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SUMMARY

Diffusion magnetic resonance imaging has been widely used to study white matter
diseases due to the ubiquity and its non-invasive nature. Amyotrophic lateral sclerosis (ALS),
characterized with white matter track damage, is a progressive motor neuron disease in brain and
spinal cord with an unknown etiology. Most of diffusion MRI studies focused on altered water
diffusion properties in white mater. Nevertheless, Irena Niebroj-Dobosz and coworkers
associated this disease with myelin changes [1]. Thus, the white matter damage might be
reflected by the changes of myelin diffusion behaviors that are highly critical, but rarely studied.
Furthermore, diffusion MRI studies on spinal cord, the typical onset area in ALS, can play an
important role in assessing the disease progression, revealing etiology and monitoring treatments.

This thesis aims to characterize white matter damage in a murine model of ALS by
analyzing the diffusion properties of myelin using ultra high b-value (up to 8.58 x 10° s/mm?)
diffusion MRI. All MRI measurements were performed using a 9.4 T MRI scanner (Agilent,
Santa Clara, CA). Stimulated echo acquisition mode sequence was employed with diffusion
gradients applied in parallel and perpendicular to the long axis of spinal cord of symptomatic
G93A-SODI1 and wild type animal groups respectively. Fast spin echo sequence was employed
for anatomical images (T, weighted). Three diffusion models, bi-exponential, continuous-time
random walk (CTRW) model and bi-component model combining CTRW and mono-exponential
models were used to analyze the data. Axonal fiber morphology and integrity of the spinal cords
were validated by histological analysis. We found differences of signal intensities at lumbar level
between diseased and control animals and diffusion-weighted signal decay varied with the

diffusion weighting direction relative to spinal nerve fiber orientation on high b-value diffusion-

XV



weighted images. Additionally, we found the bi-component model demonstrated the best fit
among the three models.

In summary, this work has demonstrated the feasibility of diffusion MRI at high b values
to evaluate spinal cord alterations in a symptomatic mouse model of ALS. In addition, high b-
value diffusion MRI has potential to evaluate spinal cord alterations in other diseases associated
with white matter damage. Further studies of building new models to differentiate the

progression of disease are needed.

XVi



1. INTRODUCTION

1.1 BACKGROUND

Since the first images were acquired by Paul Lauterbur in 1973, magnetic resonance
imaging (MRI) has been well developed and applied widely in clinical diagnosis [2]. Although it
was developed most recently compared with X-ray/CT, Nuclear Medicine and Ultrasound, MRI
has become one of the safest and most common imaging modalities since it has good soft tissue
contrasts, a noninvasive nature and multi-planar visualization of whole body [2]. By 2010,
approximately 30 million MRI scans were done world widely by tens of thousands of researchers
and radiologists, and the annual number of publication regarding to nuclear magnetic resonance
(NMR) and MRI increased to 35,000 [3]. Nowadays it has various contrast mechanisms, such as
proton density, spin-lattice relaxation (T;), spin-spin relaxation (T,), chemical exchange
saturation transfer (CEST), magnetic resonance elastography (MRE) and diffusion MRI.
Diffusion MRI is one of the most important and widely used technologies. It uses the Brownian
motion of water molecules as a probe to detect the microstructure of biological tissues. More and
more models and methods based on diffusion MRI are developed and studied, for example,
mono-exponential model, bi-exponential model, fractional order calculus (FROC) model,
continuous-time random walk (CTRW) model, intravoxel incoherent motion imaging (IVIM),
diffusion tensor imaging (DTI), diffusion kurtosis imaging (DKI), and diffusion spectrum
magnetic resonance imaging (DSI).
1.2 MOTIVATION

For most of diffusion MRI applications, b value, a factor decided by diffusion time,

strength and duration of gradients, is less than 6000 s/mm”. This limits the diffusion MRI studies



on water diffusion behaviors. Nevertheless, in the diseases associated with white matter damage,
altered myelin diffusion properties can directly reflect changes in spinal cord. The overall goal of
this study is to investigate the feasibility of high b-value diffusion MRI to evaluate white matter
damage in spinal cord.
1.3 THESIS OBJECTIVES

To meet the overall goal, the study includes three specific aims:

Specific aim 1 To investigate the differences of signal intensities between control and
diseased animals of ALS in diffusion weighted images at high b values.

Specific aim 2 To develop a diffusion model to describe the diffusion properties of
myelin and changes at white matter track damages from the data acquired at multiple b values.

Specific aim 3 To apply the developed diffusion models for differentiating and

quantifying the white matter changes in a murine model of ALS.



2. MAGNETIC RESONANCE IMAGING

MRI is an image technology based on nuclear magnetic resonance (NMR) phenomenon
that was discovered by Isidor Rabi in 1938 and the spatial information encoding developed by
Paul Lauterbur in 1973, MRI [4]. Compared with other imaging modalities, MRI can obtain not
only multidimensional images, but also 2D and 3D images at any orientation. Like positron
emission tomography and single-photon emission computed tomography, MRI is a form of
emission tomography, which means MR signals were directly collected from the object itself [4].
However, there is no need to inject radioactive isotopes into the object to generate MRI signals
[4]. Moreover, excitations of NMR phenomenon are at radio-frequency (RF) range, which means
there is no ionizing radiation during the acquirement [4]. Thus, MRI is known as a safe imaging
modality with no nonradioactive risk and ionizing radiation.

2.1 FOUNDAMENTALS OF NMR

2.1.1 Nuclear Magnetic Moment

It’s a good start to understand NMR phenomenon with Felix Bloch’s theory that a
spinning charged particle, like any spinning charged object, creates an electromagnetic field,
which is as similar as surrounding a microscopic magnetic bar [4, 5]. Physically, a spinning
charged particle can be regarded as a vector i, known as nuclear magnetic dipole moment or
magnetic moment [4].

Multiple nuclei (charged particles) can be used for MRI, such as proton ('H), "°C, "F and
3P, Also, there are multiple nuclei cannot be used for MRI, such as 12¢, 0, and *S. Proton is

the most commonly used nuclei due to its abundancy in body.



2.1.2 Nuclei in Magnetic Field

Since the magnetic moment (i is a vector, it has both magnitude and orientation. The
magnitude is fixed for a certain condition. The orientation is completely random if there is no
external magnetic field due to thermal random motion, as shown in Fig 2-1 (A). Nevertheless,
when there is an external magnetic field (By), the magnetic moment g will point at two

orientations, parallel with or antiparallel with the external magnetic field, as shown in Fig 2-1

(B).
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Figure 2 - I spinning charged particles, (A) the magnetic moment u pointing randomly and (B)

the magnetic moment u pointing parallel with or antiparallel with the external magnetic field.

