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Abstract

Quantitative MRI has promise to provide precise measures for assessing neu-
rological disorders such as amyotrophic lateral sclerosis (ALS). While MRI is
very sensitive to pathological changes in tissue, it lacks the specificity needed for
biological interpretability. One way to address this is to compare MRI to more
direct measurements, such as histopathology. In this thesis, I present methods
that enable direct comparison of quantitative T2 imaging to histopathology in
the same post-mortem tissue samples, with the aim of better understanding
alterations to T2 in ALS. This requires that we address several challenges to
acquiring T2 maps in post-mortem brains, particularly in the context of our
study at 7 tesla. First, 7T" MRI exhibits considerable spatial inhomogeneity of
the B1 field, leading to non-exponential signal evolution. To more accurately
model the signal, we utilize the extended phase graph (EPG) model and derive
voxel-wise maps of B1, T2 and SO simultaneously. We show that EPG fitting
provides improved T2 mapping under inhomogeneous B1 field. A second issue
for quantitative T2 mapping in post-mortem brains is the influence of formalin
fixation, which can dramatically reduce the T2 value in proportion with the
formalin concentration distribution. We propose a kinetic tensor (KT) model to
simulate 4D formalin flux under Fick’s diffusion law. Based on the KT prediction
of formalin concentration, we propose a simple linear correction of quantitative
T2 maps. Combining EPG fitting with the KT correction, we demonstrate that
quantitative T2 map values in motor cortex can distinguish ALS brains from the
control group, and that quantitative T2 value is significantly correlated to the
tissue ferritin content. This work provides evidence that quantitative T2 mapping
may provide a non-invasive marker of cortical iron deposition in ALS.
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Abstract

Quantitative MRI has promise to provide precise measures for assessing neurological
disorders such as amyotrophic lateral sclerosis (ALS). While MRI is very sensitive
to pathological changes in tissue, it lacks the specificity needed for biological
interpretability. One way to address this is to compare MRI to more direct
measurements, such as histopathology. In this thesis, I present methods that
enable direct comparison of quantitative T2 imaging to histopathology in the same
post-mortem tissue samples, with the aim of better understanding alterations to
T2 in ALS. This requires that we address several challenges to acquiring T2 maps
in post-mortem brains, particularly in the context of our study at 7 tesla. First,
7T MRI exhibits considerable spatial inhomogeneity of the Bl field, leading to
non-exponential signal evolution. To more accurately model the signal, we utilize
the extended phase graph (EPG) model and derive voxel-wise maps of B1, T2
and SO simultaneously. We show that EPG fitting provides improved T2 mapping
under inhomogeneous B1 field. A second issue for quantitative T2 mapping in
post-mortem brains is the influence of formalin fixation, which can dramatically
reduce the T2 value in proportion with the formalin concentration distribution. We
propose a kinetic tensor (KT) model to simulate 4D formalin flux under Fick’s
diffusion law. Based on the KT prediction of formalin concentration, we propose
a simple linear correction of quantitative T2 maps. Combining EPG fitting with
the KT correction, we demonstrate that quantitative T2 map values in motor
cortex can distinguish ALS brains from the control group, and that quantitative T2
value is significantly correlated to the tissue ferritin content. This work provides
evidence that quantitative T2 mapping may provide a non-invasive marker of
cortical iron deposition in ALS.
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Chapter 1

Introduction
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This DPhil thesis presents methods for quantitative T2 mapping in whole, post-mortem human
brain, with application to amyotrophic lateral sclerosis (ALS). Magnetic resonance (MR)
relaxometry is a non-invasive measurement that reflects tissue pathology and which ideally can
be directly compared across subjects and scanners. Relaxometry is becoming widely used in
clinics as a standard tool to study in-vivo diseases, but which requires validation in the same
post-mortem tissue as is subjected to gold-standard histopathology. This Chapter describes the

motivation of the research and an outline of the thesis.

1.1 Motivation

Most MR imaging (MRI) modalities suffer from one common problem: measurements are
usually qualitative rather than quantitative, with measured values varying according to scanner
hardware and acquisition parameters (Ooi et al., 1999). This weakness precludes direct
comparison across subjects and even within the same subject. Quantitative MRI modalities aim
to enable scans to be compared in a robust and reliable manner. Transverse relaxation time, T2,

is one of the quantitative measures that can be obtained from MRI and is the primary focus of



this thesis. While T2 is known to be altered in pathology, it is a property of the MR signal
rather than a biological property of direct interest. For this reason, it is important to be able to
compare T2 to more biologically interpretable measurements, such as histopathological stains.
In general, this is ideally done in the same post-mortem tissue that is then subjected to
histopathology. However, MRI of post-mortem tissue is not a trivial extension of in-vivo
imaging, and often requires bespoke MRI methods, including both acquisition and signal

processing.

1.2 Research Summary

In the following chapters, we address several key issues in quantitative T2 measurement of
post-mortem brains. The resulting correction methods provide ‘clean’ quantitative T2 maps
that distinguish ALS brains from the control group, which are then correlated to histopathology

in the same tissue, suggesting iron deposition as a driver of these signal changes.

The first obstacle impeding the accurate measurements of quantitative T2, particularly at ultra-
high magnetic field: inhomogeneity in the transmit field (B1) (Ugurbil ef al., 1988). The B1
field is used to generate radio frequency (RF) pulses to manipulate nuclei’s spins during T2
measurement. The inhomogeneous B1 strength across the brain causes the signal to deviate
from the expected behavior, confounding quantification. This is particularly a problem for the
acquisitions conducted at ultra-high fields, such as the 7T data analysed in this thesis (Ibrahim
et al., 2001). We utilize a T2 quantification method based on an extended phase graph (EPG)
representation of the signal (Weigel et al., 2015). EPG is a multivariate model that takes B1
and T2 as input variables and produces serial echo signals accordingly. Instead of supposing
B1 is spatially homogeneous, we treat B1 as a voxel-wise variable across the whole brain, in a

two-stage fitting process that also enforces smoothness of the B1 map.



The second obstacle impeding quantitative T2 in post-mortem brains: the effect of formalin
fixation (Shepherd et al., 2009). In most post-mortem brain studies, it is necessary to fix the
brain tissue before histological staining in order to preserve the tissue state as well as possible.
However, the fixative solution is usually made up of formaldehyde molecules, which are
known to dramatically decrease the tissue T2 measurement (Shepherd et al., 2009). It has
previously been demonstrated that the process of “immersion fixation” used in human brains,
in which fixative passively enters the brain through diffusion, can be simulated through basic
diffusion physics. Since our brain samples were scanned with diffusion tensor imaging (DTI)
(Behrens et al, 2003) protocols, we propose a diffusion tensor model to simulate the
formaldehyde molecules’ distribution and correct their influence on T2 accordingly. We
demonstrate that the use of the full diffusion tensor (which we term the ‘kinetic tensor’ model)
provides a better characterization of the patterns of T2 across the brain than previously
proposed models (the ‘kinetic isotropy’ model) (Dawe et al., 2009), as indicated by the overall
homogeneity of the T2 maps. To our knowledge, this is the first attempt to correct for fixation

in T2 maps, whereas previous studies aimed to simply characterize the effect of fixation.

Using the quantitative T2 measures of the motor cortex, we are able to differentiate the ALS
brains from the control group. In addition, we compare these T2 quantifications with iron
(ferritin) and myelin (PLP) staining in the same tissue, demonstrating that in ALS, alterations
in T2 in the motor cortex appear to predominantly relate to changes in iron, with little evidence
for changes to myelin. These results suggest that quantitative T2 may provide a biologically

meaningful marker of tissue changes in ALS-related pathology.



1.3 Thesis Outline

This thesis is structured as follows:

Chapter 2 provides a brief introduction of MRI physics, including image formation principles,
pulse sequences, and post-processing algorithms. We also outline specific methods relevant to
this thesis, including MR relaxometry and diffusion-weighted MRI, and the state-of-the-art in

imaging of ALS.

In Chapter 3, we present the EPG model as a solution to B1 inhomogeneity confounds in T2
mapping. We demonstrate the advantage of the EPG fitting method as compared with the
conventional exponential decay model in the presence of the inhomogeneous Bl field.
However, we demonstrate that the EPG-fitted T2 quantifications are insufficient to identify

differences between ALS and control brains.

In Chapter 4, we overview existing models for simulating the dynamics of the fixation process
and then introduce our kinetic tensor model that leverages diffusion tensor measurements to
better calculate formalin distribution. We present a novel T2 correction based on the calculated
formalin distribution. We evaluate multiple corrections based on these models in terms of

corrected homogeneity within both white and grey matter regions.

In Chapter 5, we present a study of quantitative T2 in ALS. We demonstrate how quantitative
T2 maps produced by the EPG-fitting and kinetic models from Chapters 3 and 4 improve the
discrimination of ALS from controls in ALS-related cortical regions. We also correlate the
derived T2 quantifications against iron (ferritin) and myelin (phospholipid protein) stains in

the same brains, which suggest that iron is the primary driver of the observed signal differences.

In Chapter 6, we summarize the research work in this thesis and discuss possible future research

directions.
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2.1 MRI Physics

This thesis considers magnetic resonance imaging (MRI) techniques that target the hydrogen

nucleus, "H. In this first section, I outline the source and behavior of this MRI signal.

2.1.1 MRI signal

The hydrogen nuclei (protons) are charged particles with ‘spin’ and the magnetic moment u
serves as the signal source of MRI. These spinning protons can be regarded as tiny magnets
(Fig. 2.1.A). When there is no magnetic field applied, these spins are randomly oriented with
no net magnetic moment observed (Fig 2.1.B). However, in the presence of magnetic field By,
these spins have a natural tendency to align toward the external field direction (Fig 2.1.C), and
thus, a net magnetic moment could be measured in terms of magnetization M. The above-
mentioned process where protons align, in an external magnetic field, to create magnetization

is called polarization.

(A) (B) (©)
N 9 >

D PN st
S BO

No Field With Field

Figure 2.1: The polarization process. (A) The spinning hydrogen nucleus could be treated as
‘tiny magnets’. (B) Spins randomly orient when there is no external magnetic field applied. (C)
Spins tend to align with the external field to create net magnetization.



The polarised magnetization oscillates around the magnetic field By with a characteristic

frequency (also called Larmor frequency) wy following a linear relationship as,

wo = YBy 2.1

where 7 is the gyromagnetic ratio, a constant whose value depends on the type of nuclei. For

hydrogen nucleus, y = 42.58x10°® Hz/T; while for Carbon-13 (**C), y = 10.71x10° Hz/T.

If external electromagnetic field B; (Radio Frequency, RF) oscillates at the Larmor frequency,
it could tip sample magnetization away from By, i.e. the process of excitation. After that, under
the torque given by the external field, the magnetization will rotate around the By in Larmor
frequency in terms of magnetization precession, which induces a current in receiver coils as

the detected MRI signal.

2.1.2 Longitudinal relaxation time, T1

Longitudinal relaxation (also called spin-lattice relaxation) is the mechanism by which
magnetization along the main magnetic field Byreaches thermodynamic equilibrium under the
condition of vibrational and rotational magnetic field given by environmental ‘lattice’
(Markley et al., 1971; Lu et al., 2004). In general, after application of a 90° RF pulse at t=0,
we describe the relaxation process by a time constant T1 (namely, the longitudinal relaxation

time) as,

M, (t) = My eq(1 —e~/™) 2.2)

where M, ., is the longitudinal magnetization in the equilibrium state.

T1 is a decay constant, that defines the time needed by magnetization to recover to 63% of its
equilibrium value. Different tissue has different T1 value. For example, in our 7 tesla study,
human cerebrospinal fluid has the longest T1 value of approximately 4000 ms, white matter

and grey matter have T1 values of 2000 ms and 1200 ms, respectively (Franconi et al., 2000;



Spijkerman et al., 2018, and http://www.mritoolbox.com/ParameterDatabase.html). This also

allows us to use T1 as a quantitative measure to differentiate pathological tissue from the
normal tissue, and also provides a way to adjust scanning parameters to enhance pathology

contrast by different MRI modalities.

T1 (ms) T2 (ms)
Cerebrospinal Fluid 4000 900
Grey Matter 2000 60
White Matter 1200 45

Table 2.1: Relaxation time (T1 and T2) at 7 tesla. Data comes from (Franconi et al., 2000;
Spijkerman et al., 2018) and (http://www.mritoolbox.com/ParameterDatabase.html).

2.1.3 Transverse relaxation time, T2

n2 Uiz 18

*

o l-l]J_
b1 &

spin2 spinl

Figure 2.2: The magnetic moment from one spin, g;, generates a rotating magnetic field that is
experienced by a second spin, .

The main magnetic field Byestablishes the coordinate system by defining the longitudinal axis,

denoted z, and the transverse plane, conventionally indicated as x-y or * L ’. So, the magnetic

moment from a spin g; can be decomposed into longitudinal and transverse components (g;;,

and ;). py, rotates around By, at resonant frequency wy in the transverse plane (Fig. 2.2).



Such rotating u;, generates a magnetic field b; in the nearby space, which can alter the

precession rate of a neighboring spin, g2 This spin-spin interaction causes spins to lose phase
coherence (dephasing), and reduces the net transverse magnetization M |, as,
M, = Me™"/T2 (2.3)

Where M, is the longitudinal magnetization in the fully relaxed (equilibrium) state.

We define this process as transverse relaxation (also called spin-spin relaxation) (Goldman et
al., 1966; Bloembergen et al., 1961) and characterize it with a time constant T2, which
indicates a time duration that the transverse magnetization could fall to roughly 37% of its
original value. The T2 value is considerably shorter than T1. In our 7 tesla study, the in-vivo
grey and white matter have T2 values of 60 ms and 45 ms, respectively, while the cerebrospinal
fluid has the longest T2 of 900 ms. Note that, our post-mortem study does not have the

cerebrospinal fluid. The detailed information of the T2 value can be referred to Table 2.1.

2.1.4 Bloch description

This classical description of the NMR phenomenon was introduced by Bloch in terms of the
net magnetization vector (Bloch, 1946). In an external magnetic field B, the magnetization M
is subject to a torque force L =M x B that rotates the magnetization vector according to nutation

equation:

dM
dit) = yM(t)x(Bo + B4 (1)) (2.4)

If B; is added and rotates at the resonant frequency wj, M would precess around By away from

its equilibrium state, and the transverse component M, would come into being. After
application of B;, M would recover to its equilibrium state M.—M, and M ,—0 according to

longitudinal and transverse relaxation mechanisms (Eq. 2.5) in differential equation form,

10



dt I (2.5)
dM, M,
a T,

In the Bloch description, the magnetization vector M is governed by (1) the torque given by

the external magnetic field B and (2) the relaxation mechanisms:

dM Myi+Myj M,—M
o yMx(By+By) — e~ o
Ty T

2.6
o k (2.6)

where i, j, and k are the unit vectors along X, y, and z. If we adopt a frame of reference that is
also rotating at the resonance frequency w, (where x’, y’, and z’ indicate the axes in rotating

coordinates), the Bloch equation can be simplified as:

aM Mxli + Mylj le - MO (27)
— = YMXB, — — k
ac MR T, T,

Equation 2.7 provides a fundamental description of the magnetic resonance signal.

2.2 Image Formation

Localization of magnetization to form an image utilizes the third type of magnetic field, the
gradient field G. Gradients vary linearly overs space so that the total magnetic field at one end
of the magnet is high, while the other end is low (Fig. 2.3). This position-encoded magnetic

gradient field G provides us a way to modulate the voxel resonant frequency as,

® =y (Bo +AB) (2.8)

AB=G-r (2.9)

11
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Figure 2.3: The use of a magnetic gradient field G causes the resonance frequency to vary
across space (indicated by different colors). The gradient field enables us to encode tissue
location information. For example, a single frequency RF pulse could selectively excite only
one imaging slice indicated by the dashed line, which is the basis for most modern 2D MR
imaging.

One example is shown in Fig. 2.3, where the gradient field G' modulates the resonant frequency
of tissue voxels according to their location r, so that only voxels within the isochromatic plane
defined by resonance frequency @ = y(By + G - 1) could be excited by a single frequency RF
pulse at frequency w, while magnetization at other locations have a different resonance
frequency and are not excited. In reality, instead of exciting an infinitely thin plane of voxels
by single RF frequency, we use an RF pulse consisting of a band of frequencies to excite a
thicker plane. To create a 3D volume, a series of imaging slices could be excited sequentially
by temporally changing the excitation frequency corresponding to each desired isochromatic
plane, which is called, 2D multi-slice imaging. Indeed, many MRI scans are acquired in this

way, such as functional MRI (fMRI) (Barry et al., 2012; Todd et al., 2016) and diffusion

12



weighted MRI (dwMRI) (Chen et al., 2013; Chilla et al., 2015; Seehaus et al., 2012). Having
excited a selected slice, we now need to localize the received signal within the plane to form

an image.

signal

time

Figure 2.4: Imaging with Fourier transformation. For the 1D case, green and red objects (water
tubes) have different resonant frequency encoded by the external gradient field. 1D FT could
transform measured signals into a position-encoded spectrum. The total signal received by an
RF coil is indicated by the black curve.

For in-plane spatial encoding, we use additional gradient fields that are orthogonal to the slice
selection gradient. These gradients encode in-plane voxel location by modulating its precession
frequency during signal acquisition (Eq. 2.8-2.9). The receiver coil hears the signal from all
voxels simultaneously, and then, the Fourier Transformation (FT) could differentiate signals
from different locations encoded by different frequencies. Fig. 2.4 illustrates the signal
localization process with 1D-FT: (1) In the presence of gradient field, the red and green circles
generate MRI signal with different frequencies depending on their locations. (2) The 1D
Fourier transformation could derive the 1D spectrum from the measured total signal (indicated
by the black curve). (3) In the spectrum shown in Fig. 2.4, the position is encoded by the

spectrum frequency, and the hydrogen density is presented by the spectrum strength. In sum,

the gradient field enables us to encode voxels position, and the FT allows us to determine the

13



signal intensity at each specific position. Based on this concept, in the later part, we will discuss

how to manipulate the gradient to form 2D and even 3D MRI images.

(A)

k-space 1mage-space

Figure 2.5: 2D Fourier transformation. (A) The 2D spatial frequency is denoted in the form of
(k«, ky). Here, we illustrate three spatial patterns with corresponding representations in the
spectrum. The 2D spectrum (k-space) presents the contribution of each spatial frequency. (B)
2D images can be decomposed into the spatial frequency spectrum. Inversely, the image could
be formed as a weighted sum of these spatial patterns via the 2D Fourier transformation.
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Image formation is based on measurement of individual spatial frequencies (Fig. 2.5), which
are used to build up a representation of the image. We denote a given 2D spatial frequency
using two parameters, k. and k,, that indicate how many cycles exist across a given spatial
extent along the x and y directions respectively. We can consider these parameters as
coordinates (kx, k) in a two-dimensional space, called k-space. We construct the image based
on measurements that cover k-space. Like temporal waves, the phase component of structural

spatial waves also plays a key role in multi-dimensional position encoding.

After exciting, the magnetization is coherent across space (has the same phase in the transverse
plane). At this point, the introduction of gradient G causes the magnetization to precess
according to its local field By + G -r. The spatial linearity of the gradient field means that this
precession accumulates to form spatial frequencies along the direction of the gradient G. At
any given moment in time, the magnetization reflects a single spatial frequency, and the
measured signal represents the contribution of this spatial frequency to the object being imaged.
Modern gradient field techniques allow us to modulate G' direction and magnitude, and acquire
the k-space signal by point by point sampling. Finally, the image could be formed as a weighted

sum of these spatial frequencies via the 2D Fourier transformation (Fig. 2.5).

So we need to sample finite signals in k-space, normally arranged in a grid, then FT could be
used to reconstruct the images. There are two key acquisition parameters: the sampling interval
Ak, and the highest sampling range ky"**. The sampling frequency or interval Ak, determines
the field of view (FOV) of the final reconstructed image, and under-sampled k-space data
(usually in phase encoding direction) could cause the aliasing effect. On the other hand, the
highest sampling range k™" indicates how much high-frequency spatial component is

involved, which determines the resolution of the reconstructed image.
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Acq

_____

Figure 2.6: 2DFT (spin-warp or raster scan) acquisition and its k-space trajectories. G, is the
read-out gradient, while G, is the phase gradient whose encoding direction is perpendicular to
that of G,. The application of the two gradients enables the k-space data acquisition. Note, data
is acquired only when the read-out gradient is on. Courtesy of Karla Miller adapted from the
FMRIB physics course.

In general, the MRI acquisition is a k-space filling problem, where we manipulate gradient
fields to control the path or trajectories through the whole k-space. The commonly used 2D k-
space data collection methods include spin-warp, echo-planar imaging (EPI), spiral, and radial

acquisition approaches.

Nobel Laureate Paul Lauterbur was the first to use magnetic gradients to encode spatial

information in vivo, giving rise to modern MR imaging techniques (Lauterbur, 1973).

