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In ischaemic stroke a disruption of cerebral blood flow leads to impaired metabolism
and the formation of an ischaemic penumbra in which tissue at risk of infarction is
sought for clinical intervention. In stroke trials, therapeutic intervention has largely
been based on perfusion-weighted measures, but these have not been shown to be good
predictors of tissue outcome. The aim of this thesis was to develop analysis techniques
for magnetic resonance imaging (MRI) of chemical exchange saturation transfer (CEST)
in order to quantify metabolic signals associated with tissue fate in patients with acute
ischaemic stroke. This included addressing robustness for clinical application, and de-
veloping quantitative tools that allow exploration of the in-vivo complexity.

Tissue-level analyses were performed on a dataset of 12 patients who had been
admitted to the John Radcliffe Hospital in Oxford with acute ischaemic stroke and re-
cruited into a clinical imaging study. Further characterisation of signals was performed
on stroke models and tissue phantoms.

A comparative study of CEST analysis techniques established a model-based ap-
proach, Bloch-McConnell model analysis, as the most robust for measuring pH-weighted
signals in a clinical setting. Repeatability was improved by isolating non-CEST effects
which attenuate signals of interest. The Bloch-McConnell model was developed further
to explore whether more biologically-precise quantification of CEST effects was both
possible and necessary. The additional model complexity, whilst more reflective of tis-
sue biology, diminished contrast that distinguishes tissue fate, implying the biology is
more complex than pH alone. The same model complexity could be used reveal signal
patterns associated with tissue outcome that were otherwise obscured by competing
CEST processes when observed through simpler models.

Improved quantification techniques were demonstrated which were sufficiently ro-
bust to be used on clinical data, but also provided insight into the different biological
processes at work in ischaemic tissue in the early stages of the disease. The complex
array of competing processes in pathological tissue has underscored a need for analysis
tools adequate for investigating these effects in the context of human imaging. The
trends herein identified at the tissue level support the use of quantitative CEST MRI

analysis as a clinical metabolic imaging tool in the investigation of ischaemic stroke.
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Chapter 1

Introduction

1.1 Stroke background

TROKE is a pathology associated with rapid loss of brain function due to a
sudden disruption of cerebral blood flow (CBF), caused by haemorrhage or
ischaemia. Haemorrhagic stroke is the result of internal bleeding into or

around the brain. Ischaemic stroke is caused by a vascular occlusion, usually with a
clot, and comprises 85% of stroke cases [1,2].

Stroke is the third largest cause of death in the UK after heart disease and cancer,
with an annual incidence of approximately 161, 000 of which one in five leads to a
fatality [2-4]. There are approximately 1.2 million stroke survivors living in the UK
with half living dependent on others for day-to-day activities, making stroke the largest
single cause of severe adult disability in the UK [2,5,6]. It is estimated that the annual
cost of stroke to the UK economy is around £9 billion, and accounts for 5% of the

National Health Service (NHS) budget [7].

1.2 Pathophysiology of acute ischaemic stroke

The energy needs of healthy brain tissue are met almost exclusively by the oxidation

of glucose, for which the oxygen supply is provided through CBF [8]. CBF is impeded



in ischaemic stroke, reducing oxygen supply and thereby impairing energy production.
This first impairs functional activity of the brain, followed, at a more severe degree
of hypoxia, by the suppression of metabolic activity that is required to maintain the
structural integrity of cells [8]. The final stage is cerebral infarction, defined as brain
cell death due to prolonged ischaemia [8].

In focal ischaemia (confined to a certain region of the brain), brain functions break
down over a wide range of CBF levels [8]. The metabolic disturbances leading up to
infarction proceed as follows (Fig. 1.1) [8]. Protein synthesis becomes inhibited to
half its capacity by a CBF of about 0.55 ml/g/min, and is completely suppressed below
0.35 ml/g/min. Below this level of CBE anaerobic glycolysis is stimulated, which is
a process that transforms glucose into energy in the presence of a limited supply of
oxygen. Glucose utilisation temporarily increases, before sharply declining when CBF
decreases below 0.25 ml/g/min. This range corresponds to the beginning of acidosis
and the subsequent accumulation of lactate byproducts. Tissue acidosis becomes very
pronounced at CBF rates below 0.26 ml/g/min, and adenosine triphosphate (ATP), the
predominant source of energy in the cell, begins to decline [8,9]. The breakdown of
energy state occurs at about 0.20 ml/g/min. The first change in functional disturbance
is the suppression of brain activity when observed through an electroencephalogram
(EEG), occurring between 0.15-0.23 ml/g/min. The progressive and uncontrollable
depolarisation of cell membranes, anoxic depolarisation, occurs below 0.15 ml/g/min
[8]. Cerebral infarction progresses to surrounding cells if no intervention is taken [10].

In the acute phase of stroke, tissue injury is a direct consequence of energy failure
and cell depolarisation, generally happening within the first few minutes of stroke [10].
The sub-acute phase starts with anoxic depolarisation, where there is a spreading de-
polarisation occurring through tissue. Cell death in the sub-acute phase is preceded
by impaired metabolism and the formation of an ischaemic penumbra where tissue at
risk of infarction is sought for clinical intervention. If timely reperfusion does not occur

the infarct core expands into peri-infarct penumbra. The largest increment in infarct
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Figure 1.1: Thresholds of metabolic (left axis) and electrophysiological (right axis)
disturbances which precipitate tissue infarction during a graded reduction in CBE A
stroke patient diffusion-weighted image is used to illustrate the penumbra; a region of
reduced blood supply in which energy state is preserved, and the infarct core; a region
in which blood flow decreases below the threshold of energy failure. Adapted from
refs. [8,10].

volume can be seen during this phase [10]. The primary clinical objective is to restore
adequate perfusion to the brain within a time window of three to 4.5 hours of symp-
tom onset [11]. The third phase is the delayed phase of injury, which may last for

days or weeks, mediated by secondary phenomena such as inflammation, oedema, and

reperfusion injury [10].

1.3 Stroke treatment and its challenges

The main early treatment option for ischaemic stroke is to thrombolyse the clot by intra-
venously administering recombinant tissue plasminogen activator (rtPA) [12]. Throm-
bolysis has been shown to have overall benefit when administered within the first 3-4.5
hours after onset of symptoms [12,13]. This is in an attempt to salvage at-risk penum-
bral tissue, the classical definition of which is a region of tissue around the ischaemic
core that is hypoperfused and metabolically stressed [14-16]. Treatment rates with in-

travenous rtPA are low, at approximately 5% of stroke patients [11], and the main ob-



stacle that prevents wider clinical use of thrombolysis is the restrictive therapeutic time
window [12]. Medical contraindications and complexity in determining eligibility crite-
ria also contribute to this [10,11,17]. The main complication risk is intracranial haem-
orrhaging which increases significantly with the administration of thrombolytic ther-
apy [10]. Mechanical removal of the thrombus using a catheter (mechanical thrombec-
tomy) is an alternative treatment with a therapeutic window of six hours, which has
been recently commissioned by the NHS [18]. In most cases of ischaemic stroke CBF im-
proves over time. Recanalisation of the vascular occlusion is observed in half of stroke
patients within four days after stroke, but often reperfusion is initiated at too late a
stage to reverse ischaemic injury [8]. In treating stroke a time-critical assessment and
treatment decision must therefore be made—*“time is brain”, and brain tissue is rapidly

lost (1.9 million neurons per minute) as the disease progresses [19].

1.4 MR imaging of ischaemic stroke

1.4.1 Perfusion-diffusion mismatch

Magnetic resonance imaging (MRI) of the mismatch between intracranial diffusion and
perfusion is used to assist treatment decisions by defining the ischaemic penumbra [20].
Metabolic disturbances in focal ischaemia drive water from the extracellular space into
intracellular space. The decrease in fluid volume of the extracellular compartment can
be detected through diffusion-weighted imaging (DWI), used to help delineate the is-
chaemic core [21]. Perfusion-weighted images (PWI) quantify the adequacy of blood
perfusion to tissue, with at-risk penumbral tissue being hypoperfused [20]. Subtraction
of the two images yields a PWI-DWI mismatch (PDM) image which is used to charac-
terise the quantity of potentially salvageable penumbral tissue [20]. The modern con-
cept of the ischaemic penumbra is illustrated in Fig. 1.2. This may be useful in helping
to identify patients who will benefit from recanalisation of the occluded artery using

thrombolysis, and may extend the time window for treatment [13].



In stroke trials, therapeutic intervention has largely been based on perfusion-weighted
measures, but these have not been shown to be good predictors of tissue outcome [20].
PDM was thought to delineate the ischaemic penumbra in stroke patients, however
it is not clear which areas of PDM mismatch are simply benign oligaemia (hypoper-
fused but not at risk of infarction), or are viable but at risk of subsequent infarction if
early thrombolytic intervention is not administered. PWI overestimates the ischaemic
penumbra and alone is not a good predictor of tissue fate, reflected in clinical results
where final lesion size is normally smaller than the apparent perfusion deficit. Two
hours after vascular occlusion the threshold of the rise in signal intensity on DWI is
0.41 ml/g/min. This threshold is distinctly higher than the thresholds of energy fail-
ure, indicating that the DWI lesion is larger than the infarct core and includes parts of
the peri-infarct penumbra [8,22]. DWI thus also overestimates the infarct core [20].
PDM does not, therefore, optimally define the ischaemic penumbra, and PDM alone
has been found not to be a good predictor of tissue outcome for making treatment

decisions [15,20,23].

1.4.2 Metabolic imaging

There is evidence that cell pH dynamics are related to ischaemic damage [24]. During
ischaemic oxygen depletion, metabolism in underperfused tissue is sustained for a short
period of time by anaerobic glycolysis which produces acidic lactate byproducts. With-
out timely reperfusion, cells ultimately depolarise and are recruited into the infarct core.
The accumulation of lactate leads to a decrease in the intracellular pH, which is a physi-
ological change that can be observed through metabolic imaging [10]. Measurement of
metabolites and metabolic reactions has typically been the preserve of positron emission
tomography (PET) imaging, which, in stroke studies, has traditionally been the modal-
ity of choice for metabolic imaging [25]. MRI does not involve ionising radiation but
there are few MRI-based alternatives to PET for metabolic imaging [25]. Blood oxygen

level dependent (BOLD) techniques generate a signal based on the differences in mag-
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Figure 1.2: Modern concept of the ischaemic penumbra, reproduced from ref. [20]
with permission from Baishideng Publishing Group. The presenting DWI scan shows
the ischaemic core and part of the penumbra. Perfusion deficiency on the PWI scan
includes the infarct core, part of the penumbra, and benign oligaemia. The PWI-DWI
mismatch image does not optimally identify the ischaemic penumbra.

netic susceptibility between oxyhaemoglobin and deoxyhaemoglobin [25,26]. BOLD
techniques can be impractical as they often require gaseous stimuli for meaningful cal-
ibration and they rely heavily on the perfusion of blood [25]. MR spectroscopy (MRS)
has been used to provide detailed information about molecular profiles and metabolism
within individual voxels [25]. However, MRS can only sample relatively large volumes
(ca. 1 cm®) in humans which does not give sufficient spatial resolution to be used in a
clinically meaningful way [25,27]. Phosphorus MRS has been used to investigate the
metabolism of human stroke within single voxels, providing information on pH and the
concentrations of phosphorous metabolites, but without spatial resolution [25]. Hydro-
gen MRS has been used in stroke studies with some spatial resolution (ca. 1 cm?) to
detect lactate, which appears after an infarct, and has been observed before and after
changes on DWI [25,28].

MRI of chemical exchange saturation transfer (CEST) is a relatively recent technique

which allows indirect measurement of chemical groups by exploiting the chemical ex-



change of spin magnetization between metabolites and water [29,30]. This offers a
way of measuring metabolites using MRI but with a resolution comparable to perfusion
MRI measures, and at millimolar concentrations [31]. CEST images achieve contrast
endogenously, have good resolution (ca. 0.06 cm?®), can be acquired in under three
minutes, and do not require specialised hardware (such as the phosphorous coils used
in phosphorous MRS). The last decade has seen the development of many in-vivo CEST
contrast mechanisms for investigating a variety of labile macromolecules and metabo-
lites which have previously been undetectable using MRI due to their low concentra-
tions [32,33]. Amide proton transfer (APT) imaging, where contrast originates from
backbone amide protons of mobile proteins and peptides within cells, is the most devel-
oped of the endogenous CEST contrast modes [34,35]. Quantification of amide proton
chemical exchange rates in brain tissue has been used to measure pH-related changes
associated with impaired metabolism and cell death, as the chemical exchange rate is
dependent on intracellular pH [36]. APT CEST has been used in clinical studies for
generating pH-weighted maps of brain tissue, with findings suggesting that it may have
a role in improving imaging definition of penumbral tissue in patients with acute is-
chaemic stroke [37]. CEST MRI is highly flexible as a metabolic imaging tool as a single
acquisition can capture spectral information from a range of hydrogen-bound chemical
groups, which have not been explored in detail in the context of tissue fate following
stroke [34,38]. Information on tissue metabolism that may be afforded through CEST
imaging could provide insights on tissue outcome by highlighting cell death pathways

on different timescales, thus potentially enabling discrimination of tissue at risk.

1.5 Thesis aim

The aim of this thesis was to develop analysis techniques for CEST MRI data in order
to quantify metabolic signals associated tissue fate in patients with acute ischaemic

stroke. This included addressing the need for robustness and repeatability for clinical



application, and developing quantitative tools that exploit competing CEST processes

and enable exploration of the in-vivo complexity.

1.6 Thesis outline

The theoretical background to MR imaging of CEST is developed in Chapter 2. In Chap-
ter 3 a literature review of quantification techniques, and the application of CEST imag-
ing to ischaemic stroke, is presented and used to set up the research direction pursued
in this thesis. The general methods used for data collection and analysis are outlined
in Chapter 4.

This thesis first sets out to address the question of robustness of CEST analysis tech-
niques for clinical application, commencing with a comparative study of analysis tech-
niques in Chapter 5 whereat the Bloch-McConnell model analysis technique was iden-
tified as the most repeatable measure of CEST signals. The Bloch-McConnell model
analysis technique was extended in Chapter 6 to explore whether more biologically-
precise quantification was both possible and necessary in as far as its clinical utility.
This was followed with the implementation of a quantification technique, in Chapter
7, that sought to correct for the effects of tissue partial volumes and thereby to effect
more robust measurement.

Competing CEST processes, and their association with tissue outcome, were ex-
plored in Chapter 8 using the extended Bloch-McConnell model. Animal stroke models
and tissue-mimicking phantoms were used to inform a discussion on the biophysical
characteristics of CEST processes. In Chapter 9, this approach was refined for a spe-
cific subset of signals which were revealed through prior analyses. A summary of the
main findings of this thesis is presented in Chapter 10, along with a discussion of study

limitations and areas of future work.



Chapter 2

Theoretical framework

AGNETIC resonance imaging (MRI) uses the natural magnetic properties

of tissue in order to construct detailed images of their structure and com-

position, exploiting the large abundance of hydrogen atoms tissue [39].

The principles of nuclear magnetic resonance (NMR) underlie MRI and are discussed
first. The behaviour of a single proton in the presence of a static magnetic field is ex-
plored, then extended to an ensemble of protons. Image formation by spatial encoding
of the NMR signal is then introduced, followed by a discussion of MRI pulse sequences.
The CEST mechanism is presented in the final section, along with CEST MRI pulse se-

quences relevant to this thesis.

2.1 Nuclear magnetic resonance

2.1.1 Quantum mechanical description

The theory developed in this section is based on ref. [26]. Atomic nuclei exhibit an
intrinsic angular momentum called spin, represented by the vector J. The magnitude

of the spin angular momentum is given by

|[J|=h4y/I(1+1) (2.1)



where # is the reduced Planck constant, and I is the spin quantum number associated
with the spin angular momentum. Depending on the composition of the nucleus in
terms of elementary particles, the value of I can be zero, a half-integer, or an integer. Net
nuclear spin (I > 0) is required for NMR. A nucleus with spin quantum number I gives
rise to 21+ 1 energy levels in the presence of an external magnetic field, where the indi-
vidual energy levels are described by the quantum number m; = {—I,—I+1,...,1—1,I}.
The quantum number m; describes the discrete orientation of the spin angular momen-
tum. For an external magnetic field applied along the z-axis, B,2, the z-component of
J is given by

J, =mh (2.2)

In MRI the primary nucleus of interest is that of hydrogen (*H) owing to its high level
of natural abundance in biological tissue [39]. The hydrogen nucleus is composed of a
single proton, for which I = %, and there are two energy levels or spin states: m; = :I:%.
Therefore, by equation (2.2), there are two possible orientations of J,, corresponding to
J, = £h/2. Thisisreferred to asa spin—% (spin-half) system, where m; = +% corresponds
to a spin orientation parallel to B, (‘spin-up’, or a state), and m; = —% corresponds to a
spin orientation anti-parallel to B, (‘spin-down’, or 3 state).

Classically, the hydrogen nucleus can be viewed as a rotating charged sphere, thus it
also possesses a magnetic dipole moment u. The magnetic dipole moment is related to
the spin angular momentum via a nucleus-specific proportionality constant y, referred

to as the gyromagnetic ratio (y = 42.57 MHz/T for 'H):

u=1yJ (2.3)

The z-component of pis given by u, = yaim; using equation (2.2). In the presence of the
external magnetic field B,2, the nucleus acquires energy E = —u,B,,. Substituting for u,
shows that each spin state will have a distinct energy level: E_ 1= —vyhB, for the parallel

spin state (lower energy state), and E1= +yHB, for the anti-parallel orientation. The
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Figure 2.1: Zeeman splitting of 'H. In the absence of an external magnetic field the en-
ergy levels of the two spin states are equal. When an external magnetic field is applied,
the spin states exhibit distinct energy levels, with the difference AE being proportional
to By.

separation of energy levels in the presence of a magnetic field is known as Zeeman

splitting (Fig. 2.1). The difference between the two energy levels is:

AE = yhB, (2.4)

AE is directly proportional to the applied magnetic field, and therefore in the absence
of By, no splitting of energy levels occurs. AE corresponds to the energy that can be
absorbed or emitted by the spin system (inducing transitions between the spin states),

and when expressed in terms of frequency, is known as the Larmor frequency w:

wo =27 f, =yBy, (2.5)

The Larmor frequency for 'H is 127.7 MHz at 3 T, 298.0 MHz at 7 T, and 400.2 MHz
at 9.4 T. Equation (2.4) applies to a single nuclear spin. In a typical MRI voxel of
2 x 2 x 3 mm there are on the order of 8 x 10%° protons (a single volume of spins can
be referred to as an isochromat). The Boltzmann distribution describes the population

ratio of energy levels of the protons at thermal equilibrium:

z

Nl

= ¢ A/ (2.6)

Z
+

Nl=

11



where N_1 and N 1 are the number of spins in the spin-up and spin-down orientations
respectively, k is the Boltzmann constant (1.38 x 1072% J/K), and T is the temperature
in Kelvin. In the high temperature limit, AE < kT, and equation (2.6) can be approxi-

mated by a first-order Taylor expansion:

z

[N

YhiB,

~ 1
kT

2.7)

Z
+

[SE

The total number of spins is given by N =N TN~ 2N, and therefore the popu-

lation difference, n, using equation (2.7) is

_ N, 1yhB, _ NyhiB,
70T T kT 2kT

(2.8)

The net equilibrium magnetisation within a voxel (M, = M,2) will have a magnitude
proportional to the number of spins (n) and the magnetic moment of each spin (u,):

M, = nu,. Substituting for n and u, yields:

_ N(Yh)2Bo

M
0 4kT

(2.9)

In the absence of an external magnetic field (B, = 0), the magnetic dipoles are ori-
ented randomly and there is zero net equilibrium magnetisation (M, = 0, Fig. 2.2a).
In the presence of a magnetic field, there is a slightly higher proportion of spins aligned
parallel to the field (equation 2.8), and therefore voxels exhibit a net equilibrium mag-
netisation (M, > 0, Fig. 2.2b). Equation 2.9 indicates that net magnetisation (and

hence the signal-to-noise ratio, SNR) is proportional to B,.

2.1.2 Classical description

The theory developed in this section is based on ref. [26]. A classical description of what
is a quantum excitation and relaxation process is used hereon, and is sufficient when

describing the macroscopic net magnetisation of an ensemble of 'H nuclei [40]. The
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Figure 2.2: Illustration of magnetic dipoles in the presence of an external magnetic
field, shown for a small volume of water. (a) In the absence of an external magnetic
field B,, the magnetic dipoles u of the nuclear spins are randomly-oriented and there is
no net magnetisation. (b) In the presence of an external magnetic field the individual
dipoles line up, with a small majority in parallel (as opposed to anti-parallel), to give a
net equilibrium magnetisation within the tissue of M,,.

Wo

By

/

Figure 2.3: Classical representation of spin angular momentum J and associated mag-
netic dipole u. In the presence of a static magnetic field Bz, the torque exerted on w
causes J to precess about the axis of B, (defined as the z-axis), at the Larmor frequency
wo = YB, [26,41].

magnetic moment u, when placed in an external static magnetic field B, will experience

a torque w x B:

I =MxB (2.10)

For B = (0,0, B,), the spin angular momentum J associated with u (equation 2.3) will
precess about By, as illustrated in Fig. 2.3. This can be expressed in terms of net

magnetisation M = (M, ,M,,, M, ) using equation (2.3) and that M o< u:

dM
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The individual vector components of equation (2.11) are, for this case of B:

dM,(t)

dt

aM
dyt(t) = —woM,(0) (2.12)

dM, (1)
— 2 =0
dt

= woM, (t)

M exhibits a torque from B, which causes it to precess about the axis of B,. The angular
frequency at which M precesses about 2 is the Larmor frequency, w, = yB,, correspond-
ing to the resonance frequency defined in equation (2.5). When the external magnetic
field B is simply described by a static field B, along z, this yields a constant magnetisa-
tion component along £, M, (t) = M,, with M, (t) and M, (t) rotating in the xy plane at
frequency w,. This is illustrated in Fig. 2.4. In particular, for an initial magnetisation of

M(t =0)=(M?, Mg, M?) and assuming an initial phase shift of zero in the xy plane:

Mz(t) = MO

M, (£) = M, (0) cos(c,t)
(2.13)
M, (t) =—M,, (0)sin(wyt)

M,,(0) = 1/M,(0)* + M, (0)’

2.1.3 RF excitation and the rotating frame

Thus far the only external magnetic field that has been considered is a uniform B, in
the 2 direction, which results in a net equilibrium magnetisation M, in the tissue along
z. Tilting M away from the z-axis is done by applying an RF field B (t) along x and

B, (t) along y as follows:

B, (t) = B, cos(wggpt)
(2.14)
B, (t) = —B, sin(wgyt)

14
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Figure 2.4: Precession of the tissue magnetisation vector M about the z-axis due to the
external magnetic field, B,, applied along 2. Precession is at frequency w,,.

where B, is the amplitude of the RF field and wyg; is the frequency of the applied
excitation. The new external magnetic field interacting with M is therefore B(t) =
(Bx(t), B, (1), BO), and substituting into equation (2.11) shows that application of the
RF pulse introduces rotation about y with time-dependent frequency yB,.(t), and rota-
tion about x at frequency yB,(t), in addition to precession about hatz at the Larmor
frequency w, (Fig. 2.5). In this case M is simpler to analyse in a rotating frame of
reference, x’y’z’, where the observer rotates about 2 at frequency wgy in the same
sense as precession, such that when wgr = w, the transverse components appear sta-
tionary. In the rotating frame of reference, the equivalent of M = (M,, M, M,) is,
M" = (M,, M,,, M,). It is first useful to write the transverse components of M in
complex form:

M,, =M, +iM, =M, (0)e " (2.15)

15



Figure 2.5: Illustration of RF excitation in the laboratory frame. The magnetisation
vector M rotates about all three axes, making excitation and relaxation complex to
analyse, and some frequencies are time-dependent.

In the laboratory frame of reference, M,., rotates clockwise in the xy-plane at the Lar-
mor frequency. In a frame that rotates at an angular frequency of wgg in the same sense

as M, ., then to the observer, M,., can be expressed as the rotating-frame equivalent:

Xy’

M, =M, e “w (2.16)

x/y/

from which the separate x” and y’ components are extracted as follows: M,, = Re{M,,,}
M, cos(wgzpt) — M, sin(wggt), My, = Im{M,.,,} = M, cos(wgpt) + M, sin(wggpt), and
M,, = M,. The time derivatives of the rotating-frame terms depend on the laboratory-

frame terms in equation (2.11) and the definitions in equation (2.14). Substituting as

16



required yields the rotating-frame description of the isochromat:

dM,., AwM
= —AW /
dt Y
dMy,
I =AwM, + w,;M,, (2.17)
dM,, M
= —w /
dt Ty

where the following definitions have been used:

Aw = wpp— W, (2.18)
w; =7B; (2.19)

The rotating frame equivalent of Fig. 2.5 is shown in Fig. 2.6a. In the rotating
frame there are now only two planes of rotation: rotation in the x’y’-plane at the
‘off-resonance’ frequency Aw, and rotation in the y’z’-plane at angular frequency w.
The evolution of longitudinal magnetisation is identical in both the laboratory and ro-
tating frames (&’ = %), with the rotating frame offering the advantage of a simplified
trajectory in the transverse plane. A key insight from this simplified representation is to
observe the effect that the B, field has on M": if the sample is irradiated on resonance
(Aw = 0) with an RF amplitude of B;, for a duration At seconds, M" will simply rotate

in the y’z’ plane through an angle, a, proportional to B, and At:

a=yB At =w; At (2.20)

a is known as the flip angle (FA). Therefore, on resonance, the effect on longitudinal
magnetisation is:

M, (At) =M,(0)cos(a) (2.21)

Mathematically, the rotating frame is equivalent to viewing wgg as a magnetic field
(equation 2.5), wgp/Y, which directly opposes the B, field to give a reduced magnetic

field along 2’ of By = By — wgp/y = —Aw/y [42]. In the absence of RF excitation,
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Figure 2.6: Illustration of on-resonance RF excitation in the rotating frame (a), and ex-
ample waveforms in (b). In the rotating frame, dependence on the excitation frequency
wgr 1s simplified. Rotation of the rotating frame magnetisation vector M" occurs only
in two planes, and with time-independent frequencies: Aw, about 2, and w, about X'.
In this frame of reference RF excitation reduces to an equivalent static field, and along
x’ only.
B, = B, and M’ simply precesses about the z’-axis (constant M,,). In the presence of
on-resonance RF excitation, Aw = 0, and the only field acting on M" is B;x’. In this
case, the effect of B; on M,, is maximal (resonance condition), and M" experiences a
flip angle nutates about the x’-axis.

RF pulses that are regularly used in NMR pulse sequences are an excitation pulse
(a = 90°), and an inversion pulse (a = 180°). If the RF envelope is non-rectangular,

. . t . .

a more general expression of FAis a =y fo B,(t)dt. In an NMR experiment, detection
of M, (Fig. 2.7a) takes place exclusively in the transverse plane, meaning that the spin
isochromat needs to be rotated into the x’y’ plane in order to be measured. An excita-
tion pulse (Fig. 2.7b) achieves this by rotating longitudinal magnetisation through an

angle of 90°. An inversion pulse (Fig. 2.7c) serves to invert the sign of M,, by rotating

longitudinal magnetisation through 180°, onto the —z’-axis.
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Figure 2.7: Types of RF pulses commonly used in NMR. In an NMR experiment, de-
tection of M, in (a) requires magnetisation to be rotated onto the transverse plane; this
is achieved by the 90° RF excitation pulse in (b). A 180° RF inversion pulse, shown in
(c), inverts longitudinal magnetisation by flipping it onto the —z’ axis.

2.1.4 Relaxation mechanisms and the Bloch equations

At equilibrium, macroscopic net magnetisation is oriented only along 2: M, = (0, 0, M,).
Application of an RF pulse at the Larmor frequency disturbs the equilibrium distribution
of spin states, which on a macroscopic level leads to a change in longitudinal magnetisa-
tion M,. The RF pulse also induces a degree of phase coherence between the individual
spins, which is observed as an increase in transverse magnetisation M,.,. When the RF
pulse is turned off, longitudinal and transverse relaxation mechanisms restore M to its

equilibrium state.

2.1.4.1 Longitudinal relaxation

Longitudinal relaxation describes the return of longitudinal magnetisation towards M,
from an initial value of M,(0) at t = 0. It is characterised by a time constant T, as

follows:

dM,(t)  My—M,(¢)
dt T,

M, (t) = M, — (Mo — M, (0))e™*/™ (2.22)

Equation (2.22) is an extension of equation (2.12) to include T; relaxation, or spin-
lattice relaxation. T, provides a measure by which tissue types can be differentiated,

as it is affected by tissue properties such as water concentration and the concentration
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Table 2.1: Average T;, T,, and T, relaxation times in human brain tissue at 3 T (based
on 19 healthy subjects) [45]. The T, and T, values are averages from nine anatomical
regions, and the T, values are averages from within the frontal lobe.

tissue type T, (ms) T, (ms) T, (ms)

grey matter 1331 110 51.8
white matter 832 79.6 44.7

of macromolecules. T, relaxation is a process by which energy is transferred from the
excited spin to the surrounding molecular environment [43]. The excited spin is sur-
rounded by random molecular motion, such as molecular rotation (tumbling), which
is characterised by a correlation time 7. (the average time taken for a molecule to ro-
tate through one radian) [44]. Molecular tumbling leads to fluctuations in the local
magnetic field experienced by a spin. A tumbling rate close to the Larmor frequency
of the spin (1/7. ~ w,) promotes effective energy exchange between the spin and the
environment and therefore more efficient relaxation (T; minimised), re-establishing
Boltzmann equilibrium. Rates of tumbling that are significantly higher (fast molecu-
lar motion) or lower (slow molecular motion) than w, are less effective at promoting
spin-lattice relaxation, leading to a larger T; and slower regrowth of M, towards M,,.
Recovery of M, is illustrated in Fig. 2.8. Average T, values in brain tissue are listed in

Table 2.1.

2.1.4.2 Transverse relaxation

Application of a 90° RF pulse tips M, into the transverse plane, such that immediately
after the excitation pulse, M,, = M,. The individual nuclear spins that comprise M,
are initially all in alignment and rotating at the same frequency w,. Random fluctua-
tions in local magnetic field, caused by neighbouring spins, leads to a range of Larmor
frequencies, and the spins begin to dephase with respect to each other having initially
been aligned [44]. This irreversible loss of synchronisation between spins is observed

as a decay in the amplitude of net transverse magnetisation, characterised by a time
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Figure 2.8: Relaxation of tissue magnetisation in the laboratory frame. (a) Precession
of the tissue magnetisation vector M about the z axis due to the main magnetic field
B, applied in that direction. Precession is at frequency w,. When relaxation terms are
included, and the magnetisation vector is perturbed from equilibrium, it will return
to equilibrium via a decay in oscillation in the x y-plane with time constant T, and a
growth in the longitudinal component with time constant T, shown in (b).

oco,
y ' ;% f
M, (0) o, EE % 3 y(5T2) ~0
/ } Mx,y,(T2):O.37Mx’y'(O) ’
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Figure 2.9: Illustration of spin dephasing leading to transverse relaxation. Transverse
relaxation with time constant T is viewed in the rotating frame. (a) The magnetisation
vector (black arrow) is tipped into the x’y’ plane, whereat the individual spins are
initially in phase. (b) Random field fluctuations and static field inhomogeneities cause
the individual spins (thin arrows) to dephase with respect to each other: some rotate
at frequencies higher than w,, and others at lower frequencies. The vector sum of the
individual spins is less than M,.,,(0). (c) The spins continue to fan out, and after about
5T,, phase coherence is lost such that M,,,, ~ 0.
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constant T,:

dM
dtx = woM, —M, /T, — M, (t) = M, cos(w,t)e /™

M (2.23)
dty =—weM, —M, /T, — M,(t)=—M,sin(wyt)e /™

T, varies by tissue type and relaxation is more efficient in environments with slower
molecular motion where local field differences persist for longer. Fluctuations in the
local field observed by a spin tend to average out at higher tumbling rates, preserving
coherence between spins and therefore prolonging T, relaxation [46,47]. In addition
to the random time-varying causes of dephasing, described by T,, there are also static
spatial variations in the applied B, field (B, field inhomogeneity) that cause additional
dephasing, characterised by a time constant T,. B, inhomogeneity is caused by imper-
fections in magnet construction and susceptibility effects from the patient in the field.

The overall rate of signal decay, 1/T;, is a combination of these two rates:

1 1 1
=t (2.24)
T, T, T}

The process of transverse relaxation is illustrated in Fig. 2.9, and T, decay waveforms
are shown in Fig. 2.8b. Average T, and T values in brain tissue are listed in Table 2.1.
2.1.4.3 Bloch equations

Incorporating T; and T, relaxation times into the vector product terms of equation

(2.11) gives the Bloch equations, which describe precession of M with relaxation:

dM, M,

dt :Y(MJ’BO_MZB)’)_T_Z
dMm, M,

7 7 (M,B, —M,By) — T, (2.25)
dMm, M, — M,

dt :Y(MXB}'_M}’BX)_ Tl
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Figure 2.10: A basic NMR pulse sequence for generating FID. An NMR signal is ob-
tained by tipping sample magnetisation into the transverse plane using an RF pulse.
After excitation, transverse magnetisation undergoes damped oscillation at the Larmor
frequency, with a T, decay envelope. The FID signal is recorded as a voltage across
detector coils.

In the rotating frame, assuming the RF field takes the form as in equation (2.17), the

rotating frame Bloch equations are [42]:

dM,, M,
== _ACOMy/ -
dt T,
m,, M,
- ACOMX/ + wlMZ/ - (2.26)
dt T,
dM,, M, — M,
=—w /
dt Ty T,

2.1.5 Free induction decay

In order to detect sample magnetisation, an RF pulse rotates M into the transverse plane.
Oscillation of the magnetisation vectors in the transverse plane induces an oscillating
electromotive force across receiver coils oriented co-axially to the x and y axes via
Faraday’s law of electromagnetic induction [26]. The damped oscillation decays with
time constant T, and is known as the free induction decay (FID). Oscillations in the
recorded FID signal occur at frequencies equal to the difference between the Larmor
and carrier frequencies (Fig. 2.10) [26]. FID is the basic form of MR signals that are

formed using a single RF pulse [26].

23



180° 90° 180°

[ | —

p— L

TI
TR

Mz(t) 0 /

RF pulse envelope

FID envelope 0

Figure 2.11: Inversion recovery NMR pulse sequence. A 180° pulse inverts longitu-
dinal magnetisation, after which longitudinal magnetisation begins to recover. After a
short period of recovery, TI, an excitation pulse is applied to rotate M, onto the trans-
verse plane for detection. Every TR seconds, this process is repeated for a different
value of TI.