The number of protons in parallel state or in antiparallel state is depended on By value,

type of nuclei and temperature:

Nantiparallel _ 4 _ [M] (2-1)

Nparaiiel 2mkT



where y is gyromagnetic ratio, h is Planck’s constant (6.63 x 10°* J s), k is Boltzmann’s
constant (1.38 x 107 J/K) and T is the temperature in Kelvin [2]. The difference between
Nparattet and Ngntiparaiier €an be denoted as:

_ . ]/hBO
Nparallel _Nantiparallel - Ntotal 4nkT (2'2)

Although the protons in parallel state are more energy ‘favorable’ than them in antiparallel state,
the difference between them is trivial [2]. For instant, in 1.5 T magnet and room temperature
300K the difference rate is 5.114 X 107°, as shown in Eq 2-3, which means that there are
approximately five in a million protons for generating MR signals. Thus, NMR has a low-
sensitivity.

Y
Nparallet—Nantiparallel _ YhBy _ EhBO 4258 10°Hz/T x 6.63 X 10734 J's X 1.5 T

Ntotal 4TTKT 2kT 2 X 300K x 1.38 X 10723 J/K

=5.114 X 1076 (2-3)

Furthermore, with an external magnetic field (By), protons will not only point at two
orientations, but also doing circular motions around z-axis with a certain angle. Nuclear

precession is introduced to describe these motions, as shown in Fig 2-2.

X
Figure 2 - 2 Precession of a nuclear spin in an external magnetic field is similar to a circular

motion around z-axis.

To specify precession, angular frequency and left-hand rule are used. Angular frequency of

nuclear precession is defined as:



wo =YByg (2-4)
which is also known as Larmor frequency. The left-hand rule is used to decide precession
direction. That is, put the left thumb point along B, direction and the other four fingers show the
precession direction [4].

2.1.3 Net Magnetization

To describe all protons in an object, net magnetization defined as the sum of all the
individual magnetic moments /i is introduced:

M= ¥N_, i, (2-5)

where N is the total number of protons [4]. Also, the net magnetization M points along B,
direction. Moreover, there is zero transverse component of net magnetization due to random
phases of precession of single magnetic moment, although the transverse component exists for
each magnetic moment due to the certain angle of precession [4].
2.1.4 RF Excitation

In system that all spins precess around B, field, if an oscillating magnetic field §1 (t) is
applied with the same frequency as precessing spins, the energy of §1 (t) will be absorbed. This
external energy should be equal to the difference between these two states:

E.r = AE = yhB, (2-6)
Since the energy that carries by electromagnetic radiation at frequency (w,.f) is defined as:
Eyf = hw,s (2-7)
, when the frequency (w,r) of electromagnetic radiation at frequency equals to frequency of spin
precession (w)
Wyr = wo (2-8)

a coherent transition will be induced, which is known as the resonance condition.



The B, (t) field can be denoted as RF pulse due to its short turn-on time, normally a few
microseconds or milliseconds [4]. Also, the strength of this field is much smaller than B, field,
normally dozens of Gauss. The B;(t) field is consisted of a pulse envelope function and
excitation carrier frequency:

By (t) = 2B,°(t)cos (w,st + @)D (2-9)
where B,°(t) is the pulse envelope function, w,s is the excitation carrier frequency, ¢ is the
initial angle and ¥ is the direction that B, (t) field is added [4]. The envelope function B, °(t) is
vital to RF pulse because it is decided the shape and duration, which means its excitation
properties [4]. For instant, short rectangular pulses, as known as hard pulse, can excite a wide
range frequency in the spin system. On the other hand, pulses with long bandwidth are often
called soft pulses because they only excite a narrow band of frequencies.

2.1.5 Rotating Frame of Reference

To simplify modeling the precession, a new frame rotated simultaneously with precession
at Larmor frequency w is introduced [5]. Within the rotating frame, object precessing at w,
remains stationary as shown in Fig 2-3 (A) (B) [2]. When a B, (t) field applied, it looks like a
simple arc from z-axis into x-y plane within the rotating frame, as shown in Fig 2-3 (C) [5].
Comparing to the orthogonal axes x, y and z in laboratory frame, x', y’ and z’ has been used to

denote the orthogonal axe in rotating frame. The corresponding unit vectors in rotating frame are
l_;, 7 and E’), which are defined as

U= cos(wt) T — sin (wt)]

7 = sin(wt) T + cos (wt)]

K=k (2-10)



where 7, jand k are the unit vector in laboratory frame and w is the rotating frequency. When
W = W, the rotating frame is called Larmor-rotating frame. When w = w,f, the rotating frame

is called RF-rotating frame. When w, s = w, they are same.

- B, field

x x'

laboratory frame rotating frame

(A) (B) ©)
Figure 2 - 3 Rotating frame, (A) a vector precesses at frequency wgin laboratory frame, (B) a
vector precesses at frequency g in rotating frame at the same frequency and (C) simple arc

visualized in rotating frame.

2.1.6 T; and T> Relaxation
If the §1 (t) field is applied on a spin system in B, field, the net magnetization M will be

like a vector precessing around §1 (t) in rotating frame. The angular frequency w; of the
precession is defined as
w1 =YBy (2-11)
Normally, the precession around §1 (t) is unnecessary but a desired flip angle « is needed. The
flip angle is defined as
a=wT=yBtT (2-12)
where 7 is RF excitation duration. Commonly, the RF pulse that can flip M from z'-axis to y'-

axis in rotating frame by a angle are called a pulse, such as 90° or % pulse rotated M by 90°.



Since excited state is not a favorite state, the spin system will return to ground state after
an a pulse by emitting RF waves that carries the extra energy. The phenomenon of returning to
ground state is known as relaxation. Also, the relaxation can be separated into two independent
processes regarding to z axis component and x-y plane component respectively. T;-relaxation,
also called spin-lattice relaxation, indicates z axis component recovery and T,-relaxation, also
known as spin-spin relaxation, indicated x-y plane component decay. T; and T, are used to
denote the time for the two relaxation processes respectively. Generally, T, is much longer than
T, and different tissues have various T,s and T,s as shown in Table 2.1 [2].

Table 2. 1 Tissue relaxation time at 3T

Brain Brain Skeletal Lipid
Liver Cartilage
(White Matter) | (Gray Matter) Muscle | (Subcutaneous)
T (ms) 1100 1600 800 1420 360 1240
T, (ms) 60 80 40 30 130 37

2.1.7 Free Induction Decay

The x-y plane component of net magnetization (I\_/I)Xy) is decaying over T relaxation. This

decay causes a time-variant coherent magnetic field that can induce an electric and magnetic
field (emf) in coils wrapped up on the x-axis and y-axis [6]. This is known as Free Induction

Decay (FID). The emf in coils are recorded as FID signals which is primary NMR signals. To

maximize the signals, % pulse is optimum because it tips M down into x-y plane where the Mxy

1s the maximum.



2.2 PRINCIPLES OF MRI

The NMR signals are contributed from an entire subject. To generate an image, a spatial
encoding is needed. In 1973, Paul Lauterbur acquired the first images by employing three linear
magnetic field gradient coils to encode spatial information in spins [7].

2.2.1 Magnetic Field Gradient

Three sets of magnetic field gradients are required in MR image acquisition: slice-
selective gradient, frequency-encoding gradient and phase-encoding gradient [4].