. . . . . 0B, 0B
Lauterbur’s experiment was conducted in 2D, superimposing a gradient field G = [61;‘ , a—;’ =

[Gx, Gy ] on By. The gradient fields are varied on the timescale of milliseconds to obtain a

desired waveform, under the constraints of the gradient hardware (dictating some maximum
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achievable gradient strength and rate of field change over time). The k-space location can be
calculated as,

t

k(D) =y fo G, (2)dr (2.10)

t

k() =y fo 6, (D)dr @11

Traditionally, we define G, as frequency encoding gradient to shift frequency along x axis, and
G, as phase encode gradient to shift phase along y axis. Figure 2.6 illustrates how the k-space
data is acquired. After application of one or multiple excitations (magnetization are tipped to
the transverse plane), a strong negative G, followed by a positive gradient G, is applied, which

"), and then to move

enables us to first offset the pulse trajectory to the left most end (-k;
toward the right end £,"“". On the other hand, G, is turned on and off with varying strength
from one excitation to the next, which enables us to achieve a series of parallel acquisition
lines. In practice, only during the parallel line scanning (we call it acquisition time), do we

acquire the k-space data for processing. Finally, the corresponding image could be derived by

inverse 2DFT as,
+ 00
p(r) = ﬂ S(k)e-2mkT g2 g (2.12)

Where S(k) is the acquired 2D k-space data, and p(r) is the reconstructed image.
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2.3 Pulse Sequences

2.3.1 Basic Pulse Sequence

RF TT

Excite Acquire Repeat
ACQ
< >
TE
< >

TR

Figure 2.7: Basic MRI pulse sequence. The transmitting RF pulse excites magnetization into
the transverse plane. Receive coil acquire MR signal at echo time TE. After repetition time TR,
the whole process loop back again.

The diagram in Fig. 2.7 provides a very simple pulse sequence illustrating how the MR signal
is acquired. The transmit RF pulse excites part of the magnetization from z-direction (along
the main magnetic field By) to the x-y plane, where the signal can be detected. After that, the
magnetization simultaneously experiences two relaxation processes i.e. longitudinal and
transverse relaxation characterized by time constants T1 and T2. Considering the
inhomogeneity of the magnetic field, the dephasing speed of transverse magnetization is
usually much faster than T2 decay, which is usually characterized by the time constant T2*.
The receive RF coil acquires MR signal in an acquisition window that is typically centred
around the “echo time” (TE, the time between excitation and readout, specifically defined as
the time of k-space centre) which is a user controllable parameter to govern the signal

magnitude. Another important parameter is repetition time (TR, the time between repeated
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excitations) which determines the recovery of longitudinal magnetization toward z-direction

before the next excitation.

2.3.2 Measuring relaxation times

(A) aco
” AR —

Gy AAAMAAAAAAAAAAAAAAAAAAAAAAAAAA

o«
k-space

/\ centre

(B)

(©)

Figure 2.8: GRE pulse sequence with EPI acquisition. (A) The acquisition, gradient and RF
pulse temporal profile of the 2D GRE EPI sequence. (B) The signal evolution of the 2D
GRE_EPI sequence. (C) the k-space trajectory of the 2D GRE_EPI sequence.
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The main topic of this thesis is the measurement of T2 relaxation in the post-mortem brain. In

this section, I will first overview the main methods employed for relaxometry.
2.3.2.1 Gradient echo sequence

To measure the transverse relaxation in the post-mortem brain, the simplest method is of using
the 2D Gradient Echo (GRE) pulse sequence as illustrated in Fig. 2.8. First, we introduce some
MR concepts for the pulse sequence diagram: (1) three gradients [G,, G, G,] encode frequency,
phase, and slice, separately; (2) the RF pulse excites the magnetization; (3) ACQ represents
the signal data acquisition for the k-space graph. In the 2D GRE sequence of Figure 2.8, we
first excite the magnetization in the desired slice by applying the corresponding G, gradient
and a 90° RF pulse. The MR signal attributed from the excited spins begins to decay due to its
magnetic field perturbation induced by its neighbors and by the inhomogeneous magnetic field
(T2* decay) etc. During the decay process, we use a fast data acquisition technique called EPI
to collect all of the k-space for the excited slice. This EPI technique is first introduced by Sir.
Peter Mansfield in 1977, which could obtain individual MR slice within 100 msec. For the
GRE sequence with EPI acquisition shown in Fig. 2.8, the frequency encoding gradient G,
moves the scanning point left and right across the horizontal scanning lines, while the phase
encoding gradient G,, provides ‘blipped’ phase increments to shift the parallel scanning lines
in the k-space. After filling the k-space graph (Fig.2.8.C), the corresponding 2D image of the
desired slice could be reconstructed by 2D Fourier Transformation of Eq.2.12. Note that this
reconstructed intensity image is the relaxation weighted image denoted by echo time TE. So
after acquiring the k-space data and reconstructing the corresponding images, we can calculate

the T2* map for the slice with Eq. 2.13

Mrg, = Moe TE/T% (2.13)
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where TE;is a series of echo time (the centre of scanning lines in k-space).

2.3.2.2 Spin Echo (SE)

HHHTHOATETTTTRATT T
ACQ T O MM
o SR
Gy AMAAAAAAAAAAAAAAAAAAAAAAAAAAA

[
Gz V v

k-space
centre

T2 decay

T2* decay

; ; >
0 TE/2 TE t

Figure 2.9: Spin echo pulse with EPI acquisition. One 90° pulse excites the magnetization into
the transverse plane, followed by a transverse relaxation or dephasing process denoted by T2.
At time point TE/2, a 180° pulse refocuses the phase of all magnetization, so that the spin echo
could be measured at echo time TE. The red curve indicates the T2 decay in the perfect
homogeneous magnetic field, while the blue curve indicates the T2* decay in the imperfect
magnetic field.

To acquire an accurate T2 map that isn’t influenced by T2*-related field inhomogeneities, we
have to cancel out the influence of local field inhomogeneity. Instead of using a GRE sequence,
which is sensitive to T2*, we use the spin echo sequence to measure the T2 relaxation time.

Fig. 2.9 briefly demonstrates how the spin echo is formed. First, one 90° pulse is used to tip

the spins into the transverse plane. Because of the magnetic fields experienced by spins are
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different, the dephasing process could be observed in terms of T2 signal decay after excitation.
Then, one 180° pulse is applied to flip all magnetization in the transverse plane, so that the
accumulated spin phase order is inversed. After the flip at TE/2, the faster spins begin to chase
the slower spins and reach them at the echo time TE. The 180° pulse is commonly called the
refocusing pulse, because it can refocus the signal decay caused by the local inhomogeneous
magnetic field. In general, we can vary the refocusing time TE/2 and measure the signal
strength at a series of echo time TE;, and then the transverse relaxation time T2 can be derived
by the fitting.

Myg, = Mye TE/T? (2.14)

2.3.2.3 Fast Spin Echo (FSE)

Gx [\ / \ _/ \ _/ \ / \
Gy 0 0 [l I

6, O M MM M

b —

Signal il “ e # o

0 TE 2TE 3TE 4TE
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v

TR

Figure 2.10: Fast spin echo sequence diagram for quantitative T2 measurement. Note after each
echo a rewinding gradient (same magnitude but reverse direction) is applied to compensate for
the phase shift generated by the phase encode gradient. At time point n*TE, we measure the
decayed MR signals for each k-space line.
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For T2 imaging, people commonly used a fast spin echo sequence (Mugler ef al., 2003). This
sequence was first proposed by (Hennig et al., 1986) as a modification of the CPMG sequence,
but in each RF shot, multiple 180 RF pulses were used to excite echoes with different phase
encoding information (Fig. 2.10), and subsequently filled several k-space lines. This enables
the imaging to be accelerated by n. (the number echoes acquired after each excitation) times

as compared with the standard spin echo.

The number of echoes refocused in each shot is called the echo train length (ETL), which is
normally in the range of 2~16. The temporal gap between adjacent echoes is called echo
spacing (ESP). Images acquired with FSE do not have a well-defined echo time, since different
k-space lines are acquired at different TEs. A standard approximation is to define an effective
echo time (T.s) as corresponding to the echo at the center of k-space. This is because image
contrast is predominantly reflected by the signal at the center of k-space, which is by definition
the average signal over the reconstructed image. However, this is only an approximation and

the high spatial frequencies contain different T2 weighting.

The original spin-echo (Carr and Purcell, 1954) introduced this sequence (90,° - TE/2 - 1804-°-
TE - 1804° - TE - ...), which refocuses a train of echoes after each excitation. After the 90y-°
excitation, magnetization vectors are tipped to the y-axis and begin to dephase. Att=r1, a 180,°
refocusing pulse is applied that creates an echo at t = 2t1. Then, magnetization again dephases
until t = 31 when another 180° refocusing pulse is applied, creating an echo at t = 41. These
operations are repeated N times to acquire an echo train at Tg = 21, 41, 67 ... 2Nt. The measured

signal can in theory then be fit to a simple model,
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M,,

= Mye2""/T2 (2.15)

One key challenge with the use of FSE is that there is, in general, some imprecision to the 180°
refocusing pulse. For example, if this pulse instead achieves 170°, then the next 180° pulse will
cause magnetization to be oriented at 340° instead of 360° in the z’y’ plane. This deviation of
elevation angle of magnetization population will accumulate as subsequent 180-° are applied.
To address this issue, Meiboom and Gill modified the sequence to instead use (90x° - TE /2 —
180,-°- TE — 180,-° - TE - ...) (Meiboom and Gill, 1958), where the 180° pulse is applied to the
y’ axis, and thus imperfect 180° pulses do not accumulate elevation angle deviation (Song,

2002).

2.4 Diffusion weighted MR

Although diffusion-weighted MRI is not a primary focus of this thesis, we do utilize MRI-
based measurements of diffusion to build models of the in- and out-flux of fixative in post-
mortem tissue. In this section, we therefore overview the physics of diffusion and its

measurement using MRI.

2.4.1 Diffusion physics

To describe the diffusion phenomenon, we can use Fick’s laws:

J = —pve (2.16)

d
5%=—v7=v-wm9=DWc (2.17)

Where c is the molecule concentration, D is the diffusion coefficient, J is the molecule flow, V

is the gradient operator and V? is the Laplacian operator. Eq. 2.16 demonstrates molecule flow
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depends on concentration gradient and diffusion speed characterized by D. The negative sign
indicates that molecules flow run from high concentration to low. Eq. 2.17 is the continuity
law of molecule flow. If the initial condition is c(r, ) = &(r-ry), that is if we consider a group

of molecules at a given location, then we can solve Fick’s equation in time ¢, as follows:

3 —(r—m79)-(r—ryp)
) exp( 4Dt ) (2.18)

1
cr.t) = <\/4nDt

For water molecules in the absence of a diffusion gradient, this corresponds to random motion
due to thermal energy, and is termed self-diffusion. Considering a random walk of a large
number of molecules, the population displacement follows a Gaussian distribution, namely, an
isotropic motion with zero mean displacement. For a given molecule, its mean displacement

over a given time t depends on its diffusion coefficient D according to:

1D free diffusion: (x(t)?) = 2Dt
(2.19)
3D free diffusion: (r?>)=6Dt, r?=x*+y*+2°

Water molecules have diffusion coefficient D = 2.2*10” mm?/s. Over a diffusion time of
t=100ms, this implies that of 32% of water molecules displace by more than 25um, and 5%

displace by more than 40um.

Water molecules randomly walk inside the brain tissue, and their paths are restricted by various
tissue boundaries. Therefore, by measuring the diffusion signal of water probes, we could
derive some microstructural properties of brain tissue. As is shown in Fig. 2.11, we use a
diffusion tensor to approximate the diffusion displacement of water molecules as ellipsoid,
where eigenvectors e;, ez, and ez represent three axes of the diffusion ellipsoid, from which the
orientation of the brain tissue can be derived, while three scalar diffusivities of /5, [,, and /; are

used to represent the lengths of the three axes of the diffusion ellipsoid, which imply the size
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of the tissue. For example, the white matter fibre has an intrinsic orientation, and the molecules
diffuse more freely along tracts than the perpendicular direction, so the diffusion signal of
water molecules can serve as a marker to allow us to track the white matter directionality and

diffusivity.

A€

Figure 2.11: The diffusion ellipsoid. In the diffusion tensor, an ellipsoid is used to represent
the diffusion properties of sampled tissue. The eigenvectors e;, ez, and e3 represent the direction
of the investigated molecules, while the scalar values of /5, [, and /5 represent the diffusivity
strength.

In the diffusion tensor model, we consider three diffusion properties: (1) Apparent diffusion
coefficient (ADC), counts the mean diffusivity across all directions, so it can provide tissue
integrity information. (2) Fractional anisotropy (FA), measures how the diffusion ellipsoid is
elongated, so it can provide information about the white matter fibre tract. (3) Principal
diffusion direction (PDD), describes the most preferential direction along which the water
molecules tend to diffuse. Fig. 2.12 illustrates one brain example processed using the diffusion

tensor model. We can see the corticospinal fluid in ventricles has a relatively high ADC value
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because its diffusion is unrestricted by tissue boundaries. The FA reflects the variance of
diffusivity across different orientations within a tissue voxel, where the fibre bundle with strong
preferential orientations has high value, such as that of the corpus callosum (Fig. 2.12). The
fibre orientation where the greatest diffusion occurs, could be seen from the PDD vector map

of Fig. 2.12.C, which is commonly used for fiber tracking.

Figure 2.12: Diffusion tensor MRI. (A) The ADC map. The corticospinal fluid in ventricles is
high in ADC value. (B) is the FA map. White matter tracts such as corpus callosum and
corticospinal tract have relatively high FA values. (C) the PDD map, where red indicates left
and right orientation, green indicates anterior-posterior, and blue indicates top-down directions.

3.4.2 Measuring diffusion with MR

90 180

RF

Gradient

Figure 2.13. Diffusion measurement by a spin echo sequence. Two diffusion gradients are
placed on either side of the 180° RF pulse. The 180° RF pulse can inverse the dephasing effect
caused by the gradient field, while moving molecules will have reduced signal depending on
their diffusion properties. The time interval is A and gradient magnitude is G, width is 9.
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In this section, we overview how water diffusion can be measured with magnetic resonance.
These measurements will be used in Chapter 4 of the proposed kinetic tensor model to model
the concentration of fixative in brains when scanned for T2 measurements.

As described above, a water sample in a magnetic field gradient B, = By + G"r will experience
a resonance frequency @ = wy + yG'r. Assuming no displacement over a time interval ¢ during

which this gradient is on, the magnetization will accumulate phase:

)
9(8) = f VG - 1 dt (2.20)
0

To measure diffusion, we conduct a spin-echo experiment with two diffusion gradients added,
which we here assume without loss of generality to be the x axis (Fig. 2.11). If the spin is at

the location x4 during the first diffusion gradient, it would experience a phase shift:

1)
¢ = f YGxy dt = yGéx, (2.21)
0

For this spin echo sequence, the magnetization would then experience a 180° RF pulse, which
will negate the phase to become -¢;. If the magnetization at location x, during the second

diffusion gradient, it would experience another phase shift:
A+6S
P2 = f 1Gx, dt = 7Gx, (2.22)
A

So the net phase shift is:

Ap = @, — ;1 = yGE(x; — X1) (2.23)

If the water molecule is static (x; = Xx,), the diffusion gradients would not generate a net phase
shift. However, for diffusive water molecules, the net phase shift depends on its motion. Fig.
2.14 demonstrates the diffusion weighted signal under the spin-echo sequence of Fig. 2.13. The
signal loss mainly follows the exponential decay form with respect to diffusion b-value:

— -bD
5 = See (2.24)
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It reflects that the signal loss is caused by water molecules diffusion. The faster the water
molecules diffuse, the more signal loss is observed. The gradient field enables to us measure
diffusion by acquiring measurements at different b values and solving for D in Eq. 2.24. Note
that the higher the b-value, the greater the diffusion sensitivity. The b-value is primarily

governed by the gradient strength G and application duration 8.

A

_ Signal loss caused
S by diffusion
QN
>
S =Spe?db
>
0 b-value (s/mm?2)

Figure 2.14. The diffusion-weighted signals. The diffusion gradient causes the signal loss
which follows the exponential decay form depending on b-values. By measuring several
diffusion weighted signals, the diffusion coefficient D and undiffused signal Sy could be
derived.

To measure diffusion coefficient D, we simply take two measurements with diffusion gradients
(normally, set one diffusion gradient to zero). Then, we have:

S, = Spexp (=TE /T,)e 1P (2.25)

S, = Spexp (=TE/T,)e P2

by dividing the two signals, we have:

Sy
In(g, (2.26)

b, — b,

D =
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As we know, the diffusion induced signal attenuation is significant along the diffusion gradient,
we can estimate diffusion along with multiple directions by multiple diffusion experiments
with different directions of diffusion gradient. For example, if the white matter tract orients
along with diffusion gradient direction, then we could observe greater signal loss due to the
faster diffusion.

Now, we can write out the diffusion tensor in matrix form (Basser et al., 1994; Le Bihan, 2003)

as,
_ Dxx ny sz (2 27)
D =Dy, Dy, D,, '
sz Dyz D,,

The diffusion tensor represents the covariance of diffusion induced molecule displacements.

So the diffusion tensor matrix is symmetric.

The diffusion effect can also be considered in to Bloch equation (Torrey, 1956),

dM Myi+M,j M,—M =
O = yMx(By +By) ——— Y 20 1y (Dym) (2.28)
dt T, T,
By solving the Bloch Eq. 2.28, we obtain
(2.29)

S(TE) = S(0)exp (—TE/T,)exp (—~bg"Dg)

Where g is the unit vector of the diffusion gradient.

There are only six independent components in the diffusion tensor D, each measured based on
the attenuation of the signal S(0). Therefore, we need at least seven diffusion weighted
measurements (one with G4 = 0, and the other six non-collinear G,). Normally, to increase the
tensor imaging precision, 10-30 diffusion weighted imaging scans are conducted with
prescribed diffusion gradients (Assaf and Pasternak, 2008; Price et al., 2008; Davis et al., 2009;

Asato et al., 2010). In many experiments, images with diffusion weighting along far more
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orientations are collected, but in general this is when one aims to fit a more complicated

orientation model (beyond the diffusion tensor).

After calculating the diffusion tensor, we can calculate its three orthogonal eigenvectors g; and

eigenvalues 4; (all are positive, i =1, 2, 3) by

5ei = Aiei, i=123 (230)
B L 0 0

DE=EA A=|0 2, 0] 2.31)
0 0 4,

E is the eigenvector matrix indicating the direction of three orthogonal diffusion axes; A is the
diagonal eigenvalue matrix indicating corresponding diffusion intensities. Then we can define

a diffusion ellipsoid (at time 7,) as

(x—x0>2+<y—y0>2+<z—zo)2_1 (2.32)
4/ 2/11Td A/ ZAsz A/ 2137:(1

The mean diffusivity (MD) can be defined as,

AMA+A,+4 2.33
Mp =2 2 3 ( )
3
and fraction anisotropy (FA) as,
N N N (2.34)
FA = M=)+ —A3)°+ (A5 —4y)
20 + A5 + 23)

FA reflects the diffusion anisotropy of a given voxel, with the value ranging from 0 to 1.

MBD and FA reflect the microscopic properties of tissue diffusion, with MD summarizing how
far molecules move and FA summarizing the degree of anisotropy. Perfect isotropic diffusion
has a diffusion sphere (i.e. 1; = 4, = 43,and FA = 0), while voxels with FA value close to 1

would represent diffusion purely along a single direction.
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The orientation of diffusion is summarized by the principal diffusion direction (PDD), defined
as the direction of the eigenvector corresponding to the largest eigenvalue. This is the most
elongated direction of the tensor, or equivalently the direction with the strongest diffusivity.
One very useful application of PDD is fibre tractography, where the PDD is used as an
estimation of fibre orientation in each voxel and structural connections between different brain

regions are constructed by tracking the white matter fibre pathways.

2.5 MRI of amyotrophic lateral sclerosis

The work in this thesis focuses on a post-mortem MRI dataset obtained in post-mortem brains
of individuals diagnosed with the neurological disease amyotrophic lateral sclerosis (ALS).
Here, we provide a brief overview of ALS and the current literature on the use of quantitative

MRI to study ALS.