2.1.6 Inversion recovery

An inversion recovery (IR) pulse sequence is often used to measure the T; of a sample
(Fig. 2.11). In an IR experiment, an inversion pulse is used to rotate M, onto the —z-
axis (M,(0) = —M,), whereat it begins to recover according to equation (2.22). A short
delay (inversion time, TI) allows for some recovery of M,, before a 90° excitation pulse
rotates M, (t = TI) onto the transverse plane for signal detection. When M, returns
to equilibrium (or within every repetition period, TR), this process of inversion and
excitation is repeated for a different value of TI. T; can be estimated by fitting the data

to equation (2.22).

2.1.7 Spin echo generation

The T, of a sample can be measured using a spin echo (SE) pulse sequence, which re-
verses the loss of phase coherence caused by static T, effects. Static inhomogeneities
cause some spins to precess at a frequency slightly higher than w, (positive phase ac-

cumulation), whilst other spins precess at a slightly lower frequency than w, (negative
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phase accumulation). These phase differences lead to a reversible loss of coherence,
and are reversed by applying a 180° refocusing pulse along y’, which flips transverse
magnetisation by 180° about the y’ axis (applied at half the echo time, TE/2). This
causes the spins to accumulate phase at the same rate but in the opposite sense. The
amount of dephasing between 0 to TE/2 is cancelled out by the rephasing between
TE/2 to TE, such that at TE the spins are refocused, forming a spin echo (Fig. 2.12). A

basic SE NMR pulse sequence is shown in Fig. 2.13.

2.2 Magnetic resonance imaging

This section extends the principles of NMR to MRI by showing how spatial localisation

of signals is achieved, followed by an outline of MRI pulse sequences.

2.2.1 Gradient fields

Thus far a uniform external magnetic field along the z-axis has been assumed, B, = B,
which means that all spins in the sample precess with the same Larmor frequency w,
according to equation (2.5). In MRI, spatial localisation of voxels requires making B,
spatially-dependent, so that Larmor frequency becomes a function of position. B, is
made to vary linearly in space by introducing a linearly-varying magnetic field (via
gradient coils) which is superimposed onto B,,. This addition to B, is known as a gradient

field, defined by the magnetic field gradient G, as follows:
G =(G,, Gy, G,)=VB, (2.27)

In the presence of a gradient field G, B, at position r = (x, y¥,z) in object space is given
by

B,(r)=By+G-r =By + G, x+ G,y +G,z (2.28)
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Figure 2.12: [Illustration of spin echo formation in the rotating frame, using a 180°
refocusing pulse. (a) When the magnetisation vector (black arrow) is rotated onto the
transverse plane, the individual spins are initially in phase. (b) Transverse magnetisa-
tion decays as the spins (coloured arrows) dephase owing to T, and T, processes. (c)
The T, contribution to dephasing can be reversed by applying a 180° refocusing pulse
along the y’ axis at time TE/2, causing the spins to flip by 180° about ¥’ and accumulate
phase in the opposite sense. (d) At TE, net phase accumulation is zero, and the spins
converge to form a spin echo. The spin echo is smaller in amplitude than the initial
signal due to random T, dephasing which cannot be refocused.
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Figure 2.13: Spin echo NMR pulse sequence. Magnetisation is tipped onto the trans-
verse plane using a 90° excitation pulse, whereat FID decay occurs with time constant
T,. A 180° refocusing pulse is applied TE/2 seconds later (along j'). At time TE, the nu-
clear spins become refocused, forming a spin echo. Subsequent spin echoes are formed
by the application of additional 180° refocusing pulses. The amplitude of consecutive
spin echoes decays according to T,, allowing T, to be determined.

This, by extension of equation (2.5), leads to a spatially-dependent Larmor frequency:
w(r)=vB,(r)=w,+yG:-r (2.29)

Henceforth, the magnitude of transverse magnetisation at location r is denoted by
M, (r, t), or M for brevity, which is proportional to the image intensity of voxel r.
MRI seeks to image M. A general expression for the evolution of transverse mag-
netisation, in the presence of gradient fields, can be obtained by substituting equation

(2.29) into equation (2.15):
M, (r, ) =M e @t =M e iwote 10T (2.30)

In the rotating frame, the off-resonance frequency is (by extension of equation 2.18)

Aw(r) = wgp— w(r), which, on resonance (wgp = w,) simplifies to Aw(r)=—yG-r,
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so that in this case equation (2.16) becomes:
M, (r, t) =M, e 7" (2.31)

The observed MR signal, S(t), is a summation of the individual signals arising from

each voxel that has transverse magnetisation:

S(t) o< ” J M, e 7Cridr (2.32)

object

Equation (2.32) will be used to show how the MR signal S, obtained under the appli-

cation of gradient fields, is used to achieve spatial localisation of a voxel.

2.2.2 Slice selection

In MRI, spatial localisation starts with defining the slice of the object (subject’s body),
perpendicular to 2, that is to be excited. Once a given slice is excited, all subsequent
signals detected can be attributed exclusively to that position along the z axis. Slice
selection (SS) is achieved by first applying a gradient field G, along 2. The axial position,
z, of a target slice is directly encoded by the Larmor frequency at that position, and the
width or thickness of the slice (Az) corresponds to a frequency bandwidth (BW) of

vaslice:

w(z) = wy+7G,2

(2.33)

vaslice = _7‘Gz Az
The slice at location z and with thickness Az can then be excited using an RF pulse with
frequency characteristics that match the range of precession frequencies in the slice
according to equation (2.33), namely, a carrier frequency w(z) and bandwidth BW,;;,,.
This association between Larmor frequency and position is illustrated in Fig. 2.14a.
Equation (2.33) defines a simple frequency-domain profile of the RF slice excitation

pulse: a boxcar profile, centred at w(z), with a width of BW, The time-domain

lice*
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equivalent of this, by the inverse Fourier transform (FT), is a sinc function modulating
a carrier frequency of w(z) (Fig. 2.14b) [26,48]. The RF pulse is of finite length,
therefore the sinc function is truncated, but remains a good approximation to a boxcar
in the frequency domain. Following slice selection, where the spins of a given slice
are rotated onto the transverse plane (and assuming G, is immediately turned off), the
detected signal (equation 2.32) arises from the spins of that excited slice only; this

localises the signal along 2.

2.2.3 Bipolar gradients

In practice, there is a finite slew rate associated with switching of the gradient fields
which means that they cannot be turned off instantaneously. After a slice has been ex-
cited, the continued presence of G, causes the transverse spins to precess at a range
of Larmor frequencies along the axis of the slice, leading to rapid gradient-induced de-
phasing between isochromats and loss of signal (Fig. 2.15a), on which spatial encoding
in the xy plane cannot proceed. Gradient dephasing is reversed with the application
of a ‘rephasing lobe’, where G, is reversed in order to undo the gradient-induced phase
dispersion between isochromats. In the case of slice selection, the gradient echo is
formed owing to a reversal of gradient-induced dephasing effects immediately follow-
ing excitation. In the case of spatial encoding in the xy plane, discussed next, gradient
dephasing and rephasing is applied (Fig. 2.15b) as part of the acquisition sequence to

form a gradient echo (GE).

2.2.4 k-space

In order to encode position along X and y, G, and G, respectively are applied. In the

presence of G, and G, the observed signal is (assuming signal amplitude is proportional
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Figure 2.14: Frequency encoding of slice location and corresponding slice-selective
RF pulse. (a) Spatial encoding along the gz axis is achieved by applying a gradient field
along Z. The slice at location z;., and with thickness Az can then be excited using an
RF pulse of frequency wy;., and bandwidth BW,;;... (b) A slice-selective RF excitation
pulse is obtained by multiplying a truncated sinc function, which has a lobe half-width
of 1/BW,;;.., with a carrier frequency wy;., which corresponds to the Larmor frequency
of the slice’s z position [26,48]. The resulting modulated carrier has an approximately
boxcar profile in the frequency domain. The bandwidth and carrier frequency corre-
spond to the slice width and 2z position.
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Figure 2.15: Using gradients to rephase the selected slice in (a), and to form a gradient
echo in (b). (a) After slice excitation, continued presence of G, (black area) causes rapid
dephasing along the z axis, and a resulting loss of signal. To recover from the post-
excitation dephasing effect of G,, the polarity of G, is reversed (rephasing lobe, blue
trace), leading to a rephasing of the ischocromats when the shaded areas are equal. The
signal then decays according to T,. Without the rephasing lobe (grey trace), the signal
amplitude is lower. (b) Other gradients, such as G, are used to intentionally dephase
and then rephase the signal to selectively form a gradient echo (GE) at the point when
the two areas are equal.

to slice thickness):

S(t) o< ” M, (x, y)e T Cx+6 )t dxdy (2.34)

. 2=Zglice
object

Since G, and G, are orthogonal, they can be applied independently and for different
durations, assumed to be t for G, and 7 for G,. This allows equation (2.34) to be

written as:

S(t,7) o< Jf M, (x,y)e TGxte= 76T dxdy (2.35)

slice

By a change of variables, equation (2.35) reveals that the detected set of signals S(¢t, 7)

are simply the Fourier transform of the voxel intensities (proportional to M (x,y)).
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Equation (2.35) is written in terms of equivalent spatial frequencies k, in X and k, in

(2.36)

Equation (2.35) can then be written as the two-dimensional (2D) Fourier transform of
MJ_(Xa J’)
S(k,, k) o< JJ M, (x, y)e 2rkexthy ) d xdy (2.37)

slice

from which M, (x, y) is obtained by the inverse Fourier transform:

M, (x,y) o< f f S(ky, ke kXN dk dk, (2.38)

k—space

S(k,,k,) is the k-space representation of the image, and is what is acquired during
an MRI scan. S(k,,k,) describes the composition of the image in terms of spatial fre-
quencies along the x and y axes. During the acquisition, k-space therefore needs to
be sampled according to the informational requirements of the desired image, such as
voxel dimensions (image resolution) and the field of view (FOV). The FOV along the x

axis is determined by the sample spacing:

1
FOV, = — (2.39)

Ax = = (2.40)

The y axis and k, and similarly related. The more central area of k-space corresponds to
the lower frequency spatial components of the image, with spatial frequency increasing

further away from the centre.

!The more general form of this is ki, (t) = -rfot/ G, ,(t)dt [26].
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2.2.5 MRI pulse sequences
2.2.5.1 Gradient echo and fast gradient echo

A conventional GE pulse sequence scans k-space by acquiring one row of k-space per
RF excitation pulse, after slice excitation with a < 90°. In order to acquire row n €
{—N/2,...,N/2} of the total number of rows N, the amplitude of the G, pulse is nAG,,,
where AG, is the desired increment in G, between rows (thereby setting the increment
in k,). When G, is turned off, the phase accumulated by spins is dependent on their
position along the y axis: ¢(y) =2nk, (n)y. G, is also referred to as the phase encod-
ing (PE) step. With this phase ‘locked in’ along the y axis, G, is applied in a bipolar
fashion to create a gradient echo which is sampled as it evolves in time t. Therefore,
each sample corresponds to a different spatial frequency along x: k.(t) = 4G, t. Ap-
plication of G, is referred to as frequency encoding (FE), or the readout gradient. Thus
for each n, all k, are acquired for the corresponding k,(n). The initial dephasing lobe
of the gradient echo is constructed such that the maximal signal occurs in the centre
of k-space. Once magnetisation recovers during a period TR, this is repeated for the
next row of k-space [49]. The acquisition time for an N x N matrix is N°TR, making
the conventional sequence relatively time-consuming. The GE signal is sensitive to T,
effects as there is no 180° refocusing pulse to cancel the effects of static dephasing.

A variation on conventional GE is Fast GE (FGE) (or Fast Field Echo, FFE), where a
small flip angle is used (e.g. @ = 15°) so that less time is needed for longitudinal mag-
netisation to recover between row acquisitions, and therefore a shorter TR can be used.
FGE also requires residual transverse magnetisation to be eliminated between repeti-
tions, and this is achieved by gradient spoiling where rapid dephasing of the residual
signal is induced using a strong G, gradient (crusher gradient). GE and FGE pulse

sequences, and k-space trajectories, are illustrated in Fig. 2.16.
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Figure 2.16: (a) Pulse sequence diagram and (b) k-space trajectory of a single-slice
GE sequence. One row of k-space is acquired per TR. In a FGE sequence, a is small and
each TR is also accompanied by a spoiler gradient (dotted G, trace).

2.2.5.2 Single spin echo

A conventional SE pulse sequence comprises both a 90° excitation pulse and a 180°
refocusing pulse which generates a single spin echo. This makes it sensitive to T, effects
(Section 2.1.7) and has a higher in SNR, but the requirement of a second RF pulse makes
it longer in duration than a GE sequence (Fig. 2.17) [49,50].

Manipulation of TR and TE leads to different recovery profiles of M and is used to
achieve different modes of contrast. A short TE (< 40 ms) minimises the extent of
transverse relaxation, such that the detected signal is largely T;-weighted in the case
of a short TR (< 750 ms) or weighted by proton density (PD) in the case of a long
TR (> 1500 ms) [50]. On the other hand, a long TE (> 75 ms) and TR (> 1500 ms)

produce an image that is weighted by T, relaxation [50].

2.2.5.3 Echo planar imaging

The image acquisition sequences presented thus far acquire one line of k-space per ex-
citation pulse. SE echo planar imaging (SE-EPI) is able to sample the whole of k-space

using a single spin echo, by rapidly creating a train of gradient echoes (typically 64
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Figure 2.17: Conventional SE MRI pulse sequence. At TE/2 following slice excitation,
a 180° refocusing pulse is applied to produce a spin echo at TE. The polarity of the
readout gradient does not change, as an equivalent result is achieved by the refocusing
pulse which inverts the plane of the spins.

to 128) following the refocusing pulse [50]. This produces an image with lower spa-
tial resolution, but with higher temporal resolution as each slice can be obtained in
less than 100 ms [44]. This is useful for minimising the effects of patient motion, re-
ducing the time needed to acquire an image (longer sequences are less tolerable for
patients), and is also used in dynamic imaging [26,49]. SE-EPI is the image acquisi-
tion technique used in this thesis for CEST MRI (discussed further in Section 2.3, with
the specific MRI acquisition protocol described in Chapter 4). Following the 180° refo-
cusing pulse, a preparatory phase-encoding pulse is applied corresponding to the most
negative value of k,. This is followed a bipolar G, gradient to produce a gradient echo
which is sampled, providing the lowest line of k-space. Subsequent lines are acquired
by first applying a G,, ‘blip’ corresponding to Ak, followed again by a G, gradient echo.
This process is repeated during the course of the evolution of the spin echo. The accu-
mulation of Ak, scans k-space along the k, axis, whilst the gradient echoes correspond

to a sweep along the k, axis. A SE-EPI pulse sequence and k-space trajectory is shown

in Fig. 2.18.
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The EPI scheme described above is single-shot EPI, where there is a full acquisition
of k-space per TR. EPI can be multi-shot (segmented), where a subset of k-space lines
are acquired per shot [26,49]. Partial Fourier EPI exploits the conjugate symmetry of
k-space in order to skip the acquisition of redundant portions of k-space, instead recon-
structing those portions using the symmetry property and thereby reducing acquisition
time. Parallel imaging uses an array of receiver elements, each with a unique sensitivity
profile which affords a form of spatial encoding, to reduce the number of k-space lines
that need to be acquired [26].

EPI is vulnerable to a number of image artefacts. Nyquist ghosting is an artefact
where, overlaid on the image, are low intensity copies of the image at an offset of half
the FOV (FOV/2 or N/2) along the PE direction. After the k-space lines have been ac-
quired, and before the 2D FT is taken, every second scan line must be reversed along the
FE direction as the polarity of the readout gradient alternates between lines. The pres-
ence of background gradients has an additive effect which either slightly advances or
delays echo formation depending on the polarity of G,.. After the scan lines are reversed,
there remains an offset between each pair of adjacent lines, manifesting as a ghost im-
age with an equivalent FOV of FOV/2. Aliasing or wrap-around occurs when anatomi-
cal regions outside of the FOV, with corresponding precession frequencies greater than
the receiver bandwidth, are excited by the RF pulse and detected by the receiver coil.
These regions outside of the FOV become aliased to the opposite edge of the image due
to the cyclical repetition of phase accumulation outside the FOV, and the ambiguity this
causes when localising the outside signals [26,51]. This can happen in both the FE and
PE directions, but is relatively easily addressed along the readout direction by simply
increasing the digitizer sampling rate or low-pass filtering the echo, neither of which
have penalties for acquisition time [51]. Use of multiple gradient echoes makes EPI
sequences very sensitive to T, effects. In particular, magnetic susceptibility differences
cause geometric distortion at soft tissue-bone and tissue-air interfaces [49]. In the FE

direction, the ratio of background field offsets from water resonance (in Hz), to the
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Figure 2.18: (a) SE-EPI pulse sequence used for sampling the whole of k-space during
one TR period [52]. In practice the number of phase encoding pulses would be 64-
128 [50]. (b) Corresponding k-space trajectory.

BW per voxel, are relatively small owing to the high sampling rate, such that distor-
tion artefacts are often limited to being on a sub-voxel level. The PE direction is more

vulnerable to distortion as the BW per voxel is relatively low (dictated by the period

between PE blips).

2.2.5.4 Magnetisation-prepared rapid gradient echo

Whole-brain imaging of anatomical structures is commonly done using the 3D magnetisation-
prepared rapid gradient echo (MP-RAGE) sequence, which is a rapid T;-weighted acqui-
sition method [26,53]. The sequence utilises a short TR and commences with a prepa-
ration pulse that inverts magnetisation in a given slice, serving to establish T;-weighted
contrast in a similar manner to IR. The 180° inversion pulse is followed by application
of an excitation pulse and a spoiled gradient echo readout with a low flip angle (typi-
cally less than 8°) and a very short TR [26]. For 3D imaging, secondary phase encoding
is applied along a third axis (e.g. slice selection) with respect to the frequency and
phase encoding directions [26]. Structural T,-weighted volumes acquired using MP-
RAGE were used in the studies of this thesis for the purposes of image co-registration
and for segmentation of images based on tissue type (grey matter, white matter, and

cerebrospinal fluid or CSF) (discussed in Chapter 4).
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2.2.5.5 Fluid-attenuated inversion recovery

Fluid-attenuated inversion recovery (FLAIR) is a variation of the IR method, used for
obtaining images with T,-weighted contrast whilst suppressing CSF contributions. In a
FLAIR image, the signal from CSF is suppressed by using a long TI, adjusted such that
CSF magnetisation transitions through a null point at the time of readout. Heavy T,
weighting is imparted through the use of long TR and TE [54]. FLAIR images provide
higher contrast between pathology and CSF than standard T,-weighted acquisitions
[54], and were used in the studies of this thesis for delineating the final stroke lesion

(discussed in Chapter 4).

2.3 CEST mechanism

CEST MRI provides information on metabolites and metabolic processes by exploiting
the chemical exchange of protons between metabolites and bulk water. Detecting the
presence of metabolites directly is not possible as they exist in very low concentrations
for which net magnetisation is close to zero. By using the large abundance of free (or
bulk) water molecules in the body as a mediating mass for the metabolite of interest,
CEST MRI achieves a large amplification of detection sensitivity. The detected signal is
of the bulk water protons (the water ‘pool’), but the CEST acquisition causes it to be
modulated by chemical exchange effects of the metabolite species of interest (metabo-
lite ‘pool’). For instance, even though in-vivo concentration of amide groups is of the
order of millimolars (estimated to be 71.9 mM [14]), detection sensitivity of several per-
cent is achievable due to saturation build-up on the much larger water pool (112 M),

which gives an enhancement of 100-1000 times.

2.3.1 Saturation transfer

Saturation of spins using an RF pulse is a process by which the distribution of spin

energy levels is equalized, leading to a decrease in longitudinal magnetisation. If water
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molecules are saturated with an RF pulse, efficient saturation necessitates that the pulse
be well-tuned to the Larmor frequency of the 'H protons bound to water (wg), and
of sufficient amplitude and duration to reach equilibrium (Fig. 2.19a). Due to the
abundance of water in the body, the Larmor frequency of bulk water is defined as 0 ppm

(parts per million) denoting it to be the reference RF frequency in MRI:

w

w—w
w (ppm) = 9 % 10° (2.41)
YBo

Thus, if a sweep of RF frequency is done across O ppm (e.g. —5 to 5 ppm), there would
be a peak of saturation at water resonance and less saturation efficiency away from
0 ppm, as RF energy is absorbed less efficiently further out from water resonance. The
saturation effect is symmetrical about O ppm and is illustrated in Fig. 2.19b on a so-
called z-spectrum which plots M, against an RF sweep.

CEST MRI exploits chemical exchange to indirectly measure protons attached to
chemical groups apart from water. In a CEST experiment, rather than irradiating the
water pool directly on resonance, the 'H protons of the metabolite of interest are ir-
radiated instead, having a slightly different Larmor frequency (a chemical shift) with
respect to water. Positive chemical shifts (> 0 ppm) are referred to as being downfield
of water. Downfield resonances are at a higher frequency than water resonance, as the
protons are less shielded from the external magnetic field by neighbouring atoms (e.g.
via the removal of electron spin density), exhibiting a stronger net magnetic field and
therefore a higher Larmor frequency. Negative chemical shifts (< O ppm) are described
as being upfield of water. Upfield resonances are at a lower frequency than water reso-
nance as the protons exhibit a smaller effective external field owing to a greater degree
of shielding from B,. For amide molecules the chemical shift is 3.5 ppm downfield of
water, or +3.5 ppm. When the metabolite pool is saturated, the decrease in metabolite
pool M, is not directly detectable. However, for a metabolite pool that is constantly
exchanging 'H protons with the water pool, the saturated metabolite protons begin to

accumulate in the water pool for as long as the metabolite pool is being irradiated. If sat-
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uration efficiency of the metabolite pool is good and persists for long enough, there will
have been a sufficient proportion of unsaturated water protons exchanged for saturated
metabolite protons, such that a detectable decrease in water M, is occurs. This mecha-
nism is illustrated in Fig. 2.20a. A large concentration of metabolites facilitates more
throughput of exchanging protons, as does a high chemical exchange rate; therefore
the amount of change in water M,, for a given excitation period can be reflective of the

chemical composition (chemical shift, concentration) and metabolic activity (exchange

'H unsaturated p spin 'H RF-saturated spin

RF saturation at water

resonance (0 ppm)
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Figure 2.19: Illustration of the effect of RF saturation applied at the resonance fre-
quency of water protons, shown for individual spins in (a)-(b), and represented on a
z-spectrum of water longitudinal magnetisation in (c¢). (a) The water pool in the sam-
ple of tissue is initially at equilibrium, having equilibrium net magnetisation M, (grey
M,). (b) RF saturation is applied at the water resonance frequency O ppm in order to
saturate most of the spins (red), leading to reduced net magnetisation, M,,,. (¢) This is
represented on the z-spectrum which graphs water M, as a function of saturation fre-
quency. There is a sharp resonance at 0 ppm and less efficient saturation off-resonance,
forming the shoulders of the peak.
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Figure 2.20: Illustration of saturation transfer via the CEST mechanism. (a) In a CEST
experiment the metabolite pool of interest is saturated at its resonance frequency (in
this example, amides at +3.5 ppm). By chemical exchange of the protons between the
two pools (mediated by a forward exchange rate k,.,,), the saturated metabolite spins
accumulate on the pool. This reduces net water magnetisation. The corresponding
reduction in M, at this frequency is highlighted in (b). (c) Single-slice CEST brain
images. The grey trace represents the z-spectrum obtained from a single voxel as its
intensity is traced across saturation frequency. There is a decrease in M, at 0 ppm owing

to saturation of the water pool.
rate) of metabolites in tissue. Amide molecules in particular, found along the backbone
of proteins and peptides in cells, were one of the earliest endogenous contrast mech-
anisms used in CEST imaging of stroke as their chemical exchange interactions with
water are pH-dependent.

Contrast associated with amides, for example, is achieved by selectively saturating

proton spins at the pool’s resonance frequency, which for the APT pool is at a chemical
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shift of +3.5 ppm. The saturated amide protons then chemically exchange with bulk
water, yielding a detectable loss of saturation on the water signal at +3.5 ppm (Fig.
2.20b).

Chemical exchange between a solute pool i and the water pool can be divided
into three time-scales: slow (k;, < |w} — wp]), medium (k;, ~ |w) — w}y|), and fast
(ky, > |w) — w¥]) [55]. In the slow exchange regime, the resonance peak of solute
pool i appears on the z-spectrum as a distinct peak from water resonance [56]. This is
because each proton is on average within either the solute environment (pool) or the
bulk water pool, resulting in sharp resonance peaks for both pools [56]. In the medium
exchange regime, the protons move between the two pools during the experiment such
that spectral broadening occurs and the peaks begin to merge [56]. In the fast exchange
limit, the average proton moves rapidly between the two environments such that only
the average value of the environments is observed, manifesting as a single resonance
peak on the z-spectrum [56]. CEST effects are observed when the solute pool of interest
is in the slow-intermediate regime. [35,57,58]. It is also necessary that k;,, is not much
smaller than the longitudinal relaxation rate (R; = 1/T;) for the exchanging pools,
otherwise the accumulated saturation decays faster than the transfer of protons [59].
Therefore, the saturation of exchangeable protons must be fast enough to overcome

relaxation, but slow on an NMR time-scale in order that it can be observed [10].

2.3.2 Bloch-McConnell formalism

The mathematical framework for describing CEST signal evolution is developed in this
section, using, as a working example, the amide-water CEST mechanism illustrated in
Fig. 2.20. An m-pool representation of the z-spectrum in the Bloch-McConnell formal-
ism is illustrated in Fig. 2.21. Each pool i, wherei € P,P = {w, a, ..., m}, is characterised
by its own T;', T;, Larmor frequency wg, and exchange rate. Referring to Fig. 2.21,
the following relationships may be deduced. The model assumes no direct exchange

between solute pools, or equivalently described by a zero exchange rate (denoting a
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Figure 2.21: Diagram of an m-pool representation of the Bloch-McConnell equations,
representing the interaction of small solute pools with the larger water pool: a bulk
water pool, and pools a—m describing saturation effects from amides, and any further
effects represented by additional pools. Each pool i is characterised by its own Tli, Tzi,

Larmor frequency w}, and exchange rates. There are no direct exchanges between the
solute pools.

second pool as j € P): k;; 4,2, = 0. Each pool is coupled to water via a forward
and backward exchange rate. Each pool, in addition to losing magnetisation via for-
ward exchange, is also losing magnetisation from internal relaxation processes with
rates R| = 1/T} and R, = 1/T.. The net longitudinal relaxation rate for pool i is a
summation of its internal relaxation rate Ri1 and its forward exchange rate(s), similarly

for pool i’s transverse relaxation rate. A pool’s net longitudinal and transverse decay

rates may be written as [60,61]:

K=R+ > k K=R,+ > k; (2.42)

JEP,j#i JEP,j#i

The exchange terms defined above introduce coupling between the pools, each of which
has a magnetisation vector M‘. These modifications on the Bloch equations are known

as the Bloch-McConnell (BM) equations. The system of coupled equations is first order

43



and linear. The x, y, and 2 components of pools i’s magnetisation are [42]:

dM! o .
=AM, — KM, + > kM
jep,j#i
dmr, o . .
7= DM — KM + > kM + o M! (2.43)
JEP,j#i
dM!

=MR — kM + > kM — oM
jEP,j#i

dt

These can be equivalently expressed in matrix form using the following definitions [42]:

- t o t
[, ;] w=lw e o]
) : t -_ t
B'=10 0 MgRil] B=|B” B .- Bm]
—ki, —Aw) 0 100
D' = Awl  —ki  w O;=10 1 0]k
0 —w, -k 0 0 1 (2.44)
DW OW(I me
Ao o, D¢ 0
1Oy O -+ DT

where the matrix superscript t denotes the transpose. Using these definitions, the sys-

tem has the form [52,62]:

M
d—:A-M+B (2.45)
dt
to which the analytical solution is:
M= (M, +A 'B)e® —A"'B (2.46)

e is the matrix exponential, and the initial condition, M(t = 0), has been chosen to take

the value of equilibrium magnetisation M, i.e. M(t = 0) = M, = (0,0, M,). The signal
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detected in MRI is the water pool z magnetisation, M?. Since a chemical exchange
formalism is assumed, there is mass transfer (protons) which is conserved. This is
expressed in the following relationship between the exchange rate and magnetisation

vector of any two pools [60,61]:

k =k (2.47)

wi wi

i
i 0
Mg = kiné) - k in

0
The second term above indicates that for a known forward exchange rate and pool
concentration, the back exchange rate k,,; is determined. The forward exchange rate is
a physiological parameter of interest and generally ‘exchange rate’ is understood to be

referring to this term.

2.3.3 Pulse sequences for CEST imaging

Pulse sequence schemes for saturation transfer imaging generally comprise two phases:
RF irradiation to establish saturation transfer contrast, followed by a fast image readout
scheme to minimise relaxation, such as EPI [52]. The two main CEST imaging schemes
are continuous-wave (CW) RF saturation, and pulsed RF saturation, both of which have
been employed in this thesis (see Chapter 4 for specific imaging parameters). An outline

of these two schemes is presented in this section.

2.3.3.1 Continuous-wave saturation

Early CEST experiments employed CW saturation (Fig. 2.22), where a long rectangular
RF pulse, of amplitude B, and saturation time T,,, > T;, was applied at the desired off-
resonance frequency before each excitation [42,52]. The saturation time is usually on
the order of seconds, after which a crusher gradient is applied to suppress transverse
magnetisation and the formation of unwanted echoes [10]. The saturation-excitation
process is repeated every TR, with the repetitions (N, ..;) corresponding directly to a

sweep of saturation frequencies across the z-spectrum (see Fig. 2.20c for an exploded
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single-slice CEST imaging volume).
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Figure 2.22: CW CEST MRI pulse sequence diagram. A long rectangular RF pulse of

duration T,,, and amplitude B, prepares the CEST contrast by saturating spins at a given

chemical shift. This is followed by image acquisition using a fast imaging sequence such
as EPI. This is repeated every TR for each frequency offset on the z-spectrum that is to
be acquired.

This simple CW saturation scheme has a number of benefits over a more complex
pulsed scheme. Optimisation of saturation parameters for enhancing the CEST effect
is more straightforward as the saturation phase depends only on B; and T,,,. In a CW
scheme, steady state saturation and maximal CEST effects can be easily achieved using
long saturation durations [10,30,52]. Another benefit is that long saturation times
correspond to a narrow RF bandwidth, which allows for highly selective saturation of a
given CEST resonance and narrower peaks on the z-spectrum [10,52]. CW saturation
has two main drawbacks. In the context of clinical imaging, long saturation times can
exceed specific absorption rate (SAR) safety limits (maximum RF power absorbed per
unit mass of tissue), which would lead to unsafe levels of tissue heating and cannot be
used for in-vivo imaging [10,52]. Most clinical scanners are also unable to generate
long CW pulses (several seconds) owing to hardware limitations [10,52]. Therefore

CW RF irradiation, when used in human imaging, must be done at a low power and for
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shorter durations [52]. An alternative saturation scheme that overcomes some of these

limitations is a pulsed scheme.

2.3.3.2 Pulsed saturation

A pulsed saturation scheme (Fig. 2.23) consists of a train of short RF pulses which
are applied over a period of several seconds, leading to a gradual accrual of saturation
transfer contrast. Each RF pulse is followed by a crusher gradient to nullify transverse

magnetisation [ 10,52]. Pulsed saturation is more complex to optimise as the train of RF
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Figure 2.23: Pulsed saturation CEST MRI pulse sequence diagram. A train of RF
pulses, of width pw and total period TRgg, comprises the saturation phase of the CEST
sequence which is of total duration T,,,. The parameters of the saturation phase, namely
pulse shape, FA, pw, and TRz, can be optimised for maximal CEST contrast. Crusher
gradients are used during the inter-pulse delay periods in order to nullify transverse
magnetisation. The saturation phase is followed by image acquisition using a fast imag-
ing sequence such as EPI. This is repeated every TR for each frequency offset on the
z-spectrum that is to be acquired.

pulses is characterised by a number of tuneable parameters, including pulse shape, flip
angle, pulse width (pw), pulse period (TRgz), and the number of pulses per excitation.
It is also less frequency-selective than CW saturation. The total saturation time, T,

is given by the product of the number of pulses and TRgg. In a pulsed scheme the B,

envelope is time-dependent, meaning that the analytical solution presented in equation
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(2.46) is not valid and the BM equations must instead be solved by numeral integration
which is computationally, expensive [52,63]. It has been shown that the equivalent RF
power that maximises CEST contrast is approximately equal to the root mean square

(RMS) of the pulse envelope B,, [52,64]:

(2.48)

Studies on creatine phantoms have shown Gaussian-shaped pulses to exhibit higher
frequency selectivity and contrast compared to sinc and rectangular pulses, and are
commonly used [10,52].

A number of alternative saturation schemes have been proposed [10], but are not
relevant to the imaging data in this thesis. They include spin locking [65], CEST phase
mapping [66], saturation with frequency alternating RF irradiation [52], two-frequency
RF saturation [67], chemical exchange rotation transfer [68], variable flip angle la-

belling [69], and variable-delay multi-pulse CEST [70].

2.4 Conclusion

In this chapter the quantum mechanical origins of tissue magnetisation were outlined
and then expressed in terms of a classical description. The latter description provides
a simplified and insightful way for understanding how macroscopic tissue magnetisa-
tion interacts with external magnetic fields, and how tissue properties can be measured
through basic NMR experiments. The mathematical framework for this was extended to
the CEST mechanism, describing how the presence of small concentrations of metabo-
lites can be inferred through a CEST experiment. CEST imaging sequences relevant
to this thesis were presented, and the particular experimental parameters in respect of
them are detailed in Chapter 4. The z-spectrum was introduced as a representation

for observing CEST interactions, and has been the subject of much research interest in
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recent years owing its modulation by metabolic properties of tissue. The next chapter
reviews the literature on CEST imaging in the context of tissue fate in ischaemic stroke,
looking also at how information has been extracted from CEST data and the specific

physiological changes that might underlie saturation transfer contrast.
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Chapter 3

Literature review

3.1 Introduction

ROTEINS execute almost all cellular functions as well as being the building

blocks of cells. They can be broadly classified by their mobility into two cat-

egories: semisolid (immobile) proteins, and labile (mobile) proteins [71].