The slice-selective gradient, as the name implied, is used with RF excitation to excite a
certain slice of spins. Specifically, linear magnetic field gradient coils generate a gradient in B,
field along a certain direction [4]. According to the definition of Larmor frequency, Equation (2-
4), the angular frequency of nuclear precession becomes

w(z) =y(By + Gss(t) " 2) = wo + v " Ggs(8) - 2 (2-13)
where G (t) is a time-dependent function of gradient and z is the position along a certain
direction [4]. For instance, if the position is in the center of the gradient, z = 0 and the w(z) will
equal to w,. If the position is at the edge, z will be positive or negative maximum and w(z) will
not equal to wy but have the maximum difference of y - G4(t) - z. Therefore, the spatial
information along the certain direction is encoded in w(z). Correspondingly, the RF excitation
frequency w, s changes with positions, which means a certain w, will excite only a certain slice
instead of the entire subject.

Similarly, frequency-encoded gradient uses the gradient Gg.(t) to encode spatial
information along a certain direction in the slice that selected by the gradient Gg¢(t). The Larmor
frequency at position x is

w(x) = wg+7y - Gre(t) x (2-14)
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Unlike the slice-selective gradient, frequency-encoded gradient encodes the spatial information

along x into the FID signal S(t), as shown in

S(t) = f_wmp(x)e"iy'cfe(t)'x't dx|- e Wot (2-15)
where p(x) is the proton density in slice [4]. After removing carrier frequency e ~*ot, Equation
(2-15) is rewritten as

S = [, p(x)e™ ¥ Ore=t dx (2-16)

The gradient G, (t) makes local spins out of phase coherence, which means the signal with the
gradient G, (t) decays faster than them without a gradient [4].

Same as frequency-encoded gradient, phase-encoded gradient encodes spatial

information along y into the FID signal S(t), as shown in [4]

S@) = |, p()e ¥ re®Y e dy | - gmiwot (2-17)

—iWOt

Also, carrier frequency e can be removed and Equation (2-17) is rewritten as

S@) = [ p(y)e 1 Gre®xTpe gy (2-18)

where 7, is the duration of frequency-encoded gradient turned on. Since spins dephase with the

gradient turned on for a certain time, the spins will have different phases if gradient is turned off.

The various phases carry spatial information along phase direction and are recorded by coils [4].

2.2.2 The k-space
k-space is a data space where the measured MRI signals are stored. The values in k-space

are spatial frequencies, which can be described as
S (ks fey) ¢ [y PO ¥)E 2T 725 dixdly (2-19)

where k, and k,, are defined as [2]
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|4

kx = % Gxt
_ Y
ky = -Gy Tye (2-20)

Multiple trajectories are used to fill these signals in k-space, such as Cartesian raster, radial,
zigzag and spiral [8]. There is no perfect trajectory. Instead, each trajectory has its own
advantages and disadvantages. Selection of a desired trajectory depends on the sequence and
application. For instance, echo planar imaging (EPI) is used commonly in functional MRI (fMRI)
and zigzag trajectory is employed due to the its fast speed. Generally, Cartesian raster is the most
popular used one due to less artifacts. In this case, all lines are paralleled and each of them is

corresponded to a readout on a certain initial phase.

2.2.3 Image Contrast
Signal-to-noise ratio (SNR) is critical for image contrast because it describes the relative
contributions of true signals and noise [9]. High SNR, therefore, is always desired. The most

commonly used SNR calculation is

S

SNR = — (2-21)
where S is signal intensity of a pixel, 0,,,;s. 1S the standard deviation of background [2].
Generally, there are several factors affected SNR,
SNR o (ﬁ . Az) Y (2-22)
x Ny BW

where FOV, and FOV,, are the field of view of frequency-encoding and phase encoding direction,
N, and N,, are the numbers of frequency-encoding and phase encoding steps, NEX is the number
of excitations, BW is full bandwidth and Az is slice thickness. Thus, a desirable SNR can be
acquired by optimizing the parameters in Equation (2-22).

Contrast-to-noise ratio is another crucial concept that need to be considered, defined as
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CNR = 248 = 5458l _ |oNR, — SNR,| (2-23)

Onoise Onoise
where 4 is the image contrast, S, is the intensity of tissue A, Sg is the intensity of tissue B and
Onoise 15 the standard deviation of background [2]. So, CNR is depended on both SNR and
spatial resolution that is related to the smallest distance between two features [2]. High CNR is
also desired. There are multiple ways to generate MRI contrast, such as T;, T, blood oxygen

level- dependent, chemical exchange, and diffusion.
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3. DIFFUSION MAGNETIC RESONANCE IMAGING
In MRI, diffusion as a contrast mechanism is mainly based on the Brownian motion of
water molecules. For example, when ink drops into a cup of water for a couple of seconds, the
center of the ink droplet remains the same position but its sphere shape gets bigger due to
Brownian motion of water molecules, which is known as isotropic diffusion as shown in Fig 3-1
(A). If there are some micron scaffolds in the water, the droplet shape will not be sphere due to
the restrictions from the scaffolds. Instead, the shape will be ellipsoid whose long axis is along

the fiber direction of the scaffolds, which is known as anisotropic diffusion as shown in Fig 3-1

(B).

N

(A) (B)

Figure 3 - 1 Water molecules diffusion, (A) isotropic diffusion and (B) anisotropic diffusion.

Diffusion carries information of micro environment of molecules. That is, the diffusion diameter
will be larger with less restricted environment, and vice versa. Also, diffusion along several
certain orientations (at least 6 directions) can show a fiber track map.

There are other water motions affected MRI, bulk motion of water molecules and flow.
The former describes the water moved with an entire object movement. It will cause several
artifacts, such as image blurring and ghosting. The latter defines the case that the center of
diffusion moves with time without an entire object movement. In high speed flow, such as large

arteries, the water molecules that have been excited are flushed away from the excited slice. So,
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no signal will be acquired, which doesn’t affect diffusion measurements for the slice. In a slow
speed flow that the excited water molecules stay in the slice and diffusion of them is slow
enough, the water molecules motion is depended on both flow and diffusion, which is known as
perfusion. When diffusion of the excited water molecules is large enough, flow doesn’t affect the
water molecules motion, which means only diffusion is considered for the motion.
3.1 BASICS OF DIFFUSION MRI

Although diffusion MRI is known as a family of techniques including diffusion weighted
imaging (DWI), diffusion tensor imaging (DTI), quantitative mapping of diffusion coefficients,
DWI is the basis of other techniques. To acquire diffusion weighted images, a diffusion-
weighting gradient pulse is employed. It consists of a pair of gradients to dephase and rephase
spins in a certain orientation. The dephasing gradient introduces a phase difference ¢ (x) along
this direction, as illustrated in

P(x) = er6ars (3-1)

where x is the distance, G4f is diffusion-weighting gradient strength and § is applied duration,
also as known as pulse width. During a time interval A, as known as diffusion time, spins
diffused. The population of diffused water molecules at location x at the time point t is defined

as

P(x,t) = m/lﬁe-xz/szz (3-2)

where o is the mean diffusion distance that is defined by Einstein’s equation as

o =2DA (3-3)
where D is diffusion constant. Substituting Equation (3-3) into Equation (3-2), the population is
—_1 -x%/apt -