ALS is a progressive motor neuronal disease (Andersen and Al-Chalabi, 2011; Swinnen and
Robberecht, 2014) that still lacks effective markers for diagnosis and treatment assessment
(Turner et al., 2009; Stagg et al., 2013). The key feature of ALS is the loss of neurons in motor
sub-regions of the central nervous system. Pathologists can gain certain direct histological
evidence for ALS after patients’ death, however, the difficulty of straight assessment (namely,
tissue assessment) of the in-vivo brain pathologies circumvent much of the progress in ALS
research. Histological studies on density and physiological state of axon, cell, myelin,
microglia and even iron ion concentration are currently the reliable measures for disease
assessment. An important advance in our understanding of ALS is the discovery of
accumulation of phosphorylated TAR DNA-binding protein 43 (pTDP43) (Lagier-tourenne
and Cleveland, 2009; Wegorzewska et al., 2009; Wils et al., 2010), which is common to almost

all ALS sub-variants.
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The use of neuroimaging, and in particular MRI, provides a complementary window into the
disease as it progresses in-vivo (Turner et al., 2009). While early work focused on conventional
structural measures (Hecht ez al., 2002; Iwata, 2008), later studies have focused on techniques
like diffusion imaging (Ellis et al, 1999; Agosta et al, 2009, Iwata, 2008). In addition,
quantitative multimodal MRI measures could reveal physiological characteristics that could
directly link to ALS pathologies (Hardiman et al., 2011; Grossman, 2019). However, the
observation of signal changes in MRI has only rarely been accompanied by histopathological

investigation of the source of these signal changes.

Post-mortem or ex-vivo MRI has several advantages: (1) validation of MRI by correlation with
histology; (2) higher quality neuroimaging data to investigate pathological phenotypes using
long scan duration; (3) explicitly bridging the gap between in-vivo MRI and pathology in the
same patients. The data used in this project is part of a larger project in post-mortem imaging
of ALS that has acquired multiple MRI measures (morphology, diffusion, relaxography, and
susceptibility-based contrast) and aims to relate these to a broad range of histopathological
features (neurodegeneration, proteinopathy, myelin, iron, inflammation, etc.). This thesis
focuses on how to make an accurate quantitative measure of transverse relaxometry time T2 in
post-mortem brains, and whether quantitative T2 could provide valuable indicators related to

ferritin fraction and finally differentiation ALS from the controls.

In our ALS project, there are thirteen ALS (Age = 64 + 13 years) and three age-matched control

brains (Age = 65 £ 7.5 years) were recruited for this study (Table 2.2). These datasets are used

throughout this thesis and form the basis of our analyses in Chapters 3-5.
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ID Age Sex Post Mortem Scan Interval Fixative Site of Onset

Interval (days) (days)
MND12 60 F 4 173 10%Formalin N/A
MNDI13 77 F 3 114 10%Formalin | Right upper limb
MND14 27 M N/A 228 20%NBF N/A
MNDI5 66 M 7 137 10%Formalin | Right lower limb
MND16 65 M 4 94 10%Formalin Right upper limb
MND17 76 M 3 158 10%Formalin | Right upper limb
MNDI18 68 M 1 35 10%NBF Left lower limb
MND19 54 M N/A 77 N/A N/A
MND20 65 M N/A 96 10%Formalin N/A
MND21 68 M 2 87 10%NBF N/A
MND22 64 M 2 283 10%Formalin N/A
MND23 71 M 3 N/A 10%NBF N/A
MND24 79 F 2 N/A 10%NBF Bulbar
ALS 64(13) - 3.1(1.7) 134(72) - -
Mean(SD)
CTL10 61 M 3 115 10%NBF N/A
CTL11 74 M 3 45 10%NBF N/A
CTL12 61 M 3 48 10%NBF N/A
CTL 65(7.5) - 3(0) 69(40) - -
Mean(SD)

Table 2.2: Details of the postmortem brains used within this study. Here, SD is the Standard
deviation, CTL represents the control group, while MND represents the ALS group (where
MND stands for motor neuron disease); N/A indicates that data is unavailable; M is for male
and F is for female; NBF represents neutral buffered formalin.
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In this chapter, I will describe a method to derive quantitative T2 maps in whole, fixed,
postmortem human brain samples using an extended phase graph (EPG) framework from data
obtained with a multi-echo FSE sequence. The EPG model to describe signal evolution was
adopted due to the observation that T2 maps generated via a traditional mono-exponential
signal model in our data led to artefacts in the form of hyper-intense T2 values as we approach
the boundary of the brain. The signal evolution, due to a combination of the FSE sequence and
B1 inhomogeneity at 7T, cannot be adequately modeled with a mono-exponential model. EPG,
a model more suited to match the signal evolution observed within regions of low B1 was used
to derive quantitative T2 maps, in addition to SO and B1 maps within each postmortem brain
sample. Here, I will talk about the physics, mathematical formulation and implementation of

EPG.

When implementing the EPG model to the acquired postmortem data, we found that the
resulting B1 map derived from the EPG fit contained artefacts that are not consistent with the
expected smoothness of the B1 field. To account for this, a two-step algorithm was introduced,
where the first step ensures that the calculated B1 map is smooth, whilst the second step
computes the quantitative T2 map based on the smoothed B1 field. In the peripheral areas
where both Bl and signal are low, regularization was introduced into the fitting process to

prevent hyper-intense T2 values.

Sixteen post mortem brains have been processed with this EPG framework to derive
quantitative T2 maps, which were compared with mono-exponential T2 maps. An initial
analysis of differences in the T2 maps derived with the EPG framework between amyotrophic
lateral sclerosis (ALS) and control (CTL) brains over the motor cortex was performed. Finally,

we identify the influence of formalin (both fixation type and concentration distribution) as a
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further confound to these T2 maps that ideally would be removed. This motivates us to develop

the kinetic tensor model study in the next chapter.

3.1 Background

3.1.1 Quantitative T2 mapping in the ALS project
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Figure 3.1: The quantitative T2 mapping study presented in this chapter forms part of a wider
project investigating ALS pathology in the human brain (Pallebage Gamarallage et al., 2018).
In this project, whole postmortem brain samples of patients who had been diagnosed with ALS
during their lifetime are examined with a combined multimodal MRI and histopathology
protocol. With this, the project aims to map the relationship between the quantitative MRI
measures and histology within the same tissue sample.

In Chapter 2, we have presented the importance of MRI as a potential biomarker for monitoring

disease progression and/or treatment response in ALS. Based on these perspectives, this work,
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as part of the ALS project (Fig. 3.1), focuses on how to make accurate quantitative
measurements of the transverse relaxometry time, T2, in post-mortem brains (Fabes et al., 2017;
Melhem, 2018), and whether this imaging approach could provide valuable indicators related
to ALS pathologies such as iron and myelin, and as an indirect marker of pTDP43 accumulation
(Foerster et al., 2013; Gamarallage et al., 2018). Cortical pathology in ALS is generally thought
to follow a known series of stages (typically four stages are defined), progressively appearing
in specific brain regions. Imaging is very well suited to this approach, by capturing all of these
brain regions in a single snapshot. By strategically taking samples from a broad range of brain
regions, we can compare postmortem MRI to histopathology in a way that captures different

disease stages and therefore captures how MRI signals reflect these different stages.

3.1.2 The FSE Sequence

To quantitatively measure T2 in the whole, post-mortem brain samples, we used a
commercially available FSE (Hennig and Nauerth, 1986) pulse sequence (displayed in Fig.
2.10), where a series of 180°-refocusing pulses are applied after a single 90°-pulse to generate
a train of echoes, as 90° — (180° — echo)prr. The role of the 180° pulses is to refocusing
dephased magnetization in the x-y plane to generate measurable echo signals (Bloch, 1946).
After scanning samples with the FSE sequence, a simple exponential decay model can, in

theory, be used for fitting the measured data and derive T2 values within each voxel.

Within our experimental data, we observed the phenomenon that at the edge of the tissue,
namely in the area of low B1, the T2 weighted intensities are not in shape of exponential decay,
but rather appear to initially rise before decaying in subsequent echoes (Fig. 3.3). However,

voxels close to the center of the brain do not initially appear to follow a similar signal evolution.
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Though the FSE and mono-exponential signal model are simple and powerful tools for T2
mapping, this fitting may not be accurate in the presence of Bl field inhomogeneity, i.e.
inhomogeneous field used to rotate magnetization into the transverse plane (Deene ef al., 2000).
This is particularly problematic at 7T, where this work is performed, where the Bl
radiofrequency wavelength is on the order of a postmortem brain. Fig. 3.2 demonstrates the
distribution of B1 intensity inhomogeneity in a sagittal view, which leads to an artefactual
increase in apparent T2 on the edge of the cerebellum in presence of low B1(Lebel et al., 2010;
McPhee et al., 2017; Milford et al., 2018). Here an inadequate transmit field strength at the
brain boundary could not provide sufficient rotation for the 90° and 180° pulses, resulting in
the error accumulation of individual nuclei orientation and measured signals (Ahola, 2006).
This leads to multiple signals forming pathways over the echo train (further details provided in
the EPG theory section), causing the estimation of implausibly high T2 values that do not
reflect the underlying anatomy of the tissue. Fig. 3.2 highlights (red box) such an area of low
B1 that leads to anomalously high T2 in the mono-exponential fit, which could prevent the
detection of pathology in these regions. In particular, the motor cortex, a region of substantial
pathological burden in ALS, lies at the boundary of the brain where B1 is very low. Therefore,
it is extremely important to use a more complete signal model that can provide accurate

quantitative T2 measurements.
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T2 map under inhomogeneous B1 field

Figure 3.2: B1 inhomogeneity and the resulting artefacts within quantitative T2 maps. Spatial
B1 inhomogeneity, particularly at ultra-high field, leads to diminished B1 strength in voxels
with increased distance from the centre of the brain. If B1 is accurately calibrated at the centre
of the brain, it will be under-calibrated at the edge and signal error will accumulate over the
echo train. This leads to B1-dependent T2 estimates that are biased towards higher values. We
simulated the effect within this figure as following: Assuming the brain on the left is the
original T2 map; then under an inhomogeneous B1 field, shown in the middle, we calculated
the signal evolution via the EPG forward signal model. A mono-exponential fit was then used
to compute the T2 map based on the EPG signal evolution as shown on the right; Comparing
the two T2 maps, we observe accurate T2 values in the centre of the brain, but hyper-intense
T2 values in regions of low B1 at the periphery.
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Figure 3.3: The abnormal signal evolution observed at the periphery of the brain. From the
data acquired with an FSE sequence close to the brain center (red arrow), the T2 weighted
decay signals follow an expected mono-exponential signal decay. However, at the edge of the
brain (green arrow), non-mono-exponential (and indeed non-monotonic) signal evolution is
observed.

In this chapter, we use a signal formalism perspective to improve the T2 fitting. We confirm
that observed signal evolution is induced due to B1 inhomogeneity, and show that it can be

addressed with EPG-based fitting.
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3.2 Method

3.2.1 EPG theory

EPG is an effective tool for depicting and understanding the evolution of magnetization

evolution under various MR sequences. It represents a spin system in terms of a magnetization

vector M = (My, My, M,)" which can be modified by matrix operations related to the

specifications of gradient fields, RF pulses, relaxation, off-resonance, flow, diffusion etc.

(Malik et al., 2012; Weigel, 2015). EPG theory provides a simple way to calculate what type

of echoes are formed and when, disentangling the complicated signal evolution that can

develop after a series of RF pulses and gradients.

First, the magnetization vector can be manipulated by RF pulses. Assuming equilibrium

magnetization along the z-axis, according to the Euler’s rotation theorem, any RF pulse of flip

angle o with azimuthal phase ¢ relative to x-axis could be described using the rotation matrix

composition R, (a)= Rz(¢)Rx(a)Rz(—¢)

1

Ry(a) = |0 cosa -—sina
0 sina cosa

[cosp
Rz(p) = [sing
0

0

—sing 0]
cosp O
0 11

(3.1)

(3.2)

Where Rx(a) represents a rotation by o about the x-axis and Rz(¢) represents a rotation by ¢

about the z-axis. The effect of an RF pulse can thus be simply represented by applying R, (ct)

to the state vector M.
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Figure 3.4: Magnetization vectors evolving under a gradient field that is applied along the
vertical direction over an extended time period. At time t=0, the magnetization is aligned,
immediately after excitation. Over time, the magnetization will develop a helical form with a
denser helix as time progresses. The number of helical wraps can be represented by a wave
vector k. The image comes from (Weigel, 2015).

Gradient fields can manipulate transverse magnetization components My and My by

introducing phase offsets. Most commonly, the EPG framework assumes that signal is being
calculated at a voxel-wise level, and that the primary effect of a gradient is to introduce

dephasing, although EPG can also be used to represent bulk phase offsets from gradients as

well. Fig. 3.4 illustrates an example of how G, dephases magnetization over time. The gradient

field labels the voxel at position r with an additional longitudinal magnetic field ABy= G-r. As
time goes by, the phase of the magnetization evolves according to its position r and forms a

helix shape that can be represented by a single wave vector k to indicate the spatial frequency
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of the magnetization distribution. Summation over the entire population gives the net signal
that can be measured over time in the presence of the applied gradient field.

We define the angular wave vector as,

t

k() =y f G(t)dt’ (3.3)

0

where G is the gradient field, t is the duration, and v is the gyromagnetic ratio. For a voxel at

position r, the x and y components of magnetization are expressed as,

M, (r) = Mcos(k - 1) (3.4)
M, (r) = Msin(k - ) (3.5)

Where M is the magnitude of the voxel’s magnetization.

To describe transverse magnetization in a simplified way, the spatially varying transverse

magnetization under gradients can be decomposed into dephasing My and rephasing M.

components, respectively. The transformation between [My My] and [M4, M_] are defined by
(Jaynes, 1955) as,
M, (r) = M, (r) + iM, () = Mei®® = Meikr = (M_)* 56

M_(r) = My(r) — iM,,(r) = Me~¢™ = Me~ikr = (M,)"

Note that a 180°-pulse around the x-axis can flip between My and M._. In the presence of the
same gradient, the dephased M will continue to dephase to a higher wave vector, whilst the

phase reversed M_ magnetization will rephase to a lower wave vector (and could refocus under

the gradient field if this causes it to reach k = 0).
Integrating all isochromats along the gradient’s direction represents the net magnetization.
Considering the integral over a volume V (Weigel, 2015) where various helices of different

spatial frequencies are present, leads to the relation,
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R0 = |

(Mx(r) + iMy(r))e-ikrd3r = f M, (r)e~rd3r
\%4 \%4

(3.7)
& M,(r) +iM,(r) = M, (r) = fﬁ+(k)e""rd3k
14
In Eq. 3.7, transverse magnetization integrates complex spatial harmonics (helices) with
different wave vectors k. M(r) and F (k) are a Fourier transformation pair, where F.(k) depicts
the amplitude and phase of each helix of wave vector k under the gradient field (Eq. 3.3).

Similar transformations could also be obtained for F.(k) and the longitudinal component Z(k)

in Egs. 3.8-3.9.
F (k) = f (Mx(r)—iMy(r))e-ikrd3r= f M_(r)e~krg3r
%4 74
(3.8)
o M, (r) —iM,(r) =M_(r) = fﬁ_(k)e”‘rd3k
74
Z(k) = fMZ(r)e‘”‘rd3r

v (3.9)

o M,(r) = fZ(k)e”"d3k
v

Note that M, is purely real and so in practice Z(-k)=2*(k).

We can conceive of F_, Fy and Z as representing different features of the magnetization

distribution. The F states represent transverse magnetization, with + and — indicating right- and
left-handed helices. The Z states represent longitudinal magnetization with a sinusoidal
modulation. As we will see, this representation enables us to independently manipulate and
track each of these states using relatively simple operations to nevertheless describe very

complicated distributions of magnetization.
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Moving from the conventional magnetization representation in x,y,z to the new configuration

state coordinate system requires a simple similarity transformation S matrix, defined as,

M, M, 1 +i O . 1 1 0 (3.10)
My m M_ , S=(1 —-i 0], s1 =3 —i +i O
M,/ M, 0 0 1 0 0 2
From this, the rotation matrix for an RF pulse can be written as T = SRS'I, leading to,
— a 3 a . —_
cos? = e?¥sin®?— —ie"¥sina
M, after M, before 2 o o 2 M, before
[M_] =T|M e 2% sin? > cos? > ie"sina [M_] G.11)
M, M, . i . M, '
— Ee““’sina Ee"f’sina cosa

The superscripts signify the notation of magnetization ‘before’ and ‘after’ the RF pulse was
applied. Eq. 3.11 is extremely important because it illustrates how RF pulse mixes three
components (dephasing transverse magnetization M, rephasing transverse magnetization M-
and longitudinal magnetization M;). Combining with Eq.3.7-3.9, we can describe how RF

pulses influence the configuration states as follows,

a

cos?— e29gsin? g —iel?sina]
~ k after 2 2 ~ (k) before
+( ) . a a . +
F -k =| e *¥sin®*~  cos*=  ie sina ||F (—k (3.12)
(=) > > (=)
Z(k) . i . Z(k)
—Ee_“psina Ee“psina cosa

Then the effect of RF pulses can be clearly interpreted as in Fig. 3.5. First, RF pulse can only
exchange magnetization among F.(k), F.(k), and Z(k) states with equal dephasing order k.
When k = 0, RF pulses can either excite longitudinal magnetization (corresponding to Z(0))
into the transverse plane to generate the F(0) component, or store the magnetization
components F(0) into the longitudinal state Z(0). For k # 0 cases, the RF pulse causes three
configuration states to mix in a manner governed by Eq. 3.12. We can see F.(k) and F_(k) can
be flipped to Z(k), or the Z(k) component can be transformed to the F.(k) state for echo

measurements, or to the Fi(k) state for future dephasing. In these cases, we are transferring
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magnetization from longitudinal to transverse, or vice versa, and the RF pulse is in effect
behaving like a 90° tip. Fig. 3.5 also demonstrates that the RF pulse can mix certain proportions
of F.(k) and F_(k). Noting that these two components correspond to the opposite phase (right-
vs left-handed helices), we can consider this transition to behave like a 180° pulse. Finally,
some magnetization in a given state will remain in that state; that is, it behaves as if no RF
pulse occurred (a 0° pulse). Hence, it is often noted that the EPG formalism is in effect taking
an RF pulse of arbitrary flip angle a and splitting it into 0°, 90°, and 180° components.

While RF pulses only mix within the same wave vector k, the dephasing gradients act to evolve
the transverse components between wave vectors. The F- states will, in general, evolve to lower

wave vectors (k—k-Ak), and the F+ states will evolve to higher wave vectors (k—k+Ak).

a Z(k)+Z(-k)

F(0)
States with k=0:
RF pulse
States with k#0: 2(0)
RF pulse < excitation
flip back /
defocusing if_(_k) restore

I'efo
Cusj,
(: Spin ec hlo’;g

Figure 3.5: Transition among three configuration states. (a) For k # 0 case, illustrated here as
k=1, the transition is governed by Eq. 3.12, and the component contents after the RF transition
determines whether a spin echo or a stimulated echo (F.(k)), continued dephasing (F.(k)), or
storage of coherent magnetization (Z(k)) will be generated. (b) For the k = 0 case, both F(k)
and F_.(k) have no imaginary component and F(0) is used to represent them together. RF can
exchange F(0) and Z(0) contents, where the former will induce a free induction decay (FID)
signal, and the later will be stored as longitudinal magnetization. The image comes from
(Weigel, 2015).
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For periodic sequences like FSE and steady-state free precession (SSFP), repeatedly applying
the same RF pulses will restrict the phase order k to discrete values. In this case, we use a
dephasing angle 0 instead of spatial coordinate r for the Fourier decomposition (Hayes et al.,

1985). Then Eq.3.12 can be rewritten into the discrete form Eq.3.13,

o]

M, (0) = M,(6) +iM,,(6) = z F, - oik0

k=—oc0
M_(6) = M(6) — iM,,(0) = (Z F, - eik@) _ z F ekt (3.13)
k=—o0 k=—o0
M,(0) = z 7, - ef = Real( 7y - e”‘e)
k=—o k=0

where Fy, F_,, Z,,are the discretized versions of F(k), F.(k), Z(k), defining,

2 ¢ 2ip 12 % : 00 iy
_ _after cos > e“%¥sin > —ie'?sina| _ pocore
Fri 2 . | Fr
P, =| e"%®sin? > cos? 5 e Wsina||F, (3.14)
Zk [ i [ i Zk
—Ee Ysina Ee Psina cosa

In order to effectively simulate the FSE pulse sequence, it is necessary to add relaxation terms.

E, 0 0
3.15
E(t,T1,T2)=|0 E, 0 (3.15)
0 0 E

where E; = exp(-t/T1) and E,= exp(-t/T?2), with T1 and T2 being the relaxation times and ©
being the relaxation duration.

