhibited decreases [597, 599, 604] (HC) [605] (TEC+HC) or no abnormality [606] (HC) [600,
607, 608] (TEC). NAA referenced otherwise has demonstrated increases [609] (TEC), decreases
[610] (HC)[611][612] (TEC), unilateral decreases (right only) [605] (TEC+HC), trend to decrease
[613] (HC), or no abnormality [602] (HC), (TEC). Individuals with both PTSD and alcohol use
disorder (AUD) demonstrated no NAA changes in this region relative to PTSD control [613].
Anterior cingulate cortex NAA correlated negatively with CAPS symptom re-experience scores in
PTSD [610] and CAPS arousal scores in PTSD [611, 613]. Anterior cingulate cortex NAA has also
demonstrated a negative correlation with time since trauma as well as a trend to negative

correlation with CAPS total score in PTSD [609].
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Anterior cingulate cortex creatine has exhibited no abnormality [602, 610, 613] (HC) [602,
609, 611, 612] (TEC). Individuals with PTSD and AUD demonstrated no creatine changes in this
region relative to PTSD control [613]. Anterior cingulate cortex creatine correlated negatively with
CAPS arousal scores in PTSD [611, 613]. It has also demonstrated a significant negative regression
coefficient with auditory verbal learning test (AVLT) immediate recall scores, as well as a trend to
negative regression coefficient with auditory verbal learning test delayed recognition scores, in
trauma-exposed controls but not PTSD patients [612].

Anterior cingulate cortex Cho/Cr has demonstrated increases [597] (HC) [607] (TEC) or
no abnormality [599, 604, 607] (HC) [608] (TEC). Choline has exhibited no abnormality [602,
610] (HC) [602, 609, 611, 613] (TEC). Individuals with both PTSD and AUD demonstrated
choline reductions in anterior cingulate cortex relative to PTSD control [613].
Anterior cingulate cortex mIns/Cr has demonstrated increases [607] (TEC) or no abnormality [607]
(HC) [608] (TEC). Myoinositol has demonstrated increases [609] (TEC) or no abnormality [602,
610] (HC) [602, 611-613] (TEC). Individuals with both PTSD and AUD demonstrated myoinositol
reductions in anterior cingulate cortex relative to PTSD control [613]. Anterior cingulate cortex
myoinositol correlated negatively with CAPS total scores, CAPS arousal scores, and CAPS
intrusion scores in PTSD [611] and reported again with CAPS intrusion scores in PTSD [613].

Anterior cingulate cortex GIx/Cr has exhibited decreases [608] (TEC), while GIx has
exhibited no significant abnormality [609] (TEC). Similarly, glutamate has exhibited no significant
abnormality [602] (HC) [602, 611-613] (TEC). Individuals with both PTSD and AUD
demonstrated glutamate reductions in anterior cingulate cortex relative to PTSD control [613].
Anterior cingulate cortex glutamate correlated negatively with CAPS arousal scores in PTSD [611,

613]. It was additionally found to correlate negatively with CAPS total scores [613]. Finally,
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Figure 5.3. Overview of current literature on 'H MRS in post-traumatic stress disorder (PTSD) by study design, hardware, and reported significant or null findings
by metabolite and brain region. Currently published reports on 'H MRS in PTSD cover a broad range of patient ages, with a smaller relative number of investigations into
pediatric or getiatric participants, and generally demonstrate small disparities in age between groups under study for analyses reporting experimental group ages (random-effects
standardized mean difference SMD 0.11, range -0.02-0.23; N = 33 comparisons from 27 studies) (A). The number of 'H MRS analyses examining male-only participants is higher
than the reverse, with a slight skew toward more male control groups in the few studies that demonstrated uneven between-group sex-matching (B). The great majority of existing
IH-MRS investigations of PTSD have been conducted at 1.5 and 3 T, field strengths that do not typically enable the straightforward separation of signals from neurotransmitter
glutamate from those of its metabolic byproduct glutamine (C). Especially in hippocampus, for which voxel placement and size may contribute to challenging spectral
quantification of lower-signal metabolites, the 'H-MRS literature on PTSD is currently dominated by N-acetyl aspartate (NAA), free cholines (Cho), creatine (Cr), and myoinositol
(mlns), with only a few investigations on neurotransmitters glutamate (Glu) and GABA or endogenous antioxidant glutathione (GSH) despite putative roles in excitatory/inhibitory
imbalance and neurodegeneration potentially important to regional anatomical and functional alterations previously observed in PTSD (D). Gln: glutamine; Glx: glutamate +

glutamine.
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glutamate correlated positively with anterior cingulate creatine and NAA in PTSD [611]. By
contrast, anterior cingulate cortex glutamine has exhibited decreases [602] (HC) or null results
[602] (TEC). Glu/GIn has exhibited no abnormality [600] (TEC).

GABA/Cr has exhibited increases [600] (TEC) or no abnormality [606] (HC). GABA has
exhibited decreases [602] (HC) or no abnormality [602, 611, 613] (TEC). Individuals with both
PTSD and AUD demonstrated GABA increases in anterior cingulate cortex relative to PTSD
control [613]. Anterior cingulate cortex GABA exhibited a tendency to negative correlation with
Insomnia Severity Index (ISI) in PTSD [611] as well as negative correlations with composite

CAPS sleep symptom scores in PTSD [602]. GSH/Cr has exhibited increases [600] (TEC).

Basal Ganglia. The basal ganglia are a cluster of subcortical grey-matter nuclei comprising the
striatum (caudate and putamen, with overlapping nucleus accumbens) and the globus pallidus. One
previous study has targeted this region due to its proximity to the temporal lobes, also associated
with a number of PTSD-associated metabolic abnormalities (below) while maintaining greater
separation from the hippocampus enabling larger voxel size without partial-volume contamination
from this other grey-matter region, as well as for its putative vulnerability to hypoxic damage and
exposure to toxic metals [601].

In left basal ganglia of individuals with PTSD relative to control, NAA/Cr has exhibited

decreases [601] (HC). Cho/Cr has exhibited no abnormality [601] (HC).

Occipital Cortex. The occipital cortex is a large posterior cortical region thought to predominantly
comprise circuitry responsible for visual processing. While PTSD-specific hypotheses regarding

this brain area are sparse and it has therefore served as a control region for hypothesis-driven
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Figure 5.4. Findings of significant difference from control in TH-MRS-visible brain metabolites for patients with post-traumatic stress disorder (PTSD). General
decreases in N-acetyl aspartate (INAA) in PTSD relative to trauma-exposed ot -unmatched control groups have been observed predominantly in antetior cingulate cortex and
hippocampus, while NAA increases in the amygdala have also been reported by one study. Differences from control in choline (Cho), when observed, have tended to be positive,
also in anterior cingulate cortex and hippocampus, while decreases in choline have been observed in the medial temporal lobe. Regional effects of PTSD on common quantification
reference metabolite creatine (Cr) have varied by region, with decreases reported in hippocampus and parieto-occipital cortex and increases in amygdala. Myoinositol (mIns) has
been reported to increase in both anterior cingulate cortex and amygdala. Only a few studies have examined excitatory neurotransmitter glutamate to show increases in medial
temporal lobe and hippocampus but decreases in both glutamate + glutamine (Glx) and glutamine (Gln) in anterior cingulate cortex. Reported alterations in GABA have similarly
varied by region, with decreases reported in insula, medial temporal lobe, and parieto-occipital cortex; increases in dorsolateral prefrontal cortex; and mixed findings in anterior
cingulate cortex. Only two published findings have been reported for GSH, both increases, in dorsolateral prefrontal and anterior cingulate cortices. Studies of additional
metabolites, such as sugars and lipids measurable by 2D J-resolved proton spectroscopy reported in [614], have been limited.
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research [607, 615], metabolite concentration abnormalities in parieto-occipital regions have been

reportedly observed in anxiety and mood disorders, also impelling their targeted exploration in
PTSD [611, 613]. In addition, the occipital cortex tends to lie close to radiofrequency receive coils
and does not exhibit the steep transitions in magnetic susceptibility between tissue and air cavities
that can influence data acquired from temporal and especially frontal regions, justifying the
examination of this region for methodological convenience.

In the occipital cortex of individuals with PTSD relative to control, NAA/Cr has exhibited
no abnormality [607] (HC) [607] (TEC). In the occipital or parieto-occipital cortex maximizing
either grey or white matter, NAA referenced otherwise has exhibited no abnormality [615] (HC)
[611, 613] (TEC). Individuals with both PTSD and AUD demonstrated no NAA changes in parieto-
occipital grey matter relative to PTSD control [613].

In parieto-occipital grey matter creatine has exhibited no abnormality [611, 613] (TEC),
while in bilateral white matter it has exhibited decreases [615] (HC). Individuals with PTSD and
AUD demonstrated no creatine changes in parieto-occipital cortex relative to PTSD control [613].
Parieto-occipital creatine has correlated negatively with CAPS intrusion scores in PTSD [613].

Cho/Cr in left occipital grey matter demonstrated no abnormality [607] (HC) [607] (TEC).
Parieto-occipital grey or occipital white matter choline has similarly demonstrated no abnormality
[615] (HC) [611, 613] (TEC). Individuals with both PTSD and AUD demonstrated no choline
changes in parieto-occipital cortex relative to PTSD control [613]. Parieto-occipital choline
correlated positively with Insomnia Severity Index in PTSD [613].

mlns/Cr in left occipital grey matter has demonstrated no abnormality [607] (HC) [607]
(TEC). In parieto-occipital grey matter myoinositol otherwise referenced has demonstrated no

abnormality [611, 613] (TEC). Individuals with both PTSD and AUD demonstrated no
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Figure 5.5. Findings of significant correlation, regression coefficient, or bivariate association between 1H-MRS-measured brain metabolites with each other or
other measures in post-traumatic stress disorder (PTSD) and/or control groups. Because proton magnetic resonance spectroscopy ({H MRS) experiments measure
multi-functional small molecules in large (>1 cm?3) heterogeneous voxels containing many different types of tissue, cell, and associated functional circuitry, correlations between
measured metabolite concentrations and anatomical or cognitive measures or clinically relevant variables like symptom reports are useful for interpreting putative metabolite
findings in '"H-MRS studies of disease. The majority of such reported correlations have pertained to clinician-administered PTSD scale (CAPS) indices like arousal, intrusion,
symptom re-experience, or total score. Other correlates have included self-reported insomnia indices, magnetic resonance imaging (MRI)-measured brain region volumes,
memory performance, and other metabolites, though the latter may also sometimes indicate relationships introduced by quantification method rather than findings of
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myoinositol alterations in parieto-occipital cortex relative to PTSD control [613]. Parieto-occipital
grey-matter myoinositol correlated negatively with CAPS intrusion scores in PTSD [611].