P(x,t) = NrErTed (3-4)
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Since the rephasing gradient refocuses the stationary spins, the signal S’ from diffused water

molecules is defined as

S = [, Pt) @(x)dx = [ ——=e ¥/t gWlard¥y = g7V Cas 0L (3.5)

After simplification, Equation (3-5) is rewritten as
S/ = o~ V?*Gar*8%DA (3-6)
Since S’ is normalized but the acquired signals have intensities, the signal S with diffusion
gradient is defines as
S=5,-S = S,-e ¥ Car 8200 (3-7)
where S, is the signal without a diffusion-weighting gradient. Equation (3-7) is built on an
assumption that pulse width (§) is small enough to be neglected. However, in practical, it is
relative long (5-30ms) regarding to molecule diffusion, which means it has to be considered [10].

Therefore, the signal S is redefined as
S=5,- e—yzGdf262(A_5/3)D (3-8)
To simplify Equation (3-8), b is defined as
b= yZGdf262(A - 5/3) (3-9)
Thus, the signal S can be written as
S=5,-e PP (3-10)
The unit for b calculated from Equation (3-9) is s/mm?®. Since b and D are reciprocals, the unit of

D is mm®/s. The apparent diffusion coefficient (ADC) values of tissues at 1.5 T are shown in

Table 3.1 [11, 12].
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Table 3. 1 Apparent diffusion coefficients (ADCs) within tissues at 1.5 T

Brain Brain
Brain
(Cortical (Deep Gray Liver | Kidney | Pancreas
(White Matter)
Gray Matter) Matter)
ADC
0.78-1.09 0.64-0.83 0.62-0.79 1.4-1.8 | 1.8-2.2 | 1.08-2.65
(x 1073mm2/s)

Only the spins along diffusion-weighting gradient G4 are dephased, so the diffusion
along G4f is measured. That is, the gradient orientation decides the diffusion direction that is
measured. In most cases, the orientation is arbitrary. Nevertheless, the orientation matters in
some studies, for example, DTI and high b diffusion in spinal cord in this study.

3.2 DIFFUSION OF MACROMOLECULES

Besides water diffusion, small and large size molecule diffusion can be used as probes to
study the metabolisms that they take part in. For instance, lipids become a hot topic because they
are metabolic active and play very important roles in obesity and diabetes [13]. Since diffusion
of lipid is decided by molecular weight, droplet size, temperature and microenvironment, the
diffusion properties reflect the differences in tissues [14, 15]. Moreover, the diffusion behaviors
of lipid are largely different from water diffusion because lipids have lower diffusivities due to
large molecule weights and more restricted environments [15]. Therefore, lipid diffusion
behaviors can be studied at a very high b value that most of water diffusion signals are decayed

away.
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3.3 DIFFUSION MRI PULSE SEQUENCES

Since a diffusion-weighting gradient can be incorporated into any kind of pulse sequence,
plenty of the combinations are used, such as spin echo, fast spin echo, single-shot echo planar
imaging (EPI), stimulated echo acquisition mode (STEAM), steady-state free precession (SSFP),
and gradient and spin echo (GRASE) diffusion-weighing pulse sequence [8]. Generally, the spin
echo sequence with appropriate gating for respiration/electrocardiograph (ECG) or a navigator
echo provides high-quality diffusion weighted images with minimum artifacts [8]. Nevertheless,
it is not common used due to a long acquisition time. Instead, fast spin echo and EPI based
diffusion-weighting pulse sequence are popular. However, both of them have their own
disadvantages, such as reduced SNR due to large effective echo time (TE) in a long echo train
length (ETL) that inherited from fast spin echo and enhanced eddy current artifacts due to system
imperfection in single-shot EPI.

STEAM incorporating diffusion-weighting gradient is common used in high b-value
diffusion, in ex vivo studies and in tissue with short T, due to relatively long time t,, for

molecules diffusion, as shown in Fig 3-2 [16, 17].
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Figure 3 - 2 A diagram of STEAM based diffusion-weighting pulse sequence.

Specially, a high b-value can be achieved by large diffusion gradient strength G, pulse width &
and diffusion time A, as illustrated in Equation (3-9). The first two variables are hard to be large

enough to meet requirement due to hardware limitations and short TE. The diffusion time A,

therefore, becomes a desirable variable to increase the b-value. However, the popular diffusion-
weighting pulse sequences based on fast spin echo and EPI cannot achieve a long diffusion time,
since they are depended on T, or T," decay. Instead, 7,,, in STEAM sequence that is depended on
T, relaxation enables long diffusion time [18]. Therefore, STEAM sequence is suitable for
tissues with short T2 [16]. Yet, STEAM based diffusion-weighting pulse sequence has some
disadvantages. For example, it is the trivial in spin echo based diffusion sequence that a crusher
before slice gradient contributes to dephasing as same as a diffusion gradient, but unneglectable
in STEAM based diffusion sequence due to long diffusion time. According to the definition of b-

value, as illustrated in Equation (3-9), the small difference between b values calculated by Gy

and G4;' that considers the contribution of the crusher is enlarged by multiplying a larger
diffusion time A.

3.3 DIFFUSION MRI MODELS

As mentioned in section 3.1, quantitative mapping of diffusion coefficients is one of the
diffusion MRI techniques to analyze diffusion properties. A Gaussian or non-Gaussian model is
applied to represent data in DW images for multiple b values (at least two b values) at the same
position. Gaussian diffusion is the most widely used model. However, in practice, diffusion
cannot be simply represented by Gaussian model because the microenvironment in biological

tissues is too complex to be reflected and evaluated a mono-exponential decay, bi-exponential
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decay and tri-exponential decay. Thus, non-Gaussian models supported by different physical
insights were developed, such as the stretch model, fractional order calculus (FROC) model,
continuous-time random-walk (CTRW) model, fractional motion (FM) model and kurtosis
model.

In addition, IVIM introduced by D. Le Bihan in 1988, includes two components in decay
curve that are respectively corresponding to perfusion and diffusion have different decay
manners. The perfusion decays faster and diffusion decays slower. A bi-exponential model,

therefore, has been built, as illustrated in

= fre P14 (1—f)-e PP (3-10)

S

So
where f is the volume fraction between diffusion and perfusion, D; and D, are diffusion constant
respectively corresponding to diffusion and perfusion [19]. A set of bi-exponential decay curves
are shown in Fig 3-3 (B). Furthermore, bi-exponential theory has been extended to applications
with intracellular and extracellular components [20].