T1 recovery is described as,

F+ after Ez 0 0 F+ before 0
F_ =|0 E, O0]-|F + 0
z 0 0 Ellz My(1 - Ey) (3.16)
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Then, the state matrix can be written as

FO ﬁl FZ F3 F4 FS
Q=|F F, F*, F, F*, Fy - (3.17)
7y Z, Z, Iy 7, Is

F.(k), F(k), Z(k)
A

a2 o a o

T
N
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Figure 3.6: EPG graph for the FSE pulse sequence. The x-axis indicates the time of the pulse
sequence, whereas the y-axis represents the evolution of the configuration state components.
As RF and gradients are applied to the brain, hydrogen nuclei magnetization change
configuration accordingly, with helix-shaped distribution of magnetization presented at each
time point. Gradients manage the signal evolution represented by the solid sloped line, RF
pulses partition or branch the configuration states (Kaiser ef al., 2001) horizontal dashed lines
represent the storage of Z magnetization and echoes occur when the growth of F_intersects the
x-axis. Image modified from (Weigel, 2015)
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The EPG graph for an FSE sequence is drawn in Fig. 3.6 in a way that accounts for Bl
inhomogeneity, with flip angles of a/2 and a rather than the prescribed 90° or 180°. The
magnetization begins in state Zy, and then an /2 pulse tips magnetization into the transverse
plane, populating the F, state. Gradients for spatial encoding and spoiling cause the
magnetization to evolve into the F; state. The subsequent a pulses decompose and rearrange
the dephasing, rephasing and longitudinal magnetization as in Eq. 3.14. Echoes occur when a
component of the longitudinal magnetization completely rephrases, corresponding to an F state
crossing the k=0 line, indicated in Fig. 3.6 by the gray circles. The signal is given by the amount

of magnetization in that state at each echo time.

Using the EPG formalism for this FSE sequence, the signal at the n™ echo can be calculated as:
NA(TE) = Krg)p T, (KTETa)n_lKTE/zTa/z-Q 0) (3.18)
Where T, represents an RF pulse with flip angle a as in Eq.3.14, the matrix K; describes the
evolution of magnetization due to relaxation and gradients over a time period T. Specifically,
the product of a relaxation matrix as in Eq 3.16 and a matrix describing the transfer of

magnetization between states due to gradients (Fy, = Fyyar, Fr = Fr_ i Zi = Zy).

3.2.2 Bl influence on FSE

We implemented the EPG signal calculation (based on code from Weigel, 2015) given input
variables of flip angle, tissue T2, T1, initial signal intensity S0, echo time (TE) and echo train
length (ETL). The simulation in Fig. 3.7 demonstrates that flip angle or B1 intensity has a
major effect on FSE signal evolution. For flip angles in the range [170°, 190°], the MR signal
follows a mono-exponential evolution. When the flip angle is in the range of [150°, 170°] (or
[190°, 210°]), we observe small signal fluctuations deviating from the pure exponential decay
model. When the flip angle falls in range [100°, 150°] (or [210°, 260°]), the FSE signal exhibits

an initial increase and peaks at the second echo, and then drops for subsequent echoes, similar
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to what we observed at the periphery of the brain in our data (Fig. 3.3). At very low flip angles,
there can even be a gradual increase in the signal, as indicated in Fig. 3.7. Were we to model
the signal evolution with a mono-exponential decay, these results indicate that the tolerance
for B1 inhomogeneity would cause fitting to fail over large regions of the brain. We instead
propose to derive the relevant parameters (T2, a, SO, T1) voxel-wise using the EPG model to

obtain the best fit to the measured echoes signals i.e. FSE:

[T2,a,50,T1] = arg min ||[FSE — EPG(T2,a,S0,T1)||, (3.19)
T2,a,50,T1
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Figure 3.7: Simulation of the FSE signal evolution under various flip angle conditions using
the EPG signal calculation framework. (a) When the refocusing angle is close to 180°, the RF
pulse is still capable of refocusing MR signals leading to mono-exponential decay. (b) As the
flip angle is slightly reduced, the signal begins to deviate slightly from mono-exponential decay.
(c-d) When the flip angle is far from 180°, the signal is not even monotonically decreasing,
similar to what we measured in the peripheral areas of post mortem brains (Fig. 3.3). For this
simulation, sequence parameters were matched to our measurements (TE =[11 23 34 46 57 69]

ms, TR=1s) and tissue parameters were chosen to be similar to post-mortem tissue SO = 1, T2
=40 ms and T1 = 450 ms. Note that (Lebel et al., 2010; McPhee et al., 2017; Milford et al.,

2018) demonstrated similar results. Note that (Lebel ez al., 2010; McPhee et al., 2017; Milford
et al., 2018) demonstrated similar results of how inhomogeneous B1 influence the signal

evolution (i.e. the signal could rise in the initial period and then decay under imperfect B1
fields).
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3.2.3 T1 influence on FSE

The estimation of 4 parameters from FSE data from only six echoes (Eq.3.19) is expected to
be challenging, particularly in light of the subtle differences in signal features in Fig. 3.7. In
this section, we consider whether differences in T1 are expected to affect the evolution of signal
with echo time. If not, T1 could be fixed, rather than included in the fitting process of Eq.3.19.
Using the EPG framework, we investigated the influence of T1 over a wide range of different
T2s and flip angles a, as is shown in Fig. 3.8. T1 variations are presented along the x-axis,
while the y-axis is signal strength of the sixth echo, which will have the strongest influence
from T1. The most striking feature in the figure is that, outside of the combination of very low
a and T1, the curves are horizontal, indicating that the signal is largely independent of T1.
Therefore, we assigned T1 to a fixed value of 450ms (taken from previous work indicating

T1e[320,580]) (Qi et al, 2016)). This allows us to simplify our fitting equation:

[T2,a,S0] = arg min ||FSE — EPG(T2,a,SO)|| (3.20)
T2,a,S0
T2 = 50 To=20 T2=10
1 1 : 1
. L a=72 P a=144" | o=180
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Figure 3.8: The influence of T1 on FSE signals. In this figure array, the x-axis represents the
T1 value, the y-axis represents the signal measured at the 6™ echo, each color-coded curve
represents a specified T2 value, and each subplot represents the flip-angle used in the
simulation.
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3.2.4 Fitting: general approach

Figure 3.9: EPG fitting with AFI B1. Since the AFI B1 map contains both a hyperintensity
band (blue arrows) and hypointensity pits (red arrows) in the frontal region, the derived T2 and
SO suffer abnormal values in the corresponding regions.

In this section, we describe the general fitting algorithm, in the context of the post-mortem data
acquired with the protocol described in section 3.2.6. Note that we additionally acquired B1
maps via the actual flip-angle imaging (AFI) sequence, (Yarnykh, 2007) and made an initial
attempt to perform SO and T2 mapping by EPG fitting with these maps. However, as shown in
the results in Fig. 3.9, we observed that the AFI B1 map contains a hyperintensity band (blue
arrows), in addition to hypointensity pits (red arrows) in the frontal region, and the derived T2
and SO maps contain abnormal values in the corresponding regions. As the B1 maps generated
from the AFI sequence were not sufficiently accurate for fitting B1 and generating quantitative
T2 maps, we calculated the B1 value as part of the fitting., In future work (section 6.2.3), we
propose two ways to involve the AFI sequence in the EPG fitting framework.

Using Eq.3.20, we can simultaneously fit values of T2, o and SO. This requires an iterative
search algorithm running until convergence for approximately 6 million voxels (within the
brain mask), implying a high computational cost. We tested several approaches including

simulated annealing (Kirkpatrick et al., 1983; Corana et al., 1987), genetic algorithms(Whitley,

1994; Zhang, 2015), Levenberg—Marquardt (Marquardt, 1963; More, 1977), and Nelder Mead

56



algorithm (Lagariasl, 1998) (NMA). Considering both accuracy and computation speed, NMA
was finally selected as the solver for Eq.3.20, as implemented by the fininsearch function in

MATLAB (version R2017b, Mathworks, US).
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Figure 3.10: Accuracy comparison between the EPG fitting and traditional exponential fitting.
Three voxels with different B1 fields (producing 180°, 150°, and 100° flip angle respectively,
as measured by AFI) were selected for comparison. EPG produced accurate tissue parameters
(T2, SO, and flip angle) for all B1 cases, whilst for the exponential model, the further B1 is
away from 180° pulse, the worse the echo fitting. For the example voxel in the periphery, the
fitted exponential is unable to capture signal behavior and the derived T2 is unreliable.

To evaluate the quality of fit, we predicted the MR signal for each echo time from the fitted
T2, SO and a for each voxel for both the EPG fitting and mono-exponential model. Fig. 3.10,
compares the measured and fitted signals. Three voxels with flip angle 180°, 150°, and 100°

(measured by the AFI, (Yarnykh, 2007) were selected for comparison. The signal

reconstruction based on the EPG model and associated fit (blue) gives excellent agreement
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with the experimentally determined values (red) across all three points. In contrast, the
exponential fitting worked relatively well at a high flip angle, but less well at a lower flip angle.
The most striking failure of the mono-exponential fit is at the periphery (a=100°) where the
exponential model completely fails to describe the experimental signal evolution. This is
consistent with our expectation that the exponential model is unable to address Bl
inhomogeneity. EPG can address this problem, though more computational resources are
required. In our implementation, 3 hours are required with 176 Sun Grid Engine (SGE)

computational cores working simultaneously to complete one T2 map calculation.

Flip Angle
(EPG model)

SO
(EPG model)

T2
(EPG model)

T2
(Exponential model)

Figure 3.11: Flip angle map, hydrogen density map and quantitative T2 map computed by EPG
fitting, and a T2 map calculated by mono-exponential fitting (Exp_T2). Flip angle map presents
a pattern of higher values (close to 180°) in the center and lower values on the edge. By fitting
with EPG, the exponential-fitting artefacts on the cerebellum and inferior frontal cortex were
removed.
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Fig. 3.11 shows fitted maps from the mono-exponential and EPG fits, including the SO and B1
maps for the EPG fitting. The low-B1 induced artefacts in the exponential model have been
removed, resulting in a more homogeneous T2 map over the brain with more pronounced gray-
white matter contrast. The flip angle map from the EPG follows the general pattern expected,
with high B1 at the center of the brain and significantly attenuated B1 at the periphery.
However, this B1 map also contains a clear anatomical contrast with high spatial frequency
boundaries, whereas the true B1 field should be spatially smooth (Cheng and Huang, 2006).
The lack of smoothness suggests overfitting to Bl that may affect T2 quantification. We
therefore refined our fitting procedure to use a 2-step optimization process, with the B1 field
included in the first stage of fitting (including parameters T2, SO, and B1), after which this B1
map is subsequently smoothed and fixed in the second stage of fitting (including parameters

T2 and SO0).

To further demonstrate the B1 dependence of fitting errors over the acquired echo times, Fig.
3.12 illustrates FSE images at six echo times, reconstructed images and error maps based on
the exponential model, and EPG reconstructed images and error maps based on the EPG fits.
We can clearly see that the EPG fitting performs well across the brain and at all echo times,
whilst the exponential fitting has high, spatially varying errors, particularly at the first two time
points and at the periphery. The error maps for the exponential fit have a pattern that is
consistent with B1 inhomogeneity, and with the kind of echo-time variability in the signal

shown at the voxel-wise level in Fig. 3.10.
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Figure 3.12: Error comparison between the EPG and exponential model fits. Measured and
predicted axial slices for the exponential and EPG models for all 6 echoes, alongside their error
maps. EPG fitting demonstrated a reduced residual in comparison to the exponential model in
all 6 echoes.

3.2.5 Two-stage Fitting

It is well established that the B1 field should be spatially smooth (Lutti et al., 2010), but the
EPG-derived B1 map clearly exhibits structure reflecting anatomical boundaries (Fig. 3.11).
To address this issue, we adopted a two-stage fitting. In the first stage, the B1 map was fit
alongside T2 and SO as described above. The resulting B1 map was then smoothed using a
median filter to eliminate local variance while preserving the low-frequency B1 distribution.
We then repeat the fitting to estimate T2 and SO with this smooth B1 map as a fixed voxel-
wise parameter. Hence, our final fitting has fixed T1 and B1, making it better conditioned to

our data with only six echo times.
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3.2.5.1 Median filtering
A few additional alterations to this basic approach were critical to achieving good results

throughout the brain, specifically with respect to the median filtering:

(1). As shown in Fig. 3.13a-b, naive application of the median filter can yield a non-zero value
in background voxels and shrink the object boundary. We, therefore, exclude background
voxels from the median filter and remove isolated voxels from main tissue by the MATLAB

command bwconncomp (Fig. 3.13¢-d.)

(2). As shown in Fig. 3.13e, the median filter produces a dark band at the edge of the cerebellum
where the RF receiver coils have low sensitivity. The resultant flip angle maps after median
filtering have implausibly low B1 field. To compensate this, fminsearchbd was used with
bounds [100°, 180°] during the first stage of EPG fitting, as shown in Fig. 3.13f. In addition,
by forcing the flip angle to be less than 180°, we overcome the degeneracy of the cost function
where values of 180°+8 fit equally well to 180°-0. While this degeneracy is not problematic for

signal modeling, it can cause problems for median filtering.

(3) Fig. 3.14 shows the kernel size impact on image processing, where small kernels (<7 voxels)
still result in images with some anatomical structure, whereas large kernels (>19voxels)
produce a smooth map but introduce large-scale intensity bias (reducing field variance). Based
on these evaluations, we selected a kernel size of 11 voxels as providing a plausibly smooth

B1 field with no clear bias.
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(4) The computational cost for median filtering is another concern. In our case of kernel size =
11 with an image size of 210x240 voxels per slice, the most straightforward implementation
of median filtering must store (11+11+1)**210%240 = 850,000 values. Using 176 cores on our
compute cluster and with slice-wise parallelization, it took approximately 2 hours to process

each brain.

original bmed—filtered

Figure 3.13: Preprocessing procedures preceding the application of median filters. (a-b)
demonstrate the experimental simulation of the background effect on the median filter. The
shape and intensity of tissue can be modified by background voxels. For example, after filtering,
the originally spherical region of signal becomes non-spherical. (c-d) Isolated voxels are also
influenced by voxels outside, resulting in the modification of boundaries. (e-f) Low flip angle
at the bottom of the cerebellum cannot be fixed by the median filter that could be fixed by
bounding the searching algorithm like fminsearchbd of Matlab (D’Errico, 2014).
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kernel size = 1

17 19 21 23

Figure 3.14. The flip angle map after median filtering with a range of kernel sizes.

Figure 3.15: Results of the first (top) and second (bottom) stage of EPG fitting.
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The optimization for this second stage of fitting, with both T1 and B1 fixed, becomes:

[T2,50] = arg ;I%g(l)”FSE — EPG(T2,S0)|| (3.21)

Example results from the two fitting stages are displayed in Fig. 3.15, high frequency spikes
and anatomical structure in B1 from the first stage (top row) have been removed by median
filtering for the second stage of fitting (bottom row). The T2 and SO map do not yield major
visible changes as compared with the first fitting stage. As expected, the second stage of fitting
corresponds to higher error than the first stage of fitting, but given the non-physical nature of

the original estimated B1 map, this likely reflects over-fitting in the first stage.

3.2.5.2 Regularization

T2(ms)

Figure 3.16: White ring artefact on the top and bottom of the quantitative T2 maps (MND12).
These artefacts occur significantly in nine brains, including six ALS and three CTL brains. In
particular, the artefact lies in the motor cortex and inferior temporal cortex, both of which are
regions of known ALS pathology. Therefore, a correction is required to address this issue. Note
that the bounded search approach can only limit T2 to the upper bound value but cannot place
it at a reasonable value in the middle range.

The quantitative T2 maps in several brains revealed a bright ring artefact at the top and bottom
of the brain, regardless of the fitting stage. The artefact occurs only on the top and bottom of
the brains, but not on left or right edges. Referring to the raw FSE data, we found that these

artefacts were located in regions of particularly low B1 field, and that a certain amount of noise

may bias the estimated flip angle towards a high value. We addressed this issue by adding a
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regularization term that penalizes implausibly high T2, with the degree of regularization

controlled by parameter A,

. 2
L = arg min Z(FSEi — EPGi(T2,50)) /6 |+ A- T (3.22)
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Figure 3.17: Simulations for A selection for a regularized T2 fitting algorithm. For each pair of
T2 (10:10:60 ms, within the range expected for post-mortem tissue at 7T) and flip angle
(80°,110°,150°,180°), we simulated the corresponding FSE signals at each echo point. Then
the regularized Eq.3.22 was used to compute the estimated T2 with different regularization
parameters A. Here, we display curves to show how the regularization parameter A influences
T2 estimation. T2 can be accurately estimated with 4 < 10 (indicated by the dashed line), for
flip angles greater than 110° (Fig. C-D); for lower flip angles, regularization reduces the value
of T2 from high intensity (Fig. A).
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We aim to set the regularization parameter, A, to avoid the observed hyperintensities in T2
without affecting regions where the fitting is performing well. We evaluated the setting of A
through simulation, as displayed in Fig. 3.17. The simulation explores a range of T2 (10:10:60)
and flip angle (80,110,150,180) values and uses EPG to simulate the signals at 6 echo times.
Using Eq.3.22, we derive T2 estimates for a range of A values (displayed on the x-axis). Fig.
3.17 presents the simulation results, which displays four flip angle cases and a range of T2
values. For each case, if A is smaller than 10, the estimated T2 does not deviate from its original
value, and beyond this, the estimated T2 will rapidly drop to zero due to regularization. Based
on these simulations, we set A=10, such that at low flip angle the constrains the fitting algorithm
to avoid T2 over-estimation. Figure 3.18 demonstrates how the control parameter A = 10
reduces the T2 hyperintensities at the edge of the brain. There is little associated change to the

resulting SO maps by this additional regularization term.

lambda

Figure 3.18: Quantitative T2 map and SO map for different settings of the regularization
parameter L. As A increases, the T2 hyperintensities are reduced with little change to T2 in the
rest of the brain or to the SO map.

3.2.6 Experimental Parameters
Thirteen ALS and three control post mortem human brains (age 62 + 12 years, post mortem
interval 1-7 days, scan interval 40-356 days) were imaged on a Siemens 7T scanner using a 32

channel receiver head coil. The FSE pulse sequence was applied with TE = [11 23 34 46 57
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69] ms, TR = 1000 ms, echo train length (ETL) =6, slice thickness = 1.3mm, FOV=208*156

2
mm .

3.3 Results and Discussion

3.3.1 Quality of fit

reg non—reg
step2

T2non—reg _ .T2reg

step2 step2 step2

T2reg T2n0ﬂ—r€g SOreg SOnon—reg

step2 step2 step?2 step2

MND12

non-reg
step2

T2n0n—reg _ ‘Tzreg

step2 step2

T2reg T27l0ﬂ—7'€g Soreg Sonon—reg

step?2 step2 step?2 step?2

MND15

Figure 3.19: Comparison between regularization and non-regularization EPG fitting in brains
MND12 and MND15. Adding regularization terms had little effect on the SO and flip angle
maps, but was able to effectively reduce the T2 hyperintensities.

We applied the two-stage processing to all ALS and control brains. Fig. 3.19 demonstrates two
brains with severe T2 hyperintensities in non-regularized estimation (indicated as “non-reg”),
which is removed by adding the regularization term (indicated as “reg”). The regularization

described in Eq.3.22 reduces the observed hyperintensities at the periphery without altering the

regions where fitting was already working well, which is indicated by the difference image

67



(difference between regularized and un-regularized T2 maps). The regularization worked well
in all seven brains that were observed to exhibit the T2 hyperintensity artefact, and had little

effect on the brains that did not exhibit clear T2 hyperintensities.

140

Error

Mono-Exponential EPG

Figure 3.20: The reconstruction error comparison between mono exponential decay model and
EPG model (Err™ = 63.8 + 39.5; Err" © = 10.1 + 6.2; P = 0.024).

Figure 3.20 compares the reconstruction error between fits using the mono-exponential decay
model and the two-step EPG algorithm. The two-step EPG fit is significantly more accurate in

reconstructing FSE signals than the mono-exponential decay model (Err™"® = 10.1 + 6.2 vs

Err™P=63.8 + 39.5, P = 0.024).

The final two-step fitted T2 maps are displayed in Fig. 3.21 for the full cohort of post mortem
brains, including 13 ALS brains and 3 control (CTL) brains. We observe that the T2 intensity,
shown as brightness, is correlated with fixative solution (i.e. brains fixed with 10% formalin
have relative low T2, whilst brains fixed with 10% neutral buffered formalin have relative high

T2), and in the next chapter we will tackle this issue with the proposed kinetic tensor model.
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Figure 3.21: The final two-step EPG fitted T2 maps for all cohorts.

3.3.2 Normalization

Our primary aim with respect to ALS was to consider whether we can detect changes in T2
compared to controls in cortical regions that are known to be involved in disease. As illustrated
in Fig. 3.22, we used region-of-interest masks corresponding to left and right motor cortex for

leg, hand and face regions (red, green and blue), alongside V2 visual cortex (yellow) that serves

69



as a control region that is expected to be relatively unaffected by pathology. All masks were

manually drawn by a neuroanatomist.

—leg —face

Figure 3.22: Pathological masks of cortical regions including left and right motor cortex leg
(red), face (blue), hand (green) areas, and V2 (yellow) to be used for further statistical studies.
The masks are manually drawn by neurologists for each brain, also corresponding histological
data are available for correlation studies.