Parieto-occipital grey-matter glutamate has demonstrated no abnormality [611, 613]
(TEC). Individuals with both PTSD and AUD demonstrated no glutamate changes in parieto-
occipital cortex relative to PTSD control [613]. Parieto-occipital grey-matter glutamate correlated
negatively with Insomnia Severity Index in PTSD [611, 613]. It also correlated positively with
corresponding creatine and NAA in PTSD and with choline in PTSD and combined PTSD +
trauma-exposed control groups [611].

Parieto-occipital GABA has demonstrated decreases [611, 613] (TEC). Individuals with
both PTSD and AUD demonstrated no GABA changes in parieto-occipital cortex relative to PTSD
control [613]. Parieto-occipital GABA correlated negatively with Insomnia Severity Index in
PTSD and with Beck Depression Inventory score in both PTSD and trauma-exposed control
groups [611, 613]. GABA was also negatively correlated with parieto-occipital glutamate in PTSD

[611].

Parietal Cortex. While, like the occipital cortex, the parietal cortex has been implicated in a
minimum of hypothesis-driven '"H-MRS research into PTSD, it has been involved in one study of
periventricular white matter [601]. It also houses the posterior cingulate gyrus, the preferred first
target of 2D COrrelated SpectroscopY (COSY) for its proximity to the radiofrequency receive
hardware employed [614].

In right parietal periventricular white matter of individuals with PTSD relative to control,
NAA/Cr has exhibited no abnormality [601] (HC).

Parietal Cho/Cr has also exhibited no abnormality [601] (HC).
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In posterior cingulate gyrus PTSD patients have demonstrated increases in the imidazole
moiety visible on histamine, histidine, and homocarnosine (IMI-1); fucosylated glycans including
t-fucose, fucose IV, and fucose VI; and lipid HC=CH-CH>—CH>—-CH3 [614] (HC). Posterior

cingulate gyrus IMI-1 positively correlated with CAPS-E hyperarousal and reactivity scores [614].

Insula (right). The insula correspond to Brodmann Areas 13 through 16, each located deep in the
bilateral Sylvian fissures beneath the corresponding opercula, and are reportedly connected with
several brain regions demonstrating associations with PTSD, including the prefrontal cortex,
anterior cingulate gyrus, hippocampus, and amygdala [616]. They are also thought to be involved
in emotional recall and have, among other regions, demonstrated regional cerebral blood flow
signals correlating positively with severity of PTSD-associated flashbacks [617], justifying their
exploration by '"H MRS [589].

In the right insula of individuals with PTSD relative to control, NAA/Cr has exhibited no
abnormality [589] (HC) [589, 606] (TEC). NAA has also exhibited no abnormality [589] (HC)
[589] (TEC).

Creatine has exhibited no abnormality [589] (HC) [589] (TEC).

GABA/Cr has exhibited decreases [606] (HC). GABA/Cr correlated negatively with both
log-transformed trait anxiety and state anxiety [606].

In the left insula, NAA/Cr has exhibited no abnormality [589] (HC) [589] (TEC). NAA
has also exhibited no abnormality [589] (HC) [589] (TEC).

Similarly to reports on the right insula, left insula creatine has exhibited no abnormality

[589] (HC) [589] (TEC).
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Temporal lobe (right). The temporal lobe is the seat of both the hippocampus and the amygdala,
subcortical structures that have both demonstrated a number of structural and functional
abnormalities in PTSD. The subcortical hippocampus within the medial temporal lobe has
generally been the target of proton spectroscopy voxels located in the temporal lobe, including
within one group choosing the nomenclature “temporal cortex” instead [611, 613].

In the right medial temporal lobe of individuals with PTSD relative to control, NAA/Cr
has exhibited decreases [618] (versus veteran control, VC) or no abnormality [619] (VC) [620]
(TEC). In the right temporal cortex, NAA has exhibited no abnormality [611, 613] (TEC).
Individuals with PTSD and AUD demonstrated NAA reductions in this region relative to PTSD
control [613]. Right medial temporal lobe NAA/Cr correlated positively with CAPS symptom re-
experience scores in PTSD but not control subjects [620].

In right temporal cortex creatine has exhibited no abnormality [611, 613] (TEC).
Individuals with PTSD and AUD demonstrated no creatine changes in right temporal cortex
relative to PTSD control [613].

Cho/Cr has demonstrated no abnormality [618] (VC) [620] (TEC). Choline has
demonstrated no abnormality [611, 613] (TEC). Individuals with PTSD and AUD demonstrated
choline decreases in right temporal cortex relative to PTSD control [613]. Right temporal cortex
choline correlated negatively with CAPS total score and CAPS arousal score as well as positively
with Insomnia Severity Index in PTSD [613].

mlns/Cr has demonstrated no abnormality [620] (TEC). Myoinositol has demonstrated no
abnormality [611, 613] (TEC). Individuals with both PTSD and AUD demonstrated a trend to
myoinositol reductions in right temporal cortex relative to PTSD control [613]. Right lateral

temporal cortex grey-matter myoinositol correlated negatively with CAPS intrusion scores in
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PTSD [611].

Right temporal cortex glutamate has demonstrated increases [611, 613] (TEC). Individuals
with both PTSD and AUD demonstrated glutamate reductions in right temporal cortex relative to
PTSD control [613]. Right temporal grey-matter glutamate also correlated positively with
corresponding creatine and NAA in PTSD [611].

Right temporal cortex GABA has demonstrated decreases [611] (TEC) or null results [613]
(TEC). Individuals with both PTSD and AUD demonstrated no GABA changes in right temporal

cortex relative to PTSD control [613].

Temporal lobe (left). In left medial temporal lobe, NAA/Cr has exhibited a trend to decrease [620]
(TEC) or no abnormality [618, 619] (VC). Left medial temporal lobe NAA/Cr correlated positively
with CAPS symptom re-experience scores in PTSD but not control subjects [620].

Cho/Cr has demonstrated decreases [618] (VC) or no abnormality [620] (TEC).

mlns/Cr has demonstrated no abnormality [620] (TEC).

Hippocampus (right). The hippocampus is a subcortical structure implicated in the encoding of
spatial information as well as long-term episodic memories [621]. In PTSD patients it has
demonstrated altered white-matter integrity [563] and volumetric decreases [556], the latter across
both non-dissociative and dissociative symptomatic presentations of disease [533] and possibly
associated with either PTSD predisposition [527, 557] and/or development [558]. PTSD has also
been linked with reduced bilateral hippocampal GABAA benzodiazepine receptor binding [567]
but fMRI- or PET-visible functional abnormalities of inconsistent polarity [525] depending on task

and statistical details [585]. Abnormalities in hippocampal function, with those also seen in the
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medial prefrontal cortex, are thought to underlie degradations of fear extinction in PTSD
symptomology [603].

In the right hippocampus of individuals with PTSD relative to control, NAA/Cr has
exhibited decreases [597, 599, 622] (HC) [623] (TEC) or no abnormality [589] (HC) [624, 625]
(VC) [589, 624, 626] (TEC). NAA has exhibited decreases [610, 627, 628] (HC) [623] (TEC) or
no abnormality [589, 615] (HC) [589] (TEC). Right hippocampal NAA/Cr correlated negatively
with serum cortisol in PTSD [622]. Similarly, right hippocampus NAA correlated negatively with
CAPS symptom re-experience scores in PTSD [610, 623]. It also exhibited a bivariate association
negative with CAPS total score and a trend to positive association with left entorhinal cortex
volume in combined PTSD + control cohorts [628].

Creatine has exhibited decreases [627] (HC) or no abnormality [589, 610] [615] (HC) [589]
(TEC).

Cho/Cr has demonstrated increases [599] (HC) or no abnormality [597, 622] (HC) [624]
(VC) [624] (TEC). Choline has demonstrated no abnormality [610, 627] [615] (HC). Right
hippocampal Cho/Cr has correlated positively with CAPS total score and with CAPS-B symptom
re-experience scores in PTSD [622].

Myoinositol has demonstrated no abnormality [610] (HC).

Glu/Cr has demonstrated increases [623] (TEC). Glutamate has also demonstrated
increases [623] (TEC). Right hippocampal glutamate and Glu/NAA but not Glu/Cr correlated
positively with CAPS symptom re-experiencing score in PTSD [623]. Right hippocampal
Glu/NAA also correlated positively with trauma load in PTSD but not trauma-exposed controls

[623].
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Hippocampus (left). In the left hippocampus of individuals with PTSD relative to control, NAA/Cr
has exhibited decreases [597, 599, 622] (HC) [625] (VC) [626] (TEC) or no abnormality [589]
(HC) [624] (VC) [589, 623, 624, 627] (TEC). NAA has exhibited decreases [610, 615, 628] (HC)
[623] (TEC) or no abnormality [589] (HC) [589, 612] (TEC). It has also correlated negatively with
CAPS total score, with CAPS-b symptom re-experiencing score, CAPS-C score, and CAPS-D
hyperarousal score in PTSD [622]. Similarly, left hippocampus NAA associated negatively with
CAPS symptom re-experience scores in PTSD [610, 623]. It has also exhibited a significant
negative regression coefficient with auditory verbal learning test-delayed recall scores in trauma-
exposed controls but not PTSD patients [612]. Additionally, NAA exhibited a bivariate association
negative with CAPS total score, positive with left entorhinal cortex volume, and positive with
salivary levels pre- and post- dexamethasone administration in combined PTSD + control cohorts
[628].

Left hippocampal creatine has exhibited a trend to decrease [615] (HC) or no abnormality
[589, 610, 627] (HC) [589] (TEC).

Left hippocampal Cho/Cr has demonstrated increases [599] (HC) or no abnormality [597,
622] (HC) [624] (VC) [624] (TEC). Choline has demonstrated no abnormality [610, 627] [615]
(HC). Left hippocampal Cho/Cr has been showed separately to negatively correlate with CAPS-C
score [622].

Left hippocampal myoinositol has demonstrated no abnormality [610] (HC).

Left hippocampal GIlx has demonstrated no abnormality [612] (TEC). Glu/Cr has
demonstrated no abnormality [623] (TEC). Glutamate has also demonstrated no abnormality [612,

623] (TEC).
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Hippocampus (bilateral). In hippocampus taken bilaterally NAA/Cr has exhibited either decreases
[605] (TEC+HC) or no abnormality [629] (VC). NAA has exhibited no abnormality [605]

(TEC+HC) [629] (VC).