However, in some cases, the fraction f in bi-exponential model is too flexible to hit the
true value [21]. Thus, more sophisticated models have been developed to reflect the complicated
microenvironments by diffusion properties. The stretched exponential model denoted as
Equation (3-11) has been introduced to account for heterogeneity caused by multiple components

of water diffusion in brain,

S = emoD)" (3-11)

So
where a is a measure of tissue complexity and D is diffusion constant [22]. A set of stretched
exponential decay curves are shown in Fig 3-3 (C). The stretch model has been used in brain

studies, prostate cancer, liver fibrosis and nasopharyngeal carcinoma [23, 24, 25, 22, 26].
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Furthermore, the FROC model denoted as Equation (3-12) has extended the stretch model using
fractional order calculus to solve the Bloch-Torrey equation regarding time and space,

S — o~ PDpu? /o)) F (3-12)

So
where f is fractional order derivative in space and u is a spatial parameter [27, 28]. A set of
FROC model curves are shown in Fig 3-3 (D). FROC model has been used in brain tumor and
breast lesion [29, 30]. Moreover, its associated model known as CTRW model, as denoted in
Equation (3-13), has been built to generalize the random walk (RW) model that derives the

feature of Brownian motion in practice,
s
5. = Ea(-(bD)P'%) (3-13)

where E is Mittag-Leffler function, @ and [ are spatial and temporal fractional orders [21, 31,
32]. If only Gaussian diffusion and sub-diffusion properties of white matter (WM) and gray

matter (GM) are considered, Equation (3-13) can be further condensed as [21],

% = E,(—bD) (3-14)
A set of CTRW model curves are shown in Fig 3-3 (E). CTRW model has been used in
identifying differences between low-grade and high-grade brain tumors in children [33].

Additionally, more models are used to target to specific cases, such as tri-exponential

model in the liver, as denoted in
—=f1'€_bD1+f2'€_bD2+f3'e_bD3 (3'15)

where the summation of f;, f, and f5 is 1 [34]. A set of tri-exponential curves are shown in Fig

3-3 (F).
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Figure 3 - 3 Simulation curves: (A) Simulation curves of mono-exponential model, (B)
Simulation curves of bi-exponential model, (C) Simulation curves of stretch model, (D)
Simulation curves of FROC model, (E) Simulation curves of CTRW model and (F) Simulation

curves of tri-exponential model.
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4. Diffusion MRI for characterizing white matter damage in ALS mouse model at High-b

values

4.1 INTRODUCTION

White matter (WM) is composed of axons wrapped by myelin sheaths and located in
brain and spinal cord [35]. Myelin, a complex fatty substance consisting of multiple lipid
bilayers, is originated from myelin-generating cells that are Schwann cells in the peripheral
nervous system and the oligodendroglial cells in the central nervous system [35, 36]. Damage of
myelin sheaths is related to some neurodegenerative diseases, such as multiple sclerosis, multiple
system atrophy and amyotrophic lateral sclerosis (ALS) [37, 38].

ALS is a fatal motor neuron disease and its etiology remains unknown [39]. It is
characterized degeneration in upper and lower motor neurons located in primary motor cortex,
brainstem and spinal cord [39, 40]. Clinically, ALS begins with muscle weakness that affects
moving, talking and chewing or swallowing and then causes loss of mobility [41]. Ten percent
(10%) of ALS cases are inheritable; that is known as familial ALS and ninety percent (90%)
cases are not inheritable, as known as sporadic ALS. Many gene mutations contribute to develop
this disease, such as superoxide dismutase 1 (SODI), repeat expansions in gene encoding, TAR
DNA-binding protein 43 and fused in sarcoma/translated in liposacoma [42]. The SODI
mutations cause approximately 20% of familial ALS are one of the most frequently studied
animal model in ALS, [43]. Specifically, SOD1 gene encodes a 153 amino acid metalloenzyme
that catalyzes, with copper, the conversion of toxic superoxide radicals to hydrogen peroxide and
oxygen [43, 44]. G93A-SODI that is replaced alanine by glycine at residue 93 is the mainly used

mutant and shows hind limb weakness leading to paralysis and death [43, 44]. In addition, an
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increasing number of variants of the original G93A-SOD1 animal models have been recently
published (G93A, G37R, G85R and D90A) [43].

The diagnosis of ALS is based on the combination of clinical symptoms and
examinations of upper motor neurons and lower motor neurons including electromyogram and
nerve conduction studies, proton magnetic resonance spectroscopy (‘H-MRS), MRI and genetic
testing [41]. In 'H-MRS diagnosis, it has been demonstrated that N-acetylaspartate decreases and
choline increases in both of basal ganglia and thalamus in ALS patients compared with controls
[39]. In MRI, various techniques have been used, such as conventional MRI, functional MRI
(fMRI), magnetization transfer (MT) imaging and diffusion tensor imaging (DTT) [40]. Although
earlier studies have shown signal intensity changes along corticospinal tract (CST) by To-
weighted, proton-density weighted MRI and T,-weighted fluid-attenuated inversion recovery
imaging, conventional MRI techniques suffer from low sensitivity in ALS detection [45, 46, 47,
48]. Moreover, Bahram Mohammadi and coworkers have demonstrated changes in premotor
cortex as well as a reduction of activity in the default mode network in ALS patients by resting-
state fMRI [49]. MT imaging studies that provide a better sensitivity and specificity have
illustrated a significant reduction of MT ratio in CST from ALS patients [50, 51, 52]. On the
other hand, DTI has become a popular MRI diagnosis approach, due to its relatively easy
implementation in clinical settings. Some studies have been reported decreasing fractional
anisotropy (FA) and increasing mean diffusivity (MD) along CST in ALS patients [53, 54, 55].
More remarkably, correlations between DTI parameters and the measure of the disease severity
and duration has been built [53]. However, the correlation and MD has not demonstrated been

reliable or consistent across other studies [56, 57].
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The current DTI for ALS exploit directional restricted diffusion of water as a contrast.
Nevertheless, there are few diffusion studies of myelin, the damaged site of white matter disease.
Myelin is composed chiefly of large molecules, such as lipid and lipoproteins. As mentioned in
section 3.2, diffusion behaviors of macromolecules vary with plenty of factors. Thus, myelin
damage in ALS potentially reflect in altered diffusion properties. However, there are few studies
on myelin diffusion properties in ALS. Additionally, low diffusivities of lipids make signal
intensities of myelin high enough to be detected under ultra-high b condition. The hypothesis of
this study is that high b-value diffusion MRI can be used to evaluate alterations of the spinal cord

in a transgenic mouse model of ALS (G93A-SOD1).
4.2 MATERIALS AND METHODS

4.2.1 Sample Preparation

Based on genotyping protocols, two groups of animals were bred for this study: An ALS
mutant group (G93A-SODI) (n = 5) and a wild type control (WT) littermate mice group (n = 6)
Mice in both groups were euthanized by CO; inhalation and transcardially perfused with
phosphate buffered saline (PBS) and 4% paraformaldehyde (PFA) solution when they reached
their symptomatic stage, at postnatal day 150 (P150).
4.2.2 MRI Scans

All MRI measurements were performed using a 9.4 T MRI scanner (Agilent, Santa Clara,
CA) and, in each scan, two mice were carefully aligned and simultaneously scanned to get the
two spinal cords in the same image.