The absorption of RF energy by mobile proteins, such as cytosolic and secreted pro-
teins [71], can be further divided into two broad categories: RF energy absorbed by
physically-exchangeable protons, and RF energy absorbed by non-exchangeable pro-
tons. Exchangeable, or labile, protons are those that are loosely bound to their resident
molecule and can be physically swapped with protons of bulk water. Chemical ex-
change from labile protons is present in a number of places on the downfield part of
the z-spectrum. Two such effects that are commonly studied are amides at 3.5 ppm
(—NH protons) and amines at 1.8 ppm (—NH, protons) [72-77]. CEST signals from
amide and amine proton transfer are of interest as the molecules are present in rela-
tive abundance in-vivo, offering an endogenous contrast mechanism, and they exhibit
sensitivity to pH, which is a physiological parameter of interest in pathological condi-
tions including ischaemic stroke. Amines, which are commonly used to quantify CEST
effects in creatine phantoms, exhibit a peak width of approximately 0.8-3.0 ppm (field-

dependent) [73-75,78] but their proximity to water resonance makes it difficult to
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detect amine CEST signals in a clinical setting [58,79].

On mobile macromolecules, non-exchangeable protons are those that are tightly
bound to their resident macromolecule through covalent C —H bonds and their effects
manifest upfield of water. Lipids are largely composed of C—H and C = H bonds and
the z-spectrum upfield of water may exhibit particular sensitivity to mobile lipid con-
centration. Magnetisation is transferred to bulk water from these bound protons via
through-space coupling effects (dipole-dipole interaction) rather than by physical pro-
ton exchange. This dipolar coupling of saturation from non-exchangeable protons on
mobile species is referred to as the nuclear Overhauser (NOE) effect, which is thought
to be a compound effect from both through-space and chemical exchange pathways, ap-
pearing as multiple resonances between —2 to —5 ppm [72]. As a through-space dipolar
coupling effect, NOEs are strongly dependent on the correlation time of coupled pro-
tons, which also determines the sign of the NOE; NOEs can either effect an increase in
M, (positive NOEs), or a decrease in M, (negative NOEs) [80]. This thesis focuses on
biological tissue, where the presence of large mobile macromolecules (LMMs), which
are relatively restricted in motion (short T,) and have long correlation times, gives rise
to exclusively net negative NOEs [80,81]. In the NMR literature NOEs strictly describe
through-space intramolecular coupling of magnetization, but in CEST studies they can
also be referring to a compound of through-space coupling and intermolecular relay of
magnetization [72,74].

Semisolid proteins in tissue, composed of immobile macromolecules, include mem-
brane proteins, nuclear proteins, and lipids in myelin that are commonly believed to be
in a solid phase [74,82]. Semisolid tissue exhibits broadband absorption of RF energy
on the order of tens of ppm [57,72,74] which does not allow selective saturation of
individual constituent resonances [ 74]. This pool has a short T, (around 10 us [74]) as
dipolar interactions between densely-packed neighbouring molecules in the semisolid
lattice facilitate high efficiency energy transfer between spins, leading to rapid dephas-

ing. This occurs at a rate that is too fast to observe directly in a CEST MRI experi-
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ment [30]. Proton mobility, characterised by T,, determines the efficiency with which
magnetisation is transferred through dipolar coupling, with low mobility (short T,) be-
ing more efficient at dipolar coupling due to the more restricted motion and increased
spectral density of neighbouring spins [57]. This spin diffusion process, or fast through-
space dipolar transfer, is followed by transfer of magnetisation to bulk water [30,57].

Direct saturation (DS) of bulk water protons by the RF field results in a narrow
(< 1 ppm) notch-like saturation profile that is symmetric and centred about water res-
onance [72]. Cerebrospinal fluid (CSF) in the ventricles and around the periphery of
the brain mostly exhibits a DS effect [72].

CEST studies generally identify four saturation transfer processes on a z-spectrum:
DS at O ppm, APT saturation effects at +3.5 ppm, a composite of upfield saturation ef-
fects between —2 to —5 ppm originating from NOEs, and a broadband saturation profile
originating from semisolid tissue. The appearance of these effects on the z-spectrum is
illustrated in Fig. 3.1. The relatively few samples acquired in clinical scanning, limita-
tions on transmit power and duration, and field strengths of 3 T or below, mean that
additional effects beyond DS, APT, NOEs, and semisolid saturation have not been con-
sistently observed in clinical imaging studies. Analysis techniques for quantifying these
CEST effects are presented next, followed by a review of their applications in the stroke

and oncological CEST literature.

3.2 Quantification techniques

The challenge to accurate quantification has been the heterogeneous in-vivo environ-
ment of human tissue, which exhibits several confounding magnetization effects in-
cluding spillover of direct water saturation, broadband magnetization transfer from
semisolid tissue, an overlapping of metabolite peaks due to their relatively broad spec-
tra, nearness of metabolite peaks to the large water peak (< 10 ppm), asymmetry of

the z-spectrum, as well as noise and artefact [32,72,74].
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Figure 3.1: Normalised z-spectrum showing how the inclusion of different CEST res-
onances affects water magnetisation M,. With no saturation, water M, (normalised
to M,) (dark green) is at unity as it is unsaturated. When the water pool is directly
irradiated (solid blue), energy absorption, hence the saturation of spins (and loss of
M,), is maximal at O ppm (DS line shape). When semisolid tissue is present (dotted
blue) it overlays a broadband saturation effect on the spectrum. The presence of APT
at +3.5 ppm saturates M, further but only within a narrow resonance range. Upfield of
water, NOEs introduce further saturation effects.

Early APT CEST studies tended to employ relatively simple measures of spectral
asymmetry for quantification which assume a broad featureless spectrum upfield of
water resonance as a fixed reference. This assumption has been undermined by the re-
alisation that the upfield spectrum is not a good reference for asymmetry techniques due
to the relatively prominent asymmetric NOEs. The recent literature has introduced var-
ious approaches to CEST analysis that seek to overcome the limitations of an asymmetry
analysis when NOEs are present, of which both model-free and model-based solutions
exist. A description of these techniques is presented below.

Table 3.1 and Table 3.2 respectively list model-free and model-based quantifica-
tion techniques that have been reported in the CEST MRI literature. The model-free
quantification techniques (Table 3.1) discussed are asymmetry analysis, local linear ap-

proximation, and spillover-corrected MTR. The model-based techniques (Table 3.2) are

Lorentzian difference analysis and Bloch-McConnell model (BMM) analysis.
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Table 3.2: Model-based APT quantification techniques. S*(w) is the acquired z-spectrum and S, is the unsaturated acquisition. mwﬁma is

the z-spectrum obtained through BM model fitting, the subscript [ pools] refers to the combination of CEST pools for which the simulated
z-spectrum is obtained: w (water pool), a (APT pool), and s (semisolid pool).

Model-based technique General form Parameters References
©2 S/it(¢y) — S%9( ) w; =2.9 ppm
APTR p, P dw wy, =4.1 ppm [57]
“1 0 fit: water Lorentzian
APTR “2 SPMM(¢) — masﬁevme w; = 2.9 ppm Based on
palLDA o MWZ:S Wy = 4.1 ppm _”m.Num.Nlm©H_
S, M (1) —Spig (w1)
BM model (BMM) APTR* w; =3.5 ppm [36,62,90]

BMM
MO
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Figure 3.2: Illustration of the classical MT asymmetry technique for measuring APT
effect size. The upfield portion of the acquired CEST data are mirrored and used as a
baseline reference for measuring the size of the peak at 3.5 ppm. In this idealised case
the upfield portion is shown as uniform, but in practice there are other CEST effects
that influence this measurement, NOEs in particular due to the asymmetry they impart
to the z-spectrum.

3.2.1 Model-free quantification

and MTe™2 )

asym asym

3.2.1.1 Asymmetry analysis (MT

The first studies that investigated APT effects did so using a simple measure of spec-

tral asymmetry, MT, which had previously been used for generating tumour tissue

sym>
contrast and semisolid MT-weighted images. Semisolid MT has been associated with
higher lipid content of white matter (WM) tissue, which facilitates rapid magnetisation
transfer via spin diffusion owing to its much shorter T, compared to surrounding wa-
ter [91-93]. For example, it has been used in identifying white matter disease, which is
marked by demyelination of nerve axons in white matter, yielding lower magnetisation
transfer ratios [91]. This technique is illustrated in Fig. 3.2.

Asymmetry analysis inherently captures changes on both sides of the z-spectrum
together, and when used as a measure of APT, it relies on one side being constant in

the face of any change in APT (such as pH effects). It has become evident that APT

asymmetry can be strongly diluted in the presence of competing saturation effects in
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pathology such as ischaemia [34], in particular non-specific semisolid MT, water T,
spillover from direct water saturation, and most notably, spectral asymmetry [34]. The
conceptual and computational simplicity of MT,,,, means that it continues to be widely
used for measuring CEST effects [74,94,95]. The presence of asymmetric NOEs in the
upfield spectrum means that an asymmetry-based approach to quantification would
not establish a good reference for simple relative measures of APT, making their use
limited where specifically the APT effect is of interest and particularly in quantitative
analysis. For instance, at low B; powers (~ 0.6 uT) NOEs typically dominate, giving
MT,,m(3.5 ppm) < 0. At relatively high saturation powers (~ 1.0 uT) APT effects
dominate, giving MT,;,,,(3.5 ppm) > 0 [72,74]. In-between these B, limits APT and
NOEs may directly cancel out. Thus the sign of MT,;,,,(3.5 ppm) can reflect how dom-
inant a particular saturation peak is and becomes more strongly APT-weighted or NOE-
weighted depending on which end of the B, range saturation is applied.

A number of variations on MT,;, ,, have been presented to suit different peak profiles,
proximity to water resonance, and saturation efficiencies [83]. The study of ref. [83]
found that averaging the spectra by integration rather than using point-based measures
was more robust and had higher contrast in-vivo with paramagnetic CEST agents, re-

ferred to as enhanced MT asymmetry or MT*™" [83].

asym

3.2.1.2 Local linear approximation (APTR;;,)

Larger B, fields result in larger-amplitude CEST effects due to proportionality with wa-
ter T;. Wider spectral separation associated with larger B, also allows more accurate
delineation of the spectral boundaries of the APT peak. Jin et al. [72] developed a quan-
tification technique, used at 9.4 T, that identified upper and lower frequency boundaries
for the APT peak. A line segment connecting the two points gave a linear approximation
to non-APT effects over that narrow spectral range (a local linear approximation, LLA),
with the midpoint corresponding to the location of the APT peak maximum, against

which the APT effect observed in the data at 3.5 ppm could be calculated. This tech-
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APT CEST data
non-APT effects (theoretical)
o==0==@ line approximation to non-APT effects

Figure 3.3: Illustration of the LLA technique for quantifying CEST effects, shown for
APT. A line segment is used to locally approximate non-APT effects, such that the height
of the acquired CEST data relative to the line is an approximation to APT-only effects.
The line segment is defined using the observed upper and lower boundaries of the APT
peak.

nique is illustrated in Fig. 3.3.

The LLA technique can be considered as an extreme simplification of z-spectrum
fitting where all effects apart from APT are locally linearly approximated. It is advan-
tageous over pixel-wise model fitting of the BM equations as the latter requires com-
prehensive sampling of the z-spectrum so that several parameters can be fitted using
relatively small signal magnitudes [72]. The study reported a fitting error of less than
1% at the NOE peak. A possible improvement is to use a spline fit rather than linear
interpolation for estimating the reference signal at w, [34].

The accuracy of this technique depends on how precisely the peak boundaries can
be delineated and how well the linear approximation, which inherently underestimates
signal amplitude, resembles the convex spectral profile. At lower fields, such as 3 T used
clinically, clear delineation of the APT peak is difficult. This is compounded by the use of
pulsed, versus continuous-wave, CEST schemes which are necessary for limiting tissue
heating within clinical safety bounds at the expense of being less frequency-selective.
It is also necessary to have sufficient sampling points at the boundaries and at the peak
in order that they can be accurately located. Higher saturation powers also broaden

CEST peaks, which reduces the accuracy of quantification using this technique [34].

This technique has also been reported to be insensitive to changes in tissue pH when
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used to quantify NOEs [57].

3.2.1.3 Spillover-corrected MTR (MTRg,,)

MTRg,, is similar in form to the LLA measure, the difference being that it inverts the z-
spectrum in order analytically eliminate relaxation terms arising from DS, and semisolid
effects, yielding a less contaminated measure of APT [84].

This was further developed into a T;-independent measure of exchange rate based
on equivalence between spin-locking and CEST experiments; the apparent exchange-
dependent relaxation measure, or AREX [42,84,85]. Quantitative T; maps are used
that theoretically cancel out dependence on water T;. AREX is obtained by multiplying
MTRg,, by the water relaxation rate to yield a quantitative T;-corrected measure of
chemical exchange effects [84]. This helps to correct for the effects of water relaxation,
which is significantly enhanced in tumours. AREX(NOE) has been shown to significantly
enhance tumour contrast compared to the LLA technique, which does not exhibit strong
contrast [86]. AREX(APT) has also shown greater in-vivo ischaemic core contrast than

the LLA technique, with a CNR in animal stroke models of of 3.21 versus 2.43 [34].

3.2.2 Model-based quantification
3.2.2.1 Lorentzian difference analysis (APTR;,)

The conventional Lorentzian difference analysis (LDA) technique proposed by Jones et
al. is based on steady-state saturation of tissue with low-amplitude RF pulses such that
broadband fast-exchanging semisolid effects are minimised, whilst maximising slow-
exchanging APT and NOEs [57,87]. It is a semi-model-based technique in which model
fitting is used to remove the water signal baseline from the acquired data. The resulting
z-spectrum can be described as simply a combination of water DS (a Lorentzian line
shape whose parameters are estimated from the data), and the slow-exchanging solute
pools of interest [88]. This technique is illustrated in Fig. 3.4. At 7 T a range of

different z-spectral effects have been observed, which could be associated with both
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water Lorentzian — =

Figure 3.4: Illustration of the LDA technique. CEST data acquired using a low-power
scheme (grey) are subtracted from a simulated water line shape (black), to give resid-
uals that are minimally affected by higher-power broadband semisolid effects.

chemical exchange and NOE relayed transfer effects. Subtracting the z-spectrum from

the fitted water line shape yields the independent contributions of APT and NOE. The

fitted Lorentzian line shape is given by [57,87]:

(w,)

(LW%)Z +4(f, _fshift)z

L(A, b,IWy, fo, fiise) = 100— A +b (3.1
where A is the amplitude, LW% is the water full-width half-maximum (FWHM) linewidth,
fo is the bulk water pool resonance frequency, f,;, is the frequency offset of the z-
spectrum due to B, inhomogeneity, and b is a baseline offset [87]. The acquired sig-
nal is fitted to the water peak (Jwgs| < 0.7 ppm) [88], and far away from the water
peak (|wge| > 8 ppm in ref. [96]) where any residual semisolid effects are further re-

duced [57,88,89].

3.2.2.2 Extrapolated semisolid MT reference (CEST*)

In the model fitting process of the LDA technique, both asymmetric and symmetric
models of semisolid effects have been used, where the wide-offset data points used for
fitting are from one or both sides of the z-spectrum [97]. The asymmetric model was
reported to give erroneous results for NOEs, with the single-sided symmetric MT model

yielding the highest contrast in a human glioma study [97]; this is more commonly
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referred to as the extrapolated semisolid MT reference (EMR) technique [98]. A feature
of this approach is that, like LDA, it permits utilisation of information in the raw data
to a greater extent than fully model-based approaches, as, in the process of subtracting
the raw data from the EMR baseline, the structure of the fine composite spectra are

preserved.

3.2.2.3 Post-acquisition LDA (APTR,;ps)

The post-acquisition LDA technique (paLDA), used in Chapter 5, is a semi-model-based
technique which works by having the data acquired using a conventional CEST scheme
rather than applying an ultra-low B, during the acquisition phase. Only the data points
that are expected to exclude APT and NOEs are used for model fitting, such as the data
points at £300 ppm, £50 ppm, £30 ppm, £0.6 ppm, £0.3 ppm, and 0 ppm. These
data points are fitted to a 2-pool BM model comprising water and semisolid effects.
Subtraction of the acquired z-spectrum from the fitted spectrum yields a downfield APT

residual in a similar way to conventional LDA.

3.2.2.4 Multi-Lorentzian line shape fitting

A fully model-based technique that bears some similarly with LDA is multi-Lorentzian
line shape fitting. Using this technique, the fitting is done purely in terms of iso-
lated Lorentzian line shapes discernible in the data [80]. It is therefore a non-physical
model-based technique, as the line shapes are not generated from underlying physically-
meaningful variables. This is in contrast to a fully model-based technique that is phys-

ical, discussed next.

3.2.2.5 Physical model (APTR")

Fitting CEST data to a BM model (BMM) is distinct from the aforementioned quantifi-
cation techniques in that it is a physical model: the fitted z-spectra are generated from a

set of model parameters that directly describe the underlying physical parameters, such
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as exchange rates, relaxation times, and metabolite concentrations'. BM model-based
analysis is also quantitative in its measure of CEST effects, attempting to extract an ex-
act measure of CEST signals in non-arbitrary physical units [100]. This is as opposed to
non-quantitative or semi-quantitative measures, where the images being generated are
for visual interpretation, or are in arbitrary units that are converted into statistical mea-
sures for subsequent analysis [100]. Quantitative measures are, in principle, consistent
and reproducible between repeat scans, different scanners, and imaging sites [100].
This is because they incorporate variables that directly account for different physical
causes of variability, both physiological and artefactual (such as a non-uniform B field
which would otherwise introduce artefactual variability into the quantification).
Magnetisation exchange interactions between bulk water and different metabolites
are described by separate exchange pools, with each pool transferring saturation to
the main water pool on which a signal accumulates. Each pool is described by a set
of BM equations coupled together through mass-conserving exchange rates (equation
2.43). The four CEST processes outlined in Section 3.1 can, as an approximation, be
modelled by simply extending the 2-pool BMM example of Fig. 2.21, to four pools. A
4-pool BM model for modelling the z-spectrum is illustrated in Fig. 3.5. Each pool i,
where i € P and P = {w, a,n,s}, is characterised by its own Ti, T2i, Larmor frequency
wg, and exchange rates. Full expansion of equation (2.43) in matrix form, assuming
4 pools, gives matrix (3.2). Using the matrix definitions in equation (2.44), matrix
(3.2) can be written in the form of equation (2.45), to which the analytical solution
is equation (2.46) [62]. Whilst NOEs and semisolid pool saturation are not strictly
chemical exchange effects, this same pool-based mathematical model has been shown

to phenomenologically describe CEST data well [32,61].

!The BMM analysis technique for quantifying CEST signals is also known as the multi-pool analysis
technique in the CEST literature [36,62,99]. In this thesis the BMM acronym is used to differentiate it
as a physical model, in contrast to non-physical model-based approaches.
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Figure 3.5: Diagram of a 4-pool BM model representing the interaction of small solute
pools with the larger water pool: a bulk water pool, and a pool to describe the saturation
effects from APT, NOEs, and semisolid tissue. Each pool i is characterised by its own Tj,
Tzi, Larmor frequency cof), and exchange rates. There are no direct exchanges between
the solute pools.
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By model fitting of matrix (3.2) to the CEST data, spectral contributions of different
species can be isolated from the CEST z-spectrum. This has been exploited previously to
define the apparent APT ratio, APTR* [36,37,62,90], where a 3-pool model comprising
water, APT, and combined semisolid and NOE contributions, was used to isolate APT
effects. After fitting multiple pools to the spectral data, only a subset are simulated to
predict the effect arising from a single pool, or a combination thereof. The apparent
APT ratio, APTR", is obtained by simulating the combined amide and bulk water pools,
ignoring any other pools included in the fit to the original z-spectral data, and compar-
ing this to a simulation of only the water pool. APTR* is then the difference between
the two predictions at +3.5 ppm. A high-level outline of this process is shown in Fig.
3.6.

In the same way the apparent NOE ratio, NOER", is obtained by simulating the
combined NOE and bulk water pools, ignoring any other pools, and comparing this to
a simulation of only the water pool. NOER" is then the difference between the two
predictions at —3.5 ppm (Fig. 3.7). Similarly, the apparent semisolid effects ratio,
semisolidR*, is obtained by simulating the combined semisolid and water pools, ignor-
ing any other pools included in the fit, and semisolidR" is then the difference between
the two predictions evaluated at 50 ppm?. In general, when using a BM model, the
frequency at which the effect of a metabolite pool is quantified is the same as the pool’s
resonance frequency, as that is where the maximum signal change can be measured. In
the case of a symmetric semisolid pool, whose resonance frequency (0 ppm) is identical
to the water pool, it is not possible to make a meaningful measurement on resonance as
the signal is dominated by water DS. For this reason, the offset of 50 ppm was chosen,

similar to that used in classical semisolid MT experiments [101].

2In this thesis, CEST metrics suffixed ‘R*’ (e.g. APTR*, NOER*, semisolidR*) refer exclusively to the
BMM technique, as do references to the number of pools, such as ‘3-pool’ and ‘4-pool’.
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Figure 3.6: Flow diagram illustrating how ref. [62] defined APTR*. The CEST data
were fitted to a 3-pool BM model which accounted for a water pool, amides, and a
combined pool for NOEs and semisolid effects. The output of the model fitting process
is a large number of model-fitted parameters corresponding to different variables in the
physical model. In order to derive APTR*, which is an isolated quantitative measure of
APT effects, only four model-fitted parameters are used: APT pool concentration, APT
exchange rate, water resonance frequency, and water pool concentration. A 1-pool BM
model simulates water-only saturation, and a 2-pool model simulates the CEST effects
of the APT pool. APTR" is defined as the difference between the two simulated line
shapes at the amide resonance frequency, 3.5 ppm.

3.2.3 Application of Bayesian inference techniques

With respect to quantification using a physical model, model fitting of the data to matrix
(3.2) is an inference problem where the aim is to estimate meaningful physiological
information from the data, represented using APTR*. A disadvantage of model fitting
is that a large number of parameters need to be defined in advance, which may only
be known with a low level of certainty whilst also exhibiting inter- and intra-subject
variability [62]. Model fitting has the advantage of directly estimating the physical
parameters of each pool from the data, but in the case of having multiple pools, there
is an increased risk of over-fitting to limited data and thus inaccurate results [62]. In a

typical non-linear fitting algorithm, the risk of over-fitting is increased if a large number
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Figure 3.7: Illustration of the BMM analysis technique for quantifying CEST effects
(shown for amide effects, APTR*, and NOEs, NOER"). After fitting multiple pools to
the spectral data, only a subset are simulated to predict the effect arising from a single
pool; the difference in saturation between these two simulations gives the apparent
saturation effect arising from that solute pool independently of other pools.

of model parameters are allowed to freely vary, as the results may reflect variability
from random noise more than they do the underlying signal [62]. To mitigate this risk
strict assumptions could be made about some parameters, however, assumptions that
are inaccurate may potentially bias the results [62]. In the case of quantifying CEST
effects, particularly APT, many of the BM model parameters are known to be within a
relatively restricted range of values, even if their precise value in a given subject is not
known a priori [36,62].

A Bayesian approach to model fitting is an alternative to the conventional non-linear
method which provides a framework for incorporating prior information about each
parameter, reflecting uncertainty in the value or its expected variability, and mitigating
over-fitting [62]. Bayesian methods have been applied in the similarly SNR-limited case
of CBF estimation from arterial spin labelling (ASL) data, and are being increasingly

applied in the analysis of MRI data [62]. The measured signal, S, is described as a

combination of the model signal, f, plus additive noise e€:

S=f(0)+e (3.3)

where 6 is the set of model parameters that parameterise the signal [62]. If white
Gaussian noise is assumed with a standard deviation (SD) of o (or equivalently, a noise

precision of 1/02), then the set of all model and noise parameters is ©® = {0,c}. The
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likelihood of observing the n*" sample from S, given ©, is [62]:

2
exp —w (3.9

P(S,1©) =
(5,10) = —— =

The objective of model fitting is to estimate the values of the model parameters that
were responsible for generating the observed data. This can be expressed using Bayes’

theorem:
P(S|©)P(O)

P(©|S) = P(S)

o< P(S|©)P(©) (3.5)

where P(©|S) is the posterior distribution of the parameters, and P(©) is the prior distri-
bution [62]. P(S) is the evidence term and can be omitted when correct normalisation
of the posterior is not required [102]. For the purpose of quantification, expected pa-
rameter values can then be obtained from the mean of the posterior [62]. In general it
might not be possible to evaluate equation (3.5) analytically, in which case the poste-
rior can be approximated using a simpler form q(©) which itself is parameterised by a
set of hyper-parameters [103]. The fit of the approximate distribution q(©) to the true

posterior can be measured using the free energy [103]:

F= J q(@)log(%) de (3.6)

Inferring P(©|S) is done by maximisation of F, which leads to the best approximation of
q(©) to the true posterior [103]. To make the integrals tractable, a variational Bayesian
(VB) approach is used, where q(©) is specified as a product of separate groups of pa-

rameters ©y, each with their own approximate posterior distribution qg, (©,) [103]:

9©) =] [4e,(00 3.7)
k

This is known as the mean field approximation for q(©), which assumes that sepa-

rate groups of parameters are independent, and is the key restriction of the VB ap-
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proach [103]. It is generally not required to factorise over all model parameters, and a
typical grouping of parameters is to separate them according to model parameters and
noise parameters, namely that q(©) = q4(0)q,(c) [103]. The computation of qg (©;)
proceeds by maximising qg, (©;) over the free energy in equation (3.6) [103]. For any
given gg (©;), the form of F is a functional, whose maximum with respect to the subset

of parameters ©, is obtained as a solution to the Euler-Lagrange equation [102]:

log e, (©}) o< J e, (94)1og (P(sI®)P(E) )dO)y (3.8)

where Oy refers to parameters not in the k" group. Computation of the factorised
posteriors is simplified by choosing their form to be the same parametric form as the
prior, which simplifies the VB method to a process of updating the hyper-parameters of
the posteriors [103]. In the study of ref. [62], the form of the posterior used for the
model parameters was a multivariate normal (MVN): q,(6) ~ MVN(8;m, A™!), where
m and A~! are hyper-parameters defining the mean of the MVN and its covariance
matrix, and a gamma distribution was chosen for the noise precision.

The VB algorithm follows an iterative update procedure, as each qg, () in equa-
tion (3.8) depends on the other ©, [103]. To make the VB updates tractable for a
non-linear model, an approximation to f(0) is made by linearising it at each iteration
using a first-order Taylor expansion about the mean of the posterior distribution [103].
Namely, f(0) ~ f (m)+J(8 —m), where J is the Jacobian of f with respect to the model
parameters [ 103]. This approximate VB method has been used with success in previous
CEST studies (Section 3.2.2.5) on phantoms and on stroke patient data, where statis-
tically significant patterns of change associated with tissue pathology were detected

(Section 3.3) [36,37,62].
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3.3 pH-weighted imaging of ischaemic stroke

The possibility of using the APT signal as a clinical imaging tool was explored in 2003
by Zhou et al. [14] in their in-vivo animal study on the pH dependence of the APT effect
(Fig. 3.8), and was applied to tumour imaging in 2006 [31]. The APT exchange rate was
previously established as base-catalysed for pH values above 5, from which a simplified

exponential relationship between chemical exchange rate and pH was derived [ 14,104]:
ko = kpase X 10PH P = 5 57 x 10PHPKw (3.9)

where k,, is the amide proton chemical exchange rate, and k,,,, = 5.57 x 10° Hz, ob-
tained by fitting in-vivo and post-mortem exchange rate curves to pH (with pK, = 15.4
at 37° C) [14]. In the weak saturation approximation it is assumed that RF irradiation
is applied directly on-resonance to the amide pool and that there is no spillover onto
the bulk water pool [52]. Assuming that the amide pool reaches steady state imme-
diately and that there is negligible back-exchange of protons, an approximation to the

time-dependent amide proton transfer ratio (APTR) is given by [30,52]:

k.[amide]T)

APTR = Asqr W (
2

—e ) (3.10)

where [amide] and [H,0] are respectively the concentration of exchanging amide pro-
tons and water, a,,, is saturation efficiency, R;,, is the water longitudinal relaxation rate
Ry, =0.714 s at 4.7 T), and T,,, (4 s) is the duration for which the amide pool is

irradiated [14,52]. The saturation efficiency a,,, takes a value of 0-1:

B 2
asatw—(y ) - (3.11)
(YBI)Z + kiW

Zhou et al. [ 14] estimated the in-vivo amide proton concentration to be 71.9 mM, as-
suming complete saturation of the amide pool (a,,, = 100%) and a long CW saturation

pulse. The relationship of APTR to pH with these assumptions is APTR = 5.73 x 10794,
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During ischaemia a decrease in local tissue pH caused by tissue acidosis decreases
the base-catalysed APT exchange rate, thus a decrease in the APT effect is observed
locally, resulting in APT-weighted contrast [ 14,36,72] associated with intracellular pro-
tein [105]. However, proportionality of the APT signal to protein concentration, pH,
and water T; (equation 3.10) means that it can be a confounded in-vivo measure if
these parameters co-vary significantly. In stroke imaging it is accepted that APT ef-
fects within the hyperacute period (patients presenting within 6 hours of ischaemic on-
set) [106] can be attributed almost exclusively to pH changes in the ischaemic region,
as amide concentration and water T; are assumed to exhibit negligible change during
this period [14,34,72]. These may not be robust assumptions to make when quantify-
ing CEST effects, as studies have reported early changes in both protein concentration
(Section 3.5.6) and water T; (Section 3.5.9) following stroke [34,107].

In the study of ref. [ 14] the feasibility of using the APT signal for detecting ischaemia
was assessed on animals who underwent middle cerebral artery occlusion (MCAO).
Regions of APTR hypointensity corresponded with infarcted tissue that was identified
through histological staining (Fig. 3.8e-f). A subsequent study suggested that pH-
weighted imaging may be able to provide more accurate estimation of tissue at risk in
the ischaemic penumbra [20], which could help in stratifying patients for early throm-
bolytic treatment [15]. Sun et al. [15] hypothesised that the reduction in pH that occurs
before cellular depolarisation may provide a better indication of penumbral tissue that
is at risk of infarction. In the MCAO study the authors found that pH-weighted deficit
regions were smaller than the PWI deficit, and equal to, or larger than, the DWI deficit.

An MCAO study by Jin et al. [72] found significant APT-weighted contrast in the
ischaemic core (1.86% £ 0.27%, p < 0.001). The APT signal strongly correlated with
the apparent diffusion coefficient (ADC) and exhibited regional heterogeneity within
the lesion area, thought to be reflecting differences in pH between the infarct core and
surrounding tissue (Fig. 3.9) [72].

More recently, APT CEST been used in clinical studies of ischaemic stroke by gener-
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Figure 3.8: APT effects following ischaemia in an MCAO rat study by Zhou et al. [14].
z-spectrum (a) showed a decrease in the APT signal due to pH changes: 1.9% reduction
in the pH-weighted signal for a pH decrease from 7.1 (normocapnia, green) to 6.7
(hypercapnia, blue) [15]. Images (b)-(f) are a comparison of T, (b), DWI (c), pH-
weighted (d), absolute pH images (e), and histological staining (f), in ischaemic rat
brain. The DWI and histology images confirmed ischaemia and this corresponded to
the strong hypointensity observed on the pH-weighted (d) and absolute pH (e) images.
Figures reproduced from ref. [14] with permission from Springer Nature.

ating pH-weighted maps of brain tissue (Fig. 3.10) [36,37,90], with findings suggesting
that this may have a role in improving imaging definition of penumbral tissue [37]. The
study by Harston et al. in ref. [37] found that, at the tissue level, the pH-weighted APT
signal was able to discriminate between the acidotic ischaemic core and mildly under-
perfused benign oligaemic tissue [37]. In healthy brain tissue pH is maintained at a
constant level (7.0-7.25 depending on the technique used) and this was reflected in
the uniform pH-weighted maps of healthy subjects [37]. The small difference between
grey matter (GM) and white matter (WM) was statistically significant and may be in-
dicative of dependence on tissue type. Contrast between healthy grey matter and white
matter has also been observed in a 9.4 T animal study by Jin et al. [72], who sug-
gested APT to originate mainly from the higher concentration of mobile proteins found

in grey matter (55% vs. 39% protein [108]), which is also more metabolically-active

than white matter.
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Figure 3.9: Two slices through a rat brain taken four hours after ischaemic onset
following MCAO (LLA quantification technique was used). The ADC map (a) clearly
showed the ischaemic lesion to correlate with APT maps (b) (red and green arrows) in-
cluding in terms of regional heterogeneity (yellow arrow). The NOE map (c) exhibited
almost no contrast between the ipsilateral and contralateral hemispheres. (d) A scatter
plot from lesions of seven animals suggested that NOEs were almost independent of
ADC. Figures reproduced from ref. [72] with permission from John Wiley & Sons.
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In the study of ref. [36], it was observed that APT effects were decreased in regions
around CSE within tissue that was otherwise identified as normal-appearing. The cause
of the decrease in APT was attributed to partial volume (PV) effects at tissue-CSF bound-
aries, as CSF has no substantial APT effect of its own. Thus, for any application, like
stroke, where a reduction in APT is indicative of pathological tissue, the contribution of
CSF is a potential confound [36,37,109].

In the clinical study of ref. [37], the hypointense pH-weighted signal in the ischaemic
core was consistent with the understanding that ischaemic core tissue is highly acidotic
and is expected to show reduced APT saturation effects compared to the contralateral
hemisphere [37]. Oligaemic tissue is hypoperfused at presentation but does not sub-
sequently infarct. The APT signal in the benign oligaemia region of interest (ROI) was
consistent with this by having a value undifferentiated from the contralateral hemi-
sphere, whilst being significantly higher than the ischaemic core signal. Infarct growth
tissue is viable on presentation but subsequently infarcts, being perhaps metabolically
stressed by mild acidosis and leading to the intermediate value of infarct growth APTR

observed in the study of ref. [37].
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Figure 3.10: Clinical studies in stroke using quantitative pH-weighted maps. (a) Tee et
al. [36], showing homogeneous estimated pH for healthy controls and APT hypointen-
sity in the blue ischaemic core region, ascribed an absolute pH of 6.9 in the study. Figure
reproduced from ref. [36] with permission from and John Wiley & Sons. (b) Study by
Harston et al. [37] showing APT hypointensity in the ischaemic core (red region of
interest). Figure reproduced from ref. [37] with permission from Oxford University
Press.

3.4 NOE CEST in ischaemic stroke

Ischaemic core contrast using APT CEST is relatively well-studied both preclinically and
in human stroke. Recent studies have found that NOEs exhibit contrast in tumours and
in preclinical stroke models separately from downfield APT effects, particularly at lower
RF saturation powers [32,57,72,74,86]. If NOEs are associated with cell metabolism
then they may help in identification of the ischaemic penumbra in stroke patients [ 14—
16].