Amygdala. The amygdala comprises two almond-shaped subcortical structures located in the
bilateral medial temporal lobes and is implicated in the integration of sensory information,
predicted threats, and ensuing emotional and behavioral responses. As such, the amygdalae exhibit
connections with the hippocampus and multiple regions in the prefrontal cortex, with which they
are thought to regulate the learning and memory of fear [533]. PTSD has been associated with both
volumetric increases [561] and decreases [560] in the amygdala or its various nuclei [562].
Reductions in amygdalar grey-matter volume have also been observed in PTSD precipitated by
either single or prolonged trauma [556]. Reduced binding of both SHT transporter [565] as well as
SHTisR [566] has also been observed in PTSD, as has differential response from control to
injection of hydrocortisone in both the laterality of dorsal amygdala glucose consumption and
subsequent working memory performance [574]. Functional studies tend to demonstrate
amygdalar hyperactivity [525, 583] in concert with ventromedial prefrontal cortex hypoactivity
[533] during fear acquisition or presentation of both trauma-related and unrelated stimuli in PTSD,
with the polarity of alterations possibly flipped in patients demonstrating a dissociative subtype of
disease [533, 584] as well as possibly different activation during fear conditioning in ventral
anterior amygdala (hyperactivity) versus dorsal posterior amygdala (hypoactivity) in PTSD
compared to other anxiety disorders [575].

In the amygdala of individuals with PTSD relative to control, NAA has exhibited increases

on the right side only [630] (TEC) or no abnormality [609] (TEC) [598] (controls with borderline
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Anterior Cingulate Cortex

NAA:tCr
Source SMD (95% Cl)
Guoetal., 2011 -1.43[-1.87,-0.99]

Michels etal., 2014 -0.67 [-1.44; 0.09]
De Bellis et al., 2000 -0.60 [-1.46; 0.26]
Seedatetal., 2005  -0.24[-1.23; 0.75]
Yang et al., 2015 -0.22[-0.98; 0.54]
Rossoetal., 2014 -0.11[-0.88; 0.66]

Pooled -0.60 [-1.16; -0.05]
Prediction interval [-2.15; 0.94]
Heterogeneity

Q=14.76, p=0.01; I = 66.1%

Figure 5.6. Random-effects model of group differences between post-traumatic stress disorder (PTSD) and control in 'H-MRS-measured anterior cingulate cortex
metabolite concentrations examined by five or more independent published investigations. Random-effects models across the listed studies demonstrated significantly lower
anterior cingulate cortex N-acetyl aspartate (NAA) in PTSD when referenced to total creatine (tCr) (pooled standardized mean difference -0.60, 95% CI -1.16 to -0.05, p=0.04) but
not otherwise. No significant effect of PTSD was discerned for anterior cingulate cortex glutamate (Glu) or glutamate + glutamine (Glx). Between-study heterogeneities were higher
for NAA reports than those for Glx or Glu findings regardless of quantification reference. Because study pools from [611] and [613] exhibited ovetlap, only values from [613] were
reported here. When PTSD groups were compared with both trauma-unmatched and trauma-exposed or veteran controls in the same study, only comparisons with trauma-exposed
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or veteran controls were included in this analysis.

Source SMD (95% CI)
Ham et al., 2007 -1.05[-1.63; -0.46]

Schuff et al., 2008 (AUD+) -0.67 [-1.24; -0.10]
Schuff et al., 2008 (AUD-) -0.67 [-1.22; -0.11]
Pennington et al., 2014~ -0.63 [-1.31; 0.05]

Shin etal., 2017 -0.06 [-0.61; 0.49]
Sheth et al., 2019 0.31[-0.29; 0.91]
Suetal., 2018 0.61[0.28; 0.94]
Pooled -0.29[-0.86; 0.28]
Prediction interval [-2.04; 1.46]
Heterogeneity

Q=39.77, p < 0.0001; I = 84.9%
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Glx, Glu

Source SMD (95% CI)
Pennington et al.,, 2014 -0.31[-0.98; 0.35]
Suetal, 2018 -0.20[-0.52; 0.12]
Sheth et al., 2019 -0.14[-0.74; 0.45]
Hamett et al., 2017 -0.03[-0.67; 0.62]
Shinetal., 2017 0.06 [-0.49; 0.61]
Pooled -0.14[-0.30; 0.02]
Prediction interval [-0.32; 0.04]
Heterogeneity

Q=1.02, p=0.9; '=0.0%
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personality disorder BPD). A trend to positive correlation between left amygdalar NAA and age
was found in pediatric PTSD patients [630].

Amygdalar creatine has exhibited increases on left side only [609] (TEC), increases on
right side only [630] (TEC), or no abnormality (left side) [598] (controls with BPD).

Amygdalar choline has demonstrated increases on right side only [630] (TEC) or no
abnormality bilaterally [609] (HC) or on the left side [598] (controls with BPD).

Amygdalar myoinositol has demonstrated increases on right side only [609, 630] (TEC).
Right amygdalar myoinositol correlated positively with duration since trauma in pediatric PTSD
patients [630].

Bilateral amygdalar Glx has demonstrated no abnormality [609] (TEC).

Meta-analysis of anterior cingulate cortex and bilateral hippocampus metabolite findings. We
conducted meta-analyses for all regions and metabolites for which at least five previously
published cross-sectional comparisons were present, which included NAA (seven), NAA/Cr (six),
and Glx (five) in the anterior cingulate cortex as well as NAA (seven, six) or NAA/Cr (seven, six)
in the left and right hippocampus, respectively.

Random-effects models demonstrated significantly lower anterior cingulate cortex NAA
in PTSD when referenced to creatine (k=6 studies; pooled standardized mean difference -0.60, 95%
CI -1.16 to -0.05, p=0.04) but not otherwise (k=7 studies). No significant effect of PTSD was
discerned for anterior cingulate cortex glutamate (k=5 studies). Between-study heterogeneities
appeared to be higher for NAA (NAA Q=14.76, p=0.01, 1’=66.1%; NAA/Cr Q=39.77, p<0.0001,
1’=84.96%) reports than those for Glx or Glu findings (Q=1.02, p=0.9, 1°<0.01%) regardless of

quantification reference. Because study pools from [611] and [613] exhibited overlap, only values
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Left Hippocampus
NAA:tCr

Source

Shuetal., 2013
Menon et al., 2003
Lietal., 2006
Guoetal., 2012
Rosso et al., 2017
Eckartetal., 2012
Freeman et al., 2006

Total (random effects)

SMD (95% Cl)
-2.21[-3.32; -1.11]
-2.16 [-3.33; -1.00]
-1.93[-2.93; -0.93]
-1.42[-1.86; -0.98]
-0.33[-0.90; 0.25]
0.12[-0.54; 0.78]

0.24 [-0.64; 1.42]

-1.03 [-2.02; -0.05]

Prediction interval [-3.50; 1.44]

Heterogeneity

Q=238.79, p < 0.0001; I' = 84.5%
Right Hippocampus

NAA:tCr

Source SMD (95% Cl)

Shuetal., 2013
Guoetal., 2012
Rosso et al., 2017
Menon et al., 2003
Freeman et al., 2006
Eckart et al., 2012

Total (random effects)
Prediction interval
Heterogeneity

152 [-2.49; ~0.55]
-1.39[-1.83; ~0.95]
-1.03 [-1.64; -0.42]
-0.88[-1.84; 0.07]
0.12 [-0.76; 1.00]
0.24 [-0.42; 0.90]

-0.75 [-1.54; 0.04]
[-2.79; 1.29]

Q=22.98, p=0.0003; I = 78.2%
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NAA

Source

Villarreal et al., 2002
Schuff et al., 2001
Neylan et al., 2003
Ham et al., 2007
Rosso et al., 2017
Eckartet al., 2012
Shin et al., 2017

Total (random effects)
Prediction interval
Heterogeneity

SMD (95% CI)
163 [-3.03;-0.23]
110 [-1.80; ~0.40]
-1.03[-194;-0.13]
-0.98 [-1.57; -0.40]
-0.78 [-1.37; -0.18]
-055[-1.22; 0.12]
-0.31[-0.88; 0.26]

-0.78 [-1.11; -0.46]
[-1.15: -042]

Q=6.10,p=04; P =1.7%

NAA

Source

Neylan et al., 2003
Schuff et al., 2001
Ham et al., 2007
Rosso et al., 2017
Eckartet al., 2012
Villarreal et al., 2002

Total (random effects)
Prediction interval
Heterogeneity

SMD (95% CI)
-1.14 [2.06; -0.23]
-1.10 [-1.79; -0.40]
-0.98 [-1.57; -0.40]
-0.87 [1.47;-0.27]
-0.13[-0.78; 053]
0.15[=0.97; 1.27]

-0.73[-1.25;-0.22]
[-1.74; 0.27]

Q=835,p=0.1;=401%
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Figure 5.7. Random-effects model of group differences between post-traumatic stress disorder (PTSD) and
control in TH-MRS-measured hippocampal metabolite concentrations examined by five or more independent
published investigations. Random-effects models across the listed studies demonstrated significantly lower left but
not right hippocampus N-acetyl aspartate (NAA) in PTSD when referenced to total creatine (tCt) (pooled standardized
mean difference -1.03, 95% CI -2.02 to -0.05, p=0.04), while NAA referenced otherwise demonstrates significant effect
for both left (pooled standardized mean difference -0.78, 95% CI -1.11 to -0.46, p=0.001) and right (pooled standardized
mean difference -0.73, 95% CI -1.25 to -0.22, p=0.01) hippocampus. Between-study heterogeneities were higher for
studies of hippocampal NAA when creatine was used as a reference than when it was not. When PTSD groups were
compared with both trauma-unmatched and trauma-exposed or veteran controls in the same study, only comparisons
with trauma-exposed or veteran controls were included in this analysis.
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from [613] were reported here (Figure 5.6).

In addition, random-effects models demonstrated significantly lower left but not right
hippocampus N-acetyl aspartate (NAA) in PTSD when referenced to creatine (left k=7 studies;
pooled standardized mean difference -1.03, 95% CI -2.02 to -0.05, p=0.04; right k=6 studies),
while NAA referenced otherwise demonstrated significant effect for both left (k=7 studies; pooled
standardized mean difference -0.78, 95% CI -1.11 to -0.46, p=0.001) and right (k=6 studies; pooled
standardized mean difference -0.73, 95% CI -1.25 to -0.22, p=0.01) hippocampus. Between-study
heterogeneities appeared to be higher for studies of hippocampal NAA when creatine was used as
a reference (left hippocampus NAA/Cr Q=38.79, p<0.00011, 1°=84.5%; right hippocampus
NAA/Cr Q=22.98, p=0.0003, 1>’=78.2%) than when it was not (left hippocampus NAA Q=6.10,

p=0.4, 1’=1.7%; right hippocampus NAA Q=8.35, p=0.1, 1>=40.1%) (Figure 5.7).