A diffusion weighted STEAM sequence (Fig 4-1) was applied with following parameters:
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Table 4. 1 Acquisition parameters of diffusion weighted STEAM sequence

TR TE A A | Field of view (FOV) | Slice thickness
Matrix size | Average
(ms) | (ms) | (ms) | (ms) (mm) (ms)

2000 | 30.5 | 400 | 11 32x50 1.5 64 x 96 25

The resolution of the diffusion weighted images was 0.5 X 0.52 X 1.5 mm. Thirty (30) b-values
were applied ranging from 0 to 858,022 s/mm” with a maximal diffusion gradient strength of 50
Gauss/cm. Two diffusion gradient directions, parallel and perpendicular to the long axis of the
spinal cord, were applied. The total scan time for diffusion weighted images was 23 hours 28

minutes each time.
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(B)
Figure 4 - 1 Diagram of the STEAM based diffusion-weighting pulse sequence in the direction (4)
parallel to the long axis of the spinal cord and (B) perpendicular to the long axis of the spinal

cord.

Fast spin echo sequences with parameters: TR/TE = 1000/12 ms, echo train length = 8,
matrix = 192 x 256, FOV = 36 x 50 mm, slice thickness = 1.5 mm, averages = 2, were employed
to acquire T, weighted images. The total scan time for T, weighted images was six minutes and
27 seconds each time.

4.2.3 Image Analysis

Image analysis was performed in Matlab (R2016a, MathWorks). The regions of interest

(ROIs) manually drawn at lumbar level from spinal cords of both diseased and control mice.

Signal-noise-ratios (SNRs) were calculated from the ROIs by

SNR = Smﬂ (4_1)

Onoise

where S;,0q4n Was the mean image intensity in ROI and 0,,,;5, Was the standard deviation of the
ROIs drawn at four corners on the image. Two common diffusion models, bi-exponential
(Equation 4-2 (a)) and CTRW (Equation 4-2 (b)) model, were applied to the ROIs at lumbar

level and voxel-wisely in spinal cord,

Si = f-e PPrast + (1 — f) - e PPstow (4-2 (a))

0

& = Ea(=bD) (4-2 (b))

where S and S, were the signal intensities with and without diffusion gradient applied, f was the
volume fraction between fast decay component and slow decay component, Drqs was the

diffusion fast decay component, D, was the diffusion constant of slow decay component, E
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was Mittag-Leffler function, D was the diffusion constant and & was temporal fractional order.
Moreover, a bi-component model combining CTRW and mono-exponential model was built and

evaluated, as denoted in

o = Ea(=bDpaqt) + (1= f) - e™Pstow (4-3)
The least square curve fitting algorithm (Isqcurvefit) was used for nonlinear fitting. For bi-
exponential model fitting, two methods were used. One was 1-step fitting which fitted all three
parameters, f, Dsqse and Dy, into the least square curve fitting algorithm. The Dy, initial was
evaluated by a mono-exponential model using the data points with b value from 0 to 34, 321
s/mm’. The Dy, initial was evaluated by a mono-exponential model using the data points with
b value from 308, 888 to 858,022 s/mm” and the f initial was evaluated by the intersection point
of the mono-exponential and the y-axis. The other method was 2-step fitting. The first step
evaluated the Dg,,,, and f by a mono-exponential model using the data points with b value from

308, 888 to 858,022 s/mm”. The second step took the evaluated Dg;,,, and f as constants and
only one parameter Df,s; was fitted into the least square curve fitting algorithm. For CTRW
model fitting, the D initial was evaluated by mono-exponential model using the data points with
b value from 0 to 34, 321 s/mm”. For the bi-component model, the Df g5 initial was evaluated by
a mono-exponential model using the data points with b value from 0 to 34, 321 s/mm”. The
Dgow initial and the f initial was evaluated by a mono-exponential model using the data points
with b value from 308, 888 to 858,022 s/mm”. Mean squared error (MSE) was used to evaluate
models in the ROIs.
4.2.4 Histology

After completion of MRI scanning, spinal cords (SC) from each animal were dissected

and removed using microsurgical techniques and placed in PFA for 48hs and then placed in PBS
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Ix. Two mice, one from the control group and one from the diseased group, were sent for basic
myelin staining. SC were placed in progressive solutions of sucrose [5-30%] for an additional 24
hours for cryo-protection and sectioning. After embedding in optical cutting temperature (OCT)
polymer compound (Tissue Tek, Sakura, Finetek, cat #4583) tissues were sectioned 50 pm thick
using a microtome at -20 Celsius (Leica cryostat CM 1850 Cryostat, Buffalo Grove, IL). SC
were sectioned longitudinally to anatomically match imaging data obtained during the MRI
sessions. Sections were directly mounted on slides (Fisher brand Superfrost, cat# 12-550-15) and
dried out for 15 minutes. Then, OCT residue was removed by washing three times for 10 min
with Tris base buffer (TBS). Slides from WT and G93A-SODI1 groups were simultaneously
immersed back-to-back in a 2% solution osmium tetroxide (OsO4) for 30 minutes and then
washed 3 times with PBS for 10 minutes. ROIs centered in lumbar SC regions were immediately
acquired at 10x by light microscope attached to an optical camera and processed using ImagelJ
software (NIH freeware, Bethesda, MD).
4.2.5 Statistical Analysis

The student’s t-test was applied to determine if the parameters extracted from each of the
three diffusion models can differentiate diseased from control animals. The decision that two
data sets are significantly different will be made when the common significant level p is smaller
than 0.05. All the results were calculated using Microsoft Excel.
4.3 RESULTS
4.3.1 Diffusion Weighted Imaging

Representative images of diseased (arrow pointed) and control mice are shown in Fig 4-2.
The ROIs at lumbar level for the two mice are shown in Fig 4-2 (A). In the T,-weighted images

(Fig 4-2 (B)), similar image intensities were observed in spinal cord at lumbar level of the
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diseased and control animals but in the diffusion-weighted images (Fig 4-2 (C), (D), (E), (F)),
the control animal showed relatively higher signals. Moreover, with the b value increased (Fig 4-

2 (E), (F)), the differences of image intensities between two mice were larger.

Figure 4 - 2 Sagittal MR images of the representative mice: (4) The ROIs at lumbar level
(B)Anatomical image (T2 weighted) with the diseased mouse (arrow pointed) and control. (C)
Diffusion weighted images at b = 1.34 x 10" s/mm’ with the diffusion-weighting direction
parallel to the long axis of the spinal cord. (D) Diffusion weighted image at b = 8.58 x 10°
s/mm’ with the diffusion-weighting direction parallel to the spinal cord. (E) Diffusion weighted
image at b = 1.34 x 10" s/mm’ with the diffusion-weighting direction perpendicular to the spinal
cord. (F) Diffusion weighted image at b = 8.58 x 10° s/mm’ with the diffusion-weighting

direction perpendicular to the spinal cord.