Figure 3.23 compares the average T2 value for the three motor regions (including separate
values for left and right hemispheres) between ALS and control group. The last two boxes pool
across motor regions. While there is a trend for slightly higher T2 in controls (blue) compared
to ALS (red), we do not observe any statistically significant T2 differences between the ALS
and CTL groups.

One possible factor influencing our results is the fixation, which will, in general, vary from
brain to brain due to differences in timing, type of fixative and other confounding factors. In
particular, the presence of formalin is known to alter the T2 (Dawe, 2009) and differences in
the degree of fixation or concentration of formalin could obscure true differences between the
two groups. One simple way to compensate for variation in formalin between brains is to
normalize T2 in the motor cortex by T2 in a control region of the same brain, here chosen to

be V2 (Qi et al, 2016). As illustrated in Fig. 3.24, however, even with this normalization, T2

values are still unable to differentiate between ALS and CTL for any region.
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Figure 3.23: Box plots displaying quantitative T2 comparison between ALS and control groups,
illustrating the T2 estimates across the three motor cortex regions and the motor cortex as a
whole. There is no significant difference in any of these regions, as assessed by two-sample t-
test with unequal variance (Pace = 0.37, Ppang = 0.56, Pieg = 0.12 and Pyoror = 0.53). Note, red
indicates ALS group while cyan indicates control group.
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Figure 3.24: Similar box plot as shown in Fig.3.23 for normalized T2 comparison between
ALS and CTL groups. There is still no significant difference observed between ALS and CTL
groups. This might be due to normalization by V2, that still cannot consider account for the
strong variation and influence of formalin concentration in different regions. Pgyce = 0.34, Pphand
=0.09, Pieg=0.39 and Pmotor= 0.44.
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3.3.3 Formalin influence

Figure 3.25 demonstrates that fixation type can influence the T2 intensity, with 10% neutral
buffered formalin (NBF, in blue) clustered together. Note that this group includes both ALS
and CTL brains, where the other cluster consists entirely of ALS brains. What’s more, these
clusters suggest that two brains where the fixative is not known to us (Fig. 3.25) were likely to
be fixed in 10% formalin, which is the more common preparation method. From the figure, we
also note that grey matter has relatively high T2 value as compared with white matter in the
same brain (Wansapura ef al., 1999), and that formalin concentration can raise or lower both
white matter and grey mater T2 together. Though T2 values are elevated by changing fixation
to 10%NBF, the variation of T2 value is significantly increased as well across all brains and
tissue types (both white matter and grey matter) as compared with 10% formalin. These results
suggest that the correction of formalin influence will be necessary in order to compare

quantitative T2 value between post-mortem brains.
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o

Grey matter T2 (ms)
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Figure 3.25: Formalin influence on the quantitative T2 measurement. Brains were segmented
into white matter and grey matter (excluding subcortical grey matter) by FSL FAST. The mean
and standard deviation for each brain’s gray and white matter are indicated by the bars, and
each brain is color-coded with respect to fixation type (red presents 10% formalin, blue
presents 10% NBF, green presents 20% NBF, and black has no fixation type recorded). The
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brains clearly cluster by fixation type, where 10% NBF fixation separates out from the other
fixatives.

(A)  MND17 (B) MND24
(10%Formalin) (10% NBF)

T2 (ms)

I40

Figure 3.26: Formalin influence on quantitative T2 map with respect to fixation type and
concentration. MND17 fixed with 10% formalin and MND24 fixed with 10% NBF have
obvious disparity among their image brightness, reflecting the difference of T2 strength due to
the formalin types.

Figure 3.26 shows T2 maps for typical brains that prepared using the two fixation types. In
addition to having significantly different T2 intensity, we note that the brain prepared with 10%
formalin also has some residual heterogeneity with a tendency for higher T2 at the edge of the
brain. One interesting possibility, given that brains are taken out of formalin for scanning, is
that formalin leaches out of the brain. Since formalin reduces T2, it is possible that the
associated reduction formalin concentration at the periphery leads to an increase in T2. In the

next chapter propose a model for calculating the spatial pattern of formalin concentration, that

we then use as the basis of a correction for the effect of fixation.
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3.4 Conclusion

Quantitative T2 measurement has the potential to provide precise measures of pathology in
neurodegeneration such as iron deposition and demyelination (Nishijima et al., 2012; Foerster
et al., 2013). Here, we implemented the FSE pulse sequence to acquire multi-echo data for
quantitative T2 computation. However, the inhomogeneous B1 field causes signal evolution
that deviates from the traditional mono-exponential model. To tackle the B1 inhomogeneity
issue, we embedded the EPG signal model into the Nelder Mead fitting algorithm to derive
maps of flip angle, T2 and SO simultaneously. This method follows a two-stage fitting, with
the first stage generating a B1 map that is smoothed and fixed in a second stage. We present
additional algorithm improvements, including median filtering and regularization. We
demonstrate that this approach is able to fit the FSE signal with much lower error than an
exponential fit and that it produces plausible B1 maps. However, these quantitative T2 maps
do not identify group differences in ALS and controls. We found there appears to be a
substantial influence on T2 from formalin, specifically fixative type. In the next chapter, we

propose a correction to account for the concentration of fixative.
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In this chapter, I will discuss a newly proposed kinetic tensor model to correct for the influence
of formalin fixation on quantitative T2 mapping. In the first part, I will talk about why fixation
is critical for post-mortem brain imaging and histological studies, followed by a discussion
about why the fixation process may influence T2 maps from both histological evidence and
physics interpretations. Then, I will discuss the theory of formalin dynamics simulation,
starting with the analytical solution of Fick’s diffusion equation, followed by a numerical
solution incorporating a brain-specific boundary. Finally, I propose the kinetic tensor model,
which considers an anisotropic diffusion tensor measured from diffusion tensor imaging (DTT).
With an accurate formalin concentration distribution, a simple regression model can be used to
correct the variation in T2 values caused by formalin. Finally, a comparison study will
demonstrate how these models improve the quality of T2 maps step by step, to provide an

accurate quantitative measure for future clinical use.
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4.1 Background

4.1.1 Formalin fixation and brain preparation

Fixation is usually the first stage in post mortem brain histopathological studies, in order to
preserve biological tissue from decay due to autolysis or putrefaction. It stops tissue
decomposition and enhances tissue mechanical strength and stability (Kiermnan 2000; Fox et
al., 1985; Pinto et al., 2008). Tissue fixation is an essential step in the preparation of both
histological and MRI scan samples, which requires both the basic structure and molecular
composition to be largely unchanged in order to reliably obtain correct conclusions and insights

from pathology specimens.

The fixative most commonly used in histology is formaldehyde (CH,O), usually as a 10%
solution in water referred to as formalin. Another solution called 10% neutral buffered formalin
(NBF), which is approximately 3.7%—4.0% formaldehyde in phosphate-buffered saline, has
come into wider usage due to its better capacity for preservation. In this study (Mollink et al.,
2017; Pallebage-Gamarllage et al., 2018), both types of fixation have been used for histological
staining studies and MRI scans. Here, postmortem human brains were extracted from the skull
within 72 h after death and fixed in 10% formaldehyde or NBF for at least 2 months (with
formalin solution changed at least four times) prior to scanning. Before scanning, the brains
were removed from the formalin bucket and placed into a 3D printed holder filled with a
fluorocarbon-based liquid (Fluorinert, 3M Corporation) to match susceptibility for imaging
quality concerns. It is important to note that immersing brain samples in the Fluorinert solution
will cause an outflow of formalin and a change in the distribution of formalin concentration

during MRI scans.
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4.1.2 Histological evidence of formalin influence

The fixation process is a necessity for keeping brain tissue from decomposing, however, this
process can introduce significant variations to quantitative T2 values (Kamman et al., 1985;
Thickman et al., 1983). While the EPG fitting discussed in the previous chapter reduces the
influence of B1 inhomogeneity on T2 estimates, brains prepared with different fixative types
(e.g. 10% formalin vs, 10% NBF) or the same fixative type but different concentration
(Shepherd et al,. 2009) may show significant discrepancies in quantitative T2 estimates, as is
demonstrated in Fig. 4.1. So precisely measuring or computing the formalin distribution and
carefully correcting the EPG T2 maps to remove the effect of formalin may improve the
accuracy of quantitative T2 mapping, and make it a more reliable tool for elucidating disease
processes or discovering related pathologies. In order to do this, I will first address how

formalin influences T2 measurements.

Figure 4.1: Significant differences in T2 estimates observed with different postmortem brain
samples (left: MND12,10% formalin, right: CTL12, 10% NBF), mainly driven by the variation
of fixative type and concentration. It is necessary to correct these influences before a precise
and quantitative T2 estimate can be obtained.
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Figure. 4.2. Bar graphs demonstrating the effect of different chemical fixation on T1 (A) and
T2 (B) relaxation properties. Shepherd used 4% formaldehyde, 4% glutaraldehyde, and
Karnovsky’s solution (2% formaldehyde and 2% glutaraldehyde) in experiments. The fixations
reduced T1 significantly, which could not be reversed by washing out the fixative solution. In
contrast, the fixations also reduced T2 values even more significantly, however, the removal
of free fixatives significantly reverses the observed T2 value, which suggests that the change
in T2 is the effect of the presence of fixative solution, rather than due to protein cross-linking
of tissue molecules. Image from Shepherd et al. 2009.

Shepherd has reported the influence of formalin on quantitative T1 and T2 measurements
(Shepherd et al., 2009) by studying brain tissue blocks immersed in three types of fixative, 4%
formaldehyde, 4% glutaraldehyde, and Karnovsky’s solution (2% formaldehyde and 2%
glutaraldehyde) and measuring the corresponding change in T1 and T2 relaxation times with
MRI. The results of this study are summarized in Fig. 4.2. For the influence of formalin on T1,
two observations were made: (1) All three types of formalin solutions significantly decrease
tissue T1 to a similar degree. (2) Washing out formalin with phosphate-buffered saline solution
does not recover the T1 value as compared with non-fixed tissue. These observations suggest
that formalin fixation is an irreversible process and that the change of molecular structure
(protein cross-linking) cannot be restored by the washing process. For the influence of formalin
on T2, three substantially different observations were witnessed: (1) Adding formalin solutions
significantly decreases tissue T2 values, and the degree of change depends on the fixative type

(formaldehyde shows a larger change than glutaraldehyde). (2) Washing out the formalin

solution restores T2 to the original value. This suggests that T2 change is not driven by
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microstructure alteration (e.g. protein cross-linking), but rather significantly depends on the
concentration of unbound formalin molecules. (3) More importantly, the decrease in T2 is
linearly correlated with increasing formaldehyde concentration (10-15 milliseconds per 2%).
Given this linear correlation, the influence of formalin may be regressed out from T2 maps
given a voxel-wise estimation of formalin concentration, leaving only pathology related

markers in T2 maps.

4.1.3 Physics interpretation of formalin influence on T2
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Figure 4.3: T1 and T2 with respect to molecular correlation time (or molecular size). Small
molecules have a short correlation time (fast rotation), so their intrinsic magnetic field is not
efficient in manipulating magnetization, which leads to a slow relaxation for both T1 and T2
(i.e. long longitudinal and transverse relaxation times). On the other hand, large molecules with
arelatively stable state (i.e. rotating much slower) provide inhomogeneous local fields effective
to dephase transverse magnetization and shorten T2. For T1, the most effective exchange of
energy (and thus fastest relaxation rate) occurs at the resonant frequency; rotation that is either
too fast or slow will lead to longer longitudinal relaxation times. So T1 relaxation time has a
minimum value (i.e. the minimum of the red plot) determined by the resonant frequency, and
this value can be modulated by the main magnetic field BO. (Figure adapted from Bloembergen
et al., 1948)
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Before attempting to correct for the effect of formalin concentration on relaxation, we introduce
a physics interpretation of how formaldehyde molecules change the T2 values of tissue during
the fixation process. First, as observed in previous studies, the presence of formaldehyde causes
shortening of longitudinal relaxation time T1, due to a change in the surrounding environment,
which will simultaneously decrease transverse relaxation time T2. Specifically, the fixation
process causes cross-linking of proteins, which makes the characteristic frequency of the
macromolecular lattice closer to proton resonant frequency (Fig. 4.3), and makes the exchange
of energy between spins and lattice more efficient. Thus, as the fixation process progresses T1
is reduced accordingly. The mechanism that causes fixative to influence T2 is quite different.
In addition to factors that shorten T1, the local inhomogeneous field AB has a role in dephasing
transverse magnetization, which is the primary source of transverse relaxation. From this
perspective, free formaldehyde, an electrically polarized molecule, effectively disturbs the
local magnetic field, causing increased dephasing of transverse magnetization that cannot be

reversed by a 180-degree refocusing pulse, as is illustrated in Fig. 4.4.

Figure 4.4: Influencing mechanisms on T2 (B) as compared with T1 (A). An external field with
resonant frequency and direction perpendicular to BO can increase longitudinal relaxation. In
contrast, the external field that is parallel to BO can facilitate the transverse relaxation. For
example, rotating formaldehyde molecules disrupt the local magnetic field and result in the
irreversible reduction of T2 value.
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In summary, the influencing factors that change the measured value of T2 in the presence of
formaldehyde include shortening of T1 relaxation times, leading to shorter T2, and local
magnetic fields induced by fast-moving formaldehyde molecules that increase the dephasing
process, resulting in transverse decay which cannot be reversed by 180 degree refocusing

pulses.

Fixation influenced T2 map

[CHO]_map

Figure 4.5: A hypothesized mechanism for fixation-induced T2 inhomogeneity. In addition to
the presence of fixative generally reducing T2, if brains have a variable concentration of
formalin (bright yellow, middle panel), this will lead to subtle variations in T2 over space in
proportion to the local concentration of fixative (right panel). Therefore, obtaining a precise
estimate of the distribution of formalin, for example by (Dawe et al., 2009) simulation, will
remove the effect of formalin to enable accurate and precise estimates of T2.

Knowing how formaldehyde molecules decrease transverse relaxation time (T2) from both
histological experiments and a physics interpretation gives us a better understanding of why
our quantitative T2 map appears to have low values in the deep tissue and high values on the
surface. Fig. 4.5 illustrates our hypothesized effect of fixative on T2 maps. When brains are
transferred from formalin into Fluorinert, we create a concentration boundary at the surface of
the brain that is likely to cause formaldehyde molecules to diffuse out of the brain. This would
mean that fixed brains that are scanned have high formalin concentration in the deep tissue but

low concentration in the peripheral tissue, leading to relatively higher T2 values near the

surface. This could, for example, lead to higher T2 in superficial regions like the motor cortex
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than deep cortical regions like parts of V2 that lie deep in a gyrus. Given the established
reduction in T2 value due to formalin, we can estimate the formalin distribution in order to

apply a correction to reduce this confound in quantitative T2 mapping.

4.2 Theory

Many groups have developed mathematical models for the influx of formalin into post-mortem
brain MRI over the last two decades. These studies are primarily motivated by achieving a
better understanding of the process of fixation and in some cases its influence on MRI
parameters. These approaches generally evolved from an analytical solution of the diffusion
equation to numerical solutions considering the brain-specific boundaries. We propose a
“kinetic tensor” (KT) model that builds on this previous work, with the primary novelty that
the KT model takes into account the anisotropic diffusion properties of each individual tissue

voxel. In this section, we will discuss the development of the KT model.

To our knowledge, there is no previous work using these models to correct for the effect of
fixation on post-mortem images. Moreover, previous methods have aimed to characterize the
influx of fixative during immersion fixation. Based on our observations during the development
of the methods presented here, the primary effect that requires correction in T2 mapping is the

outflux of low-T2 fixative from tissue due to brains being immersed in Fluorinert.
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4.2.1 Analytical solution of formalin distribution
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Figure 4.6: T1-weighted images of formalin diffusion process. (a) before formalin fixation and
at (b) 18 h, (c) 90 h, and (d) 518 h. The formalin fixed tissue is visible as a light band that
becomes progressively thicker with time. Figure adapted from Yong-Hing et al., 2005.
Studies of the influence of Formalin fixation on T1 and T2 properties of the brain have been
ongoing since approximately 2000, when investigators realized the significant influence of
formalin on multimodality MRI measurements (Yong-Hing et al., 2005; Sun et al., 2003).
Initial studies of formalin dynamics based on Fick’s diffusion law (Eq. 4.1) were performed
considering a low temporal and spatial resolution and were able to provide insights into
experimental observations such as the observed signal intensity changes in T1 weighted

imaging as a function of depth from the surface on formalin-fixed samples.

J = —DVC (4.1)
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The influence of formalin diffusing into tissue on T1-weighted images is shown in Fig. 4.6
(Yong-Hing et al., 2005) where over time, formalin moves from the outer surface of the brain
into the deep tissue. Note that, this hyperintensity on T1 weighted images does not exactly
match the formalin solution distribution but rather is a nonlinear function of pulse-sequence
related contrast dynamics. However, the measured intensity can still be used to fit Fick’s
diffusion equation (Eq. 4.1) to describe the contrast evolution and predict future contrast

dynamics.

Yong-Hing and colleagues proposed a simple model that assumes each brain hemisphere is
approximately a sphere (Yong-Hing et al., 2005). Fick’s diffusion law can be re-expressed in
spherical coordinates as

2
1dc_ 0%  20c (42)
Dot 0%r? ror

where D is the diffusion coefficient, ¢ is the concentration of formalin (estimated from T1
weighted intensity in (Yong-Hing et al., 2005)), and r is the voxel radius, the distance of the
voxel to the hemispherical center. Under the spherical assumption, the concentration
distribution dynamics c(7,¢) should follow the standard expansion form of spherical harmonics

as,

[ee]

2Ry (D)™ | mnr
c(r,t) =c + - z — sm[R]exp

RZ

nr
By setting R =1, the distance of voxel in the ideal spherical brain is normalized. By setting c;
= 1, the formalin concentration estimates are in normalized units. Finally, by setting ¢, = /D
(and dropping the subscript on the scaled ¢#), then Eq. 4.3 can be simplified as,

n

2 (-1
c(r,t) =1+ ;Z( nr) sin[nmr]exp[—n2m?t] (4.4)

nr
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and by substituting Eq.4.4 back into the Eq.4.2, the first and second terms can be expanded in

the form of Eq. 4.5 and 4.6:

had AN 2.2
@:Ez_( 1)"sin[nmr]exp[—n*m=t] (4.5)
or m nr
n=1
N (—1)"cos[nmr]m exp[—n?m?t]
r
2c 2w 2(—1)"sin[nmr]exp[—n?m?t]
d%r %Z B nr3 (4.6)

2(—1)"cos[nmr]m exp[—n?m?t]
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By fitting to the measured data of normalized inner boundary of the formalin band, the model
coefficients can be obtained and the temporal dynamics of concentration distribution c(7,¢) can

be expressed.

4.2.2 Distance model

Distance(voxel)

.26

Figure 4.7: The distance map was calculated with the FSL-distancemap command based on the
fraction anisotropic (FA) map. The color represents the distance to the nearest non-brain voxels,
rendered by the FSL blue-lightblue color-map.
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While a useful first step in understanding the effects of fixation on MRI contrast, Yong-Hing’s
assumption that each brain hemisphere is a sphere is unlikely to provide an estimate of formalin
distribution that is sufficiently accurate to be used in correcting quantitative T2 measurements.
To accurately estimate the formalin distribution likely requires more detailed information of
brain properties such as its morphology, fine structural orientation, and connectivity, in
addition to chemical and physical properties of the applied fixative solutions. From the
quantitative T2 map acquired from EPG fitting, we observed that voxels on the peripheral
surface (including the ventricle surface) have a higher estimated T2 than that of the deep tissue,
which is quite similar to the pattern observed in Yong-Hing’s study (Fig. 4.6). Therefore, a
potentially simple solution to the problem was investigated based on the observation that the
distance to surface serves as a predominant factor governing the influence of formalin on T2.
Voxel-wise distance to the nearest non-tissue voxel was computed using the FSL (FMRIB
Software Library, University of Oxford) distancemap command. An example result is shown
in Fig. 4.7, illustrating that the peripheral voxels have low distance values, while deep tissues
have high values, and the distance map has a similar pattern of distribution as the formalin in
the tissue. Using this map and the voxel-wise EPG T2 fitted values, we can examine the
relationship between these two parameters. This simple approach will be included alongside

more sophisticated models in the following results and discussion sections.

4.2.3 Kinetic isotropic model

With the development of finite element analysis (FEA) (Hughes et al., 1989) and diffusion-
weighted MRI (Le Bihan 2003), the diffusion equation can be more accurately solved. Dawe
discarded the spherical constraints (Dawe ef al., 2009) assumed by Yong-Hing, and took
account of the natural morphology of the post-mortem brain as boundary constraints to solve

the formalin diffusion problem. This approach assumes the formalin diffusion coefficient D to
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be identical to that of water 8.0¥10” cm*/s, which fell in the range of previously reported values
(Underhill 1983; Start et al., 1992). The results of this model (Dawe et al., 2009) are reproduced
in Fig. 4.8, from which we can see that more refined distribution dynamics in the formalin
diffusion simulation than the spherical model used in Yong-Hing’s study. Because this model
incorporates brain morphology into a kinetic simulation assuming isotropic diffusion, we refer

to this as the “kinetic isotropy” (KI) model.