5.1.4. Discussion

Here we have reviewed the proton magnetic resonance spectroscopy literature targeted to
comparisons of individuals with PTSD and either trauma-exposed or trauma-unmatched controls
to find N=32 publications, including 31 cross-sectional studies and one case report included for
methodological considerations, fitting our inclusion criteria.

While the current PTSD 'H MRS literature exhibits age- and sex-matching between
experimental and control groups increased relative to the currently available '"H MRS literature of
at least one other disease [24], the distribution of ages previously studied is not uniform (Figure
5.3A), and the distribution of sex previously studied is heavily skewed toward male participants
(Figure 5.3B) despite a lifetime prevalence in women potentially double that of men as previously

reported [518, 519]. In addition, hardware fields employed by reviewed 'H MRS analyses of PTSD
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do not exceed 4 Tesla (Figure 5.3C), which may contribute to the relative skew of reported
metabolite comparisons toward traditionally high-SNR singlets like NAA, creatine, and choline as
detailed below.

Meta-analyses for all regions and metabolites for which at least five previously published
cross-sectional comparisons were present included NAA and NAA/Cr in the anterior cingulate
cortex and bilateral hippocampus as well as GIx in the anterior cingulate cortex; no other
metabolites in any other region passed this k=5 threshold of published studies.

As concluded for a recent similar review of the literature on multiple sclerosis [24],
regional decreases in N-acetyl aspartate are potentially too nonspecific and insensitive to serve as
a biomarker for PTSD vulnerability, development, or treatment response. Abnormal decreases in
anterior cingulate NAA or NAA/Cr have also been reported by meta-analysis of studies on first-
episode psychosis [631] and autism spectrum disorders [632]; reductions in hippocampal NAA or
NAA/Cr have additionally been observed in meta-analyses on schizophrenia [631], fibromyalgia
[633], obstructive sleep apnea [634], mild cognitive impairment [635], and Alzheimer’s disease
[636]. The heavy focus of currently published 'H MRS literature in PTSD on N-acetyl aspartate
therefore in principle limits the application of its findings to the development of 'H-MRS-based
regional single-molecule biomarkers for the disease, calling for further targeted research into a
more diverse range of metabolites measurable by the method, especially at higher field strengths
and using acquisition, processing, and analysis pipelines that minimize both imprecision and
inaccuracy in metabolite concentration estimates.

Meta-analysis of available studies demonstrated decreased anterior cingulate cortex NAA
in PTSD only when creatine was used as a reference, decreased left hippocampus NAA regardless

of whether creatine was used as a reference, and decreased right hippocampus NAA only when
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creatine was not used as a reference. These findings further support the conclusions of a previous
systematic review observing that decreases in hippocampal and anterior cingulate cortex NAA
stood among the most consistent findings across the 'H MRS literature on PTSD [105]. In
particular, our findings in anterior cingulate cortex also extend previously published meta-analytic
findings of decreased anterior cingulate NAA/Cr in PTSD relative to healthy controls and update
three previously reviewed comparisons [605, 610] underlying a significant effect of NAA in
anterior cingulate cortex [104] with four more [602, 609, 612, 613] that bring this metabolite result
to non-significance. Similarly, findings in left hippocampal decreases of both NAA/Cr and NAA
extend previously significant meta-analytic findings in both indices [104]. Our finding of
significant right hippocampal NAA decreases in PTSD extends to a mixed-control cohort a
previous meta-analytic result that was significant relative to trauma-unmatched controls only [104],
while our own meta-analysis of right hippocampal NAA/Cr did not replicate a previous significant
result, potentially because of our choice to exclude three previously incorporated studies that either
did not report at least one group standard deviation or reported a voxel in the medial temporal lobe
but not specifically the hippocampus [599, 605, 620].

Conflicting meta-analytic results between NAA and NAA/Cr in anterior cingulate cortex
and right hippocampus may be suggestive of systematic heterogeneities between studies choosing
to employ either referencing technique, i.e., groups choosing either creatine or non-creatine
references may differ in other methodological details that themselves influence reported metabolite
effect size. Indeed, very few groups included in our meta-analyses reported both values, making
this a feasible explanation for the differences observed here. NAA results that differ by
concentration reference may also suggest the differential influence of the reference itself either as

an unwanted source of error or, on the other hand, as more sensitive to actual biological differences
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among the participants of each study. For example, referencing to water may increase the
probability of Type II error by exacerbating inter-subject variability attributable to uncertainties
surrounding segmentation and relaxivity measures often employed to inform concentration
estimates for water but not creatine. At the same time, referencing to water may also increase the
probability of Type I error as water-referenced metabolite concentrations are in principle more
sensitive to influence by biological phenomena like edema that may comprise a systematic aspect
of some disease conditions under study as separate from zero-centered uncertainties equally
influencing all study participants, even if their influence on resultant metabolite concentrations
may be spurious. It is important to note that these two directions of influence are not necessarily
mutually exclusive and may lead to different outcomes in different brain regions, as we observed
here for PTSD-associated reductions in anterior cingulate NAA that were significant only when
referenced to total creatine but right hippocampus NAA significant only when not referenced to
total creatine. It is of potential note that increased cross-study heterogeneity was observed among
reports of left and right hippocampal NAA/Cr relative to NAA, which when combined with the
lower number of included studies targeting right than left hippocampal NAA/Cr may have
contributed to the lack of significance in the former statistic, especially considering the previously
mentioned published significant meta-analytic finding in the same region [104].

Meta-analysis of anterior cingulate glutamate or Glx, not previously attempted by the
above reference [104], demonstrated no significant effect of PTSD. So far only one significant
effect of PTSD on anterior cingulate cortex Glu or Glx, referenced to total creatine, has been
published [608], though significant negative correlations with CAPS arousal [611, 613] and total
scores [613] have been previously observed. In one model of PTSD pathogenesis, regional

glutamate excitotoxicity can result from increases in the ratio of extrasynaptic to synaptic
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glutamate due to glutamate “spillover,” a consequence of inadequate astrocytic clearance of
extrasynaptic glutamate, and attendant stimulation of presynaptic mGIuR-2/3 inhibiting the release
of synaptic glutamate [592]. It is important to note that while 'H MRS may provide clues regarding
the biochemical composition over a whole voxel, e.g. the possible cross-voxel density of
metabolically healthy neurons [610] or glial cells [609] as loosely inferred from N-acetyl aspartate
and myoinositol or choline concentrations, respectively, or the presence of excitotoxicity thought
to be mediated not only by glial dysfunction but also activated macrophages and microglia as
similarly inferred from abnormal white-matter glutamate increases in a large-scale study of
multiple sclerosis [237], the proposed mechanism of regional excitotoxic damage in PTSD does
not necessitate cross-voxel changes in glutamate concentration large enough to be detected by 'H
MRS. It remains therefore important to note that the mechanistic reasons behind disease-related
metabolic abnormalities visible to 'H MRS are often themselves unknown, complicating the use
of 'H MRS for conclusive hypothesis testing regarding pathophysiological mechanisms at the
cellular or molecular scales.

The small size of this literature also limits the significance of further meta-analysis
evaluating the use of '"H MRS as a source of biomarkers for PTSD risk, effect, or both via parsing
effect sizes by control group type (trauma-exposed or trauma-unmatched), though such
bifurcations have been previously reported [104]. Even the most well studied metabolite (NAA)
in the most widely studied regions (anterior cingulate cortex and left hippocampus) represents a
maximum of four published analyses of either trauma-exposed or trauma-unmatched controls,
each with group sizes well under N=100.

Taken together, these findings suggest a small (N=32 studies) literature employing 'H

MRS in the analysis of PTSD that is skewed in terms of participant ages (with a trend to older
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PTSD than control groups), sex (with more than three times as many all-male than all-female
studies), employed hardware (largely lacking field strengths at 4 Tesla and above), regional targets
(focused heavily on only a few brain areas including the anterior cingulate cortex and hippocampus)
and metabolic targets (heavily centered on N-acetyl aspartate regardless of region and, in anterior
cingulate cortex only, glutamate or Glx). Regardless, a number of notable findings have been
reported, including in brain areas like dorsolateral prefrontal cortex, anterior cingulate cortex,
amygdala, and hippocampus previously shown to exhibit abnormalities relative to either trauma-
unmatched or exposed controls in anatomy, receptor densities, and/or function (Figure 5.4), as well
as a number of significant correlations between metabolites in these regions with clinically relevant
variables like CAPS scores or other measures of symptom experience (Figure 5.5). As such, the
potential for '"H MRS to forge new ground in the understanding of PTSD, as well as play a role in
the development of biomarkers for risk, diagnosis, and/or treatment monitoring, is not only as-yet
largely untried but has also yielded meaningfully interpretable information where it has been,

therefore remaining a needed piece of the puzzle.

5.2 Single-variable analysis of prefrontal cortex metabolic abnormality in post-
traumatic stress disorder and comorbid major depressive disorder

5.2.1. Motivation

As introduced in Section 1, post-traumatic stress disorder (PTSD) is an anxiety condition
precipitated by a traumatic stressor and manifest by a range of debilitating emotional and cognitive
dysfunctions for at least one month following trauma exposure including intrusive thoughts,
altered cognition, mood, and arousal; and avoidance of trauma-related triggers [516]. With an

estimated incidence of 1 in 12 within some communities [101], post-traumatic stress disorder has
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been estimated to develop in 0.1-19% of individuals exposed to traumatic stress, with varying
conditional risk depending on the stressor [523].

It has been hypothesized that PTSD symptoms are influenced by exaggerated response of
auto-inhibitory glucocorticoid receptors in the hypothalamic pituitary adrenal (HPA) axis resulting
in constitutively low systemic cortisol [525]. Against this endocrine environment a number of brain
regions demonstrate anatomical and functional abnormalities in PTSD, among them circuitry
across the ventromedial and dorsolateral prefrontal cortex, amygdala, and hippocampus that is
implicated in fear conditioning [533]. It has been postulated that in this network glutamatergic
neurotransmission is not properly modulated due in part to both HPA and possibly glial dysfunction,
leading to increases in the ratio of extrasynaptic to intrasynaptic glutamate and resultant
excitotoxic damage to neurons [592, 603] that contribute to observed losses of prefrontal grey
matter volume [556] and white matter integrity [533, 563] as well as ultimately abnormal regional
functional responses to various trauma-related or -unrelated stimuli as measured by fMRI or
PET[516, 575].