Ischaemic stroke and oncological studies have sought to investigate the association
of NOEs with final tissue outcome. The oncological literature in particular harbours ac-

tive discussion on NOE signal origins and biophysical interpretations relevant to patho-
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Figure 3.11: Serial study of NOE signal evolution pre- and post-MCAO. (a) NOE sig-
nal using the LLA technique (row 2) and NOE signal using the AREX technique (row
3) shown at different time points for a representative animal (white ROI: ischaemic
hemisphere, black ROI: contralateral hemisphere). (b) Meanz+standard deviation at
different time points for the ischaemic hemisphere (red squares), contralateral hemi-
sphere (blue circles), and healthy controls (magenta triangles). Superscripts * and +
denote p < 0.01 with respect to pre-MCAO levels (for ischaemic and contralateral hemi-
spheres respectively). The AREX technique for quantifying NOEs (c) showed a general
decreasing trend relative to 0.5 h, whereas this trend was not observed using the LLA
technique. Figures reproduced from ref. [34] with permission from John Wiley & Sons.

logical tissue. The present CEST literature is not conclusive on some of the fundamental
characteristics of NOEs, such as their dependence on tissue pH and underlying mecha-
nisms [57,72,94,95,110].

In the ischaemic core, an elevated NOE signal has generally been observed in pre-
clinical studies, where NOEs increase 1 h post-MCAO and were elevated with respect
to the contralateral hemisphere [34,81,111]. An MCAO study (ref. [72]) found that
the NOE signal was homogeneous across the brain and did not exhibit contrast in the

ischaemic core or in healthy grey matter and white matter, being almost independent

of ADC (Fig. 3.9).
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In another animal study NOEs increased immediately (imaged at 0.5 h) after onset
of ischaemia, followed by a gradual decrease towards a baseline value at 24 h (Fig.
3.11) [34]. The contralateral hemisphere exhibited a gradual increase in NOE signal
following MCAO, and post-hoc analysis of the results in ref. [72] suggested a similar
trend [34]. At 2.5 h post-MCAO ref. [72] did not observe ischaemic core contrast,
which could explain the lack of contrast reported in ref. [72] in which the animals were
imaged at 4 h post-MCAO [34,72].

One of the earliest clinical demonstrations of NOE contrast in acute human stroke
was by Tee et al. [90] who used a 3-pool model to quantify CEST effects, comprising a
water pool, an APT pool, and a pool combining NOEs and semisolid effects. Two of the
four patients exhibited a deficit of NOE signal in the ischaemic core, and these regions
subsequently progressed to infarction based on follow-up FLAIR scans (Fig. 3.12). The
remaining two patients in the study either saw a mild or no deficit in NOE signal; in the
former case only part of the ADC ischaemic tissue progressed to infarction, and in the
latter case no clear infarction was identifiable on the follow-up FLAIR scan (Fig. 3.12b).
There was also a decrease in saturation effects at 3.5 ppm in the ischaemic core com-
pared to contralateral normal-appearing tissue (Fig. 3.12). All four patients had an
apparent pH-weighted deficit in the ischaemic core, defined as ADC hypointensity at
presentation.

In a recent study it has been shown that the ischaemic core exhibits not only a
decrease in pH, but a concurrent decrease in cytoplasmic protein concentration, the
latter of which has hitherto been assumed to remain constant immediately following is-
chaemic stroke in the CEST literature (Section 3.5.6) [107]. Both a reduction in protein
concentration and of pH would effect a decrease in NOEs in the ischaemic core. Studies
have also identified an NOE peak at —1.6 ppm (Section 3.5.4) which is distinct from
the broader NOE at —3.5 ppm. The former NOE peak exhibited a significant decrease

immediately after stroke [81,111].
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Figure 3.12: CEST study on patients presenting with hyperacute stroke, highlighting
APT effects and NOEs. (a) z-spectra acquired in a representative acute stroke patient
showing a decrease in APT and NOE saturation effects within a 6-hour hyperacute win-
dow. (b) Tissue regions that were not infarcted on presentation but that subsequently
progressed to infarction appeared hypointense on the presenting BMM APT and NOE
maps. When only part (patient 3) or none (patient 4) of the ADC lesion progressed
to infarction in the follow-up FLAIR, the presenting NOE maps exhibited no apparent
deficit in the lesion area. Figures reproduced from ref. [90].
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3.5 Biophysical characteristics of NOEs

The spectral features of the NOE signal are relevant for determining how NOEs can
be quantified whilst minimising contamination from competing effects. The salient

features of z-spectra associated with NOEs are discussed below.

3.5.1 z-spectrum asymmetry

In early CEST studies it was thought that z-spectra were symmetrical about water res-
onance in the absence of metabolite exchanges, and a broad featureless spectrum up-
field of water resonance was assumed, used as a reference. However, asymmetry of
the z-spectrum slightly upfield from water (within —5 ppm), particularly at lower RF
saturation powers, indicated the presence of strong saturation effects in the aliphatic
region of the spectrum.

The cause of asymmetry was initially attributed to resonance mismatch between
the bulk water and semisolid pools such that semisolid macromolecules could have a
small negative chemical shift with respect to the water signal [52,74,112-114]. This
is unlikely, however, as the broad line shape of semisolid effects, of the order of tens
of ppm [72,74], suggests that they are symmetrical. Zhou et al. Some earlier stud-
ies have attributed upfield asymmetry to aliphatic protons of a mixture of mobile to
relatively-mobile peptides, proteins, lipids, and metabolites, which have resonances lo-
cated around —3.5 ppm, ranging from —2 to —5 ppm [74]. Upfield exchange processes
related to mobile macromolecules [42,74], or NOEs, are now thought to be the cause
of z-spectrum asymmetry [42,57,72,74,95,97].

Modelling these mobile components as a single pool with a T, of 0.1 to 30 ms
(relatively-mobile to mobile protons), it was shown in theory that asymmetry caused
by NOEs could be delineated at low B; powers ( ~ 0.6 uT), but not at higher B, powers
(~ 2.1 uT) where the peak HWHM could be over 30 ppm, resulting in a broadband

saturation effect similar to that from the semisolid phase. This notion corresponded
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with in-vivo experiments where a peak at around —3.5 ppm could be delineated at low

B,, but almost all peak definition was lost at a higher B, [74].

3.5.2 Magnetisation transfer pathways

The mechanism of NOE-mediated magnetisation transfer to water has been suggested
to occur through two main pathways. The first is dipolar coupling of the aliphatic
spin to chemically-exchangeable amide protons along the protein backbone, facilitated
by small distances between dipolar-coupled spins (proportional to 1/r°), which subse-
quently transfer magnetisation to bulk water (‘exchange-relay mechanism’), potentially
exhibiting sensitivity to pH due to the chemical exchange [57,74]. A water exchange
(WEX) NMR experiment conducted by ref. [14] supports this description of an NOE
mechanism [57]. For molecules in solution, the likelihood of magnetisation transfer
to bulk water via dipole coupling (intermolecular transfer) is thought to be low, due
to the relatively high mobilities involved [30,57]. Thus, studies generally suggest an
exchange-relayed mechanism of NOE:s.

Alternatively, non-chemically-exchangeable protons can transfer magnetisation to
water through direct intermolecular dipole coupling, facilitated by long correlation
times between interacting molecules. In the study of ref. [110] on protein-free mobile
lipids, the build-up of NOE saturation on non-chemically-exchanging lipids was similar
to that obtained using bovine serum albumin (BSA) protein phantoms which contained
exchangeable protons. This supports the notion that NOEs manifest through pathways
of both pH-dependent chemical exchange and of intermolecular dipolar coupling [57].
A third possible mechanism is through spectral overlap, where intramolecular NOEs
are coupled to non-exchangeable protons whose signal overlaps with the CEST spec-
trum [82].

Two exchange pathways are illustrated in Fig. 3.13. Hydration water may also
be involved in this process. Hydration water refers to trapped water molecules at the

surface and within the core of proteins and is important to protein structure. Within
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Figure 3.13: Illustration of two main NOE exchange pathways that are thought to be
relevant. H denotes a hydrogen proton. Protons bonded by a thick line are aliphatic,
that is, they do not physically exchange (resonance at —3.5 ppm), whereas the dotted
bond denotes an exchangeable amide proton. Saturation is ultimately transferred to
the bulk water pool (blue H,O molecules). Green denotes the intramolecular dipolar
exchange pathway to neighbouring protons including amide side groups, and is com-
mon to both mechanisms. Grey denotes direct dipolar coupling through hydration wa-
ter. Gold denotes the pH-sensitive chemical exchange component of the exchange-relay
mechanism.

a molecule, transfer of saturation to macromolecular-bound hydration water protons
occurs through dipolar coupling, after which relay to bulk water can occur through
chemical exchange. Present model-based approaches for quantifying NOEs employ a
simplified description of NOEs where they are modelled as a pool in chemical exchange

with water.

3.5.3 Absorption linewidth

The relatively narrow line widths of APT and NOEs, characteristic of species with short
T,, suggests that they originate from mobile species. This is because the RF absorption

linewidth, or HWHM (v, ,) is inversely proportional to T,, which is long for mobile

YB, .| T
Vi = 2_711 \ T—: (3.12)
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APT effects are typically reported to be maximal at 3.5 ppm, with a (field-dependent)
width of 1.2 ppm (corresponding to an APT range of 2.9 to 4.1 ppm) [14,72].

The signal from the semisolid phase originates from immobile lipids which facilitate
rapid magnetisation transfer via spin diffusion, having a much shorter T, compared
to the surrounding water and a correspondingly broad line width [91-93]. Semisolid
effects have typically been used in identifying white matter disease that is marked by de-
myelination of nerve axons, yielding lower magnetisation transfer ratios [91] (Section
3.1).

For NOEs, a label frequency of —3.5 ppm is generally used and the observed linewidth
is broader than that of amides, extending from —2 to —5 ppm [57,72,74]. LDA spectra
over this range reveal several discrete peaks (Fig. 3.14), indicating a composite nature
to NOE resonance. Compared to the broad and featureless semisolid spectrum, the de-
tailed NOE spectra suggest an origin in mobile protein components [57]. NOEs have
been said to originate mainly from the higher mobile lipid content found in the myelin
sheath. The total lipid content in white matter of a healthy human brain is 36% to 65%
higher than in grey matter, the remainder being mostly protein [108,115] as detailed in
Table 3.3. Lipids have a high abundance of non-chemically-exchanging aliphatic bonds
whose resonance frequency is centred at around —3.5 ppm, therefore saturation effects
at this frequency have been assigned to lipids. The presence of an NOE mobile lipid
signal has been supported by a recent experimental study into protein-free liposomised
mouse brain tissue, reporting pronounced saturation effects confined to the frequency

range of upfield protons [110].

3.5.4 NOE sub-resonance at —1.6 ppm

The aforementioned CEST literature has modelled NOEs as a relatively broad effect
that ranges from around —2 to —5 ppm, being centred at around —3.5 ppm. This
was based on observations in the data which have been consistently observed in the

CEST literature. The discussion on the spectral characteristics of NOEs highlighted that
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Figure 3.14: LDA of NOEs in a healthy subject. (a) A Lorentzian line shape (green)
describing direct water saturation is fitted to the data acquired under low-B; steady-
state conditions (blue). (b) Subtraction yields the APT and NOE peaks, highlighting
the composite nature of the NOE spectra. Figures adapted from ref. [88]. (c¢) NOE
spectra fitted to an MRS spectrum from the same area, allowing identification of dif-
ferent macromolecular components. (d) Integral of the Lorentzian difference spectrum
suggest that NOEs are more abundant in white matter compared grey matter, with the
highest intensity occurring over the NOE subrange from —3.7 to —3.3 ppm. Figures
reproduced from ref. [57] with permission from Elsevier Inc.
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Table 3.3: Human brain tissue composition expressed as a percentage of dry weight
(except water). Myelin is the fatty sheath covering white matter nerve axons. White
matter is characterized by its high lipid content. Lipids account for approximately
80% of the dry weight and protein 20%. White matter has a relatively high dry
weight content of 25-30% compared to approximately 15% for grey matter. Taking
into account that myelin constitutes 50% of white matter, myelin has a dry weight of
approximately 60% [116].

'f‘Based on four human subjects ranging from ten months to 55 years [108].
*For a typical adult human brain [115].

substance grey matter (%) white matter (%) myelin (%)
water 82—85",81.9" 75-—80", 71.6* —
total lipid 36—407,32.7*  49—66",54.9* 78—81%, 70.0**
protein 55.3% 39.0% ~ 21% 30.0*

NOEs are in a fact a composition of several narrower resonances. One of the first NOE
sub-resonances® that was studied in-vivo, in isolation from the broader NOE centred at
—3.5 ppm, was the resonance at —1.6 ppm identified in the recent study of ref. [117].
In fact, this resonance was apparent in the 7 T LDA spectra of healthy subjects in the
study of ref. [57] (Fig. 3.14) but has not been discussed until recently [81]. The close
proximity of this resonance to water is probably why it has not been observed in 3 T
clinical studies [81]. In the preclinical study of ref. [117], NOEs at —1.6 ppm were
reduced in tumour tissue, post-mortem normal tissue, and following an extended pe-
riod of isoflurane-induced anaesthesia. A number of subsequent preclinical and clinical
studies have corroborated these results, all of which attempted to isolate the NOE res-
onance at —1.6 ppm and reported a significant reduction of signal in tumour tissue
compared to normal tissue [80,98,118].

As well as potentially being a biomarker for the detection of brain tumour, NOEs
at —1.6 ppm have also been investigated in models of ischaemic stroke. Unlike NOEs
at —3.5 ppm, which have been reported to increase following stroke onset, the signal
at —1.6 ppm exhibited a significant decrease at 0.5 — 1 h post-MCAO; an effect that
was consistent for 2 h after onset and exhibited higher contrast compared to the APT

signal and NOEs at —3.5 ppm [81,111]. Other characteristics of the NOE resonance

3An NOE peak apart from the broader NOE centred at —3.5 ppm.
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at —1.6 ppm that differ from the APT and NOE CEST signals are, a lack of contrast
between grey matter and white matter, and relatively high variability in resonance fre-
quency offset and linewidth in both healthy tissue and pathological tissue, suggesting
that complicated signal mechanisms are associated with this sub-resonance [80,81].
The NOE resonance at —1.6 ppm has been closely associated with interactions be-
tween choline head groups of membrane phospholipids, which have a resonance fre-
quency at around —1.6 ppm, and water protons [80,81,117,118]. Choline phospho-
lipids (phosphatidylcholine, or PC) are a major component of the phospholipid bilayer
that forms cell membranes, accounting for 60% of membrane lipids [80,81]. In the MRS
literature, dipole-dipole interactions at —1.6 ppm between PC membrane phospholipids
and water protons have previously been identified at —1.6 ppm in tissue extracts, model
lipids, and intact cell lines using 2D NOE spectroscopy (NOESY) and magic angle spin-
ning [80,81,117]. In biological tissue there are other resonances close to —1.6 ppm
(taurine at —1.8 ppm), but since choline head groups are motionally-restricted by their
covalent bonding with rigid membrane lipids, they exhibit negative NOEs, whilst other
metabolites are mobile and cannot contribute to negative NOEs. The same resonance at
—1.6 ppm appears to also be present in more recent preclinical studies, which is why the
origin of NOEs at —1.6 ppm has been associated with choline head groups [80]. This
association has also been used to explain why the NOE signal decreases after animals
are exposed to 3 h of isoflurane intake; isoflurane molecules are amphiphilic and are
added on to bilayer cell membranes, affecting membrane conformation and the NOE
signal [117]. As with the broader NOE centred around —3.5 ppm, there is more than
one possible pathway through which NOEs at —1.6 ppm may propagate; either through

direct dipole-dipole interactions, or through an exchange-relayed process [80].

3.5.5 Contrast between grey matter and white matter

Protons with relatively low exchange rates (k,, < 50 to 100 Hz [87]) can be efficiently

saturated at low B, powers according to the saturation efficiency approximation (equa-
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tion 3.11) and equation (3.10) [30,87]. Amide protons have an in-vivo exchange rate of
~ 29 Hz [87], giving a saturation efficiency of a,,, = 99.5% at an applied B, of 1.5 uT.
NOEs exhibit a lower net exchange rate of approximately 11 Hz and therefore can be
saturated at a lower B, for a given saturation efficiency [57]. The use of a lower B is
advantageous as it allows semisolid effects, which have a large k,, and a dominating
broadband profile, to be minimised in a similar way to the low-B; human stroke studies
of ref. [87] (Fig. 3.14a) and ref. [90].

B,-dependence studies on animal brains have found that B; = 0.6 uT is optimal for
enhancing NOEs [34,72,74]. At a B; of 0.55 uT, used for the data in this thesis, the
saturation efficiencies are a,,, = 99.4% for NOEs, and a,,, = 96.3% for APT. Higher
saturation powers broaden the APT and NOE peaks, which can make quantification of

these effects more challenging [34].
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Figure 3.15: Averaged B, dependence of (a) APT and (b) NOE (LLA technique) in
seven animals. The APT contrast ratio remained approximately constant over a wide B,
range whereas NOE contrast was present over a smaller range. The largest APT effect
was observed at B, = 1.0 uT. For NOEs, the optimal B, was lower, at 0.6 uT. Figures
reproduced from ref. [72] with permission from John Wiley & Sons.

Grey matter-white matter contrast is more pronounced with the APT signal (30%
higher in grey matter), observed over a range of saturation powers up to 2.0 uT [72]
(Fig. 3.15). The NOE signal is larger in white matter [57,72,88], with highest intensity

occurring over the range from —3.3 to —3.7 ppm (Fig. 3.14d). However, the contrast
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achieved (20%) appears to be lower than with APT, and is tightly confined to around
a saturation power of 0.6 uT [72]. Paech et al. [95] imaged 12 glioblastoma patients
at 7 T and reported a more pronounced NOE signal in normal white matter (—8.4%)
compared to grey matter (—5.0%) (no effect in CSF). At a lower average B, of 0.45 uT,
NOE-weighted maps clearly distinguished between white matter (5.1% =+ 0.8%) and

grey matter (3.4% £ 0.8%) [88].

3.5.6 Dependence on protein concentration

In the in-vivo environment it is not possible to attribute changes in NOEs solely to pH.
A recent study has shown that the ischaemic core exhibits not only a decrease in pH,
but also a concurrent decrease in cytoplasmic protein concentration [107]. In the CEST
literature, the latter has hitherto been assumed to remain constant within the first 6
hours of ischaemic onset, thus APT-weighted contrast has been commonly attributed
to pH changes with an assumption of constant protein concentration. In tumours the
converse is assumed with respect to the cellular environment. Tumour studies can offer
more detailed insight into the protein concentration dependence of NOEs, as tumour
intracellular pH is thought to be almost the same as normal brain tissue (an increase in
pH of less than 0.1). Contrast is thought to originate from differences in protein concen-
tration, vis-a-vis tissue cellularity, where tumour cytoplasm has a high concentration of
mobile proteins and peptides [31,95,119,120]. In the tumour core, particularly for ma-
lignant gliomas, mobile protein concentration is reported to be higher than contralateral
tissue and this corresponds with higher tumour protein concentrations that have been
confirmed by in-vivo MRS [120], although biochemical measurements in other stud-
ies have not observed a significant difference in protein concentration nor significant
APT-weighted contrast after correcting for water T, [86].

Protein overexpression in tumours means that many proliferate rapidly and have
a high cellular density compared to normal brain tissue. APT-weighted contrast has

been shown to differentiate between tumour progression and radiation necrosis where
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the latter is marked by a loss of cytoplasm and therefore an absence of mobile pro-
teins [95,120]. In-vitro BSA phantom studies have shown that NOEs, as well as APT-
weighted effects, to exhibit a proportional dependence on mobile macromolecule con-
centration [72]. Necrosed tissue also exhibits a weaker NOE signal, corresponding with
the absence of proteins and peptides due to tissue necrosis.

A clinical study by Paech et al. (Fig. 3.16) reported glioma tissue to have a smaller
NOE signal than normal white matter [95], as did the study of ref. [94] (Fig. 3.17).
Zhou et al. [74] conducted a preclinical study on animal gliomas and also observed this.
Lorentzian difference spectra corroborate these findings (Figs. 3.18 and 3.19). NOE
signals were weaker in tumour regions [57], with tumour tissue showing less satura-
tion effects compared to contralateral tissue. These clinical findings relating to NOEs,
seem, at first, inconsistent with studies on isolated tumour cells which report larger
APT-weighted effects in tumours [57], and also with the notion that increased cellu-
larity, thus mobile protein density, should enhance NOEs. This discrepancy has been
explained as follows. Tumours have elevated water content (oedema) due to increased
vasculature, giving more water content per voxel despite the higher protein content
from the elevated cellularity of tumour tissue [57]. Whilst the NOE signal is propor-
tional to protein concentration, it may be disproportionately diluted by oedema [95].
Thus a reduced NOE signal does not necessarily indicate a reduction in cellular pro-
tein content [57,94]. Peritumoural oedema also exhibited a weaker NOE signal, which
may be attributed to a lower concentration of cells (and therefore of mobile proteins)
that is caused by tissue swelling. Higher protein mobility in the more liquid environ-
ment would also reduce the efficiency of dipolar magnetisation transfer by reducing

correlation times and cross-relaxation efficiency [94].

3.5.7 Sensitivity to protein structure

Protein misfolding in tumours has also been suggested to result in a reduction of NOE:s.

Whilst in tumours the cellular environment is thought to be well-preserved in terms of
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Figure 3.16: CEST effects in a study on patients with glioblastoma, by ref. [95].
Glioblastoma of a 79 year old patient. ROIs: gadolinium contrast-enhanced T; (CE-T;),
CEST hyperintense region (CEST HIR), tumour necrosis, peritumoural CEST hyperin-
tensity (PTCH), cerebrospinal fluid (CSF), and contralateral normal-appearing white
matter (CNAWM). (a) T, image, (b) gadolinium contrast-enhanced T, image. (¢) MT
asymmetry map at 3.3 ppm. (d) ROI Z-spectra, and (e) ROI asymmetry spectra. An APT
peak was not observed in the data (d), thus the results were more heavily-weighted by
NOE exchanges. CNAWM was hypointense compared to the tumour, indicating stronger
NOE saturation in the former. Less saturation within the necrotic region on the asym-
metry map (c) is consistent with the contrast-enhanced T, scan. Figures reproduced
from ref. [95] with permission from Paech et al.

preventing protein folding, necrotic tissue is characterised by a breakdown of cell mem-
branes and is more likely to contain a mixture of native and denatured proteins as well
as protein aggregates, suggesting that it could be a source of contrast between healthy
and necrotic or highly damaged tissue [94]. This may also apply in the ischaemic core
following stroke.

Zaiss et al. [94] investigated the dependence of NOEs on protein structure. Using
BSA as a model phantom of mobile proteins and peptides in their native (folded) state,
protein unfolding was induced by adding urea at different concentrations. The NOE

signal as a function of urea concentration was strongly correlated with BSA denatura-

tion curves obtained by fluorescence spectroscopy (R? = 0.96), with both curves having
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Figure 3.17: MT asymmetry maps and ROI-averaged z-spectra in two tumour patients
with gadolinium-enhanced T, images. In patient 1 (a) the tumour ROI exhibited a re-
duction in NOE saturation (b)—(c) and may be necrotic tissue (B; = 0.6 uT). Patient 2
(d) also exhibited a reduction in signal within the tumour ROI (e)-(f) (B, = 0.8 uT).
In normal tissue a clear saturation effect was observed in the aliphatic region. In both
patients hypointensity was observed in the surrounding tumour tissue. Figures repro-
duced from ref. [94] with permission from John Wiley & Sons.

a sigmoidal profile and a well-defined transition midpoint at 5.5 M urea, where the
drop in fluorescence intensity indicated protein denaturation (Fig. 3.20). Urea main-
tains denatured protein in a soluble state thus signal changes cannot be attributed to
semisolid effects which would otherwise arise from the short T, of immobile proteins in
aggregates [94]. This suggests that NOEs are dependent on protein conformation and
may serve as a characteristic signal for proteins [94].

Zaiss et al. hypothesised that NOE magnetisation transfer pathways, whether direct
or exchange-relayed, may depend on protein structure in the following ways. Pro-
tein denaturation would be accompanied by a dramatic rearrangement of hydration
water. Coupling along the backbone between immobile and chemically-exchangeable

protons could be affected in the same way, as well as the accessibility of chemically-

exchangeable groups to water molecules [94]. There are three ways in which NOEs
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Figure 3.18: Astrocytoma patient where the z-spectra and residuals (from LDA) (a)-
(b) show a reduction in the tumour region (c¢) (yellow arrow), compared to contralat-
eral white matter. The NOE Lorentzian difference map in (¢) shows an apparent deficit
in the tumour region despite a non-enhancing T;-weighted image of the high-grade tu-
mour. FLAIR hyperintensity within the tumour region and an elevated ADC suggest
a lower tumour cellular density, which would contribute to the reduction in observed
saturation effects. Figures reproduced from ref. [57] with permission from Elsevier Inc.
originating from an exchange-relayed pathway can be affected by protein denatura-
tion: (i) increased structural flexibility upon unfolding, changing the extent of inter-
action between the backbone and side-chains, (ii) changes in exchange rates due to
the increased accessibility of exchangeable groups, and (iii) increased intermolecular
interaction between water molecules contained within the protein core and those in the
hydration shell on the surface of the protein. It is not possible to identify the separate
contributions of each mechanism, although increased structural flexibility of unfolded

proteins could be responsible for an initial increase in NOE signal observed in partially

urea-destabilised BSA proteins [94].
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Figure 3.19: (a) A representative animal glioma model, reproduced from ref. [96] with
permission from John Wiley & Sons. (b) A patient with glioblastoma from the clinical
study of ref. [97], reproduced with permission from John Wiley & Sons. From left:
quantitative T; image (T, -weighted gadolinium-enhanced image in (b)), APT map using
the EMR technique, and NOE map. Across the 11 patients in the study, the APT signal
was significantly higher in glioma tissue (approximately 4%) compared to oedema and
normal tissue. The NOE signal was significantly hypointense in the glioma and oedema
ROIs compared to CNAWM.

3.5.8 pH dependence

Direct dependence of NOEs on pH could exist through an exchange-relayed mecha-
nism of NOEs, where magnetisation of immobile protons is first dipolar-coupled to
labile protons of amide side-groups on the same molecule (intramolecular transfer),
before chemically-exchanging with bulk water protons [72]. Since chemical exchange
of amides is base-catalysed, low pH of the ischaemic core would lead to a reduction in
NOEs.

An absence of direct pH dependence would suggest a mechanism dominated by di-
rect through-space intermolecular coupling between immobile protons and hydration

water [57]. Given, however, the association between protein structure and NOEs dis-
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Figure 3.20: Results of a protein denaturation study explored through changes in the
CEST signal, by Zaiss et al. [94]. (a) Fluorescence spectroscopy of BSA protein denat-
uration as a function of urea concentration. (b) Average NOE MT ratio as a function of
urea concentration (blue), and change in T; (green). Both denaturation curves have a
sigmoidal shape with the same 5.5M urea transition midpoint. (¢) NOE MT ratio and
the fluorescence signal were highly correlated (R* = 0.96), suggesting a strong depen-
dence of NOEs on protein structure. Whilst T; also changed, its linear decrease did not
explain the sigmoidal transition in the MT signal. Figures reproduced from ref. [94]
with permission from John Wiley & Sons.
cussed in the previous section, an indirect dependence of NOEs on pH can be realised
through this same pathway owing to changes in protein conformation caused by acido-
sis which reduce the number of dipolar coupling sites available, and lead to a reduction
of direct intermolecular NOEs (also reducing exchange-relayed NOEs) [94,121]. There
are thus two ways in which changes in NOE signal could be pH-driven, both of which
would result in a reduction of signal under acidosis rather than an increase.
Experimentally there have been differing findings as to the pH sensitivity of NOEs
[57,72], which may be a result of the different CEST analysis techniques used between

studies. Jones et al. [57] studied the pH dependence of NOEs on phantoms of large mo-
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bile proteins (10% BSA) using the LDA technique. APT effects and NOEs were observed
without the presence of lipids or a semisolid phase [57]. The authors reported a pH
dependence of NOEs from pH 5.7 to 8.0, specifically NOE = 0.40 x pH+1.40 (R* > 0.3).
The study of ref. [122] reported a very weak dependence of NOEs on pH using the AREX
technique. The pH-dependence study by Jin et al. [72] found that spectra over the NOE
range were be almost identical from a pH of 5 to 7 using the LLA technique, suggesting
insensitivity of NOEs to pH. The MCAO study reported strong APT lesion contrast, whilst
NOE maps appeared homogeneous. The authors noted that their in-vivo assessment of
pH dependence was not conclusive, as exchange rate and mobile macromolecule con-
centrations must be separately accounted for in tissue; both are proportional to NOE
signal size (equation 3.10) and opposing changes could have led to a net cancellation of
any measurable pH effect. The study concluded that the observed insensitivity of NOEs
to ischaemia was consistent with the notion of mobile protein concentration not chang-
ing significantly during the initial hours of ischaemia [72], whereas the pronounced
APT effect was largely attributed to the change in pH [72], suggesting that NOEs could
be used as a complementary measure of protein concentration [72].

An explanation for the conflicting in-vitro results between Jones et al. and Jin et
al. is the linear approximation technique used in the latter study which involved sub-
traction of the NOE peak from a local linear approximation of water and semisolid
effects (LLA technique) [57]. Subtraction could have resulted in a cancellation of pH
effects, especially given the similarity in pH dependence at the points used in the sub-

traction [57].

3.5.9 Effects of water T,

Water content in the ischaemic hemisphere has been reported to be approximately con-
stant during the first 3 h after onset of ischaemia, whilst at the 24 h time point water
accumulation leads to an increase in T; [34]. Changes in T, have, however, also been

reported during the initial minutes of ischaemia at 9.4 T, where the decrease in T; (ap-
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proximately 7%) has been attributed to the cessation of blood flow [34]. This change
in T, is irrelevant to chemical exchange, but can lead to an apparent decrease in CEST
effects if not corrected for [34]. This is because the water pool mediates all CEST ex-
changes, such that a larger water T, scales CEST effects by affording more time for
labelled states to accumulate in the water pool [42,84]. Thus local variations in T, di-
rectly modulate the size of the CEST signals. Biochemical measurements of gliomas in
some studies have not observed significant APT-weighted contrast after correcting for
water T; [86]. With respect to NOEs, quantitative T, maps have been used for correc-
tion, after which a reduction in dependence of the APT signal on water R; has been
observed. The T,-corrected NOE signal remained significantly correlated with water
R,, but also exhibited significant tumour contrast which was improved compared to
the non-corrected equivalent. The BM model-based technique can in principle account

for this confound by fitting for the water pool Tj;.

3.6 Conclusion

The study of the NOE signal as a potential clinical biomarker in stroke and tumour
imaging is relatively recent. Clinical studies suggest that NOE mechanisms operate dif-
ferently to APT in ischaemic stroke. Unique contrast provided by NOEs compared to
DWI and APT-weighted images may reveal information on alternative tissue injury path-
ways in stroke, in particular, pathways distinct from acidosis and which are associated
with intracellular structural integrity of proteins.

The wide range of model-based and model-free quantification techniques intro-
duced, as an alternative to asymmetry analysis, raises the question of which technique
is optimal for separating the APT signal from competing CEST effects. This is explored
in the methodological study of Chapter 5. The characterisation of NOEs and semisolid
effects as largely distinct phenomena forms the basis of Chapter 6, where this under-

standing is used to improve signal separation.
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In clinical studies, the large decrease in APT signal in otherwise normal-appearing
tissue at tissue-CSF boundaries suggests that PV effects may be a confounding factor in
CEST imaging, affecting quantification at the peripheries of brain tissue, near the ven-
tricles, and at fissures [36,37,109]. In voxels at these tissue-CSF boundaries, correcting
for large contributions of CSF might allow for more robust measurement of relatively
small-scale CEST signals. This is explored in Chapter 7 with the introduction of a tech-
nique for PV correction of CEST data.

With respect to clinical CEST imaging of CEST effects in refs. [37,90], the use of
a 3-pool BM model means that the NOE-weighted signal may be confounded by non-
selective semisolid effects, as both saturation transfer phenomena are modelled using
a single pool. More selective quantification is required in order to robustly explore the
potential of quantitative NOE CEST imaging within acute ischaemic stroke. Chapter 8
seeks to do this by investigating NOEs and semisolid effects using the improved quan-
tification technique developed in preceding chapters. Chapter 9 finally turns to one
of the most recent developments in CEST imaging of stroke-NOE sub-resonances, and

seeks to identify and quantify these effects in stroke models and clinical data.
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Chapter 4

General methods

ENERAL methods employed in the subsequent chapters are detailed here,
covering patient recruitment details, the image acquisition protocols, data
processing, data extraction, and methods used in the analyses. Methods

specific to a given chapter are presented therein.

4.1 Study details

This study used the same dataset in the clinical study in ref. [37] in which patients pre-
senting with acute ischaemic stroke were recruited into a prospective observational
imaging study according to research protocols agreed by the UK National Research
Ethics Service committee references 12/SC/0292 and 13/SC/0362. After exclusions on
the grounds of motion corruption and imaging artefacts this left 12 datasets for anal-
ysis in the original study, and which are used here. Patient demographics are detailed
in Table 4.1. The median onset time was 2 h 45 min. In a separate study, six healthy
individuals were recruited into a study of reproducibility of CEST imaging where they

underwent four repeated CEST scans at three time points [37].
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Table 4.1: Demographics of stroke patients whose datasets were used in this study.
The acute datasets (time to presenting scan of less than 12 hours) were used. Larger
NIHSS (National Institute for Health Stroke Scale) scores indicate more severe stroke
and poorer prognosis. Adapted from ref. [37].

4.2 Image acquisition

4.2.1 Human imaging

All patient scans were performed on a 3 T Siemens Verio scanner using a 32-channel
head coil at the Oxford Acute Vascular Imaging Centre (AVIC) located at the John Rad-
cliffe Hospital. Each patient underwent a T;-weighted structural scan (voxel dimen-
sions 1.8 x 1.8 x 1.0 mm®, FOV = 228 mm, TR = 2040 ms, TE = 4.55 ms), DWI in
three directions, multi-post labelling delay vessel-encoded pseudo-continuous arterial
spin labelling (pCASL) PWI [123], and single-slice CEST imaging. A DWI (at 24 hours)
and/or T,-weighted FLAIR (at 1 week or 1 month) follow-up scan was taken to enable
the definition of tissue outcome.