6—16 days 16—>72 days 72-120 days
Early WGIGGIT Late

NN [ [ [ [ [T 11T T
-18 -10 -S Oms S 10 15

Figure 4.8: T2 difference maps (on left hemisphere of post mortem brain) generated by
numerical simulation of the fixation process, which has a much higher spatial resolution than
that of the analytical analysis. Note that the initial (6 -> 16 days) decrease of T2 in deep tissue
is due to the formalin fixation, and the further (16 -> 72 days) increase of T2 is due to the water
content growth (from Dawe et al., 2009).

4.2 .4 Kinetic tensor model

Our study in ALS brains includes the acquisition of diffusion-weighted MRI measurements in
the same post-mortem brains samples (Miller ez al., 2011, 2012; Mollink et al. 2016; Kolasinski
et al. 2012). These data could provide valuable information for a more accurate simulation of

formalin diffusion dynamics. It is based on this diffusion information that we propose the
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“kinetic tensor” (KT) model. Where Dawe’s KI model assumed isotropic diffusion, our KT
model uses the diffusion tensor to capture the hindrance of diffusion by cellular membranes,
which should be similar for formalin to water. With knowledge of the tensor, Fick’s law in Eq.

4.1 can be rewritten in tensor form:

oc _o. . (4.7)
S =V (Do)

Fick’s law requires the initial conditions c(0, x) = c,(x), which describe the distribution of
formalin across the whole brain when the simulation starts at # = 0. The boundary conditions
depend on the processes by which the brain was fixed:

(1) The formalin fixation process: We assume that the concentration of formalin solution in the

container that brains are immersed in during fixation was constant (the formalin solution was
refreshed at least four times in the interval between extraction and the MRI scan to guarantee
the fixation quality). According to the concentration gradient and the diffusion tensor D, the
formalin would gradually invade the brain tissue from the outside. The minimum period of
fixation before scanning (one month) has been confirmed histologically to correspond to full

fixation of deep tissues.

(2) The Fluorinert immersion process (prior to scanning): Approximately 24 hours prior to
scanning, brains are transferred from formalin into a 3D printed holder filled with Fluorinert.
While in this holder, formalin flows out from brain tissue into the Fluorinert. Here, we assume
the formalin concentration outside the brain tissue is zero at the start of scanning. This
assumption is reasonable for such a short duration, during which only formalin close to the
brain surface could flow out. The concentration gradient and diffusion tensor D will govern the

simulation of formalin outflow from brain tissue into the Fluorinert solution.
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Figure 4.9: (a) Anisotropic diffusion simulated by the tensor (KT) model as compared with (b)
the isotropic (KI) model, where (c) is the enlarged image of (a) highlighted by the dashed box.
The kinetic tensor model uses the diffusion tensor information from each voxel measured using
diffusion weighted MRI. This voxel-wise diffusion tensor provides detailed tissue structural
properties that can contribute to a more precise simulation of formalin dynamics. In this
simulation, formalin “tracer” is seeded in the right motor cortex. After simulation of the
diffusion process, this formalin tracer flow is more concentrated along the corticospinal tract
than in perpendicular directions.

The diffusion tensor D contains much more information about the tissue microstructure than
the isotropic diffusion coefficient D, so the KT simulation of formalin diffusion dynamics is
expected to be more accurate than Dawe’s KI simulation. For example, by using a voxelwise

tensor D, our simulation could differentiate between tissue types of white matter and gray

matter while taking into account their diffusivity value. Furthermore, since the diffusion tensor
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D contains information about how white matter is oriented, the simulated formalin could flow
along the white matter fibre structure rather than isotopically. As illustrated in Fig. 4.9, virtual
formalin molecules seeded at the motor cortex of the right hemisphere flow preferentially along
the cortical spinal tracts governed by the voxel-wise tensor D, calculated from its diffusion
tensor imaging measurements. Furthermore, we observe that a certain amount of formalin
tracer could diffuse across white matter tracts, reflecting hindered (rather than truly restricted)

diffusion.

To simulate the flow dynamics of formalin, it is necessary to discretize the diffusion equation
(Eq.4.7) and then use temporal finite difference (Jbabdi et al., 2005; Harpold et al., 2007)
techniques to compute the formalin distribution iteratively (update the spatial distribution at
each time step). Fick’s equation (Eq. 4.7) can be rewritten in the expanded form of Eq. 4.8 with

tensor D, and gradient of concentration Vc as,

- d
)
ac 9 9 on|[P= Do Dx ax
—=V'(D'VC)=<———) Dy Dy, Dy, || — |c (4.8)
ot dx 0y 0z d :
Y Dy; Dy, Dy, ay
i oz

and then, with matrix multiplication operations, we can obtain,

ac_iD 0%c +ZS:D, ac 49
ot = L7V 9x0x, ¥ (4.9)

i,j i=1

29D
D, = (DV); =Z o (4.10)
j=t

Denoting C, l”]k to be the concentration at voxel location (i, j, k) for the n™ iterative step, then

the temporal derivative of formalin concentration can be discretized as,
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dc _ Clfi — Clji 4.11)
at AT

The exact form of first and second order spatial derivatives of formalin concentration can be

written as,

Oc _ i1k — Citjk (4.12)
0x 20X
0%c _ Cliajn = 2CTjk + Claji (4.13)
0x? AX?
6% — Cliajange ¥ Gl jmge = Clajmge = Gl jeak (4.14)
0x dy 4AXAY

where AX, AY, AZ are the spatial discretizing intervals, and AT is the temporal interval.
Putting Eq. 4.11-14 into Eq. 4.9, we can get the final discretized form of Fick equation as,

n+1 n n n n
Lk — “ijk D Ci+1,j,k - 2Ci,j,k + Ci—l,j,k
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With the initial condition ¢(#=0, x), a boundary condition of an infinite reservoir of 10%
formalin with diffusivity identical to water, as previously described in section 4.2.3, and the
diffusion tensors computed from diffusion data acquired within the same postmortem brain and
processed with the FSL diffusion toolbox (FDT), Eq. 4.15 can be used to iteratively compute
the time evolution of formalin concentration. For the forthcoming comparison studies, we
simulated three scenarios: kinetic isotropic model “without hole” (where the ventricles have
the same isotropic diffusivity as white and grey matter), kinetic isotropic model “with hole”
(where the ventricle is filled with formalin or Fluorinert, but white matter and grey matter have
the same isotropic diffusivity), and kinetic tensor model “with hole” (all tissue voxels
computed using diffusion tensor D derived from the separate DWI scan, while we assume the

“hole” or ventricle is filled with formalin or Fluorinert).

Day 1 Day 2 Day 3

-~ 100%
| 0%

Day 5 Day 7 Day10

Figure 4.10: The formalin inflow process during brain immersion in the 10% formalin solution.
(A-C) show the formalin concentration distribution at day 0, day 5 and day 10. The simulation
shows that after 17 days, all voxels are saturated with a concentration greater than 95%; while
after 25 days, all voxels are saturated with a concentration greater than 99%.
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Fig. 4.10 demonstrates the results of simulating the formalin inflow process in the postmortem
brain during immersion fixation from day 0 to day 10. The simulations indicate that after 17
days of fixation, all the tissue voxels are saturated with formalin concentration greater than
95%, while after 25 days of fixation, the concentration for all voxels is greater than 99%. These
observations are consistent with previous histological studies (Kiernan et al., 2000; Srinivasan
etal., 2002; Howart et al., 2014) showing that deep brain tissues were found to have substantial
changes in stiffness after two weeks. All postmortem brains in this study were fixed for at least
one month before MRI scans were acquired (scan interval - range from 32 to 128 days).
Therefore, we assume that the brains scanned in this work have 100% formalin concentration

immediately before being immersed in the Fluorinert solution for scanning.
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Figure 4.11: Formalin concentration distribution after two days flow out simulation for three
scenarios, namely KI without hole, KI with hole, and KT with hole. The red-yellow color-map
is used to present formalin concentration contours, where yellow represents high concentration
while red represents low concentration. As we can observe that the KI without hole case has
formalin flow-out from the surface only, whilst the KI/KT with hole cases both experienced
formalin leakage from boundaries of the surface and ventricle. Note that the KI model is
computed using the mean diffusivity from the diffusion tensor.
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Putting fixed brains into the Fluorinert solution for MRI scans will cause formalin to flow out
from the brain tissue, along the concentration gradient. Brains prepared for imaging in this
study are immersed in Fluorinert and have Fluorinert inserted into the ventricles prior to
imaging, so to model this effect, we simulated a two-day formalin outflow process. The results
of this simulation using the three diffusion scenarios previously outlined are presented in Fig.
4.11. From the final concentration contours of the KI no hole model, we can see that formalin
flowed out of tissue isotropically from the brain surface, while the deep tissues still contain
high concentration of formalin. However, from the simulated results of the KI and KT with
hole models, the formalin flows out from both the brain surface and the ventricles. This is
expected to be in much better agreement with reality, especially when we consider that, as part
of sample preparation, Fluorinert was inserted into the ventricles to match susceptibly prior to

imaging.

4.2.5T2 correction

The simulated concentration maps are then used to perform a simple correction to the EPG
fitted T2 maps. The work by Shepherd suggests that reduction in T2 is (approximately) linearly
related to formalin concentration (Shepherd et al., 2009). Specifically, a 2% increase in
formaldehyde concentration results in a 10 - 15 milliseconds decrease in the measured T2 value.
For the predicted formalin concentration maps for each post mortem brain, a simple linear
regression model is fitted to the EPG-fitted T2 map (a single global parameter for each brain),

as is illustrated by Fig. 4.12.
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Uncorrected T2 map

Corrected
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Simulated fixative
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Figure 4.12: Illustration of the simple linear model used to calculate and correct the influence
of formalin on T2 measures. The map used in the denominator can be any of the models
presented here, including the kinetic isotropy/tensor models, and the distance-to-surface map.
A single coefficient is fit to the entire brain, such that the overall shape of the concentration
map drives the fit.

4.3 Methods

Postmortem brains were scanned with multiple pulse sequences, including-steady state free
precession (SSFP) for structural images (providing strong grey-white contrast similar to T1
weighted structural images obtained in-vivo brain, but with inverted contrast leading to higher
signal in gray matter), FSE (Miyazaki et al., 1996; Lichy et al., 2005) for quantitative T2
mapping, and diffusion-weighted SSFP for diffusion tensor estimation (Miller et al., 2010a,
2010b). After acquiring these raw data, a standard pipeline was used for processing the cohort

of brains.
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4.3.1 Masks and Segmentations

0 100%

Figure 4.13: Ripple artefact (green arrows) and isolated tissue islands (red arrows). The ripple
effect occurs in formalin simulations in voxels with extremely low diffusivity values. Isolated
tissue islands or voxels are not of interest in our study, and could cause problems in subsequent
statistical analysis, and are removed prior to formalin dynamic simulation.

Creation of a precise mask is important for the simulation of formalin diffusion dynamics, as
poor masking can influence both the distancemap computation and boundary conditions for
kinetic tensor and kinetic isotropic models (Eq. 4.8). Given that postmortem brains are imaged,
brain extraction to remove the skull and non-brain tissue is not required. Principal eigenvalue
(L1) diffusion maps exhibit artefactual isolated voxels with extremely low diffusivity, which
appear black on images. These “holes” need to be filled in, otherwise, they will act as
impermeable barriers to diffusion propagation and induce a ripple-like artefact in the output of
dynamic formalin simulations, as is shown in Fig. 4.13. There are also typically some isolated
tissue voxels or islands in the brain mask (Fig. 4.13) that may cause problems in statistical
analysis. To remove these isolated voxels, we used the MATLAB function bwconncomp (The
Mathworks, Natick, MA, USA). As the FSE and diffusion images were acquired at different
spatial resolution, registration was performed to align the FSE image into diffusion space using

FSL FLIRT (Jenkinson et al., 2001, 2002;) with a six degrees of freedom (DOF) affine

transformation. An intersection operation was then applied on both the diffusion mask and the
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transformed FSE mask to generate a mask that is guaranteed to contain nonzero values in both

modalities. Fig. 4.14 illustrates the final mask for one postmortem brain.

Figure 4.14: Tissue mask created from the intersection of DTI images and EPG T2 maps.
Because these two images are acquired in different spaces, after registering the T2 map into
diffusion space, the mask needs to contain nonzero values of both primary diffusivity and T2.
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Figure 4.15: mean diffusivity map and its intensity histogram. We found there is no clear

threshold to segment white matter from grey matter. A segmentation with the default parameter
did not give reliable segmentation for these postmortem brains.
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Tissue segmentation with three labels (white matter, grey matter, and ventricle fluid) is also
critical for this study in order to assess the accuracy of quantitative T2 values in various cortical
regions. Mean diffusivity (MD) images exhibit strong grey-white contrast and were used for
FAST segmentation (Zhang et al., 2001). A variety of parameters were investigated to optimize
segmentation accuracy, as shown in Fig. 4.15-17. It was initially found that default FAST
parameters, which are optimized for in-vivo imaging with T1-weighted magnetization prepared
rapid gradient echo (MP-RAGE) scans, do not provide reliable white matter and grey matter
masks for our data. The intensity histogram for a typical MD image is presented on the right
panel, which shows no clear boundary between white matter and grey matter. Figure 4.16 (n=2,
R=0.3) shows the FAST segmentation with default processing parameters, clearly
demonstrating that many grey matter voxels are wrongly classified as white matter, e.g. in the
cerebellum. Modifications to the default parameters were investigated, including spatial
smoothness R ranging from 0.1 to 0.7, and the number of classes (tissue labels/categories). No
significant difference was found changing R, so the default value R = 0.3 was chosen. For the
number of classes, it was found that using 5 classes, and combining label 4 and 5 together to
represent grey matter, resulted in the most accurate classification. We also compared the results
of using the mean diffusivity (MD) map alone as an input to FAST, or using multi-channel
segmentation with both MD and structural images. The results indicate that the use of two
modalities segmentation results in a more accurate segmentation and depiction of detailed fine

structures in grey matter.
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Figure 4.16: Segmentation of white matter and gray matter. The FSL-FAST command was
used to segment brain tissue types, and a range of parameters were tested to optimize
segmentation results. (Top) number of tissue classes (n € [2, 5]) and spatial smoothness
parameter (R =0.1: 0.2: 0.7) are two important parameters to control the segmentation results.

Nwm> 1

nwm>3

- nwm>4

Figure 4.17: Segmentation of white matter and gray matter by combining multiple tissue
classes. Note that both mean diffusivity and structural images were used for this segmentation,
and that ny,>m indicates that m+1,...,N classes are combined to make the displayed white
matter mask.
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4.3.2 Hyperintensity artefact in diffusion data

A major problem discovered in the diffusion tensor data was an artefactually high diffusivity
on the L1 diffusivity map, as illustrated in Fig. 4.18 (yellow voxels in middle row), likely due
to RF field inhomogeneity. These artefacts would cause us to simulate faster formalin dynamics
on the edge of the brain and accumulate to less accurate predictions of fixative concentration.
However, it was observed that structural images exhibit no such hyperintensity. Given that the
structural images had a higher spatial resolution than diffusion images in this study, we
implemented a “Good Neighbor” (GN) algorithm, outlined below, to transfer information from
structural images to diffusion images to fix the white ring artefact. This algorithm is applied to
the diffusion data and only affects quantification through the predicted concentration map.
Given that a relatively small region is affected and the correction uses to a global (single
coefficient) fit to these concentration maps, we felt that this somewhat ad hoc correction was

justified.
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Figure 4.18: White ring artefact on L1 and good neighbor method correction. High-resolution
structural image without white ring influence (top row). DTI_L1 map that suffered from white
ring effects on the top and bottom of the brain (middle row). DTI L1 graph after Good
Neighbor correction which removed the white ring artefact while keeping the structure and
texture unchanged during the correction (bottom row). The method works as: follows (1) Find
voxels with artefact, (2) extract its structural intensity, (3) among the surrounding voxels
without artefact, find the voxel with the closet structural intensity, (4) extract the L1 value of
that neighbor voxel, (5) use its L1 value to replace that of the artefact voxel. Note that the
artefact voxels are represented by a yellow mask with a threshold of 4E-4. The hyperintensity
ring may be caused by residual eddy-current which may result in distortion effects including
scaling shearing and shift, leading to a final misregistration of the diffusion-weighted images
(Mori et al., 2014).

The Good Neighbor correction procedure:
0. LI diffusivity maps can suffer from a hyperintensity artefact, as shown in Fig. 4.18
(middle row).

1. Threshold high-intensity voxels (thr = 4E-4) to generate an artefact mask (Fig 4.18,

yellow voxels).
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2. For each voxel in the artefact mask:
a. Identify the intensity value from the corresponding voxel in the structural
image.
b. From the nearest neighbor voxels (outside the artefact mask), find the voxel
that has the closest structural intensity.
c. Replace the L1 value of the artefact voxel with the L1 value of the identified

“good neighbor” voxel.

4.3.3 Scan parameters and processing scripts

This section describes acquisition parameters for each MR sequence and the overall data
processing pipeline. Thirteen post-mortem human brains (age: 56 + 18 years old; post-mortem
interval < 72 hrs; scan interval: > two months) with diagnosed ALS, and three healthy controls
(age: 61, 61, and 74 years, no diagnosed neurodegenerative disorder) were imaged using a
Siemens 7T scanner with a one channel transmit and 32 channel receive head coil. Brains were
immersed in Fluorinert for susceptibility matching. Structural images were acquired with a 3D
fully balanced SSFP (bSSFP) with flip angle = 35°, bandwidth = 296 Hz/pixel, resolution =
0.35 * 0.35 * 0.40 mm’, and 180° RF phase cycling. T1 maps were obtained using a turbo
inversion recovery (TIR) sequence with flip angle = 180°, bandwidth = 200 Hz/pixel, TE = 12
ms, TR = 2000 ms, TI = [32, 64, 125, 250, 500, 850] ms, FOV=208 x 156 mm?, 96 slices, and
resolution = 1.0 x 1.0 x 1.4 mm’. T2 maps were obtained from a FSE sequence (flip angle =
180, bandwidth = 130 Hz/pixel, TR = 1000 ms, TE =[11, 23, 34, 46, 57, 69] ms, FOV= 208 *
156 mm?, slices = 96, resolution = 1.0 * 1.0 * 1.4 mm”) and DTI data were acquired using DW-
SSFP with 0.85mm isotropic resolution, two flip-angles (24° and 94°), 120 directions per flip

angle (q=300 cm?, TR =28 ms).
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FSL FAST was used for tissue segmentation, FSL DTIFIT for tensor and scalar metric
calculation, custom MATLAB code for the GN method to correct for L1 hyperintensities,
custom MATLAB code based on nonlinear optimization (fminsearch) to perform EPG T2 and
flip angle (or B1) map fitting, custom MATLAB code and FSL distancemap for distance-to-
surface and custom KI and KT models for formalin dynamics simulation. Finally, exponential
and linear regression models were used for T2 corrections, as described below. Statistical

results comparing ALS subjects to controls will be presented in Chapter 5.

The final processing pipeline is written in MATLAB, and is parallelized to run on a cluster
using a Sun Grid Engine. Fig. 4.19 illustrates the whole processing pipeline, which comprises
of 4 components. Data preprocessing, prior to formalin dynamic simulations, includes fixing
(1) L1 hyperintensities using the GN method, (2) ripple artefact correction, (3) mask creation,
(4) tissue segmentation and (5) registration of diffusivity images to standard space (MNI152)
using ANTs (Avants et al, 2014). The other three components represent three previously
introduced simulation models (KI _noHole, KI withHole, and KT withHole), which can be
run concurrently. Each model will run (1) formalin dynamic simulation of the Fluorinert
immersion process, i.e. the formalin outflow process, (2) simulation of formalin concentration
distribution at the scan time point, (3) fitting a linear regression model for each brain to correct
T2 values, and (4) correction of T2 for the effect of formalin concentration using the model.
Finally, a comparison study between the original exponential T2 map, EPG-fitted T2 map, and

formalin corrected, EPG-fitted T2 maps is performed.
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Figure 4.19 Processing pipeline for formalin dynamic simulations and subsequent T2
correction. To prepare data for formalin dynamics simulation, we first apply the GN method to
fix the ring of high diffusivity values on L1 maps, and fix low diffusivity and isolated tissue
island issues. Nonlinear registration is performed using ANTs to compute a transform from
subject to MNI152 space. Then, the simulation of formalin dynamics is performed using the
KI noHole, KI withHole, and KT withHole models. Finally, we perform the linear T2
correction with the calculated formalin distribution and register the corrected T2 map to the
MNI152 for future statistical analysis.