In the diffusion-weighted images at the same b value (Fig 4-2 (C), (E) and (D), (F)), the
spinal cords in the images with a diffusion-weighting direction perpendicular to the spinal cord
have higher signal intensities. With the SNRs greater than 10, mean signal intensities in the ROIs
at the lumbar level of spinal cord were found lower for the diseased mouse than for the control

mouse at all the b values (Fig 4-3). In addition, the mean signal intensities were much higher in
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both animals with the diffusion gradients applied perpendicular to long axis of the spinal cord

than with parallel diffusion-weighting direction (Fig 4-3).

[ 2]

[ 2]

* wildtype, perpendicular
o diseased, perpendicular
+ wildtype, parallel
A diseased, parallel

°°oo°°°°

o
-}

Ah B2 44 51 & a

o

10°
2 104
‘é [ %%
9 B,
c Ao *
= & %o
S 3. 4%.
O 10; A;z
2 |
10
0 1

b Value

8

9
%x10°

Figure 4 - 3 Log-scaled signal decay plot as a function of b-value for selected ROIs at lumbar

level of the spinal cords of representative diseased and control mice with perpendicular and

parallel diffusion gradients respectively.

4.3.2 Model Fitting

Representative parameter maps extracted from bi-exponential model were shown in Fig

4-4 (B), (C), (D) and Fig 4-5 (B), (C), (D). The diseased animal on the left had relatively low

fractions (Fig 4-4 (B) and Fig 4-5 (B)) and high diffusion constant values of the fast decay

component (Fig 4-4 (C) and Fig 4-5 (C)) in spinal cord at lumbar level. The diffusion constant

values of the slow decay component (Fig 4-4 (D) and Fig 4-5 (D)) were similar for the diseased

and control animals.
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Figure 4 - 4 The parameter maps for representative diseased (arrow) and control mice in spinal
cord with the perpendicular diffusion gradient using bi-exponential model by I-step fit: (A)
anatomical image, (B) fraction of the fast decay component map, (C) diffusion constant map of

fast decay component, and (D) diffusion constant map of slow decay component.
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06
Figure 4 - 5 The parameter maps for representative diseased (arrow) and control mice in spinal
cord with the perpendicular diffusion gradient using bi-exponential model by 2-step fit: (A)
anatomical image, (B) fraction of the fast decay component map, (C) diffusion constant map of

fast decay component, and (D) diffusion constant map of slow decay component.
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Representative parameter maps of CTRW model were shown in Fig 4-6 (B) and (C). The
diseased animal on the left had relatively high diffusion constant values (Fig 4-6 (C)) in spinal

cord at lumbar level. The a values (Fig 4-6 (B)) were similar for the diseased and control

animals.
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Figure 4 - 6 The parameter maps for representative diseased (arrow) and control mice in spinal
cord with the perpendicular diffusion gradient using CTRW model: (4) anatomical image, (B) a

map, and (C) diffusion constant map.

The representative parameter maps of bi-component model were shown in Fig 4-7. The
diseased animal on the left had relatively low fractions (Fig 4-7 (C)) and high diffusion constant
values of the fast decay component (Fig 4-7 (B)) at lumbar level. The a values (Fig 4-7 (A)) and
diffusion constant values of the slow decay component (Fig 4-7 (D)) were similar for the

diseased and control animals.
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Figure 4 - 7 The parameter maps for representative diseased (arrow) and control mice in spinal
cord with the perpendicular diffusion gradient using bi-component model: (A) o map, (B)
diffusion constant map of fast decay component, (C) fraction of the fast decay component map,

and (D) diffusion constant map of slow decay component.

The error maps of the three models for representative diseased and control mice in spinal
are shown in Fig 4-8. The error map of bi-exponential model by 2-step fit had relative large
values (Fig 4-8 (B)) and the error map of bi-exponential model by 1-step fit had smaller values
than by 2-step fit (Fig 4-8 (A)). The error map of CTRW model (Fig 4-8 (C)) had similar values
with the error map of bi-exponential model by 1-step (Fig 4-8 (A)). The error map of bi-

component model had the smallest values than the other two models.
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Figure 4 - 8 The error maps of (4) bi-exponential model by I-step fit, (B) bi-exponential model
by 2-step fit, (C) CTRW model, and (D) bi-component model for representative diseased and

control mice in spinal cord with the perpendicular diffusion gradient.

In the ROIs at lumbar level, the bi-component model (Fig 4-9 (D)) showed a better fit
than bi-exponential model (Figure 4-9 (A), (B)) and CTRW model (Fig 4-9 (C)) at increasing b-

values for data with the diffusion-weighting direction perpendicular to the spinal cord.
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Figure 4 - 9 Plot of representative diseased and control mice in ROIs at lumbar level with the
perpendicular diffusion gradient using (A) bi-exponential model by I-step fit, (B) bi-exponential

model by 2-step fit, (C) CTRW model, and (D) bi-component model.

4.3.3 Comparison between Models
Compared to bi-exponential model (Fig 4-10 (A), (B)) and CTRW model (Fig 4-10 (C)),

bi-component model (Fig 4-10 (D)) had much smaller mean squared errors (MSEs) in both

control and diseased animals.
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Figure 4 - 10 Fitting MSEs of (4) bi-exponential model by I-step fit, (B) bi-exponential model by
2-step fit, (C) CTRW model, and (D) bi-component model in spinal cord at lumbar level of

diseased and control animals with the perpendicular diffusion gradient.
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4.3.4 Comparison between Control and Diseased Animals
The parameters of bi-exponential model showed no significant differences between

diseased animals and control animals (as shown in Fig. 11).
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Figure 4 - 11 The comparison of diseased (n = 5) and control (n = 6) mice for fitting results
extracted from bi-exponential model: (A) fractions of fast decay component with p=0.38 in t-test

in bi-exponential model by I-step fit, (B) diffusion constant values of fast decay component with

37



p = 0.32 in t-test in bi-exponential model by I-step fit, (C) diffusion constant values of slow
decay component with p = 0.21 in t-test in bi-exponential model by I-step fit, and (D) fractions
of fast decay component with p = 0.20 in t-test in bi-exponential model by 2-step fit, (E)
diffusion constant values of fast decay component with p = 0.35 in t-test in bi-exponential model
by 2-step fit, (F) diffusion constant values of slow decay component with p = 0.59 in t-test in bi-

exponential model by 2-step fit.

The parameters of CTRW model (Fig 4-12) showed no significant differences between

diseased animals and control animals.
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Figure 4 - 12 The comparison of diseased (n = 5) and control (n = 6) mice for fitting results
extracted from CTRW model: (A) a values with p=0.24 in t-test, and (B) diffusion constant

values with p=0.61 in t-test.

The parameters of bi-component model (Fig 4-13) showed no significant differences

between diseased animals and control animals.
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Figure 4 - 13 The comparison of diseased (n = 5) and control (n = 6) mice for fitting results
extracted from bi-component model: (A) a values with p=0.69 in t-test (B) diffusion constant
values of fast decay component with p=0.59 in t-test, (C) fractions of fast decay component with
p = 0.61 in t-test, and (D) diffusion constant values of slow decay component with p = 0.36 in

t-test.