The single-slice CEST MRI parameters were as follows. The CEST imaging plane
was selected by an expert clinician based on the DWI lesion. CEST preparation was

done using a pulsed saturation scheme (Fig. 2.23), comprising a train of 50 Gaussian
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pulses (FA = 184°, pw = 20 ms, TRyz = 40 ms) over a total duration of T,,, = 2 s.
Crusher gradients were applied between pulses to spoil transverse magnetisation. The
corresponding average B; was Bigys = 0.55 uT. This was repeated at 32 saturation
frequencies. For patients 1-4, an evenly distributed sampling (EDS) scheme was used,
comprising 32 saturation frequencies from —4.5 ppm to 4.5 ppm in steps of 0.3 ppm,
and 300 ppm. For patients 5-12, a semi-optimal sampling scheme (semi-OSS), which
had a higher density of points around the amide resonance frequency, was used (—300,
—50, —30, —4.1, —3.8, —3.5, —3.2, —2.9, —0.9, —0.6, —0.3, 0.0, 0.3, 0.6, 0.9, 2.9, 3.1,
3.2, 3.3, 3.4, 3.4, 3.5, 3.5, 3.6, 3.6, 3.7, 3.8, 3.9, 4.1, 30, 50, 300 ppm). The offsets
at 3.4, 3.5, and 3.6 ppm were acquired twice in order to increase the SNR at these
points during post-processing. [37,124]. The saturation phase was followed by SE-EPI
readout (64 x 64 matrix, 6/8 partial Fourier). For patients 1-4 the SE-EPI parameters
were: TR = 5000 ms, TE = 28 ms, with voxel dimensions 3.0 x 3.0 x 5.0 mm?. For
patients 5-12, the SE-EPI parameters were: TR = 5000 ms, TE = 23 ms, with voxel
dimensions 3.4 x 3.4 x 5.0 mm?>. The total acquisition time for the CEST sequence
was 2 minutes 45 seconds. The healthy subjects study had four repeat CEST scans at
three time points; initial, 24 hours, and one week later, using the same semi-OSS CEST
acquisition scheme as the patients. Fig. 4.1 shows an example of the unsaturated EPI
CEST image, and the whole acquired z-spectrum, from both the EDS scheme and the
semi-OSS scheme. Refer to Appendix A for an example of the whole slice raw CEST

volume obtained using the EDS (Fig. A.1) and semi-OSS (Fig. A.2) schemes.

4.2.2 Preclinical imaging

The preclinical study included 6 male Wistar rats who had a stroke induced in the
ipsilateral hemisphere by blocking the middle cerebral artery with a filament. MRI
was performed on the animals using a 9.4 T Agilent spectrometer with a 72 mm inner
diameter and 4-channel surface receiver array coils (RAPID Biomedical). Imaging was

performed post-MCAO at two time points; 1 h and 2 h. Quantitative T; and T, maps

99



900
—6— acquired CEST data —O— acquired CEST data

(arb)
(arb)

z
z

M
M

d
A I N A I R AN I R A I AR A O A A I N A R A A R A A N 0 § S S Y S N ) |
PSRy S g 000 HARNOONMNITMNIRNOMOMOANNNRHOOQ
> NN OMmON THBINNOOMOMOS Nn@HTNOMO o N DD i ol o et DA i D o i B i L D o i B i P
OTTMMMMANNN~—T—TO0OO0O0O0O0O0O AN NNMMMM T T ownm e Mmno
o [ T e R e A | ™M I 1Tm
m

1
wee (PPM) wee (PPM)

(a) (b)

Figure 4.1: (a) Example of an acquired whole z-spectrum obtained from the EDS
scheme where saturation frequencies are uniformly distributed between +4.5 ppm.
Shown for a single voxel (red square on the unsaturated EPI acquisition) from patient
1. (b) Example of an acquired whole z-spectrum obtained using the semi-OSS scheme,
shown for a single voxel (red square on the unsaturated EPI acquisition) from patient
12. There is a higher density of sampling points near the amide resonance frequency,
and the offsets at 3.4, 3.5, and 3.6 ppm have been acquired twice in order to increase
the SNR at these points when quantifying CEST effects.
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were obtained using inversion recovery (TR =10 s, TE = 8.22 ms, TI = 13.14 ms-8 s)
and spin echo experiments (TR = 10 s, TE = 30 ms to 160 ms in 10 steps). Cerebral
blood flow was measured using multi-phase pCASL (8 phases between 0° and 315°, tag
thickness 6.2 mm, post-label delay 550 ms), and ADC was measured from DWI in three
directions with b = 0 s/mm? and b = 1000 s/mm?.

The CEST acquisition was formed of a train of 50 Gaussian pulses (pw = 20 ms,
FA = 180°) at a 50% duty cycle (TR = 40 ms, equivalent to a CW B, power of 0.55 uT).
Fifty-one offset frequencies were used (—300, —4.1, —3.8, —3.5, —3.2, —2.9, —2.6,
-2.3,—-2,-1.7,-1.5,-1.2, —0.9, —0.6, —0.3, 0, 0.3, 0.6, 0.9, 1.2, 1.5, 1.6, 1.7, 1.8,
1.9,2,2.1,24,2.7,29, 3.1, 3.2, 3.3, 34, 3.5, 3.6, 3.7, 3.8, 3.9, 4.1, 5, 7, 9.7, 13.5,
19, 26, 37, 51, 72, 100, 300 ppm), each followed by a crusher gradient. Apart from the
value of B, and the number of saturation frequencies, these parameters were identical
to those used in the human imaging study. Image acquisition following the saturation
period was done using a single-shot SE-EPI readout. Refer to Appendix A for an example
an the animal raw CEST volume (Fig. A.3) and an acquired whole z-spectrum (Fig.

A.4a).

4.2.3 Phantom imaging

Phantoms at different pH were prepared to mimic the intracellular environment of naive
mouse brain; refer to the study of ref. [ 78] for details of phantom preparation. Briefly,
six female BALB/c mice aged 6-8 weeks were terminally anaesthetised; their brains
were subsequently removed, homogenised, and formed into sample solutions which
were titrated to six different pH values (6.3-7.7). The volume of solution in the phan-
toms was scaled to match in-vivo metabolite concentrations; BSA concentration was
kept constant at 8% w/v, being representative of protein content values reported for
rodent brain [ 78]. The BSA was not cross-linked in order to avoid introducing semisolid
MT effects.

MRI was performed on all phantoms simultaneously using a horizontal bore 9.4 T
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spectrometer (Agilent Technologies) with a volume receive coil (internal diameter 40 mm,
RAPID Biomedical). Shimming was performed to minimise B, inhomogeneity. Quanti-
tative T; and T, maps were obtained for each phantom, as follows. The T, relaxation
time of each phantom was measured using an IR sequence (TR =10 s, TE = 8.22 ms),
where TI was varied in nine steps from 13.14 ms to 8 s, and the signals fitted to equa-
tion (2.22). The T, relaxation time of each phantom was measured using a spin echo
sequence (TR = 10 s) where TE was varied in 10 steps from 30 ms to 160 ms, and the
signals fitted to M, = M,exp(—TE/T,) (envelope of equation 2.23). In both cases eight-
shot SE-EPI was used to acquire the images [78]. The CEST acquisition was formed
of: 300 Gaussian pulses (pw = 26 ms, FA = 180) at a 50% duty cycle (equivalent
to a CW B, power of 0.8 uT). Eighty-five saturation frequencies, evenly-spaced be-
tween £10 ppm were used, and four further unsaturated acquisitions were obtained,
two each at 500 ppm. Image acquisition following the saturation period was done us-
ing an eight-shot SE-EPI readout (unsaturated acquisition and whole z-spectrum shown
in Fig. A.4b). The scan parameters were: FOV = 38 mm x 38 mm, matrix size 32 x 32,

slice thickness 2 mm, TE = 8.22 ms, and TR = 7.85 s. The total scan time was 3 h 6 min.

4.3 Processing

Image processing and analysis was performed using the FMRIB Software Library (FSL)

[125-127] and MATLAB (Mathworks, Inc., Natick, MA).

4.3.1 Motion correction

The different CEST frequency offsets were motion-corrected relative to the unsaturated
acquisition using the MATLAB function imregister which applied rigid-body registra-

tion accounting for rotation and translation.
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4.3.2 Model fitting

The data were fitted to a CW approximation of the BM equations as implemented in
the FSL tool BayCEST [62,64,103], which uses the fabber VB model fitting routine
[62,103,128,129] to fit CEST data to a BM model [36]. Details of the specific model and
constituent pools used are presented in each chapter. Example model-fitted z-spectra

are presented in Appendix B for all of the model-based techniques used in this thesis.

4.3.3 ROI definitions in native space

The tissue outcomes defined this thesis were ischaemic core, infarct growth, and oli-
gaemia. Stroke lesions were independently outlined by a neuroradiology fellow and
a clinical research fellow using the masking tool in FSIView [25,126]. Where the
mean overlap between the two assessors was less than 80%, a third rater, a consul-
tant neuroradiologist, resolved discrepancies [25]. Ischaemic core tissue was defined
as voxels with a presenting apparent diffusion coefficient (ADC) below a threshold of
620 x 10~° mm?/s, and included in the final infarct mask [37]. Final infarct was defined
preferentially on the 1 week FLAIR image, or if not available, the DWI (b = 1000 s/mm?
acquisition) at 24 hours. In the original study of ref. [37], final infarct was defined pref-
erentially on the 1-month FLAIR image, or, if not available, on the 1-week FLAIR image.
Oligaemic tissue was defined as voxels within a perfusion deficit but not within the final
infarct [37]. The mask representing perfusion deficit was generated using a threshold
approach where grey matter voxels with a CBF threshold of less than 20 ml/100g/min
were identified and clustered, then used as a guide for manual delineation and subse-
quently closed by sequential dilation and erosion. This was a more objective approach
than the method used in ref. [37], where manual delineation of the presenting perfu-
sion deficit was guided using a perfusion threshold of 20 ml/100g/min. Infarct growth
voxels are those not within the ischaemic core, but included in the final infarct [37].
Contralateral ROIs were obtained by non-linearly registering the pathological masks

to standard MNI152 space, reflection in the sagittal plane, and transforming back to
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CEST space. This differed from ref. [37], where a representative contralateral ROI
was manually defined on the FLAIR image. Registration between time points was non-
linear [130]. In ref. [37], registration between time points was done using a linear
transformation with 6 degrees of freedom (DOF).

In the preclinical data, ROIs representing contralateral, infarct core, infarct growth,
and oligaemic tissue, were defined from the ADC and CBF maps with the following
thresholds. The infarct core mask was defined as ADC below a threshold of 620 x
10~ mm?/s and included in the final infarct mask [37]. Final infarct was defined on
the 2 h DWI. Oligaemic tissue was defined as voxels within a perfusion deficit but not
within the final infarct [37]. The mask representing perfusion deficit was generated
using a threshold approach where grey matter voxels with a CBF threshold of less than
20 ml/100g/min were identified and then used as a guide for manual delineation. In-
farct growth voxels were those not within the ischaemic core, but included in the final
infarct [37]. The contralateral mask was the entire contralateral hemisphere excluding

voxels that belong to a pathological ROI.

4.4 Data extraction

4.4.1 Transformation of images from native space and

slice extraction

The CEST data were registered to the T,-weighted scan using the FSL tool f1irt [126,
131,132] with 6 DOE, and the resulting transformation matrix was inverted then used to
transform the T;-weighted scan to the resolution of the CEST images using the FSL tool
applywarp [127] with two times super-sampling, after which the T;-weighted slice
corresponding to the CEST imaging plane could be extracted. Similar transformations
were applied to transform masks derived on other imaging, such as grey and white
matter definitions from the T;-weighted image, as well as other imaging measures,

such as DWI. The other imaging modalities were registered to CEST space and the slice
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corresponding to the CEST lesion was identified by an expert clinician. All transformed
images were subsequently masked to remove the cranium and other non-brain features,
with the brain mask generated using the FSL tool bet [133] applied to the unsaturated

CEST slice.

4.4.2 Generation of grey matter and white matter masks

Grey matter and white matter brain masks were generated from PV estimates (PVEs)
using the FSL tool fast [134] on the presenting T;-weighted scan, and the images were
transformed to the resolution of the CEST images. Thresholds were applied to create
masks in the data space as follows (summarised in Table 4.2). Primary analyses in
Chapters 5-9 were conducted in voxels with a combined grey matter and white matter
PVE of greater than 0.5. Secondary analyses were conducted within separate masks for
grey matter and white matter. Grey matter masks were defined at a GM PVE threshold
of 0.7, and white matter masks were defined at a WM PVE threshold of 0.9. The grey
matter threshold was lower owing to fewer available voxels at the low resolution of the
CEST data [37]. In healthy subjects, grey matter and white matter ROIs were defined

in the same way.

4.4.3 B, inhomogeneity correction

The CEST data were compensated for B, inhomogeneity via a variable in the model fit-
ting algorithm which attempted account for resonance shift of the main water peak. The
B, map obtained from the 4-pool model was used to correct the model-free techniques
listed in Table 3.1 by interpolating the acquired spectra voxel-wise onto a 0.1 ppm-
resolution axis before applying any of the model-free techniques to the data.

The presence of other metabolite resonances, which, at 3 T, overlap with or are
very close to the main water peak (such as myo-inositol at 0.2-1.6 ppm, or NOEs at
—1.6 ppm) [10,135], presents a risk of biasing the fitting process at a slight offset from

actual water resonance, thereby potentially introducing a systematic error into subse-
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quent calculations. An approach that is not vulnerable to this is to separately acquire a
direct water saturation map before or after the CEST acquisition, where a short-duration
and low-amplitude saturation pulse minimises CEST effects whilst being sensitive to DS
effects (referred to as a water saturation shift referencing map, or WASSR) [10,136].
This necessitates an additional 1-2 minutes of scan time, and was not acquired for the
datasets used in this thesis. In creatine phantoms the model fitting approach has been
shown to closely match the WASSR method, with a maximum difference of less than

0.03 ppm [124].

4.4.4 Calculation of means within an ROI

The patient measures derived in this study were exclusively voxel-weighted measures,
used to investigate trends at the tissue level as opposed to at the patient level. Use of
means at the tissue level, rather than at the patient level, helps account for heterogene-
ity within the lesion (ROI) which would otherwise be overlooked and lead to underes-
timation of any changes [25]. A voxel-weighted mean for each ROI was obtained from
the patient data by performing a weighted sum of patient means, where the weight
assigned to a patient was proportional to the number of contributing voxels for a given
ROI. This was done separately for each quantification measure. Voxel-weighted mea-
sures were similarly derived from the animal data. The number of voxels and subjects
used are listed in Table 4.2. Healthy subject and phantom means did not employ voxel

weighting.

4.4.5 Calculation of relative mean values

Relative mean values were derived for each patient, where the mean in each patho-
logical ROI (e.g. mean APTR*) was normalised to the mean value in the contralateral
hemisphere, giving ‘relative APTR"™. This further metric accounted for systematic vari-

ability between individuals not already controlled for by the quantification technique.

106



Table 4.2: Total number of patient datasets, animals, and corresponding voxels used
in the studies in this thesis, categorised by the tissue outcome. Column 1 lists the type
of voxel analysed, such as GM, WM, or GM+WM (‘whole slice’). Column 2 lists the
PVE map from which the mask was derived, and the PVE threshold that was applied
to define the mask, is listed in column 3. In row 1, the whole slice mask is defined
as a threshold of 0.5 on a GM+WM PVE map, used for primary analyses in Chapters
5-9. Rows 3 and 4 respectively define a GM-only mask and a WM-only mask, used for
secondary analyses, where differences between GM and WM were explored.

2 g _
<
50 = <
=)
2 £ 5 8
brain mask PVE map Mask PVE threshold
stroke patients
whole slice GM+WM 0.5 445 919 843 1692
grey matter GM 0.7 113 192 110 181
white matter WM 0.9 114 206 165 478
animals (whole brain) — — 2076 1578 3583 11833
number of patients 11 11 8 12
number of animals 6

4.5 Analysis

All analysis and quantification of CEST data was done in the native space of the data.

The significance level used in this study was a,,;, = 0.05. Statistical tests involving

crit

patient or animal data incorporated voxel weighting.

4.5.1 Statistical testing

Differences between grey matter and white matter were assessed using a two-tailed
paired t-test. Comparisons between multiple groups (ROIs and/or quantification tech-
niques) were preceded with a one-way ANOVA test for significance. Post-hoc pairwise
testing was done using a two-tailed Welch’s unequal variances t-test which was cor-
rected for multiple comparisons. Correction for multiple comparisons was done by
adjusting the pairwise significance level (&.,;,) using the Bonferroni method, such that

the family-wise error rate (FWER) was FWER < a The number of DOF used in

crit*

107



the statistical tests was based on the number of patients rather than on the number of

voxels, which reduced the DOF compared to the original study of ref. [37].

4.5.2 Repeatability

Two-way ANOVA was used for comparisons between healthy subjects and time points,
and one-way ANOVA was used for comparisons between patient contralateral ROIs.
Repeatability was further quantified using the coefficient of variation (CoV: standard
deviation divided by the mean). This was used as it is a normalised measure of variation
across subjects or time points, allowing comparisons between quantification measures

which differ in their nominal or baseline values.

4.5.3 Spatial variability

Spatial variability, defined as the CoV within a given ROI, was used as a measure of spa-
tial heterogeneity within the ROI, found in healthy subjects and in patient contralateral

tissue.

4.5.4 Contrast-to-noise ratio

Contrast-to-noise ratio (CNR) was defined as follows for a given pathological ROI. Con-
trast was defined as the difference in mean signal between the ROI (mgg,) and the
contralateral ROI (mcy), and noise was defined as the SD within the contralateral ROI
(SD¢o):
Mgoy — Mco
CNRpy = —— 4.1
o = g (4.1)

4.5.5 Correlation

Correlation between metrics was reported as the coefficient of determination (R?) along
with the corresponding p-value from an F-test on R?. R? was interpreted according to an

absolute criterion as follows: no correlation (0.00-0.19); low correlation (0.20-0.39);
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moderate correlation (0.40-0.59); moderately high correlation (0.60-0.79); and high
correlation (= 0.80) [137].
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Chapter 5

Comparative study of quantification

techniques

5.1 Introduction

ARLY APT imaging studies tended to employ relatively simple measures of spec-
tral asymmetry for quantification, which assume a broad featureless spectrum
upfield of water resonance as a fixed reference. This assumption has been

undermined by the realisation that the upfield spectrum is not a good reference for
asymmetry techniques due to relatively prominent asymmetric saturation effects from
NOEs [32,57,72,74,86].

The recent literature has introduced various approaches to CEST analysis that seek
to overcome the limitations of an asymmetry analysis when NOEs are present. These in-
clude modifying the asymmetry approach, where instead of taking a reference from the
upfield part of the z-spectrum, frequencies around the APT frequency in the downfield
region are used [34,74,84]. More complex model-based approaches have also been de-
veloped using Bloch-McConnell and Lorentzian-based approaches [57,90], though such
metrics have largely only been applied in non-human preclinical studies, or at high field

strengths (7 T) that are, as yet, routinely unavailable in a clinical context. In the study
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of ref. [37] where a BM model-based approach was tested on data derived from clinical
acute stroke patients [36], the model developed to isolate the APT metric used 3 pools
to model water, APT, and combined semisolid MT+NOE contributions. Given the po-
tential of APT imaging to complement existing imaging techniques to provide clinically-
relevant information, there is a need to develop analysis techniques that deliver a robust
and repeatable APT metric. Both model-free and model-based solutions exist. Hence,
the objective of this chapter was to compare model-based and model-free quantifica-
tion techniques for CEST imaging that specifically separate APT and upfield effects for
application in the clinical setting. Towards this end a methodological comparison of
different CEST quantification techniques was undertaken around clinical endpoints in

a cohort of acute stroke patients.

5.2 Methods

An outline of the methods used in this chapter is presented below; refer to Chapter 4

for further details.

5.2.1 Study details

This chapter employed the datasets from 12 patients presenting with acute ischaemic

stroke and the datasets from 6 healthy subjects.

5.2.2 Processing

The model-free quantification techniques compared in this chapter are asymmetry anal-
ysis, LLA, and spillover-corrected MTR. The model-based techniques are 3-pool BM
modelling and paLDA. The model-free and model-based quantification techniques are
detailed in Tables 3.1 and 3.2.

The data were fitted to a CW approximation of the BM equations (Fig. B.1). The

3-pool BM model used in this chapter comprises a bulk water pool, an amide pool, and
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Table 5.1: Three-pool BM model priors for clinical data, expressed as a mean and SD,
reproduced from ref. [36].

Glossary — M,: pool concentration relative to water pool (water pool M, is abso-
lute), k,.: pool—bulk water exchange rate, T;: longitudinal relaxation time, T,:
transverse relaxation time, Aw: chemical shift with respect to water pool.

water APT asymmetric semisolid
Parameter = mean SD mean SD mean SD
M, (norm.) 0 1x10° =i 20mM 0 1x10°
k,, (Hz) — — 20 el 30 e!?
T, (s) 1.3 0.15 0.77 0.15 1.0 0.15
T, (ms) 70 14 10 2 0.2 0.04

Aw (ppm) 0 V01 35 1x10°% —241 1x10°°

a third pool which attempts to account for both semisolid effects and NOEs. The 3-pool
parameter prior distributions are listed Table 5.1. The apparent APT ratio, APTR", was
defined in Section 3.2.2.5.

In this retrospective study it was not possible to follow the acquisition methodology
from the original LDA approach. Instead, a post-acquisition LDA technique (Section
3.2.2.3) was used where, rather than applying an ultra-low B, during the acquisition
phase, the data acquired using a conventional CEST scheme were used and only the data
points which were expected to exclude APT and NOEs were used for model fitting [36].
The data points at 2300 ppm, £50 ppm, +30 ppm, £0.9 ppm, £0.6 ppm, £0.3 ppm,
and O ppm, were assumed to exhibit contributions from the bulk water and semisolid
pools only and were fitted to a 2-pool BM model comprising water and a semisolid pool
(Fig. B.1). Subtraction of the acquired z-spectrum (B,-corrected) from the fitted spectra
yielded a residual corresponding to the APT effect in a similar way to conventional LDA.
The LDA measure at each voxel was obtained by integrating the residual between 3.0

to 4.0 ppm (in increments of 0.01 ppm) using trapezoidal integration.

5.2.3 Data extraction

The patient ROIs used in this study were the ischaemic core and a mirrored contralateral

mask. In the analysis of patient results all measures were also normalised to their mean
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in the contralateral hemisphere to produce a relative measure. The relative patient
means were weighted by the number of contributing voxels and pooled to give a voxel-
weighted group mean for each tissue outcome. Primary analyses of the clinical data
were done in voxels with a combined grey matter and white matter PVE greater than
50%, defined as the whole slice mask. Secondary analyses were done in separate grey

matter and white matter masks.

5.2.4 Analysis

Contrast between grey matter and white matter was assessed in healthy subjects. Re-
peatability in healthy subjects and in patient contralateral tissue was measured using
ANOVA and the CoV. In patients the ischaemic core CNR was evaluated.

It was found that some metrics exhibited a near-zero mean but in a consistent man-
ner, such that the CoV was large (low repeatability) despite the consistency of the met-
ric. For this reason, an alternative measure of repeatability was also explored; the ratio
of the SD to the interquartile range (IQR). This provided consistent normalisation across
different metrics whilst obviating use of the mean and without being strongly influenced

by outliers, which was found to be more of an issue for the model-free metrics.

5.3 Results

A box plot of healthy subject APTR is shown in Fig. 5.1 and provides a visual com-
parison of consistency in APTR quantification using different quantification techniques.
Defining repeatability as the ratio of the SD to the IQR yielded a CoV of 1.35% using
LLA, 1.65% using MTRg,,, 2.47% and 3.94% for classical and enhanced asymmetry,
with the two model-based measures being below 1.50%.

Contrast between grey matter and white matter in healthy subjects is shown in Fig.
5.2. BMM analysis exhibited the smallest difference between grey and white matter;

3-pool APTR* contrast was 2.7%. The remaining metrics exhibited contrast of at least
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Figure 5.1: Box plot of mean APTR in healthy subjects for each quantification tech-
nique.

10%. Model-free metrics had the highest contrast between grey matter and white mat-
ter.

The measures did not exhibit significant variation across healthy subjects or be-
tween time points, except for the paLDA metric (p = 0.08 between subjects) and the
LLA metric (p = 0.03 between subjects). Repeatability between subjects is shown in
Fig. 5.3a. The model-based metrics had the lowest CoV. Three-pool APTR" had the
lowest CoV in healthy tissue (3.93%). This was followed by paLDA (4.54%). Between
the two asymmetry metrics, healthy subject CoV was lower using classical asymmetry
(11.7% vs. 18.1%). Similar trends were present when repeatability between sessions
was measured in healthy subjects, as follows. The lowest CoV was obtained using 3-pool
APTR" (3.82%) and the palLDA metric (3.34%). Between the two asymmetry metrics,
healthy subject CoV between time points was lower using classical asymmetry (8.95%
vs. 20.5%).

The spatial variability of each metric in healthy subjects and patient contralateral
tissue is shown in Fig. 5.3b. Model-based APT measures exhibited lower spatial vari-

ability than the model-free metrics. Three-pool APTR* had the lowest spatial variability
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Figure 5.2: Contrast between grey matter and white matter in healthy subjects using
different techniques for quantifying APT effects.
(19.4% in healthy subjects), followed by APTR ,,;ps (29.7%). Of the model-free metrics,
classical asymmetry exhibited the least amount of spatial variability (53.2%).
Ischaemic core CNR is shown for the different metrics in Fig. 5.4. Three-pool APTR*
exhibited the highest ischaemic core CNR (0.73). APTR,,;ps had a CNR of 0.05. Three-
pool APTR* had contrast of 0.0025 and a noise term of 0.0035. The palDA metric
exhibited a similar level of contrast (0.0017) to the 3-pool metric, but its low CNR was
dominated by a noise term (0.031) that was approximately an order of magnitude larger
than that of the 3-pool measure. The LLA metric and MTRg,, had similar CNRs (0.47,
0.52), and classical asymmetry had a higher CNR (0.77) than enhanced asymmetry
(0.29).

5.4 Discussion

Robustness analysis of the six quantification techniques indicated that the BM model-
based metric had the smallest contrast between grey matter and white matter, whereas

model-free metrics exhibited the highest contrast. Model-based metrics were the most
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Figure 5.3: (a) Subject repeatability and (b) spatial variability of the APT signal in
healthy subjects and in patient contralateral tissue using different quantification tech-
niques.
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Figure 5.4: Ischaemic core CNR using different APTR quantification techniques.

repeatable across time points and between subjects, the lowest CoV being achieved
using 3-pool APTR*. Model-based metrics also exhibited the lowest spatial variability,
of which 3-pool APTR* was the most uniform. Three-pool analysis yielded the high-
est stroke lesion CNR. In these respects, classical asymmetry generally had improved
measures compared to enhanced asymmetry.

Requirements of a metric in a clinical imaging context are that it is repeatable and
maximises stroke lesion contrast. In these respects, 3-pool APTR* was the optimal met-
ric. Model-based metrics, BMM analysis in particular, were more robust than model-
free metrics. Similar APT measures in grey and white matter was expected on the basis
of uniform brain tissue pH; however it is not known whether chemical properties of
amides, such as concentration and exchange rate, ought to be the same in grey mat-
ter and white matter. Pragmatically, CEST imaging is more useful clinically if there is
minimal contrast between grey matter and white matter. On this basis, in the context
of clinical imaging of stroke, one of the advantages of a metric is that it minimises dif-
ferences between grey matter and white matter. APTR* works well in this respect as
not only has it shown minimal tissue contrast, but also similar patterns of change in
response to ischaemia.

In this clinical study a relatively widely-available 3 T field was used, rather than an
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ultra-high field strength, making it difficult to accurately identify the spectral bound-
aries of the solute pools. The performance of the LLA and MTR,, techniques is pred-
icated on having well-defined boundaries (Section 3.2.1), and these metrics demon-
strated good detection sensitivity in the 9.4 T studies where they have been used [34,
72]. With respect to the paLDA technique, the Lorentzian difference signal was small at
3 T compared to the study at 7 T using conventional LDA in ref. [87]. Thus the present
study was limited to evaluating these metrics in sub-optimal conditions, and different
results might have been found for an equivalent high-field preclinical CEST study.

A high CoV could be caused by a near-zero mean (small denominator) whilst the
actual distribution of values across subjects (SD) is relatively consistent, making the
CoV an inaccurate reflection of repeatability in cases where the mean value is close to
zero. Model-based and classical asymmetry metrics exhibited a large mean compared
to their spread of values and this yielded a relatively low coefficient of variation. En-
hanced asymmetry and MTRg,, had a high coefficient of variation and in both cases
this was caused by a wide spread of values indicating that their repeatability was in fact
low due to little robustness to small variations within largely homogeneous regions.
Enhanced asymmetry differs from classical MT asymmetry by averaging over the spec-
trum, which would be thought to improve rather than decrease repeatability. However,
it also bears a denominator that approaches zero in regions where APT effects are weak,
and this non-linearly amplifies the asymmetry measure. This non-linear component of
signal variation overwhelms the benefit afforded by averaging and is likely to be at-
tributable to the presence of strongly asymmetric effects, which were not present in the
context of the paramagnetic CEST agent for which this measure was first used. The
high variability exhibited by the LLA metric and MTRg,, was attributable to their small
mean which inflated the CoV as defined earlier. A near-zero mean exhibited by these
model-free methods indicates that they show almost no APT effect in the data, whereas
other measures do. A more representative measure of repeatability in this case was the

ratio of the SD to the IQR as the IQR provided consistent normalisation across differ-
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ent metrics whilst obviating use of the mean and without being strongly influenced by
outliers. Using this measure of repeatability, the model-based metrics still had lower

variation than the model-free metrics.

5.5 Conclusion

In comparing the robustness of model-based and model-free quantification metrics,
model-based metrics were found to be more repeatable and exhibited good contrast
between normal and pathological tissue. The BM model-based metric performed better
in these respects than the other metrics and might therefore be more suitable for use
in clinical imaging of acute stroke. In the next chapter this technique is extended to
a 4-pool model that more correctly describes upfield contributions to the z-spectrum
based on observations in the literature, with the aim of achieving better separation of

CEST signals in normal and pathological tissue.
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Chapter 6

Extending Bloch-McConnell model

analysis

6.1 Introduction

range of CEST quantification techniques were compared in the previous

chapter, and the 3-pool model-based metric was found to be the most ro-

bust for quantifying CEST signals in clinical data. The 3-pool model-based
approach to APT quantification was introduced in the study of ref. [62] and subse-
quently used in the clinical study of ref. [36], and comprised a water pool, an APT pool,
and a third pool that combined semisolid effects and NOEs in a single pool. However,
the more recent literature [32,57,72,74,86] suggests that semisolid effects and NOEs
are distinct and this might not be modelled well within a single pool. Separation of the
semisolid and NOEs as two independent pools might be more accurate based on recent
clinical literature [32,72,74]. This suggests using at least 4 pools for describing the z-
spectrum: a water pool, an APT pool, and two further pools that separately account for
semisolid effects and NOEs. Therefore, the existing implementation for APT in stroke
might not be optimal and could feasibly have introduced bias into the measures of, or

reduced the sensitivity to, changes in the APT effect.
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Hence, the objective of this chapter was to determine whether substantial differ-
ences are observed between 3- and 4-pool model-based analysis of APT CEST in acute
stroke. Towards this end, a comparison of these metrics was undertaken around clinical

endpoints in a cohort of acute stroke patients.

6.2 Methods

An outline of the methods used in this chapter is presented below; refer to Chapter 4

for further details.

6.2.1 Study details

This chapter employed the datasets from 12 patients presenting with acute ischaemic

stroke and the datasets from 6 healthy subjects.

6.2.2 Processing

The quantification metrics compared in this chapter, obtained through BMM analysis,
were 3-pool APTR* and 4-pool APTR* (Section 3.2). The data were fitted to a CW ap-
proximation of the BM equations (Fig. B.2). The 3-pool BM model used in this study
comprised a bulk water pool, an amide pool, and a third pool which attempted to ac-
count for both semisolid effects and NOEs. The third pool combined saturation effects
from NOE and semisolid pool exchanges without distinguishing between these two sig-
nal sources. This may be sub-optimal given the observed differences in the linewidth
of semisolid saturation and the region over which NOEs have been observed.

The 4-pool BM model, introduced in this chapter, is an extension of the 3-pool model
such that semisolid effects and NOEs are described using two separate pools in order
to achieve better separation of NOEs and semisolid effects. The parameter prior dis-
tributions are listed in Table 6.1 (3-pool priors are listed in Table 5.1). The semisolid

pool modelled semisolid saturation as a classic Lorentzian effect centred at water reso-
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Table 6.1: Four-pool BM model priors for clinical data, expressed as a mean and SD.

Glossary — M,,: pool concentration relative to water pool (water pool M, is abso-
lute), k,.: pool—bulk water exchange rate, T;: longitudinal relaxation time, T,:
transverse relaxation time, Aw: chemical shift with respect to water pool.

*Same value as 3-pool model was used [36].
“*Based on the 4-pool model used in ref. [32].
"Same value as APT pool was used, as suggested in ref. [32].

water [36] APT [36] symmetric semisolid NOE
Parameter = mean SD mean SD mean SD* mean SD*
M, (norm.) 0  1x10° oM 20mM 0* 1x10° 0* 1x 10°
k., (Hz) — — 20 el? 60** el0 20" el0
Ty (s)F 1.3 0.15  0.77 0.15 1.0[32,36] 0.15 0.77% 0.15
T, (ms) 70 14 10 2 0.1% 0.02 0.3 [32] 0.06

Aw (ppm) 0 V0.1 35 1x107° 0[32] 1x10® —35[32] 1x107°

nance, and NOEs were modelled separately as a single pool upfield of water based on

observations in the literature.

6.2.3 Data extraction

The patient ROIs used in this study were ischaemic core, infarct growth, oligaemia,
and a mirrored contralateral mask. Primary analyses of the clinical data were done in
voxels with a combined grey matter and white matter PVE greater than 50%, defined as
the whole slice mask. Secondary analyses were done in separate grey matter and white
matter masks. In the analysis of patient results all measures were also normalised to the
contralateral hemisphere to produce a relative measure. The relative mean values were
weighted by the number of contributing voxels and pooled to give a voxel-weighted

group mean for each tissue outcome.

6.2.4 Analysis

Group mean absolute APTR" was found in healthy subjects for the whole slice, grey
matter and white matter, and values were compared between the 3- and 4-pool models.