Despite the ability of proton magnetic resonance spectroscopy ('H-MRS) to measure local
concentrations of glutamate and related metabolites like inhibitory neurotransmitter GABA and
antioxidant glutathione (GSH) in living humans, '"H-MRS investigations of PTSD in humans are
sparse and, as already presented in detail in Section 1, do not appear to involve any conducted at
7-Tesla field strength for separation of the glutamate signal from its structurally similar metabolic
precursor and byproduct glutamine, which is controversial at field strengths <4 Tesla [450].

Motivated by the above hypothesis of prefrontal glutamatergic dysfunction engendering
regional excitotoxicity in PTSD as well as the current dearth of published 7 T 'H-MRS

investigations of PTSD, we examined at 7 Tesla prefrontal cortex metabolite concentrations
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including glutamate, glutamine, and GABA in individuals with and without PTSD. Because major
depressive disorder (MDD) is comorbid with PTSD in an estimated 50% of cases [586] and is
itself associated with alterations in 'H-MRS-visible prefrontal glutamate concentration [637, 638],
we included in both our PTSD and control cohorts individuals with comorbid MDD to tease out

the potential influence of this variable on our findings.

5.2.2. Methods

Participants. We examined N=11 individuals with PTSD (PTSDwmpp+ 1F/5M; mean 39 + S.D. 8
y.0.; PTSDwmpp- 2F/3M; 37+16 y.0.) and N=27 trauma-unmatched healthy controls (HCwmpp+
2F/7TM; 35+15 y.o.; HCwmpp- 5F/13M; 3448 y.o.) with and without MDD. Unlike in Chapter 4, not
only spectral processing and analysis but also spectral acquisition were conducted in a masked
fashion wherein group identification was known only to our clinical collaborators until the
statistical analysis step. All participants provided written informed consent prior to scanning
according to the Declaration of Helsinki, and experimentation was conducted in accordance with

guidelines approved by the Yale School of Medicine Human Investigation Committee.

Experimental setup. Spectroscopy data were obtained according to a procedure similar to that
outlined in Chapter 4, on a 7-Tesla head-only magnetic resonance system (Agilent, Santa Clara,
CA, USA) at the Yale School of Medicine Magnetic Resonance Research Center (MRRC) using a
previously described acquisition protocol [106] for improved spectral dispersion and detection
sensitivity. J-difference editing (MEGA) of semi-LASER (echo time 7z 72 ms; repetition time 7
3 s) sequences for acquisition of glutathione or GABA and low-echo-time macromolecule-

suppressed STEAM (7z 10 ms, mixing time 7a 50 ms, 7z 3 s) for acquisition of glutamate,
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glutamine, total N-acetyl aspartate (N-acetyl aspartate and N-acetyl aspartylglutamate), total
choline (choline, phosphocholine, and glycerophosphocholine), and myoinositol were employed
in a single 8-cc (STEAM) or 27-cc (sSLASER) cubic voxel at the longitudinal fissure of the medial

prefrontal cortex (Figure 5.8).

Spectral acquisition. An eight-channel phased-array radiofrequency coil was used for spin
handling and signal reception [425]. Voxel placement was guided by 7;-weighted imaging. Bi
phase shimming was achieved through in-house software (IMAGO). Bo shimming was performed
with customized software (BODETOX) [426] and comprised zero- through third-order spherical
harmonics shapes.

Glutathione (2.95-ppm cysteine 7 CHz resonance; editing on the 4.56-ppm cysteine "CH
resonance) and GABA (3.01-ppm *CH2 resonance; editing on the 1.89-ppm *CH2 resonance) were
measured with single-voxel J-difference editing based on a MEGA semi-localized by adiabatic
selective refocusing (SLASER) [427] sequence as previously applied in vivo [19, 422]. Water
suppression was achieved using the CHEmical Shift Selective (CHESS) technique [428], and
inversion recovery was applied to the GABA sequence for additional macromolecule nullification
as detailed in Chapter 4.

Glutamate and several other metabolites, including total creatine (creatine and
phosphocreatine), total choline (choline, phosphocholine, and glycerophosphocholine), total N-
acetyl aspartate (N-acetyl aspartate and N-acetyl aspartylglutamate), glutamine, and myoinositol
were measured using short echo-time stimulated echo acquisition mode (STEAM) [430]. Water

suppression was based on CHESS as in Chapter 4, and complementary outer-volume suppression
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Voxel placement by T,-weighted MRI H MRS Acquisitions

Figure 5.8. Medial prefrontal cortex (mPFC) metabolites were measured using 'H MRS at 7 Tesla in individuals with (N=11) and without (N = 27)
post-traumatic stress disorder (PTSD) and/or comorbid major depressive disorder (MDD). T;-weighted imaging was employed to localize 8 cm? (STEAM)
or 27 em? (semi-LASER) cubic voxcls in the medical prefrontal cortex (A) in a onc-hour MR scan including STEAM (T 10 ms, Tar 50 ms, Tg 3000 ms, Nk 32 x 4-
5) for detection of glutamate and semi-LASER (T 72 ms, Tr 3000 ms, Nk 60 x 2-6) with MEGA J-difference editing for either GABA or GSH. Depicted is the
voxel placement for a 47-year-old male subject with neither PTSD nor MDD. ppm: parts per million.
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was used to improve localization specificity [431]. STEAM acquisition was also preceded by an
inversion-recovery preparation to minimize macromolecule signals (inversion time 77 320 ms).
Water-unsuppressed signals from each experiment were acquired for later use in eddy current
correction.

Spectra were acquired as series of 4096 complex points in blocks of 32 traces (STEAM)

or 64 traces (SLASER with JDE for GSH or GABA) each preceded by two dummy scans.

Spectral processing and quantification. Spectral processing was performed in INSPECTOR.
Briefly, signals from individual receive channels were corrected for eddy currents using water-
unsuppressed references [118], phase- and frequency-aligned, and averaged with weighting by
receive channel sensitivities [119]. Summed metabolite spectra were zero-order phased but not
truncated, zero-filled, or line-broadened before direct quantification or alignment between
summed editing conditions for difference spectrum calculation, as applicable.

Spectral quantification was achieved by linear combination modeling with the same basis
spectra density-matrix simulated in SpinWizard [117] as in Chapter 4. Basis sets included aspartate,
choline, creatine, GABA, glycerophosphocholine, glutathione, glutamate, glutamine, glycine,
myoinositol, N-acetyl aspartate, N-acetyl aspartylglutamate, phosphocholine, phosphocreatine,
phosphorylethanolamine, scylloinositol, and taurine. GSH J-difference spectral basis sets included
glutathione and N-acetyl aspartate, while GABA J-difference spectra employed GABA, N-acetyl
aspartate, glutamate, and glutamine (Figure 5.9). Spectral quantification was performed in
LCModel according to the processing parameters optimized and described in Chapter 4. Absolute
quantification estimates of total N-acetyl aspartate (N-acetyl aspartate plus N-acetyl

aspartylglutamate), total choline (choline, phosphocholine, and glycerophosphocholine),
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Figure 5.9. Medial prefrontal cortex (mPFC) metabolite concentrations quantified via linear combination modeling were
employed to assess the metabolic signatures of post-traumatic stress disorder (PTSD) with or without comorbid major
depressive disorder (MDD). Linear combination modeling with a regularized cubic spline baseline was conducted in LCModel
using density-matrix-simulated basis functions for the metabolites shown. Metabolite concentrations were referenced to total creatine
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glutamate, glutamine, myoinositol, GSH, and GABA were achieved by predefining the voxel
concentration of total creatine (creatine and phosphocreatine) as 10 mM. Metabolite
concentrations were corrected as needed using significant linear regression betas on subject age,

calculated from the control cohort as detailed in Chapter 4.

Single-variable statistical analysis of between-group metabolite differences. Metabolite
concentrations were estimated relative to 10 mM total creatine (tCr); all statistics were calculated
in R (v. 4.0.5) [639] and reported as mean = S.D with o = 0.05. One-way ANOVA with fixed factor
PTSD as well as two-way ANOVA with an additional MDD x PTSD interaction term tested PTSD
effect with and without consideration of comorbid MDD, respectively. Shapiro-Wilk test p>0.05
confirmed normality on ANOVA residuals before resort to nonparametric testing. Spearman
correlations assessed mPFC metabolite relationships to PTSD or MDD severity indices in those

with either diagnosis.

5.2.3. Results

Spectral quality enabled quantification of glutamate, GABA, and glutathione for a majority of
participants. Quantifiable STEAM spectra were acquired for all cases; GABA-JDE, N=37/38, and
GSH-JDE, N=29/38 (3.03-ppm creatine full-width at half-maximum FWHM 10.7£1.3 Hz,
12.6£2.4 Hz, and 12.9+2.5 Hz). Clinician-administered PTSD Score (CAPS) did not differ in
PTSDwmpp+ versus PTSDwmpp- groups or correlate with Montgomery-Asberg Depression Rating

Scale (MADRS) in PTSDwmpp+ (p>0.1).