4.4 Results

After MR acquisition and data processing, comparison studies were performed among the four
aforementioned models: distance-to-surface, kinetic isotropic without hole, kinetic isotropic

with hole, and kinetic tensor with hole modes. In Fig. 4.20, different formalin concentration
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distributions derived from these models are displayed, where each point represents one voxel
with its concentration or distance on the x-axis, and T2 value on the y-axis. The average T2
values (bin size = 1% of formalin concentration) are displayed as star points, where red
represents white matter, blue grey matter, black represents entire tissue voxels, green represents
the fitted regression models (equations shown on the top), and open circles represent the
corrected T2 values. From the results of the distance-to-surface model (Fig 4.20a), we found
for both white matter and grey matter an approximately exponential relationship between
distance and quantitative T2 value. This is reasonable given the assumption that outflow of
formalin occurs first at surface tissue voxel, while deep tissue voxels have postponed outflow
according to Fick’s diffusion law (left part of Eq. 4.1 and 4.2), where concentration gradient
governs outflow speed. This explains why after simulating two-day outflow, the tissue voxels
with a large distance to the surface still have high formalin concentration, as is displayed in
Fig. 4.10. A simple exponential decay model was used to fit all tissue voxels (green), and then
used to regress out the influence of formalin on T2 (Fig. 4.20a). For the various kinetic models,
we plot the formalin concentration on the x-axis, such that voxels on the left side of the plot
with low formalin concentration are voxels close to surface, such as the brain cortical surface
or ventricle surface, whilst voxels on the right side of the plot are voxels in deep tissue whose
concentration were high untill the outflow simulation finished. The KI-noHole fitting (Fig.
4.20b) follows a linear relationship that is consistent with Shepherd’s histological conclusion,
motivating a linear regressor to remove the fixative influence. The KI-withHole curve (Fig.
4.20c) resembles that of KI-noHole case. Interestingly, for the KI-withHole model, averaged
T2 curves of both white matter (*) and grey matter (*) are remarkably flatter in comparison to
the KI-noHole modeling, which suggests that incorporating the contribution of ventricles
during formalin outflow simulation may provide a more precise estimate of the distribution of

the formalin. Finally, KT-withHole’s fitting is similar to that of KI-withHole; below, we
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investigate whether the more detailed information in the KT model provides a more accurate

correction as indicated by the T2 homogeneity within each tissue type.
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Figure 4.20. Formalin correction based on the four models, the distance-to-surface model, KI-
noHole model, KI-withHole model, and the KT-withHole model. The small red background
points represent T2 values of white matter tissue voxels, and large points represent the averaged
T2 values, whilst blue points represent grey matter. The black points represent averaged values
for all brain voxels, green lines represent linear (for KI and KT model) or exponential (for
distance-to-surface model) regression lines, and black circles represent the corrected averaged
T2 value. Note that, we manually scaled the y-axis to present the curves in the centre of the
plot. We hypothesize that the initial rise (concentration from 0% to 15%) in T2 value might be
caused by the decomposition of protein cross-link during the formalin outflow, because tissue
decomposition causes T2 increase (Dawe, 2009).
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Figure 4.21: T2 comparison among original EPG fitting, distance to surface correction, kinetic
isotropic without hole model, kinetic isotropic with hole model, and kinetic tensor with hole
model for MND18. The top row is a mid-axial slice for each of these models, while the second
and third rows show only values within white matter and cortical grey matter masks.

. Inhomogeneity = EPGT2  Distance @~ KI ~ KI KT
(%) Map Model noHole withHole withHole
White Matter 14.6 13.5 12.3 10.9 10.2
Grey Matter 19.5 19.2 19.0 17.4 16.9

Table 4.1: Table showing the change in inhomogeneity for different T2 correction models for
both white matter and cortical grey matter of MND18.

Mean (SD) % EPG T2 Map KI noHole KI withHole KT withHole

White Matter 13.3(4.2) 11.0 (2.9) 8.9 (1.5) 8.4 (1.5)

Grey Matter 18.0 (4.2) 17.1 (4.6) 15.9 (3.5) 15.1 (3.9)
P-Value - 0.197 0.006 0.001

Table 4.2: Table showing the change in inhomogeneity for different T2 correction models for
both white matter and cortical grey matter for all 13 ALS brains and 3 CTL brains. The
inhomogeneity is presented in terms of mean (standard deviation). Note that the P-value
reflects the significance of T2 homogeneity improvement with the three formalin correction
models.

111



The final comparison of corrected T2 maps among five models including original EPG fitting
(no fixation correction), and corrections based on distance-to-surface, KI without hole, kinetic
KI with hole, and KT with hole model. These model comparisons in a single brain spample are
given in Fig. 4.21 and Table 4.1. First, it can be seen that the uncorrected EPG fit shows
remarkably short T2 values, due to the presence of formalin. Using distance to surface as a
correction factor for T2 variation can reduce the inhomogeneity caused by formalin, which is
demonstrated by the reduction in inhomogeneity from 14.6% to 13.5%, and from 19.5% to
19.2% for white matter and grey matter, respectively. However, residual inhomogeneous
regions remain (for example, an obviously shortened T2 in the thalamus and other subcortical
grey matter regions). The KI no hole model, as originally implemented by Dawes, provides an
improvement in homogeneity over the distance-to-surface model, provided improved
homogeneity values of 12.3% and 19.0% in white and grey matter separately than the distance-
to-surface model. What’s more, the KI-withHole performed even better than the KI-noHole
case with 10.9% and 17.4% for white and grey matter. Finally, the KT-withHole model
provides the most accurate correction. The results in Fig. 4.21 and Table 4.1 also demonstrate
these points, as KT-withHole model can reduce the formalin distribution influence to
inhomogeneity of 10.2% and 16.9%, the lowest level for white matter and grey matter. We
performed a the statistical analysis of the inhomogeneity across all 13 ALS and 3 CTL brains
(Table 4.2), which demonstrates the progressive improvement from EPG model (13.3%,
18.0%), to KI-noHole (11.0%, 17.1%), KI-withHole (8.9%, 15.9%), and finally KT-withHole

(8.4%, 15.1%) models for white matter and grey matter, respectively.

The final proposed set of corrections are shown in Fig. 4.22. Compared to the exponential fits,

the EPG fitting provides quantitative T2 maps with correction for B1 inhomogeneity but higher

T2 estimates on the periphery. After the KT model fitting presented in this chapter, we obtained
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quantitative T2 maps with minimal influence from the presence of formalin, and where both
deep and superficial tissues are corrected by the model. These two corrections are both critical

for quantitative T2 mapping in the post-mortem brain using our FSE-based approach at 7T.

T2(ms)
KT-EPG-T2 . 120

Figure 4.22: Evolution of quantitative T2 maps. Traditionally people use the exponential decay
model to derive the T2 maps from raw data measured with a FSE pulse sequence. However,
the RF coil cannot provide sufficient Bl homogeneity over the entire brain, with low strength
on the edge and subsequent insufficient magnetization flipping, leading to T2 maps that display
a bright ring on the edge, including areas such as the primary motor cortex and supplementary
motor area. EPG can take into account B1transmit inhomogeneity and provide a more accurate
quantitative T2 map by simultaneously estimating the flip angle and accounting for the B1
inhomogeneity. However, the T2 estimates from EPG are still low because of the influence of
formalin. So, in this chapter, we proposed the kinetic tensor model, which could further
compensate for the T2 value drop by the computed formalin distribution.
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4.5 Conclusion

In this chapter, I discussed why formalin fixation is required in studies of pathology specimens,
and how brain preparation is performed in this particular study. Then, I discussed how prior
studies, such as Shepherd’s histological study, have revealed that both formalin type and
concentration are key influential factors that may alter quantitative T2 maps. In the theory
section, I discussed in detail the theory of formalin simulation, first providing an analytical
derivation using spherical harmonic expansion, then numerical simulations taking brain
structure into consideration. The distance-to-surface model was presented as a simple model
with limited physical motivation, which employs an exponential relationship between distance
and formalin distribution to correct T2 maps. A more physically motivated model, the kinetic
isotropy (KI) model, was also considered for the correction of fixation. Boundary conditions
within the ventricles were added to the previously proposed KI model, which further increase
the simulation accuracy of formalin concentration, especially on subcortical grey matter
regions. Finally, a novel approach called the kinetic tensor (KT) method was described for
correcting the effect of formalin on quantitative T2 maps. Because it uses the diffusion tensor
derived from diffusion weighted MRI, this model is able to provide more accurate estimates of
formalin concentration by taking into account the anisotropic properties of tissue. The KT
model uses diffusivity estimates on a voxel-wise basis to simulate a more accurate formalin
flow inside the brain tissue. As judged by the resulting homogeneity of T2 values after
correction, the proposed kinetic tensor model was found to provide the most accurate correction.

In the next chapter, we will use the KT derived T2 maps within our post-mortem ALS dataset.
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Chapter 5

Quantitative T2 in post-mortem
brain: ALS vs controls
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5.1 Background

ALS is a type of motor neuron disease that is characterized by progressive atrophy and
weakness of muscles, leading to a loss of motor function in movement, articulation, and
breathing, which is ultimately fatal (Rowland and Shneider, 2009; Kiernan et al., 2011). The
disease is characterized by damage of both upper motor neurons and lower motor neurons, with
potential causes including genetic deficits (Rakhit et al., 2007; Al-chalabi et al., 2016) and
environment factors (Dimos et al., 2008; Y. Yu et al., 2014). The root causes of ALS are still
largely (~90%) unknown (Kiernan et al.,, 2011). There is still no clinical approach to provide
early diagnosis of ALS (Kiernan 2011), nor effective medication or therapy to treat ALS
(Miller et al., 2007; Carlesi et al., 2011). However, promising research continues within this
area, where recently the drug Edaravone, which has been shown to slow the advancement of

ALS was approved in the US (Cruz et al., 2018).

With the advance of modern neuroimaging techniques (Foerster et al., 2013), multiple MRI
modalities have been investigated to examine ALS neuropathology (Paez-Colasante et al.,
2015), distinguish ALS phenotypes (Ravits et al., 2013), and predict treatment efficacy(Van
Der Burgh et al., 2017). Foerster first measured the decreased GABA content in the motor
cortex of ALS patients via 'H-MRS (Foerster e al., 2012), which was consistent with a
hyperintensity of cortical activity measured by resting motor threshold in the same area (Vucic
and Kiernan, 2006) using transcranial magnetic stimulation. Douaud employed both diffusion
weighted MRI and resting state functional MRI and discovered (1) ALS patients (compared
with healthy controls) had a decreased white matter fractional anisotropy in the cortico-spinal
tract and corpus callosum; (2) connected regions (e.g. the premotor, supplementary motor area,

etc.) had increased functional connectivity (Douaud et al., 2011). Fabes used T2-weighted MRI
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intensity within the cortico-spinal tract as a biomarker, with an increased intensity correlating
with a drop of executive function of ALS patients (Fabes et al, 2017). These studies
demonstrate that MRI has the potential to make an important contribution to the diagnosis of
ALS and the assessment of treatments. These studies demonstrate the potential applications of
MRI in ALS, but the interpretation of MRI findings requires comparison to a biological
reference, and hence histological examination remains crucial in significance for ALS

diagnosis.

A range of histological stains has been used to assess different aspects of ALS pathology.
Myelin proteolipid protein (PLP) staining (Li ef al., 2012) was introduced to evaluate the status
of myelin. Since ALS progression accompanies iron deposition (Yen et al., 2004), the iron
carrier protein ferritin was used in the staining process to delineate the distribution of iron
deposition across regions of interest (Yiangou et al, 2006; Massignan et al, 2007).
Furthermore, ALS is often characterized by the aggregation of phosphorylated 43-kDa trans-
active response DNA-binding protein (pTDP-43) (Braak et al., 2013; Brettschneider et al.,
2014; Tan et al., 2015),which can be detected through related staining techniques (Hatanpaa et
al., 2010; Mackenzie and Rademarkers, 2008; Cykowski ef al., 2017). Nowadays, a great many
of other molecular and genetic targets such as C21orf (Scott et al., 1998), FUS (Sharma et al.,
2016; Kamelgarn et al., 2018) and SOD1 (Bruijn et al., 1998; Turner et al., 2005) have been
related to ALS pathologies. Of these histopathological markers, the most likely correlates for
quantitative T2 are iron (ferritin) and myelin (PLP) (Ropele ef al., 2011; Heath et al., 2018).
In this chapter, we will (i) demonstrate the ability to detect differences in quantitative T2
between ALS and controls in the post-mortem brain, and (ii) investigate whether these

differences in quantitative T2 correlate with PLP and ferritin staining.
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5.2 Method

Neuropathological examination (based on immunohistochemistry) remains the current
standard to confirm ALS post mortem, but would require an extremely invasive brain biopsy
in vivo. The potential for a quantitative measure of ALS status from MRI is therefore very
attractive and determining a correlation between histology and MRI could provide an insight
into the underlying mechanisms that lead to signal changes (Assaf, 1997; Wang et al., 2002).
Here, we report the results of a correlation study between quantitative T2 and histopathology

in ALS.

5.2.1 Processing pipeline

MRI EPG fitti KT model fitting of T2 correction for
MRI scan ) PG tting . L -_—) L
: : formalin influence formalin influence

Fix post Multimodality Histological staini
- istological staining § _
mortem Wy VR[ scan and w—p - © mmmp Correlation study

and data process

brain data process
Sampling regions Histological processing Quantitative digital Registration to

of interest ™= for staining — image analysis — MRI maps

Figure 5.1: Project pipeline. (Middle) Processing pipeline for the ALS post-mortem brain
project, which involves tissue fixation, MRI scanning, data processing, histological processing,
and a correlation study. (Top) Summary of quantitative T2 map processing which involves an
FSE scan, EPG fitting, KT model processing, and T2 correction. (Bottom) Summary of
histological processing which involves sampling, staining, image analysis, and registration.

Fig.5.1 demonstrates the whole data pipeline for the ALS post-mortem brain project. After a

post-mortem interval (PMI = 3.08 £+ 1.44 days), the brain is extracted and fixed(Howat and
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Wilson, 2014; Kiernan, 2016). After 1-4 months (the scan interval), the formalin-fixed brains
are packed into an MRI-compatible holder containing a susceptibility-matched fluid
(Fluorinert, 3M Corporation). The brains are then scanned (7T, 1ch/32ch Tx/Rx coil) using a
multiple modality MRI protocol (Miller et al.,, 2011, 2012; Foxley et al., 2014) including
structural, diffusion weighted, relaxometry (including T1, T2, and T2*), and quantitative
susceptibility images. Trained pathologists then dissect the brains according to a standardized
scheme and select blocks of interest that are relevant to ALS progression for multiple
immunohistochemistry stains (Gamarallage ef al., 2018). These data form the basis of this

chapter for comparison between MRI and histopathology.

5.2.2 Regions of interest

Figure 5.2: Sampling regions of interest. (a) The ALS related motor regions (leg, hand, and
face) are defined according to the landmark sulcus. (b) leg region from the medial view. (c)
Hand region in omega gyri. (d) The face region is located in the inferior lateral primary motor
cortex and somatosensory cortex. Images come from (Gamarallage et al., 2018).
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ALS pathology progressively damages several cortical and subcortical regions (Braak et al.,
2013; Jucker and Walker, 2013). In this study we focused on the motor cortex (M1),
representing early-stage pathology; the anterior cingulate cortex (ACC), which is affected in a
later stage; and visual cortex (V2), which is either unaffected or late-stage (Brettschneider et
al., 2015). In the primary motor cortex, we separately analyzed the leg, hand and face regions,

as is shown in Fig. 5.2. An example ferritin stain is shown in Fig. 5.3.

Figure 5.3: An example ferritin stain (left) and the quantitative digital histology image analysis
(right). The bar represents 100pum. Images come from (Gamarallage et al., 2018).

5.2.3 Quantitative T2 map processing

The processing of the quantitative T2 maps is described in chapters 3 and 4 and summarized
in Fig. 5.1. Briefly, FSE data is acquired at six echo times (Barish ef al., 1995). The signal is
then fit using the extended phase graph signal model (Hennig et al., 2004; Akhondi-Asl et al.,
2014) to derive a T2 value in each pixel. Finally, our kinetic tensor (KT) model is used to

simulate and correct for the influence of formalin on T2 (Shepherd et al., 2009; Qi et al., 2016).
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—leg —face

Figure 5.4: Masks of cortical regions, including left and right motor cortex leg (red), face
(blue), hand (green) areas and V2 (yellow).

A trained anatomist created masks for the motor cortices (hand, leg, and face areas), secondary
visual cortex (V2), and anterior cingulate cortex (ACC), in both hemispheres (example in Fig
5.4). Quantitative T2 values are extracted for each region of interest in every brain and
compared between ALS and controls using a two-sample t-test with unequal variance. Based
on previous literature, we predict that our data will indicate a reduced T2 in the motor cortex
in ALS (Ishikawa et al., 1993; Oba and Araki, 1993) which we statistically evaluated using
one-tailed statistics (Bakan, 1966). To perform the analysis in individual regions of the motor
cortex, we pooled the left and right hemispheres in each region of the leg, hand, and face in the
motor cortex and tested for group differences in ALS vs control for each region separately. To
perform a group difference test over the whole motor cortex, we pooled all 3 regions and 2

hemispheres to produce 6 data points for each brain.

5.2.4 Histological sampling

Regions of interest in the post mortem brain were paraffin-embedded, stained for
immunohistochemistry, and digitally photographed for quantitative analysis. In this study, we
only consider ferritin (Fig. 5.3) and PLP stains, but the broader study includes proteinopathy

(TDP-43), glial properties (GFAP, Ibal, CD68) and neurofilaments (SMI-311 and SMI-312).
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A region of interest is hand-drawn by an expert that represents the cortical area of interest in
each slide. Quantitative digital image analysis was performed using the Aperio color
deconvolution algorithm (version 9.1, Leica Biosystems) to separate a given stain from the
non-specific background. The images are then thresholded using a consistent manual threshold
determined by an expert user, and the stained area fraction within the region-of-interest is used
as a quantitative estimate of the given stain. At present, the anterior cingulate, V2 and the leg
area of the motor cortex in the left hemisphere have undergone both ferritin and PLP staining.
These regions will form the basis of our comparison between quantitative T, estimates and

histology.

5.2.5 Cohort information

Thirteen ALS (Age = 64 £ 13 years, PMI = 3.1 + 1.7 days, SI = 134 + 72 days) and three age-
matched control brains (Age = 65 £ 7.5 years, PMI = 3 £ 0 days, SI = 69 + 40 days) were

recruited for this study (Table 5.1). They were fixed with either 10% formalin or neutral

buffered formalin (NBF), with one brain fixed with 20% NBF.
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ID Age Sex Post Mortem Scan Interval Fixative Site of Onset

Interval (days) (days)
MND12 60 F 4 173 10%Formalin N/A
MNDI13 77 F 3 114 10%Formalin | Right upper limb
MND14 27 M N/A 228 20%NBF N/A
MNDI5 66 M 7 137 10%Formalin | Right lower limb
MND16 65 M 4 94 10%Formalin Right upper limb
MND17 76 M 3 158 10%Formalin | Right upper limb
MNDI18 68 M 1 35 10%NBF Left lower limb
MND19 54 M N/A 77 N/A N/A
MND20 65 M N/A 96 10%Formalin N/A
MND21 68 M 2 87 10%NBF N/A
MND22 64 M 2 283 10%Formalin N/A
MND23 71 M 3 N/A 10%NBF N/A
MND24 79 F 2 N/A 10%NBF Bulbar
ALS 64(13) - 3.1(1.7) 134(72) - -
Mean(SD)
CTL10 61 M 3 115 10%NBF N/A
CTL11 74 M 3 45 10%NBF N/A
CTL12 61 M 3 48 10%NBF N/A
CTL 65(7.5) - 3(0) 69(40) - -
Mean(SD)

Table 5.1: Details of the postmortem brains used within this study. Here, SD is the Standard
deviation, CTL represents the control group, while MND represents the ALS group (where
MND stands for motor neuron disease); N/A indicates that data is unavailable; M is for male
and F is for female; NBF represents neutral buffered formalin.
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5.3 Results and Discussions

5.3.1 Histological Data

Ferritin stained area fraction

ROI Anterior cingulate Motor cortex - Leg area Secondary Visual cortex
Block number 8a 3Lb S5La

MND12 0.529 0.728 0.701
MND13 0.732 0.804 0.856
MND14 0.283 0.580 0.636
MND15 0.388 0.699 0.558
MND16 0.450 0.710 0.550
MND17 0.376 0.556 0.530
MND18 0.369 0.715 0.709
MND19 0.328 0.504 0.667
MND20 0.296 0.841 0.489
MND21 0.529 0.692 0.438
MND22 0.671 0.761 0.665
MND23 0.309 0.514 0.731
MND24 0.316 0.511 0.305

ALS

mean(SD) 0.43(0.15) 0.66(0.12) 0.60(0.14)

CTL10 0.545 0.538 0.522
CTLI11 0.191 0.446 0.436
CTL12 0.706 0.631 0.491

CTL

mean(SD) 0.48(0.26) 0.54(0.09) 0.48(0.04)

P-value 0.320 0.054 0.093

Table 5.2: Ferritin staining statistics in the Anterior cingulate, motor leg area, and secondary
visual cortex of the ALS and control brains. All the data relates to the region of interest in the
left hemisphere. Here, SD is the Standard deviation, CTL represents the control group, while
MND represents the ALS group (where MND stands for motor neuron disease).