In patients, the voxel-weighted ischaemic core absolute APTR* was compared against
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Figure 6.1: Comparison of 3- and 4-pool maps of (a) healthy subjects, and (b) repre-
sentative patients. Red: ischaemic core; green: oligaemia; cyan: infarct growth.
healthy subjects for each model. Repeatability in healthy subjects and patient con-
tralateral tissue was measured using ANOVA and the CoV. The spatial variability within
healthy subjects and patient contralateral tissue was compared between models. In
patients, relative APTR* was compared between pathological ROIs, and the CNR was
found for both the 3-pool and 4-pool models in the ischaemic core and infarct growth

ROls.

6.3 Results

Representative maps of the healthy subjects and six stroke patients are presented in
Fig. 6.1. Whole slice mean 3- and 4-pool APTR" in healthy subjects and in patient
ROIs are presented in Fig. 6.2. Group mean 3-pool APTR" was 0.0174 &+ 0.0003, and
group mean 4-pool APTR* was 0.0156+0.0002; 3-pool APTR* was thus larger by 11.3%
(p <0.001). APTR* did not vary significantly between subjects or across time points.
Mean APTR" in grey matter and white matter is shown in Fig. 6.2b. Grey matter

APTR* was significantly larger than white matter; by 2.7% (4.7x10™*, p = 0.002) using
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3-pool analysis, and by 2.0% (3.1 x 10™*, p < 0.001) using 4-pool analysis. Three-pool
APTR" exhibited lower spatial variability in grey matter compared to white matter (CoV
of 14.1% vs. 20.6%), whereas 4-pool APTR* had similar spatial variability in both grey
and white matter (CoV of 9.5% and 7.6%).

Patient mean APTR" values in the different ROIs are shown in Fig. 6.2c. Differences
between the ROIs were significant in both 3-pool (p < 0.001) and 4-pool (p = 0.001)
analysis. Both 3- and 4-pool APTR* yielded a statistically significant decreased is-
chaemic core signal compared to the mean in healthy subjects (3 pools: p = 0.001,
4 pools: p < 0.001) and the mean in patient contralateral tissue (3 pools: p < 0.001, 4
pools: p = 0.002). In the ischaemic core, 3-pool APTR* (0.0156 £ 0.0009) was larger
than 4-pool APTR" (0.0143 £ 0.0008) in a similar proportion (8.8%) to that found in
healthy subjects (11.3%).

The relative (to contralateral tissue) mean APTR* in patients is presented in Fig. 6.3.
When the whole slice was analysed using 3-pool APTR", ischaemic core relative APTR*
(0.86+0.07) was lower than in oligaemia (0.97+0.07). Although an ANOVA test indi-
cated significant variation between pathological ROIs (p = 0.047), post-hoc testing did
not detect a significant difference (p = 0.020). Four-pool analysis, on the other hand,
exhibited a significant difference between the ischaemic core signal and oligaemic tis-
sue (p = 0.014). In the ischaemic core 4-pool APTR* was 0.91 &+ 0.05. In oligaemic
tissue 4-pool APTR* (0.99 £ 0.05) was slightly closer to unity than 3-pool analysis. In
secondary analysis of grey matter voxels (Fig. 6.3b), 3-pool APTR* exhibited a signif-
icant difference (p = 0.016) between the ischaemic core (0.87 & 0.08) and oligaemia
(1.0+0.1), as did 4-pool APTR* (p = 0.007). In white matter voxels (Fig. 6.3c), neither
of the two measures exhibited significant variation between pathological ROIs (3 pools:
p = 0.20, 4 pools: p =0.31), although 3-pool analysis retained decreased values in the
ischaemic core (0.86 &+ 0.08) and in infarct growth (0.93 £ 0.06). In white matter, 4-
pool analysis of the ischaemic core signal was closer to unity (0.95+0.08) than the grey

matter or whole slice means, whereas the 3-pool measure remained at a lower level.
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Infarct growth tissue exhibited an intermediate value using 3-pool analysis (whole
slice relative mean: 0.93 £ 0.05) that put it approximately mid-way between the is-
chaemic core and oligaemia values, having a CNR of 0.38 with respect to patient con-
tralateral tissue. This contrast of the infarct growth signal was diminished, CNR= 0.07,
using 4-pool analysis, as the relative mean in infarct growth was approximately unity
(0.99+£0.06) .

A two-way ANOVA test indicated that 4-pool APTR" varied significantly between sub-
jects (p = 0.04). Repeatability between subjects is shown in Fig. 6.4. Four-pool APTR*
had the lowest CoV in healthy subjects and patient contralateral tissue (2.35%, 6.61%).
The CoV using 3-pool APTR* was 3.93% in healthy subjects and 10.4% in patient con-
tralateral tissue. These trends were also present when repeatability between sessions
was measured in healthy subjects. Four-pool APTR* CoV was the lowest (2.01%), fol-
lowed by 3-pool APTR* (3.82%).

The spatial variability of each metric in healthy subjects and patient contralateral
tissue is shown in Fig. 6.4b. Four-pool APTR* exhibited lower spatial variability in
healthy subjects and patient contralateral tissue (10.2%, 13.0%) than 3-pool APTR*
(19.4%, 19.5%). Ischaemic core CNR is shown for the different metrics in Fig. 6.5.
Four-pool APTR* had a CNR of 0.70, and the CNR was 0.73 using 3-pool APTR*. Four-
pool APTR* exhibited smaller contrast (0.0014 vs. 0.0025), but had a similar CNR
owing to a smaller SD in patient contralateral tissue (a contralateral SD of 0.0021 vs.

0.0035).

6.4 Discussion

In assessing the effects of adding a fourth pool to BMM analysis of APT, neither 3- nor 4-
pool APTR* varied significantly between time points, and both exhibited a significantly
decreased ischaemic core signal with respect to healthy subjects and patient contralat-

eral tissue. In the case of 4-pool analysis, the differentiation between the ischaemic
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Figure 6.2: (a) APTR* in healthy subjects averaged across time points, shown for the 3-
pool and 4-pool models. Error bars are the SD across the brain (e denotes Welch’s ¢t-test
p < 0.05). (b) Absolute values of APTR" in healthy subjects shown for grey matter and
white matter voxels using 3- and 4-pool analysis. Error bars are the SD across subjects
(e denotes paired t-test p < 0.05). (¢) Mean APTR" in healthy subjects and in stroke
patients, shown for 3- and 4-pool models. Error bars are the 95% CI (* denotes ANOVA

p < 0.05; e denotes significant Welch’s t-test result where @.,;, = 0.017).
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Figure 6.3: BMM relative APTR" within different patient ROIs using 3-pool (left col-
umn) and 4-pool (right column) analysis in (a) the whole slice, (b) grey matter voxels,
and (c¢) white matter voxels. Error bars are the 95% CI. For the relative mean values
shown, x denotes ANOVA p < 0.05. Significance between ROIs is denoted by a hori-
zontal bar with e (Welch’s t-test &,,;, = 0.017). Significance with respect to the con-
tralateral hemisphere is denoted by e (ANOVA of absolute means followed by Welch’s
t-test with a,,;, = 0.0083).

128



[ Ipatient contralateral [ Ipatient contralateral

[ healthy subjects [ healthy subjects
g S 2 o
s 101 1 Z 15
5 2 1
: ° 5
S 4 z
€ © 5
o 2 o
& . Y ) .
g U4 Q TE &
S T &
O Q’\ Q’\ Q& Q&
NN NN
d d S S
S J S J
/Q /Q /Q /Q
% x % X
(a) (b)

Figure 6.4: (a) Subject repeatability of APTR" in healthy subjects and patient contralat-
eral tissue using different metrics, (b) spatial variability of APT measures in healthy
subjects and patient contralateral tissue using different quantification techniques.
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Figure 6.5: CNR in the ischaemic core tissue using 3- and 4-pool BM models.
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core and oligaemic relative mean values was statistically significant, and when only
grey matter voxels were considered, both 3- and 4-pool measures detected a significant
difference. White matter did not exhibit significant differentiation. In healthy subjects,
the 4-pool model had lower contrast between grey matter and white matter, and was
the most repeatable metric between subjects and across time points. Four-pool analysis
also exhibited lower spatial variability and yielded a comparable stroke lesion CNR.

The improvements offered by the 4-pool model appear be accompanied by reduced
contrast between infarct growth tissue and normal tissue. Three-pool analysis yielded
an intermediate infarct growth APTR", appearing to exhibit gradation in APTR" as a
function of tissue outcome, offering the potential to use the metric to identify ‘tissue
at risk’, i.e. tissue that is viable according to diffusion measures on presentation, but
that does go on to infarct. This pattern was not observed using 4-pool analysis where
contrast was largely confined to the ischaemic core. Since this reduction in contrast
was the result of separately modelling NOEs and semisolid effects (hence decoupling
the effects of NOEs from other metabolite peaks), it suggests that the origin of infarct
growth contrast might be associated with NOEs, and therefore the changes in NOEs in
acute stroke need to be examined further.

In white matter voxels, neither 3-pool nor 4-pool analysis significantly differentiated
pathological ROIs, although 3-pool analysis retained decreased values in the ischaemic
core and in infarct growth, whereas the 4-pool measures were closer to unity. Spatial
variability of the ischaemic core signal in white matter was also higher using 3-pool
analysis compared to 4 pools. NOEs have previously been shown to exhibit statisti-
cally significant change in stroke (Section 3.4) and to be more strongly associated with
white matter compared to grey matter [72,88]; these associations are explored further
in Chapters 8 and 9. This all implies that the reduction in infarct growth contrast using
4 pools represents a trade-off between identifying tissue to target for treatment and
biophysically more accurate modelling of CEST effects. The 3-pool model-based analy-

sis, whilst less biophysically accurate, may still be useful for identifying penumbra, not
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purely because of gradation in APT effects, for example associated with changes in pH,
but also by incorporating a degree of changes associated with NOEs. At the same time,
a simpler model might present less scope for understanding the underlying mechanisms
as it is less able to isolate interacting effects and explore their unique modes of contrast.
A more complex model is more exploratory and may be better-disposed as a tool for
understanding the multifaceted interactions associated with the disease.

The downfield APT signal obtained from BM model fitting using the 4-pool model
was lower in amplitude compared to that of the 3-pool model, even though the ad-
ditional pool primarily separated upfield effects. In BM models, exchange pools are
distinct from one another in that direct transfer of magnetisation only occurs with the
bulk water pool. However, broad spectral phenomena such as semisolid effects can
overlap with peaks from other pools and may therefore indirectly influence the distri-
bution of saturation between pools. Asymmetry in the z-spectrum upfield of water has
been attributed to NOEs [74]. Since NOEs can account for spectral asymmetry, it al-
lows semisolid effects to be described as a symmetric phenomenon centred at water
resonance [42].

In order to explore the way in which addition of the NOE pool affected quantifica-
tion of the downfield APT signal, the 3- and 4-pool spectra were averaged over healthy
subjects. The model-fitted spectra averaged over healthy subjects are presented in
Fig. 6.6. In the 3-pool model, the line shapes downfield of water are 3-pool NOER*
(dotted blue), representing combined NOEs and an asymmetric semisolid pool, and 3-
pool APTR* (dotted green). A fourth pool is added to separately model NOEs (4-pool
NOER’, orange) and a symmetric semisolid pool (semisolidR*, solid blue). SemisolidR*
described a similar profile to 3-pool NOER* (solid blue vs. dotted blue). The main
difference was that 4-pool NOER" had a narrower line shape owing to a larger T,, and
exhibited a lower-amplitude tail of saturation (0.02) overlapping with amide resonance
compared to the 3-pool approximation (0.06). This led to a lesser degree of coupling

between upfield and downfield spectra. The downfield NOE tail phenomenon has also
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Figure 6.6: Simulated z-spectrum based on healthy subject model-fitted data. Dotted
lines are the 3-pool spectra and solid lines are the 4-pool spectra. Sample points used
in model fitting are indicated by black dots. Error bars indicate the SD across fits at
representative points.

been recently observed though water exchange (WEX) spectroscopy of BSA phantoms
as well as higher-field healthy subject studies [32,122].

Increasing the number pools, and therefore the number of model parameters, can
lead to over-fitting or fitting to noise which would result in higher spatial variation.
However, in this case, adding a fourth pool yielded more repeatable APTR* in healthy
subjects, which also exhibited lower spatial variability compared to 3-pool APTR*. This
is more consistent with the expectation that APT would be uniform across subjects and
within a given subject, and supports the appropriateness of using a 4-pool model for
the analysis of APT CEST data at 3 T. Requirements of a metric in a clinical imaging
context are that it is repeatable and maximises stroke lesion contrast. In these respects,

4-pool APTR* was the optimal metric.

Using 4 pools is still very much an approximation to the many processes going on in
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the spectrum [87]. For example, pH-dependent amine resonances are reported around
1.8-1.9 ppm [76,77] but their close proximity to water resonance makes them difficult
to detect in a clinical setting. In light of this, adding further pools increases the risk of
over-fitting and is hard to justify on clinical data, considering field strength, the number
of samples, and patient motion.

In healthy subjects, the 4-pool model yielded a smaller signal than the 3-pool model,
while in ischaemic core tissue both models had similar APTR*. This convergence could
be due to the diminishment of APT effects under acidosis, resulting in a measure dom-
inated by common priors that both models share. In grey matter and white matter,
similar APTR* was expected on the basis of uniform brain tissue pH; however, it is not
known whether chemical properties of amides, such as concentration and exchange
rate, ought to be the same in grey matter and white matter. The small difference ob-
served between grey matter and white matter was statistically significant. Grey matter
APTR" also contributed more to the signal’s spatial variability, which may be indicative
of dependence on tissue type. Contrast between grey matter and white matter has been
observed in a 9.4 T rat study by Jin et al. [72], who suggested APT effects to originate
mainly from the higher concentration of mobile proteins found in grey matter (55% vs.
39% protein [108]), which is also more metabolically-active than white matter. Prag-
matically, CEST imaging is more useful clinically if there is minimal contrast between
grey matter and white matter. On this basis, in the context of clinical imaging of stroke,
one of the advantages of a metric is that it minimises differences between grey matter
and white matter. APTR* works well in this respect as not only has it shown minimal
tissue contrast, but also similar patterns of change in response to ischaemia.

Repeatability of APTR* was higher in healthy subjects compared to patient con-
tralateral tissue. This is expected due to ongoing changes in brain tissue physiology
which adapt to the stroke injury following stroke, causing lower repeatability across
time points. A stroke cohort would inherently exhibit more diversity in baseline physiol-

ogy compared to healthy subjects, leading to lower repeatability across patients. There
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will also be more motion in patients (particularly through-plane) which cannot be fully
corrected for, leading to higher apparent variability.

The decreased ischaemic core relative APTR" is consistent with the understanding
that ischaemic core tissue is highly acidotic, thus would be expected to show reduced
amide saturation effects compared to contralateral tissue, and had a correspondingly
smaller APT signal [37]. Oligaemic tissue is hypoperfused on presentation and appears
at risk but does not subsequently infarct, indicating that it does not undergo acidosis.
This is consistent with the oligaemic relative APTR* which was not significantly differ-
ent from the contralateral hemisphere, and significantly larger than the ischaemic core
signal. Infarct growth tissue is viable at presentation but subsequently infarcts. It has
been hypothesised that infarct growth tissue could be metabolically stressed at presen-
tation by mild acidosis but not to the extent of necrosed ischaemic core tissue [37].
This description of tissue state is consistent with the intermediate relative APTR* in the
3-pool model, but is not seen using 4 pools. This might imply that this tissue is not
experiencing mild acidosis, but that there are other changes in the z-spectrum that are
appearing in APT quantification using 3 pools.

In the representative maps, APT effects were decreased in regions around CSE
within tissue that was otherwise identified as normal-appearing. This might be at-
tributable to signal dilution from partial volume effects at tissue-CSF boundaries, as
CSF has a low concentration of amides. Possible contributions from CSF are explored
in the next chapter through the development of a method that attempts to correct for

PV effects.

6.5 Conclusion

Addition of a fourth pool that separates NOEs and semisolid effects appeared to be more
biophysically accurate and provided better separation of the APT signal compared to the

3-pool equivalent, but this improvement appeared be accompanied by reduced contrast
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between infarct growth tissue and normal tissue. As such, the 3-pool model may have
more clinical utility in delineating the ischaemic penumbra precisely because it retained
some NOE-based contribution. The reduction in contrast between infarct growth tissue
and contralateral tissue using 4 pools represents a trade-off between identifying tissue
to target for treatment and biophysically more accurate modelling of CEST effects.
APT effects were decreased in regions around CSE within tissue that was otherwise
identified as normal-appearing, and this might be attributable to signal dilution from
partial volume effects at tissue-CSF boundaries. The next chapter addresses quantifica-
tion in the presence of PV effects by adapting the existing structure of a 4-pool model
rather than explicitly introducing an additional pool. In voxels at tissue-CSF bound-
aries, such as near ventricles and fissures, contributions of CSF have not previously
been taken into account in CEST image analysis, and may be contaminating the rela-

tively small-amplitude CEST signals explored thus far.
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Chapter 7

Correcting for partial volume effects

7.1 Introduction

TROKE imaging using APT CEST has shown that tissue within the ischaemic
core exhibits a significant decrease in APT value, as observed in the previous
chapter and in other studies [14,37]. The decrease in signal associated with

pathology is similar to the reduction of APT effects that would be observed due to a
dilution of CEST effects in a voxel owing to the presence of CSF that has no substantial
APT effect of its own. Thus, for any application, like stroke, where a reduction in APT is
indicative of pathological tissue, the contribution of CSF is a potential confound [36,37,
109]. In the previous chapter, it was observed that APT effects were decreased in regions
around CSE within tissue that was otherwise identified as normal-appearing. This was
also observed in the study of ref. [36], where the cause of the decrease in APT was
attributed to PV effects at tissue-CSF boundaries. In voxels at tissue-CSF boundaries,
such as at the peripheries of brain tissue, near the ventricles, and at fissures, possible
contributions of CSF have not previously been taken into account in the analysis of
CEST images. PV correction (PVc) for CSF might allow for more robust measurement
of relatively small-scale CEST signals through a more informed model-fitting procedure
that takes the distribution of CSF across the brain into account.

The objective of this chapter was to develop a technique for PV correction APT CEST
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data based on the 4-pool BM model used in Chapter 6, and to see if there was a resulting

change in quantification of APT effects compared to the standard multi-pool technique.

7.2 Theory

The PV correction BM model is schematically illustrated in Fig. 7.2, it is an extension
of the BM model-based analysis technique developed in Chapter 6, where a 4-pool BM
model of exchange was used to interpret sampled z-spectra via model fitting. The PV
correction model fits the data to a tissue-weighted sum of a CSF component and a
tissue component. Each of the two components generates a z-spectrum; S¢F(w) from
the CSF model and S'*“’(w) from the tissue model. The weighting factor is derived
from an independent estimate of tissue PV, which describes the proportion of tissue in
each voxel, denoted as [tissue]. The weighted sum of the CSF and tissue components

is fitted to the data:
Stotal(ey) = (1 —[tissue]) x S®F(w) + [tissue] x SH4¢(w) (7.1)

In Chapter 6 it was found that grey matter-white matter contrast of the 4-pool APT
signal was small. For the purpose of PV correction in this study, approximating grey
matter and white matter tissue properties using a generic ‘tissue’ description might be
a suitable way to correct for CSF effects whilst minimising model complexity. Model
complexity is of particular consideration in this clinical imaging context, as spectral

features are relatively broad and data points are limited.

7.3 Methods

An outline of the methods used in this chapter is presented below; refer to Chapter 4

for further details.
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Figure 7.1: PVE maps registered to CEST space, shown for two patients. The structural
T, image was first rigidly registered to the unsaturated CEST acquisition, from which
an inverse transform was derived. This was applied to the PVE maps to transform them
from T, space to CEST space. The transformed maps were subsequently thresholded
for mask generation. A tissue PVE map was obtained from GM+WM, used directly in
the PV correction model fitting process.

7.3.1 Study details

This chapter employed the datasets from 12 patients presenting with acute ischaemic

stroke and the datasets from 6 healthy subjects.

7.3.2 Generation of PVE maps

Tissue PVE, [tissue] (a fraction in the range 0 — 1), was obtained using the FSL brain
segmentation tool fast operating on a structural T;-weighted scan (Fig. 7.1) [134].
This generated tissue PVEs of grey matter, white matter, and CSE For the tissue PVE
map used in model fitting, grey matter and white matter PVEs were combined to give
a tissue PVE map. The images were transformed to the resolution of the CEST images
by first transforming CEST data to the T,-weighted structural scan using the FSL tool
f1irt [126,131,133], inverting the transformation matrix, and using that to transform

the PVE maps to the resolution of the CEST images using the FSL tool applywarp.
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7.3.3 Model fitting

The BMM quantification techniques compared in this study were 4-pool APTR*, and
4-pool APTR* incorporating PV correction (PVc APTR") (Table 7.1). The 4-pool model
used in this chapter was shown shown to exhibit higher repeatability when quantifying
APT effects in clinical data (Chapter 6), compared to a more approximate 3-pool model,
hence 4-pool metrics were used [99,138]. The 4-pool model comprised a pool for water,
APT effects at 3.5 ppm, symmetric semisolid effects, and nuclear Overhauser effects (an
extension of the 3-pool model in ref. [36]). Parameter prior distributions are listed in
Table 6.1. For PVc APTR", tissue was modelled by 4 pools, and CSF was modelled by a
single pool (parameter priors listed in Table 7.2).

For the PV correction model, voxels with a tissue PVE of less than 50% were deemed
non-interpretable. Therefore, for voxels where tissue PVE was less than 50%, only
a CSF pool was fitted and the voxels were not included in the further analyses (cor-
responding to exclusion of 13.7% healthy subject voxels from a total of 1721 vox-
els). CSF pool concentration M(C)SF was fixed in relation to tissue concentration Mgi”“e:
MG = W x M where W is a constant representing the mean
ratio of CSF M, to tissue M,; a proton density ratio modulated by T,. This was done as
otherwise the fitting process simply reduced to the tissue model, as it alone was capable
of achieving a good fit to the data. The ratio W was estimated using the unsat-
urated acquisitions from the healthy subjects. For each scan, the respective tissue PVE
was used to generate a CSF-only mask (tissue PVE < 0.1) and a tissue-only mask (grey
matter PVE > 0.7 U white matter PVE > 0.9), from which the ratio of CSF-to-tissue M,

was calculated as (mean+SD) 0.5269 £+ 12.2%.

7.3.4 Data extraction

The patient ROIs used in this study were ischaemic core, infarct growth, oligaemia,
and a mirrored contralateral mask. Analysis was performed within three masks defined

by the following tissue PVE ranges: voxels comprising more than 75% PVE (i.e. less
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SCSF(a)) Stissue (w) W

saturation frequency (ppm) saturation frequency (ppm)
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tissue-weighted sum is fitted to the data

tissue PV

[ stotal(gy) = (1 — [tissue]) x SEF (w) + [tissue] x SEUE () }
iterate until

[tissue]

‘ convergence
tissue PVE map

model parameters corrected for [tissue]

Figure 7.2: Outline of the PV correction model fitting process. The CSF and tissue
model components each generate a spectrum (S®F, St54¢) and the data are fitted to a
weighted sum based on tissue PV [ tissue] which is derived from a tissue PVE map.

Table 7.2: CSF pool BMM priors expressed as a mean and SD. For 4-pool model priors,
used in the tissue BM model and the standard 4-pool model, refer to Table 6.1.

Glossary — M,: pool concentration relative to water pool (water pool M, is abso-
lute), k,.: pool—bulk water exchange rate, T;: longitudinal relaxation time, T,:
transverse relaxation time, Aw: chemical shift with respect to water pool.

" Based on ref. [140]
* Based on ref. [141]

CSF pool of the PV correction BM model

water
Parameter mean SD
M, (norm.) 0.5269 x M{**“¢ 1x10°°
kex (HZ) _J -
T, (s) 1.9" 0.15
T, (ms) 250* 50
Aw (ppm) 0 1x10°°
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than 25% CSF), voxels containing 50-75% tissue, and on the union of these two masks
(i.e. 50-100% PVE). In the former subset of voxels, the two models were expected
to converge, thus serving as a reference for comparison. In the latter subset, voxels
are more prone to contamination by CSF and were therefore expected to exhibit an
improvement in quantification when the PV correction model was used. Finally, the net

effect of PV correction was assessed by combining both sets of voxels.

7.3.5 Analysis

The number of voxels and subjects used to inform the analyses are listed in Table 7.3.
Analyses of the PV correction and 4-pool models were done on the same voxels. Group
mean absolute APTR* in voxels with > 75% PVE was found in healthy subjects and
values were compared between the 4-pool and PV correction models. In patients, the
voxel-weighted ischaemic core absolute APTR* was compared against healthy subjects
for each model. Repeatability in healthy subject and patient contralateral tissue was
measured using ANOVA and the CoV. The spatial variability within healthy subjects and
patient contralateral tissue was compared between models. These comparisons were
done for voxels with a tissue PVE of 50-75%, > 75%, and for the whole slice.

In patients, relative APTR" was compared between pathological ROIs, and the is-
chaemic core CNR was found for both models. This was done for voxels with a tissue
PVE of 50-75%, > 75%, and for the whole slice. The dependence of BMM signals on
tissue PVE was assessed by finding the CoV across 10 equally-spaced CSF PVE ranges

from 0-5% to 45-50%.

7.4 Results

Healthy subject and patient APTR" maps are shown in Fig. 7.3. Areas of APTR" hyper-
intensity at the periphery of the brain on the 4-pool maps were diminished on the PVc

maps. In stroke patients the PVc maps generally had a lower spread of hyperintense

143



Table 7.3: Total number of voxels used in this study for the different tissue outcome
ROIs.

ischaemic core
infarct growth
contralateral

oligaemia

brain mask tissue PVE range

whole slice 0.50-1.00 445 919 843 1692
high tissue PV voxels 0.75-1.00 429 779 730 1484
low tissue PV voxels 0.50-0.75 16 140 113 208

regions at tissue-CSF boundaries compared to 4-pool APTR* (patients 5-7).

7.4.1 APTR" in voxels with >75% tissue

The mean value of APTR* in subjects, using the 4-pool and PV correction models, is
shown in Fig. 7.4. Healthy subject APTR* differed statistically significantly between
the two models (p < 0.001). The values were (mean+95% CI) 0.0154 £ 0.0002 using
4-pool APTR*, and 0.0150 £ 0.0001 using PVc APTR"; a difference of —3.15%. The
patient ROI means did not differ significantly between the two models (ischaemic core:
p = 0.68, patient contralateral: p = 0.16). Both models significantly differentiated
the ischaemic core signal from the patient contralateral (4 pools: p = 0.002, PVc:
p = 0.005).

The relative (to contralateral tissue) mean APTR* in voxels with > 75% tissue is
shown in Fig. 7.5a. The values were, as expected, almost identical for both models.
The ischaemic core signal was significantly decreased with respect to the patient con-
tralateral (4 pools: p = 0.002, PVc: p < 0.005). The relative mean values were signifi-
cantly different between the ischaemic core and the oligaemia ROI (4 pools: p = 0.01,
PVc: p =0.01). The 4-pool ischaemic core relative mean was 0.91 £0.05, and the PVc
relative mean was 0.92+0.05. The PVc measure further significantly differentiated the

relative mean values in the ischaemic core and in the infarct growth ROI (1.01 £ 0.06,
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Figure 7.3: (a) Healthy subject APTR" maps, and (b) representative patient maps using
4-pool and PV correction models. Red: ischaemic core; green: oligaemia; cyan: infarct
growth.

p = 0.015), although the 4-pool measure exhibited a very similar infarct growth relative

APTR* (1.00 £ 0.06).

7.4.2 APTR" in voxels with 50-75% tissue

In healthy subjects and patient contralateral tissue, voxels with 50-75% tissue were
more spatially homogeneous using the PV correction model compared to the 4-pool
model (healthy subject CoV of 9.92% vs. 14.2%, and patient contralateral tissue CoV
of 9.03% vs. 12.4%). In voxels with 50-75% tissue, subject repeatability was higher
using the PV correction model (Fig. 7.6a). In healthy subjects, the CoV across time
points was 3.13% using the 4-pool model and 1.97% using the PV correction model.
The CoV across healthy subjects was 3.50% using the 4-pool model and 2.31% using
the PV correction model (6.50% and 3.50% across patient contralateral tissue). In this
PVE range, the differences between the ROI relative mean values were not statistically

significant (4 pools: p = 0.24, PVc: p = 0.20). The PVc measure exhibited a small
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Figure 7.4: Group mean of absolute APTR* in voxels with > 75% tissue using the
4-pool and PV correction models. Shown for the ischaemic core, patient contralateral
tissue, and healthy subjects. Error bars are the 95% CI (x denotes ANOVA p < 0.05;
e denotes significant Welch’s t-test result where @.,;, = 0.016; + denotes significant
Welch'’s t-test result where &_,;, = 0.0033).
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Figure 7.5: Relative APTR" in (a) voxels with > 75% tissue, (b) voxels with 50-75%
tissue, and (c¢) the whole slice, using the 4-pool and PV correction models. Error bars
are the 95% CI. For the relative mean values shown, * denotes ANOVA p < 0.05. Signifi-
cance between ROIs is denoted by a horizontal bar with e (Welch’s t-test &.,;, = 0.017).
Significance with respect to the contralateral hemisphere is denoted by e (ANOVA of
absolute means followed by Welch’s t-test with &_,;, = 0.0083).

147



| [ 14-pool APTR* [ PVC APTR*

14 — glo é 10
(=]
120 5 8 S 8
> =) )
= 10 s o
a © 6 c 6
© o o
> = 4 = 4

6 c c
© K} Q
=] o =
© 4 % 2 % 2
w5 S o

° 9 o 0 I
& @ >
X x@ \Q/ 2 x x@ 3\0
SN N o NS
'z>°® G *c}’ A(o\) NP Ae\)
Q 2 X
Q(/o ’b{{'(\ ,0\'6\ Q(,oo ,§<'(\
& & &
A A A
(@
14 10 10

—
N
|

spatial variability (%)
=
N A O ©® O
Q‘:I
1

coefficient of variation (%)
o N B (o)}
1
[
coefficient of variation (%)
- o N B [e)]
i E—
——
1

)
N &2 &
@ & & 2 &
% x@ @ ) & \&' o
& & & & 0
S @ & R &
S N D P
& N AN

(b)
Figure 7.6: Spatial variability (left), time point repeatability (centre), and subject re-
peatability (right). (a) In voxels with 50-75% tissue, and (b) in the whole slice, using
4-pool and PV correction models.
and statistically significant difference (—3.97%, p = 0.005) between infarct growth

tissue (0.0145+0.0003) and patient contralateral tissue (0.0151+0.0003). PVc APTR*

exhibited a similar ischaemic core CNR (0.52) to 4-pool APTR* (0.55).

7.4.3 Whole slice APTR*

PVc APTR* did not vary significantly between healthy subjects or time points, while
4-pool APTR* varied significantly between subjects (p = 0.04). Both models exhibited
small but significant contrast between grey matter and white matter in healthy subjects
(4 pools: 2.01%, PVc: 2.20%, p < 0.005). In healthy subjects, spatial variability was

10.1% using the 4-pool model and 8.95% using the PV correction model (13.0% and
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12.0% in patient contralateral tissue) (Fig. 7.6b). Repeatability in healthy subjects
and patient contralateral tissue was also similar between the two models. For example,
repeatability between patient contralateral tissue using 4-pool APTR* was 5.38%, and
5.27% using PVc APTR". Ischaemic core APTR* was significantly decreased in both
models (4 pools: p = 0.005, PVc: p = 0.005), and relative APTR* (4 pools: 0.91+0.05,
PVe: 0.92+0.05) was statistically significantly differentiated (4 pools: p = 0.015, PVc:
p = 0.013) from the oligaemia ROI (Fig. 7.5c). Oligaemic tissue exhibited a signal
value of unity in both models (4 pools: 1.00 & 0.05, PVc: 1.00 £ 0.03), as did infarct
growth tissue (4 pools: 0.99 = 0.06, PVc: 1.0 £ 0.05). Ischaemic core CNR was 0.70

using the 4-pool model and 0.62 using the PV correction model.

7.4.4 Whole slice NOER* and semisolidR*

In healthy subjects, the 4-pool and PVc measures of NOER* did not differ significantly
from each other (p = 0.52) (4 pools: 0.069 = 0.004, PVc: 0.070 +0.004). SemisolidR*
was also not significantly different between the two models (4 pools: 0.0049 +0.0003,

PVc: 0.0053 £ 0.0003).

7.4.5 Dependence of BMM signals on CSF percentile

The change in BMM signals with respect to CSF percentile is shown in Fig. 7.7a. Four-
pool APTR* was relatively invariant to the CSF percentile (CoV of 0.84%, Fig. 7.7b).
After PV correction, the signal exhibited lower variance across CSF percentiles (CoV of
0.75%; 10.7% less, expressed in terms of the 4-pool APTR* CoV). Four-pool NOER* and
semisolidR* generally increased in value as CSF percentile increased, particularly over
the 5-45% CSF percentiles where the trend was broadly linear, whereas the PVc signals
changed less over this range of tissue PV (4-pool and PVc CoVs of: 13.1% vs. 9.92%

for NOER*, and 18.5% vs. 14.8% for semisolidR*).
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Figure 7.7: Dependence of 4-pool and PVc signals on tissue PV in healthy subjects, (a)
as a function of CSF percentile, and (b) expressed as a CoV.

7.5 Discussion

In voxels with a tissue PVE > 75% both models exhibited an ischaemic core relative
APTR* that was significantly decreased. In voxels that contained 50-75% tissue, the
pathological ROIs did not exhibit significantly different values. In these voxels (50-75%
tissue), ischaemic core CNR was similar using the PVc model and the signal exhibited
higher repeatability than 4-pool analysis. In healthy subjects this was also the case;
PVc yielded higher repeatability and lower spatial variability. In whole slice analysis,
PV correction yielded a small and consistent decrease in spatial variability. Four-pool
APTR* did not exhibit high variability as a function of tissue PVE, and this was lower still
after PV correction was applied. NOER* and semisolidR* were more strongly dependent
on tissue PV using the 4-pool than the PV correction model.