Major depressive disorder effects on glutamine concentrations and ratios replace those of post-
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Figure 5.10. Individuals with post-traumatic stress disorder (PTSD) with or without major depressive disorder
(MDD) exhibited higher glutamine : glutamate ratios as well as higher myoinositol than controls without
PTSD or MDD. mPFC glutamate : glutamine and (GABA + glutamate) : glutamine demonstrated trends to decrease
in PTSD relative to HCypp. when comorbid MDD was not considered (A) that became significant effects of MDD in
glutamine (I 34=5.723 , p=0.02; mean difference 95% CI 0.08 to 1.05 mM, p=0.02), glutamate : glutamine (I 34=9.801 ,
$=0.004; mean difference 95% CI -0.45 to -0.091 mM, p=0.004) and (GABA + glutamate) : glutamine (Fy, 34=5.737 ,
$=0.02; mean difference 95% CI -0.49 to -0.035 mM, p=0.02) when comorbid MDD was considered (B). Additionally,
glutathione exhibited an interaction between MDD and PTSD (I, 25=5.477, p=0.03) that manifest as a general decrease
with either or both disease statuses w.r.t. HCypp. (Wilcoxon W = 146, p=0.04). Disease-related alterations wete not
seen in total N-acetyl aspartate, total choline, or GABA, suggesting that these effects on glutamine and GSH are not
driven by disease-related changes in the total creatine reference. HC: Non-PTSD control; one-way ANOVA effect of
fixed factor PTSD *p<0.05 1p<0.1 (A); two-way ANOVA effect of fixed factor MDD *p<0.05 **»<0.01 except GSH
with PTSD x MDD *p<0.05 (B).
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Figure 5.11. Non-glutamate medial prefrontal cortex (mPFC) metabolites correlate negatively with eithet post-traumatic stress disorder (PTSD) or
major depressive disorder (MDD) symptoms but not both. Total N-acetyl aspartate correlated negatively, and GABA showed a trend to negative
correlation, with Clinician-administered PTSD Score (CAPS) but not with Montgomery-Asberg Depression Rating Scale (MADRS) (A), while myoinositol
correlated negatively with MADR but not CAPS. Notably, CAPS and MADRS did not exhibit significant Spearman correlations with each other in individuals
diagnosed with both PTSD and comorbid MDD (N=6; p>0.1).
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traumatic stress disorder when this comorbidity is considered. mPFC glutamate : glutamine
(F1,27=3.95, p=0.06) and (glutamate + GABA) : glutamine (£1.27=3.914, p=0.06) demonstrated a
trend to decrease in PTSD relative to HCwmpp- (Figure 5.10A) that manifest as MDD effects on
glutamine (F134=5.723, p=0.02; mean difference M.D. 0.56+0.24 mM, p=0.02), glutamate :
glutamine (£1,34=9.801, p=0.004; M.D. -0.27+0.09 mM, p=0.004), and (glutamate + GABA) :
glutamine (F134=5.737, p=0.02; M.D. -0.26+0.11 mM, p=0.02) once comorbid MDD was
considered (Figure 5.10B). Additionally, glutathione demonstrated an MDD x PSTD interaction
(F1,25=5.477, p=0.03) with decrease over all disease groups relative to HCmpp- (Wilcoxon W=146,

p=0.04) (Figure 5.10B).

'H-MRS-visible metabolite concentrations correlate with reported symptom severity in either
post-traumatic stress disorder or major depression but not both. Total N-acetyl aspartate (tNAA)
correlated negatively (Spearman’s p=-0.8, p=0.02; N=10), and GABA showed a trend to negative
correlation (Spearman’s p=-0.6, p=0.07; N=10), with CAPS but not MADRS; myoinositol, with

MADRS (Spearman’s p=-0.6, p=0.03; N=15) but not CAPS (Figure 5.11).

5.2.4. Discussion

In this section we have applied for the first time 7-Tesla 'H-MRS investigation of brain tissue in
individuals with and without post-traumatic stress disorder and/or comorbid or primary major
depressive disorder. In a cross-sectional analysis of 'H-MRS findings in a medial prefrontal cortex
voxel, we have shown that apparent PTSD-associated 'H-MRS-visible glutamatergic
abnormalities in mPFC appear to be driven by MDD status when this comorbidity is considered.

Glutamine is the metabolic byproduct of perisynaptic glutamate uptaken by nearby glia [640].
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Altered mPFC concentrations of glutamine, as well as decreased GABA to glutamine and GABA
+ glutamate to glutamine seen with MDD either by itself or comorbid with PTSD, may therefore
be consistent with alterations in glutamatergic neurotransmission and its interplay with local
GABAergic networks, as well as attendant changes in metabolic burden on glial support. The
MDD effect on apparent MRS-visible glutamatergic dysfunction appeared to be stronger than that
of PTSD for this cohort, for whom the latter was only marginally significant and disappeared once
MDD comorbidity was considered.

In addition to a negative relationship between mPFC myoinositol concentration, itself also
potentially associated with but not fully explained by compensatory gliosis [641], and MDD
symptom severity, we have also reported a significant negative correlation between total N-acetyl
aspartate and PTSD severity, replicating for the first time at 7-Tesla field strength multiple previous
findings of PTSD-associated abnormality in this metabolite [104, 105].

Taken together, our findings are consistent with the postulated role of mPFC metabolic
dysfunction in PTSD pathophysiology and underline the importance of considering the
overlapping role of depressive symptomology in glutamatergic involvement thereof, as well as the
utility of 'H MRS at 7-Tesla field strength for continued work in this domain.

As in Chapter 4, even these statistically significant single-metabolite 'H-MRS findings
would not individually support the sensitive and specific separation from control of individuals
with either PTSD or MDD diagnoses. We therefore attempted to generalized the machine-learning

pipeline developed in Chapter 4 to the present cohort, as described in the next section.

5.3 Binary classification of post-traumatic stress disorder and/or major depressive disorder

status by supervised machine learning on multivariate metabolic signatures from prefrontal
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cortex

5.3.1. Motivation

Post-traumatic stress disorder (PTSD) is a condition wherein experience of a traumatic event
induces chronic emotional dysregulation that can disrupt functional participation in society. The
2012 economic toll of PTSD care was estimated at $300 million within the United States
Department of Defense alone [100], a figure not considering its many comorbidities, including
increased risk of suicide and of cardiorespiratory, gastrointestinal, immune, and additional
psychiatric diagnoses [101]. Though the lifetime prevalence of PTSD in some communities is
estimated up to 1 in 12 [101], diagnosis, and related treatment, continues to rely on the subjective
and potentially slow evaluation of symptoms that must persist over several weeks [102].

The continued reliance on symptom-based diagnosis of PTSD is due in part to an
incomplete understanding of its neurobiological manifestations, particularly the metabolic changes
in central nervous system pathways affected by the condition [103]. The only method currently
available for safely and noninvasively researching these changes by measuring local tissue
metabolism in living humans is in vivo proton magnetic resonance spectroscopy (‘H-MRS).
Preliminary 'H-MRS research indicates that the pattern of cortical metabolic abnormalities in
PTSD is subtle and complex [104], as also shown in Section 1, and therefore best negotiated using
data-driven multivariate techniques like machine learning. Few applications of such approaches to
interpreting the complexity of brain metabolic changes in PTSD have, however, been published,
in part due to the dearth of studies simultaneously assessing a broad range of disease-relevant
metabolites in the same participants.

'"H-MRS methods described in Chapter 4 have enabled for the first time the accurate and

reproducible simultaneous in vivo measurement of three small molecules implicated in PTSD
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pathophysiology: excitatory neurotransmitter glutamate, inhibitory neurotransmitter y-amino-
butyric acid (GABA), and antioxidant glutathione (GSH) [106]. Coupled with the measurement of
five other small molecules (choline, creatine, myoinositol, N-acetyl aspartate, and glutamine) each
also implicated in various neurological conditions [107], these '"H-MRS data acquisitions are thus
unique in enabling data-driven metabolomics-level analyses like machine learning in the effort
toward more efficient and objective diagnosis of PTSD.

We hypothesize that the local metabolic alterations in brain tissue associated with PTSD
can be exploited to enable the cost-efficient and accurate diagnosis of this disease. The aim of this
section is the generalization from Chapter 4 of such a model for supporting the rapid and accurate
diagnosis of PTSD using data-driven machine-learning techniques that distinguish patients from
control using solely brain metabolite concentrations obtainable by clinical magnetic resonance
(MR) scan. Because of association between MDD status and the PTSD-linked metabolite findings
demonstrated in Section 2 as well as the low number of PTSD patients in the currently available
data set, this goal was broadened to also include, as proof of concept, the diagnosis of major

depressive disorder as either primary or comorbid to PSTD.

5.3.2. Methods

Participant demographics and spectroscopy acquisition, processing, and analysis methods are as
described in Section 2. All participants in this analysis had full STEAM data sets; one control
participant was missing GABA concentrations and nine participants (seven HCmpp- and two non-
HCwmpp- individuals) were missing GSH concentrations that were imputed as the average of their
respective classes prior to analysis.

Classification pipelines were implemented in Python (v. 3.6.13) based on methods
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Figure 5.12. Medial prefrontal cortex (mPFC) metabolite concentrations quantified via linear combination
modeling were employed for supervised classification of post-traumatic stress disorder (PTSD) and/or comorbid
major depressive disorder (MDD). Linear combination modeling with a regularized cubic spline baseline was conducted
in LCModel using density-matrix-simulated basis functions generated in SpinWizard for the metabolites shown in Figure
5.9. Metabolite concentrations were referenced to total creatine signal (defined at 10 mM) from the corresponding acquisition
type. mPFC metabolite concentrations were employed as the sole features in a supervised learning pipeline applying support
vector machine (SVM), k-nearest neighbors (KNN), and quadratic discriminant analysis (QDA) classifiers for identifying
brain pathology (PTSD and/or MDD) from feature sets comprising only mPFC glutamate, glutamine, GABA, glutathione,
total N-acetyl aspartate, total choline, and myoinositol concentrations, based on the previously reported approach for
successful classification of multiple sclerosis subtypes in Chapter 4. LOOCYV: Leave-one-out cross-validation; PTSD: post-
traumatic stress disorder; MDD: major depressive disorder.
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previously reported [642] and constitute one binary classification between individuals with and
without PTSD. Support vector machines (SVM), k-nearest neighbors (KNN), and quadratic
discriminant analysis (QDA) were employed based on the superior held-out validation accuracies
of these algorithms in the relapsing versus progressive multiple sclerosis classification detailed in
Chapter 4. All techniques were implemented in Sci-Kit Learn [94].

Briefly, as before, data were split into training and validation sets by removing one data
set at a time for use as a held-out validation set, yielding a total of N1 x 2 runs for data with smaller
group size Ni. Model training was performed on only members of each training set. Leave-one-
out cross validation (LOOCV) statistics were calculated for each training set for aggregate use in
feature selection; notably, training hyperparameters were not re-optimized in order to re-test the
values already optimized on entirely different training data for binary classification of multiple
sclerosis as presented in Chapter 4. Undersampling proceeded similarly for cross-validation as for
held-out validation in that each of the training cases was removed once for use as a cross-validation
set for that training run, with a total of N2 x 2 cross-validations for data with the smaller training
group size N2 to ensure class balancing in the population of cross-validation sets used for each
training run. Class sizes were then balanced after removal of the aforementioned held-out
validation and cross-validation sets using the Synthetic Minority Over-Sampling Technique
(SMOTE) [78].