The results for ferritin quantification are given in Table 5.2. In general, the ferritin content in
ALS brains (Fe"““srs = 0.43 £ 0.15; FeM' 515 = 0.66 + 0.12; Fe"?s1s = 0.60 £ 0.14) is higher
than the control brains (Fe*““cr = 0.48 + 0.26; FeM' ¢ = 0.54 + 0.09; Fe"?cr = 0.48 £ 0.04),

which is consistent with the discovery of iron deposition in these areas (Sadrzadeh and Saffari,
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2004; Langkammer et al., 2010; J. Yu et al., 2014). Although there is no significant difference
between ALS and controls in terms of ferritin fraction, the motor cortex (leg area) gives the

best group difference indicator.

Myelin proteolipid protein (PLP)

ROI Anterior cingulate Motor cortex - Leg area Secondary Visual cortex
Block number 8a 3Lb S5La

MND12 0.27 0.60 0.58
MND13 0.22 0.65 0.48
MND14 0.18 0.57 0.50
MND15 0.23 0.45 0.56
MND16 0.26 0.54 0.44
MND17 0.18 0.52 0.58
MND18 0.09 0.37 0.41
MND19 0.17 0.43 0.53
MND20 0.25 0.50 0.39
MND21 0.16 0.43 0.42
MND22 0.14 0.52 0.38
MND?23 0.70 0.59 0.42
MND24 0.14 0.57 0.54

ALS

mean(SD) 0.23(0.15) 0.52(0.08) 0.48(0.07)

CTL10 0.14 0.34 0.50
CTLI11 0.20 0.37 0.49
CTL12 0.15 0.25 0.50

CTL

mean(SD) 0.16(0.03) 0.32(0.06) 0.50(0.03)

P-value 0.084 0.006 0.360

Table 5.3: PLP statistics in the Anterior cingulate, motor leg area, and secondary visual cortex
of ALS and control brains. All the data relates region of interest in the left hemisphere. Here,
SD is the Standard deviation, CTL represents the control group, while MND represents the
ALS group (where MND stands for motor neuron disease).
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The results for PLP quantification are given in Table 5.3. Similar to the ferritin staining results,
the motor cortex (leg area) gives the best group difference indicator, which is able to

differentiate between the ALS and control brains (P = 0.006).
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Figure 5.5: Quantitative T2 comparison between the ALS and CTL groups with a formalin
correction using the kinetic tensor model. The analysis was performed in the face, hand and
leg regions separately, in addition to the motor cortex (pooled across all three regions), ACC
and V2 regions, obtaining P-values of 0.147, 0.295, 0.083, 0.011, 0.311, and 0.547 respectively.
Red represents ALS while cyan represents the control group. Note, * indicates a significant P-
value < 0.05, and the red bar indicates the median value.
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T2 (ms) Regions of Interest

Face Hand Leg Motor
ALS 46.42 (5.22) 46.97 (5.00) 47.71 (6.22) 47.03 (5.46)
CTL 49.76 (3.19) 49.27 (3.25) 52.38 (1.96) 50.47 (3.04)
P-value 0.147 0.295 0.083 0.011

Table 5.4: Quantitative T2 comparison between the ALS and control groups with formalin
correction by the kinetic tensor model. Analysis was performed in the face, hand and leg
regions separately, in addition to the motor cortex (pooled across all three regions), Note that
the data is presented in terms of mean (SD).

5.3.2 Quantitative T2 statistics

Fig. 5.5 and Table 5.4 show the quantitative T2 estimates for the three ROIs in the motor cortex
for both the control and ALS groups. We observe that the T2 values in all the motor cortex
regions in the ALS cohort are shorter than controls (T2™¢ = 49.76 ms vs T2*"5-% = 46 42
ms; T2 = 49.27 ms vs T2 = 46.97 ms; T2°™"°¢ = 52.38 ms vs T2*5-1¢ = 47.71
ms) but do not reach the significance threshold of 0.05. We hypothesize that a lack of
significance in individual regions reflects the heterogeneity of ALS pathology, which will be
further discussed in the following section. If we pool all three regions to form the entire motor
cortex, quantitative T2 results reveal a significant difference between the ALS and control

cohort (T2T=-Mor = 50 47 ys T2ALS-MOr = 47 03, PMO'= 0.011).
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5.3.3 Ferritin and PLP versus T2 measures

(A) EPG Model (B) KT Model
0.90 0.90 a:V2 ALS
4 o a o o:MIl_ALS
o o % :ACC_ALS
a:V2_CTL
o * 8 ° * A o:Ml1 CTL
o ° # o - a8 o & *:ACC_CTL
A Ay
g a o 9 a o
- p— L .
S % 3} 0
LCTS L e . ) N « * o S . L'CI'S . 02 ‘a O*o .
q B & g 7y Ao °
E * a © a E * A A ©
R E .
— . * a * %, = . : A ¥ *
* *
0.10 . . ‘ ‘ : . 0.10
20 5
Grey Matter T2 (ms) 3

Grey Matter T2 (ms) o

Figure 5.6: The correlation between T2 and ferritin fraction in the V2, motor cortex leg and
ACC region. (A) and (B) demonstrate the comparison between the EPG model (R =-0.21, P =
0.16) and KT model (R =-0.37, P = 0.01). Red represents control while blue represents ALS
brains; triangles represent the V2 region, circles represent the leg region, and stars represent
the ACC. Linear regression was used to fit the relationship between the two measures.
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Figure 5.7: The correlation between T2 and PLP fraction in the V2, leg and ACC regions. (A)
and (B) demonstrate the comparison between EPG model (R =-0.07, P = 0.69) and KT model
(R = -0.12, P = 0.45). Red represents control while blue represents ALS brains; triangles
represents the V2 region, circles represent the leg regions, and stars represent the ACC. Linear
regression was used to fit the relationship between the two measures.
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Figure 5.6 displays the relationship between the ferritin fraction and T2 over the regions of
interest with and without the KT model correction. Here we observe that the quantitative T2
estimates from EPG fitting without the KT correction do not strongly correlate with ferritin
fraction (R = -0.21, P = 0.16), whereas after correction with the kinetic tensor model, the
correlation is considerably improved (R = -0.37, P = 0.01). Furthermore, if we only consider
the motor cortex for our correlation analysis, the linear relationship is estimated as R = -0.53,
P = 0.04 with the KT correction, whereas for the EPG model only, R =-0.27, P = 0.33. Figure
5.7 demonstrates that the quantitative T2 derived from both EPG and KT models has a negative
correlation with PLP content (Rgpg = -0.07 and Rkt -0.12, respectively). However, both show

no significance (Pepg = 0.69 and Pkt = 0.45).

Result of GLM analysis

Beta SE t P-value

Constant 55.86 3.02 18.52 8.11E-22
PLP -3.16 5.14 -0.61 0.54
Ferritin -11.89 5.35 -2.22 0.03

Table 5.5: GLM analysis of T2 with PLP and Ferritin (pooled M1, ACC and V2 regions).
Where SE is the standard error, and t is the t-statistics.

To analyze the relative contributions of iron and myelin to T2, we constructed a generalized

linear model (GLM):
T2 = B, + B, - Ferritin + 3, - PLP (5.1)

The results are given in Table 5.5. Both PLP (S, = —3.16) and ferritin (f; = —11.89)
negatively correlate with T2 values. However, the correlation between PLP and T2 does not

PLP

reach the significant threshold (P~ = 0.54) whereas the correlation between Ferritin and T2 is

significant (P = 0.03).
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5.4 Discussion

The details of iron deposition as measured by ferritin staining (Table 5.2) do not appear to have
a simple relationship to disease stage associated with each region, with M1 expected to have
the most severe pathology and V2 the least severe. Both motor regions and V2 have more iron
deposition in ALS compared to controls, whilst the ACC has lower. The PLP statistics (Table
5.3) appear to be a more effective histopathological indicator to differentiate ALS from controls,
in particular, the PLP in the motor cortex (leg region) where P=0.006. Note that, since we have
only 3 control post-mortem brains, the statistical tests are likely underpowered. These results

are in ongoing discussion with colleagues in neuropathology.

In addition to contributing to the literature on ALS, the results presented here suggest that the
KT model presented in Chapter 4 can provide a critical correction to quantitative T2 maps
acquired in the post-mortem brain. The results in Fig 5.5 are notably different from the same
tests conducted for the EPG fitting on its own (in Fig. 3.21), where we found no statistically
significant group differences. After the KT correction, we found significant differences of T2
between patients and controls across the pooled M1 regions (P-value = 0.01). Furthermore, the
KT correction has increased the correlation of T2 with a measure of iron content, which is
known to reduce T2. This suggests that the KT correction is removing confounding variance
in T2 quantification. A small improvement is additionally observed with the PLP results,
though the results indicate that T2 measurements have a stronger and more significant negative

correlation with Ferritin (R = -0.37, P = 0.01) than with PLP (R =-0.12, P = 0.45).

The high variance across brains in measurements of Ferritin, PLP, and quantitative T2

demonstrates the heterogeneous nature of ALS (Beghi et al., 2007), namely that symptomatic
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presentation in ALS patients can vary between individuals and ALS pathology can reside in
different cortical or subcortical regions and affect different motor behaviors. Since detailed
clinical information of each brain is not available, by pooling specific regions (face, hand and
leg regions) in both the left and right hemispheres, we are able to enhance the differentiation
capacity of the quantitative T2 measures (Last two bars of Fig. 5.5). With this, we observe that
Motor

T2 measurements in the motor cortex can significantly differentiate ALS from controls (P

=0.01) in our postmortem brain samples.

The GLM results are consistent with the separate correlation tests, suggesting that ferritin is
the primary driver of variance in T2 in our data. However, it was useful to include this
additional analysis in case a more subtle relationship with PLP could be identified when

variance due to ferritin was simultaneously being taken into account, as is the case in this GLM.

5.5 Conclusions

In this chapter, we presented a correlation study between quantitative T2 and histological stains
for myelin and iron in a cohort of ALS and control brains. We found that the T2 of the motor
cortex differed between ALS and controls, a result that relied on the use of the KT correction
developed in Chapter 4. T2 had a significant negative correlation with ferritin content but not

PLP, suggesting that the primary driver of these T2 differences is iron deposition.
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Chapter 6

Summary and Future Work
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6.1 Thesis Summary

This thesis aimed to provide a T2 mapping protocol in post-mortem tissue that can be directly
compared to gold-standard histopathological staining in neurological diseases, in particular
ALS. Data of the kind presented here provide a critical link between non-invasive MRI scans
that can be conducted in vivo and biologically-interpretable but highly invasive

neuropathology.

To achieve these goals, we acquired multi-echo FSE data for the quantification of T2 at 7T.
These measurements are confounded by inhomogeneous B1 field across the scanned region of
interest, resulting in signal evolution that does not behave according to traditional mono-
exponential decay. We address this with a proposed EPG fitting method that does not assume
the B1 field is spatially homogeneous but takes B1 as a voxel-wise variable to generate the

theoretical echo signals. Specifically, we implemented a two-step fitting process, first
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calculating a B1 field alongside T2 and proton density, and then fixing a smoothed version of
this B1 field to calculate tissue T2 and proton density. The proposed method not only removes
visible artefacts in the T2 maps derived from the mono-exponential inversion method but also

simultaneously produces a B1 (or flip angle) map of the RF coil.

In addition, quantitative T2 is altered by the brain fixation process. Fixative formaldehyde
molecules reduce the tissue transverse relaxation T2, overwhelming changes due to pathology.
To correct for fixative concentration, we compare several potential models that each aim to
predict formalin distribution. This includes a heuristic method of distance-to-surface model,
alongside models that simulate formalin dynamics. The latter models can both simulate the
influx of formalin during fixation, and the outflux of formalin when brains are being prepared
for scanning. Similarly, brains can be simulated as a solid mass with only an exterior surface
(the “no hole” models) or with a ventricular space that communicates with the fluid the brain
is immersed in (the ‘“hole” models). To further improve the accuracy of the formalin
distribution simulation, we introduced the kinetic tensor model, that incorporates the DTI
derived diffusion tensor matrix voxel-wise to account for the anisotropic properties of tissue.
Compared with the T2 correction results derived from different models, we found that the
kinetic tensor model including ventricular communication provided the best simulation of
formalin dynamics as indicated by the highest T2 homogeneity within white and grey matter

regions.

Using the EPG-fitting and KT model correction, we arrived at quantitative T2 maps for a cohort
of ALS and control post-mortem brains. We found that the KT correction enabled us to

distinguish differences in T2 in the motor cortex in ALS compared to the control group.

142



Comparisons against histopathology suggest that this T2 decrease is driven by iron deposition

but with at most a modest contribution from myelin. These results show that the proposed T2

maps could be used as a practical measure for studying cortical pathology in ALS.

6.2 Future Work

In this section, I outline a few directions that may be fruitful to follow up on my doctoral

research.

6.2.1 Quantitative T1 maps
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46 Supracaloarine Cortex 19 Right Amygdala 19 Superior longitudinal fasciculus (temporal part) R
47 Occipital Pole 20 Right Accumbens
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Figure 6.1: Scatter plot comparing T1 in post-mortem brain to in-vivo reference data in cortical
(red), subcortical (blue) grey matter regions, and white matter tracts (black) regions. The y-
axis presents the in-vivo T1 data from 59 normal subjects (age 33.7 = 11.9 years. Thanks
Professor Alex Mackay for sharing the data), serving as a control value of T1, while the x-axis
is the post-mortem T1 data from our ALS brains.
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This thesis builds on an existing literature on changes to quantitative T2 in the motor cortex in
ALS. Other imaging markers that have been explored for ALS include T2* and QSM, as well
as structural alterations as reflected in T1-weighted images. However, T1 mapping has received

less attention as a potential marker in ALS.

In addition to the quantitative T2 data presented in this thesis, our post-mortem ALS protocol
also acquired multi-inversion data for quantitative T1 mapping. This presents an opportunity
to consider whether this might provide additional information about ALS pathology. I have
made initial attempts in T1 mapping using this data, with a conventional exponential inversion
recovery signal model. Figure 6.1 compares T1 data in healthy, in-vivo brains to the post-
mortem ALS brains. This scatter plot provides a simple first exploration as to whether the
motor cortex (red region 6) appears to be an outlier in the T1 scatter plot, indicating a deviation
from the general relationship between in-vivo and ex-vivo T1, but this is not observed. As with

the T2 results presented in this thesis, this could be due to the influence of formalin fixation.

Specific to T1-relevant tissue properties, fixation causes protein cross-linking that could lead
to changes in T1 (Shepherd et al., 2009). For T2 mapping, the relevant fixation property was
found to be the concentration of fixation in tissue at the time of scanning. If T1 reflects cross-
linking, we would instead hypothesize that the relevant aspect of fixation is the effective post-
mortem interval (time for the fixative to reach a voxel, which can vary by weeks across the
brain), which can also be modeled in the kinetic tensor framework. (Total time in fixative prior
to scanning would also likely be relevant to the degree of cross linking, but our scans are
conducted after months of fixation that aim to have achieved asymptotic degree of fixation.) In
addition, B1 inhomogeneity could introduce spatial variability in the fitted T1, similar to the
effects that required the full EPG model presented in Chapter 3. Indeed, the proposed EPG
fitting method and kinetic tensor model could be leveraged to address these issues in a similar

way as quantitative T2 processing.
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As a simpler approach, we considered normalization of these conventional T1 maps in each
brain by the average T1 value of the V2 cortex. If V2 is free of ALS pathology but does reflect
whole-brain variations in T1, this could put all brains in the same scale for comparison. Fig.
6.2 illustrates the results of the normalization process on one individual brain, the average ALS
post-mortem brain and the in-vivo control brains. After normalization, we find there are some
significant difference of the normalized T1 in the anterior frontal pole region and the lip region
of the motor cortex etc., however, these are preliminary findings that we have not had the
opportunity to follow up on, but which will form the basis for future work including
comparison with histopathology.
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Figure 6.2: The proposed T1 normalization (by average T1 values in the visual cortex,
highlighted by yellow circles) method in evaluating ALS pathology. (top) One example of the
normalized T1 map for MND18. (middle) The averaged normalized T1 map of the ALS cohort
brains. (bottom) The averaged normalized T1 map of the in-vivo control brains. We witness
some differences between ALS and controls in anterior frontal pole (green), posterior cingulate
cortex (red) and face region of the motor cortex (blue), etc. which need future investigation
with colleagues in neuropathology group.

6.2.2 Computation Efficiency

Future work could aim to fit the EPG model simultaneously to multi-echo (T2) and multi-
inversion (T1) data to calculate T1, T2, SO and B1 maps together with higher precision.

However, one challenge is the computation cost of the optimization process, which is high in
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our implementation of the EPG fitting process. Currently, we separate the brain volume into
slices, and each is computed with the EPG fitting model on one single cluster GPU in parallel.

Even with this optimization, the fitting takes approximately 3 hours per brain.

Machine learning techniques, such as the deep generative neural network (GNN), can
considerably reduce computation times, as is illustrated in Figure 6.3. The EPG model was
used to generate a large training dataset corresponding to the FSE signals for different values
of B1, SO, and T2. The signals are fed into the GNN, which is trained to predict the tissue
parameters. After comparing the predicted parameter set with the real parameter set, we obtain
the prediction error, which is used by a gradient descent algorithm to update weights and bias
of'the GNN to obtain better prediction performance. We built a prototype GNN with one hidden
layer, and trained it with 10,000 steps. The trained GNN produced reasonable B1, SO, T2 maps,
and shortened the computation duration by 20 times. With this particular network architecture,
the accuracy may only be good enough to serve as an initialization for a more accurate fitting
(e.g. our Nelder-Mead fitting). Alternatively, the GNN might be sufficient to replace the first
stage of fitting that is primarily used to estimate the flip angle (B1) map. In the future, we could
add more layers and units to the GNN to make it more accurate in predicting the B1, SO, T2

maps.
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Figure 6.3: A generative neural network (GNN) can be trained to compute the T2 map directly
from the measured FSE signals. Given the parameters of B1, T2 and S0, the EPG model can

modify parameters
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calculate the corresponding FSE signals. These signals can be used as a training set for GNN
network.

FlipAngle
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Figure 6.4: A comparison between our current Nelder-Mead fitting algorithm and a simple (one
hidden layer) GNN. The GNN can provide a decent prediction on the flip angle, SO and T2
maps with a 20-fold computational speed up. The GNN maps are unlikely to be of sufficient
quality in themselves, but provide a proof of principle of this approach.

6.2.3 EPG fitting with AFI B1

After acquiring the B1 map via the AFI technique(Yarnykh, 2007), we also made an initial
attempt for SO and T2 mapping by EPG fitting with the AFI B1. From the results in Fig. 3.9,
we observed that the AFI Bl map suffers from a hyperintensity band (blue arrows) and
hypointensity pits (red arrows) in the frontal region, so the derived T2 and SO contain abnormal
values in the corresponding regions. To fix this issue, we propose two methods: (1) Smooth

the AFI B1 map to remove the artefacts in B1, and then calculate T2 and SO by EPG fitting
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with the smoothed AFI_B1 map; (2) Simulate the signal evolutions of both the FSE and AFI,
and use Eq.6.1 to optimize the parameters,

[TZ, SO, Bl, T1] = aT‘g Bl"}"rzl‘l_s%'Tl(IlMerSE - SlmFSE(Bl, TZ, SO, Tl) || (6.1)

+2; [IMsryp; — Simyp,(B1,T2,50,T1)])

Where Msr represents the measured signal from the MRI scanner, Sim represents the simulated
signal from EPG, with subscripts AFI and FSE represent the signals related to AFI and FSE

sequences. A, is a weighting factor balancing between AFI and FSE.

6.3 Conclusion

In the thesis, we addressed two issues in quantitative T2 mapping of fixed post-mortem brains:
(1) using the EPG-fitting method to address B1 inhomogeneity; (2) using the kinetic tensor
model to remove the influence of formalin on T2 maps. These two methods can be incorporated
into other MRI applications (e.g. for various imaging modalities and neurological disorders)
and integrated with many advanced algorithms (e.g. Bayes, convolution network, nonlinear
algorithms etc.). With these two methods, we demonstrated that quantitative T2 mapping may

provide a non-invasive marker of cortical iron deposition in ALS.
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