In voxels with a tissue PVE > 75% the 4-pool and PV correction models were broadly

consistent, indicating that voxels with a high tissue PVE did not benefit significantly
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from PV correction, and that the two models converged in such a case. Voxels with a
tissue PVE of 50-75% are, on the other hand, more vulnerable to a dilution of CEST
effects by CSE This was observed in the ischaemic core relative APTR*; voxels with
50-75% tissue detected no significant difference to patient contralateral tissue, whilst
voxels with > 75% had a significantly reduced signal. After PV correction, a significant
difference was still not apparent in voxels with 50-75% tissue. However, the effect of PV
correction on voxels with 50-75% tissue was observed as an increase in the measures
of subject and time point repeatability, and spatial homogeneity, compared to those
of the 4-pool model, whilst maintaining similar pathological contrast. Based on these
measures, PVc APTR" was more consistent with clinical knowledge of tissue condition,
as, in healthy brain tissue, normal intracelluar pH is known to be maintained at a con-
stant level in healthy subjects (7.0-7.25 depending on the technique used) [37]. This
suggests that a PV correction model can extract CEST signals with greater precision in
voxels that have a low tissue PVE. This is of particular relevance in stroke imaging us-
ing APTR*, where nominal signal amplitudes, and physiological changes in signal, are
small. The improved measures were achieved using PVc without significantly affecting
ischaemic core CNR. PV correction therefore appeared more able to deal with PV-based
heterogeneities in stroke data whilst at the same time preserving pathological tissue
contrast, and may therefore be more amenable to clinical interpretation.

The PV-corrected signals exhibited a weaker dependence on tissue PV than those
of the 4-pool model, whilst maintaining a similar CNR in pathological tissue. At high
tissue PVEs both models were similar in their quantification. At lower tissue PVEs, the
PV correction model yielded more uniform APTR*, higher repeatability, and a similar
CNR in pathological tissue, suggesting that of the two models, its analysis was more
robust at low tissue PVEs. Whole slice analysis indicated that, on balance, the models
exhibited similar performance. This may be because at the CEST imaging resolution
used here, a majority of voxels had a tissue PVE of > 90%, so whilst an improvement in

repeatability was observed in voxels with 50-75% tissue, they only constituted a small
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proportion of the entire image and the net impact was small.

The stroke population is physiologically more heterogeneous in brain composition
than in healthy subjects, making differentiation between physiological features and
artefacts less clear. It also more difficult to derive PVE maps from stroke patient data,
as pathological tissue might not exhibit the same voxel intensity characteristics that dis-
tinguish the different tissue classes, leading to potential inaccuracy of the segmentation
method in the affected regions. Applying PV correction yielded APTR" maps that were
more uniform around tissue-CSF boundaries, such as the ventricles, fissures, and the
brain periphery. This was achieved without diminishing the contrast of the ischaemic
core. PV correction therefore appeared more able to deal with PV-based heterogeneities
in stroke data whilst at the same time preserving the more clinically-relevant causes of
heterogeneity.

Beyond the 0-5% CSF percentile (100-95% tissue percentile), NOER* and semisolidR*
exhibited a large deviation in value. A majority of voxels (72%) were contained in the
95-100% tissue PVE range, which is mostly described by white matter voxels. Previous
studies have identified a dependence of semisolid effects and NOEs on white matter
concentration [72], which explains why a sudden change (a decrease) in signal was ob-
served across this range and not across subsequent ranges where grey and white matter

proportions were more balanced.

7.6 Conclusion

The PV-corrected signals exhibited a weaker dependence on tissue PV than those of the
4-pool model. At lower values of tissue PV, the PV-corrected model yielded more homo-
geneous APTR* and higher repeatability, suggesting that of the two models, its analysis
was more robust at low tissue PVs. These improvements did not yield a significant
difference when the whole slice was considered, as voxels with a low tissue PVE com-

prised only a small subset of the volume. This method of correction is recommended
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for the purpose of more accurate quantification where physiological changes in signal
amplitude are on a small scale, although it might not be required in a clinical context
where a simpler model, which does not correct for tissue partial volume effects, yields
comparable results.

A 4-pool BM model presents the opportunity to explore upfield effects more robustly.
The nascent literature on NOEs suggests that they may play a complementary role to
APT as an imaging biomarker in acute stroke. The next chapter therefore focuses on
NOEs and semisolid effects in order to better-understand their biophysical characteris-

tics and potential as indicators of tissue fate in acute ischaemic stroke.
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Chapter 8

Investigating upfield effects

8.1 Introduction

UCLEAR Overhauser effects, if associated with cell metabolism, may help to
identify the ischaemic penumbra in stroke patients, the classical definition
of which is a region of tissue around the ischaemic core which is hypoper-

fused and metabolically stressed [14-16]. The existing CEST literature is not conclusive
on some of the fundamental characteristics of NOEs, such as their dependence on tissue
pH and exchange mechanisms [57,72,94,95,110].

A 3-pool BM model has been used in previous clinical studies of CEST spectra to
examine APT effects by including a water and an amide pool, while also attempting to
correct for spectral asymmetry using a third pool which combines upfield effects with
broader MT effects [36,37]. A clinical demonstration of changes in NOEs using 3-pool
BMM analysis in acute human stroke was reported by Tee et al. [90] on the data from the
study in ref. [37], finding a decrease in saturation effects at —2.41 ppm in the ischaemic
core. In the 3-pool model, the combination of semisolid and NOE effects might feasibly
have introduced bias into the measures of, or reduced the sensitivity to, changes in
upfield signals. The more recent literature suggests that semisolid effects and NOEs
are distinct and this would not be modelled well as a combined effect. It is apparent,

therefore, that if NOEs are to be explored as a phenomenon in their own right in stroke,

155



it will be necessary to use a metric that isolates them from contaminating exchange
processes associated with semisolid effects. This suggests that at least 4 pools may
be necessary in order to separately quantify NOEs, semisolid effects, and APT effects.
The findings from Chapter 5 suggest that a model-based approach is more robust for
quantifying CEST signals than other non-model-based methods that seek to separate
both upfield and downfield CEST effects. In Chapter 6 it was found that a 4-pool BM
model was more robust than 3-pool BMM analysis, but the inclusion of an extra pool
did not substantially affect the APT effects observed.

The aim of this chapter was specifically to explore what information 4-pool BMM
analysis provides about upfield CEST phenomena in ischaemic stroke, contrasting that
with the intentionally approximate 3-pool model. The first objective was to determine
whether substantial differences are observed between 3- and 4-pool model-based anal-
ysis of upfield signals in acute stroke and whether these differences are repeatable in
higher-field preclinical data. The second objective was to gain a better understand-
ing of signal origins using a preclinical model of ischaemic stroke in order to help to
inform physiological interpretation of the clinical data. Towards this end a method-
ological comparison of BMM quantification techniques was undertaken around clinical

endpoints in a cohort of acute stroke patients, and in animals that underwent MCAO.

8.2 Theory

The principles underlying quantification using BM model fitting were laid out in Sec-
tion 3.2.2.5; z-spectra are generated from a set of model parameters which directly
describe the underlying physical parameters, such as exchange rate, relaxation times,
and metabolite concentrations. Magnetisation exchange interactions between bulk wa-
ter and different metabolites are described by separate exchange pools, with each pool
transferring saturation to the main water pool on which a signal accumulates. Each

pool is described by a set of Bloch equations coupled together through mass-conserving
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exchange rates (the BM model). Model fitting allows the spectral contributions of dif-
ferent species to be isolated by subtracting unwanted saturation components from the
pools of interest. This has been exploited previously [36,37,62,90]. After fitting multi-
ple pools to the spectral data, only a subset are simulated to predict the effect arising
from a single pool, or a combination thereof.

Previously for acute clinical stroke a 3-pool model has been used, comprising a
bulk water pool, an amide pool, and a third pool which attempts to account for both
semisolid effects and NOEs [36,37,90], the findings of which were related in Section
3.4. The third pool groups together saturation effects from NOE and semisolid pool ex-
changes without distinguishing between these two signal sources and was implemented
to reduce the confounding contamination of these effects on the APT signal. This may
be sub-optimal given the observed differences in the linewidth of the semisolid pool
signal and the region over which NOEs have been observed, particularly when seek-
ing to examine changes in these effects in stroke. The 4-pool model used in this study
extends the model such that semisolid effects and NOE exchanges are described using
two separate pools in order to achieve better separation of NOEs and semisolid effects.
The NOE pool models a classic Lorentzian effect centred at —3.5 ppm based on observa-
tions in the literature [57,74]. The semisolid pool approximates semisolid effects using
a Lorentzian line shape centred at water resonance [72,142].

Previously the apparent APT ratio, APTR*, has been defined (Section 3.2.2.5); in the
same way the apparent NOE ratio, NOER", was obtained by simulating the combined
NOE and bulk water pools, ignoring any other pools included in the fit to the original
z-spectrum data, and comparing this to a simulation of only the water pool. NOER*
was the difference between the two predictions at —3.5 ppm. Similarly, the apparent
semisolid effects ratio, semisolidR* (Table 8.1), was obtained by simulating the com-
bined semisolid and bulk water pools, ignoring any other pools included in the fit, and
semisolidR* was the difference between the two predictions evaluated at 50 ppm. In

general, when using a BM model, the frequency at which the effect of a metabolite pool
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is quantified is the same as the pool’s resonance frequency, as that is where the maxi-
mum signal change can be measured. In the case of a symmetric semisolid pool, whose
resonance frequency (0 ppm) is identical to the water pool, it is not possible to make
a meaningful measurement on resonance as the signal is dominated by water DS. For
this reason, the offset of 50 ppm was chosen, similar to that used in classical semisolid

MT experiments [101].

8.3 Methods

An outline of the methods used in this chapter is presented below; refer to Chapter 4

for further details.

8.3.1 Study details

This chapter employed the datasets from 12 patients presenting with acute ischaemic
stroke, the datasets from 6 healthy subjects, a preclinical dataset, and naive mouse brain

phantom data.

8.3.2 Processing

The BMM measures compared in this study are 3-pool NOER*, 4-pool NOER*, semisolidR",
and the conventional MT measure. The conventional MT model-free measure used in
this study is defined as in ref. [101]:

So — S(50 ppm)
So

conventional MT = (8.1)

The data were fitted to a CW approximation of the BM equations (Figs. B.2, B.3, and
B.4a, show examples of human, animal, and phantom model-fitted data, respectively).
The 3-pool BM model used in this study comprised a bulk water pool, an amide pool,

and a third pool which attempted to account for both semisolid effects and NOEs. The
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Table 8.2: Four-pool BM model priors for animal data, expressed as a mean and SD.
The tabled values are derived from those used for the clinical data in Table 6.1, with
an adjusted APT pool concentration, and T, was adjusted for the 9.4 T field assuming

T, was approximately proportional to Bé/ ®. For brevity the annotations from Table 6.1
are not reproduced.

Glossary — M,: pool concentration relative to water pool (water pool M, is abso-
lute), k,.: pool—bulk water exchange rate, T;: longitudinal relaxation time, T,:
transverse relaxation time, Aw: chemical shift with respect to water pool.

water APT symmetric semisolid NOE
Parameter = mean SD mean SD mean SD mean SD
M, (norm.) 0  1x10° 1mil 20mil o 1x10° 0  1x10°
k.. (Hz) - - 20 el0 60 el0 20 el0
T; (s) 1.9 0.15 1.1 0.15 1.5 0.15 1.1 0.15
T, (ms) 70 14 10 2 0.1 0.02 0.3 0.06
Aw (ppm) 0 V0.1 35 1x10° 0 1x10® —3.5 1x107°°

third pool combined saturation effects from NOE and semisolid pool exchanges without
distinguishing between these two signal sources. This may be sub-optimal given the
observed differences in the linewidth of semisolid saturation and the region over which
NOEs have been observed.

The 4-pool BM model used in this study extended the model such that semisolid
MT and NOE exchanges were described using two separate pools in order to achieve
better separation of NOEs and semisolid effects. The parameter prior distributions are
listed in Table 6.1 for the clinical data, and in Table 8.2 for the preclinical data. In

Table 8.2, T, was adjusted for the 9.4 T field assuming T, was approximately propor-

1/3

tional to B,

[143,144], and the amide pool M, prior mean and SD were also changed.
The semisolid pool models semisolid saturation as a classic Lorentzian effect centred at
water resonance, and NOEs are modelled separately as a single pool upfield of water
based on observations in the literature.

The pH phantom data, for which semisolid effects have been minimised during the
phantom preparation stage, were fitted to a 3-pool BM model comprising a water pool,

an amine pool at 2.8 ppm, and an NOE pool at —3.5 ppm. The BM model was fitted

to each phantom in sequence, and T; and T, priors used for each phantom were ob-
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tained by finding the mean relaxation time from the respective quantitative T; and T,
maps, thereby helping to correct for variations in relaxation time [78]. The palL.DA tech-
nique was also applied to the phantom data by fitting the data points within &1 ppm
to a 1-pool BM model (water pool) in order to extract a water line shape from which
the acquired data were then subtracted. A 1-pool model was sufficient in this case as
the phantoms were prepared such that they did not contain a semisolid phase [78].
NOE(LDA) was found by integrating the mean residual of each phantom between —3.0
to —4.0 ppm (using trapezoidal numerical integration), from which the pH dependence

of NOEs, as quantified using the paLDA technique, was found (Fig. B.4b).

8.3.3 Data extraction

The patient ROIs used in this study were ischaemic core, infarct growth, oligaemia, and
a mirrored contralateral mask. The same tissue outcome ROIs were used for analysing
the preclinical data but defined automatically based on the threshold values in ref. [37].
Primary analyses of the clinical data were done in voxels with a combined grey matter
and white matter PVE greater than 50%, defined as the whole slice mask. Secondary
analyses were done in separate grey matter and white matter masks. All brain voxels
in the animal data (whole brain) were used (no PVE threshold defined). In the analysis
of patient and animal results, all measures were also normalised to the contralateral

hemisphere to produce a relative measure.

8.3.4 Analysis

Group mean absolute 3-pool NOER*, 4-pool NOER*, semisolidR*, and conventional MT
were found in healthy subjects for the whole slice, grey matter, and white matter, and
values were compared between metrics. Contrast between grey matter and white mat-
ter in healthy subjects was also found. Repeatability in healthy subjects and patient
contralateral tissue was measured using ANOVA and the CoV. The spatial variability

within healthy subjects was compared between metrics. The correlation between met-
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rics was reported as R? along with the p-value of an F-test on R?. Correlation was the
primary means for comparing the different metrics, establishing whether (and to what
extent) they provided similar (i.e. correlated) information.

In patients, relative APTR* was compared between pathological ROIs using each
metric. This was done for the whole slice, grey matter, and white matter. The infarct
growth CNR was found. In animals, relative APTR* was compared between pathological
ROIs using 3- and 4-pool analysis, found for data acquired at 1 h and 2 h post-MCAO.
The pH phantom data were fitted to vial pH using least squares linear regression, and

the p-value for the F-test on the regression model was reported.

8.4 Results

8.4.1 Healthy subjects

Healthy subject BMM maps are shown in Fig. 8.1. The group mean absolute value
for each metric in the healthy subjects is shown in Fig. 8.2a, for the whole slice and
separately for grey and white matter. Mean 3-pool NOER* was (mean+SD) 0.124 +
4.1%, mean 4-pool NOER* was 0.069 * 5.1%, mean semisolidR* was 0.005 £ 5.3%,
and mean conventional MT was 0.019 + 5.2%. Each metric exhibited a larger value
in white matter compared to grey matter (p < 0.001, shown as a percentage in Fig.
8.2b). Spatial variability of the 3-pool and 4-pool NOER" metrics was 30.0% (Fig. 8.2c),
39.7% using semisolidR*, and 42.0% using conventional MT.

There was no correlation between the 4-pool metrics (4-pool NOER" and semisolidR*)
(R?> = 0.09, p = 0.012). Three-pool NOER" exhibited low correlation with semisolidR*
(R* = 0.37, p < 0.001) and with 4-pool NOER* (R* = 0.32, p < 0.001). SemisolidR*

was moderately correlated with conventional MT (R* = 0.50, p < 0.001).
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Figure 8.1: Maps from the BM model in (a) healthy subjects, and (b) representative
stroke patients. Red: ischaemic core; green: oligaemia; cyan: infarct growth.
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8.4.2 Patients

Representative patient BMM maps are shown in Fig. 8.1. The relative (to contralateral
tissue) means of each metric are shown in Fig. 8.3 for the different tissue outcome
ROIs (mean+95% CI) in the whole slice (Fig. 8.3a), grey matter (Fig. 8.3b), and
white matter (Fig. 8.3c). In grey matter voxels, the BM model metrics did not exhibit
significant differences between pathological ROIs. In all analyses the conventional MT
metric did not exhibit significant differences between pathological ROIs. In white matter
voxels, 3-pool NOER* and semisolidR" did not exhibit statistically significant differences
between pathological ROIs, whereas 4-pool relative NOER" was significantly elevated
in the ischaemic core (1.17 £0.09, p = 0.010) compared to the infarct growth ROI
(1.02%£0.07).

In whole slice analysis, 3-pool relative NOER* was significantly decreased in the
infarct growth ROI (0.85 £ 0.07) compared to the oligaemia ROI (1.01 £0.06) (p <
0.001). Relative semisolidR* was also decreased (0.7£0.1), and the absolute mean was
significantly lower than the contralateral tissue mean (p < 0.001). The 3-pool NOER*
metric appeared to be strongly weighted by the semisolidR* values. Infarct growth CNR

was 0.34 using 3-pool NOER" and 0.47 using semisolidR*.

8.4.3 Preclinical results

Fig. 8.4 shows example slices from all of the animals in the preclinical study at 1 h post-
MCAO. Differences in the z-spectrum at 1 h post-MCAO in the cohort are illustrated in
Fig. 8.5 that shows the average of the spectrum across all animals in both the ischaemic
core and contralateral tissue. Relative mean values in the pathological ROIs from the
preclinical data are shown in Fig. 8.6. Relative 4-pool NOER" was elevated in the
ischaemic core (1.4%0.3) at 1 h post-MCAO. At 2 h post-MCAO, the infarct growth signal
increased to a similar level (1.3 & 0.1) and was significantly different from oligaemic
tissue (1.1 £0.1, p = 0.009). Three-pool relative NOER* and semisolidR* were both

decreased in pathological ROIs at 1 h and 2 h post-MCAO. There was no significant
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Figure 8.4: Example slices from all of the animals in the preclinical study at 1 h post-
MCAO. Red: ischaemic core; green: oligaemia; cyan: infarct growth.
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Figure 8.5: Average of the acquired z-spectrum across all animals in both the ischaemic
core and contralateral tissue, at 1 h post-MCAO (B, correction and spline interpolation
applied).

variation in 4-pool NOER" or semisolidR* between animals or the two time points.

8.4.4 Naive brain pH phantoms

In the naive brain pH phantoms, a significant and moderately high positive association
between NOER* and pH was observed (R* = 0.75, p = 0.027), as shown in Fig. 8.7. Us-
ing the LDA technique, the regression relationship was NOE LDA = 1.97 x pH — 6.00

(phantom LDA data shown in Fig. B.4).
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Figure 8.6: Animal relative means for each of the tissue outcomes, shown for 3-pool
NOER’, 4-pool NOER*, and semisolidR*: (a) 1 h post-MCAQ, (b) 2 h post-MCAO.
Error bars are the 95% CI. For the relative mean values shown, * denotes ANOVA
p < 0.05. Significance between ROIs is denoted by a horizontal bar with e (Welch’s
t-test a..;; = 0.017). Significance with respect to the contralateral hemisphere is de-
noted by e (ANOVA of absolute means followed by Welch’s t-test with a,,;, = 0.0083).
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Figure 8.7: pH dependence of 4-pool NOER* (open squares) in naive brain phantoms
titrated to different pH. Error bars are the 95% CI. Black dotted line is the fitted linear
regression relationship (R* = 0.75, p = 0.027).

8.5 Discussion

The main objective of this study was to explore what information a 4-pool model pro-
vides in ischaemic stroke, which was thought to be a more biophysically accurate model
of NOEs, contrasting that with the intentionally approximate 3-pool model. The 4-pool
measure of NOEs provided information on tissue outcome that was different from the
3-pool approximation, and from the 4-pool measure of semisolid effects. This informa-
tion on NOEs, that was unobservable via the 3-pool approximation, was obtained by
using a more complex model without apparent over-fitting of the data since it exhibited
similar spatial variability to the 3-pool measure. For these reasons it seems reasonable
to interpret 4-pool NOER" as being a metric that more closely reflects in-vivo changes
in NOEs compared the 3-pool approximation.

In the ischaemic core ROI, 4-pool NOER" was elevated in patients and in animals;
a change that appeared to be driven by values in white matter voxels. NOEs remained
elevated in the ischaemic core at 2 h post-MCAO. Relative semisolidR" was decreased
in patients and in animals. In the infarct growth ROI, the 4-pool measure of NOEs
was slightly elevated at presentation in patients and in animals, and once this tissue
was recruited into the infarct core at 2 h post-MCAOQ, it exhibited an elevated value

identical to that of the presenting lesion. In the oligaemia ROI, 4-pool NOER* was el-
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evated in patients and in animals, and in animals it approached a normal value at 2 h
post-MCAO. Quantification of NOEs using 3 pools appeared to be strongly weighted by
semisolid effects while the 4-pool measure of NOEs did not exhibit any substantial cor-
relation; 3-pool NOER* exhibited similar, but less pronounced, changes in pathological
ROIs compared to semisolidR*, suggesting that the latter metric obscures some of the
variability associated with pathology. This supports the supposition that 3-pool NOER*
is a weighted average of NOEs and semisolid effects, but appears to be biased towards

the latter.

8.5.1 Association of NOER" with pH

In the present study an elevated NOER* signal was observed in the ischaemic core, con-
sistent with some previous preclinical studies in the CEST literature [34,81,111]. This
is concurrent with the decrease of APT effect in the ischaemic core (Chapter 6). This
raises the question of whether NOEs are sensitive to pH, as the APT effect is gener-
ally assumed to be. Changes in NOEs could be pH-driven via two pH-dependent path-
ways. For exchange-relayed NOEs, a direct dependence on pH would exist where mag-
netisation of aliphatic protons is first dipolar-coupled to labile protons of amide side-
groups on the same molecule, before finally undergoing chemical exchange with free
water protons [72]. In the study of ref. [110] the build-up of NOEs on non-chemically-
exchanging lipids was similar to that obtained using BSA protein phantoms that do per-
mit chemical exchange. This supports the notion that NOEs manifest through pathways
of both intermolecular dipolar coupling and pH-dependent chemical exchange [57].
For NOEs that are not exchange-relayed, an indirect dependence of NOEs on pH can
be realised through intermolecular coupling which, owing to changes in protein con-
formation caused by acidosis (reducing the number of dipolar coupling sites available),
leads to a reduction of intermolecular-coupled NOEs [94,121]. For both pathways, a
decrease in pH would effect a decrease in NOE:s.

As discussed in the literature review (Section 3.5.8), there have, however, been dif-
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fering experimental results as to whether NOEs are pH-sensitive [57,72]. In this study,
NOER" exhibited moderately high correlation with pH and the trend was statistically
significant. A comparable study to the one conducted herein is the study of ref. [57]
which analysed the pH dependence of NOEs in 10% BSA phantoms at 7 T using the LDA
technique, reporting a positive pH dependence of NOEs (NOE LDA = 0.40 x pH+ 1.40,
R? > 0.3). The LDA technique was also applied to the data in this study and yielded a
positive trend, consistent with that reported in ref. [57]. Therefore, when metabolite
concentration is controlled for and pH is decreased, NOEs appear to change in the same
direction as base-catalysed amides. The pH phantom study of ref. [72] found that NOEs
were insensitive to pH, however this apparent insensitivity might have been an artefact
of the model-free subtraction technique used to quantify NOEs which could have re-
sulted in a cancellation of pH effects, especially given the similarity in pH dependence
at the points used in the subtraction [57] (Section 3.5.8).

In the present study it was observed that NOEs were elevated in the ischaemic core.
In the in-vivo environment it is not possible to attribute changes in NOEs solely to pH, as
both pH and concentration changes have been observed in the ischaemic core. A recent
study has shown that the ischaemic core exhibits a decrease in pH, and a concurrent
decrease in cytoplasmic protein concentration, the latter of which has hitherto been
assumed to remain constant immediately following ischaemic stroke in the CEST liter-
ature [107]. That both pH and protein concentration decrease, rather than increase,
would lead to a reduction in the mechanisms currently known of for NOEs. In con-
trast to this is the significant increase of NOEs, observed in the present study and other
studies [34,81,111], hence the observations still cannot be fully explained. NOEs in
the ischaemic core appear to be affected by competing processes that have yet to be
identified, and alludes to a complex array of mechanisms at play in the early stages of
ischaemic stroke.

An elevated 4-pool NOER* value was observed in infarcted tissue, whether that was

the region at 1 h post-MCAO, or the larger region that includes infarct growth at 2 h
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post-MCAO. This was consistent with the clinical data in that raised 4-pool NOER" is
indicative of tissue death, but the 4-pool model did not provide much further differ-
entiation between the infarct growth and oligaemia ROIs. In terms of physiological
changes occurring within the infarct growth ROI, the preclinical study of ref. [107] iso-
lated the cytoplasmic protein concentration and found no significant difference in pro-
tein concentration with respect to contralateral tissue. The same region subsequently

underwent a significant decrease in APT effects at 2 h post-MCAO.

8.5.2 Association of metrics with white matter

In healthy subjects the larger white matter NOER* value compared to grey matter was
consistent with previous studies on NOEs [57,72,81,88]. Lipids have a high abundance
of non-chemically-exchanging aliphatic bonds whose resonance frequency is centred at
around —3.5 ppm, therefore saturation effects at this frequency have been associated
with lipids [72]. Coupled with the relatively narrow line width, characteristic of mobile
species with short T,, this has led to the suggestion that NOEs may originate from the
higher mobile lipid content found in the white matter myelin sheath [110]. The total
lipid content in white matter of a human brain is 36 to 65% higher than in grey matter,
which would be consistent with the lower white matter signal observed here [108,115].
The presence of an NOE mobile lipid signal has been supported by a recent experimental
study into protein-free liposomised mouse brain tissue, which exhibited pronounced
saturation effects confined to the frequency range of aliphatic protons [110].
Semisolid effects originate from immobile lipids which facilitate rapid magnetisa-
tion transfer via spin diffusion, having a much shorter T, compared to the surrounding
water and a correspondingly broad line width [91-93]. Semisolid effects have typi-
cally been used in identifying white matter disease which is marked by demyelination
of nerve axons in white matter, yielding lower magnetisation transfer ratios [91]. In is-
chaemic stroke, significant white matter injury can occur [145-147]. SemisolidR* was

decreased in all pathological ROIs relative to the contralateral normal tissue. Given
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that this was observed in the entirety of the stroke hemisphere, it may suggest a global
cause of signal change rather than specific sensitivity to a secondary, delayed cell-death
pathway. The decrease of semisolidR* in the ischaemic core might also reflect a de-
crease in the concentration of cell membrane-bound proteins, which is a consequence
of the rapid cell death and membrane degradation which occurs following ischaemic
stroke. This has been observed in semisolid MT studies of stroke [101], where satu-
ration is much decreased in the ischaemic core imaged at 1 month. In comparison,
conventional MT did not exhibit significant variation between pathological ROIs in this
study. Conventional MT is widely used in studies on demyelination where an acquisi-
tion sequence with a low FA and long TR is employed to yield proton density-weighted
images [148,149]. In this study a larger FA was used, optimised for APT CEST effects,
and this may explain why it was not sensitive to the processes that the BMM analysis

technique captured [150].

8.5.3 Evaluation of modelling assumptions

In this study semisolid effects were modelled as a symmetric phenomenon, with NOEs
giving the spectrum its upfield asymmetry. This construction was based on observations
in the literature. In early CEST studies is was thought that z-spectra were symmetrical
about water resonance in the absence of metabolite exchanges, and a broad feature-
less spectrum upfield of water resonance was assumed, used as a reference. However,
asymmetry of the upfield spectra, particularly at lower RF saturation powers, indicated
the presence of strong saturation effects in the aliphatic region of the spectrum. The
cause of asymmetry was initially attributed to resonance mismatch between the bulk
water and semisolid pools such that semisolid macromolecules had a positive chemical
shift with respect to the water signal [52,74,112-114]. This is unlikely as the broad
spectral distribution of semisolid effects, on the order of tens of ppm [72,74], suggests
that the spectrum should be symmetric. Some earlier studies have attributed this asym-

metry to the aliphatic protons of a mixture of mobile to relatively-mobile peptides,
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proteins, lipids, and metabolites, which have resonances located around —3.5 ppm,
ranging from —2 to —5 ppm [74]. Upfield exchange processes related to mobile macro-
molecules [42,74], or NOEs, are now thought to be the cause of z-spectrum asym-
metry, and this assumption has been made in the model fitting process of the present
study [42,57,72,74,95].

Despite the distinction made between the semisolid pool and the NOE pool, broad
spectral phenomena such as semisolid effects can overlap with different exchange peaks
and may influence the distribution of saturation between pools due to indirect coupling
between them via the mediating water pool. In Chapter 6 (Section 6.4) the model-
fitted spectra, averaged over the healthy subjects, showed that 4-pool NOER* exhibited
a tail of saturation extending downfield of water from —3.5 ppm, overlapping with the
APT resonance [32,122]. Increasing the number of pools, and therefore the number of
model parameters, can lead to over-fitting which would result in higher spatial varia-
tion. In this case, adding a fourth pool yielded similar spatial variability between 3- and
4- pool NOE signals, and there was no substantial correlation between the two metrics,
which suggests that the signals are associated with different effects. These factors may
be indicative of better signal separation using 4-pool analysis of NOE:s.

The BM formalism describes each pool using a single transverse relaxation time,
which analytically yields a Lorentzian absorption line shape [151]. This is more accu-
rate for mobile populations which can be described using a single T,. The semisolid
pool, however, is composed of immobilised proteins and large lipids that are restricted
in motion, for which this assumption might not be a good approximation [152,153].
Super-Lorentzian and Gaussian line shapes have been found to provide a better fit for
tissue, with the former giving optimum results in-vivo and is used in model-based MT
studies [60,91,142,154]. In this study the semisolid pool was modelled using a classic
Lorentzian line shape. For the purposes of quantifying NOE:s, this simplification may be
acceptable as NOEs are evaluated within a small frequency range (< 5 ppm) [60,155]

over which the differences between a Lorentzian line shape and a more accurate super-
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Lorentzian line shape are negligible owing to the semisolid pool’s short T, and very
wide NMR signal [32,60]. This does, however, introduce uncertainty when quantifying
semisolid effects using semisolidR", as the super-Lorentzian is wider than the classic
Lorentzian, resulting in an inflated estimate of T,, and differences between the two line
shapes at large offset frequencies [32]. This does not account for the decreased value of
relative semisolidR* in all of the pathological ROlIs, as the decreased values are with re-
spect to the contralateral tissue ROI. The approximation appears to be valid here as the
results obtained in this study were consistent with the literature in describing semisolid
effects as being significantly elevated in white matter, and decreased in the ischaemic

core.

8.6 Conclusion

The 4-pool measure of NOEs provided information on tissue outcome that was different
from the 3-pool approximation, and from the 4-pool measure of semisolid effects. This
information on NOEs, that was unobservable via the 3-pool approximation, suggests
that the 4-pool NOE metric is better at capturing in-vivo changes in NOEs. NOEs were
elevated in the ischaemic core, but given that both pH and protein concentration have
previously been reported to decrease in infarcted tissue, the observations still cannot
be fully explained in terms of known NOE mechanisms. An elevated 4-pool NOE value
was also observed in the larger infarcted region that includes infarct growth at 2 h post-
MCAO. This was consistent with the clinical data in that a raised value is indicative of
tissue death, but the 4-pool model did not provide much further differentiation between
the infarct growth and oligaemia ROIs. NOEs appear to be affected by competing pro-
cesses that have yet to be identified, and alludes to a complex array of mechanisms at
play in the early stages of the disease. Further investigation of NOEs is needed in order
to better-understand the physiological origins of these observations and their potential

as complementary imaging biomarkers in acute stroke.
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Whilst NOEs have been modelled as a relatively broad effect, high-field studies have
identified NOEs as a composite of several resonances, one such being a sub-resonance
at —1.6 ppm which may be associated with tissue pathology in stroke (Section 3.5.4).
The next and final chapter thus seeks to identify NOE sub-resonances and explores their

association with tissue outcome following stroke.
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Chapter 9

Quantifying NOE sub-resonances

9.1 Introduction

HE study of upfield effects in Chapter 8 modelled NOEs as a relatively broad
effect centred at —3.5 ppm based on observations of CEST spectra in the
literature. The discussion on the spectral characteristics of NOEs in Section

3.5.3 highlighted that NOEs are in a fact a composition of several narrower resonances.
Recent studies have identified an NOE sub-resonance! at —1.6 ppm (Section 3.5.4)
which exhibits a significant decrease immediately after ischaemic stroke [81,111] and
is hypointense in tumour tissue [80,98,117,118]. The objectives of this chapter were
(i) to identify and isolate NOE sub-resonances in preclinical stroke models, and (ii)
thereby explore their association with tissue outcome, with the final objective of (iii)

quantifying these effects in a cohort of patients with acute ischaemic stroke.

9.2 Methods

An outline of the methods used in this chapter is presented below; refer to Chapter 4

for further details.

!An NOE peak apart from the broader NOE centred at —3.5 ppm.
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9.2.1 Study details

This chapter employed the datasets from 12 patients presenting with acute ischaemic

stroke and a preclinical dataset.

9.2.2 Processing

In the animal data, the Lorentzian difference spectrum, which is the raw spectrum after
removal of the water+semisolid effects baseline, was obtained as follows. Individual
animal Lorentzian difference spectra and ROI-averaged Lorentzian difference spectra
were used for the purpose of visually identifying the NOE sub-resonance at —1.6 ppm
in the animal dataset, as well as any other identifiable sub-resonances. The Lorentzian
difference spectra were also used for estimating parameter priors of the sub-resonances
for use in subsequent BMM analysis of these effects.

The rationale for adopting this ‘LDA-directed’ approach is as follows. LDA is a useful
tool for ‘model-free’ exploration of CEST spectra, but since it is not as robust as a fully
model-based approach (based on the methodological comparisons in Chapter 5), it is
not expected that very consistent effects from animal to animal will be observed using
LDA, particularly in the context of noise and overlapping sources that LDA cannot fully
resolve. Hence the strategy of identifying potential sub-resonances using LDA, as a
precursory step to BMM analysis, which is more robust, allows quantification of these
effects in the context of noise and overlapping sources that LDA cannot fully resolve.

The Lorentzian difference spectrum of the preclinical data was first obtained for the
purpose of observing NOE spectra without the water and semisolid baseline. The data
from each animal were fitted to a 2-pool model of the Bloch equations comprising a
water pool and a semisolid pool (an example fit is shown in Fig. B.3a). The param-
eter priors used for these two pools are listed in Table 9.1. The following offset fre-
quencies, assumed to be representative of direct water saturation and semisolid effects,
were used in the fitting process: +0.9, £0.6, £0.3, 0.0, 51, 72, 100, and £300 ppm.