Each training set was scaled using a matrix calculated over that training set only, after
which the same scaling was transferred to the held-out validation case, as in Chapter 4.
Dimensionality reduction on the already small feature set of seven metabolites was also similarly
not performed to avoid reduction in model interpretability. Model performance was averaged

across all runs for each algorithm (Figure 5.12).
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5.3.3. Results

mPFC metabolites alone supported supervised classification of non-HCwmpp- disease status with
sensitivity and specificity either exceeding (support vector machines held-out validation sensitivity
83% and specificity 83%; Figure 5.13; k-nearest neighbors sensitivity 83% and specificity 83%)
or approaching (quadratic discriminant analysis sensitivity 72% and specificity 83%) 80%.
Glutamine exhibited the highest permutation importance (0.17) for classification by
support vector machines, followed by glutathione (0.15), myoinositol (0.10), total choline (0.05),
glutamate (0.042), and total N-acetyl aspartate (0.04). Glutathione exhibited the highest
permutation importance (0.17) for classification by k-nearest neighbors, followed by myoinositol
(0.16) and glutamine (0.07). Finally, glutathione also exhibited the highest permutation importance
(0.14) for classification by quadratic discriminant analysis, followed by glutamine (0.12), total

choline (0.10), total N-acetyl aspartate (0.09), GABA (0.07), and myoinositol (0.06).

5.3.4. Discussion

In this work we extend to a new cluster of diagnoses in a new cohort the findings of Chapter 4 that
the progressive multiple sclerosis subtype can be distinguished with substantial sensitivity and
specificity from either control or relapsing-remitting multiple sclerosis on the sole basis of seven
creatine-referenced frontal cortex metabolites measured by 'H MRS at 7 Tesla: glutamate,
glutamine, GABA glutathione, total N-acetyl aspartate, total choline, and myoinositol. Employing
an entirely new 7-Tesla "H-MR spectral data set from different volunteers acquired, processed,
quantified, and analyzed in identical fashion to the data presented in Chapter 4, we have shown

that mPFC metabolite abnormalities alone, the most important being glutamine, also
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Figure 5.13. Medial prefrontal cortex (mPFC) metabolites separate post-traumatic stress disorder (PTSD) or
major depressive disorder (MDD) from control. Support vector machines identified PTSD/MDD via mPFC
metabolites alone. Low permutation importance (PI) features dropped against leave-one-out cross validation (LOOCYV)
performance left glutamine (PI 0.17), glutathione (0.15), myoinositol (0.1), total choline (0.05), glutamate (0.042), and
total N-acetyl aspartate (0.04). LOOCV (A) and validation (B) had high accuracy (left) and convex ROC curves (right).
ROC AUC: Receiver operating characteristic area under the curve, or area under the ROC (AUROC).
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supported identification of either MDD or PTSD with respect to healthy control at accuracies
comparable to those seen for the classification of progressive multiple sclerosis demonstrated in
Chapter 4. Indeed, performance of support vector machine models lay beyond the 80% sensitivity
and specificity thresholds previously proposed for a novel diagnostic biomarker of, for example,
Alzheimer’s Disease [643].

Similarly to the findings demonstrated in Chapter 4, wherein uncommonly measured 'H-
MRS-visible metabolites glutamate as separate from glutamine, GABA, and glutathione
demonstrated high permutation importance for '"H-MRS-based classification of multiple sclerosis
status (glutamate) or the progressive phenotype thereof (glutamine and glutathione), in this
analysis we found that glutamine and glutathione were also of consistently high permutation
importance for distinguishing MDD-/PTSD- control individuals from those with either MDD,
PTSD, or both. This replicated finding emphasizes the potential of methodologically more
advanced (involving field strengths at 4 T or above and/or spectral editing) investigations
involving these and possibly other 'H-MRS-visible metabolites other than, as shown in Chapters
1 and Chapter 5 Section 1, those most commonly assessed compounds with high-signal-to-noise
singlets like total N-acetyl aspartate, total choline, total creatine, and (though lacking singlets)
sometimes myoinositol.

Also as for the results presented in Chapter 4, several steps stand between this preliminary
finding and the practical employment of 'H-MRS as a clinically serviceable diagnostic tool. First,
the highly specialized acquisition methods, particularly STEAM enabling very short (10 ms) echo
time and inversion-recovery preparation for macromolecule suppression as well as MEGA-
sLASER with J-difference editing for glutathione and GABA, notably also with inversion

preparation for macromolecule nullification and editing pulse mirroring around macromolecule
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resonances for additional macromolecule control, would need to be implemented on clinically
serviceable 7-Tesla MR scan systems, which is a challenge tractable in principle but potentially
substantial in practice. Second, the data processing and quantification methods employed in this
chapter employed two tools (INSPECTOR and LCModel) that require large (INSPECTOR) or
moderate (LCModel) degrees of manual adjustment by experienced personnel, though the
INSPECTOR Batch tool developed, tested, and presented in Chapter 2 constitutes one more step
toward user-friendly automatability employable by individuals with little or no spectroscopy
experience. Third, beyond a clear need for replication of the work presented here with larger patient
samples, an important shortcoming of the present analysis, as in Chapter 4, is the use of healthy
(negative) controls only, as opposed to non-healthy (positive) controls with differential diagnoses

more reflective of the populations to which such diagnostic would realistically be applied.

5.4 General summary and conclusions
In this chapter we sought to address the following question: Can lessons about spectral processing
and quantification (Chapter 2), concentration referencing (Chapter 3), and univariate and/or
multivariate statistical analysis (Chapter 4) previously applied to maximizing sensitivity to
metabolite concentration differences from control in progressive and/or relapsing-remitting
multiple sclerosis be generalized to identification of another diagnosis cluster, namely post-
traumatic stress disorder and/or major depressive disorder?

Taken together, our findings suggest that an 'H-MRS processing, quantification,
referencing, and statistical analysis pipeline optimized for maximizing the sensitivity of frontal
cortex metabolite concentration estimates to cross-sectional effects of multiple sclerosis,

particularly the progressive phenotype, yields metabolite findings supporting comparable
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classification performance when applied to the identification of either post-traumatic stress
disorder or major depressive disorder using an entirely different data set, acquired via similar

methods, from a completely separate group of participants.
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Chapter 6: Conclusions, Limitations, and Outlook

6.1 Conclusions
This dissertation has designed and implemented analytic pipelines for and demonstrated evidence
toward the following claims:
® Chapter 2: Novel toolkits for 'H-MRS spectral data analysis pipeline validation via batch
spectral simulation and linear combination modeling, transparent and flexible user-
defined regularized spline baseline handling for spectral quantification by linear
combination modeling, and Cramér-Rao Lower Bound calculation directly for polynomial
and spline baseline shapes are designed, implemented, and integrated into spectroscopy
processing freeware INSPECTOR. Using these new tools it is shown that proton magnetic
resonance spectral quality measures full width at half maximum and signal-to-noise ratio
influence zero-centered errors (precision) to estimate relative metabolite concentrations
via in vivo proton magnetic resonance spectral quantification in the absence of a spectral
baseline. In the presence of an in vivo-like baseline, however, these metrics of spectral
quality influence not only spectral quantification precision but also accuracy. Even in
short-Tx '"H-MRS acquisitions in the frontal and occipital cortex at 3 Tesla wherein
spectral baselines are expected to be heavily influenced by signals from macromolecules,
baselines of simulated macromolecules do not necessarily outperform splines in either
macromolecule or metabolite prediction accuracy, but at least for some commonly
measured metabolites, quantification pipelines employing prior knowledge from
metabolite-nulled acquisitions exhibit superior metabolite fit precision and accuracy
among all baseline models tested. The spectral quantification validation pipeline designed
here demonstrated the validity of not only metabolite amplitude Cramér-Rao Lower
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Bound calculations but also the utility of those designed and presented herein for
polynomial and spline baseline shapes to support more accurate estimates of spectral fit
precision of relative metabolite concentration estimates. This is especially useful for
circumstances wherein comparisons to a known ground truth (as for in vivo measurements)
are not available.

Chapter 3: Individuals with progressive multiple sclerosis exhibited increased frontal
cortex water 72 relative to control, a difference that impacts the absolute quantification
step of metabolites measured using in vivo '"H MRS if water is employed as an internal
concentration reference in this cohort. This potential confound was associated with age-
related changes in tissue composition that can be considered in corrections for metabolite
concentration estimates referenced to internal water. We have previously shown that
evidence-based 7> corrections can significantly affect metabolite concentration estimates,
especially those derived from measurements at long echo time. Correction for these
findings of disease effect on water 7> demonstrated similar influence on metabolite
concentrations estimated via referencing to water.

Chapter 4: Employing an evidence-based spectral processing and quantification pipeline
with particular attention to baseline modeling and potential relaxation-based confounds
on internal concentration referencing, it was shown that progressive but not relapsing-
remitting multiple sclerosis is associated with disease-related decreases in frontal cortex
glutamate, GABA, and possibly glutathione as measured by '"H MRS at 7 Tesla. While
even significant between-group differences in single metabolites are not sufficient to
distinguish accurately among disease groups, by employing multivariate statistics or

supervised learning techniques, progressive multiple sclerosis could be differentiated from
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6.2

control or relapsing-remitting multiple sclerosis with nearly 80% sensitivity and
specificity on the basis of 'H-MRS measurable frontal cortex metabolites alone.

Chapter 5: Spectral processing and quantification procedures optimized for the
aforementioned cross-sectional analysis of multiple sclerosis generalized to a similar
cross-sectional analysis of individuals with and without post-traumatic stress disorder
and/or major depressive disorder, supporting finding of altered glutamine
neurotransmitter (namely, glutamate and GABA) ratios in post-traumatic stress disorder
that became a significant effect of major depressive disorder on glutamine concentration
and neurotransmitter ratios when this comorbidity was considered. Additionally, a trend
to decreased glutathione was observed in post-traumatic stress disorder that became a
significant effect of diagnosis with any disorder (either post-traumatic stress disorder
and/or major depressive disorder) when comorbid major depression was considered.
Similarly, the binary classifiers (quadratic discriminant analysis, k-nearest neighbors, and
support vector machines trained within the bootstrapped cross-validation pipelines
depicted in Figure 4.7) shown to distinguish between relapsing-remitting and progressive
multiple sclerosis on the basis of seven 'H MRS-visible frontal cortex metabolites alone,
along with spectral processing and quantification parameters also optimized on those
previous data, were able to be generalized to a similar 'H MRS data set for comparably
accurate (maximum 83% sensitivity and specificity) binary classification of post-

traumatic stress disorder and control.