4.3.5 Histology

Axonal fiber morphology and integrity of the spinal cords were validated by histological
analysis (Figure 4-14). Sagittal section of the spinal cord in a wild type mouse (Figure 4-9 (A))
showed an intensive Myelin staining (Osmium tetroxide) in grey and white matter areas at
lumbar segment. A significant decrease was observed in WM myelin staining in G93A-SOD1

mice located in comparable WM areas at the same level segment.
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Figure 4 - 14 Histological analysis of (A) control (wild type) and (B) diseased (G934-SODI)

mice.

4.4 DISCUSSION

At high b values (up to 8.58 x 10° s/mm?) achieved by STEAM based diffusion-
weighting pulse sequence, we found differences of signal intensities at lumbar level between
diseased and control animals (Fig 4-2 (E), (F)). With b-value increasing, signals from most of
water gradually decayed away and signals from fat tissues remained due to the slow diffusivities
(Fig 4-2 (E)). With the further increasing of b-value, the subcutaneous fat tissues started
decaying away (Fig 4-2 (F)). However, the myelin in spinal cord decayed much slower than the
subcutaneous fat because of the highly-restricted structure in spinal cord. Since myelin
contributed the most of signal intensities at high b values, these differences could reflect the
myelin damages in spinal cord caused by ALS.

Furthermore, we observed differences of signal intensities in diffusion weighted images
of spinal cord in same animal at same high b values (e.g., b = 1.34 x 10" s/mm?) but with two
different directions (parallel or perpendicular to long axis of the spinal cord), which might

indicate diffusion of myelin in spinal cord is largely direction dependent, as shown in Fig 4-2 (C),
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(E) and (D), (F). As reported in literature, the lipid molecules on membrane have two types of
diffusion, lateral diffusion and transverse diffusion (‘flip-flop”) [58, 59]. The lateral diffusion
refers to lipid molecules diffusing in the plane of membrane, while the transverse diffusion is
lipid molecules moving from one surface of the membrane to the other side [58, 59, 60]. The
transverse diffusion was reported much slower than the lateral diffusion [60, 61, 62]. Moreover,
thin layers of water exist between myelin sheaths [63]. The diffusion of the thin layers of water
that can be highly directionally restricted, might contribute to the detected signals as well [63].
Since the gradient paralleled to long axis of spinal cord probes lateral diffusion and the gradient
perpendicular to long axis of spinal cord detects transverse diffusion, the direction dependence of
diffusion signal decay can indicate the bilayer structure of myelin. In addition, the changes on
the directional dependence of diffusion has potential to reflect the changes of myelin structure
with the progression of the white matter damage.

With a further observation of measured signal intensities from an ROI drawn at the
lumbar level of the spinal cord (Fig 4-3), we found that the data didn’t follow the mono-
exponential decay with b-value increasing. Instead, the curves indicated two components,
curving behaviors in front part and a flat tail. Thus, we used the bi-exponential model (Equation
4-2 (a)) to fit the data. The slow decay component could be related to the myelin signal decay in
spinal cord. The fast decay component could be corresponding to water signal and subcutaneous
fat decay. At first, the bi-exponential model with three parameters fitting which was denoted as
bi-exponential model by 1 step fit in section 4.3 was used. Nevertheless, due to the nature of
nonlinear fitting algorithm, the tail where data points had small values was given a small weight
because of smaller squared errors. Thus, 2 steps bi-exponential model fitting was used to

improve the bad fit on tail. As a result, squared errors increased but the tail had an equal weight
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and fitting parameters were reduced from three to two. However, more importantly, the first
mono-exponential decay in bi-exponential model cannot represent the fast decay component very
well due to the curving area (b < 308, 888 s/mm”). Therefore, CTRW model (Equation 4-2 (b)), a
sophisticated model considered heterogeneity caused by multiple components, was used. It gave
a better fit on the curving area and also had much smaller MSEs than bi-exponential model.
Nevertheless, it decayed too fast at high b values, which means the CTRW model cannot
represent the entire data set. At last, we built a bi-component model (Equation 4-3) combined
with CTRW and mono-exponential models. The water and fat signal contributions could be
represented by CTRW model. The myelin signals at high b values could be described by mono-
exponential model. Consequently, the MSEs of this bi-component model fitting decreased
dramatically and it had a better fit on both the curving area and tail than bi-exponential and
CTRW model.

Unfortunately, no significant difference between diseased from control animals was
found in all three models. As mentioned above, the bi-exponential and CTRW models cannot
represent data well. In the bi-component model, the CTRW decay in the first part has already
considered partial contributions of myelin. So, it might be a double-counting problem for adding
a mono-exponential decay in the second part that was designed to account for the entire
contributions of myelin. Additionally, the small sample size and small diameter in spinal cord
might be other factors interfering with the measurements.

4.5 CONCLUSION

In summary, this study demonstrated the feasibility of high b-value diffusion MRI to

evaluate spinal cord alterations in a symptomatic mouse model of ALS. We found the

differences of signal intensities in spinal cord at lumbar level between control and diseased mice
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in diffusion weighted images at high b values, which could reflect the myelin damage of ALS.
We further found differences of the signal intensities in diffusion weighted images with the
gradient parallel and perpendicular to the long axis of spinal cord, which might indicate myelin
diffusion in spinal cord is direction dependent. In addition, a new bi-component model was
introduced to provide a good fit of the data with small MSEs and a new perspective to explain

the data.
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5. CONCLUSION

5.1 SUMMARY

In this study, we investigated spinal cord diffusion behaviors in wildtype and G93A
SOD1 mouse model of ALS at multiple ultra high b values. Compared with the low b values
(<6000 s/mm®), high b values enable most of water signal decaying away while the signal for
lipid persisted. Moreover, ultra high b values are high enough to ensure that most of the lipid
signals decay but not the signals from myelin due to highly restricted structure in spinal cord.
Thus, compared with DTI studies with water diffusion as contrast, this study focuses on the
myelin that directly relates to this disease. Combining ultrahigh b values diffusion with a strong
magnetic field (9.4 T), the SNR is high enough to employ diffusion MRI to study spinal cord.
Furthermore, we quantified the differences between diseased animals and controls at lumbar
level by diffusion models. We also proposed a new diffusion model to represent and explain the
data acquired in the experiments. Although the fitting results of this new model showed no
significant difference between diseased animals from controls, it provided a better fit (small error)
and a new perspective to explain the data (bi-component). Additionally, since the contrast in this
work is the myelin sheaths, other spinal cord diseases related to myelin damages also can be

studied by this high b-value diffusion MRI technique.

5.2 FUTURE WORK

This work is a pioneer study to evaluate spinal cord alterations due to myelin damages
using ultrahigh b-value diffusion MRI. Therefore, new diffusion models that have more precise
fit and enhanced physical insights are needed to differentiate and quantify the progression of
ALS. Moreover, further studies of other diseases associated with white matter damage are

needed to validate this approach of characterizing white matter damage.
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