The Lorentzian difference spectrum of each animal was obtained by subtracting the
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acquired spectrum from the model fitted 2-pool spectrum. Before the subtraction was
performed, the acquired data were corrected for B, and linearly interpolated onto a
higher-resolution (0.02 ppm) axis. A voxel-weighted mean across the animals was ob-
tained for each tissue outcome.

In this study two NOE sub-resonances were identified in the animal data (see re-
sults); at —1.6 ppm and at —2.4 ppm. The 4-pool model used in Chapter 8 (pools:
water, amide, semisolid, and NOEs at —3.5 ppm) with preclinical priors was extended
to two separate 5-pool models; in the first 5-pool BM model, the fifth pool accounted
for effects at —1.6 ppm, and in the second 5-pool BM model, the fifth pool accounted for
effects at —2.4 ppm (Fig. B.5). Parameter priors for the animal data are listed in Table
9.1. A 5-pool model was fitted to the clinical data, comprising the four pools used in
Chapter 6, and a fifth pool representing an NOE sub-resonance at —2.4 ppm (parameter

priors for clinical data are listed in Table 9.2).

9.2.3 Data extraction

The patient ROIs used in this study were ischaemic core, infarct growth, oligaemia,
and a mirrored contralateral mask. Analysis was conducted in voxels with a tissue PVE
greater than 0.5. The same tissue outcome ROIs were used for the preclinical data but
defined automatically based on the threshold values in ref. [37].

A reduced animal dataset was used as follows®. Of the 10 longitudinal slices ac-
quired for each animal, all brain voxels in contiguous slices 3-6 were used (no PVE
threshold defined) and the remainder were excluded from analysis. The fractions of
ROI voxels from the whole dataset that also appear in the subset used in this study
are: ischaemic core 63% (1304 voxels included), infarct growth 56% (877 voxels),
oligaemia 38% (1365 voxels), and contralateral 44% (5180 voxels).

In the analysis of patient and animal results, all measures were also normalised to

the contralateral tissue mean to produce a relative measure. The relative mean val-

2This was done in order to reduce the processing time required whilst optimising coverage of patho-
logical ROIs.
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Table 9.1: Parameter priors used for 5-pool BMM analysis of the animal data. Model
priors are expressed as a mean and SD.

Glossary — M,: pool concentration relative to water pool (water pool M, is abso-
lute), k,.: pool—bulk water exchange rate, T;: longitudinal relaxation time, T,:
transverse relaxation time, Aw: chemical shift with respect to water pool. For brevity,
annotations of the parameter priors that were listed in Table 6.1 are not reproduced in
this table.

T, for pools 1-4 is from Table 8.2.

water APT symmetric semisolid
Parameter mean SD mean SD mean SD
M, (norm.) 0  1x10° Xomi  200mi 0 1x10°
k,, (Hz) — — 20 el? 60 el?
T, (s)' 1.9  0.15 1.1 0.15 1.5 0.15
T, (ms) 70 14 10 2 0.1 0.02
Aw (ppm) 0 V0.1 35 1x10°® 0 1x107°
NOE(—3.5 ppm) NOE(—1.6 ppm) NOE(—2.4 ppm)
mean SD mean SD mean SD
M, (norm.) 0 0.01 0 0.01 0 1x10°
k., (Hz) 20 el? 20 el? 20 el?
T, (s)' 1.1 0.15 1.1 0.15 1.1 0.15
T, (ms) 0.3 0.06 3.0 0.6 3.0 0.6
Aw (ppm) —35 1x10° —-1.6 1x10°® —-24 1x10°

ues were weighted by the number of contributing voxels and pooled to give a voxel-

weighted group mean for each tissue outcome.

9.2.4 Analysis

In the animal data, NOER*(—1.6 ppm) and NOER*(—2.4 ppm) (henceforth referred to
as NOER", . and NOER", , for brevity) were found for each pathological ROI at 1 h
post-MCAO. In the clinical data, NOER" , , was found for the presenting scan. In both
datasets NOER" , . was also obtained. Absolute group mean NOER" measures were
compared to the contralateral tissue ROI, and relative NOER* was used for comparisons

between pathological ROIs.
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Table 9.2: Parameter priors used for 5-pool BMM analysis of the clinical data. Model
priors are expressed as a mean and SD.

Glossary — M,: pool concentration relative to water pool (water pool M, is abso-
lute), k,.: pool—bulk water exchange rate, T;: longitudinal relaxation time, T,:
transverse relaxation time, Aw: chemical shift with respect to water pool. For brevity,
annotations of the parameter priors that were listed in Table 6.1 are not reproduced in
this table.

water APT symmetric semisolid
Parameter mean SD mean SD mean SD
M, (norm.) 0  1x10° 2  20mM 0 1x10°
k., (Hz) — — 20 el? 60 el?
T, (s) 1.3 0.15 0.77 0.15 1.0 0.15
T, (ms) 70 14 10 2 0.1 0.02
Aw (ppm) 0 V01 35 1x10°% 0 1x10°°
NOE(—3.5 ppm) NOE(—2.4 ppm)
mean SD mean SD
M, (norm.) 0 1x10° 0 1x10°
k,. (Hz) 20 el 20 el
T, (s) 0.77 0.15 0.77 0.15
T, (ms) 0.3 0.06 3.0 0.60
Aw (ppm) -35 1x10°% —24 1x10°

9.3 Results

The Lorentzian difference spectra of the animals are shown in Fig. 9.1a for each tissue
outcome. A peak at —1.6 ppm appeared pronounced in the contralateral tissue and
oligaemia ROIs. At this offset, the signal also appeared to be elevated in ischaemic
core tissue (1.2 %+ 0.6), although in this case it was not clear how much of the elevated
signal was due to overlapping sources that were also increased, and which LDA cannot
fully resolve. The the infarct growth ROI value at this offset was similar to that of the
contralateral tissue. By visual inspection, the HWHM of the peak in contralateral tissue
was approximately v;,, = 0.18 ppm, which, using equation (3.12), corresponds to an
estimated T, of 2.9 ms.

It was possible to visually differentiate the infarct growth ROI from the contralateral
tissue ROI at —2.4 ppm, where the infarct growth ROI exhibited a graded intermedi-

ate value between normal and infarcted tissue (contralateral: 3.0%, oligaemia: 3.2%,
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infarct growth: 3.8%, and ischaemic core: 4.4%). Further investigation of saturation
effects near —2.4 ppm in Fig. 9.1b revealed a distinct narrowing of confidence inter-
vals that occurred for each tissue outcome, which suggests that saturation effects at this
frequency may be more consistent between animals and tissue pathology compared to
other frequencies. The confidence intervals were such that the ischaemic core ROI and
infarct growth ROI could be distinguished on the basis of their spectra at this frequency.
These spectral features warranted further investigation as they indicated an association
with tissue at risk, at an offset that may be readily observed on a lower-field clinical
scanner, and where saturation effects in the Lorentzian difference data (i.e. minimally
processed) were visually distinct. The HWHM of the apparent peak at —2.4 ppm was ap-
proximately 0.2 ppm, corresponding to an estimated T, of 2.4 ms. A value of T, = 3 ms
was used as the T, prior for both sub-resonances (Table 9.1), and Aw for each of the
two pools was set to a constant, with a value based on the ROI-averaged animal spectra.
The animal BMM maps are shown in Fig. 9.2. The relative (to contralateral tissue)
mean NOER" in animals is shown in Fig. 9.3. In both 5-pool models, relative NOER" , .
was, as in Chapter 8, elevated in the ischaemic core, with the oligaemia ROI and infarct
growth ROI values close to unity. The mean trends of relative NOER" , . in pathologi-
cal tissue were consistent between the two 5-pool models and the 4-pool results of the
previous chapter, and are not explored further in this chapter (refer to Chapter 8 for
analyses of NOER" , ).
In the ischaemic core, relative NOER | . (mean+95% CI) (1.6 £ 0.6) was, despite
a significant ANOVA result (p = 0.03), not statistically significantly different from the
contralateral tissue mean (p = 0.08). There was no significant variation between ROIs
using relative NOER", , (p = 0.7). The infarct growth ROI relative mean appeared to
be elevated using NOER" , , (1.2£0.2) compared to the ischaemic core (1.1+0.5) and
the oligaemia ROI (1.2 +0.3).
The absolute value of NOER" | , and NOER", , in the contralateral hemisphere ex-

hibited a relatively high level of variation compared to NOER" , .. The absolute values in
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Figure 9.2: 5-pool BMM maps of animals at 1 h post-MCAO. Red: ischaemic core;
green: oligaemia; cyan: infarct growth.

the contralateral hemisphere were (mean+ %SD) NOER? | ;: 0.012+88.0%, NOER”, ,:
0.097 + 55.4%, and NOER® , .: 0.074 + 8.38%.

The relative NOER" results in patients are shown in Fig. 9.4. Relative NOER" ,
exhibited a similar trend to the 4-pool whole slice value derived in Chapter 8. The
elevated ischaemic core mean in 5-pool analysis was (mean+95% CI) 1.1 £ 0.2. Rel-
ative NOER? , , was decreased in the ischaemic core (0.5 £ 0.2, p = 0.01), and also
in the infarct growth ROI (0.8 + 0.3). Relative NOER", , was approximately unity in
the oligaemia ROI (1.1 £ 0.8). The variation in the absolute value of NOER" 04 in
the contralateral hemisphere was larger than that of NOER" , .. In the contralateral
hemisphere, absolute NOER” , . was (mean+ %SD) 0.056 + 8.4%, and NOER", , was

0.0149 £+ 45.5%.
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Figure 9.3: Relative 5-pool NOER" in animals at 1 h post-MCAO in different patho-
logical ROIs. Results were obtained from two separate 5-pool models: (a) relative
NOER*(—3.5 ppm) and relative NOER*(—1.6 ppm) using the first 5-pool model, and
(b) relative NOER*(—3.5 ppm) and relative NOER*(—2.4 ppm) using the second 5-pool
model. Error bars are the 95% CI. For the relative mean values shown, * denotes ANOVA
p < 0.05. Significance between ROIs is denoted by a horizontal bar with e (Welch’s ¢-

test @.,;, = 0.017). Significance with respect to the contralateral hemisphere is denoted
by e (ANOVA of absolute means followed by Welch’s t-test with a,,;, = 0.0083).
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Figure 9.4: Whole slice relative NOER*(—3.5 ppm) and relative NOER*(—2.4 ppm) in
patients shown for the different pathological ROIs. Error bars are the 95% CI. For the
relative mean values shown, x denotes ANOVA p < 0.05. Significance between ROIs
is denoted by a horizontal bar with e (Welch’s t-test &.,;, = 0.017). Significance with
respect to the contralateral hemisphere is denoted by e (ANOVA of absolute means
followed by Welch’s t-test with a.,;, = 0.0083).

9.4 Discussion

In the preclinical data, the elevated value of NOER" | . in the ischaemic core appeared
to be consistent with that observed through LDA, as did the infarct growth ROI signal
which was not significantly different from the contralateral tissue. However, the ele-
vated signal level in oligaemic tissue that was observed in the Lorentzian difference
spectra, was not observed in the model-fitted results, where the mean relative value
was approximately unity. NOER" , . did not describe the same pattern of a decreased
ischaemic core signal that has been reported in other stroke studies [81,111]. One rea-
son for this might be the relatively low B, power employed in this study, 0.55 uT, which
is not optimal for observing saturation effects at —1.6 ppm. B, dependence studies sug-
gest using a power of 1 uT at 9.4 T [80,117], and other studies of NOEs at —1.6 ppm
have also used this power [81,118].

The relatively few sampling points in the vicinity of —1.6 ppm could have also
contributed to the lack of differentiation of NOER" , , in oligaemic tissue, where the
Lorentzian difference spectra indicated that the peak becomes visibly more pronounced.

In the animal dataset, one sampling point was located within the FWHM range of the
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peak (—1.78 to —1.42 ppm), whereas studies that have detected a significant differ-
ence in pathological tissue (ischaemic core) have generally used 3 sampling points
[80,81,98]. NOEs at —1.6 ppm are particularly vulnerable to under-fitting owing to
their proximity to the water peak, and this may explain why such a peak has not been
reported in lower-field clinical studies [81]. This means it is likely that there were not
enough data to adequately fit for the multiple parameters used to describe subtle fea-
tures of the sub-resonance at —1.6 ppm. The NOE peak at —1.6 ppm has been closely
associated with NOE-mediated interactions between choline head groups of membrane
phospholipids, which have a resonance frequency around —1.6 ppm, and water pro-
tons [118].

The elevated value of NOER", , in infarct growth tissue of the animal data appeared
to correspond with the peak identified through LDA, and might suggest sensitivity to a
secondary, delayed cell-death pathway precipitating infarct growth. However, it should
be noted that there were large differences between the preclinical and clinical results in
this respect, and that in the preclinical analyses there was a relatively large fluctuation
in the contralateral tissue signal (also observable in the animal BMM maps). These ob-
servations most probably imply that it was difficult to extract an effect consistently in
this study. Quantification of NOEs at —2.4 ppm might improve with more comprehen-
sive sampling of the spectrum; in the present clinical data there was one sample point
in the vicinity of —2.4 ppm. Redistributing the 32 sample points more uniformly upfield
(e.g. by using an EDS scheme) is one way of achieving more even sampling of clinical
data without prolonging acquisition time, but this would be at the expense of coarser

sampling of APT effects.

9.5 Conclusion

The NOE sub-resonances at —1.6 ppm and —2.4 ppm identified and explored in the

animal data suggest that there may be an association of NOEs with tissue outcome in
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a manner that appears to be distinct from the broader NOE centred at —3.5 ppm. The
results also partially highlight the limitations of the data used in this study. There is
potential to explore the association of NOE sub-resonances with tissue outcome at a
different saturation power and with more comprehensive spectral sampling, in order

that their potential as imaging biomarkers in stroke can be better understood.
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Chapter 10

Conclusion

The aim of this thesis was to develop analysis techniques for CEST MRI data in order
to quantify metabolic signals associated tissue fate in patients with acute ischaemic
stroke. This included the development of robust analysis techniques for use in a clinical
setting, and the development of quantitative tools that exploit, and allow exploration

of, the in-vivo complexity.

10.1 Summary

The development of robust analysis techniques commenced in Chapter 5, where quan-
tification techniques from across the in-vitro, preclinical, oncological, and stroke litera-
ture were collated and compared for robustness. The aim was to establish the optimal
way of quantifying CEST signals from existing techniques. The outcome of Chapter 5
was that improved robustness and pathological contrast of model-based analysis, BM
model fitting in particular, was shown, indicating the potential clinical utility of model-
based analysis for quantifying CEST signals. In Chapter 6 the BMM analysis technique
was extended to 4 pools in light of the CEST literature which described NOEs and
semisolid effects as being distinct phenomena. The 4-pool model corroborated that
of 3 pools and also demonstrated an improved ability in isolating the APT signal. The

reduction in contrast between infarct growth tissue and normal tissue represented a
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trade-off between identifying tissue to target for treatment and biophysically more ac-
curate modelling of CEST processes.

Chapter 7 turned more towards the challenge of improving quantification within
the constraints of clinical data. The accuracy of the analysis techniques depends on two
factors: correctness of the underlying modelling assumptions as far as how accurately
they reflect the underlying biophysics, and secondly, the quality of the acquired data in
terms of SNR, spectral resolution, and freedom from through-plane motion artefacts.
The former is an effort to explain data in terms of what is understood of signal origins,
whilst the latter leads to diminishing returns as the risk of over-fitting grows with model
complexity. Chapter 7 developed an analysis technique for minimising PV effects which
can contaminate signals of interest. This yielded a quantification technique that was
more robust against partial volume effects. Whilst there was no overall improvement
in pathological tissue contrast, the method of partial volume correction presented an
improvement in repeatability and showed how quantification may be further improved
within the constraints of clinical data.

Chapter 8 used 4-pool analysis to investigate NOEs and semisolid effects as dis-
tinct phenomena, and how they may be associated with tissue fate following ischaemic
stroke. Analyses of NOEs from a clinical data perspective were offered and were corrob-
orated by those conducted on the preclinical data, contributing to an ongoing discussion
on the physical origins of NOEs and in particular providing answers as to the spectral
symmetry or otherwise of semisolid effects, and the suggested pH dependence of NOEs.
NOEs were enhanced in the ischaemic core, contrary to notion that the acidotic envi-
ronment would denature proteins and result in a net decrease in NOEs. This alludes
to the complex composition of the in-vivo environment and underscores the necessity
of using quantitative imaging to isolate the effect being measured from competing phe-
nomena. In this case, for example, using 4 pools to quantify NOEs appeared to provide
better quantification than what seemed to be a contaminated 3-pool measure. Chapter

9 identified NOE sub-resonances where the preclinical results indicated an association
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with tissue outcome that was distinct from the broader NOE. The results also partially
highlighted the limitations of the data used in this study. There is potential to explore
NOE sub-resonances further at a more optimal saturation power and with more com-
prehensive spectral sampling, in order that their potential as novel imaging biomarkers

in stroke can be better-understood.

10.2 General considerations

10.2.1 Analysis of clinical CEST data
10.2.1.1 Quantifying CEST effects

The model-free techniques explored in this thesis have previously been shown to per-
form well with higher field data and under more controlled conditions, such as in a
preclinical setting, where they exhibited good pathological contrast. When applied to
the clinical data, the measures exhibited low repeatability compared to model-based
techniques. The utility of model-free techniques in a clinical stroke imaging context
therefore appears to be limited.

LDA is a semi-model-based approach that was used in this thesis when analysing the
preclinical data. LDA was shown to be useful as an exploratory tool when looking at
the finer structure of raw data. As a semi-model-based approach, it appeared to share
some robustness with the fully model-based technique (BMM analysis), whilst sharing
a lack of precision (an inability to account for overlapping peaks), and susceptibility to
noise, with the model-free techniques. When analysing clinical data, the latter aspect
appeared to dominate its performance, as it failed to exhibit consistent pathological
contrast.

Not explored in this thesis were non-physical fully model-based techniques, such as
multi-Lorentzian line fitting. Based on the comparisons made between different types
of quantification techniques in this thesis, it would be expected that multi-Lorentzian

line fitting, as a fully model-based technique, is more robust than model-free and LDA
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approaches, but perhaps not as able to isolate CEST signals as well as the physical BM
model, as the fitting is done purely in terms of isolated line shapes discernible in the
data, rather than the interacting variables that collectively generate those line shapes.

Pragmatically, CEST imaging is more useful clinically if there is minimal contrast
between grey matter and white matter. On this basis, in the context of clinical imaging
of stroke, one of the advantages of a technique is that it minimises differences between
grey matter and white matter. Model-free quantification techniques exhibited markedly
different values in grey matter and white matter, and in this respect flat contrast is
advantageous. The model-based measures worked well in this respect as not only did
they show minimal tissue contrast, but also similar patterns of change in response to
ischaemia.

The physical model-based approach, BMM analysis, was found to be advantageous
for a number of reasons. BMM analysis was more repeatable between repeat scans and
subjects, and provided quantitative imaging measures of CEST effects, making it more
reproducible. However, quantitative values cannot necessarily be interpreted as abso-
lute measures in their own right [100]. APTR* is a case-in-point, as the studies in this
thesis revealed it to be less of a pH (or pH-weighted) measure than initially thought.
The modulation of APTR* by CEST processes on the opposite side of the spectrum un-
derlined how this quantitative measure is likely a reflection of a range of biological and
physiological changes, and without further information it cannot be directly linked to

a specific change in physiology.

10.2.1.2 Model complexity and clinical utility

Having established BM models as being useful for analysing clinical data, it can be
helpful to view them in terms of their potential for use in routine clinical practice in
stroke (patient-centred), versus their use for scientific purposes in providing insight
into tissue physiology (disease-centred) [25]. In the former, the biological accuracy of

the model is less important than its clinical validation if it is to be used in helping stratify
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patients for treatment [25]. The measures obtained from such a model do not need to
be intrinsically biologically meaningful, if they have been validated as reflecting tissue
fate [25]. An example of a model that may have the potential to be used in this sense is
the 3-pool BM model. The 3-pool model made less accurate assumptions with respect
to the biology compared to the 4-pool model, and its measure of APT effects was also
more ambiguous in terms of its links with physiological processes. However, the 3-pool
model exhibited uniquely high contrast with respect to tissue that is sought for clinical
intervention, and therefore may have more potential for use in clinical practice than
the other models.

The level of model complexity at which quantification may have become more disease-
centred and investigative, is upon the addition of a fourth pool. This better-reflected the
underlying biophysical processes, providing insights into NOEs and their associations
with tissue pathology that were otherwise obscured when observed through simpler
models. The strength of this more accurate model was that it enabled better isolation
of different CEST effects to be achieved, thus enabling more precise characterisation of
signal patterns. This came at the cost of diminishing the contrast that highlighted tissue
at risk, but was more exploratory as a tool.

Having considered quantification measures as being more well-suited for clinical
practice versus as investigative tools, a categorical distinction cannot be made in the
context of this thesis, for the following reasons. The PVc model was architecturally
more complex than the 4-pool model, but the additional complexity was utilised to
make quantification more clinically meaningful. The 4-pool model helped to explain
the observations made using simpler 3-pool analysis. Also, the 4-pool model was used
more readily to exploit, rather than to explain, underlying physiological complexity,
in order to reveal novel modes of contrast that a simpler model could not. Further
investigation of these new patterns, particularly their unexplored dynamic traits, could

mean that the more complex models have utility in both roles.
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10.2.1.3 Bias of modelling assumptions versus limitations of the data

The same general trends that were seen in the clinical data were also observed preclin-
ically. This was despite the marked advantage that the preclinical data had in terms
of data quality, such as a high B, field, higher sampling density and more brain vol-
ume, and the absence of motion artefact. The similarity in results also indicates that
the small number of upfield data points in the clinical data was nevertheless sufficient
for deriving representative measures of NOEs and semisolid effects. The BMM analysis
techniques used in this thesis were able to consistently extract signals associated with
different CEST mechanisms in MR imaging of human stroke. This highlights their utility
as quantitative tools for investigating the disease.

A limiting factor in terms of measuring CEST effects was found to primarily be the
modelling assumptions made, rather than limitations of the data. An example of this
is that the 3-pool measure of NOEs in fact masked NOEs behind dominant semisolid
effects, whereas a simple refinement of modelling assumptions was able to reflect the
presence of NOEs in the clinical data much more clearly, and bring to bear their distinct
mode of contrast. The distinction was more subtle when quantifying APT effects, as
both 3- and 4-pool analysis reflected the same gross features of the data, but had more
subtle variations between tissue fates. It is therefore important to interpret the results
of BMM analysis in the context of the assumptions made. The bias that modelling as-
sumptions imparted to the results was in some cases strong, as in the case of NOEs being
masked, or subtle yet important, as in the case of observing infarct growth contrast. In
as far as limitations of the data, they became more apparent in the investigation of NOE
sub-resonances where it was difficult to extract an effect consistently. This may have
been attributable to both the sub-optimal B, power that was used for analysing those

resonances, and a lack of acquisitions near the relevant frequency offsets.
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10.2.1.4 Investigation of NOEs

This thesis commenced with the study of APT effects in clinical data, whereat NOEs
came under consideration when attempting to better-quantify APTR*. This later al-
lowed NOEs to be explored as an effect in their own right, where it was first established
that the 4-pool metric may be a more accurate reflection of changes in NOEs in-vivo
compared the 3-pool approximation, providing information on tissue outcome that was
otherwise unobservable. Thereupon, it was observed that: (i) NOEs appeared to be
predominantly associated with white matter; (ii) that they were independent of patho-
logical ROI in grey matter; and (iii) that they were elevated in the ischaemic core. The
association of NOEs with tissue fate motivated their observation in a preclinical setting,
in which dynamic changes in the early hours after stroke were apparent, and the ele-
vated ischaemic core signal, first observed in the clinical data, was corroborated. NOEs
were finally analysed in realistic phantoms to permit more controlled exploration of
their pH dependence, where a positive association with pH, contrary to that expected,
was observed. The pattern of NOEs in pathological tissue was well-described using
physical model-based quantification, but could not be fully explained in terms of the
current understanding of the biophysical mechanisms. The results provide motivation
for exploring NOEs using serial imaging, and for analysing their association with regions

of the brain remote from the DWI lesion.

10.2.2 Technical considerations
10.2.2.1 Statistical testing

The statistical testing employed in this thesis applied a relatively conservative correc-
tion to the critical level, the Bonferroni adjustment, in cases where multiple compar-
isons were being made [156]. This increased the likelihood of type II errors, thus im-
portant differences between pathological ROIs might have been deemed statistically

non-significant [156]. The deflation of a,,;, might not have been a significant problem
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for the analyses in this thesis, however, as in most cases a non-significant ANOVA re-
sult ruled out further comparisons, and in cases where there was significant variation
between groups, at least one significant pattern was detected in post-hoc testing. There
were a small number of instances (Figs. 6.3a and 9.3a) where a group comparison
suggested significant differences between pathological ROIs, whilst post-hoc testing did
not identify any significant pairs.

Chapters 6-8 each compared a simpler model versus a more complex one. The more
complex models achieved statistical significance a greater number of times when assess-
ing differences between tissue outcomes, which could be seen as a relative strength of
using those measures. This has helped to highlight differences between quantification

measures that are related, but which are derived from different BM models.

10.2.2.2 Study size limitations

The broader research context to this thesis is the improvement of individual patient out-
comes in stroke by identifying patients who will benefit from intervention. At the patient
level CEST data do not clearly discriminate between tissue fate [37]. In this tissue-level
study, analyses were performed by pooling voxels across 12 patients. The stroke popu-
lation is physiologically very heterogeneous and the small sample size means that the
pooled results in this study, an average over all patients, makes the results susceptible
to bias and might not be reflective of the wider stroke population. The influence of bias
can be reduced by analysing a larger dataset. Validating the results of this thesis in an
independent stroke cohort would test repeatability of analyses techniques against the

presence of such bias.
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10.3 Areas of future work

10.3.1 Serial trends

The analyses represented one snapshot in time, the presentation scan, and the main
trends observed were an elevated NOE signal in the ischaemic core and oligaemic tis-
sue, a decreased infarct growth signal when quantifying semisolid effects, and, when
using 3-pool analysis, a graduated decrease in APT effects in accordance with tissue out-
come. Recent serial analyses of 3-pool data have demonstrated distinct APT and NOE
profiles for each tissue outcome [157]. This is a promising development for post-acute
management of stroke, as injury initially occurs over minutes to hours and is followed
by secondary injury from hours to days, followed by subsequent complications. The se-
rial profiles of CEST signals may therefore be mirroring different compensatory mech-
anisms of the brain, such as alkalosis which is associated with delayed cellular injury.
In this respect CEST signals could potentially be used to monitor and inform treatment
decisions for patients in the post-acute phase. The serial trends of CEST signals war-
rant investigation using the quantification measures advanced in this thesis that afford

separation of competing effects.

10.3.2 Whole-brain CEST imaging

The CEST sequence used in this study excited tissue in a single imaging plane which
was selected by a clinician to correspond with the plane of the diffusion lesion. This al-
lowed analysis of the ischaemic core tissue and of tissue at the interface with penumbral
or normal regions. However, inferences could only be made within the tissue region
highly local to the lesion. A multi-slice (3D) CEST sequence providing interpretable
whole-brain acquisitions would allow extensive investigation of tissue remote from the
ischaemic core. It would also improve image registration with the 3D modalities rou-
tinely used in clinical practice, and would improve the ability to correct for motion

artefacts (particularly through-plane) [37,87]. A pulsed CEST scheme capable of ac-
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quiring a whole 3D brain volume has been demonstrated by Jones et al. [87]. However
the acquisition time of this scheme was not practical for use with stroke patients, at
14 minutes 24 seconds (11 seconds per frequency offset) compared to the sub-three-
minutes time (2 minutes 45 seconds) attainable with single-slice CEST. Long acquisition
times are unusable with stroke patients in particular, who due to their physiological con-
dition, are unlikely to remain still for more than three to five minutes during a scan.
The development and validation of whole-brain CEST imaging is a necessary prereq-
uisite for establishing CEST in the clinical sphere as a routine imaging tool for acute

stroke [37,87].

10.3.3 NOE sub-resonances

The NOE peak at —1.6 ppm has been reported to exhibit a significant decrease immedi-
ately after stroke [81,111]. Quantifying this effect in addition to those already present
in the 4-pool model would necessitate adding a fifth pool. Whilst using 4 pools is still
very much an approximation to the many processes going on in the spectrum [87],
adding further pools would increase the risk of over-fitting, particularly because this
resonance is close to the water peak and Chapter 9 highlighted the limitations of adding
further pools. Further analysis is therefore hard to justify on the present clinical data
considering field strength, number of samples, patient motion, and the sub-optimal B,
power for detecting effects at —1.6 ppm. There is scope to explore NOE sub-resonances
at a higher B, but at the expense of diminishing the signal from NOEs at —3.5 ppm
which are maximised at a lower B,. Optimising the distribution of sampling points
would ameliorate the risk of over-fitting without prolonging acquisition time, achiev-
ing a better trade-off when these effects are being explored within clinical imaging

constraints.
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10.3.4 Semisolid effects

In this study the semisolid effects pool was modelled using a classic Lorentzian line
shape. This is more accurate for mobile populations which can be described using a
single T,. The semisolid pool is composed of immobilised proteins and large lipids that
are restricted in motion, for which this assumption might not be a good approximation,
and instead super-Lorentzian and Gaussian line shapes have been found to provide a
better fit for tissue [91,142,152]. The approximation has little effect on the quantifi-
cation of NOEs and APT effects as they are evaluated within a small frequency range,
over which the differences between a Lorentzian line shape and a more accurate super-
Lorentzian line shape are negligible [32]. It does, however, introduce uncertainty when
quantifying semisolid effects as the differences between the two line shapes are more
pronounced at large offset frequencies [32]. The approximation appears to be valid
here as the results obtained were consistent with the literature in describing semisolid
effects as being significantly elevated in white matter, and being decreased in the is-
chaemic core. Semisolid effects were also decreased in infarct growth tissue. Further
exploration of these patterns could attempt more precise extraction using a model that

incorporates a super-Lorentzian line shape.

10.3.5 Correction for water relaxation

Representative BMM patient maps were often highly heterogeneous, which reduced
pathological contrast. This could be due to poor individual fitting of parameters, such
as T;, whilst fitting well for the set of parameters that affect the z-spectrum in similar
ways (T; and T, combined), to give an accurate overall shape [64]. The water pool
mediates all CEST exchanges, and a larger water T; scales CEST effects by affording
more time for labelled states to accumulate in the water pool [42,84], thus local varia-
tions in T, directly modulate the size of the CEST signals. The relative measures were
less prone to this sort of variation as signal values were normalised to the contralateral

mean, which reduced dependence on local T;. Incorporating quantitative T; maps in
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the model fitting process, such as via prior maps, would help to correct for this con-
founding effect. Quantitative T; maps have been used for correction in the study in
ref. [84], where they led to a reduction in the dependence of the APT signal on water
R,. The T;-corrected NOE measure remained significantly correlated with water R;,
but also exhibited significant tumour contrast which was improved compared to the

non-corrected equivalent.

10.3.6 Exchange-relayed NOEs

There is scope to improve the present model of NOEs at —3.5 ppm without adding
many new parameters. Existing model-based approaches for quantifying NOEs describe
the NOE pool as one in chemical exchange with bulk water. This yields a good fit to
clinical data (R* > 98.8%) [63], but makes a simplistic assumption about the under-
lying exchange mechanism that gives rise to the NOE signal. This is in contrast to the
exchange-relayed mechanism of NOEs which is supported by the literature [57,74]. Im-
plementing an exchange-relayed model could be done by re-arranging the structure of
the BM model in Fig. 7.2 such that the NOE pool is concatenated to the amide pool.
This does not increase model complexity, as no new parameters are introduced, and is

also a more accurate representation of the exchange-relayed NOE pathway.

10.4 Closing remarks

Improved quantification techniques were demonstrated which were sufficiently robust
to be used on clinical data, but also provided insight into the different biological pro-
cesses at work in ischaemic tissue in the early stages of the disease. The complex array
of competing processes in pathological tissue has underscored a need for analysis tools
for investigating these effects in the context of human imaging. The trends herein iden-
tified at the tissue level support the use of quantitative CEST MRI analysis as a clinical

metabolic imaging tool in the investigation of acute ischaemic stroke.
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Appendix A

Examples of SE-EPI CEST volumes

used in this thesis
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Figure A.1: Example of a patient EPI CEST volume obtained using the EDS scheme,
where saturation frequencies are uniformly distributed between +4.5 ppm (used for
patients 1-4). Shown is that of patient 1 after motion correction and brain extraction.
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Figure A.2: Example of a patient EPI CEST volume obtained using the semi-OSS scheme
(used for patients 5-12). Shown is that of patient 12 after motion correction and brain
extraction. There is a higher density of sampling points near the amide resonance fre-
quency, and the offsets at 3.4, 3.5, and 3.6 ppm have been acquired twice in order to
increase the SNR at these points during post-processing.
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Figure A.3: Example of an animal EPI CEST volume (animal 1, slice 5 of 10) after the brain has been masked in. There is a visibly
sharper transition across water resonance compared to a patient CEST dataset, owing to the higher field used in the animal study.
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Figure B.1: Results of 3-pool BM model fitting and palLDA of patient
data, shown for a single voxel (red square) from patient 1. The 3-pool
BM model (red trace) comprised a water pool (0 ppm), an APT pool
(3.5 ppm), and an asymmetric semisolid effects pool (—2.41 ppm). The
2-pool BMM (green trace), which comprised a water pool and a semisolid
effects pool, was only fitted to data points within £0.9 ppm and beyond
£30 ppm. The LDA spectrum (black dotted trace) was then obtained by
subtracting the acquired CEST data from the 2-pool fit.
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Figure B.2: Model fitting results from 3-pool and 4-
pool BM model fitting of patient data, shown for a sin-
gle voxel (red square) from patient 1. The 3-pool BM
model (red trace) comprised a water pool (0 ppm), an APT
pool (3.5 ppm), and an asymmetric semisolid effects pool
(—2.41 ppm). The 4-pool BMM (blue trace) comprised
a water pool (0 ppm), an APT pool (3.5 ppm), a sym-
metric semisolid effects pool (0 ppm), and an NOE pool
(—3.5 ppm).
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Figure B.4: Results from 3-pool BM model fitting and LDA of pH phantoms. (a) Whole z-spectrum shown for a single voxel from the
pH 6.3 phantom. The 3-pool model (red trace) comprised a water pool, an amine pool (2.8 ppm), and an NOE pool (—3.5 ppm). The
1-pool BMM was fitted to data points within =1 ppm in order to extract a water line shape from which the data were then subtracted
(dotted black trace). (b) Lorentzian difference spectra averaged over each pH phantom.
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