Limitations and Outlook

The goal of this dissertation was to characterize and broaden the sensitivity limits of in vivo
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magnetic resonance spectroscopy ('"H MRS), a promising method for noninvasively measuring
metabolite concentrations in the tissue of living humans, to effects of neurological and psychiatric
diseases, namely relapsing-remitting and progressive multiple sclerosis, post-traumatic stress
disorder, and/or major depressive disorder. In the service of this goal, this work has attempted to
design, implement, and validate generalizable simulation and analysis pipelines for quantifying
the precision and accuracy of in vivo proton spectroscopy linear combination model fits (Chapter
2), quantify the influences of internal water referencing on errors of metabolite estimates derived
from 7-Tesla '"H MRS in a population of individuals with relapsing-remitting, progressive, or no
multiple sclerosis (Chapter 3), apply lessons from Chapters 2 and 3 regarding key influences on
metabolite quantification, particularly spectral baseline modeling approaches and internal
referencing scheme, to assess the influences of multiple sclerosis disease state on concentration
estimates of 7-Tesla 'H-MRS-visible metabolites and support supervised machine-learning
classification of multiple sclerosis state and phenotype on the basis of these metabolite
concentration estimates alone (Chapter 4), and generalize in its entirety this evidence-based
processing, quantification, and statistical analysis pipeline optimized on the multiple sclerosis
dataset to an entirely different cohort to support the characterization and binary classification of
post-traumatic stress disorder and/or major depressive disorder versus non-PTSD, non-MDD
individuals (Chapter 5).

As mentioned in each individual respective chapter, some important caveats exist to the
broad practical utility of the conclusions drawn therein. First, while the spectral processing and
linear combination modeling validation paradigms designed and implemented in Chapter 2 attempt
to maximize generalizability of calculated metabolite estimate errors for a given processing and

analysis scheme to similar in vivo datasets for which gold-standard true values are not known by
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including simulated metabolite spectra with some measured in vivo features (either fit residuals
resembling the non-metabolite baseline signatures of J-difference-edited glutathione spectra
acquired from a MEGA-sLASER sequence in human frontal cortex at 7 Tesla or real measured
short-echo time macromolecule acquisitions measured by a double-inversion-recovery short-echo-
time SLASER sequence at low echo time (7 < 30 ms) in human frontal or occipital cortex at 3
Tesla), these composite simulated-acquired spectra do not capture the broad variety of possible in
vivo 'H-MRS experimental data to which such pseudo-validated processing and analysis pipelines
may be applied. Indeed the gold-standard in-vivo-like spectra engineered in Chapter 2 do not even
themselves perfectly resemble any single realistic in vivo experiment: For the first, a fit residual
from an imperfect first linear combination model fit to glutathione difference spectrum is itself
expected to include some residual glutathione resonance left uncaptured by an insufficient model,
or perhaps excessive subtraction thereof of an overzealous model; similarly, an “in-vivo-like
baseline” for a simulated low-echo-time metabolite acquisition is expected to comprise
macromolecule resonances of slightly different 77 weighting from that of the equivalent double-
inversion-recovery macromolecule-“only” acquisition, in addition, again, to potentially
unscrubbed residual metabolite resonances, particularly from large-amplitude singlets like creatine,
choline, and N-acetyl aspartate.

One route to bridging the disconnect between in vivo data for which the ground truth
cannot be known and a validation scheme dependent on simulated data for which true values are
engineered and which can only be “in-vivo-like” in part for confounds like those detailed above is
the Cramér-Rao Lower Bound (CRLB), expected to represent the lower bound of metabolite
concentration estimate error standard deviation in the presence of a perfect model and only

pointwise Gaussian deviations thereof of the targeted spectral data. The linear relationships
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between fit error standard deviations, calculable only for validation standards, and CRLB,
calculable also on fits to in vivo data, demonstrated in the first part of this chapter for baseline-less
and residual-baseline simulated data, as well as in in the latter part for macromolecule-baseline
simulated data, in addition to the design, implementation, and validation of CRLB for model
baseline shapes themselves serving to tighten the identity relationship between fit error and CRLB,
serve as an important steps toward future extensions investigating the degree to which spectral
processing and analysis approaches shown to yield the lowest errors against in-vivo-like simulated
spectral gold standards according to the methods developed in Chapter 2 might then yield the
lowest CRLB, and presumably therefore also the lowest actual errors for which CRLB serve as a
proxy, in analogous in vivo spectral measurements lacking gold standard values. It bears strong
emphasis, however, that while the spline baseline modeling tool developed, implemented, and
validated in Chapter 2 for spectral processing and analysis toolkit INSPECTOR improves the
flexibility of linear combination models to better represent a broader range of spectral data, it does
not guarantee the standard of the “perfect” linear combination model necessary for equivocation
of CRLB and metabolite estimate error standard deviation. It is important to note, however, that
the extension of the Fisher information matrix underlying CRLB calculations to include terms for
model baseline shapes, also developed, implemented, and validated in Chapter 2, does appear to,
in spectra and therefore associated models involving in-vivo-like baselines, at least serve to
improve this correspondence between calculated CRLB and standard deviation of metabolite fit
error needed to, in practice, treat the former as a lower bound for the latter for in vivo datasets
lacking a true known gold standard. That said, while CRLB calculated directly for amplitudes of
regularized spline baseline shapes from the same model demonstrate linear relationships with the

standard deviation of errors on true baseline shape coefficients, these relationships still deviate
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significantly from identity in spectra employing piecewise spline baseline handling, suggesting a
continued disconnect between CRLB and error standard deviations in this spectral data type. As
explained in Chapter 3, this disconnect is to be expected due to constraints on the possible
coefficients of a modeled piecewise function, and therefore the actual standard deviations of their
errors relative to a true standard, inherent in their existence as part of a continuous and
interdependent whole.

Further work in this realm is needed to continue characterizing the circumstances under
which CRLB-error standard deviation correspondence is or is not good enough to justify the
employment of the former as a valid endpoint for spectral processing and analysis procedures, as
error standard deviations were in Chapter 2, when such true values are not available. Finally, and
most damningly, even if a method were developed to skirt these disconnects between CRLB and
error standard deviation there still exists no method to estimate systematic inaccuracy (even in
hypothetical situations of zero error standard deviation) in metabolite concentration estimates in
the absence of known true values, and as Chapter 2 demonstrates, consistent and systematic over-
or under-estimations of particular metabolites in the presence of a particular baseline environment
and resultant modeling scheme can underlie even larger deviations from the truth than simple
variability across repeated attempts to fit the same data. The current work offers no solution to
characterize this in an in vivo dataset, just a method for systematically quantifying it for spectra
and linear combination modeling schemes that resemble those encountered and employed for
experiments in vivo.

Putting aside for now this harder problem of systematic inaccuracy and focusing only on
the more tractable one of precision, due to this decreased but still continued unreliability of CRLB

as an estimate of even just the latter for in vivo spectra involving complicated baselines and
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typically modeled by similarly complicated regularized splines, Chapter 4 employed from Chapter
2 predominantly the observation that baseline modeling scheme exerts substantial influence on fit
error relative to other minutiae of spectral processing and quantification and therefore focused
evidence-based methodological optimization efforts on competing quantification pipelines that
differed predominantly on this aspect. Again due to the shortcoming of the CRLB for in vivo data
with baselines and associated modeling, linear combination modeling schemes were optimized
against the minimum control cohort between-subjects coefficients of variation in major creatine-
referenced metabolite concentrations rather than the CRLB. One obvious shortcoming of this
approach is the inherent caveat that if any influences underpinning between-subjects differences
in the control group were to also underlie legitimate biologically relevant differences between
groups, minimizing the former via a certain analysis procedure would also decrease this
procedure’s sensitivity to the latter, which is precisely counter to the aim of the present work.
Even if between-group differences were accordingly blunted by calculated optimization
of linear combination modeling approach against minimization of control between-subject
coefficient of variation in Chapter 4, however, the application of this approach to cross-sectional
analysis of multiple sclerosis effects on 7-Tesla 'H-MRS-visible prefrontal cortex metabolite
concentrations yielded findings of significant reductions in glutamate and GABA and trends to
reduction in glutathione in progressive multiple sclerosis relative to control and/or relapsing-
remitting multiple sclerosis; the extension of these methods in Chapter 5 also yielded findings of
alterations in glutamine and/or glutamine : neurotransmitter (GABA and/or glutamate) ratios in
either post-traumatic stress disorder or major depression depending on whether the latter
comorbidity was considered. Both sets of frontal cortex metabolite concentration estimates also

supported, on the basis of those data alone, supervised binary classification of disease state near
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(progressive multiple sclerosis relative to healthy control or relapsing-remitting multiple sclerosis)
or exceeding (post-traumatic stress disorder and/or major depression relative to healthy control)
80% sensitivity and specificity. It is important to note that without the sanity check provided on
the entirely new data set presented in Chapter 5, especially the machine-learning results of Chapter
4, employing models with hyperparameters optimized on many bootstrapped iterations of the same
training data heavily overlapping in the aggregate with the population of held-out validation cases
used for each iteration of the outer loop, would be vulnerable to valid criticisms of potential
overfitting, despite the very low number of hyperparameters optimized for each model. The high,
indeed superior, performance of the very same models hyperparameter-optimized on one data set
and generalized to another helps to allay some of this criticism, but importantly feature selection
(if not hyperparameter optimization, already locked in from the results of Chapter 4) proceeded in
Chapter 5 in the same way as in Chapter 4 and still therefore serves as a mechanism for potential
overfitting.

Notably, in part due to findings in Chapter 3 of multiple sclerosis disease effect on frontal
cortex water 72 necessitating the potentially variance-broadening employment of individually
measured water 72> or image segmentation-based corrections thereof to avoid introduction of
spurious systematic errors into group metabolite concentration estimates based on internal
referencing to water, all metabolite concentrations subsequently employed in this work have been
referenced to total creatine. It is possible that the confounds observed in Chapter 3, and further
explored in the related Discussion in Section 2 of Chapter 4, for water referencing in multiple
sclerosis do not similarly apply to either post-traumatic stress disorder or to major depression,
highlighting the extension of metabolite estimates to water-referenced values, and assessment of

between-group statistics thereof, as an important ongoing investigation of this data set.
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Finally, as emphasized at the end of Chapter 5, the diagnostic promise of 7-Tesla '"H MRS
implied by the machine-learning investigations of the present work awaits much further validation,
particularly with larger experiments involving appropriate differentially diagnosed positive
controls, as well as with the more mainstream implementation of key acquisition and quality
assurance protocols in clinically available scanners in addition to user-friendly interfaces for
automated implementation of the data processing strategies subsequently employed. While the
batch simulation and linear combination modeling functionality developed and demonstrated in
Chapter 2 for spectral processing and analysis toolkit INSPECTOR represents some progress in
the latter domain, the former and other considerations remain to be addressed in continued efforts
toward the development of 'H MR spectroscopy as not only an efficacious but also an accessible

and pragmatic diagnostic tool for brain disease.
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